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Executive Summary 
 

A. Overview of the research and motivation 

The INNOPATHS project aims to provide a fully-fledged assessment of the technology, 

policy, energy and socio-economic impacts of decarbonisation strategies for the EU. In this 

context, the deliverable D4.1 aims to provide a comprehensive analysis of the activity growth, 

employment, trade and competitiveness effects of current and future European energy and 

climate policy measures. This deliverable presents a series of research papers which provide 

insights on the socio-economic impacts of climate policies towards the transformation of the 

European Union (EU) economy in line with the EU Green Deal and the long-term strategy for 

climate neutrality by mid-century. The analysis is not limited to the long-term developments, 

but also considers the mid-term developments (up to 2030) that need to take place to pave the 

way towards the restructuring of the European economy towards decarbonisation. In addition, 

the analysis explores the socio-economic impacts of past and current energy and climate 

policies, in particular related to the impacts on employment, skills, trade, carbon leakage and 

embodied emissions. Finally, the research papers present new methodological improvements 

developed in the task 4.1, both related to advanced econometric and statistical techniques as 

well as beyond the state-of-the-art modelling enhancements in the macro-economic GEM-E3 

model which allow an improved representation of energy system transformation, climate policy 

instruments, financial sector and endogenous technology progress induced by innovation. 

 

Within the research activities of this task, the participating teams developed new 

modelling capabilities in the General Equilibrium framework of GEM-E3 in order to improve 

the representation of low-carbon innovation combined with an enriched simulation of clean 

energy manufacturing and trade, financial sector and detailed energy system representation. In 

addition, advanced econometric and statistical methods are used by partners SPO, CMCC and 

UCAM to analyse the impacts of existing energy and climate policies on employment (focusing 

on energy-intensive manufacturing activities), labour skills requirements, carbon leakage and 

embodied emissions in trade flows. As the COVID-19 pandemic has tremendous impacts on 

the European economy and society, some research studies focus on assessing the employment, 

skills, wages and distributional impacts of the pandemic, but also exploring the Green stimulus 

in a post-pandemic recovery and the role of skills for a resilient recovery. 

 

The methodological advancements and model enhancements allowed the teams to delve 

into key research questions related to the socio-economic impacts of the transition to a low-

carbon and climate neutral economy by mid-century. The focus of the research activities lies 

on the following dimensions: 

• Assessing the role of skills for a resilient recovery after the pandemic. As 

nations struggle to restart their economies after COVID-19 lockdowns, calls to 

include green investments in a pandemic-related stimulus are growing. Yet little 

research provides evidence of the effectiveness of a green stimulus. In this 

study, SPO summarizes recent research on the effectiveness of the green portion 

of the 2009 American Recovery and Reinvestment Act on employment growth. 

Green investments are most effective in communities whose workers have the 

appropriate “green” skills. The analysis also provides new evidence on the skills 

requirements of both green and brown occupations, as well as from occupations 



 

 

at risk of job losses due to COVID-19, to illustrate which workers are most 

likely to benefit from a pandemic-related green stimulus. SPO finds similarities 

in the skill set required in brown and green occupations. Moreover, it provides 

suggestive evidence on the potential for job training programs to help ease the 

transition to a green economy, facilitating the reemployment of workers more 

likely to be displaced by automation and the Covid-19 pandemic into green 

occupations. 

• Analysing the Employment Impact of Green Fiscal Push based on evidence 

from the American Recovery and Reinvestment Act. In this study SPO 

provides the first comprehensive and rigorous empirical evaluation of the labour 

market effects of the green part of the American Recovery and Reinvestment 

Act (ARRA) using state-of-the-art econometric techniques to evaluate the local 

impact of government spending. Each $1 million of green ARRA created 15 

new jobs that emerged especially in the post-ARRA period (2013-2017). The 

analysis shows little evidence of significant short-run employment gains in 

excess of the pre-crisis pattern, but long-term gains appear substantial. 

Moreover, Green ARRA creates more jobs in commuting zones with a greater 

prevalence of pre-existing green skills. Finally, the assessment shows that nearly 

half of the jobs created by green ARRA investments were in construction or 

waste management. Nearly all jobs created are manual labour positions, but with 

limited impacts on manual labour wages. Interesting, another INNOPATHS 

paper of the SPO team (Marin and Vona, 2019) finds that energy prices, and 

thus carbon prices, are slightly biased against unskilled manual workers. This 

research suggests that combining a carbon tax with a green fiscal push may not 

only minimize the adverse impact of the low-carbon transition for unskilled 

workers, but also create new opportunities in green manual occupations. 

• Quantifying the impacts of Energy Prices on Socioeconomic and 

Environmental Performance of manufacturing. As the implementation of 

carbon pricing schemes has large impacts on energy prices and competitiveness 

of industrial firms, the research study evaluates the influence of energy prices 

on socioeconomic and environmental performance of French manufacturing 

establishments in the period 1997-2015. Based on rigorous, state-of-the-art 

econometric techniques, SPO identifies the energy price effects highlighting 

limited trade-offs between environmental and socioeconomic goals, as increases 

in energy prices leads to a large reduction in energy consumption and CO2 

emissions and modest impacts on employment and productivity. Energy price 

impacts are larger in trade-exposed energy-intensive sectors, and slightly skill-

biased towards technical workers. However, these impacts are the upper bounds 

when we account for the impact of energy prices on inputs’ reallocation across 

establishments, while employment also increases in sectors related to clean 

energy and low-carbon technologies. 

• Examining Distributional effects of a post-pandemic green fiscal stimulus. 

Supporters of the green fiscal stimulus as a response to aid the recovery from 

the Covid-19 pandemic commonly argue that green stimuli would boost GDP, 



 

 

create jobs and help redirect economic systems towards the strategic long-term 

goal of climate neutrality. In this research study, SPO researchers provide new 

evidence on the distributional effects on green fiscal stimulus and show that skill 

distance and other barriers could limit a transition of unskilled displaced by 

automation and the Covid-19 crisis to green-manual jobs that are the main 

beneficiaries of a green fiscal stimulus according to the paper above. Their ex-

post assessment of the green component of the American Recovery and 

Reinvestment Act of 2009 suggests that training programs may facilitate job-to-

job transitions induced by a green stimulus. Indeed, areas equipped with green 

training facilities gain the most in terms of employment and wages for green-

manual jobs after a green fiscal stimulus. 

• Low-carbon Research and Innovation (R&I) can boost European growth 

and competitiveness. In the last decades, improvements in costs and 

performance of low-carbon technologies triggered by R&I expenditure and 

learning-by-doing effects have increased their competitiveness compared to 

fossil fuel options. Using the enhanced version of the GEM-E3 multi-sectoral 

model, E3Modelling investigated the impacts of increased expenditure in low-

carbon R&I in the context of ambitious climate policies as described in the EU 

Green Deal. The model-based analysis shows that using a limited share of ETS 

carbon revenues for R&I in low-carbon technologies can trigger innovation-

induced growth in the European economy based on enhanced competitiveness 

in global clean energy markets of countries, especially in countries with large 

innovation and low-carbon manufacturing base. A policy portfolio using part of 

carbon revenues for public and private R&D and development of the required 

labour skills can effectively alleviate decarbonisation costs, while promoting 

high value-added products and exports (e.g. low-carbon technologies), creating 

more high-quality jobs and contributing to climate change mitigation. 

• Carbon Offshoring: Firm-Level Evidence. Concerns about the relocation of 

polluting processes abroad undermine the efficiency of domestic mitigation 

policies and might prevent governments from adopting ambitious climate 

policies. This paper is the first to analyse the extent and determinants of carbon 

offshoring at the firm level. SPO researchers combine information on carbon 

emissions, imports, imported (embedded) emissions and environmental policy 

stringency based on a unique dataset of 5,000 French manufacturing firms in the 

1997-2014 period. They do not find compelling evidence of an impact of carbon 

offshoring on total emissions, but show that emission efficiency improves in 

companies offshoring emissions abroad, suggesting that offshored emissions are 

compensated by an increase in production scale. However, this effect does not 

appear to be driven by a pollution haven motive. 

• The effects of environmental policies on embodied emissions. As a result of 

ambitious European climate policies, there are increasing concerns about the 

challenges faced by EU carbon-intensive and trade exposed industries.  One the 

one hand, competitiveness may be harmed due to the unilateral nature of climate 

policy and the impact this can have on trade flows. On the other hand, European 



 

 

demand for foreign carbon-intensive good may increase, potentially offsetting 

any emission reduction efforts. In this research paper, CMCC assesses whether 

and how embodied emissions in traded goods have changed over time, 

particularly in response to the implementation of climate policies. The analysis 

suggests that environmental policies are associated with lower emissions 

intensity and lower exported emissions. But their results do not provide 

conclusive evidence for the pollution haven hypothesis and do not support the 

existence of carbon leakage from the EU in aggregated terms.   

• The role of intermediate trade in the change of carbon flows within China. 

In recent years, evaluating the emissions embodied in trade has become an 

important area of policy and research. Current methods like Multiregional input-

output (MRIO) analysis do not fully incorporate the role of intermediate trade 

in driving changes in embodied emissions. This research paper presents a 

framework that separately identifies the drivers of the emissions embodied in 

the trade of final and intermediate products and implements this in a case study 

in CO2 emissions embodied in interprovincial trade in China from 2007 to 2012. 

The results show that the rising imports and the growth in final demand in less 

developed regions in the north and central led to reductions in CO2 emissions 

outsourced by central coastal regions. The research enriches our understanding 

of the role played by intermediate trade in the relocation of emissions. 

• Assessing the macro-economic and industrial impacts of the EU Green 

Deal. The recent EU Green Deal puts forward ambition climate targets aiming 

to make the EU the first climate neutral continent by mid-century while ensuring 

a just transition where no one is left behind. The study presents the methodology 

improvements realised in the leading general equilibrium model GEM-E3-FIT 

(e.g. enhanced energy system representation, low-carbon innovation, clean 

energy markets, technology progress, finance supply) in order to consistently 

simulate the impacts of ambitious energy and climate policies. The model-based 

analysis shows that high carbon pricing has limited negative impacts on the EU 

GDP and consumption, while leading to an economy transformation towards a 

capital-intensive structure. The EU Green Deal will modestly impact total EU 

employment, but its effects are high on specific sectors which either lose jobs 

(e.g. fossil fuels, energy intensive industries) or create new jobs (e.g. electricity, 

low-carbon manufacturing). Pursuing unilateral climate policy increases the risk 

of relocation of manufacturing activities away from the EU, but the overall 

economic, industrial and trade impacts are limited and are further reduced in 

case that China joins the first mover climate coalition. 

• Anatomy of Green Specialization: Evidence from EU Production Data. 

Using product-level data, SPO researchers study green specialization across EU 

countries and detailed 4-digit industrial sectors over the period 1995-2015. The 

exploratory analysis reveals that green production is highly concentrated to a 

small number of industries, while green and polluting productions do not occur 

in the same sectors, and countries tend to specialize in either green or brown 

sectors. This suggests that the distributional effects of European environmental 



 

 

policies can be large, while economies with better engineering and technical 

capabilities have built a comparative advantage in green production. 

The following table presents the list of the research papers included in this Deliverable. 

Research papers 1, 5 and 8 have been already published in scientific journals1, while research 

studies 3 and 4 have been submitted in journals, they have received favourable comments in 

the peer review process and are now in the resubmission phase, expecting publication in the 

next two months. Most of the other research studies are published as working papers in their 

respective institutional sites and an improved version will be submitted for peer review in 

scientific journals in the next months, after the submission of the deliverable. 

List of research papers under Deliverable D4.1 

Author Paper acronym Paper title 

SPO P1 
Green stimulus in a post-pandemic recovery: the role of skills for a resilient 

recovery 

SPO P2 
The Employment Impact of Green Fiscal Push: Evidence from the American 

Recovery Act 

SPO P3 

The Impact of Energy Prices on Socioeconomic and Environmental 

Performance: Evidence from French Manufacturing Establishments, 1997-

2015 

SPO P4 
Distributional effects of a post-pandemic green fiscal stimulus: skills, 

employment and wage of low-skilled manual workers 

E3M P5 Low-carbon R&D can boost EU growth and competitiveness 

SPO P6 Carbon Offshoring: Firm-Level Evidence 

CMCC P7 The effects of environmental policy on embodied emissions 

UCAM, 

CMCC 
P8 The role of intermediate trade in the change of carbon flows within China 

E3M P9 Assessing the macro-economic and industrial impacts of the EU Green Deal 

SPO P10 
Anatomy of Green Specialization: Evidence from EU Production Data, 1995-

2015 

 

 

The thematic areas covered under the present deliverable are in line with (and even go beyond) 

the task requirements. In the following, we present the envisaged key thematic areas included 

in task requirements and how they are addressed by the ten studies/ research papers. 

                                                 
1 Chen, Z., Marin, G., Popp, D. et al. (2020) Green Stimulus in a Post-pandemic Recovery: the Role of Skills 

for a Resilient Recovery. Environ Resource Econ 76, 901–911 (2020) 
Meng, J, Zhang, Z, Mi, Z, Anadon, LD, Zheng, H, Zhang, B, Shan, Y, Guan, D. ‘The role of intermediate 

trade in the change of carbon flows within China’. Energy Economics (2018) 76:303-312. Doi: 
10.1016/j.eneco.2018.10.009 

Fragkiadakis K., Fragkos P., Paroussos L, (2020), Low-carbon R&D can boost EU growth and 
competitiveness, Energies, accepted for publication  

 

https://www.sciencedirect.com/science/article/pii/S0140988318304055
https://www.sciencedirect.com/science/article/pii/S0140988318304055


 

 

 

 
Addressing Task requirements in the research papers  

 

Partner Research paper 

This task will provide the projections for the macro-

economic and industrial system related to low-carbon 

transition pathway taken as an output from WP3 

E3M #P9 

The task will evaluate the impacts for the EU countries, the 

consumers, workers and industrial sectors of the EU and 

will identify how large is the potential of developing the 

EU industrial tissue driven by the technology and 

commercial maturity of low-carbon innovations 

E3M #P5 

Qualitative and econometric work will be also performed 

by SPO focusing on the labour market and the influence of 

environmental policies on employment 

SPO #P3, P10 

The model-based projections will use an enhanced version 

of the GEM-E3 model with detailed representation of 

power sector, equipment choice and energy savings in 

houses, transport (by mode and technology) and biofuels 

linked to agriculture. Within INNOPATHS, E3M will 

further enhance the GEM-E3 model. 

E3M #P5, P9 

To evaluate the opportunities for new growth and 

industrial strengthening based on innovations, we model 

the EU economies in the context of the global market, so 

as to capture the international competition for the same 

advanced technologies 

E3M #P5, P9 

The work will test lower and upper bound estimates of the 

labour market impact considering leakage, different policy 

mixes, different sectorial use of energy and different 

assumptions on capital-labour complementarities. 

SPO #P4, P6, P10 

CMCC will perform econometric research and data 

collection to assess whether and how embedded emissions 

in traded goods have changed as a result of the 

implementation of climate policies. The analysis will 

capture the extent of sourcing of energy and carbon 

intensive goods from foreign countries, as part of the 

analysis of the broader topic of “industrial leakage” 

CMCC #P7, P8 

E3M will re-estimate the learning-by-doing parameters 

(related to market size and to RTD intensity) for key low-

carbon enabling technologies 

E3M #P5, P9 

Empirically, using high-quality French firm level data, the 

econometric work will explore these relationships and the 

dependence on energy prices at the firm-level 

SPO #P3 

 
 

In addition to the thematic areas specified in the task requirements and presented above, we 

have performed three additional research studies to assess the employment and skills impacts 

of Covid-19 pandemic and green stimulus programmes towards a resilient recovery. These 

studies performed by INNOPATHS partner SPO aim to: 1) assess the employment impact of 

green fiscal push through evidence from the American recovery act (#P2), 2) provide evidence 



 

 

on the distributional effects of a post-pandemic green fiscal stimulus, focusing on employment 

and wages of low-skilled manual workers (#P4), and 3) investigate the role of skills in the 

Green stimulus towards a post-pandemic resilient recovery (#P1). Finally, E3M performed an 

additional assessment of the macro-economic, employment and industrial implications of the 

recent EU Green Deal targets (#P9), highlighting the main challenges and opportunities for the 

EU businesses and workers towards the transition to climate neutrality by mid-century.  

  



 

 

B. Key Insights from the deliverable 

In the following we present the key insights and messages emerging from the research 

papers of deliverable D.4.1. 

B.1 Insights from Research Paper 1: The role of skills in a Green 
stimulus in a post-pandemic recovery 

As nations struggle to restart their economy after COVID-19 lockdowns, calls to 

include green investments in a post-pandemic stimulus are growing, but little research provides 

evidence of the effectiveness of a green stimulus.  

 Training support is important for the transition to 

greener jobs  

While green investments can play a role in a pandemic-related recovery, they should be 

seen as measures designed to assist in the inevitable transition to a low-emission and resource 

efficient economy, so that investments made now do not contribute to stranded energy assets 

likely to be obsolete in ten years. Even without new climate policy initiatives the COVID-19 

crisis may trigger long-term structural transformations in the economy that are largely 

unpredictable now. On-going technological trends in the green and digital economy will not 

come to a halt, and may even be reinforced. For instance, demand for fossil fuels might fall as 

business travellers realize the potential of replacing face-to-face gatherings with video 

conferencing. On the other hand, communities dependent on coal or shale oil production are 

not prepared for a world of low oil prices, but with appropriate investments in job training, 

many of these workers have the skills needed to transition to greener jobs. Training support 

appears even more important for brown sector workers displaced in traditional manufacturing 

jobs in heavy industries (low-demand brown occupations) for which the gap in green skills is 

larger. However, given the importance of green skill endowments for the success of green 

ARRA investments, whether job training will help workers overcome large skill gaps is a 

question that remains to be addressed in the empirical literature. 

These suggestive data, coupled with the findings of Popp et al. (2020) about the 

importance of green skills for the success of a green stimulus, imply a role for job training in 

the transition to a green economy. Recent studies suggest that climate policies may reduce jobs 

in specific sectors, particularly for lower skilled manual labour, while most green jobs require 

over a year of on-the-job training, and workers from the energy sector who may be displaced 

in a greener economy have the prerequisite general skills for these green jobs. That combination 

bodes well for the potential of job training to help energy sector workers displaced in the low-

carbon transition. The larger gap in training requirement between green skills and occupations 

at risk from COVID-19 further supports the large role of training investments for the design of 

the future green stimulus packages.  

 The role of skills in the Green stimulus is significant and 

should be considered in policy design 

 

The study provides evidence on the long run benefits of a green stimulus. The 

investment put forward in response to Covid-19 pandemic must be designed fully considering 

the need for the transition to a low-carbo economy. However, it is clear that green stimulus 

investment will be most effective in communities where workers have the skills needed for a 



 

 

green economy. The data suggest a green stimulus can be effective for workers in previously 

high-demand brown occupations such as the oil and gas industry, whose demand increased 

substantially thanks to the fracking boom in the US. Both high-demand green and brown jobs 

require similar levels of related work experience. As green jobs require over a year of on-the-

job training, some training is required for workers transitioning from high-demand brown to 

green jobs. However, the similar skill set for these workers means that training would likely be 

successful. 

Green stimulus investments are less likely to help brown sector workers in low-demand 

jobs, which are primarily manufacturing positions. The research shows that positions at risk 

from COVID-19 make little use of green skills and require little training or experience, further 

emphasizing that a green stimulus will not by itself provide immediate assistance to those 

workers hurt most by COVID-19 lockdowns. Green investment is less likely to help workers 

in occupations most at risk from COVID-19, as the research shows that green stimulus is not 

likely to restore all lost jobs. Due to the skill mismatch between displaced workers and green 

jobs and the longer lag time observed for green stimulus funds to take effect, an efficient 

combination of stimulus programmes should be both directed to reduce the short-term risks 

that workers face, such as by providing technology and security equipment (e.g. masks, 

plexiglass barriers), and to promote long-term green growth. 

 

B.2 Insights from Research Paper 2: The Employment Impact of 
Green Fiscal Push: Evidence from the American Recovery Act 

The research study includes a comprehensive evaluation of the economic effect of green 

stimulus using the historical experience of the American Recovery and Reinvestment Act 

(ARRA), which represents the largest push to the green economy to date. The study results 

inform both current policy debates and address longer-term concerns about job losses in the 

transition to a low-emission economy. Currently, some environmentalists advocate green new 

deal programs as a win-win solution to boost economic growth in developed countries and to 

tackle climate change. The Covid-19 lockdown has led to calls for large-scale investments in 

the low-carbon economy (the so-called “green recovery”). While the size of the green stimulus 

of 2009 is small compared to what is at stake for a post-Covid-19 recovery, the research 

highlights interesting features of a green stimulus that can offer guidance to the design of future 

effective green stimulus programs. 

 

 
 

Green ARRA induces a persistent job creation effect 

The analysis suggest that green ARRA works more slowly than other stimulus 

investments, but the long-run effect of green ARRA on total employment is in the mid-range 

of previous estimates, with about 15 jobs created per $1 million of green ARRA. The 

persistency of the job creation effect is clearly a positive aspect of the green fiscal stimulus. 

However, the timing of green ARRRA’s impact differs from other ARRA investments, which 

generally have short-term effects. For green ARRA, the research study finds little evidence of 

short-run employment gains. Green stimulus investments reinforce long-run growth and appear 

more effective for reshaping an economy than for restarting an economy. While our focus is 

on the potential employment benefits from green investments, future research should also 



 

 

consider the potential environmental benefits of green stimulus, as the long-run impacts on 

employment suggest that green investments lead to durable changes in the green economy. A 

combination of green stimulus with other standard short-term investment responses, such as 

extensions to unemployment benefits and financial support to business, can provide multiple 

benefits in terms of immediate impact and long-run growth. 

 Green stimulus can enhance opportunities in regions with 

the required skill base 

The pre-existing level of green skills matters. Green ARRA creates more jobs in 

commuting zones with larger initial shares of occupations that use intensively such skills. The 

conclusion is that the green stimulus has been particularly effective in picking winners – e.g. 

enhancing opportunities in communities already in position to support a green economy. Care 

must be taken to match green investments to the skill base of the local economy. To support 

communities without the required green skills, expanding technical programs and engineering 

education (the most important green skills) could complement green stimulus investments.  

 Green stimulus can reshape the economy having 

important distributional implications 

The econometric and statistical analysis shows that nearly half of the jobs created by 

green ARRA investments were in construction or waste management, and thus green ARRA 

increases the demand for manual labourers. Importantly, pre-trends are not an issue when we 

study how the effect of green ARRA varies across sectors and occupations. Beyond the direct 

impacts of a green stimulus, the results of the study also have broader implications for the 

design of effective labour market transitions in response to environmental policy. Recent 

studies suggest that environmental regulation may reduce jobs in specific sectors, particularly 

for lower skilled manual labour. In contrast, subsidies to green infrastructure can benefit 

unskilled workers and thus may enhance the political support for climate policies. However, 

wage gains did not follow the increase in the demand of manual tasks in areas receiving higher 

green subsidies, as green jobs in construction are of low quality compared to similar jobs, and 

employment opportunities of the unskilled labour have deteriorated. 

 

B.3 Insights from Research Paper 3: The Impact of Energy Prices 
on Socioeconomic and Environmental Performance 

The research study provides new evidence on the link between energy prices and 

various measures of economic, employment and environmental performance for a panel of 

French manufacturing establishments over the period 1997-2015. 

 Trade-offs between environmental and economic goals at 

the micro-level, but limited  

The research study provides a detailed documentation of the substantial heterogeneity 

in energy prices across sectors and establishments as well as large increases in energy prices 

accompanied by moderate decreases in quantity discounts for large energy consumers. The 

impact of energy prices on an establishment’s environmental and socio-economic performance 

is assessed in a scenario that replicates what would happen following the adoption of ambitious 

carbon pricing policies. In doing so, we propose a shift-share instrumental variable approach 

suited to dealing with the potential endogeneity of energy prices. 



 

 

 

The study results identify a limited trade-off between environmental and economic 

goals due to changing energy prices, as a 10-percent increase in establishment-level energy 

prices brings a 5% reduction in energy consumption and an 11% reduction in CO2 emissions. 

The same 10-percent increase in energy prices has a modest negative impact on employment 

(-0.8%) and total factor productivity (-1.7%) and an even smaller effect on wages (-0.09% but 

not significant). The econometric estimation also shows that the short-term estimates are about 

two times smaller than the long(er)-term (3-years) effects for energy use, CO2 emissions and 

employment. The employment effect differs across sectors and occupations, while negative 

effects do not disproportionately affect the least skilled workers and are biased in favour of 

middle-skill technical competencies. Simulating the effect of the introduction of a 56 euro per 

ton of CO2 tax, the analysis shows a trade-off between environmental goals and job losses for 

energy and carbon-intensive and trade-exposed sectors as the latter cannot pass through higher 

energy costs to their customers. In the absence of compensating labour market policies, such 

amplified job losses may fuel opposition by both industrial and workers’ associations against 

carbon pricing policies. 

 

 Negative employment effects can be mitigated through 

reallocation of labour across establishments and sectors  

The reduced-form econometric approach focuses on only one dimension of the impact 

of environmental regulation on environmental and socio-economic performance, as it does not 

consider the consequences of entry and exit dynamics and of the reallocation of production 

across and sectors establishments. Two additional exercises are performed to examine the 

direction of these compositional shifts by estimating energy price impacts on exit probability 

and on input reallocation within multi-establishments firms. The research study shows that the 

employment effects are mitigated by labour reallocation across establishments within the same 

firm. These compositional effects are suggestive of the possible link between micro and macro 

effects, thus further research is required to incorporate these micro-estimates into a general 

equilibrium framework to properly analyse the relocation of labour across different sectors (this 

was implemented in research studies 5 and 9 using the enhanced version of GEM-E3 model). 

 

B.4 Insights from Research Paper 4: Distributional effects of a 
post-pandemic green fiscal stimulus 

A green fiscal stimulus is prominent in the policy debate over government investments 

to aid the economic recovery from the Covid-19 pandemic. Supporters of the green recovery 

argue green stimuli would boost GDP, create jobs and, at the same time, help redirect economic 

systems towards the strategic long-term goal of reducing emissions and mitigating climate 

change. This research study provides new evidence on the distance in worker skill sets between 

occupations displaced by Covid-19 and other structural shocks and the subset of green-manual 

occupations that are expected to be in high-demand as a consequence of a green stimulus. 



 

 

 Skill distance and other barriers may limit a transition of 

displaced workers to green manual jobs 

The research study analyses whether gaps in green skills across occupational groups 

might affect the impact of green stimulus investments, focusing on the likely losers from the 

Covid-19 pandemic and likely winners from a green fiscal stimulus (i.e. green-manual jobs). 

The results highlight that low-skilled occupations exposed to social distancing measures 

introduced by governments in response to Covid-19 as well as automatable occupations possess 

a skill-set that is not in line with the one required by green-manual jobs. On the other hand, 

low-skilled jobs in emission-intensive industries could be more easily employed in green-

manual jobs as they already possess an adequate set of green skills.  

 

 Areas with green training facilities gain the most in terms 

of green-manual jobs after a green fiscal stimulus 

As gaps in green skills could be relevant barriers to replacing displaced jobs, specific 

training can be a solution as it provides workers with the skills required for performing high-

demand green tasks. The research study provides evidence about the role of localised green 

training as an enabling factor in the creation of jobs by means of green fiscal stimulus by 

considering the green component of the American Recovery and Reinvestment Act of 2009. 

Therefore, the potential for creating green jobs as a result of green fiscal stimulus crucially 

depends on the availability of green training to close the skills gap between displaced workers 

and jobs in high-demand because of a green fiscal stimulus. 

B.5 Insights from Research Paper 5: Low-carbon R&D can boost 
EU growth and competitiveness 

Research and Innovation (R&I) are a key part of the EU strategy towards stronger 

growth and the creation of more and better jobs while respecting social and environmental 

objectives. As climate policies become increasingly ambitious in the EU, the deployment of 

low and zero-carbon technologies has significantly increased. This is accompanied by large-

scale improvements in the cost and performance of low-carbon technologies triggered by R&I 

expenditure and learning-by-doing effects, which have increased their competitiveness relative 

to fossil fuel options. The current study examines whether low-carbon public and private R&I 

can mitigate decarbonisation costs and enhance European competitiveness in global markets, 

in the context of ambitious climate policies as described in the EU Green Deal.  

 
Higher expenditure for low-carbon R&I can boost EU 

economic growth and competitiveness 
In this research study, the GEM-E3-FIT model has been significantly enhanced with a 

detailed representation of the sectors that manufacture low-carbon equipment and technologies, 

in particular solar PV, wind turbines, electric vehicles, advanced biofuels and batteries. In 

addition, technology progress is endogenized in the model through learning by doing and 

learning by R&D, while knowledge spillovers across sectors and regions are incorporated. In 

this way, the enhanced version of GEM-E3 can consistently capture the upstream industrial 

implications of climate policies and the potential domestic industry effects that being a global 

technology leader might bring about. The model-based research showed that using 10% of ETS 



 

 

carbon revenues to finance low-carbon R&I activities can boost EU economic growth and 

competitiveness (through innovation-induced productivity growth), especially in countries 

with large innovation and low-carbon manufacturing capacities (e.g. Germany, Denmark).  

 The use of carbon revenues to finance innovation and 

education policies provides multiple benefits 

The analysis captures the different nature of public and private R&I (as demonstrated 

in the empirical literature), with the latter having more positive economic implications and 

higher efficiency as it is closer to industrial activities. Public R&D commonly focuses on 

immature, highly uncertain technologies, which are also needed to achieve the climate 

neutrality target of the EU by mid-century. In addition, the economic restructuring towards a 

low-carbon paradigm requires different skills thus creating a potential mismatch between 

labour demand and supply posing additional challenges for decarbonisation in the EU. The 

model-based assessment shows that a policy portfolio using part of ETS carbon revenues for 

public and private low-carbon R&D and the development of the required skills can increase 

high value-added production and exports from the EU (e.g. low carbon technologies), create 

more high-quality jobs and contribute to climate change mitigation. Countries that already have 

a strong low-carbon innovation and manufacturing base (e.g. Germany, Denmark, Spain) can 

exploit additional market and export opportunities and get higher benefits in terms of economic 

activity, employment and industrial competitiveness. 

 

B.6 Insights from Research Paper 6: Carbon Offshoring: Firm-
Level Evidence 

Concerns about carbon leakage and the relocation of carbon-intensive manufacturing 

activities abroad undermine the efficiency of domestic carbon mitigation policies and might 

prevent governments from adopting more ambitious climate policy instruments. This research 

study is the first to analyse the extent and determinants of carbon offshoring at the firm level. 

We combine information on carbon emissions, imports, imported emissions and environmental 

policy stringency based on a unique dataset of 5,000 French manufacturing firms over 1997 to 

2014. Based on advanced econometric and statistical techniques, the analysis estimates the 

impact of imported emissions on firm’s domestic emissions and emission intensity using a 

shift-share instrumental variable strategy.  

 

 
Carbon offshoring is primarily driven by trade 

liberalization and differences in labour costs and less by 

differences in environmental regulations.  

 
We do not find compelling evidence of a high impact of carbon offshoring on total 

emissions, but show that emission efficiency improves in companies offshoring emissions 

abroad, suggesting that offshored emissions are compensated by an increase in production 

scale. The effect is economically meaningful with a 10% increase in carbon offshoring causing 

a 4% decline in emission intensity. However, this effect is twice as small as that of domestic 

energy prices and, importantly, does not appear to be driven by a pollution haven motive. In 

addition, we provide evidence suggesting that the carbon offshoring effect is not primarily due 

to differences in environmental regulations. Instead, our results suggest that trade liberalization 



 

 

and other factors such as differences in labour cost between countries are major determinants 

in offshoring carbon-intensive processes. 

 

 
Current domestic carbon pricing does not lead to a 

substantial carbon leakage, but leakage occurs 

mechanically for the relocation of productive activities 

towards developing countries 
 

The econometric analysis shows that the stringency of domestic carbon pricing policies 

(as proxied by instrumented energy prices) has a much larger effect on the firms’ domestic 

emission intensity than on carbon offshoring. The key policy implication is that raising 

domestic carbon pricing does not lead to a substantial carbon leakage from stringent countries 

to countries with low-ambition policies within firms. Carbon leakage might still occur through 

competition on the final products market and firm exit. However, the finding that carbon 

offshoring does not seem to happen within firms (at least, at the current level of carbon policy 

stringency gap across countries) point to effectiveness of unilateral carbon pricing policies.  

The issue of border carbon adjustment becomes increasingly important in the context 

of increased divergence in climate policy ambition, where many countries decide to move 

towards carbon neutrality by 2050. The research results combined with the complexity of 

designing effective BCAs that are compatible with the international trade rules suggest that this 

instrument is important but should be considered with caution. However, further widening of 

policy stringency among countries and regions may however alter this conclusion. 

B.7 Insights from Research Paper 7: The effects of environmental 
policy on embodied emissions 

In the absence of a globally harmonized emission reduction mechanism, various 

countries have adopted climate policies of different ambition. The EU has been the first mover 

in the international climate policy landscape adopting the strongest climate mitigation policy 

in the world, as outlined in the EU Green Deal and the “Clean Planet for All” long-term 

strategy. As a result of these ambitious climate policies, there are increasing concerns among 

national policy makers and industries about the challenges faced by EU energy and carbon-

intensive industries. The unilateral nature of EU climate policies may harm the competitiveness 

of energy-intensive and trade-exposed industries and negatively impact the EU trade balances. 

In addition, carbon leakage may negatively affect the contribution of EU climate policies to 

global emission reductions, as European demand for foreign carbon-intensive goods may 

increase, potentially offsetting any emission reduction efforts. In this research study, we assess 

whether and how embodied emissions in traded goods have changed over time, particularly in 

response to the implementation of climate mitigation policies. 

 
Stringent environmental policies are associated with 

lower emissions intensity and lower exported emissions 
The study examines the dynamics of embodied emissions in a sample of 29 countries 

over the years 1995-2009. To investigate this question, country-level data on imported and 

exported emissions are used to describe whether (and how) emissions embodied in trade have 

changed over time. Second, panel estimation is conducted to examine the extent to which the 

dynamics of embodied emissions in trade are associated with the environmental policy using a 

novel set of environmental policy stringency indicators. 



 

 

The analysis confirms the negative and significant effect of environmental policy on 

exported emissions and exported emissions intensity. This indicates that stringent climate 

policies are associated with clean production of goods and, in fact, reduce emissions, including 

those which are embedded in goods exported abroad. 

 
Limited evidence for the pollution haven hypothesis 

The econometric analysis in the study finds less definitive results on the relationship 

between imported emissions (or emissions intensity of imports) and the stringency of climate 

policy. The research study provides some evidence that more stringent environmental policy 

increases imported emissions and gives rise to carbon leakage dynamics, as suggested by the 

Pollution Haven hypothesis. However, this result does not emerge with all the policy stringency 

indicators used in the analysis. Furthermore, while imported emissions increase, the carbon 

intensity of imports decreases.  

Overall, the research does not find strong evidence in support of the carbon leakage 

hypothesis. This is in line with the results provided by other ex-post econometric analyses, 

while in direct contrast with some ex-ante contributions on this topic. This can be explained 

by: (1) the current carbon pricing is not high and does not lead to significant carbon leakage; 

(2) the relative environmental policy stringency differentials among countries are relatively 

small; (3) emission trading and carbon pricing schemes currently have generous support for 

carbon and trade intensive industries.  In order to further investigate the drivers and time profile 

of emissions embodied in trade, a sector level analysis is currently being conducted. 

B.8 Insights from Research Paper 8: The role of intermediate trade 
in the change of carbon flows within China 

The evaluation and quantification of emissions embodied in trade (EEIT) has become 

an important area of policy and research in last decades. Multiregional input-output (MRIO) 

analysis, which links producers and final consumers, is a widely used method for quantifying 

the EEIT. However, the role of intermediate trade in driving changes in EEIT is still not fully 

incorporated in MRIO analysis. The research study presents a framework that separately 

identifies the drivers of the emissions embodied in the trade of final and intermediate products. 

This framework is implemented in a case study to analyse the changes in CO2 emissions 

embodied in interprovincial trade in China from 2007 to 2012. The analysis shows that the 

developed framework enriches our understanding of the role played by intermediate trade in 

the relocation of emissions. 

 

 
Increased emissions in Chinese regions are to some extent 

offset by decreasing intensity and changing interregional 

dependency 
By investigating the socioeconomic contribution to the reversing trade flows, emissions 

flow is divided between the original producer and final consumer according to where products 

were finalised. The emissions embodied in final products are generated from the production of 

a country's GDP that are used to satisfy final demand of other countries (or regions), while the 

emissions embodied in intermediate products are related to fragmented interregional 

production processes. The analysis shows that 82% of the changes in emissions embodied in 

interprovincial trade are attributed to intermediate products.  



 

 

A slight shift of production activities away from Central and North regions (together 

with their associated CO2 emissions) has relieved somewhat the pressures of emission decline 

in China. The changes in interregional dependency have driven the growth in emissions 

outflow via China's interprovincial trade away from southern and western provinces, where the 

energy resources are richer and production efficiencies are lower. The exported emissions are 

mainly embodied in exported intermediate products. Moreover, the intraregional dependency 

has changed slightly in 2012 and contributed to the reduction in EEIT. 

 The rising demand and imports in less developed regions 

led to reductions in the CO2 emissions outsourced 

 

The emissions flow among less developed regions will be new drivers in China. The 

emissions outsourced from the Central to Central Coast regions tend to decline and the 

consumption structure also offset part of the outsourced emissions. In contrast, the faster 

expansion of capital investment, household consumption and import volume in Henan, Shaanxi 

and Inner Mongolia have resulted in large increases in the emissions embodied in imports for 

those provinces. This is because of the small catch-up of economic development in less 

developed regions in China. Poverty eradication is fairly carbon- intensive due to a larger 

carbon-footprint elasticity of consumption, strongly driving local emissions as well as imported 

emissions. 

Central Coastal regions are still located in the downstream of the supply chain. The 

growth of emissions embodied in the final products, contributes to the increase in exported 

emissions from Central Coast regions. The exported emissions are embodied in their finished 

products and imported emissions are mainly embodied in intermediate products finalised 

locally. The Central Coastal regions use imported intermediate products to produce and finalise 

products which are exported to other regions. The emission embodied in China's total exports 

to other countries through international trade peaked and then decreased after the global 

financial crisis. Thus, efforts should focus on reducing emissions embodied in interprovincial 

trade. This may involve improving the emissions intensity of production in the central and 

western regions and/or gradually upgrading the supply chain technologies to reduce CO2 

emissions in China. 

B.9 Insights from Research Paper 9: Assessing the macro-
economic and industrial impacts of the EU Green Deal  

The recent EU Green Deal puts forward ambitious emission reduction targets aiming to 

make the EU the first climate neutral continent by mid-century while ensuring a just transition 

where no one is left behind. The current study assesses the macro-economic, employment and 

industrial implications of the EU Green Deal targets and evaluates the opportunities for new 

growth and industrial strengthening based on low-carbon innovations. 

 

 
Limited macro-economic impacts from the global 

transition to well-below 2oC  
Using the enhanced version of the GEM-E3-FIT model with improved representation 

of energy system and technologies, low-carbon innovation, finance and clean energy markets, 

the quantitative analysis shows that the implementation of ambitious climate policies would 



 

 

lead to limited global GDP losses, triggered by increased energy prices and production costs 

that depress consumption. The mitigation costs are higher in large hydrocarbon exporters and 

in developing countries with high energy and carbon intensity per unit of GDP (China, India), 

while the impacts are less pronounced in economies with high energy efficiency, where high 

carbon pricing does not radically change their competitiveness in international markets. 

 
Sectoral restructuring is induced by the EU Green Deal 

The study shows limited activity and employment impacts at the aggregate level from 

the application of high carbon pricing. However, the decarbonization induces large sectoral 

restructuring with some sectors negatively impacted (e.g. fossil fuel supply, energy-intensive 

industries), while additional jobs are created in sectors manufacturing clean energy products 

and in their supply chains (e.g. construction, bioenergy feedstock). As electrification of energy 

services (through the uptake of electric vehicles and heat pumps) is a crucial pillar of the energy 

system decarbonization, employment is found to increase in the electricity sector, driven also 

by the higher labor intensity of renewable energy technologies relative to fossil fuel-based. 

This can create stresses for specific skills in labour markets, which may be mitigated through 

targeted education and training programs to incentivize the provision of required labour skills. 

 

 
A first mover coalition can pave the way towards global 

decarbonisation with limited economic impacts   

The unilateral implementation of the EU Green Deal targets would negatively impact 

the European competitiveness in international markets, raising both environmental (via carbon 

leakage) and economic efficiency issues, through relocation of industries manufacturing 

metals, chemicals and non-metallic minerals to non-EU regions. If China joins the EU’s 

ambitious climate efforts, carbon leakage drops significantly, while the competitiveness of 

European industries improves relative to Chinese, thus boosting domestic EU activity growth. 

A broader first mover coalition, additionally including all countries that have submitted their 

long-term low-emission strategies to UNFCCC (USA, Japan, Canada, S. Africa) and enabling 

full technology spillovers across carbon-abating countries would have clear environmental 

(achieve 50% of the mitigation effort to 2oC) and economic benefits (almost zero GDP losses) 

and pave the way towards the cost-efficient decarbonisation of the global economy.  

B.10 Insights from Research Paper 10: Anatomy of Green 
Specialization: Evidence from EU Production Data 

The research study examines the issue of green specialization across EU countries using 

evidence from EU production data. This study presents new stylized data on the structure and 

evolution of specialization in green production by assembling a new dataset based on the 

PRODCOM dataset of Eurostat, which allows to examine variation in green production across 

detailed sectors (4-digit NACE), EU countries and years (1995-2015). We construct a list of 

green products by comparing and synthetizing several existing lists of green goods proposed 

during recent international negotiations at the WTO. The main criterion is excluding green 

goods with double usages from our final list, as this is the most challenging issue in the debate 

on the definition of what is green. By exploiting the richness of the data, the study is the first 

to investigate the distribution of green production across both sectors and countries. 

 



 

 

 
Green Production is highly concentrated in a few sectors, 

which are not exposed to environmental regulation 

 
The exploratory analysis reveals important structural properties of green specialization 

in EU countries. The first finding is that there is virtually no overlap between green production 

and the (direct and indirect) pollution intensity across two-digit NACE industries. This means 

that the process and output-based approaches used to define which activity is green are not in 

contradiction with each other and end up identifying similar “green” sectors. Second, in the 

design of environmental policies, the winners and losers will be different, raising the issue of 

the distributional effects of such policies because the sectors receiving green subsidies are 

different from those paying environmental taxes. The analysis of the revealed green and brown 

comparative advantage indicates that, indeed, European countries tend to specialize either in 

green or brown sectors. 

The analysis suggest that green production is highly concentrated in a few sectors 

despite an average increase over the time period considered: out of 119 4-digit manufacturing 

sectors, 13 of them represent 95% of European green production and are those where green 

production has been most diffused. As these high-green-potential sectors are high-tech and 

produce capital goods, they are large job multipliers and have strong inter-sectoral linkages 

with the rest of the economy. They are also relatively upstream sectors that can enhance the 

environmental sustainability of other industries by making production processes less harmful 

to the environment. 

 
Green Specialization can be created and reinforced by 

the presence of non-green capabilities within the same 

sector 

Since green production is likely to require competences and skills similar to those used 

in non-green production in high-green-potential industries, our Revealed Competitive 

Advantage measure indicates that green leaders are countries such as Germany, Denmark, 

Sweden and Austria where high-tech sectors were already strong. However, the existence of 

persistent green leaders coexists with the general fact that, on average, green production in the 

13 high-green-potential industries has become less concentrated over time. In this respect, as 

our data cover only European countries, this represents a limitation because the concentration 

of production and catching-up are affected by other major players in green industries such as 

China, Japan and the US that we do not observe and cannot take into account in our analysis. 

This explains why economies with better engineering and technical capabilities have built a 

comparative advantage in green production (e.g. Germany, Denmark). 

By consolidating the research findings in a multivariate regression framework, the 

structural determinants of green specialization can be analysed and compared. The assessment 

shows a remarkable path dependency in green specialization that is, however, lower than the 

path dependency in non-green specialization in the same high-green-potential industries, 

indicating that the lock-in in green specialization is less rigid than that in non-green 

specialization. In addition, green and non-green specializations complement and reinforce each 

other. The role of such complementarities is clearly smaller than that of path dependency but 

points to the pre-existing advantage in certain high-tech sectors. Acting as a leader in one green 

product and diversifying green production are important for sustaining green specialization, 

but the former is significantly more important than the latter, and thus it is better for a country 

to first specialize in one green good and then move on to creating new comparative advantages. 
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1.1 Introduction 

Nations around the world have shut down large portions of their economy in response 

to the COVID-19 pandemic. Government spending will be important to both maintain the 

economy during these shutdowns and to help restart the economy as restrictions are lifted. 

Among the many proposals for pandemic-related stimuli include calls for a “green” stimulus 

that both restarts the economy and helps it transition to a cleaner, more sustainable path (e.g. 

Helm 2020, Agrawala et al, 2020).2 Notably, the new European Commission puts the green 

fiscal stimulus at the center of its growth strategy to achieve social, economic, and 

environmental goals. The European Green Deal (EGD henceforth) is “a new growth strategy 

                                                 
2 Here, and throughout the paper, we use “pandemic-related stimuli” to refer to both stimulus packages 

designed to see the economy through a lockdown, and later investments designed to pull the economy out of 
recessions resulting from the pandemic. 



 

 

that aims to transform the EU into a fair and prosperous society, with a modern, resource-

efficient and competitive economy where there are no net emissions of greenhouse gases in 

2050 and where economic growth is decoupled from resource use” (European Commission, 

2019, p. 2). Funding for the EGD will be expanded in the context of the COVID-19 plans 

within the Recovery Plan for Europe (Next Generation EU, €750 billion for 2021-2014) and 

the reinforced long-term EU budget (€1.1 trillion for 2021-2027), approved on May 27th, 2020, 

with 25% of the funding allocated towards climate-friendly expenditures. Similar proposals 

have been made by the head of the International Monetary Fund and the International Energy 

Agency.3 

The only effort of a similar scale for the green economy has been mobilized by the 2009 

United States stimulus in response to the Great Recession, formally known as the American 

Recovery and Reinvestment Act, or ARRA, which set aside funds for “… environmental 

protection, and infrastructure that will provide long-term economic benefits” (American 

Recovery and Reinvestment Act of 2009). In a recent working paper (Popp et al. 2020), we use 

the US experience to estimate the effectiveness of such spending on job creation in the 

aftermath of the 2009 crisis. There, the issue of skill availability is crucial for the success of 

green stimuli. We find that areas whose labour force was already endowed with the relevant 

green skills benefit the most in terms of job creation. In this note, we discuss the policy 

implications of this research for any future green investments as part of a pandemic-related 

stimulus while providing new evidence on (1) the skills required for in-demand green jobs, 

brown jobs likely to be at risk in a green economy, and other jobs at risk due to COVID-19; 

and (2) the potential of investments in training for the skills required to operate green 

technologies.  

 

1.2 Background 

The US American Recovery and Reinvestment Act (ARRA) of 2009, commonly known 

as the stimulus package, invested over $800 billion stimulate the US economy. ARRA included 

several programs designed to promote clean energy and green jobs (Aldy, 2013). These include 

both direct spending intended for immediate job creation, such as Department of Energy (DOE) 

spending for renewable energy and energy efficiency retrofits and Environmental Protection 

Agency (EPA) grants for brownfield redevelopment, as well as tax breaks and loan guarantees 

for renewable energy. 

In Popp et al. (2020), we estimate the impact of direct spending programs managed by 

the DOE and EPA, all of which are plausibly green. Combining project data from 

FederalReporting.gov with employment and economic data from local communities, we 

estimate the employment effects of green ARRA investments. As in most recent evaluations 

of other types of ARRA spending (e.g. Dupor and Mehkari, 2016; Dupor and McCrory, 2018), 

our unit of analysis is a commuting zone, which represents the local labor market. Overall, the 

stimulus included over $61 billion of direct spending on green investments and $265.5 billion 

                                                 
3 https://www.climatechangenews.com/2020/04/29/imf-chief-1-trillion-post-coronavirus-stimulus-

must-tackle-climate-crisis/, last accessed June 24, 2020, and https://www.iea.org/news/iea-and-denmark-host-
ministerial-roundtable-discussion-on-making-clean-energy-a-key-part-of-the-global-economic-recovery, last 
accessed June 24, 2020. 

https://www.climatechangenews.com/2020/04/29/imf-chief-1-trillion-post-coronavirus-stimulus-must-tackle-climate-crisis/
https://www.climatechangenews.com/2020/04/29/imf-chief-1-trillion-post-coronavirus-stimulus-must-tackle-climate-crisis/
https://www.iea.org/news/iea-and-denmark-host-ministerial-roundtable-discussion-on-making-clean-energy-a-key-part-of-the-global-economic-recovery
https://www.iea.org/news/iea-and-denmark-host-ministerial-roundtable-discussion-on-making-clean-energy-a-key-part-of-the-global-economic-recovery


 

 

on non-green investments. The mean value of green ARRA and non-green ARRA per 

commuting zone in our sample are $103 million and $442 million dollars, respectively. Thus, 

just under 20% of ARRA funded green investments, slightly less than the 25% currently 

proposed by the European Union. However, while the proposed European Green Deal is larger 

than the green ARRA stimulus, the definition of the plan and its composition between 

guaranteed loans and direct spending is unclear so far.4  

1.3 Discussion of the key results 

Our first key finding is that green stimulus investments increased total employment, but 

that they worked more slowly than other stimulus investments. In our preferred specification 

in Popp et al. (2020), we estimate that each $1 million of green ARRA investments created just 

under 15 jobs, or roughly $67,750 per job, in the post-ARRA period (2013-2017). While the 

persistency of the job creation effect is clearly a positive aspect of the green fiscal stimulus, we 

find little evidence of short-run employment gains. Although the magnitude of jobs created is 

similar to what studies of other types of ARRA investments find, studies of other stimulus 

investments, such as construction and highway infrastructure, typically find evidence of short-

run job creation (e.g. Wilson, 2012; Garin, 2019; Chodorow-Reich, 2019). 

Second, the impacts of a green stimulus on employment are heterogeneous. Not 

surprisingly, we find a large effect on green job creation, measured using the task approach 

proposed by Vona et al. (2018). Because nearly half of the jobs created by green ARRA 

investments were in construction or waste management, nearly all of the employment gains are 

in manual labor occupations. The employment gains are greatest for those manual laborers with 

more than a high school degree. Interestingly, however, these new jobs are not necessarily well-

paying jobs, as the largest gains in employment for manual workers are in occupations with an 

hourly wage below the US median for manual workers. Workers specialized in manual tasks 

are gaining new jobs, but not necessarily well-paying jobs. 

Third, and most important for this note, our research also illuminates where green 

stimulus investments work. In Vona et al. (2018), we use data from the U.S. Department of 

Labor’s O*NET database to identify the skills demanded in occupations expected to be 

prominent in a green economy. For each occupation, the O*NET database provides the tasks 

expected to be performed by workers in their occupation and the skills needed to complete 

these tasks. Tasks are further divided into ‘general’ tasks, which are common to all occupations, 

and ‘specific’ tasks that are unique to individual occupations. Using O*NET data on the 

importance of general skills to each occupation, Vona et al. (2018) identify Green General 

Skills. Such skills are potentially used in all occupations, but are in higher demand in jobs 

relevant for a green economy. These skills include engineering, operations management, 

monitoring, and science skills. While such skills are mostly associated with college graduates, 

the engineering skills required by a green economy also include building and construction 

skills.5 

                                                 
4 At the time we are writing this article, it is not yet clear which share of the EU stimulus will be constituted by 

subsidies and which by guaranteed loans and other financial instruments. See, for instance, 

https://www.europarl.europa.eu/RegData/etudes/BRIE/2020/649371/EPRS_BRI(2020)649371_EN.pdf, last 

accessed June 27, 2020. 
5 See Vona et al. (2018) for details and descriptive statistics on green skill constructs. 

https://www.europarl.europa.eu/RegData/etudes/BRIE/2020/649371/EPRS_BRI(2020)649371_EN.pdf


 

 

We find that the effectiveness of green stimulus spending varies depending on the 

prevalence of jobs using green skills in a community prior to the Great Recession. The long-

run benefits of the green stimulus were highest in those communities with more green skills. 

Moreover, the green stimulus was ineffective in areas with less than the median penetration of 

occupations emphasizing green skills: statistically significant positive employment gains occur 

in communities in the 46th percentile and higher of green skills penetration. 

This result is consistent with findings in labor economics (e.g., Kambourov and 

Manovskii, 2009; Gathmann and Schönberg, 2010) where the cost of job reallocation (in this 

case induced by environmental policy) is proportional to the skill distance between jobs. Thus, 

the larger the distance between skills required by green jobs created and brown jobs lost in a 

green economy, the more costly the transition to green economy will be. The issue is relevant 

both theoretically, to calibrate general equilibrium model that explicitly incorporate costly job 

reallocation (Hafstead and Williams, 2018), and politically, for the political acceptability of 

green fiscal policy in front of the emerging populistic platforms that deny climate change or 

over-emphasize the “job killing” argument (Vona, 2019). As the Yellow Vest movement has 

shown, the green stimulus will remain an empty box without the political support of those left 

behind. Workers displaced from brown jobs will find green policies less acceptable if their skill 

endowments, i.e. their main asset, is completely destroyed by such policy. Not by chance, an 

important fraction of the proposed European Green Deal is devoted to upskilling the work force 

as well to a Just Transition fund to ensure that no country and worker is left behind.6 We 

provide evidence on the workers most likely to benefit from green investments in our 

discussion of policy implications below. 

 

1.4 Policy implications 

 

Our findings in Popp et al. (2020) provide guidance as to how green investments can 

be used effectively as part of a pandemic-related stimulus package. While a green stimulus can 

help reshape the economy, it is less likely to help restart the economy. To put limited 

government funds to the best use, the majority of a pandemic-related stimulus should initially 

focus on investments that get people back to work quickly. Green investments appear less likely 

to help with this task. 

That does not mean there is no role for green investments in a pandemic-related 

stimulus. The long run benefits of a green stimulus are real. The investments put forward in 

response to the pandemic must be designed for the world to come, which includes the need to 

respond to the climate crisis. Investments in infrastructure, for example, could consider future 

demand for public transportation and electric vehicle charging stations. But it is important to 

understand who benefits from these investments. Green stimulus investments will be most 

effective in communities where workers have the skills needed for a green economy. To 

highlight which types of workers may benefit, Table 1 provides information on several 

                                                 
6 “The Just Transition Mechanism will focus on the regions and sectors that are most affected by the 

transition because they depend on fossil fuels or carbon-intensive processes. [...] It will also strive to protect the 
citizens and workers most vulnerable to the transition, providing access to re-skilling programmes, jobs in new 
economic sectors, or energy-efficient housing” (European Commission, 2019, p. 1). 



 

 

dimensions of skills and training requirements for specific green and brown manual 

occupations: education, experience, training requirements, and the importance of general green 

skills. For green skills we include the average of the four green skill groups in Vona et al. 

(2018), as well as the importance of green engineering and technical skills, which are most 

relevant for these manual workers. To coincide with the finding that a green stimulus is most 

effective in communities with a high presence of jobs in the upper quartile of green skills 

importance, we report the quartile for each green skill, as well as the average value for each 

group of occupations. High-demand and low-demand green and brown occupations are those 

green and brown occupations with the highest and lowest projected percentage growth rate in 

employment for 2018-2028 in the BLS Employment Projections database. We note, however, 

that high-demand brown jobs include several positions in the oil and gas industry that have 

since become vulnerable due to falling oil prices, and that would be in lower demand should a 

true transition to a green economy begin.  

We also include information on 10 manual occupations at risk due to COVID-19 and 

social distancing requirements, based on Mongey et al. (2020). Mongey et al. (2020) develop 

occupation-specific measures for the ease of working at home and physical proximity to other 

people in the workplace. Montenovo et al. (2020) use these measures to show that job losses 

from COVID-19 are greatest in jobs with low work from home potential and high proximity in 

the workplace. Our at-risk occupations all have a low capacity of working at home and a high 

physical proximity measure (> 0.75). From all such occupations, we identified the 10 

occupations with the highest employment levels in the 2-digit occupation classes 35 (food prep 

and serving), 39 (personal care and service) or 53 (transportation), excluding those personal 

care workers involved in health care. Helping workers in jobs such as these will likely be a 

high priority for a pandemic-related stimulus. 

Table 1: Skill Requirements for Select Occupations 

SOC Occupation 

Required level 

of education 

(average years 

of formal 

education) 

Related work 

experience 

(months) 

On-the-job 

training 

(months) 

General 

Green Skills 

Importance  

Quartile (1: 

low; 4: high) 

Engineering 

& Tech. GGS 

Importance  

Quartile  

(1: low; 4: 

high) 

Employment 

in 2016 

High demand green jobs       

47-2061: Construction Laborers 12.0 6.1 5.6 3 4 39,530 

47-2073: Construction Equipment Operators 11.9 32.5 14.2 3 4 335,160 

47-2111: Electricians 12.9 52.0 43.4 4 4 519,850 

47-2181: Roofers 11.1 22.9 21.4 2 4 97,650 

47-2211: Sheet Metal Workers 12.4 25.4 24.0 4 4 133,420 
47-2231: Solar Photovoltaic Installers 12.1 11.2 9.8 4 4 4,710 

47-4041: Hazardous Materials Removal  12.3 10.1 4.2 4 4 37,440 

49-9044: Millwrights 12.3 30.5 38.1 4 4 38,050 
49-9081: Wind Turbine Service Tech. 12.9 21.5 11.0 4 4 3,200 

53-7081: Refuse & Recyclable Collectors 11.1 8.9 3.1 2 3 117,670 

Average 12.1 years 22.1 months 17.5 months 
0.42 

(GGS imp) 

0.56  

(imp) 
132,668 

Brown high demand       

47-1011: Construction & Extraction Supervisor 12.6 59.3 37.8 4 4 456,640 

47-2151: Pipelayers 9.9 17.1 14.1 1 3 43,590 

47-2221: Structural Iron & Steel Workers 12.3 50.8 32.6 4 4 57,070 
47-5011: Derrick Operators, Oil & Gas 10.1 18.2 6.3 2 4 21,950 

47-5012: Rotary Drill Operators, Oil & Gas 11.8 43.3 33.7 3 4 25,090 

47-5013: Service Unit Oper.; Oil, Gas, & Mining 11.2 19.0 8.0 3 4 57,180 
47-5021: Earth Drillers, Except Oil & Gas 11.5 13.9 7.4 2 4 17,680 

47-5071: Roustabouts, Oil & Gas 10.7 7.7 4.8 2 4 59,320 

47-5081: Helpers--Extraction Workers 12.1 19.4 15.1 3 4 25,840 
53-7072: Pump Operators, Except Wellhead  12.2 11.0 9.5 3 4 11,870 

Average 11.4 years 26.0 months 16.9 months 0.38 0.45 77,623 



 

 

(GGS imp) (imp) 

Brown low demand       

43-5041: Meter Readers, Utilities 12.0 6.1 5.6 2 3 39,530 
51-4022: Forging Machine SOT, Metal & Plastic 11.9 17.4 7.2 2 3 22,270 

51-4023: Rolling Machine SOT, Metal & Plastic 11.6 9.7 8.5 2 3 36,040 

51-4052: Pourers & Casters, Metal 11.6 2.9 2.4 1 2 10,620 
51-4062: Patternmakers, Metal & Plastic 12.6 43.8 34.9 3 4 4,130 

51-4071: Foundry Mold & Coremakers 10.6 1.1 9.4 1 3 12,510 

51-4191: Heat Treating Equipment SOT, Metal & Plastic 12.0 6.5 6.3 3 3 21,760 
51-4193: Plating & Coating Machine SOT, Metal & Plastic 11.2 4.0 9.3 1 3 34,420 

51-6061: Textile Bleaching & Dyeing MOT 11.8 5.5 3.5 3 3 11,350 

53-7111: Mine Shuttle Car Operators 11.6 9.3 2.0 2 3 2,990 

Average 11.7 years 10.6 months 8.9 months 
0.29 

(GGS imp) 

0.33  

(imp) 
19,562 

At Risk From COVID-19       

35-1012: First-Line Superv. of Food Prep. & Servers 11.7 8.1 14.4 2 3 908,550 

53-3022: Bus Drivers, School or Special Client 11.9 2.5 3.5 1 2 515,020 

35-9011: Dining Room & Café.. Attendants & Bar Helpers 10.1 3.0 5.0 1 1 423,080 

35-9031: Host(ess)es, Restaurant, Lounge, & Coffee Shop 10.6 1.3 4.3 1 2 404,360 

39-5012: Hairdressers, Hairstylists, and Cosmetologists 13.0 4.0 13.8 2 3 352,380 
39-3091: Amusement and Recreation Attendants 10.1 4.1 6.8 1 2 286,740 

53-3021: Bus Drivers, Transit and Intercity 12.1 5.5 13.8 2 3 169,680 

35-1011: Chefs and Head Cooks 12.8 9.6 41.9 2 3 134,190 
39-3031: Ushers, Lobby Attendants, and Ticket Takers 11.3 0.8 2.3 1 1 117,920 

53-2031: Flight Attendants 13.2 2.3 20.1 1 2 113,390 

Average 11.7 years 4.1 months 12.6 months 
0.24 

(GGS imp) 
0.16 
(imp) 

342,531 

Notes: Acronyms in occupation titles: SOT = Setters, Operators, and Tenders; MOT = Machine Operators & Tenders;. Data sources and definitions: High-demand and 

low-demand occupations were identified by considering the projected percentage growth rate in employment for 2018-2028 as estimated by the BLS Employment 

Projections database (https://www.bls.gov/emp/). At Risk from COVID-19 occupations selected as low work-from-home occupations with highest physical proximity at 
work using data from Mongey et al. (2020), as described in the text. Brown occupations are defined as occupations highly represented in pollution-intensive sectors (see 

Vona et al., 2018). Green occupations are defined as occupations performing at least one green task. Required level of education, related work experience and on-the-job 

training are retrieved from O*NET 18.0. Green General Skills quartiles refer to the occupational employment distribution for year 2000 (see Popp et al., 2020). GGS 
average importance score and average Engineering & Technical importance score is based on data from O*NET 18.0 after renormalizing such scores to vary between 0 

and 1 (see Vona et al., 2018 for further information on the construction of GGS indicators). 

 

Most notably, the data suggest a green stimulus can be effective for workers in 

previously high-demand brown occupations such as the oil and gas industry, whose demand 

increased substantially thanks to the fracking boom. Workers in this industry have been hit 

hard by falling oil and gas prices. Most of these occupations are in the third or fourth quartile 

of overall green skills importance, and 9 of the 10 are in the top quartile for green engineering 

and technical skills. The average importance measure for these jobs is quite similar to the 

average measure for the top green jobs. Both high-demand green and brown jobs require similar 

levels of related work experience. Because green jobs require over a year of on-the-job training, 

some training will likely be required for workers transitioning from high-demand brown to 

green jobs. However, the similar skill set for these workers provides hope that training will be 

successful. We elaborate on the potential of job training to complement green subsidies below.  

Green stimulus investments are less likely to help brown workers in low-demand jobs, 

which are primarily manufacturing positions. These jobs make less use of the general skills 

used in green jobs and also have significantly lower training and experience requirements. 

Also, note that the positions at risk from COVID-19 make little use of green skills and require 

little training or experience. This further emphasizes that a green stimulus will not, by itself, 

provide immediate assistance to those workers hurt most by COVID-19 lockdowns.  

What about workers lacking the pre-requisite skills? We provide a preliminary answer 

to these questions based on the experience of the ARRA green package. The green package of 

ARRA included investments to retrain workers for green jobs. While small relative to the 

overall stimulus, DOE ARRA investments included $228 million in job training, and the 

Department of Labor provided an additional $496 million for four green job training programs. 

https://www.bls.gov/emp/


 

 

Together, these programs helped develop skills for energy efficiency retrofit and the renewable 

energy industry.  

Figure 1 provides suggestive evidence that these training programs improved the 

effectiveness of green ARRA subsidies. The figure provides unconditional correlations 

between the log of green ARRA investments per capita and employment growth (panel A for 

short run (2008-2012), panel B for long run (2008-2018). We compute such correlations for 

areas which did not receive any ARRA funding for green training (charts A1 and B1, 335 

commuting zones), areas that received below-median per-capita ARRA funding for green 

training (charts A2 and B2, 112 commuting zones) and areas that received above-median per-

capita ARRA funding for green training (charts A3 and B3, 112 commuting zones).7 

 

Figure 1: Green ARRA and Employment Growth: The Role of Training 

  
Notes: 579 Commuting Zones with population>25k. DOE+EPA ARRA spending refers to cumulative ARRA spending awarded by the 

Department of Energy and the Environment Protection Agency over 2009-2012 (source: FedSpending.org). Employment growth: logarithmic 
difference in total employment (source: Quarterly Census on Employment and Wages, BLS) between 2012 and 2008 (panel A) and 2017-

2008 (panel B). Size of circles is proportional to CZ’s population in 2008. Correlation coefficients and linear interpolation are weighted with 

population in 2008. The median value of ARRA green training per capita for areas with positive funding is $2.6. 

 

                                                 
7 78.1% of the population lives in areas that received at least some funding for green training from 

ARRA. The average funding for green training is $2.4 per capita, with substantial heterogeneity across areas: the 
average green training funding per capita for areas with positive but below-median funding (48.9% of the 
population) was $1.2, while people in areas above the median (22.9% of the population) received $11.7 per 
capita on average. 



 

 

There are two main takeaways from this Figure. First, the positive association between 

green ARRA spending and employment growth is present only in the 224 commuting zones 

(out of 559) receiving training investments. Such associations are much larger for areas above 

the median of green training spending. Second, these findings may explain why green stimulus 

funds took longer to create jobs, as the correlations between green ARRA and employment 

growth are greatest in the long-run. The correlation between green ARRA spending and 

employment growth is 0.261 for commuting zones receiving the largest amount of green 

training, 0.086 for commuting zones with some green training and negative for commuting 

zones with no green training.  

These suggestive data, coupled with the findings of Popp et al. (2020) about the 

importance of green skills for the success of a green stimulus, imply a role for job training in 

the transition to a green economy. Recent studies suggest that climate policies may reduce jobs 

in specific sectors, particularly for lower skilled manual labor (Marin and Vona, 2019; Yip, 

2019). The green jobs featured in Table 1 require over a year of on-the-job training, and 

workers from the energy sector who may be displaced in a greener economy have the 

prerequisite general skills for these new green jobs. That combination bodes well for the 

potential of job training to help energy sector workers displaced in the transition to a green 

economy. The larger gap in training requirement and green skills importance for low-demand 

brown occupations and occupations at risk from COVID-19 lends further support on the role 

of training investments for the design of the future green stimulus packages. While there are 

examples of high-demand green jobs that require less training, such as construction laborers, it 

is still the case that those green occupations require more green skills than most low-demand 

brown jobs. Understanding which types of workers benefit from job training, and in particular 

whether job training can help those without green skills develop the skills needed for a green 

economy, requires data on training program participants and is left for future research. 

The extent to which these preliminary results on the importance of on-the-job training 

applies to other countries depends on the institutional setup supporting investments in training 

by companies and workers (Hall and Soskice, 2001). Labour economists suggest that stronger 

employment protection, the presence of unions and the quality of vocational schools all favour 

training investments. For instance, Acemoglu (2003) and Acemoglu and Pischke (1999) 

develop models where higher minimum wages or firing costs induce investments in training to 

enhance the productivity of unskilled workers. European countries, especially German 

speaking ones with their well-established systems of vocational and technical schools, appears 

well positioned to retrain workers for green jobs.  

While we expect the skill set of European unskilled workers to better prepare them for 

the green transition than American unskilled workers, the lack of data for European countries 

does not allow us to compute the skill and training requirements similar to those of Table 1. 

However, indirect evidence using standardized test scores for workers in several countries 

show that not only is the distribution of key general skills (i.e., literacy and math) more 

dispersed in the US than in Europe, but also that the share of low skilled workers is higher in 

the US than in most European countries (Blau and Kahn, 2005; Broecke et al., 2016). 

Moreover, since the technologies in use in Europe are similar to those in the US, we expect the 

skill gaps described in Table 1 to be relevant also for EU countries.  

 



 

 

1.5 Conclusions 

 

While green investments can play a role in a pandemic-related recovery, they should 

be seen as measures designed to assist in the inevitable transition to a greener economy, so that 

investments made now do not contribute to stranded energy assets likely to be obsolete in ten 

years. Even without new climate policy initiatives, the COVID-19 crisis may trigger long-term 

structural transformations in the economy that are largely unpredictable now. On-going 

technological trends in the green and digital economy will not come to a halt, and may even be 

reinforced. For instance, might demand for fossil fuels fall as business travelers realize the 

potential of replacing face-to-face gatherings with video conferencing? Are communities 

dependent on shale oil production prepared for a world of low oil prices? With appropriate 

investments in job training, many of these workers have the skills needed to transition to 

greener jobs. Training support appears even more important for brown workers displaced in 

traditional manufacturing jobs in heavy industries (low-demand brown occupations) for which 

the gap in green skills is larger. However, given the importance of green skill endowments for 

the success of green ARRA investments, whether job training will help workers overcome large 

skill gaps is a question that remains to be addressed in the empirical literature. 

A more pressing need for pandemic-related assistance is helping workers in occupations 

most at risk from COVID-19. Here, green investments are less likely to help. It would be 

irresponsible for politicians to confuse the short-term and long-term needs and tell the voters 

that a green stimulus is going to magically bring back all the jobs, just as it would be 

irresponsible to argue that because we are in a crisis we can ignore problems of pollution and 

climate change. In addition to the skill mismatch between these displaced workers and green 

jobs, the longer lag time observed for green stimulus funds to take effect argues against using 

such funds to get workers back on their feet quickly. Instead, stimulus investments could help 

reduce the risks that workers in these jobs face, such as by providing technology and security 

equipment (e.g. masks, plexiglass barriers). Such investments should aim to both make it easier 

and safer to return to work, and to also give potential customers confidence in the safety of 

using these services. 

For future research, richer data would enable more detailed study of green job training. 

For example, can job training help those without green skills develop the skills needed for a 

green economy, or is its effectiveness limited to those whose skills are close to what green jobs 

demand? Moreover, in Popp et al. (2020) we find that wage gains did not follow the increase 

in the demand of manual tasks in areas receiving higher green subsidies. Exploring whether 

this is due to the fact that the green jobs created are of low quality compared to similar jobs, or 

to the widespread deterioration of employment opportunities of the unskilled requires the use 

of longitudinal worker-level data and is left for future research.  
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Abstract:  

We evaluate the employment effect of the green part of the largest fiscal stimulus 

in recent history, the American Recovery and Reinvestment Act (ARRA). Each $1 
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employment gains. Green ARRA creates more jobs in commuting zones with a 

greater prevalence of pre-existing green skills. Nearly half of the jobs created by 
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2.1 Introduction 

 

The effect of environmental policy on employment is still hotly debated and polarized, 

with advocates on both sides ignoring or exaggerating the labor market costs and benefits of 

environmental regulations. Advocates of stronger environmental policies argue that such 

policies create high-paying “green jobs”, while critics point to the job losses in energy-

intensive industries that they are sure will follow. Previous literature finds that net effect of 

environmental policies on employment is small especially when general equilibrium effects 

and offsetting mechanisms are accounted for (Morgenstern et al., 2002; Hafstead and Williams, 

https://voxeu.org/article/green-stimulus-jobs-and-post-pandemic-green-recovery
https://institute.smartprosperity.ca/WorkerTransitions


 

 

2018; Metcalf and Stock, 2020). However, other studies find job losses concentrated in 

polluting industries (Greenstone, 2002, Kahn and Mansur, 2013) and among unskilled workers 

(Yip, 2018; Marin and Vona, 2019). Adverse impacts on manual labor are of particular concern 

for policy-makers, given the secular decline in their employability and wages driven by 

automation and globalization (Autor et al., 2003; Autor et al., 2013).  

While the previous literature has evaluated the effect of policies imposing a cost on 

pollution (either through standards or prices) on labor markets, less attention has been devoted 

to the potential of green subsidies opening up new employment opportunities in the so-called 

green economy. Our paper informs the burgeoning policy debate on green fiscal plans, by 

focusing on the evaluation of a big push for the green economy, namely the green part of the 

American Recovery and Reinvestment Act (ARRA, henceforth). The full stimulus package 

included over $350 billion of direct government spending, and an additional $260 billion in tax 

reductions (Aldy, 2013). We focus on the direct spending targeted at green investments, which 

constituted approximately 17% of all direct government spending in ARRA. Examples of such 

spending include Department of Energy (DOE) block grants to states to support energy 

efficiency audits and retrofits, investments in public transport and clean vehicles, and 

Environmental Protection Agency (EPA) spending to clean up brownfield sites. Because a 

large share of green spending was devoted to public investments, green ARRA may have a 

cumulative effect stretching beyond the stimulus period (Council of Economic Advisers, 2013, 

2014). We thus differentiate between the short- and long-term effect of green ARRA. We 

evaluate the employment gains triggered by the green stimulus, its heterogeneous effect 

depending on the level of local green capabilities and the way in which the green stimulus has 

affected different sectors and groups of workers. Our evaluation is timely and important as 

proposals for green stimuli investments have attracted a great deal of attention, both as part of 

possible recovery packages after COVID-19 lockdowns and as part of Green New Deal plans 

proposed by the European Commission, the International Energy Agency, the International 

Monetary Fund and some Democrats in the US (Helm, 2020).  

Our analysis makes three contributions to the discussion of heterogeneous labor market 

effects. First, using data on green skills from Vona et al. (2018), we show that the effectiveness 

of green investments varies depending on the pre-existing skill base of a community. Second, 

we estimate the effects of green ARRA investments on different sectors and sets of occupations 

to identify those workers receiving the most benefits from green investments. Third, our focus 

on heterogeneous effects across different types of workers also adds to the literature on 

structural transformations and inequality in local labor markets (e.g., Autor et al., 2013; 

Acemoglu and Restrepo, 2020). A key difference between investments in the green economy, 

especially in building retrofitting and energy infrastructures, and in automation is that the 

former increase the relative demand of manual workers, while the latter decreases it. This 

implies that manual workers that are displaced by carbon pricing policies in energy intensive 

sectors (Marin and Vona, 2019; Yip, 2019) may find new employment opportunities in sectors 

related to the green economy, such as construction and waste management. Our research 

considers whether green investments can facilitate this transition in local labor markets.  

Our analysis also contributes to the broader literature estimating the effects of the 2009 

Recovery Act. We add to the empirical literature on fiscal multipliers looking at the effect of a 

type of spending, i.e. in the green economy, that will become increasingly important in the 



 

 

future (see Chodorow-Reich, 2019 for a survey). In the spirit of recent contributions seeking 

to isolate the microeconomics mechanisms of the local multiplier (e.g. Moretti, 2010; Garin, 

2018; Dupor and McCrory, 2018; Auerbach et al., 2019), we study the time profile of the effect, 

the role of key mediating factors and some mechanisms through which the green stimulus 

impact on the local economy.  

Previous literature on other aspects of the Recovery Act exploit geographical variation 

in expenditures and isolate its exogenous component, and thus a causal effect, using pre-

existing formulas to allocate federal funds (Wilson, 2012; Chodorow-Reich et al., 2012; 

Nakamura and Steinsson, 2014; Dupor and Mehkari, 2016; Chodorow-Reich, 2019). However, 

identifying the causal effect of the green stimulus presents three additional challenges. First, 

the green stimulus is small relative to the non-green stimulus. Controlling for non-green ARRA 

expenditures is essential, but potentially introduces another endogenous variable complicating 

the identification of the green ARRA effect (Angrist and Pischke, 2008). The trade-off is 

between an error of misspecification from not including non-green ARRA and a bias in 

estimating the green ARRA effect for including a bad control (non-green ARRA) correlated 

with the error term. We address the first challenge by including a set of twenty dummies 

representing each vigintile of per capita non-green ARRA. This allows us to compare the effect 

of green ARRA in communities that received similar levels of non-green ARRA investments 

and to test the robustness of our results to the exclusion of vigintiles in which the dispersion of 

green ARRA spending is very high or low or for which the correlation between green and non-

green ARRA is very high.  

Second, the allocation of green investments may be dependent on characteristics of the 

local economy. In general, ARRA spending targeted areas hardest hit by the recession and is 

endogenous by construction. The share of ARRA that is green may be further influenced by 

features of the economy specific to green investments, such as the presence of a federal DOE 

laboratory or the renewable energy potential of a region. We address these concerns through 

two sets of control variables. The first set captures the economic conditions in commuting zone 

𝑖 before the great recessions and are quite standard in the literature evaluating the Recovery 

Act (e.g. Wilson, 2012; Chodorow-Reich et al., 2012; Chodorow-Reich, 2019). The second set 

of controls are specific to the green economy, such as the stringency of environmental 

regulation in the local area (Greenstone, 2002), wind and solar energy potential (Aldy, 2013) 

and the pre-existing base of green skills in each commuting zone (Vona et al., 2018). 

Third, we observe that even after controlling for these observables, areas receiving 

more green ARRA experienced higher employment growth before the great recession. While 

standard state or regional fixed effects are sufficient to eliminate the pre-trend for non-green 

ARRA investments, they do not eliminate the pre-trend on total employment for green ARRA. 

We address these pre-trends in two ways. First, we allow the effect of green ARRA investments 

to vary across three periods: the pre-ARRA period (2005-2007); the short-term (2009-2012) 

and the long-term (2013-2017). We compute the long- and short-run effect of green ARRA by 

subtracting its effect before 2008. Second, we use a standard shift-share instrument (e.g., 

Nakamura and Steinsson, 2014), where we combine the pre-sample share of different types of 

green spending in each commuting zone with the green ARRA shift. While neither solution is 

perfect, comparing the OLS and the IV results is very informative, as each approach minimizes 

a different source of endogeneity. The IV mitigates endogeneity related to non-random 



 

 

assignment of green ARRA subsidies but it represents an upper bound, as it may capture the 

effect of past green spending on areas that were already on a green path (Jaeger et al., 2018), 

i.e. compliers in a LATE terminology (Imbens and Angrist, 1994). The OLS does the opposite: 

the effect should be smaller as it is the average of the exogenous shock on compliers and the 

endogenous shock on non-compliers. However, it is less likely to conflate the effect of green 

ARRA with that of past green policies. 

Finally, we contribute to the voluminous literature that evaluates the labor market 

impact of environmental policies.8 Our critical contribution rests on the fact that we are the 

first to evaluate the effect of a green subsidy rather than that of a policy imposing a cost (i.e. 

an emission standard or a carbon tax). The only exception is the related paper of Vona et al. 

(2019), which uses similar data. Following Moretti (2010), they estimate the additional number 

of jobs indirectly created in the local economy by a new green job. We extend their work by 

estimating the direct effect of green subsidies, its time-profile and the heterogeneous effects 

across workers, sectors and communities.  

We find that green ARRA increases total employment, but that it works more slowly 

than other stimulus investments. The results from our preferred specification is in the mid-

range of previous estimates, with just under 15 jobs created per $1 million of green ARRA in 

the long-run. The persistency of the job creation effect is clearly a positive aspect of the green 

fiscal stimulus. However, we find little evidence of short-run employment gains. The timing 

of green ARRRA’s impact differs from previous studies of other ARRA investments, which 

generally find short-term effects.  While the unavoidable presence of pre-trends prevents us 

from drawing firm conclusions on the overall effect of green ARRA, its impact becomes much 

clearer when we explore several dimensions of heterogeneity, for which pre-trends are less of 

a concern. Green ARRA creates more jobs in commuting zones with a greater prevalence of 

pre-existing green skills. As the presence of green skills in a community is also strongly 

correlated with the allocation of green ARRA subsidies, our results provide evidence of the 

green stimulus as a successful example of picking winners. Looking at specific sectors of the 

economy, we see the potential of a green stimulus to reshape an economy and increase the local 

demand for green tasks. Nearly half of the jobs created by green ARRA investments were in 

construction or waste management. Nearly all of the new jobs created are manual labor 

positions. Importantly, while we find evidence of pre-trends when evaluating total 

employment, we find no evidence of pre-trends when we study heterogeneous impacts across 

sectors and workers, providing us with confidence that our results are credible. Even though 

the largest employment gains were for manual laborers with at least some college education, 

manual labor wages did not increase. These missing wage gains may either reflect the fact that 

the green stimulus was too small to offset the long-term deterioration of the bargaining power 

of manual workers, or the poor quality of the jobs created. While further research is required 

to understand the impact of green subsidies on labour market inequalities, these results suggest 

that the green stimulus may create new opportunities for those most affected by globalization 

and automation. 

                                                 
8 For the evaluation of the effect of the US Clean Air Act see, e.g., Greenstone (2002), Walker (2011), 

Ferris et al. (2014), Curtis (2018) and Vona et al. (2018). For estimates of the effect of energy prices and carbon 
taxes, see, e.g., Kahn and Mansur (2013), Martin et al. (2014), Marin and Vona (2017, 2019), Yamzaki (2017) and 
Yip (2018). 



 

 

The remainder of the paper is organized as follows. Section 2 gives the necessary 

background on the green part of the Recovery Act. Section 3 presents the data used for this 

project as well as preliminary descriptive statistics. Section 4 discusses the empirical strategy, 

while Section 5 the main results. Section 6 discusses the policy implications of our study.  

 

2.2 The Green component of the Recovery Act 

In response to the Great Recession, the American Recovery and Reinvestment Act 

(ARRA) of 2009, commonly known as the stimulus package, invested over $800 billion in the 

forms of tax incentives and federal spending programs to stimulate the US economy. Through 

ARRA spending programs, federal agencies partnered with state and local governments, non-

profit and private entities to help “put Americans back to work”. Naturally, much of the 

spending programs funded projects that provide immediate job opportunities, such as highway 

construction, or filled state budget shortfalls to bail out the school system and save the jobs of 

teachers and school staff. Figure 1 shows the breakdown of funds by federal agency, which 

confirms large ARRA spending on education and transportation.  

 

Figure 1 – ARRA spending by awarding Department / Agency 

 
Notes: own elaboration based on Recovery.gov data from NBER data repository. 

 

While the primary goal of ARRA was to stimulate macroeconomic growth and provide 

job opportunities, part of the funds were invested in “… environmental protection, and 

infrastructure that will provide long-term economic benefits” (American Recovery and 

Reinvestment Act of 2009). These include both direct spending intended for immediate job 

creation, such as Department of Energy spending for renewable energy and energy efficiency 

retrofits and Environmental Protection Agency grants for brownfield redevelopment, as well 

as tax breaks and loan guarantees for renewable energy. Our work focuses on the impact of 



 

 

direct spending intended for job creation, asking both whether these green investments 

stimulated employment and what types of workers may benefit from a green stimulus. 

Among the key principles motivating infrastructure investments in ARRA was that 

facilitating the transition to energy efficient and clean energy economy would lay the 

foundation for long-term economic growth (Office of the Vice President, 2010). As a result, 

ARRA included more than $90 billion for clean energy activities, including $32.7 billion in 

Department of Energy contracts and grants to support projects such as energy efficiency 

retrofits, the development of renewable energy resources, public transport and clean vehicles, 

and modernizing the electric grid (Aldy, 2013). To meet the Obama administration’s target of 

doubling renewable energy generation by 2012, DOE provided assistance for a large number 

of projects related to renewable energy; for example, the Massachusetts Clean Energy Center 

received $24.8 million to design, construct and operate a wind turbine blade testing facility 

(Department of Energy, 2010). Moreover, $3.4 billion in cost-shared grants supported the 

deployment of smart grid technology, generating more than $4.5 billion of co-investment (Aldy 

2013). ARRA funding also supported the expansion of the Weatherization Assistance Program, 

which supports low-income families for energy efficiency improvements (Fowlie et al., 2018). 

The Environmental Protection Agency (EPA) oversaw most ARRA programs 

designated for environmental protection. The largest of these programs was $6.4 billion for 

Clean and Drinking Water State Revolving Funds, which are among the programs analyzed in 

Dupor and McCrory (2018). An additional $600 million was set aside for EPA’s Superfund 

program to clean up contaminated sites such as the New Bedford Harbor site in Massachusetts 

and the Omaha Lead Site in Nebraska, to which the EPA allocated $30 million and $25 million, 

respectively9 (Office of the Vice President, 2010). Another $200 million was invested in the 

Leaking Underground Storage Tank Trust Fund for the prevention and cleanups of leakage 

from underground storage tanks. Other EPA funds were allocated to improvements of 

infrastructures such as wastewater treatment facilities and diesel emissions reduction 

(Environmental Protection Agency, 2009). 

 

Data on ARRA awards 

Our analysis covers the universe of contracts, grants and loans awarded under the 

ARRA between 2009 and 2012. Recipients of ARRA funding are required to submit reports 

through FederalReporting.gov, which include information on the amount of expenses and the 

description of projects.10 We retrieved data from FedSpending.org on these records derived 

from reports submitted by non-federal entities who received ARRA funding. 

In line with most recent evaluations of ARRA (Dupor and Mehkari, 2016; Dupor and 

McCrory, 2018), our unit of analysis is the local labor market, i.e. the so-called commuting 

zone (CZ). We aggregate county-level data into 709 Commuting Zones based on the official 

CZ definitions from the 2000 Decennial Census. As in Dupor and Mehkari (2016), we exclude 

                                                 
9 Information on active and archived Superfund sites is available at 

https://cumulis.epa.gov/supercpad/cursites/srchsites.cfm, last accessed May 27, 2020. 
10 This website is no longer use, but archived data are available at https://data.nber.org/data/ARRA/, 

last accessed March 6, 2020. 

https://cumulis.epa.gov/supercpad/cursites/srchsites.cfm
https://data.nber.org/data/ARRA/


 

 

122 commuting zones with less than 25,000 inhabitants in 2008, which represent less than 0.5% 

of the US population and employment. We also drop the commuting zone pertaining to New 

Orleans, LA, as their employment and population data are heavily influenced by the recovery 

from Hurricane Katrina. Our primary estimation sample is thus constituted by 587 CZs. As the 

entities known as prime recipients who directly received funding from the federal government 

may make sub-contracts to other entities, we use the reported place of performance of prime 

and sub-prime recipients to allocate the dollar amount of awards to commuting zones based on 

the zip code.11 

Nearly all DOE and EPA projects relate to the green economy.12 Thus, our measure of 

green ARRA includes all ARRA projects from the DOE and EPA and their subordinate 

agencies, such as various national laboratories. All other ARRA spending is coded as non-

green ARRA.13 Table A1 in Appendix A1 provides descriptive data on both green and non-

green ARRA. Overall, the stimulus included over $61 billion on green investments and $265.5 

billion on non-green investments. Of these green investments, $52 billion come from the DOE, 

while just $9 billion come from EPA. Roughly 10% of green ARRA spending supported R&D. 

A small $228 million supported job training for green occupations. 

The mean value of green ARRA and non-green ARRA per commuting zone in our 

sample are $103 million and $442 million dollars, respectively, so that green ARRA is slightly 

over-represented in our sample relative to the data provided in Figure 1. The per-capita level 

of green ARRA and non-green ARRA are $260 and $988, respectively, based on population in 

2008. We highlight the skewed distribution of both green and non-green ARRA, as the median 

commuting zone received only $105 and $821 dollars per capita of green and non-green ARRA 

awards. 

Figures A1, A2 and A3 in Appendix A1 illustrate the geographic distribution of green 

ARRA and non-green ARRA. We do not observe any apparent, systematic patterns across 

geographic areas, as both areas receiving high per capita amounts (Figures A1 & A2) and areas 

receiving large shares of green stimulus (Figure A3) are spread throughout the country (see 

Table A2 for a list of commuting zones that received the largest ARRA). Figure 2 shows the 

correlation between green (y-axis) and non-green (x-axis) ARRA expenditure per capita for 

commuting zones with at least 25000 inhabitants. The bivariate correlation between the two 

components of ARRA is positive and somewhat strong (0.339). As such, controlling for non-

                                                 
11 Unlike other evaluations of ARRA, we do not consider the location of vendors when allocating funds. 

Our goal is to ascertain the effectiveness of green ARRA given the “greenness” of the local economy. If a recipient 
must use vendors from outside the local commuting zone to satisfy a need of the project due to a lack of qualified 
suppliers in the commuting zone, the funding has been less effective for stimulating local employment. 

12 To verify this, we checked projects with the term “oil”, “gas”, or “coal” in the description. None of 
these projects related to discovery of new sources. More commonly, they referenced reducing consumption, 
clean coal, carbon sequestration, or biofuels as a substitute. 

13 In addition to the EPA and DOE, a few other agencies funded investments that were plausibly green. 
While small (totaling just $496 million), the Department of Labor (DOL) supported four job training programs 
that focused on energy efficiency and the renewable energy industry. Including these as green results in less 
precise estimates, but does not change the interpretation of our results. While the Department of Housing and 
Urban Development (HUD) also supported green building retrofits, we did not include these programs in our 
analysis. These do not fall under a single green program, and thus must be identified manually. In our attempt 
to label HUD investments as “green”, we found that many of the “green” HUD grants were trivial – e.g. installing 
LED lightbulbs in a building – and should have little to no impact on green employment. 



 

 

green stimulus spending in a flexible way is important to accurately estimate the impact of 

green stimulus spending. We discuss our technique for doing so in section IV. 

Figure 2 – Correlation between green and non-green ARRA per capita 

 
Notes: per capita analysis based on the population of each commuting zone prior to the recession, in 2008. 

Linear fit and correlation coefficient weighted by CZ population in 2008. Sample: CZ with at least 25000 

inhabitants. 

 

2.3 Data and Descriptive Statistics 

Data 

We combine the ARRA data with data on local labor market conditions. These data 

include several control variables designed to serve two purposes. Some controls describe each 

commuting zone’s potential exposure and resilience to the Great Recession. Others capture the 

stringency of environmental policies in the local labor market as well as the relative importance 

of green versus non-green employment in the local economy. Here we briefly describe our data 

on employment and green skills. Our additional outcome and control variables in the empirical 

analysis are collected from standard sources and are described in Appendices A2 and A3.  

Data on total employment and employment by industry were retrieved from the 

Quarterly Census of Employment and Wages by the Bureau of Labor Statistics (QCEW-BLS). 

These data report average annual employment by US county and by industry. Data on the 

occupational composition of employment by CZ are collected from the 1% sample of the US 

population of the annual American Community Survey (ACS), available at IPUMS (Integrated 

Public Use Microdata Series, Ruggles et al., 2020). Occupation-level data for working-age 

population (16-64 years old) are used to build our indicators of occupational composition of 

the workforce.  
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Our measures of green employment and green skills are based on Vona et al. (2018). 

For each occupation, the O*NET database provides the tasks expected of workers and the skills 

needed to complete these tasks. Tasks are further divided into ‘general’ tasks, which are 

common to all occupations, and ‘specific’ tasks that are unique to individual occupations. The 

greenness of each occupation is the share of specific tasks that are green (see also Dierdorff et 

al., 2009, and Vona et al., 2019). Computing the average of occupational greenness (weighted 

by sampling weights and annual hours worked) for each commuting zone provides the number 

of full time equivalent green workers in each commuting zone.  

Using O*NET data on the importance of general skills to each occupation, Vona et al. 

(2018) identify a set of green general skills (GGS, hereafter “green skills”) that are potentially 

used in all occupations, but are particularly important for occupations with high greenness. 

They aggregate this set of selected green skills into 4 macro-groups: Engineering and 

Technical, Operation Management, Monitoring, and Science. To assess the existing base of 

green skills, for each occupation we first compute a unique indicator of GGS as the simple 

average of these four macro groups. Then, using the distribution (weighted by hours worked) 

of green skills across different (448) occupations in 2000 (IPUMS 5% sample of the Decennial 

Census), we identify the occupations with green skills importance in the 75th percentile or 

higher across all US workers. This includes 113 occupations, which are listed in Table A3 in 

Appendix A2. Consistent with the types of skills included in Green General Skills, these 

occupations include many scientific and engineering occupations. However, not all jobs using 

Green General Skills are “green jobs.” Green General Skills are also important in occupations 

such as physicians, mining machine operators, and some transportation workers. The key point 

is that workers in these jobs have the skills necessary to do the work required of green 

occupations. We compute the local green skills base in each commuting zone using microdata 

from the annual American Community Survey (ACS, years 2005-2017, 1% sample of the US 

population) from IPUMS. For each commuting zone and year, we calculate the share of total 

employees (weighted by sampling weights and annual hours worked) in jobs at the top quartile 

of green skills importance. 

 

Descriptive Evidence 

To motivate our empirical analysis, here we provide evidence on the relationship 

between ARRA spending and per-capita employment growth, rescaled by the population of the 

CZ in 2008. Figures 3 and 4 explore simple unconditional correlations between, respectively, 

green and non-green ARRA (2009-2012) per capita and employment growth rate for three 

different time windows: 2005-2008 (pre-ARRA), 2008-2012 (short term), and 2008-2017 (long 

term). Overall, we see a positive but very weak correlation between ARRA spending per capita 

(both green and non-green) and pre-ARRA employment growth across different commuting 

zones. This positive correlation suggests that the distribution of ARRA spending was not fully 

random, and that more stimulus funds may have been awarded to commuting zones less in need 

of assistance. We test this relationship between stimulus spending and pre-recession 

employment growth more formally further in our regression analysis. 

The unconditional correlations between ARRA spending per capita and employment 

growth remain weak even in the short run (2008-2012) and in the long-run (2008-2017). 

However, it interesting to note that while in the short run the positive correlation between 



 

 

employment growth and ARRA is stronger for the non-green component of ARRA (0.137) 

than for the green component (0.069), in the longer run the opposite is found. Green ARRA 

has a positive correlation (0.118) with long run employment growth, while non-green ARRA 

has a weakly negative correlation (-0.054). While the goal of stimulus spending was to create 

jobs quickly, green ARRA may have been less effective at rapid job creation. In contrast, green 

ARRA seems more effective in strengthening local labor markets in the long-run. We will 

explore this further in our regression analysis. 

 

Figure 3– Green ARRA per capita local spending and employment growth 

 

Notes: change in log employment per capita (population of 2008) on log per capita green ARRA. Linear 

fits and correlation coefficients weighted by CZ population in 2008. Sample: CZ with at least 25000 

inhabitants. 



 

 

Figure 4– Non-green ARRA per capita local spending and employment/income growth 

 

Notes: change in log employment per capita (population of 2008) on log per capita non-green ARRA. 

Linear fits and correlation coefficients weighted by CZ population in 2008. Sample: CZ with at least 25000 

inhabitants. 

 

 

2.4 Empirical Strategy 

This section is organized as follows. Subsection 1 introduces the main endogeneity 

issues to estimate the effect of green ARRA on employment. Subsection 2 discusses our 

approach to tackle them, while Subsection 3 presents key extensions to highlight the 

mechanisms through which green spending affects the local economy. 

 

2.4.1 Illustrating Endogeneity Issues 

  ARRA spending has been primarily designed to mitigate the effects of the great 

recession on local labor markets. Thus, it targets areas hardest hit by the recession and is 

endogenous by construction. For green ARRA, identification is complicated by the presence 

of an additional source of endogeneity. Given the significant share of green ARRA spending 

devoted to long-term investments and research, the allocation of such spending may have 

followed criteria related to other structural features of the local economy such as the presence 

of a federal R&D laboratory or high-tech manufacturing.  

 

To illustrate the difference in the allocation of green and non-green ARRA, we examine 

the distribution of the two types of spending along the non-green ARRA distribution. Figure 5 

reports the deviations from the mean and the standard deviation of green and non-green ARRA 



 

 

spending per capita relative to the national mean for each vigintile of non-green ARRA 

spending per capita. Since non-green ARRA has been directed to areas hardest hit by the 

recession, the Figure illustrates the extent to which green ARRA has been allocated following 

a different criterion. The left panel of Figure 5 shows that the positive correlation between 

green and non-green ARRA masks substantial variation across vigintiles as we observe CZs 

with low non-green ARRA and high green ARRA or vice versa. In addition, the right panel 

suggests that the standard deviation of green ARRA within each vigintile is very similar across 

vigintiles with the exception of the first two vigintiles of non-green ARRA spending and a 

vigintile in the middle (the 14th). In our econometric analysis, we will use twenty dummies for 

non-green ARRA vigintile to make sure that the effect of green ARRA is not capturing that of 

other ARRA programs. This particular functional form to treat non-green ARRA allows testing 

the robustness of our results to the exclusion of vigintiles in which the dispersion of green 

ARRA spending is very high or low or the correlation with non-green ARRA very high.  

 

Figure 5 – Green ARRA per capita (average and SD) by vigintile of non-green ARRA per 

capita 

Notes: unweighted vigintiles of non-green ARRA per capita across all CZ. Within-vigintiles average and 

SD is weighted by CZ population in 2008.  

 

Next, we directly explore the observable characteristics of a CZ that are associated with green 

ARRA spending. Strong unbalances in the observable characteristics of CZs receiving different 

amount of green ARRA are a red spy of an unbalanced distribution also in unobservables 

(Altonji et al., 2005). We consider the association between the log of green ARRA spending 

per capita and two sets of covariates that will be used also as controls in our econometric model 

presented in the next section. The first set captures the economic conditions in commuting zone 



 

 

𝑖 before the great recessions and are quite standard in the literature evaluating the Recovery 

Act (e.g. Wilson, 2012; Chodorow-Reich et al., 2012; Chodorow-Reich, 2019).14 The second 

set of variables are more specific to the green economy such as the stringency of environmental 

regulation in the local area (Greenstone, 2002), wind and solar energy potential (Aldy, 2013) 

and the index of the green capabilities of the workforce described in section III.A (Vona et al., 

2018).15  

 

Table 1 shows that the inclusion of the vigintiles of non-green ARRA is not enough to eliminate 

differences in observable characteristics that are significantly correlated with the intensity of 

green ARRA spending per capita. The Table also highlights the different sources of 

endogeneity in the allocation of green ARRA: CZs receiving more green subsidies are both 

stronger in terms of technological expertise (workforce skills for the green economy, higher 

share of manufacturing employment and the presence of a federal R&D lab) and weaker in 

terms of economic performance (lower average income per capita and higher share of 

employment in construction, that was particularly badly hit by the great recession). 

 

Table 1 – Drivers of green ARRA 

Dep var: Green (EPA+DoE) ARRA per capita (in log) (1) (2) (3) (4) 

Share of empl with GGS>p75 (year 2006) 5.126** 4.309** 5.157** 4.338** 
 (2.384) (1.992) (2.444) (2.059) 

Population 2008 (log) 0.0631 0.0676 0.0841 0.000701 
 (0.0828) (0.0757) (0.113) (0.0950) 

Income per capita (2005) -0.0260* -0.0171 -0.0118 0.00204 
 (0.0142) (0.0128) (0.0194) (0.0142) 

Import penetration (year 2005) -2.565 -5.184 -10.56 -16.96 
 (12.80) (10.67) (11.52) (11.76) 

Pre-trend (2000-2007) employment tot / pop 0.613 -0.184 0.882 -0.828 
 (4.272) (3.973) (6.298) (5.485) 

Pre-trend (2000-2007) empl manufacturing / pop -8.037 -6.889 -6.160 -7.519 
 (7.168) (6.894) (9.011) (8.558) 

Pre-trend (2000-2007) empl constr / pop -13.52 -10.72 -5.167 -15.58 

                                                 
14 We consider both the level and the pre-trends (2005-2007) in several variables such as total 

employment, unemployment and employment in different sectors. As in Wilson (2012), we include the pre-
sample level (average 2006-2008) and long pre-trends (2000-2007) for the following variables: total 
employment, employment in health, public sector and education, employment in manufacturing, construction 
and extraction, unemployment. We also add other confounders of local labor market conditions such as pre-
sample income per capita, a dummy equal one for CZ with positive shale gas production and import penetration. 
See data Appendix A2 for details on data sources and construction of these variables. 

15 As in Greenstone (2002), we use changes in the attainment status to National Ambient Air Quality 
Standards (NAAQS) for the six criteria air pollutants defined by the US Clean Air Act (CAA). We classify as 
nonattainment commuting zones in which at least 1/3 of the population resides in nonattainment counties. We 
also add a dummy variable to identify areas with nonattainment status for at least one of the NAAQS in 2006 
and that therefore were already exposed to stringent CAA regulation. Since wind and solar energy received other 
types of support from the federal and state governments, including tax credits and loan guarantees as part of 
ARRA (Aldy, 2013), we add proxies for the wind and solar potential interacted by year fixed effects. We include 
a dummy equal one for areas hosting a public R&D lab and the log of local population as Vona et al. (2019) shows 
that is highly correlated with the size of the green economy in metropolitan areas. Finally, to proxy for the green 
capabilities of each CZ, we add the share of workers using intensively green general skills, i.e. skills most relevant 
in green jobs (see Vona et al., 2018 for details on the green skill measures). This is computed as the share of 
workers in the local workforce above the 75th percentile of the national distribution of green skills in 2006. See 
data Appendix A2 for details on data sources and construction of these variables. 



 

 

 (14.04) (14.97) (20.08) (20.22) 

Pre-trend (2000-2007) empl extractive / pop -2.723 3.551 -5.929 6.103 
 (13.16) (14.13) (13.34) (15.46) 

Pre-trend (2000-2007) empl public sect / pop 1.035 -4.232 3.009 -2.751 
 (10.30) (8.758) (12.00) (9.736) 

Pre-trend (2000-2007) unempl / pop 10.66 4.025 -5.376 -16.73 
 (16.06) (16.84) (25.90) (27.21) 

Pre-trend (2000-2007) empl edu health / pop 6.522 2.109 4.534 1.726 
 (5.124) (4.807) (6.778) (5.927) 

Empl manuf (average 2006-2008) / pop 5.320 4.865* 8.921** 7.613** 
 (3.584) (2.821) (4.126) (3.442) 

Empl constr (average 2006-2008) / pop 45.61*** 48.70*** 38.98** 37.28*** 
 (13.74) (11.60) (14.84) (13.16) 

Empl extractive (average 2006-2008) / pop 6.592 2.528 4.992 2.840 
 (10.65) (8.414) (9.408) (7.291) 

Empl public sect (average 2006-2008) / pop 14.46* 4.984 22.68** 15.11* 
 (7.632) (6.987) (8.963) (8.329) 

Unempl (average 2006-2008) / pop 21.80 20.67 12.29 18.56 
 (22.04) (13.36) (29.08) (22.32) 

Empl edu health (average 2006-2008) / pop 1.867 1.382 0.557 2.119 
 (3.606) (2.284) (4.053) (3.152) 

Shale gas extraction in CZ 0.133 0.249** 0.0169 0.118 
 (0.143) (0.119) (0.186) (0.150) 

Potential for wind energy -0.0501 -0.0731 -0.117 -0.0937 
 (0.117) (0.128) (0.166) (0.168) 

Potential for photovoltaic energy 0.0399 0.120 -0.0261 0.0903 
 (0.105) (0.0927) (0.192) (0.163) 

Federal R&D lab 0.459** 0.420** 0.448 0.560** 
 (0.212) (0.206) (0.286) (0.236) 

CZ hosts the state capital 0.285 -0.0202 0.119 -0.136 
 (0.180) (0.190) (0.229) (0.235) 

Nonattainment CAA old standards -0.0943 -0.173 -0.212 -0.177 
 (0.170) (0.165) (0.190) (0.202) 

Nonattainment CAA new standards 0.106 0.0820 0.202 0.227 
 (0.136) (0.125) (0.188) (0.174) 

US-Division dummies Yes Yes No No 

State dummies No No Yes Yes 

Vigintiles of non-green ARRA per capita No Yes No Yes 

R squared 0.279 0.373 0.336 0.419 

N 587 587 587 587 

Notes: OLS model weighted by CZ population in 2008. Sample: CZ with at least 25,000 residents in 2008. See data Appendix A2 for 

details on data sources and construction of the control variables. Standard errors clustered by state in parentheses. * p<0.1, ** p<0.05, 

*** p<0.01. 

 

Table 2 – Pre-trends 

Dep var: Change in log employment per 

capita compared to 2008 
(1) (2) (3) (4) (5) (6) 

Green ARRA per capita (log) 0.00116 0.00205* 0.00279*** 0.00110 0.00180* 0.00281*** 
 (0.00145) (0.00106) (0.000921) (0.00117) (0.000896) (0.000798)  

Non-green ARRA per capita (log)    0.00978** 0.00710** -0.000482  

        (0.00403) (0.00291) (0.00321)  

US-Division dummies No Yes No No Yes No 

State dummies No No Yes No No Yes 

Vigintiles of non-green ARRA per capita Yes Yes Yes No No No 

R squared 0.507 0.581 0.687 0.492 0.574 0.679  

N of CZ 587 587 587 587 587 587 

Observations 1761 1761 1761 1761 1761 1761  

Notes: OLS model weighted by CZ population in 2008. Sample: CZ with at least 25,000 residents in 2008. Timespan: 2005-2007. Year dummies 

included in all specifications. Control variables as in Table 1: Share of empl with GGS>p75 (year 2006), Population 2008 (log), Income per capita 

(2005), Import penetration (year 2005), Pre trend (2000-2007) empl manufacturing / pop, Pre trend (2000-2007) employment tot / pop, Pre trend 

(2000-2007) empl constr / pop, Pre trend (2000-2007) empl extractive / pop, Pre trend (2000-2007) empl public sect / pop, Pre trend (2000-2007) 

unempl / pop, Pre trend (2000-2007) empl edu health / pop, Empl manuf (average 2006-2008) / pop, Empl constr (average 2006-2008) / pop, 

Empl extractive (average 2006-2008) / pop, Empl public sect (average 2006-2008) / pop, Unempl (average 2006-2008) / pop, Empl edu health 

(average 2006-2008) / pop, Shale gas extraction in CZ interacted with year dummies, Potential for wind energy interacted with year dummies, 



 

 

Potential for photovoltaic energy interacted with year dummies, Federal R&D lab, CZ hosts the state capital, Nonattainment CAA old standards, 

Nonattainment CAA new standards. Standard errors clustered by state in parenthesis. * p<0.1, ** p<0.05, *** p<0.01. 

 

The last diagnostic concerns the presence of pre-trends in our data: the possibility that 

employment growth before the great recession differs depending on the level of green ARRA 

received, even after controlling for observable commuting zone characteristics. We check for 

pre-trends by regressing our main dependent variable used in the econometric analysis of the 

next section, the change in per capita employment from year 𝑡 to our base year of 2008, on 

both the log of per capita green ARRA spending and the two sets of control variables described 

above, for the years 2005-2007. Regardless of whether we model regional effects through state 

or census division dummies, columns (1)–(3) of Table 2 show that, conditional on our set of 

controls, more green ARRA went to areas with greater growth in total employment before the 

great recession. This is not surprising given that the characteristics that define areas receiving 

more green ARRA are usually thought to be associated with sustained employment growth, 

such as the presence of an R&D lab, of manufacturing activities or of shale gas production. 

While the coefficient on green ARRA is insignificant in our model without any region fixed 

effects (column 1), note that this is largely because the estimates are less precise when omitting 

these regional effects. 

Columns (4)–(6) of Table 2 show that the issue of pre-trends is specific to green 

stimulus spending. Here, we replace the vigintiles of per capita non-green ARRA with a 

continuous measure of per capita non-green ARRA (in logs). State fixed-effects are sufficient 

to remove the pre-trend for non-green ARRA spending. Yet the results for green ARRA remain 

the same: pre-trends are strongest when including state fixed effects. A likely explanation for 

this finding is that many ARRA funds were allocated as block grants to states using pre-existing 

formulas. As such, the allocations to states are plausibly exogenous (e.g. Wilson, 2012). 

However, states have discretion as to how to allocate these block grants within the state. For 

instance, states could have prioritized allocating green ARRA block grant funds to commuting 

zones that were already “green”. Our results suggest that such targeting of stimulus spending 

to well-performing areas by state governments was the case for green stimulus spending, but 

not for non-green stimulus spending. 

State fixed effects identify the effects of ARRA based on within-state variation only, which is 

not necessarily exogenous. Division dummies allow for a broader comparison group that is 

more likely to be exogenous. Using census division fixed effects, rather than state fixed effects, 

reduces but does not eliminate the pre-trends for green ARRA. For this reason, we use division 

dummies in our preferred empirical specification.  

While the role of unbalances in the covariates can be mitigated by directly testing the 

robustness of the results to the exclusion of areas with shale gas production or R&D labs, the 

presence of pre-trends requires greater care to provide an accurate estimate of the effect of 

green ARRA on employment. We discuss the possible solution to this problem in the next 

section. 

 



 

 

2.4.2 Estimating equation and instrumental variable strategy 

Our main econometric model is an event-study model that jointly estimates the effects 

of green ARRA for years before and after the crisis. The first main advantage of this approach 

is that we can explicitly tackle the issue of pre-trends discussed above. The second advantage 

is being able to assess whether the effect of green ARRA lasts beyond the stimulus period, 

possibly generating a virtuous circle of green investments. Our dependent variable is the long-

difference between our measures of per-capita employment in year t relative to our base year 

of 2008.16 So that the value can always be interpreted as growth in employment, we define the 

dependent variable as follows: 

∆ ln(𝑦𝑖,𝑡) =  𝑙𝑛 (
𝑦𝑖,2008

𝑝𝑜𝑝𝑖,2008
) − 𝑙𝑛 (

𝑦𝑖,𝑡

𝑝𝑜𝑝𝑖,2008
) = 𝑙𝑛 (

𝑦𝑖,2008

𝑦𝑖,𝑡
) if t < 2008 

∆ ln(𝑦𝑖,𝑡) =  𝑙𝑛 (
𝑦𝑖,𝑡

𝑝𝑜𝑝𝑖,2008
) − 𝑙𝑛 (

𝑦𝑖,2008

𝑝𝑜𝑝𝑖,2008
) = 𝑙𝑛 (

𝑦𝑖,𝑡

𝑦𝑖,2008
) if t >2008 

Using this, we estimate the following equation for the 587 commuting zones in our 

primary estimation sample:  

∆𝑙𝑛(𝑌𝑖𝑡) = 𝛼 + ∑ 𝛽𝑡𝑙𝑛 (
𝐺𝑟𝑒𝑒𝑛𝐴𝑅𝑅𝐴𝑖

𝑝𝑜𝑝𝑖,2008
)𝑡 + ∑ 𝐗𝑖𝑡0

′ 𝛗𝑡𝑡  + ∑ 𝐆𝑖𝑡0

′ 𝛗𝑡𝑡 + 𝜇𝑖∈𝑣,𝑡 + 𝜂𝑖∈𝑐,𝑡 + 𝜖𝑖𝑡.  (1) 

where 𝜖𝑖,𝑡 is an error term, 𝜇𝑖∈𝑣,𝑡 are period-specific dummies for the vigintiles of non-green 

ARRA spending and 𝜂𝑖∈𝑐,𝑡 are period-specific region fixed effects, i.e. census division fixed 

effects in our preferred model and state fixed effects in an alternative specification. 

Importantly, we estimate equation (1) by stacking all years together, but we allow the 

coefficient of green ARRA and of all the other covariates, including region fixed effects and 

the vigintiles for non-green ARRA to vary only among three periods: the pre-ARRA (2005-

2007); the short-term (2009-2012) and the long-term (2013-2017). This reduces the number of 

coefficients to be estimated which is important to assess the role of mediating factors of green 

ARRA effects, such as availability of the right know-how in the local labor market. To visually 

convey our main result, we also plot the green ARRA coefficients estimated on a yearly 

frequency through equation (1).  

The main variable of interest is green ARRA spending, also rescaled by total population 

in 2008. While effective green spending spanned several years between 2009 and 2012, nearly 

all outlays were announced in 2009 (see, e.g. Figure 2 in Wilson, 2012). Therefore, we build a 

time invariant measure of green spending as the total spending across those four years.  

We take a log transformation for both our dependent and main explanatory variable to 

account for the skewness in their respective distributions. In all regressions, we cluster standard 

errors at the state-level, using the state of the main county in each commuting zone. We cluster 

at the state level because of the discretion that state governments have allocating ARRA funds. 

This results in slightly more conservative standard errors than if we cluster at the commuting 

zone level. We weight observations using population level in 2008. 

Given the unavoidable presence of pre-trends documented earlier, we cannot assume 

that the allocation of green ARRA spending to commuting zones is quasi-random, even after 

including a rich set of controls given the unbalances in the covariates shown in Table 1. The 

                                                 
16 Employment is either green employment, total employment or employment in a particular sector 

(construction, manufacturing, etc.) or occupation (managers, manual workers, etc.). See Appendix A3 for more 
details on data sources and measurement of our dependent variables.  



 

 

pre-trend effect �̂�𝑝𝑟𝑒 reflects the presence of unobserved variables that are correlated with both 

the allocation of green ARRA and the outcome variables. Thus, we compute the long- and 

short-term effect of green ARRA by subtracting its effect before 2008. That is: �̂�𝑠ℎ𝑜𝑟𝑡 − �̂�𝑝𝑟𝑒 

and �̂�𝑙𝑜𝑛𝑔 − �̂�𝑝𝑟𝑒 can be interpreted as the average effect of green ARRA in the short- or long-

run, respectively.  

The credibility of such differences to estimate the effect of green ARRA rests upon an 

untestable assumption regarding the functional form of the relationship between employment 

and green ARRA. More specifically, interpreting these differences as average short-run or 

long-run effects assumes that employment trends (and pre-trends) across different commuting 

zones are affected by observable and unobservable covariates in a linear way. As such, the pre-

trend in the effect of green ARRA accurately approximates the counterfactual employment 

dynamics conditional on all covariates, in commuting zones receiving a larger fraction of green 

ARRA. For instance, the amount of green ARRA received may be a function of the pre-existing 

size of the green economy or past government policies in each commuting zone.  

As an alternative identification strategy, we exploit the well-known fact that ARRA 

spending was allocated according to formulas that were in use before the passage of the 

Recovery Act (see the discussion of Chodorow-Reich, 2018).17 Importantly, the formulaic 

instrument has a typical shift-share structure used in the seminal literature on cross-sectional 

multipliers (e.g. Nakamura and Steinsson, 2014). In previous studies, such instrument satisfies 

the exclusion restriction of affecting total employment only through ARRA spending because 

the main source of endogeneity was the local effect of the great recession.  

Unfortunately, such an instrumental variables strategy is not as clean in the case of 

green ARRA, because endogeneity of green ARRA is also related to the persistent effect of 

pre-ARRA green spending. In this context, we must be careful in the interpretation of the 

results obtained using a similar shift-share instrument; that is: an instrument that combines the 

initial “share” of EPA plus DoE spending in the CZ (over total DoE and EPA spending) with 

the green ARRA “shift”. Such instrument adds an exogenous shock in green expenditures to 

areas that were already receiving larger amount of green spending before ARRA. Again, it is 

crucial that the pre-recession effect of green ARRA properly instrumented mimics the effect 

that pre-ARRA green spending would have had in the long-run. The problem here is similar to 

that put forward by Jaeger et al. (2018) by noting that shift-share instrument conflates short- 

and long-term effects. We follow their suggestion and take a “share” far in the past (i.e. an 

average share of DoE plus EPA spending between 2003 and 2004), under the assumption that 

the effect of past spending gradually fades away. Moreover, the existence of a clear shock eases 

the interpretation of the pre-crisis effect of green ARRA, which is similar to the effect of past 

policy shocks in their setup. However, the effectiveness of this strategy is limited by the 

difficulties accurately measuring pre-ARRA green spending, as explained in the data Appendix 

A4. 

                                                 
17 According to Conley and Dupor (2013), 2/3 of ARRA spending were allocated using such formulaic 

approach to privilege shovel-ready projects that have an immediate impact on the economy. For instance, 
spending in road construction, education and health were allocated by the Recovery Act using the formulas in 
place before the act (Wilson, 2012; Garin, 2018). 



 

 

Overall, both the IV and the OLS solution of the endogeneity problem rest upon the 

untestable assumption that the pre-crisis effect of green ARRA is a good estimate of the 

counterfactual employment growth, conditional on the covariates. However, while neither 

solution is perfect, comparing the OLS and the IV results can be very informative as each 

approach minimizes a different source of endogeneity. The IV mitigates endogeneity related to 

non-random assignment of green ARRA subsidies but it represents an upper bound, as it may 

capture the effect of past and present green ARRA on areas that were already on a green path, 

i.e. compliers in a LATE terminology (Imbens and Angrist, 1994). The OLS does the opposite: 

the effect should be smaller as it is the average of the exogenous shock on compliers and the 

endogenous shock on non-compliers, which is however less likely to conflate the effect of 

green ARRA with that of past green policies. 

Finally, the estimates obtained from the above empirical strategy provide the average 

effect of green stimulus on total employment. To explore the mechanism through which green 

stimulus affects employment, we extend our analysis to test for heterogeneous impacts of green 

spending. We do this in three ways. First, we consider whether the existing skill composition 

in each commuting zone changes the effectiveness of green ARRA. Second, we estimate 

separate models for different sectors and occupations, to ascertain whether there is 

heterogeneity across different types of workers. Finally, we assess the distributional effect of 

green ARRA spending by estimating the green ARRA impact for different broad groups of 

workers, such as manual labor. This exercise will indicate whether skill-biased shifts in labor 

demand induced by green ARRA create winners and losers in particular workers’ categories.  

 

2.5 Results 

 

This section presents the main results of the paper. Subsection A focuses on the effect 

of the green stimulus on total employment. In subsection B, we show that the pre-existing level 

of green skills matters. Subsection C presents results by sector. Subsection D explores the 

distributional implications of this further, by focusing on the effect of green ARRA on manual 

labor. Finally, subsection E reports various robustness checks. 

 

Results on Total Employment 

Table 3 shows four specifications to compare the OLS (columns 1 and 2) and the 

instrumental variable (3 and 4) specifications described in section IV.B. We are also interested 

in comparing how different ways of modeling regional effects influence the results, thus in 

columns 1 and 3 we use census division dummies and in columns 2 and 4 state dummies. For 

sake of completeness, the Table reports the point estimates of the green ARRA coefficients for 

the pre-ARRA period (�̂�𝑝𝑟𝑒), the short-term (�̂�𝑠ℎ𝑜𝑟𝑡) and the long-term (�̂�𝑙𝑜𝑛𝑔). However, the 

key statistics of interest are: �̂�𝑙𝑜𝑛𝑔 − �̂�𝑝𝑟𝑒 and �̂�𝑠ℎ𝑜𝑟𝑡 − �̂�𝑝𝑟𝑒, which measure the effect of the 

green stimulus net of the pre-trend. Our comments focus on these statistics as well as on the 

corresponding number of jobs created per millions of dollars spent. Since the quantification of 



 

 

the number of jobs created is not straightforward as in related papers, we report in Appendix B 

the arithmetic to translate the estimated coefficients into number of jobs created.  

We first discuss the selection of a preferred specification among the four presented in 

the Table. We find that IV results are larger than the OLS ones, especially when using state 

dummies (column 2 vs. 4). However, the precision of the estimated �̂�𝑙𝑜𝑛𝑔 − �̂�𝑝𝑟𝑒 difference 

drops significantly when using census division dummies and the IV (column 3). The lack of 

precision is not primarily associated with a weak instrument problem (Angrist and Pischke, 

2008)18 and thus highlights higher heterogeneity in the effect within the compliers. As a further 

check of the credibility of the IV strategy, we perform an over-identification test on 

instruments’ exogeneity by splitting the IV in its two components: EPA spending and DoE 

spending (the first-stage results are shown in Table C2 in Appendix C). Goldsmith-Pinkham et 

al. (2018) propose to use this diagnostic for the standard shift-share instrument which is a linear 

combination of multiple instruments. We find that only the specification with census division 

dummies fails to reject the null of hypothesis that the exclusion restrictions are satisfied (Table 

C3 in Appendix C). This is consistent with our previous observation that, since states have 

discretion in allocating part of the ARRA funds, controlling for state dummies amplifies the 

endogeneity problem.  

Our preferred specification in column (1) indicates that the effect of the green stimulus 

is much stronger in the long- than in the short-run. While definitive explanations for a stronger 

long-run effect are left for future research, potential explanations include government 

investments attracting additional private investments in favored green sectors (Mundaca and 

Ritcher, 2015) as well as administrative delays related the realization of key green programs.19 

The long-term effect, net of the pre-ARRA trend, implies that the cost per job of the green 

stimulus is 67,750 dollars. The creation of 1.47 job per 100K is in the middle of the range of 

estimates of papers evaluating other programs of the Recovery Act (Chodorow-Reich, 2019). 

However, the long-term effect is statistically different from the pre-ARRA effect only at 10% 

level (p-value 0.082) and in all three alternative specifications it becomes statistically 

insignificant. As a result, although our preferred estimate appears plausible compared to the 

previous literature and substantially lower than the estimate of the green stimulus of the 

Council of Economic Advisors (2014), we cannot firmly conclude that the green stimulus 

boosted job creation in the long-run when focusing on overall employment.  

 

 

  

                                                 
18 The instruments are not very strong, but the first-stage is above the usual cut-off threshold of 10 

(e.g., 12.7 in column 3 and 13.8 in column 4). The full set of first-stage results is contained in Table C1 of the 
Appendix C.  

19 For example, weatherization grants were delayed by (1) requirements that weatherization grants only 
go to projects paying a “prevailing wage” and (2) completing a National Historic Preservation Trust review of 
renovation plans affecting historic buildings (https://abcnews.go.com/WN/Politics/stimulus-weatherization-
jobs-president-obama-congress-recovery-act/story?id=9780935, last accessed May 14, 2020). 

https://abcnews.go.com/WN/Politics/stimulus-weatherization-jobs-president-obama-congress-recovery-act/story?id=9780935
https://abcnews.go.com/WN/Politics/stimulus-weatherization-jobs-president-obama-congress-recovery-act/story?id=9780935


 

 

Table 3 – Baseline results 

Dep var: Change in log employment per capita compared to 2008 
(1) (2) (3) (4) 

OLS OLS IV IV 

Green ARRA per capita (log) x D2005_2007 0.00205* 0.00279*** 0.00783 0.00670  
 (0.00105) (0.000913) (0.00565) (0.00432)  

Green ARRA per capita (log) x D2009_2012 0.00215** 0.00249*** 0.00644 0.00747**  
 (0.000845) (0.000734) (0.00434) (0.00312)  

Green ARRA per capita (log) x D2013_2017 0.00523*** 0.00500*** 0.0129 0.0162*** 

  (0.00169) (0.00132) (0.00958) (0.00621)  

US-Division dummies x period dummies Yes No Yes No 

State dummies x period dummies No Yes No Yes 

Comparison across periods:     

Green ARRA per capita (log): 2009-2012 vs 2005-2007 0.0001 -0.0003 -0.00139 0.00077  
 (0.00102) (0.000897) (0.00478) (0.00337)  

Green ARRA per capita (log): 2013-2017 vs 2005-2007 0.00318* 0.00221 0.00503 0.00946  
 (0.00179) (0.00160) (0.00879) (0.00623)  

N of jobs created by $1 mln green ARRA: short term (2009-2012) 0.44 -1.29 -6.02 3.36  
 (4.430) (3.891) (20.76) (14.62)  

N of jobs created by $1 mln green ARRA: long term (2013-2017) 14.76* 10.24 23.34 43.93  

  (8.310) (7.413) (40.83) (28.95)  

R squared 0.674 0.766 0.553 0.640  

F-test of excluded IV from first stage   12.72 13.80 

Observations 7631 7631 7631 7631  

Notes: Regressions weighted by CZ population in 2008. Sample: 587 CZ with at least 25,000 residents in 2008. Year dummies included. 

Additional control variables (interacted with D2002_2007, D2009_2012 and D2013_2017 dummies): Vigintiles of non-green ARRA per capita, 

Share of empl with GGS>p75 (2005), Population 2008 (log), Income per capita (2005), Import penetration (year 2005), Pre trend (2000-2007) 

empl manufacturing / pop, Pre trend (2000-2007) employment tot / pop, Pre trend (2000-2007) empl constr / pop, Pre trend (2000-2007) empl 

extractive / pop, Pre trend (2000-2007) empl public sect / pop, Pre trend (2000-2007) unempl / pop, Pre trend (2000-2007) empl edu health / pop, 

Empl manuf (average 2006-2008) / pop, Empl constr (average 2006-2008) / pop, Empl extractive (average 2006-2008) / pop, Empl public sect 

(average 2006-2008) / pop, Unempl (average 2006-2008) / pop, Empl edu health (average 2006-2008) / pop, Shale gas extraction in CZ interacted 

with year dummies, Potential for wind energy interacted with year dummies, Potential for photovoltaic energy interacted with year dummies, 

Federal R&D lab, CZ hosts the state capital, Nonattainment CAA old standards, Nonattainment CAA new standards. Endogenous variable 

(columns 3 and 4): Green ARRA per capita (log). Excluded IV from the first stage: shift-share IV of ARRA spending by Department/Agency; 

local spending share 2001-2004. Standard errors clustered by state in parentheses. * p<0.1, ** p<0.05, *** p<0.01. 

 

We subtract �̂�𝑝𝑟𝑒when interpreting coefficients because the green stimulus was directed 

to commuting zones with more sustained job growth before 2008. We acknowledge, however, 

that the length of time span used in our estimates is not symmetric before and after the great 

recession. Using only three years to estimate the pre-ARRA effect may lead to a misleading 

estimate of a long-term pre-ARRA pattern. To shed light on this issue and fully track the time 

profile of the green stimulus, we re-estimate our OLS specifications using data from 2000-

2017, allowing all the coefficients of equation (1) to vary yearly. We plot the coefficients as 

well as the 95% confidence intervals for green ARRA in Figure 6. For these regressions only, 

our dependent variable is 𝑙𝑛 (
𝑦𝑖,𝑡

𝑝𝑜𝑝𝑖,2008
) − 𝑙𝑛 (

𝑦𝑖,2008

𝑝𝑜𝑝𝑖,2008
) both before and after 2008, so that we 

can interpret the slope of this plot as the effect of green ARRA on the annualized growth rate 

in per capita employment between adjacent years.20 Most notable in this figure is that the pre-

trend we observe (green ARRA going to commuting zones with greater employment growth) 

begins between 2004 and 2005. Prior to that, we observe a flat line, so that while per capita 

employment in areas receiving more green ARRA was lower than 2008 in the 2000-2004 

period, the annualized growth rate of employment in these commuting zones was no different. 

                                                 
20 That is, each coefficient represents the effect of green ARRA on per capita employment relative to 

the base year of 2008. Thus, the difference between the point estimate in any two adjacent years is the effect 
of green ARRA on the annual growth rate of employment between those two years. 



 

 

This helps support our use of the 2005-2007 period for estimating the pre-trend. Overall, this 

figure shows that green ARRA investments reinforced a positive employment growth pattern 

that emerged just a few years before the crisis. 

Figure 6 – Year-by-year effects 

 

Notes: plot of annual estimates of log(per capita green ARRA) on the change in log employment per capita 

compared to 2008 per capita, using the OLS models weighted by CZ population in 2008 (equation 1). 

 

The Mediating Effect of Green Skills 

We next ask whether the effectiveness of green stimulus spending depends on the 

existing skill base of workers in each commuting zone. The types of skills workers need to 

work in green jobs may be different than the skills needed in other sectors. We use the data on 

green skills described in section III to identify the share of employment in each commuting 

zone in occupations with green skills importance in the 75th percentile or higher in 2006 (i.e. 

prior to the recession). While these jobs need not themselves be green, this captures the local 

endowment of the types of skills in high demand in a green economy. One might expect green 

stimulus to be more effective in areas with a higher concentration of green skills.  

We augment our baseline model, which already controls for the initial concentration of 

green skills in a region, by interacting our green ARRA variables (pre-, short- and long-) with 

the share of employment in occupations with green skills importance in the 75th percentile or 

higher. Table 4 presents these results, and Figure 7 shows the marginal effect of green ARRA 

net of the pre-trend at different levels of initial green skills. The results show the importance 

of the initial skill base. Both �̂�𝑙𝑜𝑛𝑔 − �̂�𝑝𝑟𝑒 and �̂�𝑠ℎ𝑜𝑟𝑡 − �̂�𝑝𝑟𝑒 becomes statistically significant 

at the 5 percent level for commuting zones with a sufficiently large base of green skills. Using 

the specification with census division dummies, the net effect of green ARRA becomes 

significant for commuting zones with a share of green skills above the cutoff of 0.308 in the 



 

 

short-run and 0.249 in the long-run.21 The long-term effect at the last quartile of the GGS 

distribution is 26 jobs created per $1 million (column 1), which is definitely in the upper bound 

of the range provided by Chodorow-Reich (2019). The result is even more remarkable by 

noting the fact that the initial share of occupations in the upper quartile of GGS importance 

itself has a large effect on future employment growth. Recall from Table 1 that the initial share 

of occupations in the upper quartile of GGS importance is also strongly correlated with the 

allocation of green ARRA subsidies. In combination, these results reinforce our interpretation 

of the green stimulus as a successful example of picking the winners.  

Table 4 – Interaction with initial green skills 

Dep var: Change in log employment per capita compared to 2008 (1) (2) 

Share of empl with GGS>p75 (year 2006) x D2005_2007 0.462** 0.325*  
 (0.219) (0.177)  

Share of empl with GGS>p75 (year 2006) x D2009_2012 1.098*** 0.664**  
 (0.305) (0.298)  

Share of empl with GGS>p75 (year 2006) x D2013_2017 1.485*** 0.754  
 (0.533) (0.478)  

Green ARRA per capita (log) x D2005_2007 -0.00872 -0.00444  
 (0.00535) (0.00421)  

Green ARRA per capita (log) x D2009_2012 -0.0242*** -0.0143*  
 (0.00787) (0.00749)  

Green ARRA per capita (log) x D2013_2017 -0.0360** -0.0197  
 (0.0136) (0.0121)  

Green ARRA per capita (log) x Share of empl with GGS>p75 (year 2006) x D2005_2007 0.0437* 0.0293  
 (0.0217) (0.0180)  

Green ARRA per capita (log) x Share of empl with GGS>p75 (year 2006) x D2009_2012 0.107*** 0.0679**  
 (0.0314) (0.0303)  

Green ARRA per capita (log) x Share of empl with GGS>p75 (year 2006) x D2013_2017 0.167*** 0.100**  

  (0.0525) (0.0476)  

Comparison across periods and levels of initial GGS:   

- First quartile of Share of empl with GGS>p75 (year 2006)   

N of jobs created by $1 mln green ARRA: short term (2009-2012) -2.64 -3.21  
 (4.178) (3.651)  

N of jobs created by $1 mln green ARRA: long term (2013-2017) 8.39 6.6  
 (8.669) (7.356)  

- Median of Share of empl with GGS>p75 (year 2006)   

N of jobs created by $1 mln green ARRA: short term (2009-2012) 1.66 -0.57 

 (4.39) (4.04) 

N of jobs created by $1 mln green ARRA: long term (2013-2017) 17.44** 11.78 

 (8.12) (7.34) 

- Third quartile of Share of empl with GGS>p75 (year 2006)   

N of jobs created by $1 mln green ARRA: short term (2009-2012) 5.94 2.06  
 (5.174) (5.109)  

N of jobs created by $1 mln green ARRA: long term (2013-2017) 26.43*** 16.92*  

  (8.905) (8.763)  

US-Division dummies x period dummies Yes No 

State dummies x period dummies No Yes 

R squared 0.678 0.767  

N of CZ 587 587 

Observations 7631 7631 

Notes: OLS model weighted by CZ population in 2008. Sample: 587 CZ with at least 25,000 residents in 2008. Year dummies included. Additional 

control variables (interacted with D2002_2007, D2009_2012 and D2013_2017 dummies): Vigintiles of non-green ARRA per capita, Population 

2008 (log), Income per capita (2005), Import penetration (year 2005), Pre trend (2000-2007) empl manufacturing / pop, Pre trend (2000-2007) 

employment tot / pop, Pre trend (2000-2007) empl constr / pop, Pre trend (2000-2007) empl extractive / pop, Pre trend (2000-2007) empl public 

sect / pop, Pre trend (2000-2007) unempl / pop, Pre trend (2000-2007) empl edu health / pop, Empl manuf (average 2006-2008) / pop, Empl constr 

(average 2006-2008) / pop, Empl extractive (average 2006-2008) / pop, Empl public sect (average 2006-2008) / pop, Unempl (average 2006-2008) 

/ pop, Empl edu health (average 2006-2008) / pop, Shale gas extraction in CZ interacted with year dummies, Potential for wind energy interacted 

with year dummies, Potential for photovoltaic energy interacted with year dummies, Federal R&D lab, CZ hosts the state capital, Nonattainment 

CAA old standards, Nonattainment CAA new standards. Standard errors clustered by state in parentheses. * p<0.1, ** p<0.05, *** p<0.01. 

                                                 
21 These thresholds correspond, respectively, to the 97th and 46th percentile of the cross-CZ 

distribution of our GGS variable. 



 

 

Figure 7 – Variation in the Effect of Green ARRA on employment by initial Green Skills 

 

Notes: plot of the marginal effects of green ARRA, conditional on initial Green Skills. Calculations based 

on estimates from Table 4.  

 

Mechanisms 

In this section, we explore further how the green stimulus affects employment by 

focusing on specific sectors of the economy. As the effect of the green stimulus is likely to be 

concentrated in certain sectors, our analysis will shed light on how green policies reshape the 

structure of the local economy. This exercise provides an initial account of the mechanics 

through which green ARRA stimulates employment and acts as a validation check that green 

ARRA really hits these target sectors. Table 5 considers green employment (the share of 

specific tasks in each occupation that O*NET defines as “green”, see Appendix A3 and Vona 

et al., 2018) and four additional sectors: manufacturing, construction, professional and 

scientific, and waste management. We focus on green employment, manufacturing, 

construction and waste management since they are the activities are most likely to receive green 

subsidies. We add professional and scientific services because they make use of Green Skills 

such as engineering and technical competences that were shown above to enhance the impact 

of the green stimulus. 

As expected, the green stimulus has a positive and statistically significant long-term 

effect on green employment. While 4.6% of total employment is green, roughly 20 percent of 



 

 

the jobs created by green ARRA were green.22 The additionality effect (�̂�𝑙𝑜𝑛𝑔 − �̂�𝑝𝑟𝑒) is large 

in absolute term with 2.9 green jobs created per $1 million spent, but statistically insignificant 

at conventional level (p-value=0.16). Note, however, that the insignificant effect of the joint 

test is not because green ARRA went disproportionately to regions that had a higher share of 

green jobs, but rather because of the imprecise negative estimate of the pre-ARRA coefficient. 

The direct long-run effect is significant at the traditional 5% level. 

The green stimulus also led to job creation in the construction and waste management 

sectors. Of the 14.8 total jobs created per $1 million green ARRA, over half (8.06) are in these 

two sectors. This is consistent with green ARRA targeting projects such as building renovation 

for energy efficiency, construction of renewable energy projects (e.g., new wind turbines 

testing facilities at Clemson University and the Massachusetts Clean Energy Center), and 

remediation of hazardous waste sites (e.g., a $ 5 million award to support the remediation work 

at the Vineland Chemical Superfund Site in New Jersey). Once again, pre-trends are less of 

concern in these sectors, as the coefficients of �̂�𝑝𝑟𝑒 are statistically insignificant. In contrast, 

we do not find any significant effect on manufacturing, although the long-term effect of green 

ARRA is positive and significant. In this case, the lack of statistical significance in the 

additionality effect is associated with a positive pre-ARRA effect, meaning that green ARRA 

reinforced a pre-existing advantage in manufacturing. Moreover, despite our finding that the 

presence of green skills enhances the effectiveness of green ARRA investments, we find no 

evidence of increased employment in the professional scientific, and technical services sector. 

Overall, the green stimulus reshaped labor markets by increasing the size of the local 

green economy as well as employment in construction and waste management. However, the 

distributional effect of the stimulus is less clear. While greener tasks are concentrated in high-

skills and thus well-paid occupations (Vona et al., 2019), construction and waste jobs may 

boost the creation of jobs that pay less. We explore this issue in the next section.  

 

Table 5 – Results by sector 

Dep var: Change in log employment (by type) per capita compared 

to 2008 

Green 

employment 

(O*NET-based 

definition) 

Manufacturing 

sector (NAICS 

31-33) 

Construction 

sector (NAICS 

23) 

Professional, 

scientific, 

technical 

service sector 

(NAICS 54) 

Waste 

management 

service sector 

(NAICS 56) 

Green ARRA per capita (log) x D2005_2007 -0.00149 0.00367 -0.000480 0.00982 -0.00914  
 (0.00449) (0.00244) (0.00331) (0.00899) (0.0111)  

Green ARRA per capita (log) x D2009_2012 0.00182 0.00148 -0.000799 -0.00276 0.0143*  
 (0.00442) (0.00198) (0.00367) (0.00541) (0.00725)  

Green ARRA per capita (log) x D2013_2017 0.0113** 0.00736** 0.0105* -0.0106 0.0119  

  (0.00559) (0.00324) (0.00603) (0.0116) (0.00934)  

Comparison across periods:      

Green ARRA per capita (log): 2009-2012 vs 2005-2007 0.00332 -0.00219 -0.00032 -0.01259 0.02343**  
 (0.00826) (0.00261) (0.00556) (0.0123) (0.00980)  

Green ARRA per capita (log): 2013-2017 vs 2005-2007 0.01278 0.00369 0.01098* -0.0204 0.02104**  
 (0.00898) (0.00472) (0.00648) (0.0124) (0.0103)  

N of jobs created by $1 mln green ARRA: short term (2009-2012) 0.64 -0.91 -0.06 -2.8 5.55**  
 (1.606) (1.090) (1.060) (2.735) (2.319)  

N of jobs created by $1 mln green ARRA: long term (2013-2017) 2.86 1.6 2.36* -5.02 5.7**  

  (2.008) (2.051) (1.394) (3.044) (2.787)  

R squared 0.337 0.502 0.655 0.0949 0.188  

                                                 
22 4.6% is slightly higher than the estimate of 3.1% provided by Vona et al. (2019) for 2014. This can be 

due to an aggregation bias or to the fact that we add three years after 2014. See Appendix A3 for greater details.  



 

 

Observations 7631 7631 7631 7631 7631  

Notes: OLS model weighted by CZ population in 2008. Sample: 587 CZ with at least 25,000 residents in 2008. Year fixed effects and US-Division x period 

fixed effects included. Additional control variables (interacted with D2002_2007, D2009_2012 and D2013_2017 dummies) same as Table 3. Standard errors 

clustered by state in parentheses. * p<0.1, ** p<0.05, *** p<0.01. 

 

Table 6 – Results by occupational group 

Dep var: Change in log employment (by occupational group) per capita 

compared to 2008 

Abstract 

occupations 

Manual 

occupations 

Service 

occupations 

Clerical 

occupations 

Green ARRA per capita (log) x D2005_2007 0.00203 -0.00113 0.00320 0.00446**  
 (0.00175) (0.00277) (0.00250) (0.00209)  

Green ARRA per capita (log) x D2009_2012 0.00172 0.00485* -0.00299 -0.000659  
 (0.00206) (0.00273) (0.00375) (0.00261)  

Green ARRA per capita (log) x D2013_2017 0.000885 0.0119** -0.00113 0.00321  

  (0.00418) (0.00541) (0.00468) (0.00268)  

Comparison across periods:     

Green ARRA per capita (log): 2009-2012 vs 2005-2007 -0.00031 0.00598 -0.00619 -0.00512  
 (0.00348) (0.00414) (0.00570) (0.00432)  

Green ARRA per capita (log): 2013-2017 vs 2005-2007 -0.00114 0.01299** -0.00433 -0.00124  
 (0.00484) (0.00607) (0.00629) (0.00406)  

N of jobs created by $1 mln green ARRA: short term (2009-2012) -0.47 5.8 -4.74 -5.38  
 (5.285) (4.012) (4.369) (4.542)  

N of jobs created by $1 mln green ARRA: long term (2013-2017) -1.91 13.74** -3.56 -1.31  

  (8.098) (6.417) (5.167) (4.292)  

R squared 0.517 0.489 0.422 0.347  

Observations 7631 7631 7631 7631  

Notes: OLS model weighted by CZ population in 2008. Sample: 587 CZ with at least 25,000 residents in 2008. Year fixed effects and US-Division 

x period fixed effects included. Additional control variables (interacted with D2002_2007, D2009_2012 and D2013_2017 dummies) same as 

Table 3. Standard errors clustered by state in parentheses. * p<0.1, ** p<0.05, *** p<0.01. 

 

Table 7 – Focus on manual occupations 

Dep var: Change in log employment (by category) per capita 

compared to 2008 

Average 

hourly wage 

of manual 

workers 

Manual 

workers with 

hourly wage > 

US median 

for manual 

workers 

Manual 

workers with 

hourly wage < 

US median 

for manual 

workers 

Manual 

workers with 

education > 

high school 

degree 

Manual 

workers with 

high school 

degree or less 

Green ARRA per capita (log) x D2005_2007 0.00327 -0.000777 -0.00280 -0.00908 0.00244 
 (0.00474) (0.00397) (0.00346) (0.00585) (0.00281) 

Green ARRA per capita (log) x D2009_2012 -0.00159 0.00440 0.00746** 0.0106** 0.00284 
 (0.00500) (0.00330) (0.00354) (0.00509) (0.00329) 

Green ARRA per capita (log) x D2013_2017 0.00161 0.00930 0.0164*** 0.0144** 0.0103 

  (0.00633) (0.00674) (0.00568) (0.00562) (0.00641) 

Comparison across periods:      

Green ARRA per capita (log): 2009-2012 vs 2005-2007 -0.00485 0.00517 0.01026* 0.01966** 0.0004 
 (0.00935) (0.00620) (0.00564) (0.00877) (0.00519) 

Green ARRA per capita (log): 2013-2017 vs 2005-2007 -0.00166 0.01007 0.01923** 0.02346** 0.00787 
 (0.0103) (0.00815) (0.00750) (0.00931) (0.00752) 

N of jobs created by $1 mln green ARRA: short term (2009-2012) -0.0028 2.67 4.68* 5.46** 0.28 
 (0.00547) (3.196) (2.573) (2.436) (3.600) 

N of jobs created by $1 mln green ARRA: long term (2013-2017) -0.0011 5.74 9.45** 7.44** 5.85 

  (0.00660) (4.644) (3.687) (2.954) (5.594) 

R squared 0.304 0.392 0.381 0.273 0.474 

N of CZ 587 587 587 587 587 

Observations 7631 7631 7631 7631 7631 

Notes: OLS model weighted by CZ population in 2008. Sample: CZ with at least 25,000 residents in 2008. Year fixed effects and US-Division x period 

fixed effects included. Additional control variables (interacted with D2002_2007, D2009_2012 and D2013_2017 dummies) same as Table 3. Standard 

errors clustered by state in parentheses. * p<0.1, ** p<0.05, *** p<0.01. 



 

 

Distributional Effects of Green Stimulus  

Our results for different sectors of the economy suggest that the green stimulus might 

have important distributional effects. In this section, we consider whether the effect of green 

stimulus varies for different types of workers. We estimate separate models for different broad 

groups of workers following a standard grouping in the literature on task-biased technological 

change (Acemoglu and Autor, 2011): abstract occupations, service workers, clerical 

occupations, and manual labor (see Table A5 in Appendix A4). 

Table 6 shows results for these four occupational groups. The important result here is 

that nearly all job creation from green ARRA occurs in manual labor occupations. Recall from 

column (1) of Table 3 that $1 million green ARRA created 14.76 total jobs in the long-term. 

Nearly all of those (13.74) are manual labor jobs. Interestingly, the pre-trends associated with 

green ARRA allocation also appear insignificant (and are negative) when focusing solely on 

manual labor. Given the importance of manual labor in the debate on the distributional effects 

of trade and technology shocks (e.g., Autor et al., 2013; Acemoglu and Restrepo, 2020), we 

provide an in-depth look at how the green stimulus affected manual labor. Table 7 considers 

the effect of green ARRA on manual labor wages (columns 1-3) and on educational attainment 

of manual workers. First, column 1 replaces changes in per capita employment as the dependent 

variable with the average hourly wage of manual workers. Despite increasing demand for 

manual labor, green ARRA investments did not increase the wages of manual workers. In 

columns (2) and (3), we see that most of the increase in manual labor jobs occurred in jobs 

where workers earned less than the US median wage for all manual workers. This missing 

wage gains highlight the well-known deterioration of the bargaining power of manual workers 

that requires other solutions than public spending in the green economy. While the manual 

labor jobs created by green ARRA were not high-paying jobs, they are not necessarily low 

skilled jobs. In the last two columns, we see that most of the increase in manual labor work is 

among manual workers who have more than a high-school education. In fact, this is the one 

group of workers where green ARRA investments created jobs in both the short term (5.46 jobs 

per $1 million) and long term (7.44 jobs per $1 million). While the green stimulus increased 

demand for manual labor workers, these jobs still required higher education and were not better 

paying than existing jobs. 

 

Robustness Checks  

Finally, we present a series of robustness checks that address some critical aspects of 

our identification strategy (Table 8). Each of these robustness checks uses our preferred 

specification using census division fixed effects. In column (1) we exclude commuting zones 

in the highest and lowest vigintiles of non-green ARRA spending, as the standard deviation in 

per capita non-green ARRA is much higher for these two groups. In column (2), we drop 

commuting zones from other potentially problematic vigintiles. Recall that the standard 

deviation of green ARRA within each vigintile is very similar, with the exception of the first 

two vigintiles of non-green ARRA spending and a vigintile in the middle (the 14th vigintile). 

We drop those three vigintiles here. Columns (3) and (4) exclude commuting zones with 



 

 

unbalanced characteristics of some key covariates: those CZ hosting federal R&D laboratories 

(column 3) and those with a high level of shale gas activity (column 4). Finally, our main 

models exclude commuting zones with less than 25,000 residents in 2008. In column (5) we 

include those communing zones. Our results are generally robust. The number of jobs created 

remains between 11.6 and 21.81 per $1 million green ARRA. The long-run effect of the 

stimulus is highest when excluding commuting zones with high levels of shale gas activity, and 

lowest when excluding commuting zones with federal R&D laboratories. The additionality 

effect (�̂�𝑙𝑜𝑛𝑔 − �̂�𝑝𝑟𝑒) is insignificant when excluding federal laboratories, although the direct 

long-run effect is statistically significant. Pre-trends are insignificant in this specification, and 

are about 20 percent smaller than in our main model. 

 

Table 8 – Robustness checks: various 

Dep var: Change in log employment per capita compared to 2008 

(1) (2) (3) (4) (5) 

Excluding 1st 

and 20th 

vigintiles 

Excluding 

other 

problematic 

vigintiles: 1st, 

2nd, 14th 

Excluding CZs 

hosting 

Federal R&D 

Labs 

Excluding CZs 

with shale gas 

extraction 

activities 

Including CZs 

with less than 

25k residents 

Green ARRA per capita (log) x D2005_2007 0.00146 0.00111 0.00163 0.00175* 0.00188*  
 (0.00123) (0.00113) (0.00118) (0.000914) (0.000986)  

Green ARRA per capita (log) x D2005_2007 0.00181* 0.00102 0.00157 0.00190** 0.00189**  
 (0.00108) (0.00101) (0.000971) (0.000876) (0.000809)  

Green ARRA per capita (log) x D2005_2007 0.00526** 0.00506** 0.00413** 0.00645*** 0.00448*** 

  (0.00222) (0.00214) (0.00204) (0.00205) (0.00152)  

Comparison across periods:     
 

Green ARRA per capita (log): 2009-2012 vs 2005-2007 0.00036 -0.00008 -0.00007 0.00015 0.000002  
 (0.00135) (0.00131) (0.00104) (0.00112) (0.000910)  

Green ARRA per capita (log): 2013-2017 vs 2005-2007 0.00381* 0.00396* 0.0025 0.0047** 0.0026*  
 (0.00222) (0.00215) (0.00189) (0.00224) (0.00154)  

N of jobs created by $1 mln green ARRA: short term (2009-2012) 1.55 -0.36 -0.29 0.64 0.01  

s.e. (5.863) (5.666) (4.518) (4.863) (3.946)  

N of jobs created by $1 mln green ARRA: long term (2013-2017) 17.67* 18.37* 11.6 21.81** 12.04*  

s.e. (10.30) (9.961) (8.768) (10.42) (7.133)  

R squared 0.681 0.698 0.634 0.753 0.650  

N of CZ 559 507 563 385 689 

Observations 7267 6591 7319 5005 8957  

Notes: OLS model weighted by CZ population in 2008. Sample: CZ with at least 25,000 residents in 2008 (except column 5). Year fixed effects and US-

Division x period fixed effects included. Additional control variables (interacted with D2002_2007, D2009_2012 and D2013_2017 dummies) same as Table 

3. Standard errors clustered by state in parentheses. * p<0.1, ** p<0.05, *** p<0.01. 

 

 

2.6 Discussion 

 

We perform a comprehensive evaluation of the economic effect of green stimulus using 

the historical experience of the American Recovery Act, which represents the largest push to 

the green economy to date. Our results inform both current policy debates and address longer-

term concerns about job losses in the transition to a green economy. Currently, some 

environmentalists advocate green new deal programs as a win-win solution to both relaunch 

sluggish economic growth in developed countries and to tackle climate change. The Covid-19 

lockdown has led to calls for large-scale investments in the green economy. While the size of 

the green stimulus of 2009 is small compared to what is at stake for a post-Covid-19 recovery, 



 

 

our research highlights interesting features of a green stimulus that can offer guidance to the 

design of future green stimulus programs. 

First, our results suggest green ARRA works more slowly than other stimulus 

investments. The long-run effect of green ARRA on total employment is in the mid-range of 

previous estimates, with just under 15 jobs created per $1 million of green ARRA. The 

persistency of the job creation effect is clearly a positive aspect of the green fiscal stimulus. 

However, the timing of green ARRRA’s impact differs from previous studies of other ARRA 

investments, which generally find short-term effects. For green ARRA, we find little evidence 

of short-run employment gains. Green stimulus investments reinforce long-run growth, but 

alone are not sufficient for a short-term stimulus. The timing of green stimulus investments has 

two implications. First, green stimulus investments appear more effective for reshaping an 

economy than for restarting an economy. While our focus is on the potential employment 

benefits from green investments, future research should also consider the potential 

environmental benefits of green stimulus, as the long-run impacts on employment suggest that 

green investments lead to durable changes in the green economy. Second, while beyond the 

scope of this analysis, it may be that green stimulus investments need to be combined with 

other standard short-term responses, such as extensions to unemployment benefits and financial 

support to business, to provide immediate impact. 

Second, the impact of the green stimulus becomes much clearer when we explore 

several dimensions of heterogeneity. The pre-existing level of green skills matters. Green 

ARRA creates more jobs in commuting zones with larger initial shares of occupations that use 

intensively such skills. The bottom line is that the green stimulus has been particularly effective 

in picking winners – e.g. enhancing opportunities in communities already in position to support 

a green economy. Care must be taken to match green investments to the skill base of the local 

economy. To support communities without the required green skills, expanding specific 

technical programs and engineering education (the most important green skills) could 

complement green stimulus investments. Evaluation of such training programs is left for future 

work. 

Third, a green stimulus has potential to reshape an economy and thus may have 

important distributional effects. Because nearly half of the jobs created by green ARRA 

investments were in construction or waste management, green ARRA increases the demand 

for manual laborers. Importantly, pre-trends are not an issue when we study how the effect of 

green ARRA varies across sectors and occupations. Beyond the direct impacts of a green 

stimulus, these results also have broader implications for whether governments can help ease 

labor market transitions in response to environmental policy. Recent studies suggest that 

environmental regulation may reduce jobs in specific sectors, particularly for lower skilled 

manual labor (Marin and Vona, 2019; Yip, 2019). In contrast, subsidies to green infrastructure 

can benefit unskilled workers and thus may enhance the political support for other climate 

policies. However, wage gains did not follow the increase in the demand of manual tasks in 

areas receiving higher green subsidies. Exploring whether this is due to the fact that green jobs 

in construction are of low quality compared to similar jobs, or to the widespread deterioration 

of employment opportunities of the unskilled requires the use of longitudinal worker-level data 

and is left for future research.  
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Appendix A - Data Appendix 

A1 – Background on Green ARRA investments 

Table A1 – Descriptive statistics for green and non-green ARRA 

  

Non-green 

ARRA 
Green ARRA DOE ARRA EPA ARRA 

Green research 

ARRA 

Green training 

ARRA 

Total, million $ 262,530 61,175 52,119 9,056 6,191 228 

By commuting zone, million $ 

mean 441.62  103.36  88.13  15.22  10.55  0.39  

s.d. 988.06  308.53  294.20  28.97  70.20  1.38  

min 1.59  0.00  0.00  0.00  0.00  0.00  

median 142.54  18.27  10.19  6.07  0.00  0.00  

max 9,963.45  3,677.57  3,601.58  297.57  1,163.62  11.96  

by commuting zone, per capita 

mean 988.47  260.33  213.00  47.33  23.70  0.67  

s.d. 630.78  1,303.29  1,298.28  65.82  313.19  3.83  

min 8.65  0.00  0.00  0.00  0.00  0.00  

median 821.48  104.67  57.81  27.40  0.00  0.00  

max 6,799.15  28,398.38  28,292.04  640.88  7,377.34  70.33  

Notes: data by 587 commuting zone includes only CZ with at least 25000 inhabitants. ARRA for years 2009-2012 divided by population 

in 2008 (dollars per capita). 

 

Table A2 – Top 10 areas in terms of green and non-green ARRA per capita 

Top 10 CZ by green ARRA per capita 

Main county of the CZ 
Green ARRA per 

capita 

Non-green 

ARRA per capita 

Population in 

2008 

Morgan County, IL 28398 1163 55090 

Orangeburg County, SC 8283 1035 157729 

Benton County, WA 6754 599 298566 

Elko County, NV 5722 1098 59144 

Alamosa County, CO 4130 1711 45845 

Lee County, MS 3031 1089 204392 

Frederick County, MD 2856 1054 709225 

Santa Barbara County, CA 2313 712 682217 

Knox County, TN 2294 922 849156 

Larimer County, CO 1839 1478 291650 

Top 10 CZ by non-green ARRA per capita 

Main county of the CZ 
Non-green 

ARRA per capita 

Green ARRA per 

capita 

Population in 

2008 

Sangamon County, IL 6799 291 321216 

Fairbanks North Star Borough, AK 4900 185 101940 

Clarke County, IA 3978 330 33184 

Leon County, FL 3925 456 383912 

Union County, IA 3666 136 28110 

Stutsman County, ND 3565 760 34258 

Bell County, TX 3509 59 398202 

Montgomery County, KY 3184 127 116545 

Morgan County, GA 3171 125 54433 

Thurston County, WA 3069 154 379016 

Notes: only CZ with at least 25000 inhabitants. ARRA for years 2009-2012 divided by population in 

2008 (dollars per capita). Main county of the CZ identified as the county with the largest population level.  



 

 

Figure A1 – Green ARRA spending per capita by Commuting Zone 

 

Notes: own elaboration based on Recovery.gov data from NBER data repository. Green ARRA is defined as 

ARRA spending awarded by DOE and EPA broken down by quartiles. Per capita analysis based on the population 

of each commuting zone prior to the recession, in 2008. Alaska and Hawaii not shown. 

 

 

Figure A2 – Non-green ARRA spending per capita by Commuting Zone 

 

Notes: own elaboration based on Recovery.gov data from NBER data repository. Non-green ARRA is defined as 

ARRA spending awarded by all agencies except DOE and EPA broken down by quartiles. Per capita analysis 

based on the population of each commuting zone prior to the recession, in 2008. Alaska and Hawaii not shown. 

 



 

 

Figure A3 – Share of green ARRA in total ARRA spending by Commuting Zone 

 

Notes: own calculation based on Recovery.gov data from NBER data repository. Green ARRA is defined as 

ARRA spending awarded by the DOE and EPA. Each shade represents a different quartile. Alaska and Hawaii 

not shown. 

 

A2 - Control variables: definitions and data sources 

Data on average annual employment level by county and year is retrieved from the 

BLS-QCEW (Quarterly Census of Employment and Wages of the Bureau of Labor Statistics). 

County-level data are then aggregated up at the CZ level. We use BLS-QCEW also to estimate 

employment by industry. In all regressions, we account for the base-year (2008) level of CZ 

employment per capita by industry as well as the growth in CZ employment per capita 

(population in 2008) by industry and total over the period 2000-2007 (pre-trends). 

Data on unemployed persons is obtained from the BLS-LAUS Local Unemployment 

Statistics database while data on county-level population and personal income per capita is 

retrieved from the database maintained by the Bureau of Economic Analysis. 

Data on occupations and skills are based on microdata from the Decennial Census (5% 

sample, year 2000) and the American Community Survey (ACS, 1% sample of the US 

population, years 2005-2017) available at IPUMS (Integrated Public Use Microdata Series, 

Ruggles et al., 2020). We just consider working-age (16-64) employed persons. We allocate 

worker-level information to CZs based on the worker's place of work (county place of work: 

59.2% of workers; PUMA place of work: 32.5% of workers) and, when not available, county 

of residence (8.3% of workers). Based on the definition of commuting zone, most of these 

residual workers should be employed within the same CZ where they reside. 

As described briefly in Section III.A of the paper, we use ACS microdata to build our 

indicator of GGS endowment. For all 448 SOC-based occupations, we compute for years 2000 

(Decennial Census) and 2005 (ACS) the average importance score of Green General Skills 



 

 

(GGS, see Vona et al., 2018) using data on tasks and skills from the O*NET (Occupational 

Information Network) database (version: 18.0). Based on the national cross-occupation 

weighted (by sample weights times hours worked) distribution of GGS importance scores in 

2000, we compute the 75th percentile of the distribution. Then, using data from ACS for 2005, 

we compute the share of hours worked by employees in each CZ in occupations above the 

threshold of GGS (see Table A3) over total hours worked by employees in each CZ.  

 

Table A3 – List of occupations in the top quartile of GGS 

SOC code Occupation title 

111021 General and Operations Managers 

113051 Industrial Production Managers 

113061 Purchasing Managers 

119021 Constructions Managers 

119111 Medical and Health Services Managers 

119121 Natural Science Managers 

131023 Purchasing Agents, Except Wholesale, Retail, and Farm Products 

131051 Cost Estimators 

131081 Logisticians 

132099 Financial Specialists, All Other 

171010 Architects, Except Naval 

171020 Surveyors, Cartographers, and Photogrammetrists 

172011 Aerospace Engineers 

172041 Chemical Engineers 

172051 Civil Engineers 

172061 Computer Hardware Engineers 

172070 Electrical and Electronics Engineers 

172081 Environmental Engineers 

172110 Industrial Engineers, including Health and Safety 

172121 Marine Engineers and Naval Architects 

172131 Materials Engineers 

172141 Mechanical Engineers 

173010 Drafters 

173020 Engineering Technicians, Except Drafters 

173031 Surveying and Mapping Technicians 

191010 Agricultural and Food Scientists 

191020 Biological Scientists 

191030 Conservation Scientists and Foresters 

192010 Astronomers and Physicists 

192021 Atmospheric and Space Scientists 

192030 Chemists and Materials Scientists 

192040 Environmental Scientists and Geoscientists 

192099 Physical Scientists, All Other 

193051 Urban and Regional Planners 

2590XX Other Education, Training, and Library Workers 

291011 Chiropractors 

291020 Dentists 

291031 Dieticians and Nutritionists 

291041 Optometrists 

291051 Pharmacists 

291060 Physicians and Surgeons 

291071 Physician Assistants 

291081 Podiatrists 

291123 Physical Therapists 

291124 Radiation Therapists 

291126 Respiratory Therapists 

291131 Veterinarians 

291181 Audiologists 

292010 Clinical Laboratory Technologists and Technicians 



 

 

SOC code Occupation title 

292030 Diagnostic Related Technologists and Technicians 

292041 Emergency Medical Technicians and Paramedics 

299000 Other Healthcare Practitioners and Technical Occupations 

331012 First-Line Supervisors of Police and Detectives 

331021 First-Line Supervisors of Fire Fighting and Prevention Workers 

331099 First-Line Supervisors of Protective Service Workers, All Other 

332011 Firefighters 

332020 Fire Inspectors 

333021 Detectives and Criminal Investigators 

371012 First-Line Supervisors of Landscaping, Lawn Service, & Groundskeeping Workers 

372021 Pest Control Workers 

413099 Sales Representatives, Services, All Other 

419031 Sales Engineers 

452011 Agricultural Inspectors 

454011 Forest and Conservation Workers 

471011 First-Line Supervisors of Construction Trades and Extraction Workers 

472011 Boilermakers 

472111 Electricians 

472150 Pipelayers, Plumbers, Pipefitters, and Steamfitters 

472211 Sheet Metal Workers 

474011 Construction and Building Inspectors 

474021 Elevator Installers and Repairers 

474041 Hazardous Materials Removal Workers 

474051 Highway Maintenance Workers 

475031 Explosives Workers, Ordnance Handling Experts, and Blasters 

475040 Mining Machine Operators 

491011 First-Line Supervisors of Mechanics, Installers, and Repairers 

493011 Aircraft Mechanics and Service Technicians 

499021 Heating, Air Conditioning, and Refrigeration Mechanics and Installers 

499044 Millwrights 

49904X Industrial and Refractory Machinery Mechanic 

499051 Electrical Power-Line Installers and Repairers 

499094 Locksmiths and Safe Repairers 

518010 Power Plant Operators, Distributors, and Dispatchers 

518021 Stationary Engineers and Boiler Operators 

518031 Water and Wastewater Treatment Plant and System Operators 

518090 Miscellaneous Plant and System Operators 

532010 Aircraft Pilots and Flight Engineers 

536051 Transportation Inspectors 

1110XX Chief Executives and Legislators 

119013 Farmers, Ranchers, and Other Agricultural Managers 

119041 Architectural and Engineering Managers 

119199 Funeral Directors 

119XXX Miscellaneous Managers, Including Funeral Service Managers and Postmasters and Mail Superintendents 

131041 Compliance Officers, Except Agriculture, Construction, Health and SAfety, and Transportation 

151111 Computer Scientists and Systems Analysts 

151121 Computer and Information Research Scientists 

151122 Information Security Analysts 

151143 Computer Network Architects 

1720XX Biomedical and agricultural engineers 

1721XX Petroleum, mining and geological engineers, including mining safety engineers 

1721YY Miscellaneous engineeers including nuclear engineers 

1910XX Medical Scientists, and Life Scientists, All Other 

1930XX Miscellaneous Social Scientists, Including Survey Researchers and Sociologists 

1940YY Miscellaneous Life, Physical, and Social Science Technicians, Including Research Assistants 

2310XX Lawyers, and judges, magistrates, and other judicial workers 

29112X Other Therapists, Including Exercise Physiologists 

451011 First-Line Supervisors of farming, fishing, and forestry workers 

472XXX 
Miscellaneous construction workers including solar Photovaltaic Installers, and septic tank servicers and 

sewer pipe cleaners 

49209X Electrical and electronics repairers, transportation equipment, and industrial and utility 

49909X Other Installation, Maintenance, and Repair Workers 

5360XX Miscellaneous transportation workers including bridge and lock tenders and traffic technicians 



 

 

SOC code Occupation title 

5370XX Conveyor operators and tenders, and hoist and winch operators 

537XXX Miscellaneous Material Moving Workers 

 

To calculate import penetration, we begin with data at the US-level (year 2005). We 

compute sector-specific (4-digit NAICS) import penetration as the ratio between total import 

of manufactured products of each sector and total 'domestic use' of products of the same sector 

(import + domestic output – export). Data on import and export by sector are retrieved from 

Schott (2008), while domestic output is retrieved from the NBER-CES database. We then 

estimate CZ-level import penetration as the weighted average of sector-specific (4-digit 

NAICS) national import penetration, using employment by CZ and 4-digit NAICS sector as 

weights (source: County Business Patterns database). 

To account for the presence of shale gas extraction, we obtained geospatial data on 

shale gas and oil play boundaries from the US Energy Information Administration.23 We use 

GIS to compute a dummy variable equal to 1 if the CZ overlaps any of the shale oil and gas 

resources. Thus, the indicator represents the potential for shale oil or gas activity. To avoid 

endogeneity, we do not include actual drilling activity.  

Indicators of wind and photovoltaic energy potential are based on detailed information 

from the National Renewable Energy Laboratory.24 For wind, this information includes speed 

and variability of winds at different heights and for the presence of obstacles. For solar, this 

information considers the intensity and slope of solar radiation and for obstacles and terrain 

slope. We attribute to each CZ the average indicator of potential for wind and photovoltaic 

energy generation, ranging from 1 (low potential) to 7 (high potential). 

We compute two dummy variables to account for the presence of local stringent 

environmental regulation to limit air pollution within the Clean Air Act. The dummy variable 

NA CAA old standard is set to one if at least 1/3 of the CZ resides in counties that were 

designed as nonattainment according to National Ambient Air Quality Standards (NAAQS) set 

in the pre-sample period: carbon oxide (1971), lead (1978), NO2 (1971), ozone (1979; 1997), 

particulate matter <10 micron (1987), particulate matter <2.5 micron (1997), SO2 (1971). The 

dummy variable NA CAA new standards, instead, considers recently approved more stringent 

NAAQS: lead (2008), ozone (2008), particulate matter <2.5 micron (2006), SO2 (2010). 

Finally, we manually detect the presence of Federal R&D laboratories and state capitals 

in each CZ and create two dummy variables. 

Table A4 reports descriptive statistics, weighted by population in 2008, for all our 

control variables. 

 

Table A4 – Descriptive statistics of control variables 

Variable mean s.d. min median max 

Share of empl with GGS>p75 (year 2006) 0.251 0.027 0.171 0.251 0.360 

Population 2008 (log) 14.197 1.423 10.136 14.377 16.685 

Income per capita (2005) 38.149 8.067 18.229 37.815 77.863 

Import penetration (year 2005) 0.008 0.005 0.001 0.006 0.051 

                                                 
23 https://www.eia.gov/maps/maps.htm, last accessed May 27, 2020. 
24 https://www.nrel.gov/gis/index.html, last accessed May 27, 2020. 

https://www.eia.gov/maps/maps.htm
https://www.nrel.gov/gis/index.html


 

 

Pre trend (2000-2007) employment tot / pop -0.010 0.020 -0.092 -0.010 0.112 

Pre trend (2000-2007) empl manufacturing / pop -0.015 0.010 -0.090 -0.015 0.031 

Pre trend (2000-2007) empl constr / pop 0.002 0.004 -0.013 0.001 0.027 

Pre trend (2000-2007) empl extractive / pop 0.001 0.003 -0.009 0.000 0.101 

Pre trend (2000-2007) empl public sect / pop 0.000 0.004 -0.046 0.000 0.057 

Pre trend (2000-2007) unempl / pop 0.003 0.005 -0.016 0.003 0.021 

Pre trend (2000-2007) empl edu health / pop 0.012 0.010 -0.039 0.011 0.068 

Empl manuf (average 2006-2008) / pop 0.045 0.023 0.000 0.044 0.173 

Empl constr (average 2006-2008) / pop 0.023 0.007 0.001 0.022 0.088 

Empl extractive (average 2006-2008) / pop 0.002 0.006 0 0.000 0.148 

Empl public sect (average 2006-2008) / pop 0.022 0.011 0.000 0.020 0.138 

Unempl (average 2006-2008) / pop 0.025 0.005 0.001 0.025 0.071 

Empl edu health (average 2006-2008) / pop 0.072 0.022 0.001 0.071 0.169 

Shale gas extraction in CZ 0.343 0.475 0 0 1 

Potential for wind energy 1.620 0.639 1 2 5 

Potential for photovoltaic energy 5.083 0.832 4 5 7 

Federal R&D lab 0.258 0.438 0 0 1 

CZ hosts the state capital 0.222 0.415 0 0 1 

Nonattainment CAA old standards 0.694 0.461 0 1 1 

Nonattainment CAA new standards 0.365 0.481 0 0 1 

Notes: data by commuting zone includes only CZ with at least 25000 inhabitants. Statistics weighted by population in 2008. 

 

A3 - Dependent variables: definitions and data sources 

Our main dependent variable is the change in total employment per capita (using 

population in 2008) compared to the base year 2008. Data on average annual employment level 

by county is retrieved from the BLS-QCEW (Quarterly Census of Employment and Wages of 

the Bureau of Labor Statistics). County-level data are then aggregated up at the CZ level. We 

also use BLS-QCEW to estimate employment by industry (columns 2-5 of Table 5). 

Our measure of green employment (column 1 of Table 5) is estimated as: 

𝐺𝑟𝑒𝑒𝑛 𝑒𝑚𝑝𝑖,𝑡 = 𝐺𝑟𝑒𝑒𝑛𝑛𝑒𝑠𝑠𝑜 × 𝑆ℎ𝑎𝑟𝑒_ℎ_𝑤𝑜𝑟𝑘𝑒𝑑𝑜,𝑖,𝑡 × 𝑇𝑜𝑡𝐸𝑚𝑝𝑖,𝑡 

where: 

• 𝐺𝑟𝑒𝑒𝑛𝑛𝑒𝑠𝑠𝑜 is computed as the importance-weighted share of green specific 

tasks over total specific tasks (source: O*NET, version 18.0) in occupation o as 

in Vona et al. (2019); 

• 𝑆ℎ𝑎𝑟𝑒_ℎ_𝑤𝑜𝑟𝑘𝑒𝑑𝑜,𝑖,𝑡 is the share of hours worked by employees in SOC 

occupation o in CZ i and year t (source: IPUMS-ACS); 

• 𝑇𝑜𝑡𝐸𝑚𝑝𝑖,𝑡 is total employment in CZ i and year t (source: BLS-QCEW). 

Our estimate of green employment is found to be, on average, an upper-bound 

compared to recent figures due to possible aggregation bias at the occupational level and to the 

fact that we consider three additional years (2015-2016-2017). Our benchmark is Vona et al. 

(2019), who estimate green employment using data on ‘pure’ 6-digit SOC occupational 

classification (775 occupations) from BLS-OES at the metropolitan and nonmetropolitan area 

level. According to their estimate, green employment accounts for 3% of total US employment 

in 2006-2014. Our estimates here, which use 448 occupations in IPUMS-ACS data by 

commuting zone, suggest that green employment is 4.6% of total US employment over a 

similar but slightly longer timeframe.  

An example to illustrate the possible aggregation bias is the following. In ACS the 

occupation “17-3020 Engineering Technicians, Except Drafters” is not broken down into its 8 

6-digit occupations. While the average greenness of 17-3020 is 0.16, it includes both 6-digit 



 

 

occupations with zero greenness (e.g. “17-3021 Aerospace Engineering and Operations 

Technicians”) and occupations with greenness equal to one (e.g. “17-3025 Environmental 

Engineering Technicians”). Clearly, taking the unweighted average, as we did here, over-

estimate the weight given to green occupations that taking the weighted average, as in Vona et 

al. (2019) whereby BLS data are available at a more disaggregated level from BLS-OES at the 

metropolitan and nonmetropolitan area level. The simple reason for this is that the relative size 

of green occupations within a broad category such as “17-3020 Engineering Technicians, 

Except Drafters” is smaller than the uniform weights that one would attribute in absence of 

employment statistics at a more disaggregated level. We refer the interested reader to Vona et 

al. (2019) for further evidence and discussions of the aggregation bias associated with the use 

of too coarse occupation-based measure of green employment.   

Occupational groups (Table 6) are identified following the definition provided by 

Acemoglu and Autor (2011). The list of SOC occupations (ACS definition) by each macro 

occupational group is reported in Table A5. Similarly to the measure of greenness, we compute 

the share of hours worked (weighted by sampling weights) by employees in each macro-

occupational group and CZ over the total hours worked in the CZ using data from IPUMS-

ACS. The number of employees by occupational group is then computed as the product 

between the share of hours worked in CZ and the total number of employees (BLS-QCEW). 

 

Table A5 – Macro-occupational groups based on Acemoglu and Autor (2011) (definitions for 

SOC codes can be found at https://usa.ipums.org/usa-

action/variables/OCCSOC#codes_section) 

Macro-occupational 
group 

SOC codes 

Abstract 
occupations 

111021, 1110XX, 112011, 112020, 112031, 113011, 113021, 113031, 113040, 113051, 113061, 119013, 
119021, 119030, 119041, 119051, 119071, 119081, 119111, 119121, 119141, 119151, 119199, 119XXX, 
131011, 131021, 131022, 131023, 131041, 131051, 131070, 131081, 131111, 131121, 131XXX, 132011, 
132031, 132041, 132051, 132052, 132053, 132061, 132070, 132081, 132082, 132099, 151111, 151121, 
151122, 151131, 151134, 15113X, 151141, 151142, 151143, 151150, 151199, 152011, 152031, 1520XX, 
171010, 171020, 172011, 172041, 172051, 172061, 172070, 172081 ,1720XX, 172110, 172121, 172131, 
172141, 1721XX, 1721YY, 173010, 173020, 173031, 191010, 191020, 191030, 1910XX, 192010, 192021, 
192030, 192040, 192099, 193011, 193030, 193051, 1930XX, 194011, 194021, 194031, 1940YY, 2310XX, 
232011, 232090, 251000, 252010, 252020, 252030, 252050, 253000, 254010, 254021, 259041, 2590XX, 
271010, 271020, 272011, 272012, 272020, 272030, 272040, 272099, 273010, 273020, 273031, 273041, 
273042, 273043, 273090, 274021, 274030, 2740XX, 291011, 291020, 291031, 291041, 291051, 291060, 
291071, 291081, 291122, 291123, 291124, 291125, 291126, 291127, 29112X, 291131, 291181, 291199, 
292010, 292021, 292030, 292041, 292050, 292061, 292071, 292081, 292090, 299000, 312010, 312020, 
33909X, 391010, 519080, 532010, 532020 

Manual occupations 471011, 472011, 472031, 472040, 472050, 472061, 472071, 47207X, 472080, 472111, 472121, 472130, 
472140, 472150, 472161, 472181, 472211, 472XXX, 473010, 474011, 474021, 474031, 474041, 474051, 
474061, 475021, 475031, 475040, 4750XX, 4750YY, 47XXXX, 491011, 492011, 492020, 492091, 492092, 
492096, 492097, 492098, 49209X, 493011, 493021, 493022, 493023, 493031, 493040, 493050, 493090, 
499010, 499021, 499031, 499043, 499044, 49904X, 499051, 499052, 499060, 499071, 499091, 499094, 
499096, 499098, 49909X, 511011, 512011, 512020, 512031, 512041, 512090, 513011, 513020, 513091, 
513092, 513093, 514010, 514021, 514022, 514023, 514030, 514041, 514050, 5140XX, 514111, 514120, 
514XXX, 515111, 515112, 515113, 516011, 516021, 516031, 516040, 516050, 516063, 516064, 51606X, 
516093, 51609X, 517011, 517021, 517041, 517042, 5170XX, 518010, 518021, 518031, 518090, 519010, 
519020, 519030, 519041, 519051, 519061, 519071, 519111, 519120, 519151, 519191, 519194, 519195, 
519196, 519197, 519198, 5191XX, 531000, 533011, 533020, 533030, 533041, 5330XX, 534010, 534031, 
5340XX, 535020, 5350XX, 536021, 536031, 5360XX, 537021, 537030, 537051, 537061, 537062, 537063, 
537064, 537070, 537081, 5370XX 

https://usa.ipums.org/usa-action/variables/OCCSOC#codes_section
https://usa.ipums.org/usa-action/variables/OCCSOC#codes_section


 

 

Service occupations 211010, 211020, 21109X, 212011, 212021, 212099, 311010, 319011, 319091, 31909X, 331011, 331012, 
331021, 331099, 332011, 332020, 333010, 333021, 333050, 3330XX, 339011, 339021, 339030, 339091, 
33909X, 351011, 351012, 352010, 352021, 353011, 353021, 353022, 353031, 353041, 359021, 359031, 
3590XX, 371011, 371012, 372012, 37201X, 372021, 373010, 391021, 392021, 393010, 393021, 393031, 
393090, 394000, 395011, 395012, 395090, 396010, 396030, 397010, 399011, 399021, 399030, 399041, 
399099, 536051, 537XXX 

Clerical occupations 113071, 131030, 132021, 254031, 411011, 411012, 412010, 412021, 412022, 412031, 413011, 413021, 
413031, 413041, 413099, 414010, 419010, 419020, 419031, 419041, 419091, 419099, 431011, 432011, 
432021, 432099, 433011, 433021, 433031, 433041, 433051, 433061, 433071, 434011, 434031, 434041, 
434051, 434061, 434071, 434081, 434111, 434121, 434131, 434141, 434161, 434171, 434181, 434199, 
434XXX, 435011, 435021, 435030, 435041, 435051, 435052, 435053, 435061, 435071, 435081, 435111, 
436010, 439011, 439021, 439022, 439041, 439051, 439061, 439071, 439081, 439111, 439XXX 

 

In our focus on manual occupations (Table 7), we identify sub-categories of manual 

workers based on data from IPUMS-ACS. We compute the hourly wage (column 1) as the ratio 

between total wages received and total annual hours worked. In column 2 and 3 we use, 

respectively, the share of manual workers with hourly wage above or below US-median hourly 

wage in the US. Finally, in columns 4 and 5 we consider the educational attainment of manual 

workers using information on educational attainment from IPUMS-ACS: we define manual 

workers with high school degree or more as those manual workers that completed at least the 

12th grade. 

Table A6 – Descriptive statistics of dependent variables 

Variable mean s.d. min median max 

Total employment / pop 0.429 0.066 0.014 0.435 0.956 

Employment in abstract occ / pop 0.156 0.042 0.004 0.155 0.327 

Employment in manual occ / pop 0.095 0.022 0.003 0.093 0.348 

Employment in service occ / pop 0.073 0.012 0.002 0.073 0.154 

Employment in clerical occ / pop 0.102 0.018 0.003 0.104 0.173 

Green employment / pop 0.020 0.005 0.001 0.020 0.056 

Employment in manufacturing / pop 0.041 0.022 0.000 0.038 0.180 

Employment in construction / pop 0.020 0.007 0.000 0.019 0.098 

Employment in profess. scient. tech. services / pop 0.024 0.013 0.000 0.024 0.074 

Employment in waste management / pop 0.025 0.009 0.000 0.025 0.108 

Average h. wage of manual workers 18.606 3.078 10.167 18.395 102.902 

Manual workers with h wage > US-median for manual / pop 0.053 0.013 0.001 0.052 0.238 

Manual workers with h wage < US-median for manual / pop 0.042 0.013 0.001 0.041 0.123 

Manual workers with > high school degree / pop 0.028 0.007 0.001 0.027 0.135 

Manual workers with high school degree or less / pop 0.067 0.017 0.002 0.065 0.213 

Notes: data by commuting zone includes only CZ with at least 25000 inhabitants. Statistics weighted by population in 2008. 

 

A4 – Limits of using non-ARRA local spending from USASPENDING.GOV 

Pre-ARRA government spending on the green economy are the most serious candidate 

to explain pre-trends in green ARRA. Quality data on green spending before ARRA would 

enable us to clearly disentangle the effect of ARRA from that of past government spending. 

Data on local government spending are publicly available at USASPENDING.GOV. However, 

for two reasons these data are not good proxies of local green spending before ARRA. First, 

while EPA spending could be considered as 'green' both during ARRA and prior of ARRA, the 

same is not true for DoE. While a very large part of DoE local spending in ARRA goes to fund 

renewable energy investments, energy efficiency and other green programmes (Aldy, 2013), 

much DoE spending in earlier years was aimed at the exploitation and use of fossil fuels and 



 

 

nuclear energy (Department of Energy Budget Highlights, various years). More importantly, 

local spending for assistance available at USASPENDING.gov (e.g. CFDA Catalogue of 

Federal Domestic Assistance) is attributed to the prime recipient while sub-awards are 

consistently recorded only starting from 2010-2012 onwards. As a result, assistance given to 

local state governments to be distributed to countries is recorded as fully attributed to the CZ 

where the state capital is. Despite these important limitations, we do observe a relatively strong 

correlation (0.485) between DoE+EPA local spending per capita in 2005-2007 and DoE+EPA 

(i.e. green) ARRA spending per capita. Overall, we can use these data to build our instrument 

but not as a direct proxy of pre-ARRA spending.  

 

Appendix B – Quantification of the green ARRA effects 

Because we use a log-log model with per capita variables, interpreting the magnitude of our 

coefficients is challenging. However, converting our elasticities to jobs created per million 

dollars of ARRA spending produces estimates that are comparable to other papers.  

For this conversion, define the predicted value from our model as: 

�̂�𝑖,𝑡 = 𝑙𝑜𝑔 (
𝑌𝑖,𝑡

𝑝𝑜𝑝𝑖,2008
) − 𝑙𝑜𝑔 (

𝑌𝑖,2008

𝑝𝑜𝑝𝑖,2008
)

= �̂�0 + ∑ 𝛾�̂�𝑙𝑜𝑔 (
𝐺𝑟𝑒𝑒𝑛𝐴𝑅𝑅𝐴𝑖

𝑝𝑜𝑝𝑖,2008
)

𝑘

+ ∑ 𝛼�̂�𝑙𝑜𝑔 (
𝑁𝑜𝑛𝐺𝑟𝑒𝑒𝑛𝐴𝑅𝑅𝐴𝑖

𝑝𝑜𝑝𝑖,2008
)

𝑘

+ 𝑿′�̂� (1) 

We can add $1 million of green or non-green ARRA and re-calculate: 
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Subtracting one from the other gives us: 
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We can re-write the log quotients to simplify further: 



 

 

�̂�𝑖,𝑡
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Converting to levels, we get: 
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Using (3), (4) and (5) we can replace (Y+1/Y) above with the difference of our predicted values 

from (3), giving us: 
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For a given time period (e.g. short-run or long-run), this simplifies to: 
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𝛾�̂�(𝑙𝑜𝑔(
𝐺𝑟𝑒𝑒𝑛𝐴𝑅𝑅𝐴𝑖+1

𝑝𝑜𝑝𝑖,2008
)−𝑙𝑜𝑔(

𝐺𝑟𝑒𝑒𝑛𝐴𝑅𝑅𝐴𝑖
𝑝𝑜𝑝𝑖,2008

))
− 1} 

 

Appendix C – First stage IV and overidentification test 

Table C1 – First stage IV (exactly identified) 

Dep var: Green (EPA+DoE) ARRA per capita (in log) (1) (2) 

Shift-share IV for green ARRA 0.0963*** 0.103*** 

  (0.0270) (0.0270)  

US-Division dummies Yes No 

State dummies No Yes 

Vigintiles of non-green ARRA per capita Yes Yes 

R squared 0.407 0.453  

F-test of excluded IV from first stage 12.72 13.80 

N 587 587 

Notes: OLS model weighted by CZ population in 2008. Sample: CZ with at least 25,000 residents 

in 2008. Standard errors clustered by state in parentheses. * p<0.1, ** p<0.05, *** p<0.01. 

Control variables: Share of empl with GGS>p75 (year 2006), Population 2008 (log), Income per 

capita (2005), Import penetration (year 2005), Pre trend (2000-2007) empl manufacturing / pop, 

Pre trend (2000-2007) employment tot / pop, Pre trend (2000-2007) empl constr / pop, Pre trend 

(2000-2007) empl extractive / pop, Pre trend (2000-2007) empl public sect / pop, Pre trend (2000-

2007) unempl / pop, Pre trend (2000-2007) empl edu health / pop, Empl manuf (average 2006-

2008) / pop, Empl constr (average 2006-2008) / pop, Empl extractive (average 2006-2008) / pop, 

Empl public sect (average 2006-2008) / pop, Unempl (average 2006-2008) / pop, Empl edu health 

(average 2006-2008) / pop, Shale gas extraction in CZ interacted with year dummies, Potential 

for wind energy interacted with year dummies, Potential for photovoltaic energy interacted with 

year dummies, Federal R&D lab, CZ hosts the state capital, Nonattainment CAA old standards, 

Nonattainment CAA new standards. 

 



 

 

Table C2 – First stage IV (overidentified) 

Dep var: Green (EPA+DoE) ARRA per capita (in log) (1) (2) 

Shift-share IV for green ARRA: EPA spending 0.0359 0.0214 
 (0.0245) (0.0305) 

Shift-share IV for green ARRA: DOE spending 0.0503*** 0.0560*** 

  (0.0151) (0.0149) 

US-Division dummies Yes No 

State dummies No Yes 

Vigintiles of non-green ARRA per capita Yes Yes 

R squared 0.407 0.453  

F-test of excluded IV from first stage 5.89 8.24 

N 587 587 

Notes OLS model weighted by CZ population in 2008. Sample: CZ with at least 25,000 residents 

in 2008. Standard errors clustered by state in parentheses. * p<0.1, ** p<0.05, *** p<0.01. 

Control variables: Share of empl with GGS>p75 (year 2006), Population 2008 (log), Income per 

capita (2005), Import penetration (year 2005), Pre trend (2000-2007) empl manufacturing / pop, 

Pre trend (2000-2007) employment tot / pop, Pre trend (2000-2007) empl constr / pop, Pre trend 

(2000-2007) empl extractive / pop, Pre trend (2000-2007) empl public sect / pop, Pre trend (2000-

2007) unempl / pop, Pre trend (2000-2007) empl edu health / pop, Empl manuf (average 2006-

2008) / pop, Empl constr (average 2006-2008) / pop, Empl extractive (average 2006-2008) / pop, 

Empl public sect (average 2006-2008) / pop, Unempl (average 2006-2008) / pop, Empl edu health 

(average 2006-2008) / pop, Shale gas extraction in CZ interacted with year dummies, Potential 

for wind energy interacted with year dummies, Potential for photovoltaic energy interacted with 

year dummies, Federal R&D lab, CZ hosts the state capital, Nonattainment CAA old standards, 

Nonattainment CAA new standards. 

 

Table C3 – IV estimates (overidentified model) 

Dep var: Change in log employment per capita compared to 2008 (1) (2) 

Green ARRA per capita (log) x D2005_2007 0.00835 0.00715 
 (0.00600) (0.00470) 

Green ARRA per capita (log) x D2009_2012 0.00551 0.00798** 
 (0.00469) (0.00392) 

Green ARRA per capita (log) x D2013_2017 0.0171 0.0191** 

  (0.0108) (0.00815) 

US-Division dummies x period dummies Yes No 

State dummies x period dummies No Yes 

Comparison across periods:   

Green ARRA per capita (log): 2009-2012 vs 2005-2007 -0.00285 0.000825 
 (0.00510) (0.00446) 

Green ARRA per capita (log): 2013-2017 vs 2005-2007 0.00870 0.0119 
 (0.00934) (0.00753) 

N of jobs created by $1 mln green ARRA: short term (2009-2012) -12.35 3.58 

s.e. (22.10) (19.35) 

N of jobs created by $1 mln green ARRA: long term (2013-2017) 40.42 55.28 

s.e. (43.39) (34.98) 

Sargan Chi sq test of overidentifying restrictions (p-value) 0.510 0.0033 

N of CZ 587 587 

Observations 7631 7631  

Notes: instrumental variable regressions weighted by CZ population in 2008. Sample: CZ with at least 25,000 

residents in 2008. Standard errors clustered by state in parentheses. * p<0.1, ** p<0.05, *** p<0.01. Year 

dummies included. Additional control variables (interacted with D2002_2007, D2009_2012 and 

D2013_2017 dummies): Vigintiles of non-green ARRA per capita, Population 2008 (log), Income per capita 

(2005), Import penetration (year 2005), Share of empl with GGS>p75 (year 2006), Pre trend (2000-2007) 

empl manufacturing / pop, Pre trend (2000-2007) employment tot / pop, Pre trend (2000-2007) empl constr / 

pop, Pre trend (2000-2007) empl extractive / pop, Pre trend (2000-2007) empl public sect / pop, Pre trend 

(2000-2007) unempl / pop, Pre trend (2000-2007) empl edu health / pop, Empl manuf (average 2006-2008) / 

pop, Empl constr (average 2006-2008) / pop, Empl extractive (average 2006-2008) / pop, Empl public sect 

(average 2006-2008) / pop, Unempl (average 2006-2008) / pop, Empl edu health (average 2006-2008) / pop, 

Shale gas extraction in CZ interacted with year dummies, Potential for wind energy interacted with year 

dummies, Potential for photovoltaic energy interacted with year dummies, Federal R&D lab, CZ hosts the 

state capital, Nonattainment CAA old standards, Nonattainment CAA new standards. Endogenous variable 

(columns 3 and 4): Green ARRA per capita (log). Excluded IV from the first stage: shift-share IV of ARRA 

spending by Department/Agency (EPA and DOE separately); local spending share 2001-2004 
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Abstract:  

This paper evaluates the influence of energy prices on socioeconomic and 

environmental performance of French manufacturing establishments over the period of 1997-

2015. To identify price effects, we construct a shift-share instrument that isolates the exogenous 

variation in establishment-specific energy prices. Our results highlight trade-offs between 

environmental and socioeconomic goals: increases in energy prices reduce substantially energy 

consumption and CO2 emissions, and modestly employment and productivity. These trade-

offs become starker when we simulate the impact of the planned French carbon tax. Energy 

price impacts are larger in the long- rather than in the short-term, in trade-exposed and in 

energy-intensive sectors, and slightly skill-biased towards technical workers. Finally, such 

impacts appear upper bounds when we account for the impact of energy prices on inputs’ 

reallocation across establishments, but lower bounds when we account for the positive 

influence of energy prices on the exit probability. 
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3.1 Introduction 

 

The impact of environmental policies on business performance has been a long-

standing and controversial topic in the political debate, especially so because urgent responses 

to climate change have to be compatible with tightening government budgets and increasing 

competitive pressure from emerging countries. While stringent environmental policies produce 

valuable benefits for society as a whole, their impact on industrial production, employment and 

productivity is often cited as the main reason to provide generous policy exemptions to the 

most polluting sectors (Ekins and Speck, 1999; Martin et al., 2014). Informing the policy 

debate on the possible trade-offs between economic and environmental goals is thus much 

needed, but evidence is scant due to data limitations or not relevant for a high-carbon price 

scenario because of the low stringency of existing climate policies (i.e. EU-Emission Trading 

Scheme, EU-ETS). 

 

This paper contributes to this debate by proving a comprehensive evaluation of the responses 

of French manufacturing establishments to large increases in energy prices, our proxy of 

environmental policy stringency. The combination of three rich statistical sources gives us the 

unique opportunity to study the joint socioeconomic and environmental impacts of energy 

prices over a long time span (1997-2015)25. To identify the impact of energy prices, we 

construct a shift-share instrument combining initial establishment-specific shares of different 

energy inputs (i.e., gas, electricity, coal, oil) with nation-wide energy price shifts. 

 

The use of energy prices is attractive because most policies directed at reducing air pollution 

or contributing to climate change mitigation result in an increase (directly or indirectly) in the 

cost of burning fossil fuels (Aldy and Pizer, 2015). Importantly, energy prices exhibit a 

historical increase of approximately 50% in our data, making our policy evaluation to closely 

resemble what would happen in ambitious carbon pricing scenario, such as those enacted by 

the French government with the Energy Transition Law of 2015 and planned by all countries 

that ratified the Paris Agreement on climate change mitigation. 

 

The features of our data allow to contrast the impact of energy prices at both the establishment 

and the firm-level and for multi- and single-establishment firms, and to identify the sectors and 

                                                 
25 We combine three datasets provided by the French Statistical Office (INSEE): the survey EACEI 

(Enqu^ete sur les consommations d’´energie dans l’industrie) on energy purchase and consumption (by energy 
input) of French manufacturing establishments, DADS Postes (D´eclaration Annuelle des Donn´ees Sociales) on 
employment and wages for different occupations of French establishments and FARE-FICUS on firms’ balance 
sheets. 



 

 

workers that are likely to be mostly affected by climate policies. At the establishment-level, we 

can directly measure wage and employment impacts; the latter has been the focus of a 

controversial debate on jobs vs. the environment (Greenstone, 2002; Morgenstern et al., 2002; 

Walker, 2011), often used to undermine the political acceptability of climate policies (Vona, 

2019). Determining the sign and magnitude of the cross-elasticity between energy prices and 

labour demand remains an unresolved empirical question as two mechanisms offset each other 

(Berman and Bui, 2001; Morgenstern et al., 2002). On the one hand, higher energy prices 

negatively affect overall production and thus labour demand. On the other hand, more 

expensive energy will be substituted with other inputs, such as labour and capital. Similarly, 

wage effects conflate compositional changes in the workforce and a pass-through of higher 

costs to wages. By differentiating the effect by skills groups, our paper makes a first step in the 

direction of assessing the role of compositional changes, while previous firm- and 

establishment-level analyses only studied the impact on total employment. 

 

At the firm-level, we are able to estimate also labour productivity and Total Factor Productivity 

(TFP) impacts. In doing so, we extend our contribution to yet another controversial topic, such 

as the competitiveness impact of environmental policies (see, e.g., Dechezlepretre and Sato, 

2017). In a neoclassical setting, environmental regulation has an influence on the allocation of 

production inputs by adding a constraint to polluting firms, leading to higher costs (Palmer et 

al., 1995; Jaffe and Palmer, 1997; Greenstone et al., 2012). However, by changing the relative 

prices of polluting inputs with respect to other inputs, higher energy prices will also induce 

innovation directed at substituting or improving the efficiency of most polluting inputs (Popp, 

2002; Acemoglu et al., 2012). However, by going beyond a pure neoclassical setting (e.g. 

removing the assumption of optimising behaviours), (Porter and van der Linde, 1995) suggest 

well-designed environmental regulation can lead to private benefits for polluting companies 

that exceed compliance costs and thus could lead to a positive impact on firm competitiveness 

(Porter Hypothesis, see also Ambec et al., 2013, for a recent review). Indeed, in the presence 

of bounded rational firms and asymmetric information, new regulations reveal opportunities 

for innovation, organizational improvements and changes in the input mix that were not yet 

considered by managers. 

 

Our results highlight trade-offs between environmental (energy consumption and emissions) 

and economic goals (employment and competitiveness) due to increasing energy prices. Using 

our favourite instrumental variable specification, the own-elasticity of energy consumption (-

0.5) and CO2 emissions (-1.1) indicate that policies increasing energy prices are very effective 

in reducing the environmental impacts of economic activities. On the other hand, higher energy 

prices reduce employment and total factor productivity, although the estimated cross-

elasticities are substantially smaller than those of environmental goals, i.e., -0.08 for 

employment. Importantly, short-term effects are significantly smaller than the long(er)-term 

(3-years) ones for CO2 emissions, energy demand and employment. Effects also differ across 

sectors and occupations. The job vs. the environment trade-off is particularly striking in energy-

intensive and trade-exposed sectors and it is further amplified when we simulate the effect of 

the planned French carbon tax. Changes in labour demand are not homogeneous across skill 

groups, but the skill biasness in favour of technicians and against manual workers is rather 



 

 

small. Finally, we show that employment effects are mitigated by labour reallocation across 

establishments within the same firm, while the positive effect of energy prices on the 

probability of exit might suggest that our estimates represent a lower-bound of the true effect. 

 

Besides reassessing old debates on jobs vs. the environment and competitiveness impacts 

within a unified database, we contribute to the growing firm-level literature on the evaluation 

of environmental policies in three ways. First and foremost, compared to the few joint 

evaluations of environmental and socioeconomic outcomes, we cover a longer time period and 

exploit a new source of policy variation, associated with substantial increase in energy prices. 

Martin et al. (2014) evaluate the impact of the UK Climate Change Levy on energy 

consumption and employment over the period 1999-2004. Differently from us, they find no 

trade-off between jobs and the environment, but this may be due to the relatively mild increase 

in policy stringency for the treated group or by the short time span of their analysis. The 

voluminous literature evaluating the effect of the EU-ETS at the firm-level reaches the 

conclusion that large impacts on emission reduction do not come at the cost of losing 

competitiveness and jobs. Again, the lack of stringency of the EU-ETS is a serious candidate 

to explain the absence of trade-offs26. 

 

Second, our data allow to analyse within-firm across-establishment reallocation effects and 

exit, thus contributing to understanding the extent to which compositional shifts amplify or 

mitigate energy price impacts. This analysis is important to link the instrumental variable 

estimates, which are necessarily local, to the aggregated and general equilibrium effects of 

energy price changes. Previous research estimates aggregated effects using either structural 

models (Morgenstern et al., 2002) or decomposition analyses (Hille and Mobius, 2019). We 

complement these studies by estimating input reallocation within multi-establishments firms 

as well as the impact of energy price on the exit probability. 

 

Finally, our paper contributes to the growing literature on the evaluation of energy price 

effects on performance in three ways (Deschenes, 2011; Kahn and Mansur, 2013; Aldy and 

Pizer, 2015; Hille and M¨obius, 2019). First, we move to finer level of disaggregation 

(establishment and firm) which allows investigating heterogeneous impacts along multiple 

dimensions. Second, we can differentiate short- and long-term impacts, thus uncovering the 

persistence of energy price shocks on the affected firms. Third, we consider multiple energy 

inputs while previous studies mostly focused on electricity. Not only this feature of our data 

makes this study more general than previous ones, but it is also useful to resolve endogeneity 

issues in the estimation of price effects and to simulate policy impacts to energy inputs with 

different carbon contents. 

                                                 
26 Several papers provide evidence on the impact of the EU-ETS on employment. Wagner et al. (2014) estimate 

that French manufacturing establishments in the EU-ETS decreased employment by approximately 7% compared to 
similar non-ETS establishments, while Abrell et al. (2011), considering 24 countries during the first phase of the EU-
ETS, found a smaller (-1%) effect. Other studies finding no effect on employment are: Anger and 
Oberndorfer (2008) for Germany, Marin et al. (2018) for 19 EU countries and Dechezlepretre et al. (2018) for all 
countries in the EU-ETS. When considering emissions, Wagner et al. (2014) estimate a reduction of 15-20% for France, 
Petrick and Wagner (2014) estimate a reduction of about one fifth for Germany and Dechezlepretre et al. (2018) 
estimate a reduction of 10-14% for France, Netherlands, Norway and the UK. 



 

 

 

The paper is organized as follows. Section 2 first describes a series of stylized facts about 

energy consumption and the costs of French manufacturing establishments. We describe the 

evolution of energy price heterogeneity across establishments in Section 2. Section 3 illustrates 

the empirical strategy for estimating the effect of energy prices, while Section 4 discusses the 

main results and several extensions and robustness checks. Section 5 concludes 

3.2 The changing structure of energy prices in French manufacturing 

This section documents the evolution of energy prices and quantities of French 

manufacturing establishments over two decades. As an essential step toward the evaluation of 

the impact of energy prices on establishments’ performance, we analyse cross establishment 

heterogeneity in both energy prices and the use of different energy inputs. 

3.2.1 Data sources 

 

The main source of information about the energy use and expenditures of French 

manufacturing establishments over the period of 1997-2015 is the EACEI survey (Enquete sur 

les consommations d’´energie dans l’industrie). EACEI collects detailed information on energy 

consumption and expenditure by energy input (12 inputs) for a representative sample of 

manufacturing establishments with at least 20 employees. The sample design is standard for 

this kind of survey: all establishments with more than 250 employees are requested to 

participate in the survey, while establishments with between 20 and 250 employees are sampled 

according to a stratified design (by nomenclature of activities - NTE - dedicated to energy 

consumption, workforce bands, and region; see Wagner et al., 2014, and Appendix A for 

further details)27. 

 

Concerning economic variables, our primary measures are the average wage per employee and 

the total employment in full-time equivalents and by occupation groups in DADS Postes 

(D´eclaration Annuelle des Donn´ees Sociales) for the universe of French establishments. We 

link this information from DADS Postes to EACEI establishments by means of a unique 

identifier of the establishment (SIRET). Because establishments are not required to compile 

and submit their balance sheet and income statement, we cannot estimate the effect of energy 

prices on productivity at the establishment level. In an extension, we use firm-level balance 

sheets and income statements from the FICUS/FARE databases to estimate the impact of 

energy prices on different measures of productivity. Using a unique firm identifier (SIREN), 

we keep the firms for which all establishments were surveyed in EACEI. Note that both DADS 

and FARE-FICUS are available for the entire universe of French establishments and firms, 

respectively. As a result, the matching with EACEI is perfect. 

                                                 
27 In a previous version of this paper, we reported different descriptive statistics and results. There was 

indeed an error in our treatment of the raw EACEI data, which are already multiplied by the sampling weights 
until 2004 by the INSEE (the French statistical office) to construct aggregate statistics. In this version of the paper, 
we divide the raw data by the sampling weights before 2004 



 

 

3.2.2 Measure of energy prices 

 

Similar to the work of Davis et al. (2013) on electricity prices, what we label as energy price 

is the average unit cost of energy, which is the ratio between total energy expenditure and total 

energy consumption. This measure does not say anything about marginal energy prices or the 

detailed structure of tariffs faced by an establishment. This limitation, however, is largely 

compensated by the advantage of having access to establishment-specific information for 

energy prices (by energy source), energy mixes and key economic variables over a long time 

span. To the best of our knowledge, this represents a unique advantage of our data compared 

to those used in related research. In the following, we will use the word ‘price’ to refer to the 

unit cost of energy, that is: 

 

𝑝𝑖,𝑡
𝐸 = ∑ 𝑝𝑖,𝑡

𝑗
𝜑𝑖,𝑡

𝑗

12

𝑗=1

 

where 𝜑𝑖,𝑡
𝑗

 is the share of energy consumption of input j =1..12 (natural gas, electricity, etc.) in 

total energy consumption in establishment i, while 𝑝𝑖,𝑡
𝑗

 is the average unit value cost of energy 

input j paid by establishment i at time t. Energy consumption for all energy inputs is converted 

into kWh (kilowatt hour) equivalent values. By using a comprehensive measure of energy 

prices rather than electricity prices only, we can build establishment-specific exposure to 

shocks to particular energy inputs, which is convenient to study price shocks to inputs with 

different carbon content. 

3.2.3 Basic Facts 

 

As is transparent from equation 1, cross-establishment heterogeneity in energy prices depends 

on differences in both the energy mix and establishment- and input-specific energy prices. 

Figure 1 reports the average energy mix of French manufacturing establishments, weighted by 

sampling weights multiplied by establishments’ energy consumption. These values appear 

relatively stable throughout the period of 1997-2015. The French manufacturing sector heavily 

relies on energy inputs with low carbon content: the consumption of gas and electricity (mostly 

generated from nuclear power plants) jointly accounts for approximately 65.6% (average 1997-

2015) of total energy consumption. The energy mix became cleaner over time as long as steam 

increased at the detriment of oil and coal, which, combined, declined from 34.6% to 25.5% of 

total energy consumption. 

 



 

 

 
 

 



 

 

 

Changes in establishment-specific prices for different energy inputs represent the other main 

source of variation in the average energy price. Figure 2 summarizes the trends of the average 

unit cost of energy (euro per kWh deflated to 1997 values using the GDP deflator) for different 

energy inputs. Three facts are worth to be discussed.  

 

First, with the exception of electricity, average prices of all inputs increased substantially over 

the period 1997-2011 and declined afterwards. Unsurprisingly, gas and oil prices appeared 

more responsive to global demand factors than electricity, experiencing an upward trend 

between the entry of China to the WTO (2001) and the Great Recession and a slowdown 

thereafter. By contrast, electricity kept increasing until 2015 since it is mostly correlated with 

domestic policies, such as the introduction of a tax to support renewable energy generation 

(‘Contribution au Service Public de l’Electricite’).28 

  

Second, while electricity remained by far the most expensive energy input, the ratio between 

the price of electricity and the average price of other inputs decreased in the two decades 

covered by our analysis. To illustrate, one kWh of electricity was approximately 4.3 times more 

expensive than a kWh of gas in 1997 and approximately 2.2 times more expensive in 2015. 

 

 
 

Third, Table 1 suggests that yearly price changes are not highly correlated. Except for some 

co-movements in inputs that are either obvious substitutes (e.g. butane-propane vs heating oil) 

or that use the same raw material (e.g. different types of oil products), we observe relatively 

weak correlations, especially between electricity prices and the price of carbon-intensive fuels 

                                                 
28 In the 1990s and 2000s, the French energy sector was characterized by very important regulatory 

changes. As in other countries, these changes were aimed at improving the functioning of market mechanisms 
within the concentrated and vertically integrated French energy sector and at reducing the environmental 
impact of energy consumption in the industrial sector. For instance, the ‘Contribution au Service Public de 
l’Electricite’ has been introduced to finance renewable energy generation. The tax is levied on all final consumers 
(households and firms) of electricity and is aimed at refunding to EDF for the obligatory purchase of electricity 
from renewable energy and co-generation. The tax per MWh increased rapidly over time, growing from 3 euro 
in 2002 to 16.5 euro in 2014 and 19.5 euro in 2015, thus explaining at least part of the sustained increase in 
electricity prices documented in Figure 2. An analysis of the relation between energy prices and such regulatory 
changes is carried out in a previous version of this paper. 



 

 

(always below 0.5). Such a weak correlation across input specific price shocks lends support 

to the use of a shift-share instrument for energy prices. Indeed, exposure to price shocks 

exhibits enough across-establishment variation to identify energy price impacts. 

 

 
 

Although the energy mix appears to be rather stable over time (at least at the aggregate 

level), and so exposure to input-specific shocks, what really matters for evaluating price 

impacts is the degree of cross-establishment heterogeneity in energy intensities and mixes. 

Energy intensity, e.g. the incidence of energy-related costs over value added, is a good proxy 

of the degree of cost-exposure to changes in energy prices, while the energy mix is a good 

proxy of exposure to shocks that are specific to a certain energy technology. Table 2 reports 

the averages and standard deviations (in parentheses) of energy intensities, prices and mixes 

broken down by sector (2-digit NACE rev. 2). The bottom line is that all these measures exhibit 

substantial variation both between and within sectors. Together with the weak correlation 



 

 

across price shocks, this finding is important for our estimation strategy: changes in the relative 

prices of different energy inputs have heterogeneous impacts on the average unit cost of energy 

of establishments with different energy mixes and similar energy intensities. 

 

 
 

An important insight from Table 2 is that average energy prices appear lower in sectors 

that, as Metals (NACE 24) and Chemicals (NACE 20), are more energy-intensive. To better 

understand the price-quantity relationship and whether it has changed over time, we estimate 

cross-sectional elasticities of energy prices (average, electricity and gas) to the quantity 

consumed conditional on sector (2-digit NACE) and region (NUTS2) dummy variables as in 

Davis et al. (2013). The absolute values of the estimated elasticities (all negative) are reported 

in Figure 3, which reveals a large decline in elasticity (and thus in quantity discounts) until 

2011 (from 16.6% - 1997 - to 7.8% - 2011 - for total energy prices) followed by a reversal in 

the last four years of our analysis. Overall, this fact suggests that reductions in quantity 

discounts harmed large consumers of energy for which adjustment costs may be higher. 

Therefore, differently from existing environmental policies that offer generous exemptions to 

the most polluting sectors, the price variation examined in the present study may be more 

suitable to reveal what would happen in case of the adoption of a policy directly targeting high-

polluters. 

3.3 Empirical Strategy 

 This section illustrates the empirical strategy used to estimate the impact of energy 

prices on establishment performance. We consider two dimensions of establishment 

performance. The first set of dependent variables refers to environmental performance: total 



 

 

energy consumption (in kWh) and CO2 emissions from energy use (in tons)29. The second set 

of dependent variables are measures of socioeconomic performance. We primarily focus on 

‘core’ labour market outcomes that are available at the establishment level; that is: employment 

levels in full-time equivalents (FTE), the average wage per FTE employee and the share of 

employment of specific occupational groups. 

Our starting point is the following equation: 

 
where yit is the outcome variable (e.g. energy consumption, CO2 emissions, 

employment, average wages paid) of establishment i in year t, αi is the establishment fixed 

effect, 𝑝𝑖,𝑡
𝐸 is the average unit cost of energy (euro per kWh) of establishment i in year t, Xit is 

a vector of control variables, and 휀𝑖,𝑡is the error term. 

 

In our favourite specification, the vector Xit includes sector (2-digit NACE rev.2) by 

year and region (NUTS2) by year dummy variables. Region- and sector-specific year dummies 

account for unobservable demand or supply shocks that affects all establishments in a region 

or sector and could be correlated with both energy prices and the outcome variables30. To 

directly test the robustness of our estimates to the inclusion of covariates, we present also a 

less-demanding and a more-demanding specification. In the former, the vector Xit includes 

only region-by-year dummies. In the latter, the vector Xit also includes: i) year-specific EU-

ETS dummy variables to account for the impact of the EU-ETS in a flexible manner31, ii) a 

dummy for the need of peaks in electricity consumption interacted with time dummies32; iii) 

year-specific dummies for establishment size in the first year of observation (10-49 employees, 

50-99 employees, 100-249 employees, 250-499 employees and 500 or more employees) 

capturing different growth potential related to initial size (see, e.g., Bottazzi et al., 2011). In all 

our estimates we cluster standard errors at the establishment level, thus allowing within-

establishment correlation of residuals. 

Importantly, what we estimate is primarily the within-establishment response to a 

change in energy prices. Whatever happens to entry, exit and the reallocation of inputs and 

                                                 
29 We compute CO2 emissions by multiplying each energy input by its technical CO2 emission factor 

(see Appendix A). Since electricity and steam do not generate any direct emissions, observations for which all 
energy consisted of electricity and/or steam were automatically excluded from the estimation sample for this 
variable. 

30 To illustrate, the sectoral and regional dimensions account, independently, for 62.7% and 40.7%, 
respectively, of the overall standard deviation of log energy prices in 2000-2015 (see Davis et al. (2013) for 
further detail on the decomposition). As shown in Table 2, however, establishments within each sector are very 
much heterogeneous in terms of both energy mix and energy prices due to heterogeneity in production 
technology, bargaining power and quantity discounts. This leave us enough variation in energy prices and 
exposure to aggregate shocks to be used for identifying the effect of energy prices net of our flexible set of 
control variables. 

31 A comprehensive policy evaluation on the impact of the EU-ETS on the performance of French 
establishments is given in Wagner et al. (2014). 

32 The peak-exposure dummy is equal to one for establishments that in their first year in EACEI were in 
the fourth quartile of the ratio between subscribed capacity for electricity consumption - MW - and actual annual 
electricity consumption - MWh. Accounting for the exposure to peak-hour electricity prices is also important, as 
this variable incorporates useful information about the type of technology used by the firm, which is correlated 
with both energy prices and performance. 



 

 

production across establishments is not incorporated in β^, thus the aggregated effect of energy 

prices can differ from the one estimated in our reduced-form model. We tackle this issue in 

Section 4.5, where we assess the influence of energy prices on exit and energy and labour 

reallocation within the same firm. 

 

3.3.1 Endogeneity Issue 

Endogeneity is a concern in our estimation framework due to the presence of omitted 

variables. There are three types of variables that are difficult to observe but likely to be 

correlated with both our outcome variables and energy prices. First, if establishments 

experience an idiosyncratic negative demand shock 𝑑𝑖,𝑡, they reduce output and the demand 

for inputs, including energy and employment. In turn, a lower demand for energy increases the 

average unit cost of energy through a reduction of quantity discounts. 

Second, endogenous energy-saving technical change 𝑎𝑖,𝑡
𝐸 , which is empirically well 

documented (Popp, 2002; Hassler et al., 2015), simultaneously reduces the consumption of 

energy and quantity discounts offered to firms, thus increasing the average unit cost of energy. 

This implies that 𝑎𝑖,𝑡
𝐸  biases the impact of energy prices on energy-related outcomes in the same 

direction as 𝑑𝑖,𝑡. By contrast, the correlation between 𝑎𝑖,𝑡
𝐸  and employment should be zero. 

Finally, as a response to an increase in energy prices, technical change can facilitate the 

substitution of energy with labour and capital (Hassler et al., 2015). A change in the elasticity 

of substitution 휀𝑖,𝑡 between labour and energy will be positively (resp. negatively) correlated 

with labour (resp. energy) demand. 

To guide our expectations regarding the sign for the omitted variable bias for labour L 

(our example for socioeconomic outcomes) and energy E (our example for environmental 

outcomes), it is useful to inspect the formula of the omitted variable bias (Angrist and Pischke, 

2009) 

 
where δs are the coefficients of the regression of energy prices on the vector of omitted 

variables [d aE ε], while 𝛾𝑠
˰
 are the coefficients of the regression of the outcome variables on p, 

the standard controls and the vector [d aE ε].  Note first that all shocks are positively correlated 

with energy prices (that is, δs are all positive) and thus the sign of the biases depends only on 

the correlations between the outcome and the omitted variables. The negative demand shock 

reduces the size of the estimated coefficient 𝛽𝑦
˰
 with respect to the true one, βy. Indeed, 𝛾𝑦,𝑑 is 

negative for both E and L. Energy-saving technical change has no effect on L but a negative 

one on E. The change in the possibility of substituting energy for labour is positively correlated 

with L and negatively correlated with E. 

As a result, we should observe a downward bias in the OLS estimates of βy (a negative 

parameter); that is: OLS overestimates the magnitude of the own-elasticity of energy demand 

to price. On the other hand, the direction of the bias is unclear for labour and depends on the 

relative magnitudes of the downward bias associated with unobservable demand shocks and of 



 

 

the upward bias related to the substitution of labour for energy. 

3.3.2 Shift-Share instrument 

One way to deal with these multiple omitted variable biases is to identify an 

instrumental variable (IV) that is correlated with exogenous variation in energy prices but 

uncorrelated with establishment-specific demand shocks and endogenous technological 

responses to changes in energy prices. To fulfil this requirement, we propose a shift-share 

instrument (Bartik, 1991) that combines the nationwide prices of different energy inputs with 

the time-invariant establishmentspecific energy mix and has been used elsewhere to address 

the issue of energy price endogeneity (see, e.g., Linn, 2008; Sato et al., 2019; Marin and Vona, 

2019). Specifically, we weigh the average national price of each energy input j (𝑝𝑡
𝑗
) for the pre-

sample energy share of the corresponding energy input used by the establishment (𝜑𝑖,𝑡=𝑡0
𝑗

). 

 
For each establishment, nationwide price variations are constructed net of 

establishment prices and thus are uncorrelated with establishment-specific shocks to energy 

prices. Blocking the energy mix before the entry of the establishment in the estimation sample 

shuts down the influence of endogenous technical change that mostly operates through changes 

in the energy mix. To mitigate the concern that forward-looking managers forecast the 

evolution of input-specific energy prices in the coming years and choose the energy mix in the 

year t accordingly, the pre-sample measure of the establishment energy mix is lagged by at 

least 3 years with respect to the first observation in which the establishment joins the estimation 

sample33. Consequently, the estimation sample runs from 2000 to 2015 rather than from 1997 

to 2015. This also implies that in addition to the two observations in the EACEI survey per 

establishment that are used to estimate a fixed effect model, we need to observe the 

establishment one more time to build our instrument34. 

While the establishment fixed effect accounts for time-invariant unobservable 

differences across establishments, in Appendix C we explicitly test for the presence of pre-

trends (Goldsmith Pinkham et al., 2018). Indeed, establishments with different initial energy 

mixes may exhibit different pre-trends in the outcome variable before 2000 (the first year used 

for estimating the price impacts). If that was the case, it would not be possible to single out the 

exogenous variation in the energy prices of a specific input (i.e. our ‘shift’) from pre-existing 

trends in the outcome variables for establishments that were intensive of the specific energy 

input. As illustrated in Table C1, while we do not observe heterogeneous pre-trends for 

                                                 
33 To illustrate, if for a certain establishment i the energy mix is observed for the first in EACEI in year 

2001, we will use observations for establishment i from 2004 onwards and remove observations for years 2001, 
2002 and 2003. 

34 In Appendix B, we illustrate that there are systematic differences between the establishments in the 
estimation sample and the EACEI establishments that were excluded from the estimate. In particular, the former 
are larger and more energy intensive than the latter, which is not surprising given the sample design of the EACEI 
dataset; see Appendix A. It should be noted, however, that the estimation sample represents on average as 
much as 70.7% of the reference universe of establishments, accounting for 81.2% of the energy consumption 
and for 77.8% of the total employment. 



 

 

establishments with different initial energy mix for wages and, after adding control variables, 

for employment, we do find significantly different pre-trends for energy use (only for different 

initial electricity mix) and CO2 emissions. These results have two implications for our analysis. 

First, the reliance of our instrument on a time-invariant energy mix does not bear the risk of 

capturing pre-existing trends that are correlated with the energy mix itself for average wages 

and, after adding control variables, employment. Second, results for energy use and CO2 

emissions could be partly biased due to the presence of pre-trends. However, in the Appendix 

D we show that explicitly accounting for pre-trends of CO2 emissions and energy use does not 

influence our baseline results. 

A final concern regarding the validity of our IV strategy refers to the fact that the current 

adjustment in the input mix responds to both past and present price shocks, thus the estimated 

coefficients conflate short- and long-term effects. To explicitly account for the adjustment 

dynamics, we follow Jaeger et al. (2018) by estimating a specification of equation 2 in which 

we include up to two additional lags of the price variable and instrument each lagged variable 

with the corresponding instruments, built as in equation 4. As we rely on an unbalanced panel 

of establishments, due to the design of the EACEI survey and to entry/exit, the sample size for 

specifications with lagged prices is substantially smaller and over-represents large 

establishments. For this reason, our benchmark specification is the one with no lags in energy 

prices, while this extension is used to interpret price effects as short- or long-term effects. 

3.4 Estimation Results 

This section is organized in five distinct subsections. The first presents the main results 

at the establishment-level. The second focuses on the heterogeneous responses of different skill 

groups and sectors. The third quantifies the magnitude of the estimated effects with respect to 

the historical increase in energy prices and the planned French carbon tax. The fourth presents 

firm-level results to gauge the impact of energy prices on productivity, while the fifth examines 

the reallocation of inputs (energy and employment) across establishments within the same firm 

as well as the impact on exit. 

3.4.1 Jobs vs the Environment trade-off 

  The baseline results are reported in Table 3, where we present both the fixed effect 

model (FE) and the fixed effect model with energy prices instrumented as described above (IV-

FE)35. We compare specifications with different sets of control variables, as described in 

section 3. Recall that, due to the unavailability of sales data at the establishment level, the first 

and main set of results is on the possible job vs. the environment trade-off. Note also that the 

log-log specification of equation 2 leads to a direct interpretation of the estimated coefficients 

as own-elasticities (for energy demand and, with slight abuse of language, CO2 emissions) or 

cross-elasticities (for labour demand and wages). 

Across the board, the impacts of energy prices conform to our expectations. First, the 

estimation biases are consistent with predictions of equation 3. For energy and CO2 emissions, 

the FE model substantially over-estimate the magnitude of price elasticities. The bias is large, 

                                                 
35 First-stage results are reported in Table E1 in Appendix E, while the F test for the strength of the 

excluded instrument is reported in Table 3 and is always well above the usual cut-off of 10. 



 

 

especially for energy demand, since all omitted variables make the price-quantity relation 

steeper. Conversely, we observe a negligible bias for employment impacts, consistent with the 

fact that omitted variables cancel each other out. Reassuringly, the point estimates are very 

similar regardless of the set of controls used, suggesting that the influence of pre-trends is 

minimal even in less-demanding specifications that exhibit a certain degree of non-parallel pre-

trends in employment depending on the initial energy mix. Overall, our results reveal the 

importance to properly account for endogeneity of energy prices in order to retrieve reliable 

impacts on environmental outcomes; thus, in the remainder of the paper, we will focus on the 

IV results.  

Second, while an increase in the unitary energy cost decreases the use of environmental 

and labour inputs, the own-elasticities of environmental outcomes are approximately an order 

of magnitude larger than the cross-elasticities of labour demand. Concerning the environmental 

impacts, the IV estimate of the own-price elasticity of energy consumption is -0.5 in our 

favourite specification (fourth column). This number is larger than that estimated in sector-

level studies (Adeyemi and Hunt, 2007; Agnolucci, 2009), but in line with the price elasticity 

of energy consumption for Danish firms found by Bjorner and Jensen (2002).12 Interestingly, 

CO2 emissions are more responsive to energy price shocks than energy consumption with an 

elasticity of -1.13 in our favourite specification (fourth column). This result underscores the 

higher innovative effort of CO2-intensive establishments compared to electricity-intensive 

ones. Expectations of future carbon price increases may represent a possible explanation of the 

different behaviour of carbon-intensive establishments. However, adding ETS-specific year 

dummies, a proxy of the establishments most likely to be affected by future increases in carbon 

prices, does not alter the magnitude of the CO2 elasticity (sixth column). 

Concerning the labour market impacts, changes in energy prices have virtually no effect 

on wages. By contrast, effects on FTE employment are statistically significant in our favourite 

specification (fourth column) and in the more demanding model (sixth column), but only 

weakly significant in the less demanding specification without sector-by-years dummies 

(second column). In terms of magnitude, the effects are in line with (but slightly smaller of) 

those found by previous studies of Kahn and Mansur (2013) and Deschenes (2011) (i.e., 

between -0.10 and -0.15 there against our favourite cross-elasticity of -0.08). While the 

magnitude of these effects does not lend support to the job killing argument, next two sections 

identify the sub-groups for which the effect become economically meaningful. 

 



 

 

 
 

The next step is to explore whether effects are persistent and thus capture the long-term 

establishment response to energy price shocks. We follow the approach proposed by Jaeger et 

al. (2018) by augmenting the specification in equation 2 with two lags in energy prices36. We 

stop at two lags of energy prices not to exacerbate the selection bias in our estimation sample, 

whose size drops by more than 40% when adding two lags. As discussed above, the goal of 

this analysis is to illustrate the difference between short- and long-term effects; therefore, Table 

4 reports both the short- and the long-term effect for the same reduced estimation sample. The 

main message of this extension is that short-term elasticities are significantly smaller than long-

term ones, computed as the cumulative effects of current and past energy prices. The difference 

ranges between 50% for CO2 emissions (-1.32 vs. -0.86) to approximately 2 times for 

employment (-0.13 vs -0.06) and energy demand (-0.5 vs. -0.25). Since the extensions 

presented in next sections entail reductions in sample sizes or splitting, we keep using the 

specification without lagged terms in energy prices to preserve an adequate sample size and 

representativeness. 

 

                                                 
36 These additional variables are instrumented in a straightforward manner taking lags of equation 4. 

Firststage results for this augmented specification are reported in Table E2 in Appendix E. Each instrument is a 
good predictor of the endogenous variable in the same period, which means that there is sufficient variation in 
the establishment exposure to different ‘shifts’ (i.e., national input-specific energy prices) 



 

 

 
In Appendix D we perform three additional robustness checks. First, as pre-trends in 

CO2 emissions and energy use differ across establishments with different initial energy mix 

(see Section 3.1 and Appendix C), we explicitly account for establishment-specific pre-trends 

in the outcome variables in our estimation. For each establishment, we compute the average 

yearly change in the outcome variable between the first year in EACEI (i.e. the same year used 

to build the IV) and the first year used for the econometric estimate (3 or more years ahead). 

We then interact this establishment-specific pre-trend with a linear trend (Panel A of Table D1) 

or with a more flexible set of year dummies (Panel B of Table D1). In this way, we allow 

establishments with different pre-sample trends to evolve differently during the estimation 

period. As expected, pre-trends are positively and strongly correlated with the outcome 

variables. Nevertheless, the estimated elasticities with respect to energy prices are slightly 

smaller in magnitude for all outcomes (except average wages) but remain very much in line 

with the ones found in our baseline estimates (column 4 of Table 3), thus suggesting that the 

source of bias induced by pre-trends is small for environmental outcomes. Second, we 

condition equation 2 on the level of firms’ sales (Table D2)37. The objective is to test whether 

the negative effects, especially so the one for employment, are driven by a scale effect on output 

as in the related paper by Cox et al. (2014). Although unsurprisingly sales are positively 

                                                 
37 Firm’s sales are retrieved from the FICUS/FARE database. Obviously, firm-level sales are an imperfect 

proxy of demand shock at the establishment-level. 



 

 

correlated with input use, the estimated elasticities remain in line with the baseline results, with 

a small increase in the effect on energy prices on employment. Third, we aggregate up 

establishment-level information at the firm-level, where key decisions are taken, and estimate 

our favourite specification for the four different outcome variables (Table D3)38. 

3.4.2 Heterogeneous effects 

 

The aggregate results may hide a substantial degree of heterogeneity across sectors, 

establishments and occupations. We explore these dimensions of heterogeneity one by one in 

this section. Concerning skills, which represents a novel contribution of this paper, energy 

prices may induce technical and organizational changes within the establishment that can be 

skill biased. At a more aggregate level of analysis, Vona et al. (2018) (for US regions) and 

Marin and Vona (2019) (for industrial sectors in EU countries) show that the bias is in favour 

of technical skills and against manual workers. Following these works, our new dependent 

variables in equation 2 are the employment shares of four occupational categories (see Table 

A1 in Appendix A): managers and professionals, technicians, high-skilled manual workers 

(\trained" blue collar workers) and low-skilled manual workers (\untrained" blue collar 

workers). We exclude clerical jobs, as they are less affected by organizational changes induced 

by environmental policies. 

 

 
 

Table 5 contains the main results of this extension. Also, at the establishment-level, we find 

that an increase in the price of energy induces an increase in the relative demand for technicians 

and a decrease in the relative demand for low-skilled manual workers, even though the latter 

effect is imprecisely estimated (p-value=0.16). Different from previous studies, no effect is 

found on professionals, which can be explained by the fact that this broad category includes 

professions (e.g., lawyers) that are unlikely to be directly involved in the tasks required to 

                                                 
38 The firm-level analysis is only possible for either single-establishments firms or for firms for which all 

establishments were surveyed in EACEI in a specific year. This clearly generates a sample selection bias that does 
not allow a straightforward comparison with our establishment-level estimates. For comparison, Panel B of 
Table D3 also reports estimates at the establishment level for the same sample used in the firm-level analysis. 



 

 

provide new energy saving solutions. 

The incidence of higher energy prices is expected to vary substantially depending on 

the energy intensity (e.g. energy expenditure share of VA). To limit endogeneity concerns, we 

consider sector-level energy intensity rather than establishment-level energy intensity. In line 

with previous studies (Kahn and Mansur, 2013; Aldy and Pizer, 2015), we expect that more 

energy-intensive sectors are more sensitive to changes in energy prices than less energy-

intensive sectors. To explore this possibility, we add an interaction term between energy price 

and initial sectoral energy intensity (3-digit NACE) to equation 239. Results in Table 6 confirms 

that the impact of energy price is increasing in sectoral energy intensity for all the four outcome 

variables considered at the establishment-level, even though the difference in the net effect 

between the first and tenth decile is generally small in magnitude. An important result is that 

the cross-elasticity between energy prices and wages becomes negative and statistically 

significant for sectors in the top decile of energy intensity. 

 

 
 

Sectors that are more exposed to international competition are likely to be more sensitive 

to changes in energy prices. Above all, higher prices of intermediate inputs like energy decrease 

an establishment’s international competitiveness because prices for its final goods and products 

are determined in international markets, and thus, there is limited scope to adjust mark-ups 

(Morgenstern et al., 2002). Furthermore, openness to trade is positively correlated with the risk 

of relocating production to countries with laxer environmental regulations (Ederington et al., 

2005). We re-estimate equation 2 including an interaction term between energy prices and a 

dummy variable that equals one for trade-exposed (3-digit NACE) sectors, defined on the basis 

of the trade-related criterion for exemption from auctioning of EU-ETS allowances introduced 

by the European Commission in 2009 to be used in the phase 2013-2020 (see Table A2 in 

                                                 
39 Initial sectoral energy intensity is measured as the average ratio of energy expenditure over value 

added in the pre-sample period 1997-1999 



 

 

Appendix A). Table 7 shows that employment effects are concentrated in trade-exposed 

sectors. Effects on CO2 emissions and energy demand are also stronger in trade-exposed 

sectors, possibly because these sectors are capable to relocate dirty tasks in countries with less 

stringent environmental regulations (Cherniwchan et al., 2017). 

 

 
 

A final concern relates to the heterogeneous response of single-establishment firms 

compared to multi-establishment firms. The effect is expected to be larger for establishments 

hit by energy price shocks in multi-establishment firms because managers can easily relocate 

production within the same firm. To capture different effects between multi- and single-

establishment firms, we interact energy prices with a time-varying dummy variable for 

establishments in multi-establishment firms40. Table 8 shows that indeed establishments in 

multi-establishment firms are more responsive to changing energy prices, reorganizing 

production in such a way to achieve slightly larger reductions in energy consumption and CO2 

emissions. Employment is also more sensitive to energy prices in establishments that belong 

to multi-establishment firms, while wages go in the opposite direction in multi-establishment 

firms suggesting the presence of different bargaining mechanisms in larger firms (Carluccio et 

al., 2015). However, this extension is unable to isolate the effect of across-establishment 

reallocation of inputs from an effect related to size. Section 4.5 delves into this issue by 

isolating the within-firm across-establishment reallocation effects. 

 

                                                 
40 We identify establishments in multi-establishment firms by looking at the presence of multiple SIRET 

with the same SIREN in the DADS Postes database on the universe of French establishments. 



 

 

 

3.4.3 Quantifying energy price impacts 

In this section, we provide two different quantifications of the effects discussed above. 

First, we contrast the effect of the historical changes in energy prices (2000-2015) on our 

outcome variables with the actual historical changes of these variables. In doing so, we 

differentiate the predicted changes in energy prices for different subsamples of establishments 

and consider subsample-specific estimated effects (as estimated in 4.2). 

Second, as in Aldy and Pizer (2015), we compute the counterfactual impact of expected 

changes in energy prices due to the planned (in the time span of our data) introduction of a 

French carbon tax of 56 euro per ton of CO2 in 202041. To provide a counterfactual 

quantification of the environmental and economic impacts of such carbon tax, we first compute 

the establishment-specific impacts of the tax on energy prices using the establishments’ energy 

mix for the year 2015. As a second step, we straightforwardly compute the impact of the policy 

induced change in energy prices on our outcome variables using the IV elasticities estimated 

above. By doing this, we just consider the response of companies in terms of direct 

environmental impacts. Indeed, companies could react to more expensive fossil fuels by 

substituting them with electricity which, in our setting, does not cause any direct environmental 

impact. Accounting for the indirect environmental impacts related to the use of electricity is 

not possible in our framework as we would need to account for the marginal carbon intensity 

of electricity produced by the power sector. However, due to its structural characteristics 

(91.7% of carbon-free electricity generation), in the French case we could assume that such 

indirect environmental impacts are small42. At the same time, however, we are also assuming 

                                                 
41 On 17 August 2015, the French parliament approved the so-called ‘Energy Transition Law’ (loi no. 

2015-992), which sets ambitious objectives for climate change mitigation going beyond the EU ones (i.e., the 
2030 Climate and Energy Framework), such as a 40% reduction in greenhouse gas emissions by 2030 (from 1990 
levels). As a main tool to achieve these ambitious goals, the law imposes the gradual introduction of a carbon 
tax: 22 euro per ton of CO2 by 2016, 56 euro per ton of CO2 by 2020 and 100 euro per ton of CO2 by 2030. 

42 According to data from International Energy Agency, in 2015 as much as 76.5% of electricity was 
produced from nuclear power and 15.2% was produced with renewable energy (hydro, biofuels, solar 
photovoltaic, tide, wind and geothermal) 



 

 

that electricity price remains unchanged as a consequence of carbon taxes. This is not clearly 

the case as we should expect an increase in electricity price due to the pass-through of the 

carbon tax (applicable to the - small - part of electricity generated with fossil fuels) to 

downstream customers: depending on the pass-through rate, the change in electricity prices 

could be either large or small. 

 
Results are shown in Table 9, with historical energy price changes shown in Panel A 

and the quantified impact of the carbon tax in Panel B43. Between 2000 and 2015, we observe 

a substantial reduction in all our outcome variables: -25.7% for energy consumption, -22.7% 

for employment and -29.4% for CO2 emissions44. The large increase in energy prices (56.1% 

in the estimation sample) is particularly concentrated in establishments of single-establishment 

firms, in sectors with low energy intensity and in trade exposed sectors. Note that the predicted 

increase in energy prices due to an ambitious carbon tax of 56 euro per ton of CO2 is, on 

average, similar to the historical one (i.e. 67.8% of energy prices in 2015), but would be 

substantially larger for establishments which use carbon-intensive energy sources such as those 

                                                 
43 Average energy prices to compute historical changes and price level in 2015 and average CO2 

intensity of energy (2015) are computed as the weighted average (sampling weights times energy use) for the 
selected estimation sample. Effects are aggregated across establishments included in the 2015 sample using 
uniform weights. Results based on alternative weighing methods are similar and available upon request. 

44 These figures refer to the full representative sample of establishments, weighted with sampling 
weights 



 

 

in energy-intensive sector. 

 

When considering the whole estimation sample, historical changes in energy prices (Panel 

A) entirely explain the actual reduction in energy use (109%), while the induced reduction in 

CO2 emissions would have been twice larger (216%). In turn, only one quarter of the actual 

reduction in employment (21%) is accounted for by the historical increase in energy prices. 

The changes predicted by the carbon tax are proportionally larger (Panel B). Overall, the trade-

off between the emission reductions and job destruction is moderate: a 10% benefit in terms 

CO2 emissions will bring a cost in terms of job losses of only 0.74%. However, the jobs vs. 

the environment trade-off becomes starker in specific sub-samples. Heterogeneous effects are 

driven here by the combination of differences in estimated elasticities and differences in CO2 

intensity of the energy mix. The 56-euro carbon tax would cost 5.8% of manufacturing jobs on 

average, but 8.3% in energy-intensive sectors and 9.8% in multi-establishment firms. The job 

destruction effect becomes significantly larger in the long-run (9.1%) compared to the short-

run (4.4%). In summary, the risk of substantial job losses in the long-term, especially for certain 

industries, is real and should be factored into the design of an appropriate policy mix. 

As a final note, the effect of the carbon tax on workforce skills is small, which is 

consistent with the statistically insignificant elasticities for three of the four skill groups. The 

carbon tax would entail an increase in the demand for technicians of 1.7% and a (nearly 

significant) decrease in the share of manual workers of 2.3%. These numbers are significantly 

lower than those found by Marin and Vona (2019) for EU sectors. One reason is that our 

estimates do not account for the across-firm reallocation favouring firms that employ a higher 

share of technicians and professionals. Alternatively, this small effect can hide a bottleneck in 

the capacity of France to create the skills suitable for the low carbon transition, an issue worthy 

of exploration in future research. 

3.4.4 Competitiveness impacts 

In this section, we examine firm-level impacts. In doing so, we can study direct proxies 

of competitiveness, such as various productivity indicators. This extension allows us to directly 

test the strong Porter hypothesis and to understand the full set of trade-offs associated with 

future carbon pricing policies. Given that energy-related information is available only for a 

sample of establishments, we retain those firm/year pairs (including single-establishment 

firms) for which all establishments were surveyed in the EACEI45. We consider three indicators 

of productivity: the log of sales per FTE employee, the log of gross value added (VA) per FTE 

employee and the log of total factor productivity (TFP), which is the closest proxy of the firm’s 

level of input efficiency46. 

                                                 
45 As a robustness check, we also repeat our analysis by including those firms observed in EACEI 

establishments that accounted for at least 95 or, alternatively, 90% of total employees in the firm. The results 
were confirmed and are available upon request. 

46 We estimated TFP using the semiparametric estimator proposed by Levinsohn and Petrin (2003). TFP 
was estimated for the universe of firms, separately for each 2-digit NACE sector, by combining information about 
employment level from DADS and value added and capital (built with the perpetual inventory method with 
sector-specific depreciation) from FICUS/FARE. 



 

 

 
The results are shown in Table 10. First, we find that higher energy prices have a modest 

negative effect on the two main measures of competitiveness, i.e., VA per worker and TFP. 

The estimated changes predicted by a price increase of 10% are about -1.4% for VA per worker 

and -1.7% for TFP and are smaller than those estimated in the related paper by Greenstone et 

al. (2012), who also use firm-level data but for a command-and-control-policy (the US Clean 

Air Act). This finding is also in line with recent evidence about the impact of the EU-ETS on 

firm performance (see e.g. Marin et al., 2018; Deche zlepretre et al., 2018)47. Overall, our 

analysis does not lend support to the strong Porter Hypothesis advocating the use of 

environmental policies to increase competitiveness, but suggests that market-based instruments 

(e.g., energy prices in our case) are less harmful for efficiency than command-and-control ones. 

However, we also find that the effect of energy prices on sales per workers is positive and 

statistically significant. The comparison of the effects of energy prices on sales per employee 

and on value added per employee indicates that, to mitigate the negative impact of energy 

prices on the average economic value (value added) per employee, firms need to increase their 

sales per worker by, for example, increasing their mark-ups. 

3.4.5 Within-firm input allocation and exit 

Our analysis focuses on the estimation of the causal effect of energy price on 

establishment-level performance with no consideration of compositional shifts induced by 

energy price shocks, such as across-establishment reallocation effects and exit. However, these 

compositional effects are important for understanding the relevance of micro-level impacts at 

a more aggregate level, where policy makers usually assess the costs and benefits of specific 

policies (Smith, 2015). Compositional changes are difficult to be captured in reduced-form 

regressions, but the richness of our data allow to examine two aspects of those changes: within-

firm across-establishment reallocation and exit. 

Within-firm input reallocation is the first level of reallocation that a manager would 

                                                 
47 Aldy and Pizer (2015) find similar negative but relatively modest effects of energy prices on 

production and net import for a panel of US manufacturing sectors 



 

 

consider because moving production from an establishment to another one within the same 

firm and country is considerably easier than moving production to another firm and country48. 

In contrast to single-establishment firms, multi-establishment firms have larger and more 

resilient internal input markets, as they have the possibility of choosing the quantity produced 

by each establishment in response to, among other factors, differences in input prices across 

establishments. This margin of adjustment for multi-establishment firms mitigates the effect of 

the price shock at the more aggregated firm-level, while it implies a larger response to price 

shocks within each establishment. Fortunately, our data display enough between-establishment 

within-firm variation in energy prices to estimate this reallocation effect for a specific sub-

sample of firms that are fully observed in the EACEI survey (but excluding single-

establishment firms)49. To illustrate, the within-firm across-establishments standard deviation 

in log energy prices (0.144), which is the source of variation that we exploit to estimate the 

reallocation effect, is still quite large compared to the average between-establishments standard 

deviation for the same sub-sample of multi-establishments firms (0.344). To assess within-firm 

reallocation, we add firm-year fixed effects to our main estimation equation 2. Conditioning 

on the year-firm fixed effect is equivalent to identify price effects only through differences 

between establishment- and firm-level prices. 

 
The results are reported in Table 11. For sake of comparison, we also show our baseline 

estimates of equation 2 for the same selected sample (columns 2 and 4)50. For both inputs, the 

                                                 
48 Wagner et al. (2014) consider within-firm carbon leakage as a consequence of the EU ETS using French 

data, finding little evidence, while Cestone et al. (2016) study labour reallocation across French firms belonging 
to the same business group and thus at a higher level than ours. 

49 In single-establishment firms, there is no scope for input reallocation. The sub-sample used in this 
analysis comprises the firms that satisfy the following conditions: i. all establishments of the firm were surveyed 
in EACEI in year t; ii. the establishments are observed at least two times in the period of 2000-2015; and iii. there 
is an additional observation for the establishment at least three years before the second observation (to be able 
to build the IV). By applying these criteria, we rely on an unbalanced panel of 1676 establishments that belong 
to 611 firms. 

 
50 A caveat is important at this point: the results should be interpreted with particular care, as these 

conditions imply a non-random selection of establishments further reducing the representativeness of the 



 

 

absolute value of the estimated elasticity when allowing for within-firm reallocation of inputs 

(columns 1 and 3) is approximately twice as large as the estimated elasticity when within-firm 

reallocation is not considered (columns 2 and 4). Note, however, that employment impacts are 

more than four times larger in this sub-sample compared to the estimation sample used to derive 

the main results of Table 3. This sheds light on the different results on multi- vs. single-

establishment firms. While an energy price shock had larger effect on the latter than on the 

former, input reallocation across establishment partly mitigates such larger effect. 

Rather than adjusting inputs and output in response to changing energy prices, firms 

could opt for shutting down a specific establishment (multi-establishment firms) or leave the 

market altogether (single-establishment firms). The impact of exit on aggregated 

environmental and socioeconomic outcomes is ambiguous combining a substitution and a scale 

effect. The impact depends on the relative input intensity of the exiting establishment compared 

to that of surviving (or new) establishments that increase their market share as a consequence 

of exit of rivals. However, if, as it is plausible, higher energy prices deter entry and favour exit, 

the scale effect is likely to exacerbates reductions in energy, CO2 emissions and labour demand 

at the aggregate level. Following Martin et al. (2014), we estimate the impact of energy prices 

on the probability of exit using a probit model, where our dependent variable is a dummy equals 

to one if the establishment closes at time t51.As exit is one-shot event, we cannot account for 

establishment-specific fixed effects. We control for establishment-specific heterogeneity using 

observable covariates measured before the establishment enters in the estimation sample (i.e. 

in the same year in which the energy mix is measured in our instrumental variable). These 

covariates are proxies of establishment’s size (employment and energy use, both in log) as well 

as of firm-level characteristics (total sales and fixed capital stock per employee, both in log). 

As in our favourite specification, we account for year-sector (2-digit NACE) and year-region 

(NUTS2) fixed effects. 

 

                                                 
selected sample. Compared to the average establishment in the full sample, these establishments are 26.9% 
larger in terms of number of employees and report an energy consumption that is 97.2% larger. 

51 The EACEI data on energy use and prices for year t are collected by means of a annual survey that 
takes places in the first half of year t + 1. This means that establishments that left the market between the 
beginning of year t and June of year t+1 are still active on the market in year t while data on energy use and 
prices will not be available. For this reason, our dummy variable for exit of establishment i in year t is set to one 
for establishments that left the market either in year t + 1 or in year t + 2. Exit of establishment i in year t is 
defined by looking at whether establishment i is reported in the list of active establishments in year t in the 
DADS database, that considers the universe of active French establishments. As we need information on exit in 
year t and t + 1 and DADS data are available until year 2015, the estimation sample only runs from 2000 to 2013. 



 

 

 
Results are shown in Table 12. In addition to our baseline specification (columns 1 and 

2), we also estimate a more demanding specification in which the pre-sample variables are 

interacted with time dummies (columns 3 and 4). Overall, results highlight a positive effect of 

energy prices on the probability of exit, both in the probit and in the IV-probit models52. To 

quantify the contribution of energy prices to exit, we compute marginal effects at the average 

energy price and evaluate the predicted increase in exit probability of driven by historical price 

changes or by the French carbon tax. For the most demanding specification (column 4) we 

estimate an increase in probability of about 0.33% for historical changes in energy prices and 

of about 0.4% for a 56 euro carbon tax. These effects should be compared with an average 

annual exit rate of 4.3% for our estimation sample, which means that historical changes in 

energy prices explain about 7.7%-7.9% of exit over the same period. This result suggests that 

the overall negative impact of energy prices on energy use, CO2 emissions and employment as 

estimated in our baseline regressions on the selected sample of surviving establishments 

represents a lower bound of the true overall impact since it disregards the impact of energy 

prices on the extensive margin. 

 

3.5 Conclusions 

 

Our paper provides new evidence on the link between energy prices and various 

measures of economic and environmental performance for a panel of French manufacturing 

establishments.  

As a preliminary step in our analysis, we document the substantial cross-establishments 

heterogeneity in energy prices across sectors and establishments as well as large increases in 

energy prices accompanied by moderate decreases in quantity discounts for large energy 

consumers. We then evaluate the impact of energy prices on establishment’s environmental 

and economic performance in a scenario that replicates what would happen following the 

adoption of ambitious carbon pricing policies. In doing so, we propose a shift-share 

instrumental variable approach suited to dealing with the potential endogeneity of energy 

                                                 
52  



 

 

prices. 

 

Our results identify a trade-off between environmental and economic goals due to changing 

energy prices. We estimate that a 10-percent increase in establishment-level energy prices 

brings a 5% reduction in energy consumption and an 11% reduction in CO2 emissions. The 

same 10-percent increase in energy prices has a modest negative impact on employment (-

0.8%) and total factor productivity (-1.7%) and an even smaller effect on wages (-0.09% but 

not significant). Importantly, we also find that short-term estimates are approximately two 

times smaller than the long(er)-term (3-years) effects for energy use, CO2 and employment. 

The negative employment effect differs across sectors and occupations. Reassuringly, the 

negative employment effects do not disproportionately affect the least skilled workers and are 

biased in favour of middle-skill technical competencies. Simulating the effect of the 

introduction of a 56 euro per ton of CO2 tax, we show that the trade-off between environmental 

goals and job losses is further amplified for energy-intensive and trade-exposed sectors because 

the former are relatively carbon intensive relative to the average, while the latter cannot pass 

through higher energy prices to their customers. In the absence of compensating labour market 

policies, such amplified job losses may fuel strong opposition by both industrial and workers’ 

associations against carbon pricing policies. 

 

Our reduced-form approach focuses on only one dimension of the impact of environmental 

regulation on environmental and economic performance, as we do not consider the 

consequences of entry and exit dynamics and of the reallocation of production (and, 

consequently, inputs) across establishments. We perform two additional exercises to give an 

idea of the direction of these compositional shifts by estimating energy price impacts on exit 

probability and on input reallocation within multi-establishments firms. We show that 

employment effects are mitigated by labour reallocation across establishments within the same 

firm, while the positive effect of energy prices on the probability of exit might suggest that our 

estimates represent a lower-bound of the true effect. This preliminary results on compositional 

effects are suggestive of the possible link between micro and macro effects, thus further 

research is required to incorporate these micro-estimates into a general equilibrium framework. 
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Appendix  

 

A Data sources 

A.1 EACEI Survey 
 
The main source of data is the EACEI survey. EACEI (Enquete sur les consommations 

d’´energie dans l’industrie) is a survey of manufacturing establishments that provides 

information on energy consumption (quantity and value) broken down by energy type: 

electricity (consumed and autoproduced), steam, natural gas, other types of gas, coal, lignite, 

coke, propane, butane, heavy fuel oil, heating oil and other petroleum products. In the first part 

of our period (1997- 2010), sectors 10-12 (Manufacture of food products, beverages and 

tobacco products, NACE Rev 2) were not included in the survey design, while the sector 19 

(Manufacture of coke and refined petroleum products) is only included from year 2002 

onwards. We thus exclude establishments in these sectors in the second part of our panel as 

well. From 2007 onwards, other nonmanufacturing industrial sectors were included (e.g., 38.3 

‘Material recovery’). We also exclude these additional nonmanufacturing sectors53. All 

establishments with more than 250 employees are requested to participate to the survey (see 

Wagner et al., 2014, for further details), while only a sample of establishments with 20 or more 

employees (stratified by nomenclature of activities (NTE) dedicated to energy consumption, 

workforce bands, and region) are interviewed54. The response rate is nearly 90%. In order to 

have a consistent sample of industries for the whole period that we consider (e.g. to compute 

national energy prices) we only consider establishments that belong to industries that were part 

of the survey design for all years between 1997 and 2015. In our analysis, we only consider the 

consumption of energy that is purchased by the establishment. A relatively small share of 

establishments are equipped with one or more power generators to auto-produce electricity. 

The EACEI survey also provides information on the actual amount of electricity that is 

autogenerated. This electricity does not enter our measure of total energy use, as auto-

generation employs other sources of energy (e.g., gas, coal) purchased and used as production 

inputs in the power generators. By not including autogenerated electricity, we avoid a double 

counting of energy. 

                                                 
53 Other relatively minor sectors were not included in the survey design of EACEI (classification NAF Rev. 

2): 16.10A, 16.10B, 20.13A, 24.46Z 
54 All establishments with 20 employees or more are surveyed for sectors 23.32Z, 23.51Z and 23.52Z 

(NAF Rev. 2 classification), while all establishments with 10 or more employees are interviewed for sector 20.11Z 
(NAF Rev. 2 classification) 



 

 

 

To compute establishment-level CO2 emissions, we employ CO2 emission factors for the 

different energy sources from EIA (U.S. Energy Information Administration). In this way, 

we just consider ‘direct’ energy-related CO2 emissions released by each establishment, while 

implicit emissions released in the process of generating purchased electricity and steam are not 

considered in establishment-specific CO2 emissions. As a consequence, direct CO2 emissions 

of establishments relying just on electricity and/or steam are set to zero and the corresponding 

observations are not included in the sample used to estimate the impact of energy prices on 

CO2 emissions. According to our measure, changes in within-establishment CO2 emissions is 

the results of the combination in changes in the level of overall energy consumption and 

changes in the average CO2 intensity (time invariant source-specific CO2 emission factors) of 

the energy mix. 
 

A.2 FICUS-FARE and DADS 
Balance sheet information for French firms was retrieved from the FICUS (Fichier de 

comptabilit´e unifi´e dans SUSE, 1997-2007) and FARE (Fichier approch´e des r´esultats 

d’Esane 2008- 2015) databases, which contain information on balance sheets and income 

statements for the universe of French firms. Firm-level data from FICUS/FARE were linked 

to EACEI and DADS based on the unique identifiers of French firms (SIREN). 

Information on establishment-level employment (measured in terms of full-time equivalent 

employees), total wages paid and average wages (per full-time equivalent employee) were 

retrieved from the DADS (D´eclaration Annuelle des donn´ees Sociales) ‘Postes’ database, 

which is an administrative collection of data on employment and wages for the universe of 

French establishments. We linked information in EACEI with information in DADS by 

means of the unique identifiers of French establishments (SIRET). 

For each employee we have information on the occupation according to the 2003 version of 

the PCS (Professions et cat´egories socioprofessionnelles des emplois salari´es d’entreprise) 

classification at the 4-digit. Following Marin and Vona (2019), we identify four macro-

occupational groups that reflect what Vona et al. (2018) define as ‘Green skills’, that is 

Engineering and Technical skills, Operation Management skills, Monitoring skills and 

Science skills. More specifically, we group together employees in occupations that require 

engineering, managerial (i.e. Operation Management) and scientific skills into an aggregate 

occupational group labelled ‘Engineers and managers’. A second occupational group refers to 

occupations that require technical skills, that we label as ‘Technicians’. As suggested by 

Vona et al. (2018), environmental regulatory stringency should be positively related with the 

demand for these skills. On the other hand, Marin and Vona (2019) suggest that the demand 

for manual skills might be negatively related to environmental regulatory stringency. To this 

purpose, we identify two occupational groups that contain occupations that require, 

respectively, high manual skills and low manual skill. 

 

The 2-digit PCS occupations allocated to the four macro occupational groups are reported 

in Table A155. We do not consider clerical and service occupations as these occupations are 

likely to remain unaffected by environmental policy 

                                                 
55 We cannot exploit consistently the 4-digit detail of the PCS available in DADS ‘Postes’ as the 

occupational classification for years 2000-2002 (PCS-1982) is quite different at the 4-digit level from the 
occupational classification for years 2003-2015 (PCS-2003), while the concordance between PCS-1982 and PCS-
2003 at the 2-digit level is perfect. 



 

 

 
A.3 Trade exposed sectors 

To identify trade-exposed sectors, we employ one of the criteria used by the European 

Commission to exempt from auctioning of allowances (from the third phase, 2013-2020) 

establishments in those sectors that were deemed to be at risk of carbon leakage (Decision 

2010/2/EU, amended by the Decisions 2012/498/EU and 2014/9/EU). These criteria consider 

the CO2 emission intensity of the sector and its exposure to extra-EU28 trade. We identify 

trade-exposed sectors for which trade (import plus export) with non-EU28 countries is greater 

than 10% of the total EU28 production in that sector (see Table A2)56. 

 

 

                                                 
56 The list is available at: https://ec.europa.eu/clima/policies/ets/allowances/leakage en  
 



 

 

B Characteristics of the estimation sample 

 
The characteristics of the estimation sample that we employed in our baseline results are 

reported in Table B1. Overall, the largest possible estimation sample for the period of 2000-

2015 consists of 124,604 observations (establishment/year). Our estimation sample for total 

energy and employment includes 88,160 observations. These selected observations represent 

70.75% of the total number of possible observations but account for as much as 81.2% of 

energy consumption and 77.8% of employment (see Table B1). 

 

To gain a more precise understanding of the bias brought about by this sample selection, we 

regress a series of variables on a dummy variable that equals one for observations in the 

selected sample and zero otherwise. The results are reported in Table B2. Conditional on year 

dummies, selected establishments are larger in terms of employees, consume more energy and 

are more energy intensive in terms of energy consumption per employee. On average, 

conditioning on total energy consumption (to account for quantity discounts), energy prices 

were not statistically different between the selected and the full sample. 

 

To have a sense of the possibility to generalize our results to the whole French manufacturing 

sector, we report the trend in the share of establishments (with different weights) included in 

the sample compared to the reference universe of establishments in the EACEI survey (Figure 

B1). As expected, the coverage is greater in more recent years due to the requirement to observe 

a lag in the energy mix (to build the IV) to be included in the selected sample. Moreover, the 

coverage when considering ‘energy consumption’ as weights is better than when considering 

FTE employment and substantially better than when considering simple sampling weights. To 

illustrate, for year 2012 (year in which we have the best coverage) we include in our selected 

sample 72% of establishments (sampling weights) that account for 86% of the FTE 

employment and as much as 95% of the energy consumption of all manufacturing 

establishments surveyed by EACEI in the same year. 



 

 

 

Finally, to further evaluate the representativeness of the selected sample we consider the 

relative representativeness across different establishment size categories (Figure B2). Overall, 

the coverage appears to be systematically greater for medium-big establishments (50 or more 

employees), even though the trend is not monotonic across different size classes. Reassuringly, 

the coverage in terms of energy consumption is always above 70% across all size classes, above 

54% for FTE employment and above 52% for simple sampling weights. 

 

 

C. Testing for pre-trends 

 
We explicitly test the validity of the exclusion restriction under the possibility that, due to some 

additional unobserved factors, establishments with different initial energy mixes exhibit 



 

 

different (pre-)trends in the outcome variable. If this was the case, our shift-share instrument 

could not disentangle the exogenous change in energy prices from pre-existing systematic 

differences in trends across establishments with different initial mixes. In doing so, we estimate 

the differences in trends in outcome variables for establishments with initial (1997) energy 

mixes up to 2001. We use the sample of establishments surveyed in the EACEI survey of 1997 

and consider an unbalanced panel of establishments.5 We detect pretreatment differences using 

the following equation: 

 

 

The results are reported in Table C1. In column 1, we simply replace the vector Xit with year 

dummies. Moving from column 2 through column 4 we add control variables in line with Table 

3: in column 2 we account for region-year dummies; in column 3 we account for region-year 

and sector-year dummies; in column 4 we account for region-year and sector-year dummies as 

well as for other flexible controls. First, we observe that the pre-trend in energy use and CO2 

emissions is always systematically different for establishments with different initial electricity 

(and gas, for CO2) shares, no matter the specification used: indeed, the F-tests of joint 

significance of energy source shares and year dummies do not allow to accept the null 

hypothesis of common trends. Second, accounting for at least region-year and sector-year 

dummies (column 3) and, even better, region-year and sector-year and other control variables 

(column 4) allows to partial out pre-trends in employment. Finally, no matter the specification, 

pre-trends in average wages are not found. These results have three implications for our 

analysis. First, the reliance of our IV on a time-invariant energy mix does not bear the risk of 

capturing pre-existing differences across establishments that are connected with the energy mix 

itself (for labour market outcomes and, to a lesser extent, energy). Second, accounting for 

sector-year dummies matters for the validity of our IV strategy (for employment). Third, the 

existence of pre-trends in CO2 emissions and energy use may bias the effect of prices. We 

explicitly account for this possible source of bias in a robustness check of Appendix D (Table 

D1), where we allow the influence of pre-trends to persist in our estimation period. 



 

 

 

D Robustness checks 

 
In this section we show tables of the robustness checks discussed at the end of Section 4.1 

 



 

 

 

 



 

 

 



 

 

Research paper 4: Distributional effects of a post-pandemic green fiscal 

stimulus: skills, employment and wage of low-skilled manual workers 
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Marin, G., Vona, F., Popp, D., Chen, Z., 2020. ‘Distributional effects of a post-
pandemic green fiscal stimulus: skills, employment and wage of low-skilled manual 
workers,’ under review JEEM special issue on Coronavirus. 

Abstract:  

A green fiscal stimulus is prominent in the policy debate over government 

investments to aid the recovery from the Covid-19 pandemic.  Supporters argue 

green stimuli would boost GDP, create jobs and, at the same time, help redirect 

economic systems towards the strategic long-term goal of tackling the climatic 

crisis. In this paper we provide new evidence on the distance in worker skill sets 

between occupations displaced by Covid-19 and other structural shocks and the 

subset of green-manual occupations that are expected to be in high-demand as a 

consequence of a green stimulus. We show that skill distance and other barriers 

could limit a transition of displaced workers to green-manual jobs. However, our 

ex-post assessment of the green component of the American Recovery and 

Reinvestment Act of 2009 suggests that training programs may help.  We show 

that areas equipped with green training facilities gain the most in terms of 

employment and wages for green-manual jobs after a green fiscal stimulus. 
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4.1 Introduction 

Recovery from the Covid-19 pandemic will require a large government stimulus to help 

those companies and workers most affected by both the present and future lockdowns as well 

as by the structural changes that will follow. Besides obvious income effects, the Covid-19 

crisis may induce permanent changes in the composition of demand such as a reduction of 

travelling, holidays, restaurants, and personal services. On the supply side, minimizing the 

impact of future social distancing restrictions on business may accelerate the rate of 

automation. 

Investing in the green economy has been identified as a strategic area of intervention to 

jointly target the climate crisis and the economic crisis induced by the Covid-19 pandemic (e.g. 

Helm 2020; Agrawala et al., 2020). A leading example is the EU Recovery Plan for Europe 

(Next Generation EU, €750 billion for 2021-2027) that plans to allocate 25% of funding for 

climate change mitigation. The effectiveness of such plans depends on the extent to which 

inputs displaced by the transformations induced, both directly and indirectly, by the Covid-19 

crisis can be reallocated into green activities, such as renewable energy technologies, building 

retrofitting, recycling and new infrastructures for the energy and transport sectors. Labor 

reallocation towards greener sectors is particularly important to reabsorb workers whose 

demand will permanently displaced by amid the Covid-19 crisis. These concerns apply 



 

 

especially for low-skilled manual workers who experienced a previous deterioration of their 

employment opportunities associated with globalization and technological change (Autor et 

al., 2003; Autor et al., 2013).  

Because of concerns that the burdens of the Covid-19 crisis fall disproportionately on 

lower-income households, this paper focuses on manual and unskilled workers. In particular, 

we provide a qualitative assessment of the difficulties to reallocate low-skilled workers from 

Covid-19 exposed (i.e. those with low possibility to work-from-home and intense face-to-face 

interactions) to green occupations. Labor research has shown that reallocation costs are 

proportional to the skill distance between jobs (e.g., Kambourov and Manovskii, 2009; 

Gathmann and Schönberg, 2010; Guvenen et al., 2020). Therefore, in a scenario of generous 

green spending, mismatches in the skill, training and educational requirement represent the 

main barrier for a successful reallocation of workers from origin (e.g., Covid-19 exposed or 

brown) to destination (green) occupations. Using the Occupation Information Network 

(O*NET) dataset to retrieve skill intensity scores for detailed US occupations, we compute 

skill distance measures between origin and destination occupations as well as standard statistics 

of education and training requirement. As spatial mobility and occupational preferences 

represent two other important barriers for a successful reallocation, we also compute an index 

of geographical concentration and a proxy for gender prevalence for each occupation group.  

Our analysis reveals that the average green manual occupation requires on average 14 

months of on-the-job training compared to 7 months for the average occupation affected by the 

Covid-19. However, the skill gap between green and generic low-skilled occupations is similar. 

In other words, the transition from a generic low-skilled occupation to a green low-skilled 

occupation is as difficult as the transition from a Covid-19 exposed low-skilled occupation to 

a green low-skilled occupation. While both green and Covid-19 exposed occupations exhibit 

similar levels of spatial concentration, a potential barrier to a green job reallocation relates to 

occupational preferences: notably that the former occupations are much more male-oriented 

than the latter. Finally, the last category of origin occupations, i.e. those mostly employed in 

polluting sectors (brown), exhibit a skill set similar to that of green occupations, but have a 

modestly lower training requirements and a significantly higher spatial concentration.  

Motivated by the large difference in training requirements between green occupations 

and other origin occupations, especially Covid-19 exposed, in the second part of the paper we 

examine whether job training programs increased effectiveness of green spending under the 

American Recovery and Reinvestment Act (ARRA). ARRA investments were implemented to 

restart the US economy after the 2008 financial crisis, and included several programs targeting 

green investments. Following Popp et al. (2020), we exploit variation in the spatial distribution 

of green ARRA spending across Commuting Zones (CZ henceforth) and estimate how the 

effectiveness of such spending varies depending on the presence of specific training programs. 

Popp et al. (2020) provide a comprehensive evaluation of the green ARRA effect along several 

dimensions, but do not explicitly consider the mediating role of training programs. Here, we 

complement their work using new data on training programs devoted to the green economy, 

focusing on both the wage and employment effects of the green stimulus for manual 

occupations. In doing so, we also contribute to the growing literature on the labor market effects 

of environmental policies across different skill groups (Marin and Vona, 2019; Yip, 2018). We 

show that training programs complement green spending, helping create new employment 

opportunities for workers displaced by other structural transformations, including carbon 

pricing policies (Yip, 2018; Marin and Vona, 2019) and automation (Acemoglu and Autor, 

2011; Frey and Osborne, 2017). Remarkably, we find a positive wage effect for green-manual 

workers only in CZs with a green training program. This result qualifies that of Popp et al. 

(2020) who did not find a positive wage effect on average.  



 

 

Our result informs both the policy debate and the design of theoretical models suitable 

to examine the effect of a green stimulus in post-pandemic economies. For example, general 

equilibrium model with search frictions find that climate policies have small aggregated effects 

on the economy, but trigger a substantial reallocation of labor from brown to green sectors 

(Hafstead and Williams III, 2018). However, such models are silent on the fundamental 

determinants of search frictions that are an important component of compliance costs (Bartik, 

2015). Our analysis represents a first step towards unpacking the black box of search frictions, 

making them explicitly dependent on differences in the skill requirement across different 

occupations or sectors.  

On the policy side, our results should be taken with caution as training programs for 

green jobs may be correlated with green ARRA spending and thus be endogenous. We show, 

however, that conditional on our set of covariates, the distribution of green ARRA is similar in 

CZs with or without green training programs. In turn, as in Popp et al. (2020), endogeneity in 

green ARRA is mitigated by allowing green ARRA to have an effect before the first year of 

the stimulus and subtracting such pre-trend effect to mitigate endogeneity concerns. It is worth 

noting, however, that we observe no significant pre-trends for green ARRA on green-manual 

employment, thus reducing endogeneity concerns compared to Popp et al. (2020), who 

primarily focus on total employment. 

The remainder of the paper is organized as follows. Section II presents the descriptive 

results based on differences among several dimensions between selected groups of 

occupations. Section III briefly illustrates the empirical strategy and the results of the 

econometric analysis. Section IV concludes. Further details are in the Appendices and in the 

related paper of Popp et al. (2020). 

 

4.2 Green skills distance and profiling of jobs at risk 

4.2.1 Definitions 

As shown in previous research (Vona et al., 2019; Popp et al., 2020), the first and main 

effect of a green fiscal stimulus is to create green jobs. In the main analysis of this paper, we 

define an occupation as green if it requires at least one green specific task57.  We further qualify 

our “destination” group, namely the group of occupations that are likely to benefit the most 

from a green stimulus, as the subset of green manual occupations that experienced a positive 

employment growth between 2008 and 2017. We focus on manual jobs because most of the 

jobs created by green ARRA investments were in manual occupations (Popp et al., 2020). 

We consider four groups of “origin” occupations that are likely to be harmed either by 

the Covid-19 crisis or by ambitious green policies. Because we expect that workers from high-

skilled occupations will have less difficulty being re-employed, we focus on low-skilled 

occupations to build our three main groups of “origin” occupations.  

The most direct losers from Covid-19 are workers in low-skill jobs characterized by 

high face-to-face interaction and low possibility of working from home. These were the 

workers whose jobs were suspended during the different lockdowns to limit the diffusion of 

the virus. To identify these Covid-19 exposed jobs, we use the two complementary indicators. 

Dingel and Neiman (2020) develop a binary indicator of teleworking feasibility. An occupation 

is considered as doable from home based on data from O*NET regarding the occupational 

work context and generalized work activities. The second O*NET based indicator uses a 

                                                 
57 A more accurate definition of green employment, where the greenness of an occupation is defined 

as the share of green tasks on total tasks required, is provided by Vona et al. (2018, 2019). In some of the 
following analysis, we will also use this more accurate and continuous definition of green employment. 
Occupational greenness of green-growing manual occupations is shown in Table A1 in Appendix A. 



 

 

continuous score (range 0-1) to reflect the importance of face-to-face interaction for each 

occupation (Mongey et al., 2020). Following Mongey et al. (2020), we define an occupation at 

risk because Covid-19 if work-from-home is not doable and the importance of face-to-face is 

above average.  

Second, the economic crisis started by Covid-19 will also accelerate long run trends in 

automation of tasks as companies will look for technological solutions to insure against current 

and future pandemic-related risks (Chernoff and Warman, 2020). To identify low-skilled 

occupations exposed to automation, we employ two standard indexes previously used in the 

literature. First, routine-intensive low-skill occupations are those belonging to the top-decile 

(weighted by employment in 2017) of Routine Task Intensity index (Acemoglu and Autor, 

2011). Second, low-skilled occupations at risk of computerisation are those in the top-decile 

(weighted by employment in 2017) in the distribution of the probability of computerization 

built by Frey and Osborne (2017).  

Finally, the environmental effectiveness of a green stimulus depends on the substitution 

of pollution- and resource-intensive industries and products with cleaner industries and 

products. The demand for occupations that are over-represented in pollution-intensive 

industries is likely to decline as the green stimulus will accelerate such substitution process. 

We use the definition of brown jobs in Vona et al. (2018) as the occupations mostly employed 

in pollution-intensive industries by considering 8 different air emissions.  

Note that low-skilled green occupations are only manual, while low- and middle-skills 

occupations exposed to Covid-19 and automation include service and clerical jobs as well. We 

will keep all other low-skilled occupations in the comparisons of this section using the well-

known fact that it would be easier for low- and middle-skilled workers displaced by Covid-19 

to be re-employed in manual green occupations than in abstract green occupations (Cortes, 

2016).  

Detailed definitions of these occupational groups are reported in Table 1, while the full 

list of 6-digit SOC occupations in each group is reported in Appendix A. Overall, in 2017 these 

groups of potential losers account for 53.3% of US employment and 80.8% of US employment 

in low-skilled occupations (Table 2)58.  Green manual occupations that grew over 2009-2017 

period account for as much as 5.2% of total US employment in 2017. However, if we 

acknowledge that these green workers devote only a fraction of their time to green tasks and 

thus reweight for the occupational greenness as a proxy of time spent in green task (see footnote 

5 and Vona et al., 2019), just 1% of total worktime is devoted to green tasks. These figures and 

the fact that the short-term effect of a green stimulus are modest (Popp et al., 2020) imply that 

even a very generous green stimulus is unlikely to be enough to quickly reabsorb massive layoff 

of workers in Covid-19-exposed occupations. 

 

Table 1 – Definition of relevant occupational groups 
Group of occupations Description 

Destination: occupations that will benefit from a green stimulus package 

Growing (2009-2017) green manual 

occupations 

Manual occupations (SOC 47-53) with strictly positive greenness 

that experience employment growth in 2009-2017 

Growing (2009-2017) green manual 

occupations (weighted with greenness) 

Manual occupations (SOC 47-53) with strictly positive greenness 

that experience employment growth in 2009-2017. Statistics are 

weighted by occupational employment multiplied by occupational 

greenness 

Origin: occupations that will be harmed by the Covid-19 lockdown and other structural transformations 

Benchmark: all non-green low-skilled 

occupations 

Non-green occupations in low-skilled SOC groups (33-53) 

                                                 
58 There is some degree of overlap across different categories of losers: 7.4 of all losers belong to 2 

different groups while 6.4% belong to 3 different groups. 



 

 

Low-skilled occupations at risk because 

of Covid-19 

Low-skilled occupations (SOC 33-53) for which work-from-home is 

not feasible (source: Dingel and Neiman, 2020) and with above-

average physical proximity at work using data from Mongey et al. 

(2020) 

Low-skilled occupations with highest 

RTI (top 10%) 

Low-skilled occupations (SOC groups 33-53) in the top decile (i.e. 

10% of US employment in 2009) of routine task intensity index (as 

defined by Acemoglu and Autor, 2011, based on O*NET data) 

Low-skilled occupations with highest 

computerization probability (top 10%) 

Low-skilled occupations (SOC groups 33-53) in the top decile (i.e. 

10% of US employment in 2009) of computerisation probability (as 

defined by Frey and Osborne, 2017) 

Brown manual occupations 
Brown occupations as defined by Vona et al. (2018) in low-skilled 

SOC groups (33-53) 

 

4.2.2 Descriptive Evidence 

Table 2 reports a general profiling of occupational groups across several characteristics. 

Compared to the benchmark group of low-skilled non-green occupations, green-growing 

manual jobs exhibit a similar degree of geographical dispersion, offer a 20% wage premium 

and employ much older workers on average. Notably, green manual occupations are 

disproportionately biased towards male workers (more than 90%).  

As Covid-19 exposed occupations represent the lion’s share of low-skilled occupations, 

it is not surprising that they are very similar to the benchmark group. Low-skilled occupations 

that are RTI-intensive and with a high-computerization probability also have characteristics 

similar to those of the benchmark group, and thus have similar differences with green 

occupations. By contrast, brown occupations are much more similar to green occupations in 

terms of gender composition, age and wages.  However, they are significantly more 

concentrated spatially. This spatial concentration is a well-known concern for high-carbon 

communities (Fragkos and Paroussos, 2018), which is largely beyond the scope of this paper.  

 

Table 2 – Profiling of occupational groups 

  
% of total 

empl in 2017 

Number of 6-

digit SOC 

occupations 

% of male 

employees 

Age of 

employees 

(average) 

Average 

hourly wage 

in 2017 (US$) 

Locational 

GINI 

coefficient 

Growing (2009-2017) green manual occupations 5.2% 18 92.6% 43 21.00 0.26 

Growing (2009-2017) green manual occupations 

(weighted with greenness) 
1.0% 18 90.3% 42 20.46 0.31 

Benchmark: all non-green low-skilled occupations 59.2% 386 50.5% 39 16.97 0.33 

Low-skilled occupations at risk because of Covid-

19 
34.2% 157 56.4% 37 15.57 0.31 

Low-skilled occupations with highest RTI (top 

10%) 
9.8% 53 32.6% 38 14.14 0.32 

Low-skilled occupations with highest 

computerization probability (top 10%) 
7.9% 46 35.3% 38 14.99 0.32 

Brown manual occupations 2.8% 79 79.3% 43 21.55 0.60 

Description of variables: Locational GINI coefficient: average Locational Gini Coefficient (Gabe and Abel, 2012) across CZs based on ACS data for 

2017, high values indicate high geographical concentration, low values indicate low geographical concentration (weights: occupational employment in 

2017); Average hourly wage in 2017 (US$): average hourly wage from BLS-OES (weights: occupational employment in 2017); Age of employees 

(average): average age of employees from ACS 2017 (weights: occupational employment in 2017); % of male employees: average share of male 

employees from ACS 2017 (weights: occupational employment in 2017); % of total employment in 2017: share of total employment in group in 2017. 

 

Table 3 – Skills, Training and Educational requirements 

Origin occupational group: 

Training 

requirements 

(average months) 

Education 

requirements 

(average) 

Green General 

Skills (average 

score) 

GGS distance wrt 

growing green 

manual occupations 

weighted by 

employment (2017) 

in origin occupation 

GGS 'Eng & Tech' 

distance wrt growing 

(2009-2017) green 

manual occupations 

(median; Q1 and Q3 

in parenthesis) 



 

 

(median; Q1 and Q3 

in parenthesis) 

Growing (2009-2017) green manual 

occupations 
14.3 12.3 0.396 

0.064 

(0.044, 0.101) 

0.055 

(0.028, 0.085) 

Growing (2009-2017) green manual 

occupations (weighted with greenness) 
14.4 12.5 0.397 

0.062 

(0.043, 0.096) 

0.051 

(0.028, 0.088) 

Benchmark: all non-green low-skilled 

occupations 
6.8 12.1 0.271 

0.130 

(0.082, 0.185) 

0.156 

(0.083, 0.248) 

Low-skilled occupations at risk because of 

Covid-19 
7.3 11.7 0.284 

0.114 

(0.074, 0.154) 

0.123 

(0.074, 0.193) 

Low-skilled occupations with highest RTI 

(top 10%) 
5.3 11.9 0.209 

0.158 

(0.113, 0.234) 

0.189 

(0.112, 0.348) 

Low-skilled occupations with highest 

computerization probability (top 10%) 
4.4 11.9 0.221 

0.152 

(0.117, 0.208) 

0.186 

(0.116, 0.273) 

Brown manual occupations 11.9 12.1 0.337 
0.063 

(0.042, 0.097) 

0.062 

(0.036, 0.114) 

Description of variables: Training requirements (average months): average training requirement (in months) based on O*NET (weights: occupational 

employment in 2017); Education requirements (average years): average education requirement (in years) based on O*NET (weights: occupational 

employment in 2017); Green General Skills (average score): average score of the four Green General Skills as defined in Vona et al. (2018) based on 

O*NET data (weights: occupational employment in 2017); GGS (Green General Skills) distance is based on Gathmann and Schönberg (2010) and is 

defined in equation 1 (median and quartiles are weighted using occupational employment in 2017). 

 

 

Overall, the age and gender gaps may represent two important barriers for a successful 

reallocation of unskilled workers towards green jobs, while the wage premium for green 

occupations likely reflect compositional effects associated with such gaps (e.g., men and older 

workers earn more). At least some of the differences in gender-orientation of an occupation are 

due to occupational preferences (Bertrand, 2010). That makes it very unlikely that construction 

jobs will ever employ a large share of women that lost their jobs in sectors such as tourism and 

food services. The age gap, in turn, suggests a possible skill gap that will be analysed 

extensively in Table 3. Indeed, as older workers in green manual workers retire, their know-

how is also lost.  

Next, we compare the different occupational groups using a measure of skill distance, 

as well as standard measures of occupational requirements of formal education and training 

(based on O*NET data). According to a voluminous literature in labor economics (e.g., 

Gathmann and Schönberg, 2010; Guvenen et al., 2020), skill distance is the crucial element to 

understand the likelihood of successful job creation in terms of wage earned in the new 

occupation and re-employability (Gathmann and Schönberg, 2010; Guvenen et al., 2020). To 

limit the space of possible skills used to build our skill distance measure, we consider only the 

fourteen green general skills identified by Vona et al. (2018)59.  We compute a synthetic 

measure of distance across the 14 items of Green General Skills (GGS henceforth) as the 

angular separator distance in task importance between pairs of occupations following 

Gathmann and Schönberg (2010): 

 

𝐺𝐺𝑆_𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑚𝑛 = 1 −
∑ (𝑞𝑟𝑚×𝑞𝑟𝑛)14

𝑟=1

[(∑ 𝑞𝑟𝑚
214

𝑟=1 )×(∑ 𝑞𝑟𝑛
214

𝑟=1 )]
1/2 (1) 

                                                 
59 There are more than 400 items in the O*NET database to be used in computing skill set distances 

(including work activities, abilities, skills, work context, values, etc.). As we focus on green jobs as a potential 
destination of job-to-job transition, the set of general skills that are systematically more represented in green 
jobs is what matters for limiting skill mismatches. We thus consider the set of 'general skills' that were identified 
to be relevant for green occupations by Vona et al. (2018). These include the following 14 items in O*NET: 
Engineering and Technology; Design; Building and Construction; Mechanical; Drafting, Laying Out, and Specifying 
Technical Devices, Parts, and Equipment; Physics; Biology; Systems Analysis; Systems Evaluation; Updating and 
Using Relevant Knowledge; Provide Consultation and Advice to Others; Law and Government; Evaluating 
Information to Determine Compliance with Standards. 



 

 

 

where q_rm^  and q_rn^  are importance scores (with support 0-1) for GGS item r in, 

respectively, occupation m and n. To illustrate, consider "Solar Photovoltaic Installers" (SOC 

47-2231) as the potential green manual occupation 'of destination'. The distance of all other 

low-skilled occupations with respect to construction workers ranges from 0.006 for "Plumbers, 

Pipefitters, and Steamfitters" (SOC 47-2152) to 0.36 for "Door-To-Door Sales Workers, News 

and Street Vendors, and Related Workers" (SOC 41-909160).  This implies that the green 

general skills that are likely to be in high demand for Construction Laborers could be better 

performed by a former "Pile-Driver Operator" than by a "Door-To-Door Sales Worker" and, 

consequently, a successful job-to-job transition is more likely in the former than in the latter 

case.  

Table 3 reports the skill distance measures as well as standard measures of occupational 

requirements of formal education and training (also based on O*NET data61).  These standard 

measures confirm and reinforce the finding by Consoli et al. (2016) about the higher 

importance of training requirements for green occupations compared to other jobs. Green 

manual jobs require, on average, twice as much training than non-green low-skill jobs and 

Covid-19 exposed jobs: 14 months vs. just 7 months of training. The difference with 

occupations whose tasks are easily replaceable by robots and computers is even larger, while 

the training gap is somewhat smaller for brown occupations. Conversely, for all the groups of 

occupations considered, the formal education requirement is very similar ranging from 11.7 

years (occupations at risk because of Covid-19) to 12.5 years (green manual weighted by 

greenness), which corresponds to a high-school degree. 

Note that the age gap discussed above is not sufficient to explain such differences in 

training requirements. If one computes the average month of training per year worked,  the 

differences are still remarkable: 0.61 for green manual jobs versus 0.38 for Covid-19 exposed 

and 0.32 for the benchmark. Therefore, unless training investments declined dramatically in 

recent years, the training gap is not simply explained by the age gap.  

The gap in training, however, goes beyond the simple difference in average duration of 

the required preparation. The 7 months of training already acquired by workers in non-green 

jobs are of little value for green jobs if the content of such training was not related with the set 

of skills required by green jobs. In contrast, if the training in non-green jobs supplied a set of 

skills similar to the ones required by green jobs (i.e. GGS), then we should expect an easier 

job-to-job transition and less need for training investment to increase the productivity of newly 

hired 'green' workers.  

In column 3 of Table 3, we report the average GGS score, i.e. the mean of the fourteen 

green skills, for each group of occupations. As would be expected from the data-driven 

methodology used to elicit these green skills (Vona et al., 2018), the score is the highest for 

green manual occupations. Brown jobs have a very similar score, showing that those jobs 

require skills comparable to green occupations. However, other vulnerable occupational groups 

have a significantly lower GGS requirements. To illustrate, a manual green occupation has a 

GGS score that is 40% higher than the score of a Covid-19 exposed occupation and almost 

double than the average score of a low-skilled RTI-intensive occupation. Importantly, Covid-

19 exposed and automation-exposed occupations are pretty similar to the benchmark in terms 

of average GGS.  

In columns 4 and 5, we present the computations of the distance measures for, 

respectively, all GGS skills and only engineering and technical skills, which are the most 

                                                 
60 The gap in GGS between the “Solar Photovoltaic Installers” and “Door-To-Door Sales Workers” is 

particularly large for the GGS “Mechanical” (0.73) and “Building and Construction” (0.72) while it is very small 
for “Biology” (0.03). 

61 In the O*NET database, training is on-the-job training. 



 

 

important skills for green manual occupations. We first report the distances within the groups 

of green manual occupations. Despite the obvious similarities in the green skills sets among 

green-manual jobs, some differences exist and these differences are of a similar order of 

magnitude than those between green and brown occupations. These conclusions do not change 

if we consider engineering and technical skills only (column 5). In line with the findings of 

Vona et al. (2018), the takeaway is that worker skills need not hinder the transition from brown 

to green jobs. However, the need of geographical reallocation of brown workers could be an 

issue, given the large locational Gini coefficient for brown workers.  

For occupations at risk because of Covid-19, we find a median GGS distance of 0.11, 

which stands slightly below the median for all non-green low-skilled occupation but is well 

above the distance with brown occupations or within green manual occupations. Importantly, 

the distance for the lower quartile is above the median for green-manual jobs: even the best 

Covid-19 exposed occupations are harder to re-employ in growing green-manual jobs than 

within green manual occupations. The skill distance becomes higher if we consider engineering 

and technical skills. Technical Green General Skills such as “Building and Construction” or 

“Drafting, Laying Out, and Specifying Technical Devices, Parts, and Equipment” could be 

acquired through both formal education and on-the-job training, thus corroborating the idea of 

investing in specific education and training programs to increase to ease the relocation of 

displaced workers to green-manual jobs. It should be noticed, however, that while training 

could be effective already in the short term, investments aimed at changing the content of 

educational programs requires a longer time horizon for the realization of their effects. 

Finally, the high median GGS distance for low-skilled routine-intensive jobs and jobs 

with high probability of computerisation suggests these workers are most likely to struggle 

finding a new job in growing green-manual occupations. Even the 'best' quartile has a much 

higher GGS distance than the 'worst' quartile of growing green-manual jobs. In addition, skill 

distances widen for engineering and technical skills compared to the benchmark of a job-to-

job transition within the group of green manual occupations (column 5). This evidence implies 

that training programs may not suffice for these workers due to skill mismatches that are too 

large to fill with just on-the-job training. The re-employability of these workers in growing 

green-manual jobs thus requires time (i.e. more than one year of training) and resources to be 

invested in training, which represent a substantial burden for the worker, the hiring company 

or the government, depending on who is paying for the training. 

4.3 Methodology 

Our analysis in section 2 highlights that growing green-manual jobs require very large 

amounts of on-the-job training: more than twice the average of low-skilled non-green jobs. 

While changes in educational programs only influence long run changes in the supply of skills, 

the provision of training could have an immediate short-term impact and can be especially 

effective for job-to-job transitions among occupations that require similar levels of formal 

education. In this section, we focus on the role of local 'specific' training supply as a possible 

mediating factor to enhance the job-creation of green spending. In subsection A we describe 

our proxy of local 'specific' training supply and the data on green ARRA, in subsection B we 

discuss our empirical strategy and in subsection C we comment on the main results. 

 

4.3.1 Data sources and descriptive evidence 

The American Recovery and Reinvestment Act (ARRA) was approved by the US 

administration in 2009 in the aftermath of the economic collapse later labelled as the ‘great 

recession’. Overall, the stimulus included 350 billion US$ direct spending (our focus here) and 

250 billion US$ in tax reductions. Funding was awarded between 2009 and 2012 and was 



 

 

intended to limit the negative consequence of the great recession on jobs. As much as 17% of 

the stimulus was directed towards projects with environmental benefits awarded by the 

Department of Energy (14% of total ARRA) and the Environment Protection Agency (3%). 

This green component of the ARRA stimulus represents a relevant benchmark for any future 

green fiscal stimulus for its absolute magnitude (about 60 billion US$, or almost 200 US$ per 

capita) and for its explicit aim of creating jobs (see Popp et al., 2020 for further details).  

As a proxy of local capacity to provide green training we collect data from the 

CareerOneStop tool (Department of Labor) on the presence of locally provided training 

certifications for green jobs62. Data on training by year, ZIP code of the granting organisation, 

and relevant occupations (8-digit SOC) were retrieved from the CareerOneStop website.  We 

define a time-invariant dummy for each CZ which is equal to one if the CZ hosts at least one 

organisation granting a training certification which is relevant for a green-manual occupation 

in year 2008. 

We focus on the extensive margin of local supply of green training rather than on the 

intensive margin. The choice was driven by the relatively small number of CZs with training 

for green-manual jobs (31). Overall, these CZs host 36.4% of the US population, while areas 

with training that is relevant for non-green manual jobs (43) account for 43.5% of the US 

population. As in Popp et al. (2020) and Dupor and Mehkari (2016), we consider 587 (out 709) 

CZs with at least 25,000 residents in 2008: these account for as much as 99.5% of the US 

population and employment. 

4.3.2 Local supply of green training and labor market outcomes: 
empirical strategy 

To evaluate the impact of the green ARRA stimulus on labor market outcomes we use 

the same framework developed in Popp et al. (2020). We consider both job creation effects and 

wages for green-manual jobs. In line with the growing literature on the empirical assessment 

of the ARRA stimulus (see e.g. Dupor and Mehkari, 2016), we estimate the following stacked 

difference equation for our set of 587 US CZs for the period 2005-2017: 

∆𝑙𝑛(𝑌𝑖𝑡) = 𝛼 + ∑ 𝜃𝑠GreenTraini,2008𝑠=𝑝𝑟𝑒,𝑠ℎ𝑜𝑟𝑡,𝑙𝑜𝑛𝑔 + ∑ 𝛽𝑠𝑙𝑛 (
𝐺𝑟𝑒𝑒𝑛𝐴𝑅𝑅𝐴𝑖

𝑝𝑜𝑝𝑖,2008
)𝑠=𝑝𝑟𝑒,𝑠ℎ𝑜𝑟𝑡,𝑙𝑜𝑛𝑔 +

∑ 𝛾𝑠𝑙𝑛 (
𝐺𝑟𝑒𝑒𝑛𝐴𝑅𝑅𝐴𝑖

𝑝𝑜𝑝𝑖,2008
)𝑠=𝑝𝑟𝑒,𝑠ℎ𝑜𝑟𝑡,𝑙𝑜𝑛𝑔 × GreenTraini,2008 + ∑ 𝐗𝑖𝑡0

′ 𝛗𝑠𝑠=𝑝𝑟𝑒,𝑠ℎ𝑜𝑟𝑡,𝑙𝑜𝑛𝑔  + 𝜖𝑖𝑡.  (2) 

 

where ∆ ln(𝑦𝑖𝑡) is the change in labor market outcome 𝑦𝑖𝑡 between year t and the base year 

2008 in CZ i, GreenTraini,2008 is a dummy variable for CZs hosting organizations that provide 

training for green-manual occupations, 
𝐺𝑟𝑒𝑒𝑛𝐴𝑅𝑅𝐴𝑖

𝑝𝑜𝑝𝑖,2008
 is the total ARRA spending per capita by 

the Department of Energy and the Environment Protection Agency in 2009-2012 and X𝑖𝑡0

′  is a 

set of time-invariant control variables.63 We take a log transformation for both our dependent 

and main explanatory variable to account for the skewness in their respective distributions. To 

allow for within-region correlation in error terms we cluster standard errors by state. All 

independent variables are time invariant, measured before the great recession, and are 

                                                 
62 A certification is defined as "an award you earn to show that you have specific skills or knowledge in 

an occupation, industry, or technology" (source: https://www.careeronestop.org/Toolkit /Training/find-
certifications.aspx, last accessed: 21 July 2020). 

 
63 To ease interpretation, we define the dependent variable ∆ ln(𝑦𝑖,𝑡) =  𝑙𝑛(𝑦𝑖,2008) − 𝑙𝑛(𝑦𝑖,𝑡) =

𝑙𝑛 (
𝑦𝑖,2008

𝑦𝑖,𝑡
) for years prior to 2008 and ∆ ln(𝑦𝑖,𝑡) =  𝑙𝑛(𝑦𝑖,𝑡) − 𝑙𝑛(𝑦𝑖,2008) = 𝑙𝑛 (

𝑦𝑖,𝑡

𝑦𝑖,2008
) from 2009 onwards, 

where y equals per-capita employment (using population in 2008) or wages. 

https://www.careeronestop.org/Toolkit%20/Training/find-certifications.aspx
https://www.careeronestop.org/Toolkit%20/Training/find-certifications.aspx


 

 

interacted with three time-window dummies: one for the pre-crisis period (pre, 2005-2007), 

one for short term right after the great recession and the ARRA (short, 2009-2012), one for the 

longer term (long, 2013-2017). We employ the same set of control variables as in Popp et al. 

(2020).64 We account for region-specific trends (US division dummies), for the industry 

structure of the CZs, for trends in employment prior to the great recession (total and by 

industry), for exposure to international trade, for income per capita, for the presence of federal 

R&D lab and state capitals, for environmental policy stringency and for the potential for 

renewable energy generation and shale gas extraction. Moreover, we account in a flexible way 

for the possible impact of ARRA spending from Departments and Agencies other than DoE 

and EPA by including dummy variables for vigintiles of non-green ARRA spending per capita.  

Even though we control for a large number of observables to limit concerns related to 

the non-random assignment of green ARRA across areas, one possible source of endogeneity 

remains: the potential for heterogeneous trends in labor market outcomes across areas that later 

received different amounts of green ARRA spending. We circumvent this issue by explicitly 

computing the effect of green ARRA (either short �̂�𝑠ℎ𝑜𝑟𝑡 or long �̂�𝑙𝑜𝑛𝑔) net of pretrends �̂�𝑝𝑟𝑒. 

Deviations from pre-trends represent the actual additional job creation (or wage increase) 

effects induced by green ARRA, above and beyond pre-existing trends (see Popp et al., 2020 

for a comprehensive discussion of endogeneity issues in this setup). 

An additional endogeneity issue in our setting concerns the non-random assignment of 

green ARRA between areas with or without manual training. As green-manual training supply 

is not randomly assigned to CZs, it is important to understand to what extent it is correlated 

with green ARRA. In columns 1-3 of Table B2 in Appendix B we show some simple cross-

sectional OLS relationship between our proxy for green-manual training and green ARRA. 

While the unconditional relationship (column 1) suggests that green ARRA per capita was 

significantly larger in area with local green-manual training, this difference fades out once we 

control for other observable characteristics of the CZ.65 From a graphical viewpoint, we can 

see from Figure 1 that the unconditional distribution of green ARRA per capita for areas with 

local green-manual training is shifted to the right compared to other areas (top panel) while, 

once we partial-out for confounding factors, the two distribution turn out to be much more 

similar (bottom panel). In column 4 of Table B2 in Appendix B we show that the presence of 

local 'green-manual' training is positively correlated with the size of the CZ, with its initial 

endowment of GGS, and with the presence of federal R&D labs, while it is negatively 

correlated with growing unemployment rates. Accounting for these observable characteristics 

is thus crucial to limit omitted variable bias. 

 

                                                 
64 Details on the definition of variables and data sources are reported in Tables B1 and B2 in Appendix 

B. 
65 We include the same set of control variables used in the main specification of Popp et al. (2020). A 

detailed description of variables and data sources is reported in Table B1 in Appendix B. 



 

 

Figure 2 – Unconditional and conditional distributions of green ARRA per capita (in log) for 
areas with or without local green-manual training 

 

4.3.3 Results 

Table 4 presents our estimates of the effects of green ARRA on labor market outcomes 

as mediated by the availability of green training programs in the local labor market. We report 

results on employment (column 1) and wages (column 2) for green manual employment66.  As 

                                                 
66 Both measures are weighted by occupation greenness as a proxy of share of worktime spent in 

performing green tasks (Vona et al., 2018). The motivation is that a green fiscal stimulus as the green component 
of ARRA increases the demand for green tasks rather than green jobs in general. 
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an extension, in Table 5 we replicate the same analysis replacing green training programs with 

non-green ones as a mediating factor. In commenting, we focus on the difference between the 

long- (or short-) term coefficient and the pre-trend coefficient of green ARRA. This provides 

a conservative interpretation of the effect of green ARRA on employment, as we find no 

significant evidence of pre-trends in communities receiving more green ARRA investments.  

Finally, as a robustness check (Table B3 in Appendix B), we also consider explicitly CZ size 

as a possible confounding factor. 

Green stimulus spending is significantly more effective at improving the working 

conditions (both average hourly wage and employability) of green-manual jobs in areas with 

training facilities for green manual jobs. Indeed, in column 1 the interaction terms between 

green ARRA per capita and local training for green-manual jobs is positive and significantly 

different from zero both in the short and in the long run. The effect on wages is also particularly 

strong for these green manual workers. For employment, the estimates of the overall job 

creation effect (i.e. accounting for pre-trends) for green manual workers are imprecisely 

estimated (p-value = 0.103), probably due to the small number of workers in this group. On 

average, 1 million US$ of green ARRA in CZs with local training supply for green-manual 

jobs creates 5.5 green-manual jobs in the long run (2013-2017), while it just creates 1.96 green-

manual jobs in CZs without any local supply of green-manual training over the same timespan 

(see Table 6). To put these results into context, Popp et al. (2020) find that 1 million US$ of 

green ARRA creates, on average, about 14.76 jobs, 13.74 of which in manual jobs. 

Our results in Table 5 show that non-green training programs have positive but smaller 

effects. However, we still observe an increase in wages for manual green workers, suggesting 

that non-green training programs for manual workers help increase the productivity of green-

manual workers for performing their non-green tasks, thus contributing to increasing average 

occupational wages. 

Comparing these results to those in Popp et al. (2020) reveals both important similarities 

and some noteworthy differences. Recall that Popp et al. (2020) use the same empirical strategy 

except for the addition of the green training program dummy interacted with the pre-, short- 

and post- dummies. 

In terms of similarities, the bulk of the green ARRA effect occurs in the long-run. The 

one exception is a significant short-term effect for areas with local training on wages for green-

manual jobs. Moreover, Popp et al. (2020) also find that the issue of pre-trends in green ARRA 

effects is far less problematic for manual and green labor than for total employment, which 

further mitigates the main endogeneity concern in our empirical setup67.  

The most important difference when considering job training is the emergence of a 

positive wage effect for green manual workers in areas offering the appropriate training for 

green jobs. This result provides more nuance the conclusion of Popp et al. (2020), who find 

that green spending can improve the employability of low-skilled manual workers, but not their 

wages. Instead, our results suggest that, if green spending is combined with the appropriate 

training, the productivity of unskilled workers will increase together with their wages and thus 

the overall job quality. 

One potential concern is the systematic concentration of green training supply in 

densely populated areas. Might our results simply be picking up the benefits of agglomeration 

in urban economies? To verify this is not the case, we consider a specification where we 

account for CZ size as an additional mediating factor. More specifically, we interact green 

ARRA per capita not only with the dummy for the presence of local training for green manual 

jobs, but also with a dummy for CZs in the top quartile in terms of population in 2008. Results, 

                                                 
67 The main result of Popp et al. (2020) on total employment and sector-level employment are not 

altered by the inclusion of the training dummy. Results are available upon request by the authors. 



 

 

shown in Table B3 in Appendix B, show that sign and magnitude of the effects remain 

unaffected compared to our baseline results in Table 4, thus confirming our findings, while 

standard errors tend to increase compared to Table 4 when considering green-manual 

employment as dependent variable. What is important here, however, is that larger CZs did not 

gain more per se from green ARRA in terms of green-manual job creation and wages for green-

manual workers. 

While we cannot definitively rule out all possible endogeneity, our results suggest that 

combining green spending and targeted training investments to improve the working conditions 

of the left-behind seems a promising avenue to improve the design of green fiscal stimulus. 

Further research, particularly using micro-economic data on training participants, would help 

corroborate this suggestive finding. 

 

Table 4 – Differential effect of green ARRA for areas with local green-manual training 

Dep var: Change in log outcome variable compared to 2008 

(1) (2) 

Green employment (O*NET-

based) in manual occupations per 

capita 

Average hourly wage in manual 

green occupations 

Dummy for local green-manual training in 2008 x D2005_2007 0.0712 -0.222  
 (0.190) (0.170)  

Dummy for local green-manual training in 2008 x D2009_2012 0.356* 0.313*  
 (0.202) (0.170)  

Dummy for local green-manual training in 2008 x D2013_2017 0.415** 0.802*** 
 (0.181) (0.166)  

Green ARRA per capita (log) x D2005_2007 -0.00304 -0.00982  
 (0.00671) (0.00817)  

Green ARRA per capita (log) x D2009_2012 0.000442 0.00837  
 (0.00651) (0.00782)  

Green ARRA per capita (log) x D2013_2017 0.0175** 0.00921  
 (0.00856) (0.00860)  

Green ARRA per capita (log) x  0.0109 -0.0272  

Dummy for local green-manual training in 2008 x D2005_2007 (0.0202) (0.0180)  

Green ARRA per capita (log) x  0.0381* 0.0347*  

Dummy for local green-manual training in 2008 x D2009_2012 (0.0213) (0.0183)  

Green ARRA per capita (log) x  0.0478** 0.0904*** 

Dummy for local green-manual training in 2008 x D2013_2017 (0.0199) (0.0183)  

Comparison across periods and training:   

- Dummy for local green-manual training = 0   

Green ARRA per capita (log): 2009-2012 vs 2005-2007 0.00348 0.0182  

s.e. (0.0119) (0.0154) 

Green ARRA per capita (log): 2013-2017 vs 2005-2007 0.0206 0.0190  

s.e. (0.0134) (0.0162) 

- Dummy for local green-manual training = 1   

Green ARRA per capita (log): 2009-2012 vs 2005-2007 0.0307 0.0801*** 

s.e. (0.0376) (0.0272) 

Green ARRA per capita (log): 2013-2017 vs 2005-2007 0.0576 0.137*** 

s.e. (0.0347) (0.0306) 

R squared 0.220 0.238  

OLS model weighted by CZ population in 2008. Sample: CZ with at least 25,000 residents in 2008. N of CZ: 587. N of observations: 7631. 

Standard errors clustered by state in parentheses. * p<0.1, ** p<0.05, *** p<0.01. Year dummies included. Additional control variables 

(interacted with D2002_2007, D2009_2012 and D2013_2017 dummies): US-Division dummies, Vigintiles of non-green ARRA per capita, 

Population 2008 (log), Income per capita (2005), Import penetration (year 2005), Pre trend (2000-2007) empl manufacturing / pop, Pre trend 

(2000-2007) employment tot / pop, Pre trend (2000-2007) empl constr / pop, Pre trend (2000-2007) empl extractive / pop, Pre trend (2000-2007) 

empl public sect / pop, Pre trend (2000-2007) unempl / pop, Pre trend (2000-2007) empl edu health / pop, Empl manuf 2008 / pop, Empl constr 

2008 / pop, Empl extractive 2008 / pop, Empl public sect 2008 / pop, Unempl 2008 / pop, Empl edu health 2008 / pop, Shale gas extraction in 

CZ interacted with year dummies, Potential for wind energy interacted with year dummies, Potential for photovoltaic energy interacted with 

year dummies, Federal R&D lab, CZ hosts the state capital, Nonattainment CAA old standards, Nonattainment CAA new standards. 

 

 

Table 5 – Differential effect of green ARRA for areas with local nongreen-manual training 
Dep var: Change in log outcome variable compared to 2008 (1) (2) 



 

 

Green employment (O*NET-

based) in manual occupations per 

capita 

Average hourly wage in manual 

green occupations 

Dummy for local nongreen-manual training in 2008 x D2005_2007 0.0385 -0.230 

 (0.200) (0.158) 

Dummy for local nongreen-manual training in 2008 x D2009_2012 -0.0161 0.168 

 (0.165) (0.133) 

Dummy for local nongreen-manual training in 2008 x D2013_2017 0.115 0.209 

 (0.190) (0.185) 

Green ARRA per capita (log) x D2005_2007 -0.00316 -0.00861 

 (0.00687) (0.00834) 

Green ARRA per capita (log) x D2009_2012 0.00217 0.00821 

 (0.00675) (0.00791) 

Green ARRA per capita (log) x D2013_2017 0.0182** 0.0107 

 (0.00880) (0.00896) 

Green ARRA per capita (log) x  0.00544 -0.0281 

Dummy for local nongreen-manual training in 2008 x D2005_2007 (0.0214) (0.0175) 

Green ARRA per capita (log) x  -0.000469 0.0146 

Dummy for local nongreen-manual training in 2008 x D2009_2012 (0.0176) (0.0144) 

Green ARRA per capita (log) x  0.0182 0.0244 

Dummy for local nongreen-manual training in 2008 x D2013_2017 (0.0212) (0.0216) 

Comparison across periods and training:   

- Dummy for local nongreen-manual training = 0   

Green ARRA per capita (log): 2009-2012 vs 2005-2007 0.00533 0.0168 

s.e. (0.0124) (0.0157) 

Green ARRA per capita (log): 2013-2017 vs 2005-2007 0.0214 0.0193 

s.e. (0.0139) (0.0167) 

- Dummy for local nongreen-manual training = 1   

Green ARRA per capita (log): 2009-2012 vs 2005-2007 -0.000581 0.0596** 

s.e. (0.0312) (0.0248) 

Green ARRA per capita (log): 2013-2017 vs 2005-2007 0.0341 0.0719** 

s.e. (0.0354) (0.0322) 

R squared 0.219 0.234 

OLS model weighted by CZ population in 2008. Sample: CZ with at least 25,000 residents in 2008. N of CZ: 587. N of observations: 7631. Standard 

errors clustered by state in parentheses. * p<0.1, ** p<0.05, *** p<0.01. Year dummies included. Additional control variables (interacted with 

D2002_2007, D2009_2012 and D2013_2017 dummies): US-Division dummies, Vigintiles of non-green ARRA per capita, Population 2008 (log), 

Income per capita (2005), Import penetration (year 2005), Pre trend (2000-2007) empl manufacturing / pop, Pre trend (2000-2007) employment tot / 

pop, Pre trend (2000-2007) empl constr / pop, Pre trend (2000-2007) empl extractive / pop, Pre trend (2000-2007) empl public sect / pop, Pre trend 

(2000-2007) unempl / pop, Pre trend (2000-2007) empl edu health / pop, Empl manuf 2008 / pop, Empl constr 2008 / pop, Empl extractive 2008 / pop, 

Empl public sect 2008 / pop, Unempl 2008 / pop, Empl edu health 2008 / pop, Shale gas extraction in CZ interacted with year dummies, Potential for 

wind energy interacted with year dummies, Potential for photovoltaic energy interacted with year dummies, Federal R&D lab, CZ hosts the state 

capital, Nonattainment CAA old standards, Nonattainment CAA new standards. 

 

Table 6 – Quantification of effects: green manual job creation per 1 million US$ green ARRA 

N of green-manual jobs created for 1 million US$ of 

green ARRA 

Green-manual 

training 

Non green-manual 

training 

- Dummy for local training = 0   

Green ARRA per capita (log): 2009-2012 vs 2005-2007 0.29 0.44 

s.e. (0.99) (1.03) 

Green ARRA per capita (log): 2013-2017 vs 2005-2007 1.96 2.03 

s.e. (1.28) (1.32) 

- Dummy for local training =    

Green ARRA per capita (log): 2009-2012 vs 2005-2007 2.57 -0.05 

s.e. (3.15) (2.60) 

Green ARRA per capita (log): 2013-2017 vs 2005-2007 5.50 3.25 

s.e. (3.32) (3.37) 

 

4.4 Concluding Remarks 

 

In this paper we consider whether gaps in green skills across occupational groups might affect 

the impact of green stimulus investments, focusing on the likely losers from the Covid-19 



 

 

pandemic and likely winners from a green fiscal stimulus (i.e. green-manual jobs). Our results 

highlight that low-skilled occupations exposed to social distancing measures introduced by 

governments in response to Covid-19 as well as automatable occupations possess a skill-set 

that is not in line with the one required by green-manual jobs. On the other hand, low-skilled 

jobs in emission-intensive industries could be more easily employed in green-manual jobs as 

they already posses an adequate set of green skills.  

If gaps in green skills could be relevant barriers to re-employing displaced jobs, specific 

training could represent a natural solution as it provides workers with the skills required in 

performing high-demand green tasks. We provide evidence about the role of green training 

local supply as a possible enabling factor in the creation of jobs by means of green fiscal 

stimulus by considering the green component of the American Recovery and Reinvestment Act 

of 2009. Our results point to the relevance of local green training supply to create jobs from 

green fiscal stimulus and to the strong positive influence of local green training on wages of 

green-manual jobs. 

Our results point to two complementary policy implications. First, jobs at risk because of 

Covid-19 differ substantially in their skill set compared to green-manual jobs, which are the 

expected winners of a green fiscal stimulus. This result implies that a green fiscal stimulus, 

though contributing to combating climate change, might not be effective in also boosting re-

employment opportunities for workers displaced by social distancing measures. Second, the 

potential for creating green jobs crucially depends on the availability of green training to close 

the green skills gap between displaced workers and jobs in high-demand because of a green 

fiscal stimulus. 

Further research is needed, however, to better understand the effectiveness of green training as 

a tool to increase the supply of green skills.  Access to microeconomic data for specific green 

training programs combined with worker-level data would make it possible to account for self-

selection into training programs, migration, and other possible confounding factors.  Our results 

suggest this is a topic deserving of further study. 
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Appendix A – Lists of occupations by occupational group 

Table A1 – Growing (2009-2017) green-manual occupations 
SOC Description Greenness 

47-2061 Construction Laborers 0.16 

47-2152 Plumbers, Pipefitters, and Steamfitters 0.24 

47-2181 Roofers 0.30 

47-4011 Construction and Building Inspectors 0.26 

47-4041 Hazardous Materials Removal Workers 1.00 

49-3023 Automotive Service Technicians and Mechanics 0.22 

49-3031 Bus and Truck Mechanics and Diesel Engine Specialists 0.15 

49-9021 Heating, Air Conditioning, and Refrigeration Mechanics and Installers 0.13 

49-9071 Maintenance and Repair Workers, General 0.13 

49-9099 Installation, Maintenance, and Repair Workers, All Other 1.00 

51-2011 Aircraft Structure, Surfaces, Rigging, and Systems Assemblers 0.13 

51-8011 Nuclear Power Reactor Operators 0.28 

51-8099 Plant and System Operators, All Other 1.00 

51-9012 Separating, Filtering, Clarifying, Precipitating, and Still Machine Setters, Operators, and Tenders 0.05 

51-9061 Inspectors, Testers, Sorters, Samplers, and Weighers 0.06 

51-9199 Production Workers, All Other 1.00 

53-3032 Heavy and Tractor-Trailer Truck Drivers 0.09 

53-6051 Transportation Inspectors 0.15 

 

Table A2 – Low-skilled occupations at risk because of Covid-19 
SOC Description 

 Other low- and middle-skills occupations (service, clerical, sales) 

33-1011 First-Line Supervisors of Correctional Officers 

33-1012 First-Line Supervisors of Police and Detectives 

33-1021 First-Line Supervisors of Fire Fighting and Prevention Workers 

33-2011 Firefighters 

33-3011 Bailiffs 

33-3012 Correctional Officers and Jailers 

33-3021 Detectives and Criminal Investigators 

33-3031 Fish and Game Wardens 

33-3051 Police and Sheriff's Patrol Officers 

33-3052 Transit and Railroad Police 

33-9032 Security Guards 

33-9091 Crossing Guards 

33-9093 Transportation Security Screeners 

35-1011 Chefs and Head Cooks 

35-1012 First-Line Supervisors of Food Preparation and Serving Workers 

35-2011 Cooks, Fast Food 

35-2012 Cooks, Institution and Cafeteria 

35-2014 Cooks, Restaurant 

35-2015 Cooks, Short Order 

35-2021 Food Preparation Workers 

35-3011 Bartenders 

35-3021 Combined Food Preparation and Serving Workers, Including Fast Food 

35-3022 Counter Attendants, Cafeteria, Food Concession, and Coffee Shop 

35-3031 Waiters and Waitresses 

35-3041 Food Servers, Nonrestaurant 

35-9011 Dining Room and Cafeteria Attendants and Bartender Helpers 

35-9031 Hosts and Hostesses, Restaurant, Lounge, and Coffee Shop 

37-1012 First-Line Supervisors of Landscaping, Lawn Service, and Groundskeeping Workers 

37-3011 Landscaping and Groundskeeping Workers 

37-3012 Pesticide Handlers, Sprayers, and Applicators, Vegetation 

37-3013 Tree Trimmers and Pruners 

39-1011 Gaming Supervisors 

39-1012 Slot Supervisors 

39-2021 Nonfarm Animal Caretakers 

39-3012 Gaming and Sports Book Writers and Runners 

39-3091 Amusement and Recreation Attendants 

39-3092 Costume Attendants 

39-3093 Locker Room, Coatroom, and Dressing Room Attendants 

39-4011 Embalmers 

39-4021 Funeral Attendants 



 

 

SOC Description 

39-4031 Morticians, Undertakers, and Funeral Directors 

39-5011 Barbers 

39-5012 Hairdressers, Hairstylists, and Cosmetologists 

39-5092 Manicurists and Pedicurists 

39-5093 Shampooers 

39-5094 Skincare Specialists 

39-6011 Baggage Porters and Bellhops 

39-6012 Concierges 

39-7011 Tour Guides and Escorts 

39-7012 Travel Guides 

39-9021 Personal Care Aides 

39-9031 Fitness Trainers and Aerobics Instructors 

41-1011 First-Line Supervisors of Retail Sales Workers 

41-2011 Cashiers 

41-2012 Gaming Change Persons and Booth Cashiers 

41-2021 Counter and Rental Clerks 

41-2022 Parts Salespersons 

41-2031 Retail Salespersons 

41-9011 Demonstrators and Product Promoters 

41-9022 Real Estate Sales Agents 

41-9091 Door-to-Door Sales Workers, News and Street Vendors, and Related Workers 

43-2021 Telephone Operators 

43-3041 Gaming Cage Workers 

43-3071 Tellers 

43-4121 Library Assistants, Clerical 

43-4181 Reservation and Transportation Ticket Agents and Travel Clerks 

43-5051 Postal Service Clerks 

43-5081 Stock Clerks and Order Fillers 

45-2011 Agricultural Inspectors 

45-2041 Graders and Sorters, Agricultural Products 

45-4011 Forest and Conservation Workers 

 Manual occupations 

47-1011 First-Line Supervisors of Construction Trades and Extraction Workers 

47-2011 Boilermakers 

47-2021 Brickmasons and Blockmasons 

47-2022 Stonemasons 

47-2031 Carpenters 

47-2051 Cement Masons and Concrete Finishers 

47-2053 Terrazzo Workers and Finishers 

47-2061 Construction Laborers 

47-2072 Pile-Driver Operators 

47-2111 Electricians 

47-2121 Glaziers 

47-2151 Pipelayers 

47-2152 Plumbers, Pipefitters, and Steamfitters 

47-2171 Reinforcing Iron and Rebar Workers 

47-2181 Roofers 

47-2211 Sheet Metal Workers 

47-2221 Structural Iron and Steel Workers 

47-2231 Solar Photovoltaic Installers 

47-3011 Helpers--Brickmasons, Blockmasons, Stonemasons, and Tile and Marble Setters 

47-3012 Helpers--Carpenters 

47-3013 Helpers--Electricians 

47-3014 Helpers--Painters, Paperhangers, Plasterers, and Stucco Masons 

47-3015 Helpers--Pipelayers, Plumbers, Pipefitters, and Steamfitters 

47-3016 Helpers--Roofers 

47-4031 Fence Erectors 

47-4041 Hazardous Materials Removal Workers 

47-4051 Highway Maintenance Workers 

47-4061 Rail-Track Laying and Maintenance Equipment Operators 

47-4071 Septic Tank Servicers and Sewer Pipe Cleaners 

47-5011 Derrick Operators, Oil and Gas 

47-5012 Rotary Drill Operators, Oil and Gas 

47-5013 Service Unit Operators, Oil, Gas, and Mining 

47-5031 Explosives Workers, Ordnance Handling Experts, and Blasters 

47-5061 Roof Bolters, Mining 



 

 

SOC Description 

47-5071 Roustabouts, Oil and Gas 

47-5081 Helpers--Extraction Workers 

49-1011 First-Line Supervisors of Mechanics, Installers, and Repairers 

49-2091 Avionics Technicians 

49-2094 Electrical and Electronics Repairers, Commercial and Industrial Equipment 

49-2095 Electrical and Electronics Repairers, Powerhouse, Substation, and Relay 

49-9011 Mechanical Door Repairers 

49-9012 Control and Valve Installers and Repairers, Except Mechanical Door 

49-9031 Home Appliance Repairers 

49-9041 Industrial Machinery Mechanics 

49-9043 Maintenance Workers, Machinery 

49-9044 Millwrights 

49-9045 Refractory Materials Repairers, Except Brickmasons 

49-9051 Electrical Power-Line Installers and Repairers 

49-9071 Maintenance and Repair Workers, General 

49-9081 Wind Turbine Service Technicians 

49-9092 Commercial Divers 

49-9095 Manufactured Building and Mobile Home Installers 

49-9096 Riggers 

49-9097 Signal and Track Switch Repairers 

49-9098 Helpers--Installation, Maintenance, and Repair Workers 

51-2031 Engine and Other Machine Assemblers 

51-2091 Fiberglass Laminators and Fabricators 

51-2092 Team Assemblers 

51-2093 Timing Device Assemblers and Adjusters 

51-3021 Butchers and Meat Cutters 

51-3022 Meat, Poultry, and Fish Cutters and Trimmers 

51-3023 Slaughterers and Meat Packers 

51-3093 Food Cooking Machine Operators and Tenders 

51-4061 Model Makers, Metal and Plastic 

51-4062 Patternmakers, Metal and Plastic 

51-4071 Foundry Mold and Coremakers 

51-4072 Molding, Coremaking, and Casting Machine Setters, Operators, and Tenders, Metal and Plastic 

51-9041 Extruding, Forming, Pressing, and Compacting Machine Setters, Operators, and Tenders 

51-9191 Adhesive Bonding Machine Operators and Tenders 

53-2011 Airline Pilots, Copilots, and Flight Engineers 

53-2012 Commercial Pilots 

53-2022 Airfield Operations Specialists 

53-2031 Flight Attendants 

53-3011 Ambulance Drivers and Attendants, Except Emergency Medical Technicians 

53-3021 Bus Drivers, Transit and Intercity 

53-3022 Bus Drivers, School or Special Client 

53-3041 Taxi Drivers and Chauffeurs 

53-4041 Subway and Streetcar Operators 

53-5011 Sailors and Marine Oilers 

53-5021 Captains, Mates, and Pilots of Water Vessels 

53-5022 Motorboat Operators 

53-5031 Ship Engineers 

53-6021 Parking Lot Attendants 

53-6061 Transportation Attendants, Except Flight Attendants 

53-7062 Laborers and Freight, Stock, and Material Movers, Hand 

53-7064 Packers and Packagers, Hand 

 

Table A3 – Low-skilled occupations with highest RTI (top 10%) 
SOC Description 

 Other low- and middle-skills occupations (service, clerical, sales) 

35-2015 Cooks, Short Order 

35-2021 Food Preparation Workers 

35-9011 Dining Room and Cafeteria Attendants and Bartender Helpers 

39-3012 Gaming and Sports Book Writers and Runners 

39-3021 Motion Picture Projectionists 

39-3031 Ushers, Lobby Attendants, and Ticket Takers 

39-3091 Amusement and Recreation Attendants 

41-2011 Cashiers 

41-2012 Gaming Change Persons and Booth Cashiers 



 

 

SOC Description 

41-9012 Models 

41-9041 Telemarketers 

43-2011 Switchboard Operators, Including Answering Service 

43-2021 Telephone Operators 

43-3021 Billing and Posting Clerks 

43-3051 Payroll and Timekeeping Clerks 

43-3071 Tellers 

43-4021 Correspondence Clerks 

43-4151 Order Clerks 

43-5051 Postal Service Clerks 

43-5053 Postal Service Mail Sorters, Processors, and Processing Machine Operators 

43-6013 Medical Secretaries 

43-9041 Insurance Claims and Policy Processing Clerks 

43-9051 Mail Clerks and Mail Machine Operators, Except Postal Service 

43-9061 Office Clerks, General 

45-2041 Graders and Sorters, Agricultural Products 

 Manual Occupations 

47-5041 Continuous Mining Machine Operators 

49-9093 Fabric Menders, Except Garment 

51-2021 Coil Winders, Tapers, and Finishers 

51-3022 Meat, Poultry, and Fish Cutters and Trimmers 

51-3023 Slaughterers and Meat Packers 

51-4031 Cutting, Punching, and Press Machine Setters, Operators, and Tenders, Metal and Plastic 

51-4035 Milling and Planing Machine Setters, Operators, and Tenders, Metal and Plastic 

51-4071 Foundry Mold and Coremakers 

51-4072 Molding, Coremaking, and Casting Machine Setters, Operators, and Tenders, Metal and Plastic 

51-4122 Welding, Soldering, and Brazing Machine Setters, Operators, and Tenders 

51-5111 Prepress Technicians and Workers 

51-5112 Printing Press Operators 

51-5113 Print Binding and Finishing Workers 

51-6011 Laundry and Dry-Cleaning Workers 

51-6021 Pressers, Textile, Garment, and Related Materials 

51-6031 Sewing Machine Operators 

51-6041 Shoe and Leather Workers and Repairers 

51-6042 Shoe Machine Operators and Tenders 

51-6063 Textile Knitting and Weaving Machine Setters, Operators, and Tenders 

51-6091 Extruding and Forming Machine Setters, Operators, and Tenders, Synthetic and Glass Fibers 

51-7042 Woodworking Machine Setters, Operators, and Tenders, Except Sawing 

51-9031 Cutters and Trimmers, Hand 

51-9041 Extruding, Forming, Pressing, and Compacting Machine Setters, Operators, and Tenders 

51-9083 Ophthalmic Laboratory Technicians 

51-9111 Packaging and Filling Machine Operators and Tenders 

51-9123 Painting, Coating, and Decorating Workers 

51-9197 Tire Builders 

53-7021 Crane and Tower Operators 

 

Table A4 – Low-skilled occupations with highest computerization probability (top 10%) 
SOC Description 

 Other low- and middle-skills occupations (service, clerical, sales) 

35-9031 Hosts and Hostesses, Restaurant, Lounge, and Coffee Shop 

37-3012 Pesticide Handlers, Sprayers, and Applicators, Vegetation 

39-3021 Motion Picture Projectionists 

41-2011 Cashiers 

41-2021 Counter and Rental Clerks 

41-2022 Parts Salespersons 

41-9012 Models 

41-9021 Real Estate Brokers 

41-9041 Telemarketers 

43-2021 Telephone Operators 

43-3031 Bookkeeping, Accounting, and Auditing Clerks 

43-3051 Payroll and Timekeeping Clerks 

43-3061 Procurement Clerks 

43-3071 Tellers 

43-4011 Brokerage Clerks 

43-4041 Credit Authorizers, Checkers, and Clerks 



 

 

SOC Description 

43-4071 File Clerks 

43-4141 New Accounts Clerks 

43-4151 Order Clerks 

43-5011 Cargo and Freight Agents 

43-5071 Shipping, Receiving, and Traffic Clerks 

43-6012 Legal Secretaries 

43-9021 Data Entry Keyers 

43-9041 Insurance Claims and Policy Processing Clerks 

45-4023 Log Graders and Scalers 

 Manual Occupations 

49-9061 Camera and Photographic Equipment Repairers 

49-9064 Watch Repairers 

51-2023 Electromechanical Equipment Assemblers 

51-2092 Team Assemblers 

51-2093 Timing Device Assemblers and Adjusters 

51-4035 Milling and Planing Machine Setters, Operators, and Tenders, Metal and Plastic 

51-5111 Prepress Technicians and Workers 

51-6042 Shoe Machine Operators and Tenders 

51-6051 Sewers, Hand 

51-6061 Textile Bleaching and Dyeing Machine Operators and Tenders 

51-7042 Woodworking Machine Setters, Operators, and Tenders, Except Sawing 

51-9021 Crushing, Grinding, and Polishing Machine Setters, Operators, and Tenders 

51-9022 Grinding and Polishing Workers, Hand 

51-9061 Inspectors, Testers, Sorters, Samplers, and Weighers 

51-9081 Dental Laboratory Technicians 

51-9083 Ophthalmic Laboratory Technicians 

51-9111 Packaging and Filling Machine Operators and Tenders 

51-9151 Photographic Process Workers and Processing Machine Operators 

51-9194 Etchers and Engravers 

53-3031 Driver/Sales Workers 

53-6011 Bridge and Lock Tenders 

 

Table A5 –Manual brown occupations (Vona et al., 2018) 
SOC Description 

47-4071 Septic Tank Servicers and Sewer Pipe Cleaners 

47-5011 Derrick Operators, Oil and Gas 

47-5012 Rotary Drill Operators, Oil and Gas 

47-5013 Service Unit Operators, Oil, Gas, and Mining 

47-5021 Earth Drillers, Except Oil and Gas 

47-5031 Explosives Workers, Ordnance Handling Experts, and Blasters 

47-5042 Mine Cutting and Channeling Machine Operators 

47-5051 Rock Splitters, Quarry 

47-5061 Roof Bolters, Mining 

47-5071 Roustabouts, Oil and Gas 

47-5081 Helpers--Extraction Workers 

49-2095 Electrical and Electronics Repairers, Powerhouse, Substation, and Relay 

49-9012 Control and Valve Installers and Repairers, Except Mechanical Door 

49-9041 Industrial Machinery Mechanics 

49-9043 Maintenance Workers, Machinery 

49-9045 Refractory Materials Repairers, Except Brickmasons 

49-9051 Electrical Power-Line Installers and Repairers 

49-9093 Fabric Menders, Except Garment 

51-1011 First-Line Supervisors of Production and Operating Workers 

51-2091 Fiberglass Laminators and Fabricators 

51-3091 Food and Tobacco Roasting, Baking, and Drying Machine Operators and Tenders 

51-3092 Food Batchmakers 

51-3093 Food Cooking Machine Operators and Tenders 

51-4021 Extruding and Drawing Machine Setters, Operators, and Tenders, Metal and Plastic 

51-4022 Forging Machine Setters, Operators, and Tenders, Metal and Plastic 

51-4023 Rolling Machine Setters, Operators, and Tenders, Metal and Plastic 

51-4033 Grinding, Lapping, Polishing, and Buffing Machine Tool Setters, Operators, and Tenders, Metal and Plastic 

51-4051 Metal-Refining Furnace Operators and Tenders 

51-4052 Pourers and Casters, Metal 

51-4062 Patternmakers, Metal and Plastic 

51-4071 Foundry Mold and Coremakers 



 

 

SOC Description 

51-4191 Heat Treating Equipment Setters, Operators, and Tenders, Metal and Plastic 

51-4192 Layout Workers, Metal and Plastic 

51-4193 Plating and Coating Machine Setters, Operators, and Tenders, Metal and Plastic 

51-4194 Tool Grinders, Filers, and Sharpeners 

51-6061 Textile Bleaching and Dyeing Machine Operators and Tenders 

51-6063 Textile Knitting and Weaving Machine Setters, Operators, and Tenders 

51-6064 Textile Winding, Twisting, and Drawing Out Machine Setters, Operators, and Tenders 

51-6091 Extruding and Forming Machine Setters, Operators, and Tenders, Synthetic and Glass Fibers 

51-6093 Upholsterers 

51-7011 Cabinetmakers and Bench Carpenters 

51-7021 Furniture Finishers 

51-7031 Model Makers, Wood 

51-7032 Patternmakers, Wood 

51-7041 Sawing Machine Setters, Operators, and Tenders, Wood 

51-7042 Woodworking Machine Setters, Operators, and Tenders, Except Sawing 

51-8012 Power Distributors and Dispatchers 

51-8091 Chemical Plant and System Operators 

51-8092 Gas Plant Operators 

51-8093 Petroleum Pump System Operators, Refinery Operators, and Gaugers 

51-9011 Chemical Equipment Operators and Tenders 

51-9012 Separating, Filtering, Clarifying, Precipitating, and Still Machine Setters, Operators, and Tenders 

51-9021 Crushing, Grinding, and Polishing Machine Setters, Operators, and Tenders 

51-9022 Grinding and Polishing Workers, Hand 

51-9023 Mixing and Blending Machine Setters, Operators, and Tenders 

51-9031 Cutters and Trimmers, Hand 

51-9032 Cutting and Slicing Machine Setters, Operators, and Tenders 

51-9041 Extruding, Forming, Pressing, and Compacting Machine Setters, Operators, and Tenders 

51-9051 Furnace, Kiln, Oven, Drier, and Kettle Operators and Tenders 

51-9111 Packaging and Filling Machine Operators and Tenders 

51-9121 Coating, Painting, and Spraying Machine Setters, Operators, and Tenders 

51-9191 Adhesive Bonding Machine Operators and Tenders 

51-9192 Cleaning, Washing, and Metal Pickling Equipment Operators and Tenders 

51-9193 Cooling and Freezing Equipment Operators and Tenders 

51-9195 Molders, Shapers, and Casters, Except Metal and Plastic 

51-9196 Paper Goods Machine Setters, Operators, and Tenders 

51-9197 Tire Builders 

53-4013 Rail Yard Engineers, Dinkey Operators, and Hostlers 

53-7031 Dredge Operators 

53-7032 Excavating and Loading Machine and Dragline Operators 

53-7033 Loading Machine Operators, Underground Mining 

53-7041 Hoist and Winch Operators 

53-7063 Machine Feeders and Offbearers 

53-7071 Gas Compressor and Gas Pumping Station Operators 

53-7072 Pump Operators, Except Wellhead Pumpers 

53-7073 Wellhead Pumpers 

53-7111 Mine Shuttle Car Operators 

 

Appendix B – Additional results 

Table B1 – Summary table: definitions and data sources for variables in equation 2 
Variable Definition Data source 

Dummy for areas with local green-

manual certifications 

Dichotomous variable for CZs organizations 

granting certificates that are relevant for green-

manual occupations in year 2008 

Department of Labor, CareerOneStop 

available at https://www.careeronestop.org/ 

Developers/Data/certifications.asp 

Dummy for areas with local nongreen-

manual certifications 

Dichotomous variable for CZs organizations 

granting certificates that are relevant for nongreen-

manual occupations in year 2008 

Department of Labor, CareerOneStop 

available at https://www.careeronestop.org/ 

Developers/Data/certifications.asp 

Share of empl with GGS>p75 (year 

2005) 

Share of hours worked in 2005 by employees in the 

CZ of references in occupations with average GGS 

score above the third quartile of the distribution 

weighted by hours worked 

Hours worked by occupation and CZ: ACS 

microdata for year 2005, IPUMS; GGS 

importance (defined in Vona et al., 2018): 

O*NET database (Occupational 

Information Network, version 18.0) 

Population 2008 (log) Number of resident people in 2008 Bureau of Economic Analysis 

Income per capita (2005) Average personal income per capita in 2008 Bureau of Economic Analysis 



 

 

Import penetration (year 2005) 

Aggregate (national) ratio between total import and 

'domestic use' (import + domestic output – export) 

by 4-digit NAICS in 2005, attributed to CZ by 

weighting industry-specific scores with CZ-

industry-specific employment share in 2005. 

Import and export by 4-digit NAICS: 

Schott (2008); domestic output by 4-digit 

NAICS: NBER-CES database; CZ-industry 

specific employment share: County 

Business Patterns database 

Pre trend (2000-2007) employment tot / 

pop 

Growth in total employment per capita between 

2000 and 2007 
BLS-QCEW database 

Pre trend (2000-2007) empl 

manufacturing / pop 

Growth in manufacturing (NAICS 31-33) 

employment per capita between 2000 and 2007 
BLS-QCEW database 

Pre trend (2000-2007) empl constr / pop 
Growth in construction (NAICS 23) employment 

per capita between 2000 and 2007 
BLS-QCEW database 

Pre trend (2000-2007) empl extractive / 

pop 

Growth in employment in extraction industries 

(NAICS 21) per capita between 2000 and 2007 
BLS-QCEW database 

Pre trend (2000-2007) empl public sect / 

pop 

Growth in public sector employment per capita 

between 2000 and 2007 
BLS-QCEW database 

Pre trend (2000-2007) unempl / pop 
Growth in unemployed per capita between 2000 

and 2007 
BLS-LAUS database 

Pre trend (2000-2007) empl edu health / 

pop 

Growth in employment in education and health 

(NAICS 61-62) per capita between 2000 and 2007 
BLS-QCEW database 

Empl manuf 2008 / pop 
Manufacturing (NAICS 31-33) employment per 

capita in 2008 
BLS-QCEW database 

Empl constr 2008 / pop 
Construction (NAICS 23) employment per capita in 

2008 
BLS-QCEW database 

Empl extractive 2008 / pop 
Employment in extraction industries (NAICS 21) 

per capita in 2008 
BLS-QCEW database 

Empl public sect 2008 / pop 
Public sector employment per capita between 2000 

and 2007 
BLS-QCEW database 

Unempl 2008 / pop Unemployed per capita in 2008 BLS-LAUS database 

Empl edu health 2008 / pop 
Employment in education and health (NAICS 61-

62) per capita in 2008 
BLS-QCEW database 

Shale gas extraction in CZ Dummy for local availability of shale gas resources US Energy Information Administration 

Potential for wind energy 
Average indicator of potential for wind energy 

generation (range 1-7) 
National Renewable Energy Laboratory 

Potential for photovoltaic energy 
Average indicator of potential for photovoltaic 

energy generation (range 1-7) 
National Renewable Energy Laboratory 

Federal R&D lab Dummy for CZ hosting R&D lab - 

CZ hosts the state capital Dummy for CZ hosting a state capital - 

Nonattainment CAA old standards 
Dummy for nonattainment status for at least 1/3 of 

CZ population according NAAQS up to 1997 
Environment Protection Agency 

Vigintiles of non-green ARRA per capita 

Vigintiles of non-green (all agencies and 

departments except DOE and EPA) ARRA per 

capita 

Recovery.gov 

Green employment (O*NET-based) in 

manual occupations per capita 

Average share of hours worked by employees in 

green-manual occupations weighted by hours 

worked and occupational greenness, multiplied by 

total employment in the CZ 

American Community Survey data from 

IPUMS; BLS-QCW database; O*NET 18.0 

Average hourly wage in manual green 

occupations 

Average hourly wage by employees in green-

manual occupations weighted by hours worked and 

occupational greenness  

American Community Survey data from 

IPUMS; O*NET 18.0 

 

Table B2 – Conditional correlations between green ARRA and local green-manual 
certifications 

  (1) (2) (3) (4) 

  

Green 

(EPA+DoE) 

ARRA per capita 

(in log) 

Green 

(EPA+DoE) 

ARRA per capita 

(in log) 

Green 

(EPA+DoE) 

ARRA per capita 

(in log) 

Dummy for areas 

with local green-

manual 

certifications 

Dummy for areas with local green-manual certifications 0.235** 0.258*** 0.0582   
 (0.108) (0.0907) (0.125)   

Share of empl with GGS>p75 (year 2005)   4.273** 2.477**  
   (2.084) (0.979)  

Population 2008 (log)   0.0595 0.223*** 
   (0.0831) (0.0487)  

Income per capita (2005)   -0.0161 -0.00218  
   (0.0130) (0.00856)  



 

 

Import penetration (year 2005)   -5.196 -2.447  
   (10.73) (4.127)  

Pre trend (2000-2007) employment tot / pop   -0.138 -3.501*  
   (3.940) (2.052)  

Pre trend (2000-2007) empl manufacturing / pop   -6.998 3.366  
   (7.052) (4.660)  

Pre trend (2000-2007) empl constr / pop   -11.12 9.569  
   (15.36) (9.639)  

Pre trend (2000-2007) empl extractive / pop   3.993 3.543  
   (14.34) (7.302)  

Pre trend (2000-2007) empl public sect / pop   -5.443 9.977  
   (8.867) (7.062)  

Pre trend (2000-2007) unempl / pop   3.937 -16.51*** 
   (15.38) (5.796)  

Pre trend (2000-2007) empl edu health / pop   2.217 -2.295  
   (4.897) (3.453)  

Empl manuf 2008 / pop   4.750 1.083  
   (2.845) (1.424)  

Empl constr 2008 / pop   48.75*** -7.980*  
   (11.10) (4.286)  

Empl extractive 2008 / pop   2.315 4.760  
   (8.534) (3.825)  

Empl public sect 2008 / pop   5.258 -2.947  
   (7.083) (2.044)  

Unempl 2008 / pop   21.23 8.989*  
   (13.25) (5.111)  

Empl edu health 2008 / pop   1.640 -1.917  
   (2.241) (1.792)  

Shale gas extraction in CZ   0.265** 0.00696  
   (0.128) (0.0668)  

Potential for wind energy   -0.0773 -0.0121  
   (0.126) (0.0507)  

Potential for photovoltaic energy   0.125 -0.0101  
   (0.0928) (0.0666)  

Federal R&D lab   0.409* 0.213**  
   (0.204) (0.0887)  

CZ hosts the state capital   -0.0257 0.127  
   (0.193) (0.0908)  

Nonattainment CAA old standards   -0.132 -0.0170  

      (0.145) (0.0809)  

US-Division dummies No Yes Yes Yes 

Vigintiles of non-green ARRA per capita No Yes Yes Yes 

R squared 0.0118 0.271 0.372 0.559  

N 587 587 587 587 

OLS model weighted by CZ population in 2008. Sample: CZ with at least 25,000 residents in 2008. Standard errors clustered by state in 

parentheses. * p<0.1, ** p<0.05, *** p<0.01. 

 

Table B3 – Robustness check: accounting for CZ size as possible moderating factor 

Dep var: Change in log outcome variable compared to 2008 

(1) (2) 

Green employment (O*NET-

based) in manual occupations per 

capita 

Average hourly wage in manual 

green occupations 

Green ARRA per capita (log) x D2005_2007 0.00119 -0.00697  
 (0.00691) (0.00996)  

Green ARRA per capita (log) x D2009_2012 0.00140 0.00548  
 (0.00716) (0.0101)  

Green ARRA per capita (log) x D2013_2017 0.0159 0.00383  
 (0.00956) (0.00950)  

Green ARRA per capita (log) x  0.0169 -0.0242  

Dummy for local green-manual training in 2008 x D2005_2007 (0.0231) (0.0183)  

Green ARRA per capita (log) x  0.0386* 0.0321  

Dummy for local green-manual training in 2008 x D2009_2012 (0.0213) (0.0196)  

Green ARRA per capita (log) x  0.0445** 0.0854*** 

Dummy for local green-manual training in 2008 x D2013_2017 (0.0198) (0.0181)  

Green ARRA per capita (log) x  -0.0130 -0.00998  



 

 

Dummy for big CZ in 2008 x D2005_2007 (0.0171) (0.0154)  

Green ARRA per capita (log) x  -0.00400 0.0108  

Dummy for big CZ in 2008 x D2009_2012 (0.0121) (0.0134)  

Green ARRA per capita (log) x  0.00358 0.0201  

Dummy for big CZ in 2008 x D2013_2017 (0.0137) (0.0158)  

Comparison across periods and training:   

- Dummy for local green-manual training = 0   

Green ARRA per capita (log): 2009-2012 vs 2005-2007 0.000208 0.0124  

s.e. (0.0130) (0.0197) 

Green ARRA per capita (log): 2013-2017 vs 2005-2007 0.0147 0.0108  

s.e. (0.0150) (0.0192) 

- Dummy for local green-manual training = 1   

Green ARRA per capita (log): 2009-2012 vs 2005-2007 0.0219 0.0687* 

s.e. (0.0419) (0.0360) 

Green ARRA per capita (log): 2013-2017 vs 2005-2007 0.0423 0.120*** 

s.e. (0.0387) (0.0345) 

R squared 0.224 0.241  

OLS model weighted by CZ population in 2008. Sample: CZ with at least 25,000 residents in 2008. N of CZ: 587. N of observations: 7631. 

Standard errors clustered by state in parentheses. * p<0.1, ** p<0.05, *** p<0.01. Year dummies included. Additional control variables 

(interacted with D2002_2007, D2009_2012 and D2013_2017 dummies): US-Division dummies, Vigintiles of non-green ARRA per capita, 

Population 2008 (log), Income per capita (2005), Import penetration (year 2005), Pre trend (2000-2007) empl manufacturing / pop, Pre trend 

(2000-2007) employment tot / pop, Pre trend (2000-2007) empl constr / pop, Pre trend (2000-2007) empl extractive / pop, Pre trend (2000-2007) 

empl public sect / pop, Pre trend (2000-2007) unempl / pop, Pre trend (2000-2007) empl edu health / pop, Empl manuf 2008 / pop, Empl constr 

2008 / pop, Empl extractive 2008 / pop, Empl public sect 2008 / pop, Unempl 2008 / pop, Empl edu health 2008 / pop, Shale gas extraction in 

CZ interacted with year dummies, Potential for wind energy interacted with year dummies, Potential for photovoltaic energy interacted with 

year dummies, Federal R&D lab, CZ hosts the state capital, Nonattainment CAA old standards, Nonattainment CAA new standards; dummy 

for local green-manual training in 2008; dummy for CZ in the top quartile in terms of population in 2008 
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Abstract:  

Research and Innovation (R&I) are a key part of the EU strategy towards stronger 

growth and the creation of more and better jobs while respecting social and environmental 

objectives. In the last decades, improvements in costs and performance of low-carbon 

technologies triggered by R&I expenditure and learning-by-doing effects have increased their 

competitiveness compared to fossil fuel options. So, in the context of ambitious climate policies 

as described in the EU Green Deal, increased expenditure for R&I can increase productivity 

and boost EU economic growth and competitiveness, especially in countries with large 

innovation and low-carbon manufacturing base. The analysis captures the different nature of 

public and private R&I, with the latter having more positive economic implications and higher 

efficiency as it is closer to industrial activities. Public R&D commonly focuses on immature 

highly uncertain technologies, which are also needed to achieve the climate neutrality target of 

the EU. The model-based assessment shows that a policy portfolio using part of carbon 

revenues for public and private R&D and development of the required skills can effectively 

alleviate decarbonisation costs, while promoting high value-added products and exports (e.g. 

low-carbon technologies), creating more high-quality jobs and contributing to climate change 

mitigation. 
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5.1 Introduction 

 

Research and Innovation (R&I) forms a key component of the EU’s strategy calling for 

the delivery of stronger, lasting economic growth and the creation of more and better jobs while 

respecting and promoting social and environmental objectives. The constant creation of new 

ideas and their transformation into technologies and products forms a powerful cornerstone for 

the 21st century society, with universities, research institutes and innovative companies 

cultivating this process. The EU R&I strategy ensures that innovative ideas are turned into new 

products and services in an effort to create growth, quality jobs and address societal challenges. 

R&I investment directed to research organisations, universities and innovative technology 

companies are key component of the EU’s strategy, complemented with appropriate framework 



 

 

conditions, market regulation and the supply of the required skills and low-cost capital. Guided 

by the goals of the Innovation Union flagship initiative, the EU aims to revolutionize the way 

public and private R&I sectors cooperate, remove bottlenecks (like expensive patenting, market 

fragmentation, limited access to capital and skill shortages) that prevent the market 

development of innovative ideas and increase R&I investments to 3% of EU GDP. The central 

role of R&I in EU policy is demonstrated by the increased budget allocations to Horizon 

Europe program, the InvestEU fund (to mobilise private R&I) and the recent EU Green deal.  

 

The “Clean Planet for all” long-term strategy68 of the European Commission (EC) 

suggests that the acceleration of research, innovation, entrepreneurship and human capital 

investment are key for the achievement of a climate neutral Europe by mid-century while 

boosting the EU’s industrial competitiveness. In this context, it is crucial to improve the 

understanding of how increased R&I spending in low-carbon technologies can induce 

innovation and affect firms’ productivity, economic growth and societal transitions in order to 

better inform policy makers on the role of low-carbon R&D towards decarbonisation. In turn, 

policymakers can deploy a series of policy instruments to promote low-carbon innovation 

directly and indirectly, including investment and subsidies in R&D and knowledge diffusion 

(e.g. open access to science results), investment in human capital upgrade (through education 

and training), developing a regulatory and policy environment that stimulates the entry and exit 

of new businesses, promoting venture capital and access to low-cost finance for businesses.  

 

There is very little quantitative macro-economic assessment of the impacts, costs and 

benefits associated to low-carbon R&D investment and how these are financed. Existing 

literature has analysed the R&D contribution to improve the costs and performance of low-

carbon technologies (Verdolini et al, 2018, Bosetti et al. 2012), but not accounting for the R&D 

impacts at the macro-economy level. Energy system models are commonly used to explore 

low-emission transition pathways but do not capture the macro and socio-economic impacts of 

climate and innovation policies; conventional Computable General Equilibrium (CGE) models 

do not explicitly represent technological learning, innovation and diffusion. In order to bridge 

this research, the GEM-E3-FIT CGE model is further developed to consistently assess the 

interactions between energy system decarbonisation, low-carbon technology development and 

investment in public and private low-carbon R&D (Paroussos et al, 2019). Due to its detailed 

treatment of energy technologies and sectors, technical progress, innovation and environmental 

issues, GEM-E3-FIT model appears to be the most suitable model for assessing the socio-

economic impacts of low-carbon innovation (Di Comite et al, 2015). 

 

The improved macroeconomic modelling framework with enhanced representation of 

low-carbon R&I is used to analyse the synergies between climate and innovation policies, in 

particular how investment in low-carbon R&I and human capital upgrade would affect the 

European economy and industries within a decarbonisation context. The model-based 

assessment of the economic, trade and employment impacts of low-carbon R&I can be used to 

provide practical recommendations to EU policy makers on the potential allocation of ETS 

revenues towards R&D in low-carbon technologies to fully exploit the clean energy innovation 

benefits (i.e. enhanced competitiveness and productivity growth). 

 

                                                 
68 https://ec.europa.eu/clima/policies/strategies/2050_en 



 

 

The main methodological novelty of the paper is the detailed modelling of technological 

change in a multi-sectoral CGE model combined with the representation of sectors 

manufacturing low-carbon technologies. In this way, the analysis provides novel insights on 

the activity growth and competitiveness impacts of innovation policies, capturing in detail the 

inter-industrial relations and the potential industry effects that being a global technology leader 

might bring about (De Cian et al, 2013). In addition, the distinction between public and private 

R&D in applied modelling sheds light on their differential socio-economic impacts, while the 

detailed representation of knowledge spillovers provides an enhanced framework to study the 

complex linkages between low-carbon innovation, human capital upgrade and decarbonisation. 

 

This paper is organised as follows. In Section 2, we conduct a literature review on the 

role of low-carbon innovation and we provide an overview of how the modelling tools 

incorporate technical change. In Section 3, we provide a detailed description of the modelling 

approach and scenarios examined, focusing on the representation of low-carbon technology 

innovation and clean energy manufacturing markets. Section 4 includes the analysis of model-

based results focusing on the macro-economic, employment and competitiveness impacts of 

low-carbon innovation. Section 5 includes a discussion and conclusions. 

 

5.2 Literature and Context 

5.2.1 The role of low-carbon innovation in the EU 

The EU aims to increase the role of R&I encouraging EU countries to invest 3% of their 

GDP in R&D with specific national targets considering country differences, socio-economic 

priorities and current situation. The Horizon 2020 programme is designed to support 

transnational and multidisciplinary collaboration across the EU with public funds, while other 

initiatives, such as VentureEU and the European Innovation Council (EIC) pilot, aim to boost 

capital investment in innovative start-up companies across Europe. Governments deploy a 

series of instruments to promote innovation, including subsidies to R&D, human capital 

development and skills upgrade, provision of low-cost finance to innovative businesses and 

development of the required regulations stimulating innovation-based firms. Policies targeting 

innovation can take various forms, including instruments aimed at R&D (e.g. grants for R&D 

projects, tax incentives or direct subsidies for private R&D), options facilitating human capital 

development (e.g. subsidies to develop the required labour skills), R&D-specific finance 

instruments (e.g. low-cost loans to innovative firms) as well as measures that link R&D with 

innovation and industry, e.g. programmes of collaborative R&D and IPR-related policies. 

 

Low-carbon innovation and development in the context of decarbonisation are key 

priorities for EU R&I activities, as demonstrated by their large share in H2020 and other 

funding mechanisms (e.g. the recent EIC €350 million programme calling for market-creating 

innovation contributing to the European Green Deal). While the EU provides large amounts to 

R&I activities through various mechanisms (outlined above), the majority of public investment 

in R&I comes from national funding, with diverse performance among EU countries as 

measured in (European Commission, 2017).  

 

The Research and Innovation Observatory identifies two major challenges related to 

innovation, namely: low-levels of public and private R&I funding across European countries 



 

 

and barriers in industry collaboration, exploitation and commercialization of public research 

results. The EU needs to deepen its innovation capability to face global societal megatrends 

such as digitization, an ageing society, sustainable development and climate action requiring 

innovation in a certain direction. Policy plays a critical role in shaping the R&I contribution to 

address these challenges, so that the EU would remain at the forefront. 

5.2.2 Technology progress 

 

In the last decade, targeted innovation and uptake of low-carbon technologies has led 

to a rapid reduction in costs of key mitigation options. (IRENA, 2020) shows that the costs of 

PV, wind onshore and offshore have declined significantly making renewable energy 

competitive with fossil fuel-based generation in many countries. This reduction is driven both 

by technological innovations and breakthroughs, but most importantly by incremental learning, 

maturity and development of the industry and its supply chains at scale. However, the initial 

technology deployment was mainly induced by dedicated policies (e.g. German 

Energiewende), which were expensive but drove the PV revolution globally.  

 

To capture these dynamics, most energy-economy models represent energy technology 

progress, in particular for new technologies. A major review of innovation modelling 

(Gillingham, et al, 2008) called for additional research in the empirical validation of technology 

learning due to the high prevailing uncertainty. In the last decade, evidence about low-carbon 

innovation has further accumulated and the direction of causality between R&D and 

technology progress is clear (Verdolini et al, 2018). Recent literature found that low-carbon 

innovation is influenced by market conditions, relative prices and the market size of clean 

energy technologies (Fragkiadakis et al, 2019b, Mercure et al, 2019) adding further evidence 

and insights into their linkages. (Acemoglu et al, 2012) underlined that innovation could 

radically reduce the cost of tackling climate change, but specific subsidies to innovation are 

required. (Pottier et al, 2014) criticized their study for the parameter assumptions and lack of 

path-dependence, being rooted in an ‘incorporeal’ world of sequential general equilibria. 

Commonly, engineering-based models incorporate learning-by-doing, generating more 

complex behaviour and often indeterminate results, which are hard to communicate and 

implement computationally in applied studies. However, these issues should not be tackled 

using simplified exogenous technology assumptions and excluding dynamic realism in energy-

economy models, but care should be taken to appropriately integrate an endogenous 

representation of innovation and technology learning. 

 

Innovation is to a large degree a product of investment, in the form of public and private 

R&D or “spilling” from other sectors (like IT and digitization) into low-carbon technologies. 

Several empirical studies have confirmed the Hicks (1932) proposition that the direction of 

innovation is influenced by relative prices. (Popp, 2002) reviewed numerous studies 

demonstrating that the proportion of private R&D devoted to energy increased after the 1970s 

oil price shocks. Such evidence has been enhanced by more recent and sophisticated studies 

reviewed in (Popp, 2019), who documented a (statistically significant) link between energy 

prices and patent filing for energy innovations. (Ley et al., 2016) find not only that higher 

energy prices increased patenting, but disproportionately enhance low-carbon patents, e.g. for 

solar PV (Vincenzi & Ozabaci, 2017) and electric vehicles (Aghion et al, 2016). Recent studies 

show a positive impact of carbon pricing and other environmental regulation on low-carbon 



 

 

innovation. (Calel et al, 2016) found increased patents for low-carbon technologies across 

regulated firms in EU ETS, while Taghizadeh-Hesary et al (2019) showed that energy price 

increases have had a statistically significant impact in reducing solar module prices in USA, 

Japan and China. Thus, evidence suggests that climate policies can enhance low-carbon 

innovation, support subsequent emission reductions and structural shifts. 

 

In recent years, strong national leadership on key low-carbon technologies has played 

a critical role in driving technological innovation and cost reduction. Germany’s efforts in 

driving PV, Denmark and Germany’s early push for wind, and more recently the UK’s efforts 

to drive offshore wind have reduced technology costs substantially. Aspiring to industrial 

leadership and seeking first-mover advantage in low-carbon technologies has been a major 

driver of climate policies, and this is expected to continue, especially in the decarbonisation 

context offering large export opportunities for low-carbon technology manufacturers 

(Karkatsoulis et al, 2016). 

 

The cost reduction of low-carbon technologies is induced by various forms of learning-

by-doing, economies of scale, patentable innovations, along with the development of global 

supply chains, and growing confidence which reduces the perceived risks and cost of finance 

(Egli et al, 2018). Energy-economy system analysis often uses “experience curves” which chart 

how much the cost of technologies decline with scale typically measured in terms of ‘learning 

rates’ – the decline of cost associated with a doubling of capacity. Rubin et al (2015) reviewed 

numerous studies and found that learning rates vary among energy technologies and studies, 

but are uniformly positive. Low-carbon technologies get cheaper as their markets grow, and 

learning rates have been remarkably high and stable for PV (at about 20%).  Recent studies 

disentangle the effects of public R&D from private R&D and learning-by-doing; industrial 

economies-of-scale are particularly important for PV (Kavlak et al, 2018) and other low-carbon 

technologies (Nemet, 2019), while the combination of all factors drives technology costs down 

and helps to build up new industries. 

 

The empirical evidence suggests that investment in R&I is a key driver for the 

reductions in costs of low-carbon technologies (Rubin et al, 2015). Technological learning and 

innovation shape energy transitions through reduction of costs, increase of efficiency, the 

creation of new services or functionalities (Creutzig et al. 2017) and promoting technology 

diffusion. The combination of public and private R&D activities is a success factor for new 

technologies with private R&D being closer to commercialisation stage of technological 

development (Boulatoff & Boyer, 2016). 

 

5.2.3 Modelling innovation and technology change 

Scientific findings confirm that learning effects in the form of learning-by-research or 

learning-by-doing are apparent in all energy-related technologies (European Commission, 

2018). The relevance of learning-by-research and learning-by-doing and the relative 

importance of public vs. private sector R&D, vary greatly across technologies, depending on: 

technology maturity, inter-industrial linkages, and the geographical coverage of analysis. In all 

technology transitions, both supply-push and demand-pull drivers have played an important 

role. While a combination of both driver types seems to be optimal, supply push measures (i.e. 

R&D support) are more effective to support technologies at early development stages (Popp, 



 

 

2019), whereas demand pull measures are better suited for technologies closer to market 

readiness. R&I incentivises cost reductions at early innovation stages, while economies of scale 

play an increasingly important role for technology development and diffusion as industry 

matures leading to further costs reductions and enhanced competitiveness with incumbent 

technologies (Fouquet and Pearson 2012). So, the use of exogenous technology cost 

assumptions in energy-economy models is not the appropriate way to model technology 

learning, as it ignores the drivers of deployment, innovation and their complex interlinkages. 

The latter should be appropriately represented in models used for policy impact assessments, 

as these should capture all important policy-relevant elements, including cost-effective ways 

of stimulating innovation. 

In addition to own R&D, spillover effects from other countries and sectors play a crucial 

role in technology learning and development, as they increase the stock of knowledge in the 

recipient industries and regions and contribute to improving productivity. Based on detailed 

statistical analysis on patent citations, (Paroussos et al, 2017) illustrated the high importance 

of spillovers for the speed and magnitude of low-carbon technology innovation and knowledge 

diffusion. Spillovers can be cross-sectoral (e.g. electronics industry spilling to battery 

manufacturing) and cross-regional, as spillovers are not uniformly distributed across countries; 

Japan and the US account for half of the weighted patent citations reflecting their overall size, 

advanced technological state, and well-developed system of patenting (Paroussos et al, 2017).  

From a modelling perspective, assuming that productivity growth is driven purely by 

in-house R&I expenditures would be misleading, as this neglects the impacts of cross-sectoral 

spillovers and technology embodied in machinery, equipment and efficient IT structures. 

Griliches and Lichtenberg (1984) argued that not accounting for inter-industry technology 

flows leads to biased estimates of the contribution of R&I to productivity growth. Parrado and 

De Cian (2014) argue that innovation is not limited to national R&I, but it further builds on 

knowledge spillovers and embodied technological progress from other regions through trade, 

foreign direct investment, research collaboration, technological similarities and cultural or 

institutional proximity. Therefore, energy-economy models should represent both in-house 

innovation activities, but also knowledge spillovers across regions and sectors.  

 

Representations of innovation and technological change are incomplete in energy-

economy models, thus limiting their ability to assess climate policies. Missing or inadequate 

representation of endogenous technical change may lead to overestimation of mitigation costs, 

or findings of “optimal” mitigation strategies with too little short-term abatement (Mercure et 

al., 2019). The outcomes of models without endogenous technology learning were largely 

based on exogenous assumptions (Grubb et al., 2002), e.g. on the presence of the so-called 

backstop technologies. (Edenhofer et al, 2006) explored how leading modelling frameworks 

represent innovation and technological change and showed that model estimates for investment 

requirements for decarbonisation are lower if learning-by-doing progress is endogenised in 

models.  The ability of models to adequately capture endogenous technological change 

radically affects the conclusions drawn about e.g. costs of mitigation or the feasibility of rapid 

technology diffusion (Mercure et al., 2019, Vartiainen et al., 2019).   

 

The induced innovation theory postulates that innovation can be heavily influenced by 

market conditions and related policy, which changes the economic landscape and scale of new 

technologies. Energy-economy models require technology projections decades ahead, but a 

wide variety of evidence shows that innovation and associated cost reductions flow from 



 

 

investments in earlier periods, and hence should be endogenous to modelling. Ignoring the 

dynamic features of technology learning may produce misleading insights for policy, 

potentially leading to a delay of ambitious transition measures. 

The theory of endogenous innovation-driven growth has been developed in one-sector 

modelling frameworks, while its application in large-scale multi-sectoral models is sparse. The 

latter can realistically capture the high heterogeneity of sectors with respect to their cost 

structure, R&I intensities, labour skills and absorptive capacities. In contrast, IAMs do not 

account for the sectoral impacts of policies (Fragkos et al, 2018) and the potential domestic 

industry effects that being a global technology leader might bring about (De Cian et al, 2013) 

and thus their results for specific regions can be misleading.  

 

A more disaggregated representation of innovation and its linkages with the economy 

will contribute to improved assessment of policy interventions. Structural multi-sectoral 

macro-economic models can adequately capture the complexity of technological progress, 

integrating learning and innovation processes in a unique modelling framework and accounting 

for their complex interactions with other sectors (inter-industrial linkages) and countries. 

Studies to date offer quantifications of R&I impacts on economic performance at firm or 

sectoral level, but the comprehensive assessment of the economic effects at country level 

considering sector inter-dependencies remains scarce. CGE models can provide a robust 

quantification of macroeconomic impacts of R&I policies, but their application for innovation 

analysis remains limited due to the data intensity and their computationally demanding nature. 

Sue Wing (2006) models induced technological change through the inclusion of knowledge 

capital in the production function.  Advanced macroeconomic models have been recently 

developed to assess the impacts of R&I policies (Mercure et al, 2019, Paroussos et al, 2019b). 

Recent studies introduce international knowledge spillovers and R&I indicators including 

patent counts, technology flow and knowledge proximity matrixes (MONROE project, 2019), 

while spillovers are introduced in the CGE models via the trade flows of goods and services or 

via bilateral patent matrices (Fragkiadakis et al, 2020, Paroussos et al, 2017).  

 

Overall, most energy-economy models do not fully integrate modelling of R&D and its 

socio-economic impacts (Di Comite et al, 2015, Mercure et al, 2019), while other models 

capture this rather simplistically, as they fail to represent real-world innovation dynamics, like 

knowledge spillovers across regions and sectors, the link to human capital and do not 

differentiate between public and private R&D (Criqui et al, 2015). The study overcomes the 

current limitations in modelling of low-carbon innovation by further improving the state-of-

the-art GEM-E3-FIT model (see Section 3) aiming to offer novel, policy-relevant insights. 

5.3 Methodology 

In order to consistently assess the macro-economic impacts of low-carbon R&I, we 

further improve the GEM-E3-FIT model (Paroussos et al, 2017) to represent low-carbon R&D 

expenditure – differentiated into public and private R&D - and its relation with productivity 

improvements, innovation spillovers, the workers’ skill levels and the households’ decision for 

schooling and education linked with human capital development and firms’ absorptive 

capacity. In addition to model extensions, key model parameters are updated with empirically 

validated evidence including the link between R&I expenditure and productivity growth and 

the impact of human capital on labour productivity (Fragkiadakis et al, 2019). 



 

 

5.3.1 Brief description of GEM-E3-FIT 

GEM-E3-FIT is a multi-regional, multi-sectoral, recursive dynamic CGE model which 

provides details on the macro-economy and its interactions with the environment and the 

energy system. GEM-E3-FIT simultaneously represents 46 regions (EU countries are 

represented separately) and 51 production sectors linked through endogenous bilateral trade 

flows. It covers the complex interlinkages between productive sectors, consumption, price 

formation of commodities, labour and capital, bilateral trade, innovation and investment 

dynamics. GEM-E3-FIT is dynamic driven by accumulation of knowledge, capital and 

equipment until 2050. The model allows for a consistent comparative analysis of policy 

scenarios since it ensures that in all scenarios, the economic system remains in general 

equilibrium, and incorporates micro-economic mechanisms and institutional features within a 

consistent macro-economic framework.  

Each national economy is formed by a set of representative firms and a representative 

household whose interactions are governed by endogenously-derived prices. Firms operate 

within a perfect competition market regime and maximize profits, considering the possibilities 

of substitution between capital, labour, energy and materials. Households maximize their 

intertemporal welfare under a budget constraint choosing the optimal level for current and 

future consumption levels using myopic expectations about future income and prices. 

Households receive income from labour supply and from holding shares in companies. Firms’ 

decision on investments is driven by the rate of return on capital and its replacement cost. The 

model determines a price vector such that supply and demand equilibrate in each sector and 

each region through domestic and international flows of goods and services. Trade modelling 

is based on Armington hypothesis that domestic and imported goods are imperfect substitutes. 

In GEM-E3-FIT, the supply mix of each good is represented as a multi-level nested constant 

elasticity of substitution (CES) function: at the upper level, firms decide on the optimal mix 

between domestically produced and imported goods; at the next level, the demand for imports 

is split by country of origin. 

Technology is a key determinant of the macro-economic dynamics as it constrains the 

set of paths upon which agents can make their investment and consumption choices. The 

standard technology representation in CGEs uses nested CES production functions that 

differentiate capital, labour, energy and material inputs, while the amount of economy-wide 

physical capital is considered fixed within a period. GEM-E3-FIT includes a detailed 

representation of energy production technologies as distinct sectors calibrated to recent 

EUROSTAT, GTAP and IEA datasets. The model covers the major aspects of public finance 

including taxes, social policy subsidies, public expenditures and deficit financing, as well as 

energy and environment policies. 

GEM-E3-FIT includes several features that go beyond a conventional CGE approach, 

allowing for an improved representation of socio-economic impacts of climate and innovation 

policies. Its advanced features include: a detailed representation of the financial sector and its 

linkages to low-carbon investment (Paroussos et al, 2019), endogenous growth through R&D, 

detailed modelling of the energy system and related technologies (Fragkos et al, 2017), and 

disaggregated representation of employment by skill (Paroussos et al, 2017). GEM-E3-FIT is 

extensively used by the European Commission as a tool for policy impact assessments (Capros 

et al, 2016). 

 

 

 

 

 

  



 

 

Figure 1: Overview of the GEM-E3-FIT model 

 

5.3.2 Endogenous representation of clean energy markets 

 

Most global energy-economy models fail to represent the potential domestic industry 

effects that being a global technology leader might bring about and thus their results may be 

misleading (De Cian et al, 2013). To improve this caveat, GEM-E3-FIT includes the 

manufacturing of clean energy products and equipment as separate production sectors and can 

consistently derive the future development of low-carbon technology manufacturing and trade 

patterns across regions under alternative policy assumptions. The model database is extended 

to allow for a separate representation of clean energy producers in economic terms, namely for 

solar PV, wind turbines, EVs, Li-Ion batteries and biofuels. Data about the size, market shares, 

cost structure and trade flows of these sectors are not included in GTAP and are derived from 

supplementary data sources, including Fraunhofer (2018), Navigant (2018), CEMAC (2016) 

and IEA (2019). For example, (IEA, 2019) data is used for the demand (sales) and 

manufacturing volumes of EVs and batteries which are combined with base year technology 

prices from (Paroussos, et al. 2019) to estimate production and trade (in economic terms) of 

EVs in each country. The cost structure of low-carbon equipment is derived from (IRENA, 

2016) and (Fries et al, 2017) in terms of inputs required by other sectors (i.e. metals, electric 

equipment, machinery etc.) to produce clean energy products, which are different from the cost 

structure of fossil-fuel technologies. GEM-E3-FIT integrates differences in low-carbon 

technology production costs across countries as derived from (CEMAC, 2016). Detailed data 

handling processes (i.e. RAS routines) are developed to ensure full consistency of GEM-E3-

FIT Input-Output tables including low-carbon manufacturing with GTAP data, e.g. the 

production of conventional ICE and EVs sums up to GTAP sector 43 “Manufacture of motor 

vehicles, trailers and semi-trailers’ (Fragkiadakis et al, 2020). This allows capturing 

consistently the potential growth effects driven by the uptake of low-carbon industries and 

innovation, as well as the changes in competitiveness and trade flows induced by ambitious 

decarbonisation and low-carbon innovation. 

 



 

 

5.3.3 Modelling of technological change and R&D 

GEM-E3-FIT represents public and private low-carbon R&I, knowledge spillovers and 

absorption linked to human capital and their impacts on technology costs. Modelling of 

technological change in GEM-E3-FIT draws on the endogenous growth theory (Romer, 1990, 

Acemoglu, 2001). In GEM-E3-FIT, technology progress is endogenous deriving from 

spending in R&I while productivity improvements are based on two-factor learning curves 

depending on learning-by-doing and R&D expenditure by the private and public sector. The 

learning by doing component corresponds to productivity gained through cumulative 

production (i.e. learning from experience and economies of scale), while R&D learning 

describes the reduction in costs for each doubling of cumulative R&D expenditure.   

 

In conventional CGE modelling, total factor productivity (TFP) is determined 

exogenously in the Baseline scenario (Fragkiadakis et al, 2020). In GEM-E3-FIT, TFP 

development is endogenised as it includes an exogenous and an endogenous part, which 

represents innovation-induced growth and is composed of: i) the learning by doing effect, ii) 

the learning by research effect, iii) the impact of knowledge spillovers, and iv) the human 

capital stock measure. More precisely, TFP is decomposed into a part related to learning by 

doing, a part related to investment in R&D and a part due to spillovers, i.e.: 

 

𝑇𝐹𝑃𝑡 = 𝑇𝐹𝑃𝑡−1 ∙ 𝐺𝑇𝐹𝑃𝑡
𝑙𝑏𝑑 ∙  𝐺𝑇𝐹𝑃𝑡

𝑅&𝐷 + 𝐺𝑇𝐹𝑃𝑡
𝑠𝑝𝑖𝑙𝑙𝑜𝑣𝑒𝑟 [1] 

 

where 𝐺𝑇𝐹𝑃𝑡
𝑙𝑏𝑑, 𝐺𝑇𝐹𝑃𝑡

𝑅&𝐷 , 𝐺𝑇𝐹𝑃𝑡
𝑠𝑝𝑖𝑙𝑙𝑜𝑣𝑒𝑟denote respectively the growth factor of 

productivity related to learning by doing, investment in R&D and spillover effects. 

 

In line with the theoretical literature, learning by doing is assumed to increase with 

cumulative production (“Wrights law”), so that its growth factor is:   

       𝐺𝑇𝐹𝑃𝑡
𝑙𝑏𝑑 =  (

𝑄𝑡

𝑄𝑡−1
)

1+𝑙𝑏𝑑

    [2] 

where 𝑄𝑡 denotes cumulative production up to period t and the parameter lbd captures 

the percentage reduction in costs associated with an increase in cumulative production given 

by learning rate LR. Namely:  

𝑙𝑏𝑑 = −
𝑙𝑜𝑔(1−𝐿𝑅)

log(2)
 [3] 

 

Learning rates for low-carbon technologies are taken from the upper and lower bounds 

available in literature (Paroussos et al., 2019) and are presented in Table 1. 

 

Investment in R&D is determined in the innovation module of GEM-E3-FIT that 

separates public from private R&D expenditures. Public R&D is set exogenously, while private 

firms decide upon the optimal R&D spending so as to increase productivity and maximize 

profits. Each sector optimizes allocation of resources in R&D simultaneously with decisions 

about acquiring capital, labour, energy and materials. R&D expenditures create demand for 

R&D services addressed to the R&D supply sector, which is represented as a separate sector 

in GEM-E3-FIT. Private R&D expenditure are undertaken by firms to develop and introduce 

product, process or other types of innovations, enhance firm productivity, reduce their 

production costs and improve their competitive position relative to other firms. R&D 

expenditures generate a stock of knowledge that in turn is linked to productivity growth. The 

link between R&D expenditure and productivity is provided in the following equationsError! 



 

 

Reference source not found., where 𝑅𝐷𝑗
𝑃𝑟𝑖𝑣𝑎𝑡𝑒 is the optimal demand of the firms for R&D, 

𝜃𝑗
𝑟𝑑 is the value share of R&D expenditures in total production costs, 𝑄𝑗 represents the total 

sales of the firm, 𝑃𝑄𝑗 is selling price and 𝑃𝑅𝐷 is the unit cost of R&D. 

𝑅𝐷𝑗
𝑃𝑟𝑖𝑣𝑎𝑡𝑒 = 𝜃𝑗

𝑟𝑑 ∙ 𝑄𝑗  ∙ (
𝑃𝑄𝑗

𝑃𝑅𝐷𝑗
)

𝑟ℎ𝑜

 [4] 
 

𝑅𝐷𝑗
𝑃𝑢𝑏𝑙𝑖𝑐 = (𝐸𝑥𝑜𝑔𝑒𝑛𝑜𝑢𝑠) [5]  

  

Public and private R&D expenditures accumulate over time increasing the stock of 

knowledge that leads to TFP growth: 

 𝐺𝑇𝐹𝑃𝑡
𝑅&𝐷 =  (

𝐶𝑅𝐷𝑡

𝐶𝑅𝐷𝑡−1
)

1+𝑙𝑏𝑟

 [6]  

where 𝐶𝑅𝐷𝑡 represents the cumulative investment in R&D and 𝑙𝑏𝑟 denotes the 

percentage cost reduction associated with a doubling in cumulative R&D, which is derived 

from (Paroussos et al, 2019). TFP growth may also be induced by spillover effects from R&D 

performed in other regions and sectors which may be driven by foreign direct investment, trade 

and transfers of intellectual property (Glachant, 2013). (Kirchherr and Urban 2018) focus on 

international technology transfer schemes. The impact of spillovers on TFP growth follows: 

 𝐺𝑇𝐹𝑃𝑖,𝑟,𝑡
𝑠𝑝𝑖𝑙𝑙𝑜𝑣𝑒𝑟 

=  ∑ 𝑇𝐹𝑃𝑖,𝑗,𝑟,𝑠,𝑡
𝑠𝑝𝑖𝑙𝑙𝑜𝑣𝑒𝑟

𝑗,𝑠     [7]  

 𝑇𝐹𝑃𝑖,𝑗,𝑟,𝑠,𝑡
𝑠𝑝𝑖𝑙𝑙𝑜𝑣𝑒𝑟 

=  𝑎𝑏𝑠𝑜𝑟𝑝𝑡𝑖𝑜𝑛𝑖,𝑟 ∙ 𝑠𝑝𝑖𝑙𝑙𝑜𝑣𝑒𝑟𝑖,𝑗,𝑟,𝑠 ∙ (𝐺𝑇𝐹𝑃𝑗,𝑠,𝑡
𝑅&𝐷 − 𝐺𝑇𝐹𝑃𝑗,𝑠,𝑡−1

𝑅&𝐷 )
 
 [8] 

 

where 𝑎𝑏𝑠𝑜𝑟𝑝𝑡𝑖𝑜𝑛𝑖,𝑟 denotes the absorption capacity of sector i in region r and 

𝑠𝑝𝑖𝑙𝑙𝑜𝑣𝑒𝑟𝑖,𝑗,𝑟,𝑠 denotes the rate of spillover from sector j in region s to sector i in region r. These 

spillover rates are estimated (Paroussos et al, 2017) using the patent citation methodology of 

Verspagen (1997).  

 

The availability of Human Capital is essential to enable productivity growth induced by 

R&D and knowledge spillovers. The index of human capital stock is constructed based on the 

shares of each skill type to the total labour force; these indicate that the respective skills 

embodied at high skill type are more productive relative to those in lower skill types 

(Fragkiadakis et al, 2019). The capacity of firms to absorb knowledge spillovers is linked to 

human capital availability, especially related to skilled labour. The accumulation of public 

R&D knowledge stock is global assuming perfect spillovers to other regions, while private 

R&D can be diffused through bilateral trade of goods and services and through knowledge 

spillovers69 (based on patent citations approach for low-carbon technologies).   

Productivity generated through R&D is diffused into other sectors and countries 

according to: 

 

𝑇𝐹𝑃_𝑆𝑃𝐼𝐿𝐿𝑖,𝑗,𝑟,𝑠 = 𝑇𝐹𝑃𝑖 ∙ 𝑠𝑝𝑖𝑙𝑙𝑜𝑣𝑒𝑟𝑖,𝑗,𝑟,𝑠 [9] 

 

 

 

                                                 
69 R&D expenditure has been widely used as an indicator of innovation, while patents are also widely 

used as output-based indicators. Generation of patents does not only have a direct positive effect on the industry 
that produces them, but also impacts positively other industries through knowledge spillovers. These spillovers 
benefit the country and industry that receives them, increase the income of innovator through royalties and 
reduce the monopoly rents of the innovator. 



 

 

Table 7: Learning by doing and R&D rates used in GEM-E3-FIT 

  

Learning 

by Doing 

Learning by 

Research 

Ethanol 0.10 0.11 

Bio-diesel 0.10 0.11 

Advanced Electric Appliances 0.10 0.10 

Equipment for wind power technology 0.12 0.10 

Equipment for PV panels 0.23 0.12 

Equipment for CCS power technology 0.11 0.11 

Advanced Heating and Cooking Appliances 0.10 0.10 

Electric Vehicles 0.10 0.20 

 

All parameters related to specification of endogenous TFP growth in GEM-E3-FIT are 

estimated using advanced panel data econometric techniques with cross country data for EU 

and non-EU countries over 2000-2016 (Fragkiadakis et al, 2019). 

5.3.4 Scenario design 

 

R&D investment is a key driver for cost reduction for low-carbon technologies, with 

clean energy R&D increasing in recent years and in 2017 amounted to $ 9.9 bn (UN and 

Bloomberg, 2018); however government R&D spending stayed flat at $5.1 billion despite the 

creation of Mission Innovation at the Paris climate conference in 2015. Europe maintained its 

lead in low-carbon R&D rising to $2.7 billion, with the US and China following closely; China 

leads the R&D in solar technologies. Among the leading economies, Japan remains the largest 

spender on energy R&D as measured by the share of GDP, ahead of China and Europe (IEA, 

2018).  

The EU strategy calls for increased R&D expenditure to stimulate growth and create 

quality jobs, with an increasing part of them directed to low-carbon technologies. To assess the 

socio-economic impacts of low-carbon R&D, a series of policy scenarios are modelled with 

GEM-E3-FIT (table 2). These aim to explore the complex interactions between decarbonisation 

and low-carbon innovation, with EU carbon revenues used to finance R&D in low-carbon 

technologies. In all scenarios, public budget neutrality is ensured with the general equilibrium 

modelling framework. In the policy scenarios, the exogenous part of TFP does not change from 

Baseline levels, while changes in the endogenous part are driven by increased R&D 

expenditure and human capital upgrade in alternative scenarios. All other exogenous 

parameters (i.e. trade or substitution elasticities, value shares, price elasticities etc.) do not 

change from Baseline levels.  

 
Table 8: Scenarios examined with GEM-E3-FIT 

 Scenario EU Climate 
target 

R&D investment 

BASE Baseline (Business-As-
Usual trends) 

Continuation of 
trends 

Current R&D intensities 

2DEG Decarbonisation to 2oC 
with all options available 

40% GHG 
emission 

No additional R&D from Baseline 



 

 

2DEG_GRD Decarbonisation with 
increased EU public R&D 

reduction  in 
2030, at least 
80% reduction in 
2050 (relative to 
1990 levels) 

10% of EU carbon revenues are used for public 
low-carbon R&D  

2DEG_GRDW Decarbonisation with 
higher global public R&D 

10% of global carbon revenues are used for 
public low-carbon R&D 

2DEG_GRDH Decarbonisation with 
increased EU public R&D 
& higher learning rates 

10% of EU carbon revenues used for public low-
carbon R&D,  public R&D learning rates are same 
as private R&D 

2DEG_PRD Decarbonisation with 
increased EU private R&D 

10% of EU carbon revenues are used for private 
low-carbon R&D 

2DEG_SK Decarbonisation with 
human capital upgrade 

10% of EU carbon revenues used to subsidise 
wages and social security for high-skilled labour 

2DEG_COMB Decarbonisation with 
low-carbon innovation 
and education 

 30% of EU carbon revenues are used for private 
and public low-carbon R&D and to subsidise 
highly-skilled labour 

 

To assess the economic impacts of climate and innovation policies, we consider eight scenarios. 

• A “baseline scenario" (BASE), in which all regions implement their current energy, 

climate and innovation policies unilaterally by 2030 and do not intensify their ambition 

beyond 2030. Low-carbon R&D remains constant as a percentage of GDP to 2015 

levels. In this scenario, limited climate policies are adopted worldwide in line with the 

current fragmentation and lack of ambition in international climate policy landscape. 

• A “global well-below 2°C scenario” (2DEG) assuming cost-efficient implementation 

of the 1000 Gt carbon budget over 2010-2050 (considered equivalent to “well-below 

2oC") based on the imposition of a global carbon price across all countries. In this 

scenario the EU achieves a GHG emission reduction of at least 80% over 1990-2050. 

Low-carbon R&D does not increase from Baseline levels. 

 

We further consider six low-carbon innovation policy scenarios building on 2DEG 

specifications but assuming that EU countries implement additional investment in low-carbon 

R&I, either public or private, or/and increase expenditure to human capital development. The 

split of increased R&D spending in specific low-carbon technologies (PV, wind, biofuels, EVs, 

batteries and CCS) is determined by their base-year share in global clean energy market. 

Budget neutrality is ensured in all scenarios; increased low-carbon R&D is financed using a 

certain share of carbon revenues, while remaining carbon revenues are used to reduce the global 

interest rate, thus promoting investment required in the decarbonisation context. Innovation 

and human capital policy interventions can be simulated through various channels in GEM-

E3-FIT, including direct government subsidisation to R&D and wages (i.e. for highly-skilled 

labour), tax credits, reduced barriers to buy patents, facilitation of spillovers and reduced risk 

premiums through provision of low-cost finance directed to R&D. In the current set-up, we use 

direct subsidisation of low-carbon R&D and high-skilled workforce as a policy driver, directly 

influencing productivity improvement and enhanced adoption of low-carbon technologies. 

 

• In the “2DEG_GRD” scenario, EU countries use 10% of ETS carbon revenues to 

finance public low-carbon R&D, which leads to TFP growth in clean energy 

manufacturing and hence reduced low-carbon technology costs. 



 

 

• In the “2DEG_GRDW” scenario, all countries use 10% of carbon revenues to 

finance public R&D in clean energy, which leads to an improved TFP and cost 

reduction globally, which is reinforced by spillovers across regions.  

 

These scenarios reflect the major role of governments in energy innovation, often 

funding basic and higher-risk research as well as novel low-carbon technologies, which are 

costly and have uncertain market value.  

• In the “2DEG_PRD” scenario, EU countries use 10% of carbon revenues for private 

low-carbon R&D, resulting in improved productivity in the country and industry 

performing the R&D. Non-EU countries benefit indirectly from EU low-carbon R&D 

spending through partial diffusion70 of knowledge spillovers and trade. Each country 

benefits from increased R&D spending only when its cumulative R&D stock 

increases beyond a certain threshold (set at 10% of the current global R&D stock). 

Countries with very limited knowledge stock cannot fully exploit innovation-induced 

productivity gains due to limitations in human capital, infrastructure, institutions, 

industrial and innovation base etc. 

 

Public and private R&D can have different impacts on the cost and/or performance of 

clean energy technologies (Wene, 2008, IEA, 2018). Shinnosuke et al (2014) developed a 

three-factor learning curve for PV costs as a function of cumulative capacity and the knowledge 

stock accumulated by public and private R&D expenditures. They found that public R&D has 

a lower impact on PV cost reduction in Japan, implying a lower learning rate than private R&D 

(of about 30%). In addition, various empirical studies point to the different nature and impacts 

of public and private R&D (e.g. Boulatoff et al, 2016, Popp et al, 2019, Kavlak et al, 2018). 

Based on these empirical data, GEM-E3-FIT uses lower learning rates for public R&D relative 

to their default levels (Table 1). The 2DEG_GRDH variant is designed to explore this 

uncertainty and it is assumed that the values of learning rates for public and private R&D are 

set to be the same. 

• In the “2DEG_SK” scenario, EU countries use 10% of ETS revenues to subsidise 

high-skilled jobs required for the low-carbon transition in the form of direct wage 

subsidisation and a reduction of social security contributions for highly-skilled jobs. 

The subsidisation incentivises households to educate more in order to acquire 

additional skills needed for the low-carbon transition. 

• The “2DEG_COMB” scenario combines all policy measures assessed in previous 

scenarios to quantify the socio-economic impacts of a variety of innovation and 

education policies. In particular, EU countries use 30% of carbon revenues for 

financing public and private R&D in low-carbon technologies and for subsidising 

highly-skilled labour. In this scenario, the policy measures are simultaneously 

implemented in the model, thus simulating the adoption of a policy portfolio (based 

on low-carbon innovation and human capital upgrade) in order to boost EU’s 

economic growth and employment in the decarbonisation context. 

 

 

                                                 
70 This reflects Intellectual Property Protection, obstacles for knowledge diffusion and patent spillovers, 

lack of human capital and costly replication of patents. 



 

 

5.4 Results 

Public budget neutrality is ensured in the general equilibrium framework and scenario 

results show the impact of resources shift within the economy (i.e. towards R&D and 

education), rather than just the impact of additional government spending on specific sectors. 

5.4.1 Energy system restructuring 

The decarbonisation scenarios simulate a future consistent with the Paris Agreement 

goal to limit global warming to well-below 2oC relative to pre-industrial levels, with a global 

CO2 budget of 1000 Gt over 2010-2050; the EU meets its long-term target to reduce GHG 

emissions by at least 80% below 1990 levels by 2050. This is achieved through the imposition 

of universal carbon price reflecting the cost-optimal mitigation pathway equalizing marginal 

abatement costs across countries and sectors. To reflect increasing climate policy stringency, 

the global carbon price increases over time to about 80€/tn CO2 in 2030 and 290€/tn in 2050, 

which is consistent with the results of multi-model comparison exercises on mitigation 

pathways (Kriegler et al, 2015). 

 

Ambitious climate policies lead to structural transformation of global and EU energy 

systems with increased expansion of renewable energy, accelerated energy efficiency 

improvements in end-use sectors and electrification of energy, mobility and heating services. 

Low-carbon technologies are massively deployed to substitute fossil fuel use, while their costs 

improve as a result of accelerated learning-by-doing induced by their increased deployment. 

GEM-E3-FIT explicitly includes several emission reduction options, including RES power 

generation technologies (wind onshore and offshore, PV, hydro, biomass), EVs, batteries, 

advanced biofuels, energy efficiency and electrification in end-uses, fuel substitution away 

from carbon-intensive fuels, and technologies to capture and store carbon dioxide (CCUS) 

emitted from power plants. Through its wide coverage, GEM-E3-FIT can provide a rigorous 

assessment of interlinkages between the various mitigation options, i.e. interplay between RES 

expansion and electrification, competition between advanced biofuels and EVs etc., and can 

assess the complex dynamics related to energy demand and supply, technology innovation and 

uptake of low-carbon technologies.  

 

Global CO2 energy related emissions are projected to decline from 52 Gt CO2 in 

Baseline to about 14 Gt CO2 in 2DEG scenario in 2050 induced by increased carbon pricing. 

The power generation sector is the first to decarbonize and contributes to about 55% of 

emission reduction effort by 2050 through large-scale expansion of several low-carbon 

technologies, with are already cost-competitive with fossil-fired power plants in many 

countries. The electricity sector is rapidly transformed towards a low-emission paradigm with 

the share of fossil fuels declining from 68% in 2015 to only 8% in 2050 accompanied by a 

rapid expansion of renewable energy and CCS (in specific countries) which is consistent with 

the projections of prior research using as suite of national energy-economy models (Fragkos et 

al, 2018). The electrification of energy services combined with decarbonized power supply is 

a key mitigation option in hard-to-abate sectors (i.e. industries, heating, transport). Energy 

efficiency improves considerably relative to Baseline, while low-carbon and efficient energy 

forms (RES-based electricity, advanced biofuels) substitute fossil fuels in end-uses. The system 

transformation is even more pronounced in the EU, with a rapid coal phase-out by 2040, 

massive deployment of PV and wind (onshore and offshore) and a nearly emission-free 

electricity production by mid-century. 
 

 



 

 

Figure 3: Global energy system restructuring in 2DEG: i) Global power generation mix (in %), ii) Emission reduction from 

Baseline by sector (Gt CO2) 

 
 

The global market for low-carbon technologies is highly competitive and fast growing 

driven by innovation dynamics, technological advancements and climate policies and 

regulations. In 2015 the size of the global clean energy market is estimated at about €250bn 

and is dominated by PV panels, biofuels and wind turbines. The global low-carbon market 

increases constantly in Baseline scenario and amounts to 18.7 trillion EUR over 2020-2050. In 

the 2DEG scenario, the high carbon pricing and accelerated uptake of low-carbon technologies 

induce an increase in the global low-carbon market, which amounts to €39 trillion cumulatively 

by 2050. EV and battery manufacturing are the largest sectors, accounting for 42% of the global 

market, with PV and wind representing about 35%. The EU accounts for 15% of the global 

low-carbon market, but has very small shares in the production of batteries and PV modules ( 

Figure 4). The size of the low-carbon market is driven both by the number of units sold 

and technology costs that tend to decline as a result of learning by doing. Thus, the low-carbon 

market does not increase proportionally with technology uptake, as this is moderated by lower 

technology costs. In the Baseline scenario, the deployment of PV and wind drives down their 

costs significantly, and hence their additional deployment in 2DEG leads to a relatively limited 

cost reduction from Baseline. On the other hand, EVs and batteries will not reach maturity in 

terms of cost reductions in Baseline scenario; thus, they have high potential for cost 

improvements in the decarbonisation context. 
Figure 4: Global clean energy market (cumulative over 2020-2050) 

 



 

 

Climate policies (and the imposition of carbon pricing) drive energy system 

restructuring towards a more capital-intensive structure, with increased investment to 

renewable energy, EVs and energy efficiency projects. High carbon prices increase the cost of 

energy services and hence production costs throughout the economy and have a depressing 

effect on private consumption and GDP, which is partly alleviated by increased investment in 

low-carbon and energy-efficient technologies. Ambitious climate policies in 2DEG lead to a 

1.5% decline in cumulative global GDP over 2020-2050 ( 

 

Figure 5) and 3.2% reduction in 2050. Many macroeconomic models that have 

computed the costs of decarbonisation provide evidence of net mitigation costs; for example, 

the modelling results reported in the IPCC WG3 AR5 estimated global consumption losses of 

2-6% in 2050 associated with an emissions trajectory that limit global warming to less than 

2oC by 2100.  Our model-based projection lies in the middle of these estimates and shows 

differential macro-economic impacts across countries: 

• Major fossil fuel exporters, like Saudi Arabia and Russia, would face large negative 

economic impacts due to their high carbon intensity (per unit of GDP) and the 

reduced revenues from fossil fuel exports 

• Mitigation costs in large developing countries (China and India) are generally higher 

than developed economies, as the former have higher carbon intensities and the 

imposition of universal carbon price results in higher relative mitigation effort for 

developing countries. 

• The macro-economic impacts across developed economies are limited, on average 

less than 1% of their cumulative GDP. Mitigation costs are higher in economies with 

relatively high carbon intensities (i.e. Bulgaria, Poland), while costs are very limited 

in countries with low carbon intensities (Japan, France, UK) that already implement 

climate policies and in countries that can benefit from increased low-carbon 

technology exports (e.g. Germany). 

 

Figure 5: GDP impacts of 2DEG (% change from Baseline cumulatively over 2020-2050) 

 
 



 

 

5.4.2 Impacts of public low-carbon R&D 

Governments play a major role in energy innovation, often funding basic and higher-

risk research and novel low-carbon technologies, which are costly and have uncertain market 

value. This is reflected in the allocation of energy R&D (IEA, 2018), where public R&D 

represents more than 50% of R&D directed to renewable technologies, while its share in 

conventional energy is about 20%. In the last decade, energy-related R&D expenditure 

accounted for about 1-2% of total R&D expenditure in the EU-28 and US, with fossil fuels and 

nuclear having the biggest share till the early ‘80s, but innovation in renewables and energy 

efficiency is steadily gaining ground, enabling a more diverse and balanced energy R&D 

portfolio. 

To construct base-year R&D stocks (to be used in GEM-E3-FIT modelling), R&D data 

from the IEA R&D database were used for low-carbon technologies, including PV, wind, 

batteries, biofuels and electric cars. In 2014, R&D on biofuels accounted for more than 50% 

of total low-carbon R&D in OECD economies, followed by PV and wind. This R&D structure 

changes considerably when China is added, as Frankfurt School (2016) finds that solar 

technologies constitute 50% of global renewable energy R&D, followed by wind (20%) and 

biofuels (18%). Building on data from IEA R&D database, the R&D stock for low-carbon 

technologies in OECD countries is constructed following the methodology of (Bointer et al, 

2016) that consider R&D depreciation to develop consistent estimates for low-carbon R&D 

stock. For China, we have used estimates for public R&D in PV, wind and batteries from World 

Bank (Kuriakose et al, 2015). GEM-E3-FIT estimates for public R&D spending for PV, wind, 

biofuels and batteries are consistent with (UN and Bloomberg 2018).  

In Baseline and 2DEG scenarios, it is assumed that the R&D intensity of clean energy 

sectors (i.e. R&D expenditures as a percentage of value added) remains constant at 2015 levels 

in all countries implying that low-carbon R&D increases in line with the size of the clean 

market. Public R&D spending in low-carbon technologies increases significantly in 

“2DEG_GRD” scenario as 10% of EU carbon revenues are directed to public low-carbon 

R&D, triggering increased innovation and learning in PV, wind and EVs. As EU carbon 

revenues increase to about 3% of GDP by 2050, the low-carbon R&D stock accumulates 

rapidly triggering cost reductions of 27% for wind, 18% for PV and 37% for batteries in 2050 

relative to 2DEG. TFP growth induced by public low-carbon R&D is diffused across EU 

countries, with high amounts of R&D directed to wind, as the R&D split is determined by 

technological shares in global low-carbon market in 2015. 

Increased public R&D expenditure would lead to improved productivity and cost 

reductions for low-carbon technologies resulting in positive macro-economic effects, with EU 

GDP increasing by 0.01% in 2030 and 0.05% in 2050 relative to 2DEG. The scenario impacts 

increase over time as low-carbon R&D stock accumulates and productivity improvements 

become more visible. Differential impacts are projected across EU countries depending (among 

others) on the country position in low-carbon manufacturing and trade and the amount of 

carbon revenues directed to public R&D. Energy system decarbonisation would create market 

opportunities for countries and industries that manufacture clean energy products, as already 

manifested by large export surpluses in China and the EU (major PV and wind manufacturers 

respectively). The explicit modelling of low-carbon products and equipment in GEM-E3-FIT 

allows to consistently capture the trade, competitiveness and inter-industrial production effects 

of decarbonisation. The largest GDP increase is projected for Denmark (0.11% in 2050), which 

is the leading wind turbine producer and highly benefits from productivity improvements and 

increased turbine exports. Leading producers of PV (China), wind turbines (Germany, 

Denmark), batteries (Japan, Korea) and biofuels (Brazil) register larger GDP impacts than the 

global average. As public R&D diffuses globally, all countries benefit and register positive 

GDP growth relative to 2DEG (global average of 0.05%), while leading EU low-carbon 



 

 

technology producers benefit the most from increased public R&D in terms of exports, 

production and employment. For example, the implicit multiplier of low-carbon R&D (ratio of 

GDP gains to public R&D spending) is particularly high in key wind manufacturers (Denmark, 

Germany)71. Technology importers register lower economic benefits, as financial resources are 

limited in the general equilibrium framework and R&D expenditures can exert a crowding out 

effect in investment in other sectors at least temporarily ( 

 

Figure 6). However, productivity gains induced by R&D enlarge the market prospects 

and can induce higher investment and activity in the long term. Our findings reinforce prior 

research on the topic, as (Edenhofer et al, 2006) illustrated positive GDP impacts from low-

carbon R&D spending, while (Dechezleprêtre et al, 2016) argue that increased public low-

carbon R&D is required for the transition to a low-emission economy while providing socio-

economic benefits.  

 
Figure 6: GDP Changes in 2DEG_GRD in 2050 (% difference from 2DEG) 

 

In case that all countries use 10% of their carbon revenues to finance low-carbon public 

R&D (2DEG_GRDW), the accumulation of knowledge and innovation accelerates leading to 

increased productivity growth via leaning by research. Productivity improvements are diffused 

to other countries and industries based on knowledge spillovers of public R&D. As global 

carbon revenues amount to about 7 trillion EUR in 2050 (i.e. about 3.5% of global GDP), the 

public low-carbon R&D stock increases significantly leading to cost reductions of 52% for 

wind, 43% for PV and 60% for batteries in 2050 relative to 2DEG. As productivity 

improvements induced by public low-carbon R&D diffuse globally, higher public R&D 

expenditures have positive economic and employment impacts for EU and non-EU countries. 

Global GDP increase is significantly higher than 2DEG_GRD, as the additional low-carbon 

R&D spending is 10 times higher than 2DEG_GRD. The economic impacts differ across 

countries depending on their low-carbon technology innovation potential. Leading producers 

and exporters of PV (China), wind (Denmark, Germany), biofuels (Brazil, USA) and batteries 

(Japan, Korea) register the largest GDP gains. On the other hand, GDP gains are low in 

                                                 
71 Note that most of low-carbon R&D is directed to wind turbine manufacturing as technology shares in 

R&D investment are determined by their shares in 2015 global low-carbon market. 



 

 

countries with limited innovation dynamics and low clean energy manufacturing base (as 

observed in the related deliverable, MONROE D6.4.1). 

To explore the uncertainty surrounding R&D learning rates, the variant 2DEG_GRDH 

is developed where the learning rates of public low-carbon R&D are assumed to be the same 

as private R&D (Table 2). This variant shows larger macro-economic benefits, with global 

GDP increasing by 0.3% relative to 2DEG, with even higher growth in large low-carbon 

technology manufacturers (Denmark, China, Germany, Brazil, Japan etc.). The uncertainty 

regarding the link between R&D expenditures and cost reduction is more relevant to new, 

currently immature technologies like batteries. (Paroussos et al, 2017) implemented a full-scale 

sensitivity analysis to quantify the macro-economic impacts of uncertain low-carbon R&D 

learning rates. 
 

Figure 7: GDP Changes in 2DEG_GRDW in 2050 (% difference from 2DEG) 

 

 

 

5.4.3 Impacts of private low-carbon R&D 

   
Several low-carbon technologies do not have global system boundaries, as e.g. the 

learning system of photovoltaics is national or regional with spillovers across regions 

(Schaeffer et al., 2004), while wind turbines were analysed both at the national and global basis 

(Junginger et al., 2005). Wene (2008) argues that public and private R&D have different 

objectives, as the former focuses on basic higher-risk research and novel low-carbon 

technologies with uncertain market value. Private R&D focuses is commonly directed to 

mature technologies with limited risk and high market value. As government and private R&D 

have different nature and impacts on technology costs and performance (Wene, 2008), our 

analysis differentiates between public and private low-carbon R&D. 

Private R&D expenditure can increase knowledge stocks and is linked with positive 

externalities of technological progress. To construct the private R&D stock for low-carbon 

technologies, we combine R&D data from (UN and Bloomberg, 2017) with estimates on the 

share of corporate to government R&D by technology for major economies. For China, 



 

 

(Kuriakose et al, 2015) estimates on private low-carbon R&D are used, which match well with 

(UN, BNEF, 2017) estimates.  Based on these sources, the private R&D stock for low-carbon 

technologies is constructed following (Bointner et al, 2016) considering R&D depreciation 

over time. In China low-carbon R&D is largely based on government spending, while Japan 

and Korean R&D efforts are driven by the private sector; in the EU and USA, private and 

public low-carbon R&D expenditures are comparable.  

In the 2DEG_PRD scenario, it is assumed that 10% of EU carbon revenues are directed 

to private low-carbon R&D (in the form of subsidies), triggering increased innovation and 

learning in low-carbon technologies. The R&D split across technologies is determined by their 

shares in global clean energy market in 2015. The private EU low-carbon R&D stock increases 

significantly, triggering significant cost reductions of 26% for wind, 20% for PV and 43% for 

batteries in 2050 (average of EU countries) relative to 2DEG scenario. The private low-carbon 

R&D expenditures lead to TFP growth in the country and industry performing the R&D, while 

non-EU countries benefit indirectly through bilateral trade and spillovers with partial 

knowledge diffusion to other countries, reflecting Intellectual Property Protection, obstacles 

for knowledge diffusion and costly replication of patents. In GEM-E3-FIT, countries with low 

knowledge stock cannot fully exploit innovation-induced productivity gains due to limitations 

in human capital, infrastructure, institutions, regulation, industrial and innovation base 

(Paroussos et al, 2019); countries benefit from increased R&D spending only when their R&D 

stock increases beyond a certain threshold (set at 10% of the 2015 global low-carbon R&D 

stock).  

R&D expenditures reduce the costs of low-carbon technologies. As resources are 

limited in the general equilibrium framework, additional R&D can exert a crowding out effect 

on investment in other sectors, but only temporarily, because productivity gains induced by 

R&D enlarge the market prospects with higher investment in long-term. Thus, private R&D 

expenditures may induce positive economic growth with EU GDP increasing by 0.9% in 2050 

compared to 2DEG scenario. The positive impact is higher relative to public R&D scenario 

(2DEG_GRD) indicating the higher efficiency of corporate R&D, which is closer to industrial 

activities that can benefit directly from innovation activities in contrast to public R&D activities 

that commonly focus on basic research and immature, highly uncertain technologies, as argued 

in (Reinaud et al, 2016). Major EU manufacturers of low-carbon technologies (Germany, 

Spain, Denmark) register higher GDP gains relative to EU average, as they benefit from their 

competitive advantage and increase their production and exports. High GDP gains are also 

projected in countries with large amounts of carbon revenues as a percentage of GDP, i.e. 

Poland, Hungary, Spain, as they benefit from higher investment in private low-carbon R&D 

and overtake the “efficiency” threshold of private R&D. In contrast, impacts are smaller in 

countries where increased low-carbon R&D does not suffice to reach the “efficiency threshold” 

and thus they fail to benefit massively from low-carbon innovation.  

 
Figure 8: GDP Changes in 2DEG_PRD in 2050 (% difference from 2DEG) 



 

 

 

Higher private low-carbon R&D expenditures improve the competitiveness of EU 

manufacturers in international markets, reflecting (Lebedeva et al, JRC 2016) that “To become 

competitive, consolidated R&I action at a European level is required in the short term to secure 

Europe's strong industrial position in clean energy manufacturing in the future”. Based on 

technology assessment (CEMAC, 2016), the EU produces PV and batteries at a cost 30% 

higher relative to the main supplier (China). Increased private R&D can eliminate the price 

gap, as EU technology production costs decline induced by R&D expenditure, and leading EU 

manufacturers achieve price-parity with global main suppliers by 2040 (Figure 8). 

 

Figure 9: EU R&D expenditure in PV (bn EUR) and development of PV costs (EUR/kW) 

 

 

Increased low-carbon R&D reduces costs for EU manufacturers, leading to an increase 

in EU share in global low-carbon production from 15% in 2DEG to 25% 2DEG_PRD ( 

 

 

Figure 10), provided that knowledge advantage gained from low-carbon R&D is not 

quickly diffused to foreign competitors. Leading European manufacturers would enhance their 

competitive advantage in wind turbine and EV manufacturing, while R&D expenditure 



 

 

directed to batteries and PV would significantly reduce EU production costs allowing EU 

producers become competitive in global markets and achieve price-parity with their main 

competitors (China, Japan, Korea) by 2050. The development of a competitive battery and PV 

manufacturing capacity boosts domestic activity through growth of industrial activities, 

increased employment and positive impacts on household income.   

 
 

Figure 10: EU share in global low-carbon market (cumulative over 2015-2050) 

 

 

5.4.4 Upgrade of Human Capital 

Energy system decarbonisation leads to structural changes in the economy and labour 

market, requiring a different set of skills relative to conventional technologies (Fragkos, 

Paroussos, 2018). The enhanced labour skills can be provided either by higher attainment in 

tertiary education (e.g. advanced skills for high-tech manufacturing activities), public training 

programmes (aiming to develop new skills required by the market) and private on-job training 

inducing higher labour productivity (Canton, 2007). The 2DEG_SK scenario assumes that 10% 

of ETS revenues are used to subsidise high-skilled jobs required for the low-carbon economy, 

with half of them directed to firms to reduce social security contributions for highly-skilled 

jobs, and the other half subsidising the wage of highly-skilled labour, i.e. those completed 

tertiary education. This makes it attractive for young age cohorts to attain tertiary education 

and develop skills required for the transition, i.e. engineers, IT, technicians, STEM skills, 

managers (Fragkiadakis et al, 2019); thus inducing an upgrade in human capital and increased 

productivity of workforce entering the labour market. 

In GEM-E3-FIT modelling, the wage rate is higher for high-skilled relative to low-

skilled labour reflecting their higher labour productivity. The subsidisation of high-skilled 

workers incentivises firms to employ high-skilled workforce through the reduction of social 

security contributions. Households are incentivised to attain tertiary education with the 

prospect of increased wage in the future (i.e. for engineering or IT jobs) due to the subsidisation 

of wages of high-skilled labour.  

In the short-term, as younger cohorts increasingly decide to attain tertiary education and 

delay entering the labour market, labour supply declines inducing small negative impacts on 

EU GDP. However, in the longer-term, EU GDP would increase by 0.1% relative to 2DEG 

induced by higher employment (+0.16% in 2050), increased labour productivity and higher 

wage rate (+0.15% in 2050), which result in increased private consumption of households 



 

 

(+0.22% in 2050). The improved matching of labour demand and supply leads to reduced EU 

unemployment rate from 7.4% in 2DEG to 7.2% in 2DEG_SK in 2050. The differentiation of 

impacts across countries largely reflects the amount of carbon revenues as share of GDP used 

to subsidise highly-skilled labour. 

The 2DEG_SK scenario leads to a 0.5% increase in highly-skilled jobs relative to 2DEG 

in 2050. Impacts on other labour skills are relatively limited, driven by indirect mechanisms: 

increased GDP –through higher labour productivity- would positively impact labour demand 

for all skills (as positive effects cascade in all productive sectors); however, firms have 

incentives to choose high-skilled employees that offer higher productivity and can take 

advantage of the subsidisation. As an increasing number of young cohorts chooses to attain 

tertiary education, the supply of low-skilled labour declines exerting a limited downward 

pressure on their employment. 

 
Figure 11: EU employment impacts by skill of 2DEG_SK scenario (% changes from 2DEG) 

 

 

 

5.4.5 The Combined Policy Scenario 

The “2DEG_COMB” scenario simulates the impacts of a policy package to facilitate 

clean energy transition, combining low-carbon innovation and development of the required 

skills. It aims to boost low-carbon R&I with an ambitious allocation of resources, as 20% of 

ETS carbon revenues are used to finance public and private low-carbon R&D, while an 

additional 10% is used to subsidise the wages and social security contributions of highly-skilled 

labour required for the transition. The interactions and synergies between policies promoting 

public and private low-carbon R&D and labour skills are explored through a combination of 

increased expenditure for low-carbon R&D and human capital upgrade. 

The “2DEG_COMB” scenario has positive macro-economic impacts driven by: 1) high 

productivity improvements and cost reductions in low-carbon technologies and 2) higher 

labour productivity, as a higher percentage of the workforce would attain tertiary education 

and develop advanced skills. The European GDP would increase by 1.1% relative to 2DEG in 

2050, triggered by impacts from increased public (0.08%) and private low-carbon R&D (0.9%) 

and human capital upgrade (0.11%). The positive socio-economic impacts of “2DEG_COMB” 

are higher in the longer term with EU GDP gains increasing from 24 bn EUR in 2030 to 311 

bn EUR in 2050 (Figure 12). This is driven by the increasing amounts of ETS revenues directed 

to low-carbon R&D combined with the accumulated effect of innovation and human capital 



 

 

policies on productivity growth. The major driver of GDP growth is the increase of low-carbon 

technology exports triggered by improved EU competitiveness in international markets, while 

investment and consumption also contribute to EU GDP increase. The results of our analysis 

confirm prior research on the benefits of endogenous technical change, as (Edenhofer et al, 

2006) used 10 energy-economy models and showed that low-carbon technology improvements 

result in a significant reduction of mitigation costs. 

 
Figure 12: Changes in GDP components in 2DEG_COMB relative to 2DEG 

 

The macro-economic impacts of the Combined Policy scenario are significant in countries 

with: 

• Large low-carbon manufacturing base (Germany, Denmark, Spain) as they benefit 

from higher low-carbon R&D to enhance their competitive advantage and technology 

exports.  

• High amounts of carbon revenues as a percentage of GDP, i.e. Poland, Hungary, 

Spain, that benefit through higher low-carbon R&D leading to higher gains in 

innovation-induced productivity growth 

 

The impacts are smaller in magnitude in EU countries with limited low-carbon 

innovation base, as they do not massively benefit from low-carbon innovation72 and receive 

limited knowledge spillovers. Using ETS revenues to finance low-carbon R&D has positive 

impacts for EU GDP growth as R&D expenditure induces productivity improvements through 

innovation, with positive modest impacts on employment triggered by improved industrial 

competitiveness (Figure 12). In case that the policy focus lies on job creation, carbon revenues 

should be directed towards subsidization of skills required for the transition (engineers, IT, 

technicians, managers). Private low-carbon R&D induces higher productivity and economic 

growth than public R&D (as industrial activities directly benefit from corporate innovation) 

with EU-based companies improving their competitiveness and increasing low-carbon 

technology exports. The Combined Policy scenario leads to an even higher GDP growth as a 

larger part of ETS carbon revenues are directed towards low-carbon R&D and human capital 

                                                 
72 They do not reach the “efficiency threshold” imposed for low-carbon innovation. 



 

 

upgrade. GDP growth is mostly driven by increased low-carbon technology exports triggered 

by improved EU competitiveness in international markets. 
Figure 13: GDP and Employment impacts of policy scenarios (% difference from 2DEG in 2050) 

 

 

5.5 Discussion and Conclusions 

The EU strategy calls for increased R&I investment in an effort to deliver stronger and 

inclusive growth, create more and better jobs and promote social and environmental objectives. 

The ambitious EU emission reduction targets included in the EU Green Deal would drive a 

massive uptake of low-carbon technologies. In this context, the EU can exploit its large R&I 

and manufacturing base to further innovate and develop these technologies domestically 

creating new jobs and growth. The study investigates the socio-economic impacts of increased 

public and private R&D in low-carbon technologies and assesses its contribution towards a 

cost efficient low-emission transition while enhancing the EU competitiveness in global 

markets. 

 

Using the state-of-the-art multi-sectoral CGE model GEM-E3-FIT enhanced with a 

novel representation of learning and innovation dynamics, we find that extensive R&I is 

required to support private firms in low-carbon technology innovation and manufacturing and 

in the development of domestic value chains, if the EU wants to be a competitive technology 

supplier. The policy scenarios examine different ways to support EU low-carbon innovation 

using a part of ETS carbon revenues, e.g. increased public R&D, subsidies to support private 

R&D or subsidisation to develop labour skills required for the transition. The complex 

interactions between energy system decarbonisation, technology development and low-carbon 

R&D are analysed, in the ambitious climate policy context consistent with Paris Agreement 

goals. Based on the general equilibrium framework, all scenarios ensure public budget 

neutrality where government expenditures need always to be backed up by the generation of 

respective revenues. Model results thus show the impact of specific policies leading to a 

reallocation of resources and innovation-induced productivity growth, rather than just the 

impact of additional spending on R&D or on education.  

 



 

 

The decarbonisation of the energy system is based on large-scale uptake of renewable 

energy, improved energy efficiency and accelerated electrification of energy services. 

Ambitious climate policies induce a transition towards a more capital-intensive economic 

structure, while carbon prices increase the cost of energy services throughout the economy with 

negative impacts on GDP and consumption. The low-emission transition results in increased 

development of low-carbon technologies that substitute for fossil fuel use in energy demand 

and supply, leading to a large-scale growth of the global low-carbon market amounting to €39 

trillion cumulatively by 2050, dominated by EVs, solar PV, wind and batteries. Empirical 

scientific findings show that R&D expenditure can reduce the costs of low-carbon 

technologies, a mechanism that is incorporated in GEM-E3-FIT. So, what is the impact of 

policies using carbon revenues to enhance low-carbon R&D and develop the required labour 

skills? 

 

The analysis shows that increased public and private EU investment in low-carbon 

R&D (funded by carbon revenues) leads to lower technology costs, improved productivity and 

GDP growth fuelled by innovation and increased EU competitiveness and exports in the 

international market. The public R&D scenario shows macro-economic benefits for all 

countries as productivity improvements are diffused worldwide but the highest GDP gains are 

registered in large low-carbon manufacturers, as they exploit their competitive advantage in a 

large-growing market; these include Denmark and Germany (wind turbines), China (PV), 

Japan (batteries) and Brazil (biofuels). In case all countries use 10% of their carbon revenues 

to finance low-carbon R&D, the technology cost reductions will be significant resulting in large 

GDP gains (0.2% at the global level in 2050). As resources are limited in the general 

equilibrium framework, additional low-carbon R&D can crowd-out investment in other 

sectors, but only temporarily, because innovation-induced productivity gains enlarge market 

prospects, leading to more efficient use of economic resources triggering accelerated activity 

growth in the medium and longer term. 

 

The different nature of private R&D is reflected in the policy scenarios. Private R&D 

investment leads to improved productivity in the country and industry performing R&D, while 

other countries benefit indirectly through bilateral trade and knowledge spillovers but with 

limitations in knowledge diffusion. At the EU level, GDP gains are higher relative to public 

R&D, indicating the higher efficiency of corporate R&D that is closer to industrial activities, 

while public R&D commonly focuses on basic research and immature highly uncertain 

technologies. Major EU low-carbon manufacturers (Germany, Spain, Denmark) register even 

higher GDP gains, as they benefit from their competitive advantage and increase technology 

exports. In addition, countries with large amounts of carbon revenues as a percentage of GDP 

benefit from higher private R&D investment and overtake the innovation efficiency threshold. 

In contrast, impacts are smaller in countries with limited innovation and low-carbon 

manufacturing base that fail to massively benefit from low-carbon R&D and their 

competitiveness vis-à-vis other EU countries worsens. The model-based results show that the 

EU should increase expenditure for private low-carbon R&D relative to its major competitors, 

in order to boost activity growth, create more and high-quality jobs and expand its first mover 

advantage in low-carbon manufacturing exploiting new market opportunities with high export 

potential. 

The low-carbon transition leads to structural economic and labour market changes and 

requires different labour skills relative to conventional technologies. In case that carbon 

revenues are used to subsidise high-skilled jobs required for the transition (e.g. engineers, IT, 

STEM skills, managers, technicians), the mismatch between labour demand and supply is 

reduced leading to human capital upgrade and increased productivity of the workforce. The 



 

 

subsidisation of high-skilled jobs leads to increased attainment in tertiary education, so that 

younger cohorts delay entering the labour market with slightly negative short-term GDP 

impacts. However, increased labour productivity and household income boost long-term GDP 

and employment. 

 

These findings can provide robust evidence to policy makers, especially related to 

potential allocation of carbon revenues in the decarbonisation context. Using ETS revenues to 

subsidise public or private low-carbon R&D will reduce technology costs and improve 

productivity leading to increased EU competitiveness and GDP. If the policy focus lies on the 

creation of jobs, carbon revenues can be directed towards subsidisation of high-skilled labour 

required for the low-carbon transition. A holistic strategy aiming to boost low-carbon R&D 

and develop the required skills can fully alleviate the cost burden of decarbonisation for the 

European economy and create more and better jobs, especially in transition-related sectors. 

Investment and consumption contribute to GDP growth, but the major driver is the increase in 

low-carbon technology exports triggered by the improved EU competitiveness in international 

markets. Therefore, innovation-related policies –including deployment– should be integrated 

in climate policy impact assessments, as they can provide socio-economic co-benefits, while 

ensuring the cost-efficient transition to a low-carbon economy. 

 

The analysis estimates the potential socio-economic and trade impacts of supporting 

low-carbon R&I to facilitate EU decarbonisation. The EU currently has a small share in PV 

and battery value chain and thus large support to low-carbon R&D is required to assure the 

competitiveness of EU-produced low-carbon products. The relocation of low-carbon 

manufacturing to the EU brings benefits in the form of reduced imports of PV and batteries 

and lower dependence on non-EU manufacturers. The implementation of well-planned 

innovation and education policies targeting low-carbon manufacturing would lead to enhanced 

development of low-cost clean energy manufacturing capability in the EU boosting domestic 

activity through increased production of low-carbon technologies, higher employment and the 

associated impact on household income. The study informs policy makers on the need for a 

technology-smart policy strategy, integrating a portfolio of measures facilitating private low-

carbon R&D (to boost domestic activity), public R&D (to enhance research for currently 

immature clean technologies) and labour market policies (to ensure increased employment, 

labour productivity and development of the required skills). The incentivization of R&D 

directed to companies along the supply chain of low-carbon options is crucial to ensure that 

EU-based manufacturing becomes competitive in international markets. A clear, consistent and 

ambitious strategy for the development of low-carbon technologies is needed to create an 

attractive European market and provide well-anticipated price signals and planning security to 

European investors, industries and innovators (Fragkiadakis et al, 2020). This strategy should 

integrate both demand (i.e., though ambitious climate policies, carbon pricing, emission 

standards, subsidies or mandates) and manufacturing aspects—largely focused on R&D and 

human capital upgrade—for the low-carbon market. 

 

There is no doubt that despite the significant methodological improvements presented 

above, this kind of modelling has limitations and requires additional research. The modelling 

results greatly depend on the trade and price elasticities and learning rates used in the model. 

The study has benefited from the most recent estimates on elasticities and technology learning 

rates available in the literature but future research can develop a sensitivity analysis around the 

core model parameters specified by country and sector. Further research is also required on the 

distinction between public and private R&D, as empirical literature provides evidence on their 

different nature, but stronger empirical foundation is needed.  
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Status of the study: The study has been published as an OFCE working paper. It will 

also be submitted to a scientific journal in the next months. 

Dussaux, D., Vona, F., Dechezlepretre A., 2020. ‘Carbon Offshoring: Firm-Level 

Evidence,’ OFCE working paper 23/2020, close to submission. link to paper: 

https://www.ofce.sciences-po.fr/pdf/dtravail/OFCEWP2020-23.pdf   

Abstract:  

Concerns about carbon offshoring, namely the relocation of dirty tasks abroad, 

undermine the efficiency of domestic carbon mitigation policies and might prevent 

governments from adopting more ambitious climate policies. This paper is the first to analyse 

the extent and determinants of carbon offshoring at the firm level. We combine information on 

carbon emissions, imports, imported emissions and environmental policy stringency based on 

a unique dataset of 5,000 French manufacturing firms observed from 1997 to 2014. We 

estimate the impact of imported emissions on firm’s domestic emissions and emission intensity 

using a shift-share instrumental variable strategy. We do not find compelling evidence of an 

impact of carbon offshoring on total emissions, but show that emission efficiency improves in 

companies offshoring emissions abroad, suggesting that offshored emissions are compensated 

by an increase in production scale. The effect is economically meaningful with a 10% increase 

in carbon offshoring causing a 4% decline in emission intensity. However, this effect is twice 

as small as that of domestic energy prices and, importantly, does not appear to be driven by a 

pollution haven motive.  

 

Keywords: carbon offshoring, CO2 emissions, emissions intensity, import 

competition, energy prices 

 

JEL: F18; F14; Q56 

6.1 Introduction 

Climate change represents a global threat that will affect all regions in the world, and 

with the 2015 Paris Agreement, countries have agreed on the ambitious global target of limiting 

the global temperature increase to well below 2°C above pre-industrial levels. However, the 

level of ambition to reduce carbon emissions differs markedly across countries, as illustrated 

by the vast heterogeneity in Nationally Determined Contributions (Stephenson et al., 2019). In 

this interconnected but warming world, divergent ambitions on climate policies raise the 

concern that the introduction of ambitious policies in some countries or regions simply leads 

to a shift in emissions to less ambitious countries, following the so-called Pollution Haven 

Hypothesis (Taylor, 2004; Levinson and Taylor, 2008). The potential for carbon leakage can 

undermine the effectiveness of climate policies at reducing global greenhouse gas (GHG) 

emissions (Reguant and Fowlie, 2018) and has led the European Union to propose the 

introduction of a “Carbon Adjustment Mechanism” at the Union’s borders by 202173.  

Concerns over carbon leakage are motivated by the observation that the carbon intensity 

gap between high income and low and middle income countries has increased by 19% since 

                                                 
73 At the time of writing, the proposal for a Carbon Border Adjustment Mechanism (CBAM) in 2021 is 

being discussed in the European Commission’s Inception Impact Assessment (European Commission, 2020). 



 

 

1990 (World Bank, World Development Indicators).  Yet, while the relocation of dirty 

production from high income to low income countries may well have contributed to the clean-

up of production in developed countries, a competing explanation is that environmental policies 

triggered energy-saving technological change and associated reductions in the emission 

intensity of output (Levinson, 2009; Shapiro and Walker, 201774).  Empirical evidence using 

sector and country-level data lends strong support for this technological change explanation. 

Various decomposition methods indicate that the contribution of the so-called within-sector 

“technique” effect is significantly larger than that of between-sector “compositional” effect 

induced by international trade (e.g., Levinson, 2009; Cole and Elliott, 2013; Brunel, 2017; 

Shapiro and Walker, 2018).  

However, this result has been challenged by two pioneering works examining the 

impact of trade liberalization on emissions at the firm level (Li and Zhou, 2017; Cherniwchan, 

2017). These studies reveal that the technique effect conflates true technological improvements 

with the offshoring of  dirty tasks75 within narrowly defined production lines. While these new 

findings are thought-provoking, firm-level evidence on pollution offshoring is still scant, 

confined to the US and local pollutants.  Moreover, due to data limitations on firm-level 

exposure to both import competition and domestic environmental policies, a comprehensive 

understanding of the underlined mechanisms remains so far limited.  

Our paper provides new evidence to this debate by examining a global pollutant, CO2, 

and a different country, France, over a longer time period of almost two decades, 1997-2014. 

To the best of our knowledge, we are the first to combine information on emissions, imports, 

imported emissions and environmental policy stringency, all at the firm-level. The unique 

features of our data allow making substantial steps forward in understanding how companies’ 

environmental performance responds to both trade liberalizations and changes in 

environmental policy stringency.  

One of the main contribution of our paper is to build a novel firm-level measure of 

imported emissions and decomposing its evolution into a technique (of the foreign countries), 

a composition, an intensive and an extensive (entry and exit) scale effect. We obtain our 

measure of imported emissions by weighting firm-level imports using data on the carbon 

intensity (direct and indirect) of each sector-country pair obtained from the combination of 

International Energy Agency (IEA) and the World Input-Output Database (WIOD) data. An 

advantage of our firm-level measure of imported emissions is that it can be easily extended to 

other firm-level datasets as it relies on publicly available data. Weighting imports by foreign 

emission intensity allow us to capture the environmentally-related motive of industrial 

relocation towards emerging economies and to go beyond Li and Zhou (2017) and 

Cherniwchan (2017), who focus on import volume from less developed countries, assuming 

that they have less stringent regulations than the US (e.g., Ederington et al., 2005),. By contrast, 

we directly measure actual differences in carbon intensity between sourcing countries. The idea 

is that companies already importing polluting goods from abroad may respond to an increase 

in environmental policy stringency through a further offshoring of dirty tasks that is not equally 

distributed across sourcing countries.  

The subsequent step consists in correlating imported emissions with firm’s domestic 

emissions and emission intensity, which are obtained from confidential data on the energy use 

and expenditures of French manufacturing establishments. To inspect the mechanisms behind 

                                                 
74 In addition, international trade may magnify efficiency gains by increasing both income in developing 

countries (and thus demand for environmental policies; Copeland and Taylor, 1994; Antweiler et al., 2001) and 
competition (and thus innovation; Aghion et al., 2018). This could explain why the carbon intensity of production 
has also exhibited a marked downward trend in developing countries since 1990. 

75 In this paper, we use carbon, dirty or brown tasks offshoring interchangeably to refer to the relocation 
of dirty segments of production abroad. 



 

 

the expected negative correlation between imported emissions and emission intensity, we 

perform two types of econometric analyses. First, similar to Li and Zhou (2017) and 

Cherniwchan (2017), we isolate the exogenous component of import competition shocks using 

a shift-share instrumental variable strategy (Bartik, 1991; Autor et al., 2013; Hummels et al., 

2014). The idea of this instrumental variable strategy is to isolate the part of trade shocks that 

is supply-driven, i.e. driven by policy reforms occurring elsewhere than in France. In doing so, 

our preferred instrument reweighs global supply shocks outside France and its EU 

neighbouring countries (“the shift”) using the pre-sample product mix of the firm multiplied 

by a proxy of the emission intensity of the product (“the share”). An advantage of our 

measurement framework is that we can compare the effect on emissions of total imports—as 

in Li and Zhou, 2017 and Cherniwchan (2017)–with that of imported emissions, by giving 

more weight to polluting products.  

A second and novel contribution of this paper is to jointly examine the impacts of 

environmental policies and imported emissions on emissions intensity. Following previous 

research (Aldy and Pizer, 2015; Marin and Vona, 2017; Sato et al., 2019; Dussaux, 2020), we 

use the firm-level average unit energy cost as a proxy of environmental policy stringency. We 

address the endogeneity of firm-level energy cost by means of a similar and widely used shift-

share instrument (see section 4.4). The introduction of a firm-level measure of policy is not 

only critical to assess energy price impacts on imported emissions, and thus the pollution haven 

hypothesis from a new angle, but also to test the relative incidence of the two main drivers of 

emission intensity improvements. Conditional on the impact of imported emissions, we 

interpret the direct effect of energy prices on emission intensity as a proxy of technology-

inducement, thus revealing the relative importance of the trade and technology drivers (see 

Shapiro and Walker, 2017 for a similar argument). 

Our analysis provides the following set of results. First, we document a significant 

increase of the carbon emissions embedded in imports of French manufacturing companies 

over the period 1997-2014. A change in the composition of imports, namely a shift towards 

more carbon-intensive products and countries, explains the bulk of this increase together with 

the entry of new firms into the import market.  

Second, we find that a substantial impact of carbon offshoring on emission efficiency: 

a 10% increase in imported emissions leads to a decrease in emission intensity (emissions over 

turnover) of approximately 4%. Importantly, we find that import values and imported 

emissions have a similar effect on firms’ emission intensity. Therefore, the carbon offshoring 

effect appears to be primarily the by-product of offshoring driven by other motives rather than 

the consequence of a pollution haven effect. Moreover, such effect partly captures efficiency 

improvement related to exporting rather than to the offshoring of dirty tasks. Overall, we cannot 

ascribe the carbon offshoring effect to firms’ opportunistic behaviours to escape stringent 

environmental policies. 

Third, we do not find compelling evidence of an impact of carbon offshoring on total 

emissions at the firm level. This result suggest that offshored emissions are compensated by an 

increase in production scale since emission efficiency improves in companies offshoring 

emissions abroad. 

Fourth, the effect of carbon offshoring does not overlap with (and is not driven by) the 

effect of energy prices on emissions. Holding everything else equal, firms paying higher energy 

prices do not offshore emissions more than otherwise similar firms. In turn, the elasticity of 

energy price on emission intensity improvements is almost twice as large than that of carbon 

offshoring. However, since the historical growth rate of energy prices is twice as large that of 

imported emissions, the average emission intensity would have been 167% higher if energy 

price did not change between 2000 and 2014 and 43% higher if carbon offshoring did not 

change between 2000 and 2014.  



 

 

This paper contributes to the empirical literature on the impact of environmental 

policies on carbon leakage. Exploiting trade flows at the sector- country level, Aichele and 

Felbermayr (2015) document a substantial increase in the carbon content of trade between 

countries committed and uncommitted to the Kyoto protocol (+8%). Aldy and Pizer (2018) 

focus on energy prices in the US manufacturing sector and find a modest negative effect on 

trade flows, which is concentrated in energy-intensive industries. Saussay and Sato (2018) 

show that differences in energy prices affect FDI location decisions of multinational 

companies, but the effect is rather small, while Cole et al. (2014) find a larger effect of a self-

reported measure of environmental regulation on the probability of outsourcing of Japanese 

companies. Our paper also relates to Ben-David et al. (2018) who find that public companies 

facing more stringent environmental regulation in their headquarter country reduce their 

domestic emissions while increasing their foreign emissions. Their paper differs from ours in 

several dimensions. First, they focus on 4,500 large public companies based in 48 countries 

while our sample is composed of 5,000 small, medium, and large French manufacturing firms. 

Second, they use self-reported carbon emissions data whereas we directly measure carbon 

emissions imbedded in the firms’ import. Third, we address the endogeneity of environmental 

regulation using an instrumental variable strategy. 

In contrast with these papers which suggest the existence of carbon leakage, two recent 

studies find no effect of the EU-ETS on the carbon content of trade flows (Naegele and Zaklan, 

2019) and on carbon leakage within multinational companies having a foreign affiliate outside 

Europe (Dechezleprêtre et al., 201976).  A plausible explanation for this discrepancy is the well-

known lack of stringency of the EU-ETS, which justifies the focus on energy prices here. We 

add to this literature by assessing the effect of energy prices on imported emissions, thus 

looking at the intensive margin shift of polluting activities within a company, using a larger 

sample of firms and a longer time span.  

The reminder of the paper is organized as follows. Section 3 briefly outlines the 

conceptual framework. Section 3 presents the data, measurement and descriptive statistics. 

Section 4 presents the empirical strategy used to identify both price and import effects. Section 

5 contains the main results of the paper. Section 6 concludes.   

6.2 Conceptual Framework 

Our empirical framework is motivated by a theoretical extension of the pollution haven 

hypothesis, known as pollution offshoring, which applies the concept of comparative 

advantages to product-level value chains (for a review, see Cole et al., 2017).  

Cherniwchan et al. (2017) formally define pollution offshoring using the task-based 

approach to production. In this approach, output is produced by a set of related tasks, while 

production factors (i.e. energy, labour, etc.) compete to perform each task. A dirty task is a task 

where polluting inputs have a comparative advantage77. Just like every task, a dirty task can be 

done within a company or be outsourced to other companies, either abroad or at home, 

depending on the relative cost of dirty inputs. Since the cost of dirty inputs is also related to 

the stringency of environmental policies, which are country-specific, offshoring dirty tasks 

abroad may occur to escape an increase in environmental policy stringency at home.  

                                                 
76 Two related papers using firm-level data find that the EU-ETS increased outward FDI in Italy (Borghesi 

et al., forthcoming) and Germany (Koch and Basse Mama, 2019). However, they do not directly focus on the 
pollution leakage effect of the EU-ETS 

77 The task model of comparative advantage simplifies the analysis by assuming that each task is 
produced using one input only (e.g., Grossman and Rossi-Hansberg, 2008; Acemoglu and Autor, 2011). 
Complementarity and substitutability among tasks (and thus production factors) take place at the level of task 
production function. 



 

 

Overall, the task approach highlights two channels through which a unilateral increase 

in environmental policy stringency can affect firms’ emission intensity: i) by relocating dirty 

tasks to pollution havens; ii) by reducing or eliminating the use of dirty inputs required to 

perform a single task, i.e. the “pure technique effect”. A key contribution of our paper is to 

empirically assess the importance of these two margins at the firm level.  

Importantly, as highlighted by Antweiler et al. (2001), a dirty task can be relocated 

abroad for other reasons than environmental policies. In particular, dirty tasks may complement 

a task in which cheaper unskilled labour or physical capital provides a comparative advantage.  

Since labour and capital costs are larger than energy costs by an order of magnitude for the 

typical industrial sector, offshoring of dirty tasks may occurs as a by-product of industrial 

relocation driven by differences in the costs of other production factors. In section 5, we extend 

our empirical framework to discriminate between pollution offshoring driven by environmental 

policy stringency and pollution offshoring driven by other factors. 

Finally, the carbon offshoring effect may conflate a technology inducement effect. A 

solid theoretical and empirical literature shows that accessing foreign markets boosts 

technological change and firm’s productivity (e.g., Melitz, 2003; Bustos, 2011; Aghion et al., 

2018). Several recent papers find that this happens also for energy and emission efficiency (e.g. 

Forslid et al., 2017; Barrows and Ollivier, 2018a and 2018b; and Gutiérrez and Teshima, 2018). 

Exporting and multinational firms have generally lower emission intensity than similar firms, 

and thus may respond differently to policy shocks78.  Because importing firms are generally 

also exporting and our data are no exception on this, the export margin of adjustment to 

international competition can contaminate the interpretation of our results as revealing the 

avoidance of environmental regulation in France rather than the effect of trade on innovation. 

In section 5.3, we explore the possibility that the effect of carbon offshoring is driven by a 

positive relationship between exporting and efficiency gains, although, as will be discussed 

there, a clear identification of the two margins remains problematic. 

6.3 Data, Measures and Descriptive Statistics 

This project relies on the combination of several data sources. As in related works on 

the impacts of environmental policies at the firm-level (e.g. Martin et al., 2014), we focus on 

the manufacturing sector, which is both polluting and the most involved in international trade. 

Table 1 summarizes the sources and use of the data in the paper. Further details about the data 

are given in the following sub-sections.  

 

Table 9: Map of Data Sources 
 

Confidential 

data 
Level 

Years 

covered 
Coverage 

Main information as used in 

the paper 

EACEI establishment 1994-2015 
Survey on approx. 10k 

establishment per year 

Domestic CO2 Emission, Energy 

prices 

Custom data  

(données 

Douanes) 

firm 1995-2014 
Universe of importers and 

exporters 
Import values and quantities 

                                                 
78 On the relationship between export status and emission/energy intensity or investment in abatement 

technologies, see Batrakova and Davies (2012), Rodrigue and Soumonni (2014), Girma and Hanley (2015), Forslid 
et al. (2017), Jinji and Sakamoto (2015), Holladay (2016), Cui et al. (2016), Barrows and Ollivier (2018a,b) and 
Gutiérrez and Teshima (2018). Fewer papers studied the environmental performance of multinationals 
compared to domestic firms, e.g. Eskeland and Harrison (2003), Cole et al. (2008), and Brucal et al. (2018).    



 

 

FARE-FICUS firm 1995-2015 Universe of companies Turnover and Value Added 

DADS establishment 1996-2015 
Universe of 

establishments 

Use employment weight to identify 

the companies with high employment 

coverage in EACEI (>90%) 

Public 

Available 
Level 

Years 

covered 
Coverage 

Main information as used in 

the paper 

WIOD (release 

2013 and 

2016) 

sector-by-

country 
1995-2016 

14 manufacturing sectors, 

40 countries (OECD plus 

BRICS) 

Turnover and input-output data to 

computed indirect emissions 

IEA emission 

data 
sector-by-

country 
1994-2017 

14 manufacturing sectors, 

281 countries 
Emissions of foreign countries 

Sato (2014) product time invariant 
4-digit products, SITC 

classification 

Carbon content of product, definition 

of dirty products 

Notes: access to confidential data through the French Secure Data Access Center (CASD). Detailed administrative procedures 

for accessing the data are available in the website: https://www.casd.eu/en/. Sato (2014) data are available upon request by 

the author. 

 

6.3.1 Data and Measures 

Domestic Emissions and Energy Prices. Domestic emissions and energy prices are 

obtained from the Enquête Annuelle sur la Consommation d’Énergie dans l’Industrie (EACEI) 

conducted by the French statistical office (INSEE). EACEI collects data on consumption of 

electricity, natural gas, coal, oil, and other fuels (12 energy sources in total) for manufacturing 

establishments. As in similar plant-level surveys, sampling probabilities depend on size. All 

plants having at least 250 employees are included in EACEI, while plants with more than 20 

employees are sampled through a two-level stratification procedure based on employment class 

and location. The response rate is very high: for example, 90% of the plants surveyed responded 

to the 2014 wave. To compute plant-level CO2 emissions from fuel combustion, we follow the 

common practice of multiplying CO2 emission factors from the French Environment and 

Energy Management Agency (Ademe) for each different fuel source available in EACEI 

(Marin and Vona, 2017; Forslid et al., 2018; Barrows and Ollivier, 2018; Dussaux, 2020).  

The EACEI survey allows to retrieve the average unit energy cost, which is equals to 

the ratio between energy expenditure and energy consumption in toe. Following previous 

works (e.g., Davis et al., 2014; Aldy and Pizer, 2015), we refer to the average unit energy cost 

as energy price and we use it as a proxy of environmental policy stringency.  

The main dependent variables used in this paper are CO2 emissions (in tons) and 

emissions intensity. The latter is computed as emissions per unit of output, which has been 

deflated using sectoral deflators provided by the INSEE. We also checked the robustness of 

our results to the use of Value Added to rescale emissions, as it is not clear which measure is 

theoretically better. 

 

Imports and Imported Emissions. We use data on imports by product and destination 

from custom offices (so-called Données Douanes). Import data are available at the firm level, 

so we aggregate the plant-level EACEI data at the firm level to analyze the relationship between 

https://www.casd.eu/en/


 

 

trade liberalization and emissions at the level of aggregation where trade shocks occur. 

Previous studies perform plant-level regressions, but they measure imports at a more 

aggregated level, i.e. either sector (Cherniwchan, 2017) or firm (Li and Zhou, 2017). An 

advantage of our study is that we observe both the dependent and the main variable of interest 

at the same level of aggregation, thus reducing possible measurement error.  

Practically, to aggregate EACEI data at the company level, we need to retain only those 

companies whose establishments are fully (or almost fully) covered in EACEI. To do this, we 

compute the proportion of each firm’s employees working at all of the firm’s establishments 

observed in the survey, using the Déclaration annuelle des données sociales (DADS), a 

database containing information on employment-related variables for the universe of French 

establishments. As a threshold for inclusion in our baseline estimation sample, we keep firms 

with a share of employment covered in EACEI of 90% or more and impute carbon emission 

proportionally79.   

To calculate imported carbon emissions, we combine confidential custom office data 

with data on foreign emission intensity at the country-sector level computed using emissions 

data from the International Energy Agency (IEA) and real output data from the World Input 

Output Database (WIOD) socio-economic accounts released in 2013 and 2016 (see Table 1). 

We use the 2018 edition of the IEA CO2 emissions from fuel combustion database to compute 

emission intensities by country, sector and year. The IEA database covers annual data for 143 

countries, 12 industrial sectors for more than 40 years (1971-2016)80.  Emissions are calculated 

using the IEA energy database and emission factors similar to those used for domestic 

emissions. The IEA energy database provides emissions for each fuel separately as well as for 

all fuels altogether. The IEA emission data have two key advantages compared to the emission 

data of the WIOD environmental accounts: 1) a greater coverage in terms of countries and 

years as WIOD emissions are available from 1995 to 2009 and only for a limited number of 

countries; 2) a criterion of measuring CO2 emissions that is consistent with that used in the 

EACEI dataset. Indeed, IEA data consider only CO2 emissions from fuel combustion, which 

represent 95% of total CO2 emissions at the world level.  

The imported emissions of firm i are computed as follows: 

 

𝐼𝑚𝑝𝐸𝑖𝑡 = ∑ ∑ 𝑀𝑖𝑗𝑡,𝑘∈𝑠 𝐸𝐼𝑗𝑡,𝑘∈𝑠𝑗𝑘                       (1) 

 

𝐸𝐼𝑗𝑡,𝑘∈𝑠 is the total (direct plus indirect) emissions intensity (i.e. tons of CO2 per unit of 

real output) of product k of sector s in sourcing country j, while 𝑀𝑖𝑗𝑡,𝑘∈𝑠 is the imported quantity 

of firm i of products k of sector s from sourcing country j. Import values are deflated using the 

methodology proposed by Gaulier et al. (2008). Appendix A contains further details on the 

methodology used to deflate output and imports, the crosswalk between IEA and WIOD 

sectoral classifications and the management of missing data and outliers on foreign countries’ 

emissions. 

Two issues are worth discussing at this point. First, direct carbon emissions capture 

only part of the emissions generated to produce a unit of output inside the foreign country. 

Therefore, to compute 𝐸𝐼𝑗𝑠𝑡, we sum emissions directly generated by sector s in country j and 

emissions indirectly generated through the use of intermediate inputs from upstream sectors in 

                                                 
79 For example, if only 92% of a firm’s employment is covered in EACEI, we multiply observed emissions 

by 1/0.92.   
80 Chemical and petrochemical, Food and tobacco, Iron and steel, Machinery, Mining and quarrying, 

Non-ferrous metals, Non-metallic minerals, Non-specified industry, Paper, pulp and printing, Textile and leather, 
Transport equipment, Wood and wood products. 



 

 

country j. We use the World Input Output Tables (WIOD) to allocate emissions to countries 

and production stage81.   

Second, since detailed data on emission intensity at the product-country-year level are 

not available, our working assumption in equation (1) is to assign a uniform level of emissions 

per unit of output to all products k imported from the same sector-destination pair in year t. We 

are aware that this is a limitation of our study in light of what found in the only study with 

product-level emission factors (Barrows and Ollivier, 2018). We relax this assumption using 

an alternative measure of emission intensity, which also exploits time- and country-invariant 

carbon content of products derived from life-cycle assessments (see Sato, 2014). Because 

results barely change when using this measure, further details on how we build it are relegated 

to Appendix A. We decided not to use this corrected measure as the quality of product-level 

data on carbon content are time- and country-invariant and their quality is not certified by 

international organizations. 

A final remark is warranted before turning to the empirical analysis of the relationship 

between carbon offshoring and domestic emissions. We have substantial sample selection 

issues for three reasons (see also Marin and Vona, 2017). First, the information on emissions 

is obtained from the EACEI survey on approximately 10,000 establishments per year. Second, 

only a subset of firms import for at least three years, which, as explained in next section, is the 

minimum required to compute the firm fixed effect and the instrument. Third, imports are 

available at the firm level, thus we also aggregate emissions at this level. In doing so, we lose 

representativeness because we retain firms for which we can observe at least 90% of 

establishments. For instance, firms in our estimation sample cover a modest share of imported 

emissions (approximately 20%) as many importing companies are not surveyed in EACEI. 

6.3.2 Descriptive Evidence 

 

We motivate our research with two pieces of descriptive evidence. First, Table 2 

illustrates a well-known fact: emission intensity in developed countries, in our case France, is 

significantly lower than emission intensity in emerging and developing economies (we choose 

China as an example). The emission efficiency gap is significantly larger for indirect emissions, 

primarily due to the large gap between coal and nuclear power. This suggests an obvious fact 

and a less obvious one. On the one hand, the massive relocation of industrial activities towards 

China and other emerging economies likely contributed to explaining the exponential increase 

in global emissions in last two decades. On the other hand, the gap is large in both energy and 

non-energy intensive sectors such as textile. This suggests that differences in environmental 

regulation, which mostly affects energy-intensive industries, may not be the main factor behind 

the emission intensity gap.  

 

 

 

 

                                                 
81 More specifically, we compute total emission intensity in foreign country as follows: 

𝐸𝐼𝑗𝑠𝑡 =
𝐸𝑗𝑠𝑡

𝑌𝑗𝑠𝑡

=
1

𝑌𝑗𝑠𝑡

(𝐸𝑗𝑠𝑡
𝐷 + 𝐸𝑗𝑠𝑡

𝐼 ), 

where 𝐸𝑗𝑠𝑡  is the total CO2 emissions from fuel combustion of sector s in country j for year t, 𝑌𝑗𝑠𝑡  is total real 

output of sector s in country j for year t, 𝐸𝑗𝑠𝑡
𝐷  are direct emissions and 𝐸𝑗𝑠𝑡

𝐼  are indirect emissions, computed as 

𝐸𝑗𝑠𝑡
𝐼 = ∑ 𝑌𝑗𝑠𝑙𝑡𝐸𝑗𝑙𝑡

𝐷
𝑙 . 𝑌𝑗𝑠𝑙𝑡  is the amount of output of sector j used as input in sector s in the same country (from Input-

Output tables of WIOD). Therefore, indirect emissions are only those generated within the same country.  
 

 



 

 

Table 10: Gap in emission intensity between China and France 
 

 

Sector 
Direct emission intensity Indirect emissions 

China France Ratio China France Ratio 

Mining and quarrying 147 172 0.9 1316 279 4.7 

Food and tobacco 124 51 2.4 268 87 3.1 

Textile and leather 69 24 2.9 229 48 4.8 

Wood and wood products 56 17 3.3 254 46 5.5 

Paper, pulp and printing 230 90 2.6 538 141 3.8 

Chemical and petrochemical 328 45 7.3 910 77 11.8 

Non-metallic minerals 1285 406 3.2 2066 506 4.1 

Basic metals and fabricated metals 907 107 8.5 1701 162 10.5 

Machinery 90 55 1.6 379 78 4.9 

Transport equipment 20 13 1.5 179 42 4.3 

Non-specified industry 116 5 23.2 316 20 15.8 

Notes: authors' elaboration from IEA and WIOD data, year 2013.CO2 emissions in tons per millions of euro. Indirect emissions are 

computed considering only domestic emissions from other sectors. 

 

The central idea behind the theory of task offshoring is that compositional effects occur 

both within and between firms. In the specific case of pollution offshoring, this implies that 

compositional shifts are the main force driving the increase in imported emissions. As a first 

step to understand whether foreign emissions have contributed to the decrease in domestic 

ones, we decompose the trend in imported emissions into its main components: scale, 

composition, entry and exit, and technique (see Appendix B for details). In Figure 1, the blue 

line with circle corresponds to the actual evolution of imported emissions that are by definition 

identical to the sum of the different components of the decomposition. The bottom line of the 

decomposition is that changes in the product mix have been the main drivers of the 34% 

increase in imported emissions that we observe in the French manufacturing sector. In the 

absence of the other effects, changes in the product mix would have increased the carbon 

content of imports by 69% (see Table 1B). Interestingly, technical improvements in emerging 

economies contributed to mitigate the increase in the carbon content of trade for French 

manufacturing. This result is consistent with those of papers showing that FDI decreases 

emission intensity in developing countries (e.g., Brucal et al. 2018), but make the product mix 

in those countries dirtier (Barrows and Ollivier, 2018). Over the years, more and more firms 

started importing.  This is consistent with decreasing trade costs, the extension of the European 

Single Market, and the numerous trade agreements introduced between European member 

states and other countries during that period. However, the intensive scale effect is negative. In 

other words, the emissions of firms already in the market due to change in import volume 

decreased over time. This is because the number of French manufacturing firms got smaller 



 

 

over time (Insee, 2018)82.  The fall in the intensive scale effect in between 2008 and 2009 is 

also consistent with 14% fall in manufacturing output during the global financial crisis (see 

Figure 1).  

 

Figure 14: Decomposition of imported emissions, 1997-2014 

 
Note: authors’ calculation based on trade flows from the French custom data and emission intensity 

computed using IEA and WIOD data. These statistics are for all firms in the French manufacturing sector. 

 

 

Note that the results of the decomposition do not change if we use the alternative 

measure of imported emissions, which corrects for time-invariant differences in the carbon 

content of products (Table 2B). Both our favourite measure and the alternative at the product-

level are imperfect, but for different reasons. However, we are reassured by fact that we find 

similar results using either.   

To compare the estimation sample with the population of French manufacturing 

companies, we report in the Appendix the evolution of the dependent variable for the whole 

population of French manufacturing companies (Figure 1B, using IEA-WIOD data) and our 

estimation sample (Figure 2B, using EACEI and FARE-FICUS data). The main takeaway is 

that, except for the anomaly of year 2001 in our estimation sample, CO2 emissions, emission 

intensity and output display a similar qualitative pattern in the whole population and in our 

main estimations sample. In addition, the magnitude of the changes is similar, although 

turnover grows less in our sample than in the whole population. We observe an increasing trend 

in imported emissions both in the entire population and in our estimation sample, which is 

mostly driven by emissions from non-OECD countries (Figure 3B). 

Table 3B in the Appendix contains detailed descriptive statistics on the evolution of the 

main variables of interest for our main estimation sample of “always importers” (panel A) and 

the 281 companies always present in our estimation sample (panel B)83.   By using firms always 

                                                 
82 Notably, firms having more than 1,000 employees, more likely to import, decreased their size 

measured by their average number of employees by 9% between 2006 and 2015 suggesting that on average 
their production and import volume decreased as well over the same period. 

83 As there are clear outliers in emission data, we drop the top and the bottom 1% of observations in all 
analyses of this paper. 
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importing we can precisely identify the intensive margin shift triggered by trade liberalization. 

Including also occasional importers would also reveal the direction of the extensive margin 

shifts. However, we cannot satisfactorily address the issue of self-selection into trade because 

it is extremely difficult to find an instrument for trade participation (see also Carluccio et al., 

2015 on this issue). In what follows, our empirical strategy is primarily designed to identify 

the within-firm intensive margin shift. This within-firm intensive margin shift captures the 

carbon offshoring linked to the import of intermediate rather than final goods. If the production 

of polluting companies is entirely relocated abroad in response to differences in environmental 

policy stringency, then it is worth noting that our estimate will represent a lower bound of 

carbon offshoring driven by a pollution haven motive since it does not capture that extensive 

margin shift. 

6.4 Model/methodology implementation 

This section presents the empirical strategy to estimate the carbon offshoring effect. We 

first focus on the identification of this effect. Second, we turn to the second main contribution 

of this paper: assessing the relative importance of offshoring and policy-induced effect in 

reducing CO2 emission intensity. 

6.4.1 Estimation Equation 

Our starting point is the following reduced-form specification: 

 

𝑙𝑛(𝑒𝑖𝑡) = 𝛼 ∙ 𝑙𝑛(𝐼𝑚𝑝𝐸𝑖𝑡) + 𝜏𝑘𝑡 + 𝜃𝑟𝑡 + 𝑑𝑖,𝑡=0 × 𝜑𝑡 + 𝜇𝑖 + 휀𝑖𝑡.           (2) 

At this stage of the discussion, the main coefficient of interest 𝛼 capture the 

contemporaneous association between emission intensity 𝑒𝑖𝑡 (or emissions 𝐸𝑖𝑡) and imported 

emissions 𝐼𝑚𝑝𝐸𝑖𝑡. The log-log specification corrects for the skewed distributions of both 

imports and emissions, while allowing a straightforward interpretation of 𝛼 as an elasticity of 

domestic to imported emissions.84  

 

We include firm fixed effects 𝜇𝑖 to control for time-invariant unobservable characteristics that 

are correlated with both imported and domestic emissions. Similarly, region-by-years 𝜃𝑟𝑡 and 

sector-by-year dummies 𝜏𝑘𝑡 absorb demand and supply shocks in the local labour market 

(NUTS2 regions) or sector of activity (2-digit NACE rev.2), respectively.  

 

Controlling for firm size is important because size is a key and well-known determinant of both 

productivity improvements and firms’ engagement in import and export in Melitz-type models 

(e.g., Melitz, 2003; Bustos, 2011). However, the direct inclusion of firm’s turnover among the 

covariates is problematic because turnover is endogenous and thus a bad control, leading to 

biased estimates of 𝛼 (Angrist and Pischke, 2008). To break the dynamic association between 

size, productivity and imports while comparing firms of similar size, our favourite specification 

allows for differential trends in emissions depending on initial size dummies 𝑑𝑖,𝑡=0, measured 

as the deciles of the initial distribution of turnover. Given the long panel used in our study, 

initial size may fail to account for time-varying size effects. Consequently, we cannot exclude 

that the relationship between emissions and imported emissions is spurious, reflecting the 

                                                 
84 To deal with the skewness of the distribution of CO2 emissions, our main results are obtained by 

dropping the top and the bottom 1% of observations. Results are consistent when keeping those outliers.   
 



 

 

simultaneous correlation of these two variables with size. By contrast, the residual influence of 

size is mitigated when we estimate the association between emission intensity and imported 

emissions. Therefore, although we are interested in the effect of import competition on both 

emissions and emission intensity, the remainder of the paper primarily focuses on the latter. 

The main source of variation left to identify carbon offshoring is the within-firm one, depurated 

from any shocks common to firms in the same sector, region and size class. This is similar to 

the approach followed in related papers of Li and Zhou (2017) and Cherniwchan (2017), which 

focus on the within- rather than the between-firm variation as a first step to isolate a causal 

effect.  

6.4.2 Endogeneity Issues 

Ideally, we would like to use our estimates of 𝛼 to answer policy relevant questions such as the 

effect of a tariff reduction for dirty products on domestic carbon intensity. Estimating 𝛼 through 

equation 2 is not enough to answer these questions for well-known endogeneity concerns that 

are mitigated, but not solved, by the inclusion of firm fixed effects. Time-varying 

unobservables such as demand and supply shocks may affect both emission intensity and 

imported emissions, leading to inconsistent estimates of the carbon offshoring effect. 

Moreover, imported emissions are measured with error because we do not have a precise proxy 

of carbon content at the product level. Such measurement error generates an attenuation bias 

in our OLS estimates. Finally, reverse causality can be an issue as long as forward looking 

managers adjust their product mix (and so the imported product mix) to reduce current and 

future emissions in response to anticipated regulatory changes.  

The direction of the estimation bias is not straightforward a priori. Unobserved shocks to the 

French product market are positively correlated with imports, but their association with 

emission intensity is unclear. Domestic supply shocks relevant for emission intensity and 

imports are primarily related to the adoption of energy-saving technologies. Theoretically, 

adopting energy-saving technologies is the main alternative strategy to the offshoring of dirty 

tasks. Therefore, firms that adopt such technologies should have both lower emission intensity 

and lower imported emissions. If 𝛼 is negative, we expect a bias toward zero which is amplified 

by the standard attenuation bias due to measurement error in imported emissions. Overall, we 

expect the OLS estimate of 𝛼 to go against the existence of the carbon offshoring effect.  

 

Following the seminal contributions of Autor et al. (2013) and Hummels et al. (2014), we use 

global supply shocks directed to other countries but France and its neighbouring countries to 

mitigate the bias in the estimate of carbon offshoring. This instrument captures the potential 

exposure to such shocks and has a typical shift-share structure: 

 

𝐼𝑉_𝐼𝑚𝑝𝐸𝑖𝑡 = ∑ �̅�𝑝,𝑡<𝑡0
�̅�𝑖𝑝,𝑡<𝑡0𝑝 × 𝑊𝑆𝑝𝑡,            (3) 

 

where 𝑊𝑆𝑝𝑡 is the shift component, namely world exports of product 𝑝 in year 𝑡. To isolate 

supply shocks outside core EU countries, we consider world export 𝑊𝑆𝑝𝑡 directed to all 

countries but France and countries’ bordering France (i.e., Germany, Spain, Italy, UK, and 

Belgium). �̅�𝑖𝑝,𝑡<𝑡0
 is the main share component, namely the average pre-sample share of 



 

 

product 𝑝 imported by firm 𝑖 in the three periods before the first period 𝑡0 in which the firm is 

observed in the sample. In our favourite specification, the shares �̅�𝑖𝑝,𝑡<𝑡0
 are reweighted by pre-

sample emission intensity �̅�𝑝,𝑡<𝑡0
 in all countries except France to emphasize the 

environmentally related motive of industry relocation. Indeed, the instrument and thus the 

exposure to supply shocks takes a higher value if 𝑝 is more polluting. Using pre-sample share 

mitigates the reverse causality bias discussed above, but implies that we reduce the time span 

used to estimate the carbon offshoring effect to 2000-2014.85 

6.4.3 Validation of the instrumental variable strategy 

 

Our instrument identifies the carbon offshoring effect provided that: (i) it is a good predictor 

of firm’s imported emissions; and (ii) it excludes the components of import shocks that are 

dependent on shocks in the French economy, as well as on forward-looking behaviour of 

managers. Table 13 in the appendix illustrates that the instrument is a good predictor of 

imported emissions (and a classical instrument not weighted by emission intensity is a good 

predictor of imports in value) with an F-test passing the usual threshold of 10, with one 

exception that has to do with the issue of firm size and will be discussed in section 5.1. As 

would be expected, imported emissions grow faster in firms with a dirtier initial mix of imports 

(i.e. the share component of the instrument). The strength of the instrument is consistent with 

two well-known facts of the French Custom data; that (i) the set of imported product is very 

stable over time and (ii) there is little overlapping of product-specific shocks across firms 

(Carluccio et al., 2015).  

 

On the second assumption, there are two main concerns that can invalidate our identification 

strategy. First and foremost, our instrument may be correlated with pre-existing trends in 

emissions. Finding a positive correlation between our instrument and pre-sample emission 

trends may indicate that the carbon offshoring effect captures past emission trends. Second, 

forward-looking managers can adjust their import mix in response to future shocks, in 

particular policy shocks such as the EU Emission Trading Scheme. Using pre-sample shares in 

building our instrument mitigates but not fully solves this concern.  

 

To lend support to our identification strategy, we make full use of our long panel by explicitly 

testing the correlation between pre-trends in emissions (or emission intensity) and the 

instrument. We capture pre-trend in dependent variables with two proxy: (i) the average of the 

change in the logarithm of emissions over the period 1995-1999 and (ii) the average of the 

logarithm of emissions over the same period. We regress the instrument on the standard 

controls of equation (2) and the interactions between the pre-trend variables and a time trend. 

We focus on the subsample of firms observed before 2000 for this exercise also to mitigate the 

second concern discussed above. Indeed, it is extremely unlikely that the import mix of such 

companies before 2000 incorporated responses to future policy shocks.   

                                                 
85 In our set-up, pre-sample shares are computed as the average between 𝑡0 − 1, 𝑡0 − 2 and 𝑡0 − 3, 

where 𝑡0 is the first year in which we observe the firm. This implies that a firm should be observed for at least 3 
years to be included in our main estimation sample.  



 

 

Table 14 shows that past trends in emission intensity are uncorrelated with the instrument (col. 

1-2), while past changes in emissions display a positive and weakly significant association (p-

value = 0.1) with the instrument (col. 3-4). Although these results reassure us on the validity 

of our identification strategy, we exclude the possibility that pre-trends drive our results by 

adding them to the set of covariates of equation 2. This key robustness check also tests whether 

results are different for the sample of firms that are less likely to incorporate future regulatory 

shocks in their decisions.86 

 

Finally, as suggested by Jaeger et al. (2018), the interpretation 𝛼 is not straightforward as it 

may conflate past and present responses to trade shocks. For sake of interpretation, we 

explicitly account for the adjustment dynamics by adding lags of imported emissions to 

equation 2 and instrumenting each lag with the corresponding lagged instruments, built as in 

equation 3.  
 

6.4.4 Role of Policies 

 

We use energy prices as proxies of policies (Aldy and Pizer, 2015; Marin and Vona, 2017; Sato 

et al., 2019; Dussaux, 2020). Our measure of energy prices is the average cost of energy from 

the EACEI dataset. We include energy prices in equation 2, so we can compare the role of 

policy with that of carbon offshoring: 

 

 𝑙𝑛(𝑒𝑖𝑡) = 𝛼 ∙ 𝑙𝑛(𝐼𝑚𝑝𝐸𝑖𝑡) + 𝛽 ∙ 𝑙𝑛(𝑝𝑖𝑡) + 𝜏𝑘𝑡 + 𝜃𝑟𝑡 + 𝑑𝑖,𝑡=0 × 𝜑𝑡 + 𝜇𝑖 + 휀𝑖𝑡.         (4) 

 

Conditional on carbon offshoring, we interpret the impact of energy prices on emission 

intensity 𝛽 as an induced innovation effect. Energy prices are typically endogenous due to the 

presence of omitted variables, such as managerial capabilities and unobservable demand and 

supply shocks. Marin and Vona (2017) show that quantity discounts are a typical source of 

endogeneity.  

We follow a now standard approach in the literature and use a shift-share instrument also for 

energy prices (Lynn, 2008; Marin and Vona, 2017; Sato et al., 2019; Dussaux, 2020). The 

instrument is: 

                                     𝐼𝑉_𝑝𝑖𝑡 = ∑𝑓 𝑤𝑖,𝑡=𝑡0 
𝑓

ln(𝑝𝑘𝑡
𝑓

),                                      (5) 

where 𝑤𝑖,𝑡=𝑡0 
𝑓

 is the share of fuel 𝑓 (i.e. electricity, gas, oil, etc.) in total energy use of firm 𝑖 at 

the pre-sample year 0 and 𝑝𝑘𝑡
𝑓

 is the median price of fuel 𝑓 for the 3-digit industry 𝑘 in which 

firm 𝑖 operates at year 𝑡. As for import, using pre-sample weights mitigate concerns related to 

reverse causality and simultaneity biases. The exclusion restriction is that the initial energy mix 

                                                 
86 Forward looking managers may adjust the current income product mix in response to expected 

changes in regulation, such as changes in the price of allowances in the EU Emission Trading Scheme. The pre-
sample period of 1997-1999 for the companies in this restricted estimation sample are well before the beginning 
of the pilot phase of the EU-ETS and of all structural transformations that characterized the 2000s. 



 

 

has an effect on emissions only through the exposure to exogenous price shocks. Like for the 

case of imported emissions, this restriction is difficult to test in practice.  

 

 

Table 15 replicates for the instrument of energy prices the analysis on the influence of emission 

pre-trends done in Table 14. Consistent with results at establishment-level analysis (Marin and 

Vona, 2017) and firm-level analysis (Dussaux, 2020), past trends in both emissions and 

emission intensity are highly correlated with 𝐼𝑉_𝑝𝑖𝑡, thus raising concerns on the credibility of 

the energy price instrument. To mitigate possible concern on the bias of the IV estimates, in 

the main tables we always present an alternative specification where we control for pre-trends 

in emissions or emission intensity.   

 

6.5 Estimation Results 

This section is divided in four subsections. In section Error! Reference source not 

found., we begin by presenting the effect of carbon offshoring on total emissions. We then 

move to our main results on emission intensity in section Error! Reference source not found. 

and to two critical extensions in section Error! Reference source not found.. Finally, we 

examine the extent to which results on emission intensity are driven by changes in energy prices 

in section Error! Reference source not found..  

All results are obtained estimating variants of equations 2 and 4, in which we cluster 

standard errors at the company level. Importantly, we do not weight the estimates since, as we 

discussed above, our sample is not representative of the French population of manufacturing 

company.  

6.5.1 Results on Emissions 

 

Table 16 presents the carbon offshoring effect for total emissions. We find a positive and 

significant, although very small, association in the OLS specification (column 1). The effect 

remains positive, but becomes insignificant in our favorite IV specification (columns 2). The 

absence of a negative correlation between domestic and imported emissions is at odds with the 

descriptive evidence presented in Section 3. While on average there is a concomitant decline 

in domestic emissions and an increase in imported emissions, these do not seem to occur within 

the same company. Previous papers of Li and Zhou (2017) and Cherniwchan (2017) find a 

negative effect for local pollutants but their study does not include carbon emissions.87  

 

A possible explanation for obtaining a different result is that we do not properly account for 

the scale effect by using time trends specific to the deciles of initial turnover. Since average 

turnover increased substantially in the period of our analysis, a scale effect may fully offset the 

substitution effect associated with the offshoring of domestic emissions abroad. To tackle this 

issue, we amend our main estimation equation (1) by directly including turnover instead of 

initial turnover dummies interacted with year dummies. Column 3 presents this extension. 

                                                 
87 Cherniwchan (2017) focuses on particulate matter and sulphur dioxide while Li and Zhou (2017) focus 

on toxic emissions equal to the all-media release of designated toxic chemicals. 



 

 

Although the negative sign and the magnitude of elasticity between domestic and imported 

emissions indicates the presence of carbon offshoring, the lack of statistical significance and 

the weakness of the instrument prevent us from drawing any solid conclusion (see also the first-

stage results in Table 13). Column 4 shows that both the precision of the estimate (p-value = 

0.110) and the predictive power of the instrument improves considerably when we consider a 

shorter time span 2000-2005. This is consistent with the structure of shift-share instruments, 

whereby the initial share is fixed before 2000 and thus loses predictive power the farther the 

year is from 2000.  

 

In the Appendix, we show that explicitly controlling for pre-trends in emissions leads to similar 

results (Table 1C). However, both the precision of the estimates and the strength of the 

instruments increase in the subsample of firms present before 2000, which is used to capture 

the influence of pre-trends. 

 

Overall, the firm-level analysis highlights an important methodological challenge in estimating 

the effect of trade liberalization on emissions. The result of Table 16 confirms that reduced-

form strategies fail to control satisfactorily for size effects when the dependent variable is not 

rescaled, such as for the case total emissions. In light of this result, the reminder of the paper 

will focus on emission intensity which, by incorporating turnover into the dependent variable, 

captures the net effect of import competition that results from the combination of a scale and a 

substitution effect.   

 

6.5.2 Results on Emissions Intensity 

Table 17 exposes the main results of the impact of carbon offshoring on emission intensity. 

The key finding is that carbon offshoring improves the domestic efficiency in the use of dirty 

inputs. In our baseline IV model (column 2), the elasticity is quite large (-0.49), but slightly 

declines to -0.39 if we control for pre-trends in the restricted sample of firms present before 

2000 (columns 3). Column 4 shows that it is controlling for pre-trends and not considering 

firms present before 2000 that reduces the size of the elasticity. Using the conservative 

estimates of -0.39, domestic emission intensity would have been 33% higher if imported 

emissions remained at the level of the initial years (2000-2002).88  

 

When we compare the OLS (column 1) and the IV (column 2) estimates for emissions and 

emission intensity, the bias towards zero of OLS estimates becomes evident in a specification 

                                                 
88 We use in-sample figures for the evolution of emission intensity and imported emissions for always 

importers that are reported in Table 3B, panel A. To obtained the historical variation in emission intensity 
explained by carbon offshoring for the sample of the always importers, we multiply the unweighted growth rate 
of imported emissions based on the difference between the moving average of the last three years (2012-2013-
2014) and the moving average of three first years (2000-2001-2002). We take the moving averages before 
computing the growth rates to avoid the influence of outlier years (e.g. 2001) in our quantification. The growth 
rate of imported emissions is equal to 25.7% (Table 3B), that is multiplied by the estimated elasticity of -0.39 to 
obtain predicted change in domestic emissions intensity. Then, we divide this predicted change in emission 
intensity with the historical one in the same sample and also computed using the moving average of the first 
three and the last three years (-30.2%).  



 

 

where scale effects are incorporated in the dependent variable and the F of the excluded 

instruments in the first-stage is always well above the conventional threshold of 10. Following 

the discussion in section Error! Reference source not found., we interpret this bias as the 

resultant of unobservable technological choices correlated with both emission intensity and 

offshoring. In response to external regulatory pressure, public opinion and stakeholders, 

managers can reduce the carbon content of production either by innovating or by relocating 

polluting tasks abroad. By construction, our two-stage IV strategy estimates an average effect 

for the compliers; that is: those who decide to offshore in response to a reduction in the implicit 

cost of dirty tasks’ relocation. Non-compliers, instead, are insensitive to the new offshoring 

opportunity. Compliers are likely to be innovators and thus display low emissions intensity and 

low import of polluting goods, thus explaining the direction of the estimation bias. This LATE 

(local average treatment effect) interpretation of our instrument variable strategy is important 

to again emphasize the fact that we do not claim to capture a global or representative effect 

(Angrist and Imbens, 2003).   

 

In Appendix C, we present a series of robustness checks that confirm the presence of a 

relatively large carbon offshoring effect. First, we use two different instruments that exploit 

different sources of variation to estimate the carbon offshoring effect: (i) as in Carluccio et al. 

(2015), we use origin-destination variation in the initial shares and total global exports as a 

shift; (ii) we use a different and arguably less exogenous shift, namely world exports of all 

countries except France and countries bordering France towards the countries bordering France 

(i.e., Germany, Spain, Italy, UK, Belgium). Results in Table 2C shows that the less exogenous 

instrument gives very similar results (columns 1 and 2), while a weak instrument problem 

emerges when we exploit the full product-by-country variation available in our data (columns 

3-4).89     
 

Remarkably, our results are unchanged when adding controls for capital intensity and labour 

productivity (Table 3C), allowing for a different carbon offshoring effect in sectors that are 

energy-intensive (Table 4C), measuring emission intensity as emissions over value added 

rather than turnover (Table 5C), including only firms fully covered in EACEI (Table 6C),  

weighting the regression by average turnover (Table 7C) and considering the larger sample of 

companies importing for at least three years (Table 8C and Table 9C). As would be expected, 

we find that carbon offshoring is stronger in energy-intensive sectors and that firms that are 

more productive are also less emission intensive, while capital- and emission-intensity are 

positively correlated. The carbon offshoring elasticity is also larger when we include occasional 

importers, suggesting that the extensive margin shift adds to the intensive margin effect that 

we estimate in our main specification.  

 

Finally, using the Jaeger et al. (2018) approach to distinguish long- and short-term effects, we 

find that the effects estimated without including lagged terms in imported emissions are similar 

                                                 
89 Note that this instrument becomes stronger when we use imports rather than imported emissions as 

main variable of interest. However, the results are in line with those estimated in the next section and are 
available upon request by the authors.   



 

 

to those estimated including them (Table10C). Note that long-term effects are slightly larger 

than short-term ones, implying that our favourite specification provides a conservative 

quantification of carbon offshoring.   

 

6.5.3 Interpreting the carbon offshoring effect 

We perform two critical extensions to understand the mechanisms behind the carbon 

offshoring effect.   

In the first extension, we aim at understanding whether carbon offshoring is driven by 

the massive shift in production towards emerging economies that occurred over the same time 

span and would mechanically generate carbon offshoring. In doing so, we replace imported 

emissions with imports in the model of equation 2. Results, presented in Table 18, reveal that 

the estimated elasticity of emission intensity to imports is of a similar size, if not larger, of that 

of imported emissions.90 However, the quantified impact of imports on emission intensity is of 

similar size of imported emissions as imports increased by only 18% in our primary estimation 

sample. This finding provides a first indication that the carbon offshoring effect is unlikely to 

be primarily driven by a Pollution Haven effect. By contrast, the general increase in the 

propensity to import of French companies, which has been associated with differences in labor 

costs (e.g. Autor et al., 2003; Pierce and Schott, 2016), appears the factor behind the increase 

of imported emissions. As a further corroboration of this interpretation, we find a positive but 

statistically insignificant impact of energy prices, instrumented as described in section Error! 

Reference source not found., on imported emissions  (Table 11C), which is consistent with 

existing results on the EU-ETS (Martin et al., 2014; Naegele and Zaklan, 2019). However, the 

effect becomes statistically significant (and large) on the share of imported on domestic 

emissions (column 5).  

Overall, these two findings suggest that carbon offshoring is a by-product of industry 

relocation to non-OECD countries, that is to a large extent unrelated to environmental policy 

stringency. However, we cannot exclude that a Pollution Haven motive to relocate dirty tasks 

abroad plays also a minor role.   

The second extension is connected with the literature on emission intensity and export 

(e.g. Forslid et al., 2017; Barrows and Ollivier, 2018a; and Gutiérrez and Teshima, 2018). As 

discussed in section Error! Reference source not found., a voluminous literature suggests 

that trade liberalizations can improve significantly emission intensity of exporting firms 

through productivity-enhancement effect typical of Melitz-type models. In our estimation 

sample, most firms are both importers and exporters, thus we cannot exclude that such effect 

contaminates the carbon offshoring effect. Empirically, it is not easy to tackle this issue, as 

export status and intensity are also endogenous, thus it is difficult to find strong instruments 

for both imports and exports.91 As a second best strategy, we allow for a differential effect of 

large exporters augmenting equation 2 with an interaction term between imported emission and 

a ‘large exporter dummy’, defined by an indicator function equal 1 for companies above the 

                                                 
90 As for our main results on the impact of imported emissions on emissions, we find no effect of imports 

on emissions. Results are available upon request by the authors. 
91 By instrumenting both export (instrument built as in Carluccio et al., 2015) and imported emissions, 

the F of excluded instruments is below the cut-off level of 10. These results are available upon request. 



 

 

median export intensity over the entire sample period. Across the board (Table 19), large 

exporters reduce twice as much their emission intensity when their imported emissions 

increase. This result is consistent, although it is not causal evidence, with the well-known result 

of the literature on export and emission efficiency that engaging in trade itself leads to 

efficiency improvement. 

An alternative way to address the extent to which broad differences in environmental 

policy stringency drives our results is to compare the carbon offshoring effect for OECD and 

non-OECD countries. Following Ederington et al. (2005), the idea here is that trade within 

‘rich’ OECD countries is not primarily driven by asymmetric environmental regulations. Trade 

between OECD countries is usually associated to technological improvements than to cost 

savings. By contrast, trade in polluting industries between France and non-OECD countries is 

more likely to respond to a pollution haven effect and, in general, to cost-saving considerations. 

Table 20 shows that the carbon offshoring effect is present in trade with both groups of 

countries, but it is significantly stronger for OECD countries, contrary to what one would 

expect if importing is driven by differences in environmental regulation.92 Note, however, that 

the volume of imported emissions increased significantly more for non-OECD (+61%) than 

for OECD countries (0.3%) over the sample period. Thus, the overall effect is clearly larger for 

non-OECD countries than for OECD countries.  

This exercise further corroborates the two main conclusions of this section. First, a large 

share of emission intensity improvements due to trade are driven by other motives than 

pollution haven. Second, trade liberalizations have two effects on emission intensity: a carbon 

offshoring effect and a productivity-enhancing effect through export. This latter result deserves 

further scrutiny to assess more precisely the relative importance of these two margins through 

which trade affects emission intensity.  

 

6.5.4 Energy Price vs Carbon Offshoring Impacts 

The final step of this paper is to go back to the fundamental question of the inducement effect 

of environmental policies and the relative role of carbon offshoring and technology in reducing 

the carbon footprint of French production (e.g. Levinson, 2009; Shapiro and Walker, 2018). 

The richness of the data used in this paper allows to tackle this issue looking at firm-level 

reactions. We add a proxy of environmental policies, energy prices, and properly instrument it 

as described in section Error! Reference source not found.. Conditional on carbon 

offshoring, the effect of energy prices on emission intensity can be interpreted as a 

technological inducement effect as in, e.g., Shapiro and Walker (2015). Table 21 presents the 

main results of this exercise. Since the instrument of energy prices is positively correlated with 

pre-trends in emission intensity, the main Table shows also the results controlling for pre-trend 

(columns 3-6). To assess the extent to which the inclusion of carbon offshoring alters the effects 

of energy prices, we present both the results of a specification without carbon offshoring 

(columns 1, 2, 4 and 5) and a specification with carbon offshoring (columns 3 and 6).  

                                                 
92 Imported emissions and the association instruments are modified to keep only imports from the 

relevant group of countries. Results remain the same if we split the OECD sample into rich-OECD and middle-
income OECD and are available upon request. Ideally, we would include both imported emissions from OECD 
and from non-OECD in the same model but this leads to a multicollinearity issue. 



 

 

 

The first result is that carbon offshoring and price inducement effect are quite independent. The 

carbon offshoring effect slightly increases with respect to the effect estimated in Table 17, but 

it remains of the same order of magnitude. The policy inducement effect remains very similar 

if we include or not carbon offshoring (e.g., column 6 vs. column 5), which is consistent with 

the small and insignificant effect of energy prices on imported emissions that we have 

discussed in the previous section.93 However, the policy inducement effect almost halves if we 

control for pre-trends in emissions intensity, in line with the diagnostics of Table 5 showing 

that pre-trends are an issue for the instrument used to estimate the effect of energy prices.    

 

The second result is that the effect of environmental policies, as proxied by the effect of energy 

prices, is substantially larger than the effect of trade liberalization, as proxied by the carbon 

offshoring effect. The difference in the effect declines in the specification with pre-trends, but 

still the elasticity of energy prices is 0.926 versus an elasticity of carbon offshoring of 0.517. 

It is worth noting that, even in this case, we do not detect any change in the estimates of the 

carbon offshoring compared to the favourite specification using the same sample. When we 

use the estimates of column 6 to quantify the relative role played by energy prices and carbon 

offshoring, the difference in the two effects appear even larger as energy prices increases by 

more than 50% over the time period considered. We find that domestic emission intensity 

would have been 43% higher if imported emissions remained at the level of the initial years 

(2000-2002), while they would have been 167% higher if energy prices remained at the level 

of the initial years.  

 

While these estimates should be taken with caution as tackling two causal problems in a 

reduced-form econometric model is always problematic, the important finding of this extension 

is that the carbon offshoring effect remains unchanged if we control or not for a proxy of 

environmental policy stringency. This result reinforces the main interpretation of our finding, 

that is: the within-firm carbon offshoring effect is not primarily explained by differences in 

environmental policy stringency.   

6.6 Concluding Remarks 

In this paper, we use a unique dataset which combines information on carbon emissions, 

imports, imported emissions and environmental policy stringency, all at the firm level, on a 

panel of 5,000 firms operating in the French manufacturing sector, and show that imported 

carbon emissions cause a decrease in French firms’ domestic emission intensity. Most 

importantly, we provide evidence suggesting that this carbon offshoring effect is not primarily 

due to differences in environmental regulations. Instead, our results suggest that trade 

liberalization and other factors such as differences in labour cost between countries are major 

determinants of carbon offshoring. Finally, we find that the stringency of domestic carbon 

                                                 
93 The magnitude of the price effect is in line with what found by Marin and Vona (2017) on emissions, 

but slightly larger as our estimation sample is even more bias towards large companies involved in international 
trade. 



 

 

pricing policies (as proxied by instrumented energy prices) has a much larger effect on firms’ 

domestic emission intensity than on carbon offshoring.  

The key policy implication of our results is that raising domestic carbon pricing does 

not lead to a substantial carbon leakage from stringent countries to countries with laxer policies 

within firms. Carbon leakage might still occur through competition on the final products market 

and firm exit, but the finding that it does not seem to happen within firms – at least, at the 

current level of carbon policy stringency gap across countries – is certainly reassuring as 

regards the effectiveness of unilateral carbon pricing policies.  

The issue of border carbon adjustment is the subject of renewed interest and policy 

discussions in a context of increased divergence in climate policy ambition, where many 

countries and regions have decided to move towards carbon neutrality by 2050. Our results, 

combined with the complexity of designing BCAs that are both effective and compatible with 

the current multilateral system of trade rules and their potential to increase trade tensions, 

suggest that this policy instrument should be considered with caution as long as evidence for 

leakage remains weak. Further widening of policy stringency may however alter this 

conclusion. 

Our paper has a number of limitations. First, although we cover a wide range of firms 

in terms of size and sector, our sample is overrepresented by large firms. This is an unavoidable 

feature of energy consumption surveys. Second, in our reduced-form specification, we do not 

explicitly model other factors affecting offshoring such as labour costs. Teasing out the impact 

of these various factors behind production cost differences on the location of carbon emissions 

is an interesting avenue for future research. Finally, we do not explore the role of the extensive 

margin of imports mainly because the empirical setting does not offer a suitable instrumental 

variable varying at the firm level. This is also left for future analyses. 
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Table 11: Map of Data Sources 
 

Confidential 

data 
Level 

Years 

covered 
Coverage 

Main information as 

used in the paper 

EACEI establishment 
1994-

2015 

Survey on 

approx. 10k 

establishment per year 

Domestic CO2 Emission, 

Energy prices 

Custom data  

(données 

Douanes) 

firm 
1995-

2014 

Universe of 

importers and exporters 
Import values and quantities 

FARE-

FICUS 
firm 

1995-

2015 

Universe of 

companies 
Turnover and Value Added 

DADS establishment 
1996-

2015 

Universe of 

establishments 

Use employment weight to 

identify the companies with high 

employment coverage in EACEI 

(>90%) 

Public 

Available 
Level 

Years 

covered 
Coverage 

Main information as 

used in the paper 

WIOD 

(release 2013 and 

2016) 

sector-by-

country 

1995-

2016 

14 

manufacturing sectors, 40 

countries (OECD plus 

BRICS) 

Turnover and input-output 

data to computed indirect emissions 

IEA 

emission data 
sector-by-

country 

1994-

2017 

14 

manufacturing sectors, 

281 countries 

Emissions of foreign 

countries 

Sato (2014) product 
time 

invariant 

4-digit products, 

SITC classification 

Carbon content of product, 

definition of dirty products 

Notes: access to confidential data through the French Secure Data Access Center (CASD). Detailed administrative procedures 

for accessing the data are available in the website: https://www.casd.eu/en/. Sato (2014) data are available upon request by the author. 

https://www.casd.eu/en/


 

 

 

 

 

 

Table 12: Gap in emission intensity between China and France 
 

 

Sector 
Direct emission intensity Indirect emissions 

China France Ratio China France Ratio 

Mining and 

quarrying 
147 172 0.9 1316 279 4.7 

Food and tobacco 124 51 2.4 268 87 3.1 

Textile and 

leather 
69 24 2.9 229 48 4.8 

Wood and wood 

products 
56 17 3.3 254 46 5.5 

Paper, pulp and 

printing 
230 90 2.6 538 141 3.8 

Chemical and 

petrochemical 
328 45 7.3 910 77 11.8 

Non-metallic 

minerals 
1285 406 3.2 2066 506 4.1 

Basic metals and 

fabricated metals 
907 107 8.5 1701 162 10.5 

Machinery 90 55 1.6 379 78 4.9 

Transport 

equipment 
20 13 1.5 179 42 4.3 

Non-specified 

industry 
116 5 23.2 316 20 15.8 

Notes: authors' elaboration from IEA and WIOD data, year 2013.CO2 emissions in tons per millions of euro. Indirect emissions 

are computed considering only domestic emissions from other sectors. 

 

 

Table 13: First-Stage Results 

Specification 
Endogenous 

variable 

Coefficient 

of the instrument 

on the endogenous 

standard 

error 

F-

statistics of 

excluded 

instruments 

Emissions (Table 6) 

Imp. 

Emissions 0.254 0.066 52.2 

Emissions control for turnover 

(Table 7) 

Imp. 

Emissions 0.058 0.061 3.1 

Emissions Intensity (Table 8) 

Imp. 

Emissions 0.254 0.066 52.2 

Emissions Intensity (Table 9) Imports 0.210 0.070 38.9 

Notes: Only firms always importing are included in the estimation sample. All rows include firm fixed-effects, industry (2-

digits) x year dummies, region x year dummies, and size class x year dummies. The instrumental variable defined in the main text is a 

weighted average of supply shocks from all countries, except France and neighboring countries of France: Italy, Belgium, Spain, 

Germany, and the UK. The weights, firm-specific, equal the product share of the firm total imports in the first three years of trade data 

available and are adjusted for the average emission intensity of the product. The instrument for imports is not weighted by emission 

intensity in foreign countries. Robust standard errors clustered at the firm level. 

 



 

 

 

 

 

 

 

Table 14: Import Instrument and Pre-Trend in Emissions, 1995-1999 
 

Dependent Variable: Instrument of imported emissions   

  Emission 

Intensity 
Emissions 

  

Time x pre-sample avg. emission intensity 0.0008  

(in log) (0.0005)  

Time x pre-sample avg. changes in emission 

intensity (in log) 
0.0025  

(0.0015)  

Time x pre-sample avg. emissions (in log)  0.0007 
 (0.0005) 

Time x pre-sample avg. changes in emissions 

(in log) 

 0.0027* 
 (0.0014) 

Observations 23,530 24,247 

Number of firms 2,762 2,857 

Notes: Only firms always importing are included in the estimation sample. Sector-year, region-

year and size-year fixed effects always included. These estimates are performed on firms for which we 

have at least two observations before 2000 to build pre-sample changes in emission (or emission intensity). 

Standard errors clustered at the firm level in parentheses. Statistical significance: *** p<0.01, ** p<0.05, 

* p<0.1 

 

 

Table 15: Energy Price Instrument and Pre-Trend in Emissions, 1995-1999 
 

Dependent Variable: Instrument of energy price 

  Emission 

Intensity 
Emissions 

  

Time x pre-sample avg. emission intensity 

(in log) 

0.0030***  

(0.0002)  

Time x pre-sample avg. changes in 

emission intensity (in log) 

-0.0033***  

(0.0006)  

Time x pre-sample avg. emissions (in log)  0.0025*** 
 (0.0002) 

Time x pre-sample avg. changes in 

emissions (in log) 

 -0.0032*** 
 (0.0006) 

Observations 20,612 21,278 

Number of firms 2,437 2,524 

Notes: Only firms always importing are included in the estimation sample. Sector-year, region-

year and size-year fixed effects always included. These estimates are performed on firms for which we 

have at least two observations before 2000 to build pre-sample changes in emission (or emission 

intensity). Standard errors clustered at the firm level in parentheses. Statistical significance: *** p<0.01, 

** p<0.05, * p<0.1 

 

 

 

 

 

 



 

 

 

 

 

 

 

Table 16: Emissions and Imported Emissions 
 

Dependent variable 

log(Emissions) 
 

 
  

OLS IV 

IV 

turn

over 

IV 

turn

over until 

2005   

Imported Emissions (in log) 

0.03

61*** 

0.13

4 

-

0.574 

-

0.437 

  

(0.0

057) 

(0.1

29) 

(0.7

84) 

(0.2

71) 

Turnover (in log) 

  1.11

0 

0.74

0** 

 

  (0.9

68) 

(0.2

90) 

Observations 

35,5

37 

35,5

37 

35,5

40 

12,5

00 

Number of firms 

4,96

2 

4,96

2 

4,96

2 

3,23

9 

F-test excluded instrument 
 52.1

8 

3.08

8 

15.5

2 

Notes: Only firms always importing are included in the estimation sample. All rows include firm fixed-

effects, industry (2-digits) x year dummies, region x year dummies, and size class x year dummies. In columns 3 

and 4, we replace size class x year dummies with the log of turnover. In column 4, we run the model for the short 

time period 2000-2005. The instrumental variable defined in the main text is a weighted average of supply shocks 

from all countries, except France and neighboring countries of France: Italy, Belgium, Spain, Germany, and the UK, 

towards all countries except France and neighboring countries of France. The weights, firm-specific, equal the 

product share of the firm total imports in the first three years of trade data available and are adjusted for the average 

emission intensity of the product. Robust standard errors clustered at the firm level. * p < 0.1, ** p < 0.05, *** p < 

0.01. 

 

 
Table 17: Emission Intensity and Imported Emissions 

 

Dep. Var. log(Emissions/ Turnover)   

  
OLS IV 

IV, 

pre-trends 

IV, 

pre-trend 

sample   

Imported Emissions (in log) 

-

0.0615*** 

-

0.489*** 

-

0.392*** 

-

0.460*** 

  

(0.0

061) 

(0.1

64) 

(0.1

37) 

(0.1

47) 

Time x pre-sample avg. emission 

intensity  

(in log) 

  

-

0.0161***  

  

(0.0

016)  

Time x pre-sample avg. changes in 

emission   

-

0.0141***  



 

 

intensity (in log) 

  

(0.0

048)  

Observations 

35,5

37 

35,5

37 

23,5

30 

23,5

30 

Number of firms 

4,96

2 

4,96

2 

2,76

2 

2,76

2 

F-test excluded instrument 
 52.1

8 

56.5

2 

57.4

3 

Notes: Only firms always importing are included in the estimation sample. All rows include firm fixed-effects, 

industry (2-digits) x year dummies, region x year dummies, and size class x year dummies. All columns include firm 

fixed-effects, industry (2-digits) x year dummies, region x year dummies, and size class x year dummies. The 

instrumental variable defined in the main text is a weighted average of supply shocks from all countries, except France 

and neighboring countries of France: Italy, Belgium, Spain, Germany, and the UK, towards all countries except France 

and neighboring countries of France. The weights, firm-specific, equal the product share of the firm total imports in 

the first three years of trade data available and are adjusted for the average emission intensity of the product. Robust 

standard errors clustered at the firm level. * p < 0.1, ** p < 0.05, *** p < 0.01. 

 

 
Table 18: Emission Intensity and Imports 

 

Dep. Var. log(Emissions/ Turnover)   

  
OLS IV 

IV, 

pre-trends 

IV, 

pre-trend 

sample   

Imports (in log) 

-

0.0935*** 

-

0.840*** 

-

0.564*** 

-

0.742*** 

  

(0.0

074) 

(0.2

95) 

(0.2

16) 

(0.2

46) 

Time x pre-sample avg. emission 

intensity  

(in log) 

  
-

0.0153*** 
 

  
(0.0

018) 
 

Time x pre-sample avg. changes in 

emission 

intensity (in log) 

  
-

0.0131** 
 

  
(0.0

056) 
 

Observations 

35,5

37 

35,5

37 

23,5

30 

23,5

30 

Number of firms 

496

2 

496

2 

276

2 

276

2 

F-test excluded instrument 
 38.9

4 

37.9

4 

40.7

2 

Notes: Only firms always importing are included in the estimation sample. All rows include firm fixed-effects, 

industry (2-digits) x year dummies, region x year dummies, and size class x year dummies. All columns include firm 

fixed-effects, industry (2-digits) x year dummies, region x year dummies, and size class x year dummies. The 

instrumental variable defined in the main text is a weighted average of supply shocks from all countries, except France 

and neighboring countries of France: Italy, Belgium, Spain, Germany, and the UK, towards all countries except France 

and neighboring countries of France. The weights, firm-specific, equal the product share of the firm total imports in 

the first three years of trade data available. Robust standard errors clustered at the firm level. * p < 0.1, ** p < 0.05, 

*** p < 0.01. 

 

 
Table 19: Emission Intensity, Imported Emissions and Exports 

 



 

 

Dep. Var. log(Emissions/ Turnover)   

  
OLS IV 

IV, 

pre-trends 

IV, 

pre-trend 

sample   

Imported Emissions (in log) 

-

0.0434*** 

-

0.311 

-

0.268 

-

0.312 

  

(0.0

121) 

(0.1

96) 

(0.1

73) 

(0.1

90) 

Large Export Dummy x Imported 

Emissions  

-

0.0241* 

-

0.240** 

-

0.191 

-

0.229 

(in log) (0.0

138) 

(0.1

19) 

(0.1

42) 

(0.1

54) 

Time x pre-sample avg. emission 

intensity  

(in log) 

  
-

0.0160*** 
 

  
(0.0

016) 
 

Time x pre-sample avg. changes in 

emission 

intensity (in log) 

  
-

0.0148*** 
 

  
(0.0

051) 
 

Observations 

35,5

37 

35,5

37 

23,5

30 

23,5

30 

Number of firms 

496

2 

496

2 

276

2 

276

2 

F-test excluded instrument 
 26.1

1 

28.7

5 

29.3

1 

Notes: Only firms always importing are included in the estimation sample. All rows include firm fixed-effects, 

industry (2-digits) x year dummies, region x year dummies, and size class x year dummies. All columns include firm 

fixed-effects, industry (2-digits) x year dummies, region x year dummies, and size class x year dummies. The ‘large 

exporter dummy’ is defined by an indicator function equal 1 for companies above the median export intensity over the 

entire sample period.  The instrumental variable defined in the main text is a weighted average of supply shocks from 

all countries, except France and neighboring countries of France: Italy, Belgium, Spain, Germany, and the UK, towards 

all countries except France and neighboring countries of France. The weights, firm-specific, equal the product share of 

the firm total imports in the first three years of trade data available and are adjusted for the average emission intensity 

of the product. Robust standard errors clustered at the firm level. * p < 0.1, ** p < 0.05, *** p < 0.01. 



 

 

Table 20: Emission Intensity and Imported Emissions, OECD vs. non-OECD countries 

 

Dep. Var. log(Emissions/ Turnover)  

OLS IV OLS IV 
IV pre-

trend 

  IV pre-

trend 
 

Imported 

Emissions from non-

OECD countries(in 

log) 

-

0.0135*** 

-

0.182*      -0.171* 
 

(0.0028) (0.110) 
  

    (0.0988)  

Imported 

Emissions from OECD 

countries(in log) 

  -

0.0617*** 

-

0.831***  

   -

0.922** 

  (0.0064) (0.276) 
 

    

(0.413) 

Time x pre-

sample avg. emission 

intensity (in log) 

    

-

0.018*** 

(0.0019) 
 

-

0.012*** 

(0.0035) 
 

Time x pre-

sample avg. change in 

emission intensity (in 

log) 

    

-

0.0149** 

(0.0075) 
 

-0.0078 

(0.0074) 
 

Observations 24,691 24,691 35,308 35,308 16,718 23,469 

Number of 

firms 
3836 3836 4935 4935 2231 2761 

F-test 

excluded instrument 
 25.06  39.3 26.21 18.67 

Notes: All columns include firm fixed-effects, industry (2-digits) x year dummies, region x year dummies, and size class x year dummies. The 

instrumental variable defined in the main text is a weighted average of supply shocks from all countries. The supply shocks, product specific, are the 

exported emissions from a country to France neighboring countries: Italy, Belgium, Spain, Germany, and the UK. The weights, firm-specific, equal the 

product share of the firm total imports in the first three years of trade data available. Both the instrument and the endogenous are adapted to include, 

respectively, only imports from non-OECD (col. 2 and 5) or OECD (col. 3 and 6) countries. Robust standard errors in parentheses clustered at the firm 

level. * p < 0.1, ** p < 0.05, *** p < 0.01. 

 

 

  



 

 

Table 21: Emission Intensity, Imported Emissions and Energy Prices 

 

Dep. Var. 

log(Emissions/Tu

rnover)           
  OL

S 
IV IV 

OL

S pre-trend 

IV     

pre-trend 

IV    

pre-trend   

Energy 

Prices (in log) 

-

1.200*** 

-

1.683*** 

-

1.704*** 

-

1.089*** 

-

1.050*** 

-

0.926** 

  

(0.0

560) 

(0.

199) 

(0.

264) 

(0.0

713) 

(0.

323) 

(0.

411) 

Imported 

Emissions (in log)   

-

0.584***   

-

0.517*** 

   

 (0.

204) 
  (0.

159) 

Time x 

pre-sample avg. 

emission intensity 

(in log) 

   

-

0.011*** 

-

0.012*** 

-

0.011*** 

   

(0.0

02) 

(0.

002) 

(0.

003) 

Time x 

pre-sample avg. 

changes in 

emission intensity 

(in log) 

   

-

0.0094** 

-

0.0095** 

-

0.014*** 

   

(0.0

05) 

(0.

005) 

(0.

005) 

Observati

ons 

26,

103 

26

,103 

26

,103 

17,

274 

17

,274 

17

,274 

Number 

of firms 

414

0 

41

40 

41

40 

233

0 

23

30 

23

30 

F-test 

excluded 

instrument 

 46

6.1 

18

.53 
 18

5.8 

24

.87 

Notes: Only firms always importing are included in the estimation sample. All rows include firm fixed-

effects, industry (2-digits) x year dummies, region x year dummies, and size class x year dummies. In columns 

3 and 4, we replace size class x year dummies with the log of turnover.  The instrumental variable defined in 

the main text is a weighted average of supply shocks from all countries, except France and neighboring 

countries of France: Italy, Belgium, Spain, Germany, and the UK, towards all countries except France and 

neighboring countries of France. The weights, firm-specific, equal the product share of the firm total imports 

in the first three years of trade data available and are adjusted for the average emission intensity of the product. 

The instrumental variable for energy prices is a weighted average of industry level fuel prices. The fuel weights, 

firm specific, are the share of the fuel in total energy use of the firm. The industry-level fuel prices are the 

median price at the 3-digits industry level. Robust standard errors in parentheses clustered at the firm level. * 

p < 0.1, ** p < 0.05, *** p < 0.01.  

 

 

 



 

 

 

Appendixes  

A. Data Appendix 

A1. Data Issues 

Sectoral crosswalks IEA-WIOD. The sector nomenclature used by the IEA is different but 

is mapping well with the WIOD 2013 and WIOD 2016. IEA sectors are clear aggregates of the 

sectors of the WIOD except for  “Iron and steel” and “Non-ferrous metals” of IEA that have to be 

aggregated to a WIOD sector called “Basic Metals and Fabricated Metal” which corresponds to 

sec27to28 in WIOD 2013 and to C24 and C25 in WIOD 2016. 

The WIOD 2013 and 2016 releases have different number of sectors. The 2013 release 

sector classification is based on the NACE Rev 1 and contains 35 sectors while the 2016 release 

is based on NACE Rev 2 and contains 56 sectors. The crosswalk in this case is straightforward 

and we use the sectoral classification of 2013. This choice is done because relevant emission data 

from IEA are available only at a rather aggregated sectoral level. 

Deflating import values. For each sector and year, we compute a Tornqvist price index 

following the methodology of Gaulier et al. (2008). The Tornqvist price index is the exact price 

index for a general Translog production function. We use this index to avoid making strong 

hypothesis on the substitution between imported goods within a sector. 

The Tornqvist price index for imported goods is computed as follows: 

𝑇𝑠𝑡 = √𝐿𝑠𝑡𝑃𝑠𝑡, 

where 𝐿𝑠𝑡 is the geometric Laspeyres price index (𝐿𝑠𝑡 = ∏ (
𝑝𝑘𝑡

𝑝𝑘0
)

𝑤𝑘𝑠0

𝑘∈𝑠 ) and 𝑃𝑠𝑡 is the 

geometric Paasche price index (𝑃𝑠𝑡 = ∏ (
𝑝𝑘𝑡

𝑝𝑘0
)

𝑤𝑘𝑠𝑡

𝑘∈𝑠 ). 𝑝𝑘𝑡 is the price of imported good k at time 

t and 𝑤𝑘𝑠𝑡 is the share of imports of product k on total expenditure in sector s (𝑤𝑘𝑠𝑡 =
∑ 𝑀𝑖𝑗𝑘𝑡𝑖𝑗

∑ 𝑀𝑖𝑗𝑘𝑡𝑖𝑗,𝑘∈𝑠
). 

Zero represents the baseline year which is 1994 in our case. 

We use unit value of imports of French firms to compute the 𝑝𝑘𝑡. However, unit values 

suffer from outliers, thus we follow the method described in Gaulier et al. (2008) to suppress 

unrealistic data points where the variation is more or less than 5 times the median variation. 

After such outliers are dropped, import prices are computed as follows: 

𝑝𝑘𝑡 =
∑ 𝑀𝑖𝑗𝑘𝑡𝑖𝑗

∑ 𝑄𝑖𝑗𝑘𝑡𝑖𝑗
, 

where 𝑀𝑖𝑗𝑘𝑡 is the import value in euros of firm i from country j in product k and 𝑄𝑖𝑗𝑘𝑡 is 

the net weight in kilograms. 

Deflating current output. Output and value added of French companies has been deflated 

using sectoral deflators provided by the INSEE. To deflate foreign output, we use data from the 



 

 

social accounts of the WIOD 2013 and 2016 that provides output price index for each country and 

sector. The additional issue here is that we need to aggregate the price index correctly between 

WIOD sectors belonging to the same IEA sectors.  

The price index of an IEA sector is computed as follows: 𝑃𝑗𝑠𝑡 = ∑
∑ 𝑌𝑗𝑘𝑡𝑡

∑ ∑ 𝑌𝑗𝑘𝑡𝑘∈𝑠𝑡
𝑘∈𝑠 𝑃𝑗𝑘𝑡 . In 

other words, we weight each subsector with their contribution to the sector output during the entire 

observation periods. 

For three countries: Switzerland, Norway, and Croatia, there are no data on output price 

index. We input the data using the simple mean of contiguous countries. Because WIOD data cover 

only OECD countries plus BRICS, we need to build a price index for the rest of world. We use a 

similar approach than for the aggregation at the IEA level. We compute a weighted average of the 

different countries price index. The weight are the countries’ share of total output in a given sector 

for the entire period. 

Missing data and outliers. Switzerland, Norway, and Croatia are not in the 2013 release of 

WIOD, which covers years before 1999. We impute data from1995 to 1999 by using the value of 

2000 values (first year of 2016 release). 

Following the end of the Soviet Union, several countries in our analysis: Bulgaria, 

Romania, and Russia experienced episodes of hyperinflation with a large drop of output at the 

beginning of the observations period between 1994 and 2000. Consequently, the times series for 

real output, emission intensity and input-output are chaotic. Therefore, for these countries, we 

assume that they have the emission intensity of their neighbors: Czech Republic, Slovakia, 

Slovenia, Estonia, Lithuania, Hungary and Poland. Since in the row data Russia, Bulgaria and 

Romania have high emission intensity, we apply to them the maximum value of these countries 

for each sector. Notice that these imputations have little effect on our results as imports from these 

countries is a tiny fraction of total imports of French companies.  

A2. Alternative measure of imported emissions  

Our measure of emission intensity assumes that the CO2 emission intensity is the same 

across products of a given sector s and country j.  This is clearly a drastic assumption, especially 

in light of the heterogeneity in emission intensity across products within the same sector (Barrows 

and Ollivier, 2018). Data on product level emission intensity that vary by country, sector and years 

are unfortunately not available.  

Sato (2014) collected data from life-cycle analysis of the carbon footprint at the product 

level in 2006, which are however time- and country-invariant. Therefore, by using these data, we 

will use the time and country-specific variation in emission intensity.94 To circumvent this issue, 

                                                 
94 Sato (2014) uses the SITC product nomenclature. We use correspondence tables (SITC-to-CPA) to 

transpose them in our Statistical Classification of Products by Activity in the European Economic Community (so 
called CPA) nomenclature. Correspondence tables are available from the base RAMON - Reference And Management 
Of Nomenclatures from EUROSTAT. 



 

 

we use the Sato’s emission factor to make the IEA data on emission intensity to vary at the product 

level.  

This adjusted measure of emission intensity is:  

 
𝐼𝑚𝑝𝐸𝑖𝑡 = ∑ ∑ 𝑀𝑖𝑗𝑡,𝑘∈𝑠 𝐸𝐼𝑗𝑡,𝑘∈𝑠𝑗𝑘          (1.A2) 

 

Same formulas as (1) but 𝐸𝐼𝑗𝑡,𝑘∈𝑠 is computed differently. 

𝐸𝐼𝑗𝑡,𝑘∈𝑠 =
𝐸𝐼𝑘

𝐸𝐼̅̅ ̅𝑠
𝐷𝐸𝐼𝑗𝑠𝑡 + 𝐼𝐸𝐼𝑗𝑠𝑡, 

where 𝐸𝐼𝑘 is product level carbon intensity from Misato and 𝐸𝐼̅̅
�̅� =

1

𝑛𝑘
∑ 𝐸𝐼𝑘∈𝑠𝑘  is the 

simple average emissions intensity of products produced in sector s. The ratio 
𝐸𝐼𝑘

𝐸𝐼̅̅ ̅𝑠
 allows 

combining industry x country emissions intensities with product level emission intensity. 

 

B. Appendix: Decomposition of Imported Emissions and Descriptive 

Evidence 

In this section, we provide details on the decomposition of imported emissions. Note first 

that imported emissions can be written as follows: 

 

𝐼𝑚𝑝𝐸𝑖𝑡 = 𝑀𝑖𝑡 ∑ ∑  𝜙𝑖𝑗𝑠𝑡𝐸𝐼𝑗𝑠𝑡𝑗𝑠 ,                   (1.B) 

 

where 𝑀𝑖𝑡 are total import of firm 𝑖, 𝜙𝑖𝑗𝑠𝑡 = 𝑀𝑖𝑗𝑠𝑡/𝑀𝑖𝑡 is the share of imports coming from 

sector 𝑠 and country 𝑗 and 𝐸𝐼𝑗𝑠𝑡  is emission intensity of the same sector-country pair. Totally 

differentiating equation (1.B), we obtain a standard decomposition formula: 

 

𝑑𝐼𝑚𝑝𝐸𝑖𝑡 =
𝜕𝐼𝑚𝑝𝐸𝑖𝑡

𝜕𝑀𝑖𝑡
𝑑𝑀𝑖𝑡 +

𝜕𝐼𝑚𝑝𝐸𝑖𝑡

𝜕𝜙𝑖𝑗𝑠𝑡
𝑑𝜙𝑖𝑗𝑠𝑡 +

𝜕𝐼𝑚𝑝𝐸𝑖𝑡

𝜕𝐸𝐼𝑗𝑠𝑡
𝑑𝐸𝐼𝑗𝑠𝑡 .  (2.B) 

 

The total change in imported emissions is decomposed into a scale, a composition and a 

technique effect. The scale effect measures how much increase in imported emissions is due to an 

increase in the volume of imports. The composition effect measures how much increase in 

emissions is due to the import of products from sector-country pair with a higher carbon intensity. 

Finally, the technique effect measures the extent to which imported emission becomes cleaner 

thanks to technological improvements elsewhere. Developing equation (2.B) gives: 

 



 

 

𝑑𝐼𝑚𝑝𝐸𝑖𝑡 =  ∑ ∑  �̅�𝑖𝑗𝑠𝑡𝐸𝐼̅̅
�̅�𝑠𝑡𝑗𝑠 𝑑𝑀𝑖𝑡 + �̅�𝑖𝑡 ∑ ∑  𝐸𝐼̅̅

�̅�𝑠𝑡𝑗𝑠 𝑑𝜙𝑖𝑗𝑠𝑡 + �̅�𝑖𝑡 ∑ ∑  �̅�𝑖𝑗𝑠𝑡𝑑𝐸𝐼𝑗𝑠𝑡𝑗𝑠  

(3.B) 

 

where �̅�𝑡 = 0.5 (𝑋𝑡 + 𝑋𝑡−1) and d𝑋𝑡 = 𝑋𝑡 − 𝑋𝑡−1.We perform the decomposition for each 

manufacturing firms and then sum each element of equations (3.B) across firms to see what drove 

change in total imported emissions at the aggregate manufacturing level. As 𝑑𝐼𝑚𝑝𝐸𝑖𝑡 is not 

defined for firms that stop or start importing, there is a gap between change in imported emissions 

and the sum of scale, composition and technique effect at the aggregate level. This gap represents 

the net contribution of entry and exit to imported emissions. 

The results are plotted in Figure 1 and are reported in Table 1A for sake of completeness. 

Table 2B reports the results using the different method described in section A2. The results are 

very similar and the correction for product level emissions leads as expected to a slightly larger 

composition effect (+71% rather than +69%). 

 

Table 1B: Decomposition of imported emissions 

1997-2014, main method  

Component Change from 1997 to 2014 

Entry and 

Exit 
41% 

Intensive 

scale -34% 

Composition 69% 

Technique -42% 

Total change 34% 

Mt CO2 in 

1997 68.1 

Mt CO2 in 

2014 91.2 

Notes: authors’ calculation based on trade flows from 

the French custom and emission intensity computed using IEA 

and WIOD data. These statistics are for all firms in the French 

manufacturing sector. 

 

 

Table 2B: Decomposition of imported emissions 

1997-2014,  correcting for product-level emissions  (see 

section A2) 

Component Change from 1997 to 2014 

Entry and 

Exit 
38% 



 

 

Intensive 

scale -34% 

Composition 71% 

Technique -43% 

Total change 33% 

Mt CO2 in 

1997 69.7 

Mt CO2 in 

2014 92.8 

Notes: authors’ calculation based on trade flows from 

the French custom and emission intensity computed using IEA 

and WIOD data. These statistics are for all firms in the French 

manufacturing sector. 

 

 

Figure 1B: Evolution of carbon emissions, output, and average emission intensity of the French manufacturing sector 

 
Notes: authors’ calculation based on sector data IEA data on carbon emissions from fuel combustion and 

WIOD data on input-output table and total output. These statistics are for all firms in the French manufacturing sector. 
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Figure 2B: Evolution of CO2 Emissions, Emissions Intensity and Output, estimation sample 

 
             Notes: Our elaboration on EACEI and FARE-FICUS confidential data.  

 
Figure 3B: Evolution of Imported Emissions, OECD vs. non-OECD 

Notes: Our elaboration on Custom confidential data. 
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Table 3B: Descriptive statistics 

  

CO2 

Emission 

Int. (tons 

CO2/1000 

EUR) 

CO2 

Emissions 

(tons CO2) 

Turno

ver (1000 

EUR) 

Impo

rted 

Emissions 

(tons 

CO2) 

Imp

orts (million 

euros) 

Ene

rgy Prices 

(1000 euros 

/ toe) 

Firms always importing 

(average=2510) 
    

mea

n 

62

.1 

2469

.1 

5362

5.1 

3669

.3 
9.7 

0.6

57 

medi

an 

22

.9 

526.

9 

2158

0.5 

719.

9 
2.2 

0.6

30 

stand

ard dev. 

16

2.2 

6152

.6 

1463

39.4 

1466

7.9 

34.

7 

0.3

29 

grow

th 2012-14 

vs. 2000/02 

-

0.302 

-

0.184 
0.244 

0.25

7 

0.1

80 

0.5

47 

Firms always present in the sample (N=281) 

mea

n 

27

5.7 

2830

0.0 

1368

43 

1236

1.6 

24.

3 

0.5

66 

medi

an 

46

.5 

2995

.8 

5998

3 

2826

.8 
7.2 

0.5

52 

stand

ard dev. 

93

0.6 

1190

00 

3515

32 

4118

5.6 

58.

6 

0.1

71 

grow

th 2012-14 

vs. 2000/02 

-

0.413 

-

0.166 
0.279 

0.29

9 

0.1

31 

0.6

49 

Notes: our elaboration on EACEI, FARE-FICUS and Custom data. All statistics are unweighted. The 

growth rates are based on the difference between the moving average of the last three years (2012-2014) and the 

moving average of the first three years (2000-2002).  

 

 

C. Appendix: Robustness Checks 
 
Table 1C. Emissions and Imported Emissions, controlling for pretrends 

 

Dependent variable log(Emissions)   

  
IV IV 

IV, 

turnover 

IV, 

turnover   

Imported Emissions (in log) 

0.1

36 

0.0

689 

-

0.324 

-

0.578 

  

(0.

129) 

(0.

131) 

(0.

485) 

(0.

704) 

Turnover (in log)   

0.7

74 

1.0

96 



 

 

    

(0.

587) 

(0.

855) 

Time x pre-sample avg. emissions (in log) 

-

0.0156***  

-

0.0110***  

  

(0.

0014)  

(0.

0011)  
Time x pre-sample avg. changes in emissions 

(in log) 

-

0.00672  

-

0.0127  

  

(0.

0043)  

(0.

0091)  

Observations 

24,

243 

24,

243 

24,

243 

24,

243 

Number of firms 

28

56 

28

56 

28

56 

28

56 

F-test excluded instrument 

45.

86 

44.

78 

4.5

18 

3.8

25 

Notes: Only firms always importing are included in the estimation sample. All rows include firm fixed-effects, 

industry (2-digits) x year dummies, region x year dummies, and size class x year dummies. All columns include firm 

fixed-effects, industry (2-digits) x year dummies, region x year dummies, and size class x year dummies. The instrumental 

variable defined in the main text is a weighted average of supply shocks from all countries, except France and neighboring 

countries of France: Italy, Belgium, Spain, Germany, and the UK, towards all countries except France and neighboring 

countries of France. The weights, firm-specific, equal the product share of the firm total imports in the first three years 

of trade data available and are adjusted for the average emission intensity of the product. Robust standard errors clustered 

at the firm level. * p < 0.1, ** p < 0.05, *** p < 0.01. 

 

 
Table 2C: Emission Intensity and Imported Emissions, different IV 

 

Dep. Var. log(Emissions/ 

Turnover) 
    

  IV  less 

exogenous 

IV    product-

destination variation   

Imported Emissions (in log) 

-

0.373*** 
-0.843 

  (0.138) (1.049) 

Observations 35,537 33,504 

Number of firms 4962 4591 

F-test excluded instrument 62.01 3.301 

Notes: Only firms always importing are included in the estimation sample. All columns include 

firm fixed-effects, industry (2-digits) x year dummies, region x year dummies, and size class x year 

dummies. Robust standard errors in parentheses clustered at the firm level. In column 1, we use a 

different and arguably less exogenous shift, namely world exports of all countries except France and 

countries bordering France towards the countries bordering France (i.e., Germany, Spain, Italy, UK, and 

Belgium). In column 2, as in Carluccio et al. (2015), we use origin-destination variation in the initial 

shares and total global exports as a shift. * p < 0.1, ** p < 0.05, *** p < 0.01.  

 

 

 

 



 

 

Table 3C: Emission Intensity and Imported Emissions, add. controls 

Dep. Var. log(Emissions/ Turnover) 

  OLS IV 

Imported Emissions (in log) -0.0575*** -0.403** 

  (0.0063) (0.183) 

Capital per worker (in log) 0.0185*** 0.0337*** 

  (0.0059) (0.0106) 

Value Added per worker (in log) -0.151*** -0.117*** 

  (0.0132) (0.0221) 

Observations 35,537 35,537 

Number of firms 4,962 4,962 

F-test excluded instrument   48.22 

Notes: Only firms always importing are included in the estimation sample. All rows include 

firm fixed-effects, industry (2-digits) x year dummies, region x year dummies, and size class x year 

dummies. All columns include firm fixed-effects, industry (2-digits) x year dummies, region x year 

dummies, and size class x year dummies. The instrumental variable defined in the main text is a weighted 

average of supply shocks from all countries, except France and neighboring countries of France: Italy, 

Belgium, Spain, Germany, and the UK, towards all countries except France and neighboring countries 

of France. The weights, firm-specific, equal the product share of the firm total imports in the first three 

years of trade data available and are adjusted for the average emission intensity of the product. Robust 

standard errors clustered at the firm level. * p < 0.1, ** p < 0.05, *** p < 0.01. 

 

 
Table 4C: Emission Intensity and Imported Emissions, energy intensive sectors 

Dep. Var. log(emissions/turnover) 

  

OLS IV 
IV 

pretrends 

IV 

pretrends 

sample 

Imported Emissions (in log) 
-

0.0455 

-

0.159 

-

0.0782 

-

0.183 

 

(0.28

5) 

(0.19

1) 

(0.15

4) 

(0.15

8) 

Imported Emissions (in log) X  
-

1.011 

-

0.579 

-

0.609* 

-

0.538 

Dummy energy intensive sector (0.74

3) 

(0.38

1) 

(0.32

1) 

(0.33

3) 

Time x pre-sample avg. emissions 

(in log) 
    

-

0.0160*** 
  

    
(0.00

184) 
  

Time x pre-sample avg. changes 

emiss. (in log) 
    

-

0.0142*** 
  

    
(0.00

432) 
  



 

 

Observations 

35,53

7 

35,53

7 
23,50

7 

23,50

7 

Number of firms 4,962 4,962 2755 2755 

F-test excluded instrument   23.93 25.73 25.93 

Notes: Only firms always importing are included in the estimation sample. All rows include firm fixed-effects, 

industry (2-digits) x year dummies, region x year dummies, and size class x year dummies. All columns include firm 

fixed-effects, industry (2-digits) x year dummies, region x year dummies, and size class x year dummies. The 

instrumental variable defined in the main text is a weighted average of supply shocks from all countries, except France 

and neighboring countries of France: Italy, Belgium, Spain, Germany, and the UK, towards all countries except France 

and neighboring countries of France. The weights, firm-specific, equal the product share of the firm total imports in 

the first three years of trade data available and are adjusted for the average emission intensity of the product. Robust 

standard errors clustered at the firm level. * p < 0.1, ** p < 0.05, *** p < 0.01. 

 

 
Table 5C: Emission Intensity and Imported Emissions, rescaling for Value Added 

Dep. Var. log(Emissions/ Value Added)   

  OLS IV 

Imported Emissions (in log) -0.0288*** -0.395** 

  (0.00590) (0.169) 

Observations 35,462 35,462 

Number of firms 4957 4957 

F-test excluded instrument  49.34 

Notes: Only firms always importing are included in the estimation sample. All rows include 

firm fixed-effects, industry (2-digits) x year dummies, region x year dummies, and size class x year 

dummies. All columns include firm fixed-effects, industry (2-digits) x year dummies, region x year 

dummies, and size class x year dummies. The instrumental variable defined in the main text is a 

weighted average of supply shocks from all countries, except France and neighboring countries of 

France: Italy, Belgium, Spain, Germany, and the UK, towards all countries except France and 

neighboring countries of France. The weights, firm-specific, equal the product share of the firm total 

imports in the first three years of trade data available and are adjusted for the average emission 

intensity of the product. Robust standard errors clustered at the firm level. * p < 0.1, ** p < 0.05, *** p 

< 0.01. 

 

 

 
Table 6C: Emission Intensity and Imported Emissions, firms covered 100% in EACEI 

Dep. Var. log(Emissions/ Turnover) 

  OLS                IV                   

Imported Emissions (in log) -0.0564*** -0.342** 

 (0.0069) (0.1710) 

Observations 30 715 30 715 

Number of firms 4488 4488 

F-test excluded instrument  51.16 



 

 

Notes: Only firms always importing are included in the estimation sample. All rows include 

firm fixed-effects, industry (2-digits) x year dummies, region x year dummies, and size class x year 

dummies. All columns include firm fixed-effects, industry (2-digits) x year dummies, region x year 

dummies, and size class x year dummies. The instrumental variable defined in the main text is a weighted 

average of supply shocks from all countries, except France and neighboring countries of France: Italy, 

Belgium, Spain, Germany, and the UK, towards all countries except France and neighboring countries 

of France. The weights, firm-specific, equal the product share of the firm total imports in the first three 

years of trade data available and are adjusted for the average emission intensity of the product. Robust 

standard errors clustered at the firm level. * p < 0.1, ** p < 0.05, *** p < 0.01. 

 

 
Table 7C: Emission Intensity and Imported Emissions, weighted by turnover 

Dep. Var. log(Emissions/ Turnover)     

  OLS                IV                   

Imported Emissions (in log) -0.103*** -0.638*** 

  (0.00995) (0.186) 

Observations 35,532 35,532 

Number of firms 4963 4963 

F-test excluded instrument   124.7 

Notes: Regressions weighted by turnover. Only firms always importing are included in the 

estimation sample. All rows include firm fixed-effects, industry (2-digits) x year dummies, region x year 

dummies, and size class x year dummies. All columns include firm fixed-effects, industry (2-digits) x 

year dummies, region x year dummies, and size class x year dummies. The instrumental variable defined 

in the main text is a weighted average of supply shocks from all countries, except France and neighboring 

countries of France: Italy, Belgium, Spain, Germany, and the UK, towards all countries except France 

and neighboring countries of France. The weights, firm-specific, equal the product share of the firm total 

imports in the first three years of trade data available and are adjusted for the average emission intensity 

of the product. Robust standard errors clustered at the firm level. * p < 0.1, ** p < 0.05, *** p < 0.01.  

 

 
Table 8C: Emission Intensity and Imported Emissions, all importers 

Dep. Var. log(Emissions/ Turnover)     

  
OLS IV 

IV, 

pre-trends 

IV, 

pre-trend 

sample   

Imported Emissions (in log) 
-

0.0403*** 

-

0.611** 

-

0.478*** 

-

0.529*** 

  
(0.00

418) 

(0.28

2) 

(0.17

6) 

(0.19

2) 

Time x pre-sample avg. emission 

intensity  
    

-

0.0168*** 
  

(in log) 
    

(0.00

162) 
  

Time x pre-sample avg. changes in 

emission 
    

-

0.0152*** 
  



 

 

intensity (in log) 
    

(0.00

542) 
  

Observations 
53,2

14 

53,2

14 

31,3

68 

31,3

68 

Number of firms 9217 9217 4437 4437 

F-test excluded instrument   
21.4

1 

36.5

5 

36.1

3 

Notes: Firms importing are included in the estimation sample. All rows include firm fixed-effects, industry 

(2-digits) x year dummies, region x year dummies, and size class x year dummies. All columns include firm fixed-

effects, industry (2-digits) x year dummies, region x year dummies, and size class x year dummies. The instrumental 

variable defined in the main text is a weighted average of supply shocks from all countries, except France and 

neighboring countries of France: Italy, Belgium, Spain, Germany, and the UK, towards all countries except France and 

neighboring countries of France. The weights, firm-specific, equal the product share of the firm total imports in the 

first three years of trade data available and are adjusted for the average emission intensity of the product. Robust 

standard errors clustered at the firm level. * p < 0.1, ** p < 0.05, *** p < 0.01. 

 

 
Table 9C: Emission Intensity and Imported Emissions, dynamic model 

Dep. Var. log(Emissions/ Turnover)       
 All 

Importers 

All 

Importers 

Alway

s Importers 

Alway

s Importers   

Imported Emissions (t, 

log) -0.267 -0.391 -0.152 

-

0.257* 

  

(0.265

) 

(0.243

) 

(0.161

) 

(0.144

) 

Imported Emissions (t-1, 

log) -0.138   -0.17   

  

(0.129

)   

(0.127

)   

Cumulative Effect -0.405   

-

0.322**   

p-value cumulative effect 0.114   0.0477   

Observations 

35 

800 

35 

800 25 795 25 795 

Number of firms 6385 6385 3902 3902 

F-test excluded 

instrument 6.795 19.67 15.36 45.71 

Notes: All columns include firm fixed-effects, industry (2-digits) x year dummies, region x year dummies, 

and size class x year dummies. The instrumental variable defined in the main text is a weighted average of supply 

shocks from all countries. The supply shocks, product specific, are the exported emissions from a country to France 

neighboring countries: Italy, Belgium, Spain, Germany, and the UK. The weights, firm-specific, equal the product 

share of the firm total imports in the first three years of trade data available. Robust standard errors in parentheses 

clustered at the firm level. In columns (1) and (3), each endogenous is instrumented with the corresponding IV, i.e. 

the current IV and the lagged one. * p < 0.1, ** p < 0.05, *** p < 0.01.  

 

 

 
Table 10C: Emission Intensity and Imported Emissions, dynamic model 



 

 

Dep. Var. log(Emissions/ Turnover)         
  

OL

S 

I

V 

IV 

no lags 

I

V 

pretrends 

I

V 

pretrends 

sample 
  

Imported Emissions (in log) 

-

0.045*** 

-

0.466** 

-

0.395** 

-

0.527** 

-

0.402** 

  

(0.

0067) 

(0.

226) 

(0.

175) 

(0.

265) 

(0.

187) 

Imported Emissions (in log), t-1 

-

0.024*** 

0.

0884 
  

0.

109 

-

0.0186 

  

(0.

006) 

(0.

198) 

 
(0.

221) 

(0.

193) 

Time x pre-sample avg. emission intensity 

(in log) 
      

-

0.014*** 
  

   
(0.

0019) 

 

Time x pre-sample avg. changes in 

emission intensity (in log) 
      

-

0.00911 
  

    

 
(0.

0063) 

 

Cumulative Effect 
-

0.069*** 

-

0.378** 

-

0.395*** 

-

0.418* 

-

0.421** 

Observations 
24,

851 

2

4,851 

24

,851 

17

,614 

1

3,495 

Number of firms 
380

7 

380

7 

3

807 

23

97 

2

069 

F-test excluded instrument  7.7

11 

3

1.32 

5.

879 

8

.747 
Notes: Firms importing are included in the estimation sample. All rows include firm fixed-effects, industry (2-digits) x year 

dummies, region x year dummies, and size class x year dummies. All columns include firm fixed-effects, industry (2-digits) x year 

dummies, region x year dummies, and size class x year dummies. The instrumental variable defined in the main text is a weighted 

average of supply shocks from all countries, except France and neighboring countries of France: Italy, Belgium, Spain, Germany, 

and the UK, towards all countries except France and neighboring countries of France. The weights, firm-specific, equal the product 

share of the firm total imports in the first three years of trade data available and are adjusted for the average emission intensity of 

the product. In the dynamic model of columns (2)-(5), each endogenous is instrumented with the corresponding IV, i.e. the current 

IV and the lagged one.  Robust standard errors clustered at the firm level. * p < 0.1, ** p < 0.05, *** p < 0.01. 

 

 

 
Table 11C: Imported Emissions and Energy Prices 

Dependent var. log(Imported Emissions), except in column (5) where it is the share of imported on 

domestic emissions in log 

  
OLS IV                   

IV,                     

non-OECD 

IV,               

OECD 

IV,                                    

share   

Energy Prices (in log) 
-

0.0441 
0.127 0.234 -0.114 

0.919*

** 

  
(0.035

6) 

(0.349

) 

(1.011

) 

(0.339

) 

(0.252

) 



 

 

Observations 26,103 26,103 17,684 25,926 26,103 

Number of firms 4140 4140 3105 4115 4140 

F-test excluded 

instrument 
  466.1 

242.6 464.5 466.1 

Notes: All columns include firm fixed-effects, industry (2-digits) x year dummies, and region x year dummies. The 

instrumental variable is a weighted average of industry level fuel prices. The fuel weights, firm specific, are the share of the fuel 

in total energy use of the firm. The industry-level fuel prices are the median price at the 3-digits industry level. Robust standard 

errors in parentheses clustered at the firm level. * p < 0.1, ** p < 0.05, *** p < 0.01.  
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Abstract:  

In the absence of a global greenhouse gas reduction mechanism, the EU adopted the strongest 

climate mitigation policy in the world. As a result of this, there are concerns about the challenges 

faced by EU carbon-intensive and trade exposed countries and industries as well as regarding the 

effective contribution of EU climate policies to GHG emission reductions.  One the one hand, 

competitiveness may be harmed due to the unilateral nature of climate mitigation policy and the 

impact this can have on trade flows and balances. On the other hand, European demand for foreign 

carbon-intensive good may increase, potentially offsetting any emission reduction efforts. In this 

analysis, we assess whether and how embodied emissions in traded goods have changed over time, 

particularly in response to the implementation of climate mitigation policies. We find evidence that 

stringent environmental policies are associated with lower emissions intensity and lower exported 

emissions. But we do not find conclusive evidence for the pollution haven hypothesis: our results do 

not support the existence of carbon leakage from the EU in aggregated terms. Further analysis on 

more disaggregated sector level emission data is under way within INNOPATHS and will represent 

an important refinement of our findings. 
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7.1 Introduction 

The increasing volume of global trade (and corresponding embodied emissions) is a 

significant concern in light of the pressing climate change challenges. General trade increases over 

time as a result of globalisation (Helpman et al., 2008). During the last two decades, international 

trade patterns have been characterised by strong growth, interrupted only by the global economic 

downturn related to the 2008-2009 financial crisis. In value terms, trade increased from 32% in 

2009 and 43% in 2019 of the European Union (EU)’s national gross domestic product (GDP) 

(European Commission, 2019). Consumers and producers choose a wide range of goods and 

services produced internationally: some of them embody harmful emissions. Since 1995, carbon 

emissions embodied in traded goods have increased in absolute value (Peters et al., 2011), and 

now account now for about a quarter of total global emissions (Rafaël & Tancrède, 2020).  
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The most common way to measure CO2 emissions attributes to a given country all the 

greenhouse gas (GHG) emissions emitted as a by-product of that country’s production. Indeed, 

this accounting method is used when countries report their domestic emissions and set their 

emissions targets internationally (Eggleston et al., 2006). Yet, many have argued that the most 

appropriate way to attribute GHG emissions is based on where the final good is utilized/consumed 

(Peters et al., 2011). In this way, it is apparent that a large portion of emissions from developing 

countries is generated through the production of goods which are meant for the international 

market rather than for domestic consumption. As a result, developed countries can be considered 

partially responsible for GHG emissions in fast-growing, export-oriented economies, as they 

demand high-carbon goods from abroad (Yunfeng & Laike, 2010; Peters et al., 2011; Lin et al., 

2014). Indeed, previous analyses show that China is a high-carbon exporter, whereas the EU is a 

net importer of emissions (Wood et al. 2020). The lack of a uniform carbon pricing mechanism in 

the world contributes to this phenomenon (Peters et al., 2011). 

The increased volume of embodied emissions hides two different dynamics. On the one 

hand, a higher level of global trade necessarily increases embodied emissions, as most of the 

world’s production relies on the use of fossil energy (Peters et al., 2011). On the other hand, if the 

traded goods are produced in countries that have very carbon-intensive economies, average 

embodied emissions per dollar traded may also increase (Karstensen et al., 2018). In this last case, 

there are concerns regarding possible carbon leakage, i.e., possible shifts of the production of 

energy-intensive goods from carbon-efficient to carbon-intensive economies (Verde, 2020). As 

postulated by the well-known pollution haven hypothesis, countries with the more stringent policy 

may end up importing more polluting goods from countries with laxer policies following the 

relocation of carbon-intensive industries and/or sectors (Jaffe & Peterson, 1995).  

While some efforts have been made to shed light on these issues (Sauvage, 2014), much 

remains to be understood. Some argue that carbon leakages and pollution havens are a key concern 

(Babiker, 2005; Böhringer et al., 2018). Importantly, most of these analyses rely on ex-ante 

simulation models such as Computable General Equilibrium (CGE) models. On the other hand, 

the volume of global trade has grown more rapidly than the carbon emissions embodied in it, 

suggesting some changes in the production processes or in the location decisions of firms. Indeed, 

several econometric analyses find small and insignificant effects of environmental policy 

instruments on the relocation of firms and/or on carbon leakage (Ederington et al., 2005; Levinson, 

2016; Levinson & Taylor, 2008). A recent study, which investigated the impact of the EU Emission 

Trading Scheme (ETS) on carbon leakage, found no statistically significant evidence (Branger et 

al., 2016).  

The debate around embodied emissions is crucial for the design of EU environmental 

policy because the EU is the world’s largest net importer of CO2, as embodied in traded goods and 

services. Indeed, the EU considers two key targets for its decarbonisation efforts: EU-related 

domestic CO2 emissions, on the one hand, and embodied emissions imported into the EU on the 

other. Attention to both these issues is dictated by the strong concern that unless embodied 

emissions are monitored, the EU could lose its competitiveness following the implementation of 



 

 

more stringent environmental policies due to carbon leakage dynamics. If this were the case, not 

only the EU would both loose from an economic point of view, as well as fail to contribute to any 

decarbonisation effort because its domestic effort would be offset by increased global carbon 

emissions from other regions driven by EU demand. This is the core argument in the discussion of 

the current carbon border adjustment tax in the European Green Deal. The importance of these 

aspects is testified by the fact that the EU Commission recently launched public consultations on 

a Carbon Border Adjustment Mechanism in the European Green Deal as a potential means to 

reducing the risk of carbon leakage for certain sectors. 

This analysis contributes to the debate on emissions embodied in traded goods. 

Specifically, we explore the extent to which the dynamics of embodied emission in trade are 

affected by changes in the stringency of environmental policies across different countries. We are 

particularly interested in knowing whether more stringent policies are associated with higher 

imported emissions, as the “pollution haven hypothesis” would suggest.  

To explore this question, we proceed in two steps. First, we use a unilateral country-level 

imported emissions database, including 29 countries and 13 sectors over the years 1995-2009, to 

generate descriptive evidence of whether (and how) emissions embodied in international trade 

have changed over time.95 We show the striking differences between EU and non-EU countries in 

terms of embodied emission. We then perform an econometric analysis using panel data techniques 

to assess the extent to which the dynamics of embodied emissions in imported goods relate to the 

implementation of climate change mitigation policies in the EU. Departing from previous 

literature, we introduce a novel environmental policy stringency indicator, constructed using the 

method proposed by Brunel and Levinson (2013). Our results do not show conclusive evidence 

for aggregate carbon leakage.  

The rest of the paper proceeds as follows. In Section 2, we describe the data and explain 

how we construct variables of our interests. In Section 3, we relied on a unilateral country-level 

imported and exported emissions database to generate descriptive evidence and conduct 

econometric analysis aimed at assessing the impact of relative environmental policy stringency on 

the exported (resp. imported) carbon emissions and emissions intensity of exports (resp. imports). 

Section 4 presents the estimated results, interpret, discuss main findings, and then suggest the 

direction of T4.5. of INNOPATHS. 

 

7.2 Data 

In this section, we describe the data sources and how we construct variables for both our 

descriptive and empirical analysis. The list of countries in our sample is reported in Table 2. The 

time period considered ranges from 1995 and 2009, and there are no missing values in our sample. 

                                                 
95 Carbon emissions embodied in trade 

(https://stats.oecd.org/Index.aspx?DataSetCode=TRADEENV_IND1#). The database is unilateral at the sector level.  

https://stats.oecd.org/Index.aspx?DataSetCode=TRADEENV_IND1


 

 

Exported and Imported Emissions 

We used embodied emissions in trade flows as a dependent variable (Garsous, 2019) measured 

in megatonnes of CO2 (MtCO2). Exported emissions are defined as the amount of emissions from 

fossil fuel which have been used to produce the good that a given country exports its trade partners. 

Conversely, imported emissions are defined as the amount of carbon emissions which have been 

used to produce the good that a given country imports from its trade partners. We obtained these 

variables are from data on carbon emissions from fossil fuels provided by the IEA (2018). 

Importantly, this database does not contain bilateral information, rather it computes the total 

embodied emissions in exports (resp. imports) of a given country towards (resp. from) all its 

trading partners.96  

In our analysis, we limit our attention to the manufacturing sectors97 of the economy yet, we 

focus on aggregated (i.e., country-level) dynamics. Research on sector-level dynamics is 

underway, and will be presented in the deliverable linked with T4.5 of INNOPATHS. 

In addition to studying exported and imported emissions, we also describe the dynamics of 

carbon intensity of exports and imports. The intensity variables are defined as embodied emissions 

(in exports or in imports, respectively) over total (exported or imported) value added measured in 

US million dollars, sourced from ICIO (2016 version of OECD’s Inter-Country Input-Output 

(ICIO)) database.98 

Propensity to export and import 

Propensity to export (resp. import) is measured using the ratio of the exported (resp. imported) 

value added to the total value added of a given country in a given year. The data to generate this 

variable is sourced from Trade in Value Added (TiVA) which includes value added content of 

international trade flows and final demand.  

𝑃𝑟𝑜𝑝𝑒𝑛𝑠𝑖𝑡𝑦 𝑖,𝑡 =
𝑣𝑎𝑖,𝑡

𝑇𝑜𝑡𝑎𝑙 𝑣𝑎𝑖,𝑡
               (1) 

Where a country i, year t, 𝑣𝑎𝑖,𝑡 is the gross exported (resp. imported) value added, 𝑇𝑜𝑡𝑎𝑙 𝑣𝑎𝑖,𝑡 

is total value added of a given country with respect to partner countries.  

Environmental Policy 

We measure environmental policy stringency using two different variables: (1) the OECD 

Environmental Policy Stringency (EPS) indicators (Botta & Koźluk, 2014) and (2) a novel 

indicator computed using data from the Environmental Accounts in the World Input-Output 

                                                 
96 We restrict our analysis to 29 countries. 
97 Electrical and Optical Equipment; Transport Equipment; Machinery, Nec; Manufacturing, Nec; Recycling; 

Rubber and Plastics; Wood and Products of wood and cork; Textile and Textile product; Leather and Footwear; Food, 
beverages, and Tobacco; Pulp, paper, paper, printed publ; Chemicals and chemical products; Basic metals and 
fabricated metal; Coke, refined petroleum and nuclear; Other non-metallic mineral 

98 https://stats.oecd.org/Index.aspx?DataSetCode=TIVA_2016_C1# 



 

 

Database (WIOD2013) database and modifying the approach proposed by Brunel and Levinson 

(2013).  

The EPS is an indicator computed by the OECD, which measures “the degree to which 

environmental policies put an explicit or implicit price on polluting or environmentally harmful 

behaviour” (Botta & Koźluk, 2014). it is generated using the information on 15 market based and 

non market based environmental policy instruments in OECD and BRICS countries. This indicator 

ranges from 0 (least stringent) to 6 (most stringent) (Botta & Koźluk, 2014).99 Market-based policy 

instruments include feed-in tariffs, taxes, certificates, and deposit and refund schemes; Non-

market-based policy instruments include limits to pollutants such as SOx, NOx, Particulate 

Matters, and Sulphur Content of Diesel and public energy R&D expenditures. EPS is by far the 

most comprehensive internationally comparable environmental policy stringency indicator. Yet, it 

measures policies as they should be implemented, but include no information on whether such 

policies are in fact effectively enforced or lead to actual emission reductions; furthermore, this 

information does not take into account the sectoral composition of a given economy. 

The Brunel and Levinson (2013) indicator provides an alternative country-year and country-

year-sector specific variable measuring environmental policy stringency base on information 

regarding actual emissions and accounting for the structure of a given economy. Specifically, their 

suggested indicator compares actual emissions in a given country i with the level of emissions that 

would be expected from that country, if the carbon intensity of its sectors were those “average” in 

the sample. (for a more thorough discussion of the indicator, its strength and limits, we refer the 

reader to Brunel and Levinson (2013)). The indicator is computed as the ratio of predicted 

emissions intensity to actual emissions intensity as follows:  

 

𝐵𝐿𝑖,𝑡 =
𝑒𝑖,�̂�

𝑒𝑖,𝑡
=

∑
𝑉𝐴𝑖,𝑠,𝑡
𝑉𝐴𝑖,𝑡

 𝑒𝑠
𝑛
𝑖=1

𝐸𝑖,𝑡
𝑉𝐴𝑖,𝑡

     (2) 

Where 𝑒𝑖,�̂� is predicted emissions in a given country i, sector s, and t, calculated multiplying 𝑒𝑠 

sector level average emissions in the sample by the share of a given sector in the country’s value 

added (𝑉𝐴𝑖,𝑠,𝑡/𝑉𝐴𝑖,𝑡); 𝑒𝑖,𝑡 is actual emissions per unit of value added in a given country, calculated 

as  𝐸𝑖,𝑡 actual emissions over 𝑉𝐴𝑖,𝑡. The BL indicator is greater than 1 if the country is emitting 

less than what should be expected based on its industrial composition, i.e., if the environmental 

policy of that given country is stringent. Conversely, the indicators is lower than one if the country 

is emission more than what should be expected based on its industrial composition.  

                                                 
99 Two empirical papers used the EPS indicators in their analysis (Verdolini & Bosetti, 2017; Nesta et al., 

2018).   



 

 

We calculate the BL indicator using the information on both CO2 and SOx emission because 

both air emissions account for the environmental impact of global warming (CO2) and acidification 

(SOx).  

Furthermore, we modify both the EPS and the Brunel and Levinson approach to account for 

the fact that it is not stringency of environmental policy per se to be relevant in the trade context, 

but its stringency in relative terms with respect to trade partners. What matters for comparative 

advantage, in fact, is the relative domestic price, which contains all costs of production, including 

the one incurred for complying with more stringent policies. Given the unilateral nature of our 

dataset, we measure relative environmental policy as the ratio between the environmental policy 

of a given country and the weighted average of all its trade partner’s policy, where weights depend 

on trade shares: 

We, therefore, adjust the EPS and BL indicators as follows:  

EP1= 
𝐸𝑃𝑆𝑖,𝑡

∑ 𝐸𝑃𝑆𝑗,𝑡×𝑆ℎ𝑎𝑟𝑒𝑗,𝑖
𝑛−1
𝑗=1

               (3) 

 

EP2 = 
𝐵𝐿𝑖,𝑡

∑ 𝐵𝐿𝑗,𝑡×𝑆ℎ𝑎𝑟𝑒𝑗,𝑖
𝑛−1
𝑗=1

    (4) 

 

With  

𝑆ℎ𝑎𝑟𝑒𝑗,𝑖 =
𝑣𝑎𝑗,𝑖

∑ 𝑣𝑎𝑗,𝑖
𝑛−1
𝑗=1

      (5) 

 

𝑆ℎ𝑎𝑟𝑒𝑗,𝑖 captures the importance of a given country 𝑗 ≠ 𝑖 in country’s i exports or imports, 

respectively.  

Both the EPS and BL indicators capture the stringency of environmental policy at the country 

level.  

Tables 1 and 2 show descriptive statistics on all our variables of interest. Among the three 

environmental policy stringency indicators in Table 1, Brunel_SOx has the largest standard deviation 

in line with an increasing gap between EU and non-EU countries Brunel_SOx in Figure 4. Table 2 

shows the descriptive statistics on major variables in order by the amount of imported emissions.  

Table 1. Descriptive Statistics 

Variable Unit Obs. Mean Std. Dev. Min Max 

Imported emissions MtCO2 435            53.04             75.01            4.04             495.44  

Exported emissions MtCO2 435            47.48             74.54            2.06             599.37  

Propensity to import 
US million 

dollars 435              0.06               0.06            0.00                  0.59  

Propensity to export 
US million 

dollars 435              0.09               0.05            0.02                  0.36  



 

 

Imported value 
added 

MtCO2/ US 
billion 

dollars 435      6,904.45       9,704.91          91.00       72,204.80  

Exported value 
added 

MtCO2/ US 
billion 

dollars 435    13,836.58     18,879.26          86.40     129,724.30  

Carbon imported  
emissions intensity 

- 
435            11.74               9.66            0.89               68.21  

Carbon exported  
emissions intensity 

- 
435              5.50               7.23            0.55             106.14  

EPS - 435              0.85               0.37            0.14                  1.84  

Brunel_CO2 
- 

435              0.83               0.49            0.14                  2.98  

Brunel_SOX 
- 

435              0.73               0.88            0.03                  6.02  

 
 
 

Table 2. Descriptive statistics 

Country  
name 

Imported 
emissions 

Exported 
emissions 

Carbon 
imported 
emissions 
intensity 

Carbon 
exported 
emissions 
intensity 

Propensity 
to import  

Propensity 
to export 

EPS 
Brunel 
_CO2 

Brunel 
_SOX 

United States 381.51 134.54 8.98 2.34 0.03 0.04 0.99 0.93 0.39 

Germany 162.75 79.04 15.82 2.24 0.02 0.08 1.44 1.34 2.44 

Japan 120.33 65.18 14.54 2.30 0.01 0.03 1.15 1.81 3.14 

United Kingdom 103.24 32.89 9.75 1.72 0.04 0.08 0.76 1.02 0.73 

France 99.51 40.61 10.28 1.31 0.04 0.13 1.01 0.91 0.53 

Italy 92.91 36.47 8.61 1.64 0.05 0.09 0.98 1.03 0.76 

Canada 57.73 69.74 15.89 16.22 0.03 0.03 0.89 0.63 0.31 

Spain 53.19 26.93 8.77 2.42 0.05 0.09 1.26 0.86 0.33 

China (People's 
Republic of) 53.05 304.49 6.56 12.39 0.01 0.05 0.42 0.30 0.09 

Korea 44.01 60.10 8.73 4.00 0.04 0.10 1.07 0.51 0.45 

India 39.45 50.95 3.69 4.57 0.09 0.11 0.37 0.25 0.10 

Turkey 32.23 12.21 5.70 1.83 0.09 0.12 0.46 0.67 0.33 

Australia 29.98 20.95 11.24 8.40 0.06 0.05 0.75 0.55 0.10 

Brazil 28.71 34.23 7.21 3.36 0.03 0.09 0.27 0.84 0.31 

Russia 25.94 222.94 1.69 11.32 0.19 0.27 0.32 0.23 1.06 

Netherlands 25.40 27.53 5.94 3.82 0.07 0.10 1.11 0.81 0.91 

Belgium 23.61 24.12 13.35 5.65 0.04 0.09 0.72 0.72 0.41 

Poland 22.30 23.36 9.72 8.79 0.07 0.09 0.72 0.30 0.09 

Austria 20.00 12.16 25.74 3.98 0.02 0.07 1.14 0.97 1.70 

Sweden 17.83 9.41 33.57 1.85 0.01 0.10 1.07 1.33 1.39 

Greece 16.79 2.84 9.34 1.55 0.11 0.12 0.99 0.73 0.14 

Indonesia 15.69 32.13 8.77 11.42 0.03 0.05 0.29 0.44 0.20 

Czech Republic 13.05 18.65 17.19 11.00 0.06 0.09 0.74 0.53 0.24 



 

 

Denmark 11.88 3.33 8.29 1.63 0.06 0.08 1.40 1.55 1.88 

Finland 11.57 9.58 15.60 3.28 0.03 0.10 1.17 0.78 0.55 

Portugal 11.41 4.15 10.30 3.17 0.07 0.07 0.86 0.68 0.17 

Hungary 10.06 5.69 13.69 4.95 0.07 0.12 0.80 0.73 0.15 

Ireland 7.31 3.31 14.91 2.11 0.02 0.05 0.75 2.30 2.13 

Slovak Republic 6.73 9.31 16.54 20.32 0.19 0.10 0.63 0.27 0.16 

Notes: EPS: Environmental Policy Stringency. EU countries: Germany, United Kingdom, France, Italy, Spain, Turkey, Australia, Netherlands, 
Belgium, Poland, Austria, Sweden, Greece, Czech Republic, Denmark, Finland, Portugal, Hungary, Ireland, Slovak Republic; Non-EU countries: 
United States, Japan, China, Canada, Korea, India, Brazil, Russia, Indonesia 

 

7.3 Analysis 

We use both descriptive and econometric approaches to test the explore whether and how (1) 

exported emissions and the carbon intensity of exports change over time; (2) imported emissions 

and the carbon intensity of exports change over time; and (3) stringent environmental policy are 

associated with lower (resp. higher) exported (resp. imported) emissions.  

Descriptive Analysis 

This section describes the evolution of total emissions, imported emissions, carbon intensity 

of exports and imports, and environmental policy across our sample of 20 EU and nine non-EU 

countries100 over the years 1995-2009.  

Figure 1 shows embodied emissions exported by 29 countries over time and the value of 

exported trade. As expected based on the increase of trade volumes, exported emissions gradually 

increased over time, with the exception of the economic downturn of 2008-2009. Yet, the growth 

of exported value added is visibly faster than that of exported emissions, indicating that the carbon 

intensity of exports decreased over time in our sample (see Figure 3 and discussion below). We 

also note a striking difference between the time profiles of EU as opposed to non-EU countries: 

exported emissions from EU countries remained almost flat, while value added increased. 

Conversely, in non-EU countries, exported emissions and value added increased much faster after 

2002.  

Appendix A.1 shows the time profiles of exported emissions and exported value added for 

each country in our sample countries. It illustrates the striking difference between EU and non-EU 

countries. Among EU countries, German’s exported emissions and exported value added is much 

higher than in other EU countries. For non-EU countries, China, the United States, and Russia 

account for the majority of exported emissions and exported value added.   

Figure 2 shows imported emissions and imported value added. Similarly to the time profile of 

exported emissions, imported emissions gradually increased over time, with the exception of the 

                                                 
100 EU countries: Germany, United Kingdom, France, Italy, Spain, Turkey, Australia, Netherlands, Belgium, 

Poland, Austria, Sweden, Greece, Czech Republic, Denmark, Finland, Portugal, Hungary, Ireland, Slovak Republic 
Non-EU countries: United States, Japan, China, Canada, South Korea, India, Brazil, Russia, Indonesia 



 

 

economic downturn of 2008-2009. Also, in this case, the growth of imported value added is visibly 

higher than that of imported emissions, indicating that the carbon intensity of imports decreased 

over time in our sample. Furthermore, both imported emissions and imported value added grew 

less in EU countries as opposed to non-EU countries.   

Appendix A.2 shows the imported emissions and imported value added for each country in our 

sample. We observe modest country heterogeneity, particularly Germany, the United Kingdom, 

and France behave differently with other EU countries. Moreover, the United States accounts for 

most imported emissions, followed by Germany, Japan, China, and Italy. China has a modest 

increasing trend in imported emissions. The rest of the countries' imported emissions remain flat 

over the years 1995-2009. As the imported value added provides the amount of goods and services 

that are imported into a country, it measures how much a country imports from the rest of the 

world.  Imported value added has increased dramatically in the United States, followed by Russia, 

China and Germany.  

 

Figure 1. Exported value added and exported emissions trend over time (EU vs. Non-EU) 

 

Sources: Data on imported emissions are provided by the IEA’s CO2 emissions from fuel combustion database (IEA, 
2018) and Trade in Value added (TiVA) database 

Notes: The gap between the above and the bottom graph indicates non-EU countries. 

 

 

 



 

 

Figure 2. Imported value added and imported emissions trend over time (EU vs. Non-EU) 

 

Sources: Data on imported emissions are provided by the IEA’s CO2 emissions from fuel combustion database (IEA, 
2018) and Trade in Value added (TiVA) database 

Notes: The gap between the above and the bottom graph indicates non-EU countries. 

This evidence suggests somewhat different time profiles for the carbon intensity of exports and 

imports in EU and non-EU countries, as illustrated in Figure 3. As expected, non-EU countries are 

characterised by a higher carbon intensity of both imports and exports. Before 2000, carbon 

intensity of exports was somewhat herratic in both EU an in non-EU countries. After 2000, carbon 

intensity of exports started a steady decline in the EU. Non-EU countries also witnesses a decline, 

but not so pronounced, until 2005, when carbon intensity of exports started to decrease at a much 

faster rate. The dynamics are in line with the belief that the planning of the EU-ETS pushed 

European firms to introduce less carbon-intensive technologies even before 2005. Yet, they also 

seem to suggest an overall decline in carbon intensity of exports, most likely brought about by 

more efficient  and greener technologies also in non-EU countries. Indeed, non-EU countries also 

include the US, where energy efficiency has generally been a strong concern. Overall, the entry of 

China, characterised by high carbon intensity and high volumes of trade, in the World Trade 

Organisation (WTO) does not seem to hinder improvements in carbon intensity of exports.  

Carbon intensity of imports, on the other and, was similar in both EU and non-EU countries at 

the beginning of the sample period. The time profile in both sub-groups of countries is very similar, 

suggesting that overall, carbon efficiency of imports has increased.  



 

 

Appendices A.3-4 show emissions intensity of exports and imports by country, respectively. 

While emissions intensity of exports by country shows a similar pattern except for Russia, 

emissions intensity of imports by country illustrates heterogeneity that exists across countries. 

 

Figure 3. Emissions intensity of exports and imports (EU vs. Non-EU) 

  

Sources: Data on imported emissions are provided by the IEA’s CO2 emissions from fuel combustion database (IEA, 
2018) and Trade in Value added (TiVA) database 
Notes: Left panel: carbon intensity of exports=exported emissions/total exported value added; Right panel: carbon 
intensity of imports=imported emissions/total imported value added 

 

Overall, our descriptive evidence so far indicates that carbon efficiency of trade has increased 

over time. This is an important point to stress. Carbon leakage would imply that production would 

relocate to less carbon efficient economies following the unilateral implementation of stricter 

environmental policies. Yet, the underlying assumption of this theory is that the value added of 

production would be the same in both countries. Instead, what emerges from our descriptive 

evidence is that an increase in the absolute value of carbon emissions embodied in imports and 

exports were also accompanied by a strong increase in value added. Overall, we are producing and 

trading more carbon efficient goods. Yet, emissions increase due to higher volumes of trade.  

Importantly, lack of evidence regarding carbon leakeage to countries outside of the EU may be 

given by the fact that those countries also implemented environmental policies.  

Figure 4 shows environmental stringency (EPS, Brunel_CO2, Brunel_SOx) weighted by trade 

shares for EU and non-EU countries. While EU countries are charachterised by a higher 

environmental policy stringency, the time profile of the EPS and  Brunel_CO2 are rather similar 

in both sets of countries. Only the Brunel_SOx indicator clearly has opposing trends. The time 

profile of the different policy indicators for each country in our sample is presented in Appendix 

A.5. We observe significant heterogeneity across countries.  

 



 

 

Figure 4. Environmental policy stringency (weighted by how much a country is trading with other partner 
countries)  

 

Source: the OECD Environmental Policy Stringency (EPS) indicators (Botta & Koźluk, 2014) and data from the 
Environmental Accounts in the WIOD (2013) database 

Empirical Analysis 

We estimate the following equation to explore the relationship between embodied emissions in 

imports (exports) and environmental policies at the country level: 101   

 

Log(𝐸)𝑖,𝑡 = 𝛼 + 𝛽1 × 𝑃𝑟𝑜𝑝𝑒𝑛𝑠𝑖𝑡𝑦 𝑡𝑜 𝑖𝑚𝑝𝑜𝑟𝑡 (𝑒𝑥𝑝𝑜𝑟𝑡)𝑖,𝑡 + 𝛽2 × 𝐸𝑃 +𝛾𝑖+𝛿𝑡+휀𝑖,𝑡        (6) 

 

Where E is either imported or exported emissions, i own country, t year, 

𝑃𝑟𝑜𝑝𝑒𝑛𝑠𝑖𝑡𝑦 𝑡𝑜 𝑖𝑚𝑝𝑜𝑟𝑡 (𝑒𝑥𝑝𝑜𝑟𝑡)𝑖,𝑡 is the propensity to export (resp. import), EP is the any of 

our environmental policy indictors, 𝛾𝑖is a country fixed effect, 𝛿𝑡is a time fixed effect, 휀𝑖,𝑡 is an 

error term. 

We expect environmental policy on exported emissions to be negatively correlated with exported 

emissions (and with the carbon intensity of exports): as a given country imposes more stringent 

environmental policies, the carbon intensity of its productive activities (and, consequently, of its 

exports) should decrease.  

Expectations regarding the relationship between environmental policy stringency and imported 

emissions is, on the other hand, ambiguous. If the pollution haven hypothesis occurs - and 

consequently, carbon leakage, then imported emissions should rise as a result of more stringent 

                                                 
101 We run the regression for 15 years (1995-2009) and 29 countries, thus having 435 observations. 



 

 

environmental policies. Conversely, if the coefficient associated with environmental policy 

stringency is not significant or negative, then carbon leakage may, in practice, not be such a huge 

concern.  

We expect propensity to export to be positively correlated with exported emissions, as the level 

of exported emission is a direct function of the extent to which a country ships its goods abroad. The 

relationship between export propensity and the carbon intensity of export is not clear a priori. A 

positive relationship would imply that the more a country exports abroad, the more it exports goods 

with higher carbon intensity. A negative sign would imply the opposite. Similar reasoning applies to 

the propensity to import: imported emissions are a direct function of the extent to which a country 

relies on foreign goods. A positive relationship between propensity to import and the carbon intensity 

of imports would imply that the more a country relies on goods from abroad, the more it tends to 

import from carbon intensive countries.  

The results of our estimations for embodied emissions in exports (resp., imports) and their 

intensity are presented in Table 3 (resp., Table 4).   

Results with respect to exports are in line with our expectations (Table 3). Specifically, the sign 

of the coefficient associated with environmental policy stringency on both dependent variables is 

negative and statistically significant, indicating that indeed stricter environmental policy reduces 

carbon emissions in the countries which implement them. We also find a positive correlation 

between the propensity to export and exported emissions and a negative one with the carbon intensity 

of exports. 

Results with respect to imports are mixed (Table 4). On the one hand, we find no evidence that 

stringent environmental policy is associated with higher imported emissions using the EPS indicator. 

Conversely, when we measure environmental policy stringency using the Brunel and Levinson 

indicator (constructed either using CO2 or SOX data), we find positive and significant coefficients in 

columns (2)-(3) in Table 3. The coefficient associated with propensity to import is positive and 

significant, as expected.  

 

Table 3. Exported emissions and emissions intensity of exports 

VARIABLES (1) (2) (3) (4) (5) (6) 
Regression Regression Regression Regression Regression Regression 

Log(Exported emissions) Log(Exported emissions intensity) 

       
Propensity to export 2.712*** 2.084*** 2.391*** -3.943*** -5.121*** -4.582*** 
 (0.416) (0.372) (0.435) (0.895) (0.849) (0.871) 
EPS  -0.177***   -0.237***   
 (0.040)   (0.056)   
Brunel_CO2  -0.464***   -0.985***  
  (0.079)   (0.125)  
Brunel_SOx   -0.055***   -0.169*** 



 

 

   (0.019)   (0.028) 
Constant 3.352*** 2.048*** 4.120*** 1.347*** 2.658*** 0.933*** 
 (0.083) (0.212) (0.105) (0.140) (0.331) (0.129) 
       
Observations 435 435 435 435 435 435 
R-squared 0.980 0.981 0.979 0.934 0.950 0.936 
Year FE YES YES YES YES YES YES 
Country FE YES YES YES YES YES YES 

       
       

Robust standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1 
 

Table 4. Imported emissions and emissions intensity of imports 

 

VARIABLES (1) (2) (3) (4) (5) (6) 
Regression Regression Regression Regression Regression Regression 

Log(Imported emissions) Log(Imported emissions intensity) 

       
Propensity to import 0.574*** 0.601*** 0.587*** -6.419*** -6.432*** -6.433*** 
 (0.205) (0.223) (0.207) (0.535) (0.528) (0.527) 
EPS  -0.017   -0.155***   
 (0.042)   (0.047)   
Brunel_CO2  0.322***   -0.052  
  (0.069)   (0.096)  
Brunel_SOx   0.081***   -0.034 
   (0.020)   (0.029) 
Constant 3.367*** 1.259*** 4.578*** 1.729*** 2.256*** 2.323*** 
 (0.078) (0.162) (0.077) (0.079) (0.270) (0.106) 
       
Observations 435 435 435 435 435 435 
R-squared 0.968 0.970 0.969 0.914 0.913 0.913 
Year FE YES YES YES YES YES YES 
Country FE YES YES YES YES YES YES 

Robust standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1 
 

 

7.4 Conclusions and Next Steps 

We examined the dynamics of embodied emissions in a sample of 29 countries over the years 

1995-2009. To investigate this question, we proceeded in two steps. First, we use country-level data 

on imported and exported emissions to describe whether (and how) emissions in trade have changed 

over time. Second, we conducted panel estimation to examine the extent to which the dynamics of 

embodied emissions in trade are associated with the environmental policy using a novel set of 

environmental policy stringency indicators. 



 

 

On the one hand, we confirm the negative and significant effect of environmental policy on 

exported emissions and exported emissions intensity, as expected. This indicates that stringent 

environmental policies are associated with clean production of goods and, in fact, reduce emissions, 

including those which are embedded in goods exported abroad. 

On the other hand, we find less definitive results on the relationship between imported emissions 

(or emissions intensity of imports) and the stringency of environmental policy. We provide some 

evidence that more stringent environmental policy increases imported emissions and give rise to 

carbon leakage dynamics, as suggested by the Pollution Haven hypothesis. Yet, this result does not 

emerge with all the policy stringency indicators used in our analysis. Furthermore, while imported 

emissions increase, the carbon intensity of imports decreases.  

Overall, we do not find strong evidence in support of the carbon leakage hypothesis. This is in 

line with the results generally provided by other ex-post econometric analyses (such as World Bank 

2019 and Bataille 2020), while in direct contrast with some ex-ante contributions on this topic. 

Possible explanations for this discrepancy between ex-ante and ex-post predictions include the 

following: (1) the current carbon pricing mechanism does not lead to significant carbon leakage; (2) 

the relative environmental policy stringency differentials have been relatively small; (3) carbon 

pricing mechanism has generous support for carbon and trade intensive industries.  

In order to further investigate the drivers and time profile of emissions embodied in trade, we are 

currently working on a sector level analysis, as part of Task 4.5 of INNOPATHS.  
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Appendix A.  

Figure A.1. Exported emissions and exported value added by country 

 



 

 

 

 

Figure A.2. Imported emissions and imported value added by country 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

Figure A.3. Emissions intensity of exports by country 

 

 

 

 

 

 

 

 

 



 

 

Figure A.4. Emissions intensity of imports by country 

 

 

 

 

 

 

 

 

 

 

 



 

 

Figure A.5. Relative environmental policy stringency by country (normalised data to 0-1 range) 

 



 

 

Research paper 8: The role of intermediate trade in the change of carbon flows 

within China 

 

Status of the research paper: The paper has been published in Energy Economics 

Meng, J, Zhang, Z, Mi, Z, Anadon, LD, Zheng, H, Zhang, B, Shan, Y, Guan, D. ‘The role 

of intermediate trade in the change of carbon flows within China’. Energy Economics (2018) 

76:303-312. Doi: 10.1016/j.eneco.2018.10.009 

 

Abstract:  

In recent years, evaluating the emissions embodied in trade (EEIT) has become an important area 

of policy and research. Multiregional input-output (MRIO) analysis, which links producers and 

final consumers, is a widely used method for quantifying the EEIT. However, the role of 

intermediate trade in driving changes in the EEIT is still not fully incorporated in MRIO analysis 

and as a result poorly understood. Here, we present a framework that separately identifies the 

drivers of the emissions embodied in the trade of final and intermediate products. We implement 

this framework in a case study in which we analyse the changes in CO2 emissions embodied in 

interprovincial trade in China from 2007 to 2012. We find that the largest changes are a rising final 

demand, which is associated with increased emissions that are to some extent offset by decreasing 

emissions intensity and changing interregional dependency. The rising imports and the growth in 

final demand in less developed regions in the north and central (e.g., Hebei and Henan) led to 

reductions in the CO2 emissions outsourced by central coastal regions. The framework enriches 

our understanding of the role played by intermediate trade in the relocation of emissions. 
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Abstract: The recent EU Green Deal puts forward ambition climate targets aiming to make 

the EU the first climate neutral continent by mid-century while ensuring a just transition where no 

one is left behind. The study presents the methodology improvements realised in the leading 

general equilibrium model GEM-E3-FIT (e.g. enhanced energy system representation, low-carbon 

innovation, clean energy markets, technology progress, finance supply) in order to consistently 

simulate the impacts of ambitious climate policies. The model-based analysis shows that high 

carbon pricing has limited negative impacts on the EU GDP and consumption, while leading to an 

economy transformation towards a capital-intensive structure. The EU Green Deal will modestly 

impact total European employment, but its effects are pronounced on specific sectors which either 

lose jobs (e.g. fossil fuels, energy intensive industries) or create new jobs (e.g. electricity, low-

carbon manufacturing). Pursuing unilateral climate policy increases the risk of relocation of 

energy-intensive manufacturing activities away from the EU, but the overall economic impacts are 

limited and are further reduced in case that China joins the first mover climate coalition. 
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9.1 Introduction 

In recent years, climate change is high on the political agenda of major economies 

worldwide, as demonstrated by the implementation of various climate policies aiming to reduce 

emissions, improve energy efficiency and expand renewable energy. The 21st Conference of 

Parties (COP21) in Paris is a major milestone in the climate policy landscape, as governments 

agreed to limit the increase in global average temperature to levels “well below 2 °C” relative to 

the pre-industrial levels (UNFCCC, 2015) and to pursue efforts to limit it further to 1.5 °C, 

combined with an ambition to peak global emissions as soon as possible. In the run-up to COP21, 

a large majority of countries, representing over 97% of global greenhouse gas (GHG) emissions, 

submitted national climate action plans known as Nationally Determined Contributions (NDCs), 

outlining their post-2020 climate actions (Fragkos et al., 2018). 

The EU has adopted ambitious targets as part of the Paris Agreement, aiming to reduce its 

GHG emissions by 40% in 2030 relative to 1990 levels. Recently, as part of the EU Green Deal 

and its “Clean planet for all” long-term strategy, the EU has raised its emission reduction target to 

50-55% in 2030 and aims to achieve climate neutrality by mid-century. Ratcheting up current 

energy and climate policies is necessary to achieve the EU’s 2030 climate and energy targets and 

to support the EU strategic long-term vision for a climate neutral, inclusive society by 2050. The 

EU has already made progress towards its goals, as its GHG emission levels in 2018 were 23% 

below 1990 levels. However, climate action has to accelerate as progress in several key sectors 

including transportation, buildings and agriculture is lagging behind. In addition, the EU has 



 

 

increased its share of renewables and improved energy efficiency, but current and intended policies 

are not sufficient to reach the 2030 EU climate and energy framework targets. These include at 

least a 40% reduction in GHG emissions from 1990 levels (and a possible upscale to 50-55% 

emission reductions as proposed in the EU Green Deal), a 32% share of renewables in gross final 

energy consumption and a 32.5% improvement in energy efficiency. The implementation of 

ambitious energy and climate policies would have profound implications for economic growth, 

labour markets, financial requirements and industrial competitiveness. In response, the EU Green 

Deal is based on key socio-economic pillars to transform the European economy for a sustainable 

future based on the provision of low-cost climate finance, the Just transition where no one is left 

behind and the protection of industrial competitiveness towards a clean and circular economy.  

The objective of the current study is to assess the socio-economic implications of ambitious 

energy and climate policies for the European economy, based on the low-carbon technologically-

detailed transition pathways developed in INNOPATHS WP3. The modelling approach used is 

based on the global multi-sectoral multi-regional Computable General Equilibrium (CGE) GEM-

E3-FIT model, which can analyse the complex interactions between the economy, the energy 

system and the environment and features feedback loops among agents, market imperfections and 

technology dynamics within a consistent unified framework built on verifiable assumptions. Using 

the GEM-E3-FIT model with innovative methodological improvements (including detailed 

representation of the energy system, low-carbon innovation, the finance sector and clean energy 

markets) the study provides novel insights into the activity, labour market, trade and industrial 

impacts of ambitious EU energy and climate policies towards achieving climate neutrality by mid-

century. In particular we aim to identify the conditions and mechanisms under which the 

transformation to a climate neutral economy can boost economic activity, create more jobs and 

protect the environment and the society (reconciliation of climate and economic goals). 

 

 
 

The remainder of the study is structured as follows: Section 2 presents an overview of the 

policy context and related literature on macro-economic effects of climate policies, while Section 

3 introduces the GEM-E3-FIT modelling tool used in the study. Section 4 presents the key 

economic, employment, industrial and environmental impacts of ambitious climate policies, while 



 

 

Section 5 focuses on the implications of asymmetric climate policies, in particular for the 

competitiveness of European energy-intensive and trade-exposed industries. Section 6 concludes. 

 

9.2 Context 

The transition to a low carbon economy is a complex process that requires coordination of 

different market players (i.e. electric vehicles should be timely aligned with a sufficiently large 

network of recharging stations and with a RES-based power generation system requiring well-

developed smart grids), significant technology advancements for a spectrum of low-carbon 

technologies and sufficient financial resources, which can be scarce for specific countries. The 

energy system transformation is expected to bring environmental benefits (e.g. mitigation of 

climate change impacts, reduction of air pollution), while the additional investment required can 

be counterbalanced by low-carbon technology push and learning, associated technology spillovers 

and the high labour intensity of the RES producing value chain. The combination of these elements 

can result in economic and employment benefits, at least for some sectors and countries. The 

current study aims to explore which sectors and countries may benefit from ambitious climate 

policies and under which conditions and how the cost burden to vulnerable energy-intensive 

sectors and countries can be alleviated. 

The energy system decarbonization involves essentially the substitution of fossil fuels 

(which are imported in most EU countries) by products and services that are mainly 

domestically102 produced. This substitution is an investment-intensive and technology-intensive 

process (IEA, ETP 2019) that requires a sectoral restructuring throughout the economy towards a 

more capital structure. Depending on low-carbon technology costs this process may be costly in 

the short-term, e.g. the average price of energy services increases driving upwards the general 

price level, but in the long-term positive externalities can be brought in driven by technology 

progress and industrial maturity dynamics. The short-term increase in energy prices and costs can 

provide new opportunities for R&D and commercial uptake of advanced low-carbon and energy-

efficient technologies. If the size of the clean energy market is sufficient large and there is adequate 

financial availability, the deployment of new low-carbon technologies can be beneficial to the 

economy, especially in countries with limited domestic production of fossil fuels. The size of the 

market is particular important both for achieving economies of scale and for allowing innovators 

to recover their high upfront investments. Financing availability is also a crucial factor in the 

decarbonisation process as RES and energy saving investments are more capital intensive relative 

to fossil fuel options. As financing of new products is not available at uniform interest rates, the 

supply of finance may depend on the risk classification of new products (i.e. limited financial 

resources for high risk capital). Coordinated versus fragmented climate action will certainly have 

an impact on risks and transition dynamics and needs to be considered when analysing the 

macroeconomic impacts of GHG mitigation policies.  

In recent years, there has been a variety of studies exploring the macro-economic and 

labour market impacts of low-carbon transition pathways. The projected economic effects in these 

studies vary depending on the modelling methodology used and a series of assumptions on 

technology costs and availability, global fossil fuel prices, consumption patterns, financing 

                                                 
102 It is not all the equipment required for decarbonisation produced within each country, as manufacturing 

activities are concentrated in few countries, like Denmark for Wind turbines and China for solar PV. However other 
goods and services essential to energy decarbonisation such as the installation of RES or energy saving includes high 
domestic content (i.e. construction). 



 

 

availability etc. Most studies argue that energy system decarbonisation will deliver economic and 

employment growth at a rate comparable to (or slightly lower than) the Business-as-usual scenario, 

while having clear environmental benefits in terms of mitigation of climate change and reduction 

of air pollution. The quantification of the macroeconomic and employment impacts of GHG 

mitigation policies is a challenge for current modelling tools as it requires addressing 

simultaneously a multitude of interconnected factors the dynamics of which are complex and 

difficult to capture, including technology progress, low-carbon innovation, interactions between 

energy and economic systems and the finance sector etc. 

Most of the studies using global modelling tools are based on the quantification of 

alternative transition pathways, where a global target on temperature increase or cumulative 

emissions is imposed. However, there are multiple potential pathways to achieve these targets, 

which differ due to model choices on technology costs, temporal profile of GHG emission 

reduction effort, the allocation of climate effort to specific sectors and countries, technology 

availability, the socio-economic assumptions used etc. Despite those differences Kriegler et al 

(2015) and Rogeli et al (2015) argue that the pathway to reduce GHG emissions should have the 

following features: i) emissions should peak the latest at 2025 or 2030, ii) energy supply should 

be fully decarbonized by mid-century, iii) energy efficiency has a central role in the mitigation 

effort, especially in buildings and industries, iv) large-scale electrification of energy, mobility and 

heating services is required and v) negative emissions technologies are essential in particular for 

meeting the 1.5oC target. 

The literature regarding the quantification of the macroeconomic and employment impacts 

of GHG mitigation pathways is extensive but yet inconclusive. For instance, Vrontisi et al (2017) 

based on a multi model inter-comparison find that the pace of economic growth is only marginally 

affected by climate action. In 2030 the implementation of NDCs results in a global mitigation cost 

of 0.4% [0.1-1.2%] of Reference GDP, similar to the findings of other macro-economic 

assessments, while GDP losses increase to 1.2% [0.5-4.5%] in the 2°C scenario. The modelling 

results included in the IPCC 5th Assessment Report estimated global consumption losses of 2-6% 

in 2050 if ambitious policies are implemented to limit global warming to less than 2oC by 2100. 

Fragkos et al (2017) show that the implementation of EU decarbonisation goals incurs relatively 

limited GDP losses at the EU level amounting to 0.6% over 2020-2050 compared to the Reference 

scenario, which is in line with several other model-based analyses, e.g. Riahi et al (2015) and 

Capros et al (2014). In a more recent study, (Paroussos et al, 2019) showed that the net mitigation 

cost of ambitious decarbonisation pathways can be zero in case of high progress in low-carbon 

technologies and access to low-cost finance. Kober et al (2016) explored the macro-economic 

impacts of GHG mitigation policies in Latin America and showed that GDP effects depend 

crucially on the modelling paradigm used, with CGE models reporting a limited reduction in GDP 

(~0.4%) whereas macro-econometric models report GDP gains (~0.2%) for ambitious emission 

reductions of 70% relative to Reference case. (Fragkos et al, 2018) using a suite of well-established 

energy-economy models showed that the implementation of NDCs in major economies would 

result in limited GDP losses with zero impacts on employment, as renewable technologies are 

found to be more labour intensive than fossil fuels. In the “Clean planet for all” strategy of the 

European Commission (EC, 2018), GDP losses associated with the energy system decarbonisation 

by mid-century are limited and depend on the modelling framework used, with CGE models 

showing more negative impacts than those based on the neo-Keynesian approach. The above-

mentioned differences highlight the importance of the modelling approach used to quantify GHG 

mitigation pathways and of the particular characteristics associated with this transformation 



 

 

process (for instance how the modelling framework captures the interactions between energy 

system restructuring, low-carbon innovation and technology uptake, labour and financial markets). 

The interlinkages between energy system decarbonisation and macro-economic structural 

change are complex; they include risks and opportunities for economic activity (Probst et al, 2020, 

Antosiewicz et al, 2020), employment (Fragkos et al, 2018), industrial competitiveness (Paroussos 

et al, 2015), trade patterns (Vrontisi et al, 2020), embedded emissions (Meng et al, 2018) and low-

carbon innovation (Mercure et al, 2019, Paroussos et al, 2019). Current and proposed energy and 

climate policies in the European Union and its member states affect all these aspects, and so do 

broad economic policies, innovation instruments and education policies.  On the one hand, low 

carbon finance and technological change and innovation can lead to the creation of new economic 

sectors, competitiveness and productivity growth and knowledge spill-overs as well as reduced 

energy imports with important opportunities for income growth and job creation. On the other 

hand, a rapid transformation implies substantial challenges and risks, which are reflected in 

systemic financial risks, higher costs of production, carbon leakage as well as risks of social 

dislocation created by structural change. Ambitious climate policies would therefore create new 

challenges and opportunities for EU countries. In this context, the current study explores the low-

carbon transition impacts on activity growth and employment, on the aggregate level but also on 

specific sectors that are projected to be either big winners or losers from the decarbonisation 

process. The study also explores the competitiveness and industrial implications of ambitious EU 

climate policies as well as policy instruments to minimise relocation risks and ensure industrial 

strengthening and job creation, like suggested by the EU Green Deal communication. The 

quantification of the requirements for investment and sustainable finance in the context of climate 

neutrality transition will be based on the improved modelling of the interplay between the financial 

sector and the real economy in transition. Our analysis highlights the risks and opportunities 

created by climate policies on sectoral composition for the EU countries, aiming to identify types 

of green investments required in specific sectors, while analysing a policy mix to unlock 

opportunities for green growth and ensure job creation and increased industrial competitiveness, 

e.g. in high-tech products and low-carbon technologies.  

The EU has been the front runner in the development of market-based policy instruments 

aiming to reduce emissions and accelerate the clean energy transition; the EU-wide Emissions 

Trading System (ETS) was introduced in 2005 as the world’s first cap-and-trade market, while 

most EU Member States have taken further steps in introducing national regulatory and tax-based 

measures intended to reduce emissions and stimulate structural changes towards decarbonisation. 

The EU’s early implementation of a carbon emissions trading market has served as a reference 

approach for the creation of subsequent emissions trading schemes in China, South Korea, Canada, 

Japan, New Zealand, Switzerland, and the United States. The EU ETS is the primary instrument 

for the realization of the EU’s climate commitments enshrined in the 2015 Paris Agreement. 

The ambitious climate policies and targets (and especially the ETS carbon pricing) adopted 

by the EU and its member states aiming to drastically reduce domestic emissions by 2030 and 

2050 may raise competitiveness risks for European businesses, especially in case that non-EU 

competitors do not adopt strong climate instrument. In the existing policy context, free emission 

allowances are issued to domestic producers in energy-intensive sectors that are susceptible to 

competition from imports from countries with lower environmental standards. The European 

Green Deal includes a proposal for a more active form of protecting domestic industrial production 

by accounting for this gap in standards, through the implementation of a border carbon adjustment 

applied to energy-intensive products imported to the EU. 



 

 

The comprehensive assessment of the macroeconomic, employment, financial and 

industrial risks and opportunities associated with the 2030 and 2050 EU decarbonisation goals will 

bring to light the main socio-economic challenges the EU will be facing, including the need to 

redirect financial flows towards clean energy businesses, technologies and carriers; to promote 

energy efficiency and sectoral integration, to enhance competitiveness of the EU in international 

markets and to achieve a just transition, ensuring that no one is left behind. The study provides 

insights from a macro-economic perspective, addressing topics such as activity growth, industrial 

competitiveness, structural change, technology development and diffusion, innovation, low-

carbon investment flows and finance supply and labour market impacts. 

The analysis aims to improve the state-of-the-art understanding of macroeconomic, 

industrial and social implications of climate policies using the enhanced version of the leading 

macro-economic model GEM-E3-FIT with an improved ability to depict sectoral innovation and 

competitiveness dynamics, labour market impacts and trade dynamics. The model has been 

extensively used by the European Commission for climate policy impact assessments (e.g. 

E3MLab, 2016). The model is built on the neo-classical school of economic thought, but in recent 

years it has been improved significantly to overcome methodological inefficiencies (e.g. rigid 

representation of the labour and capital market, inability to model deep structural changes); 

incorporate new cutting-edge methodological insights (e.g. on the role of low-carbon innovation 

and spillovers) and represent policy dynamics with real-world realism (e.g. equilibrium 

unemployment, detailed treatment of the finance supply sector, energy policy instruments). Using 

the GEM-E3-FIT model in a multi-scenario comparison framework will deliver a well-rounded 

picture of the potential economic, financial and competitiveness consequences of more ambitious 

climate policies in Europe by mid-century. Using this rigorous and self-consistent modelling 

paradigm and further enhancing (in the INNOPATHS context) as described in Section 3, is crucial 

for strengthening the evidence base for policy making and gaining a more consistent picture of the 

macroeconomic impacts of stringent emission targets requiring deep structural changes and uptake 

of disruptive technologies. By exploring the socio-economic impacts of recently announced policy 

targets and pledges (in particular the EU Green Deal and China’s carbon neutrality target by 2060) 

ensures that the analysis presented here is policy relevant, grounded in real world and can be used 

by policy makers to design their low-carbon policies and strategies. 

 

9.3 Methodology 

 

9.3.1 The GEM-E3-FIT modelling framework 

 General Features 

The GEM-E3-FIT model (developed and operated by E3Modelling) is a multiregional, 

multi-sectoral, recursive dynamic CGE model, which provides details on the macro-economy and 

its complex interactions with the environment and the energy system. GEM-E3-FIT 

simultaneously represents 46 regions (all EU28 member states are represented separately) and 51 

sectors linked through endogenous bilateral trade flows and runs until 2050 with a 5-year time 

step. It is a comprehensive model of the global economy, covering the complex interlinkages 

between productive sectors, consumption, price formation of commodities, labour and capital, 

bilateral trade and investment dynamics. GEM-E3-FIT formulates separately the supply and 



 

 

demand behaviour of the economic agents who are assumed to exhibit optimising behaviour while 

market derived prices are adjusted to clear markets (demand=supply), allowing for a consistent 

evaluation of distributional effects of policies.  The model is dynamic, recursive over time, driven 

by accumulation of capital, equipment and knowledge, features alternative market regimes, 

equilibrium unemployment, energy efficiency standards, carbon pricing and emission permits for 

Greenhouse Gas (GHG) emissions and can quantify the macro-economic, employment and 

competitiveness impacts of policies in the short and long-term. GEM-E3-FIT allows for a 

consistent comparative analysis of policy scenarios since it ensures that in all scenarios, the 

economic system remains in general equilibrium.  

 

Industries operate within a perfect competition market regime and maximize profits. Production 

functions consider the possibilities of substitution between capital, labour, energy and materials in 

each production sector. The model identifies one representative firm for each sector. Households 

demand, savings and labour supply are derived from utility maximization using a linear 

expenditure system (LES) formulation, assuming exogenous population. Households receive 

income from labour supply and from holding shares in companies. Investment by sector is dynamic 

depending on adaptive anticipation of capital return and activity growth by sector. 

The model formulates production technologies in an endogenous manner allowing for 

price-driven derivation of intermediate consumption and the services from capital and labour. In 

the electricity sector, a bottom-up approach is adopted to represent the different power producing 

technologies. For the demand-side, the model formulates consumer behaviour and distinguishes 

between durable (equipment) and consumable goods and services. GEM-E3-FIT is calibrated 

using the GTAP dataset and national input-output tables that provide a comprehensive and self-

consistent accounting of firms’ production structures, households’ consumption, trade, gross fixed 

capital formation and sectoral value added. A new advanced calibration methodology is applied in 

GEM-E3-FIT that ensures consistency between input output tables, national energy balances (in 

physical units) and GHG emissions.  

GEM-E3-FIT model includes several features that go beyond a classical/ conventional 

CGE approach, allowing for an improved representation of the impacts of policies on the economy 

and the society (Figure 1). In this respect, the model incorporates: a detailed and explicit 

representation of the financial sector (and its linkages to low-carbon investment), endogenous 

growth through R&D and learning-by-doing for low-carbon technologies, detailed modelling of 

energy system and related technologies (in power supply, transport and buildings) and 

disaggregated representation of employment by skill. GEM-E3-FIT is extensively used as a tool 

for policy analysis and impact assessments, especially in the energy and climate policy fields by 

the European Commission and national governments (Capros et al., 2016; Fragkos et al., 2017). 

The regional and sectoral disaggregation of the enhanced version of GEM-E3-FIT (as developed 

in INNOPATHS) can be found in the Appendix. 

 

 

 

 

 

 

Figure 15: GEM-E3-FIT structure 



 

 

 
 

 Representation of trade 

 

All regions and sectors are linked through endogenous bilateral trade flows. Total demand 

(final and intermediate) in each country and sector is optimally allocated between domestic and 

imported goods, under the hypothesis that they are imperfect substitutes (Armington 

assumption)103. The supply mix is represented as a multi-level nested constant elasticity of 

substitution dual cost function: at the upper level, firms decide on the optimal mix between 

domestically produced and imported goods; at the next level the demand for imports is split by 

country of origin. Each firm in the model decides endogenously on its imports by origin. Bilateral 

trade transactions among regions are therefore endogenous and depend on relative 

prices/production costs, transportation costs and consumer preferences (as the latter have been 

captured by the national account statistics on trade). Each country buys and imports at the prices 

set by the supplying countries following their export supply behaviour. The buyer of the composite 

good104 seeks to minimise his total cost and decides the mix of imported and domestic products so 

that the marginal rate of substitution equals the ratio of domestic to imported product prices. 

The optimal demand for domestic [1] and imported goods is obtained by the cost 

minimization problem of purchasing the composite good (1st level): 

QD𝑗,r,t = QYj,r,t ∙ AC
𝑗,r,t

𝜎𝑥𝑗,𝑟,𝑡−1
∙ (1 − δ𝑗,r,t)

𝜎𝑥𝑗,𝑟,𝑡
∙ (

PΥ𝑗,r,t

PD𝑗,r,t
)

σxj,r,t
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𝑄𝐼𝑗,𝑟,𝑡 = Q𝑌𝑗,𝑟,𝑡 ∙ 𝐴𝐶
𝑗,𝑟,𝑡

𝜎𝑥𝑗,𝑟,𝑡−1
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𝑗,𝑟,𝑡

𝜎𝑥𝑗,𝑟,𝑡 ∙ (
𝑃𝛶𝑗,𝑟,𝑡

𝑃𝐼𝑗,𝑟,𝑡
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𝜎𝑥𝑗,𝑟,𝑡

 [2] 

                                                 
103 Armington Paul S., 1969, A Theory of Demand for Products Distinguished by Place of Production. IMF 

Staff Papers, 1969. 16(1): p. 159-178. 
104 The composite good is composed of domestic production and imports 



 

 

where: 

j: sectors, r: countries, t: time, 

QYj,r,t: composite goods volume index, PYj,r,t: composite goods price index,  

QDj,r,t: domestic goods volume index, PDj,r,t: domestic goods price index,  

QIj,r,t: imported goods volume index, PIj,r,t: imported goods price index, 

ACj,r,t:  scale parameter in the Armington function,  

δj,r,t:  share parameter estimated from the base year data related with the value shares of 

QDj,r,t  and QIj,r,t in the demand for composite good Yj,r,t, 

𝜎𝑥𝑗,𝑟,𝑡: the Armington elasticity between imported and domestically produced goods. 

At the 2nd level the buyer seeks to minimise the cost of imported goods by choosing the 

optimal mix of imports by origin (Paroussos et al, 2015105): 

𝑄𝐼𝑀𝑗,𝑟,𝑠,𝑡= 𝑄𝐼𝑗,𝑟,𝑡 ∙ (𝛽𝑗,𝑟,𝑠,𝑡 ∙
𝑃𝐼𝑗,𝑟,𝑡

𝑃𝐼𝑀𝑗,𝑟,𝑠,𝑡
)

𝜎𝑚𝑗,𝑟,𝑡

 [3] 

where: 

QIMj,r,s,t: imported goods of country r from the country s volume index,  

PIMj,r,s,t: imported goods of country r from the country s price index,  

βj,r,s,t:  share parameter estimated from the base year data related with the value shares of 

imported goods by origin. 

𝜎𝑚𝑗,𝑟,𝑡: the Armington elasticity among imported goods by origin. 

Table 22 contains the upper-level Armington elasticity values used in GEM-E3-FIT. The 

Armington elasticities differ among sectors, but are identical for all countries /regions. 

Homogeneous products, like the crude oil, are assumed to have higher elasticity values.  

 

Table 22: Armington elasticities in various sectors  
σx σm 

 
σx σm 

Transport 1.90 3.80 Coal 3.05 6.10 

Construction 1.90 3.80 Consumer Goods  3.21 6.43 

Non Market 

Services 

1.90 3.80 Chemical Products 3.30 6.60 

Market Services 2.03 4.06 Transport equipment 3.55 7.10 

Oil products 2.10 4.20 Electric Vehicles 3.55 7.10 

Gas 2.80 5.60 Non-ferrous metals 3.98 7.95 

Power Supply 2.80 5.60 Equipment goods 4.05 8.10 

Ferrous metals 2.95 5.90 Batteries 4.05 8.10 

Paper Products 2.95 5.90 Electronic Goods 4.08 8.15 

Agriculture 3.03 6.07 Crude Oil 5.20 10.40 

 

 Representation of the energy system 
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Computable General Equilibrium models capture the complex links between energy 

system, environment and economic systems. However, conventional CGE models usually lack a 

detailed representation of the energy system and related technologies and processes. The usual 

CGE representation of the energy sectors by means of aggregate production functions fails to 

capture crucial energy sector characteristics reducing the credibility of simulations related to low-

carbon transition pathways. Bottom-up technology-rich energy system models include a 

disaggregated representation of energy demand and supply sectors and technological options and 

can consistently simulate energy system developments. On the other hand, these modes are partial 

equilibrium and ignore the feedbacks from the interaction of the energy sector with the wider 

economy. 

Combining top-down and bottom- up models have been extensively investigated in the 

literature (see: Muller, 2000106, Helgesen, 2013107, Böhringer, 1998108, Andersen and Termansen, 

2013109, Böhringer and Rutherford, 2008110). The link between the two is established using two 

main methodologies: i) a hard link approach where the CGE model is extended so as to include 

the detailed representation of the energy system and ii) a soft link approach where the two models 

(CGE and energy system) are linked through specific variables/parameters and an iterative process 

is performed to ensure models’ convergence. The latest version of GEM-E3-FIT includes a 

detailed representation of several features and technologies of the energy system, which are 

important in the modelling of low-carbon pathways (e.g. power generation technologies, electric 

cars, biofuels, fuel switching, energy savings).  In this way, the credibility of CGE modelling for 

energy and climate policy analysis increases because the possible substitution patterns in energy 

supply and demand are based on `true' technologies rather than restrictive functional forms. The 

sections below provide a brief overview of the energy system modelling in the enhanced version 

of GEM-E3-FIT. 

 

Electricity Production 

 

GEM-E3-FIT model adopts a bottom up approach for the electricity sector representation 

with different power producing technologies. Electricity producing technologies are treated as 

separate production sectors with discrete investment decision. GEM-E3-FIT includes fossil fuel-

based technologies (coal, oil and gas-fired), nuclear power plants, renewable energy technologies 

(wind, solar PV, hydro, biomass, geothermal) and CCS options (Carbon Capture and Storage) 

using coal, gas or biomass. Electricity producing technologies are characterised by different cost 

structures and conversion efficiencies. Total generation costs are conceived in three categories: i) 

investment costs, ii) operating and maintenance costs and iii) fuel costs (including also potential 

carbon costs). Unit cost data and future projections for investment and operating costs were 

                                                 
106 Tobias Müller, Integrating bottom-up and top-down models for energy policy analysis: a dynamic 

framework, No 00.02, 2000 
107 Per Ivar Helgesen, Top-down and Bottom-up: Combining energy system models and macroeconomic 

general equilibrium models, Project: Regional Effects of Energy Policy (RegPol), CenSES working paper 1/2013 
108 Böhringer, Christoph. (1998). The synthesis of bottom-up and top-down in energy policy modeling. 

Energy Economics. 20. 233-248. 10.1016/S0140-9883(97)00015-7. 
109 Kristoffer S. Andersen, Lars Termansen, Bottom-up and top-down modelling approach, 2013, Working 

Paper No 4 
110 Böhringer, Christoph, Rutherford, Thomas, 2008, Combining Bottom-Up and Top-Down, Energy 

Economics, 2008, vol. 30, issue 2, 574-596 
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extracted from the PRIMES database111, while the fuel costs depend on other variables of the 

GEM-E3-FIT model. 

At the first nesting level of electricity sector (Figure 16), production is split into two 

aggregates, one consisting of a bundle of power producing technologies (TECH) and the other 

represents the transmission and distribution part (DIST). There is a zero elasticity of substitution 

between these two aggregates. At the second level, all power producing technologies included in 

GEM-E3-FIT are in the same nest, whereas the (DIST) bundle is disaggregated to capital, skilled 

and unskilled labour and materials ( 

 

Figure 17). With regards to data reconciliation, the electricity sector in IO tables is split by 

unbundling power generation (by technology) from electricity transmission and distribution based 

on PRIMES base year data and future projections. 

𝑃𝑇𝐸𝐶𝐻𝑒𝑙𝑒,𝑡 = ∑ 𝑡ℎ𝑒𝑡𝑎𝑑𝑖𝑜𝑡𝑒𝑐,𝑡 ∙

𝑡𝑒𝑐

𝑃𝐼𝑂𝑡𝑒𝑐,𝑡 

𝑃𝑇𝐸𝐶𝐻𝑒𝑙𝑒,𝑡 price of electricity production 

𝑡ℎ𝑒𝑡𝑎𝑑𝑖𝑜𝑡𝑒𝑐,𝑡 shares of power generation technologies in power supply 

𝑃𝐼𝑂𝑡𝑒𝑐,𝑡 price of power generation technologies 

 

Figure 16: Production nesting scheme in the GEM-E3-FIT model – Electricity supply 
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Figure 17: Production nesting scheme of GEM-E3-FIT model – Power producing technologies 
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The GEM-E3-FIT electricity modelling can be used in two alternative simulation modes. 

1) The electricity sector of GEM-E3-FIT is linked to the PRIMES model aiming thus at the 

mimicking of the power sector planning and operation as simulated by the detailed 

PRIMES energy model. The adopted formulation for power generation in GEM-E3-FIT 

allows for no substitution between different power supply technologies and is expressed in 

a Leontief form with constant shares of the power mix. In this way, the Leontief shares of 

alternative technologies in electricity production (𝑡ℎ𝑒𝑡𝑎𝑑𝑖𝑜𝑡𝑒𝑐,𝑡) are dynamically adjusted 

to reproduce PRIMES projections for the power generation mix up to 2050 (or projections 

by other energy system models). This simulation mode is used in order for GEM-E3-FIT 

to accurately replicate the electricity system projections of detailed technologically-rich 

energy system models. 

2) A new bottom-up module for electricity production (GEM-E3-Power) has been developed 

as part of INNOPATHS project, aiming to fully endogenise the investment and operation 

of the electricity system in GEM-E3-FIT112. GEM-E3-Power is a bottom-up, 

technologically rich partial equilibrium model describing the development of the electricity 

generation mix under alternative policy assumptions by 2050. The module is hard-linked 

with the core GEM-E3-FIT model, through iterative exchange of their common variables 

(e.g. technology shares, electricity demand and supply). The hard-link between the power 

model and GEM-E3-FIT improves the representation of the electricity sector in a 

comprehensive, advanced CGE that consistently assesses the complex interactions between 

the economy, the energy system and the environment. 

GEM-E3-Power decides on the optimal investment and operation of the electricity system 

in order to minimize the intertemporal total costs to produce electricity, including capital costs 

(CAPEX), Operation & Maintenance expenditures, carbon costs and costs to purchase fuels (used 

as inputs to power plants), while meeting system constraints in each time segment (e.g. electricity 

demand, technology potentials, resource availability, policy constraints, system reliability and 

flexibility). Thirteen power generation options are included in the model (coal, oil, gas and 

biomass-fired, nuclear, hydro, PV, wind onshore, wind offshore, geothermal, CCS coal, CCS gas 

and CCS biomass) and compete based on their Levelised Cost of Electricity (LCOE) to meet the 

electricity requirements in each time segment. The decision to invest in power supply technologies 

depends on their relative cost, barriers and potentials, while various policy instruments can 

influence the future development of the electricity system, e.g. ETS carbon prices, phase-out 

policies, renewable subsidies or feed-in-tariffs, standards etc. 

The GEM-E3-Power model calculates investment in new power plants, which are 

influenced by sectoral electricity demand, load duration curves, decommissioning of old and 

inefficient power plants, and the already decided investment and policy measures. The modelling 

includes non-linear cost-supply curves for fossil fuels, renewable technologies and nuclear plants. 

These are numerical functions with increasing slopes serving to capture exhaustion of renewable 

energy potential, take-or-pay contracts for fuels, the promotion of domestically produced fuels, 

fuel supply response (increasing prices) to increased fuel demand, difficulties to develop CO2 

storage areas, acceptability and policies regarding nuclear site development, etc. The non-linear 

cost-supply curves are fully included in the optimization of capacity expansion and operation of 

the electricity system in GEM-E3-Power modelling. 

 

                                                 
112 A detailed description of this module was presented in INNOPATHS D4.3 in the study “Differentiated 

costs of capital for countries and technologies in energy transition models” 



 

 

 

Energy use in firms 

Each producer is assumed to maximize its profits subject to its production technology. 

Production functions in GEM-E3-FIT exhibit a nested separability scheme, involving capital (K), 

skilled and unskilled labour (𝐿𝑠𝑘𝑙𝑑, 𝐿𝑢𝑛𝑠𝑘𝑙𝑑), energy (E) and materials (MA) and are based on a 

CES neo-classical type of production function (Figure 18). The production technology exhibits 

constant return of scale. Each firm supplies its good at a market-determined selling price and 

selects a production technology so as to maximise its current profit, given that the firm cannot 

change the stock of productive capital within the year. The nesting structure of production is 

illustrated in the figure below. At the first level, production is split into two aggregates, one 

consisting of capital-labour-energy bundle (KLE) and the other consisting of materials (MA). At 

the second level, (KLE) is split in the capital-labour bundle (KL), and the energy bundle (EN). 

 

Figure 18: Production nesting scheme in the GEM-E3-FIT model  
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The capital-labour-energy bundle (KLE) of the production function in each sector (pr) has 

the following form: 

𝐾𝐿𝐸𝑝𝑟 = [𝑡ℎ𝑒𝑡𝑎_𝛿𝐾𝐿,𝑝𝑟

1
𝜎1 ∙ (

𝐾𝐿𝑝𝑟

𝐾𝐿0𝑝𝑟
)

𝜎1−1
𝜎1

+ 𝑡ℎ𝑒𝑡𝑎_𝛿𝐸𝑁,𝑝𝑟

1
𝜎1 ∙ (

𝐸𝑁𝑝𝑟

𝐸𝑁0𝑝𝑟
)

𝜎1−1
𝜎1

]

𝜎1
𝜎1−1

 

where: 

KLEpr: the Capital-Labour-Energy bundle, 

KLpr: the Capital-Labour bundle in production, 

ENpr: the Energy bundle in production, 

Base year values of all variables are represented with the suffix 0 

σ1: the elasticity of substitution between 𝐾𝐿𝑝𝑟 and 𝐸𝑁𝑝𝑟, 

theta_δKL,pr and theta_δEN,pr : value shares derived from the base year dataset . 

These value shares are calibrated using the observed values and volumes in the base year: 

𝑡ℎ𝑒𝑡𝑎_𝛿𝐾𝐿𝑝𝑟 =
𝑝𝐾𝐿0𝑝𝑟 ∙  𝐾𝐿0𝑝𝑟

𝑝𝐾𝐿𝐸0𝑝𝑟 ∙ 𝐾𝐿𝐸0𝑝𝑟
 



 

 

𝑡ℎ𝑒𝑡𝑎_𝛿𝐸𝑁,𝑝𝑟 =
𝑝𝐸𝑁0𝑝𝑟 ∙ 𝐸𝑁0𝑝𝑟

𝑝𝐾𝐿𝐸0𝑝𝑟 ∙ 𝐾𝐿𝐸0𝑝𝑟
 

𝑝𝐾𝐿𝐸𝑝𝑟 the deflator of Capital-Labour-Energy bundle, 

𝑝𝐾𝐿𝑝𝑟: the deflator of Capital-Labour bundle, 

𝑝𝐸𝑁𝑝𝑟: the deflator of Energy bundle.  

At the third level, Energy (EN) is split in electricity and fuels (FUELS) with the following 

equation: 

𝐸𝑁𝑝𝑟 = [𝑡ℎ𝑒𝑡𝑎_𝛿𝐸𝐿𝐸,𝑝𝑟

1
𝜎2 ∙ (

𝐸𝐿𝐸𝑝𝑟

𝐸𝐿𝐸0𝑝𝑟
)

𝜎2−1
𝜎2

+ 𝑡ℎ𝑒𝑡𝑎_𝛿𝐹𝑈𝐸𝐿,𝑝𝑟

1
𝜎2 ∙ (

𝐹𝑈𝐸𝐿𝑝𝑟

𝐹𝑈𝐸𝐿0𝑝𝑟
)

𝜎2−1
𝜎2

]

𝜎2
𝜎2−1

 

where: 

𝐸𝐿𝐸𝑝𝑟: the Electricity bundle, 

𝐹𝑈𝐸𝐿𝑝𝑟: the Fuel bundle (including coal, oil, gas and biofuels), 

σ2: the elasticity of substitution between 𝐹𝑈𝐸𝐿𝑝𝑟 and 𝐸𝐿𝐸𝑝𝑟, 

theta_δELE,pr and theta_δFUEL,pr: value shares calibrated using the observed values and 

volumes in the base year: 

𝑡ℎ𝑒𝑡𝑎_𝛿𝐸𝐿𝐸,𝑝𝑟 =
𝑝𝐸𝐿𝐸0𝑝𝑟 ∙ 𝐸𝐿𝐸0𝑝𝑟

𝑝𝐸𝑁0𝑝𝑟 ∙ 𝐸𝑁0𝑝𝑟
 

𝑡ℎ𝑒𝑡𝑎_𝛿𝐹𝑈𝐸𝐿,𝑝𝑟 =
𝑝𝐹𝑈𝐸𝐿0𝑝𝑟 ∙ 𝐹𝑈𝐸𝐿0𝑝𝑟

𝑝𝐸𝑁0𝑝𝑟 ∙ 𝐸𝑁0𝑝𝑟
 

𝑝𝐸𝐿𝐸𝑝𝑟: the deflator of Electricity bundle.  

𝑝𝐹𝑈𝐸𝐿𝑝𝑟: the deflator of Fuels bundle.  

 

At the fourth level of the production nested structure, fuels (EN) are split into specific fuels, 

namely coal, oil, gas, biofuels and other RES, based on the same principle. In GEM-E3-FIT, 

electricity and fuel consumption are influenced by an exogenous factor which simulates 

autonomous energy efficiency improvements (AEEI) by sector, i.e. technical change independent 

of energy price or policy effects. The introduction of AEEI factors leads to a decline in aggregate 

energy use per unit of output over time, independent of any changes in prices and policies. These 

factors capture differentiated sectoral dynamics in energy productivity evolution, including trends 

in energy intensive industries (Iron and Steel, chemicals). The AEEI factors differentiate between 

fuels and electricity to simulate different dynamics in electrified applications compared to uses 

based on fossil fuels and heat. The value shares of energy inputs can be dynamically adjusted to 

reproduce the shares of alternative fuels in energy consumptions in each sector of GEM-E3-FIT 

for alternative scenarios by 2050. 

 

Transport 

The bottom up representation of transport sector allows to project mobility (both passenger 

and freight) and to simulate the choice of transport modes and technologies and the way of using 

transport equipment. GEM-E3-FIT distinguishes between public and private mobility. The public 

transport sector ‘sells its services’ to other production sectors and to households, while private 

transport is part of households’ final consumption and is provided by durable goods (cars, 

motorcycles) which are purchased by households.  



 

 

In GEM-E3-FIT model, private mobility is part of derivation of consumption by purpose 

of households from utility maximization under the income constraint (Figure 19). In the nested 

optimization, mobility is split between using private transport means and purchasing transport 

services from transport suppliers (public transport). To use private transport, the optimization 

involves purchasing of durable goods (e.g. cars) depending on stock turnover considering the 

choice of car types with different capital and fuel consumption features. In particular, the model 

considers three distinct types of private cars: conventional Internal Combustion Engine (ICE) cars, 

plug-in hybrid vehicles and battery electric cars. Each car type uses a different mix of fuels, with 

conventional ICE cars using diesel, gasoline, gas and biofuels, electric cars using electricity, and 

plug-in hybrids using electricity, oil products and biofuels. The model separates between transport 

activity that can be covered by the existing fleet of private cars considering the annual car 

scrapping rate and new registrations of private cars.  

Private consumption projections in the transport sector are endogenously derived with 

GEM-E3-FIT model. The shares of three car types (r) in new car registration are calculated based 

on the Weibull discrete choice representation, as below: 

𝑥𝑠ℎ𝑐𝑎𝑟𝑟,𝑡 =
𝑠ℎ𝑐𝑎𝑟𝑟,𝑡 ⋅ (

𝑝𝑐𝑎𝑟𝑟,𝑡

𝑝𝑐𝑎𝑟0𝑟,𝑡
)

𝑠𝑤𝑡

∑ 𝑠ℎ𝑐𝑎𝑟𝑟,𝑡 ⋅ (
𝑝𝑐𝑎𝑟𝑟,𝑡

𝑝𝑐𝑎𝑟0𝑟,𝑡
)

𝑠𝑤𝑡

𝑟

 

𝑥𝑠ℎ𝑐𝑎𝑟𝑟,𝑡 represents the share of car types in total new car registrations 

𝑠ℎ𝑐𝑎𝑟𝑟 is the scale parameter used for the calibration of technology shares 

𝑝𝑐𝑎𝑟𝑟,𝑡  is the price by car type (reflecting total transport cost) 

𝑠𝑤𝑡  is the elasticity of substitution between alternative car types 

 

Mobility of private consumers is then translated into demand for specific car types, which 

in turn is related to demand for specific goods via the consumption matrix. The assumptions for 

fuel mix, technical efficiencies and other parameters (e.g. fuel use per passenger km) are based on 

PRIMES data. In ambitious climate policy scenarios, the technology and fuel mix in transport 

modes changes endogenously as a result of carbon pricing and other instruments and changes in 

technology costs, while the fuel shares in households’ consumption matrix (than links consumption 

by purpose to demand for specific goods) can be modified. 

The supply of professional transport is represented as production sectors distinguishing 

between land, air and maritime transport. Each transport sector produces a homogenous service 

using inputs from capital, labour, materials and energy, based on endogenous choice of firms 

towards cost minimisation. The demand of other production sectors for transport services derives 

from cost minimization of their production input mix. Substitutions are possible between transport 

modes and between transport and non-transport inputs depending on relative prices of goods and 

services. In the public transport sector, the value shares of energy forms in each transport mode 

can be dynamically adjusted to replicate projections of detailed energy system models in 

alternative scenarios by 2050.  

 

Energy use in households 

Energy demand for households is divided into two distinct consumption categories: 

Heating and cooking demand and Electric Appliances, as shown in Figure 5. Useful energy for 

heating depends on the households’ income and on the total cost of heating that includes both the 

purchase and the operational costs for energy related equipment. The household’s demand for the 



 

 

purchase and use of heating, cooking and electric appliances is derived from utility maximization 

of households. Durable goods in GEM-E3-FIT include the purchase of private cars, heating 

systems and electric appliances. The use of durable goods involves demand for non-durable goods, 

mainly energy (fuels and electricity). The consumer’s decision to purchase durable goods depends 

on the cost of buying the energy equipment and on the cost of using the equipment (i.e. fuel costs). 

The use of non-durable goods (through the operation of the respective durable goods) is 

determined by the demand for the linked durable goods. 

 

Figure 19: Households decision tree focused on energy consumption and transport 

 
 

At the first level of the heating bundling, households decide between district heating and 

the use of privately-installed heating and cooking appliances; their choice is modelled as a CES 

function depending on the relative costs of the two competing options. At the second level, 

households decide on the amount of energy consumption to be covered by existing appliance stock 

and by new appliance purchases. Finally, new appliances are split into options based on the fuel 

used (coal, oil, gas, biomass, electricity, solar thermal) and technologies (conventional and 

advanced). The competition between different options is modelled as a “Weibull” function (similar 

to private cars), with fuel choice depending on their Levelized Cost of Energy cost. The purchase 

and use of electric appliances follow the same logic as heating and cooking appliances. The model 

distinguishes new and old vintages of appliances, which are further disaggregated into 

conventional and advanced technologies characterized by different cost structures in terms of 

purchase and operation costs.  

 

 

 



 

 

Energy efficiency improvement 

The GEME3-FIT model simulates energy efficiency improvements induced by: 1) the 

substitution between energy and non-energy inputs (capital, labour), 2) substitution among fuels 

towards more efficient options (e.g. electricity substitutes for oil and coal), 3) uptake of advance, 

highly-efficient equipment and appliances by energy consumers, 4) implementation of energy 

efficiency investment (e.g. to improve thermal insulation of buildings) and 5) R&D expenditure 

directed to improve the productivity of energy.  

 

Firms and households perform dedicated energy efficiency improving investments by using 

part of their income to acquire goods and services related to energy savings that accumulate to an 

energy saving capital stock that provides long-term energy efficiency improvements. Energy 

efficiency expenditures are translated into demand for specific goods and services, like electric 

goods, construction and market services in fixed factor proportions (with construction accounting 

for 70% of total expenditures). The amount spent on energy savings by firms and households 

depends on the ambition of energy efficiency and climate policies. For example, the government 

is assumed to impose an energy tax on final consumers. The revenues collected are used by the 

government to finance energy saving expenditures, ensuring public budget neutrality. Essentially, 

the government intervenes to reallocate the agents’ funds from their “optimal” placement towards 

energy saving expenditures. 

 

The modelling of energy savings in GEM-E3-FIT is implemented through energy 

efficiency cost curves quantifying the amount of energy savings achieved for a specific cumulative 

expenditure. The main features of the energy efficiency curve are: 

i) It is upper bounded (i.e. maximum efficiency improvement is ~ 50%) 

ii) The first available options for energy efficiency improvements are low cost 

iii) It exhibits saturation effect (decreasing marginal returns) 

 

The functional form that represents best the features of the energy efficiency cost curve is 

the logit function. The specific energy efficiency cost curve incorporated in the GEM-E3-FIT 

model is given by [1] for firms and by [2] for households. 

𝐸𝐹𝐹𝐼_𝐹𝑏𝑟,𝑒𝑟,𝑡 = 𝑢𝑝𝑝𝑒𝑟_𝑒𝑓𝑓𝑖_𝑓𝑏𝑟,𝑒𝑟

∙ (1 − ℯ
−[

𝐸𝐹𝐹𝐼_𝑆𝑇𝑂𝐶𝐾𝑏𝑟,𝑒𝑟,𝑡
∑ 𝐼𝑂𝑉𝑝𝑟𝑒𝑡,𝑏𝑟,𝑒𝑟,𝑡,𝑝𝑟𝑒𝑡

+𝑒𝑓𝑓𝑖_𝑓_𝑥0𝑏𝑟,𝑒𝑟]∙𝑠𝑝𝑒𝑒𝑑_𝑒𝑓𝑓𝑖_𝑓𝑏𝑟,𝑒𝑟
)

− 𝑒𝑓𝑓𝑖_𝑓_𝑦0𝑏𝑟,𝑒𝑟 

[

1] 

where: 

EFFI_Fbr,er,t: the energy efficiency improvement rate (variable), 

upper_effi_fbr,er,t: the upper bound of efficiency improvement (calibrated parameter), 

EFFI_STOCKBR,ER,T: the stock of the energy efficiency level (variable), 

speed_effi_fbr,er: speed going to the inflexion point (calibrated parameter), 

effi_f_y0br,er: firms base year energy efficiency level (calibrated parameter), 

effi_f_x0br,er: firms base year energy efficiency level (calibrated parameter), 

IOVpret,br,er,t: the intermediate demand for energy products (variable):  

 

 

 



 

 

 

𝐸𝐹𝐹𝐼_𝐻𝑒𝑟,𝑡 = 𝑢𝑝𝑝𝑒𝑟_𝑒𝑓𝑓𝑖_ℎ𝑒𝑟

∙ (1 − ℯ
−[

𝐸𝐹𝐹𝐼_𝑆𝑇𝑂𝐶𝐾_𝐻𝑒𝑟,𝑡
∑ ∑ 𝐿𝐿𝑁𝐷𝐶𝑙𝑛𝑑,𝑑𝑔,𝑒𝑟,𝑡𝑙𝑛𝑑𝑑𝑔

+𝑒𝑓𝑓𝑖_ℎ_𝑥0𝑒𝑟]∙𝑠𝑝𝑒𝑒𝑑_𝑒𝑓𝑓𝑖_ℎ𝑒𝑟
)

− 𝑒𝑓𝑓𝑖_ℎ_𝑦0𝑒𝑟 

[2] 

where: 

EFFI_Her,t: the households energy efficiency improvement rate (variable), 

upper_effi_her,t: the upper bound of efficiency improvement (calibrated parameter), 

EFFI_STOCK_Her,t: the stock of the energy efficiency level (variable), 

speed_effi_her: the speed going to the inflexion point (calibrated parameter), 

effi_h_y0er: the parameter related to households base year energy efficiency level 

(calibrated parameter), 

LLNDClnd,pr,er,t: the consumption of linked non-durable goods. 

 

Then energy productivity (tge) is formulated as a positive function of the stock of energy 

saving technologies. Thus, higher expenditure in energy efficiency would lead to increased 

productivity of energy. 

 

𝑡𝑔𝑒 = 𝑡𝑔𝑒 + 𝑒𝑓𝑓𝑖_𝑓  

 

The parameters of GEM-E3-FIT efficiency cost curves are calibrated to reproduce the 

relation between energy efficiency expenditure (in particular investment in insulation and 

renovation of buildings) and energy savings realized by firms and households. 

 

 Representation of markets for low-carbon technologies 

Most global energy-economy and Integrated Assessment models commonly fail to 

represent the “upstream” industrial implications of mitigation policies (Karkatsoulis et al, 2016, 

Fragkos et al, 2019) and the potential domestic industry effects that being a global technology 

leader might bring about (De Cian et al, 2013) and thus their results for specific regions/countries 

can be misleading. The inclusion of multiple economic sectors (in particular those that 

manufacture low-carbon equipment) can drastically improve simulation properties of energy-

economy models with regard to industrial, trade and distributional impacts of climate policies. 

GEM-E3-FIT includes the manufacturing of low-carbon technologies, products and 

equipment as separate production sectors in order to consistently derive the evolution of their 

production and trade under alternative policy assumptions. The model database has been extended 

to allow for a separate representation of the clean energy producers, namely for solar PV, wind 

turbines, Electric Vehicles, Li-Ion Batteries and biofuels, in economic terms. Current market 

shares and bilateral trade flows have been consistently incorporated into GEM-E3-FIT, building 

on various data sources, including (ISE, 2018), (Navigant, 2017), (CEMAC, 2016), (IEA, 2019) 

and Transport and Environment (2017). The detailed representation of these sectors is extremely 

important to capture growth and competitiveness effects driven by low-carbon innovation and 

manufacturing activities, industrial impacts and changes in trade flows induced by ambitious 

decarbonisation measures and/or low-carbon innovation policies.  



 

 

As the GTAP database does not include the manufacturing of low-carbon technologies as 

separate production sectors, supplementary data sources have been used to provide reasonable 

estimates for the size, structure and trade transactions of these sectors. In particular for the transport 

sector, the demand (sales) and manufacturing volumes of Electric Vehicles (EVs) for each country 

is derived from (IEA, 2018) data113 and the “Electric cars” report114 respectively, while the 

manufacturing volumes of batteries by country are based on (IEA, 2018). The base year technology 

prices assumed for EVs and batteries are derived from (Fragkiadakis et al, 2019). Combining these 

costs with the manufacturing volumes in each country, the production and net imports of EVs and 

batteries are estimated (in economic terms). Then, we used the study by (Fries et al, 2017115) to 

determine the inputs required from other sectors (i.e. equipment, metals, plastics etc.) to produce 

EVs and batteries, which are different relative to the cost structure of conventional cars. To 

determine the bilateral trade in these sectors, we developed a RAS routine with weighting derived 

from the GTAP sector 43 “Manufacture of motor vehicles, trailers and semi-trailers”. Finally, a 

process was developed to ensure that the production of conventional and EVs sums up to the GTAP 

sector 43. A similar process was developed also for the production of solar PV and wind turbines, 

where we used data on their manufacturing in volumes from (ISE, 2018), (Navigant, 2017) and 

(CEMAC, 2016), sales in each country from (IEA and Eurostat databases), production cost from 

(CEMAC, 2016) and cost structure inputs from (Garrett Peltier, 2016) and (IRENA, 2019). All 

data sources related to low-carbon technology manufacturing have been consistently integrated in 

the GEM-E3-FIT framework to produce balanced Input-Output tables for all countries that 

incorporate explicitly the manufacturing and trade of clean energy technologies.  

The implementation of ambitious climate policies in GEM-E3-FIT would lead to emission 

reductions, mostly driven by expansion of renewable energy, energy efficiency improvements and 

electrification of energy services. GEM-E3-FIT includes several emission reduction options116, 

including a variety of renewable power generation technologies (solar PV, biomass, hydro, wind 

onshore and offshore), low-emission Electric Vehicles, advanced biofuels, options to increase 

electrification in heating uses (e.g. heat pumps), investment in energy savings in buildings, 

transport and industries, technologies to capture and store carbon dioxide emitted from power 

plants, fuel substitution towards low-emission energy carriers and uptake of advanced, energy 

efficient equipment in buildings (e.g. for electric and heating appliances). The model endogenously 

decides on the optimal mix of mitigation options in order to achieve the climate target, choosing 

first the options with lower abatement costs. Therefore, the future deployment of specific 

technological options (e.g. EVs) strongly depends on the availability of other emission abatement 

options, i.e. competition between biofuels and EVs to decarbonise road transport. In addition, the 

model captures the complex interlinkages among the various sectors and mitigation options, e.g. 

the uptake of EVs depends on the interactions with the electricity generation sector in particular 

with regard to the evolution of electricity price. The GEM-E3-FIT model can capture these 

interlinkages between alternative emission reduction options and the complex dynamics of the 

uptake of EVs combined with RES expansion, electrification of energy services and efficiency 

improvements. 

                                                 
113 IEA, Global EV Outlook 2018 
114 Transport and Environment 2017, Electric Vehicles 2017, Available at:  

https://www.transportenvironment.org/sites/te/files/publications/TE%20EV%20Report%202016%20FINAL.pdf 
115 https://steps.ucdavis.edu/wp-content/uploads/2018/02/FRIES-MICHAEL-An-Overview-of-Costs-for-

Vehicle-Components-Fuels-Greenhouse-Gas-Emissions-and-Total-Cost-of-Ownership-Update-2017-.pdf 
116 Capros P. et al (2017), GEM-E3 Model Manual, https://e3modelling.gr/modelling-tools/gem-e3/  

https://e3modelling.gr/modelling-tools/gem-e3/


 

 

 

 Representation of R&D and technology progress in GEM-E3-FIT 

 

The empirical scientific research has shown that the role of low-carbon innovation and 

economies of scale is important in reducing low-carbon technology costs, thus influencing the 

assessment of macro-economic and employment impacts of climate policies (Verdolini et al, 

2018). Therefore, technology progress is explicitly and endogenously represented in GEM-E3-FIT 

depending on public and private R&D expenditure and spill-over effects. The technical progress 

is represented through two factor learning curves (learning by doing and learning by research). 

The learning by doing component corresponds to the productivity gained through cumulative 

production (i.e. learning from experience and economies of scale). The learning by doing effect is 

introduced only for low-carbon technologies (i.e. solar PV, Wind, electric cars, batteries, and 

biofuels). Learning rates for low-carbon technologies are taken from the upper and lower bounds 

available in literature (Paroussos et al, 2019). The R&D learning rate indicates the reduction in 

unit costs of energy technologies for each doubling of the cumulative R&D expenditure, while 

learning by doing rate indicates the reduction in unit costs for each doubling of the cumulative 

capacity of technologies.  

The “innovation and spillovers module” of the advanced GEM-E3-FIT model assumes that 

the total factor productivity in each sector is composed from an endogenous and an exogenous part 

(in conventional CGE modelling total factor productivity is set exogenously). The endogenous part 

of total factor productivity (TFP) represents the concept of innovation-induced endogenous growth 

and is composed of: i) the learning by doing effect, ii) the learning by research effect, iii) the 

impact of knowledge spillovers and iv) the human capital stock measure. 

GEM-E3-FIT incorporates a semi-endogenous representation of the R&D sector separating 

public from private R&D expenditures. Each firm decides upon the optimal R&D spending so as 

to maximize its profits whereas public R&D is set exogenously. R&D expenditures generate a 

stock of knowledge that in turn is linked to productivity growth. The link between R&D 

expenditure and productivity is provided in the following equationsError! Reference source not 

found., where 𝑅𝐷𝑗
𝑃𝑟𝑖𝑣𝑎𝑡𝑒 is the optimal demand of the firms for R&D, 𝜃𝑗

𝑟𝑑 is the value share of 

R&D expenditures in total production costs, 𝑄𝑗 represents the total sales of the firm, 𝑃𝑄𝑗 is selling 

price and 𝑃𝑅𝐷 is the unit cost of R&D. 

𝑅𝐷𝑗
𝑃𝑟𝑖𝑣𝑎𝑡𝑒 = 𝜃𝑗

𝑟𝑑 ∙ 𝑄𝑗  ∙ (
𝑃𝑄𝑗

𝑃𝑅𝐷𝑗
)

𝑟ℎ𝑜

 
[4] 

𝑅𝐷𝑗
𝑃𝑢𝑏𝑙𝑖𝑐 = (𝐸𝑥𝑜𝑔𝑒𝑛𝑜𝑢𝑠) [5] 

𝑅𝐷𝑗
𝑇𝑜𝑡𝑎𝑙 = 𝑅𝐷𝑗

𝑃𝑟𝑖𝑣𝑎𝑡𝑒 +  𝑅𝐷𝑗
𝑃𝑢𝑏𝑙𝑖𝑐  [6] 

 

Learning by doing and learning by research increase total factor productivity in the low-

carbon producing industrial sectors as presented in [7], where 𝑌𝑗,𝑡 represents the production in the 

case of learning by doing and the R&D expenditures in the case of learning by research and 𝑏𝑏𝑡𝑒𝑐 

is the corresponding learning by doing or learning by research rate of the technology 𝑡𝑒𝑐 that is 

linked one-to-one with the firm 𝑗. 

𝑇𝐹𝑃𝑗 = (
∑ 𝑌𝑡 𝑗,𝑡

�̅�𝑗

)

−𝑏𝑏𝑡𝑒𝑐

 [7] 



 

 

Each sector in GEM-E3-FIT optimizes the allocation of resources in R&D simultaneously 

with decisions about acquiring capital, labour, energy, material, based on its production function 

and the share of R&D expenditures in intermediate demand. R&D expenditures of firms is a 

demand for R&D services addressed to the R&D supply sector, which is represented separately in 

GEM-E3-FIT. The R&D expenditures do not increase production capacities, as investment does, 

but they accumulate in a ‘knowledge stock” and improve the quality and reduce the costs of the 

produced goods and services. As resources are limited in the General Equilibrium framework, 

R&D expenditures may exert a crowding out effect on investment, but only temporarily because 

the innovation-induced productivity improvement enlarges market prospects, as higher quality and 

lower costs imply better possibilities to use the economic resources more efficiently and thus R&D 

expenditures may induce positive economic growth in the medium and longer term.  

Productivity generated through R&D is diffused into other sectors and countries according 

to a patent citation117 matrix approach. The productivity spillovers to other sectors and countries 

are calculated as in [8]. 

𝑇𝐹𝑃_𝑆𝑃𝐼𝐿𝐿𝑖,𝑗,𝑟,𝑠 = 𝑇𝐹𝑃𝑖 ∙ 𝑠𝑝𝑖𝑙𝑙𝑜𝑣𝑒𝑟𝑖,𝑗,𝑟,𝑠 [8] 

 

Public R&D expenditures are assumed to increase the global stock of knowledge by sector 

(thus implying “perfect” spillovers). In contrast, private R&D is diffused partially to other 

countries (through knowledge spillovers), reflecting Intellectual Property Protection, costly 

replication of patents, obstacles for knowledge diffusion and potential limitations in infrastructure, 

human capital, institutions, regulation, industrial and innovation base (Paroussos et al 2019). 

Spillovers are proxied by applying the bilateral imports shares to the R&D expenditures by 

country. This measure is used to approximate the knowledge absorption from the innovations 

produced by foreign countries. Additional details on the representation of technical progress and 

spillovers in GEM-E3-FIT can be found in (Paroussos et al., 2019). 

All parameters related to the specification of endogenous total factor productivity growth 

are estimated using advanced econometric techniques with cross country data for the EU member 

states for the period 2005-2016 and data for R&D expenditures for EU countries, China, USA, 

Korea, Japan and Russia. Panel data techniques (including random cross section effects and fixed 

time period effects) are used to estimate the relationship between total factor productivity and the 

ability of the economy to absorb R&D and spillovers. The econometrically estimated parameters 

are then included in the GEM-E3-FIT model.  

With regard to low-carbon technologies, GEM-E3-FIT model includes a detailed 

representation of their learning process, triggered through learning by doing, increased R&D 

expenditures and knowledge spillovers. The technical progress is endogenized via the well-

established concept of two factor learning curves, with learning rates derived from a wide literature 

review (Rubin et al, 2015). Technology costs for manufacturing PV, wind, biofuels and batteries 

depend on: 

• Learning by doing, induced by their increased deployment (cumulative capacity) 

• R&D expenditure by private and public sector (creation of knowledge) 

• Spillover effects through R&D (depending on human capital stock) 

The table below includes the learning by doing and learning by research rates for low-

carbon technologies as integrated in the advanced GEM-E3-FIT model. 

 

                                                 
117 For the exact description of the approach see Paroussos et al (2017) 



 

 

Table 23: Learning rates for low-carbon technologies used in GEM-E3-FIT 

 Learning by doing rate Learning by research rate 

Solar PV 0.23 0.12 

Wind 0.12 0.10 

Biofuels 0.10 0.11 

Batteries 0.15 0.15 
 

The GEM-E3-FIT model differentiates between public and private R&D, as they have 

different nature with the former focusing on basic high-risk research and novel, immature low-

carbon technologies with uncertain market value (Wene, 2008). In contrast, private R&D is closer 

to industrial activities and is commonly directed to mature technologies with limited risk and high 

market value. Private R&D reduces the cost directly in the region and sector performing the R&D, 

while learning by doing and public R&D reduce technology costs globally. In GEM-E3-FIT 

model, the cost reduction occurs once the investment decision is made and thus gains from the 

learning effect occur with a one period lag (as the model does not assume inter-temporal 

optimisation and agents not aware of the full learning potential). The decision of firms to invest in 

R&D is endogenous, affects positively productivity of factors but induces expenditure.  

The cumulative stock of knowledge interacts with the unit cost of production of clean 

energy technologies via innovation-induced growth in total factor productivity by assuming a 

learning curve, linking productivity growth with accumulated R&D expenditure. Knowledge 

spillovers are represented in the model as positive externalities leading to higher productivity of 

R&D expenditure. Three types of spillovers are distinguished in the literature: 

• Own sector: The knowledge created in one industry increases the knowledge in the same 

industry and can be replicated/mimicked by competing firms of the same industry 

• Cross Sectoral:  The knowledge created in one sector/industry is used to increase 

knowledge in other sectors (e.g. knowledge acquired in electronics industry is diffused to 

solar PV manufacturing) 

• Cross Country: The knowledge created in one country facilitates learning in other 

countries, depending on their size, technological state, and system of patenting. 

 

Literature recognizes that some of the key factors affecting spillovers include: the 

geographical proximity, distance to the technological frontier, absorptive capacity, human capital, 

property rights policy. The conventional modelling of knowledge spillovers in CGE models is 

based on the exchange of efficient products/services through bilateral trade of countries. In 

addition to this, the modelling of innovation in GEM-E3-FIT includes technology transfer matrices 

based on patent citation data, linked to absorptive capacity, with data from the EU and national 

Patent offices and R&D expenditure from the IEA (focused on low-carbon technologies). 

 

Importance of including endogenous technical change in macro-economic modelling 

Many macroeconomic models that have computed the costs of decarbonisation have 

generated not insignificant net costs (for example, the modelling results reported in the IPCC WG3 

AR5 estimated global consumption losses of 2-6% in 2050 associated with an emissions trajectory 

that limit global warming to less than 2oC by 2100). These mitigation cost calculations do not 

capture endogenous technical change and are a result of the following process. Investments for 

decarbonisation replace investment in capital equipment related to fossil fuels, leading to increased 

domestic activity (at least in fossil fuel importers). However low-carbon technologies are more 



 

 

expensive than the fossil-fuel related technologies they replace, and this increases energy costs to 

households and firms. This reduces households’ expenditure on other goods and services and the 

competitiveness of firms, which negative impacts on their sales in home and export markets. 

Lower economic activity, income and employment is the result (illustrated in the left graph of 

Figure 6). In addition, as investment in low-carbon technological options is higher than the 

investment in fossil-fuel technologies that it replaces, this leads to a crowing-out of other more 

productive investment. This result may be mitigated through saving the costs to purchase fossil 

fuels, which is a greater economic benefit for fossil-fuel importing countries, when these fuels 

have to be purchased from abroad. However, in most macro-economic models these mitigating 

effects do not compensate for the activity-reducing effects, and a net reduction in GDP is the result 

of the implementation of ambitious climate policies. 

In contrast, Figure 6 (right graph) shows the situation when endogenous technical change 

is considered (as in GEM-E3-FIT). The effects noted above are still present, but in this case the 

dynamics of technology learning induced by low-carbon innovation and scale effects lead to 

reduced costs for clean energy technologies over time, and may create new industries, that feed 

into new markets at home and abroad and strengthen industrial competitiveness (Fragkiadakis et 

al, 2020). The endogenous technical change will reduce the price effects on households and firms 

(as low-carbon technologies may over time become cheaper than fossil-fuel options), thus 

mitigating or avoiding crowding out and weakened competitiveness in international markets. In 

this case, the net effect of mitigation policies on GDP is small and depends on various factors like 

the model structure, assumptions about crowding out and whether the economy is at full 

employment, technology learning rates and the way that energy and climate policies are 

implemented in the model.  

 

                  
Figure 20: Macro-economic assessment of decarbonisation policies, left graph: without 

endogenous technical change, right graph: including endogenous technical change 

 

 



 

 

 Representation of the financial sector in GEM-E3-FIT 

 

The CGE theoretical framework requires that all markets clear simultaneously through 

endogenously-derived prices (price-adjustment of markets). The empirical applications of CGE 

models do not always assume market clearing through price mechanisms in all markets, as authors 

often incorporate non-neoclassical assumptions concerning market rigidities and imperfections in 

an attempt to capture the macro-economic forces that prevail in real-world cases; Bourguignon et 

al. (1989), Capros et al. (1991).  

In the standard CGE setting all savings are exhausted in financing current investment 

projects. Any alternative investment plan requires that either consumption is reduced (savings 

increase) or other investment projects are cancelled (crowding out) given the finite nature and the 

full employment of capital resources. Depending on the capital market clearing assumption, higher 

demand for investment will increase interest rates. Limited availability of financing capital implies 

that capital costs will always rise when the economy transits to a more capital-intensive structure 

(as the transition to a low-carbon economy). Increasing capital costs raises production costs having 

a direct negative impact on the economic competitiveness. Therefore, the explicit integration of 

the finance sector in a CGE context can considerably improve the model realism to consistently 

represent structural changes induced by decarbonisation. 

The enhanced version of GEM-E3-FIT model in addition to households, firm, government 

and the external sector represents a world bank, which collects savings from agents (households, 

firms, government) in surplus and provides financing to agents in deficit. In the standard model 

closure, the bank provides financing at a uniform globally average interest rate independently of 

the debt profile of the agent asking for financing. In the closure used in the current study, the bank 

allocates a user defined amount over different investment projects using escalating lending rates 

according to financing requirements and a debt sustainability indicator. The inclusion of the 

financial sector in the GEM-E3-FIT model improves its simulation capabilities by: 

i) Allowing the introduction of financial repayment plans. In the standard model closure, the 

high upfront expenditures that the households and firms have to undertake in a 

decarbonization scenario are mainly financed by cancelling out non-energy saving 

consumption expenditures. The representation of repayment plans increases the short-term 

household income with a loan and allows to trace the reduction of the non-energy saving 

consumption expenditures in the future. The creation of payback schedules that span over 

many periods moderates considerably the crowding out effect of CGE models, enabling a 

more realistic representation of the interactions between decarbonisation and capital 

markets. 

ii) Allowing for a detailed budgeting of debt. The inclusion of the financial sector allows to 

detailed account of the bi-directional borrowing or lending flows of the agents by country, 

and of agents’ debt at cumulative terms,  

iii) Quantifying the impact of debt accumulation and debt sustainability in the ability of agents 

to borrow (hence agents with large debt to income ratios will not borrow at the same 

interest rate as the rest of the economy). 

 

The model allows for alternative macroeconomic closures regarding money supply: i) 

Fixed money supply in a period: Agents in deficit are financed by agents in surplus, ii) Fixed 

money supply across periods: Agents in deficit can be financed by their future earnings (i.e. when 

they create surpluses), iii) Unlimited money supply: All financing requirements are met at 



 

 

exogenously defined interest rates. In the current study the first closure is chosen, implying that 

decarbonisation would lead to increased interest rates. 

There are two main sources of demand for credit represented in the model: firms demand 

credit to finance investment and governments demand credit to finance public expenditure. Both 

are decreasing function of the interest rate. We denote by 𝐷𝑓,𝑠,𝑐(r) the demand of credit of firms in 

sector s and country c and by 𝐷𝑔,𝑐(r) the demand of credit of the government of country c (given 

the interest rate r). In GEM-E3-FIT, credit is supplied by households through their savings118. The 

baseline assumption about credit markets, which is implemented in the "Reference" scenario, is 

that capital markets are country/region specific. Formally, this amount to consider that a specific 

interest rate 𝑟𝑐
∗ is determined in each country c as the solution of: 

𝐷𝑔,𝑐( 𝑟𝑐
∗)+ ∑ 𝐷𝑓,𝑠,𝑐( 𝑟𝑐

∗) −  𝑆ℎ,𝑐(𝑟𝑐
∗)  = 0 

𝑠  

where 𝑆ℎ,𝑐(𝑟  ) denotes the supply of credit by the household of country c.  Capital is then 

allocated domestically across sectors according to the equilibrium interest rate. 

The decarbonisation of the economy requires the transition to a more capital-intensive 

energy system structure requiring additional investments relative to the Reference scenario 

directed to low-carbon technologies and the purchase of energy efficient equipment (e.g. electric 

cars, heat pumps etc). In countries with low savings, this would increase considerably the cost of 

capital and thus the cost of all investment projects while the implications would be lower for 

countries with high amounts of savings leading to limited “crowding-out” effects. The model can 

also implement alternative closures, for instance simulating an “international” capital market 

where countries can have access to low-cost “green” finance directed to the uptake of low-carbon 

technologies and energy efficiency projects (like in Paroussos et al, 2019) 

 

 Representation of labour markets 

 

A distinctive feature of GEM-E3-FIT model is the representation of an imperfect labour 

market through involuntary unemployment, simulated by an empirical labour supply equation that 

links through a negative correlation, wages and unemployment. In particular, the model 

distinguishes between skilled and unskilled labour. Capital and skilled labour substitute each other 

at the 4th level of production nesting scheme, while capital and skilled labour bundle are substitutes 

with unskilled labour at the 3rd level of production scheme. In order to adequately capture the real-

world conditions of the labour market, GEM-E3-FIT represents involuntary unemployment for 

both skilled and unskilled labour, moving beyond the conventional CGE modelling approach 

(assuming no unemployment).  

The formulation of GEM-E3-FIT assumes that imperfections and rigidities in the labour 

market can shift the exogenous labour supply, to the left and upwards. Wages drive the balancing 

of the shifted labour supply with labour demand.  Thus, involuntary unemployment arises as a 

result of the distorted labour market equilibrium. It is assumed that, due to labour market 

imperfections and frictions, the employees enjoy a wage premium on top of the wage rate that 

would correspond to equilibrium between potential labour supply and labour demand.  The wage 

rate premium leads to a displacement to the left of the potential labour supply curve, which 

corresponds to effective labour supply. This premium is endogenous in the model and has to be 

                                                 
118 Households can also demand credit to finance consumption or investments in the firms they own but 

here we assume for sake of simplicity that they are net suppliers of credit. 



 

 

paid by the firms to induce employees not to shirk; as a result, effective labour supply is determined 

through efficiency wages. The balancing of labour demand with effective, rather than potential, 

labour supply implies that equilibrium unemployment is determined as the difference between 

potential and effective labour. 

In GEM-E3-FIT the efficiency wage approach (based on Shapiro and Stiglitz, 1984) is 

selected to represent involuntary (equilibrium) unemployment because of its empirical validation, 

its simplicity, and the fact that it is parsimonious in parameters. The efficiency wages theory states 

that the productivity/quality of labour has a positive correlation with wages. In periods with high 

unemployment firms are not motivated to offer high wages to attract higher quality labour or to 

increase productivity of existing workers. In contrast, at low unemployment rates it is efficient for 

firms to offer wages above their equilibrium level, because they seek for increases in labour 

productivity and for reducing the probability of someone quitting the job and hence reducing costs 

from the recruitment of new personnel. 

The accurate representation of policy implications on the labour market requires a 

distinction of labour skills, as policies would have differentiated impacts across skills and can 

potentially cause a mismatch between labour demand and supply for specific skills (i.e. a policy 

strongly promoting R&I should be complemented with increased human capital, as R&I activities 

require a high-skilled workforce). Conventional macro-economic models do not differentiate 

between skills and commonly assume that labour markets are fully flexible, so that workers can 

easily migrate to new jobs (i.e. costless and instant skills transformation) and are therefore not well 

suited to investigate the impacts of climate policies on skills. To capture the structural effects of 

policies that can cause a potential mismatch between supply and demand for specific skills, the 

GEM-E3-FIT model has been expanded with a representation of five distinct labour skills. This is 

combined with the endogenization of households’ decision for education that influences the level 

of its future wage and income. The endogenous labour supply module of GEM-E3-FIT represents 

five skill levels, corresponding to GTAP classification, namely: unskilled workers (level 1), 

service and shop workers (level 2), technicians (level 3), clerks (level 4) and managers (level 5). 

The optimal labour demand by skill is derived from the firms’ cost minimization problem by using 

a CES production function under perfect competition. Each type of labour skill is characterized by 

a specific labour productivity (technical progress of labour), with low-skills typically having lower 

productivity. Based on econometric estimations and using data from the EUROSTAT database, 

the labour productivity across EU member states is econometrically estimated, by explicitly 

linking technical progress of labour with the skill levels of employees. The analysis confirms that 

higher labour productivity is associated with higher share of high skilled employees. Thus, the 

enhanced GEM-E3-FIT model version captures the link between human capital stock, labour 

productivity and the firms’ capacity to absorb knowledge produced elsewhere (spillovers). The 

inclusion of human capital in GEM-E3-FIT aims to improve the representation of: 

• Labour productivities differentials across countries and sectors 

• The link between human capital and the creation of knowledge through R&D 

• The knowledge spillovers through modelling of absorptive capacity 

• Potential for growth of new high value-added economic activities through increased skills 

availability (e.g. higher share of workforce attending tertiary education) 

 

In the enhanced model version, households and firms can endogenously decide upon the 

optimal schooling-education years and on the optimal workforce training respectively. The 

schooling decision of households allows to endogenously determine the participation rate and the 



 

 

supply of skills in the economy. The decision of firms to train their employees allows representing 

endogenous labour productivity growth through training. In this modelling approach, there is no 

mobility among skills but workers of the same skill are mobile across sectors. In year t, the working 

age population (in the cohort of 18 years), can select between getting a higher education level or 

become unskilled workers (attain the minimum obligatory education level) during its entire 

lifetime. Based on their education choice, the new workers are included in the labour force at 

different points in time. Expectations for higher wages lead to increased schooling years, but 

education entails costs including the cost of schooling and the lost income during schooling years. 

The households decide on the optimal amount of education based on wage (and unemployment 

rate) differentials between different education levels.  The impact of education decision affects 

only the new workers entering the labour market.  The household choice to attain tertiary education 

results in a reduction of available working hours in the short-term, increased demand for education 

services and increased labour productivity, due to the highly-educated workforce. In modelling 

terms, the representative household selects the share of available hours that will be directed to 

education in order to maximize its intertemporal income (taking into account unemployment levels 

differentiated by skill type). The choice on education affects the working age population that in 

the period t can be added to the labour force based on its’ decision for education. 

For each skill category the demand-supply mismatch results into a skill specific 

unemployment rate. The model assumes full labour mobility across sector for each skill type. The 

supply of labour for each skill is determined via an empirically determined wage curve, linking 

wages with unemployment rate consistent with the efficiency wages approach described above. 

The labour supply function is calibrated to a wage elasticity of -0.1. The factor price of labour by 

skill takes into account the firms social security contribution. 

 

 Representation of the decarbonisation process 

The model captures both energy- and process-related GHG emissions. CO2 energy 

emissions are calculated by applying appropriate emission factors to the consumption of different 

fuels (coal, oil products, natural gas) by each economic agent (firms and households). Process-

related carbon dioxide emissions are calculated using emission factors that are connected to the 

level of production (e.g., CO2 from clinker is linked to the production level of cement). The 

abatement potential of energy related emissions depends on the substitution possibilities among 

fuels and between energy and capital equipment that characterizes each economic activity. In the 

model, industrial production is characterized by a CES production function with the substitution 

elasticity determinising firms’ GHG mitigation possibilities. The internalization of environmental 

externalities is achieved either through taxation or global/regional/sectoral system constraints, the 

shadow costs of which affect the decision of the economic agents.   

There are various mechanisms which enable the reduction of emissions in the GEM-E3-

FIT model, including: 

1) End-of-pipe abatement: end-of-pipe abatement technologies for non-CO2 emissions are 

formulated explicitly by bottom-up derived Marginal Abatement Cost Curves (MACCs) 

that differ among countries, sectors, durable goods and pollutants. The marginal costs of 

abatement are increasing functions of the degree of abatement. These costs differ between 

sectors and countries according to the country- or sector-specific abatement efforts already 

undertaken.  



 

 

2) Substitution of fuels towards low-emission energy carriers and technologies: as the sectoral 

production is specified in nested CES-functions, there is some flexibility on the decision 

of intermediates. The input demand is linked to the relative prices of the inputs. Hence, if 

there is an additional cost on energy inputs caused by carbon pricing, there will be a shift 

in the intermediate demand away from ‘expensive’ fossil fuels towards less costly inputs 

and low-emission technologies and energy forms (e.g. renewable-based electricity, 

biofuels, nuclear). Therefore, an imposed cost on carbon emissions (e.g. in the form of a 

carbon price) drives substitution towards less emission intensive inputs, e.g. from coal to 

gas, biomass or renewable-based electricity. 

3) Energy efficiency improvements, modelled through specific investment that enable the 

substitution of fuel consumption with capital and/or technology equipment (e.g. advanced 

home appliances, improved thermal insulation in buildings, energy management in 

industries, purchase of more efficient equipment). Thus, the implementation of ambitious 

climate and energy policies will drive a substitution away from energy to labour or capital 

(i.e. energy efficiency) 

4) Decrease of production: The imposition of climate-related constraints (through carbon 

taxes, efficiency standards or other instruments) causes an additional cost to production 

(which is linked to the costs of substitution or abatement installation). An increasing 

production cost and selling price would lead to a reduction of the demand for carbon-

intensive products, even if this demand is inelastic to price changes (which is usually not 

the case) due to budget constraints. This lowers production and accordingly the demand 

for intermediates, causing a reduction in emissions due to the decline in carbon-intensive 

production (and the potential substitution towards activities with lower carbon and energy 

intensity) 

When an environmental tax is imposed, it is paid to the government by the firm causing 

the pollution. The price of energy (including abatement costs and carbon taxes) affects the firms’ 

decisions on the use of production factors. In the GEM-E3-FIT modelling, the installation of 

emission abatement and energy efficient technologies is considered as an intermediate input for 

the firms and not as investment demand of the firms. The delivery for abatement is added to the 

intermediate demand and these inputs are priced as other intermediate deliveries. The major 

advantage of this formulation is that the abatement costs do not directly increase GDP as it would 

if modelled as investment but only indirectly as additional intermediate demand. This is considered 

a more realistic representation of the firms’ decisions, as e.g. the purchase of a more efficient air-

condition will not increase the firm’s capital stock. In order for the firm or the household to decide 

on the optimal level of abatement, the carbon tax119 is taken into consideration. The decision is 

taken so as to reduce emissions, according to the marginal abatement cost curve, up to the level 

that the cost to abate the last tonne of emissions equals the price of emission allowances.  End-of-

pipe technologies can only abate non-CO2 emissions since carbon dioxide emissions are directly 

related to fuel combustion and can be mitigated through energy efficiency improvements, uptake 

of low-emission technologies in electricity generation (including renewables, nuclear, CCS) and 

fuel substitution away from carbon-intensive fossil fuels. 

In the GEM-E3-FIT model, a GHG emission reduction policy can be implemented either 

through the imposition of an exogenous carbon tax (i.e. the carbon tax is given but the level of 

emission reductions is endogenously estimated), or through an exogenous implementation of an 

emission cap (thereby the level of the tax is endogenously estimated in order to achieve a specific 

                                                 
119 Or carbon price in the form of opportunity cost for the firm and/or household to emit less 



 

 

emission reduction target). The estimation of the endogenous tax level ensures as the clearing price 

of demand and supply for emission permits. 

 

 Representation of policy instruments 

 

Various policy instruments can be represented in the GEM-E3-FIT model, which has been 

extensively used for policy analysis by the European Commission (several DGs), World Bank and 

various government agencies in EU and non-EU countries. The model focuses on analysing energy 

and climate policy measures, but also their interactions with general economic policies related to 

labour market, industry, trade and innovation. GEM-E3-FIT is a general-purpose model that copes 

with the specific orientation of the policy issues that are actually considered at national or 

international level. Policies are analysed as counterfactual dynamic scenarios and are compared 

against the Reference scenario commonly representing Business as Usual trends. Policies are then 

evaluated through their impact on sectoral growth, finance, income distribution, employment, 

economic competitiveness and welfare. 

The GEM-E3-FIT model intends to cover the general subject of sustainable economic 

growth and to support the study of related policy issues. Sustainable economic growth depends on 

combined environmental and energy strategies that will ensure the stability and resilience of 

economic development. GEM-E3-FIT explores the conditions under which economic growth, and 

its sectoral and distributional patterns, can be sustained in the presence of climate and energy 

constraints and even reinforced through adequate technological and market-oriented policy. The 

model aims to analyse the global climate change issue that embraces several aspects and 

interactions with the economy, energy and environment systems. To reduce greenhouse gas 

emissions, it is necessary to achieve substantial gains in energy efficiency in end-uses, as well as 

to perform drastic fuel substitutions in the energy system, in favour of low or zero-carbon energy 

forms and technologies.  

Within the context of increasingly competitive markets, new policy issues arise. For 

example, GEM-E3-FIT can assess the impacts of market-oriented policy instruments, such as 

carbon taxes and pollution permits and investigates market-driven structural changes, in order to 

maximize policy effectiveness and alleviate macroeconomic consequences. Re-structuring of 

economic sectors and re-location of industrial activities may be also induced by ambitious climate 

policies with further implications on income distribution, employment, public finance, trade flows 

and the current account. The model is designed to support the analysis of social and distributional 

effects of climate, energy and economic policies, both among countries and among groups and 

income classes within each country. The GEM-E3-FIT model can also assess the allocation 

efficiency of policy (often termed “burden sharing analysis”) which refers to the allocation of 

climate efforts, over different countries and economic agents with subsequent effects in the 

allocation of capital, sectoral activity, trade and labour. This analysis is important to define and 

allocate compensating measures aiming at alleviating negative impacts on vulnerable regions and 

income classes while maximizing economic cohesion. GEM-E3-FIT can analyse and compare 

coordinated versus non-coordinated policies in the EU and globally (e.g. asymmetric climate 

policies with different ambition and timing among countries). 

The technical progress (through learning by doing and learning by research) and 

infrastructure development can convey factor productivity improvements to overcome the limits 

towards sustainable development and social welfare. For example, European Research and 



 

 

Innovation strategy and the development of pan-European infrastructure may enable possibilities 

for long-term economic growth. The model is designed to support analysis of structural features 

of economic growth related to technology (in particular low-carbon technology) and evaluate the 

derived economic implications for competitiveness, employment, economic growth and the 

environment. The GEM-E3-FIT model puts particular emphasis on: 

• The analysis of market instruments for energy-related environmental policy, such as energy 

or carbon taxes, subsidies to low-carbon technologies, regulations, efficiency standards and 

emission permits etc. at a detailed level for national, sectoral and global policy assessment 

and evaluation  

• The assessment of distributional consequences of programmes and policies, including 

social equity, employment and cohesion for less developed, vulnerable regions and low-

income classes. 

• The periodic assessment of detailed economic, energy and environment policy scenarios 

for EU Member States and G-20 economies. 

• The assessment of policy instruments related to innovation, labour market or industry and 

their interactions with the low-carbon transition. 

• The analysis of measures to mitigate potential negative competitiveness impacts of climate 

policies on energy-intensive and trade-exposed industrial sectors, e.g. Border Carbon 

Adjustment, changes in industrial tariffs or subsidies etc. 

 

9.3.2 Scenarios explored 

 

The study aims to assess the implications of energy and climate policies on economic 

growth, employment and industrial competitiveness, exploring the effects of scenarios with 

varying climate policy stringency. It also aims to analyse carbon leakage principally based on the 

quantification of alternative scenarios which assume that the EU increases its GHG emission 

reduction targets in line with the EU Green Deal and its long-term climate neutrality strategy, 

while non-EU countries adopt moderate climate policies in line with their current Nationally 

Determined Contributions (NDCs). Other first-mover climate coalitions are also explored, 

assuming that other countries (especially China) join the ambitious EU mitigation effort; the 

scenario where the EU and China adopt ambitious climate policies reflects the recent Chinese 

commitment towards carbon neutrality by 2060.  

Eight scenarios are examined with differentiated climate policy assumptions at the global 

and national level120. The results of alternative scenarios do not constitute a forecast, as new 

policies, yet unformulated, will certainly be adopted over the next decades. The sections below 

provide detailed descriptions of the alternative policy scenarios explored in the study. 

 

 

 The Reference scenario 

The Reference scenario is a projection for the global economic and energy system evolution 

based on historical and current trends, a wide range of exogenous assumptions and scientific 

expertise on macro-economic growth, technical progress, labour productivity and energy and 

                                                 
120 It should be clearly stated that the authors hold no view on the probability of alternative policy scenarios. 



 

 

climate policies. The Reference scenario represents the benchmark against which alternative 

scenarios can be compared in order to evaluate their impacts. Socio-economic developments of 

the Reference scenario (population and GDP) replicate IEA, World Energy Outlook 2018 

assumptions and are consistent with the SSP2 scenario widely used by the IPCC and the climate 

modelling community. For the EU, socio-economic assumptions are based on the recent Ageing 

Report of the European Commission (EC, 2018). 

The Reference scenario does not represent a no-climate context, but assumes that already 

adopted climate policies and pledges, including the Nationally Determined Contributions (NDCs) 

are implemented by 2030. After 2030, no additional efforts to reduce GHG emissions is assumed 

for non-EU countries. In modelling terms, this means that the carbon prices resulting from NDC 

policies in 2030 are kept constant until 2050. The scenario represents a stagnation in global climate 

negotiations and lack of ambition in the international climate policy landscape, while most 

countries do not establish carbon pricing regimes (with the exception of EU ETS). In general, the 

Reference scenario of GEM-E3-FIT is comparable to respective Reference scenarios developed in 

model inter-comparison studies, like ADVANCE (Luderer et al, 2018). International fossil fuel 

prices follow the trajectory of the IEA, World Energy Outlook 2019. The costs of power generation 

and other energy-related technologies are calibrated to (IRENA,2020) findings, while technology 

progress is included for low-carbon technologies. As the results of macro-economic models 

crucially depend on the adopted carbon revenue recycling scheme, in the current study we assume 

that ETS carbon revenues (in all scenarios) are recycled through the public budget.  

 

Table 24: NDC emission targets included in the Reference scenario 

Country NDC emission targets Energy-related NDC targets in 2030 

EU28 -40% GHG in 2030 relative to 1990 30% RES in gross final demand  

China -60% (-65%) CO2 intensity in 2030 rel. 

2005 

20% Non-fossil in primary energy 

India -33% (-35%) CO2 intensity from 2005 40% Non-fossil in power capacity 

USA -26% (-28%) GHG in 2025 relative to 

2005 

 

Canada -30% GHGs in 2030 from 2005  

Japan −26% GHGs in 2030 from 2013 44% low carbon power generation (20–

22% Nuclear and 22–24% RES) in 2030 

Brazil −43% GHGs in 2030 from 2005  

Russia 25-30% below 1990 levels by 2030  

S. Korea 37% below Business as Usual (BAU) 

by 2030 

 

S. Africa Peak GHG emissions in 2025 and 

plateau for a decade 

 

 

 Ambitious climate policy scenarios to well-below 2oC 

A scenario consistent with the 2oC long-term temperature target as included in the Paris 

Agreement is examined. In line with the AMPERE (Kriegler et al, 2015) and CD-LINKS (Mc 



 

 

Collum et al, 2018) studies, the global cumulative CO2 budget up to 2050 is used as proxy for the 

temperature target. As GEM-E3-FIT does not include AFOLU emissions, the CO2 budget in the 

2oC mitigation scenario is constrained to 1000 GtCO2 over 2010-2050, in line with the IPCC 5th 

Assessment Report. A universal carbon price is assumed to be implemented across regions and 

sectors from 2020 onwards to reach the cumulative CO2 budget of 1000 GtCO2 by 2050, thus 

ensuring that the temperature increase relative to pre-industrial levels will stay well-below 2oC by 

the end of the century. The carbon price is increased up to the level where the global emission 

reduction target is met. As the stringency of the mitigation target increases constantly, the global 

carbon tax grows from 80$/tnCO2 in 2030 (in line with IEA, 2019) to about 350$/tnCO2 in 2050. 

In the model, the contribution of each country in global CO2 reductions is determined by equal 

marginal abatement costs across all countries (uniform global price across countries and sectors). 

Therefore, the 2oC scenario represents the solution that meets the global carbon budget constraint 

with the minimum costs (cost-optimal scenario) through equalisation of marginal abatement costs 

in regions and sectors. 

 

 Assymmetric climate policy scenarios 

In order to develop a robust analysis on the risk of carbon leakage and relocation of energy-

intensive manufacturing activities away from countries with ambitious climate policies, the GEM-

E3-FIT model is used to quantify the macro-economic and industrial implications of scenarios 

assuming asymmetric climate policies in different regions. The table below presents the main 

policy assumptions for the scenarios considered. 

The “EU-Alone” scenario assumes that the European Union unilaterally adopts ambitious 

energy and climate policies in order to meet the long-term target of reducing GHG emissions by 

at least 80% in 2050 relative to 1990 levels. The policy mix adopted in order to drive the 

decarbonisation of the European energy system includes various policy instruments, e.g. 

strengthened Emission Trading Scheme (ETS), accelerated expansion of renewable energy and 

energy efficiency, ambitious efficiency standards, subsidies for low-carbon Research and 

Innovation, uptake of energy efficient and low-carbon technologies and higher electrification of 

energy, mobility and heating services, mostly through the uptake of electric vehicles and heat 

pumps. In contrast, non-EU countries follow the Reference policy setting and thus they meet their 

NDCs in 2030 and do not increase their policy ambition beyond 2030. 

The “EUGD-Alone” scenario assumes that the European Union unilaterally adopts 

ambitious climate policies in order to achieve the EU Green Deal targets of GHG emission 

reduction of 55% in 2030 relative to 1990 and prepare the ground for the transition to climate 

neutrality by mid-century. As the EU Green Deal does not separately set a target for ETS and non-

ETS, an EU-wide uniform carbon price is used in the model from 2025 onwards. Energy system 

restructuring is induced by a combination of market and non-market policy drivers, including 

ambitious technology standards, subsidies to perform insulation in buildings, high carbon pricing, 

reduced risks for investment in energy efficiency and renewable energy, enhanced electrification 

of energy services through the development of the required infrastructure, subsidies for low-carbon 

Innovation and uptake of disruptive mitigation options that are required for the transition to climate 

neutrality (e.g. Carbon Capture Use and Storage, green hydrogen, production of clean synthetic 

fuels from RES-based electricity). In contrast, non-EU countries follow the Reference policy 

setting and thus they meet their NDCs in 2030 and do not increase their policy ambition beyond 

2030. 



 

 

Table 25: Scenario description 

 Scenario 
Description 

EU Climate 
target 

Non-EU climate targets 

REF Reference scenario Meets the EU NDC All countries meet their NDCs in 
2030, policy ambition does not 
increase beyond 2030 

2DEG Decarbonisation to 2oC 
with all options available 

All countries adopt ambitious climate policies/universal 
carbon pricing to meet the 2oC temperature target 

EU_Alon
e 

EU adopts ambitious 
mitigation policies 

EU achieves 80% 
reduction in 2050 from 
1990 levels 

All countries meet their NDCs in 
2030, policy ambition does not 
increase beyond 2030 

EUGD_Al
one 

EU meets the EU Green 
Deal Targets by 2030 and 
2050 

EU achieves 55/90% 
reduction in 2030/ 
2050 from 1990  

All countries meet their NDCs in 
2030, policy ambition does not 
increase beyond 2030 

EUGD-
CHN 

EU and China adopt 
ambitious climate policies 

EU achieves 55/90% 
reduction in 2030/ 
2050 from 1990 

Countries do not intensify policy 
ambition beyond 2030; China 
develops along a 2DEG trajectory 

EUGD-
LTS 

Countries with long-term 
strategies adopt 2oC 
policies, e.g. EU+CHN+ 
JPN+ CAN+ USA +SAF 

EU achieves 55/90% 
reduction in 2030/ 
2050 from 1990 

Countries with LTS develop along a 
2DEG trajectory; Other Countries 
do not intensify their climate policy 
ambition beyond 2030 

EUGD-
CHN-anti 

Like EU-CHN, but anti-
leakage measures are 
imposed 

EU achieves 55/90% 
reduction in 2030/ 
2050 from 1990 

Countries do not intensify policy 
ambition beyond 2030; China 
develops along a 2DEG trajectory 

EUGD-
LTS-anti 

Like EU-LTS, but anti-
leakage measures are 
imposed 

EU achieves 55/90% 
reduction in 2030/ 
2050 from 1990 

Countries with LTS develop along a 
2DEG trajectory; Other Countries 
do not intensify their climate policy 
ambition beyond 2030 

 

In the “EUGD-CHN” scenario, the EU and China join policy efforts and pursue in 

common an ambitious emission reduction effort. This scenario aims to conceptualize the recent 

policy announcements by the EU and China, aiming towards a carbon-neutral transition by 2050 

and 2060 respectively. In particular, the joint emission reduction effort of the EU and China is 

equal to the aggregate emission reductions achieved by the EU (in the EUGD-Alone scenario) and 

China (in the 2DEG scenario). The implementation of common climate action simulates a situation 

where emission markets are integrated in these regions. As the EU Green Deal and China’s carbon 

neutrality pledge do not set separate targets for ETS and non-ETS, a uniform carbon price is used 

in the model from 2025 onwards. In this scenario, non-EU countries meet their NDCs in 2030 and 

do not increase their policy ambition beyond 2030. 

In the “EUGD-LTS” scenario, countries that have already submitted their Long-Term 

Strategies to the UNFCCC (USA, Japan, Canada, South Africa) join the ambitious climate action 

of the EU and China and pursue in common an ambitious emission reduction effort. This scenario 

aims to simulate the emission and macro-economic implications in case that major emitters follow 

their Long-Term Strategies towards achieving the well-below 2oC target as set out in the Paris 



 

 

Agreement. The implementation of common climate policy action simulates a situation where 

emission markets are integrated in these regions. The decarbonisation of the energy system is based 

on the policy measures presented above. The rest of non-EU countries do not increase their policy 

ambition beyond 2030. 

The last scenarios (“EUGD-CHN-anti” and “EUGD-LTS-anti”) explore the socio-

economic implications of adopting “anti-leakage” policy measures in the First-mover climate club. 

They build on the “EUGD-CHN” and “EUGD-LTS” respectively, but explore the potential 

impacts of removing import duties in the climate coalition for certain products (ETS sectors) and 

ensuring full knowledge spillovers in “first-mover” countries, in an effort to ensure socio-

economic benefits for the club members. As in previous scenarios, the rest of non-EU countries 

follow the Reference policy setting and do not increase their policy ambition beyond 2030. 

It should be noted that the general equilibrium modelling integrates results from the low-

carbon transition pathways for the EU, as developed in INNOPATHS WP3. In particular, energy 

system projections from the “Weak”, “min80” and “1p5” scenarios of WP3 are integrated into 

GEM-E3-FIT macro-economic modelling for the scenarios assuming alternative climate policy 

ambition (in particular for “REF”, “EU-Alone” and “EUGD-Alone respectively). 

 

 Measures to reduce carbon leakage 

There are several policy options available to reduce the adverse effects of climate policies 

on Energy Intensive and Trade Exposed (EITE) industries facing a high carbon price and reduced 

competitiveness. These can be classified in three categories which were discussed in detail in 

Droege et al., (2009) and Decian et al. (2017) and are summarised below: 

Adjusting carbon costs at the border: These policy instruments adjust the carbon costs 

at the border of the jurisdiction implementing the carbon price. To protect the competitiveness of 

the European energy-intensive industries, the EU Green Deal communication put the Border 

Carbon Adjustment in the policy debate. This policy instrument aims to equalize the carbon costs 

on imports and exports in the jurisdiction implementing the carbon price through imposing the 

same carbon price on imports from non-regulated countries and/or rebating the carbon costs to 

exports to non-regulated countries. In addition, consumption-based pricing implies a carbon price 

levied on the consumption of goods regardless of their origin. 

Adjusting carbon costs upwards for non-domestic firms: These policy measures seek 

increasing the carbon costs of firms outside the jurisdiction implementing the climate policy. This 

may take the form of sectoral agreements aiming to extend the participation of sectors or industries 

in climate change mitigation action by offering options such as technology transfers, research and 

development collaboration, etc. 

Adjusting carbon costs downwards for domestic firms: These policy options seek to 

reduce carbon related costs for domestic firms by maintaining a marginal abatement incentive 

equivalent to that if such measures are not introduced. This strategy can take various forms. For 

example, free allocation of tradable permits, e.g. under an Emission Trading System like the EU 

ETS, can relieve firms and industries from buying the emission permit but maintains the incentive 

to abate emissions. Carbon tax revenues can also be used to support investment (e.g. in low-carbon 

innovation) that will reduce the cost of new, low-carbon and more efficient technologies. 

Environmental tax reforms aim to shift the target of taxation from labour or capital to polluting 

activities, while output based rebates returns the revenues generated by a carbon tax to industries 

in proportion to their output. 



 

 

The policy measures to prevent industrial relocation away from countries with ambitious 

climate policies are not explored in the current study. The assessment of policy measures to reduce 

the cost burden on certain industrial sectors, which are energy-intensive and are strongly exposed 

to foreign competition, will be performed with the enhanced version of GEM-E3-FIT as part of 

INNOPATHS Deliverable D4.2 (as outlined in INNOPATS DoA). 

9.4 Economic and employment impacts of global mitigation 

 

The section below explores the energy system restructuring induced by the implementation 

of ambitious climate policies and the resulting macro-economic, employment and trade impacts of 

ambitious mitigation policies towards the low-carbon transition. 

9.4.1 The Reference scenario  

The general global economic outlook implemented in the GEM-E3-FIT modelling is in line 

with the socio-economic projections of the DG-ECFIN 2018 “Ageing report” for the EU and with 

IMF and SSP2 projections for non-EU countries. It should be noted that the current study does not 

take COVID-19 pandemic impacts into account, which will change the short and medium-term 

economic outlook. In the Reference scenario, the global economy is projected to grow 2.7% 

annually until 2050, while the average annual growth for the EU-28 is assumed to be 1.5%. A 

significant factor affecting the EU-28 activity growth is its ageing population: it is expected that 

in the long-term, the EU population that will be above 65 years will be 50% of the population 

between 15-65 (today this ratio is 20%).   

Among major economies, China and India will register high GDP growth rates of 3.8% 

and 6.1% annually over 2015-2050. This implies that China and India will increase their share in 

global economic activity from 20% in 2020 to 30% in 2050, with China becoming the world’s 

largest economy in 2050 surpassing the EU28 and USA. Overall, the growth in developing 

economies is considerably higher relative to developed, with the share of the latter declining from 

50% in 2020 to 37% in 2050. Each country follows a different pattern of growth, with some based 

on the accumulation of capital and knowledge, others on enhanced competitiveness in international 

markets or on increasing labour supply. In the model-based economic outlook, it is assumed is that 

countries adopt a sustainable growth path where excessive surpluses or deficits are reduced. This 

means that economies that are at early development stage increase saving rates, reduce 

consumption and increase investment and improve their trade balance. 

Population projections are derived from the UN World Population prospects, 2019 (for 

non-EU countries) and the Ageing report of the European Commission (for EU countries). Based 

on these assumptions, the global population is estimated to reach 9.7 billion by 2050, increasing 

with an 1.1% average annual growth over 2020-2050. The global average unemployment rate is 

assumed to decline from 5.5% in 2015 to 4.6% in 2050 converging toward the natural rate of 

unemployment. 

The study assumes that the global economy will become increasingly interconnected over 

the coming decades. This is manifested through a steady increase in the ratio of trade-to-GDP, 

which is induced by the gradual tariff reduction, diminished transportation costs and digitalisation 

of the economy. In terms of sectoral production, the model projects that the world economy will 

become more service oriented and go through a process of dematerialisation (less use of primary 

raw materials, increased resource and energy efficiency, reduced share of energy-intensive 

manufacturing). Services will dominate global value added (more than 60%), whereas the share of 



 

 

the primary sector continues to decline following historical trends and increased standards of living 

in developing countries.  

 

 
Figure 21: Share of major economies in global GDP in 2020 and in 2050 

 

In the Reference scenario, all countries implement the targets included in their Nationally 

Determined Contributions (NDCs) until 2030 and do not intensify their climate policies in the 

period after 2030. In this context, economic activity and GHG emissions are expected to gradually 

decouple over 2020-2050, following historical trends and adopted climate policies. The GHG 

emission intensity will decline in all countries, as GDP grows at a much faster pace than GHG 

emissions as a result of increasing deployment of renewable energy, improving energy efficiency, 

reduction in costs of low-carbon technologies, fuel switching towards low-emission options and 

stricter environmental regulations. Full decoupling of GHG emissions and economic growth is 

evident in major developed economies (USA, Japan and Canada) as a result of implementation of 

their NDC targets and ambitious energy and climate policies, in particular in the EU.  

At the global level, GDP grows with an average annual rate of 2.7% until 2050, while the 

growth rate is significantly lower for primary energy consumption (1.4%) and GHG emissions 

(0.7%). Therefore, the energy intensity of GDP declines by 1.3%/year on average implying that 

energy resources are used more efficiently in the economy, through the uptake of energy efficient 

equipment, technologies and energy carriers (e.g. electrification instead of oil products and coal). 

In addition, the emission intensity of primary energy also improves significantly over the coming 

decades as a result of increasing deployment of low-carbon technologies (especially solar PV and 

wind turbines in the power generation sector). 



 

 

 
Figure 22: Evolution of GDP, emissions and primary energy in the Reference scenario 

 

The main policy driver used in the Reference scenario to simulate NDC policies and targets 

is the carbon price, which is differentiated by region/country. The carbon price required to achieve 

the EU NDC emission targets is estimated at €43 over 2030-2050. The carbon price required to 

achieve the NDCs is presented in the Table below. Countries that are not reported below, have 

zero carbon price indicating that the emission reduction constraint is not binding.121 The level of 

the carbon price demonstrates the policy effort required to ensure the energy system transition 

towards meeting the respective emission reduction target - the larger the effort, the higher the 

carbon price.  

Table 26: Estimated Carbon Price in major economies 

in €2010 2020         2030        2050 Target (% change of GHG 
emissions from 2005) 

EU28             33 43 43 -40% 

United States 0 15 15 -28% 

Canada 0 43 43 -30% 

Brazil 0 38 38 -19% 

China 0 44 44 59% 

India 0 8 8 108% 

South Korea 0 38 38 -7% 

Indonesia 0 19 19 179% 

Mexico 0 37 37 8% 

                                                 
121 The constraint is not restrictive in the sense that the solution already goes beyond the constraint. 



 

 

 

9.4.2 Emission impacts of global decarbonisation 

The implementation of Nationally Determined Contributions (as in the Reference scenario) 

would lead to modest increase of global GHG emissions, which is not in line with the Paris 

Agreement goals to limit global warming to well-below 2oC and pursue efforts towards 1.5oC (as 

shown in IPCC Special Report on 1.5oC). In the Reference scenario, global GHG emissions are 

projected to increase from 46 Gt in 2015 to 59 Gt in 2050, driven by GDP and population growth, 

rising standards of living in developing economies and by the lack of ambitious climate policies 

in most economies. Most of the increase in global GHG emissions are induced by the increased 

consumption of fossil fuels that lead to higher CO2 emissions from the energy sector, with power 

generation, transport and industries being the largest emitters. 

In the 2DEG scenario, a universal carbon price is applied to all regions and sectors in order 

to reach the CO2 budget of 1000 GtCO2 over 2010-2050, ensuring the achievement of the Paris 

Agreement temperature target of staying well-below 2oC. The carbon price is increased up to the 

level where the global emission reduction target is met. As the stringency of the mitigation target 

increases constantly, the global carbon tax increases from 80$/tnCO2 in 2030 to about 350$/tnCO2 

in 2050 reflecting the reduction of low-cost abatement possibilities, mainly in the hard-to-abate 

sectors (i.e. industry, freight transport). The imposition of high carbon prices in the 2DEG scenario 

reflects the increasing stringency of the global mitigation effort and would trigger significant 

emission cuts in all regions and sectors, induced by the improved competitiveness of low-carbon 

and energy efficient technologies relative to fossil fuels. The impacts of 2DEG scenario on 

emissions starts from 2025 and increases with time, reflecting the increasing stringency of climate 

policies and carbon pricing. 

 

 
Figure 23:  Global CO2 and non-CO2 emissions in the Reference and 2DEG scenarios 

 



 

 

The ambitious climate policies of the 2DEG scenario leads to a decline of global GHG 

emissions from Reference by 19% in 2030 and 65% in 2050. Across economies, the reduction in 

GHG emissions from Reference levels ranges between 7%-39% in 2030 and 35%-77% in 2050, 

with highest reductions projected for developing economies, including South Africa, Russia, India 

and Turkey. The implementation of uniform carbon pricing schemes leads to higher emission 

reduction effort in developing economies, due to their currently higher carbon and energy 

intensities relative to developed countries and the lack of policy ambition in the Reference 

scenario. On the other hand, the high energy efficiency and the ambitious Reference climate 

policies assumed for developed economies (EU28, Japan) implies that the relative emission 

reduction effort of the 2DEG scenario is lower than in developing ones. 

 
Figure 24: GHG emission reductions from Reference scenario across economies 

 

The application of high carbon prices in 2DEG scenario would lead to large emission 

reductions from Reference levels. The figure below shows the distribution of the global GHG 

mitigation effort across gases and sectors. As expected, most of the emission abatement (about 

70% of the overall mitigation effort) is achieved through reducing CO2 emissions from energy 

combustion, while non-CO2 GHGs account for 23% of the overall effort and CO2 emissions from 

industrial processes represent about 5%. The electricity supply sector is projected to be the main 

contributor to emission reductions by 2050 in most economies. The reduction of CO2 energy-

related emissions is mostly achieved through a large-scale transformation of the electricity system 

driven by massive uptake of renewable energy and other low-carbon technologies that replace 

fossil fuel-fired power plants. The transport sector also achieves large emission abatement largely 

driven by the expansion of electric vehicles, energy efficiency improvements, modal shifts to less 

polluting modes and deployment of advanced biofuels in hard-to-abate mobility segments, 

including freight transportation and aviation. Extensive reduction of emissions is also projected 

for buildings and industries, which is driven by fuel substitution, energy efficiency improvements, 

electrification of energy services and the uptake of green hydrogen, blended in gas distribution 

grids. 



 

 

 
Figure 25: Distribution of the GHG mitigation effort in the 2DEG scenario by sector 

 

The 2DEG scenario shows a rapid decoupling of GHG emissions from economic growth, 

with large emission reductions in all countries combined with GDP growth over 2020-2050. The 

full decoupling of GHG emissions from GDP growth is projected in all countries (even in countries 

with high emission growth in the Reference scenario like India and Saudi Arabia), driven by the 

large-scale expansion of renewable energy, the accelerated electrification of energy and mobility 

services, extensive improvements in energy efficiency and fuel switching to zero- emission fuels 

and clean energy forms, including advanced biofuels, green hydrogen etc.  

 
Figure 26: Evolution of GDP and GHG emissions in the 2DEG scenario 

 



 

 

9.4.3 Impacts on energy system restructuring 

Ambitious climate policies would lead to structural transformation of global and EU energy 

systems with extensive substitutions away from fossil fuels and towards low and zero-carbon 

technologies and carriers. Low-carbon technologies are massively deployed to substitute fossil 

fuel use, while their costs improve as a result of accelerated learning-by-doing and economies of 

scale. GEM-E3-FIT incorporates several emission abatement options, including renewable power 

generation technologies (wind onshore and offshore, PV, hydro, biomass), Electric Vehicles 

(EVs), batteries, advanced biofuels, energy efficiency and electrification in end-uses, fuel 

substitution, green hydrogen, and technologies to capture and store carbon dioxide (CCUS) 

emitted from power plants. Through its wide coverage, GEM-E3-FIT can provide a rigorous 

assessment of interlinkages between the alternative mitigation options, i.e. interplay between RES 

expansion and electrification, competition between advanced biofuels and EVs etc., and can assess 

the complex dynamics related to energy demand and supply, technology innovation and uptake of 

low-carbon technologies. 

The 2DEG scenario would lead to a significant reduction in carbon intensity of GDP of 

national economies, which is projected to decline by 68%-90% over 2015-2050 across countries. 

The analysis shows that there are four major pillars to achieve large emissions reductions by 2050: 

Restructuring of power generation towards low-carbon technologies. The 2DEG scenario 

leads to increased deployment of Renewable Energy Sources (RES) in all countries that substitute 

fossil fuel-based generation, mainly coal-fired power plants. There are multiple low-carbon 

options that compete to meet increasing electricity requirements including various renewable 

energy technologies (wind onshore and offshore, hydro, solar PV), nuclear, bioenergy and CCS 

technologies. The imposition of high carbon prices in the 2DEG scenario would drive massive 

decline of coal-fired generation with the share of coal (without Carbon Capture) in global 

electricity generation rapidly reducing from 39% in 2015 to 20% in 2030 and 1% in 2050. 

However, gas-fired power plants can continue to operate in the medium term to cover their 

operating costs and provide flexibility and balancing to the power system to enable high expansion 

of variable, intermittent RES. However, the increasing carbon price after 2030 renders the 

continuation of gas-fired plants uneconomical in most regions of the world, and thus the share of 

gas-fired generation declines from 26% in 2030 to 8% in 2050. In the longer term, the required 

balancing and flexibility services in the electricity system are increasingly provided by Combined 

Cycle gas-fired plants combined with CCS technologies. Some countries expand their nuclear 

capacities in the 2DEG scenario (mostly Japan, Korea, China and Russia), but the massive uptake 

of renewable energy is the mitigation option used in all countries. In particular, the share of 

variable renewable energy sources is projected to increase from 5% in 2015 to 41% in 2050. Wind 

and solar PV are the technologies that benefit the most in the 2DEG scenario as a result of: a) 

accelerated technological progress through learning-by-doing and economies of scale, b) their 

increased cost competitiveness vis-à-vis conventional power plants, c) limitations in hydroelectric 

potential and nuclear power in several major emitters, and d) introduction of small-scale, 

decentralized RES systems combined with smart grids enabling high penetration of variable RES. 

Bioenergy combined with CCS can produce net negative carbon emissions, but its deployment is 

limited until 2050 mostly in countries targeting near-zero emissions by mid-century to offset 

emissions from hard-to-abate sectors. The expansion of renewable energy sources differs across 

countries, with the RES share in primary energy demand projected to increase from the current 

average of 14% to more than 50% in several economies, which have high market potential for RES 

expansion, ambitious climate policies, concrete plans for RES expansion, and limitations in other 



 

 

mitigation options, like nuclear, biomass, CCS and hydro power. In both developed and developing 

economies, the 2DEG scenario generally leads to a substantial increase of RES shares from current 

levels. The system transformation is even more pronounced in the EU, with a rapid coal phase-out 

by 2040, massive deployment of PV and wind (onshore and offshore) and a nearly emission-free 

electricity production by mid-century. The figure below illustrates the power generation mix of 

the 2DEG scenario in major economies. 

 

 
Figure 27: Power generation mix in the 2DEG scenario  

 

Electrification of energy services. As the power sector is projected to decarbonise rapidly 

before 2050, the increased electricity use in mobility, heating, cooking and industries becomes an 

increasingly important strategy to reduce emissions.  This is illustrated in Figure below, showing 

that the share of electricity in final energy demand increases significantly from 2015 levels across 

all countries. Electrification of energy uses in buildings and industries has been a long-standing 

trend both in developed and developing economies, where appliances, lighting, refrigeration, air 



 

 

conditioning, industrial uses (motors, aluminium manufacture) and other services are already 

provided primarily by electricity. This trend is projected to significantly accelerate in the 2DEG 

scenario with the share of electricity in global final energy consumption increasing from 20% in 

2015 to 36% in 2050, driven by the implementation of high carbon pricing that incentivises the 

use of low-emission energy carriers like electricity instead of fossil fuels, given that the carbon 

intensity of power supply mix is rapidly declining. In the 2DEG scenario, electricity is projected 

to increasingly penetrate in the heating and cooking sectors (mostly through heat pumps) and in 

industrial processes, such as raising steam and direct process heat. In addition, the uptake of 

electric vehicles (especially in the private passenger segment) offers a key option to decarbonise 

the transport sector driven by technological progress in batteries, carbon pricing and dedicated 

policies such as CO2 or fuel efficiency standards. In the 2DEG pathways, the share of electricity 

is projected to increase considerably from the current global average of 20% to between 21% and 

54% by 2050. Electrification combined with a low-emission power generation mix is a prominent 

strategy especially in economies achieving large emission abatement, as it provides a low-cost 

strategy to decarbonise hard-to-abate sectors. 

 

 
Figure 28: Share of electricity in final energy consumption in the 2DEG scenario  

 

Accelerated energy efficiency improvements in end-use sectors provide a means of 

continuing to deliver the required energy services, while reducing the energy needs and associated 

CO2 emissions, both on energy demand and supply sides. In the context of ambitious climate 

policies in the 2DEG scenario, the global energy intensity per unit of GDP would decline by about 

54% over 2015-2050, while the reduction among major economies ranges among 33% (in large 

hydrocarbon producers like Russia and Rest of Energy Producers) and 73% in fast-growing 

economies like China and India, driven by the fast turnover of their capital stock. The energy 

intensity of GDP is projected to decline by 2.2%/year on average over 2015-2050, which implies 



 

 

a clear acceleration of historical trends122. This is driven by: i) substitution towards more efficient 

energy carriers (i.e. electricity instead of oil products in transport), ii) stock turnover encompassing 

increased uptake of energy-efficient equipment and appliances, iii) investment in thermal 

insulation of buildings especially in colder countries, and iv) lifestyle changes of individual 

consumers, e.g. transport modal shifts towards less-polluting modes. Reduced energy consumption 

in turn implies lower requirements for investments in energy supply that might otherwise have 

been needed, thus saving emissions (e.g. from power plants, oil refineries etc). Developing 

economies have an even higher potential for energy savings, as a result of: a) their current high 

energy and carbon intensity as their systems largely depend on inefficient and polluting energy 

forms (e.g. coal), b) their high GDP growth rate enabling fast turnover of equipment stock and c) 

the projected changes in their economic structure away from energy-intensive industries and 

agriculture.  

 

 
Figure 29: Development of energy intensity of GDP in the 2DEG scenario 

 

Reduced carbon intensity of energy fuels. The combination of renewable energy, energy 

efficiency and electrification can drive a substantial reduction of carbon emissions. However, as 

not all energy end-uses can be cost-efficiently electrified (e.g. high-temperature industrial 

applications, aviation, freight transport), low-carbon fuels should be deployed to decarbonise these 

sectors. In this context, advanced biofuels can play a critical role in reducing emissions in transport, 

substituting for oil products, especially in modes that cannot be easily electrified, like aviation. In 

addition, green hydrogen and synthetic fuels derived from RES-based electricity can be used in 

transport segments that cannot be electrified (i.e. heavy vehicles) coupled with hydrogen refuelling 

infrastructure hubs and in industrial processes (e.g. in high-temperature furnaces to decarbonise 

hard-to-electrify processes, in iron and steel, chemical industry and other heavy manufacturing 

activities). 

                                                 
122

 To compare this indicator to historical progress, there has been an approximate 0.8% compound annual 

reduction in primary energy intensity over 1970-2010 



 

 

 

9.4.4 Macro-economic effects 

The current study focuses on the economic implications of ambitious climate policies 

aiming to achieve the Paris Agreement goals by 2050. It does not consider the avoided damages 

from mitigating climate change and does not quantify potential economy-wide benefits of climate 

policy on air quality and human health (Rosen, 2016). Thus, the current study assesses the carbon 

abatement cost and should not be confused with the results of cost-benefit analysis. 

The imposition of high carbon pricing in the 2DEG scenario drives energy system 

restructuring towards a more capital-intensive structure, with increased investment to renewable 

energy, Electric Vehicles and energy efficiency projects. The low-carbon transition would lead to 

increased upfront capital expenditures and lower energy purchasing costs in the long term. The 

GEM-E3-FIT (as all General Equilibrium models) assumes full and optimal use of available capital 

resources in the Reference scenario under financial closure. Therefore, in the 2DEG scenario, the 

reallocation of investment towards low-carbon, energy efficient technologies and equipment leads 

to the so-called “crowding-out effect”; firms and households finance their clean energy investment 

by spending less on other (non-energy) commodities and investment purposes123. The application 

of high carbon pricing in the 2DEG scenario induces higher clean energy investment putting 

pressure on the capital market (as capital resources are not assumed to be abundant) and leading 

to a reallocation of available resources, with households and firms spending less on commodities 

and products not related to clean energy relative to the Reference scenario.  

High carbon prices increase the cost of energy services for firms and households and hence 

production costs throughout the economy and have a depressing effect on consumption and GDP, 

which is partly alleviated by increased investment in low-carbon and energy-efficient 

technologies. The implementation of ambitious climate policies in the 2DEG scenario suggests 

that the Paris goals have only a limited impact on world aggregate economic activity with global 

GDP declining by 1.4% from Reference levels in cumulative terms over 2020-2050. The macro-

economic impacts are higher when carbon pricing increases, so global GDP declines by 0.8% in 

2030 and 2.8% in 2050. Economic costs emerging from the implementation of high carbon pricing 

ambitious can be lower (or non-existent) if the benefits related to avoided climate impacts and air 

quality are explicitly quantified. 

Many macroeconomic models that have computed the costs of decarbonisation provide 

evidence of net mitigation costs; for example, the modelling results reported in the IPCC Working 

Group 3, 5th Assessment Report estimated global consumption losses of 2-6% in 2050 associated 

with an emissions trajectory that limit global warming to less than 2oC.  Our model-based 

projection lies in the lower range of these estimates, as the inclusion of endogenous technology 

learning and innovation-induced productivity growth in GEM-E3-FIT leads to reduced costs for 

low-carbon technologies and may create new industries, that feed into new markets for clean 

energy products and strengthen industrial competitiveness (Fragkiadakis et al, 2020). The 

endogenous technical change included in GEM-E3-FIT would reduce the price effects from high 

carbon pricing on households and firms (as low-carbon technologies may over time become 

cheaper than fossil-fuel technologies), thus mitigating the crowding out of investment and 

                                                 
123 Crowding-out effects can diminish in case a favorable financing scheme is assumed, as illustrated in 

(E3MLab, 2016) for the EC's Clean Energy Package scenarios. This study shows that if firms and households can 
borrow in capital markets without facing increasing unit costs of funding, GDP impacts of decarbonisation are 
minimal and even positive (in the short term). 



 

 

weakened competitiveness in international markets. In this case, the net GDP effect projected by 

GEM-E3-FIT is smaller than those reported in IPCC. Therefore, the representation of innovation-

induced progress for low-carbon technologies result in reduced GDP losses relative to 

conventional CGE modelling approaches. The 2DEG mitigation scenario has differential impacts 

across countries, largely depending on their economic structure, their relative position in 

international trade (especially for fossil fuels and low-carbon technologies) and the level of 

mitigation effort relative to the Reference scenario. Macro-economic impacts of high carbon 

pricing differ across countries and there is a clear relation between emission mitigation effort and 

GDP losses relative to the Reference scenario. The macro-economic impacts also depend on 

assumptions about the costs and availability of CO2 mitigation options and country-level 

specificities (domestic hydrocarbon production, energy system structure). 

• Major fossil fuel exporters, like Russia, Saudi Arabia and Energy Producers, would face 

large negative economic impacts due to their high carbon intensity per unit of GDP and the 

reduced revenues from fossil fuel exports 

• Mitigation costs in large developing countries (China and India) are higher than in 

developed economies, as the imposition of universal carbon price leads to higher relative 

mitigation effort for developing countries, which are also negatively impacted due to their 

high carbon intensity 

• The macro-economic impacts across developed economies are limited, on average less than 

1% of their cumulative GDP. Mitigation costs are higher in economies with relatively high 

carbon intensities (e.g. USA), while GDP losses are very limited in countries with low 

carbon intensities (EU-28, Japan) that already implement relatively ambitious policies in 

the Reference scenario. Countries can also benefit from increased low-carbon technology 

exports (e.g. Germany, Denmark) as the global clean energy market increases. 

 

    
Figure 30: Macro-economic impacts across countries of the 2DEG scenario 

 



 

 

In order to put scenario results into perspective, the GDP annual growth rates of major 

economies over 2015-2050 are projected to remain very close to Reference levels. The global GDP 

growth rate remains high: the 2.70% yearly growth of global output in the Reference scenario is 

marginally reduced to 2.62% in the 2DEG context in the period 2015 to 2050. The Paris Agreement 

impacts on growth are minimal for all major economies, with annual growth rates declining by 

0.03–0.3% from Reference over 2015–2050. Hence, the implementation of ambitious climate 

policies and stringent carbon pricing schemes are compatible with robust economic growth both 

in developed and in emerging countries. 

The 2DEG mitigation scenario leads to increased investment in clean energy technologies 

and energy efficiency. However, the redirection of a large amount of investment poses important 

policy challenges for identifying, mobilising and directing available funds towards low-carbon 

technologies. The 2DEG scenario leads to “crowding-out” of investments in other production 

sectors (as already discussed). The net result of the above is a relatively limited change in global 

investment, which declines by 1% from Reference levels over 2015-2050 in cumulative terms. 

Looking at specific regional impacts, the limited GDP reduction in EU-28 combined with the 

scale-up of investment for low-carbon technologies, electric vehicles and energy savings would 

lead to zero impact on total EU investment volumes. In contrast, private consumption drops more 

than GDP in most economies, as production costs and prices increase due to high carbon pricing 

and the reallocation of resources compared to the Reference scenario. Global private consumption 

is projected to decline by 2% from Reference levels over 2010-2050, while the reduction in major 

economies varies between 0.2% and 8%, with the most pronounced impacts projected in large 

energy exporting regions. 

The decarbonisation impacts on total employment are projected to be relatively limited and 

are mostly driven by two contradictory trends: on the one hand, declining economic activity would 

tend to reduce employment; on the other, the economy moves towards a more labour-intensive 

structure as renewable technologies and energy efficiency have a higher labour intensity on 

average compared to fossil fuels (Fragkos, et al 2018). The trade-off between jobs lost in some 

sectors and gains in employment in others leads to an overall modest impact on employment, with 

much of the literature in agreement that the economy-wide increase in employment is expected to 

be between 0.0% and 2% up to 2050. Overall, the employment effects projected by various studies 

depend on the modelling approach take (e.g. neo-keynesian vs general equilibrium), the 

assumptions on labour market flexibility, the policies used to drive energy system decarbonisation, 

the way in which changes in government revenue are recycled, the availability of labour with the 

right skill set (to avoid potential mismatch between labour demand and supply) and the financial 

scheme used. 

The GEM-E3-FIT results show that the imposition of high carbon prices leads to a modest 

drop in employment with total jobs globally declining by 1.5% and 2.5% compared to Reference 

scenario in 2030 and 2050 respectively. The impact is minimal in developed economies as negative 

job effects from reduced economic activity are to a large extent counterbalanced by the creation 

of jobs in clean energy sectors (Karkatsoulis et al., 2016); “green jobs” include jobs in the 

manufacturing of low-carbon equipment, in thermal insulation of buildings, in the construction 

and in O&M (Operation and Maintenance) of RES power plants, in biofuels production and in 

biomass feedstock supply. Recent analyses (IEA, 2017; Fragkos et al., 2018) show that RES 

technologies–mainly solar PV—are more labour intensive than fossil fuels when jobs in the entire 

chain of related activities are considered; thus, accelerated expansion of low-carbon technologies 

would tend to mitigate the adverse impacts of low-carbon transition on employment levels. 



 

 

The mitigation effort imposed in the 2DEG relative to the Reference scenario differentiates 

by country; this would have impacts on the relative competitiveness and trade across economies. 

As explained in Section 3, GEM-E3-FIT endogenously projects bilateral trade flows between 

countries, based on the Armington assumption that domestically produced and imported goods are 

imperfect substitutes (Paroussos et al. 2015). The balance of trade of major energy exporters 

(Russia, Saudi Arabia, Rest of Energy Producers) deteriorates driven by the decline in their fossil 

fuel exports. In contrast, China and the EU benefit from a decline in fossil fuel imports and from 

increased exports of clean energy equipment, mainly solar PV (China) and wind turbines (EU). 

The US balance of trade deteriorates by 0.5% of GDP from Reference in 2050; this negative impact 

is due to reduced gas and oil exports combined with the effect from global climate action that 

implies reduced demand for US exports of products and services. 

Ambitious climate policies have pronounced negative impacts for sectors directly related 

to fossil fuel supply, due to the shift towards low-carbon energy sources and the more efficient use 

of energy; thus, the global output of fossil fuel supply sectors would decline by about 40% from 

Reference levels in 2050. Energy efficiency leads to a lower demand for electricity, but the 

increased electrification of energy and mobility services drives increased requirements for 

electricity to fuel the uptake of electric vehicles and heat pumps, but also the emergence of green 

hydrogen in the longer term. Therefore, electricity sector output is found to modestly decline by 

4% in 2030, but in the longer term it increases by 5% from Reference scenario levels to provide 

the required electricity for mobility and heating services. The output of energy intensive industrial 

(EITE) sectors is projected to decline by about 2.5% from Reference levels over 2020-2050 due 

to their carbon-intensive production structure. In these sectors, energy costs represent a high 

percentage of their total costs and thus the imposition of carbon pricing leads to high increases in 

their production costs. In some of these sectors (e.g. metals) the reduction is limited, as they feature 

in the production chains of low-carbon technologies and energy-efficient equipment. The impacts 

of the 2DEG scenario on the output of services are relatively limited, as the sector is characterized 

by low carbon intensity per unit of output.  Energy efficiency improvements imply increased 

requirements for construction directed to building retrofits and renovation; thus, the construction 

sector registers only marginal losses despite the reduction of aggregate GDP. Large positive 

impacts are projected for clean energy manufacturing sectors, triggered by the increased demand 

and production of electric vehicles, batteries, advanced biofuels, renewable power generation 

technologies and green hydrogen. 



 

 

 
Figure 31: Impacts of 2DEG scenario on global production by main sector 

 

Despite the limited employment impacts on the economy level, the job impacts of the 

2DEG scenario are more substantial at the sectoral level. The evidence shows that in some sectors 

the employment impacts are either clearly positive (e.g. clean energy manufacturing) or negative 

(e.g. fossil fuel supply), and that in others the change is ambiguous. Decarbonisation policies 

usually lead to positive employment effects in the electricity and mechanical and electrical 

engineering sectors (used to produce low-carbon technologies), due to the manufacture and 

installation of renewable energy and energy efficiency technologies. In contrast, some energy-

intensive sectors such as iron, steel and cement suffer from higher energy prices and a loss of 

competitiveness, while higher carbon costs and expansion of renewable energy and other low-

carbon technologies directly lead to job losses in the fossil fuel supply sectors (e.g. in coal mining, 

in oil and gas extraction and transport/distribution, in oil refineries).  

The GEM-E3-FIT modelling results show that the low-carbon transition would lead to 

profound changes in employment at the sector level requiring extensive re-allocation of workforce 

and skill levels. The sectors most negatively impacted by the high carbon pricing are related to the 

production and transformation of hydrocarbons, including coal mining, oil and gas extraction, coal 

power plants and oil refineries. Employment in the industrial sector is also negatively impacted, 

with energy intensive industries facing a high increase in their production costs due to carbon 

pricing; this leads to 35 million lost jobs in global manufacturing activities in 2050. The impact on 

services is driven by the reduced aggregate GDP; the reduction in service-related jobs is limited in 

relative terms, but it affects millions of people, as services account for about 45-50% of worldwide 

jobs. On the other hand, decarbonisation induces a high increase in jobs related to the 

manufacturing and development of low-carbon technologies, including PV, wind turbines, electric 

vehicles, batteries, advanced biofuels, energy-efficient equipment and green hydrogen.  



 

 

 
Figure 32: Impacts of 2DEG scenario on global employment by main sector 

 

Jobs in the electricity sector are heavily impacted by ambitious climate policies. In the 

medium-term, the accelerated energy efficiency improvements drive a reduction in electricity 

demand and hence in the output of the electricity sector from Reference levels. However, in the 

longer-term, employment in the electricity sector is found to increase by 5.7% from Reference 

levels in 2050 driven by the increasing electrification of energy and transport services, the higher 

power requirements, the uptake of green hydrogen produced through RES-based electricity and 

the shift to RES technologies which are more labour intensive relative to fossil fuels. Finally, the 

analysis shows modest employment impacts for sectors providing inputs to the low-carbon 

transition, including construction (required for renovation of buildings and installation of new low-

emission power plants) and agriculture (required for the production of advanced biofuels). 

As shown above, employment opportunities for workers will not only be affected in sectors 

directly linked to climate change mitigation, but also for workers at various levels of the supply 

chain or in sectors that observe a knock-on impact through multiplier effects. In addition, it is 

expected that larger impacts will be felt within, rather than between sectors. This means that more 

important developments will be changes to existing jobs and skills requirements. It may be the 

case that changes in jobs within sectors may require re-training or topping up of skills (e.g. 

architects requiring knowledge of energy-efficient materials and technologies, and integrating 

these in to building design), while in others existing skills may be used to shift between sectors 

(e.g. workers from oil & gas sectors using welding and outfitting skills within the wind energy 

sector). 

 

9.5 The impacts of asymmetric climate policies 

9.5.1 Context 

The optimal least-cost mitigation of climate change at the global scale is based on the 

exploitation of the cheapest emission reduction options across all regions and sectors at the margin. 

However, as there is slow progress in international climate negotiations in recent years, increasing 



 

 

scepticism prevails about the actual prospects of global concerted action against climate change. 

Therefore, the focus of research and policy has gradually shifted towards regional or national 

climate action and the impacts of unilateral emission reduction policies. In this context, carbon 

leakage124 can occur and effectively reduce emission reduction achieved in the emission abating 

countries. The carbon leakage depends on the magnitude of emission reductions performed by 

abating countries, the exposure of the abating economies to foreign competition, the eventual 

measures to counterbalance the adverse effects on trade and industrial competitiveness, the 

technology spillovers and the size of the countries involved in the abatement effort, both in terms 

of GHG emissions and GDP. 

Carbon leakage raises concerns for climate policy especially in the EU which has decided 

to pursue ambitious targets for reducing GHG emissions by 50-55% in 2030 from 1990 levels and 

transitioning to climate neutrality by mid-century (as outlined in the EU Green Deal). The EU can 

be considered as a first mover in global GHG mitigation as it has established the worlds’ largest 

emissions trading system (EU ETS), has already implemented a series of climate, energy efficiency 

and RES deployment policies, and has confirmed a long-term objective to reduce GHG emissions 

by at least 95% relative to 1990 levels by mid-century. In addition, recently China has pledged to 

reach carbon neutrality by 2060, while other countries are already exploring ambitious transition 

policies, targets and long-term strategies (as communicated to the UNFCCC125)- in contrast to 

limited climate policy progress observed in other parts of the world 

The channels through which carbon leakage occurs are: i) the energy channel (increase of 

energy consumption in non-abating countries induced by lower international fossil fuel prices due 

to lower fossil fuel consumption in abating regions) and ii) the industry channel, induced by 

different relative production costs that induce energy intensive production partly shifting from 

countries applying climate policies to countries that do not. The net economic impact of unilateral 

emission reduction action is uncertain, as early climate movers incur mitigation costs and lower 

international competitiveness, but may also benefit from gaining a comparative advantage on 

producing low carbon technologies. However, most studies show that ambitious early-mover 

climate action incurs GDP losses for carbon abating regions. 

The contribution of the energy and industrial channel to the carbon leakage depends on the 

i) the size and the industrial structure of the economies that perform mitigation action, ii) the 

carbon intensity of these economies iii) the response of supply (i.e. fossil fuel producers) to 

demand reduction and the market structure (role of OPEC), iv) the type of fossil fuel which is 

substituted, v) the technology spillovers, vi) the transport costs and trade patterns for industrial 

products and vii) potential measures to protect energy-intensive and trade-exposed industries. As 

small changes in global fossil fuel demand, as for example when the EU acts alone, may exert 

minimal effects on world fossil fuel prices, the current study largely focuses on leakage through 

the industrial competitiveness channel. 

The European Commission decision (2010/2/EU) lists the industrial sectors/subsectors 

which are deemed to be exposed to a significant risk of carbon leakage. These include the energy 

intensive industries producing chemical products, ferrous and non-ferrous metals, paper products, 

cement and other non-metallic minerals. The cost of energy in total production costs of these 

industries is on average four times higher than in the other industrial sectors (Paroussos et al, 

2015). The electricity and transport sectors are mostly oriented to domestic markets and intra-EU 

                                                 
124 According to IPCC AR4, carbon leakage is defined as “The part of emissions reductions in abating 

countries that may be offset by an increase of the emissions in the non-abating countries. 
125 https://unfccc.int/process/the-paris-agreement/long-term-strategies 



 

 

trade with limited exchanges with non-EU regions. So, electricity generation and transport are not 

considered to be subject to high carbon leakage rates, unlike energy intensive industries which are 

strongly exposed to foreign trade competition.  

Energy intensive industries accounted for about 7% of global GDP and 8% of global 

employment in 2015, but they account for about 60% of global energy used in the industrial sector, 

mostly in chemicals, ferrous and non-ferrous metals, cement, paper and pulp. The most important 

producers of energy intensive products are the EU, the USA, China, Korea, Mexico, Indonesia, 

Russia and Japan. 

Openness to foreign competition can be measured both in domestic and international 

markets as the ratio of product output used for domestic purposes to its total supply and as the ratio 

of exports to total output. The data presented in the figure below suggest that the exposure of 

European industries to international trade is above world average. In particular, metals, chemicals 

and non-metallic minerals are more exposed to foreign competition compared to other industries, 

both in domestic and foreign markets. It should be noted however that a large share of exports of 

chemicals represent non-energy intensive products such as pharmaceuticals, which do not face 

high increases in production costs due to carbon pricing. 

In addition to the degree of exposure to foreign competition, carbon leakage rates also 

depend on certain industrial conditions, such as: i) the easiness of industrial relocation given that 

high transportation costs usually cluster the markets into certain geographical areas; ii) the degree 

of vertical integration and specialization in relation to other industrial and services activities which 

are not relocated; an example is the relations between metal industries and car manufacturing. The 

EU’s main trading partners are China and the USA, followed by India, Russia, Turkey and Japan. 

Trade partners with good access and geographical proximity to the EU market and less ambitious 

climate policies can be considered the main economies toward which production could be 

relocated from the EU. 

 

Figure 33: Carbon leakage exposure as a function of trade openness and GHG intensity  

 
Source: E3 Modelling 

 

 



 

 

9.5.2 Carbon leakage when the EU acts alone 

We calculate regional carbon leakage as the increase of emissions relative to reference 

scenario in countries which do not apply ambitious climate policies. The ratio of carbon leakage 

is expressed as a percentage of regional carbon leakage over the amount of emission reduction in 

countries which apply high carbon pricing.  

Based on the EUGD-Only scenario projections, the EU carbon leakage rate is estimated to 

be 24% cumulatively over the period 2020-2050. The EU reduces GHG emissions by 23.8 Gt CO2 

cumulatively over 2015-2050, while in other regions emissions increase by 5.8 Gt. The 

regions/countries where carbon leakage occurs are Rest of World, China, India, the United States 

and Russia which mainly increase emissions in the EU-GD-Alone scenario relative to the 

Reference.  Figure 20 shows the carbon leakage amounts as regional shares, calculated in 

cumulative terms in the period 2020-2050. The increase of emissions in the non-EU countries, due 

to carbon leakage, represents only 0.3% of Reference scenario cumulative emissions in these 

countries. The leakage rates are estimated to be highest to Russia, the USA, India, China and Rest 

of world (the leakage in these countries accounts for more than 67% of the total estimated leakage). 

Low transportation costs to the EU market favour Russia and Turkey, while China and India have 

sufficient production capacities at low cost and relatively high energy and carbon intensities 

inducing higher increase in emissions (hence higher leakage). It should be noted that the 

production relocation to the different countries is not proportional to the changes in GHG 

emissions (leakage rates) as each country is characterised by different GHG intensities (e.g. one 

tonne of steel produced in the USA emits lowers GHG emissions than in India). 

 

Table 27: Carbon leakage rates in the EUGD-Alone scenario 
Mt CO2 
eq 

EU GHG emissions 
in EUGD- Alone 

EU GHG emissions 
in Reference 

EU Reduction 
GHG target 

Non-EU Emissions 
(change from Reference) 

Carbon 
Leakage  

2030 2562 3343 781 65 8% 

2050 769 2346 1577 367 24% 

 

 
Figure 34: Regional decomposition of carbon leakage in EUGD-Alone over 2020-2050 



 

 

 

The sectoral distribution of carbon leakage is presented in the Figure 21. As expected 

(according to the GHG intensity and openness to trade ratios), the sectors that are most vulnerable 

to carbon leakage are chemicals, non-metallic minerals, metals and air transportation. It should be 

noted that the importance of sectoral leakage changes over time as the energy system gradually 

becomes decarbonised. An interesting finding is that carbon leakage occurs also indirectly through 

power-related emissions; the relocation of industrial activities to non-EU countries would lead to 

increased demand and production of electricity and thus higher carbon emissions, especially as 

non-EU countries still heavily depend on fossil fuels to produce electricity in the EUGD-Alone 

scenario. GHG emissions from Refineries increase in most non-EU countries driven by the 

increased demand for oil products required to fuel industrial activities. However, emissions from 

refineries decline in other countries (especially those that export oil products) as the electrification 

of the EU energy system and the reduction of oil use in transport and heating purposes reduces the 

aggregate demand for oil.  

 
Figure 35: Sectoral decomposition of carbon leakage in EUGD-Alone over 2020-2050 

 

9.5.3 Carbon leakage in the EU-China first mover coalition 

When China and the EU jointly apply carbon pricing as in the EUGD-China scenario, the 

rate of carbon leakage is significantly reduced. The EU and China GHG emissions are reduced by 

about 129 Gt CO2 relative to Reference scenario levels cumulatively in the period 2020-2050. In 

the same period, GHG emissions in non-abating regions and countries increase by 7.7 Gt CO2 

relative to Reference levels, indicating a carbon leakage rate of 6% over 2020-2050. In the EUGD-

China scenario, most of carbon leakage (and associated emissions increase) is registered in India, 

Russia and Rest of world region, which jointly account for 3.8 percentage points of the overall 6% 

carbon leakage rate (Figure 22). The amount of emissions increased in countries not applying 

carbon pricing is larger in the EUGD-China scenario compared to the EUGD-Alone scenario, but 

the amount of emission reduced jointly by the EU and China in the former scenario (i.e. 129 Gt 



 

 

CO2) are much larger than in the latter scenario (i.e. 24 Gt CO2). This implies a decrease of the 

carbon leakage rate which becomes very small in the EUGD-China scenario mainly because the 

Chinese emissions are large and reduce very significantly in the EUGD-China scenario, in which 

about 85% of the total mitigation effort relative to the Reference scenario is implemented in China 

(and only 15% in the EU). Therefore, the size of the countries which participate in joint emission 

reduction efforts matters a lot for the carbon leakage rate, with larger country size implying lower 

leakage rates (in percentage terms). The model-based assessment shows that the imposition of 

common carbon price is more effective in reducing emissions in countries which are inefficient in 

terms of energy and carbon intensity, such as China. The same level of carbon price implies much 

higher emission mitigation effort in China than in the EU. So, the inclusion of energy (and carbon) 

inefficient economies in the countries applying ambitious climate policies is a crucial driver to 

reduce leakage rates. In addition, the inclusion of countries with low industrial production cost in 

the group of countries applying ambitiously climate policies would also result in lower leakage 

rates. For example, the increased energy costs in China (but starting from a low base) due to high 

carbon pricing have smaller effects on relative competitiveness of China than a case where similar 

energy cost increases take place in a country with higher industrial costs 

 

 
Figure 36: Regional decomposition of carbon leakage in EUGD-China over 2020-2050 

 

The model-based results show that the global demand for energy intensive products (e.g. 

metals, cement, chemicals, pulp) decreases in climate policy scenarios relative to Reference, due 

to the economic restructuring towards less energy intensive products and services as a result of 

high carbon pricing. This implies that the amount of energy-intensive production decreased in the 

group of countries applying carbon pricing is higher than the amount of production increased in 

countries without ambitious policies. This economic shifting reduces the carbon leakage rate. Due 

to size effects, the amounts of industrial production relocated are higher in the EUGD-China than 

in EUGD-Alone scenarios. The sectors of chemicals, (ferrous and non-ferrous) metals and non-



 

 

metallic minerals are more exposed to foreign competition and bear higher relocation impacts than 

the other industrial sectors (Figure 23), which due to high transportation costs need to be located 

close to consumption. 

As energy intensive industrial production is relocated to non-abating countries, energy 

demand tends to increase in these regions that produce higher amounts of energy intensive 

products than in the Reference scenario. As this production is also electricity intensive, emissions 

from power generation tend to increase in the non-abating regions, which use higher-emitting 

technologies (mostly based on fossil fuel combustion) relative to countries applying high carbon 

pricing. Thus, emissions of energy and electricity sectors in non-abating countries would increase: 

this carbon leakage is not related to the energy channel (as it is not related to changes in fossil fuel 

prices) but is a consequence of industrial relocation, thus it is part of the industrial channel. 

 
Figure 37: Sectoral decomposition of carbon leakage in EUGD-China over 2020-2050 

 

 

9.5.4 Carbon leakage in a larger LTS coalition 

As more and more countries communicate their long-term low-emission strategies126 to 

UNFCCC, it becomes increasingly important to quantitatively assess the environmental and 

macro-economic implications of these long-term strategies by mid-century. The EUGD-LTS case 

assumes that those countries that have already submitted their long-term strategies to UNFCCC 

jointly pursue ambitious climate efforts to achieve joint emissions reduction in line with the 2DEG 

scenario. The group of first-mover countries includes the European Union, China, the USA, Japan, 

Canada and South Africa. These countries jointly accounted for more than 50% of global GHG 

emissions in 2017 and thus the imposition of ambitious climate policies would result in large 

reduction in global GHG emission and associated climate benefits. This is confirmed in Figure 24 

below showing that the first-mover coalition in the EUGD-LTS scenario can close about 40% of 

                                                 
126 https://unfccc.int/process/the-paris-agreement/long-term-strategies 



 

 

the gap in mitigation effort required to achieve the well-below 2oC target relative to the Reference 

scenario. This share can be even higher in case that other major emitting economies (e.g. India, 

Russia) join the emission reduction effort. When only the EU and China implement ambitious 

climate policies, global GHG emissions are found to decline by about 122 Gt CO2 over 2020-2050 

from Reference scenario contributing about one forth (25%) to the global mitigation effort required 

to achieve the 2DEG target. In contrast, when the EU acts unilaterally, the global climate benefits 

would be limited, as global GHG emissions decline by only 3.5% from Reference levels indicating 

the small and declining share of EU in global GHG emissions, the already ambitious climate policy 

framework of the EU Reference scenario and the carbon leakage to non-abating regions. 

 

 
Figure 38: Global emission outcomes of scenarios explored over 2020-2050 

 

When the LTS-coalition (EU, China, USA, Japan, Canada and South Africa) jointly apply 

carbon pricing as in the EUGD-LTS scenario, the rate of carbon leakage is significantly reduced. 

The GHG emissions are reduced by about 207.5 Gt CO2 in the LTS-Coalition relative to Reference 

scenario levels cumulatively over 2020-2050. In the same period, GHG emissions in non-abating 

regions increase by 10.5 Gt CO2 relative to Reference levels, indicating a carbon leakage rate of 

5% over 2020-2050. In the EUGD-LTS scenario, most of carbon leakage and associated emissions 

increase is registered in India, Russia and Rest of world region, which jointly account for 3.4 

percentage points of the overall 5% leakage rate (Figure 25). Significant amounts of leakage are 

also projected for countries that are close to key first movers (e.g. Turkey, Rest of EU, Mexico) 

illustrating that the geographical proximity is a key factor influencing carbon leakage and the risk 

of industrial relocation. The amount of GHG emissions increased in countries not applying carbon 

pricing is larger than in previous scenarios as the size of the coalition applying high carbon pricing 

(and the associated emissions reduction) is higher, indicating that the larger size of the coalition 

results in lower carbon leakage rates. The model-based assessment shows that the imposition of 

common carbon price is more effective in reducing emissions in countries which are inefficient in 

terms of energy and carbon intensity, such as China and South Africa, which implement most of 



 

 

the mitigation effort in the EUGD-LTS scenario. In terms of sectoral decomposition of carbon 

leakage, the model-based analysis confirms that energy-intensive sectors are most vulnerable to 

relocation to non-abating countries and thus most of carbon leakage happens in metals, chemicals 

and non-metallic minerals, with smaller amounts in other manufacturing activities (e.g. equipment) 

and in air transportation. Finally, the higher industrial production in non-abating countries leads to 

increased demand and hence production of electricity and oil products; as these countries do not 

implement ambitious climate policies, emissions from these sectors would increase from reference 

levels due to higher production requirements combined with a fossil fuel-intensive energy mix. 

 

 
Figure 25: Regional decomposition of carbon leakage in EUGD-LTS over 2020-2050 

 

 

9.5.5 Macro-economic effects of asymmetric climate policies 

The section aims to analyse the macro-economic effects of asymmetric climate policies on 

activity growth, employment, industrial production and trade, focusing on the effects both on 

carbon abating countries and on those regions that do not apply carbon pricing. As discussed in 

Section 4, the application of high carbon pricing and ambitious climate policies would have limited 

negative macro-economic impacts with global GDP declining by about 1.4% below Reference 

levels over 2020-2050 (in cumulative terms). The largest GDP losses are projected for major 

hydrocarbon exporters (Russia, Saudi Arabia, Rest of Energy Producers) due to reduced export 

revenues, and in major developing economies (China and India) due to the high energy and carbon 

intensive structure of their economies. Global GDP losses are found to be lower in case that only 

a subgroup of regions implement ambitious climate policies; for instance, global GDP declines by 

only 0.2% over 2020-2050 in the EUGD-Alone scenario, which however achieves only 3.5% of 

the global mitigation effort required for the transition to 2DEG. When China joins the EU emission 

reduction effort, GDP losses amount to 0.5% of cumulative world GDP in the Reference scenario, 

while the addition of USA, Japan, Canada and South Africa in the first mover coalition increases 



 

 

the global mitigation cost to 0.65% of Reference GDP over 2020-2050, as the size of the regions 

applying high carbon pricing increases. The scenarios assuming that anti-leakage policy measures 

are implemented (e.g. removing import duties in the climate coalition ETS sectors and ensuring 

full knowledge spillovers across the abating countries) would have clear socio-economic benefits 

for the first mover coalition, alleviating the cost burden to regions with high carbon pricing and 

leading to very limited mitigation costs globally.  

 

 
Figure 26: Mitigation effort and costs in the series of scenarios examined (over 2020-2050) 

 

The model-based analysis shows that there is a clear relation between the mitigation effort 

and GDP losses at the global level. However, the allocation of the emission reduction effort to 

specific countries in alternative policy scenarios directly influences the socio-economic impacts 

of ambitious climate policies. In particular, Figure 27 shows the cumulative GDP losses for the 

five major economies (EU, China, India, USA, Japan) across policy scenarios explored with the 

GEM-E3-FIT model. As expected, the unilateral implementation of the EU Green Deal would 

have GDP impacts mostly on the EU. However, the EU GDP reduction is modest (about 0.9% 

over 2020-2050) despite the large-scale transformation of the energy sector towards climate 

neutrality by mid-century and the reduced competitiveness of the European economy in 

international markets due to high carbon pricing, as illustrated by the industrial relocation of 

energy-intensive industries outside the EU. When China and the EU jointly reduce their GHG 

emissions, the GDP impacts are largest in China with its GDP declining by 1.6% over 2020-2050, 

due to the current high energy and carbon intensity of the Chinese economy and large-scale 

reduction of Chinese energy-intensive industrial production and exports, as the impact of carbon 

pricing is higher on low-cost producers such as China. In contrast, the impacts on the EU’s 



 

 

industrial production are lower than in the EUGD-Alone scenario as the competitiveness of 

European exports compared to Chinese is improved relative to the EUGD-Alone scenario. The 

reduced competitiveness of Chinese manufacturers in this scenario leads to increased production 

and GDP in major economies that do not pursue high carbon pricing, such as Japan, India and the 

USA. The EUGD-LTS scenario has negative impacts on the economic activity of countries 

participating in the emission abatement effort, as their competitiveness is reduced in international 

markets due to the imposition of high carbon pricing, increasing their production costs and 

depressing domestic consumption and exports. In this context, industrial production increases in 

non-abating regions, especially in India, which benefits from higher competitiveness relative to 

abating regions (China, USA, EU, Japan) and thus increases its exports and domestic economic 

activity by 0.1% from Reference scenario levels. The increase however is moderated by the 

negative impact of expensive imported products to India from countries with ambitious climate 

policies. When comparing these projections with GDP losses incurred in the 2DEG scenario, one 

should notice that the mitigation costs are higher for all economies in 2DEG (compared to EUGD-

LTS scenario) due to the depressive effect of carbon pricing across the global economy through 

the increased costs to domestically produce or import products. However, the anti-leakage policy 

measures in the EUGD-LTS-anti scenario (mostly through full knowledge spillovers across the 

abating countries) alleviate the cost burden to carbon-abating regions and result in negligible 

global GDP losses relative to Reference scenario, with even positive GDP impacts for carbon 

abating regions with low energy intensity, limited mitigation costs in 2DEG and high absorptive 

capacity to allow full exploitation of technology spillovers, e.g. Japan and the EU. 

 
 

Figure 27: Mitigation costs across regions in alternative scenarios  

 



 

 

9.6 Conclusions 

In the context of INNOPATHS project, the GEM-E3-FIT has been significantly expanded 

to consistently capture the macro-economic and industrial implications of energy and climate 

policies and improve the simulation capabilities of Computable General Equilibrium models. The 

key methodological improvements implemented in GEM-E3-FIT include: 

• Enhanced representation of energy system and related technologies, in particular 

with regard to energy efficiency by sector, transport mode and technology, fuel 

switching and electrification of energy services 

• Explicit modelling of various electricity production technologies and their 

competition to meet power requirements.  

• Detailed representation of markets for low-carbon technology 

• Endogenization of technology progress for energy technologies, based on learning 

by doing and learning by R&D curves 

• Enhanced modelling of labour markets, including skill levels 

• Integration of the financial sector and its relation with low-carbon investment 

• Improved representation of various policy instruments related to energy, climate, 

innovation, trade, industry and finance. 

 

The GEM-E3-FIT model has been used to quantify the macro-economic, employment and 

industrial impacts of ambitious decarbonisation policies towards meeting the well-below 2oC goal 

as set out in the Paris Agreement. The enhanced representation of the energy system and related 

technologies especially in the transport and power generation sectors considerably improves the 

simulation capabilities of the GEM-E3-FIT model to model ambitious emission reduction targets 

towards climate neutrality by mid-century, as targeted by the EU Green Deal. The implementation 

of ambitious climate policies leads to an extensive restructuring of the global energy system, which 

is driven by:  

• Large-scale expansion of renewable energy contributing to an almost decarbonised 

electricity supply system by mid-century, mostly through solar PV and wind onshore 

and offshore technologies complemented with significant storage and CCS capacities 

to provide the required balancing and flexibility services 

• Accelerated energy efficiency improvements in buildings, transport and industries with 

energy intensity of global GDP declining by 2.2% annually over 2020-2050, driven by 

investment in energy savings in buildings, uptake of more efficient cars and appliances, 

fuel switching to more efficient carriers and lifestyle changes 

• Increased electrification of energy, heating and mobility services both in developed and 

in developing economies, driven by the large-scale expansion of electric vehicles and 

heat pumps. 

• Significant reduction in the carbon intensity of energy, through the update of low-

emission energy carriers, including advanced biofuels and green hydrogen that are used 

to decarbonise hard-to-abate sectors with limited availability of mitigation options (e.g. 

aviation, freight transport, heavy industrial processes) 

 

The transition to a low-carbon economy is a complex process, involving essentially the 

substitution of fossil fuels (which are imported in most EU countries) by products and services 



 

 

that are mainly domestically produced. This substitution is an investment and technology-intensive 

process that requires a sectoral restructuring throughout the economy towards a more capital 

structure. This process may be costly in the short-term with increased energy prices that drive 

upwards the general price level and putting stress on the capital/financial market, while reducing 

the international competitiveness of the economy. However, the improved GEM-E3-FIT model 

can in addition capture the potential long-term positive externalities which can be brought in driven 

by technology progress and industrial maturity dynamics. The short-term increase in energy prices 

can provide new opportunities for R&D and commercial uptake of low-carbon, energy-efficient 

technologies, whose costs improve through increased uptake, while new industries may emerge in 

specific countries with extensive innovation and industrial base (e.g. low-carbon technology 

manufacturing capacities). These effects can boost EU economic growth and competitiveness and 

alleviate the “crowding-out” effects in other productive sectors. The model-based analysis shows 

that the implementation of ambitious climate policies towards achieving the Paris Agreement goals 

would have limited mitigation costs with global GDP losses amounting to 1.4% of Reference GDP 

over 2020-2050. The imposition of universal carbon pricing ensures that the global target is met 

with the lowest possible costs (cost-optimal transition), but the socio-economic impacts are more 

negative in large hydrocarbon exporters that lose export revenues (e.g. Russia, Saudi Arabia, Rest 

of Energy Producers) and in developing economies with high energy and carbon intensity, such as 

China and India. The impacts on total investment is minimal, driven by two contradicting trends: 

reduced economic activity and increased requirements for investment related to decarbonisation 

of the energy system, in particular renewable energy, investment in buildings’ retrofits, uptake of 

more efficient appliances, cars and equipment etc. 

As there has been limited progress towards international climate efforts and the focus has 

shifted towards national or regional climate action, the GEM-E3-FIT is used to quantify the socio-

economic, industrial, trade and environmental implications of asymmetric climate policies. The 

simulations have been performed in a dynamic setting up to 2050 assuming that carbon pricing is 

the main instrument for reducing emissions. The model-based analysis shows that the application 

of high carbon prices in abating regions results in a redistribution of trade of commodities between 

the countries as a result of changes in the relative competitiveness of abating countries vis-à-vis 

the non-abating ones. The estimated leakage rates mainly reflect carbon leakage through industrial 

competitiveness channel, as the leakage through adjusted international fossil fuel prices is minimal 

because the scenarios have assumed sufficiently elastic supply of fossil fuels. The scenarios have 

high policy relevance, as they explore the impacts of recent climate pledges and targets, including 

the EU Green Deal target for climate neutrality by mid-century, the recent Chinese pledge for 

carbon neutrality by 2060 and the recently submitted long-term low-emission strategies of Japan, 

Canada and South Africa (as communicated to the UNFCCC). 

The size of the economies participating in the emission abating group is important for the 

leakage rate: an EU-China coalition implies dramatically reduced leakage rates compared to a case 

where the EU acts alone implementing the EU Green Deal. Although the leaked emission amounts 

are larger in the EU-China case, the leakage ratio is very low compared to cases without China’s 

participation, reflecting the large reduction in GHG emissions when China participates in the joint 

effort. In addition, the effectiveness of the carbon price to reduce emissions is higher in countries, 

such as China, exhibiting high energy and carbon inefficiency compared to the EU. The estimated 

cumulative leakage rate in the EU alone scenario is 24% which is close to the higher end of the 

range reported in the literature, as the current study assumes more ambitious emission reduction 

targets in the EU towards climate neutrality by mid-century. The leakage rate drops to 6% in the 



 

 

EU-China coalition case which is close to the low end of the values in the literature. When other 

countries that have submitted their long-term strategies to UNFCCC (USA, Japan, Canada, South 

Africa) join the EU-China carbon-abating coalition, the leakage rate drops to only 5%, with about 

80% directed to India, Russia, Rest of world, Mexico, Rest of EU and Turkey, reflecting their large 

industrial size, competitive production costs and geographical proximity to main carbon-abating 

markets, including the EU and the USA. By decomposing the carbon leakage by sector of activity, 

it is evident that about 65% of the amounts of GHG emissions leaked are related to energy intensive 

and trade-exposed industries, including chemicals, metals and non-metallic minerals. The higher 

industrial production in non-abating countries requires additional amounts of electricity supply, 

thus leading to additional emissions in power generation of the non-abating countries, which are 

still heavily dependent on fossil fuels. Measures focusing on reducing emissions in power 

generation in these countries would greatly help reducing carbon leakage without applying 

economy wide carbon pricing. The macro-economic and trade effects of asymmetric emission 

education policies  crucially depend on the level of the mitigation effort in different economies, 

the changes in their relative competitiveness and the potential policies to reduce carbon leakage 

and boost the economic growth in carbon-abating countries. 
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Appendix 

 
Tables: Sectoral and regional coverage of the GEM-E3-FIT model 

GEM-E3-FIT Regional coverage 

All EU member states + UK 
USA 
Japan 
Canada 
Brazil 
China 
India 
South Korea 
Indonesia 

Mexico 

Argentina 

Turkey 

Saudi Arabia 

Oceania 

Russian federation 

Rest of energy producing countries 

South Africa 

Rest of Europe 

Rest of world 

 

Sectoral coverage 

No Name No Name No Name 

1 Agriculture         

2 Coal 24 Wheat, Cereal Grains, Sugar 

cane, sugar beet 

41 Coal fired power plants 

3 Crude Oil 25 Oil Seeds 42 Oil fired power plants 

4 Oil 26 Forestry 43 Gas fired power plants 

5 Gas Extraction 27 Biomass Solid 44 Nuclear 

6 Gas 28 Ethanol 45 Biomass 

7 Power Supply 29 Bio-diesel 46 Hydro electric 

8 Ferrous metals     47 Wind 

9 Non-ferrous metals 30 Advanced Electric Appliances 48 PV 

10 Chemical Products 31 Equipment for wind power 

technology 

49 CCS coal 



 

 

11 Paper Products 32 Equipment for PV panels 50 CCS Gas 

12 Non-metallic 

minerals 

33 Equipment for CCS power 

technology 

51 Geothermal 

13 Electronic Goods 34 Other Advanced Heating and 

Cooking Appliances 

    

14 Conventional 

Transport 

equipment 

35 Electric Vehicles     

15 Other Equipment 

Goods 

36 Batteries     

16 Consumer Goods 

Industries 

37 Road-Freight transport     

17 Air transport 38 Rail -Freight transport     

18 Road -Passenger 

transport 

39 Rail -Passenger transport     

19 Water - Freight 

transport 

40 Water - Passenger transport     

20 Construction       

21 R&D         

22 Market Services         

23 Non Market Services         

 

 

 

 

 



 

 

Research paper 10 Anatomy of Green Specialization: Evidence from EU 

Production Data, 1995-2015 

 

Status of the research paper: The paper will be submitted for review in scientific journal 

after the submission of the deliverable 

Bontandini, F. and Vona, F. 2020. ‘Anatomy of Green Specialization: evidence from EU 

production data, 1995-2015,’ OFCE working paper 21/2020, close to submission. link to paper: 

https://www.ofce.sciences-po.fr/pdf/dtravail/OFCEWP2020-21.pdf 

 

Abstract: We study green specialization across EU countries and detailed 4-digit industrial 

sectors over the period of 1995-2015 by harmonizing product-level data (PRODCOM). We 

propose a new list of green goods that refines lists proposed by international organizations by 

excluding goods with double usages. Our exploratory analysis reveals important structural 

properties of green specialization. First, green production is highly concentrated, with 13 out of 

119 4-digit industries accounting for 95% of the total. Second, green and polluting productions do 

not occur in the same sectors, and countries tend to specialize in either green or brown sectors. 

This suggests that the distributional effect of European environmental policies can be large. Third, 

green specialization is highly path dependent, but it is also reinforced by the presence of non-green 
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10.1 Introduction 

This paper provides new evidence of the production and specialization of environmentally friendly 

goods across sectors and European countries over the period of 1995-2015. Understanding 

comparative advantage in green production is particularly important in light of the growing policy 

interest around the so-called green economy as a way to reconcile economic growth with 

environmental preservation and climate change mitigation, which recently culminated in the 

launch of the European Green Deal by the European Commission. Developing a head start in the 

green economy was also a strategic goal of the generous fiscal stimulus implemented by President 



 

 

Obama after the great recession, the so-called American Recovery and Reinvestment Act, which 

sought to build US technological leadership in new high-demand products such as electric cars 

and solar energy. 

 

Despite its key strategic role in a country’s future competitiveness, data constraints have so far 

limited the scope of empirical research on the green economy. The first contribution of our paper 

is a consistent measure of green production that varies in the country-year-sector (detailed 4-digit 

NACE rev. 2 sectors) level for manufactured goods. To this aim, in Section 2, we use a product-

level dataset for the manufacturing sector compiled by Eurostat, called PRODCOM, and 

harmonize it with a methodology proposed by Van Beveren, Bernard and Vandenbussche (2012). 

To measure green production, we first use different lists of green products that have been proposed 

during recent international negotiations at the World Trade Organization (WTO). We refine these 

lists by eliminating green goods with double usages to reach our favourite list of green goods. To 

the best or our knowledge, we are the first to use PRODCOM to study green production. Previous 

works have used product-level data to study trade patterns in green production (He et al., 2015; 

Cantore and Cheng, 2018; Fraccascia, Giannoccaro and Albino, 2018; Tamini and Sorgho, 2018; 

Mealy and Teytelboym, 2020) and their effects on emission reduction at the country level ( 

Zugravu-Soilita, 2018, 2019). We extend these works by assembling a new dataset that can be 

used to highlight the fine-grained structure of green production across sectors and countries. 

 

Empirical work on environmental innovation has mostly used patents or self-reported measures of 

firm innovation to build a proxy of green vs. non-green specialization (Jaffe and Palmer, 1997; 

Popp, 2002; Veugelers, 2012; Ghisetti and Rennings, 2014; Nesta, Vona and Nicolli, 2014; Calel 

and Dechezleprêtre, 2016; Horbach, 2016; Conti et al., 2018). This choice is theory-consistent, as 

most climate (e.g. Nordhaus and Boyer, 2000) or endogenous growth models (e.g. Bovenberg and 

Smulders, 1995) give prominent importance in reducing the harmful environmental impacts of 

production to R&D-driven innovation. However, from a policy perspective, the beneficial effects 

of green specialization in terms of improved environmental quality, job creation and economic 

growth depend on where production is located (diffusion stage) rather than on where knowledge 

is created (innovation stage). Additionally, from the perspective of innovation studies, it is well 

known that not all knowledge is created through R&D investments and then patented (Arundel 

and Kabla, 1998; Jaffe and Trajtenberg, 2002; Dosi et al., 2017;). Other informal channels of 

knowledge creation, such as learning-by-doing and knowledge spillovers, may be equally, if not 

more important, in explaining the dramatic improvements in pollution intensity that we have 

observed in recent decades (Levinson, 2009; Brunel, 2017). While the causality nexus between 

patented knowledge and production is clearly bidirectional and too complex to be studied in this 

exploratory study, we show how the use of new production data can provide important insights 

into key patterns of green specialization. 

 



 

 

In accounting for the evolution and structure of green production in Europe, we explore both the 

industry- and country-level heterogeneity contained in the PRODCOM data. In Section 3, we first 

focus on industry-level dynamics, which have been ignored by previous work that has treated green 

production as a unique aggregate sector (Fraccascia, Giannoccaro and Albino, 2018; Mealy and 

Teytelboym, 2020; Zugravu-Soilita, 2019). 

 

Two findings stand out from our industry-level analysis. First, green production is extremely 

concentrated in a set of high-tech industries producing capital goods. When it comes to capturing 

industry concentration, the devil is in the details. At the 2-digit level, 9 out of 26 industries have 

positive green production. However, of the 119 4-digit industries contained in those green 2-digit 

industries, only 21 are green, and 13 of those represent 95% of the total green production. We call 

these 13 industries high-green-potential industries, and these are the focus of our analysis. 

 

Second, we find that polluting and green production occur in two separate sets of industries, which 

are related only through intra-industry linkages such as the purchase of capital goods. This has an 

important policy implication for the distributional effect of environmental policies. Not only are 

the sectors that bear the cost of pollution taxes and standards different from the sectors that can 

profit from these policies, but green sectors also receive the bulk of the subsidies for the green 

economy. 

 

In Section 4, we investigate the distribution of green and polluting production across countries to 

shed light on which countries will be leaders in the green transition. In doing so, we build revealed 

comparative advantage (RCA) measures of green and brown production. Unsurprisingly, while the 

average share of green production in Europe increased from 2% to 2.5% from 1995-2015, northern 

countries, especially Denmark, Austria, Sweden and Germany, have retained a persistent green 

comparative advantage. In contrast, lower income countries, such as Greece, Romania and 

Bulgaria and some traditionally industrial economies, such as Italy and Belgium, have retained a 

specialisation in polluting production. 

 

In Section 5, we investigate the structural properties of green specialization in a multivariate 

regression framework.  We compare the role of three main drivers that have been examined by the 

literature on green innovation using patents (e.g., Popp, 2002; Nesta et al., 2014; Aghion et al., 

2016; Colombelli and Quatraro, 2019; Perruchas, Consoli and Barbieri, 2020): i. path dependency; 

ii. complementarity with proximate, non-green capabilities; and iii. diversification of the 

knowledge base. Consistent with the descriptive evidence, green specialization exhibits path 

dependency: a 10% initial advantage in green specialization is associated with a 6.2% advantage 

eleven years later. Our regressions also reveal a complementarity between green and non-green 

specialization within the same narrowly defined 4-digit industry, although the magnitude of the 

association is much smaller than that for path dependency. Finally, diversification matters in 

sustaining green specialization, but it is quantitatively less important than having a minimum 



 

 

threshold of productive green competences. In Section 6, we summarize our main findings and the 

main policy implications. 

10.2 A new measure of green production 

This section is organized as follows. In Section 2.1, we discuss the conceptual issues in measuring 

green production. In Section 2.2, we present our main source of data, PRODCOM, while in Section 

2.3, we discuss how to use PRODCOM to measure green production. Finally, Section 2.4 validates 

our favourite list of green products—which we refer to as the PRODCOM list henceforth—against 

other measures. 

10.2.1 Conceptual Issues 

The definition of green production presents several conceptual challenges related to the theoretical 

understanding of what “green” or “environmentally friendly” means and how such definitions can 

be operationalized to the data. 

 

The first conceptual issue is whether we consider an activity (i.e., a product or a service) green in 

terms of the effective pollution content of production (process approach) or in terms of its potential 

to minimize the harmful impacts of production on the environment (output approach). The first 

approach is intuitive, as it defines the inverse of product greenness on a continuous scale based on 

the pollution that is directly or indirectly generated during production. The problem with this 

approach is that it is very difficult, if not impossible, to reconstruct the pollution content of each 

product (e.g., Sato, 2014), which depends on the complex nexus of production along global value 

chains (e.g., Wiedmann et al., 2011). The scholarship has strived to overcome these issues by 

deploying input-output methodology and constructing several datasets to assess the environmental 

footprint of production. These datasets, however, include a limited number of countries, years and 

highly aggregated sectors, yielding rather different estimates of pollution impacts of production 

(Rodrigues et al., 2018). 

 

The second approach emphasizes the potential functions of certain products that can be beneficial 

for the environment, and it is the preferred approach for defining most lists of green products or 

activities. For instance, the Green Goods and Services Survey (GGS) of the Bureau of Labor 

Statistics in the US was built using this definition.127 To highlight the difference between these 

two approaches, one can consider wind turbines: even though they fulfil an unequivocally green 

function, the process, emission-based, approach would not consider them very green due to the 

high pollution intensity of the iron that is necessary for their production. A similar approach has 

been to identify a set of green tasks performed by the workforce in the Occupational Information 

                                                 
127 See the technical note of the GGS survey at https://www.bls.gov/ggs/ggs_technote_extended.pdf, 

Deschenes ( 2013) and Elliott and Lindley (2017) for details. The US Census Bureau also carried out the Survey of 

Environmental Products and Services in 1992, which also used the output approach to identify green products drawing 

on input from both government agencies and the private sector; for more detail see Becker and Shadbegian (2009). 

https://www.bls.gov/ggs/ggs_technote_extended.pdf


 

 

Network database (Dierdorff et al., 2009; Consoli et al., 2016), but this approach is more suitable 

for measuring green labour than green production (Vona, Marin and Consoli, 2019). 

 

Additionally, the identification of which functions or tasks are beneficial to the environment 

remains far from straightforward. Products fulfil functions that have different potential for 

reducing pollution based on their underlying technology. Frondel, Horbach and Rennings (2007) 

distinguish between products relying on end-of-pipe and integrated technologies, also referred to 

as cleaner production technologies. On the one hand, the former limits the pollution from 

production processes without changing these processes in essence (e.g., waste-water treatment, 

air-quality control, catalytic converters or exhaust-gas cleaning equipment). The problem of end-

of-pipe technologies is that they may generate cross-media substitution effects, e.g., scrubbers and 

filters reduce air pollution but can negatively affect water and soil pollution (Bi, 2017; Gibson, 

2019). On the other hand, integrated technologies prevent pollution at the source, replacing less 

clean technologies: wind turbines are a clear example of this kind of product. Such technologies 

can be considered more beneficial for the environment due to their potential for reducing the 

environmental impact of production processes across multiple industries. 

 

Other examples include the criteria proposed by Eurostat following an output-based approach: 

environment protection, i.e., activities that “have as their main purpose the prevention, reduction 

and elimination of pollution and of any other degradation of the environment” and resource 

management, i.e., the “preservation, maintenance and enhancement of the stock of natural 

resources and therefore the safeguarding of those resources against depletion” (Eurostat, 2016, 

p.15). This rather narrow definition may exclude other products that do not directly fulfil either 

criterion but that reduce the environmental impact of other sectors.128 

 

Finally, the same product can have different usages and thus different environmental impacts. For 

example, pipes and water tanks may be considered green when used for water and waste 

management purposes, but they will not be green when used for other activities (Steenblik, 2005), 

such as textile production that involves intensive water consumption. 

 

These issues make it difficult to find a well-accepted definition of what a green product is. 

Operationalizing a definition of green products is made even more difficult because standard 

statistical classifications are not designed to separate environmentally friendly products (Steenblik, 

2005; Sauvage, 2014). This increases the likelihood that lists of green products contain false 

negatives (products that are environmentally friendly but are excluded from the list) and false 

positives (products that are not environmentally friendly but that are nonetheless included). 

 

                                                 
128 For example, LEDs that provide lighting neither have a positive impact on the environment nor directly 

preserve the depletion of the stock of natural resources. However, they are more energy efficient than traditional light 

bulbs and therefore correspond to what Eurostat's (2016, p.15) defines as “secondary environmental goods”, i.e., 

products that are “specifically designed to be more environmentally friendly” than existing alternatives.  



 

 

We propose to overcome, at least partially, the data shortcomings and conceptual ambiguities 

discussed above using a new dataset, PRODCOM, where product codes and descriptions are 

available at a highly disaggregated level. 

 

10.2.2 PRODCOM data 

Eurostat collects very detailed information on manufacturing production in Europe, considering, 

on average, 4,288 single products per year.129 The PRODCOM dataset is available for the years 

between 1995 and 2015 for the core European countries, while detailed data on production in 

Eastern European countries has been collected from 2001 onwards.130 

 

For the purpose of identifying green production across countries and industries, the PRODCOM 

data present two practical advantages. First, the PRODCOM data are easily linkable to existing 

lists of product codes that identify green products based on the green potential of their final use. 

Second, the PRODCOM product classification is nested within the European industrial 

classification NACE: each PRODCOM code is made of eight digits, the first four of which 

correspond to NACE industry codes. This feature of the data allows assigning each product to a 4- 

or 2-digit industry and computing each industry’s share of green production, making the data 

suitable for studying how green production is distributed not only across countries but also across 

industries. 

 

The use of the PRODCOM data also presents three important challenges. The first is that the 

product coverage changes over time due to the entry and exit of products131. Second, product codes 

change over time due to constant statistical redefinition, with multiple product codes merging into 

a single new code or one code splitting into several new or existing codes. Third, in 2008, there 

was a change in industry classification (from NACE rev. 1 to NACE rev. 2), with some products 

changing industries at the 4-digit level between the two versions. As a result, by aggregating data 

at the 4-digit industry level, as we do in this study, the combination of changes in product codes 

and of industry classification may conflate genuine changes in production within an industry with 

a statistical reallocation of products across industries. 

 

                                                 
129 As we will discuss in this section, the coverage and number of product codes in the PRODCOM data 

varies yearly, so we report here the average number of 8-digit product codes contained in the PRODCOM data between 

1995 and 2015. It should also be noted that the PRODCOM data only covers manufacturing production, which means 

that we cannot include environmental services into our analysis. 
130 Countries for which data from 1995 on is available include: Austria, Belgium, Denmark, Finland, France, 

Germany, Greece, Ireland, Italy, Portugal, Spain, Sweden and the United Kingdom. From 2001 on, our data include: 

Bulgaria, Croatia, Estonia, Hungary, Latvia, Lithuania, Romania, Slovakia and Slovenia. Poland is included from 

2003 onwards. 

131 While entries and exits concern few products across all sectors, it should be noted that fuel and coke 

related products are excluded from the PRODCOM data up until 2005, leading to no information on the production 

of the whole 2-digit sector “coke and refined petrol”. 



 

 

We deal with these issues using the methodology developed by Van Beveren, Bernard and 

Vandenbussche (2012) (VBBV henceforth) to concord the PRODCOM data over time. In 

summary, the VBBV methodology identifies chains of product codes that are linked by changes 

over time and attributes a “synthetic code” to each chain that does not change over time. A key 

advantage of this methodology is that it solves problematic issues in the conversion from NACE 

rev. 1 to NACE rev. 2.132 Indeed, each of these synthetic codes can be easily paired with a NACE 

rev. 2 industry code at the 4-digit level, since these are the first 4 digits of the PRODCOM codes 

from 2008 onwards. Because the synthetic codes do not change over time, we can also allocate 

production values to NACE rev. 2 industries for the years preceding their introduction, covering 

the whole timespan of the PRODCOM data (1995-2015). 

 

Another key advantage of the VBBV procedure is that it yields a time-consistent measure of green 

production, taking into account that green products may be split into a green and a non-green 

product or merged with a non-green product. An important example in the PRODCOM dataset is 

wind turbines. Until 2007, wind turbines were classified under a residual heading “generating sets 

n.e.c.”, which contained both green and non-green products. Only after 2008 did the code split into 

a non-green product, “generating sets (excluding wind powered and powered by spark-ignition 

internal combustion piston engine)”, and a green product, “generating sets, wind-powered”. As a 

consequence, we have information on the production of wind-powered generating sets only after 

the year in which the split occurred (2008), while before then, wind turbines were lumped together 

with other generating sets. A similar issue applies when a green and non-green product are merged 

into a unique synthetic code. 

 

To deal with this additional issue and impute the missing data on green production (e.g., wind 

turbines before 2008), we first compute the average (country-specific) share of the green 

production of the synthetic code that merged or split over the three years after (before) the merge 

(split). We then assign production proportionally to this share in the years for which we cannot 

distinguish between green and non-green production. 

 

10.2.3 Measuring green production using PRODCOM data 

 

The PRODCOM data are easily linkable to existing lists that identify green goods using the output-

based approach described in Section 1. Historically, these lists emerged as part of international 

negotiations to reduce the tariffs on a set of goods that are crucial for low-carbon transitions and 

sustainable development in general (WTO, 2001; APEC, 2012). The rationale for this is the idea 

that reducing tariffs on green products will reduce their cost and thus favour their diffusion (World 

                                                 
132 Eurostat provides a crosswalk between the two versions of NACE. However, such crosswalk is imperfect 

as it entails many-to-many correspondences with some NACE rev 1 industries splitting and/or merging into NACE 

rev 2 industries. 



 

 

Bank, 2007; Hufbauer and Kim, 2011), especially in developing countries (Dutz and Sharma, 

2012; World Bank, 2012). 

 

The political economy of trade negotiations adds another source of ambiguity in determining what 

is green to the complex picture described in Section 2.1. Indeed, in compiling green goods lists 

during trade negotiations, each country bargains to obtain tariff reductions for the goods for which 

they have a comparative advantage, rather than on the basis of the goods’ actual beneficial effect 

for the environment (Balineau and de Melo 2011; de Melo and Solleder, 2018). The inability to 

reach an agreement on a final list of green goods was one of the reasons the trade negotiations on 

environmental goods was interrupted in 2016 (European Commission, 2019).133 

 

Despite not reaching a final consensus, the negotiation process has produced several lists of green 

goods. The most comprehensive is the Combined List of Environmental Goods (CLEG) of the 

OECD, which is a union of three lists: the Plurilateral Environmental Goods and Services (PEGS) 

list developed by the OECD itself, the list negotiated within the Asian Pacific Economic 

Cooperation (APEC) forum and the list agreed upon by the so-called WTO Friends group.134 These 

lists are compiled using the Harmonized System (HS), the most widely used product classification 

system for trade across countries. The HS classifies products with 6-digit codes, and Eurostat 

provides a crosswalk to the PRODCOM data, which allows the identification of the PRODCOM 

codes that are considered green under the CLEG. 

 

We use an additional list of green goods that use the Eurostat criteria of environmental protection 

and resource management described above. Although there is no official list of green products 

compiled by Eurostat, the list from the German Statistical Office is used by Eurostat (2009) as an 

example of a list following its criteria. 

 

We consider the union of the CLEG and German lists to provide a comprehensive list of potential 

green goods that consists of 902 products. We refine this very broad list to our favourite 

PRODCOM list of green goods, excluding goods with multiple usages. To do so, we review the 

product descriptions of the PRODCOM codes and exclude products with both green and non-green 

usages, such as tanks, industrial ovens, baskets, and mats. Among the goods with double usages, 

we retain only the machineries that are related to the monitoring and analysis of environmental 

variables such as thermostats and apparatus equipment for meteorology and the chemical analysis 

of water. These are included in all three lists that make up the CLEG, signalling a consensus around 

their high green potential. More generally, instruments that provide information on environmental 

                                                 
133 The case of bicycles has, in particular, been at the centre of controversy within WTO negotiations. China 

and the European Union have been unable to find a compromise around their inclusion, which contributed to the 

collapse of trade talks in 2016 (European Commission, 2019). 
134 The group is composed of Canada, the European Union, Japan, Korea, New Zealand, Norway, 

Switzerland, Chinese Taipei, and the United States. 



 

 

variables are essential for controlling and minimizing the impact of production processes across 

most industries. 

 

Our cleaning procedure leaves us with 225 (from 4288 products included in the PRODCOM data 

and 902 products from the union of the CLEG and German lists) products that we identify as green. 

In the following section, we compare the PRODCOM list with other existing lists to reinforce our 

argument for using this list. 

10.2.4 Validation of our measure 

 

In this section, we compare our favourite list with other alternative lists. These latter lists include 

the CLEG and German lists already discussed above, as well as other, more restrictive lists. We 

discuss each of these lists in detail in Appendix A (see Table A.1); broadly speaking, we compare 

our own PRODCOM list with a set of broader lists (CLEG, Germany, APEC, PEG and WTO2009) 

and of narrow lists (WTO Core and Core CLEG). Table 1 correlates the dummy variables 

indicating the presence of a certain product in a given list and reports the number of products 

included in each list. 

 

[Table 1 about here] 

As expected, as we expand our definition of green products, there is an increasing overlap among 

the lists, but as the definition is narrowed down, lists diverge, identifying different sets of products. 

While the correlation across broader lists (PEGS, APEC, WTO2009 and CLEG) tends to be quite 

high, narrower lists, such as the WTO Core and Core CLEG lists, are weakly correlated with each 

other. For instance, the WTO Core and Core CLEG lists share only one green product, i.e., 

spectrometers using optical radiation, confirming once again the importance of environmental 

monitoring activity. 

Our PRODCOM list correlates rather strongly with the WTO2009 list, as well as its narrow 

version, the WTO Core list (with coefficients of 0.31), and with the PEGS list (0.57). We also find 

a strong correlation coefficient (0.46) between our PRODCOM list and a core list that we define 

as a union of the WTO Core and Core CLEG lists. This implies that the PRODCOM list identifies 

a large set of products that are included in either of the two most restrictive lists, offering additional 

support to the reliability of our favourite list. To give a few examples, these products include end-

of-pipe technologies such as machinery for purifying gases and liquids as well as integrated 

technologies such as solar cells and monitoring equipment for physical and chemical analysis. 

Interestingly, the correlation coefficient between the German list (also based on PRODCOM data) 

and the PRODCOM list is only 0.12, which reflects the fact that the German list follows Eurostat’s 

guidelines on environmental protection and resource management and disregards the issue of 

multiple usages. 

Figure 1 visually shows the overlap between our favourite PRODCOM list, the broadest CLEG 

list, Germany’s list and the narrowest core list. We find that 79 out of 147 products from the 



 

 

German list that are not included in any other list and that the CLEG has several products, 510 out 

of 605, that are not part of other lists. These products again include multi-usage products such as 

tanks, industrial ovens and machinery for sorting and grinding material. 

[Figure 1 about here] 

The narrow core list is fully contained in the CLEG list, but it also shares products with the other 

two lists. This suggests that there is a consensus around products included in the core list and may 

make it a credible alternative to our own PRODCOM list. However, we find that important green 

products are not included in the core list. The core list, in fact, focuses on products whose function 

is to directly combat pollution through the use of end-of-pipe technologies (i.e., water and waste 

management equipment) rather than on key integrated technologies (such as wind turbines). It also 

leaves out secondary environmental products that offer more environmentally sustainable mobility 

options, such as bicycles, and environmental monitoring equipment.135 

 

In conclusion, our own list seems more accurate than other available lists. On the one hand, broad 

lists, such as the CLEG, German and APEC lists, include products with multiple non-green usages. 

On the other hand, narrow lists leave out integrated technologies such as wind turbines, electric 

cars and environmental monitoring equipment. The PRODCOM list we have compiled strikes a 

balance between these two extremes by focusing on single-usage products and by including both 

products that directly affect the environment and products that provide greener production 

processes that reduce pollution across other industries. 

 

10.3 Methodology 

A crucial advantage of the PRODCOM data is that it allows the construction of a measure of green 

production at fine-grained industry (4-digit NACE) and country levels over two decades (1995-

2015). We begin by exploring the industry dimension of the data using the share of green 

production relative to total production as key statistics. To the best of our knowledge, by observing 

green production at the product-level within each industry, our paper is the first to compute a 

continuous measure of industrial greenness that varies along three dimensions (industry-country-

year). We show in what follows that using a continuous measure allows us to capture the high 

degree of heterogeneity in green production across and within industries, especially at the four-

digit level. 

 

10.3.1 Aggregated industries: Green vs brown production 

 

                                                 
135 Gas turbines are included in the WTO list and so are also part of our PRODCOM list. Clearly, their 

treatment is problematic. On the one hand, they are a transition technology, so they can be considered green. On the 

other hand, they produce GHG emissions, so they are brown. We choose to keep them in the main analysis, but we 

confirmed that the results are consistent by excluding them. These results are available upon request by the authors. 



 

 

In Table 2, we first explore the variability of green production, aggregating the data at 2-digit 

manufacturing sectors because this higher level of aggregation allows the comparison of the 

output-based and emission-based definitions of green production. We report the mean and standard 

deviation of green shares for each industry, as well as the average GHG intensity. As mentioned 

in Section 2.2, the number of countries included in the PRODCOM data is unbalanced, so for the 

sectoral analysis, we focus on 2005, 2010 and 2015, for which we have information for a balanced 

panel. 

 

We find that green production is highly concentrated in a few industries. While most 2-digit sectors 

(17 out of 26) have no production of green goods, four industries emerge as the key players in the 

green transition: i. Computer, electronic and optical equipment, which includes photovoltaic 

panels; ii. Electrical equipment, which includes equipment for the control and distribution of 

electricity; iii. Machinery and equipment, which includes wind turbines; and iv. Other transport 

equipment, which includes railway stocks. Remarkably, these four industries represent 86% of the 

total green production (column 6). 

 

Within these four industries, we also observe a rather high coefficient of variation (standard 

deviation), which indicates a high degree of heterogeneity in green production across countries. 

Over time, the average shares increase in all of the four greenest industries, which contrasts with 

the stability of the average green share in other green industries. Overall, the diffusion of green 

production tends to remain highly concentrated in a few industries rather than spreading across 

industries. 

 

[Table 2 about here] 

 

Importantly, the four industries with a high green potential have a number of other characteristics 

that make them of strategic interest for industrial policy in general. First, they are all high-tech 

industries (Eurostat, 2015; Galindo-Rueda and Verger, 2016) that have been found to have large 

job multipliers (Moretti, 2010; Vona, Marin and Consoli, 2019) and to be conducive to economic 

growth (Mcmillan, Rodrik and Verduzco-Gallo, 2014; Szirmai and Verspagen, 2015). Second, 

specialization in these sectors requires a broad set of pre-existing skills (Hidalgo et al., 2007; 

Mealy and Teytelboym, 2020), particularly engineering and technical skills that have also been 

found to be prevalent in green jobs (Vona et al., 2018). Third, consistent with the fact that high-

tech manufacturing has strong inter-sectoral linkages with the rest of the economy (Hirschman, 

1958; Szirmai and Verspagen, 2015), these four green industries are rather upstream and serve 

intermediate rather than final demand. This is also consistent with evidence pointing to the 

importance of the suppliers of machinery and electrical equipment for innovation in the renewable 

energy sector (Jacobsson and Bergek, 2004; Markard and Truffer, 2006). 

 



 

 

To help with the comparison of output-based and process-based definitions of green production, 

the last column of Table 2 reports greenhouse gas (GHG) intensity for the same 2-digit 

manufacturing industries. We rely on the environmental accounts of the World Input-Output 

Database (WIOD) that include the energy and GHG content of domestic production of each 2-digit 

industry for 15 countries between 1995 and 2009.136 We compute GHG (C02, N20 and CH4, 

aggregated according to their global warming potential) intensity as the sum of direct and indirect 

emissions per unit of value added from each industry, country and year. A well-known cluster of 

brown industries stands out in terms of total (direct and indirect) emissions (Wiebe and Yamano, 

2016; de Vries and Ferrarini, 2017): coke and refined petroleum products, other non-metallic 

mineral products, chemicals and chemical products, basic pharmaceutical products and 

pharmaceutical preparations, and basic metals and the manufacturing of fabricated metal products, 

except machinery. In the remainder of this paper, we treat the entire production process of these 

brown industries as polluting (see Appendix B for details). 

 

Remarkably, comparing columns 3 to 5 with column 8 of Table 2, we observe that there is a strong 

inverse relation between green production and pollution intensity. This has two main implications 

for our study. First, from a conceptual point of view, the process and output-based approaches to 

defining what is green capture completely different aspects of the green economy but are not in 

contradiction with each other and in fact end up identifying similar “green” sectors. Second, the 

two approaches are clearly complementary for analyzing policy impacts and understanding the 

distributional effects of environmental policies. While the competitiveness of brown industries is 

potentially harmed by an increase in environmental policy stringency (Dechezleprêtre and Sato, 

2017), green upstream sectors benefit from the indirect demand for pollution abatement 

equipment, technical know-how and integrated technologies (Horbach, Rammer and Rennings, 

2012; Vona, Marin and Consoli, 2019). Overall, the two well-known channels through which 

environmental policies affect competitiveness, namely, the cost channel (eventually leading to 

relocating polluting industries abroad, i.e., the pollution haven hypothesis) and the innovation 

channel (the so-called Porter hypothesis; Ambec et al., 2013), impact different sets of industries. 

It follows that ambitious environmental policy will also impact countries differently, depending 

on their productive structures. The winners of such policies, i.e., countries that already have a 

comparative advantage in green industries, may be different from the losers, i.e., countries with a 

comparative advantage in brown industries. 

 

10.3.2 Disaggregated industries: Identifying high-green-potential industries 

We compare green and polluting production at 2 digits of aggregation due to data constraints 

related to measures of pollution intensity. However, the high level of disaggregation of the 

                                                 
136 We use the 2013 release of the WIOD, for which environmental accounts include information on embodied 

emissions of GHG for the following countries: Austria, Belgium, Czech Republic, Denmark, Finland, France, 

Germany, Hungary, Ireland, Italy, the Netherlands, Spain, Sweden and the UK. In Appendix B we discuss in detail 

how we compute GHG intensity using the WIOD, following Marin and Vona (2019). 



 

 

PRODCOM data allows us to compute the shares of green production for 4-digit industries. This 

is important for further understanding which specific industries green production is concentrated 

in. 

 

[Table 3 about here] 

 

Table 3 reports statistics on 4-digit industries with a green production greater than zero in at least 

one year. Table 3 confirms that green production is also highly concentrated at the 4-digit level; 

of the 119 4-digit industries among the 2-digit industries with a green production greater than zero, 

only 21 are green. Moreover, we find that 11 out of these 21 industries have a maximum green 

production of 100%, i.e., for at least one country and year, green production was the entirety of 

the industry’s production. 

 

After ranking industries by their average share of green production, we observe a first group of 

nine extremely green industries, from “bicycle and invalid carriage manufacturing” to “non-

domestic cooling and ventilation equipment manufacturing”. For these industries, the average 

green share is above 25% and is not distant from the median, so the outliers do not drive the results. 

Moreover, there is always at least one industry with a country-year observation with 100% green 

production, and the absolute long-term changes tend to be positive, with the exception of those in 

railway production. Finally, these industries represent 83.4% of total green production. We then 

observe a second group of four industries, including the production of LEDs and PV panels (in 

“electronic components manufacturing”), that represent another 11.7% of the total green 

production. The remaining eight industries account for less than 5% of the total green production 

and always have mean shares of green production below 0.04; thus, they can be considered 

marginally or indirectly green (like metal industries).137 

 

In the remainder of the paper, we study green specialization and comparative advantage, so we 

focus on the 13 industries included in the first two groups, which we call high-green-potential 

industries. These industries appear the most relevant to understanding how green specialization 

has evolved in EU countries over the last two decades. Note also that comparing green and non-

green production within the same industry when the former represents only a very small share of 

the industry’s total production can yield misleading results when computing country-level 

averages that are weighted by industry turnover. In fact, marginally green industries may have high 

total production numbers and be assigned heavy weights that drive the averages at the country 

level.138 However, for the sake of completeness, Appendix D replicates the main analyses of 

Section 4 for the full set of green industries (in particular, see Figures D.1, D.2 and D.3). 

                                                 
137 In Figure C.1 and Figure C.2 in Appendix C we show that high-green-potential products represent a large 

share of total green production across countries and years. Looking at the product level in Table C.1, we also find that 

the top three green products are remarkably similar across countries. 
138 We discuss this in more detail in Appendix D when comparing the concentrations of green and non-green 

production in Figure D.1. 



 

 

10.4 Concentration and Specialization in green production 

 

In this section, we exploit the cross-country variation in our data to study the spatial concentration 

and specialization of high-green-potential industries. We analyse green and non-green production 

within high-green-potential industries so that we can compare green and non-green products that 

share the same industry-level characteristics. 

 

10.4.1 Concentration of green production across countries 

We measure the concentration of green production with the Herfindahl-Hirschman index (HHI), 

which has been widely used in the literature on industrial organization (Daughety, 1990; 

Matsumoto, Merlone and Szidarovszky, 2012). More recently, Perruchas, Consoli and Barbieri 

(2020) applied this index to study the geographical concentration of green technologies. We use 

the HHI index to compare the geographic diffusion of green production with that of non-green 

production within high-green-potential industries. 

The HHI index is the summation of each country’s share in the production of a given sector, and 

it varies between 0 (uniform distribution) and 1 (concentration of production in only one country): 

                                                             𝐻𝐻𝐼𝑗 =  ∑ 𝑠𝑖𝑗
2

𝑁

𝑖=1

,                                                           (1) 

where sij is the share of production in country i in industry j. Because our interest is in comparing 

green and non-green production for each high-green-potential 4-digit industry, we compute a green 

HHI (HHIg) using green production only and a non-green HHI (HHIng) using non-green production 

only. The concentration of production within an industry depends on industries’ characteristics 

such as economies of scale and capital intensity; thus, we need a relative measure that, like an 

exact matching procedure, eliminates industry characteristics correlated with the industry’s 

concentration. To this end, we take the ratio between the HHIg and HHIng: 

                                                       𝐻𝐻𝐼𝑅𝑗,𝑔/𝑛𝑔 =
𝐻𝐻𝐼𝑗,𝑔

𝐻𝐻𝐼𝑗,𝑛𝑔
                                                          (2) 

The relative HHI (𝐻𝐻𝐼𝑅𝑗,𝑔/𝑛𝑔) is above one if the production of green goods has a higher 

concentration than that of non-green products in the same 4-digit industry. Note that within-

industry comparisons are more appropriate than comparisons between industries for understanding 

whether green production is different from non-green production. Indeed, if we were to compare 

the concentration of total green and total non-green production at the country level, the results 

would be driven by the country’s industry composition, as green production is prevalent in a few 

high-tech and capital-intensive industries that are typically more concentrated than non-green 

industries (see Table 2). 

 

[Figure 2 about here] 



 

 

In Figure 2, we plot the ratio of the green and non-green HHIR for the weighted average of high-

green-potential industries, using industry turnover as a weight to give more importance to larger 

industries. The results are presented for all countries available in each year (solid line) as well as 

for balanced panels of countries (dashed and dotted lines). We observe that at the beginning of our 

sample, green production in high-green-potential industries is, on average, 30% more concentrated 

relative to non-green production in the same industries. The relative HHI, however, decreases over 

the two decades covered by our analysis, reaching values near unity in the final years of our 

sample. The decreasing trend in the HHIR also indicates that green production has diffused across 

Europe.139 Our data do not allow us to discern possible explanations for this pattern, although 

product life cycle theories may help explain the higher concentrations in the production of goods 

that are at early development stages (Vernon, 1966; Keppler, 1996). In this vein, it appears that 

green products are at early life cycle stages in the earlier years of our dataset and show higher 

levels of concentration that decrease as they become more mature over time. By comparing the 

two lines of the figure, we see that the entry of Eastern European countries (dashed line) does not 

contribute to explaining this pattern, while the financial crisis of 2008 accelerates the diffusion of 

green production across countries. 

10.4.2 Specialization of green production across countries 

 

We compare the share of green production in high-green-potential industries across countries to 

detect the leaders of the green transition in Europe and the extent to which their advantage is 

persistent. In Figure 3, we group countries based on size and geographic position to look at large 

(panel A), small (panel B) and Eastern European (panel C) countries and to plot the evolution of 

the 3-year moving average of green production shares. As a benchmark, each panel also includes 

the European (weighted by turnover) average of green shares across all available countries in each 

year.140 

 

Green production shares in high-green-potential industries rarely exceed 4%, with the exception 

of Denmark, which peaks at 9.5% in 2015. In terms of country rankings, those with the largest 

shares of green production are Denmark, Germany, the UK, Sweden, Austria and Hungary. 

Because green production is concentrated in high-tech sectors, this finding resonates with the fact 

that specialization in such sectors is highly persistent and path dependent. All leaders are, with the 

exception of Hungary,141 high-income countries that are at the technological frontier and have 

                                                 
139 Obviously, this pattern masks significant levels of heterogeneity across sectors that, for sake of space, we 

discuss in further detail in Figure C.3 and C.4 of Appendix C.  
140 In comparing this with the shares of green production reported in Table 2 and 3, it is important to stress 

that Figure 3 reports country-level shares, while Table 3 reports the shares of green production within each industry. 

It is then not surprising that while we find that the green share of production in the high-green-potential industries 

fluctuates between 8% and 79%, at the country level, green shares are much lower, hovering between 2% and 4%.  
141 It should be noted however that Hungary’s specialisation in driven by the production of parts of gas 

turbines, which is a transition technology. We explore in more detail countries’ specialisation in green production at 

the product level in Appendix C, Table C1. 



 

 

strong capabilities in high-tech industries. This suggests that engineering and technical 

competences, which are core competences for these industries, may be easily reused in green 

production, a hypothesis that we will explore in the next section. 

 

Note that we also find high persistence in the green shares of production, which may be due to the 

fact that we observe a modest increase in the share of green production over the time period 

considered: for the average green share of our full sample, we observe an increase of 0.5 percentage 

points from 2% to 2.5%. The lack of widespread diffusion of green production is also related to 

the emergence of China as a key player in the green economy (Algieri, Aquino and Succurro, 2011; 

Sawhney and Kahn, 2012; Liu and Goldstein, 2013). 

 

It is also interesting that, compared to patent-based measures of green shares across countries and 

with the exception of Denmark, the ranking of other countries is rather different, especially for 

Hungary, which is among the lowest countries in terms of shares of green patents (OECD, 2017). 

Rather than depending upon the presence of green inventors, as proxied by patents, the location of 

green production seems to rely on other sources of comparative advantage, such as labour costs 

and the availability of skilled workers. These issues are clearly beyond the scope of this exploratory 

study and are left for future work. 

 

[Figure 3 about here] 

Green shares of production are informative about the importance that green goods have in 

industrial production but do not measure green specialization, as they do not entail a comparison 

with a benchmark. RCA indexes are the most popular approach for defining whether a country is 

specialized or not in a given production or technology (Balassa, 1965; Cole, Elliott, and 

Shimamoto, 2005; Hidalgo et al., 2007; Petralia, Balland, and Morrison, 2017). The RCA index is 

computed as follows: 

                                                        𝑅𝐶𝐴𝑖𝑗𝑡 =  

𝑦𝑖𝑗𝑡

∑ 𝑦𝑖𝑗𝑡𝑗
⁄

∑ 𝑦𝑖𝑗𝑡𝑖
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⁄

,                                                           (3) 

where 𝑦𝑖𝑗𝑡 is the production of sector j in country i. The index normalizes the production share of 

sector j in country i by dividing it by the production share of sector j across all countries. Note that 

the economically significant threshold in this index is the point of unity, which means that values 

between 0 and 1 represent non-specialization, while RCA values above 1 show specialization. As 

a result of this asymmetry, statistical analyses using Balassa’s RCA measure may give too much 

weight to values above one (Dalum, Laursen and Villumsen, 1998; Cole, Elliott and Shimamoto, 

2005; Yu, Cai and Leung, 2009). To fix this, Laursen (1998) proposes bounding the index between 

-1 and 1, making it a symmetric RCA (SRCA) around 0: 𝑆𝑅𝐶𝐴𝑖𝑗𝑡 =  (𝑅𝐶𝐴𝑖𝑗𝑡 − 1)/(𝑅𝐶𝐴𝑖𝑗𝑡 + 1). 

In what follows, we use the SRCA, though we refer to it as RCA for the sake of convenience. 

 



 

 

We first use this index to assess the correlation between green and brown specializations. 

Estimating such correlation is important to highlight the winners and losers of ambitious European 

environmental policies, such as the green new deal plan. The green RCA is computed by treating 

green production from high-green-potential industries as a unique sector, i.e., 𝑦𝑖𝑗𝑡 is the total green 

production from all high-green-potential industries for each country i. Likewise, the brown RCA 

is computed by treating all of the polluting industries defined in Table 2 as a single sector and by 

considering all of their production brown.  

 

In Figure 4, we plot green and brown RCA for selected years and divide countries into four 

quadrants. We choose 2001 as our earliest year because the PRODCOM data are not available for 

Eastern European countries in previous years. Countries in the top-left quadrant have an RCA in 

green production but not in polluting production. The top-right quadrant shows countries with an 

RCA in both types of production, the bottom-right shows countries with an RCA only in polluting 

production and the bottom-left shows countries with an RCA in neither type of production.  

 

[Figure 4 about here] 

We observe that the number of countries with a green RCA (i.e., those above the horizontal dashed 

line) slowly increases between 2001 and 2010 (with Hungary and then Austria joining Sweden, 

Germany and Denmark) but remains quite stable overall. Specialization in polluting industries 

shows a much smaller dispersion, with most countries clustered around 0 (the vertical dashed line), 

although brown specialization emerges in countries with lower income per capita (such as 

Romania, Bulgaria, Greece) as well as in some traditional industrial economies (such as Italy and 

Belgium). Importantly, the green and brown RCAs are negatively correlated, indicating that they 

often occur in different countries with an estimated slope always beyond -0.45. This evidence, 

together with the fact that the green leaders are mostly rich countries, indicates that the effect of 

EU environmental policies may exacerbate the gap between the core and the periphery of Europe 

in green sectors that will be strategic for future economic development. 

 

In conclusion, green specialization at the country level has, on average, increased over time and is 

negatively correlated with specialization in polluting industries. However, the green vs. brown 

comparison is mostly between-sector, so it is silent on the important issue of the within-sector 

complementarity between green and non-green specialization. To shed more light on this issue, as 

well as on the issue of path dependency in green specialization, in the next section, we perform a 

multivariate regression analysis at the sector-by-country level. This analysis allows us to study the 

relationship between green and non-green RCAs within the same industry, controlling for sector 

and country level characteristics.  

 



 

 

10.5 Path dependency and complementarity of green comparative 
advantage 

 

Our descriptive analysis provides interesting and new insights into the structure and evolution of 

green specialization. On the one hand, the aggregated increase in the share of green production is 

associated with both a reduction in the spatial concentration of green production across countries 

and the consolidation of a few leaders that exhibit a green comparative advantage, suggesting that 

despite its diffusion across Europe, green production is still characterized by a significant path 

dependency. On the other hand, the green leaders are countries that already specialize in high-tech 

sectors producing capital equipment. 

 

Previous research on green innovation seeks to understand the extent to which non-green 

knowledge can be “recombined” and used to develop new green technologies. Zeppini and van 

den Bergh (2011) provide several examples: hybrid cars combine, for example, electric propulsion 

systems with internal combustion engines; similarly, photovoltaic film combines solar cells and 

thin layer technologies. In the model of Zeppini and van den Bergh (2011), recombining non-green 

technologies to generate green innovation is the main channel through which companies can 

escape being locked in to brown technologies and successfully redirect technological change. 

Theoretically, it is not clear whether what matters for green innovation is the use of non-green 

knowledge that is similar to green knowledge or the diversity of the knowledge base that increases 

opportunities for fruitful knowledge recombination (Weitzman, 1998; Olsson and Frey, 2002; 

Caminati, 2006). In empirical research, the results are still scant and mixed due to the difficulties 

in measuring separate proxies of knowledge diversity and similarity for the green economy (e.g., 

Colombelli and Quatraro, 2019; Perruchas et al., 2020).142 

 

We contribute to this literature using production data rather than patent data, thus focusing directly 

on green specialization. Our goal is to investigate some structural properties of green specialization 

in a horse-race regression, comparing the role of three main drivers that have been examined by 

the literature on green innovation using patents: i. path dependency, ii. complementarity with 

proximate capabilities, and iii. diversification of the knowledge base. With this aim in mind, we 

estimate the following equation for high-green-potential sectors over the period 2005-2015:143 

 

                                                 
142 Perruchas, Consoli and Barbieri, (2020) find that countries are more likely to recombine their 

technological capabilities into green ones that are close to their existing technological specialization. Colombelli and 

Quatraro, (2019) argue that because of the recombinant and complex nature of green innovation, the diversification 

of existing capabilities is also important for the development of green technologies. The authors find that the 

diversification of the stock of knowledge is conducive to the creation of green start-ups in Italian provinces. 
143 Most Eastern European countries enter in our dataset in 2001, with the exception of Poland, which is 

included only from 2003 onwards. As a consequence, focusing on the years 2005-2015 allows us to have a balanced 

panel and to compute pre-sample means for all countries.  
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where our dependent variable is (the log of) the RCA indicator for the green production (𝑅𝐶𝐴𝑖𝑗,𝑡
𝑔

) 

of country i in sector j at time t. The RCA index is now built for each sector and differentiates 

green and non-green RCAs (henceforth 𝑅𝐶𝐴𝑖𝑗,𝑡
𝑛𝑔

).144 The median share of green production is 0.27 

in our estimation sample of high-green-potential industries, implying that there is enough variation 

in the data to construct the non-green RCA index 𝑅𝐶𝐴𝑖𝑗,𝑡
𝑛𝑔

. 𝜏𝑖𝑡 and 𝜏𝑗𝑡 are, respectively, country-

year and sector-year dummies that account for unobserved shocks, such as the impact of the great 

recession on different countries and the diffusion of green technologies in specific sectors. 

Country-by-year dummies also absorb the effect of environmental policies in a flexible manner, 

which is beyond the scope of this paper. We take the natural logarithm of all variables of interest 

because it allows us to deal with the skewedness of certain variables included in equation (4) and, 

at the same time, interpret the estimated coefficients as elasticities.145 

 

For the explanatory variables, the main proxy of path dependency in green specialization is the 

pre-sample mean of the green RCA (𝑅𝐶𝐴̅̅ ̅̅ ̅̅
𝑖𝑗,𝑡0
𝑔

) computed for the years 2001-2004. We interact the 

pre-sample mean of green RCA with time dummies to assess how persistent a “head start” over 

time is, which is more coherent with the notion of path dependency than using the lagged 

dependent variable, as in standard dynamic models, would be. The pre-sample mean also captures 

unobserved individual characteristics in a more flexible way than individual fixed effects for 

variables that are highly persistent (Blundell, Griffith and van Reenen, 1995). 

 

The degree of complementarity between green and non-green capabilities is captured by the level 

of non-green RCA within the same four-digit sector and lagged one year (𝑅𝐶𝐴𝑖𝑗,𝑡−1
𝑛𝑔

). Taking the 

level of non-green specialization within the same detailed 4-digit sector represents a natural way 

to measure capabilities that are similar to green ones. A priori, the effect of having a stronger non-

green RCA on green specialization is unclear. It can be positive if the non-green competences can 

be replicated and successfully used to create a green comparative advantage within the same sector. 

It can be negative if there is competition between the green and non-green uses of a similar pool 

                                                 
144 We compute an RCA for each high-green-potential industry based on its green and non-green production. 

                                                 𝑅𝐶𝐴𝑘
𝑖𝑗𝑡 =  

𝑦𝑖𝑗𝑡
𝑘

∑ 𝑦𝑖𝑗𝑡𝑗
⁄

∑ 𝑦𝑖𝑗𝑡
𝑘

𝑖

∑ ∑ 𝑦𝑖𝑗𝑡𝑖𝑗
⁄

,                                               

where 𝑘 = 𝑔 (green) or 𝑛𝑔 (non-green, i.e., 𝑦𝑖𝑗𝑡
𝑛𝑔

 =  𝑦𝑖𝑗𝑡  − 𝑦𝑖𝑗𝑡
𝑔

 ). We refer to these two measures as green 

and non-green RCA, respectively, and make these indexes symmetric around zero, as above.  
145 For the RCA, we take the log(2+RCA) so that an RCA equal to -1 is set equal to 0, while for the other 

variables, we take the log(1+x). While symmetric RCAs are usually transformed in logs, we choose to transform them 

in order to facilitate the interpretation of the coefficients in terms of elasticities.  



 

 

of competences. While determining which effect would prevail is an empirical issue that we will 

explore through equation (4), the unconditional correlation between green 𝑅𝐶𝐴𝑖𝑗,𝑡
𝑔

 and non-green 

𝑅𝐶𝐴𝑖𝑗,𝑡
𝑛𝑔

 is rather high (0.51); thus, we expect stronger non-green capabilities within the same sector 

to be a driver of green comparative advantage. 

 

To capture diversification in a country’s competences within a particular sector, we include the 

number of products with comparative advantage, again differentiating between green and non-

green RCAs. Green (non-green) diversification is measured with the number of green (non-green) 

products with a symmetrical RCA>0, i.e., above the threshold to designate a country as having a 

comparative advantage for that product at time 𝑡 − 1 (#𝑅𝐶𝐴𝑖𝑗,𝑡−1
𝑔

 and #𝑅𝐶𝐴𝑖𝑗,𝑡−1
𝑛𝑔

 for green and 

non-green diversification, respectively). We argue, in line with the well-established literature on 

structural change, that countries that specialize in products based on their productive capabilities 

(Hidalgo et al., 2007; Hidalgo and Hausmann, 2009), and therefore, the number of green goods 

produced with an RCA within each country-industry, will capture the breadth of green productive 

capabilities. 

 

Given the high skewness in the distribution of the number of products with an RCA, we also 

consider a specification where we replace the number of green (non-green) products with an RCA 

with a dummy equal to one if the country produces at least one green (non-green) product with an 

RCA in the previous year. Table E.1 in Appendix E reports summary statistics for the variables 

included in the regressions, which confirm the high skewness of the distribution of the number of 

products with an RCA. 

 

Table 4 presents the estimation of equation (4). Note that we do not weigh the estimates by turnover 

in order to avoid giving excessive importance to larger countries, which have higher turnover in 

all sectors. The estimated coefficients can thus be interpreted as unweighted average associations. 

We add the variables of interest sequentially to assess the contribution of each variable of interest 

and how it interacts with other variables. 

 

[Table 4 about here] 

 

The first finding is a remarkable persistence in the head start in green specialization, although 

adding proxies for complementarity and diversification significantly reduces the importance of the 

initial conditions. The first column shows that in eleven years, the elasticity of initial conditions 

declines from 0.97 to 0.62. This implies that, conditional on country and sector trends, an initial 

green advantage of 10% continues to explain as much as a 6.2% difference in green RCA after 

eleven years. In our favourite specification in column 3, although these associations are almost 

halved, a 10% head start still explains a 3.7% difference in green specialization eleven years later. 

In Table E.2 in Appendix E, we replicate the same analysis for the non-green RCA in the same 

high-green-potential industries. Interestingly, non-green specialization is more path dependent 



 

 

than green specialization: after eleven years, the elasticity of initial conditions is 0.45 versus 0.37 

in our favourite specification (see Table E.2 in the Appendix). This implies that within a group of 

technologically advanced sectors such as the high-green-potential sectors, the comparative 

advantage of green products is slightly more fluid than that of non-green products. 

 

Our second finding is that green and non-green specialization reinforce each other. As expected, 

after we control for path dependency and country and sector trends, the degree of complementarity 

is substantially lower than the unconditional correlation of 0.51. An increase of 10% in the non-

green RCA explains a difference of 0.95% in the green RCA (column 3), which is, however, 

significantly larger than the degree of complementarity between green and non-green RCA 

obtained in Table E.2 (i.e., 0.7%). In the appendix, we show that the complementarity effect holds 

when the dependent variable is not log transformed (Table E.3) and without transforming the RCA 

in a symmetric index (Table E.4). In contrast, the effect is weakened when we weight the 

regression based on the size of the sector (Table E.5) or include marginally green sectors in our 

analysis (Table E.6). Recall, however, that marginally green sectors represent less than 5% of total 

green production. 

 

The third result is that only green-related diversification matters. The role of green diversification 

is sizeable, as testified by the size of the estimated elasticity, e.g., 0.26 (column 3). Importantly, 

this correlation is conditional on the initial level of green specialization; thus, only countries that 

are successful in diversifying green productions are able to keep their initial head start. When we 

look at whether a country sector has at least one product with an RCA, be it green or non-green, 

instead of at its level of diversification, we find that having at least one green product with an RCA 

is positively associated with subsequent green specialization (column 4). This suggests that it is 

important to have a minimum threshold of green capabilities to sustain and reinforce a green 

specialization path. Indeed, this threshold effect is quantitatively more important than green 

diversification per se when we add both to the regression (column 5). 

 

Overall, leading in at least one green product and diversifying green production is important for 

sustaining green specialization, but the former is significantly more important than the latter. While 

these regressions provide interesting insights into the structure and evolution of green comparative 

advantage, we do not examine in detail the causes of such advantages or their interactions with the 

structural characteristics highlighted here. Such work is left to future research. 

 

10.6 Conclusions 

 

This paper presents new stylized data on the structure and evolution of specialization in green 

productions by assembling a new dataset based on the PRODCOM dataset of Eurostat, which 

allows us to examine variation in green production across detailed sectors (4-digit NACE), 

countries (in the EU) and years (1995-2015). We construct a favourite list of green products by 



 

 

comparing and synthetizing several existing lists of green goods proposed during recent 

international negotiations at the WTO. Our main criterion is excluding green goods with double 

usages from our final list, as this is the most challenging issue in the debate on the definition of 

what is green. 

 

By exploiting the richness of our data, we are the first to study the distribution of green production 

across both sectors and countries. Our first finding is that there is virtually no overlap between 

green production and the (direct and indirect) pollution intensity across two-digit NACE industries. 

This result has two important implications. First, in the debate on the definition of what is green, 

the process and output-based approaches capture different aspects of the green economy but are 

not in contradiction with each other and end up identifying similar “green” sectors. Second, in the 

design of environmental policies, the winners and losers will be different, raising the issue of the 

distributional effects of such policies because the sectors receiving green subsidies are different 

from those paying environmental taxes. The analysis of the revealed green and brown comparative 

advantage indicates that, indeed, European countries tend to specialize either in green or brown 

sectors. 

 

The second result is that green production is and remains highly concentrated in a few sectors 

despite an average increase of 25% (from 2% to 2.5%) over the time period considered: out of 119 

4-digit manufacturing sectors, 13 of them represent 95% of European green production and are 

those where green production has been most diffused. This result qualifies the policy implication 

above, as these high-green-potential sectors are high-tech, produce capital goods, are large job 

multipliers and have strong inter-sectoral linkages with the rest of the economy. They are also 

relatively upstream sectors that can enhance the environmental sustainability of other industries 

by making production processes less harmful to the environment. 

 

Third, since green production is likely to require competences and skills similar to those used in 

non-green production in high-green-potential industries, our RCA measure indicates that green 

leaders are countries such as Germany, Denmark, Sweden and Austria where high-tech sectors 

were already strong. However, we also observe that the existence of persistent green leaders 

coexists with the general fact that, on average, green production in the 13 high-green-potential 

industries has become less concentrated over time. In this respect, the fact that our data cover only 

European countries represents a limitation because the concentration of production and catching-

up are affected by other major players in green industries such as China, Japan and the US that we 

do not observe and cannot take into account in our analysis. 

 

Finally, we consolidate these facts in a multivariate regression framework where we seek to 

compare the structural determinants of green specialization. Not surprisingly, we find a remarkable 

path dependency in green specialization that is, however, lower than the path dependency in non-

green specialization in the same high-green-potential industries, indicating that the lock-in in green 



 

 

specialization is less rigid than that in non-green specialization. Second, within similar 4-digit 

industries, green and non-green specializations complement and reinforce each other. The role of 

such complementarities is clearly smaller than that of path dependency but corroborates the 

descriptive analysis pointing to the pre-existing advantage in certain high-tech sectors. Third, 

acting as a leader in at least one green product and diversifying green production are important for 

sustaining green specialization, but the former is significantly more important than the latter. As a 

result, it is better for a country to first specialize in one green good and then move on to creating 

new comparative advantages.    

 

A possible shortcoming of our analysis is that the country coverage is limited to European 

countries. Because the index of comparative advantage is relative in nature and depends on the 

number of countries available in the data, there is limited cross-country variation in our data. While 

an extension of our analysis to trade data is planned, the advantage of studying green specialization 

with limited cross-country variation is that we can be the first to study green production and not 

only green trade in detail. Another limitation of the PRODCOM data is that it only covers the 

production of manufactured goods and thus excludes the service sector. Leaving services out of 

our analysis also means ignoring the largest part of European economies, some of which may have 

a significant positive role in the green economy. Finally, our analysis identifies green products 

based on their potential to benefit the environment, and comparison with pollution intensity 

production is possible only at 2 digits of aggregation. Future research will greatly benefit from 

more disaggregated information on the pollution content of production. 
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Tables and Figures 

 

Table 1: Correlation table among green product lists. 

 CLEG WTO 2009 PEGS PRODCOM APEC Germany 

Core (WTO 

+ 

 CLEG) 

WTO 

Core 

CLEG 

Core 

CLEG 1         

WTO 2009 0.84** 1        

PEGS 0.73** 0.47** 1       

PRODCOM 0.5** 0.31** 0.57** 1      

APEC 0.46** 0.49** 0.41** 0.32** 1     

Germany 0.16** 0.15** 0.14** 0.12** 0.17** 1    

Core (WTO + CLEG) 0.37** 0.37** 0.35** 0.46** 0.44** 0.13** 1   

WTO Core 0.29** 0.25** 0.27** 0.31** 0.16** 0.04** 0.77** 1  

CLEG Core 0.23** 0.28** 0.24** 0.35** 0.51** 0.16** 0.65** 0.03** 1 

Number of goods 820 605 471 225 206 147 123 78 47 

Notes: authors’ own calculation on PRODCOM data. The table reports correlation coefficients of dummy variables indicating the presence of a certain 

product in a given list across different lists. The last row reports the number of PRODCOM product codes within each green product list. For further details 

about the lists of green goods, see Appendix A. *p<0.05 ** p<0.01. 

 

 



 

 

Table 2: Green and polluting production by 2-digit industries. 

NACE Label 
Mean green 

share 2005 

Mean green 

share 2010 

Mean green 

share 2015 

Share of 

total green 

production 

Absolute 

Change 

2005-2015 

Average 

GHG 

intensity 
 

28 Machinery and equipment n.e.c. 
0.088 

(0.086) 

0.101 

(0.102) 

0.115 

(0.115) 
0.31 0.027 0.54 

26 
Computer, electronic and optical 

products 

0.069 

(0.06) 

0.121 

(0.131) 

0.103 

(0.076) 
0.21 0.034 0.3 

27 Electrical equipment 
0.108 

(0.166) 

0.103 

(0.078) 

0.162 

(0.217) 
0.21 0.054 0.3 

30 Other transport equipment 
0.281 

(0.292) 

0.346 

(0.318) 

0.38 

(0.334) 
0.13 0.098 0.61 

33 Repair, installation of machinery  
0.022 

(0.031) 

0.033 

(0.024) 

0.028 

(0.026) 
0.04 0.006 0.74 

29 
Motor vehicles, trailers and semi-

trailers 

0.002 

(0.01) 

0.007 

(0.031) 

0.003 

(0.011) 
0.01 0.001 0.61 

31 Furniture 0 (0) 0 (0) 0 (0) 0 0 0.74 

32 Other manufacturing 0 (0) 0 (0) 0 (0) 0 0 0.74 

16 
Products of wood, cork, straw, 

plaiting 
0 (0) 0 (0) 0 (0) 0 0 0.88 

22 Rubber and plastic products 0 (0) 0 (0) 0 (0) 0 0 0.94 

13 Textiles 0 (0) 0 (0) 0 (0) 0 0 0.97 

14 Wearing apparel 0 (0) 0 (0) 0 (0) 0 0 0.97 

15 Leather and related products 0 (0) 0 (0) 0 (0) 0 0 0.97 

17 Paper and paper products 0 (0) 0 (0) 0 (0) 0 0 1.18 

18 
Printing and reproduction of 

recorded media 
0 (0) 0 (0) 0 (0) 0 0 1.18 

10 Food products 0 (0) 0 (0) 0 (0) 0 0 1.45 

11 Beverages 0 (0) 0 (0) 0 (0) 0 0 1.45 

12 Tobacco products 0 (0) 0 (0) 0 (0) 0 0 1.45 

Polluting industries 

19 Coke and refined petroleum products . 0 (0) 0 (0) 0 . 44.99 

23 Other non-metallic mineral products 
0.029 

(0.029) 

0.033 

(0.022) 

0.033 

(0.026) 
0.05 0.003 7.78 

20 Chemicals and chemical products 0 (0) 0 (0) 0 (0) 0 0 5.11 

21 Basic pharma. products, preparations 0 (0) 0 (0) 0 (0) 0 0 5.11 

25 
Fabricated metal products, exc. 

machinery  

0.018 

(0.018) 

0.019 

(0.016) 

0.017 

(0.014) 
0.04 -0.001 4.23 

24 Basic metals 
0.006 

(0.021) 

0.007 

(0.023) 

0.008 

(0.03) 
0.01 0.002 4.23 

Notes: Authors’ elaboration on PRODCOM data. The definition of green products used here is explained in section 2 and it is the one called PRODCOM in Figure 1. Columns 

3 to 5 report the mean green share of production with the standard deviation in brackets of each industry for the years 2005,2010 and 2015, respectively. Coke and refined 
petroleum products is not included in PRODCOM until 2005, as PRODCOM coverage is not stable over time and doesn’t include fuel related products. Column 6 reports 

the share that green production of each industry represents in total green production. Absolute changes 2005-2015 refer to industries’ average green shares of production. 

Polluting industries are identified as the 5 industries with the highest average GHG intensity computed with WIOD, for further detail see Appendix B. 

 



 

 

Table 3: Distribution of green production shares across green industries at 4 digits NACE 

NACE Label Mean Median Max 
Standard 

deviation 

Change 

1995-

2015 

Change 

2001-

2015 

Share of 

green 

production 

High green potential industries 

3092 
Manufacture of bicycles and invalid 

carriages 
0.79 0.82 1 0.24 0.03 0.02 2.98 

3020 
Manufacture of railway locomotives and 

rolling stock 
0.7 0.8 1 0.28 -0.02 -0.1 9.53 

2530 
Manufacture of steam generators, except 

central heating hot water boilers 
0.55 0.54 1 0.35 0.11 0.2 1.82 

2312 Shaping and processing of flat glass 0.39 0.34 1 0.3 0.02 0.05 4.61 

2712 
Manufacture of electricity distribution 

and control apparatus 
0.39 0.34 1 0.23 0.01 0.04 16.09 

2651 

Manufacture of instruments and 

appliances for measuring, testing and 

navigation 

0.37 0.37 1 0.19 0.01 -0.01 17.46 

2811 
Manufacture of engines and turbines, 

except aircraft, vehicle and cycle engines 
0.29 0.19 1 0.31 0.19 0.1 12.8 

2829 
Manufacture of other general-purpose 

machinery n.e.c. 
0.29 0.24 1 0.22 0.04 0.03 7.4 

2825 
Manufacture of non-domestic cooling 

and ventilation equipment 
0.28 0.28 1 0.18 0.01 0.01 10.67 

2611 
Manufacture of electronic  

components 
0.14 0.01 1 0.27 0.09 0.09 3.67 

2740 
Manufacture of electric lighting 

equipment 
0.13 0.12 0.63 0.1 0.05 0.04 3.32 

2752 
Manufacture of non-electric domestic 

appliances 
0.11 0.03 0.5 0.14 -0.12 -0.1 1.01 

3320 
Installation of industrial machinery and 

equipment 
0.08 0.06 0.67 0.08 0.07 0.08 3.8 

Marginally green industries 

2410 
Manufacture of basic iron and steel and 

of ferro-alloys  
0.04 0 1 0.18 0.02 0.02 0.62 

2751 
Manufacture of electric domestic 

appliances 
0.04 0 0.91 0.11 0.01 0.01 0.46 

2511 
Manufacture of metal structures and parts 

of structures 
0.03 0.03 0.19 0.03 0 0 1.99 

2599 
Manufacture of other fabricated metal 

products n.e.c. 
0.02 0.01 0.29 0.04 0.01 0.01 0.59 

2351 Manufacture of cement 0.01 0 0.34 0.05 0.04 0.02 0.23 

2910 Manufacture of motor vehicles 0.01 0 0.51 0.04 0.01 0.01 0.76 

2711 
Manufacture of electric motors, 

generators and transformers 
0.00047 0 0.04 0 0 0 0.03 

2899 
Manufacture of other special-purpose 

machinery n.e.c. 
0.00239 0 0.1 0.01 0.01 0.01 0.19 

Notes: Authors’ elaboration on PRODCOM data. The definition of green products used here is explained in section 2 and it is the one called PRODCOM in 

Figure 1. Average, median, maximum and standard deviation are computed over all available countries and years (1995-2015), columns 7 and 8 report changes 

in the average green share for 1995-2015 and 2001-2015 respectively. The last column reports for each industry the share it represents in total green production 

across all industries, countries and years.  

 

 



 

 

Table 4: Path-dependency of green RCA and complementarity with non-green RCA. 

 (1) (2) (3) (4) (5) 

            

Pre-sample green RCA (log) * 2005 
0.974*** 0.923*** 0.622*** 0.541*** 0.526*** 

(0.0291) (0.0335) (0.0432) (0.0413) (0.0418) 

Pre-sample green RCA (log) * 2006 
0.916*** 0.864*** 0.591*** 0.522*** 0.509*** 

(0.0415) (0.0450) (0.0507) (0.0494) (0.0495) 

Pre-sample green RCA (log) * 2007 
0.865*** 0.811*** 0.568*** 0.502*** 0.492*** 

(0.0496) (0.0528) (0.0566) (0.0570) (0.0565) 

Pre-sample green RCA (log) * 2008 
0.830*** 0.773*** 0.546*** 0.485*** 0.475*** 

(0.0545) (0.0573) (0.0601) (0.0592) (0.0590) 

Pre-sample green RCA (log) * 2009 
0.810*** 0.754*** 0.499*** 0.443*** 0.428*** 

(0.0578) (0.0606) (0.0625) (0.0583) (0.0584) 

Pre-sample green RCA (log) * 2010 
0.776*** 0.723*** 0.479*** 0.416*** 0.405*** 

(0.0558) (0.0576) (0.0605) (0.0580) (0.0579) 

Pre-sample green RCA (log) * 2011 
0.738*** 0.687*** 0.444*** 0.388*** 0.375*** 

(0.0587) (0.0599) (0.0622) (0.0578) (0.0580) 

Pre-sample green RCA (log) * 2012 
0.707*** 0.656*** 0.457*** 0.425*** 0.412*** 

(0.0611) (0.0620) (0.0580) (0.0505) (0.0510) 

Pre-sample green RCA (log) * 2013 
0.679*** 0.627*** 0.420*** 0.376*** 0.365*** 

(0.0642) (0.0650) (0.0628) (0.0555) (0.0559) 

Pre-sample green RCA (log) * 2014 
0.649*** 0.599*** 0.405*** 0.365*** 0.355*** 

(0.0670) (0.0674) (0.0635) (0.0572) (0.0576) 

Pre-sample green RCA (log) * 2015 
0.625*** 0.573*** 0.367*** 0.332*** 0.319*** 

(0.0725) (0.0725) (0.0677) (0.0609) (0.0614) 

Non-green RCAt-1 (log)  0.155*** 0.0947** 0.107*** 0.0743* 

 (0.0435) (0.0449) (0.0394) (0.0426) 

Number of green products with RCAt-1 (log)   0.260***  0.0794*** 

  (0.0237)  (0.0221) 

Number of non-green products with RCAt-1 (log)   -0.00533  0.0130 

  (0.0154)  (0.0153) 

Dummy for at least one green product with RCAt-1    0.300*** 0.237*** 

   (0.0211) (0.0254) 

Dummy for at least one non green product with RCAt-1    0.0104 0.00978 

   (0.0186) (0.0208) 

Constant 
0.117*** 0.0678*** 0.0805*** 0.0634*** 0.0646*** 

(0.0236) (0.0260) (0.0216) (0.0200) (0.0198) 

      
Observations 3,289 3,289 3,289 3,289 3,289 

R-squared 0.676 0.687 0.767 0.789 0.793 

Notes: Pre-sample mean computed for the years 2001-2004, for Poland only for 2003-2004 due to data constraints. All explanatory 

variables, except the pre-sample mean, are lagged by one year. Estimation time span is 2005-2015. RCA are symmetrical around 

0 and the logarithm is taken of RCA+2. Country-year and sector-year fixed effects are included in all estimates. Standard errors 

are clustered at the country level and reported in parentheses *** p<0.01, ** p<0.05, * p<0.1.   
 
 

 

 

 



 

 

Figure 1: Overlap of PRODCOM product codes among selected lists of green goods. 

 
Notes: Authors’ elaboration on PRODCOM data. The figure depicts the overlap among four existing lists of green goods, the 

numbers represent the number of PRODCOM product code that fall within each category. For further details about the lists of green 

goods see Appendix A. 
  

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 



 

 

Figure 2: Average ratio of green and non-green HHI in high-green potential industries, weighted 

on industries’ turnover. 

Notes: Authors’ elaboration on PRODCOM data. The Figure reports the average of HHIR in high-green potential industries using 

industries’ turnover as weights. We compute HHIR across all available countries in each year in our sample, as well as only for 

countries for which we have a balanced panel from 1995: Austria, Belgium, Denmark, Finland, France, Germany, Greece, Ireland, 

Italy, Portugal, Spain, Sweden, United Kingdom. The horizontal dashed line indicates the unity. 
 

  



 

 

Figure 3: Evolution of green production shares for selected European countries

 
Notes: Panel A, B and C report green production shares over time for large, small and Eastern European countries, respectively. These have been smoothened by taking 3-years 

moving averages. We only use green production from high-green potential industries as identified in Table 3. EUR is the European average of green shares across all available 

countries in each year, weighted on countries’ output. In panel D we compare it with the unweighted average (AVG) which is not affected by countries’ size, especially Germany. 

Because data on Eastern countries is available only from 2001 onwards, and 2003 onwards for Poland, we report both these measures computed for each year for all available 

countries as well as only for countries for which we have a balanced panel since 1995, i.e.: Austria, Belgium, Denmark, Finland, France, Germany, Greece, Ireland, Italy, Portugal, 

Spain, Sweden, United Kingdom, (EUR95 and AVG95).  



 

 

Figure 4: Green and polluting RCA across countries and over time.

 
Notes: Authors’ elaboration on PRODCOM data. We plot countries’ green and polluting RCA. Green RCA are based solely on green production from high-green potential industries, 

as identified in Table 3. Polluting production is total production from polluting industries identified in Table 2. The RCAs are computed following formula 3 are made symmetrical 

around 0 and bounded between -1 and 1, the value of 0 indicates therefore whether a country has successfully specialized in green production. We also report the coefficient of a 

regression of green RCA on polluting RCA for each year. 



 

 

Appendix  

A. Lists of green products. 

In this Appendix, we provide additional information on the lists used to identify our favourite 

PRODCOM list and for the validation analysis of Section 2.4. As we detail in section 2 our 

universe of potential lists is the union of the CLEG list and German list. CLEG is the result of the 

union of three broader lists of the Asia and Pacific Economic Cooperation (APEC) forum, WTO 

Friends’ list and Plurilateral Environmental Goods and Services (PEGS). 

In 2012, the APEC members have committed to reduce tariffs on green goods to 5% at the most, 

in the Vladivostok declaration (APEC, 2012).146 The APEC  list is one of the most commonly used 

list in investigating the role of trade in green products on pollution (Zugravu-Soilita, 2018; Mealy 

and Teytelboym, 2019). Negotiations within the WTO have led to the creation of several lists, of 

which the WTO Friends’ list from 2009 and its more narrow subset WTO core have also received 

considerable attention (Sauvage, 2014; Mealy and Teytelboym, 2019). Finally, the PEGS list has 

been developed by the OECD in preparation for the Toronto G20 summit in 2010 and among the 

three lists included in CLEG is the only one that is not the outcome of international trade 

negotiations, which as we have discussed in section 2 can impact what products are included in 

the final list. 

As we have discussed in the main text, a key challenge with these product lists is that the HS 

classification is not designed to isolate green products and therefore there is the risk that green and 

non-green products may be lumped together under the same product code. In other words, it is 

possible that a given product code may cover both green and non-green products. In order to deal 

with this the OECD has relied on experts’ advice and has examined all products codes included in 

the CLEG list to identify those that are less likely to be affected by this issue. OECD experts have 

provided an estimate of the proportion of trade flows taking place under each product code that 

corresponds to trade of green goods. They have used two thresholds, 2/3 and 1/3 to put forward 

two narrow lists: CLEG Core and CLEG Core Plus, respectively.  

To give an example of how these two lists treat products differently, we can think of  vacuum 

pumps that include both pumps that can be used for environmentally friendly functions, such as 

water management, as well as in other production processes that have no positive impact on the 

environment. In this specific case the OECD experts have estimated that more than 33% but less 

than 66% of all traded vacuum pumps are actually used to fulfil environmental activities. Therefore 

the OECD has included this product in the CLEG Core plus list but not in the CLEG Core. In light 

                                                 
146 APEC members are: Australia, Brunei, Canada, Indonesia, Japan, South Korea, Malaysia, New Zealand, 

Philippines, Singapore, Thailand, the United States, Taiwan, Hong Kong, China, Mexico, Papua New Guinea, Chile, 

Peru, Russia and Vietnam. 



 

 

of this ambiguity, vacuum pumps are not included in our own list, as they do not respect the 

criterium of no multiple usage.   

To recap, we have a set of broad lists (CLEG, WTO2009, APEC, PEGS and German list) and a 

set of narrow lists (CLEG Core, CLEG Core Plus and WTO Core). This multitude of lists reflects 

the lack of agreement on a definition of green products. We present all the lists we have discussed 

here in Table A.1. 

Table A.1 – Green lists 

List Year N. of Products Description Negotiated Organization 

CLEG 2014 820 

The list has been compiled by 

Sauvage (2014) merging WTO 

Friends, PEGS and APEC. 

No OEDC 

WTO Friends 2009 605 

This list has been negotiated by a 

smaller group of high-income 

economies within the WTO 

Yes WTO 

PEGS 2010 471 

The list has been compiled by 

OECD with a focus on renewable 

energies 

No OECD 

APEC 2012 206 

Countries member of APEC have 

negotiated this list agreeing to 

reduce tariffs on the products 

included down to at least 5% 

Yes APEC 

WTO Core 2011 78 

This is more restrictive list that has 

been negotiated within WTO 

during negotiations towards a 

comprehensive free trade 

agreement on environmental goods. 

Yes WTO 

CLEG Core 2014 163 

This is a more restrictive version of 

CLEG compiled by OECD experts 

with the aim of dealing with the 

issue of multiple usage. It only 

includes product codes for which at 

least 1/3 of the associated trade 

flows consists of green products. 

No OECD 

CLEG Core 2014 47 

This is an even more restrictive 

version of CLEG compiled by 

OECD experts with the aim of 

dealing with the issue of multiple 

usage. It only includes product 

codes for which at least 60% of the 

associated trade flows consists of 

green products. 

No OECD 

German list 2009 147 

The list has been compiled by 

Germany’s statistical office in 

accordance with Eurostat’s criteria 

of environmental protection and 

resource management. 

No 

German 

National 

Statistical 

Office 

Notes: Authors’ elaboration on PRODCOM data. For each list we report its name, the year in which it was compiled, 

the number of PRODCOM codes it contains, a brief description of the list, whether it is the outcome of trade 

negotiations and which organization has compiled it. All lists in the table are based on the HS product classification, 

except for Germany’s list that is compiled with PRODCOM product codes. To obtain the number of products for 

each list we have relied on crosswalks between HS and Eurostat’s Combined Nomenclature (CN) and between 

PRODCOM and CN, provided by Eurostat. 



 

 

 

B. More details on polluting industries 

We compute our measure of polluting industry using the 2013 WIOD release, which includes 

information on countries’ and industries’ greenhouse gas (GHG) emissions as well as energy 

intensity. We follow Marin and Vona (2019) and compute GHG (C02, N20 and CH4, aggregated 

according to their global warming potential) intensity as the sum of  direct and indirect GHG 

emissions per unit of value added of each industry, country and year. Direct emissions are those 

associated to the production of each sector, indirect emissions are those embodied in the purchases 

of electricity from the power sector of each industry (which we compute using input-output 

technical coefficients). 

The WIOD classifies industries using the ISIC rev 3.1, for which an official crosswalk only exists 

with NACE rev. 1, given the high level of aggregation (less than two digits NACE rev.2), it is also 

straightforward to match WIOD data with NACE rev. 2 industries, which is based on ISIC rev. 4. 

Because of the high level of aggregation of WIOD we consider that the entire production of brown 

industries is polluting. However, we exploit our fine-grained data at the 4-digit level data to slightly 

refine this coarse classification of brown industries by excluding the processing of nuclear fuel 

from basic metal manufacturing and the production of pharmaceutical products and preparation 

from the chemical sector. The pharmaceutical and chemical sector have the same pollution 

intensity in the WIOD data, because the two sectors are lumped together in the ISIC rev. 3 industry 

classification. However, chemical industries are well-known to be significantly more polluting 

than pharmaceutical ones. The processing of nuclear fuel is contained within basic metals 

manufacturing at 2-digits of the NACE rev. 2 classification, so we identify the corresponding 4-

digit code (2446) in PRODCOM and we exclude it  from our computation of polluting production. 

 

C. More results on green production 

Figure C.1 plots the evolution over time of the share of green production from high-green potential 

industries in total green production. Despite a mildly decreasing trend, high-green potential 

industries account for the majority of green production in our observed time period. On average, 

96% of green production is concentrated in 13 out of 235 4-digit NACE industries.  

 

 

 

 

 

 

 



 

 

Figure C.1: High-green potential industries’ share of total green production over time. 

 
Notes: Authors’ elaboration on PRODCOM data. We report the evolution over time of the share of green production from high-

green potential industries, as identified in Table 3 as a share of total green production based on the list of green products PRODCOM 

discussed in section 2. 
 

In Figure C.2 we plot this same measure for selected countries, finding some heterogeneity. We 

find in particular that high-green potential industries in Denmark and Poland represent an 

increasing share of green production, while there is a decreasing trend for France. There are also 

countries like Germany and Italy that are closer to the European share we observe in Figure C.1. 

Overall green production from high-green potential industries never represents less than 78% of 

the country’s total green production in any of the countries considered here, confirming that high-

green potential industries account for the bulk of green production. 



 

 

Figure C.2: Share of green production from high-green potential industries in total green 

production for selected countries and Europe.

 
Notes: Authors’ elaboration on PRODCOM data. We report for selected countries the evolution over time of the share that green 

production from high-green potential industries, as identified in Table 3 represents of total green production based on the list of 

green products PRODCOM discussed in section 2. 

 

To illustrate which are the most important green products for each country,  Table C.1 presents the 

top three green products and their share in total green production for each country. Remarkably, 

we find that top products are rather similar across countries. They mostly concern integrated 

technologies for renewable energy, appliances to increase energy efficiency, as well as insulating 

material. 

 

Table C.1: Top three green products across countries and shares of green production. 

Country First product Second product Third product 

Share of 

total green 

production 

Austria 

  

Programmable memory 

controllers for a voltage <= 1 kV 

  

Other bases for electric control, 

distribution of electricity, 

voltage <= 1 kV  

Railway material (of steel) 

  
0.00748  

Belgium  
Multiple-walled insulating units 

of glass.  

Other bases for electric control, 

distribution of electricity, 

voltage <= 1 kV  

Bicycles and other cycles 

(including delivery tricycles), 

non-motorised 
0.00438  

Bulgaria 

  

Non-motorized bicycles and 

other cycles with ball bearings 

(including delivery tricycles) 

  

Other bases for electric control, 

distribution of electricity, 

voltage <= 1 kV  

Multiple-walled insulating units 

of glass 
0.00086  



 

 

Croatia  
Parts for steam turbines and 

other vapor turbines  

Photosensitive semiconductor 

devices; solar cells, photodiodes, 

phototransistors, etc 

Other bases for electric control, 

distribution of electricity, 

voltage <= 1 kV  

0.00066  

Denmark  
Programmable memory 

controllers for a voltage <= 1 kV  
Generating sets, wind-powered  

Parts of vapor generating boilers 

and super-heater water boilers  
0.00585  

Estonia  

Other bases for electric control, 

distribution of electricity, 

voltage <= 1 kV 

Multiple-walled insulating units 

of glass 

Parts and accessories for 

automatic regulating or 

controlling instruments and 

apparatus  

7.00e-04  

Finland  

Other bases for electric control, 

distribution of electricity, 

voltage <= 1 kV  

Heat exchange units  

Machinery and apparatus for 

solid-liquid separation/ 

purification excluding for water 

and beverages, centrifuges and 

centrifugal dryers, oil/petrol 

filters for internal combustion 

engines  

0.00681  

France  

Other bases for electric control, 

distribution of electricity, 

voltage <= 1 kV  

Heat exchange units 
Multiple-walled insulating units 

of glass 
0.02843  

Germany  

Other bases for electric control, 

distribution of electricity, 

voltage <= 1 kV  

Programmable memory 

controllers for a voltage <=1 kV  

Photosensitive semiconductor 

devices; solar cells, photodiodes, 

phototransistors, etc  

0.10737  

Greece  

Other bases for electric control, 

distribution of electricity, 

voltage <= 1 kV  

Bicycles and other cycles 

(including delivery tricycles), 

non-motorised  

Vapour generating boilers 

(including hybrid boilers) 

(excluding central heating hot 

water boilers capable of 

producing low pressure steam, 

watertube boilers)   

0.00024  

Hungary  
Parts of gas turbines (excluding 

turbojets and turbo-propellers)  

Photosensitive semiconductor 

devices; solar cells, photodiodes, 

phototransistors, etc.  

Other bases for electric control, 

distribution of electricity, 

voltage <= 1 kV  

0.01091  

Ireland  
Machinery and apparatus for 

filtering or purifying water  

Other bases for electric control, 

distribution of electricity, 

voltage <= 1 kV  

Parts for filtering and purifying 

machinery and apparatus, for 

liquids or gases (excluding for 

centrifuges and centrifugal 

dryers) 

0.00239  

Italy  Heat exchange units 
Gas turbines (excluding turbojets 

and turboprops) 

Machinery and apparatus for 

filtering or purifying air 

(excluding intake filters for 

internal combustion engines)  

0.03125  

Latvia  

Other bases for electric control, 

distribution of electricity, 

voltage <= 1 kV  

Multiple-walled insulating units 

of glass  

Machinery and apparatus for 

filtering or purifying water  
0.00023  

Lithuania  

Non-motorized bicycles and 

other cycles with ball bearings 

(including delivery tricycles)  

Multiple-walled insulating units 

of glass  

Other bases for electric control, 

distribution of electricity, 

voltage > 1 kV  

0.00076  

Poland  
Multiple-walled insulating units 

of glass  

Other bases for electric control, 

distribution of electricity, 

voltage <= 1 kV  

Parts for steam turbines and 

other vapor turbines  
0.00662  

Portugal 
Non-motorized bicycles and 

other cycles with ball bearings 

(including delivery tricycles) 

Other bases for electric control, 

distribution of electricity, 

voltage <= 1 kV 

Multiple-walled insulating units 

of glass 
0.00265  

Romania 
Multiple-walled insulating units 

of glass 

Railway or tramway goods vans 

and wagons, not self-propelled 

Other bases for electric control, 

distribution of electricity, 

voltage > 1 kV 
0.00133  

Slovakia  

Other bases for electric control, 

distribution of electricity, 

voltage <= 1 kV  

Heat exchange units  
Multiple-walled insulating units 

of glass  
0.00085  

Slovenia 
Machinery and apparatus for 

filtering or purifying air 

Multiple-walled insulating units 

of glass 
Heat exchange units 0.00026  



 

 

(excluding intake filters for 

internal combustion engines) 

Spain 
Other bases for electric control, 

distribution of electricity, 

voltage <= 1 kV 

Generating sets (excluding wind-

powered and powered by spark-

ignition internal combustion 

piston engine) 

Photosensitive semiconductor 

devices; solar cells, photodiodes, 

phototransistors, etc. 
0.00981  

Sweden Heat exchange units 
Instruments and apparatus using 

optical radiations, n.e.c. 

Other bases for electric control, 

distribution of electricity, 

voltage <= 1 kV 
0.00935  

United 

Kingdom 

Parts of gas turbines (excluding 

turbojets and turbo-propellers) 

Other bases for electric control, 

distribution of electricity, 

voltage <= 1 kV 

Multiple-walled insulating units 

of glass 
0.02336  

Notes: Authors’ elaboration on PRODCOM data. The table reports for each country the three green products with largest green production 

and the total share of green production that these three products combined represent in countries’ total green production. Products are 

identified here with the synthetic, time-invariant product codes derived from VBBV methodology. 

 

Figure 2 in the main text shows average relative concentration across all high-green potential 

industries, it is however interesting to explore whether there is significant heterogeneity across 

industries. We plot in Figure C.3 the HHI ratio for four selected industries, finding rather 

heterogeneous results. 

In panel A we see that green production in the electronic components manufacturing, which 

includes PV and LEDs, experiences a sustained increase in its relative concentration until 2008 

followed by an equally steep decline. These stark changes in the relative concentration of green 

production reflect the rise and fall of Germany in the production of photovoltaic panels as well as 

the emergence of non-European players such as China  (Algieri, Aquino and Succurro, 2011; 

Sawhney and Kahn, 2012; Liu and Goldstein, 2013). Because our data only covers European 

countries, the shift of production of photovoltaic panels from Germany to China and other non-

EU countries results in a reduction in Germany’s total production of photovoltaic panels and an 

apparent reduction of production concentration within Europe. In order to shed further light on this 

we report in Figure C.4 the evolution of the two HHIs for green and non-green production: the 

trend of the relative HHI we observe in panel A Figure C.3 is essentially driven by a steep increase 

and then decline in the concentration of green production, while the concentration of non-green 

production remains rather stable. 

The instruments and appliances manufacturing for measuring and monitoring in panel B follows a 

rather different pattern. There are two peaks in 1997 and 2001 that are similar to the average HHIR 

in Figure 2, but after a decline in 2005 the concentration of green production increases 

significantly, relative to non-green production. Importantly, the index remains constantly above 

the unity.  

In panel C, locomotives and rolling stock follows yet another pattern, the relative HHI is in fact 

on a clearly downwards path and always well below the unity suggesting that green production in 

this industry is less concentrated than its non-green counterpart.  We should note that this is the 

second sector for average green share of production at 70%, with a median green share of 80% 

(see Table 3). Because non-green production within this industry is so small it is more likely to be 

concentrated in fewer countries than the green production, which in contrast represents the bulk of 

the sector’s production and is thus likely to be distributed across more countries.  These differences 



 

 

in absolute values of production may therefore explain the fact that non-green production is more 

concentrated than green production within this specific industry. 

Finally, the relative HHI in Panel D for non-domestic cooling and ventilation equipment, follows 

a similar pattern to that of the instruments and appliances manufacturing for measuring and 

monitoring. The relative HHI is always above the unity and experiences an increase after 2012, 

suggesting that the green production within this sector, which includes both heat pumps and 

filtering equipment, is conglomerating in few leading countries such as Germany, Italy, the United 

Kingdom and Italy. 

 

Figure C.3:  Ratio of green and non-green HHI over time in selected high-green potential 

industries. 

 

 
 
Notes: authors’ elaboration on PRODCOM data. Panel A reports the average HHIR for electronic components manufacturing, 

Panel B reports the same measure for instruments and appliances for measuring and monitoring, Panel C for railway locomotives 

and Panel D for non-domestic cooling and ventilation equipment. We compute HHI for all countries in our sample as well as only 

for countries for which we have a balanced panel from 1995, i.e.: Austria, Belgium, Denmark, Finland, France, Germany, Greece, 

Ireland, Italy, Portugal, Spain, Sweden, United Kingdom 

 

 

 

 

 

 

 

 

 

 



 

 

Figure C.4: Green and non-green HHI over time for electronic components manufacturing. 

Notes: authors’ elaboration on PRODCOM data. HHI indexes have been computed using all countries available in all years for the 

electronic components manufacturing. The vertical dotted line indicates 2008. 

 
 

D. Robustness checks using all green industries. 

In this section of the Appendix we report robustness checks on our analysis in section 4, using all 

of green industries identified in Table 2 in the main text. Overall, we find very similar results, so 

we only comment on the differences we find providing insights on their possible origin. 

In Figure D.1 we compare the average HHIR from Figure 2 in the main text, which is the weighted 

average across high-green potential industries of the concentration of green production, relative to 

non-green production, with the same measure computed using all green industries from Table 2. 

We find a very similar pattern over time, with a significant difference in levels, however. The 

average HHIR is much higher when we include all green industries, being consistently above the 

unity. This is due to the fact that, by taking the weighted average of all green industries, we are 

also considering industries that have very little green production, which is therefore more likely to 

be highly concentrated and drives the average HHIR upwards. 

This difference is a good example of how the inclusion of green industries with very low shares of 

green production can bias our results, when looking at the concentration of production because 

small production values are, almost by construction, more concentrated and can erroneously lead 

to think that green production has on average much higher concentration relative to non-green 

production than it is the case for high-green production industries. 



 

 

We now turn to how the inclusion of all green industries, rather than only high-green potential, 

changes our results concerning green specialisation across countries and over time. In Figure D.2 

and D.3 we replicate Figure 3 and 4 from the main text, respectively, finding strikingly similar 

results. This doesn’t come as a surprise as high-green potential account for 96% of total green 

production and because neither of these figures are production-weighted averages and therefore 

the inclusion of marginally green industries with little green production volumes leads to negligible 

changes in our results. 
 

Figure D.1:  Ratio of green and non-green HHI over time in high-green potential and all green 

industries, average weighted on production. 

 
Notes: Authors’ elaboration on PRODCOM data. Panel A reports the average HHIR across all high-green industries, weighted on 

industry output, Panel B reports the same measure but including all green industries. We compute HHI for all countries in our 

sample as well as only for countries for which we have a balanced panel from 1995, i.e.: Austria, Belgium, Denmark, Finland, 

France, Germany, Greece, Ireland, Italy, Portugal, Spain, Sweden, United Kingdom



 

 

Figure D.2: Evolution of green production shares for selected European countries for all green industries.

 
Notes: Authors’ elaboration on PRODCOM data.  Panel A, B and C report green production shares over time for large, small and Eastern countries respectively, these have been 

smoothened by taking 3-years moving averages. We only use green production from all green industries from Table 3 in the main text. EUR is the European average of green shares 

across all available countries in each year, weighted on production shares, in panel D we compare it with the unweighted average (AVG) which is not affected by countries’ size, 

especially Germany. Because data on Eastern countries is available only from 2001 onwards, and 2003 onwards for Poland, we report both these measures computed for each year 

for all available countries as well as only for countries for which we have a balanced panel since 1995, i.e.: Austria, Belgium, Denmark, Finland, France, Germany, Greece, Ireland, 

Italy, Portugal, Spain, Sweden, United Kingdom, (EUR95 and AVG95). 

 

 

 

 

 



 

 

Figure D.3: Green and polluting RCA across countries and over time, using green production from all green industries. 

Notes: 

Authors’ elaboration on PRODCOM data. We plot countries’ green and polluting RCA. Green RCA is based on green production of all green industries. Polluting production is total 

production from polluting industries identified in Table 2. The RCAs are computed following equation 3 and are made symmetrical around 0 and bounded between -1 and 1, the 

value of 0 indicates therefore whether a country has, on average, successfully specialized in green production. We also report the coefficient of a regression of green RCA on polluting 

RCA for each year
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E. Robustness checks on regressions of Section 5 

We report in Table E.1 descriptive statistics of the variables we use in our econometric 

analysis of section 5. We report both the level and the log of the number of green and 

non-green products with RCA to show the skewedness in the distribution of these 

variables.  

 

Table E.1: Descriptive statistics 

Variables Min 1st Qu. Median Mean 3rd Qu. Max St. Dev. 

Green RCA (log) 0.00 0.11 0.52 0.45 0.73 1.07 0.32 

Green RCA, pre-sample mean (log) 0.00 0.10 0.46 0.43 0.70 1.05 0.31 

Non-green RCA (log) 0.00 0.19 0.52 0.46 0.71 1.07 0.30 

Number of green products with RCA (log) 0.00 0.00 0.00 0.47 0.69 3.09 0.57 

Number of non-green products with RCA (log) 0.00 0.00 1.10 0.97 1.61 3.53 0.82 

Number of green products with RCA 0.00 0.00 0.00 0.98 1.00 21.00 1.94 

Number of non-green products with RCA 0.00 0.00 2.00 2.78 4.00 33.00 4.00 

Notes: Authors’ elaboration on PRODCOM data. The table reports the distribution of the key variables from equation 4. In 

addition, the last two rows report the number of green and non-green products with RCA not in logs, to show the difference 

in distribution of the variable compared to when we take the logarithm. 

 

We also report in this Appendix a battery of robustness checks that are described in detail 

in section 5. As a reminder, Table E.2 reports the results when looking at path-dependency 

of non-green RCA and its complementarity with green RCA. We also present the results 

without log transforming the dependent variable (Table E.3), without making the RCA 

index symmetrical around 0 (Table E.4). Finally, Tables E.5 and E.6 present the results 

weighting the regression based on the size of the sector and including both high-green 

potential and marginally green sectors, respectively.  

 

 

Table E.2: Path-dependency of non-green RCA and complementarity with green RCA. 

 (1) (2) (3) (4) (5) 

            

Pre-sample green RCA (log) * 2005 
0.976*** 0.928*** 0.686*** 0.638*** 0.584*** 

(0.0307) (0.0371) (0.0414) (0.0427) (0.0427) 

Pre-sample green RCA (log) * 2006 
0.936*** 0.887*** 0.654*** 0.634*** 0.577*** 

(0.0399) (0.0442) (0.0457) (0.0436) (0.0441) 

Pre-sample green RCA (log) * 2007 
0.868*** 0.823*** 0.594*** 0.578*** 0.521*** 

(0.0469) (0.0509) (0.0547) (0.0520) (0.0531) 

Pre-sample green RCA (log) * 2008 
0.829*** 0.785*** 0.567*** 0.549*** 0.494*** 

(0.0530) (0.0563) (0.0622) (0.0577) (0.0598) 

Pre-sample green RCA (log) * 2009 
0.792*** 0.751*** 0.552*** 0.536*** 0.486*** 

(0.0581) (0.0616) (0.0635) (0.0543) (0.0550) 

Pre-sample green RCA (log) * 2010 
0.754*** 0.712*** 0.508*** 0.494*** 0.442*** 

(0.0612) (0.0643) (0.0666) (0.0567) (0.0573) 

Pre-sample green RCA (log) * 2011 0.700*** 0.657*** 0.461*** 0.458*** 0.405*** 
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(0.0674) (0.0709) (0.0691) (0.0602) (0.0601) 

Pre-sample green RCA (log) * 2012 
0.677*** 0.636*** 0.439*** 0.424*** 0.372*** 

(0.0686) (0.0714) (0.0692) (0.0578) (0.0580) 

Pre-sample green RCA (log) * 2013 
0.673*** 0.634*** 0.450*** 0.430*** 0.384*** 

(0.0699) (0.0724) (0.0673) (0.0579) (0.0570) 

Pre-sample green RCA (log) * 2014 
0.675*** 0.637*** 0.451*** 0.447*** 0.400*** 

(0.0691) (0.0707) (0.0651) (0.0581) (0.0563) 

Pre-sample green RCA (log) * 2015 
0.665*** 0.628*** 0.448*** 0.430*** 0.388*** 

(0.0701) (0.0716) (0.0647) (0.0607) (0.0578) 

Green RCAt-1 (log)  0.0986*** 0.0692* 0.0841** 0.0581 

 (0.0370) (0.0366) (0.0370) (0.0357) 

Number of green products with RCAt-1 (log)   -0.00937  0.0488** 

  (0.0192)  (0.0229) 

Number of non-green products with RCAt-1 (log)   0.166***  0.0758*** 

  (0.0146)  (0.0135) 

Dummy for at least one green product with RCAt-1    -0.0168 -0.0493** 

   (0.0173) (0.0229) 

Dummy for at least one non green product with RCAt-1    0.279*** 0.218*** 

   (0.0211) (0.0235) 

Constant 
0.115*** 0.0892*** 0.0389* 0.0109 0.00778 

(0.0234) (0.0238) (0.0208) (0.0181) (0.0182) 

      
Observations 3,289 3,289 3,289 3,289 3,289 

R-squared 0.723 0.729 0.788 0.806 0.818 

Notes: Pre-sample mean computed for the years 2001-2004, for Poland only 2003-2004 due to data constraints. All explanatory 

variables, except the pre-sample mean, are lagged by one year. Estimation time span is 2005-2015. RCA are symmetrical around 

0 and the logarithm is taken of RCA+2. Country-year and sector-year fixed effects are included in all estimates. This table 

replicates the same model as in Table 4, but the outcome variable is now non-green RCA and our main variable of interest is the 

lag of the green RCA. Standard errors are clustered at the country level and reported in parentheses *** p<0.01, ** p<0.05, * 

p<0.1.   
 

Table E.3: Path-dependency of green RCA and complementarity with non-green RCA,  

not in log. 

 (1) (2) (3) (4) (5) 

            

Pre-sample green RCA * 2005 
0.992*** 0.939*** 0.622*** 0.553*** 0.534*** 

(0.0288) (0.0333) (0.0440) (0.0417) (0.0424) 

Pre-sample green RCA * 2006 
0.940*** 0.884*** 0.598*** 0.538*** 0.521*** 

(0.0390) (0.0429) (0.0494) (0.0485) (0.0485) 

Pre-sample green RCA * 2007 
0.891*** 0.832*** 0.578*** 0.517*** 0.504*** 

(0.0482) (0.0517) (0.0550) (0.0560) (0.0552) 

Pre-sample green RCA * 2008 
0.852*** 0.790*** 0.550*** 0.495*** 0.482*** 

(0.0537) (0.0567) (0.0591) (0.0588) (0.0582) 

Pre-sample green RCA * 2009 
0.821*** 0.760*** 0.492*** 0.444*** 0.425*** 

(0.0582) (0.0608) (0.0620) (0.0584) (0.0582) 

Pre-sample green RCA * 2010 
0.782*** 0.725*** 0.473*** 0.418*** 0.404*** 

(0.0567) (0.0582) (0.0602) (0.0576) (0.0574) 

Pre-sample green RCA * 2011 
0.745*** 0.690*** 0.436*** 0.388*** 0.372*** 

(0.0592) (0.0599) (0.0616) (0.0572) (0.0573) 

Pre-sample green RCA * 2012 0.716*** 0.661*** 0.450*** 0.424*** 0.406*** 
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(0.0611) (0.0615) (0.0580) (0.0508) (0.0515) 

Pre-sample green RCA * 2013 
0.689*** 0.634*** 0.418*** 0.380*** 0.366*** 

(0.0646) (0.0650) (0.0628) (0.0556) (0.0562) 

Pre-sample green RCA * 2014 
0.666*** 0.612*** 0.408*** 0.372*** 0.359*** 

(0.0671) (0.0671) (0.0633) (0.0570) (0.0574) 

Pre-sample green RCA * 2015 
0.648*** 0.592*** 0.376*** 0.347*** 0.331*** 

(0.0714) (0.0714) (0.0666) (0.0603) (0.0608) 

Non-green RCAt-1 
 0.161*** 0.105** 0.131*** 0.0962** 

 (0.0436) (0.0444) (0.0392) (0.0428) 

Number of green products with RCAt-1 (log)   0.441***  0.158*** 

  (0.0400)  (0.0414) 

Number of non-green products with RCAt-1 (log)   -0.0142  0.0170 

  (0.0256)  (0.0267) 

Dummy for at least one green product with RCAt-1    0.493*** 0.370*** 

   (0.0348) (0.0435) 

Dummy for at least one non green product with RCAt-1    -0.00260 3.91e-05 

   (0.0301) (0.0339) 

Constant 
-0.0391 -0.00584 -0.313*** -0.365*** -0.416*** 

(0.0252) (0.0257) (0.0492) (0.0406) (0.0468) 

      
Observations 3,289 3,289 3,289 3,289 3,289 

R-squared 0.659 0.671 0.760 0.779 0.784 

Notes: Pre-sample mean computed for the years 2001-2004, for Poland only 2003-2004 due to data constraints. All explanatory 

variables, except the pre-sample mean, are lagged by one year. Estimation time span is 2005-2015. Only the number of green and 

non-green products with RCA are in logs in this specification. RCA are symmetrical around 0 and the logarithm is taken of 

RCA+2. Country-year and sector-year fixed effects are included in all estimates. All green industries are included. Standard errors 

are clustered at the country level and reported in parentheses *** p<0.01, ** p<0.05, * p<0.1.   
 

Table E.4: Path-dependency of green RCA and complementarity with non-green RCA, 

using asymmetric RCAs. 

 (1) (2) (3) (4) (5) 

            

Pre-sample green RCA (log) * 2005 
1.010*** 0.971*** 0.746*** 0.702*** 0.688*** 

(0.0356) (0.0396) (0.0575) (0.0565) (0.0592) 

Pre-sample green RCA (log) * 2006 
0.978*** 0.936*** 0.731*** 0.690*** 0.678*** 

(0.0418) (0.0470) (0.0641) (0.0639) (0.0659) 

Pre-sample green RCA (log) * 2007 
0.921*** 0.876*** 0.694*** 0.649*** 0.641*** 

(0.0551) (0.0603) (0.0732) (0.0734) (0.0742) 

Pre-sample green RCA (log) * 2008 
0.861*** 0.814*** 0.643*** 0.606*** 0.596*** 

(0.0657) (0.0701) (0.0815) (0.0805) (0.0817) 

Pre-sample green RCA (log) * 2009 
0.800*** 0.754*** 0.562*** 0.530*** 0.516*** 

(0.0766) (0.0800) (0.0880) (0.0849) (0.0863) 

Pre-sample green RCA (log) * 2010 
0.762*** 0.719*** 0.544*** 0.506*** 0.497*** 

(0.0777) (0.0797) (0.0890) (0.0861) (0.0877) 

Pre-sample green RCA (log) * 2011 
0.750*** 0.708*** 0.528*** 0.493*** 0.482*** 

(0.0805) (0.0821) (0.0908) (0.0865) (0.0883) 

Pre-sample green RCA (log) * 2012 
0.738*** 0.695*** 0.543*** 0.523*** 0.510*** 

(0.0791) (0.0810) (0.0877) (0.0828) (0.0847) 

Pre-sample green RCA (log) * 2013 
0.731*** 0.688*** 0.536*** 0.508*** 0.498*** 

(0.0813) (0.0838) (0.0903) (0.0852) (0.0870) 
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Pre-sample green RCA (log) * 2014 
0.728*** 0.685*** 0.537*** 0.507*** 0.499*** 

(0.0817) (0.0841) (0.0896) (0.0853) (0.0868) 

Pre-sample green RCA (log) * 2015 
0.729*** 0.685*** 0.526*** 0.507*** 0.495*** 

(0.0848) (0.0872) (0.0897) (0.0865) (0.0877) 

Non-green RCAt-1 (log)  0.136*** 0.0855* 0.107** 0.0836* 

 (0.0483) (0.0476) (0.0471) (0.0483) 

Number of green products with RCAt-1 (log)   0.361***  0.147** 

  (0.0466)  (0.0569) 

Number of non-green products with RCAt-1 (log)   -0.00943  0.0133 

  (0.0259)  (0.0305) 

Dummy for at least one green product with RCAt-1    0.391*** 0.273*** 

   (0.0392) (0.0491) 

Dummy for at least one non green product with RCAt-1    0.00104 -0.00239 

   (0.0330) (0.0370) 

Constant 
0.115*** 0.0697** 0.0167 -0.00768 -0.0139 

(0.0288) (0.0302) (0.0283) (0.0293) (0.0297) 

      
Observations 3,289 3,289 3,289 3,289 3,289 

R-squared 0.649 0.659 0.727 0.737 0.742 

Notes: Pre-sample mean computed for the years 2001-2004, for Poland only 2003-2004 due to data constraints. All explanatory 

variables, except the pre-sample mean, are lagged by one year. Estimation time span is 2005-2015. Country-year and sector-year 

fixed effects are included in all estimates. Standard errors are clustered at the country level and reported in parentheses*** 

p<0.01, ** p<0.05, * p<0.1.   
 

Table E.5 reports our results, weighting for industries’ size, measured as industry total 

production in 2004. We find that the results on path-dependency are robust, while in 

contrast the complementarity effect vanishes when we control for the number of green 

and non-green products with RCA (column 3). Similarly, our results lose significance 

when we consider all green industries in our analysis in Table E.6. Our preferred 

specification (column 3) shows complementarity between non-green RCA and green 

RCA only at 10% significance, and when we simultaneously control for our 

diversification measures and the threshold of having at least one (green or non-green) 

product with RCA (column 6), we find no significant complementarity effect. However, 

one should bear in mind that marginally green industries only represent a very small share 

of total green production, which means that our main specification discussed in the main 

text concerns the vast majority of green production. 

 

Table E.5: Path-dependency of green RCA and complementarity with non-green RCA, 

weighting for the size of the sector. 

 (1) (2) (3) (4) (5) 

            

Pre-sample green RCA (log) * 2005 
0.939*** 0.886*** 0.622*** 0.545*** 0.522*** 

(0.0404) (0.0466) (0.0533) (0.0461) (0.0480) 

Pre-sample green RCA (log) * 2006 
0.890*** 0.834*** 0.587*** 0.523*** 0.502*** 

(0.0440) (0.0490) (0.0561) (0.0491) (0.0509) 

Pre-sample green RCA (log) * 2007 
0.836*** 0.777*** 0.557*** 0.492*** 0.476*** 

(0.0474) (0.0519) (0.0579) (0.0548) (0.0548) 

Pre-sample green RCA (log) * 2008 
0.773*** 0.712*** 0.504*** 0.445*** 0.427*** 

(0.0545) (0.0577) (0.0648) (0.0605) (0.0617) 
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Pre-sample green RCA (log) * 2009 
0.734*** 0.674*** 0.469*** 0.418*** 0.399*** 

(0.0607) (0.0633) (0.0651) (0.0585) (0.0587) 

Pre-sample green RCA (log) * 2010 
0.686*** 0.628*** 0.424*** 0.375*** 0.359*** 

(0.0627) (0.0636) (0.0689) (0.0639) (0.0641) 

Pre-sample green RCA (log) * 2011 
0.655*** 0.600*** 0.403*** 0.363*** 0.347*** 

(0.0627) (0.0630) (0.0686) (0.0619) (0.0626) 

Pre-sample green RCA (log) * 2012 
0.603*** 0.550*** 0.388*** 0.379*** 0.363*** 

(0.0679) (0.0679) (0.0658) (0.0526) (0.0543) 

Pre-sample green RCA (log) * 2013 
0.579*** 0.526*** 0.350*** 0.328*** 0.313*** 

(0.0721) (0.0720) (0.0735) (0.0632) (0.0637) 

Pre-sample green RCA (log) * 2014 
0.541*** 0.492*** 0.330*** 0.316*** 0.302*** 

(0.0758) (0.0752) (0.0752) (0.0647) (0.0665) 

Pre-sample green RCA (log) * 2015 
0.528*** 0.474*** 0.307*** 0.298*** 0.284*** 

(0.0791) (0.0789) (0.0774) (0.0686) (0.0697) 

Non-green RCAt-1 (log)  0.174*** 0.0724 0.123** 0.0602 

 (0.0486) (0.0531) (0.0481) (0.0519) 

Number of green products with RCAt-1 (log)   0.217***  0.0622*** 

  (0.0241)  (0.0233) 

Number of non green products with RCAt-1 (log)   0.0122  0.0291* 

  (0.0169)  (0.0168) 

Dummy for at least one green product with RCAt-1    0.274*** 0.227*** 

   (0.0194) (0.0246) 

Dummy for at least one non green product with RCAt-1    0.0170 0.00794 

   (0.0215) (0.0226) 

Constant 
0.141*** 0.0833*** 0.0922*** 0.0664*** 0.0678*** 

(0.0243) (0.0256) (0.0246) (0.0238) (0.0235) 

      
Observations 3,289 3,289 3,289 3,289 3,289 

R-squared 0.693 0.704 0.772 0.799 0.804 

Notes: Pre-sample mean computed for the years 2001-2004, for Poland only 2003-2004 due to data constraints. All explanatory 

variables, except the pre-sample mean, are lagged by one year. Estimation time span is 2005-2015. RCA are symmetrical around 

0 and the logarithm is taken of RCA+2. Estimates are weighted on industry size, using industry total production in 2004. Country-

year and sector-year fixed effects are included in all estimates. All green industries are included. Standard errors are clustered at 

the country level and reported in parentheses *** p<0.01, ** p<0.05, * p<0.1.   
 

Table E.6: Path-dependency of green RCA and complementarity with non-green RCA, 

for all green industries. 

 (1) (2) (3) (4) (5) 

            

Pre-sample green RCA (log) * 2005 
0.964*** 0.943*** 0.672*** 0.588*** 0.583*** 

(0.0274) (0.0286) (0.0406) (0.0412) (0.0417) 

Pre-sample green RCA (log) * 2006 
0.923*** 0.901*** 0.648*** 0.567*** 0.562*** 

(0.0336) (0.0346) (0.0435) (0.0437) (0.0440) 

Pre-sample green RCA (log) * 2007 
0.813*** 0.791*** 0.567*** 0.494*** 0.491*** 

(0.0503) (0.0507) (0.0555) (0.0556) (0.0557) 

Pre-sample green RCA (log) * 2008 
0.771*** 0.747*** 0.538*** 0.470*** 0.466*** 

(0.0530) (0.0534) (0.0567) (0.0556) (0.0558) 

Pre-sample green RCA (log) * 2009 
0.726*** 0.704*** 0.485*** 0.428*** 0.422*** 

(0.0532) (0.0531) (0.0564) (0.0535) (0.0542) 

Pre-sample green RCA (log) * 2010 0.695*** 0.674*** 0.465*** 0.404*** 0.399*** 
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(0.0529) (0.0524) (0.0551) (0.0531) (0.0535) 

Pre-sample green RCA (log) * 2011 
0.648*** 0.628*** 0.431*** 0.384*** 0.379*** 

(0.0542) (0.0536) (0.0545) (0.0517) (0.0522) 

Pre-sample green RCA (log) * 2012 
0.620*** 0.600*** 0.420*** 0.381*** 0.375*** 

(0.0553) (0.0547) (0.0539) (0.0506) (0.0512) 

Pre-sample green RCA (log) * 2013 
0.587*** 0.567*** 0.384*** 0.345*** 0.339*** 

(0.0562) (0.0557) (0.0550) (0.0508) (0.0514) 

Pre-sample green RCA (log) * 2014 
0.563*** 0.540*** 0.367*** 0.327*** 0.322*** 

(0.0583) (0.0578) (0.0539) (0.0487) (0.0490) 

Pre-sample green RCA (log) * 2015 
0.553*** 0.529*** 0.350*** 0.310*** 0.304*** 

(0.0607) (0.0601) (0.0547) (0.0490) (0.0494) 

Non-green RCAt-1 (log)  0.125*** 0.0628* 0.0434 0.0390 

 (0.0330) (0.0349) (0.0322) (0.0340) 

Number of green products with RCAt-1 (log)   0.294***  0.0590** 

  (0.0252)  (0.0241) 

Number of non green products with RCAt-1 (log)   -0.0151  -0.00798 

  (0.0143)  (0.0150) 

Dummy for at least one green product with RCAt-1    0.329*** 0.283*** 

   (0.0216) (0.0272) 

Dummy for at least one non green product with RCAt-1    0.0222 0.0308 

   (0.0170) (0.0204) 

Constant 
0.119*** 0.0662*** 0.0883*** 0.0649*** 0.0682*** 

(0.0176) (0.0212) (0.0183) (0.0159) (0.0161) 

      
Observations 5,001 4,999 4,999 4,999 4,999 

R-squared 0.667 0.674 0.751 0.778 0.779 

Notes: Pre-sample mean computed for the years 2001-2004, for Poland only 2003-2004 due to data constraints. All explanatory 

variables, except the pre-sample mean, are lagged by one year. Estimation time span is 2005-2015. RCA are symmetrical around 

0 and the logarithm is taken of RCA+2. We include in this estimation all green industries. Country-year and sector-year fixed 

effects are included in all estimates. All green industries are included. Standard errors are clustered at the country level and 

reported in parentheses*** p<0.01, ** p<0.05, * p<0.1. 

 

 

 

 

 


