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Abstract

I test the Hecksher-Ohlin-Vanek model considering various types of greenhouse

gas emissions as a factor of production and find a substantial improvement in

fit to the model after allowing technologies to differ across countries. I also test

whether differences in environmental stringency across countries have an effect on

trade in a variety of industries. Here I do not find significant affects other than

in the pulp and paper industry. After combining information from seemingly

unrelated regressions from both sections of the study, I am able to show that

environmental stringency has a significant effect on trade in a selection of second

stage intermediate sectors.
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Chapter 1

Introduction

This paper examines the effects of environmental stringency differences across

countries on trade, across 38 of the world’s leading economies. Previous studies,

such as Tobey (1990), Cole and Elliott (2003) and Xu and Song (2000), have

found little to no evidence of such an effect existing. This result runs counter-

intuitive to economic logic, given that environmental policy is normally intended

to alter economic behaviour, and hence, warrants further attention. In this paper,

I combine this strand of the literature with the testing procedures used to assess

the fit of the Hecksher-Ohlin-Vanek (HOV) model of trade, and find evidence

that trade is affected in some sectors by differences in environmental stringency.

This effect occurs at production stages that occur further downstream than what

was considered by previous studies.

The HOV model is a logical context for assessing the role of environmental

stringency on trade. The model defines a world economy where technology is

perfectly shared across countries, all consumers have identical preferences, mar-

kets are efficient and there are no barriers to trade. Countries only differ in

their endowments of productive factors. However, these factors of production

are non-tradeable, and so countries trade in goods to implicitly trade in factors.

Therefore, countries should trade owing to differences in endowments of labour,

capital, land etc., but why not due to environmental differences? Given that a
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country’s environmental stringency defines its endowment of environmental ser-

vices, trade should be affected according to the HOV model.

I approach this question in two ways. Firstly, I assess the fit of the HOV model

treating emissions of greenhouse gases, a significant subset of the overall environ-

ment, as factors of production. In the empirical HOV literature, researchers

typically test whether the implied trade in factors of production conforms to the

HOV model’s predictions. This is termed the ‘factor content approach’. Making

use of the recently improved formal procedures for testing the fit of the model

used by Trefler and Zhu (2010), I am able to show that countries do implicitly

trade in the service of greenhouse gas emissions, suggesting that environmental

differences do affect trade patterns.

Another approach researchers have taken to address this question is to regress

net exports by sector on endowments of productive factors and a measure of a

country’s environmental stringency. This is the approach of Tobey (1990). Fol-

lowing his procedure, I assess whether a proxy variable for environmental strin-

gency is a statistically significant determinant of net exports. Similar to his re-

sult, I initially find little evidence that such an effect is present. This result runs

in conflict with that of the factor content approach, which presents a paradox.

However, Tobey’s method is relatively limited as it does not capture alternative

reasons for trade often shown in the literature to be significant. Indeed, his co-

variates consist solely of factor endowments, which implies a strict adherence to

HOV assumptions. Not considering other reasons for trade perhaps makes this

regression approach inefficient or biased. I improve the efficiency of the Tobey

regression approach by introducing the information from the HOV fit analysis

procedures. This is done through the combination of both approaches in a seem-

ingly unrelated regression system. After introducing this additional information,

I am able to isolate a significant effect of environmental stringency in five second-
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stage intermediate production sectors.

The paper is structured as follows: Chapter 2 is a literature review. Chapter

3 builds a theoretical model for testing the HOV model. Chapter 4 presents the

data to be used. Chapter 5 presents the results of the factor content method

for testing the HOV model. These results are then incorporated into Tobey’s

regressions with chapter 6 detailing the econometric specification and chapter 7

presenting results.
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Chapter 2

Survey of the Literature

2.1 Treating Emissions as a Factor of Production

A theoretical model of the effects of trade on the environment and emissions

specifically is developed by Antweiler, Copeland and Taylor (2001). They develop

a baseline production function where

Y = eYα [F (KY , LY )]1−α (2.1)

This production function follows a Cobb-Douglas form where capital K and

labour L are used to produce a consumption good Y and a by-product, being

emissions, z. Because this production function exhibits constant returns to scale

and is, thus, homogenous of degree 1, emissions can be interpreted as a factor of

production.

The main contribution was to develop three possible effects, namely the scale,

composition and technique effects. The scale effect refers to the process of in-

creased volumes of products due to trade. This is a common feature of trade

models where consumption possibilities increase with movement from autarky to

free trade. The composition effect isolates how production of particular goods

shifts from one country to another from free trade and so the logical extension
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based on the production function is that emissions also shift location. The tech-

nique effect isolates technology transfer which is possible with trade. This raises

the possibility that abatement technologies and more efficient processes could be

transferred across countries to reduce emissions. The pure HOV model (common

technology is assumed) would imply that only a composition effect occurs, how-

ever, in their model, Antweiler et. al. assume that emissions are produced only

by capital usage. Therefore, countries using different combinations of labour and

capital in their production process, and thus different technology, would have

different emissions intensities. If this assumption is valid, it would support the

existence of a technique effect, in conjunction with the composition effect.

2.2 History of HOV Fit Analysis

The substantial body of literature that exists in which researchers aim to fit the

HOV model to trade data forms the basis for my own emissions content calcula-

tions. These papers provide insight into technical calculations, methodology and

testing procedures.

The fit of the HOV model is tested according to the Vanek (1969) prediction

of the HOV model, namely

Fi︸︷︷︸
actual factor content

= Vi − siV W︸ ︷︷ ︸
predicted factor content

(2.2)

where F is a K ×N vector of factor content, the factors of production embodied

in trade. K is the number of factors and N is the number of countries. V rep-

resents a vector of factor endowments for a country in the first term and for the

world in the second term. The s is a country specific scalar which denotes country

i’s proportion of world GDP. Therefore, the right hand-side acts as a predictor

of factor abundance where a positive term indicates that a country is endowed
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with a factor above their proportion of GDP and a negative term implies that

they are relatively scarce in the factor. The right-hand side is typically termed

the “Predicted Factor Content” of trade. The left-hand side is “Actual Factor

Content”, the calculation of which is critical to this paper.

Since Vanek (1969), HOV studies have focused on calculating F based on ob-

served data and then checking for fit against the Vanek Prediction. Papers have

been broadly focused on either modifying the Vanek Prediction, improving the

calculation procedure for F , testing the model in pure form or loosening partic-

ular assumptions and assessing any improvement in fit.

Bowen, Leamer and Sveikauskas (1987) dispelled most of the hope that the

HOV model in pure form would fit the data well. They calculate factor content

as

Fi = ATi (2.3)

where T is a net trade vector for country i and A is a technology matrix. The

technology matrix tracks two elements of production technology, these are, the

sector specific productivity of factors of production and sector-specific interme-

diate input combinations. As common technology is assumed, all countries share

a common technology matrix. Fit is assessed by conducting a sign test, which

calculates the proportion of sign matches between the actual and predicted fac-

tor content sides of the Vanek equation. Secondly, they apply the stronger rank

test (Kendall’s tau) which incorporates the sign test and checks that ranking by

magnitude is accurate across both sides of the Vanek equation1. The factors of

production which are tests are capital and various dis-aggregations of labour and

land. The results are satisfactory for most sign tests but quite poor for rank

tests leading to the conclusion that the common technology assumption is not

1Studies since have used a Spearman Correlation instead of Kendalls tau.
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appropriate. Most research since has replicated and confirmed this result.

Trefler (1993) showed that Hicks-neutral productivity differences were implied

in the pure form HOV model and was able to impute these from data. This dis-

covery substantially improved the fit in the two tests used at the time. However,

Trefler (1995) detected another fit issue whereby the HOV model was substan-

tially over-predicting trade. That is, the right-hand side was systematically and

substantially larger than the calculated F , on the left hand side. As such, a third

testing procedure was introduced, namely, the missing trade statistic

MT =
var(F )

var (V − sV W )
(2.4)

Missing trade was shown to be pervasive and substantial, a problem which has

persisted in HOV studies since.2

Given the failure of the model in previous sign, rank and variance ratio tests,

papers like Davis and Weinstein (2001), Hakura (2001), Lai and Zhu (2007),

Maskus and Nishioka (2009) and others focus on using country specific technology

differences rather than common technology and all observe significant improve-

ments in test statistics.3 Technology differences are introduced through country

specific input-output (IO) tables. This modifies the calculation of the F vector

as follows:

Fi = AiTi (2.5)

Missing trade was shown to be pervasive and substantial, a problem which has

persisted in HOV studies since.4

2Trefler (1995) finds a missing trade statistic of 0.032. A value of 1 is the perfect outcome.
3US technology is normally used as the common technology.
4Trefler (1995) finds a missing trade statistic of 0.032. A value of 1 is the perfect outcome.
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Note that now there is a country specific subscript on the technology matrix,

A. Because A is a function of country specific IO tables, each country’s net

trade vector is being produced with the producing country’s techniques, rather

than US techniques. This modification substantially improves the results of the

testing procedures. However, there is still a substantial missing trade problem

and the sign and rank tests results, although improved, were not to a level where

one could be satisfied that an HOV model with technology differences adequately

explains trade flows.

Other papers modify assumptions other than common technology. Hunter and

Markusen (1988) and Reimer and Hertel (2010) are examples of papers which do

away with the assumption of identical and homothetic preferences. Largely, this

is due to an observed ‘home bias’ in particular goods, such as agriculture and

food, and compulsory home consumption of non-traded goods. I keep this as-

sumption in this paper for reasons which will become clear later. Leamer (1984)

focuses on disaggregating factor types under the assumption that not all labour

or land types are equivalent. For example, a country may have a relatively large

labour force. However, its skills composition may be different to that of another

country. I apply this logic in my thesis by disaggregating emissions by type of

pollutant.

The most successful paper at fitting the HOV model to date, is Trefler and

Zhu (2010)5. This paper corrected many issues associated with the specific Vanek

Prediction, calculation of F and loosening of assumptions. Trefler and Zhu im-

plement a setup which allows them to better trace the role of traded intermedi-

ates. Previous work had not taken into account accurately the phenomenon of

countries using an intermediate input from another country in their production

process. This is largely due to shortcomings in data availability as only national

5It should be noted that Reimer (2006) has also implemented a similar setup for a bilateral
situation.

8



IO tables are reported and they do not trace directly how much of each input

into a sector is imported from specific countries. Therefore, in the Davis and

Weinstein (2001) setup, intermediates are produced with the importing country’s

techniques rather than the exporting country’s which obviously creates bias. To

correct for this issue, Trefler and Zhu introduce a proportionality assumption in

order to compute IO tables between country pairs. Essentially, they assume that

each sector uses an imported intermediate in proportion to the aggregate propor-

tion of imported individual goods to final output. For example, if 20% of iron

used to produce steel in China is imported from Australia, then each sector that

uses steel as an input will also import 20% of iron from Australia.6

Given this improved tracking mechanism, the Trefler and Zhu algorithm is

better able to trace which country’s endowment is actually being used in another

country’s production process. Given this, the F vector calculation should be

more accurate. They also modify the Vanek prediction to reflect the identical

and homothetic preferences assumptions,

Fi = Vi − siV W −
∑
j

Aj (Cij − siCwj) (2.6)

where the extension sums the technology matrix A of countries not equal to i,

and the term in parentheses tracks deviations between consumption of country i

from country j and country i’s share of the world’s consumption of j’s products.

Identical and homothetic preferences imply that there should be no deviation and

so this term is assumed to be zero. Trefler and Zhu show that the failure of that

assumption to hold induces heteroskedasticity in the results. Interestingly though,

they isolate that this assumption does not hold in some non-traded sectors and

in sectors were ‘home bias’ is significant, for example in agriculture, domestic

consumption of agriculture in China is excessive and consumption of Chinese

6Puzzello (2011) shows that the proportionality assumption leads to biases, but that the
biases cancel each other out and so the results of Trefler and Zhu (2010) are still valid.

9



agriculture in developed countries is under-represented.

2.3 Do Country Specific Environmental Policy Differ-

ences Affect Trade?

The first paper to explore this question in a HOV context was Tobey (1990) who

ran the following regression:

NTig = αg +
K∑
f=1
f 6=e

βgfVf + γgEg + ε (2.7)

He performs a series of individual OLS regressions where the dependent variable

is the net trade vector in a particular dirty sector, g, and observations are coun-

try specific. The covariates are factor endowments split into two groups. The

first are the traditional factors used by Leamer (1984), capital, labour, land and

mineral/mining endowments. Tobey then hypothesises that if the environment is

a factor, that country-based variation in its endowment should have explanatory

power over the net exports in some industries. Thus, it is introduced via the vari-

able E. The theory underlying the environmental policy variable is that countries

with relatively more stringent regulations will have a smaller environmental fac-

tor endowment. The environmental policy measure used by Tobey is based on

the 1976 UNCTAD survey on countries environmental stringency, where higher

scores indicate greater environmental stringency. His trade data is from 1975

covering 23 countries (10 degrees of freedom) and 5 dirty industries.7 For these

industries, the environmental variable is found to not be statistically significant.

Researchers have attempted to replicate these tests with newer data and larger

datasets. However, Tobey’s results are broadly confirmed. Busse (2004) uses 2001

data and two similar but more recent environmental stringency score variables.

7The five dirty industries are Mining, Paper, Chemicals, Steel and Non-Ferrous Metals.
These are chosen based on their having a relatively high percentage of pollution abatement
costs in total costs.
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He finds some support for environmental policy affecting trade in Iron and Steel

but not in any other sectors. Cole and Elliott (2003) also use newer data and

similar environmental variables but find no statistically significant effects of en-

vironmental policy on trade. They also address the possible endogeneity of the

environmental policy variable. They hypothesise that reverse causation may exist

with trade patterns driving environmental policy regimes of countries. Even after

introducing instrumental variables to account for endogeneity, they still find no

statistically significant effect of environmental policy on net exports and find little

evidence of endogeneity. They do however, find a significant effect in pair-wise

country trade. Quiroga, Sterner & Persson (2007) use an output based environ-

mental variable. That is, they use actual sulphur dioxide (SO2) emissions and

biomass changes rather than a policy stringency variable. They find no effect at

the 2-digit (industry) level of trade aggregation used by Tobey and others but do

find a significant effect at some 3-digit (further industry disaggregation) levels.

2.4 Factor Content Approach

Treating emissions as factors in a HOV context has rarely been done, despite the

obvious similarities between Antweiler, Copeland and Taylor’s theoretical setup

and the HOV model. To my knowledge, Douglas and Nishioka (2009 & 2011) are

the only two papers which use emissions as a factor for testing the HOV model.

In their research, they limit their emissions study to carbon dioxide (CO2) emis-

sions only and find that the HOV model is well fitted when applying the Trefler

and Zhu algorithm over that of the pure specification. They note how this result

suggests that the technique effect of Antweiler, Copeland and Taylor is significant

while the composition effect is less so, a result which is logically expected given

the history of HOV testing.

Xu and Song (2000) investigate calculated factor content of emissions over

time and attempt to find any systematic changes in the pattern. Essentially,
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they investigate whether the implied trade in emissions services (factor content)

has changed, which in a HOV context would be caused by countries varying

their environmental endowment. They find little evidence of overall systematic

changes although some significant shifts between country pairs or within regions.

Specifically, this occurs between Japan and ASEAN countries, where Japan has

shifted to be an importer of environmental factor services. The effect is not

seen in the North American region though. This result is substantively similar

to that of Cole and Elliott (2003) with the narrative being that environmental

policy differences affect regional or bilateral trade but not worldwide trade. The

commonality between the two results demonstrates the potential harmony which

exists between the factor content and Tobey approaches. This paper is largely a

combination of the two approaches.
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Chapter 3

HOV Empirical Model

This model has N countries, G industries and K factors. We will typically use i

and j to index country, g and h to index industry and f to index factor. Moreover,

define V as endowments of factors, Q as output, X as exports, M as imports and

F as factor content. The key condition is

Fi > 0⇒ country i is a net exporter of products using the respective factor f

(3.1)

Fi < 0⇒ country i is a net importer of products using the respective factor f

(3.2)

3.1 Factor Content Calculations with Common Tech-

nology

In this section, I develop the algorithm for determining the factor content vector

of trade under the standard set of HOV assumptions. As stated earlier, the factor

content vector F represents the amount of factor units represented in a country’s

net trade vector. F is derived by the equation

Fi = ATi (3.3)

13



To be consistent with the literature, I assume that all countries use US technology.

Now A is a matrix of direct plus indirect unit factor requirements,

A = DUS
(
1−BUS

)−1
(3.4)

with DUS being the US direct unit factor requirement vector of size K ×G,

DUS =



D11 D12 · · · D1G

D21 D22 · · · D2G

...
...

. . .
...

DK1 DK2 · · · DKG


(3.5)

An element of this matrix is equal to the direct unit factor requirements of a

particular sector and is given by Vfg/Qg. The economic interpretation of this

matrix therefore, is the sector-specific productivity of a particular factor, f .

BUS is the US IO table, which tracks input combinations into an output sec-

tor. For example, the total output in the Motor Vehicle sector may have 10% of

inputs being steel, 20% being electricity, etc. So BUS is a G × G matrix, I is a

G×G identity matrix, and the inverse term, (I −BUS)−1 is the Leontief Inverse

which converts total input requirements into unit input requirements. Define an

element of BUS
g,h as the amount of input good g used to produce output good h.

Common technology is implied in two ways in this setup. First, countries have

equal productivity in the use of a factor, as shown by the matrix D and second,

all countries use the same combination of inputs to produce their output.
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T is the net trade matrix of size G×N ,

T =



X11 −M11 X12 −M12 · · · X1N −M1N

X21 −M21 X22 −M22 · · · X2N −M2N

...
...

. . .
...

XG1 −MG1 XG2 −MG2 · · · XGN −MGN


(3.6)

each element represents net exports of a country i in a sector g.

3.2 Factor Content Calculations with Country-Specific

Technology Differences

This section follows the Trefler and Zhu (2010) algorithm for calculating the factor

content vector with technology differences across countries. The basic calculation

remains as prior, that is,

Fi = ATi (3.7)

The A matrix is now modified to incorporate country-specific productivity differ-

ences in factor use and differing production processes across countries. Therefore,

A becomes

A = D(I −B)−1 (3.8)

where D is a K×NG matrix of direct unit factor requirements, I is an NG×NG

identity matrix and B is an NG×NG world IO table which tracks intermediate

goods requirements but now also tracks the source location of the intermediate

and applies the producing country’s techniques to the production of the interme-

15



diate. D and B are given by

D =



D11 D12 · · · D1N

D21 D22 · · · D2N

...
...

. . .
...

DK1 DK2 · · · DKN


with elements Dfi =



Vg=1/Qg=1

Vg=2/Qg=2

...

Vg=G/Qg=G



′

(3.9)

where

B =



B11 B12 · · · B1N

B21 B22 · · · B2N

...
...

. . .
...

BN1 BN2 · · · BNN


with elements Bij =



B11 B12 · · · B1G

B21 B22 · · · B2G

...
...

. . .
...

BG1 BG2 · · · BGG


(3.10)

Clearly the algorithm explodes in size with the introduction of technology differ-

ences. D now tracks unit emissions use across countries and sectors. An element

ofD is now a 1×G vector giving unit factor requirements in each individual sector.

An off-diagonal element Bji(g, h) of B is now a matrix of size G × G which

traces intermediate requirements of a final good h produced in country i, where

the intermediate good g is produced in country j. An element Bii(g, h) on the

diagonal of B is a matrix of size G × G where the intermediate good is sourced

and final good is produced in the same country.

In order to match the matrix dimensions, the T matrix now attains size NG×

N . However, it retains its earlier interpretation. The only difference is that now

the import location matters so that the import is produced with the importer’s
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techniques. Now T is given as follows,

T =



X1 −M21 −M31 · · · −MN1

−M12 X2 −M32 · · · −MN2

...
...

...
. . .

...

−M1N −M2N −M3N · · · XN


(3.11)

An element on the diagonal represents a G× 1 vector of exports from country i

to the world and an off-diagonal element represents a G× 1 vector of imports of

country j from country i. The only difference is that now, T is tracking imports

by source location so as to apply the producing country’s techniques when T is

pre-multiplied with A.

3.3 The Vanek Prediction

I use the Vanek Prediction for testing the HOV model as was modified by Trefler

and Zhu (2010),

Fi = Vi − siV W︸ ︷︷ ︸
supply side effect

−
∑

j
Aj (Cij − siCwj)︸ ︷︷ ︸

demand side effect

(3.12)

where

si =
GDPi − TSi∑N

i=1 GDPi

(3.13)

and TS is country i’s trade surplus. Given these definitions the Vanek predicted

factor content can be grouped into supply and demand components. The supply

side states that countries who are exporters of the services of a factor (positive F )

will be so because they are endowed with the factor over and above the amount

of their proportion of World GDP. So, when Vi − siV W is positive, a country is

abundant in a factor and so should export the factor’s services. Similarly, when

this term is negative, a country is scarce in the factor and should import its
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services. The demand side also takes into account that countries may not all

consume in the same proportions, a violation of the assumption of identical and

homothetic preferences. In order to preserve this assumption, it is imposed that

the demand component is equal to zero, that is, all countries consume from other

countries in proportion to relative shares of GDP. This is termed a ‘consumption

similarity’ condition and so reduces the Vanek condition back to the general form

used by prior researchers,

Fi = Vi − siV W (3.14)

If, as is likely, ‘consumption similarity’ does not in fact hold in the empirical data,

it is known that the error term will contain some consumption dissimilarity as

an unobserved variable. I exploit this information when combining the results of

this section with that of Tobey (1990).
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Chapter 4

Data

4.1 Sources

I collect data from a variety of sources for a total of 38 countries and 37 industries

in 2005. In this study, I am interested in emissions factor content (henceforth

emissions content) and so I have a total of five emissions factors which are dis-

aggregated by gas type. Namely, these are Methane (CH4), Carbon Monoxide

(CO), Carbon Dioxide (CO2), Nitrous Oxide (N2O) and Sulphur Dioxide (SO2).

These gases account for 96.8% of world anthropogenic emissions according to

the World Resources Institute. Emissions data is taken from the United Nations

Framework Convention on Climate Change (UNFCCC) collection of greenhouse

gas inventory data. The directly emitting sectors are broadly, Energy, Industrial

Processes, Agriculture and International Bunkers. I don’t use emissions from

Solvent Use as they do not specifically align with any of the 37 industries used.

Waste is also excluded as there is no corresponding industry in my production

dataset. Land Use Change emissions are excluded on the basis that allocation to

producing sectors is not feasible.

I use various levels of disaggregation within these broad sectors with the aim

being to accurately match sectors between the emissions dataset and production

dataset. Those production sectors which are not matched to an emitting sec-
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tor are assumed to have zero direct emissions and so their emissions use arises

indirectly from usage of an emitting sector as an intermediate input. Consider

the distinction as the difference between electricity production where this process

actually releases pollutants into the atmosphere against the manufacture of a

computer which, of itself, may not produce emissions but rather may do so indi-

rectly through the use of, say, the electricity sector as an input. This possibility

is captured by the interaction between the direct unit factor requirements matrix

and the World IO table.

The production and net exports data are sourced from the OECD-STAN

database. Industries are aggregated to the ISIC Revision 3, 2-digit level. Data is

required on bilateral trade, total production, consumption between country pairs

and input-output tables in the year 2005. For IO tables, data are from years

around 2005, where for simplicity, I make the assumption that the underlying

patterns of input use in the country have not changed in the few years of dis-

crepancy that exists for some countries. All figures are valued in 2005 US Dollars.

The STAN coverage is for 38 countries in total, of which 29 are OECD coun-

tries and 9 of the leading developing economies which do not form part of the

OECD complete the country set.12 These include Brazil, China and India. In

total, these 38 countries account for 87% of World GDP. The 37 production sec-

tors are divided into 21 traded sectors, R ⊂, and 16 non-traded sectors, S ⊂ G,

which are services sectors. 11 of the 37 production sectors are directly emitting,

with two of those being non-traded, namely, construction and transportation.

1Countries are included solely on the basis of whether data is available or not.
2Iceland, New Zealand and Switzerland are excluded due to IO tables not being available
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4.2 Identities

I define the World as countries included in the dataset, such that Xi =
∑N

j 6=iXij

and Mi =
∑N

j 6=iMij so that all imports and exports are sourced from or sold to

countries in the dataset. Also, in the factor-use case, Vfw =
∑N

i=1 Vfi, ∀f ∈ K.

The output Q is used as it is defined by the OECD, Qi = Ci + Yi + Fi + Ii +

Gi +Xi−Mi, where C indicates final household consumption, Y is intermediate

consumption, F is gross fixed capital formation, I is the change in inventories, G

is government consumption and X and M are as prior.

Trefler & Zhu (2010) define the net exports in matrix form, T = Q−BQ−C,

where C is a consumption matrix tracking final consumption in countries by

country source. As such, they exclude investment and changes in inventory from

their calculations. This is not strictly required by the literature, as influential

studies like Davis and Weinstein (2001) do not follow this approach. Furthermore,

in the later stage where I improve on the results of Tobey (1990) and those

following, I would like to closely replicate their base results. To do so, I require

the actual net exports vectors of countries and so adjustment in not desirable in

order to ensure consistency.

4.3 Limitations

Further to my final point in section 4.2, STAN does not provide pair-wise coun-

try consumption results. Therefore, I am not able to calculate a matrix of final

consumption. As a result, the T matrix is constructed by directly inserting the

exports and imports figures from the Bilateral Trade Database (BTD) of STAN.

Douglas and Nishioka (2011) face a similar issue as they also use STAN data.

Rather than directly inserting the exports and imports figures as I have, they

construct a final consumption matrix and impose consumption similarity at this

point. That is, they assume that each country consumes in proportion to their
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share of world GDP. The effect of this assumption is to remove any biases in

the Vanek test which may arise from the violation of consumption similarity. As

such, they impose a strict adherence to the HOV assumption of identical and

homothetic preferences. This has the effect of artificially improving the result.

World IO tables are not yet reported. Rather only national IO tables are re-

ported by national statistical agencies. These are collated by the OECD and then

harmonised into consistent industry groupings. Therefore, in order to calculate

the World IO table, B, I follow the proportionality assumption made by Trefler

and Zhu (2010). The motivation here is to separate the total IO national tables

(which aggregate imported and locally produced intermediates) reported by the

OECD into IO tables which distinguish the source of the input. Define the re-

ported IO table as B̄i with dimensions G×G. I require Bji(g, h) for off-diagonal

matrices as described earlier. This is calculated as,

Bji(g, h) = B̄i(g, h)θij(g) (4.1)

where θ is a scalar between zero and one that represents the proportion of country

i’s output which is imported from country j. It is calculated as

θij(g) =
Mij(g)

Qi(g) +Mi(g)−Xi(g)
, ∀j 6= i (4.2)

Moreover,

Bii(g, h) = B̄i(g, h)

[
1−

∑
j 6=i

θij(g)

]
(4.3)

Imports of good g between the country pair (i, j) is divided by home-based out-

put in that sector.

For the emissions data, the main limitation is measurement error. While the
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UNFCCC has imposed a universal standard for emissions calculation and national

inventories are harmonised before being released, the calculation of emissions at

the industry level is an inherently imprecise task. The calculations are further

muddied by the distinction between Annex-I and Annex-II countries. These are

two groups largely separated by development status as determined under the

Kyoto Protocol. For my purposes, the major distinction between the two is the

differing reporting requirements. Annex-I countries are required to report on

a yearly basis, however, Annex-II countries are required to report periodically,

where the periods are not formally defined. While this creates issues with missing

data, which I address in the Data Appendix, it also highlights the burden which

the collection of emissions inventories places on national agencies.
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Chapter 5

HOV Fit Results

5.1 Results with Common Technology Assumed

Here I present the results from the calculation of the factor content vector for

each emissions type. The standard tests used in the literature are employed to

assess the empirical performance of the model. These are,

1. Sign Test – The proportion of correct sign matches between the actual and

predicted sides of the equation. sign(Fi) = sign(Vi − siV W ).

2. Spearman Correlation (Rank Test) – Test under the null hypothesis that

two statistical series are independent. The statistic tests whether two series

are monotonically related.

3. 3. Missing Trade Statistic – Assesses the degree to which the HOV model

over-predicts trade in factor services, MT = var(Fi)/ var
(
Vi − siV W

)
.

4. 4. Slope Coefficient – An alternative way to test for missing trade, it is the

result of the OLS regression, Fi = βi
(
Vi − siV W

)
+ εi

It should be noted that strictness of the test increases at each stage except

in the case of tests 3 and 4 which are equivalent ways of considering the same

question. In each case, a value as close to 1 as possible is desired. The minimum

standard for the sign test is to obtain a value above 0.5, which at which a “coin
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toss” is equivalent to estimating the model. Results in other tests vary quite

dramatically throughout the literature under different factors of production and

datasets. Usually, the most accurately estimated factor trade is for aggregate

labour. Other labour types are normally well estimated also, however, capital

usually performs poorly due to measurement error and disaggregated land types

are also normally poor performers due to difficulty calculating the direct factor

use matrix.

The first set of results are estimated under the assumption of common tech-

nology, that is, the following is the test equation

Fi = DUS
(
I −BUS

)−1
T = Vi − siV W (5.1)

Table 5.1: HOV Fit Analysis

Test Emissions Type
CH4 CO CO2 N20 SO2 AGG

Sign Test 0.605 0.474 0.526 0.589 0.289 0.579
Spearman Rho 0.4 0.05 0.02 0.37 −0.48 0.15

(0.01) (0.76) (0.92) (0.02) (0.00) (0.37)
Missing Trade 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
Slope Coefficient 0.0001 0.0001 0.0001 0.0001 0.0001 0.0001

(0.00) (0.91) (0.81) (0.02) (0.00) (0.42)
R2 0.23 0.01 0.02 0.15 0.72 0.02

N 38 38 38 38 38 38

(p-values in parentheses)

The results are quite startling. Historically, the model performs extremely

poorly at this stage as is clearly the case for CO, CO2 and SO2. We obtain a a

sign test in all three cases and the result is particularly poor with SO2 where the

sign test is a miserable 0.29 and the Spearman Correlation statistically significant

but with the wrong sign. In contrast, at the first two stages, we see that CH4

and N2O perform quite well for an estimation at this stage. High sign tests of 0.6

and 0.59 respectively are observed and the rank tests are quite high at this stage
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of estimation.

Where HOV with common technology usually fails is at the comparatively

strict Missing Trade tests. We can see that missing trade is not statistically

different from zero in any of the cases, this suggests massive over-prediction of

trade and confirms the generally poor fit which was expected.

5.2 Common Technology Assumption Relaxed

I now present the results when the common technology assumption is relaxed.

The change is introduced through the use of a country specific direct unit factor

use matrix and the World IO table. As such, the following is the test equation:

Fi = D (I −B)−1 = Vi − siV W (5.2)

Table 5.2: HOV Fit Analysis

Test Emissions Type
CH4 CO CO2 N20 SO2 AGG

Sign Test 0.533 0.632 0.553 0.421 0.553 0.684
Spearman Rho 0.127 0.325 0.266 0.166 0.456 0.29

(0.45) (0.05) (0.11) (0.32) (0.00) (0.08)
Missing Trade 0.401 0.014 0.012 0.025 0.019 0.039
Slope Coefficient 0.038 0.039 0.018 0.004 0.053 0.033

(0.72) (0.04) (0.31) (0.89) (0.02) (0.31)
R2 0.004 0.110 0.028 0.001 0.147 0.027

N 38 38 38 38 38 38

(p-values in parentheses)

Compared with the results in section 5.1, there is a general improvement in

the fit of the model when technologies are allowed to differ. In the CO case,

there are significant increases in the sign and rank tests. The sign test is now a

healthy 0.63 while the Spearman Correlation is now significant and has increased

substantially to 0.32. SO2, which was the worst performer with common technol-
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ogy, now sees a substantial improvement in fit. The sign test has increased from

0.29 to 0.55 and the Spearman Correlation is now a healthy 0.46 and significant,

a substantial change from the previous case. The improvement in CO2 is less

pronounced. However we can still see some signs of an improvement in fit.

The results for CH4 and N2O continue to be quite poor. Allowing for tech-

nology differences has actually substantially decreased the fit of the HOV model,

which is a peculiar result in the context of the literature. More than likely this

is the result of chronic measurement error and so further consideration of these

emission types will not occur. An alternative explanation is that CH4 and N2O

are primarily produced through agricultural activities, which is the sector which

most violates consumption similarity. When taking technology differences into

account these problems are magnified as there is a possibility of home bias in final

consumption but also one in intermediate sourcing of agricultural inputs. This

likely explains the reduction in fit for these two pollutants.

The only other paper to my knowledge which has fitted the HOV model using

CO2 emissions is Douglas and Nishioka (2011). It would be useful to compare

these results to theirs. Prior to doing so, it should be noted that the two stud-

ies are not perfectly comparable owing to some major differences in estimation

techniques and data. I use year 2005 data against the 2000 data of Douglas and

Nishioka. Crucially, Douglas and Nishioka only consider emissions from indus-

trial processes. That is, the directly emitting sectors in their model are limited

only to tradeables, therefore, they exclude substantial emissions coming from

transportation, construction, international bunkers and electricity use, which are

included in my analysis. Furthermore, in building the net trade matrix, they im-

posed consumption similarity by assuming that countries consume in proportion

to their share of world income. This assumption removes any consumption dis-

similarity bias which appears in the error term of the regression. As such, all that
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remains in their error term is measurement error. It is important to note that this

measurement error may be occurring due to incorrect matching of emissions to

production sectors or due to incorrect methodology by the measuring statistical

agencies.

Comparing results in CO2 emissions, they achieve a Sign Test of 0.87, Slope

Coefficient of 0.45 and Missing Trade Statistic of 0.45.1 Their results in the com-

mon technology case are almost identical to mine. Not surprisingly, they achieve

a far better fit of the model in the differenced technology case compared to my

study. More than likely this is owing to the fact that they have imposed strict

adherence to the HOV assumptions.

The following is a graph of the model’s fit for CO2:

Figure 5.1: HOV Fit (Differing Technology)—CO2

1Douglas and Nishioka (2011) do no report a Spearman Correlation.
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We can see that China is a significant outlier in the results which is consistent with

the results of Trefler and Zhu (2010) and significant consumption dis-similarity

in China’s agricultural exports. As such, consider the following graph which

excludes China from the sample,

Figure 5.2: HOV Fit (Differing Technology)—CO2 (China
Excluded)

Removing China from the sample increases the slope of the regression line to 0.06

from 0.02 and leads to a precisely estimated slope parameter. Ideally, observa-

tions should be contained in the first and third quadrants of the graph. Such

a result indicates that predicted importers are actual importers and vice versa.

Figures illustrating the results for other types of emissions are contained in the

appendix. There we can see that the results for SO2 and CO are much more

clustered around the zero mark, which is reflective of the smaller overall level of

emissions from those factors, the majority of trade occurs in CO2.
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In summary, moving from a common technology framework substantially im-

proves the fit of the model in CO, SO2 and CO2 factor trade. CH4 and N2O

experience a surprising decline in fit when allowing for technology differences,

suggesting a systematic mixture of measurement error and home bias, which is

not surprising given that these emissions are largely concentrated in the agricul-

ture sector.
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Chapter 6

Environmental Policy in the

HOV Model

In this chapter I develop the base model of Tobey (1990) which was subsequently

appropriated by Cole and Elliott (2003), Busse (2004), Quiroga, Sterner and

Persson (2007) and others. I then modify the setup to incorporate the additional

information from the regression of the Vanek prediction undertaken in section 5.

6.1 Tobey (1990) Approach

Tobey hypothesises that if the environment, or a specific subset of environmental

outcomes, such as emissions, are treated as a factor, then environmental endow-

ment differences across countries should have an effect on trade according to the

HOV model. He, thus, estimates the following series of OLS regressions,

NTig = αg +
K∑
f=1
f 6=e

βgfVf + γgEg + ε (6.1)

After controlling for traditional factor types, does the addition of an envi-

ronmental endowment variable improve the explanatory power of a model of net

exports? As mentioned earlier, his results and numerous subsequent replications,

indicate that it does not typically add significant explanatory power in global
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trade. Tobey reasons that that the environmental endowment variable can be

proxied by differences in environmental regulations across countries. A relatively

more stringent policy reduces the size of the set of potential emissions and so

reduces the overall endowment. Given this, according to HOV predictions, coun-

tries with stricter environmental regulations should trade less in goods which

intensively use emissions.

Applied to the production function of Antweiler, Copeland and Taylor (2001),

trade should be affected by country specific differences in the environmental en-

dowment, which limits the amount of emissions allowable after controlling for

other endowments,

Y = eαY [F (KY , LY )]1−α (6.2)

To add more explanatory power, Tobey includes more factors of production than

just capital and labour. Firstly, he disaggregates labour types, adds various

disaggregated land types, M , and includes disaggregated natural resources, N .

As such, the underlying production function becomes

Y = eαY [F (KY , LY ,MY , NY )]1−α (6.3)

Tobey and the subsequent replications run the regression with the dependent

variable being net exports in individual ‘dirty’ sectors or sectors which in the

context of this paper, can be considered high directly emitting sectors. A simple

alternative to Tobey’s regression could be to test the counterfactual. Tobey tests

whether trade in high directly emitting sectors is affected. One could also test

whether trade in low directly emitting sectors is affected. This is the first approach

taken in this paper.
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6.2 Seemingly Unrelated Regression Approach

An alternative approach is to recognise that Tobey’s method, in keeping with the

HOV model’s restrictive assumptions, assumes that the emissions term e in the

production function can only be affected by the available environmental endow-

ment. However, as I have already shown in chapter 5, trade is better explained

by the HOV model when technology is allowed to vary across countries. In the

context of the above production method, this is equivalent to allowing the inten-

sity parameter α to be country specific. This possibility has not been controlled

for in the initial OLS regression, leaving technology differences as part of the

error term. In addition, other violations of the standard HOV assumptions are

included in the error term, such as, non-identical and homothetic preferences, the

production function not exhibiting a constant returns to scale production tech-

nology or trade being disturbed by trade costs and/or protectionist policies.

Recall the earlier OLS regression of the Vanek prediction (Slope Coefficient

test),

Fi = β1

(
Vi − siV W

)
+ ε (6.4)

The residuals here include measurement error or deviations from the consump-

tion similarity condition. Such deviations can either be caused by consumers not

having identical and homothetic preferences or through trade disturbances in the

form of trade costs or protectionist policies. Trefler and Zhu (2010) prove that the

Vanek Prediction is robust to the choice of market structure or scale of produc-

tion so these components should not enter the error term. Technology differences

have also already been incorporated so that they too do not enter the error term.

Therefore, we can isolate the major component of the error term in this regres-

sion being consumption dissimilarity. As this is a major common component of

the error term in the Slope Coefficient test regression and in Tobey’s net exports
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regressions, we can acquire more efficient regression estimates by switching to a

specification which factors in this additional information, which is unobserved in

common in both sets of regressions.

This motivates a movement to a seemingly unrelated regression (SUR) spec-

ification following Zellner (1962). Here, the sector-specific regression equations

and the emission-specific Slope Coefficient regressions are stacked in matrix form.

Recall that R is the set of industries which are traded. Then R ⊂ G.1 Addition-

ally, let the last element of R be r. Denote X as the set of possible covariates

with u, v, w, x ∈ X.



NTi,g=1

NTi,g=2

...

NTi,g=r

Fi,f=CO

Fi,f=CO2

Fi,f=SO2



=



x1 0 · · · 0 0 0 0

0 x2 · · · 0 0 0 0

...
...

. . .
...

...
...

...

0 0 · · · xr 0 0 0

0 0 · · · 0 u1 0 0

0 0 · · · 0 0 v2 0

0 0 · · · 0 0 0 w3





β1

β2

...

βr

γCO

γCO2

γSO2



+



ε1

ε2

...

εr

ωCO

ωCO2

ωSO2



(6.5)

Or, more succintly,

Z = Xδ + η (6.6)

The individual regressions appear unrelated as they have different covariates

in some cases. Specifically here, the net trade regressions of Tobey are all re-

gressed on identical covariates as described in section 6.1. The factor content

regressions are all regressed on a different Vanek Prediction because each repre-

sents a different gas type. The errors across all regressions however, are expected

to be correlated as described.

1While the Electricity and Water (C40-41) sector is strictly traded. Trade is mainly limited
to countries sharing a border. Therefore, it will be excluded as a dependent variable in the
sector-specific set of regressions. It was still included in the factor content calculation.
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The effect of moving to a SUR system from equation by equation OLS is an

efficiency gain in the estimation of the overall system due to the additional in-

formation being introduced through error correlation. The efficiency gain occurs

due to lower variance of the error terms and therefore, lower standard errors,

improving inference of the covariates. The estimation procedure is equivalent to

case by case OLS if there is no statistically significant correlation amongst error

terms or if the covariates are identical in all regressions or if one set of covariates

is a subset of one used in another OLS regression in the system.

One advantage here is that I can isolate the violation of consumption simi-

larity as the common component of the error terms across regressions based on

earlier findings in the literature. However, I cannot isolate which particular devi-

ation or deviations from this assumption are common across countries. Numerous

reasons for non-identical or homothetic preferences have been shown or assumed

in both empirical and theoretical work. Work by Markusen (1988) examines

non-homotethicity through differing subsistence requirements amongst different

income groups across countries, implying that agents maximise a Stone-Geary

utility function. This would imply that lower income countries should consume

proportionately more necessity goods than higher income countries.

Non-identical preferences can be caused by differences in consumer types. A

common way to distinguish consumer types is through preferences over quality,

where preferences are still homothetic, but a high-type consumer gains greater

marginal utility from a marginal increase in quality than a low-type. Alterna-

tively, Antweiler et. al. (2001), in their theoretical model divide consumer types

into ‘Greens’ and ‘Browns’, where both suffer disutility from environmental de-

pletion or pollution, but a Green suffers marginally more.
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Alternatively, consumption dis-similarity can be caused by the existence of

trade costs and barriers or protectionist policies. This possibility relates to the

offshoring strand of trade literature. Offshoring and vertical specialisation net-

works occur where highly substitutable stages of the production process can be

outsourced to other countries and countries can specialise in particular stages of

production. This is usually brought on by changes in trade barriers, of which

differing environmental standards could be such a barrier. Yi (2003) looks at

the case where tariffs are reduced and how outsourcing is promoted as a result.

Alternatively, stages of production which are not substitutable are not readily

outsourceable, for example, extraction at a mine has to be performed on site, in

the host country, whereas, assembly of parts can easily be performed in many

countries.

6.3 The Environmental Stringency Variable (ESI)

The variable of interest in these regressions is the environmental stringency mea-

sure, E in equation 6.1. The measure I use is the Environmental Sustainability

Index (henceforth, ESI) 2005 prepared jointly by the Yale Center for Environ-

mental Law and Policy and Columbia University’s Center for International Earth

Science Information Network. This index gives countries a score between 0 and

100 based on their environmental outcomes in a range of environmental indica-

tors accumulated from multiple sources. These are arranged into 5 categories

representing environmental goals,

• Environmental Systems – tracks the environmental status of water, air and

land resources.

• Reducing Environmental Stresses – tracks a country’s record in meeting

benchmarks for pollution reduction, managing natural resources, etc.

• Reducing Human Vulnerability – traces a country’s susceptibility to envi-

ronmental issues.
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• Social and Institutional Capacity – examines government policy stances,

implementation and corporate responses, etc.

• Global Stewardship – examines a country’s compliance with international

standards and agreements.

In total, 79 individual variables, from 21 broad environmental indicators are

combined and given equal weighting in the index. A country with a high score is

taken to have strong environmental stringency measures.

The environmental stringency variables used in previous studies can be consid-

ered as either input or output oriented. Input variables capture variation among

countries in the available set of environmental endowments. In the policy case,

the logic of the variable is that a stricter set of policies reduces the endowment.

In the output-oriented case, the variable identifies usage of the available set of

resources. In essence, input variables reflect measures taken in environmental

policy whereas output variables reflect outcomes. The measure that I use is a

combination of both as it contains input indicators, such as “Environmental Gov-

ernance”, and also output based indicators, like ‘Private Sector Responsiveness”.

ESI also covers a greater scope of environmental outcomes than Quiroga et. al.

(2007) and their output based variables, namely, biomass and sulphur dioxide

emissions as measures of environmental stringency. Both of these outcomes are

contained within the ESI measure, but are diluted by the numerous other indi-

cators which are included. The benefit of this is that the greater scope of the

measure should mitigate any potential endogeneity issues.

Potential endogeneity of the environmental stringency variable has been con-

sidered by all the publications that have come to my attention that address

Tobey’s results. The possible reverse-causation stems from the possibility that

environmental policy changes may be considered by policy makers in the context

of their country’s international competitiveness in global trade markets. Cole

and Elliott (2003) argue that measures of environmental stringency used in the
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literature have always captured policy at the national level, while the proposed

regressions have an industry specific dependent variable. As such, countries more

than likely set their policy in the national context rather than at the industry

level. It is still plausible, however, that a country which is highly specialised

in a particular ‘dirty’ sector, may place a high weight in the policy formulation

process on that industry’s needs. Thus, a specific outcome variable like the sul-

phur dioxide emissions of Quiroga et. al. (2007), may be highly influenced by the

trade outcomes in sulphur dioxide-intensive industries and hence endogenous, an

issue which they address through the use of instrument variables. In contrast, the

measure that I use covers a wide range of environmental outcomes. While I don’t

discount the possibility that some outcomes could be a function of trade outcomes

in particular industries, their influence would be heavily diluted amongst the nu-

merous other indicators which are not industry specific. Therefore, endogeneity

should not be an issue with this variable.

The interpretation of the coefficient on ESI is that, holding all other endow-

ments of productive factors constant, how does a marginal increase in environ-

mental stringency affect the net exports of sector g. The prediction of the HOV

theorem is that sectors which are intensive in the use of environmental services

will reduce net exports.

The summary statistics on ESI show that the top performing country in the

dataset is Finland with a score of 75.1 while the worst performing is China with

a score of 38.6. The mean score is 53.6 and the standard deviation is 8.3. The

Scandinavian countries are the overall strongest performers as they occupy the

top 3 places. Most of the developing countries are found occupying the lower

scores with Brazil being a notable exception. The US has a score of 53, which is

right near the mean level while Australia has a score of 61. Refer to Appendix

A.2 for all other summary statistics.
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Chapter 7

Results of HOV Industry

Regressions

7.1 Equation by Equation OLS

The first results are a replication of Tobey (1990), Cole and Elliott (2003), Busse

(2004) and Quiroga, Sterner and Persson (2007). In following their approaches,

I first estimate equation by equation OLS of the following regression model,

Net Exportsgi

= αgi + β1Tertiary + β2Secondary + β3Primary + β4Capital

+ β5Cropland + β6Forest + β7ESI + β8Oil + β9Gas + β10Coal + εgi

(7.1)

The results are shown in Appendix B.1. I find that the only statistically signif-

icant coefficient on ESI occurs in the Pulp and Paper industry. This is broadly

consistent with the earlier studies as they typically don’t find any significance in

the basic OLS model, apart from in the Iron and Steel sectors. These sectors are

aggregated with non-ferrous metals to form Basic Metals in this study. At this

higher aggregation level, the coefficient on ESI is not significant.
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The only new information coming from these results compared to previous

ones is the positive and statistically significant coefficient on Pulp and Paper.

This result is mainly being driven by three of the four Scandinavian countries

and Canada, who are significant outliers in that they are large net exporters of

pulp and paper and also very environmentally stringent countries. Despite this,

figure 7.1 does depict a general upward slope in the relationship between net

exports of pulp and paper and ESI.

Figure 7.1: Pulp and Paper Relative to ESI

Figure 7.1 shows that the majority of countries are net importers of pulp and

paper with ESI countries Germany, Canada, Sweden, Finland and Brazil account-

ing for the majority of imports. The exception is Indonesia who is a substantial

net exporter and also a low scoring ESI country. The results suggest that pulp

and paper has become a relatively clean industry in this sample of largely de-

veloped countries. However, the results should probably be viewed with caution

given that this is an activity which could be highly specialised in less developed
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countries, given its comparative simplicity relative to other manufacturing pro-

cesses. The non-random sampling here could be an issue.

I also run regressions with the non-directly emitting sectors. Equation by

equation OLS yields no significant coefficients on ESI in any of these sectors

either.

7.2 Seemingly Unrelated Regression

Given that testing the counterfactual that non-dirty industries should also be

affected by environmental stringency has not yielded any significant results, I

move to estimating the seemingly unrelated regression model (SUR) described

in section 6.2. In addition to the regression for net exports, I also include the

regressions from the Slope Coefficient test in section 5.2 for CO, CO2 and SO2.

The system of equations is therefore

Net Exportsgi

= αgi + β1Tertiary + β2Secondary + β3Primary + β4Capital

+ β5Cropland + β6Forest + β7ESI + β8Oil + β9Gas

+ β10Coal + εgi, ∀g ∈ R (7.2)

Ffi = γ1

(
Vi − siV W

)
+ ωfi, ∨f = CO,CO2, SO2 ∈ K (7.3)

The substantive results are presented below in table 7.1, with full results being

shown in Appendix B.2.

Given that SUR is asymptotically justified, in order to maximise the accuracy

of the results a small sample adjustment is employed which adjusts the degrees of

freedom and uses t and F statistics rather than the Z and chi-squared statistics for

hypothesis tests. In order to justify the movement to SUR, we need to show that

the variance-covariance matrix of residuals across regressions is not block diago-
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Table 7.1: Summary of Regression Results

Industry
OLS SUR
ESI ESI

Textiles 0 −−

Pulp, Paper and Print + + + + + +

Office, Accounting and Computing Machinery 0 −−

Electrical Machinery and Apparatus 0 −−

Radio, Television and Communication Equipment 0 −

Furniture, Other Manufacturing and Recycling 0 −−−

All Others 0 0

(The positive/negative signs denote the sign of the coefficient estimate of ESI.
The number of signs represents the significance level, with 3 being significant at
1%, 2 at 5% and 1 at 10%.)

nal, and hence, that the cross-equation correlation across errors is significant. A

Breusch-Pagan test is used under the null hypothesis that the variance-covariance

matrix is block diagonal. This test is rejected at the 1% significance level which

justifies the use of SUR. The statistically significant correlation in error terms is

thus further evidence that consumption dis-similarity is a major issue in the fit

of the HOV model and also a significant unobserved variable in the regressions

being estimated in this section.

Turning attention to the results of the estimation, you can see that the ESI

coefficient in the Pulp and Paper (PP) sector is still highly significant, how-

ever, it is also significant now in additional sectors, these are, Textiles; Office,

Accounting and Computing Machinery (OACM); Electrical Machinery and Ap-

paratus (EMA); Radio, Television and Communication Equipment (RTCE); and

the Other Manufacturing combined with Recycling sector (OMR). Notice that of

these sectors, only PP is a directly emitting sector while the others do not directly
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emit and furthermore, all coefficients on ESI in these sectors are negative, apart

from PP, which remains positive and statistically significant.

The results obtained seem to suggest that the trade costs and barriers distor-

tion to consumption similarity is the main common unobservable across countries.

The sectors where ESI is significant seem to align closely to the second stage sec-

tors of Yi (2003). He develops a vertical specialisation model where three stages

of production occur, a first intermediate stage, then a second and then consump-

tion of a final good which is not traded. First stage sectors are defined as ones

whose output is mainly used as an intermediate into other sectors’ production.

Second stage sectors have their output mainly used for final consumption and

third stage sectors are non-traded. Yi analyses the ratio of intermediate use to

final consumption use for all sectors in the OECD-STAN IO tables over many

years to deduce whether a sector is first or second stage. Of the sectors where

ESI is negative and significant in these results, all sectors except EMA are second

stage sectors.

This leads to a further question. Why is trade in some second stage sectors

affected by environmental stringency while it is not in others? The second stage

sectors where environmental stringency is not significant are, Food and Bever-

ages; Medical and Precision Instruments; Motor Vehicles and Other Transport

(Ships and Aircraft). The explanation for food and beverages seems to flow from

the issues with agriculture and subsistence requirements causing consumption of

a non-homothetic nature. The main input into food production is usually agri-

culture, and there is a home bias in agricultural input use. Food is also a highly

protected sector in developed countries, leaving little room for environmental

stringency to affect trade. It is already highly distorted.

The remaining sectors, Medical and Precision Instruments, Motor Vehicles
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and Other Transport sectors can all be characterised as industries which require

large scale production plants which are not readily substitutable or easy to relo-

cate across borders. In contrast, the significant sectors can have their required

activities performed in any number of countries, owing to the relatively more

labour intensive nature of that production. This can be seen when comparing

the coefficients on other factors of production. The significant second stage sec-

tors mainly have significant positive coefficients on secondary and primary level

labour, which is readily substitutable, while the non-significant sectors usually

have statistically significant coefficients on capital or high-skilled labour.

While we have considered substitutability in the choice of intermediate input

combinations, it is also the case that a producer’s product may be highly sub-

stitutable to their consumers. This is the ‘double-marginalisation’ effect found

by Yi. In the first stage, products can only be sold to second stage producers.

Similarly, in the third stage, products can only be bought from second stage pro-

ducers. However, in the second stage, products are bought from the first stage

and sold to the third stage. Therefore, a second stage producer with relatively

inelastic demand for first stage intermediates and elastic supply to the third stage

consumers, would be substantially affected by changes in environmental policy.

If they are using environmentally intensive inputs, they would economically pay

a high price in the procurement stage and then have limited power to impose a

higher price on third stage consumers.

In the HOV context, the negative ESI coefficients on these significant sectors,

suggests that they are relatively intensive environmental users. This environmen-

tal intensity would be occurring through intensive use of sectors which are directly

environmentally intensive. This is a possibility which has not been considered in

previous research.
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7.3 Robustness Checks

A concern in most statistical models is the violation of the assumption of ho-

moskedasticity. I perform the Cook-Weisberg test under the null hypothesis that

a constant variance is observed. The test statistic is the critical value with one de-

gree of freedom following a Chi-Squared distribution. The null is rejected in some

specific sectors. However, none of these sectors have a significant estimate on ESI

at the equation-by-equation OLS stage. The SUR system was re-estimated ex-

cluding the heteroskedastic sectors. This did not lead to any significant shifts in

the substantive results described so far. In fact, the remaining significant sectors

actually saw a slight increase in statistical significance.

The regression is also performed with the factor content regressions for CH4

and N2O included and this again did not shift the results in any substantial way.

Conclusion

Groups opposed to the tightening of environmental stringency efforts often raise

the possibility that a country’s international competitiveness can be eroded by

requiring firms to better consider environmental effects of production processes.

I find evidence of this only in a select few industries, which can be characterised

as second stage intermediate sectors, selling a homogenised product. I also find

evidence that environmental stringency positively drives exports in the pulp and

paper industry, previously considered an environmentally intensive sector. There

is some evidence to suggest that this industry is specialised in countries which

are environmentally stringent.

The improvement in fit of the HOV model arising when technologies were

allowed to differ across countries suggests an important role for technology trans-

fers across countries in order to achieve efficient environmental outcomes. An
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important policy consideration should be the encouragement of clean technology

sharing across countries.

I have contributed to two strands of the literature with this work. Firstly, I

have expanded on the body of knowledge in testing the HOV model by perform-

ing tests with a broad disaggregation of pollution types. I have also expanded

on the literature assessing the effects of environmental stringency on trade. In

combining the two strands of the literature, I have been able to show evidence of

environmental stringency negatively affecting trade in sectors which are further

downstream in the production process than had previously been considered by

other researchers.

The study could be expanded upon in a number of ways. The results here sug-

gest a possibility for the expansion of the theoretical model of Antweiler, Copeland

and Taylor (2001) to consider a number of production stages, the technological

requirements across sectors and also the effects of home bias and subsistence re-

quirements.

A potential path for the empirical literature could be to break-down my

measure of environmental stringency into particular categories and identify any

change in the effects and in which particular industries those effects are concen-

trated in. In keeping with Quiroga, Sterner and Persson (2007), the effects at

higher levels of industry or product disaggregation could also be considered.

This study was constrained by the present state of data availability. The re-

sults could be improved upon by including a larger number of countries in the

sample or from a wider cross-section of development status. This is largely dic-

tated by the availability of IO tables, as more become available in a harmonised

manner, the study could certainly be extended to consider the effects of the stage
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of a country’s development. Furthermore, as more countries report their emis-

sions or there is greater accuracy at higher disaggregation levels, the HOV fit

analysis could also be expanded.

HOV studies in general promise to increase their scope and accuracy as world

IO tables are made available. This would remove the need for the researcher to

draw upon the proportionality assumption to build a world IO table. It is my

understanding that efforts are underway to construct such tables.

47



Appendix A

Miscellaneous

A.1 Country List

Australia – Austria – Belgium – Brazil* – Canada – Chile* – China* – Czech Rep.

Denmark – Estonia – Finland – France – Germany – Greece – Hungary – India*

Indonesia* – Ireland – Israel* – Italy – Japan – Korea Rep.* – Luxembourg –

Mexico* – Netherlands – Norway – Poland – Portugal – Romania – Slovakia –

Slovenia – South Africa* Spain – Sweden – Thailand* – Turkey – United Kingdom

United States of America

* denotes Annex-II country.
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A.2 Sectors, Variables and Summary Statistics

Table A.1: Summary Statistics

Variable N Mean Std. Dev. Max. Min.

AFC—CH4 38 −1534 44239 Ireland UK
AFC—CO 38 −27 783 Ireland UK
AFC—CO2 38 −1250 34362 Netherlands Denmark
AFC—N2O 38 247 657 UK Ireland
AFC—SO2 38 −6 170 Ireland UK
PFC—CH4 38 −358 69862 Brazil Japan
PFC—CO 38 −20 6668 USA China
PFC—CO2 38 −2854 317281 China Luxembourg
PFC—N2O 38 −227 41488 China Japan
PFC—SO2 38 −4 1237 USA China
Share of World GDP 38 2.65% 4.90% USA Luxembourg
Country Emissions—CH4 38 59429 111822 USA Luxembourg
Country Emissions—CO 38 3256 10862 USA Several
Country Emissions—CO2 38 473594 1033132 USA Luxembourg
Country Emissions—N2O 38 37592 73641 USA Luxembourg
Country Emissions—SO2 38 676 2054 USA Several
Tertiary 38 573 1150 USA Luxembourg
Secondary 38 2143 6986 China Luxembourg
Primary 38 1428 3614 China Norway
Capital 38 2512 4924 USA Estonia
Cropland 38 20727 37196 Indonesia Luxembourg
Forest 38 515514 1104121 Brazil Luxembourg
ESI 38 53.6 8.3 Finland China
Oil 38 465 1032 Canada Several
Gas 38 577 1227 USA Several
Coal 38 7693 22003 USA Several

(AFC denotes Actual Factor Content, PFC denotes Predicted Factor Content)
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Table A.2: OECD—STAN Sectors

ISIC Revision
3 Code ISIC Revision 3 Sector Traded?

01–05 Agriculture, Hunting, Forestry & Fishing Y
10–14 Mining and Quarrying Y
15–16 Food, Beverages & Tobacco Products Y
17–19 Textiles & Leather Products Y
20 Wood, Cork & Straw Products Y
21–22 Pulp, Paper, Publishing & Printing Y
23 Coke, Refined Petroleum & Nuclear Fuel Y
24 Chemicals & Chemical Products Y
25 Rubber & Plastics Products Y
26 Other Non-Metallic Mineral Products Y
27 Basic Metals Y
28 Fabricated Metal Products Y
29 Non-Electric Machinery & Equipment Y
30 Office, Accounting & Computing Machinery Y
31 Electric Machinery & Apparatus Y
32 Radio, Television & Communication Y

Equipment
33 Medical, Precision & Optical Instruments; Y

Watches & Clocks
34 Motor Vehicles & Trailers Y
35 Other Transport Equipment Y
36–37 Furniture & Other Manufacturing; Recycling Y
40–41 Electricity, Gas & Water Supply Y
45 Construction N
50–52 Wholesale & Retail Trade N
55 Hotels & Restaurants N
60–63 Transport & Storage N
64 Post & Telecommunications N
65–67 Financial Intermediation N
70 Real Estate Activities N
71 Renting of Machinery & Equipment N
72 Computer & Related Activities N
73 Research & Development N
74 Other Business Activities N
75 Public Administration an Defence N
80 Education N
85 Health & Social Work N
90–93 Other Community & Social Services N
95 Private Households with Employed Persons N
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Table A.3: UNFCCC Emitting Sectors

Aggregation Corresponding
First Tier Second Tier Third Tier STAN Sector

Fuel Combustion Energy Industries Public Electricity and Heat Production 40–41
Petroleum Refining 23

Manufacture of Solid Fuels 23
Other Energy (Mining) 10–14

Manufacturing Industries and Construction Iron, Steel and Non-Ferrous Metals 27
Chemicals 24

Pulp, Paper and Print 21–21
Construction 45

Transport 60–63
Fugitive Emissions from Fuels Solid Fuels Mining 10–14

Industrial Processes Mineral Products 26
Chemical Industry 24
Metal Production 27

Food and Beverages 15–16
Agriculture 01–05

International Bunkers 60–63
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Table A.4: Variable List

Name Description Units Source

Net Exports Exports less imports in sector g
(2005)

Millions
of US$
(2005)

OECD—
STAN

Primary Population aged 15 years and
over—highest education level:
primary school (2005)

Millions of
people

Barro and Lee
(2010)

Secondary Population aged 15 years and
over—highest education level:
graduated secondary school
(2005)

Millions of
people

Barro and Lee
(2010)

Tertiary Population aged 15 years and
over—lowest education level:
university diploma (2005)

Millions of
people

Barro and Lee
(2010)

Capital Capital stock—discounted
gross capital formation assum-
ing 15 year life and 13.3 %
depreciation rate

Billions
of US$
(2005)

World Bank
Development
Indicators

Cropland Land area classified as perma-
nent crop land (2005)

km2 World Bank
Development
Indicators

Forest Forest area (2005) km2 World Bank
Development
Indicators

ESI Environmental Sustainability
Index (2005)

Score
0–100

Yale
University
and Columbia
University

Oil Proved oil reserves (2005) Millions of
tonnes

World
Resources
Institute—
Earth Trends

Gas Proved natural gas reserves
(2005)

Million
tonnes
of oil
equivalent

World
Resources
Institute—
Earth Trends

Coal Proved coal reserves (2006) less
extraction of coal (2006)

Million
tonnes
of oil
equivalent

World
Resources
Institute—
Earth Trends
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Appendix B

Regression Results

B.1 Equation by Equation OLS

53



Table B.1: Equation-by-Equation OLS Results

ISIC Code
01–05 10–14 15–16 17–19 20 21–22 23

Tertiary 6.650** −35.238*** −0.828 −13.547*** −5.767*** −0.494 −6.368*
(2.443) (8.121) (5.329) (4.811) (1.716) (2.407) (3.642)

Secondary −0.320*** −0.126 0.323 1.953*** 0.246*** 0.061 −0.064
(0.104) (0.347) (0.228) (0.206) (0.073) (0.103) (0.156)

Primary −1.161*** 5.715*** −0.498 2.810*** 0.378 −0.476 2.032***
(0.388) (1.289) (0.846) (0.764) (0.272) (0.382) (0.578)

Capital −1.363*** 1.173 −1.415** −0.499 0.145 −0.076 0.318
(0.304) (1.009) (0.662) (0.598) (0.213) (0.299) (0.453)

Cropland 0.050 −0.295*** 0.027 −0.031 0.022 0.063* −0.126**
(0.032) (0.105) (0.069) (0.062) (0.022) (0.031) (0.047)

Forest 0.002*** −0.003 0.002 −0.001 −0.001 −0.001 −0.000
(0.001) (0.002) (0.002) (0.001) (0.001) (0.001) (0.001)

ESI 8.194 61.426 −1.406 −149.868 72.219 272.100*** −140.662
(65.675) (218.309) (143.248) (129.327) (46.130) (64.698) (97.904)

Oil −2.294** 18.581*** −1.398 2.528 3.509*** 1.241 3.323**
(0.980) (3.259) (2.138) (1.931) (0.689) (0.966) (1.461)

Gas 0.752 11.889*** 1.048 −1.779 −1.670** −2.021** 2.543*
(0.975) (3.240) (2.126) (1.920) (0.685) (0.960) (1.453)

Coal 0.005 −0.250 0.078 0.046 0.060 0.060 −0.198*
(0.077) (0.257) (0.169) (0.152) (0.054) (0.076) (0.115)

Constant −312.254 −627.797 1686.178 8859.453 −3294.354 −14576.088*** 8914.580
(3569.786) (11866.318) (7786.329) (7029.647) (2507.445) (3516.687) (5321.660)

R2 0.769 0.891 0.645 0.952 0.881 0.593 0.704
Observations 38 38 38 38 38 38 38
Cook-Weisberg Test 3.39* 2.06 4.03** 0.00 1.36 1.55 2.15

(Standard errors in parentheses, * = 10% significance, ** = 5%, *** = 1%. Cook-Weisberg test shows critical value for χ2
1.)
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ISIC Code
24 25 26 27 28 29 30

Tertiary −0.494 −6.252** −4.384*** −16.498*** −7.648*** −31.978*** 1.493
(9.920) (2.283) (1.084) (4.209) (2.307) (10.129) (3.993)

Secondary −0.446 0.334*** 0.227*** 0.051 0.504*** 0.492 1.635***
(0.424) (0.098) (0.046) (0.180) (0.099) (0.433) (0.171)

Primary 1.284 0.667* 0.497*** 1.904*** 0.862** 3.829** 1.295*
(1.575) (0.362) (0.172) (0.668) (0.366) (1.608) (0.634)

Capital 0.728 0.952*** 0.461*** 1.754*** 0.903*** 6.217*** −1.022**
(1.233) (0.284) (0.135) (0.523) (0.287) (1.259) (0.496)

Cropland −0.124 0.003 0.002 −0.092 −0.011 −0.111 −0.104*
(0.129) (0.030) (0.014) (0.055) (0.030) (0.131) (0.052)

Forest 0.000 −0.000 −0.000 0.001 −0.001 −0.001 0.000
(0.003) (0.001) (0.000) (0.001) (0.001) (0.003) (0.001)

ESI 157.043 29.327 −17.547 22.194 13.634 97.985 −92.057
(266.659) (61.380) (29.135) (113.139) (62.029) (272.280) (107.337)

Oil −2.271 0.451 0.618 3.153* 1.056 2.900 −1.155
(3.981) (0.916) (0.435) (1.689) (0.926) (4.064) (1.602)

Gas 2.654 −0.975 −0.852* −0.691 −1.361 −3.506 2.116
(3.958) (0.911) (0.432) (1.679) (0.921) (4.041) (1.593)

Coal −0.255 0.047 0.031 0.139 0.091 0.172 −0.354***
(0.314) (0.072) (0.034) (0.133) (0.073) (0.321) (0.126)

Constant −8283.594 −2094.818 1000.982 −441.496 −809.800 −6907.595 4725.918
(14494.433) (3336.360) (1583.630) (6149.738) (3371.602) (14799.950) (5834.374)

R2 0.347 0.678 0.863 0.708 0.773 0.699 0.924
Observations 38 38 38 38 38 38 38
Cook-Weisberg Test 2.55 1.75 3.3* 1.29 7.72*** 47.01*** 0.84
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ISIC Code
31 32 33 34 35 36–37

Tertiary −9.296*** −1.643 −0.998 −45.816** 5.346*** −14.575***
(2.749) (7.458) (3.258) (17.706) (1.802) (3.394)

Secondary 0.361*** 0.445 −0.304** 0.774 −0.044 0.869***
(0.117) (0.319) (0.139) (0.757) (0.077) (0.145)

Primary 1.542*** 2.259* 0.196 8.236*** −0.949*** 2.884***
(0.436) (1.184) (0.517) (2.811) (0.286) (0.539)

Capital 1.411*** 0.515 0.693* 8.470*** −0.297 0.712
(0.342) (0.927) (0.405) (2.201) (0.224) (0.422)

Cropland −0.054 −0.156 −0.017 −0.284 0.023 −0.069
(0.036) (0.097) (0.042) (0.230) (0.023) (0.044)

Forest −0.000 0.001 −0.000 −0.000 0.000 −0.001
(0.001) (0.002) (0.001) (0.005) (0.001) (0.001)

ESI −23.245 −138.644 56.272 −164.583 −22.277 −98.712
(73.899) (200.476) (87.585) (475.985) (48.435) (91.228)

Oil 1.087 −0.579 −0.818 9.227 −0.581 3.296**
(1.103) (2.993) (1.307) (7.105) (0.723) (1.362)

Gas −0.529 2.853 0.420 −5.005 0.101 −1.647
(1.097) (2.976) (1.300) (7.065) (0.719) (1.354)

Coal −0.051 −0.597** −0.042 −0.457 −0.046 −0.020
(0.087) (0.236) (0.103) (0.561) (0.057) (0.107)

Constant 1057.665 7481.986 −3214.549 8731.568 672.131 6440.581
(4016.828) (10897.030) (4760.720) (25872.478) (2632.719) (4958.783)

R2 0.811 0.644 0.599 0.730 0.798 0.942
Observations 38 38 38 38 38 38
Cook-Weisberg Test 2.90* 2.14 12.49*** 0.15 0.00 3.39*
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B.2 Seemingly Unrelated Regression
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Table B.2: Seemingly Unrelated Regression Results

ISIC Code
01–05 10–14 15–16 17–19 20 21–22 23

Tertiary 4.874** −34.532*** −3.156 −16.638*** −5.817*** −0.614 −6.103*
(2.056) (8.040) (4.835) (4.321) (1.711) (2.405) (3.343)

Secondary −0.255*** −0.174 0.442** 2.071*** 0.249*** 0.065 −0.134
(0.088) (0.344) (0.208) (0.185) (0.073) (0.103) (0.144)

Primary −0.816** 5.608*** 0.080 3.380*** 0.380 −0.464 1.830***
(0.327) (1.277) (0.771) (0.687) (0.272) (0.382) (0.532)

Capital −1.105*** 1.065 −1.065* −0.048 0.152 −0.059 0.261
(0.256) (0.999) (0.602) (0.537) (0.213) (0.299) (0.416)

Cropland 0.027 −0.286*** −0.024 −0.068 0.023 0.063** −0.096**
(0.027) (0.104) (0.063) (0.056) (0.022) (0.031) (0.043)

Forest 0.002*** −0.003 0.002 −0.001 −0.001 −0.001 −0.001
(0.001) (0.002) (0.001) (0.001) (0.001) (0.001) (0.001)

ESI −41.581 105.893 −161.458 −232.422** 71.839 273.519*** 10.591
(55.163) (216.102) (129.703) (116.033) (45.999) (64.638) (89.688)

Oil −1.478* 18.258*** −0.173 3.926** 3.525*** 1.286 2.995**
(0.827) (3.226) (1.944) (1.736) (0.687) (0.965) (1.344)

Gas 0.824 11.515*** 1.795 −1.614 −1.656** −2.037** 1.424
(0.820) (3.208) (1.928) (1.724) (0.683) (0.959) (1.333)

Coal 0.005 −0.246 0.049 0.048 0.060 0.062 −0.158
(0.065) (0.255) (0.153) (0.137) (0.054) (0.076) (0.106)

Constant 2212.210 −2733.211 9820.035 12986.104** −3291.770 −14659.591*** 1322.284
(2998.294) (11746.375) (7049.781) (6306.827) (2500.319) (3513.451) (4874.714)

R2 0.742 0.890 0.601 0.948 0.881 0.593 0.638
Observations 38 38 38 38 38 38 38

(Standard errors in parentheses, * = 10% significance, ** = 5%, *** = 1%. Factor content regressions not shown.)
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ISIC Code
24 25 26 27 28 29 30

Tertiary −4.692 −6.257*** −4.698*** −16.979*** −7.428*** −29.857*** −0.923
(9.254) (2.261) (1.063) (3.929) (2.258) (9.848) (3.575)

Secondary −0.263 0.347*** 0.240*** 0.064 0.501*** 0.486 1.748***
(0.396) (0.097) (0.045) (0.168) (0.097) (0.421) (0.154)

Primary 1.886 0.709** 0.552*** 1.852*** 0.875** 3.772** 1.783***
(1.473) (0.359) (0.169) (0.627) (0.359) (1.566) (0.569)

Capital 1.342 0.957*** 0.506*** 1.820*** 0.874*** 5.934*** −0.664
(1.151) (0.281) (0.132) (0.489) (0.281) (1.224) (0.445)

Cropland −0.156 −0.004 −0.002 −0.080 −0.016 −0.137 −0.141***
(0.120) (0.029) (0.014) (0.051) (0.029) (0.128) (0.046)

Forest −0.000 −0.000 −0.000 0.001 −0.001 −0.001 0.000
(0.003) (0.001) (0.000) (0.001) (0.001) (0.003) (0.001)

ESI 65.623 −4.972 −25.921 64.324 −7.799 −72.247 −203.307**
(248.467) (60.767) (28.583) (105.427) (60.667) (264.559) (95.940)

Oil −0.502 0.506 0.758* 3.237** 1.013 2.330 0.001
(3.712) (0.908) (0.427) (1.576) (0.906) (3.952) (1.437)

Gas 3.130 −0.726 −0.829* −0.862 −1.234 −2.137 2.622*
(3.689) (0.902) (0.424) (1.565) (0.901) (3.928) (1.426)

Coal −0.237 0.037 0.032 0.160 0.081 0.100 −0.365***
(0.293) (0.072) (0.034) (0.124) (0.071) (0.312) (0.113)

Constant −4080.519 −361.051 1414.147 −2758.117 329.361 1877.523 10280.665**
(13505.597) (3302.998) (1553.654) (5730.750) (3297.622) (14380.345) (5214.550)

R2 0.323 0.670 0.861 0.706 0.772 0.688 0.913
Observations 38 38 38 38 38 38 38
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ISIC Code
31 32 33 34 35 36–37

Tertiary −9.358*** −4.751 −0.921 −45.754*** 5.692*** −15.568***
(2.541) (7.006) (3.151) (17.216) (1.760) (3.128)

Secondary 0.406*** 0.610** −0.274** 0.943 −0.067 0.940***
(0.109) (0.301) (0.135) (0.738) (0.075) (0.135)

Primary 1.690*** 2.949*** 0.296 8.765*** −1.017*** 3.196***
(0.405) (1.115) (0.501) (2.737) (0.280) (0.499)

Capital 1.433*** 0.982 0.693* 8.516*** −0.350 0.867**
(0.316) (0.872) (0.392) (2.141) (0.219) (0.389)

Cropland −0.077** −0.214** −0.035 −0.373* 0.028 −0.102**
(0.033) (0.091) (0.041) (0.223) (0.023) (0.040)

Forest −0.000 0.001 0.000 0.001 0.000 −0.001
(0.001) (0.002) (0.001) (0.005) (0.001) (0.001)

ESI −136.549** −333.564* −31.472 −609.614 3.038 −219.324***
(68.146) (188.114) (84.619) (462.483) (47.282) (83.900)

Oil 1.288 0.987 −0.710 9.889 −0.753 3.900***
(1.021) (2.815) (1.265) (6.913) (0.706) (1.258)

Gas 0.280 3.882 1.051 −1.770 −0.075 −0.953
(1.013) (2.795) (1.257) (6.868) (0.702) (1.248)

Coal −0.084 −0.627*** −0.069 −0.587 −0.043 −0.048
(0.080) (0.222) (0.100) (0.545) (0.056) (0.099)

Constant 6790.442* 17245.834* 1238.019 31239.025 −567.212 12560.589***
(3703.925) (10224.630) (4599.434) (25138.124) (2570.035) (4560.221)

R2 0.773 0.607 0.565 0.710 0.792 0.933
Observations 38 38 38 38 38 38
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B.3 Correlation Coefficient Matrix
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Table B.3: Error Correlation Matrix for SUR System

Actual Factor Content—CO2 Actual Factor Content—CO Actual Factor Content—SO2

01–05 0.40 0.46 0.41
10–14 0.05 0.03 −0.00
15–16 0.15 0.22 0.16
17–19 0.31 0.37 0.35

20 −0.02 −0.02 0.00
21–22 0.02 0.02 0.03

23 0.26 0.18 0.19
24 0.06 0.11 0.19
25 −0.10 0.07 −0.08
26 0.12 0.15 0.16
27 −0.05 −0.05 0.06
28 −0.02 −0.02 −0.08
29 −0.18 −0.16 −0.22
30 0.18 0.25 0.25
31 −0.22 −.015 −0.19
32 0.08 0.15 0.14
33 −0.16 −0.12 −0.15
34 −0.16 −0.11 −0.14
35 0.05 0.01 −0.02

36–37 0.01 0.08 0.03

(Correlation coefficient between equation residuals.)

62



Appendix C

Data Appendix

C.1 Input-Output Tables

The main concern here is properly adjusting the sectoral output reported in the

IO table. Output is reported as Qi = ci + yi + Ii + vi + gi + X̄i − M̄i, where

the exports and imports figures are those summed across the whole world. This

figure is adjusted to only consider total exports and imports within our sample

of 38 countries, as defined in section 4.2. So, Qi = ci + yi + Ii + vi + gi +Xi−Mi.

Given that the output quantity cannot be adjusted by the final consumption

figures due to data limitations. The output level will be overstated in this sample.

This sometimes induces an issue when calculating the proportionality parameter,

θij. Where the sum of all parameters across a country and sector is outside the

zero to one interval, all parameters are scaled by the actual sum so as to impose

the condition that parameters must sum to one across a specific country and

sector.

C.2 Greenhouse Gas Emissions

The emissions reporting requirements vary depending on a country’s classifica-

tion under the Kyoto Protocol. Countries are split into Annex-I or Annex-II
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based on their development status at the time of the negotiation of the Protocol.

Annex-I parties are generally developed or highly industrialised countries. They

are required to report emissions on a yearly basis. Annex-II countries are less

developed and are only required to report periodically. This reporting burden is

far less strenuous than for Annex-I countries and as a result, for most Annex-II

countries, the most recently available emissions data is from the year 1994. I use

2005 data across this study, and so, I use an OLS procedure to estimate fitted

values for the missing countries. Of the Annex-II countries, Brazil and Israel

both reported in the 2005 year. Korea did not report in 1994 or 2005 but did

report in 2001. As such, I use the 2001 values of emissions for Korea. All other

parties commonly reported in 1994, although Mexico and Thailand have reported

intermittently between 1994 and 2005.

I have completed the study with aggregate emissions all converted to a com-

mon unit of giga-grams (gg) (1000 metric tonnes) of CO2 equivalent emissions.

The overwhelming largest emissions producers in 1994 were China and USA, while

smaller countries like Luxembourg or Estonia produced very little emissions. This

seems to imply some relationship between emissions and economic activity level.

Also, the majority of China’s emissions originate out of manufacturing activities

while in the US, the majority of emissions are from energy usage. Thus, a mea-

sure of efficiency may also be relevant in explaining emissions variation.

In order to calculate fitted values for the missing 2005 emissions data, I use

the following OLS regression model,

log [Em05(f)] = α + β1 log [Em94(f)] + β2 log [GDP05] + β3TFP94 + β4TFP05 + ε

(C.1)

where log emissions of a particular gas type in 2005 are regressed on the lagged

log emissions in 1994, log GDP in 2005 and TFP in 1994 and 05. TFP is a mea-
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sure of Total Factor Productivity obtained from the UNIDO World Productivity

Database. TFP data is available for 21 of the 38 countries and so including this

variable has reduced my observations. There is no particular pattern for which

countries did not have TFP data recorded and crucially, the countries with miss-

ing 2005 emissions data all have a TFP value, thus ensuring that a fitted value

is attainable. Real GDP data is taken from the Penn World Table 7.0 for the

year 2005 using a Chain Weighted Index and multiplied by population in 2005.

I accept the loss of observations for a substantial information gain, particularly

in the Manufacturing sector, where productivity and efficiency should have a

substantial effect on emissions.
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Table C.1: OLS to Impute Missing Data

Variable Em94 log GDP05 TFP94 TFP05 Constant N R2 Spearman

Energy 0.505*** 1.13*** −0.006 0.668 −4.861** 21 0.949 0.948
(0.098) (0.31) (1.308) (0.904) (1.988)

Manufacturing 0.758*** 0.798** −1.794*** 0.467 −3.516** 21 0.987 0.984
(0.104) (0.276) (0.617) (0.413) (1.53)

Transport 0.903*** 0.197 −0.879 0.811** −0.437 21 0.989 0.981
(0.141) (0.348) (0.556) (0.336) (1.75)

Solid Fuels 1.098*** −1.517* 4.067 −2.948 11.647 15 0.896 0.864
(0.146) (0.824) (5.963) (5.824) (6.525)

Oil & Gas 0.969*** −0.109 0.155 −0.246 1.321 20 0.975 0.985
(0.077) (0.271) (1.651) (0.993) (2.175)

Minerals 0.997*** 0.098 −1.652* 0.919* −0.205 21 0.976 0.979
(0.094) (0.235) (0.79) (0.504) (1.362)

Chemical 1.369** −0.57 1.778 −4.447 3.485 19 0.568 0.89
(0.633) (1.635) (7.098) (7.246) (10.918)

Metal 1.022*** 0.445 −2.467 0.451 −2.804 20 0.952 0.946
(0.077) (0.316) (1.984) (1.366) (2.532)

Agriculture 1.091*** −0.145 0.112 −0.105 0.283 21 0.996 0.991
(0.039) (0.102) (0.216) (0.341) (0.555)

(Standard Errors in parentheses, *=10% significant **=5% significant ***=1% significant. )
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The results show that most of the variation in all regressions is explained by

the lagged emissions term from 1994. The TFP measure is significant in manu-

facturing industries; aggregated manufactures and minerals and has the expected

negative sign for 1994, implying that less industrialised nations are relatively

more inefficient.

There is a clear issue with the estimation for the chemical industry given

the substantially lower R2 term. Upon further investigation, it became clear

that there was a substantial abatement program put in place to reduce emissions

from adipic acid production in developed countries. Most of the variation in the

chemical industry is being driven by large reductions in emissions at this higher

disaggregation level. Schneider, Lazarus and Kollmuss (2010) explore these abate-

ment programs and there effects, mainly considering the composition effect. The

concern for my paper is that the reduced emissions in developed countries have

been transferred to countries with less stringent regulation such as China, which

is one of the countries for which I am trying to fit a value. The Schneider et.

al. paper explores this possibility and concludes that there is little evidence to

support this composition effect claim. While sceptical of the fitted values for the

chemical industry, the high Spearman Correlation suggests that the predictive

power of the regression is adequate.

As I have acquired fitted values at the higher aggregation level for the En-

ergy and Manufacturing sectors, which need to be further disaggregated to match

sectors in the production dataset. I distribute the aggregated values to the dis-

aggregated sector in the same proportional split which occurred in 1994 for the

countries which require fitted values.

A method of assessing the reliability of the fitted values is to test the Spearman

Correlation, testing the null hypothesis that the fitted series and actual series
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are independent. A high Spearman Correlation implies that the null should be

rejected and so it appears that in most cases the fitted values reflect the actual

values quite well.

C.3 Vanek Prediction Data

In order to calculate the Vanek prediction, I need to calculate the components,

Vi, si and V W .

Vi =
G∑
g=1

Vgi, V W =
N∑
i=1

Vi, si =
GDPi − TSi∑N

i=1 GDPi

(C.2)

So a country’s endowment of emissions in a particular emission type is the sum of

all emissions used in each industry of the country. The world endowment is the

sum of individual country endowments and the share of world GDP is a country’s

GDP less its trade surplus divided by world GDP.

The GDP values are taken from the Penn World Table for 2005. I take

the “PPP Converted GDP per capital (Chain Series), at 2005 constant prices”,

which is a measure of real GDP and multiply it by the 2005 population to get

nominal GDP as required. The trade surplus data is taken from the OECD-

MEI International Trade database. Specifically the data, “International Trade

Balance” is taken as the measure of trade surplus. This approach is consistent

with the literature in this area.
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Appendix D

Factor Content Graphs

Figure D.1: HOV Fit (Differing Technology)—CO
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Figure D.2: HOV Fit (Differing Technology)—SO2
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