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Abstract 

The pollution haven effect reflects the idea that countries with strict environmental policies 

may face the relocation of polluting activities and imports of pollution-intensive products. 

This paper develops a new approach for testing this effect. It adds to the existing literature on 

pollution havens by specifically focusing on imports of intermediates. This is of particular 

interest in view of the rise of offshoring within global value chains over past two decades. 

The estimation strategy consists in including emission intensities as exogenous demand 

shifters in a system of cost share equations for variable input factors among which figure 

imported intermediates. Emissions of three types of air pollutants are analysed: greenhouse 

gases, acidifying gases and tropospheric precursor gases. The results provide evidence of a 

pollution haven effect for emissions of acidifying gases, in particular in footloose industries. 

No such evidence is found for the other types of pollutants. 
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1. Introduction 

Over the last couple of decades, trade liberalisation has progressed and environmental policy 

has become more stringent in many developed countries, in particular regulations of 

emissions of air pollution. These two parallel trends have raised the fear in developed 

countries that, in order to avoid the growing costs of compliance, emission intensive activities 

are increasingly carried out abroad, especially in countries with less stringent environmental 

regulations. The idea that countries with tight environmental regulations may be confronted 

with the relocation of polluting activities as well as imports of pollution-intensive products is 

generally referred to as the pollution haven effect (Taylor, 2005). If there really is a pollution 

haven effect for trade and FDI flows, then this has potentially far-reaching consequences for 

competitiveness in developed countries as well as for trade policy and environmental policy. 

The empirical evidence of a pollution haven effect is rather scarce for trade flows (Tobey, 

1990; Grossman and Krueger, 1993; Harris et al., 2002; Ederington et al., 2003; Cole et al., 

2005; Levinson and Taylor, 2008). One of the main reasons put forward to explain the lack of 

support for the pollution haven effect is that the share of environmental compliance costs in 

total costs is too small to have an impact. However, this argument may be questioned in a 

world where fragmentation of production processes across countries is feasible. Indeed, in 

terms of methodology and period covered, the trade-based empirical literature on the 

pollution haven effect has used a comparative advantage setting to analyse the impact of 

environmental regulations on trade flows for total product categories with data for the 80s and 

early 90s. Hence, it has so far failed to take into account the changing nature of globalisation 

and trade during the last two decades. The foremost feature of this change is that trade in 

intermediates has strongly gained in importance, in particular through the emergence of 

global value chains (GVCs), in which production is fragmented and organised at a multi-

country level (De Backer and Yamano, 2012; Johnson and Noguera, 2012; Timmer et al., 
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2013). The reorganisation of production within GVCs shifts production stages to where they 

can be performed in the most cost efficient way. This leads to offshoring, i.e. the sourcing of 

intermediates from abroad. While this is facilitated by trade liberalisation and falling transport 

costs, it is wage cost and productivity differentials that are generally believed to be the main 

determinants of sourcing decisions. Environmental regulations may also play a role due to the 

associated compliance costs. They may induce the transfer abroad of pollution-intensive 

production stages for which compliance costs represent a sizeable share of total costs. Hence, 

they may foster the sourcing of intermediates from abroad, thereby giving rise to a pollution 

haven effect for imports of intermediates. 

This paper adds to the existing literature by developing a new approach for testing the 

pollution haven effect. It is specifically focused on imports of intermediates. The test is 

embedded in a cost function framework from which a system of cost share equations for 

variable input factors is derived. Within this framework, the demand for imported 

intermediate materials is explicitly modelled. This is essential for getting a grasp of the 

determinants of offshoring and whether pollution havens play a role in this respect. The 

potential determinants of the demand for imported intermediate materials include their own 

price as well as the price of the other input factors. The set of determinants is completed by 

other demand shifters among which industry-level emission intensities for three types of air 

pollutants. Their impact provides evidence on the pollution haven effect, i.e. whether dirty 

industries facing higher compliance costs are induced to source a greater share of intermediate 

materials from abroad. Furthermore, this cost share framework also allows to model 

simultaneous choices of quantities of other input factors such as domestic intermediate 

materials, labour or energy. This is in contrast with the traditional assumption of exogenous 

factor intensities in the industry-level net export estimations in the previous literature 

(Grossman and Krueger, 1993; Ederington et al., 2003). 
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The system of cost share equations is estimated with industry-level data for the Belgian 

manufacturing sector, where Belgium is considered as a typical example of a developed 

country with a relatively strict environmental policy. The data come from a time series of 

constant price supply-and-use tables that have been made consistent with the 2010 vintage of 

the national accounts (Avonds et al., 2012). The period covered is 1995-2007. Two major 

features of these tables are the distinction between domestic and imported intermediates and 

their deflation with separate product-level price indices. The data on industry-level air 

emissions cover three types of pollutants: greenhouse gases, acidifying gases and tropospheric 

precursor gases. 

This paper is organised as follows. Section 2 provides a more detailed overview of the 

pollution haven literature. The empirical model and the estimation strategy are described in 

section 3, while section 4 contains information on data sources as well as descriptive 

statistics. Estimation results are presented in section 5 and section 6 concludes. 

 

2. Relevant empirical literature 

The effect of environmental regulations, the pollution content of economic activities and 

pollution abatement costs on trade flows and location decisions is the subject of a vast and 

still growing literature. In this context, Taylor (2005) distinguishes the pollution haven effect 

(PHE) from the pollution haven hypothesis (PHH). The former arises when tighter 

environmental regulations foster the relocation of dirty activities or increase imports and deter 

exports, while the latter reflects shifts of pollution-intensive industries from countries with 

stringent environmental regulations to countries with lax regulations in response to a fall in 

trade barriers.1 As emphasized in Taylor (2005), empirical tests of the PHH are “hobbled with 

                                                 
1 The PHH is directly derived from theory: in a two-country general equilibrium model à la 

Copeland and Taylor (1994), environmental regulation becomes a determinant of 

comparative advantage when moving from autarky to free trade. 
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data constraints”. Most notably, there is a need for multi-country data on determinants of 

trade or investment flows among which the stringency of environmental regulation. 

Moreover, trade liberalisation must be properly addressed. Hence, it is not surprising that the 

bulk of the empirical pollution haven literature has treated the PHE rather than the PHH. 

A look at trends in the pollution content of trade should provide a first indication of pollution 

haven seeking behaviour. But results in the literature rather show the opposite. Analyses of 

revealed comparative advantage have failed to produce evidence that developed countries 

specialise in clean industries (Grether and de Melo, 2004; Cole et al., 2005). Other 

determinants of specialisation such as capital intensity seem to play a more prominent role 

(Antweiler et al., 2001). By the same token, articles that examine changes in emissions 

embodied in trade do not find a systematic shift towards imports of emission-intensive 

products for developed countries (Ahmad and Wyckoff, 2003; Nakano et al., 2009). 

According to Levinson (2009), the pollution content of US imports even tends to fall over 

time, and, according to Dietzenbacher and Mukhopadhyay (2007), the same holds for the 

emission content of India’s exports. 

A major avenue for testing for a PHE has been to estimate the impact of proxies for the 

stringency of environmental regulations on net exports controlling for other determinants of 

comparative advantage such as factor intensities (physical and human capital), tariff rates and 

proxies for regulatory stringency on issues not related to the environment.2 Multi-country 

analyses based on such a Hekscher-Ohlin (H-O) framework generally fail to find evidence 

                                                 
2 In a related strand of the literature, the pollution haven effect is tested by including a 

measure of the stringency of environmental regulations among the determinants of FDI 

flows. The resulting evidence of a pollution haven effect is mixed. While some US state-

level and industry-level analyses do actually find evidence of a pollution haven effect (List 

and Co, 2000; Keller and Levinson, 2002; Kellenberg, 2009), this is not confirmed by 

firm-level analyses (Smarzynska and Wei, 2001; Manderson and Kneller, 2012). 
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that differences in the stringency of environmental regulations3 between countries affect trade 

flows for dirty industries defined by the share of pollution abatement cost in total cost (Tobey, 

1990; Cole and Elliott, 2003). However, the validity of these results is weakened by the fact 

that they are obtained from cross-section regressions. The results of gravity estimations for 

bilateral trade flows in van Beers and van den Bergh (1997) – also in cross-section –, and 

Harris et al. (2002) and Grether and de Melo (2004) – using panel data – confirm the absence 

of a PHE for dirty industries and also for all industries.4 

The H-O estimation framework has also been applied in analyses trying to identify a PHE 

with detailed industry-level data for the US. In this strand of the literature, it has become 

standard to use pollution abatement costs as a proxy for environmental regulation. The 

pioneering contribution in this respect comes from Grossman and Krueger (1993). It evaluates 

the impact of US environmental regulations on trade between the US and Mexico with regard 

to the possibility of a North American Free Trade Agreement (NAFTA).5 US industry-level 

imports from Mexico as a share of total output in 1988 are regressed on the industry-level 

ratio of pollution abatement cost to value-added, factor intensities and other controls. The 

results reveal no significant impact of abatement costs on the import share. Again, one of the 

main weaknesses of this analysis is the cross-sectional aspect of the estimation. Nonetheless, 

panel data estimations for the US over 1978-1992 with industry and year fixed effects in 

                                                 
3 Mostly, indicators of the stringency of enironmental regulations are constructed based on 

qualitative country-level data on environmental policies as well as cross-country surveys 

(van Beers and van den Bergh, 1997; Cole and Elliott, 2003). Sometimes, other proxies are 

used such as GDP differences (Grether and de Melo, 2004). This is, however, likely to be a 

very noisy proxy when it comes to explaining changes in trade flows. 
4 Note that van Beers and van den Bergh (1997) do actually find a negative impact of home 

country regulations on bilateral exports of all goods, but according to Harris et al. (2002) 

this is essentially due to missing time and country specific effects that cannot be controlled 

for in a cross-section model. 
5 Hence, Grossman and Krueger (1993) really refer to a PHH setting, i.e. whether trade 

liberalisation within NAFTA has the potential of shifting dirty activities from the US to 

Mexico where environmental regulations are weaker. However, in their estimations they 

actually test the PHE. 
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Ederington et al. (2003) still fail to produce evidence of a significant negative impact of 

pollution abatement costs on net exports. It is only when net exports are split by partner 

country that these authors are able to identify a PHE for trade with non-OECD countries.6 

Moreover, net exports of more mobile or footloose industries, i.e. those with lower transport 

and plant fixed costs, appear to be more responsive to abatement cost increases. In a separate 

paper, the same authors take the analysis one step further by including an interaction term 

between effective tariff rates and pollution abatement costs (Ederington et al., 2004). This 

actually comes closer to investigating the PHH. However, the results prove counterintuitive: 

polluting industries are found to be significantly less sensitive to tariff reductions. 

A further argument for why many empirical tests of the PHE have failed is the potential 

endogeneity of the stringency of environmental regulations or its proxy, i.e. pollution 

abatement costs, in net export regressions. Governments may be using environmental policy 

as a substitute for trade policy when trying to protect industries from import competition 

(Ederington and Minier, 2003). Hence, regulatory stringency may be responsive to a rise in 

imports leading to a downward bias in estimations of environmental regulations on net 

exports. Ederington and Minier (2003) address this issue by specifying an equation to model 

pollution abatement costs as a function of net exports and other instruments. Their results 

confirm the predicted downward bias, although they do not test for instrument validity. 

Moreover, even at a given level of regulatory stringency, endogeneity may arise when levels 

of pollution abatement and imports are determined jointly (Levinson and Taylor, 2008). This 

also casts some doubt on how suitable pollution abatement costs are as a proxy for the 

stringency of environmental regulation. In the dirtiest or most regulated industries, plant 

                                                 
6 However, this is not confirmed by a split according to the stringency of environmental 

standards in the partner country. 
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closures and imports may lower pollution abatement costs.7 Again, this would imply a 

downward bias when estimating the impact of pollution abatement costs on net exports. 

However, as emphasized by Cole et al. (2005), finding valid instruments for abatement costs 

has proved difficult as trade affects many industry characteristics. Levinson and Taylor (2004 

and 2008) attempt to tackle this problem by relying on instruments based on polluting 

emissions by industry and state within the US. According to their results for US net exports to 

Mexico and Canada, instrumenting increases the (negative) impact of pollution abatement 

costs in absolute value thereby confirming the predicted downward bias. Using the same 

instruments and controlling for physical and human capital intensities, Cole et al. (2005) 

report corroborating results. 

 

3. Estimation framework 

A distinction between types of traded goods is absent in this literature.8 However, in view of 

the increasing internationalisation of the organisation of production over the last couple of 

decades as well as the related change in the nature of trade with a growing importance of 

intermediates, there is the need to take a closer look at the influence of the pollution content 

of activities on imports of intermediates. In what follows, this is done within a cost function 

framework that allows for modelling cost shares of input factors as a function of relative 

prices, fixed factors, the scale of output and other exogenous demand shifters. This 

framework has been used previously for estimating the impact on domestic employment by 

skill-level of trade (Berman et al; 1994; Morrison and Siegel, 2001) or offshoring defined as 

the share of imported intermediates in total non-energy intermediates (Feenstra and Hanson, 

                                                 
7 This may also be influenced by environmental regulations abroad, which are likely to be 

correlated with both pollution abatement and imports but are generally unobserved in the 

industry-level analyses of the PHE for the US (Levinson and Taylor, 2008). 
8 Only Dean and Lovely (2010) distinguish between types of traded goods. They split 

China’s manufacturing trade into processing trade and other trade and show that the 

pollution intensity of processing trade is lower, but they do not estimate a PHE per se. 
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1999; Hijzen et al., 2005). Kratena (2012) uses this framework to look at whether and how 

energy prices have affected the demand for labour and for imported intermediates. In the 

version of the framework developed here, the cost share imported intermediate materials is 

addressed separately, i.e. total intermediate materials are split into domestic and imported 

intermediates and both are treated as variable input factors as in Falk and Koebel (2002) and 

Kratena (2010). Thereby, the effect of several determinants on the demand for imported 

intermediates can be estimated: the relative price of imported intermediates and other 

domestic variable input factors as well as R&D intensities to proxy for technological change 

and pollution intensities to control for pollution haven seeking behaviour. This comes down to 

testing whether dirty industries attempt to avoid environmental regulations through 

fragmentation and imports of intermediates. 

Define the variable cost function as 

𝐶 = 𝑐(𝑃, 𝑌, 𝑍) (1) 

where P is a vector of variable input prices, Y a vector of output and quasi-fixed factor 

quantities, and Z is a vector of demand shifters. For the model exposed here, a non-

homothetic translog is assumed as functional form.9 The translog function was introduced into 

production theory by Christensen et al. (1971). Berndt (1991) provides a detailed description 

of the translog cost function, which is largely followed here. Take five variable input factors, 

labour (l), energy (e), domestic intermediate materials (d), imported intermediate materials 

(m) and services and other intermediate inputs (s), and consider capital (k) as quasi-fixed. 

Then, the translog cost function can be written as: 

𝑙𝑛𝐶 = 𝑙𝑛𝛽0 + ∑ 𝛽𝑖𝑙𝑛𝑝𝑖

𝑖∈𝐼

+ 𝛽𝑘𝑙𝑛𝑘 + 𝛽𝑦𝑙𝑛𝑦 + ∑ 𝛽𝑞𝑧𝑞

𝑞∈𝑄

 (2) 

                                                 
9 For an example of the use of a different functional form (a generalised Leontief function) 

within the same framework, see Morrison and Siegel (2001). 



10 

 

+
1

2
∑ ∑ 𝛽𝑖𝑗𝑙𝑛𝑝𝑖𝑙𝑛𝑝𝑗 +

𝑗∈𝐼𝑖∈𝐼

1

2
𝛽𝑘𝑘𝑙𝑛𝑘2 +

1

2
𝛽𝑦𝑦𝑙𝑛𝑦2 +

1

2
∑ ∑ 𝛽𝑞𝑟𝑧𝑞𝑧𝑟

𝑟∈𝑄𝑞∈𝑄

 

+ ∑ 𝛽𝑖𝑘𝑙𝑛𝑝𝑖𝑙𝑛𝑘

𝑖∈𝐼

+ ∑ 𝛽𝑖𝑦𝑙𝑛𝑝𝑖𝑙𝑛𝑦

𝑖∈𝐼

+ ∑ ∑ 𝛽𝑖𝑞𝑙𝑛𝑝𝑖𝑧𝑞

𝑞∈𝑄𝑖∈𝐼

 

+𝛽𝑘𝑦𝑙𝑛𝑘𝑙𝑛𝑦 + ∑ 𝛽𝑘𝑞𝑙𝑛𝑘𝑧𝑞

𝑞∈𝑄

+ ∑ 𝛽𝑦𝑞𝑙𝑛𝑦𝑧𝑞

𝑞∈𝑄

 

where I = {l,e,d,m,s} is the set of variable input factors, pi are input prices, y is output and zq 

are the exogenous demand shifters from the set Q. This cost function is defined for each 

industry n and time period t, but these subscripts are omitted at this stage for ease of 

presentation. Although no assumption is made regarding returns to scale (homogeneity with 

respect to output), homogeneity of degree one with respect to input prices is imposed for 

given y, k and zq so as to make sure that a proportional increase in all variable input factor 

prices shifts total variable costs by the same proportion. This implies the following parameter 

restrictions: 

∑ 𝛽𝑖

𝑖∈𝐼

= 1 , ∑ 𝛽𝑖𝑗

𝑖∈𝐼

= ∑ 𝛽𝑗𝑖

𝑖∈𝐼

= ∑ 𝛽𝑖𝑘

𝑖∈𝐼

= ∑ 𝛽𝑖𝑦

𝑖∈𝐼

= ∑ 𝛽𝑖𝑞

𝑖∈𝐼

= 0 (3) 

Moreover, it is standard to impose symmetry conditions such that: 

𝛽𝑖𝑗 = 𝛽𝑗𝑖 , ∀𝑖, 𝑗 ∈ 𝐼 (4) 

According to Shephard’s lemma, the cost minimising demand for any variable input factor i 

(xi) can be obtained by differentiating C with respect to pi. Given the logarithmic form of the 

translog function, this yields an expression for the cost share (θi) of i in total variable cost. 

𝜕𝑙𝑛𝐶

𝜕𝑙𝑛𝑝𝑖
=

𝑝𝑖

𝐶

𝜕𝐶

𝜕𝑝𝑖
=

𝑝𝑖𝑥𝑖

𝐶
= 𝜃𝑖 

𝜃𝑖 = 𝛽𝑖 + ∑ 𝛽𝑖𝑗𝑙𝑛𝑝𝑗 +

𝑗∈𝐼

𝛽𝑖𝑘𝑙𝑛𝑘 + 𝛽𝑖𝑦𝑙𝑛𝑦 + 𝛽𝑖𝑞𝑧𝑞 (5) 

From 𝐶 = ∑ 𝑝𝑖𝑥𝑖𝑖∈𝐼  it follows that ∑ 𝜃𝑖𝑖∈𝐼 = 1. Equation (5) describes a system of cost share 

equations. Given the parameters of interest, it is sufficient to estimate this system rather than 
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the entire cost function. For this purpose, error terms ui are added to the share equations. 

However, as the shares sum to one, the share equations are not linearly independent and the 

system error covariance matrix is singular. This problem is solved by dropping one 

equation.10 The parameters of the dropped equation can be calculated from the homogeneity 

and symmetry restrictions in (3) and (4). 

Finally, industry and time subscripts (n and t) are added and the error term is written as 𝑢𝑖𝑛𝑡 =

𝑣𝑖𝑛 + 𝜀𝑖𝑛𝑡 – with correlation between the 𝑣𝑖𝑛 and the other regressors allowed for – so as to 

introduce time-invariant industry-specific effects. The system of share equations to be 

estimated is then: 

𝜃𝑖𝑛𝑡 = 𝛽𝑖 + ∑ 𝛽𝑖𝑗𝑙𝑛𝑝𝑗𝑛𝑡 +

𝑗∈𝐼

𝛽𝑖𝑘𝑙𝑛𝑘𝑛𝑡 + 𝛽𝑖𝑦𝑙𝑛𝑦𝑛𝑡 + 𝛽𝑖𝑞𝑧𝑞𝑛𝑡 + 𝑣𝑖𝑛 + 𝜀𝑖𝑛𝑡 (6) 

The idiosyncratic error 𝜀𝑖𝑛𝑡 is assumed to be independent across industries. However, 

correlation of the error terms for industries across input share equations is bound to occur and 

must be addressed. This explains why it is more efficient to estimate the entire system rather 

than only the equation of interest, i.e. the cost share equation for imported intermediate 

materials. Moreover, estimation of the system implies that simultaneous choices for all 

variable input factors are explicitly modelled. Cross-equation error correlation is addressed by 

applying Zellner’s seemingly unrelated regression (SUR) estimator, which corresponds to a 

feasible generalised least squares estimator (FGLS) based on a first-step equation by equation 

ordinary least squares estimation of the system to derive an estimate for the error covariance 

matrix. The SUR estimation procedure can be iterated (ISUR) until changes in the parameter 

and error covariance matrix estimates fall below some predefined threshold. Here, a within 

ISUR estimator is used. It is obtained by applying ISUR to time mean centred variables. 

Thereby, time-invariant industry-specific effects are eliminated. 

                                                 
10 The choice is arbitrary but estimation techniques (Zellner’s iterated seemingly unrelated regression 

estimator) can ensure convergence of the results when dropping different equations. 
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Furthermore, for the variable input factor demands, own-price and cross-price elasticities, and 

elasticities with respect to output and the quasi-fixed factor capital can be derived: 

ηii =
βii

θi
⁄ + θi − 1 ,   ∀𝑖 ∈ 𝐼 (7) 

ηij =
βij

θi
⁄ + θj ,   ∀i, j ∈ I and i ≠ j 

(8) 

ηik =
βik

θi
⁄  , ηiy =

βiy

θi
⁄  ,   ∀𝑖 ∈ 𝐼 

(9) 

where time and industry subscripts are again omitted. For the exogenous demand shifters, 

semi-elasticities can be derived in the same way. 

ηiq =
βiq

θi
⁄  ,   ∀𝑖 ∈ 𝐼 𝑎𝑛𝑑 𝑞 ∈ 𝑄 

(10) 

Estimates of these elasticities can be computed using estimated parameters and fitted values 

for the shares. Elasticity estimates then vary across time periods and industries. 

The focus of the analysis is on the elasticities of the demand for imported intermediate 

materials. In that respect, it is worthwhile repeating that, in the specification developed here, 

domestic and imported intermediate materials are considered as distinct variable input factors. 

They may be substitutes, but this need not be the case, i.e. no a priori restriction is imposed on 

their elasticity of substitution. The share of imported intermediate materials in total variable 

cost (θm) comes very close to what has been defined as (materials) offshoring in the literature, 

i.e. the share of imported intermediate materials in total non-energy intermediates. Although 

still referred to as “international outsourcing” at the time, this was pioneered by Feenstra and 

Hanson (1996). In the framework presented above, θm is basically a current price measure of 

materials offshoring for total variable cost. 

In order to test for a PHE for industry-level imports of intermediates, industry-level pollution 

intensities are introduced into the translog cost function as exogenous demand shifters (𝑧𝑞). 

The idea is that more pollution-intensive industries will find it more costly to comply with 
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environmental regulation and that this can to some extent be avoided by sourcing 

intermediates from abroad. Therefore, the empirical strategy developed here consists in 

checking whether more pollution-intensive industries have ceteris paribus higher demand for 

imported intermediate materials. The pollution intensity is proxied by the intensity of air 

emissions and it is treated as an exogenous technological parameter that influences costs of 

compliance with environmental regulations. A positive semi-elasticity with respect to 

pollution intensities may then be considered as evidence in favour of a PHE. 

Finally, the industry-level R&D intensity is added as a further exogenous demand shifter to 

control for technological progress that may alter the variable input factor shares. Hence, 

Q={pollution intensity, R&D intensity}. 

 

4. Data sources and descriptive statistics 

Data on air emissions from the Belgian air emission accounts (AEA) are used to compute 

pollution intensities. The AEA are published by the Federal Planning Bureau (FPB) as an 

environmental satellite account of the national accounts (Janssen and Vandille, 2011). They 

contain industry-level data on emissions of 15 air pollutants listed in Table A1 in the 

Appendix. Three composite indicators can be computed from these data, aggregating air 

emissions according to the type of environmental damage they cause. 

 The greenhouse gas index (tonnes of CO2-equivalents):    

  GHG = 1000*CO2 + 310*N2O + 21*CH4 + PFC + SF6 + HFC 

 The acidification indicator (tonnes of H+-equivalents):    

  ACID = 0.03125 * SO2 + 0.021739 * NOx + 0.058824 * NH3 

 The tropospheric ozone forming potential indicator (tonnes of NMVOC equivalents): 

 TOFP = 1.22 * NOx + NMCOV + 0.11 * CO + 0.014 * CH4 
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Emission intensities are obtained by normalising by output.11 The level of disaggregation of 

the emissions data is 60 NACE Rev. 1.1 2-digit industries. Focusing on the manufacturing 

sector restricts the sample to the 23 industries listed in Appendix Table A2. The period 

covered is limited to the years 1995-2007 in line with the other industry-level data. 

Data on quantities and prices of output and intermediate inputs of materials, energy and 

services12 are taken from supply-and-use tables (SUT) for Belgium. A time series of SUT that 

are all consistent with the 2010 vintage of the national accounts has been assembled at the 

FPB for the period 1995-2007 (Avonds et al., 2012). At the most detailed level of 

disaggregation, the tables cover approximately 120 industries and 320 product categories. For 

the purpose of the present analysis, they have been aggregated to 60 industries (NACE Rev. 

1.1 2-digit). As pointed out above, the analysis is then narrowed down to 23 manufacturing 

industries. 

For the model presented above, separate quantity and price data for domestic and imported 

intermediate materials are required. These are indeed available from the SUT dataset. On the 

one hand, the use table is split into a use table for domestic output and a use table for imports 

for each year. Use tables for imports are constructed based on the methodology described in 

Van den Cruyce (2004) for the reference years 1995, 2000 and 2005. This method makes use 

of cross-tabulated import data by firm and product to identify intermediates that have been 

imported. For non-reference years, use tables for imports are obtained through interpolation of 

reference year shares of imported intermediates by industry and product and a balancing 

procedure that ensures that total imports by product category are respected. On the other hand, 

separate price indices for domestic output and imports for each product category are used to 

                                                 
11 Normalisation by value-added for the emission intensities has been tested but did not 

change the estimation results. 
12 This category lumps together service inputs and other intermediate inputs not accounted 

for by materials and energy, e.g. agricultural products. As it is largely dominated by the 

former and for the sake of brevity, this category is referred to in short as services. 
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deflate the SUT row-wise. This means that use tables for domestic output and imports are 

deflated separately with specific price indices. The base year is 2005. Based on the use tables 

in current prices and the ones in prices of the year 2005, industry-level price indices for 

intermediate inputs have been calculated. 

Data on labour cost by industry is also directly available from the SUT, while industry-level 

data on hours worked, i.e. quantities of labour input, are taken from the national accounts. 

Industry-level wage rates are derived from these two series. Capital stock data are calculated 

from detailed investment data by product and industry produced by the National Bank of 

Belgium. The methodology of this capital stock calculation is discussed in Michel (2011). 

The product-level disaggregation makes it possible to split the capital stock into ICT and non-

ICT capital. Moreover, R&D-intensities at the industry-level are obtained by dividing R&D-

stocks by output. R&D stocks are calculated using industry-level data on R&D expenditure 

from the Belgian Science Policy (Biatour, Dumont and Kegels, 2011). An overview of the 

data sources is given in Appendix Table A3. 

Table 1 reports summary statistics for annual average cost shares. In 2007, spending on 

imported intermediate materials represented 35% of total variable cost, which was the biggest 

share followed by services, labour and domestic intermediate materials. The cost share of 

energy amounted to only 6%, but it was the one that had grown fastest on average over the 

period 1995-2007. The shares of services and of imported intermediate materials in total 

variable cost were also on the rise, while the shares of labour and domestic intermediate 

materials declined. 

[Insert Table 1 here] 

The box plot in Graph 1 gives a flavour of the cross-industry variation in the cost share of 

imported intermediate materials (θm) for the years 1995, 2002 and 2007. The industries with 

the largest average θm are motor vehicles (34), basic metals (27) and radio, television and 
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communications equipment (32). The increase in the average θm for all industries documented 

in Table 1 can also be read from Graph 1. It largely corresponds to the rise in offshoring 

measured by the share of imported intermediate materials in total non-energy intermediates 

reported in Hertveldt and Michel (2012).13 

[Insert Graph 1 here] 

Production in the Belgian manufacturing sector has become cleaner since the mid-90’s. 

Indeed, emission intensities are downward trending over the sample period for all three 

composite indicators as illustrated by the falling median values in the box plots in Graph 2. 

The same downward trend is observed for other developed economies (Arto et al., 2012). This 

can be at least partly attributed to emissions reducing technological progress and is captured 

through the inclusion of a linear time trend in the estimated equations. The box plots also give 

an idea of the variation in emission intensities across industries. Values outside the interval of 

the adjacent values are not shown as separate data points in the box plots so as to avoid a 

scaling of the graphs that conveys the impression that there is only little variation in the 

emission intensities across industries.14 This graphical ‘winsorising’ of outliers mainly 

concerns the manufacture of other non-metallic mineral products (26) and basic metals (27), 

which have by far the highest emission intensity for all three indicators for all years. 

[Insert Graph 2 here] 

5. Results 

The interpretation of the results is focused on the elasticities of the demand for the five 

variable input factors. The estimation of these elasticities comprises two steps. First, the 

system of cost share equations in (6) is estimated by within ISUR dropping one equation.15 

Coefficient estimates and standard errors for the entire system are reported in Appendix Table 

                                                 
13 This is also calculated with SUT data but at a more detailed industry breakdown. 
14 This does not alter the form of the box plots. 
15 Recall that ISUR ensures convergence of the results whatever the equation that is dropped. 
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A5. An issue to be addressed in this respect is heteroskedasticity. The standard ISUR 

estimator provides an efficient solution for error correlation across equations, but imposes 

homoskedasticity for the idiosyncratic error term. As suggested in Cameron and Trivedi 

(2010, p.166), bootstrapping can be used to obtain heteroskedasticity-robust standard errors in 

ISUR estimations. Here, bootstrapping implies resampling over industries. Then, the residual 

variance differs between industries, while independence across industries is maintained. The 

standard errors reported in Appendix Table A5 are heteroskedasticity-robust through 

bootstrapping. 

Second, estimates of the elasticities or semi-elasticities with respect to prices, output, the 

capital stock and exogenous demand shifters are obtained from the identities (7)-(10). For this 

purpose the model coefficients (the β’s) are replaced by their sample estimates and the cost 

shares (the θi’s) are replaced by their fitted values. However, elasticity estimates are different 

for each industry-year combination. For ease of interpretation, Tables 2 and 3 present 

estimated elasticities based on average fitted cost shares for the last year in the sample, i.e. 

2007. The standard errors for these elasticities are obtained through the delta method, which 

allows to approximate standard errors for non-linear combinations of coefficient estimates. 

Several checks ought to be performed on the estimated translog cost function (Berndt, 1991, 

p.476). First, for it to be monotonically increasing, the fitted cost shares should all be positive. 

This is indeed the case for the annual averages. Second, for it to be strictly quasi-concave, the 

matrix of second-order derivatives with respect to the variable input factor prices – which 

correspond to the elasticities of substitution between these input factors – should be negative 

semi-definite at each observation. A matrix is negative semi-definite if its principal minors are 

of alternating sign starting with a negative first order principal minor. This is highly unlikely 

to be true for each observation, i.e. industry-year combination. In the shortcut verification 

using average cross-industry elasticities of substitution for 2007, the fourth order principal 
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minor turns out negative, which means that strict quasi-concavity is likely not given for all 

observations. Third, parameter restrictions in (3) allow for the derivation of an additivity 

condition for the own-price and cross-price elasticities in (7) and (8): ∑ 𝜂𝑖𝑗𝑗∈𝐼 = 0. This 

provides a useful check for the validity of the calculated elasticities and it is easy to see that 

this is indeed true for the elasticities reported in Table 2. 

[Insert Table 2 here] 

The own-price elasticities in Table 2, i.e. the elements on the diagonal, are all negative, which 

is consistent with theory, and they are all smaller than 1 in absolute value. Moreover, the 

own-price elasticities for labour, energy and imported intermediate materials are significant at 

the 1%-level, and the highest (own-price) elasticity is observed for the latter. The price of 

services and domestic intermediate materials does not significantly influence demand for 

these variable input factors. Regarding cross-price elasticities, an increase in the price of 

imported intermediate materials entails a significant rise in the demand for all other variable 

input factors except services. This suggests a rise in domestic production when shifting 

production stages abroad becomes more expensive. Regarding the demand for imported 

intermediate materials, it is noteworthy that domestic and imported intermediate materials are 

substitutes. This corresponds to the expected relationship between domestic factor prices and 

offshoring. Furthermore, higher wage rates and energy prices also significantly contribute to 

raising demand for imported intermediate materials. Finally, results in Table 3 show that 

output growth significantly fosters demand for imported intermediate materials, while more 

ICT capital significantly reduces this demand. The elasticities of xm with respect to non-ICT 

capital and the R&D-intensity are not significant. 

[Insert Table 3 here] 

The main elasticities of interest for detecting a PHE are the semi-elasticities of the demand for 

imported intermediate materials with respect to the emission intensities. They are reported in 
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the bottom three columns of Table 3. Note that in this baseline specification emission 

intensities are lagged one period so as to avoid contemporaneous feedback from choices 

regarding variable input factors on emission intensities.16 A positive semi-elasticity is 

evidence of a PHE. Results differ between the three composite indicators. The semi-elasticity 

is positive significant for ACID, positive but not significant for GHG, and negative non-

significant for TOFP. Hence, there is some evidence for a PHE for intermediate materials 

based on emissions of acidifying gases. According to these estimates, industries with a higher 

emission intensity for ACID have ceteris paribus greater demand for imported intermediate 

materials, i.e. on average, they source more materials from abroad. However, this is not the 

case for elasticity estimates for the other two emission intensities (GHG and TOFP), which 

are not significant. 

[Insert Table 4 here] 

The PHE results are robust to several sensitivity checks. First, given the relatively high 

correlation between emission intensities for the three types of air emissions, separate 

estimations have been run, which include each only one of the three emission intensities. The 

results do not change in any substantial way.17 Second, the time trend can be replaced by year 

fixed effects, i.e. the linearity assumption can be released. Results for this robustness check 

are presented in the first column of Table 4. For the sake of brevity, only the semi-elasticities 

of xm with respect to the emission intensities are reported.18 The results are similar to those 

with a time trend, only the elasticity of xm with respect to the GHG emission intensity changes 

sign but remains non-significant. Third, the descriptive data analysis in the previous section 

led to the identification of the industry of other non-metallic mineral products (26) as the 

                                                 
16 Estimating the system with contemporaneous emission intensitiesdoes not alter the results 

significantly. These results are not reported here but are available from the author. 
17 The results are not reported here but are available on request. 
18 There are only minor changes in the elasticities that are not reported in Table 4. The full 

estimation results for these robustness checks are available on request. 
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main outlier in terms of emission intensities for all three composite indicators. Re-estimating 

the initial specification excluding observations for industry 26 allows to check whether the 

significant positive semi-elasticity for ACID is driven by this industry. Column 2 of Table 4 

shows that the semi-elasticity actually increases when dropping industry 26. 

Furthermore, Table 4 also contains results for a test of the PHE when distinguishing between 

geographically mobile and other industries (column 3). Previously, Ederington et al. (2005) 

and Kellenberg (2009) found stronger evidence for a PHE in so-called ‘footloose’ industries, 

defining such industries as less capital intensive or with lower fixed costs relative to output 

and thereby more geographically mobile. Following this same approach, the footloose dummy 

variable created for this test is equal to one for industries with a value of capital stock per unit 

of output that is below the sample median. Regarding descriptive statistics, ‘footloose’ 

industries have on average a higher cost share of imported intermediate materials, however 

growth in this share is slower than for other industries. Trends in emission intensities are 

comparable in the two sub-samples. Including interaction effects between the ‘footloose’ 

dummy variable and emission intensities into the estimation framework yields semi-

elasticities for both categories of industries. The results in column 3 of Table 4 reveal that the 

PHE for ACID is essentially driven by footloose industries. There is no evidence of a PHE for 

GHG or TOFP for either type of industry. 

Finally, the potential endogeneity of several explanatory variables in the system deserves to 

be addressed. This primarily concerns the factor prices in the cost share equations. Moreover, 

in line with the discussion in the prior literature on the endogeneity of pollution abatement 

cost measures in net export equations (Cole et al., 2005; Levinson and Taylor, 2008), it seems 

worthwhile to attempt to account for the endogeneity of the pollution intensities in the system 

specified above. Given the above-mentioned difficulty of finding valid industry-level 

instruments, the endogeneity of both factor prices and pollution intensities is addressed by 
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using one and two period lags of these variables as instruments. The system of cost share 

equations is then estimated by robust two-stage generalised method of moments (GMM). 

Coefficient estimates and standard errors for the entire system are reported in Table A6 in the 

Appendix.19 

[Insert Table 5 here] 

Estimates of cross-industry average elasticities and semi-elasticities with respect to prices, 

output, capital and the exogenous demand shifters for the year 2007 are shown in Tables 5 

and 6.20 The results for the own-price and cross-price elasticities in Table 5 confirm the 

conclusions drawn from the ISUR estimation results. The demand for imported intermediate 

materials falls significantly with the price of imported materials and rises significantly with 

the price of labour, energy and domestic materials. Moreover, the previous results for the 

exogenous demand shifters are also confirmed, most notably the positive significant semi-

elasticity of the demand for imported intermediate materials with respect to the emission 

intensity for acidifying gases. As before, the elasticities with respect to greenhouse gas and 

tropospheric precursor gas emission intensities are not significant. 

[Insert Table 6 here] 

Environmental policy provides some guidance as regards the interpretation of the difference 

in the PHE results for the different types of emissions, i.e. significant positive for ACID and 

not significant for the other emission indicators, in particular GHG. The air pollutants 

contained in ACID (SO2, NOX and NH3) are to a large extent associated with air quality. In 

this field, longstanding policy action has significantly contributed to reductions in emissions 

and the improvement of air quality (EEA, 2012, p.65). This policy action has encompassed 

both stringent regulations and enforcement. Things are different for GHG. Although 

                                                 
19 Note that the GMM estimation is not iterated and that results are obtained dropping the cost share 

equation for services. 
20 The results for the monotonicity and curvature tests for the GMM estimation are comparable to 

those for the ISUR estimation. 
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regulations on GHG emissions are stringent on paper, enforcement has remained lax. As 

emphasized in Kozluk (2011), practically all Belgian ETS emission permits are 

grandfathered, i.e. granted for free based on historical emissions. Given this difference in 

enforcement, it appears as natural that the emission intensity for ACID plays a role in 

offshoring decisions, whereas for GHG it does not. This result confirms the importance of 

enforcement for the PHE as highlighted in Kellenberg (2009). 

 

6. Conclusions 

Developments in information and communication technologies and trade liberalisation have 

contributed, over the last couple of decades, to deeply modifying the nature of international 

trade by facilitating the growing cross-border fragmentation of production processes as well 

as the rise of offshoring. The latter consists in an increase of the sourcing of intermediates 

from abroad reflected in a growing share of intermediates that are imported. This article adds 

to the existing literature by looking at the pollution haven effect in this context. In practice, it 

has been explored whether the pollution content of activities is a determinant of offshoring. 

For this purpose, the estimation strategy consists in including emission intensities as 

exogenous demand shifters in a system of cost share equations for variable input factors. The 

system is derived from a translog cost function with imported intermediates as one of the 

variable input factors. This approach basically comes down to estimating a pollution haven 

effect for imports of intermediates. The focus on imports of intermediates in an input demand 

framework is new with respect to previous trade-based empirical analyses of the pollution 

haven effect, which have generally looked at total net trade flows in a comparative advantage 

setting. 

According to the estimation results, there is some evidence that footloose industries have fled 

the stricter enforcement of environmental regulations regarding emissions of acidifying gases 
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(SO2, NOX and NH3), which are linked to air quality. They do so through offshoring, i.e. by 

fragmenting production processes and by sourcing intermediates from abroad. There is no 

evidence in the results of such a pollution haven effect for emissions of tropospheric precursor 

gases and in particular of greenhouse gases. Regarding the latter, despite stringent regulations, 

enforcement appears to be less strict and hence does not seem to influence offshoring. 

These findings call for further research on the pollution haven effect for imported 

intermediates. The framework that has been developed here should be extended provided 

appropriate data become available. On the one hand, it should include other pollutants than air 

emissions so as to test for the influence of other environmental policies. On the other hand, a 

split of imports of intermediate materials according to the country of origin could shed some 

light on whether the pollution haven effect is stronger for intermediate materials sourced from 

countries with less stringent environmental regulations. This depends on the availability of 

data on prices of imported intermediates by country of origin. Finally, applying this test in a 

multi-country framework would allow for checking the validity of the results for Belgium that 

are presented here. 
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Graph 1 – Cost share of imported intermediate materials (θi) by industry 
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Graph 2 – Emission intensities for three composite air emission indicators (ghgy, acidy, tofpy) by industry 
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Table 1 – Summary statistics for cost shares (means across industries), 1995-2007 

 θl θe θd θm θs sum 

Year = 1995 0.274 0.041 0.217 0.292 0.175 1.000 

Year = 2007 0.212 0.056 0.173 0.345 0.214 1.000 

Absolute change -0.063 0.014 -0.044 0.053 0.039 0.000 

Average growth rate -0.021 0.025 -0.019 0.014 0.017  
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Table 2 – Own-price and cross-price elasticities for variable input factors, cross-industry average for 2007 

based on ISUR estimation 

 xl xe xd xm xs 

pl -0.548*** -0.564*** 0.122* 0.148** 0.345*** 

 (0.0672) (0.114) (0.0713) (0.0620) (0.0838) 

pe -0.163*** -0.762*** 0.113* 0.148*** 0.0526 

 (0.0343) (0.174) (0.0619) (0.0356) (0.0640) 

pd 0.0994* 0.317* -0.254 0.385*** -0.542*** 

 (0.0574) (0.170) (0.208) (0.116) (0.160) 

pm 0.234** 0.810*** 0.747*** -0.842*** 0.232 

 (0.0957) (0.190) (0.229) (0.158) (0.206) 

ps 0.378*** 0.199 -0.729*** 0.161 -0.0885 

 (0.0906) (0.243) (0.212) (0.144) (0.292) 

Based on parameter estimates in Appendix Table A5; heteroskedasticity-robust standard errors in parentheses 

Significance levels: * p<0.1, ** p<0.05, *** p<0.01. 
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Table 3 – Elasticities and semi-elasticities for variable input factors with respect to output, capital, R&D 

intensity and emission intensities, cross-industry average for 2007 based on ISUR estimation 

 xl xe xd xm xs 

y -0.390*** -0.0860 0.0756 0.464*** -0.347*** 

 (0.0648) (0.100) (0.197) (0.0767) (0.134) 

kict 0.0142 -0.117 0.192* -0.161*** 0.108 

 (0.0415) (0.0779) (0.0991) (0.0581) (0.0777) 

knonict 0.130 0.295* 0.0931 -0.197 0.0194 

 (0.0921) (0.177) (0.226) (0.126) (0.172) 

rdy 0.724*** 0.0642 0.989** -0.0638 -1.323*** 

 (0.192) (0.274) (0.472) (0.205) (0.434) 

ghgy 0.847*** 1.443** -0.633* 0.101 -0.831** 

 (0.154) (0.582) (0.331) (0.220) (0.346) 

acidy 0.177* -0.875** -0.346* 0.284* -0.0833 

 (0.0959) (0.401) (0.209) (0.161) (0.186) 

tofpy -0.0399 -0.0265 0.0577 -0.0269 0.0394 

 (0.0252) (0.0608) (0.0683) (0.0342) (0.0546) 

Based on parameter estimates in Appendix Table A5; heteroskedasticity-robust standard errors in parentheses 

Significance levels: * p<0.1, ** p<0.05, *** p<0.01. 
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Table 4 – Robustness checks: semi-elasticities for the demand for import intermediate materials with 

respect to emission intensities, cross-industry average for 2007 

 year fixed effects dropping industry 26 footloose industries 

ghgy -0.207 0.207 0.763** 

 (0.183) (0.270) (0.353) 

acidy 0.281** 0.438** -0.143 

 (0.141) (0.209) (0.150) 

tofpy -0.0018 -0.0382 -0.0365 

 (0.0314) (0.0347) (0.0310) 

footloose*ghgy   -0.612 

   (0.383) 

footloose*acidy   1.062*** 

   (0.303) 

footloose*tofpy   -0.0457 

   (0.0975) 

Bootstrapped heteroskedasticity-robust standard errors in parentheses 

Significance levels: * p<0.1, ** p<0.05, *** p<0.01. 
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Table 5 – Own-price and cross-price elasticities for variable input factors, cross-industry average for 2007 

based on robust two-step GMM estimation 

 xl xe xd xm xs 

pl -0.601*** -0.705*** 0.250* 0.276*** 0.176 

 (0.0776) (0.226) (0.130) (0.0916) (0.145) 

pe -0.199*** -1.021*** -0.0140 0.243*** 0.124 

 (0.0580) (0.290) (0.109) (0.0919) (0.115) 

pd 0.197* -0.0390 -0.490 0.588*** -0.694** 

 (0.106) (0.306) (0.304) (0.199) (0.310) 

pm 0.425*** 1.321*** 1.146*** -0.977*** -0.197 

 (0.143) (0.469) (0.376) (0.350) (0.389) 

ps 0.179 0.444 -0.892** -0.130 0.592 

 (0.150) (0.406) (0.398) (0.255) (0.425) 

Based on parameter estimates in Appendix Table A6; robust standard errors in parentheses 

Significance levels: * p<0.1, ** p<0.05, *** p<0.01. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



37 

Table 6 – Elasticities and semi-elasticities for variable input factors with respect to output, capital, R&D 

intensity and emission intensities, cross-industry average for 2007 based on robust two-step 

GMM estimation 

 xl xe xd xm xs 

y 0.0155 -0.118 0.161* -0.174*** 0.156** 

 (0.0378) (0.0965) (0.0906) (0.0556) (0.0762) 

kict 0.0155 -0.118 0.161* -0.174*** 0.156** 

 (0.0378) (0.0965) (0.0906) (0.0556) (0.0762) 

knonict 0.0353 -0.00560 0.0784 -0.190 0.193 

 (0.0882) (0.217) (0.229) (0.118) (0.166) 

rdy 0.620*** 0.208 0.807** -0.233 -0.944** 

 (0.171) (0.332) (0.394) (0.230) (0.453) 

ghgy 1.515*** 1.799** -0.449 0.221 -1.980*** 

 (0.221) (0.808) (0.547) (0.459) (0.723) 

acidy 0.606** -0.723 -0.915 0.587* -0.574 

 (0.249) (0.671) (0.638) (0.324) (0.613) 

tofpy -0.0495 -0.0167 0.116 -0.0462 0.0330 

 (0.0399) (0.110) (0.0925) (0.0511) (0.0849) 

Based on parameter estimates in Appendix Table A6;-robust standard errors in parentheses 

Significance levels: * p<0.1, ** p<0.05, *** p<0.01. 
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Appendix 

Table A1 – Types of air emissions in the Belgian AEA 

Name Symbol Unit (evaluation) 

Methane CH4 Tonnes 

Nitrous oxide N2O Tonnes 

Nitrogen oxides NOx Tonnes (NO2 equivalent) 

Carbon monoxide CO Tonnes 

Carbon dioxide CO2 Thousands of tonnes 

Sulphur oxydes SOx Tonnes (SO2 equivalent) 

Ammonia  NH3 Tonnes 

Non-Methane Volatile Organic Compounds NMVOC Tonnes 

Particulate matter PM2.5 et PM10 Tonnes (mass equivalent of filter measurements) 

Hydrofluorocarbons HFC Tonnes (CO2 equivalent) 

Perfluorocarbons PFCs Tonnes (CO2 equivalent) 

Sulphur hexafluoride SF6 Tonnes (CO2 equivalent) 

Chlorofluorocarbons CFC Tonnes (CO2 equivalent) 

Hydrochlorofluorocarbons  HCFC Tonnes (CO2 equivalent) 

Source: Janssen and Vandille (2011) 
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Table A2 – List of NACE Rev.1.1 2-digit manufacturing industries 

Code Description 

15 Manufacture of food products and beverages 

16 Manufacture of tobacco products 

17 Manufacture of textiles 

18 Manufacture of wearing apparel; dressing and dyeing of fur 

19 Tanning and dressing of leather; manufacture of luggage, handbags, and footwear 

20 Manufacture of wood and of products of wood and cork, except furniture 

21 Manufacture of pulp, paper and paper products 

22 Publishing, printing and reproduction of recorded media 

23 Manufacture of coke, refined petroleum products and nuclear fuel 

24 Manufacture of chemicals and chemical products 

25 Manufacture of rubber and plastic products 

26 Manufacture of other non-metallic mineral products 

27 Manufacture of basic metals 

28 Manufacture of fabricated metal products, except machinery and equipment 

29 Manufacture of machinery and equipment n.e.c. 

30 Manufacture of office machinery and computers 

31 Manufacture of electrical machinery and apparatus n.e.c. 

32 Manufacture of radio, television and communication equipment and apparatus 

33 Manufacture of medical, precision and optical instruments, watches and clocks 

34 Manufacture of motor vehicles, trailers and semi-trailers 

35 Manufacture of other transport equipment 

36 Manufacture of furniture; manufacturing n.e.c. 

37 Recycling  
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Table A3 – Summary of data sources 

Variable Name Data source References 

y, e, d, m, s Output, intermediate inputs (+ 

labour compensation) 

Harmonised SUT (FPB1) Avonds et al. (2012) 

k Capital stock (ICT and non-ICT) Based on detailed investment data 

from NBB2 

Michel (2011) 

l Labour (hours worked) National accounts data  

ghg, acid, tofp Polluting air emissions Air emission accounts Janssen and Vandille (2011) 

rd R&D stock Based on R&D expenditure data from 

BSP3 

Biatour, Dumont and Kegels (2011) 

Remarks:  1 Federal Planning Bureau, 2 National Bank of Belgium, 3 Belgian Science Policy (belspo) 
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Table A4 – Summary statistics 

Variable Obs Mean Std.Dev. Min Max 

θl 299 0.239 0.077 0.018 0.415 

θe 299 0.052 0.123 0.000 0.708 

θd 299 0.181 0.068 0.019 0.403 

θm 299 0.314 0.111 0.067 0.648 

θs 299 0.215 0.100 0.056 0.545 

lnpl 299 -10.440 0.307 -10.960 -9.094 

lnpe 299 -0.104 0.201 -1.038 0.474 

lnpd 299 -0.044 0.179 -0.947 0.596 

lnpm 299 0.003 0.146 -0.702 0.336 

lnps 299 -0.038 0.132 -0.611 0.396 

lny 299 8.301 1.338 4.816 10.450 

lnkict 299 4.992 1.174 2.188 7.388 

lnknonict 299 7.522 1.532 2.679 9.862 

rdy 299 0.133 0.216 0.002 0.985 
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Table A5 – Within ISUR estimation results for the system of cost shares in equation (6) 

 θl θe θd θm θs 

lnpl 0.051*** -0.047*** -0.015 -0.020 0.031 

 (0.014) (0.007) (0.012) (0.020) (0.019) 

lnpe -0.047*** 0.011 0.009 0.029** -0.002 

 (0.007) (0.010) (0.010) (0.012) (0.015) 

lnpd -0.015 0.009 0.098*** 0.071* -0.163*** 

 (0.012) (0.010) (0.036) (0.039) (0.036) 

lnpm -0.020 0.029** 0.071* -0.057 -0.023 

 (0.020) (0.012) (0.039) (0.052) (0.047) 

lnps 0.031 -0.002 -0.163*** -0.023 0.156** 

 (0.019) (0.015) (0.036) (0.047) (0.066) 

lny -0.082*** -0.005 0.013 0.153*** -0.079*** 

 (0.014) (0.006) (0.034) (0.026) (0.030) 

lnkict 0.003 -0.007 0.033** -0.053*** 0.025 

 (0.009) (0.005) (0.017) (0.020) (0.018) 

lnknonict 0.027 0.018 0.016 -0.065 0.004 

 (0.019) (0.011) (0.039) (0.041) (0.039) 

rdy 0.152*** 0.004 0.168** -0.021 -0.303*** 

 (0.041) (0.017) (0.081) (0.068) (0.097) 

ghgy 0.177*** 0.087** -0.108* 0.033 -0.190** 

 (0.032) (0.036) (0.056) (0.073) (0.078) 

acidy 0.037* -0.053** -0.059* 0.094* -0.019 

 (0.020) (0.025) (0.035) (0.053) (0.043) 

tofpy -0.008 -0.002 0.010 -0.009 0.009 

 (0.005) (0.004) (0.012) (0.011) (0.013) 

t -0.003*** 0.000 -0.004*** 0.002 0.004*** 

 (0.001) (0.000) (0.001) (0.001) (0.001) 

cons 1.188*** -0.496*** -0.341 -0.433 1.083*** 

 (0.207) (0.135) (0.264) (0.467) (0.372) 

N 286 286 286 286 286 

R2 0.685 0.394 0.207 0.295 0.247 

Bootstrap heteroskedasticity-robust standard errors in parentheses (100 replications, seed = 10101) 

Significance levels: * p<0.1, ** p<0.05, *** p<0.01. 
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Table A6 – Two step robust GMM estimation results for the system of cost shares in equation (6) 

 θl θe θd θm 

lnpl - lnps 0.042*** -0.063*** 0.002 0.009 

 (0.015) (0.010) (0.021) (0.026) 

lnpe - lnps -0.063*** -0.020 -0.001 0.070* 

 (0.010) (0.022) (0.019) (0.036) 

lnpd - lnps 0.002 -0.001 0.097* 0.089 

 (0.021) (0.019) (0.059) (0.057) 

lnpm - lnps 0.009 0.070* 0.089 -0.150 

 (0.026) (0.036) (0.057) (0.106) 

lny -0.075*** 0.000 0.022 0.157*** 

 (0.011) (0.009) (0.022) (0.024) 

lnkict 0.004 -0.009 0.033** -0.057*** 

 (0.008) (0.006) (0.016) (0.018) 

lnknonict 0.015 0.007 0.035 -0.080* 

 (0.020) (0.015) (0.040) (0.044) 

rdy 0.154*** 0.001 0.172** -0.036 

 (0.039) (0.028) (0.076) (0.086) 

ghgy 0.297*** 0.149*** -0.094 -0.010 

 (0.064) (0.057) (0.128) (0.169) 

acidy 0.095 -0.063 -0.246** 0.203 

 (0.060) (0.048) (0.116) (0.125) 

tofpy -0.008 0.005 0.016 -0.023 

 (0.010) (0.007) (0.020) (0.021) 

t -0.000 0.003 -0.005* -0.000 

 (0.001) (0.002) (0.003) (0.004) 

cons 1.069*** -0.658*** -0.355 -0.013 

 (0.201) (0.144) (0.337) (0.405) 

Robust two-step GMM-estimation with one and two period lags of the endogenous variables as instruments; endogenous variables: lnpl, lnpe, 

lnpd, lnpi, lnps, ghgy, acidy, tofpy; N=253; robust standard errors in parentheses; test of overidentifying restrictions: Hansen’s J-stat [χ2(30)] = 

30.7492, p-value = 0.4278. 

Significance levels: * p<0.1, ** p<0.05, *** p<0.01. 

 


