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Abstract

Carbon Pricing and Fuel Switching by Firms: Theory and Evidence
What determines the effectiveness of carbon pricing in reducing CO2 emissions? Prior research points to the importance

of firm-level technology adjustments but provides limited evidence on the specific technologies involved. We develop and
estimate a model of heterogeneous firms' fuel choices to quantify the importance of fuel switching. The model explains
three empirical findings from Swedish microdata: (1) fuel choices vary both across and within industries, (2) fuel switching
accounts for a large share of the decline in manufacturing emissions between 2004 and 2020, and (3) higher carbon taxes
have led firms to switch away from fossil fuels toward electricity and biofuels. Counterfactual analysis suggests that carbon
pricing is effective in reducing manufacturing emissions, with fuel switching explaining roughly half of this effect. Market
share reallocation toward cleaner firms further reduces emissions but increases the adverse impact on output. The cost of
carbon pricing varies considerably across industries, due to differences in the firms' abilities to replace fossil fuels with
efficient alternatives.

Imports and the CO2 Emissions of Firms
We explore how importing of intermediate goods affects the carbon intensity of firms in the Swedish manufacturing

sector. By exploiting exogenous shocks to foreign export supply of intermediate goods, we estimate that a 10 percent
increase in imports causes a 5.6 percent reduction in carbon intensity. Average carbon intensity among the firms in our
sample between 2004 and 2016 decreased by around 50 percent, and our results suggest that import growth accounted
for about a third of this decline. Exploring the mechanisms, we find evidence for both a technique effect and a product
composition effect. Importing has a positive impact on productivity, scale of production, and abatement investments. It
also encourages firms to focus more on their core products. We find no evidence for a pollution haven effect.

Carbon Taxes and Offshoring
This paper explores how manufacturing firms' offshoring decisions respond to changes in the domestic price of carbon.

Empirical studies find limited effects of carbon pricing policies on firms' offshoring levels, contrary to expectations. To
explain this, I build and estimate a structural model of firms' offshoring behavior that decomposes the total offshoring
response into different margins of adjustment. A higher carbon price increases offshoring through substitution toward
foreign varieties and reduces offshoring through a negative scale effect. I quantify these margins using Swedish data and
find that the negative scale effect slightly dominates for the average firm. The aggregate impact on manufacturing imports
and production depends on whether carbon pricing is combined with border adjustments. Without border adjustments,
the share of imports embedded in domestic production increases considerably. With border adjustments, this increase
is reversed, but the negative impact on output is amplified. This result highlights a key policy tradeoff: while border
adjustments protect against offshoring, they can also harm domestic production by increasing the cost of foreign inputs.
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Abstracts

Carbon Pricing and Fuel Switching by Firms: Theory and Evidence
(with Maija Kaartinen)

What determines the effectiveness of carbon pricing in reducing CO2 emis-
sions? Prior research points to the importance of firm-level technology adjust-
ments but provides limited evidence on the specific technologies involved. We
develop and estimate a model of heterogeneous firms’ fuel choices to quantify
the importance of fuel switching. The model explains three empirical findings
from Swedish microdata: (1) fuel choices vary both across and within indus-
tries, (2) fuel switching accounts for a large share of the decline in manufac-
turing emissions between 2004 and 2020, and (3) higher carbon taxes have led
firms to switch away from fossil fuels toward electricity and biofuels. Coun-
terfactual analysis suggests that carbon pricing is effective in reducing manu-
facturing emissions, with fuel switching explaining roughly half of this effect.
Market share reallocation toward cleaner firms further reduces emissions but
increases the adverse impact on output. The cost of carbon pricing varies con-
siderably across industries, due to differences in the firms’ abilities to replace
fossil fuels with efficient alternatives.

Imports and the CO2 Emissions of Firms
(with Anders Akerman and Rikard Forslid)

We explore how importing of intermediate goods affects the carbon intensity
of firms in the Swedish manufacturing sector. By exploiting exogenous shocks
to foreign export supply of intermediate goods, we estimate that a 10 percent
increase in imports causes a 5.6 percent reduction in carbon intensity. Aver-
age carbon intensity among the firms in our sample between 2004 and 2016
decreased by around 50 percent, and our results suggest that import growth
accounted for about a third of this decline. Exploring the mechanisms, we find
evidence for both a technique effect and a product composition effect. Import-
ing has a positive impact on productivity, scale of production, and abatement
investments. It also encourages firms to focus more on their core products. We
find no evidence for a pollution haven effect.

Carbon Taxes and Offshoring

This paper explores how manufacturing firms’ offshoring decisions respond to
changes in the domestic price of carbon. Empirical studies find limited effects
of carbon pricing policies on firms’ offshoring levels, contrary to expectations.



To explain this, I build and estimate a structural model of firms’ offshoring
behavior that decomposes the total offshoring response into different margins
of adjustment. A higher carbon price increases offshoring through substitu-
tion toward foreign varieties and reduces offshoring through a negative scale
effect. I quantify these margins using Swedish data and find that the negative
scale effect slightly dominates for the average firm. The aggregate impact on
manufacturing imports and production depends on whether carbon pricing is
combined with border adjustments. Without border adjustments, the share of
imports embedded in domestic production increases considerably. With bor-
der adjustments, this increase is reversed, but the negative impact on output
is amplified. This result highlights a key policy tradeoff: while border adjust-
ments protect against offshoring, they can also harm domestic production by
increasing the cost of foreign inputs.
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Introduction

Limiting global warming is becoming increasingly urgent. The adverse im-

pacts of climate change on human well-being and planetary health are already

severe and will continue to intensify unless greenhouse gas emissions decline

rapidly (IPCC, 2023). An important sector to decarbonize is the industrial

sector, which accounts for a quarter of global energy-related CO2 emissions

(IEA, 2022). However, reducing emissions in this sector presents significant

challenges. For many industrial processes, low-carbon technologies are not

yet economically viable. Moreover, intense global competition in manufac-

tured goods can discourage the adoption of cleaner but costlier production pro-

cesses. Finally, industrial assets have long lifetimes, which can create inertia in

transitioning away from old and dirty technologies (IEA, 2022). A key policy

question is how to overcome these challenges to accelerate the green transition

in the industrial sector.

In this thesis, I examine how climate policy and international trade in-

fluence the green transition in the Swedish manufacturing sector. Sweden is

an almost ideal empirical setting. First, the Swedish manufacturing sector is

well-diversified and trades heavily with the rest of the world. Second, the

Swedish carbon tax has increased substantially over the past two decades, of-

fering a natural experiment in climate policy. Third, high-quality register data

are available on firm-level trade flows, production, and energy use. Together,

these factors create a unique opportunity to study how firms across a range of

industries respond to more stringent climate policies and international trade

shocks.

The thesis consists of three self-contained essays. Chapter one investi-

gates the role of firms’ fuel choices for the effectiveness of carbon pricing in

reducing aggregate CO2 emissions. Chapter two explores how improved ac-

1



2 INTRODUCTION

cess to foreign intermediate inputs affects the environmental performance of

firms. Chapter three analyzes how firms’ decisions to offshore production to

other countries are affected by more stringent climate policies. Below follows

a brief overview of each chapter.

The first chapter, Carbon Pricing and Fuel Switching by Firms: The-
ory and Evidence, is co-authored with Maija Kaartinen and provides new

evidence on the effectiveness of carbon pricing in the manufacturing sector.

How effective carbon pricing is in reducing emissions depends on two key re-

sponses: 1. firm-level adjustments of the production process, and 2. market

share reallocation toward cleaner and more productive firms. In the absence

of both of these responses, carbon pricing will be costly and reduce emissions

via lower production volumes (Copeland, Shapiro, & Taylor, 2022). Previous

research offers limited evidence on the size of these two responses and what

determines them.

In this chapter, we investigate the importance of firms’ fuel choices and,

in particular, the importance of firm-level adjustments via fuel switching and

market share reallocation via heterogeneity in fuel choices across firms. Fuel

choices are directly linked to firms’ CO2 emissions but have been challenging

to study for two reasons: a lack of comprehensive data on firm-level fuel use

and a lack of structural frameworks explicitly capturing these fuel decisions.

We overcome both of these challenges. We leverage Swedish register data on

firm-level fuel use in the entire manufacturing sector between 2004 and 2020,

and we develop and estimate a structural model of heterogeneous firms’ fuel

decisions at both the extensive margin (i.e., what fuels to use) and the intensive

margin (i.e., how much of each fuel to use).

The chapter makes three key contributions. We first show in a novel sta-

tistical decomposition that both firm-level fuel switching and reallocation of

production towards firms relying on cleaner fuels have been important drivers

behind observed emission reductions in Sweden. We then show in a reduced-

form analysis, exploiting firm-level variation in the exposure to the Swedish

carbon tax, that firms respond strongly to higher carbon prices by switching

away from fossil fuels toward electricity and biofuels. Finally, we use our

model to quantify the general equilibrium effects of carbon pricing on aggre-

gate emissions and output. Consistent with the reduced-form analysis, we find

that fuel switching explains roughly half of the aggregate effects of carbon
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pricing on emissions. The rest is explained by a combination of reallocation of

production towards cleaner firms and a decline in aggregate energy use in the

manufacturing sector.

A key result in our analysis is that the efficacy of carbon pricing, defined

as the capacity to lower emissions while limiting the negative impact on pro-

duction, varies substantially across industries. In some industries, such as the

paper and pulp industry, carbon pricing effectively reduces emissions without

much cost to production. In others, such as the basic metals industry, emis-

sion reductions are significantly more costly. We explore the sources of this

heterogeneity and find that it is due to two factors in particular: differences

in the elasticity of substitution between fuels, and differences in the relative

efficiency of using non-fossil fuels in production.

The second chapter, Imports and the CO2 Emissions of Firms, is co-

authored with Anders Akerman and Rikard Forslid and sheds new light on

how participating in international trade affects the environmental performance

of manufacturing firms. While previous research focuses on the effects of ex-

porting, and shows that exporting tends to make firms cleaner (Forslid, Okubo,

& Ulltveit-Moe, 2018), much less is known about the impact of increased ac-

cess to foreign intermediate inputs via imports.

In this chapter, we estimate the causal effect of importing intermediate in-

puts on the CO2 emission intensity of firms. The literature highlights three

potential channels through which better access to foreign inputs could reduce

the firms’ emission intensity. First, it can increase the productivity of firms

(Halpern, Koren, & Szeidl, 2015), which reduces the energy required to pro-

duce a given amount of output. Second, it can increase the firms’ scale of

production, which strengthens their incentives to invest in abatement technol-

ogy (Forslid, Okubo, & Ulltveit-Moe, 2018). Third, it can induce firms to

offshore dirty stages of production, which reduces the emission intensity of

domestic production (Cherniwchan, Copeland, & Taylor, 2017). While the

first and second channels are beneficial from an environmental perspective, the

third channel is likely to increase global emissions if production is offshored

to countries with lax environmental regulations.

To identify a causal effect of importing on the firms’ emission intensity, we

construct a shift-share instrument that exploits exogenous shocks to the world

export supply of intermediate inputs (Hummels, Jørgensen, Munch, & Xiang,
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2014). Our results suggest that importing substantially reduces the firms’ emis-

sion intensity. In particular, we find that a 10% increase in imports reduces the

firms’ emission intensity by 5.6% on average. Moreover, the average emis-

sion intensity has declined by 50% over the sample period 2004-2016, and our

estimates suggest that about one-third of this decline is explained by import

growth. To make sure that our estimated effect is causal, and not confounded

by other factors, we perform a series of robustness checks that support our

identification strategy.

Investigating the channels behind this effect is critical to understanding

whether the decline in emission intensity reflects a genuine environmental im-

provement or merely carbon leakage to other countries. We find that importing

significantly increases the firms’ productivity and investments in abatement

technologies. We also find that importing causes firms to concentrate produc-

tion in their core products, which, according to previous research (Barrows &

Ollivier, 2018), are typically associated with lower emission intensities. Im-

portantly, we do not find evidence that this effect is driven by offshoring of

dirty production to countries with weaker environmental regulations. These

findings suggest that domestic emission reductions resulting from increased

access to foreign inputs are not offset by carbon leakage.

The third chapter, Carbon Taxes and Offshoring, provides new insights

into the effects of unilateral carbon pricing policies on manufacturing firms’

offshoring decisions. A central policy question is whether unilateral carbon

prices lead to carbon leakage through relocation of production to other coun-

tries. Previous research on this question is inconclusive. While trade models

often predict that more stringent environmental regulation gives rise to relo-

cation of production – commonly referred to as the pollution haven effect –

empirical studies of existing carbon pricing policies find limited effects on

firm-level trade flows or foreign direct investment (FDI) (Copeland, Shapiro,

& Taylor, 2022; Verde, 2020).

In this chapter, I develop a structural model of manufacturing firms’ off-

shoring decisions to quantify how these decisions respond to higher carbon

prices. Firms can offshore both in-house production and production by domes-

tic suppliers. According to the model, the firms’ total offshoring response is

ambiguous and depends on the relative size of different margins of adjustment:

an extensive margin governing the number of offshored inputs, an intensive
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margin governing the share spent on foreign production, and a scale margin

governing the total demand for inputs. I estimate the model using Swedish

firm-level data on production and trade, as well as variation in the Swedish

carbon tax between 2004 and 2020. In a counterfactual analysis, I then exam-

ine how the firms’ offshoring decisions respond to higher carbon prices, and

how these responses aggregate up to the sector level. I also evaluate how the

effects are altered by carbon border adjustment mechanisms (CBAMs), aimed

at reducing the risk of carbon leakage.

My results suggest that the average firm in my sample responds to higher

carbon prices by offshoring a larger share of its production to foreign pro-

ducers. However, the level of offshored production still declines slightly in

equilibrium. This outcome is driven by two counteracting effects. First, higher

carbon prices have a significant effect on the relative cost advantage of im-

ported inputs over domestic inputs, which gives rise to substitution toward for-

eign production along the intensive margin. Second, higher carbon prices also

have a negative effect on the firms’ optimal scale of production, which reduces

the overall demand for inputs. In equilibrium, the negative scale effect quan-

titatively dominates the positive substitution effect for the average firm. This

finding helps explain why empirical studies often detect only limited effects

of carbon pricing policies on firms’ import levels (Colmer, Martin, Muûls, &

Wagner, 2024).

At the aggregate level, higher carbon prices have a negative impact on both

imports and revenue in the manufacturing sector. However, the decline in rev-

enue is much larger, implying that the share of imports embedded in domestic

production increases as a result of carbon pricing. This shift in production is

consistent with positive levels of carbon leakage. Combining carbon pricing

with a CBAM effectively reduces the risk of such leakage. In this case, the

share of imports embedded in domestic production does not rise as sharply,

and may even decline depending on the stringency of the CBAM. However,

this policy is not without cost. If the increase in the Swedish carbon price be-

tween 2004 and 2020 had been accompanied by a national border adjustment,

the negative impact on domestic revenue would have been about twice as large.

These findings highlight a key tradeoff for policymakers: while border adjust-

ments mitigate the risk of carbon leakage, they also harm domestic production

by increasing the cost of foreign inputs.
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8 CHAPTER 1. CARBON PRICING AND FUEL SWITCHING BY FIRMS

1.1 Introduction

The manufacturing sector accounts for a quarter of global energy-related CO2

emissions. Reducing the use of fossil fuels in this sector is therefore critical to

limit global warming (IEA, 2023). While carbon pricing is widely considered

the most cost-effective policy to do this, its effects on emissions and output

depend on two key responses: (1) firm-level adjustments of the production

process and (2) market share reallocation toward cleaner and more productive

firms. In the absence of these responses, carbon pricing will reduce emissions

primarily via lower production volumes (Copeland, Shapiro, & Taylor, 2022).

Prior research offers limited quantitative evidence on how firm-level adjust-

ments and market share reallocation matter for the aggregate effects of car-

bon pricing. A potentially important factor shaping both of these responses is

firms’ fuel choices, which are directly linked to their CO2 emissions. Studying

these choices has been challenging for two reasons: a lack of comprehensive

data on firm-level fuel use and a lack of structural frameworks that explicitly

capture these choices.

In this paper, we examine the importance of firms’ fuel choices for the ag-

gregate effects of carbon pricing in the manufacturing sector. We overcome

previous challenges by leveraging Swedish register data on firm-level fuel use

and by developing and estimating a structural model of heterogeneous firms’

fuel choices. The Swedish data cover the entire manufacturing sector from

2004 to 2020 and provide detailed information on the types of fuels used in

production. The model captures fuel choices at both the extensive margin (i.e.,

which fuels to use) and the intensive margin (i.e., how much of each fuel to

use), and how these decisions are influenced by industry, firm, and fuel char-

acteristics. The aggregate effects of carbon pricing depend on firm-level ad-

justments via fuel switching and reallocation of production via heterogeneity

in firms’ fuel choices.

The paper presents three complementary analyses. We first perform a de-

composition analysis to show that firm-level fuel switching explains a large

part of the aggregate decline in fossil CO2 emissions in the Swedish manufac-

turing sector. We then conduct a reduced-form analysis, exploiting firm-level

variation in the exposure to the Swedish carbon tax, to show that firms have

switched away from fossil fuels in response to higher carbon prices. Finally,
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we use our model to analyze how an increase in the carbon tax affects aggre-

gate emissions and output. The analysis shows that fuel switching explains

about half of the aggregate effect on emissions and that the negative impact on

output is amplified by market share reallocation away from the most produc-

tive firms. We also find large heterogeneity in the effects across industries, and

that this heterogeneity is primarily driven by differences in the firms’ abilities

to substitute fossil fuels with efficient alternatives.

The first contribution of the paper is to demonstrate the importance of fuel

choices for the evolution of manufacturing emissions in Sweden. We derive

a new statistical decomposition that decomposes changes in aggregate emis-

sions into three margins of adjustment: (1) changes in aggregate energy use,

(2) reallocation of energy use across firms, and (3) within-firm fuel switching.

Emissions from fossil fuels have declined by 38% in the Swedish manufactur-

ing sector between 2004 and 2020, and each margin explains about one-third

of this decline. However, the relative importance of these margins varies across

industries. In the basic metals industry, emissions have declined by 25% and

this decline is almost entirely explained by lower aggregate energy use. In the

paper and pulp industry, emissions have declined by 75% and this decline is

primarily due to within-firm fuel switching. The large heterogeneity across

industries suggests that firms’ abilities to switch away from fossil fuels depend

on industry-specific characteristics.

The second contribution of the paper is to provide empirical evidence that

firms’ fuel choices respond to higher carbon prices. We estimate the effect of

carbon prices by exploiting shocks in the Swedish carbon tax. Sweden has one

of the highest carbon taxes in the world and it has increased by more than 500%

between 2004 and 2020. We use two complementary approaches to identify

the effect of the carbon tax. The first approach is to construct a shift-share

instrument that captures differences in the firms’ exposure to the carbon tax

based on fuel use in a pre-sample year. Intuitively, firms that use large shares

of fossil fuels are more exposed to changes in the carbon tax than firms that

use large shares of biofuels or electricity. The second approach is a matched

difference-in-differences design in which firms covered by the EU ETS act as

a control group. We use this second approach to identify the effect of a sharp

increase in the Swedish carbon tax in 2015.

The two approaches yield consistent results and suggest that firms respond
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to higher carbon taxes by substituting away from fossil fuels toward electric-

ity and biofuels. We find significant effects at both the intensive and extensive

margins of the firms’ fuel decisions. Firms respond by using relatively less fos-

sil fuels in their fuel mix and part of this effect is explained by firms dropping

fossil fuels completely. The effects are sizeable and imply that increases in

the Swedish carbon tax account for 75% of the average reduction in the firms’

fossil fuel reliance over the sample period. However, to fully understand the

effects of carbon pricing on aggregate emissions, we also need to account for

changes in the allocation and scale of production across firms.

The third contribution of the paper is to develop a structural model that

quantifies how fuel choices matter for the aggregate effects of carbon pricing.

We use modeling tools from the quantitative trade literature, and in particular

Antras, Fort, and Tintelnot (2017), to embed heterogeneous firms’ fuel deci-

sions in a quantifiable general equilibrium framework. Our model comprises

a set of manufacturing industries and an energy sector producing various fu-

els. For simplicity, we consider a closed economy and abstract away from

long-run technical change. Nevertheless, the model captures the effects of car-

bon pricing on all three margins highlighted by the statistical decomposition:

changes in aggregate energy use, reallocation of energy use across firms, and

within-firm fuel switching. Our model also accounts for key patterns of fuel

consumption in the data: heterogeneity in fuel use across industries, hetero-

geneity in fuel use across the firm size distribution, and heterogeneity in the

relative importance of fuels within firms.

The firms in our model require energy for each of their production stages

and make two key decisions. The first decision is to choose the optimal set of

fuels to use in production by investing in fuel-specific technology. The second

decision is to choose which fuel in this set to use for each production stage.

The value of investing in a specific fuel depends on the fuel’s production po-

tential, which is a function of its price and technological state, as well as how

it is combined with other fuels. Fuels with higher production potentials are

more likely to be the lowest-cost alternative in each production stage and are

therefore used to a larger extent once the firms have invested in them. More

productive firms can spread the investment costs over larger production vol-

umes and therefore tend to use more fuels in production. We allow the fuels’

technological states to be industry-specific to account for differences in fuel
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use across industries.

The model shows that carbon pricing affects the firms’ fuel decisions at

both the extensive and intensive margins by lowering the production potentials

of fossil fuels. A higher carbon price reduces the share of production stages

in which fossil fuels are the lowest-cost alternative, leading firms to shift away

from fossil fuels at the intensive margin. As the value of fossil fuels in the pro-

duction process decreases, the profitability of incurring the fixed costs of these

fuels also declines. Thus, firms may find it optimal to drop them entirely from

their fuel set. Four parameters in particular govern the strength of these effects:

the elasticity of substitution between fuels, the price elasticity of demand, the

fuel-specific investment costs, and the technological state of each fuel.

We use our firm-level data to estimate the parameters of the model. The

estimation proceeds in four steps. In the first step, we estimate each fuel’s

production potential with log-linear regressions. The results show that the pro-

duction potentials, and therefore the technological states of each fuel, vary sig-

nificantly across industries. In the second and third steps, we estimate the elas-

ticity of substitution between fuels and the price elasticity of demand using mi-

crofounded equations. These estimates also exhibit considerable heterogeneity

across industries. In the last step, we solve the firms’ combinatorial discrete

choice problem using the approach of Arkolakis, Eckert, and Shi (2023), and

estimate the fuel-specific investment costs by the simulated method of mo-

ments. Arkolakis et al. (2023)’s approach reduces the computational burden

of solving the firms’ problem and enables us to analyze the choice between all

possible fuel sets. Previous studies on fuel substitution either assume that the

firms’ fuel sets are fixed or considerably limit the number of fuels to choose

from (Hyland & Haller, 2018; Leclair, 2024).

The estimated model performs well at reproducing the pattern of fuel con-

sumption in the data. The baseline equilibrium describes fuel consumption in

2004 and is estimated conditional on the Swedish carbon tax in that year. In

the counterfactual analysis, we simulate ten incremental increases in the car-

bon tax, such that the total increase matches the actual change in the Swedish

carbon tax between 2004 and 2020. This corresponds to a rise in the carbon tax

by more than 500%. All parameters, including the fuels’ technological states

and the firms’ core productivity levels, are kept fixed at their baseline values.

Thus, the counterfactual experiment captures the equilibrium effects of car-
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bon pricing in an environment in which the technology is stable and does not

consider the effects on long-run growth and innovation (Acemoglu, Aghion,

Bursztyn, & Hemous, 2012; Golosov, Hassler, Krusell, & Tsyvinski, 2014).

The increase in the carbon tax to the 2020 level reduces fossil CO2 emis-

sions in the manufacturing sector by 55%. Of this reduction, 30% is due to a

decrease in aggregate energy use, 20% results from energy reallocation toward

initially cleaner firms, and 50% is explained by firms switching away from

fossil fuels. The fuel switching and reallocation responses cause a surge in

the aggregate demand for electricity and biofuels. Aggregate output decreases

by 16%, and this effect is reinforced by market share reallocation away from

more productive firms. In the baseline equilibrium, more productive firms tend

to rely more on fossil fuels in their production and are therefore disproportion-

ately affected by the carbon tax increase. This reallocation effect highlights

a trade-off between economic and environmental efficiency in implementing

carbon pricing policies.

We also find that the effects on emissions and output vary substantially

across industries. The key factors driving this heterogeneity are the elasticity

of substitution between fuels and the relative efficiency of renewable energy

sources in production. In industries where firms can easily substitute between

fuels and efficient alternatives to fossil fuels are available, carbon pricing ef-

fectively reduces emissions at a relatively low cost to production. However, in

industries where fuel substitution is difficult or renewable energy sources are

less efficient, the effectiveness of carbon pricing is significantly lower. These

hard-to-abate industries include the cement industry and the basic metals in-

dustry.

We check the validity of the counterfactual predictions in two ways. We

first compare the predicted average fuel switching response with our reduced-

form estimates. The estimated response in the reduced-form analysis is slightly

lower than, but not statistically different from, our model prediction. We also

compare the predicted patterns of emission reductions across industries with

the actual patterns in our decomposition analysis. In the basic metals industry,

the predicted decline in fossil CO2 emissions is primarily driven by a reduction

in aggregate energy use. In the paper and pulp industry, the predicted decline is

largely driven by fuel switching. These patterns are strikingly similar to what

we observe in the data between 2004 and 2020. The fact that the model re-
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produces these patterns speaks to the empirical relevance of the counterfactual

predictions.

The findings in this paper offer important insights for policy. We show

that some industries are more adversely affected by carbon pricing due to dif-

ficulties in replacing fossil fuels in production. Targeting these industries with

complementary policies, such as subsidies to R&D and carbon border adjust-

ment mechanisms, could be important to mitigate output losses and reduce the

risk of carbon leakage. Second, we show that carbon pricing leads to a surge

in the aggregate demand for electricity and biofuels. Public investments in the

infrastructure of renewable energy production might therefore be critical to fa-

cilitate the full potential of carbon pricing. Without such investments, capacity

constraints in renewable energy production could dampen the fuel-switching

response.

Our decomposition analysis contributes to a literature using statistical de-

compositions to understand changes in aggregate emissions (Copeland, Shapiro,

& Taylor, 2022; Grossman & Krueger, 1991; Levinson, 2009; Shapiro &

Walker, 2018). These studies find that the key driver behind observed emission

reductions is within-industry changes in emission intensity. We derive a new

decomposition that identifies the importance of firms’ fuel choices and show

that these have been an important factor for the decline in emissions in the

Swedish manufacturing sector.

Our reduced-form analysis of the Swedish carbon tax contributes to a

growing literature evaluating the effects of environmental policies on firm-

level CO2 emissions (Colmer, Martin, Muûls, & Wagner, 2024; Dechezleprêtre,

Nachtigall, & Venmans, 2023; Martinsson, Sajtos, Strömberg, & Thomann,

2024), economic performance (Colmer, Martin, Muûls, & Wagner, 2024; Deche-

zleprêtre, Nachtigall, & Venmans, 2023), abatement investments (Colmer, Mar-

tin, Muûls, & Wagner, 2024), and carbon leakage (Colmer, Martin, Muûls, &

Wagner, 2024; Dechezleprêtre, Gennaioli, Martin, Muûls, & Stoerk, 2022).

Most of these studies focus on the first two trading phases of the EU ETS dur-

ing which the carbon price was relatively low. Colmer, Martin, Muûls, and

Wagner (2024) investigate fuel-mix responses to the EU ETS and find no sig-

nificant effects. In our setting, the carbon price shocks are substantially larger,

and we find that firms respond to these shocks by adjusting their fuel mix.

Our structural analysis contributes to an empirical literature on interfuel
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substitution. Much of this literature applies cost function estimation techniques

developed in Fuss (1977) and Pindyck (1979) to estimate fuel elasticities of

substitution using both aggregate data (Serletis, Timilsina, & Vasetsky, 2010a,

2010b; Steinbuks, 2012) and firm-level data (Bardazzi, Oropallo, & Pazienza,

2015; Bousquet & Ivaldi, 1998; Bousquet & Ladoux, 2006; Hyland & Haller,

2018; Woodland, 1993). More recent papers in this literature estimate elas-

ticities of substitution between clean and dirty fuels based on CES production

functions (Jo, 2024; Papageorgiou, Saam, & Schulte, 2017). We contribute to

this literature by providing quantitative evidence on the aggregate implications

of fuel substitution for carbon pricing. Our model also highlights the various

mechanisms through which firms’ fuel choices affect aggregate emissions.

Our structural analysis also contributes to a literature using heterogeneous

firm models to assess the impacts of environmental policies on emissions.

Shapiro and Walker (2018) develop a model to analyze the effects of inter-

national trade, productivity growth, and environmental regulation on US emis-

sions. Fowlie, Reguant, and Ryan (2016) develop a model to analyze the ef-

fects of carbon pricing in the US cement industry. However, neither Shapiro

and Walker (2018) nor Fowlie, Reguant, and Ryan (2016) allow environmen-

tal policy to affect emissions via changes in the firms’ fuel mix. Instead, firms

adjust to regulation by either increasing abatement efforts more generally or

by investing in more energy-efficient technology. We develop a model that ex-

plicitly captures changes in the firms’ fuel mix at both the extensive and the

intensive margin. Firms can abate emissions by using cleaner fuels in their

production and energy efficiency is an outcome of these fuel choices. Simi-

lar adjustments are found in contemporaneous work by Leclair (2024), who

analyzes the effects of carbon pricing in the Indian steel industry. In contrast

to this paper, we provide evidence of the general equilibrium effects of car-

bon pricing and the heterogeneous responses across industries for the entire

manufacturing sector.

The paper proceeds as follows. Section 1.2 describes the data and docu-

ments stylized facts about fuel consumption in Swedish manufacturing. Sec-

tion 1.3 presents the statistical decomposition of aggregate emissions and the

reduced form analysis of the Swedish carbon tax. Section 1.4 introduces the

model and Section 1.5 describes how we estimate the parameters of the model.

Section 1.6 presents the counterfactual analysis. Section 1.7 concludes.
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1.2 Data

1.2.1 Data sources and sample

We use microdata on energy use and business statistics provided by Statistics

Sweden. Our main data source is Statistics Sweden’s annual survey Energy use

in manufacturing industry (ISEN) between 2004 and 2020. The data set cov-

ers plants with 10 or more employees in the manufacturing sector in Sweden.1

The data set covers all energy used by these plants and reports energy use by

fuel type. There are 19 fuels including electricity and these fuels can be either

purchased or self-produced.2 We compute the plants’ CO2 emissions by com-

bining this data with CO2 emission factors from the Swedish Environmental

Protection Agency.3 We then match our plant-level data with firm-level oper-

ating data from Statistics Sweden’s Structural Business Statistics (FEK). This

data set is based on financial statements collected by the Swedish Tax Author-

ity and provides data on sales, investments, capital, the number of employees,

wages, and material inputs.

We also use data on fuel prices and carbon prices in the Swedish manufac-

turing sector. Fuel prices are calculated using aggregate data from Statistics

Sweden on the quantity and purchase value of fuels in the Swedish manufac-

turing sector. CO2 tax rates and rules for exemptions are provided by Martins-

son et al. (2024).4 Between 2004 and 2015, firms with CO2 tax bills relative

to sales above a specific cutoff paid 75% less in tax on emissions above this

cutoff. We identify the firms that were granted exemptions by aggregating our

plant-level emissions data to the firm level. In 2005, the EU Emissions Trading

System (EU ETS) was introduced. Our measure of the carbon price in the EU

ETS is the average annual spot price of EU Allowances (EUAs) obtained from

1Industries 10-33 in the NACE Rev. 2. classification.
2Automatic and manual checks are made by Statistics Sweden to ensure high quality of

survey responses. Automatic checks involve comparisons with the previous year’s responses
and cross-checking with other sources of energy statistics. The response rate is around 80-90%
for the years 2004-2020.

3Calculating CO2 emissions based on fuel use is accurate in the absence of end-of-pipe
abatement technology such as Carbon Capture and Storage (CCS).

4Martinsson et al. (2024) provide CO2 tax rates per kg CO2 between 1990 and 2017. For
the years 2018-2020, we use CO2 tax rates for liquefied petroleum gas (LPG) per tonne LPG
from the Swedish Tax Authority and convert them into tax rates per kg CO2. The CO2 tax rate
per kg CO2 is uniform across fuels so these calculations yield tax rates for all taxed fuels.
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Table 1.1: Ranking of energy sources by firm-year observations, energy and CO2
emissions

Rank by Percent of total

Type Firm-years Energy CO2 Firm-years Energy CO2

e Electricity 1 1 18 100 34.85 0
f Diesel 2 13 11 43.77 0.82 0.91
f Light fuel oil 3 12 10 23.36 1.06 1.21
f Gasoline 4 14 14 20.69 0.07 0.07
f Liquefied petroleum gas 5 7 7 9.23 3.20 3.21
b Wood fuel 6 3 2 8.05 10.66 17.25
f Natural gas 7 8 8 5.43 2.75 2.41
f Heavy fuel oils 8 6 6 4.19 3.66 4.30
b Black liquor 9 2 1 0.40 27.42 44.38
b Tall oil 10 9 9 0.27 1.55 1.82
f Coke 11 4 3 0.24 7.71 12.71
f Coal 12 5 4 0.18 3.76 5.39
b Bio gas 13 15 15 0.14 0.05 0.07
f Coal gas 14 17 16 0.13 0.01 0.01
f Peat 15 16 13 0.05 0.05 0.08
f Coke oven gas 16 10 12 0.05 1.24 0.86
f Kerosene 17 18 17 0.03 0.00 0.00
f Blast furnace gas 18 11 5 0.03 1.16 5.33

Total 90,666 8.38 543.30

Notes: The sample contains 90,666 firm-year observations over the years 2004-2020. Total energy is in
million tera joules (TJ). Total CO2 emissions are in million tonnes. We divide the energy sources into three
types: electricity (e), fossil fuels (f), and biofuels (b).

the European Environment Agency. We identify the firms that are covered by

the EU ETS using Statistics Sweden’s Firm register and individual databases

(FRIDA).

We also use data on innovations related to CO2 mitigation in the manufac-

turing sector to construct a proxy for green technology trends. We collect this

data from the US Patent Office (USPTO) which documents all patents secured

in the US. The data set contains information on patent names, patent codes, and

grant dates for patents granted by the USPTO since 1976, as well as citations

made to each patent in other patent applications and by citation examiners and

third parties. We focus on patents that fall under at least one of the follow-

ing subcategories: Climate change mitigation technologies in the production

process for final industrial or consumer products (Y02P70), Climate change

mitigation technologies for sector-wide applications (Y02P80), and Enabling

technologies with a potential contribution to greenhouse gas emissions mitiga-
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tion (Y02P90).5

Our base sample contains 90,666 firm-year observations including 12,484

unique firms and 13,118 unique plants over the years 2004-2020. The sample

is confined to firms in the manufacturing sector for which we have data on fuel

use. We drop energy from waste which accounts for 0.07% of total energy use

since we do not have data on prices for this fuel. We also limit the sample to

firms that report positive sales and positive electricity use.6 Table 1.1 provides

information on the use of each fuel in our base sample. The table ranks the

fuels based on the number of firms that use them, the amount of energy they

provide, and the amount of CO2 emissions they emit. The use of electricity

does not generate CO2 emissions although production of it may. If a firm

uses other fuels to generate electricity, then the associated CO2 emissions are

attributed to those other fuels and not electricity. Fuels that are used by a large

number of firms are not necessarily the fuels that provide the most energy,

suggesting that large and energy-intensive firms use different fuels than the

majority of firms.

1.2.2 Three stylized facts about fuel consumption

We document three stylized facts to better understand what characterizes fuel

consumption in the Swedish manufacturing sector.

Fact 1. Patterns of fuel consumption differ substantially across manufacturing

industries.

Figure 1.1 plots the energy shares of fossil fuels, biofuels, and electricity

in each 2-digit industry in our sample of manufacturing firms. While most in-

dustries primarily consume energy from electricity, some industries rely more

on fossil fuels or biofuels in their production. This fact partly explains why

some fuels in Table 1.1 rank high in terms of energy but low in terms of the

number of firms that use them. For example, the second highest-ranked fuel

in terms of energy, black liquor, accounts for a large share of energy in the

5In addition to these general categories, we also use patents related to CO2 mitiga-
tion within the following industry-specific codes Y02P10, Y02P20, Y02P30, Y02P40 and
Y02P70/62 for firms active in the basic metals, chemical, coke and refined petroleum, non-
metallic mineral products, and textile industries, respectively.

6Missing data on electricity use may arise if electricity is included in the firms’ rent. The
share of observations with missing data on electricity is 2.5%.
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Figure 1.1: Fuel shares by industry

Notes: The sample contains 90,666 firm-year observations over the years 2004-2020. The fuel shares are
calculated as the total use of fossil fuels, biofuels, and electricity over the total use of energy by 2-digit
NACE industries 10-33.

most energy-intensive industry, paper and pulp, but is not used much in other

industries. A similar argument goes for coke and coal and the basic metals in-

dustry. Fact 1 suggests that the suitability of using different fuels varies across

industries.

Fact 2. Larger firms use more fuels and are more likely to add new fuels to

their fuel-mix.

Figure 1.2 shows that the size of firms tends to increase in the number of

fuels. The figure plots the point estimates and the confidence intervals from

a regression of log sales on dummy variables indicating the firms’ number of

fuels. The regression includes 2-digit industry fixed effects to capture within-

industry variation in the number of fuels. Firms that use two fuels are on

average about 23% larger than firms that only use electricity, firms that use

5 fuels are on average 2 log points larger, and firms that use 10 fuels are on

average more than 5 log points larger. Conditional on the number of fuels in

the firms’ fuel set, Table A1 in Appendix 1.A shows that larger firms are also

more likely to add fuels to their fuel set and less likely to drop fuels from their
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Figure 1.2: Firm size and number of fuels

Notes: The sample contains 90,666 firm-year observations over the years 2004-2020. The figure plots
estimates and 95% confidence intervals from a regression of log sales on dummies indicating the number
of fuels used by firms. The omitted category is firms that only use electricity. The regression includes 2-
digit industry fixed effects and year fixed effects. Sales are deflated by the producer price index in Swedish
manufacturing. Standard errors are clustered by firms.

fuel set compared to smaller firms.

Fact 2 is indicative of fixed costs being associated with the use of fuels in

production. Manufacturing firms use fuels in capital equipment such as fur-

naces, boilers, and electrical heaters. Installation of such capital may involve

substantial investment costs that prevent firms from using the most efficient

fuels for each production process. Larger firms can spread the fixed costs

over larger production volumes and are therefore more likely to invest in fuel-

specific capital equipment as long as this equipment has the potential to cut

marginal cost.

Fact 3. Firms using multiple fuels concentrate energy consumption in just a

few of them.

Table 1.2 shows that the average firm in our sample uses about two fuels.

About one-third relies solely on electricity, while one-third uses two fuels and

one-third uses three or more fuels. The average firm using at least two fuels

concentrates 74% of its energy consumption in the top 1 fuel while the average

firm using at least three fuels concentrates 92% of its energy consumption in
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Table 1.2: Summary statistics on firms’ fuel-mix

Mean Min.
25th

percentile Median
75th

percentile Max. Observations

Number of fuels 2.16 1 1 2 3 12 90,666

Top 1 fuel share 0.74 0.25 0.59 0.74 0.90 0.99 60,354

Top 1 and 2 fuel shares 0.92 0.48 0.88 0.95 0.98 0.99 30,756

Notes: The sample contains 90,666 firm-year observations over the years 2004-2020. Summary statistics
over top 1 and top 2 fuel shares are calculated for firm-years with more than 1 and 2 fuels, respectively.

the top 2 fuels. Hence, some fuels are more important in the firms’ produc-

tion process than others, suggesting that fuels differ in their applicability and

efficiency across different tasks.

1.3 Empirical analysis

In this section, we analyze how observed changes in manufacturing CO2 emis-

sions depend on firms’ fuel decisions and how these fuel decisions in turn have

responded to changes in the Swedish carbon tax.

1.3.1 A statistical decomposition

Aggregate manufacturing CO2 emissions can be written as,

E = Z ∑
i

ziei, (1.1)

where Z is aggregate energy use, zi is plant i’s share of the aggregate energy

use, and ei is plant i’s CO2 emissions per energy unit. If we take logs of

(1.1) and differentiate with respect to (Z,zi,ei), we can decompose changes in

manufacturing emissions into three components:

dE
E

=
dZ
Z︸︷︷︸

Energy scale

+ ∑
i

Ei

E
dzi

zi︸ ︷︷ ︸
Energy composition

+ ∑
i

Ei

E
dei

ei︸ ︷︷ ︸
Fuel switching

. (1.2)

The first component is a scale effect that goes via changes in aggregate en-

ergy use, the second component is a composition effect that goes via changes
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in the composition of energy use across plants, and the third component is a

technique effect that goes via changes in the fuel mix of individual plants.7

We refer to the technique effect as the fuel-switching component. Changes

in ei represent both extensive and intensive margin changes in the fuel mix of

firms. A firm can reduce its CO2 emissions per energy unit by replacing a

dirty fuel with a clean fuel or by shifting energy consumption towards rela-

tively clean fuels. Since end-of-pipe emission control technologies are not yet

viable (e.g. carbon capture and storage), changes in ei can only come from

changes in the plant’s fuel mix. The effect of improvements in overall energy

efficiency is captured by the scale component and not the fuel-switching com-

ponent. The benefit of our decomposition relative to the previous literature

(Grossman & Krueger, 1991; Levinson, 2009; Shapiro & Walker, 2018) is that

we can quantify the importance of changes in the firms’ fuel mix for aggregate

emissions.

We take the decomposition to the data by following the approach in Shapiro

and Walker (2018). In particular, for each year 2004-2020, we compute aggre-

gate energy use, Z, the plants’ energy shares, zi, and the plants’ fossil CO2

per energy unit, ei. We then project how manufacturing emissions would

have evolved if the zi’s and the ei’s were kept constant at their 2004 levels

and compare these counterfactual emission paths with the actual evolution of

emissions. Comparing the three scenarios allows us to quantify the relative

importance of the different components. This approach requires a balanced

panel of plants and can therefore not capture the effect of plant-level entry and

exit.8 However, we can assess the importance of entry and exit by comparing

the evolution of aggregate emissions in the balanced panel of plants with that

of the unbalanced panel.

The result is presented in Figure 1.3. Panel A shows the decomposition

of fossil fuel emissions in the entire manufacturing sector. Emissions in each

year are expressed relative to emissions in 2004.9 The light gray line shows

the evolution of emissions if we fix the energy composition and the plants’ fuel

mix at 2004 levels. This line illustrates the importance of changes in aggregate

7See Appendix 1.B for a derivation of equation (1.2).
8The balanced panel of plants covers 94% of total CO2 emissions and 92% of total fossil

CO2 emissions between 2004 and 2020 in our full sample of plants.
9Figure B1 presents the same graphs as in Figure 1.3 but in level changes instead of relative

changes.
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Figure 1.3: Decomposition of aggregate fossil CO2 emissions

Notes: The decomposition is based on plant-year observations in our base sample of 90,666 firm-year
observations over the years 2004-2020. The (scale), (scale + composition), and (scale + comp. + fuel
switching) lines are based on balanced samples while the (scale + comp. + fuel switching + entry/exit) lines
are based on unbalanced samples. The balanced and unbalanced samples in Panel A contain 39,236 and
103,543 plant-year observations, respectively. The balanced and unbalanced samples in Panel B contain
1,666 and 2,977 plant-year observations, respectively. The balanced and unbalanced samples in Panel C
contain 1,887 and 3,075 plant-year observations, respectively. The balanced and unbalanced samples in
Panel D contain 35,683 and 97,491 plant-year observations, respectively. The balanced sample of plants in
Panel A covers 92% of total fossil CO2 emissions between 2004 and 2020 in the full sample of plants.

energy use. The dark gray line represents the evolution of emissions if we only

fix the plants’ fuel mix at 2004 levels. The difference between this line and the

light gray line represents the importance of changes in the energy composition.

The black line plots the actual evolution of emissions in the balanced panel of

plants. The difference between this line and the dark gray line represents the

importance of plant-level fuel switching. Finally, the dotted line shows the

evolution of emissions in the unbalanced panel, so the difference between this

line and the black line represents the importance of entry and exit in explaining

changes in emissions.

Panel A shows that annual manufacturing emissions from fossil fuels have

declined by about 38% between 2004 and 2020. This represents a reduction

of 5.7 million tonnes of CO2 in the year 2020 relative to 2004. The scale,

composition, and fuel-switching components each account for about 30% of
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this decline. The remaining 10% are accounted for by plant entry and exit.

Hence, the observed decline is explained by a combination of a reduction in

aggregate energy use, a reallocation of energy towards plants that use cleaner

fuels, and changes in the plants’ fuel mix away from dirty fossil fuels. The

entry and exit effect shows that entrants tend to use cleaner fuels than exiting

plants.

Figure 1.3 also shows the decomposition for the basic metals industry, the

paper and pulp industry, and the remaining industries, separately. We single

out the basic metals industry and the paper and pulp industry since these are

by far the two most energy-intensive industries in Swedish manufacturing.10

Panel B shows that fossil CO2 emissions in the basic metals industry have

declined by 25% between 2004 and 2020 and that this decline is almost exclu-

sively explained by a reduction in aggregate energy consumption. The other

components have not played significant roles in this industry. Panel C shows

the decomposition for the paper and pulp industry. This industry has experi-

enced a 75% decline in fossil CO2 emissions over the sample period and 80%

of this decline is due to within-firm fuel switching. Changes in aggregate en-

ergy use and the composition of energy use across plants account for 5% and

11%, respectively. Lastly, Panel D shows that fossil CO2 emissions have de-

clined by 50% in the remaining industries and that the scale, composition, and

fuel-switching components explain about 30% each.

The cross-industry heterogeneity in what drives changes in aggregate emis-

sions may reflect differences in the elasticity of substitution between fuels,

productivity growth, and industry-specific market characteristics. It may also

reflect differences in the availability and suitability of non-fossil fuels in pro-

duction. An important limitation of the statistical decomposition is that it is

uninformative about what causes the different components to change and how

these components may interact with each other. In the next section, we as-

sess the role of the Swedish carbon tax as a potential cause of firm-level fuel

switching. We then build and estimate a model that can account for each of the

four components affecting aggregate emissions.

10The basic metals industry accounts for 20% and the paper and pulp industry for 54% of
total energy use in our sample.
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1.3.2 The Swedish carbon tax and fuel switching

Institutional background

The CO2 tax is Sweden’s main policy tool to reduce CO2 emissions and is

levied on fossil fuels used for fuel combustion in vehicles and in industrial

processes.11 The tax rate per tonne CO2 is the same across fuels but the tax

rate per gigajoule differs depending on the fuels’ carbon content. In 2005,

the EU Emissions Trading System (EU ETS) was introduced and firms with

installations covered by this cap and trade scheme initially had to pay both

the national carbon tax and surrender carbon credits (EUAs) for each tonne

CO2 emitted. The EUAs are allocated to firms either for free or via auctioning

and are then traded among firms at market price. From 2011 and onwards,

installations in the EU ETS were completely exempted from the national CO2

tax. Firms outside the EU ETS could also be granted exemptions from the

national CO2 tax. In particular, up until 2015, the most carbon-intensive firms

faced a 75% reduction in their marginal tax rate.12 The firms that have been

granted exemptions from the national carbon tax only comprise 3% of the full

sample of firms. Nonetheless, the EU ETS firms in our sample account for

61-86% of total CO2 emissions each year.

Panel A of Figure 1.4 shows the carbon tax per tonne CO2 in each year

between 2004 and 2020. It also shows the carbon price for firms covered by

the EU ETS, which is measured as the average spot price of EUAs plus the

national carbon tax they face. The CO2 tax rate was relatively stable up until

2011 when it jumped from 200 SEK to 315 SEK. It was then flat for a few

years until 2015 when it started to increase sharply. In total, the CO2 tax rate

increased by more than 500% over the sample period. Panel B shows how the

CO2 tax rate per gigajoule has changed for the different fossil fuels subject to

the tax. The proportional change is the same across the fuels but the increase

in levels is larger for fuels with higher carbon contents.

Two concerns about estimating the effect of changes in the carbon tax

are anticipation effects and other coinciding policy changes. Changes in the

11The fossil fuels peat, coke oven gas, and blast furnace gas are exempted from the Swedish
carbon tax.

12Exemptions are based on how much a firm pays in carbon tax relative to its sales. Between
2004-2010, firms were granted exemptions if the CO2 tax bill exceeded 0.8% of their sales.
Between 2011-2014, this threshold was increased to 1.2%.
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Figure 1.4: Carbon price in the Swedish manufacturing sector

Notes: Panel A shows the national CO2 tax for manufacturing firms outside the EU ETS and the price of
carbon for firms within the EU ETS between 2004 and 2020. The carbon price for firms within EU ETS is
calculated as the sum of the spot prices of EUAs and the national carbon price they face. Panel B shows the
national CO2 tax per gigajoule for fossil fuels subject to the tax in 2004, 2012, and 2020.

tax rate are disclosed by the Swedish government during the budget process

each year. Thus, firms are generally informed about a new tax rate only a few

months in advance (Martinsson et al., 2024). However, in 2009, the Swedish

Parliament adopted a reform package (Government Bill 2009/10:41) which in-

cluded the tax increases in 2011 and 2015 as well as the 2011 tax exemption

for EU ETS firms. This could have triggered anticipation effects which would

attenuate the contemporaneous effect of changes in the carbon tax. However,

we check for pre-trends prior to the large tax hike in 2015 and do not find any

evidence of anticipation effects. Moreover, based on policy documents, the

only coinciding policy change of relevance is an increase in the energy tax in

2011. At this point, the energy tax on fossil fuels went from zero to the EU’s

minimum level for all manufacturing firms in our sample (Hammar & Åker-

feldt, 2011). We address this by controlling for fuel prices that include energy

taxes.

Empirical strategy

We use two complementary approaches to identify the effect of the Swedish

CO2 tax on firm-level fuel switching. The first is a shift-share instrumental

variable (IV) approach where we exploit that there is large variation in the

exposure to changes in the carbon tax across firms in our sample. A firm that

uses a large share of fossil fuels is more exposed to changes in the tax than a

firm that uses a large share of biofuels or electricity.
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We measure firm-level tax exposure as the predicted average carbon tax

per gigajoule,

τ̄
pre
it = ∑

j
spre

ji τ jt , (1.3)

where spre
ji is the share of fuel j in firm i’s fuel mix in a pre-sample year, and τ jt

is the tax per gigajoule of fuel j in year t.13 We then use this as an instrument

to estimate the fuel switching response to changes in the firms’ average carbon

tax, τ̄it = ∑ j s jitτ jt .

In particular, we estimate regressions of the following form,

yit = β τ̄it + γi + γtk +δ
′Xit + εit . (1.4)

where yit is an outcome variable related to the firms’ fuel mix. The main out-

come variable of interest is the firms’ fossil fuel CO2 emissions per energy

unit, which corresponds to the fuel-switching component in the statistical de-

composition. However, we also estimate the effects on the firms’ fossil fuel

shares, electricity shares, and biofuel shares, as well as the number of fossil

fuels used by the firms. We include firm fixed effects to measure the effect of

within-firm changes in the average carbon tax. Without firm fixed effects, the

estimate would be driven by variation in the level of tax exposure across firms,

which is positively correlated with the main outcome variable. We also include

industry-year fixed effects to control for industry-wide trends (e.g., industry-

specific technological changes that affect the firms’ fuel choices in the same

way). We instrument for τ̄it with τ̄
pre
it since the contemporaneous fuel shares

are endogenous and correlated with the outcome variables by construction.

The key identifying assumption is that firms in the same 2-digit indus-

try with different exposure to the carbon tax according to (1.3) would ex-

hibit parallel trends in the outcome variables in the absence of any changes

in the tax (Goldsmith-Pinkham et al., 2020). This is a strong assumption since

firms with different pre-sample fuel shares may be differentially exposed to

other time-varying variables affecting the firms’ fuel decisions. In particular,

there are two main threats to this assumption. The first is changes in fuel

13We define the pre-sample year for each firm to be the first year we observe the firm in our
base sample and then drop this observation from the estimation sample.
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prices. We therefore include the following two variables, p̄pre
it = ∑ j spre

ji p jt and

q̄pre
it = ∑h spre

hi qht , where p jt denotes the price of fossil fuel j (net of the car-

bon tax) and qht denotes the price of non-fossil fuel h, and include them in

the set of control variables Xit . The second threat is fuel-biased technologi-

cal change. This threat is harder to address since we do not directly observe

technological change. However, we can construct proxies of fuel-biased tech-

nological change by using our data on patents related to climate change miti-

gation technologies. In particular, we divide the CO2 mitigation patents into

two categories: patents related to the use of fossil fuels (e.g., energy efficiency

and CCS), and patents related to the use of non-fossil fuels. We then compute

weighted sums of these two types of patents in each year of our sample period,

where the weights are the patents’ average number of citations per year. Fi-

nally, we interact these sums with the firms’ pre-sample fossil fuel shares, to

capture that firms that use larger shares of fossil fuels may be more exposed to

technological change related to CO2 mitigation.14

As a complement to the IV strategy, we apply a matched difference-in-

differences approach where we exploit the sharp increase in the CO2 tax in

2015 and the fact that EU ETS firms were exempted from the tax as of 2011.

We use the following dynamic specification to estimate the effect of the carbon

tax,

yit =
2020

∑
s=2011,
s̸=2014

βsDs
it + γi + γtk +δ

′Xit + εit , (1.5)

where Ds
it is an indicator equal to one if firm i is subject to the national carbon

tax and s= t. The parameters of interest, βs, capture the average fuel switching

response in year s among firms subject to the tax relative to firms covered by

the EU ETS. We confine the sample period to 2011-2020 and perform a one-

to-one nearest-neighbor matching procedure where we match EU ETS firms

14We classify the patent codes into the two categories based on the names of the CPC codes
at USPTO, the kinds of patents under these codes in Google Patents, and the other CPC codes
that have typically been assigned to the patents with these codes. The codes included in the
first category related to fossil fuels are: Y02P 70/10, 80/10, 80/30, 80/40, 90/02, 90/30, 90/70,
10/122, 10/20, 10/25, 20/10, 20/129, 20/141, 20/143, 20/145, 20/155, 20/156, 20/20, 20/30,
20/40, 20/50, 20/52, 20/54, 20/55, 20/582, 20/584, 20/59, 30/40, 40/10, 40/121, 40/18, 40/40,
40/50, 40/57, 40/60. The codes included in the second category related to non-fossil fuels are:
Y02P 80/14, 80/20, 90/40, 90/45, 90/50, 90/60, 10/32, 20/133, 40/125, 40/45.
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with non-EU ETS firms. We match on the firms’ carbon emission intensities

in 2011 and 2-digit industry. This results in a perfect match on industry and

a good match on carbon intensity when we allow the max difference to be

0.01. The purpose of the matching procedure is to ensure that we compare

firms that are likely to have parallel trends in the outcome variables in the

absence of any changes in the carbon price. Since the carbon price was flat

for both groups several years before 2015, we can evaluate the plausibility of

this assumption by checking for pre-trends. A downside with the difference-

in-differences approach is the small number of EU ETS firms in our sample.15

After the matching procedure, we end up with a balanced panel of 49 firms in

the treatment group and 49 firms in the control group over the years 2011-2020.

Figure B2 in Appendix 1.B shows the balance between the treatment and

control groups before and after the matching procedure with respect to both

targeted and untargeted variables. Although the matched sample is much more

balanced overall, there are still differences in the firms’ fuel mix across the

two groups. To control for differential exposure to fuel prices and technical

change, we therefore include the same set of control variables in the difference-

in-differences specification as in the shift-share specification.

Results

The IV estimates of equation (1.4) are presented in Table 1.3. The estimation

sample is confined to firms with a non-zero share of taxed fossil fuels in the

pre-sample year. We also drop EU ETS firms and firms that are subject to tax

exemptions to avoid variation in the tax rate that is due to sorting.16 Table B2 in

Appendix 1.B shows that the estimates are not statistically different when we

include the full set of firms. Column (1) of Table 1.3 shows the estimated effect

of the average tax rate on the firms’ fossil CO2 emissions per gigajoule. The

effect is negative and highly significant. For each SEK increase in the average

carbon tax, firms emit 0.93 kg CO2 less per gigajoule on average. Is this ef-

fect large or small? In a simple back-of-the-envelope calculation, the estimate

predicts that 75% of the average decline in fossil CO2 per gigajoule is due to

15There are around 100 firms covered by the EU ETS in each year of our base sample.
16Economic theory predicts a gap in the density around the CO2 tax-to-sales threshold (Saez,

2010). When we explore this, such a gap is not visible, but we exclude observations above the
threshold to avoid potential endogenous variation in the tax rate.
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Table 1.3: The shift-share IV analysis

Fossil CO2 / Energy
(1)

Fossil fuel share
(2)

Electricity share
(3)

Biofuel share
(4)

# fossil fuels
(5)

CO2 tax -0.924∗∗∗ -0.012∗∗∗ 0.007∗∗∗ 0.005∗∗∗ -0.008∗

(0.123) (0.002) (0.001) (0.001) (0.004)

Fossil fuel price -0.006 -0.000 0.000 0.000∗ -0.000
(0.010) (0.000) (0.000) (0.000) (0.000)

Non-fossil fuel price 0.047∗∗∗ 0.001∗∗∗ -0.001∗∗∗ 0.001∗∗∗ 0.001
(0.016) (0.000) (0.000) (0.000) (0.001)

CO2 mitigation patents 0.010∗∗∗ 0.000∗∗∗ -0.000∗∗∗ -0.000 0.000
(Fossil fuel technology) (0.003) (0.000) (0.000) (0.000) (0.000)

CO2 mitigation patents -0.039∗∗∗ -0.001∗∗∗ 0.000∗∗∗ 0.000 0.000
(Non-fossil fuel technology) (0.009) (0.000) (0.000) (0.000) (0.000)

Observations 48,715 48,715 48,715 48,715 48,715

First-stage F-statistic 193 193 193 193 193

Firm FE Yes Yes Yes Yes Yes

Industry-year FE Yes Yes Yes Yes Yes

Notes: The base sample is an unbalanced panel of 90,666 firm-year observations over the years 2004-2020.
The estimation sample of the shift-share IV analysis is confined to firms that have not been part of the EU
ETS nor faced any tax exemptions over the sample period. It is also confined to firms that use non-zero taxed
fuels in the pre-sample year, implying that the instrument is non-zero for all observations in the estimation
sample. Finally, the estimation sample drops the first (pre-sample) year for all observations. The inclusion
of firm fixed effects also removes singletons from the estimation sample. Standard errors are clustered at
the firm level. The first stage F-statistic is the Kleibergen-Paap F-statistic.

the increase in the carbon tax over the sample period.17 In columns (2), (3),

and (4), we also present the estimated effects on the firms’ fossil fuel shares,

electricity shares, and biofuel shares, respectively. As expected, the fossil fuel

share decreases with the tax while the electricity share and the biofuel share

increase with the tax. The last column shows that there is also a significant ef-

fect on the extensive margin of the firms’ fuel mix. Firms respond to a higher

carbon tax by reducing the number of fossil fuels they use in production.

Figure 1.5 illustrates the first-stage and reduced-form relationships behind

the IV estimate in column (1) of Table 1.3. All variables are residualized by

the fixed effects and control variables. The binned scatter plots show that the

relationships are well approximated by our linear model and that our estimates

are not driven by outliers in the data. Table B1 in Appendix 1.B shows the

point estimates for the first stage and reduced form regressions with respect to

17The average decline in the firms’ fossil CO2 per gigajoule is 10.04 between 2005 and
2020 while the average increase in their CO2 tax per gigajoule is 8.14. The estimate of -0.924
suggests that the change in the carbon tax has reduced the firms’ fossil CO2 per gigajoule by
7.52 on average.
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Figure 1.5: Illustration of the first-stage and reduced-form regressions

Notes: The base sample is an unbalanced panel of 90,666 firm-year observations over the years 2004-2020.
The estimation sample of the shift-share IV analysis comprises 48,715 observations and is confined to firms
that have not been part of the EU ETS nor faced any tax exemptions over the sample period. It is also
confined to firms that use non-zero taxed fuels in the pre-sample year, implying that the instrument is non-
zero for all observations in the estimation sample. Finally, the estimation sample drops the first (pre-sample)
year for all observations. The inclusion of firm fixed effects also removes singletons from the estimation
sample. The binned scatter plots are constructed by first residualizing the variables by the fixed effects and
control variables, then grouping the x-axis variables into equal-sized bins, and finally computing the mean
of the x-axis and y-axis variables within each bin. The linear lines are constructed using OLS.

all outcomes.

The matched difference-in-differences estimates are presented in Figure

1.6. Panel A plots the average change in the predicted CO2 price per gigajoule

of the non-EU ETS firms relative to the EU ETS firms. The predicted CO2

price is based on the firms’ fuel shares in 2010 and we see that this variable

began to increase sharply in 2015 among firms subject to the national carbon

tax. Panels B-D plot the estimated effects of this increase on the firms’ fossil

CO2 emissions per gigajoule, fossil fuel shares, and electricity shares, respec-

tively. There is a clear response in each of the three outcome variables and

no signs of anticipation effects prior to 2015. The results suggest that firms

subject to the Swedish carbon tax responded to the tax increase by switching

away from fossil fuels towards electricity. In Figure B3 in Appendix 1.B, we

show that there is no significant effect on the firms’ biofuel share or number of

fossil fuels in the matched difference-in-differences sample.

Robustness checks

In Appendix 1.B, we perform several robustness checks to challenge our re-

sults. Table B3 shows that the coefficients barely move when we restrict the
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Figure 1.6: The matched difference-in-differences analysis

Notes: The matched difference-in-differences estimation sample contains 980 firm-year observations over
the years 2011-2020. The figure shows the point estimates and 95% confidence intervals when we run the
regression in (1.5). Standard errors are clustered at the firm level and do not account for potential correlation
in the residuals within the treatment and control groups. However, we compute the intraclass correlation
and find that it is practically zero.

sample to a balanced panel of firms observed in each year between 2004 and

2020. A potential problem in shift-share IV estimation is serial correlation in

the treatment and instrument variables. Jaeger et al. (2018) shows that serial

correlation in the treatment variable leads to biased estimates by conflating

short- and long-run responses to changes in the shifts. To correct this bias and

separate the short and long-run effects, they propose a "multiple instrumen-

tation" procedure that includes lagged instruments and treatment variables in

the specification. Table B4 reports the results when we include the first and

second lag of the treatment variable and the associated instruments. Both the

contemporaneous and the lagged effects of the average tax rate on the firms’

emissions per gigajoule are negative. However, the contemporaneous effect is

significantly smaller (−0.28∗) compared to the baseline estimate (−0.92∗∗∗).

This result suggests that our baseline analysis in Table 1.3 indeed captures

both the short- and longer-run fuel-switching response to higher carbon taxes.

Christian and Barrett (2024) shows that persistence in the shift-share instru-



32 CHAPTER 1. CARBON PRICING AND FUEL SWITCHING BY FIRMS

ment, not only the treatment variable, is also a cause for concern and can lead

to finite sample bias in the shift-share IV estimator. To mitigate this concern,

they propose taking the first difference of all the variables in the specifica-

tion to correct for non-stationarity. Table B5 reports the results from the first-

differenced specification. The estimated effect on the firms’ emissions per

gigajoule remains negative and highly significant, but is about half the size

of the baseline estimate (−0.48∗∗∗), which again is consistent with dynamic

adjustments influencing the baseline estimates.

Our shift-share analysis relies on the assumption that the pre-sample fuel

shares are exogenous to changes in the error term. Under this assumption,

Goldsmith-Pinkham et al. (2020) shows that the shift-share instrument is equiv-

alent to using the shares as instruments, and that the shift-share estimator is

a weighted combination of just-identified estimates based on each of these

shares interacted with time fixed effects. The weights, which are referred to

as Rotemberg weights, measure how important the just-identified estimates

are for the overall shift-share estimate, and therefore provide insight into what

drives the results. Table B6 reports statistics about the Rotemberg weights as-

sociated with the first-differenced shift-share IV estimator. Panel A shows that

91% of the weights are positive and Panel B shows that these weights are quite

highly correlated with the change in the fuel-specific carbon tax in a given year

(ρ = 0.54), suggesting that variation in the carbon tax is an important source of

variation behind the estimated effect (Goldsmith-Pinkham et al., 2020). Panel

C ranks the top five fuels based on the Rotemberg weights and shows that the

estimate is primarily driven by initial differences in the share of light fuel oil,

diesel, LPG, and natural gas in the firms’ fuel mix. Finally, Panel D reports

the top five years in terms of the Rotemberg weights and shows that 2015 and

2016 account for over 75% of the positive weight in the shift-share estimator.

This suggests that the tax shocks that occurred in these years are indeed what

drives the estimated effect on the firms’ emissions per gigajoule. In Table B7,

we report a placebo test where we estimate the reduced-form effects of the

predicted CO2 tax on the sample of EU ETS firms between 2011 and 2020.

This sample was exempted from the national carbon tax and should therefore

not respond to changes in the instrument. The point estimates are statistically

insignificant and close to zero.

We also perform robustness checks related to the matched difference-in-
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differences analysis. Figure B4 shows that our results are insensitive to the

exclusion of control variables and Figure B5 shows that the point estimates are

not driven by any single pair of firms in the matched sample. Finally, in Figure

B6, we conduct a placebo test where we randomize treatment status 200 times

among the firms in our matched sample, such that 50% are always treated.

The placebo test evaluates the likelihood of the observed effects under the null

hypothesis that treatment has no effect. The placebo estimates are concentrated

around zero, and the actual treatment effects are statistically different from

the placebo estimates at the 1% level as of 2017. Hence, we reject the null

hypothesis of no treatment effect.

1.4 Model

We draw on the quantitative trade literature, and in particular Antras et al.

(2017), to develop a model of manufacturing firms’ fuel decisions that can

account for the empirical facts documented in the data: (i) heterogeneity in fuel

consumption across industries, (ii) heterogeneity in fuel consumption across

the firm size distribution, and (iii) heterogeneity in fuel consumption across

fuels within firms.

The model is quantifiable and can be used to perform counterfactual ex-

periments. We are interested in the general equilibrium effects of changes in

the carbon price on firms’ fuel decisions and how these matter for the aggre-

gate effects on CO2 emissions and output. The model allows carbon prices to

affect aggregate emissions via all four channels highlighted in the statistical

decomposition: (i) aggregate energy use, (ii) reallocation of energy use across

firms, (iii) firm-level fuel switching, and (iv) entry and exit.18

1.4.1 Setup

Consider a closed economy with one manufacturing sector and one energy

sector. The energy sector uses labor to produce different fuels, collected in

the set J, and is characterized by perfect competition and constant returns to

scale. The unit labor requirement differs across fuels and the fuels are sold at

18Appendix 1.C provides derivations of key equations in this section.
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marginal cost, r j = d jw, where d j is the unit labor requirement for fuel j ∈ J

and w is the wage rate.

The manufacturing sector consists of K manufacturing industries and each

of these industries is characterized by monopolistic competition. Following

Melitz (2003), there is an infinite pool of potential entrants into each indus-

try and firms that enter must incur a sunk entry cost equal to fek units of la-

bor. Once this entry cost is paid, the firms learn their productivity and decide

whether or not to stay in the industry and produce. The manufacturing firms

that stay use both labor and fuels in the production of differentiated final goods.

Some fuels emit CO2 emissions and are taxed by the government and the tax

income is transferred to consumers in the form of a lump sum payment. The

tax rate per energy unit, τ j, differs across fuels depending on their carbon con-

tent such that the tax rate per CO2 is uniform across fuels.

The labor market is assumed to be perfectly competitive and there is a mass

L̄ of consumers that inelastically supply one unit of labor to firms. By treating

labor as the numéraire, the fuel prices are pinned down by the fuels’ labor unit

requirements. The consumers spend their income on manufactured goods.

1.4.2 Preferences

The preferences of a representative consumer over goods produced in the man-

ufacturing sector are described by the utility function:

U =
K

∏
k=1

Qβk
k g(CO2)−1, (1.6)

where Qk denotes consumption of varieties produced in industry k and g(CO2)

represents the disutility from aggregate CO2 emissions in the economy. The

Cobb-Douglas structure of the utility function entails that consumers spend a

constant share, βk, of their income on varieties from industry k. Preferences

over these varieties are assumed to take the constant elasticity of substitution

(CES) Dixit and Stiglitz (1977) form:

Qk =
(∫

ω∈Ωk

qk(ω)
σk−1

σk dω

) σk
σk−1

, σk > 1, (1.7)
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where Ωk is the set of varieties in industry k available to consumers, and σk is

the elasticity of substitution across these varieties.

The market demand for variety ω in industry k is obtained by solving the

consumer’s utility maximization problem and is given by,19

qk(ω) = EkPσk−1
k pk(ω)−σk , (1.8)

where Ek is aggregate spending on goods in industry k and Pk is the ideal price

index in industry k,

Pk =
(∫

ω∈Ωk

pk(ω)1−σk dω

) 1
1−σk . (1.9)

The market demand for variety ω depends on an industry demand index Ak =

EkPσk−1
k and the price of variety ω . Since we have a continuum of firms in

each industry, the firm producing ω has zero mass relative to the industry as a

whole and therefore takes Ak as given (Melitz & Redding, 2014). The demand

elasticity σk governs how sensitive consumers are to price changes.

1.4.3 Technology

Each manufacturing firm in industry k produces a single differentiated variety

ω by assembling intermediate inputs v according to the following production

function,

qk(ϕ) = ϕ

[∫ 1

0
e(v)

ρk−1
ρk dv

] ρk
ρk−1

, (1.10)

where ϕ denotes the firm’s core productivity, which is unique for each firm,

and thus can be used to index firms instead of ω; e(v) denotes the quantity

used of input v; and ρk denotes a constant elasticity of substitution between

inputs.

A firm ϕ produces each intermediate input v ∈ [0,1] in-house by using a

single fuel j ∈ J according to the following constant returns to scale technol-

19To obtain market demand, we replace the consumer’s budget constraint with the aggregate
budget constraint across consumers.
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ogy,

e(v) =
x j(v)

a j(v,ϕ)
, (1.11)

where x j(v) denotes quantity of fuel j and a j(v,ϕ) denotes the unit energy

requirement of fuel j associated with firm ϕ and intermediate input v. We

interpret a j(v,ϕ) as a measure of how suitable fuel j is for firm ϕ in the pro-

duction of input v.

To use fuels in production, firms must invest in fuel-specific technology,

which we model as fuel-specific fixed costs, f jk, measured in terms of labor

units. That is, a firm ϕ needs to hire f jk units of labor to install the technology

associated with fuel j in industry k in order to use it for production. Once this

technology is in place, the firm can use fuel j for any input v and buys the fuel

from the energy sector at price r j + τ j. We denote the set of fuels for which

firm ϕ has incurred the fixed costs by J(ϕ)⊆ J.

Note that we have two sources of heterogeneity among firms in a given

industry. The first is the firms’ core productivity, ϕ , and the second is the

vectors {a j(v,ϕ)}v∈[0,1] of input efficiencies for each fuel j. That is, firms

differ in their productivity in each of the two production stages: the production

of inputs and the assembly of inputs into a final good.

As in Antras et al. (2017), we assume that both of these sources of het-

erogeneity are exogenously determined. In particular, firms draw their core

productivity from a Pareto distribution:

Fk(ϕ) = 1−
(ϕ

k
ϕ

)αk
. (1.12)

The lower bound of the productivity draws is given by ϕ
k
> 0 while the dis-

persion of the productivity draws is governed by the shape parameter αk > 0.

A lower αk implies a higher degree of productivity dispersion across firms.20

Moreover, the input efficiencies, 1/a j(v,ϕ), for each firm are drawn from a

20There are two main reasons to assume a Pareto distribution. First, it provides a good fit to
the distribution of firm size observed in the data (Axtell, 2001). Second, it gives rise to closed-
form solutions for key endogenous variables in this type of model, e.g. the productivity cutoffs
determining whether an entrant chooses to stay and produce (Melitz & Redding, 2014).
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Fréchet distribution:

Gk(a) = e−Tjka−θk , (1.13)

where each draw is assumed independent across inputs and fuels. The scale

parameter Tjk > 0 represents fuel j’s state of technology in industry k and the

shape parameter θk > 0 reflects the amount of variation in 1/a j(v,ϕ) across

inputs. A large Tjk means that fuel j is well suited for the production of inputs

in industry k while a large θk implies low variation in the efficiency of fuel j

across inputs.

1.4.4 The firm’s problem

We now describe the optimal behavior of a manufacturing firm in this model.

The firm’s problem consists of two stages. In the first stage, the firm chooses

the optimal set of fuels to use in production. In the second step, the firm

decides which fuel in this set to use in the production of each input and sets the

price of its final good to maximize variable profit. We begin with the second

step before we turn to the choice of the optimal fuel set.

The firm’s behavior after the set of fuels is chosen

A firm in industry k with productivity ϕ and fuel set J(ϕ) will choose to pro-

duce each input v at the lowest possible unit cost. The lowest unit cost to

produce input v is

z(v,ϕ;J(ϕ)) = min
j∈J(ϕ)

{
z j(v,ϕ) = (r j + τ j)a j(v,ϕ)

}
. (1.14)

The probability that a fuel j ∈ J(ϕ) is the lowest cost alternative depends on

the fuels’ distributions of unit costs across inputs. We obtain these distribu-

tions by substituting z j(v,ϕ) = (r j + τ j)a j(v,ϕ) into the distributions of input

efficiencies in (1.13):

G jk(z) = P
[
z j(v,ϕ)≤ z

]
= 1− exp

[
−Tjk

(r j + τ j

z

)−θk
]
. (1.15)
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The probability that a fuel j ∈ J(ϕ) is the lowest cost alternative to produce

input v is then given by,

Ψ jk(ϕ;J(ϕ)) =
∫

∞

0
∏

s∈J(ϕ),
s̸= j

[
1−Gsk(z)

]
dG jk(z) =

Tjk(r j + τ j)
−θk

∑s∈J(ϕ) Tsk(rs + τs)−θk
.

(1.16)

This probability is also the share of inputs v ∈ [0,1] that is produced using fuel

j. Intuitively, fuels that are well suited for production in industry k (high Tjk)

and are cheap to purchase (low r j + τ j) will be used to a greater extent in the

production of a firm’s output. The parameter θk governs how sensitive this

share is to changes in the price and the carbon tax of the fuel. A higher θk

implies a lower degree of variation in 1/a j(v,ϕ) across fuels for a given input

v, which means that relative fuel prices will be more important for the optimal

fuel choice.

We will refer to the numerator in equation (1.16) as fuel j’s production

potential. Fuels with higher production potentials are used in the production

of more intermediate inputs given that they are included in the firm’s fuel set.

The denominator in equation (1.16) is the sum of production potentials across

the fuel set J(ϕ). We will refer to this term as firm ϕ’s production capability.

As highlighted by Eaton and Kortum (2002), the distribution of z(v,ϕ;J(ϕ))

when z j(v,ϕ) follows the distribution in (1.15) is independent of conditioning

on a specific fuel j.21 A fuel associated with better technology and lower price

will be used for a wider range of inputs, exactly up to the point at which the

distribution of unit costs for what that fuel produces is the same as the overall

distribution of unit costs across inputs. This implies that Ψ jk(ϕ;J(ϕ)) is also

equal to the spending share of fuel j and that the optimal ratio of fuel quantities

between any two fuels in the fuel set is given by,

X j(ϕ)

Xs(ϕ)
=

Tjk

Tsk

[r j + τ j

rs + τs

]−(1+θk)
, (1.17)

where X j(ϕ) is the total quantity of fuel j used by the firm. The elasticity of

21That is, for all fuels j, we have P
[
z(v,ϕ;J(ϕ))≤ z

]
= P

[
z(v,ϕ;J(ϕ))≤ z|z(v,ϕ;J(ϕ)) =

z j(v,ϕ)
]
.
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substitution between different fuels in J(ϕ) is thus given by 1+θk.

The marginal cost of the firm is,

ck(ϕ;J(ϕ)) =
1
ϕ

Zk(ϕ;J(ϕ)), (1.18)

where Zk(ϕ;J(ϕ)) =
[∫ 1

0 z(v,ϕ;J(ϕ))1−ρk
] 1

1−ρk . Following Eaton and Kortum

(2002), we can express the CES unit cost index in terms of the deeper param-

eters of the model,

Zk(ϕ;J(ϕ)) = γk

[
∑

j∈J(ϕ)
Tjk(r j + τ j)

−θk

]− 1
θk , (1.19)

where γk =
[
Γ
(

θk+1−ρk
θk

)] 1
1−ρk and Γ is the Gamma function.22 Equation (1.19)

shows that the marginal cost is directly related to the firm’s production capabil-

ity. The firm can reduce its marginal cost by adopting fuels with higher states

of technology, Tjk, and lower prices, r j + τ j. It can also reduce its marginal

cost by adding new fuels to the fuel set since the added fuels will always be

the cheapest alternative to produce a non-zero mass of intermediate inputs.

Under monopolistic competition, the firm maximizes profit by setting the

price for its final good as a constant mark-up over marginal cost, pk(ϕ;J(ϕ)) =
σk

σk−1 ck(ϕ;J(ϕ)). Given this pricing rule, variable profit is given by,

πk(ϕ;J(ϕ)) = Bkck(ϕ;J(ϕ))1−σk , (1.20)

where Bk =
1

σk

(
σk

σk−1

)1−σk EkPσk−1
k is an industry-specific market demand in-

dex. Since σk > 1, lower marginal cost translates into higher variable profits.

In turn, the marginal cost depends both on the firm’s core productivity and its

choice of fuel set. We next characterize the optimal choice of J(ϕ).

The firm’s choice of fuels

Adding fuels to the fuel set J(ϕ) increases the firm’s variable profit by reducing

its marginal cost. What prevents the firm from setting J(ϕ) = J and using

all of the available fuels in its production process is that the firm needs to

22For the Gamma function to be well-defined, we impose the parameter restriction θk +1−
ρ > 0.
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pay a fixed cost for every fuel it utilizes. The fixed cost can be interpreted

as representing the cost of installing the technology associated with using a

specific fuel and may vary across fuels. To choose the optimal fuel set, the

firm needs to trade off the fuels’ contribution to variable profit against their

fixed cost. Specifically, the firm chooses the fuel set that solves the following

profit maximization problem,

max
J⊆J

Πk(ϕ;J) = Bk

(
ϕ

γk

)σk−1[
∑
j∈J

Tjk(r j + τ j)
−θk

] σk−1
θk − ∑

j∈J
w f jk, (1.21)

where Πk(ϕ;J) is firm ϕ’s expected profit when selecting fuel set J.23 This

problem is difficult to solve because the contribution to variable profit of using

a specific fuel j generally depends on what other fuels the firm uses. The deci-

sion to use one fuel affects whether it is optimal to use another fuel. Hence, the

fuel decisions are interdependent and the problem in (1.21) is a combinatorial

discrete choice problem.

There are two sources for the interdependencies among fuels in this model.

The first is that fuels compete against each other in the production of each input

v. This gives rise to a negative supply-side complementarity among fuels. Intu-

itively, if we hold the firm’s output fixed and add a new fuel to the fuel set, the

firm will use less of its initial fuels since the new fuel will replace them in the

production of at least some inputs. This negative complementarity is counter-

acted by a positive complementarity on the demand side. The added fuel will

reduce the firm’s marginal cost and increase its optimal scale of production.

This in turn will induce the firm to use more of each fuel. The strength of the

negative complementarity is governed by the elasticity of substitution among

fuels, 1+θk, while the strength of the positive complementarity is determined

by the demand elasticity, σk.

Whether the negative or the positive complementarity dominates deter-

mines how the marginal value of a fuel depends on the other fuels used by

the firm. Adopting the notation in Arkolakis et al. (2023), we can define the

23Πk(ϕ;J) is the expected profit since the vectors of input efficiencies 1/a j(v,ϕ) are realized
after the firm selects J.
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marginal value of fuel j as:

D jΠk(ϕ;J) = Πk(ϕ;J∪{ j})−Πk(ϕ;J\{ j}) (1.22)

where D j is the marginal value operator. We can then establish the following

result.

Proposition 1. Given any two fuel sets J1 ⊂ J2 ⊆ J and any fuel j ∈ J:

(i) If 1+θk > σk, then D jΠk(ϕ;J1)> D jΠk(ϕ;J2).

(ii) If 1+θk < σk, then D jΠk(ϕ;J1)< D jΠk(ϕ;J2).

(iii) If 1+θk = σk, then D jΠk(ϕ;J1) = D jΠk(ϕ;J2).

The proof of this proposition is provided by Arkolakis et al. (2023) in a

more general theoretical framework that nests our model. The analogous proof

applied to our model is in Appendix 1.C.

Proposition 1 states that if 1+θk > σ , the marginal value of a fuel is mono-

tonically decreasing as new fuels are added to the fuel set. In other words, the

positive contribution to variable profits of using fuel j decreases if the firm’s

fuel set expands since fuels are relatively substitutable and demand is rela-

tively inelastic. On the other hand, if 1+θk < σ , the marginal value of a fuel

is monotonically increasing as new fuels are added. The positive contribution

to variable profits of using fuel j is increasing if the fuel set expands since the

scale effect from lower marginal cost dominates the substitution effect. Lastly,

if 1+θk = σk, the two forces cancel each other out and the contribution of fuel

j is always equal to Bk(ϕ/γk)
σk−1Tjk(r j + τ j)

−θk irrespective of what other

fuels are included in the fuel set.

The policy function J(ϕ) = argmaxJ Πk(ϕ;J), mapping firm productiv-

ity into optimal fuel sets, also depends on the relative strength of the positive

and negative complementarities between fuels. If 1+θk > σ , there is no nec-

essary relationship between firm productivity and the size of the fuel set. If

1+θk ≤ σ , high productivity firms always use weakly larger fuel sets than low

productivity firms. To gain intuition for this result, suppose we have two firms

with productivity levels ϕ1 < ϕ2. The low productivity firm ϕ1 finds it optimal

to use electricity, heating oil, and coal to produce its inputs. This implies that
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all other fuels have negative marginal values given this fuel set and productiv-

ity ϕ1. However, the marginal value of each fuel increases with productivity

so it might be profitable for firm ϕ2 to add fuels to this fuel set. Suppose it

is profitable to add a biofuel. If 1+θk > σ , adding the biofuel decreases the

marginal values of the initial fuels. If the marginal values of heating oil and

coal become negative, it might be optimal for firm ϕ2 to drop these fuels and

only use electricity and the biofuel. This could never happen if 1+θk ≤ σ . In

this case, the marginal values of the initial fuels would only increase by adding

the biofuel. Hence, it could never be profitable for firm ϕ2 to drop fuels that

firm ϕ1 finds optimal to use. That is, J(ϕ1)⊆ J(ϕ2) if 1+θk ≤ σ .

Regardless of whether 1+ θk > σ or 1+ θk ≤ σ , high-productivity firms

choose fuel sets with weakly higher production capabilities than low-productivity

firms. That is,

[
∑

j∈J(ϕ1)

Tjk(r j + τ j)
−θk

] σk−1
θk ≤

[
∑

j∈J(ϕ2)

Tjk(r j + τ j)
−θk

] σk−1
θk , ϕ1 < ϕ2.

(1.23)

Hence, the model predicts that the cost advantage of more productive firms is

reinforced by their ability to choose more efficient fuel sets. In Section 1.5,

we show that this prediction is sometimes violated in the data, and extend the

model by allowing the fuel-specific fixed investment costs to vary across firms

to account for this violation.

We can solve the problem in (1.21) by implementing the solution algo-

rithm to combinatorial discrete choice problems developed by Arkolakis et al.

(2023). This approach exploits that the marginal value functions, D jΠk(ϕ;J),

are monotonic functions of J, to reduce the dimensionality of the choice space.

Without such an algorithm, it would be infeasible to solve the problem in (1.21)

since the alternative is to evaluate Πk(ϕ;J) for each possible combination of

fuels. In our empirical setting, where firms can choose among 18 fuels, this

would amount to performing 218 = 262,144 calculations per firm. We describe

Arkolakis et al. (2023)’s solution algorithm in more detail in Section 1.5.
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1.4.5 General equilibrium

Let us now characterize the general equilibrium of the model. Labor is the

only factor of production and we assume that workers can move freely across

the manufacturing industries and the energy sector. This ensures that the wage

rate is the same in all industries and sectors. Furthermore, we choose labor as

the numéraire such that w = 1. This entails that the fuel price vector is pinned

down by the unit labor requirements in the energy sector, {r j = d j} j∈J . Gen-

eral equilibrium then follows from equilibrium in each manufacturing industry

k. The variables characterizing these equilibria are total consumer expendi-

tures, Ek, the survival productivity cutoff, ϕ̃k, the market demand index, Bk,

the mass of entrants, ME
k , the aggregate quantity used of each fuel j, Xk

j , and

the aggregate labor employed both directly and indirectly via the energy mar-

ket, Lk.

The Cobb-Douglas preferences in (3.2) imply that consumers spend a con-

stant share βk of their income on goods produced in industry k. Total income is

given by wL̄+∑k ∑ j∈J τ jXk
j , where the first term represents total labor income

and the second term represents total tax income. We can thus express total

expenditures on goods produced by industry k as,

Ek = βk

(
wL̄+∑

k
∑
j∈J

τ jXk
j

)
. (1.24)

Note that the total supply of labor L̄ is exogenous while Xk
j is an endogenous

variable that depends on other equilibrium variables. Also note that Ek is equal

to aggregate industry revenue, Rk, in a closed economy.

Since production involves fixed costs, some entrants with low productiv-

ity will not find it profitable to produce. The survival productivity cutoff ϕ̃k

is defined as the productivity level at which a firm in industry k makes zero

profits,

Bk

(
ϕ̃k

γk

)σk−1[
∑

j∈J(ϕ̃k)

Tjk(r j + τ j)
−θk

] σk−1
θk − ∑

j∈J(ϕ̃k)

w f jk = 0. (1.25)

Entrants with productivity below ϕ̃k exit immediately. This zero-profit con-

dition implies that the market demand index Bk can be expressed as a mono-

tonically decreasing function of ϕ̃k. By combining this with the free-entry
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condition, stating that the equilibrium mass of entrants must be such that the

expected profit before entering is equal to the sunk entry cost, we obtain

∫
∞

ϕ̃k

[
Bk(ϕ̃k)

(
ϕ

γk

)σk−1[
∑

j∈J(ϕ)
Tjk(r j + τ j)

−θk

] σk−1
θk − ∑

j∈J(ϕ)
w f jk

]
dFk(ϕ) = w fek.

(1.26)

This equation identifies a unique equilibrium productivity cutoff ϕ̃k (see Antras

et al. (2017) for a proof). With this in hand, the equilibrium market demand

index Bk follows directly from (1.25). Moreover, the equilibrium productivity

distribution among producing firms is then given by Fk(ϕ)/[1−Fk(ϕ̃k].

The mass of producing firms in industry k is Mk = Rk/R̄k where R̄k denotes

average firm revenue. Together with (1.24) and (1.26) and the fact that ME
k =

Mk/[1−Fk(ϕ̃k], this implies that the mass of entrants in equilibrium can be

expressed as,

ME
k =

βk

(
wL̄+∑k ∑ j∈J τ jXk

j

)
σkw

[
fek +

∫
∞

ϕ̃k
∑ j∈J(ϕ) f jkdFk(ϕ)

] . (1.27)

The industry equilibrium demand for fuel j, Xk
j , depends on the equilib-

rium variables Bk and ME
k . To see this, note that the firm-level equilibrium

demand for fuel j ∈ J(ϕ) is given by,

X j(ϕ) = Tjk(r j + τ j)
−(1+θk)(σk −1)Bk

(
ϕ

γk

)σk−1[
∑

j∈J(ϕ)
Tjk(r j + τ j)

−θk

] σk−θk−1
θk ,

(1.28)

which is a share (σk − 1)Ψ jk(ϕ;J(ϕ)) of the firms’ deflated operating profit

πk(ϕ;J(ϕ))/(r j + τ j). It follows that aggregate equilibrium demand for fuel j

is given by,

Xk
j = ME

k

∫
∞

ϕ̃k

X j(ϕ)dFk(ϕ). (1.29)

Finally, the labor market must clear in general equilibrium. Note that an

industry employs labor directly to pay for the fixed costs of entry and the fixed

costs of installing fuel-specific technology. However, it also requires labor
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to produce the fuels it purchases from the energy sector. The labor market

clearing condition in industry k can be expressed as,

Lk =
Ek −∑ j∈J τ jXk

j

w
. (1.30)

This condition states that the industry uses its revenues to pay for aggregate

labor and carbon tax costs. Substituting for Ek using (1.24) shows that (1.30)

implies labor market clearing in the whole economy, L̄ = ∑k Lk.

We can define the general equilibrium in this model as follows:

Definition 1. General equilibrium is a set of policy functions J(ϕ) and aggre-

gates {w,r j,Ek, ϕ̃k,Bk,ME
k ,X

k
j ,Lk} such that:

1. given the aggregates, the policy functions solve the problem in (1.21),

and

2. given the policy functions, the aggregates satisfy w = 1, r j = d j ∀ j ∈ J,

and equations (1.24), (1.25), (1.26), (1.27), (1.29), and (1.30).

1.5 Structural estimation

We use our firm-level data on fuel use to estimate the parameters of the model.

The goal is to have a fully estimated model that can explain the patterns of

fuel consumption observed in the data and to then use this model to quantify

the effects of carbon pricing. We focus the estimation such that the model

matches fuel consumption in 2004. We do this for two reasons. First, 2004

is the only year in our sample in which none of the firms are subject to the

EU ETS which simplifies the estimation of some of the parameters. Second,

it allows us to compare the counterfactual emission path when increasing the

CO2 price with the actual path of emissions between 2004 and 2020. Such

comparison is valuable for assessing the empirical validity of the model.

Our estimation procedure follows the steps laid out in Antras et al. (2017).

We first estimate each fuel’s production potential, Tjk(r j+τ j)
−θk , the fuel elas-

ticity of substitution, 1+θk, and the elasticity of demand, σk, by using the full

panel of firms between 2004 and 2020. We allow the production potentials to

vary by industry-year and the two elasticities to vary by industry. The rest of
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Figure 1.7: Log production potentials by industry

Notes: The figure shows the estimated 2004 log production potentials relative to electricity by industry.
The base sample is an unbalanced panel of 90,666 firm-year observations over the years 2004-2020. The
production potentials are estimated at the fuel-firm-year level and the base sample at this level contains
1,631,988 observations. We estimate equation (1.31) via OLS and fuel-year fixed effects for each 2-digit
industry separately. We drop industries with less than 30 observations in 2004 and fuels used by a single
firm within industry-years.

the parameters are estimated using the simulated method of moments where

we target industry-specific moments in 2004. In particular, this step provides

estimates of the market demand index, Bk, the distribution of fuel-specific in-

vestment costs, fk j, and the Pareto shape parameter, αk. The parameters are

estimated by industry to enable the model to account for the observed cross-

industry heterogeneity in fuel consumption. To ensure a reasonable amount of

statistical power, we confine the structural analysis to 2-digit industries with

more than 30 observations in 2004.24

1.5.1 Estimating fuels’ production potentials

The fuels’ production potentials measure to what extent the fuels’ are used in

the firms’ production process given that the firms choose to invest in them. A

24The dropped industries are Beverages (NACE 11), Tobacco (NACE 12), Wearing apparel
(NACE 14), Leather products (NACE 15), and Coke and refined petroleum products (NACE
19).
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fuel with a high production potential is used for a larger part of the production

process than a fuel with a low production potential. Equation (1.16) implies

that spending on fuel j relative to electricity is equal to the production potential

of fuel j relative to electricity. We use this to specify the following estimating

equation,

log
(r jt + τ jt)Xi jt

(ret + τet)Xiet
= log

Tjkt(r jt + τ jt)
−θk

Tekt(ret + τet)−θk
+ εi jt , (1.31)

where subscripts i, t and e denote firms, years and electricity, respectively, and

εi jt is an error term.

We estimate equation (1.31) for each 2-digit industry separately with OLS

and fuel-year fixed effects. The fixed effects equal the average log spending on

fuel j relative to electricity among firms that use fuel j within industry-years.

The true average is identified by this estimator as long as the error term is not

correlated with the firms’ selection of fuels. We interpret εi jt as representing

measurement error since the model implies (1.31) exactly. Moreover, since

we can only identify production potentials for fuels that are used in a given

industry-year, we assume that Tjk(r j + τ j)
−θk approaches zero for fuels that

are not used and exclude them from the structural analysis.25

Figure 1.7 plots the 2004 estimates of the fuels’ log production poten-

tials relative to electricity. The hollow squares represent electricity, the gray

circles represent fossil fuels, and the black triangles represent biofuels. The

plot shows that in all industries except the chemical industry, electricity is the

energy source with the highest production potential. Moreover, the production

potentials of fossil fuels and biofuels vary substantially across industries which

is consistent with the great heterogeneity in the relative consumption of elec-

tricity, fossil fuels, and biofuels documented in Figure 1.1. Interpreted through

the lens of the model, this heterogeneity origins from industry differences in

the fuels’ relative states of technology, Tk/Te, and the firms’ responsiveness to

the relative fuel prices, θk.26

We can now test the model prediction in equation (1.23) that larger firms

choose weakly better fuel sets, or equivalently, have weakly higher produc-

25We also exclude fuels that are used by a single firm within industry-years.
26In Table D1 in Appendix 1.D, we present the point estimates and standard errors of the

2004 production potentials illustrated in Figure 1.7.
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Figure 1.8: Average shares of firms above/below median sales and production
capability

Notes: The figure shows 2004 averages across industries of the shares of firms with sales and production
capability above/below the industry medians. Specifically, the "Above, above" bar shows the average share
of firms with sales above the median and production capability above the median, the "Above, below" bar
shows the average share of firms with sales above the median and production capability below the median,
and so on. We drop industries with less than 30 observations and fuels used by a single firm within industry-
years.

tion capabilities, ∑ j Tjkt(r jt + τ jt)
−θk , than smaller firms. Figure 1.8 plots the

average share of firms across industries with sales and production capabilities

either above or below the industry median. The model predicts that all firms

with sales above the median also have production capabilities above the me-

dian and vice versa. The figure shows that this prediction is violated in the data

since a non-negligible share of the firms falls outside the categories "Above,

above" and "Below, below". To address this, we extend the model such that it

can explain this pattern by allowing the fixed investment costs to vary across

firms. A larger firm could have a lower production capability than a smaller

firm if the fixed investment costs are higher for the larger firm. We discuss in

Section 1.5.4 how we implement this extension in the simulation of the model.
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1.5.2 Estimating elasticities of substitution between fuels

To estimate θk, we express the estimated production potentials as,

log
̂[Tjkt(r jt + τ jt)−θk

Tekt(ret + τet)−θk

]
= log

Tjkt

Tekt
−θk log

[r jt + τ jt

ret + τet

]
+η jkt , (1.32)

where η jkt is an error term. A problem we face in estimating this equation

is that the fuels’ relative states of technology, log(Tjkt/Tjkt), are unobserved.

Leaving out this term from the estimating equation may yield biased estimates

of θk if the states of technology are correlated with fuel prices. For example,

an increase in the state of technology of fuel j in a given industry may increase

the price of this fuel via higher demand. In this case, the OLS estimates of θk

are downward biased.

To deal with this issue, we use an instrumental variable (IV) approach

where we instrument for the relative fuel prices using the fuels’ carbon taxes,

τ jt . The carbon taxes are determined by the carbon contents of the fuels and

not by fuel-specific technology. Hence, a change in the technology of a fuel

will not affect the carbon tax as long as it does not influence the Swedish

government to set a new tax level. Carbon taxes could be correlated with the

fuels’ states of technology if changes in the carbon taxes affect investments in

technological development. However, the technology frontier is likely to be

determined outside of Sweden and thus not respond to changes in the Swedish

carbon tax.

We implement the IV approach by first estimating the first stage between

the log relative prices and the log carbon taxes. We then estimate the reduced

form relationship between the log production potentials and the log carbon

taxes for each industry separately.27 The IV estimate of θk is defined by

the ratio between the reduced form estimate and the first stage estimate. We

use bootstrapping with replacement to compute standard errors. In a robust-

ness check, we include the citation-weighted sum of patents related to climate

change mitigation technologies used in Section 1.3. This controls for techno-

logical development that is arguably more likely to be correlated with carbon

27The fuels’ production potentials are calculated based on averages across firms. We there-
fore weigh each observation in the reduced form regression by the number of firms used to
calculate those averages. This results in larger estimates of θk compared to an unweighted
reduced form regression (see Table D2 in Appendix 1.D).
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taxes.

Figure 1.9 plots our estimates of the elasticities of substitution 1+ θk.28

The estimates range between 1.39 in the repair and installation industry and

4.40 in the paper and pulp industry. The high elasticity in the paper and pulp

industry could explain why firms in this industry have been so successful in

switching away from fossil fuels over the sample period (see Section 1.3.1).

However, the elasticity is also high in the basic metals industry and firms in

this industry have not reduced their use of fossil fuels. This can be explained

by the fact that there are not as many feasible alternatives to fossil fuels in

the production of basic metals compared to paper and pulp. Our estimated

elasticities of substitution are within the range of previous estimates in the

literature. Papageorgiou et al. (2017) find that the elasticity of substitution

between clean and dirty energy inputs is between 1.38 and 2.86 in the non-

energy sector. Jo (2024) finds that it is 3.32 in the manufacturing sector as

a whole but that there is considerable heterogeneity across 2-digit industries

with elasticities ranging from 2.44 to 5.12. Figure D1 in Appendix 1.D shows

that our estimates are robust to controlling for technical change related to CO2

mitigation.

1.5.3 Estimating elasticities of demand

To estimate the elasticities of demand, we use the following relationship im-

plied by the model,

Rikt

Cikt
=

σk

1−σk
, (1.33)

where Rikt is firm-level revenue and Cikt is firm-level variable costs. In par-

ticular, we compute median revenues over variable costs within each industry

and then use equation (1.33) to obtain an estimate of σk. Firm-level revenue

is directly observed in the data and firm-level variable cost is calculated as the

sum of expenditures on materials, wages, energy inputs, and variable capital

costs.29 We plot the estimates in Figure 1.9 together with bootstrapped stan-

28Tables D2 and D3 in Appendix 1.D present the first stage and reduced form estimates for
each industry.

29In calculating capital expenditures, we assume a real interest rate of 2% on the firms’ value
of tangible assets.
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Figure 1.9: Elasticity of substitution between fuels and elasticity of demand by
industry

Notes: The elasticities of substitution are estimated at the fuel-year level. There are 306 fuel-years in our
base sample. The number of fuel-year observations underlying the estimates varies by 2-digit industry and
is reported in Table D3. We estimate equation (1.32) in a two-sample IV procedure. We first estimate the
first-stage relationship between the log relative price and the log carbon tax for all industries. We then esti-
mate the reduced form relationship between the log relative production potentials and the log carbon tax for
each industry separately. Standard errors are bootstrapped and based on 200 replications with replacement.
The elasticities of demand are computed from the median revenue over total variable cost within 2-digit
industries in our base sample. Standard errors are bootstrapped and based on 200 replications with replace-
ment.

dard errors. The estimates range between 2.14 and 3.85 and are well within

the interval of previous estimates of demand elasticities in the manufacturing

sector (Broda & Weinstein, 2006; De Loecker, 2011).

As we discuss in Section 1.4, the relative magnitude of 1+θk and σk gov-

erns whether the benefit of using a fuel increases or decreases with other fuels.

If 1+ θk > σ , investing in new fuels decreases the marginal value of exist-

ing fuels in the firms’ fuel set and vice versa. Figure 1.9 shows that we have

1+ θk > σ in seven industries and 1+ θk < σ in twelve industries. In many

industries, however, the two elasticities lie close to each other, suggesting that

the decision to use one fuel is more or less independent of the decision to use

other fuels. Whether or not the elasticity of substitution is greater than the

elasticity of demand matters for how we apply Arkolakis et al. (2023)’s so-
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lution algorithm. However, it also matters for the effect of carbon pricing. If

1+θk > σ , a reduction in the production potentials of fossil fuels due to higher

carbon taxes increases the benefit of using alternative fuels. If 1+θk < σ , the

opposite is the case. Hence, industries with strong complementarities among

fuels (i.e. high σk relative to 1+θk) are likely to suffer more in terms of out-

put from an increase in the tax than industries with weak complementarities

among fuels.

1.5.4 Estimating fuel-specific investment costs

In the simulation of the model, we allow the fuel-specific investment costs

to vary across firms to account for the fact that the distribution of sales and

production capabilities do not perfectly overlap in the data. In particular, we

assume that the fixed costs are drawn from a lognormal distribution such that,

fi jk = eµ jk+µ
disp
k zi jk , ∀ j ̸= electricity, (1.34)

where zi jk is a random draw from a standard normal distribution. The scale

parameter, µ jk, is the mean of log fi jk while the dispersion parameter, µ
disp
k , is

the standard deviation. The fuel-specific scale parameter is consistent with the

large heterogeneity in the number of firms that use different fuels documented

in Table 1.1. The dispersion parameter is constant across fuels but can vary

across industries. Greater dispersion weakens the link between firm size and

production capability. We cannot identify the fixed cost of electricity, since all

firms use it, and set it to zero. This implies that the mass of active firms, Mk,

equals the mass of entrants, ME
k , in the simulation. Modeling fixed costs as

drawn from a lognormal distribution is standard in quantitative models of firm

behavior and ensures a positive support for the fixed costs (Eaton et al., 2011;

Tintelnot, 2017).

We use the simulated method of moments to estimate the following set of

parameters for each industry separately,

Θk = {B̃k,{µ jk},µdisp
k ,αk}, (1.35)

where B̃k = Bk/γ
σk−1
k is the market demand index normalized by the scalar

γ
σk−1
k , and αk is the Pareto shape parameter of the productivity distribution
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in equation (1.12). We follow Melitz and Redding (2015) and normalize the

lower bound of this distribution such that ϕ
k
= 1.

The estimation proceeds as follows. We first simulate 21,600 firms follow-

ing the simulation procedure in Antras et al. (2017). Each firm is characterized

by a productivity draw from a uniform distribution and a set of fixed costs

draws from a standard normal distribution. The set of scale parameters, {µ jk},

differs across industries since we assume that only fuels that are actually used

in an industry are available to firms. For a given guess of the set of parameters,

Θk, we invert the distribution of productivity draws into a Pareto distribution

and the distributions of fixed cost draws into lognormal distributions. We then

solve the combinatorial discrete choice problem in (1.21) for each simulated

firm by the method developed in Arkolakis et al. (2023). Finally, we compute

a vector of aggregate moments m̂(Θ) from the simulated firms and compare

them with the corresponding moments m in the actual data. The procedure

is iterated over different Θ to find the best match between the simulated and

actual moments.

Arkolakis et al. (2023)’s method to solve the firms’ problem can be used

both when fuels are substitutes (1+θk > σk) and complements (1+θk < σk)

at the extensive margin.30 The method is a set-valued mapping applied to the

firms’ choice space that iteratively eliminates non-optimal fuel sets from the

choice space. Specifically, the procedure successively updates two bounding

sets J and J, where J includes all fuels that must be part of the optimal fuel

set J∗ and J excludes all fuels that cannot be part of the optimal fuel set. The

procedure converges to a fixed point [JF ,J
F
] where JF ⊆ J∗ ⊆ J

F
. If JF =

J
F

, then the procedure has identified the fuel set that solves the firm’s profit

maximization problem. If JF ̸= J
F

, then the optimal fuel set can be identified

by comparing the firm’s profit from choosing among all the fuel combinations

that are not excluded by [JF ,J
F
]. Applying Arkolakis et al. (2023)’s method

significantly reduces the computational burden of solving the firms’ problem.31

We now describe the moments we use to estimate Θk. The first set of

moments is the share of firms with electricity spending and total fuel spending
30An alternative solution method to combinatorial discrete choice problems is developed in

Jia (2008). However, in our case, this method is only applicable in industries where fuels are
complements at the extensive margin.

31In the case where JF ̸= J
F , we further speed up the solution procedure by applying Arko-

lakis et al. (2023)’s branching procedure.
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below the median of these two variables in the data. We use these moments to

identify the scale parameter B̃k. The second set of moments is the share of firms

that use each fuel. We use these moments to identify the scale parameters in

the fixed costs distribution, {µ jk}. The third set of moments contains the share

of firms with both sales and production capability below the median, the share

of firms with both sales and production capability above the median, and the

share of firms with sales below the median and production capability above the

median. We use these three moments to identify the dispersion parameter in

the fixed costs distribution, µ
disp
k . The last moment is the standard deviation

in fuel spending and we use this moment to identify the shape parameter in

the productivity distribution, αk. We have selected the moments so that the

model matches the pattern of fuel consumption across firms, and not the sales

pattern, since our primary interest lies in understanding how fuel consumption

and CO2 emissions are affected by carbon taxes.32

For each moment r, we define the percent deviation between the moment

in the simulated data and the actual data,

d̂r(Θk) =
m̂r(Θk)−mr

mr
, (1.36)

and denote the vector of deviations as d̂(Θk). The deviations are in percent

since the moments are measured in different units. The simulated method of

moment estimator is based on the moment condition that E[d̂(Θ∗
k)] = 0 where

Θ∗
k is the true value of Θk. The vector of estimates is given by,

Θ̂k = argmin
Θk

[d̂r(Θk)
′Wd̂r(Θk)] (1.37)

where W is a weighting matrix. We choose the identity matrix as the weight-

ing matrix which means that each moment receives the same weight in the

estimation.

Figure 1.10 plots our estimates of the scale parameter B̃k, the fixed cost

dispersion parameter µ
disp
k , and the Pareto shape parameter αk, by industry. A

greater B̃k implies that firms use more energy on average. A greater µ
disp
k im-

plies more variability in the fixed costs across firms and consequently a weaker

32Achieving a good match on both the pattern of fuel consumption and sales would require
extending the model to include capital, labor, and materials in the production function.
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Figure 1.10: Market demand, Fixed cost dispersion, and Pareto shape parameters

Notes: The figure shows the simulated method of moments estimates of the market demand index, B̃k , the
fixed cost dispersion parameters, µ

disp
k , and the Pareto shape parameters, αk , by 2-digit industries. The

simulated method of moments estimator is based on 21,600 simulated firms within each 2-digit industry
and 2004 data moments in our base sample.

link between firm size and production capability. Finally, a smaller αk implies

higher variance in the energy distribution across firms. Our estimates of αk

range between 1.18 and 3.69 with a mean of 2.75 across industries. This can

be compared with Shapiro and Walker (2018)’s estimates of the Pareto shape

parameter based on US data. They find that it is equal to 5.14 on average across

industries, however, both the estimation and the interpretation of the estimates

differ from each other. They estimate αk by regressing the log sales rank of

firms on the firms’ log sales, exploiting the fact that the domestic sales distri-

bution is Pareto with shape parameter αk/(1−σk) in a standard Melitz (2003)

model. In our model, this fact is no longer true, since the sales distribution

also depends on the firms’ selection of fuel sets (Di Giovanni et al., 2011). To

come around this, we instead estimate αk internally via the simulated method

of moments. The interpretation is also different since we estimate αk such that

it is consistent with the distribution of fuel consumption in the data and not the

sales distribution. If we instead targeted the sales distribution, our estimates



56 CHAPTER 1. CARBON PRICING AND FUEL SWITCHING BY FIRMS

0

.2

.4

.6

Sh
ar

e 
of

 fi
rm

s

-4 -2 0 2 4 6
Log median fixed cost

Panel A

-6

-4

-2

0

2

Lo
g 

pr
od

uc
tio

n 
po

te
nt

ia
l

-4 -2 0 2 4 6
Log median fixed cost

Panel B

Figure 1.11: Log median fixed cost, share of firms, and log production potential

Notes: The figure plots the simulated method of moments estimates of the fuel-specific fixed cost scale
parameters, µ

disp
jk , against the share of firms that use each fuel in the data and the fuels’ log production

potentials. The observations are at the industry-fuel level. Fixed costs are expressed in millions SEK. The
simulated method of moments estimator is based on 21,600 simulated firms within each 2-digit industry
and 2004 data moments in our base sample.

of αk would be even lower, and the model would overestimate the variance in

fuel consumption across firms.

Figure 1.11 plots the estimates of the fixed cost scale parameters, µ jk.

These estimates represent the fuels’ log median fixed cost within industries.

Panel A shows the relationship between these estimates and the share of firms

that use each fuel in a given industry. The relationship is negative. Fewer

firms use fuels associated with high investment costs. Panel B shows the rela-

tionship between the median fixed costs and the fuels’ production potentials.

The correlation is slightly positive, suggesting that fuels with high produc-

tion potentials tend to be more costly to invest in. In terms of magnitude, the

estimates suggest that the median fixed cost of investing in fuel-specific tech-

nology ranges between 16,000 SEK and 329 million SEK with an average of

9.8 million SEK.33

33These magnitudes should be interpreted with caution since we do not target the sales
distribution in our estimation.
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Figure 1.12: Fit between model and data

Notes: Panel A plots the share of firms that use each fuel in the simulated data and the actual data in 2004.
Panel B plots the share of energy that is consumed from each fuel in the simulated data and the actual data.
The observations are at the industry-fuel level. The simulated method of moments estimator is based on
21,600 simulated firms within each 2-digit industry and 2004 data moments in our base sample.

1.5.5 Model fit

We now evaluate how well the estimated model can replicate both targeted and

untargeted moments in the actual data. We start with the moments we target in

the simulated method of moments estimator. Panel A in Figure 1.12 shows that

the model fits the share of firms that use each fuel almost perfectly. The corre-

lation between the simulated shares and the actual shares is 0.994. The feature

of the model that generates this fit is the fuel-specific fixed costs. Figure 1.13

shows that the estimated model manages to capture the other targeted moments

as well. The figure displays the average of each moment across industries in

both the simulated and the actual data. In the upper-left graph, we see that the

introduction of firm-specific fixed costs successfully breaks the monotonic re-

lationship between sales and production capability originally predicted by the

model. The upper-right graph shows that the estimation also generates a good

fit with respect to the median spending on electricity and total energy. Finally,

in the lower-left graph, we see that the estimated model is able to replicate the
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Figure 1.13: Fit between model and data

Notes: The upper-left graph plots the average shares of firms above/below median sales and median pro-
duction capability across industries in the simulated data and the actual data in 2004. The upper-right graph
plots the average shares of firms below median electricity and median total firm energy expenditures in the
data across industries in the simulated data and the actual data in 2004. The lower-left graph shows the
average standard deviation in total firm energy expenditures across industries in the simulated data and the
actual data in 2004. The lower-right graph shows the average mean production capability within the 1st,
2nd, 3rd, and 4th quarters of the sales distribution across industries in the simulated data and the actual data
in 2004.

standard deviation in energy spending across firms.

We next turn to three sets of moments that we do not target in the structural

estimation. The first is the share of aggregate energy that is consumed from

each fuel. The fit of these moments is displayed in Panel B of Figure 1.12. The

fit is reasonably good with a correlation of 0.928 between the simulated shares

and the actual shares. The second set of moments is the average production

capability in each quarter of the sales distribution. The lower-right graph in

Figure 1.13 shows that the model fits these moments well and captures the

pattern in the data that larger firms tend to choose better fuel sets. Finally, we

check how the model matches median CO2 emissions across industries. On

average, the model prediction is only 6% below the actual median. Together,

these checks suggest that our estimated model does a good job of describing

the pattern of fuel consumption in the data.
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1.6 Counterfactual analysis

We use the estimated model to analyze the general equilibrium effects of higher

carbon prices on fuel switching and how these effects matter for the aggregate

effects on CO2 emissions and output. The model is estimated based on 2004

data and therefore describes fuel consumption in the Swedish manufacturing

sector conditional on the carbon tax in 2004. In the counterfactual analysis,

we consider 10 increases in the level of the Swedish carbon tax. The total tax

increase equals the actual change in the Swedish carbon tax between 2004 and

2020. Parameters not affected by the tax are kept constant at their baseline

levels. The experiment thus evaluates how fossil CO2 emissions would have

changed in 2004 if the carbon tax increased to the level of 2020. The actual

evolution of emissions between 2004 and 2020 displayed in Figure 1.3 is likely

to have been affected by other factors such as technological change and fuel

prices. Another important difference is that a large part of actual CO2 emis-

sions was covered by the EU ETS from 2005 and onwards, while all emissions

are covered by the CO2 tax in the counterfactual simulations. Despite this, the

actual evolution of emissions still serves as a meaningful point of reference

when evaluating the counterfactual predictions.

1.6.1 Computing baseline and counterfactual general equilibria

The estimates in Section 1.5 allow us to solve for the remaining parameters

and aggregates characterizing the baseline equilibrium in the simulated model.

We use the free-entry condition in (1.26) to derive the fixed entry cost, fek, in

each industry. We then use equation (1.27), repeated here for convenience, to

solve for the mass of firms:

ME
k =

βk

(
wL̄+∑k ∑ j∈J τ jXk

j

)
σkw

[
fek +

∫
∞

ϕ̃k
∑ j∈J(ϕ) f jkdFk(ϕ)

] . (1.38)

where we use the sum of revenues within each 2-digit industry in 2004 in

our base sample to compute the numerator and the Cobb-Douglas expenditure

shares βk.34 With ME
k in hand, we can compute aggregate outcomes in the

34Figure E1 in Appendix 1.E displays our estimates of the fixed entry costs and consumer
expenditure shares by industry.
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baseline equilibrium, including aggregate tax incomes, ∑k ∑ j∈J τ jXk
j , which

we use to solve for the constant part, wL̄, in aggregate income.

The counterfactual equilibria are computed in six steps. First, we update

the production potential for each fuel that is affected by the tax. Denoting

the baseline production potential of fuel j by ξ j, the counterfactual production

potential is given by,

ξ
c
j =

(r j + τ j +∆τ j

r j + τ j

)−θk
ξ j. (1.39)

Second, we numerically solve for a new demand index, B̃k, such that the free-

entry condition is satisfied. Third, we solve the firms’ problem in each industry

given the new production potentials and market demand indices. Fourth, we

update the mass of firms in each industry using (1.38). Fifth, we compute

aggregate tax income across industries. Finally, we iterate steps four and five

until the vector {ME
k }k converges to a fixed point.

1.6.2 Counterfactual effects

Figure 1.14 shows the counterfactual effects of increasing the carbon tax on ag-

gregate emissions and output.35 The effect on emissions is decomposed into an

energy scale effect, an energy composition effect, a fuel switching effect, and a

firm entry and exit effect.36 Panel A documents that sector-wide emissions de-

cline by 56% when we increase the carbon tax to the 2020 level. About 30% of

this decline is accounted for by a decrease in aggregate energy use, about 20%

is accounted for by a reallocation of energy use across firms, and about 50% is

accounted for by within-firm fuel switching. Firm entry and exit do not play

an important role. The effect on aggregate output serves as a measure of the

cost of increasing the tax. In the manufacturing sector as a whole, aggregate

35Just as with the actual carbon tax, the fossil fuels peat, coke oven gas, and blast furnace
gas are exempted from the counterfactual tax increase.

36We use the following expression to decompose aggregate industry emissions in the model:

CO2k = ME
k Xk

(
∑

i
xieiδi

)
, (1.40)

where Xk is industry energy use (scale), xi is the share of energy used by firm i (composition),
ei is fossil emissions over energy use (fuel switching), and ME

k is the mass of firms (entry/exit).
δi is the weight assigned to firm i in the sampling of the simulated data.
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Figure 1.14: Decomposition of the counterfactual effects on fossil CO2 emis-
sions

Notes: The figure shows the general equilibrium effects of successively increasing the carbon tax (SEK /
tonne CO2) to the 2020 level relative to the baseline equilibrium. The decomposition of the effect on CO2
is based on equation (1.40). The scale effect represents the change in CO2 if we let aggregate energy use,
Xk , change. The scale + composition effect represents the change in CO2 if we let aggregate energy use, Xk ,
and the firms’ energy shares, xi, change. The scale + comp. + fuel switching effect represents the change in
CO2 if we let aggregate energy use, Xk , the firms’ energy shares, xi, and the firms’ fossil CO2 per energy,
ei, change. Finally, the scale + comp. + fuel switching effect + entry/exit effect represents the change in
CO2 if we let all variables change.

output decreases by about 15% when we increase the tax to the 2020 level.

We do not attempt to weigh the benefit of lower emissions against the cost of

lower output. Such normative analysis falls outside the scope of this paper and

would require that we specify how aggregate CO2 emissions enter the utility

function. However, we use the effect on output to compare the relative cost of

the tax across industries and model specifications.

The predicted change in sector-wide emissions resembles the actual change

in sector-wide emissions between 2004 and 2020 in Figure 1.3. However,

there are some differences worth highlighting. First, the predicted decline in

emissions is larger than the actual decline of 38%. This can be explained by

the fact that a large part of actual emissions were covered by the EU ETS after

2004 and subject to a smaller increase in the price of carbon over the sample

period. Second, the importance of compositional changes is somewhat smaller,
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and the importance of fuel switching is somewhat larger, in the counterfactual

decline of emissions compared to the actual decline. This does not necessarily

mean that the model over-predicts the fuel-switching response of firms. It

could also be explained by other time-varying factors that we do not consider

in the counterfactual analysis, such as uneven productivity growth across clean

and dirty firms.

Figure 1.14 also shows the decomposition of the counterfactual effects in

the basic metals industry, the paper and pulp industry, and the remaining in-

dustries, separately. The pattern is strikingly similar to the pattern in actual

emissions. The decline in emissions in the basic metals industry is almost

exclusively explained by a reduction in aggregate energy, while the decline

in the paper and pulp industry is mostly due to fuel switching. The fact that

the model is able to predict the pattern of emission reductions in these two

industries supports the validity of the model. Moreover, in the basic metals

industry, the counterfactual decline almost exactly matches the actual decline

of 25%. Most of this effect occurs at low levels of the carbon tax. In the paper

and pulp industry, the counterfactual decline is 98% while the actual decline

is 75%. Again, this can be explained by the fact that the dirtiest firms in this

industry are covered by the EU ETS and did not see the price of carbon exceed

500 SEK/tonne during the sample period. The analysis predicts that increasing

the carbon price above this level in the paper and pulp industry is effective in

reducing emissions further. Perhaps surprisingly, the cost of the tax increase

in terms of output is only slightly higher in the basic metals industry (9% de-

cline) relative to the paper and pulp industry (7% decline). The model sheds

light on why this is the case. Even though fuel switching does not have an

effect on aggregate fossil fuel emissions in the basic metals industry, firms do

adapt. In particular, they increase their relative use of coke oven gas and blast

furnace gas, two fossil fuels with high carbon contents that are exempted from

the Swedish carbon tax. These two fuels also have high production potentials,

which enable the firms to keep down marginal cost. Panel D shows that the

loss in output in the remaining industries is higher (16%). The counterfactual

decline in emissions is 65% in the remaining industries while it is 50% in the

actual data.

To understand what drives our results, we can unpack the aggregate ef-

fects on output and emissions further. In the upper-left graph of Figure 1.15,
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Figure 1.15: Unpacking the aggregate effects

Notes: The figure shows the general equilibrium effects of increasing the carbon tax to the 2020 level
relative to the baseline equilibrium. The graphs show the average percentage change within each percentile
of the productivity distribution for the entire manufacturing sector.

we display the average growth in output across the productivity distribution

when the carbon tax increases to the 2020 level. The graph shows that there

is a substantial degree of reallocation of output behind the aggregate decline

in output. Low productivity firms benefit from the tax hike and increase their

output, while firms above the 80th percentile reduce their output. Firms in the

99th percentile are the biggest losers and shrink their output by 16% on av-

erage. The reason why more productive firms are hit harder is that they tend

to use more fuels in general, and more fossil fuels in particular, compared to

less productive firms. It may seem puzzling that a large share of firms actually

increase their output as a response to the carbon tax. This is a general equi-

librium effect and is due to an increase in the industry price indices. In partial

equilibrium, holding constant the market demand indices Bk and the mass of

firms Mk, all percentiles experience a decline in output.

The rest of the graphs in Figure 1.15 unpack the components driving the

decline in sector-wide emissions. The scale component captures the change in

aggregate energy use. As displayed in the upper-right graph, the 15% decline
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Figure 1.16: Counterfactual average firm-level effects

Notes: The figure shows the general equilibrium effects of successively increasing the carbon tax (SEK /
tonne CO2) to the 2020 level relative to the baseline equilibrium. The firm-level averages are first computed
at the industry level and then weighted by the mass of firms in each industry. The effects are expressed in
differences between the counterfactual equilibrium and the baseline equilibrium.

in total energy is driven by a 68% decline in the demand for fossil fuels. The

demand for electricity and biofuels increases by 13% and 14%, respectively.

The composition component captures changes in the firms’ shares of aggregate

energy. In the lower-left graph, we display the average change in these shares

across the productivity distribution. Aggregate emissions decline via this chan-

nel due to reallocation of energy towards less productive firms. The intuition

is that these firms rely less on fossil fuels. Finally, in the lower-right graph, we

investigate whether the fuel-switching response differs across the productivity

distribution. The results show that the response is similar across firms with

different productivity levels but that high-productivity firms are slightly less

responsive in proportional terms. The reason for this is that very large firms

still find it profitable to bear the fixed costs of fossil fuels even after the tax

hike.

As a validity check for the counterfactual fuel-switching response, we as-

sess the average firm-level effects and compare them with our reduced-form

evidence. The results are displayed in Figure 1.16. We express the average ef-
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fects in differences between the counterfactual and baseline equilibria so that

they are in the same units as the reduced-form estimates. Panel B shows that

the predicted average effect on fossil CO2 per gigajoule is −7.14 when we

increase the tax to the 2020 level. This is lower than the 2020 point esti-

mate of −10.45 in the difference-in-differences analysis. The fuel switching

response per unit increase in the average carbon price is slightly higher in

the counterfactual analysis (−0.80) compared to the difference-in-differences

analysis (−0.52).37 However, the effects are not statistically different from

each other which speaks to the empirical relevance of our counterfactual pre-

dictions. Moreover, for an increase in the carbon price similar to that in the

difference-in-difference analysis, the difference in the fuel switching response

would diminish since the counterfactual effect tapers off, suggesting that it

becomes harder and harder to abate emissions.

Panel C in Figure 1.16 displays the effect on the share of electricity, biofu-

els, and fossil fuels in the firms’ fuel mix. The effects are similar to the point

estimates in the difference-in-difference analysis. On average, firms respond

to higher carbon taxes by replacing fossil fuels with electricity. Consistent

with the reduced-form evidence in Table 1.3, the model also predicts that firms

respond at the extensive margin by dropping fossil fuels.

1.6.3 Heterogeneous effects across industries

The counterfactual effects on emissions and output vary substantially across

industries. To understand what drives this heterogeneity, Figure 1.17 shows

the effects on output and CO2 emissions by industry under different model

specifications. The upper-left graph shows the effects in our baseline model

where heterogeneity may come from differences in any of the industry-specific

parameters: the elasticity of substitution between fuels, the price elasticity of

demand, the fuels’ production potentials, the market demand index, and the

parameters governing the fixed cost distribution and the productivity distribu-

tion.

The rest of the graphs in Figure 1.17 show how the effects are altered when

we remove these sources of heterogeneity. The upper-right graph shows the

37We calculate these effects as the ratio between the 2020 effects on fossil CO2 per gigajoule
and the predicted CO2 price in Figure 1.16 and Figure 1.6, respectively.
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Figure 1.17: Effects of higher carbon tax under different model specifications by
industry

Notes: The figure shows the general equilibrium effects of increasing the carbon tax to the 2020 level
relative to the baseline equilibrium. Panel A shows the effects on aggregate output and fossil CO2 emissions
by industry in the baseline model. Panel B shows the effects in a model where we set 1+θk and σk to the
average values of these parameters across industries. Panel C shows the effects when we also set the fuels’
production potentials to the average values across industries, but let the availability of fuels to differ across
industries. Panel D shows the effects when all industry-specific parameters are set to the average values
across industries, and the only source of heterogeneity is the availability of fuels.

effects when we impose that the elasticity of substitution and the elasticity of

demand are common across industries. The lower-left graph shows the effects

when we, in addition, impose that the fuels’ production potentials are common

across industries. Finally, the lower-right graph shows the effects when all

parameters are common across industries and the only source of heterogeneity

is the set of available fuels to choose from.

In the baseline model, all industries except basic metals, chemicals, and

repair and installation reduce their emissions by over 80% when the carbon

tax increases to the 2020 level. However, the decline in output associated

with these emissions reductions varies significantly across industries. The two
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Figure 1.18: Determinants of the effectiveness of carbon pricing

Notes: The figure shows the general equilibrium effects of increasing the carbon tax to the 2020 level
relative to the baseline equilibrium. On the y-axis, we have the percentage change in fossil CO2 over the
percentage change in output. On the x-axis in Panel A, we have the elasticity of substitution between fuels.
On the x-axis in Panel B, we have the sum of production potentials among fossil fuels over the sum of
production potentials among non-fossil fuels.

industries that are most adversely affected are the textiles industry and the

non-metallic mineral products industry with over 40% reductions in output.

We have sorted the industries by their elasticities of substitution between fuels.

Inspection reveals that carbon pricing tends to be less effective and more costly
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in industries with lower elasticities of substitution.

When we remove differences in the elasticity of substitution, the effects on

emissions and output become more similar across industries, though consid-

erable heterogeneity persists. When we in addition remove differences in the

fuels’ production potentials across industries, the effects on emissions and out-

put converge considerably, with only modest heterogeneity remaining. Finally,

in the model where only the sets of available fuels differ across industries, the

effects on emissions and output are almost identical across industries. How-

ever, carbon pricing remains less effective in the basic metals industry and the

chemicals industry which can be explained by the availability of non-taxed

fossil fuels in these industries.38

Figure 1.17 shows that the main factors explaining heterogeneous responses

across industries are the elasticities of substitution between fuels and the fu-

els’ production potentials. In Figure 1.18, we relate these two factors to the

efficacy of carbon pricing, which we measure as the percentage decline in in-

dustry emissions per percentage decline in industry output. Panel A shows that

the efficacy of carbon pricing increases in the elasticity of substitution while

Panel B shows that the efficacy decreases in the relative efficiency of fossil

fuels. The efficacy is high in industries such as the paper and pulp industry

where it is easy to substitute between fuels and where efficient alternatives to

fossil fuels exist. The efficacy is significantly lower in industries such as the

basic metals, cement, and chemicals industries where either fuel substitution

is difficult or renewable energy sources are inefficient.

1.7 Conclusion

The effects of carbon pricing on emissions and output depend on firms’ abil-

ities to replace fossil fuels in production and on market share reallocation to-

ward firms that use cleaner fuels. We use detailed data on firm-level fuel use

in the Swedish manufacturing sector and develop a structural model of firms’

fuel choices to quantify these transmission channels.

We first show in a statistical decomposition that both firm-level fuel switch-

38Coke oven gas, blast furnace gas, and peat are exempted from the tax. Figure 1.7 shows
that the two former are available in the basic metals industry and the latter is available in the
chemicals industry.
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ing and reallocation toward firms that use cleaner fuels have been important for

the decline in emissions in the Swedish manufacturing sector. We then show

in a reduced-form analysis of the Swedish carbon tax, which has increased by

more than 500% over the last two decades, that firms have switched away from

fossil fuels in response to higher carbon prices. Finally, we estimate our model

and quantify the equilibrium effects of carbon pricing on emissions and out-

put, accounting for firm-level fuel adjustments and market share reallocation,

while holding the economy’s overall technology constant.

We find that higher carbon prices effectively reduce manufacturing emis-

sions and that fuel switching explains about half of this effect. We also find

that higher carbon prices reduce emissions by market share reallocation to-

ward cleaner firms. However, this reallocation amplifies the adverse effect on

output. More productive firms tend to rely more heavily on fossil fuels and

therefore experience relatively larger increases in their marginal costs. This

result highlights that gains in environmental efficiency may come at a cost to

economic efficiency. Finally, we find that the effects of higher carbon prices

on output vary significantly across industries. This heterogeneity is driven by

technological differences in the efficiency of non-fossil fuels and the overall

substitutability between fuels. In industries such as paper and pulp, where

firms can replace fossil fuels with efficient biofuels, output losses are limited.

In industries such as non-metallic minerals, where the advantage of using fossil

fuels is relatively large, output losses are substantial.

Our findings have policy relevance and point to the importance of tailoring

carbon policies to the specific conditions of each industry. In industries where

it is difficult to replace fossil fuels in production, carbon pricing should be im-

plemented with care to minimize output losses and reduce the risk of carbon

leakage. Clean technology subsidies, R&D investments, and carbon border

adjustments are particularly valuable in such industries. More broadly, our re-

sults show that carbon pricing leads to a surge in the aggregate demand for

electricity and biofuels. It may therefore be critical to accompany carbon pric-

ing with public investments in renewable energy production to avoid capacity

constraints and facilitate fuel switching.
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Appendices

Appendix 1.A Data

1.A.1 Additional tables and figures

Appendix Table A1: Firm size and fuel-switching

Dependent variable: log sales (1)

Added fuel 0.26∗∗∗

(0.02)
Dropped fuel -0.20∗∗∗

(0.02)
Lagged number of fuels 0.41∗∗∗

(0.02)

Observations 90,666

Notes: The sample contains 90,666 firm-year observations over the years 2004-2020. All regressions in-
clude 2-digit industry fixed effects and year fixed effects. Standard errors are clustered by firms.
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Appendix 1.B Empirical analysis

1.B.1 Derivation of statistical decomposition

Assume a fixed set of plants. Aggregate emissions is then equal to,

E = ∑
i

Ei = Z ∑
i

Zi

Z
Ei

Zi
= Z ∑

i
ziei,

where E is aggregate emissions, Ei is emissions from plant i, Z is aggregate
energy and Zi is energy from plant i. Taking logs of this expression gives,

logE = logZ + log
[
∑

i
ziei

]
.

The partial derivatives with respect to the arguments (Z,zi,ei) are,

∂ logE
∂Z

=
1
Z

∂ logE
∂ zi

=
ei

∑i ziei

∂ logE
∂ei

=
zi

∑i ziei
.

Total differentiation with respect to the arguments (Z,zi,ei) yields,

d logE =
∂ logE

∂Z
dZ +∑

i

∂ logE
∂ zi

dzi +∑
i

∂ logE
∂ei

dei

Substituting in the partial derivatives gives,

d logE =
dZ
Z

+∑
i

ei

∑i ziei
dzi +∑

i

zi

∑i ziei
dei.

Rearranging gives the decomposition in (1.2):
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1.B.2 Statistical decomposition: additional figures
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Appendix Figure B1: Decomposition of aggregate fossil CO2 emissions

Notes: The decomposition is based on plant-year observations in our base sample of 90,666 firm-year
observations over the years 2004-2020. The (scale), (scale + composition), and (scale + comp. + fuel
switching) lines are based on balanced samples. The balanced sample in Panel A contains 39,236 plant-
year observations. The balanced sample in Panel B contains 1,666 plant-year observations. The balanced
sample in Panel C contains 1,887 plant-year observations. The balanced sample in Panel D contains 35,683
plant-year observations. The balanced sample of plants in Panel A covers 92% of total fossil CO2 emissions
between 2004 and 2020 in the full sample of plants.
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1.B.3 The Swedish carbon tax and fuel switching: additional re-
sults and robustness checks

Shift-share IV analysis

Appendix Table B1: Shift-share IV analysis: First stage and reduced form

CO2 tax
(1)

Fossil CO2 / Energy
(2)

Fossil fuel share
(3)

Electricity share
(4)

Biofuel share
(5)

# fossil fuels
(6)

Predicted CO2 tax -0.320∗∗∗ -0.295∗∗∗ -0.004∗∗∗ 0.002∗∗∗ 0.002∗∗∗ -0.003∗

(0.023) (0.022) (0.000) (0.000) (0.000) (0.001)

Fossil fuel price -0.002 -0.004 -0.000 -0.000 0.000∗ -0.000
(0.005) (0.006) (0.000) (0.000) (0.000) (0.000)

Non-fossil fuel price 0.003 0.045∗∗∗ 0.001∗∗∗ -0.001∗∗∗ 0.001∗∗∗ 0.001
(0.008) (0.010) (0.000) (0.000) (0.000) (0.001)

CO2 mitigation patents 0.003∗∗ 0.007∗∗∗ 0.000∗∗∗ -0.000∗∗∗ -0.000 0.000
(Fossil fuel technology) (0.002) (0.001) (0.000) (0.000) (0.000) (0.000)

CO2 mitigation patents 0.007 -0.045∗∗∗ -0.001∗∗∗ 0.001∗∗∗ 0.001∗∗ 0.000
(Non-fossil fuel technology) (0.004) (0.006) (0.000) (0.000) (0.000) (0.000)

Observations 48,715 48,715 48,715 48,715 48,715 48,715

Firm FE Yes Yes Yes Yes Yes Yes

Industry-year FE Yes Yes Yes Yes Yes Yes

Notes: The base sample is an unbalanced panel of 90,666 firm-year observations over the years 2004-2020.
The estimation sample of the shift-share IV analysis is confined to firms that have not been part of the EU
ETS nor faced any tax exemptions over the sample period. It is also confined to firms that use non-zero taxed
fuels in the pre-sample year, implying that the instrument is non-zero for all observations in the estimation
sample. Finally, the estimation sample drops the first (pre-sample) year for all observations. The inclusion
of firm fixed effects also removes singletons from the estimation sample. Standard errors are clustered at
the firm level.
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Appendix Table B2: Shift-share IV analysis: Full sample

Fossil CO2 / Energy
(1)

Fossil fuel share
(2)

Electricity share
(3)

Biofuel share
(4)

# fossil fuels
(5)

CO2 tax -0.905∗∗∗ -0.012∗∗∗ 0.008∗∗∗ 0.004∗∗∗ -0.024∗∗∗

(0.090) (0.001) (0.001) (0.001) (0.004)

Fossil fuel price -0.021∗∗ -0.000∗∗ 0.000∗ 0.000∗∗∗ -0.001∗∗

(0.009) (0.000) (0.000) (0.000) (0.000)

Non-fossil fuel price 0.087∗∗∗ 0.001∗∗∗ -0.002∗∗∗ 0.000∗∗∗ 0.004∗∗∗

(0.010) (0.000) (0.000) (0.000) (0.001)

CO2 mitigation patents 0.004∗ 0.000∗ -0.000∗∗∗ 0.000 0.000
(Fossil fuel technology) (0.002) (0.000) (0.000) (0.000) (0.000)

CO2 mitigation patents -0.033∗∗∗ -0.000∗∗∗ 0.000∗∗∗ 0.000∗ -0.001∗∗∗

(Non-fossil fuel technology) (0.008) (0.000) (0.000) (0.000) (0.000)

Observations 77,095 77,095 77,095 77,095 77,095

First-stage F-statistic 352 352 352 352 352

Firm FE Yes Yes Yes Yes Yes

Industry-year FE Yes Yes Yes Yes Yes

Notes: The base sample is an unbalanced panel of 90,666 firm-year observations over the years 2004-2020.
The estimation sample in this table drops the first (pre-sample) year for all observations. The inclusion of
firm fixed effects also removes singletons from the estimation sample. Standard errors are clustered at the
firm level. The first stage F-statistic is the Kleibergen-Paap F-statistic.

Appendix Table B3: Shift-share IV analysis: Balanced panel

Fossil CO2 / Energy
(1)

Fossil fuel share
(2)

Electricity share
(3)

Biofuel share
(4)

# fossil fuels
(5)

CO2 tax -0.904∗∗∗ -0.011∗∗∗ 0.007∗∗∗ 0.005∗∗∗ -0.005
(0.186) (0.002) (0.002) (0.001) (0.008)

Fossil fuel price -0.012 -0.000 0.000 0.000 -0.000
(0.016) (0.000) (0.000) (0.000) (0.000)

Non-fossil fuel price 0.070∗∗∗ 0.001∗∗∗ -0.001∗∗∗ 0.000 0.001
(0.022) (0.000) (0.000) (0.000) (0.001)

CO2 mitigation patents 0.012∗∗ 0.000∗∗ -0.000∗∗ -0.000∗ 0.000
(Fossil fuel technology) (0.005) (0.000) (0.000) (0.000) (0.000)

CO2 mitigation patents -0.036∗∗∗ -0.000∗∗∗ 0.001∗∗∗ -0.000 -0.001
(Non-fossil fuel technology) (0.011) (0.000) (0.000) (0.000) (0.001)

Observations 19,408 19,408 19,408 19,408 19,408

First-stage F-statistic 82 82 82 82 82

Firm FE Yes Yes Yes Yes Yes

Industry-year FE Yes Yes Yes Yes Yes

Notes: The base sample is an unbalanced panel of 90,666 firm-year observations over the years 2004-2020.
The estimation sample in this table is confined to firms that have not been part of the EU ETS nor faced
any tax exemptions over the sample period. It is also confined to firms that use non-zero taxed fuels in the
pre-sample year, implying that the instrument is non-zero for all observations in the estimation sample. The
estimation sample drops the first (pre-sample) year for all observations. Finally, the estimation sample is
confined to firms that are observed each year between 2004 and 2020. Standard errors are clustered at the
firm-level. The first stage F-statistic is the Kleibergen-Paap F-statistic.
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Appendix Table B4: Shift-share IV analysis: Balanced panel and multiple in-
struments

Fossil CO2 / Energy
(1)

Fossil fuel share
(2)

Electricity share
(3)

Biofuel share
(4)

# fossil fuels
(5)

CO2 tax -0.276∗ -0.004∗ 0.002 0.001 0.002
(0.142) (0.002) (0.002) (0.001) (0.007)

First lag CO2 tax -0.363∗ -0.004 0.002 0.003∗∗ -0.011
(0.205) (0.003) (0.002) (0.001) (0.009)

Second lag CO2 tax -0.371∗∗∗ -0.005∗∗∗ 0.004∗∗∗ 0.001 -0.007
(0.116) (0.002) (0.001) (0.001) (0.006)

Fossil fuel price 0.005 0.000 -0.000 0.000 0.000
(0.015) (0.000) (0.000) (0.000) (0.001)

Non-fossil fuel price 0.041 0.001∗∗ -0.001∗∗ 0.000 0.001
(0.025) (0.000) (0.000) (0.000) (0.001)

CO2 mitigation patents 0.013∗∗ 0.000∗∗ -0.000 -0.000∗∗ -0.000
(Fossil fuel technology) (0.006) (0.000) (0.000) (0.000) (0.000)

CO2 mitigation patents -0.041∗∗∗ -0.001∗∗∗ 0.001∗∗∗ 0.000 -0.001
(Non-fossil fuel technology) (0.010) (0.000) (0.000) (0.000) (0.001)

Observations 16,982 16,982 16,982 16,982 16,982

First-stage F-statistic 21 21 21 21 21

Firm FE Yes Yes Yes Yes Yes

Industry-year FE Yes Yes Yes Yes Yes

Notes: The base sample is an unbalanced panel of 90,666 firm-year observations over the years 2004-2020.
The estimation sample in this table is confined to firms that have not been part of the EU ETS nor faced
any tax exemptions over the sample period. It is also confined to firms that use non-zero taxed fuels in the
pre-sample year, implying that the instrument is non-zero for all observations in the estimation sample. The
estimation sample drops the first (pre-sample) year for all observations. Finally, the estimation sample is
confined to firms that are observed each year between 2004 and 2020. The inclusion of the first and second
lag of the average carbon tax also removes the years 2005 and 2006 from the estimation sample. Standard
errors are clustered at the firm level. The first stage F-statistic is the Kleibergen-Paap F-statistic.
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Appendix Table B5: Shift-share IV analysis: Balanced panel and first-
differenced estimator

Fossil CO2 / Energy
(1)

Fossil fuel share
(2)

Electricity share
(3)

Biofuel share
(4)

# fossil fuels
(5)

CO2 tax -0.477∗∗∗ -0.006∗∗∗ 0.004∗∗∗ 0.002∗∗∗ -0.006
(0.114) (0.002) (0.001) (0.001) (0.006)

Fossil fuel price -0.018∗∗ -0.000∗∗ 0.000∗ 0.000∗∗∗ 0.000
(0.007) (0.000) (0.000) (0.000) (0.000)

Non-fossil fuel price 0.029∗∗ 0.000∗∗ -0.001∗∗∗ 0.000 -0.001
(0.014) (0.000) (0.000) (0.000) (0.001)

CO2 mitigation patents 0.002 0.000 -0.000 0.000 -0.000
(Fossil fuel technology) (0.002) (0.000) (0.000) (0.000) (0.000)

CO2 mitigation patents -0.013∗ -0.000 0.000 0.000 0.001
(Non-fossil fuel technology) (0.007) (0.000) (0.000) (0.000) (0.001)

Observations 18,195 18,195 18,195 18,195 18,195

First-stage F-statistic 160 160 160 160 160

Firm FE No No No No No

Industry-year FE Yes Yes Yes Yes Yes

Notes: The base sample is an unbalanced panel of 90,666 firm-year observations over the years 2004-2020.
The estimation sample in this table is confined to firms that have not been part of the EU ETS nor faced
any tax exemptions over the sample period. It is also confined to firms that use non-zero taxed fuels in the
pre-sample year, implying that the instrument is non-zero for all observations in the estimation sample. The
estimation sample drops the first (pre-sample) year for all observations. Finally, the estimation sample is
confined to firms that are observed each year between 2004 and 2020. The first-differenced estimator also
removes the year 2005 from the estimation sample. Standard errors are clustered at the firm level. The first
stage F-statistic is the Kleibergen-Paap F-statistic.
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Appendix Table B6: Shift-share IV analysis: Rotemberg weights associated
with first-differenced estimator and balanced sample

Panel A: Negative and positive weights

Sum Mean Share

Negative -0.109 -0.003 0.089

Positive 1.109 0.023 0.911

Panel B: Correlations

α̂kt gkt β̂kt

α̂kt 1

gkt 0.539 1

β̂kt -0.052 -0.062 1

Panel C: Top 5 Rotemberg weight fuels

α̂k = ∑t α̂kt gk = ∑t
α̂kt
α̂k

gkt β̂k = ∑t
α̂kt
α̂k

β̂kt 95% CI F-stat

Light fuel oil 0.30 20.06 - 0.98 [-1.88,-0.09] 6.21

Diesel 0.29 20.31 -0.02 [-0.35,0.30] 23.21

LPG 0.14 17.69 -0.17 [-0.82, 0.48] 5.73

Natural gas 0.13 16.48 0.01 [-0.70, 0.71] 4.62

Gasoline 0.09 18.12 -0.20 [-1.15,0.30] 3.16

Panel D: Top 5 Rotemberg weight years

α̂t = ∑k α̂kt gt = ∑k
α̂kt
α̂t

gkt β̂t = ∑k
α̂kt
α̂t

β̂kt

2015 0.46 21.29 -0.27

2016 0.38 18.92 -0.45

2011 0.13 6.76 -0.64

2018 0.06 20.00 -0.40

2007 0.002 0.68 -6.77

Notes: The base sample is an unbalanced panel of 90,666 firm-year observations over the years 2004-2020.
The estimation sample in this table is confined to firms that have not been part of the EU ETS nor faced
any tax exemptions over the sample period. It is also confined to firms that use non-zero taxed fuels in the
pre-sample year, implying that the instrument is non-zero for all observations in the estimation sample. The
estimation sample drops the first (pre-sample) year for all observations. Finally, the estimation sample is
confined to firms that are observed each year between 2004 and 2020. The first-differenced estimator also
removes the year 2005 from the estimation sample. The Rotemberg weights are calculated based on the
decomposition of the shift-share estimator in Goldsmith-Pinkham et al. (2020). Panel A reports the sum and
share of positive and negative Rotemberg weights. Panel B reports the correlation between the Rotemberg
weights associated with each fuel-year, α̂ jt , the change in the carbon tax, g jt = τ jt − τ jt−1, and the just-
identified coefficient estimates, β̂ jt , using fuel shares interacted with time fixed effects as instruments. Panel
C reports the top five fuels based on the Rotemberg weights, the associated IV estimates, the 95% confidence
intervals, and the first-stage F statistic. Panel D reports the top five years based on the Rotemberg weights.
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Appendix Table B7: Shift-share IV analysis: Placebo effect on EU ETS firms
post 2010

Fossil CO2 / Energy
(1)

Fossil fuel share
(2)

Electricity share
(3)

Biofuel share
(4)

# fossil fuels
(5)

Predicted CO2 tax -0.047 -0.000 0.000 0.000 -0.002
(0.054) (0.001) (0.001) (0.001) (0.008)

Fossil fuel price 0.015 0.000 0.000 -0.000 -0.002
(0.020) (0.000) (0.000) (0.000) (0.002)

Non-fossil fuel price -0.024 -0.000 -0.000 0.001 0.004
(0.027) (0.000) (0.000) (0.001) (0.004)

CO2 mitigation patents 0.006∗ 0.000 -0.000 0.000 0.001
(Fossil fuel technology) (0.004) (0.000) (0.000) (0.000) (0.000)

CO2 mitigation patents 0.020 -0.000 -0.000 -0.000 -0.000
(Non-fossil fuel technology) (0.024) (0.000) (0.000) (0.000) (0.002)

Observations 867 867 867 867 867

Firm FE Yes Yes Yes Yes Yes

Industry-year FE Yes Yes Yes Yes Yes

Notes: The base sample is an unbalanced panel of 90,666 firm-year observations over the years 2004-2020.
The estimation sample cover the sample period 2011-2020 and only contain firms covered by the EU ETS.
The inclusion of firm fixed effects also removes singletons from the estimation sample. EU ETS firms were
completely exempted from the national CO2 tax. The predicted CO2 tax is based on the firms’ fuel shares
in a pre-sample year and the fuels’ national carbon tax per gigajoule between 2011 and 2020. Standard
errors are clustered at the firm level.
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Matched difference-in-differences analysis
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Appendix Figure B2: Matched difference-in-differences: Balance check before
and after matching procedure

Notes: The pre-match sample in this figure contains a balanced panel of 27,060 observations over the years
2011-2020. The post-match sample in this figure is the matched difference-in-differences estimation sample
containing 980 observations over the years 2011-2020. The figure shows the density of firms in 2011 for
each variable. The 1:1 matching procedure matched EU ETS firms with non-EU ETS firms based on the
firms’ fossil CO2 intensity, defined as taxed CO2 over revenue, within each 2-digit NACE industry.
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Appendix Figure B3: Matched difference-in-differences: Biofuel share and
number of fossil fuels

Notes: The matched difference-in-differences estimation sample contains 980 firm-year observations over
the years 2011-2020. The figure shows the point estimates and 95% confidence intervals when we run the
regression in (1.5) on the firms’ biofuel share and number of fossil fuels.
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Appendix Figure B4: Matched difference-in-differences robustness check: No
control variables

Notes: The matched difference-in-differences estimation sample contains 980 firm-year observations over
the years 2011-2020. The figure shows the point estimates and 95% confidence intervals when we run
the regression in (1.5) without controlling for fuel prices and our proxy for fuel-biased technical change.
Standard errors are clustered by firms. Standard errors are clustered by firms.
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Appendix Figure B5: Matched difference-in-differences robustness check:
Leave-one-match out from the estimation sample

Notes: The matched difference-in-differences estimation sample contains 980 firm-year observations over
the years 2011-2020. The figure shows the baseline estimates from Figure 1.5 together with the 1st and 99th
percentiles of the estimates in each year when we systematically leave one match out from the estimation
sample. There are 49 1:1 matches between EU ETS firms and non-EU ETS firms so the 1st percentile and
99th percentile are effectively the minimum and maximum estimate in each year.
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Appendix Figure B6: Matched difference-in-differences robustness check:
Placebo estimates of randomized treatment

Notes: The matched difference-in-differences estimation sample contains 980 firm-year observations over
the years 2011-2020. The figure shows the baseline estimates from Figure 1.5 together with placebo es-
timates when we randomize treatment status among firm-years in the estimation sample. We randomize
treatment status 200 times and plot the mean, the 1st percentile, and the 99th percentile of the placebo
estimates in each year.
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Appendix 1.C Model

1.C.1 Preferences

Deriving the firm’s demand function

The consumer problem is:

max
{qk(ω)}Ωk

Qk =
(∫

ω∈Ωk

qk(ω)
σk−1

σk dω

) σk
σk−1

,

s.t. Ek =
∫

ω∈Ωk

pk(ω)qk(ω)dω,

The Lagrangian can be written as:

L=
∫

ω∈Ωk

qk(ω)
σk−1

σk dω +λ

[
Ek −

∫
ω∈Ωk

pk(ω)qk(ω)dω

]
The FOC is:

σk −1
σk

qk(ω)
− 1

σk = λ pk(ω)

⇐⇒ qk(ω) =
[

σk

σk −1

]−σk
λ
−σk p(ω)−σk

Divide with the FOC for qk(ω
′) to obtain,

qk(ω)

qk(ω ′)
=
[ pk(ω)

pk(ω ′)

]−σk

⇐⇒ pk(ω)qk(ω) = pk(ω
′)σk qk(ω

′)pk(ω)1−σk

⇐⇒
∫

ω∈Ωk

pk(ω)qk(ω)dω = pk(ω
′)σk qk(ω

′)
∫

ω∈Ωk

pk(ω)1−σk dω

⇐⇒ Ek = pk(ω
′)σk qk(ω

′)
∫

ω∈Ωk

pk(ω)1−σk dω

It follows that,

qk(ω) =
Ek pk(ω)−σk∫

ω∈Ωk
pk(ω)1−σk dω

=
Ek pk(ω)−σk

P1−σk
k

where Pk =
(∫

ω∈Ωk
pk(ω)1−σk dω

) 1
1−σk .
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1.C.2 The firm’s problem

Deriving the unit cost distribution for each fuel

The distribution of unit costs across the firm’s inputs v ∈ [0,1] for fuel j
is derived by substituting z j(v,ϕ) = (r j + τ j)a j(v,ϕ) into the distribution of
1/a j(v,ϕ):

P
[ 1

a j(v,ϕ)
≤ a

]
= e−Tjka−θk

⇐⇒ P
[ r j + τ j

z j(v,ϕ)
≤ a

]
= e−Tjka−θk

⇐⇒ P
[ r j + τ j

a
≤ z j(v,ϕ)

]
= e−Tjka−θk

⇐⇒ P
[
z j(v,ϕ)≤

r j + τ j

a

]
= 1− e−Tjka−θk

Define z = r j+τ j
a , then the distribution of unit costs for fuel j is given by,

G jk(z) = P
[
z j(v,ϕ)≤ z

]
= 1− e

−Tjk

(
r j+τ j

z

)−θk

.

Deriving the minimum unit cost distribution

The distribution of the minimum unit cost, z(v,ϕ;J(ϕ)) = min j∈J(ϕ)

{
(r j +

τ j)a j(v,ϕ)
}

, across the firm’s inputs is derived as follows,

Gk(z;J(ϕ)) = P
[
z(v,ϕ;J(ϕ))≤ z

]
= 1− ∏

j∈J(ϕ)

[
1−P

[
z j(v,ϕ)≤ z

]]

= 1− ∏
j∈J(ϕ)

e
−Tjk

(
r j+τ j

z

)−θk

= 1− e−zθk ∑ j∈J(ϕ) Tjk(r j+τ j)
−θk

.
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Deriving the probability that fuel j is the lowest cost alternative

The probability that a fuel j ∈ J(ϕ) is the cheapest alternative to produce an
input is derived as follows,

Ψ jk(ϕ;J(ϕ)) = P
[
z j(v,ϕ) = min

s∈J(ϕ)
{zs(v,ϕ)}

]
=

∫
∞

0
∏

s∈J(ϕ),s ̸= j
[1−Gsk(z)]dG jk(z)

=
∫

∞

0
∏

s∈J(ϕ),s ̸= j
e−Tsk(rs+τs)

−θk zθk dG jk(z)

=
∫

∞

0
∏

s∈J(ϕ),s ̸= j
e−Tsk(rs+τs)

−θk zθk g jk(z)dz

=
∫

∞

0
e−∑s∈J(ϕ),s̸= j Tsk(rs+τs)

−θk zθk e−Tjk(r j+τ j)
−θk zθk

θkzθk−1Tjk(r j + τ j)
−θk dz

=
∫

∞

0
e−∑s∈J(ϕ) Tsk(rs+τs)

−θk zθk
θkzθk−1Tjk(r j + τ j)

−θk dz

=
[
− e−∑s Tsk(rs+τs)

−θk zθk Tjk(r j + τ j)
−θk

∑s∈J(ϕ) Tsk(rs + τs)−θk

]∞

0

=
Tjk(r j + τ j)

−θk

∑s∈J(ϕ) Tsk(rs + τs)−θk
.

Deriving the minimum unit cost distribution conditional on fuel j being
the lowest cost alternative

The distribution of the minimum unit cost across inputs conditional on fuel j
being the lowest cost alternative is given by,

P
[
z(v,ϕ;J(ϕ))≤ z

∣∣∣z j(v,ϕ) = min
s∈J(ϕ)

{zs(v,ϕ)}
]

=
P
[
z j(v,ϕ)≤ z,z j(v,ϕ)≤ zs(v,ϕ)∀s ∈ J(ϕ)

]
P
[
z j(v,ϕ) = mins∈J(ϕ){zs(v,ϕ)}

]
We show above that the probability in the denominator is equal to,

P
[
z j(v,ϕ) = min

s∈J(ϕ)
{zs(v,ϕ)}

]
= Ψ jk(ϕ;J(ϕ)).
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Suppose for simplicity that z j(v,ϕ) is a discrete random variable that can take
on the values {1,2,3}. Suppose also that z = 2. The numerator is then,

P
[
z j(v,ϕ)≤ z,z j(v,ϕ)< zs(v,ϕ)∀s ∈ J(ϕ)

]
= P[z j(v,ϕ) = 1]∏

s ̸= j
P[zs(v,ϕ)> 1]

+P[z j(v,ϕ) = 2]∏
s̸= j

P[zs(v,ϕ)> 2]

With a continuous random variable with lower bound 0, the corresponding
expression is,

P
[
z j(v,ϕ)≤ z,z j(v,ϕ)< zs(v,ϕ)∀s ∈ J(ϕ)

]
=

∫ z

0
g jk(q) ∏

s∈J(ϕ),s ̸= j
P[zs(v,ϕ)> q]dq

=
∫ z

0
g jk(q) ∏

s∈J(ϕ),s ̸= j
[1−Gsk(q)]dq.

Now note that,

g jk(q) = θkqθk−1Tjk(r j + τ j)
−θk exp

[
−Tjk(r j + τ j)

−θk qθk
]

1−Gsk(q) = exp
[
−Tsk(rs + τs)

−θk qθk
]

Substituting these into the probability above yields,∫ z

0
g jk(q) ∏

s∈J(ϕ),s ̸= j
[1−Gsk(q)]dq

=
∫ z

0
θkqθk−1Tjk(r j + τ j)

−θk exp
[
−Tjk(r j + τ j)

−θk qθk
]

∏
s∈J(ϕ),s̸= j

exp
[
−Tsk(rs + τs)

−θk qθk
]
dq

=
∫ z

0
θkqθk−1Tjk(r j + τ j)

−θk ∏
s∈J(ϕ)

exp
[
−Tsk(rs + τs)

−θk qθk
]
dq

=
∫ z

0
θkqθk−1Tjk(r j + τ j)

−θk exp
[
−qθk ∑

s∈J(ϕ)
Tsk(rs + τs)

−θk
]
dq

=
[
− exp

[
−qθk ∑

s∈J(ϕ)
Tsk(rs + τs)

−θk
] Tjk(r j + τ j)

−θk

∑s∈J(ϕ) Tsk(rs + τs)−θk

]z

0

=−exp
[
− zθk ∑

s∈J(ϕ)
Tsk(rs + τs)

−θk
] Tjk(r j + τ j)

−θk

∑s∈J(ϕ) Tsk(rs + τs)−θk
+

Tjk(r j + τ j)
−θk

∑s∈J(ϕ) Tsk(rs + τs)−θk

=
Tjk(r j + τ j)

−θk

∑s∈J(ϕ) Tsk(rs + τs)−θk

[
1− exp

[
− zθk ∑

s∈J(ϕ)
Tsk(rs + τs)

−θk
]
]

= Ψ jk(ϕ;J(ϕ))
[
1− exp

[
− zθk ∑

s∈J(ϕ)
Tsk(rs + τs)

−θk
]
]
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It follows that,

P
[
z(v,ϕ;J(ϕ))≤ z

∣∣∣z j(v,ϕ) = min
s∈J(ϕ)

{zs(v,ϕ)}
]
= 1− exp

[
− zθk ∑

s∈J(ϕ)
Tsk(rs + τs)

−θk
]

= Gk(z;J(ϕ))

Deriving the cost function

The cost function is derived by solving the following problem,

min
{e(v)}v

∫ 1

0
z(v,ϕ;J(ϕ))e(v)dv

s.t. qk(ϕ) = ϕ

[∫ 1

0
e(v)

ρk−1
ρk dv

] ρk
ρk−1

We can solve this problem by setting up the Lagrangian,

L=
∫ 1

0
z(v,ϕ;J(ϕ))e(v)dv+λ

[
qk(ϕ)−ϕ

[∫ 1

0
e(v)

ρk−1
ρk dv

] ρk
ρk−1

]
The FOCs are,

z(v,ϕ;J(ϕ))−λϕe(v)−
1

ρk = 0

qk(ϕ)−ϕ

[∫ 1

0
e(v)

ρk−1
ρk dv

] ρk
ρk−1

= 0

Divide the FOC of v with the FOC of v′,

z(v,ϕ;J(ϕ))
z(v′,ϕ;J(ϕ))

=
[ e(v)

e(v′)

]− 1
ρk

⇐⇒ e(v) =
[ z(v,ϕ;J(ϕ))

z(v′,ϕ;J(ϕ))

]−ρk
e(v′)
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Substitute into the constraint,

ϕ

[∫ 1

0

([ z(v,ϕ;J(ϕ))
z(v′,ϕ;J(ϕ))

]−ρk
e(v′)

) ρk−1
ρk dv

] ρk
ρk−1

= qk(ϕ)

⇐⇒ ϕ

[∫ 1

0

([ z(v′,ϕ;J(ϕ))
z(v,ϕ;J(ϕ))

]ρk−1
e(v′)

ρk−1
ρk

)
dv
] ρk

ρk−1
= qk(ϕ)

⇐⇒ ϕz(v′,ϕ;J(ϕ))ρk e(v′)
[∫ 1

0
z(v,ϕ;J(ϕ))1−ρk dv

] ρk
ρk−1

= qk(ϕ)

⇐⇒ ϕz(v′,ϕ;J(ϕ))ρk e(v′)Zk(ϕ;J(ϕ))−ρk = qk(ϕ)

⇐⇒ e(v′) =
[ Zk(ϕ;J(ϕ))

z(v′,ϕ;J(ϕ))

]ρk qk(ϕ)

ϕ

Multiply by z(v′,ϕ;J(ϕ)) and integrate over v′ ∈ [0,1] to obtain the cost func-
tion:∫ 1

0
z(v′,ϕ;J(ϕ))e(v′)dv′ =

∫ 1

0
Zk(ϕ;J(ϕ))ρk z(v′,ϕ;J(ϕ))1−ρk

qk(ϕ)

ϕ
dv′

=
qk(ϕ)

ϕ
Zk(ϕ;J(ϕ))ρk

∫ 1

0
z(v′,ϕ;J(ϕ))1−ρk dv′

=
qk(ϕ)

ϕ

[∫ 1

0
z(v′,ϕ;J(ϕ))1−ρk dv

] ρk
1−ρk

[∫ 1

0
z(v′,ϕ;J(ϕ))1−ρk dv′

]
=

qk(ϕ)

ϕ

[∫ 1

0
z(v′,ϕ;J(ϕ))1−ρk dv

] 1
1−ρk

The cost function is thus,

Ck(ϕ;J(ϕ)) =
qk(ϕ)

ϕ
Zk(ϕ;J(ϕ))

We can derive an expression for the unit-cost index Zk(ϕ;J(ϕ)) in terms of the
deeper parameters of the model:

Zk(ϕ;J(ϕ)) =
[∫ 1

0
z(v,ϕ;J(ϕ))1−ρk dv

] 1
1−ρk

=
[
E[z(v,ϕ;J(ϕ))1−ρk ]

] 1
1−ρk

=
[∫ ∞

0
z1−ρk gk(z;J(ϕ))dz

] 1
1−ρk
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Denote Φk(J(ϕ)) = ∑ j∈J(ϕ) Tjk(r j + τ j)
−θk , then

Gk(z;J(ϕ)) = 1− e−zθk Φk

⇐⇒ gk(z;J(ϕ)) = G′
k(z;J(ϕ)) = θkΦkzθk−1e−Φk pθk

It follows that,

Zk(ϕ;J(ϕ)) =
[∫ ∞

0
zθk−ρk θkΦke−Φkzθk dz

] 1
1−ρk

Now define

xk = Φkzθk

⇐⇒ z =
( xk

Φk

) 1
θk

⇐⇒ dz =
1
θk

( xk

Φk

) 1−θk
θk 1

Φk
dxk

and substitute out z and dz from the integral,

Zk(ϕ;J(ϕ)) =
[∫ ∞

0

( xk

Φk

) θk−ρk
θk

θkΦke−xk
1
θk

( xk

Φk

) 1−θk
θk 1

Φk
dxk

] 1
1−ρk

=
[∫ ∞

0

( xk

Φk

) 1−ρk
θk e−xk dxk

] 1
1−ρk

=
( 1

Φk

) 1
θk
[∫ ∞

0
x

1−ρk
θk

k e−xk dxk

] 1
1−ρk

Now note that the Gamma function is defined as,

Γ(z) =
∫

∞

0
tz−1e−tdt

so let’s define

t = xk

z−1 =
1−ρk

θk

It follows that

Γ

(
θk +1−ρk

θk

)
=

∫
∞

0
x

1−ρk
θk

k e−xk dxk
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The unit-cost index is thus given by

Zk(ϕ;J(ϕ)) = Φk(J(ϕ))
− 1

θk γk

where γk =
[
Γ

(
θk+1−ρk

θk

)] 1
1−ρk . It follows that the cost function is given by,

Ck(ϕ;J(ϕ)) =
qk(ϕ)

ϕ
Zk(ϕ;J(ϕ))

=
qk(ϕ)

ϕ
Φk(J(ϕ))

− 1
θk γk

Deriving the profit function

The firm’s operating profit maximization problem, conditioning on J(ϕ), is
given by,

max
pk(ϕ)

πk(ϕ) = pk(ϕ)qk(ϕ)−Ck(ϕ;J(ϕ))

s.t. qk(ϕ) = EkPσk−1
k pk(ϕ)

−σk

Ck(ϕ;J(ϕ)) =
qk(ϕ)

ϕ
Φk(J(ϕ))

− 1
θk γk

Substituting the constraints into the objective function gives,

max
pk(ϕ)

πk(ϕ) = EkPσk−1
k pk(ϕ)

1−σk − 1
ϕ

Φk(J(ϕ))
− 1

θk γkEkPσk−1
k pk(ϕ)

−σk

Taking the FOC and solving for pk(ϕ) gives the optimal price:

(1−σk)EkPσk−1
k pk(ϕ)

−σk +σk
1
ϕ

Φk(J(ϕ))
− 1

θk γkEkPσk−1
k pk(ϕ)

−σk−1 = 0

⇐⇒ σk
1
ϕ

Φk(J(ϕ))
− 1

θk γkEkPσk−1
k pk(ϕ)

−σk−1 = (σk −1)EkPσk−1
k pk(ϕ)

−σk

⇐⇒ σk
1
ϕ

Φk(J(ϕ))
− 1

θk γk pk(ϕ)
−σk−1 = (σk −1)pk(ϕ)

−σk

⇐⇒ σk
1
ϕ

Φk(J(ϕ))
− 1

θk γk pk(ϕ)
−1 = (σk −1)

⇐⇒ σk

σk −1
1
ϕ

Φk(J(ϕ))
− 1

θk γk = pk(ϕ)

⇐⇒ pk(ϕ) =
σk

σk −1
ck(ϕ;J(ϕ))
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where ck(ϕ;J(ϕ)) is the marginal cost. If we insert this price back into the
expression for profits, we obtain the operating profit function,

πk(ϕ) = EkPσk−1
k pk(ϕ)

1−σk − 1
ϕ

Φk(J(ϕ))
− 1

θk γkEkPσk−1
k pk(ϕ)

−σk

= EkPσk−1
k

[
pk(ϕ)

1−σk − 1
ϕ

Φk(J(ϕ))
− 1

θk γk pk(ϕ)
−σk

]
= EkPσk−1

k pk(ϕ)
−σk

[
pk(ϕ)−

1
ϕ

Φk(J(ϕ))
− 1

θk γk

]
= EkPσk−1

k pk(ϕ)
−σk

[
σk

σk −1
ck(ϕ;J(ϕ))− ck(ϕ;J(ϕ))

]
= EkPσk−1

k pk(ϕ)
−σk ck(ϕ;J(ϕ))

[
σk

σk −1
−1

]
= EkPσk−1

k pk(ϕ)
−σk ck(ϕ;J(ϕ))

1
σk −1

= EkPσk−1
k

(
σk

σk −1
ck(ϕ;J(ϕ))

)−σk
ck(ϕ;J(ϕ))

1
σk −1

= EkPσk−1
k

1
σk

(
σk

σk −1

)1−σk
ck(ϕ;J(ϕ))1−σk

The profit function conditional on J(ϕ) is thus,

Πk(ϕ;J(ϕ)) = Bkck(ϕ;J(ϕ))1−σk − ∑
j∈J(ϕ)

w f jk

where Bk =
1

σk

(
σk

σk−1

)1−σk
EkPσk−1

k .

Deriving the elasticity of substitution

The result

P
[
z(v,ϕ;J(ϕ))≤ z

∣∣∣z j(v,ϕ) = min
s∈J(ϕ)

{zs(v,ϕ)}
]
= P

[
z(v,ϕ;J(ϕ))≤ z

]
implies that the distribution of optimal expenditure on each input v

z(v,ϕ;J(ϕ))e(v,ϕ;J(ϕ)) = z(v,ϕ;J(ϕ))
[ Zk(ϕ;J(ϕ))

z(v,ϕ;J(ϕ))

]ρk qk(ϕ)

ϕ

= Zk(ϕ;J(ϕ))ρk z(v,ϕ;J(ϕ))1−ρk
qk(ϕ)

ϕ

is also independent of conditioning on a specific fuel j. That is,

P
[
z(v,ϕ;J(ϕ))e(v,ϕ;J(ϕ))≤ z

∣∣∣z j(v,ϕ) = min
s∈J(ϕ)

{zs(v,ϕ)}
]
= P

[
z(v,ϕ;J(ϕ))e(v,ϕ;J(ϕ))≤ z

]
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Let ν j ⊂ [0,1] denote the set of inputs v for which fuel j is the lowest cost
alternative. The total variable cost of production is given by,

Ck(ϕ;J(ϕ)) =
∫ 1

0
z(v,ϕ;J(ϕ))e(v,ϕ;J(ϕ))dv

=
∫ 1

0
E
[
z(v,ϕ;J(ϕ))e(v,ϕ;J(ϕ))

]
dv

= E
[
z(v,ϕ;J(ϕ))e(v,ϕ;J(ϕ))

]∫ 1

0
1dv

= E
[
z(v,ϕ;J(ϕ))e(v,ϕ;J(ϕ))

]
The variable cost of producing the inputs in ν j ⊂ [0,1] is given by,

C jk(ϕ;J(ϕ)) =
∫

ν j⊂[0,1]
z(v,ϕ;J(ϕ))e(v,ϕ;J(ϕ))dv

=
∫

ν j⊂[0,1]
E
[
z(v,ϕ;J(ϕ))e(v,ϕ;J(ϕ))

]
dv

= E
[
z(v,ϕ;J(ϕ))e(v,ϕ;J(ϕ))

]∫
ν j⊂[0,1]

1dv

= E
[
z(v,ϕ;J(ϕ))e(v,ϕ;J(ϕ))

]
Ψ jk(ϕ;J(ϕ))

Hence, expenditure on inputs produced by fuel j as a share of total expendi-
tures on inputs is given by,

C jk(ϕ;J(ϕ))
Ck(ϕ;J(ϕ))

= Ψ jk(ϕ;J(ϕ)) =
Tjk(r j + τ j)

−θk

∑s∈J(ϕ) Tsk(rs + τs)−θk
.

Now note that we can write C jk(ϕ;J(ϕ)) as,

C jk(ϕ;J(ϕ)) =
∫

ν j⊂[0,1]
z(v,ϕ;J(ϕ))e(v,ϕ;J(ϕ))dv

=
∫

ν j⊂[0,1]
(r j + τ j)x j(v,ϕ;J(ϕ))dv

= (r j + τ j)
∫

ν j⊂[0,1]
x j(v,ϕ;J(ϕ))dv

= (r j + τ j)X j(v,ϕ;J(ϕ))
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where X j(v,ϕ;J(ϕ)) denotes total quantity of fuel j used in optimum. It fol-
lows that,

C jk(ϕ;J(ϕ))
Csk(ϕ;J(ϕ))

=
(r j + τ j)X j(v,ϕ;J(ϕ))
(rs + τs)Xs(v,ϕ;J(ϕ))

=
Tjk(r j + τ j)

−θk

Tsk(rs + τs)−θk
=

C jk(ϕ;J(ϕ))
Ck(ϕ;J(ϕ))
Csk(ϕ;J(ϕ))
Ck(ϕ;J(ϕ))

⇐⇒
X j(v,ϕ;J(ϕ))
Xs(v,ϕ;J(ϕ))

=
Tjk

Tsk

[ r j + τ j

rs + τs

]−(1+θk)

Taking logs gives,

log
X j(v,ϕ;J(ϕ))
Xs(v,ϕ;J(ϕ))

= log
Tjk

Tsk
− (1+θk) log

[ r j + τ j

rs + τs

]
Hence, the elasticity of substitution among fuels in J(ϕ) is given by 1+θk.

Proof of Proposition 1

The marginal value of fuel s ∈ J given fuel set Jk is given by,

DsΠk(ϕ;Jk) =
[
Bk

(
ϕ

γk

)σk−1[
∑

j∈Jk

Tjk(r j + τ j)
−θk

] σk−1
θk − ∑

j∈Jk

w f jk

]
−
[
Bk

(
ϕ

γk

)σk−1[
∑

j∈Jk\{s}
Tjk(r j + τ j)

−θk
] σk−1

θk − ∑
j∈Jk\{s}

w f jk

]
= Bk

(
ϕ

γk

)σk−1{[
∑

j∈Jk

Tjk(r j + τ j)
−θk

] σk−1
θk −

[
∑

j∈Jk\{s}
Tjk(r j + τ j)

−θk
] σk−1

θk
}

−w fsk.

Now suppose J1 ⊂ J2 ⊆ J. It follows that,

DsΠk(ϕ;J1)−DsΠk(ϕ;J2) = Bk

(
ϕ

γk

)σk−1{
Φk(J1)

σk−1
θk −Φk(J1 \{s})

σk−1
θk

}
−Bk

(
ϕ

γk

)σk−1{
Φk(J2)

σk−1
θk −Φk(J2 \{s})

σk−1
θk

}
where Φk(J) = ∑ j∈J Tjk(r j + τ j)

−θk . This difference is positive (negative) if
the second derivative of variable profits with respect to Φk(J) is negative (pos-
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itive), and zero if the second derivative is zero. We have,

∂πk(ϕ;J)
∂Φk(J)

= Bk

(
ϕ

γk

)σk−1 σk −1
θk

Φk(J)
σ−1−θ

θ

∂ 2πk(ϕ;J)
∂Φk(J)2 = Bk

(
ϕ

γk

)σk−1 σk −1
θk

Φk(J)
σ−1−θ

θ
−1
[

σ − (1+θ)

θ

]
The second derivative is negative if 1+ θk > σk, positive if 1+ θk < σk, and

zero if 1+θk = σk. This concludes the proof of Proposition 1.

1.C.3 General equilibrium

The productivity cutoff and industry demand index

Since production involves fixed costs, some entrants with low productivity will
not find it profitable to produce. We can define the survival productivity cutoff
ϕ̃k as the productivity level at which a firm in industry k makes zero profits,

Πk(ϕ̃k;J(ϕ̃k)) = Bk

(
ϕ̃k

γk

)σk−1[
∑

j∈J(ϕ̃k)

Tjk(r j + τ j)
−θk

] σk−1
θk − ∑

j∈J(ϕ̃k)

w f jk = 0

Entrants with productivity below ϕ̃k exit immediately. Note that ϕ̃k is an equi-
librium variable since it depends on the industry demand index,

Bk =
1
σk

( σk

σk −1
)1−σk EkPσk−1

k

as well as the fuel prices r j and the wage rate w. The industry demand index Bk

is determined by the mass of firms entering the industry. Firms will continue to
enter as long as the expected profit exceeds the sunk entry cost. In equilibrium,
we have

E[Πk(ϕk;J(ϕk))] =
∫

∞

ϕ̃k

[
Bk

(
ϕ

γk

)σk−1[
∑

j∈J(ϕ)
Tjk(r j + τ j)

−θk
] σk−1

θk − ∑
j∈J(ϕ)

w f jk

]
dF(ϕ) = w fek.

The zero-profit condition in (1.25) and the free-entry condition in (1.26) iden-
tify unique equilibrium values for ϕ̃k and Bk. To see this, first note that the
zero-profit condition implies that Bk is monotonically decreasing in ϕ̃k. In turn,
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this implies that E[Πk(ϕk;J(ϕk))] is monotonically decreasing in ϕ̃k with:

lim
ϕ̃k→0

E[Πk(ϕk;J(ϕk))] = ∞

lim
ϕ̃k→∞

E[Πk(ϕk;J(ϕk))] = 0

This ensures that if an equilibrium value of ϕ̃k exists, it must be unique. Antras

et al. (2017) provide a proof of existence.

The productivity distribution and the mass of firms

The equilibrium productivity distribution among producing firms in industry k
is determined by the equilibrium value of ϕ̃k and given by F(ϕ)/[1−F(ϕ̃k)].
Given this, we can derive the average profit among producing firms in industry
k from the free-entry condition:

Π̄k =
E[Πk(ϕk;J(ϕk))]

[1−F(ϕ̃k)]
=

w fek

[1−F(ϕ̃k)]
.

Firm revenue is given by,

Rk(ϕ) = EkPσk−1
k

[
σk

σk −1
ck(ϕ;J(ϕ))

]1−σk

= σkBkck(ϕ;J(ϕ))1−σk

= σk

[
Πk(ϕ;J(ϕ))+ ∑

j∈J(ϕ)
w f jk

]
.

Average firm revenue among producing firms in industry k is then,

R̄k = σk

[
Π̄k +E[ ∑

j∈J(ϕ)
w f jk]

]
= σk

[ w fek

[1−F(ϕ̃k)]
+

1
[1−F(ϕ̃k)]

∫
∞

ϕ̃k
∑

j∈J(ϕ)
w f jkdF(ϕ)

]
=

σkw
[1−F(ϕ̃k)]

[
fek +

∫
∞

ϕ̃k
∑

j∈J(ϕ)
f jkdF(ϕ)

]
The mass of producing firms Mk is a share of the mass of entrants Mek and this
share is determined by the equilibrium value of ϕ̃k:

Mk = [1−F(ϕ̃k)]Mek
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The equilibrium mass of entrants in each industry follows from the industries’

labor market clearing conditions and the balance of payment condition below.

Deriving the labor market clearing condition

Let us derive the labor market clearing condition in industry k. To derive de-
mand for labor in industry k, first note that:

Rk −Πk = ∑
j∈J

(r j + τ j)Xk
j︸ ︷︷ ︸

Fuel payments

+w
Mk

[1−F(ϕ̃k)]

∫
∞

ϕ̃k
∑

j∈J(ϕ)
f jkdF(ϕ)︸ ︷︷ ︸

Fixed cost payments

Then recall that r j = d jw, where d j is the unit labor requirement for fuel j.
Hence,

Rk −Πk = ∑
j∈J

τ jXk
j︸ ︷︷ ︸

Tax payments

+ ∑
j∈J

wLk
j︸ ︷︷ ︸

Fuel labor payments

+w
Mk

[1−F(ϕ̃k)]

∫
∞

ϕ̃k
∑

j∈J(ϕ)
f jkdF(ϕ)︸ ︷︷ ︸

Fixed cost payments

which we can rewrite as

Rk −Πk = ∑
j∈J

τ jXk
j +wLenergy

k +wL f ixed
k

The industry also demands labor to pay for the fixed entry cost Lentry
k = Mek fek.

Adding this to both sides implies that total labor demand in industry k is equal
to

wLk = wLenergy
k +wL f ixed

k +wLentry
k = Rk −Πk − ∑

j∈J
τ jXk

j +wLentry
k

From the free-entry condition, we have that

Πk = Mk
w fek

[1−F(ϕ̃k)]
= wMek fek = wLentry

k

Hence, the labor market clearing condition in industry k simplifies to,

Lk =
Rk −∑ j∈J τ jXk

j

w
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Summing across industries gives the labor market clearing condition in the
whole manufacturing sector:

L̄ = ∑
k

Lk = ∑
k

(Rk −∑ j∈J τ jXk
j

w

)

Balance of payment condition

General equilibrium requires that total income equals total consumer expendi-
tures,

wL̄+∑
k

∑
j∈J

τ jXk
j = ∑

k
Ek

Given that Ek = Rk in a closed economy, this condition is implied by the labor

market clearing condition.

Deriving the mass of entrants and the equilibrium price index

Cobb-Douglas preferences imply that total expenditure on industry k is a con-
stant share of total income, Ek = βk

(
wL̄+∑k ∑ j∈J τ jXk

j

)
. It follows that total

revenue in industry k is equal to

Rk = βk

(
wL̄+∑

k
∑
j∈J

τ jXk
j

)
(1.1)

The mass of active firms in industry k is thus:

Mk =
Rk

R̄k
=

βk

(
wL̄+∑k ∑ j∈J τ jXk

j

)
σkw

[1−F(ϕ̃k)]

[
fek +

∫
∞

ϕ̃k
∑ j∈J(ϕ) f jkdF(ϕ)

]
= [1−F(ϕ̃k)]

βk

(
wL̄+∑k ∑ j∈J τ jXk

j

)
σkw

[
fek +

∫
∞

ϕ̃k
∑ j∈J(ϕ) f jkdF(ϕ)

]
and the mass of entrants is

Mek =
βk

(
wL̄+∑k ∑ j∈J τ jXk

j

)
σkw

[
fek +

∫
∞

ϕ̃k
∑ j∈J(ϕ) f jkdF(ϕ)

]



102 CHAPTER 1. CARBON PRICING AND FUEL SWITCHING BY FIRMS

We can now solve for the ideal consumer price index in industry k:

P1−σk
k = Mek

∫
∞

ϕ̃k

pk(ϕ;J(ϕ))1−σk dG(ϕ)

Deriving the aggregate demand for fuel j

Let us first derive total expenditure on fuel j by firm ϕ . The cost function is,

Ck(ϕ;J(ϕ)) =
qk(ϕ)

ϕ
γk

[
∑

j∈J(ϕ)
Tjk(r j + τ j)

−θk
]− 1

θk

The share of expenditures on fuel j is Ψ jk(ϕ;J(ϕ)). Hence, firm-level expen-
ditures on fuel j conditional on qk(ϕ) is,

(r j + τ j)X j(ϕ,qk(ϕ)) = Ψ jk(ϕ;J(ϕ))Ck(ϕ;J(ϕ))

= Ψ jk(ϕ;J(ϕ))
qk(ϕ)

ϕ
γk

[
∑

j∈J(ϕ)
Tjk(r j + τ j)

−θk
]− 1

θk

The optimal quantity qk(ϕ;J(ϕ)) is given by

qk(ϕ;J(ϕ)) = EkPσ−1
k (

σ

σ −1
)−σ

( 1
ϕ

γk

[
∑

j∈J(ϕ)
Tjk(r j + τ j)

−θk
]− 1

θk
)−σ

Combining gives

(r j + τ j)X j(ϕ) = Ψ jk(ϕ;J(ϕ))EkPσ−1
k (

σ

σ −1
)−σ

( 1
ϕ

γk

[
∑

j∈J(ϕ)
Tjk(r j + τ j)

−θk
]− 1

θk
)1−σ

= Ψ jk(ϕ;J(ϕ))EkPσ−1
k

σ −1
σ

(
σ

σ −1
)1−σ

(
ϕ

γk

)σ−1[
∑

j∈J(ϕ)
Tjk(r j + τ j)

−θk
] σ−1

θk

= Ψ jk(ϕ;J(ϕ))(σ −1)Bk

(
ϕ

γk

)σ−1[
∑

j∈J(ϕ)
Tjk(r j + τ j)

−θk
] σ−1

θk

=
Tjk(r j + τ j)

−θk

∑s∈J(ϕ) Tsk(rs + τs)−θk
(σ −1)Bk

(
ϕ

γk

)σ−1[
∑

j∈J(ϕ)
Tjk(r j + τ j)

−θk
] σ−1

θk

= Tjk(r j + τ j)
−θk(σ −1)Bk

(
ϕ

γk

)σ−1[
∑

j∈J(ϕ)
Tjk(r j + τ j)

−θk
] σ−θk−1

θk
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Firm-level demand for fuel j is thus given by,

X j(ϕ) = Tjk(r j + τ j)
−(1+θk)(σ −1)Bk

(
ϕ

γk

)σ−1[
∑

j∈J(ϕ)
Tjk(r j + τ j)

−θk
] σ−θk−1

θk

Aggregate demand for fuel j in industry k is then given by,

Xk
j = Mek

∫
∞

ϕ̃k

X j(ϕ)dF(ϕ)

= MekTjk(r j + τ j)
−(1+θk)(σ −1)Bk

( 1
γk

)σ−1

∫
∞

ϕ̃k

I j(ϕ)ϕ
σ−1

[
∑

j∈J(ϕ)
Tjk(r j + τ j)

−θk
] σ−θk−1

θk dF(ϕ)

Aggregate demand for fuel j in the whole manufacturing sector is given by,

X j = ∑
k

Mek

∫
∞

ϕ̃k

X j(ϕ)dF(ϕ).
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Appendix 1.D Structural estimation

1.D.1 Production potentials
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1.D.2 Elasticities of substitution between fuels

Baseline specification

Appendix Table D2: Elasticities of substitution: first stage estimate

log r jt+τ jt
ret

log(1+ τ jt) 0.230
(0.037)

Observations 306

Notes: The first stage relationship is estimated at the fuel-year level and based on 306 fuel-year observations
over the years 2004-2020. Standard errors are bootstrapped and based on 200 replications with replacement.
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Appendix Table D3: Elasticities of substitution: IV and reduced form estimates

IV estimate
(1)

Reduced form
(2)

Observations
(3)

Repair and installation 1.386 -0.319 154
(0.373) (0.058)

Non-metallic mineral products 1.597 -0.368 191
(0.301) (0.032)

Textiles 2.238 -0.515 129
(0.384) (0.030)

Food products 2.250 -0.518 194
(0.393) (0.029)

Other manufacturing 2.381 -0.548 141
(0.443) (0.031)

Metal products 2.581 -0.594 188
(0.465) (0.029)

Wood products 2.662 -0.613 142
(0.512) (0.046)

Electrical equipment 2.674 -0.616 138
(0.476) (0.023)

Machinery equipment 2.767 -0.637 149
(0.498) (0.031)

Furniture 2.822 -0.650 140
(0.512) (0.032)

Computer and electronic products 2.823 -0.650 129
(0.516) (0.032)

Motor vehicles 2.882 -0.664 165
(0.515) (0.028)

Printing 3.021 -0.696 132
(0.533) (0.031)

Transport equipment 3.054 -0.703 135
(0.538) (0.038)

Chemicals 3.255 -0.749 193
(0.549) (0.036)

Pharmaceutical products 3.538 -0.815 135
(0.603) (0.076)

Basic metals 3.597 -0.828 218
(0.636) (0.038)

Rubber and plastic 3.778 -0.870 142
(0.666) (0.034)

Paper and pulp 4.402 -1.013 207
(0.785) (0.046)

Notes: The elasticities of substitution are estimated at the fuel-year level. The number of fuel-year ob-
servations underlying the estimates varies by 2-digit industry depending on what fuels are used in a given
industry-year. We estimate equation (1.32) in a two sample IV procedure. We first estimate the first stage
relationship between the log relative price and the log carbon tax for all industries. We then estimate the
reduced form relationship between the log relative production potentials and the log carbon tax for each
industry separately. This table shows the IV estimates and reduced form estimates by industry. Standard
errors are bootstrapped and based on 200 replications with replacement.
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Alternative specifications
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Appendix Figure D1: Elasticities of substitution: control for innovation in CO2
abatement technology

Notes: The elasticities of substitution are estimated at the fuel-year level. The number of fuel-year observa-
tions underlying the estimates varies by 2-digit industry and is reported in Table D3. We estimate equation
(1.32) in a two sample IV procedure. We first estimate the first stage relationship between the log relative
price and the log carbon tax for all industries. We then estimate the reduced form relationship between the
log relative production potentials and the log carbon tax for each industry separately. This figure shows the
IV estimates when we control for the sum of citation-weighted patents related to climate-change mitiga-
tion technologies in the production of goods and industrial processes. Standard errors are bootstrapped and
based on 200 replications with replacement.
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Appendix Figure D2: Elasticities of substitution: unweighted reduced form re-
gression

Notes: The elasticities of substitution are estimated at the fuel-year level. The number of fuel-year observa-
tions underlying the estimates varies by 2-digit industry and is reported in Table D3. We estimate equation
(1.32) in a two sample IV procedure. We first estimate the first stage relationship between the log relative
price and the log carbon tax for all industries. We then estimate the reduced form relationship between the
log relative production potentials and the log carbon tax for each industry separately. This figure shows the
IV estimates when we do not weight the observations in the reduced form regression by the number of firms
underlying the estimates of the production potentials. Standard errors are bootstrapped and based on 200
replications with replacement.
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Appendix 1.E Counterfactual analysis

Repair and installation
Non-metallic mineral products

Textiles
Food products

Other manufacturing
Metal products
Wood products

Electrical equipment
Machinery equipment

Furniture
Computer/electronic products

Motor vehicles
Printing

Transport equipment
Chemicals

Pharmaceutical products
Basic metals

Rubber and plastic
Paper and pulp

0 1 2 3 4 5

fentry

Panel B. Entry cost

0 .05 .1 .15 .2

β

Panel A. Consumer spending share

Appendix Figure E1: Market demand, Fixed cost dispersion, and Pareto shape
parameters

Notes: The figure shows the estimates of the fixed entry costs, fek , and the Cobb-Douglas consumer spend-
ing shares, βk , by 2-digit industries. The estimates are identified from the model’s equilibrium conditions.
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2.1 Introduction

Policy-makers emphasize the importance of international trade in the transi-

tion to a more environmentally sustainable world economy.1 At the same time,

there is no consensus in the research literature on whether further trade liber-

alization is likely to reduce the emissions of greenhouse gases. International

trade can lead to carbon leakage if production moves to countries with lax

environmental regulation, but it can also induce a shift towards cleaner and

more efficient production technologies (Cherniwchan et al., 2017; Copeland

& Taylor, 1994; Grossman & Krueger, 1991).

In this paper, we use detailed Swedish plant and firm-level data to explore

how importing of intermediate goods causally affects the carbon intensity of

domestic manufacturing firms. Trade in intermediate goods has risen sharply

since the 1980s as a result of the expansion of global value chains and the

increased specialization by firms in specific tasks. Currently over half of total

world trade is in intermediate goods (World Bank, 2020). The evidence on

how this type of trade affects the environmental performance of firms through

access to intermediate inputs is scant as most previous studies on trade and

firm-level emissions have focused on the effect of exporting (e.g. Halladay,

2008; Batrakova and Davies, 2012; Cui et al., 2016; Barrows and Ollivier,

2021; Forslid et al., 2018; Bombardini and Li, 2020). Our data cover the

Swedish manufacturing sector. This sector emits a large share of total Swedish

emissions and trades heavily in intermediate goods.2

Estimating the effect of importing on firms’ emission intensity is challeng-

ing because there are many factors that potentially affect both firms’ import

decisions and how clean they are. To identify a causal effect, we construct a

shift-share instrument similar to that in Hummels et al. (2014). This instrument

captures variation in imports of Swedish firms caused by foreign export supply

shocks in intermediate goods. This means that our sample will consist of firms

that imported prior to the shock. Thus, we focus here on the effects along the

1For example, the United Nations (2015) resolution “Transforming our world: the 2030
Agenda for Sustainable Development” lists promoting international trade as a mean for achiev-
ing the agenda’s goals (including combating climate change).

2In 2019, 26 percent of total Swedish greenhouse gas emissions came from the manufac-
turing sector (Swedish Environmental Protection Agency, 2020). In the U.S., this share was 22
percent (Environmental Protection Agency, 2021).
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intensive margin of trade. Specifically, we use Swedish administrative data

on pre-sample firm-level import patterns by product (at the HS-6 digit level)

and source country to compute shock exposure weights. We then match these

weights with yearly data from UN Comtrade on world export supply at the

country-product level. The result is an instrument that varies at the firm-year

level and that is able to predict import levels solely based on foreign supply

shocks. A majority of the imported intermediates is sourced by a unique firm,

creating large cross-firm variation in the instrument.

To give an example, suppose Canadian producers of steel bolts experience

an idiosyncratic shock to their export supply. The instrument will then only

respond to this for the few Swedish firms (if not a single) that have a pre-

sample record of importing steel bolts from Canada. If the shock affects the

import level of the firms, but is uncorrelated with other factors affecting their

emission intensity, then we can use this variation to estimate a causal effect of

importing. Several measures are taken to ensure the validity of the instrument.

For example, we exclude all exports to Sweden to avoid the risk of domestic

import demand affecting the shocks. We also take full advantage of the panel

structure of our data and include firm and industry-year fixed effects in our

specifications. Lastly, we perform a battery of robustness checks to challenge

our results and assess the potential confounding effect of exporting.

Our results show that importing substantially reduces the emission inten-

sity of manufacturing firms. In our baseline model, a 10 percent increase in

imports reduces the emission intensity by 5.6 percent. To put this into context,

overall emission intensity has on average been halved over our sample period

2004–2016, and our results suggest that importing can account for about 29

percent of this reduction. Moreover, an event-study shows that the effect of

importing on firms’ emission intensity is rapid – the largest drops in the firms’

emission intensities coincide in time with the largest positive shocks to their

predicted levels of importing. We also find that our results are robust to the

exclusion of inputs for which Swedish import demand is relatively large and

changes in the pre-sample year. Moreover, exporting does not seem to con-

found our estimated effect of importing nor does it seem to be an important

mediator in our context. A potential concern is that the effect of importing is

weaker in the industries that pollute the most and therefore not environmen-

tally significant. Investigating this, we find that the negative effect on emission
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intensity is actually larger for firms in the five most emission-intensive indus-

tries.

We next explore various mechanisms by which importing can affect firms’

emission intensity. To guide this analysis, we decompose changes in firm-level

emission intensity into three components. The first component is changes in

emissions per quantity produced of each product in the firm’s product mix.

The second component is changes in the composition of products produced by

the firm. And the third component is changes in the value added per unit of

output produced. We then estimate the effect of foreign input supply shocks

on outcomes related to each of these components.

The first component is a technique effect that captures changes in produc-

tivity, abatement efforts, and outsourcing of production stages. We find that

importing have a positive and significant effect on productivity, sales, and in-

vestment in abatement, suggesting that this component is important for under-

standing the effect of importing on emission intensity. We do not find that the

effect is driven by outsourcing to countries with lax environmental regulation

(i.e., a pollution haven effect) nor that the foreign input supply shocks increase

the carbon content of imports.3

Changes in the composition of products could be important if the foreign

input supply shocks primarily benefited the production of relatively clean prod-

ucts in the firms’ product mix. We do not observe emission intensity at the

firm-product level so we cannot test directly whether importing leads to real-

location of production towards less emission-intensive products. However, we

do observe the production value for each product in the firms’ product mix for

a subset of the firms in our sample. We can thus test whether importing causes

firms to concentrate their production in core products. As documented by Bar-

rows and Ollivier (2018), a firm’s core product tends to have lower emission

intensity than the rest of the products produced by the firm. In line with this,

we find that positive foreign export supply shocks cause firms to produce fewer

products overall, and increase production of their most important product.

The third component captures changes in the prices set by the firms. If im-

3The Pollution Haven Hypothesis predicts that dirty industries will increasingly locate in
countries with relatively weak environmental regulation as a response to trade liberalization
(Copeland and Taylor, 2003). A study that does find evidence of significant pollution haven
effects is that by Broner et al. (2012).
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porting allows firms to increase their mark-ups, then this could also explain the

negative effect we find on emissions per value added. However, we do not find

a significant effect on prices. We also find that importing has a negative effect

on measures of emission intensity that are insensitive to price effects. This

suggests that the effect of importing on emission intensity does not primarily

go via this component.

Our paper relates to several strands of literature. Methodologically, it re-

lates to a growing number of studies using shift-share designs to identify causal

effects (e.g. Kovak, 2013; Autor et al., 2013; Acemoglu et al., 2020), in-

cluding a few studies on the relationship between international trade and the

environment (e.g. Barrows and Ollivier 2021; Bombardini and Li 2020). How-

ever, we are the first (to our knowledge) to implement this design to explore

the causal effect of importing on firm-level carbon intensity. While the trade-

environment nexus has received considerable attention both theoretically and

empirically, the body of well-identified micro-level research is still nascent.4

Bombardini and Li (2020) use a shift-share design at the prefecture level in

China to identify the effect of reduced export tariffs. They find that overall

emissions increase as a result of higher exports, but that firms become more

efficient (have a lower emission intensity). Barrows and Ollivier (2021) use

a shift-share design at the firm level to identify the effect of positive export

shocks on Indian firms. They also find that exports lead to a lower emission

intensity. Cherniwchan (2017) uses a triple-difference design to study how the

NAFTA trade liberalization between the U.S. and Mexico affected emissions

of particulate matter and sulfur dioxide in U.S. manufacturing plants. He finds

large negative effects of increased access to Mexican inputs and that the main

mechanism appears to be outsourcing of relatively dirty intermediate inputs to

Mexico. Gutiérrez and Teshima (2018) identify the effects of increased im-

port competition for Mexican firms by using tariff changes. They find that

increased foreign competition in the product market leads to lower abatement

levels. In contrast to their study, our focus is on the effects of firm-level im-

ports of intermediate goods, where cheaper imports are to the advantage of

domestic firms.

Our results also relate to the findings in Levinson (2009) and Shapiro and

4For a survey of the literature on trade and the environment, see Cherniwchan et al. (2017).
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Walker (2018) studying the substantial reduction in air pollution from U.S.

manufacturing since the 1980s. Using statistical decomposition methods, both

papers find that cleaner technology explains the bulk of this reduction, i.e.,

lower emission intensity at the industry and product level, but attribute this

technology shift to stricter environmental regulation rather than increases in

international trade. A potential concern is that these studies do not fully in-

corporate within-firm adjustments to trade, and therefore classify some of

the trade-induced changes in emission intensity as policy-induced changes

(Cherniwchan, 2017; Cherniwchan et al., 2017). We provide causal evidence

of this trade-induced channel, and thus corroborate this concern.

Finally, our paper complements a large number of studies showing that

exporters are cleaner than non-exporters (Batrakova and Davies, 2012; Cui

et al., 2016; Forslid et al., 2018; Halladay, 2008; Bombardini and Li, 2020;

Barrows and Ollivier, 2021). We also contribute to the burgeoning literature on

the relationship between imports of intermediate goods and firm productivity

(e.g. Amiti and Konings, 2007; Amiti and Wei, 2009; Amiti and Davies, 2011;

Schwörer, 2013; Halpern et al., 2015). The bulk of this evidence is consistent

with our result that importing increases productivity.

The rest of the paper is structured as follows. Section 2.2 describes the

data and discusses patterns of trade and emission intensity among the firms

in our sample. Section 2.3 describes our shift share design and Section 2.4

presents our main results and some robustness checks. Section 2.5 explores

mechanisms behind our results, and Section 2.6 concludes.

2.2 Data

2.2.1 Data sources

The firm- and plant-level data used in this study is collected by Statistics Swe-

den – the government agency responsible for official statistics in Sweden. Our

data on economic variables at the firm level such as value added, wages and

other production costs comes from the Swedish Tax Authority. It is based on

administrative registries of the firms’ balance sheets. The reliability and qual-

ity of this data is regarded as very high since misreporting is punishable by law.

We also use this data to estimate the total factor productivity of firms follow-
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ing the method proposed by Gandhi et al. (2020). The details of this method

is described in Appendix 2.A. For a subset of manufacturing firms with 20 or

more employees, we also have survey data from Statistics Sweden on produc-

tion value at the 8-digit Combined Nomenclature (CN) product classification

level.

Our data on CO2 emissions is based on information collected by Statis-

tics Sweden on the usage of energy from all manufacturing plants with 10 or

more employees over the period 2004–2016. As the energy statistics include

all types of fuel use, we are able to compute the plants’ CO2 emissions by

using fuel-specific CO2 emission coefficients provided by Statistics Sweden.

Importantly, CO2 emissions are accurately calculated from fuel inputs since

the technology for capturing CO2 at the pipe is not yet operational. For plants

operated by two or more firms we use the firms’ share of employees at the

plant to approximate for their respective shares of total plant emissions. In ad-

dition, Statistics Sweden reports for a subset of firms how much they spend on

pollution abatement and we have access to this data for the years 2000–2013.

Our firm-level data on imports is collected by Statistics Sweden through

two statistical systems. The first system (Extrastat) concerns trade flows with

countries outside the EU, and is based on administrative data from the Swedish

Customs Authority. The second system (Intrastat) provides statistics on trade

flows with other EU countries, and is based on monthly statistical surveys de-

veloped by the EU to mirror customs based data. While Extrastat covers the

universe of firms engaged in non-EU trade, small firms with trade flows below

a certain cutoff are excluded from Intrastat.5 The trade data is highly detailed

and provides us with information on what products firms import and from what

countries at the 8-digit Harmonized System (HS) product classification level.

We aggregate these flows to the 6-digit HS level which over the years 1997-

2017 includes imports of 4,971 product classification from 260 countries (or

trade related geographic entities). This level of detail in the import data is what

enables us to construct the shift-share instrument (see Section 2.3). Our identi-

fication strategy also requires yearly data on world export supply from source

countries and we obtain this from the UN Comtrade database on bilateral trade.

Since this data is available at the 6-digit HS level we can easily match it with

5The Intrastat survey covers firms with yearly exports to other EU countries of at least 4.5
million SEK or with yearly imports from other EU countries of at least 9 million SEK.
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Table 2.1: Summary statistics of firms

Median Mean
Standard
Deviation Minimum Maximum Observations

Revenues (millions) 174 944 4,096 8 83,119 7,930
Value added (millions) 55 294 1,384 0.4 36,599 7,930
Employees 87 305 1,020 8 19,751 7,930
Imports (millions) 24 221 1,410 8e-07 42,677 7,930
Exports (millions) 51 524 2,775 0 59,154 7,930
CO2 emissions (thousand tonnes) 0.26 30 240 2e-04 7,036 7,930
CO2 intensity (kg/SEK) 0.005 0.6 0.3 8e-07 10.3 7,930

Notes: The sample is balanced and covers the years 2004–2016. CO2 intensity is calculated as total CO2
emissions over value added. All nominal variables are in SEK and 2004 prices.

our firm-level import data.

2.2.2 Sample and summary statistics

The base sample we create is a balanced panel comprising 7,930 firm-year ob-

servations over the years 2004–2016. Thus, the sample covers 610 firms in

total. All NACE 2-digit manufacturing industries (C10–C33) are represented

in the sample and their respective shares in terms of output roughly corre-

spond to their shares in the full set of manufacturing firms. Moreover, 32

percent are small firms (less than 50 employees), 45 percent are medium-sized

firms (50–250 employees), and 23 percent are large firms (more than 250 em-

ployees).6 The common denominator is that the firms are large enough to be

included in Statistics Sweden’s annual survey on energy use and that they have

imported goods on a yearly basis between 2003 and 2016, where 2003 is the

pre-sample year used in the construction of our instrument.

Table 2.1 reports summary statistics on some important variables charac-

terizing the firms in our sample. As is common in this type of data, we see

that the median is below the mean for each variable reflecting that the distri-

butions are skewed to the right. This is explained by a few firms operating at a

much larger scale than the rest of the importers. The standard deviations also

reveal a significant degree of heterogeneity among the firms. Appendix Table

C1 shows how a larger set of variables (here expressed in logs) have evolved

over the sample period. There are no sharp changes in the mean for any of

6The firms in the sample account for about 60 percent of total CO2 emissions in the
Swedish manufacturing sector during these years.
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Table 2.2: Sourcing patterns

50th
Percentile

90th
Percentile

99th
Percentile Observations

Country-input-year level
Number of firms that import
from each country-input-year cell 1 4 15 271,245
Firm-year level
Number of source country-inputs 32 149 827 7,930
Number of source countries 11 23 48 7,930

Notes: The sample is balanced and covers the years 2004–2016.

the variables. However, we observe an increase in imports and a reduction in

emission intensity by 0.22 and 0.74 log points, respectively.

Table 2.2 documents some facts about the firms’ sourcing patterns. The

first row reports how many of the firms in our sample that import a particular

input – differentiated by source country, HS-6 product category, and year –

at the 50th, 90th and 99th percentile. A majority of the imported inputs are

sourced by a single firm, and only four firms import the input at the 90th per-

centile. We also see that the median firm imports 32 different country-inputs

and source from 11 countries in a given year suggesting that the import pat-

terns are highly heterogeneous and that most of the firms have zero or just

a few imported inputs in common.7 In Appendix Table C4, we also present

statistics at the industry level on the output share, the import intensity, and the

emission intensity for the top five industries (in terms of each variable) in our

sample. In the analysis, we explore whether the firms belonging to these dirty

industries are more or less affected by importing than the firms in less polluting

industries.8

2.3 Empirical model and identification

Our empirical strategy is motivated by two objectives. The first objective is

to assess whether importing of intermediate goods along the intensive margin

7Appendix Table C3 displays which industries and countries the firms in our sample primar-
ily source from. Germany is the largest import partner comprising 21 percent of all in-sample
imports, while NACE C28 (Machinery and equipment n.e.c) is the largest import industry.

8Additional summary statistics at the industry level on mean emission intensity, TFP and
revenues for all industries represented in our sample are reported in Appendix Table C2.



120 CHAPTER 2. IMPORTS AND THE CO2 EMISSIONS OF FIRMS

has a causal effect on the carbon intensity of manufacturing firms. The second

objective is to explore the importance of different mechanisms.

We approximate the relationship between carbon intensity and imports by

the following log-linear regression model,

logeit = β logMit + δ
′
Wit + εit , (2.1)

where eit is the carbon intensity of firm i in year t, measured as total CO2

emissions over value added; Mit is the total value of imports; Wit is a vector

of controls including a constant, firm and two-digit industry-year fixed effects

as well as the log of a firm’s carbon tax9; and εit is the residual containing all

other unobserved shocks affecting the firms’ emission intensity.

The inclusion of firm and industry-year fixed effects purge the residual

from all time-invariant factors and aggregate shocks affecting emission inten-

sity. It also isolates within-firm variation in the level of imports over time.

Estimating equation (2.1) with OLS should nonetheless be expected to yield

biased estimates of β . The most obvious concern is perhaps firm-level shocks

to productivity which are likely to affect both the emission intensity and the

import demand of firms. A second concern is that investments in abatement

aimed to reduce emissions may act as a substitute for offshoring, as argued in

Cole et al. (2014). While productivity shocks are expected to create a down-

ward bias (reinforcing the negative effect of importing), abatement shocks are

expected to create an upward bias. This renders the OLS estimate of β hard to

interpret as the omitted variable bias could go in either direction.

It may be tempting to add measures of productivity, abatement investment,

and other covariates to equation (2.1) in order to alleviate these concerns. How-

ever, this could do more harm than good if importing has a causal effect on

these variables.

To identify a causal effect we instead follow Hummels et al. (2014) and

construct a shift-share instrument that captures quasi-experimental variation in

the firms’ import levels. The instrument is based on the insight that changes

in other countries’ export supply of intermediate inputs that are not due to

9Information on the Swedish CO2 tax rate and rules for exemptions comes from Martinsson
et al. (2022). See Appendix E for a detailed description of how we calculate the firms’ carbon
tax.
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changes in the import demand of Swedish firms are likely to be orthogonal

to unobserved firm-level characteristics. For example, an increase in country

c’s export supply of input p may reflect a change in the production cost or

quality of that input. In either case, firms that use input p from country c

benefit from this, and may respond by increasing their imports of that input.

Firms that do not use input p, on the other hand, should not be affected by

this change in cost or quality. It is this causal link between the foreign export

supply of intermediate goods and the import level of the firms sourcing these

intermediate goods that our instrument is intended to capture. To measure each

firm’s exposure to changes in the supply of different country-inputs, (c, p), we

use information on the firms’ pre-sample import patterns.

Formally, our instrument is defined by,

Zit = ∑
c∈Nc

∑
p∈Np

sicpXcpt , (2.2)

where Nc and Np denote the sets of all countries and HS-6 digit products,

respectively; sicp is firm i’s import share of input p from country c in a pre-

sample year (2003); and Xcpt is the total world export supply of input p in year

t from country c, except exports to Sweden.

The validity of the instrument requires that the following full-data moment

condition is satisfied,

E

[
∑
i∈Ni

∑
t∈Nt

Zitεit

]
= E

[
∑

c∈Nc

∑
p∈Np

∑
t∈Nt

Xcptεcptscp

]
= 0. (2.3)

It states that the instrument is orthogonal with the residual in expectation over

realizations of {Zit ,εit} for all (i, t) ∈ Ni ×Nt , where Ni and Nt denote the sets

of firms and years in our sample, respectively. If this condition holds and there

is a first stage relationship between the instrument and importing, then β in

equation (2.1) can be identified (Borusyak et al., 2022). The second equality

follows by definition of Zit , where εcpt =
∑i sicpεit

∑i sicp
is an exposure weighted av-

erage of the residuals, and scp =
1
|Ni| ∑i sicp is the average pre-sample exposure

to supply shock (c, p).

There are two main approaches to ensure that equation (2.3) is satisfied.

The first is to assume that the shock exposure weights, sicp, are exogenous, the
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data is identically and independently distributed, and the shocks, Xcpt , are non-

random, as shown by Goldsmith-Pinkham et al. (2020). The second approach,

developed by Borusyak et al. (2022), is to instead treat the shocks as random

variables and assume that these are exogenous conditional on the shock-level

residuals, ε = {εcpt}, and the exposure weights, s = {scp}. We motivate our

instrument based on this latter approach, i.e. we allow the lagged import deci-

sions of the firms to be endogenous and rely on the exogeneity of the foreign

export supply shocks. Because the import shares are fixed in a pre-sample

year and sum to one for each firm, the inclusion of firm and industry-year

fixed effects implies that it is sufficient to assume that changes in the world

export supply, specific to each country-input (c, p), are as-good-as-randomly

assigned to Swedish firms.10

In Appendix 2.B we provide a more formal description of our shift-share

design, the identifying assumptions, and proofs that these assumptions are suf-

ficient to satisfy the condition in equation (2.3).

2.3.1 Threats to identification

We assume that unobserved shocks affecting the emission intensity of firms are

uncorrelated with changes in the foreign export supply of intermediate goods.

A threat to this assumption is endogenous shocks to the Swedish import de-

mand of intermediate goods. We deal with this rather effectively by excluding

all exports to Sweden in the world export supply variable, Xcpt . This means

that changes in the import demand of Swedish firms do not have a direct effect

on the instrument. However, for inputs that are primarily sourced by Swedish

importers, shocks to the import demand may also have an indirect effect on

Xcpt , by affecting the prices of these inputs. We account for this potential

source of endogeneity by excluding such inputs in a robustness analysis.

A second threat to this assumption is that Swedish importers and their for-

eign suppliers may be affected by the same shocks. For example, shocks to

productivity or demand may be common to these firms if they belong to the

same industry. Such shocks would render the instrument endogenous if they

influence the emission intensity of Swedish importers as well as the world ex-

10For a discussion on the role of fixed effects in shift-share designs, see Borusyak et al.
(2022).
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port supply of the inputs they source. The inclusion of industry-year fixed

effects addresses this issue by accounting for shocks that are common among

firms within the same industry.

A related concern is that the world export supply shocks to the firms’ inputs

are related to the world import demand shocks to the final goods they produce.

For example, a high world demand for computers may cause an increase in the

world export supply of computer parts. In this case, our estimate would likely

capture the effect of changes in both exporting and importing by the firms and

it may be the variation in exporting that causes the effect on emission intensity.

To deal with this, we conduct a series of robustness checks where we assess

the potential confounding effect of exporting.

2.4 Empirical results

In this section we present causal evidence on the effect of importing along the

intensive margin on the carbon intensity of firms using our shift-share IV de-

sign. The results suggest that an increase in importing makes firms cleaner

and that this effect is both statistically and environmentally significant. We

also find that our results are robust to various specifications addressing poten-

tial endogeneity issues and that the effect is even larger among manufacturing

firms within dirty industries.

2.4.1 First stage and reduced form

We begin by analyzing the first stage and the intention-to-treat (ITT) relation-

ships to establish how the shift-share instrument is associated with firm-level

imports and carbon intensity. Recall that the instrument is a weighted aver-

age of the world export supply of country-inputs with firm-specific weights

determined by pre-sample import patterns. We will henceforth refer to this

instrument as world export supply.

In the first graph of Figure 2.1 we illustrate the relationship between the

log world export supply and the log carbon intensity in a scatter plot. For

ease of exposition we have grouped the data into 8 bins and added the OLS

regression line.11 Both variables are residualized, i.e. they are purged from

11We also show the data without grouping it into 8 bins in Appendix Figure C1.
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Figure 2.1: Illustration of the intention-to-treat regression
Notes: The sample is balanced and covers the years 2004–2016. The first graph illustrates the estimated
intention-to treat relationship between the log of the instrument and the log of carbon-intensity respectively.
The instrument (world export supply) is defined as in equation (2.2). The graph is constructed as follows:
we regress each variable on firm and two-digit industry-year fixed effects as well as the log carbon tax,
save the residuals from these regressions, and plot them against each other in a scatter diagram in which
the data is grouped into 8 bins based on the residualized instrument such that there is the same number of
firms in each bin. See Appendix Figure C1 for viewing the data without grouping it into bins. The second
graph illustrates the evolution of the average log of the instrument and the average log of carbon intensity
over an event-time variable defined to be zero in the year in which each firm experiences its largest increase
in the instrument. All variables are residualized by regressing them on firm and two-digit industry-year
fixed effects as well as the log carbon tax, and saving the residuals from these regressions. We confine
the analyses to firms on which we have data three years before and three years after the largest observed
increase in the instrument.
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Figure 2.2: Illustration of the first stage regression
Notes: The sample is balanced and covers the years 2004–2016. The first graph illustrates the estimated first
stage relationship between the log of the instrument and the log of imports, respectively. The instrument
(world export supply) is defined as in equation (2.2). The graph is constructed as follows: we regress each
variable on firm and two-digit industry-year fixed effects as well as the log carbon tax, save the residuals
from these regressions, and plot them against each other in a scatter diagram in which the data is grouped
into 8 bins based on the residualised instrument such that there is the same number of firms in each bin. See
Appendix Figure C1 for viewing the data without grouping it into bins. The second graph illustrates the
evolution of the average log of the instrument and the average log of carbon intensity over an event-time
variable defined to be zero in the year in which each firm experiences its largest increase in the instrument.
All variables are residualized by regressing them on firm and two-digit industry-year fixed effects as well
as the log carbon tax, and saving the residuals from these regressions. We confine the analyses to firms on
which we have data three years before and three years after the largest observed increase in the instrument.
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all variation absorbed by the firm and two-digit industry-year fixed effects and

the log carbon tax in the regression. We see that the relationship in Figure

2.1 is negative and well approximated by our log-linear regression model. It

also seems that it is not driven by potential outliers. The result from running

the ITT regression is reported in column 2 of Table 2.3. The point estimate is

highly significant and equal to -0.10, i.e. a 10 percent increase in the world

export supply of intermediate goods is on average associated with a 1 percent

reduction in the carbon intensity of firms.

In our specification of the intention-to-treat relationship we assume that

shocks to the instrument have a contemporaneous effect on carbon intensity.

To explore if this assumption is appropriate we conduct an event study illus-

trated in the second graph of Figure 2.1. More specifically, we plot the mean

residualized log carbon intensity and the mean residualized log instrument over

an event time variable defined as years relative to the largest increase in the in-

strument. Since each firm is affected by different foreign export supply shocks,

it follows that the time of this event, which we denote by zero, corresponds to

different years for different firms. By construction, the mean log world export

supply increases substantially at time zero. However, the figure also shows that

this coincides with the largest drop in the mean log carbon intensity. This sup-

ports our modeling assumption that the effect on the firms’ emission intensity

is relatively rapid.

The first stage relationship between the log world export supply and the

log of imports is illustrated in Figure 2.2. The first graph shows that this rela-

tionship is positive throughout the entire support of the instrument and that our

log-linear model fits the data well. The event study in the second graph is con-

sistent with the event study of the intention-to-treat relationship. Specifically,

it shows that the importers tend to respond contemporaneously to changes in

the world export supply of the inputs they source. In column 4 of Table 2.3

we see that the point estimate of this effect is equal to 0.18 and highly signifi-

cant, i.e. a 10 percent increase in the world export supply causes a 1.8 percent

increase in imports on average.
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2.4.2 Main result

Our primary objective in this paper is to identify the causal effect of importing

on the carbon intensity of manufacturing firms. Column 3 of Table 2.3 reports

our baseline IV estimate of this effect. We see that it is highly significant

and equal to -0.56. That is, a 10 percent increase in the import volume of

firms causes a 5.6 percent reduction in their carbon intensity on average. This

effect is significantly larger (in absolute value) than the effect estimated by

OLS reported in column 1. However, as we discuss in Section 2.3, several

factors are likely to confound the OLS estimate, although the sign of the bias

was ex-ante ambiguous.

To assess whether the instrument is sufficiently strong we report both the

Kleibergen-Paap first stage F-statistic, and follow Andrews et al. (2019) and

implement the Anderson-Rubin weak-instrument-robust Wald test. As reported

in Table 2.3, the Kleibergen-Paap F-statistic is well above 10 which suggests

that the instrument is relatively strong. This is further supported by the Anderson-

Rubin F-statistic and the associated p-value from the Wald test which rejects

the joint null hypothesis that the effect of imports is zero and that our instru-

ment is weak.

To add meaning to our estimated effect of importing on emission intensity

we perform a simple back-of-the-envelope calculation of how much of the

average decline in carbon intensity in 2004–2016 that is attributed to imports.

In Table C1 in Appendix 2.C we see that imports have increased on average by

25 percent over this period which by our IV estimate has caused a 14 percent

reduction in the average carbon intensity. The total reduction in the average

carbon intensity is also reported in Table C1 and equal to 48 percent. Thus,

our result suggests that roughly 29 percent of this decline is explained by an

increase in imports.12 If we based this calculation on the OLS estimate instead

we would erroneously predict that imports only accounted for about 2 percent

of the observed fall in emission intensity.

12This number is somewhat smaller in magnitude compared to the result obtained by Cherni-
wchan (2017) who finds that NAFTA can explain about two-thirds of the reductions of particu-
late matter (PM10) and sulfur dioxide emitted by U.S. manufacturing between 1990 and 2008.
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Table 2.3: The effect of importing on CO2 intensity

OLS ITT IV First stage

Dependent variable: log carbon intensity log imports

(1) (2) (3) (4)

log imports -0.04*** -0.56**

(0.01) (0.22)

log world export supply -0.10*** 0.18***

(0.03) (0.05)

Observations 7,930 7,930 7,930 7,930

Kleibergen-Paap F-statistic 12.0

Anderson-Rubin weak-instrument-robust test

F-statistic 11.9

p-value 0.0006

Firm FE Yes Yes Yes Yes

Industry-year FE Yes Yes Yes Yes

Notes: The sample is balanced and covers the years 2004–2016. Column 1 reports the result of the OLS
regression in equation (2.1) while column 2 reports the result of the intention-to-treat regression. Column 3
reports the 2SLS regression of equation (2.1), and column 4 reports the result of the first stage regression.
The dependent variable in columns 1–3 is the log carbon intensity, i.e. the log of CO2 over value added.
The dependent variable in column 4 is log imports. All regressions include firm and industry-year fixed
effects. We also control for the log of each firm’s carbon cost. The reported F-statistic is the first-stage
Kleibergen-Paap F-statistic. We also the report the F-statistic and corresponding p-value for the Anderson-
Rubin weak-instrument-robust Wald test. Robust standard errors are in parentheses. *** 1%, ** 5% and *
10%.

2.4.3 Robustness check: Firm level exports

One concern is that our results on importing are confounded by firm-level ex-

porting. It is important to separate two related but different ways in which

exporting may be important in this context. First, exporting may confound

our estimated effect of importing on emission intensity if our instrument for

importing also picks up variation in exporting across firms. For example, this

could be the case if the world export supply shocks to the firms’ inputs are cor-

related with the world import demand shocks to the final products of the firms.

The estimated effect would then capture both the effect of importing and the

effect of exporting on emission intensity, and it may be that the changes in

exporting are what drives the estimated effect. Second, exporting may serve

as a mediator through which importing affects emission intensity. If importing

reduces marginal cost through cheaper intermediates or productivity increases,
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then this may lead to an increase in exports which in turn may affect emission

intensity. This, however, is not an identification problem but rather a question

of whether part of the importing effect goes via exporting.13

To gain clarity on this issue we conduct three complementary robustness

exercises. First, we check whether our instrument for importing, i.e. the world

export supply shocks, are correlated with firm-level exporting. If this is the

case, it may be because these shocks are correlated with the world import

demand shocks to the firms’ products. However, it may also be because an

increase in importing increases exporting. Hence, it can either indicate that

our importing instrument is not valid or it can indicate that exporting is an

important mediator. Interestingly, we find that the instrument is negatively

correlated with exporting (see Appendix Table C5). This means that the ef-

fect of an increase in importing induced by our instrument is not driven by

positive export shocks. Second, we directly control for world import demand

shocks to the firms’ products, which is an instrument for exporting based on

the same logic as the one we use for importing. If our instrument in the base-

line specification picks up changes in world import demand, and this is what

drives the effect via the exporting channel, then controlling for world import

demand shocks should result in a null effect of importing. This is not what we

find. Instead Appendix Table C6 shows that the estimated effect of importing

on emissions intensity barely moves. Finally, in Appendix Table C7, we ex-

plore how important the intensive margin of exporting is for emission intensity

by estimating the effect of exporting on emission intensity using world import

demand shocks as instruments for exporting. We find that the effect is close to

zero.14 Together, these results strongly suggest that our estimates capture the

effect of importing on emission intensity. Exporting does neither seem to be

an important confounder nor an important mediator in this context.

2.4.4 Further robustness checks and heterogeneous effects

As discussed in Section 2.3.1, our estimates might confound the effect of im-

porting with common trends in demand and productivity among Swedish im-

13The mechanism of why exporters engage in more technological improvements that lower
the emission intensity of production is explored in Forslid et al. (2018).

14We estimate here only the intensive margin effect. Forslid et al. (2018) that focus on the
extensive margin effect of exporting find a positive coefficient.



130 CHAPTER 2. IMPORTS AND THE CO2 EMISSIONS OF FIRMS

porters and foreign suppliers. Since firms belonging to the same industry are

most likely to face common trends, we address this to a large extent by in-

cluding time-varying industry effects in our baseline specification. However,

in Appendix Table D1, column 4, we also show that the estimated effect is

insensitive to excluding within-industry imports, which is reassuring.

We also investigate the possibility of pre-trends by changing the pre-sample

year for which we construct the shock exposure weights in the instrument. The

pre-sample import shares are allowed to be endogenous but they are not al-

lowed to be correlated with future foreign export supply shocks. If firms with

declining emission intensity are better at predicting shocks to the export supply

of their source partners and adjust their import patterns accordingly, then our

instrument would be endogenous. Using an earlier pre-sample year reduces

the likelihood of this threat but it should also weaken the first-stage relation-

ship between the instrument and importing. In column 4 of Appendix Table

C8, we report the estimated effect when we base the exposure weights on year

2000 instead of 2003. As expected, the first-stage F-statistic goes down but the

point estimate does not change significantly.

Another concern discussed in Section 2.3.1 is that changes in the import

demand of Swedish firms may affect the world export supply of the inputs they

source by affecting the prices of these inputs in foreign markets. In column 2

of Appendix Table C8, we account for this by excluding all inputs for which

more than 10 percent of the world export supply is exported to Sweden. That

is, we construct the instrument such that it only depends on trade flows that

are unlikely to be influenced by changes in Swedish import demand. The esti-

mated effect is not significantly different from the estimate obtained using our

original instrument, suggesting that our baseline result is not confounded by

import demand shocks.

We also explore whether our result is robust to issues related to heteroge-

neous treatment effects (see e.g. de Chaisemartin and D’Haultfœuille, 2020).

In particular, we follow the method proposed by de Chaisemartin and Lei

(2023). They suggest that under randomly assigned shocks in a shift-share

instrument, it is sufficient to standardize the shocks by their period-specific

standard deviation in order to obtain estimates that are robust to heterogeneous

effects, both over time and across firms. Appendix Table C9 reports the results

from following this methodology. It is reassuring that our results do not move
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much, and, if anything, become slightly stronger.

We also investigate whether the effect of importing is heterogeneous across

industries. A potential worry is that our baseline estimate is driven by firms

in relatively clean industries and therefore has low environmental significance.

To address this, we create indicators for each of the five industries with the

highest emission intensity listed in Table C4. We then interact each indicator

with the log of imports and the log world export supply, where the latter inter-

actions instrument for the former. Adding these interactions to the regression

model separately allows us to estimate how the average effect in these indus-

tries differ from the average effect across all firms. The results are reported in

Appendix Table C10. We find that the negative effect is generally larger among

firms in dirty industries. In particular, the negative effect is significantly larger

among firms in the industries producing basic metal products (NACE C24) and

chemical products (C20).

2.5 Mechanisms

In this section, we investigate the role played by different mechanisms in ex-

plaining the effect of importing on firm-level emission intensity. To guide

our analysis, we follow Cherniwchan et al. (2017) and decompose changes in

emission intensity into different margins of adjustment. We then assess the

effect of importing on outcomes related to each margin.

Let E denote CO2 emissions, V denote value added, and Y denote quantity

produced inhouse. We can then express firm-level emission intensity as,

Ei

Vi
=

1
Vi
Yi

∑
p

Yip

Yi

Eip

Yip
, (2.4)

where i denotes firms and p denotes products produced by the firms. Taking

logs of this expression and differentiating yield,

[̂Ei

Vi

]
= ∑

p

Eip

Ei

[̂Eip

Yip

]
︸ ︷︷ ︸

Technique

+ ∑
p

Eip

Ei

[̂Yip

Yi

]
︸ ︷︷ ︸

Product composition

−
[̂Vi

Yi

]
︸︷︷︸

Value added

. (2.5)

A percentage change in a firm’s emission intensity is explained by changes

along three margins. The first margin is changes in emissions per quantity pro-
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duced of each product. This is a technique effect and represents changes in the

firm’s production process. For example, changes in productivity, abatement

efforts and outsourcing of production stages would all affect this margin. Note

that our instrument for imports captures changes in the price adjusted quality of

the firms’ imported inputs. Such changes may have a direct effect on the firms’

productivity. They may also affect sales which in the presence of increasing

returns to scale would change the firms’ emission intensity. Higher sales can

in turn increase the firms’ abatement efforts if there are fixed investment costs

associated with abatement (Forslid et al., 2018) as well as the number of im-

ported inputs if there are fixed costs associated with foreign sourcing (Halpern

et al., 2015).

The second margin is changes in the composition of products produced

by the firm. A reallocation away from relatively dirty products and towards

relatively clean products lowers the firm’s emission intensity. Barrows and

Ollivier (2018) document large variation in emission intensity across products

among manufacturing firms in India, suggesting that this mechanism may be

important in explaining firm-level changes in emission intensity. In particular,

they find that emission intensity at the product level is lower for the firms’ core

products. The effect of importing could be driven by this mechanism if the

foreign input supply shocks primarily benefit the production of core products

in the firms’ product mix.

The third margin affecting a firm’s emission intensity is changes in the

value added per output produced. If the firm sets a higher price, due to higher

mark-ups, the firm’s value added per output increases which in turn reduces the

firm’s emission intensity. Since our instrument captures changes in the cost of

foreign inputs, this mechanism may influence our estimate.

We next evaluate the empirical relevance of these three mechanisms in ex-

plaining the effect of importing on emission intensity. We limit the empirical

analysis to intention-to-treat effects since the strength of the first stage is sen-

sitive to variation in sample size.

2.5.1 The technique effect

Table 2.4 shows the effect of world export supply shocks on outcomes related

to the technique effect. Unfortunately, our data do not allow us to measure



2.5. MECHANISMS 133

Table 2.4: The effect of importing on CO2 intensity – technique effect.

log(abatement+

Dependent variable: log productivity log sales
(
abatement2 +1

)1/2
)

(1) (2) (3)

log world export supply 0.01*** 0.04*** 0.77*

(0.00) (0.01) (0.46)

Observations 7,030 7,930 2,174

Firm FE Yes Yes Yes

Industry-year FE Yes Yes Yes

Notes: The sample is balanced and covers the years 2004–2016. The dependent variable in column 1 is log
productivity, log sales in column 2, and the inverse hyperbolic sine transformation of abatement in column
3. All regressions include firm and industry-year fixed effects. We also control for the log of each firm’s
carbon tax. Our method for estimating productivity is described in Appendix A. Robust standard errors are
in parentheses. *** 1%, ** 5% and * 10%.

emissions per quantity produced at the firm-product level. However, we can

estimate the effect of our instrument on productivity, sales, and investment in

abatement measures.

Column 1 shows that a positive shock to the world export supply of im-

ported inputs increases the firms’ total factor productivity.15 This is consistent

with previous studies finding that cheaper imported inputs can raise productiv-

ity via variety and quality effects (e.g. Amiti and Konings, 2007; Halpern et al.,

2015) and suggests that part of the effect of importing on firm-level emission

intensity is explained by an increase in productivity.

Column 2 in Table 2.4 shows that an increase in the instrument also in-

creases firm-level sales. This is consistent with the increase in total factor

productivity, if there are increasing returns to scale. Moreover, higher sales

can reduce emissions per output in itself, since the firm then requires less in-

puts per output produced. Higher sales can also affect the firms’ abatement and

outsourcing decisions if there are fixed costs associated with these activities.

Column 3 in Table 2.4 reports the effect on investment in abatement mea-

sures. We only have abatement data for a subset of the firms in our sample.

15We estimate the firms’ total factor productivity by implementing the approach in Gandhi et
al. (2020). The details of this approach and our implementation of it are described in Appendix
2.A. In results available upon request we show that our results are robust to instead using the
method for estimating production functions suggested by Ackerberg et al. (2015).
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Table 2.5: The effect of importing on CO2 intensity – outsourcing effect.

log CO2 intensity log CO2

intensity

Dependent variable: in production in imports

(1) (2) (3)

log world export supply -0.10*** -0.06

(0.03) (0.04)

log world export supply -0.10***

(EU/EFTA trade only) (0.03)

Observations 7,930 7,930 7,920

Firm FE Yes Yes Yes

Industry-year FE Yes Yes Yes

Notes: The sample is balanced and covers the years 2004–2016. All coefficients are from the intention-
to-treat regressions. In column 2 we regress log carbon intensity on only imports and world export sup-
ply shocks from the European Union and EFTA. In column 3 we compute the average carbon intensity
per product based on the emissions of firms that produce these products in Sweden. We then use these
product-specific emission coefficients to compute the mean carbon intensity of firm-year-specific imports,
and regress the log of this mean carbon intensity on world export supply shocks. We also control for the
log of each firm’s carbon tax in each regression. Robust standard errors are in parentheses. *** 1%, ** 5%
and * 10%.

Nevertheless, we find a large and significant effect on investment in clean tech-

nology. In particular, a 10 percent increase in the instrument causes a 7.7 per-

cent increase in abatement investment suggesting that this mechanism may be

important for the effect of importing.16

Outsourcing of dirty production stages would also reduce the firms’ emis-

sion intensity via the technique effect. We therefore assess whether our in-

strument captures a pollution haven effect where dirty production moves to

countries with less stringent environmental policies. In column 1 of Table 2.5

we report the estimated effect of our baseline instrument constructed using

world export supply shocks for each country-product pair in the firms’ pre-

sample import mix. In column 2 we report the corresponding estimate when

we confine the instrument to capture world export supply shocks from coun-

tries within the EU/EFTA. These countries are subject to similar environmental

standards as Sweden. The fact that the estimates are equal to each other sug-

gests that our results are not driven by a pollution haven effect. This is further

16We treat zeros in the abatement variable by applying the inverse hyperbolic sine transfor-
mation of the log of abatement (see Bellemare and Wichman, 2020).
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Table 2.6: The effect of importing on CO2 intensity – product composition ef-
fect.

log number of

Dependent variable: products produced

4 digits 8 digits

(1) (2)

log world export supply -0.03** -0.03**

(0.01) (0.01)

Observations 7,019 7,019

Firm FE Yes Yes

Industry-year FE Yes Yes

Notes: The sample is balanced and covers the years 2004–2016. Columns 1 and 2 use the log number
of 4 and 8 digit products produced, respectively, as dependent variable. All regressions include firm and
industry-year fixed effects. We also control for the log of each firm’s carbon tax. Our method for estimating
productivity is described in Appendix A. Robust standard errors are in parentheses. *** 1%, ** 5% and *
10%.

supported by the result in column 3 where we estimate the effect of our base-

line instrument on the average emission intensity of the firms’ import mix. This

suggests that our results are not driven by a change in the composition of im-

ports towards dirtier inputs. If our results were driven by outsourcing of dirty

production stages, we would expect the firms’ imports to become dirtier on

average. Instead, the estimate is negative, suggesting that a positive shock to

the world export supply of imported inputs is associated with cleaner imports

on average.

2.5.2 The product composition effect

We assess the importance of the product composition effect by estimating the

effect of our instrument on the product mix of firms. In contrast to Barrows

and Ollivier (2018), we do not observe emission intensity at the product-firm

level. This entails that we cannot test directly whether a positive shock to the

instrument induces firms to shift production towards cleaner products. How-

ever, we do observe the number of products produced and the production value

for each product for a subset of the firms in our sample. We can thus test

whether positive import shocks cause firms to concentrate production on their
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Figure 2.3: Effect of instrument on production by product rank.

core products.

Table 2.6 shows the effect of the instrument on the number of products

produced both at the 4-digit HS level and the 8-digit CN level.17 The estimated

effects are negative and significant suggesting that firms’ tend to drop products

from their product mix as a response to a positive shock to their imports. One

potential reason for this is that firms primarily import inputs to use for the

production of their core products. A positive shock to the supply of these

inputs would then make it more beneficial to concentrate production on these

products.

This interpretation is supported by Figure 2.3 which shows the effect of

the instrument on the production value of different products in the firms’ prod-

uct mix. The estimated effect on the production value for the most important

product in the firms’ product mix is positive and significant. The effect on the

17CN refers to the The Combined Nomenclature (CN) which is the product coding system
within the EU. Up to the 6-digit level, the HS system and the CN system overlap.
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Table 2.7: The effect of importing on CO2 intensity – prices.

log carbon emissions per

Dependent variable: log price employee quantity (4-digit)

(1) (2) (3)

log world export supply 0.06 -0.06** -0.09

(0.07) (0.03) (0.13)

Observations 7,701 7,930 1,898

Firm FE Yes Yes Yes

Industry-year FE Yes Yes Yes

Notes: The sample is balanced and covers the years 2004–2016. All columns report results from the
intention-to-treat specification. The dependent variable in column 1 is the log price of a firm’s most im-
portant export product. The dependent variable in column 2 is the log carbon emissions per employee.
The dependent variables in column 3 uses quantities based on the IVP survey database. We only include
single product firms in column 3. Column 3 uses 4-digit CN product classifications for aggregation. All
regressions include firm and two-digit industry-year fixed effects. We also control for the log of each firm’s
carbon tax. Robust standard errors are in parentheses. *** 1%, ** 5% and * 10%.

second most important product is positive but insignificant while the effect on

the third most important product is negative and insignificant. If the emission

intensity of different product lines is inversely related to the product rank, as

documented by Barrows and Ollivier (2018), then this result is consistent with

imports having a negative effect on firms’ emission intensity via the product

composition effect. We conclude that part of our estimated effect of importing

on emission intensity may be explained by a reallocation of production towards

the firms’ core products.

2.5.3 The price effect

The final component of the decomposition of a firm’s emission intensity is

changes in the value added per output produced. Changes in this variable come

primarily from changes in the prices and mark-ups set by the firms. Higher

prices increase value added relative to output and reduce firm-level emission

intensity all else equal. While we do not have data on firm-level product prices

for all the firms in our sample, we do have information in our trade data that can

be used to calculate prices of exported goods (by dividing the value of exports

of a specific product with the quantity of the exported goods). We use this

price measure as the outcome variable to test directly for a price effect. The
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result is reported in column 1 of Table 2.7 and shows that there is no significant

effect of foreign input supply shocks on export prices. However, this does not

rule out changes in mark-ups.

We also assess the price effect by constructing alternative measures of

emission intensity that are insensitive to changes in prices. Column 2 of Table

2.7 reports the result when we instead use carbon emissions per employee as

our dependent variable. The coefficient is slightly less negative but not statis-

tically different from our baseline estimate suggesting that the price effect is

not the dominant mechanism. In column 3, we also report the result when we

use emissions over quantity instead of value added. This quantity data is only

available for a small subset of the firms in our baseline sample. Nevertheless,

the results are qualitatively similar to the results in our baseline specification,

even though precision is lower due to the smaller sample size.

2.6 Conclusion

Understanding how international trade affects carbon emissions is crucial in

order to form effective policies to reduce global warming. A growing litera-

ture in this area looks at different aspects of the trade-environment nexus. Our

paper complements this body of research by investigating the role of imports

of intermediate goods in reducing the emission intensity of firms. This aspect

is relatively unexplored in the previous literature as most of the studies look-

ing at the effect of trade on firm-level emissions have focused on exporting.

However, since a majority of world trade is in intermediate goods along global

value chains, it is highly relevant to also understand how access to imported

inputs may affect the environmental performance of firms.

To estimate the effect of importing on the emission intensity of firms, we

use detailed Swedish administrative data on emissions and trade at the firm-

level. Because there are potentially many factors that affect both the import

decisions of firms and their emission intensities, we construct a shift-share

instrument based on pre-sample import data at the firm-product level and world

export supply shocks at the product-country-year level. This enables us to

capture exogenous variation along the intensive margin of importing that can

be used to identify a causal effect on the firms’ emission intensity. To assess

the validity of this approach we conduct a series of robustness checks that
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supports our identifying assumptions. In particular, we can plausibly rule out

that our results are driven by the potentially confounding effect of exporting as

well as other threats to validity such as endogenous demand shocks originating

from Sweden. Our results show that the effect of importing is relatively large.

In the baseline specification, we find that a 10 percent increase in importing

results in a 5.6 percent reduction in the firms’ emission intensity on average.

To put this into context, overall emission intensity has on average been halved

over our sample period 2004–2016, and our results suggest that importing can

account for about 29 percent of this reduction.

We also explore which mechanisms that are important to explain this ef-

fect. In a decomposition of a firm’s emission intensity, we show that a reduc-

tion can be explained by a decrease in emissions per quantity produced, a re-

allocation of production towards cleaner products, or by an increase in prices.

We find evidence in support of the first two mechanisms. Access to cheaper

imports increases productivity, scale of production, and investments in cleaner

technology. We also find that this leads to higher concentration of production

in the firms’ core products. We do not find any evidence of a pollution haven

effect.
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Appendices

Appendix 2.A Productivity estimates

We estimate firm-level productivity using the approach in Gandhi et al. (2020).

To account for the fact that we do not observe firm-level output for all firms in

our sample we modify this approach using the insights in Klette and Griliches

(1996) and De Loecker (2011). This allows us to control for demand effects

and to obtain a measure of productivity that is purged from output price effects.

Model

Firm j in year t produces output Yjt according to the following non-parametric
production function,

Yjt = F(k jt , l jt ,m jt)eω jt+ε jt (2.1)

where k jt , l jt and m jt are the logarithms of capital, labor, and material inputs,
respectively. The term eω jt+ε jt is a Hicks neutral productivity shifter. The
production function in logs is given by,

y jt = f (k jt , l jt ,m jt)+ω jt + ε jt (2.2)

and assumed to be differentiable at all (k jt , l jt ,m jt) and strictly concave in m jt .
Log productivity consists of ω jt which is assumed to be known by the firm
before it makes decisions in period t, and ε jt which is assumed to be realized
after the period t decisions are made. The firms are assumed to operate in
a market characterized by monopolistic competition and face a CES demand
function given by,

Yjt = Yst

(Pjt

Pst

)η

eχ jt (2.3)

where Yst is aggregate demand in industry s, Pst is the price index in this indus-

try, Pit is the firm-level price, η is the elasticity of substitution across varieties,

and χ jt is a firm-level demand shock.
Following Gandhi et al. (2020), we think of inputs as either flexible or

non-flexible. Flexible inputs are inputs in the production function that the firm
can freely determine each period. Non-flexible inputs are inputs which are
either pre-determined or depend on lagged values of the input. We assume that
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both capital, k jt , and labor, l jt , are non-flexible while material inputs, m jt , are
flexible. This entails that the optimal choice of material inputs can be modeled
as a static problem in which the firm maximizes expected profits subject to
the demand function. We also assume that the firms are price takers in the
intermediate input markets and that all firms within an industry face the same
material input price ρst . The firms’ profit maximization problem with respect
to material inputs is given by,

max
M jt

PjtF(k jt , l jt ,m jt)eω jtE[eε jt ]−ρstM jt (2.4)

s.t. Pjt = Pst

[F(k jt , l jt ,m jt)eω jtE[eε jt ]

Yst

] 1
η

e−
χ jt
η (2.5)

with the solution being pinned down by the first order condition (FOC),

( 1
η
+1

)
Pst

[F(k jt , l jt ,m jt)eω jt

Yst

] 1
η

eω jt e−
χ jt
η E

[
eε jt

(
1
η
+1
)]

∂F(k jt , l jt ,m jt)

∂M jt
= ρst .

(2.6)

We can exploit the information contained in this first order condition to non-

parametrically identify the production function.

Identification

The production function is identified in a two-stage estimating procedure. The

first stage identifies the output elasticity of material inputs while the second

stage identifies the remaining output elasticities of labor and capital.

First-stage equation

The first-stage equation is derived from the firm’s FOC and is used to identify
the output elasticity of intermediate inputs. Taking logs and subtracting y jt =

f (k jt , l jt ,m jt)+ω jt + ε jt from both sides of the FOC, give

log
ρstM jt

PjtYjt
= log

[ 1
η
+1

]
+ log

[
∂ f (k jt , l jt ,m jt)

∂m jt
E
[
eε jt [

1
η
+1]]]−[ 1

η
+1

]
ε jt (2.7)

If we denote s jt = log ρst M jt
PjtYjt

, ϒ = log
[

1
η
+ 1

]
, D(k jt , l jt ,m jt) =

∂ f (k jt ,l jt ,m jt)
∂m jt

,

E∗ = E
[
eε jt [

1
η
+1]] and ε∗

jt =
[

1
η
+1

]
ε jt , we can express the intermediate input
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share equation as,

s jt = ϒ+ logD(k jt , l jt ,m jt)+ logE∗− ε
∗
jt . (2.8)

Following Gandhi et al. (2020), the estimating equation we take to the data is
given by,

s jt = logDE∗
(k jt , l jt ,m jt)− ε

∗
jt (2.9)

where DE∗
(k jt , l jt ,m jt) = D(k jt , l jt ,m jt)eϒE∗. We can identify DE∗

(·) by re-

gressing s jt on (k jt , l jt ,m jt). Note that the model implies that the elasticity of

material inputs is identified up to the constant eϒE∗.

Second-stage equation

To derive the second-stage equation and identify the rest of the production

function we use information from the share regression. In particular, we can

integrate the derivative DE∗
(k jt , l jt ,m jt) to obtain,∫

DE∗
(k jt , l jt ,m jt)dm jt = E∗eϒ

∫
D(k jt , l jt ,m jt)dm jt (2.10)

= E∗eϒ

[
f (k jt , l jt ,m jt)+C(k jt , l jt)

]
(2.11)

where the second equality follows from the fundamental theorem of calculus

and C(k jt , l jt) denotes the constant of integration. It follows that the production

function can be expressed as,

f (k jt , l jt ,m jt) = E∗−1e−ϒ

∫
DE∗

(k jt , l jt ,m jt)dm jt −C(k jt , l jt). (2.12)

Now note that deflated log revenue can be written,

r jt = (p jt − pst)+ y jt (2.13)

=
[ 1

η
+1

]
y jt −

1
η

yst −
1
η

χ jt (2.14)

where the second equality follows from the demand function. Using that y jt =

f (k jt , l jt ,m jt)+ω jt + ε jt and that
[

1
η
+ 1

]
= eϒ, the revenue function can be
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written,

r jt = eϒ f (k jt , l jt ,m jt)− [eϒ −1]yst − [eϒ −1]χ jt + eϒ
ω jt + eϒ

ε jt . (2.15)

Substituting for f (k jt , l jt ,m jt) gives,

r jt =eϒ

[
E∗−1e−ϒ

∫
DE∗

(k jt , l jt ,m jt)dm jt −C(k jt , l jt)
]
− (2.16)

[eϒ −1]yst − [eϒ −1]χ jt + eϒ
ω jt + eϒ

ε jt (2.17)

=E∗−1
∫

DE∗
(k jt , l jt ,m jt)dm jt − eϒC(k jt , l jt)− (2.18)

[eϒ −1]yst − [eϒ −1]χ jt + eϒ
ω jt + eϒ

ε jt (2.19)

Finally, by subtracting E∗−1 ∫ DE∗
(k jt , l jt ,m jt)dm jt and eϒε jt from both sides,

we obtain the second-stage equation,

R jt =−C∗(k jt , l jt)− y#
st −χ

#
jt +ω

∗
jt (2.20)

where we use the notation x∗ = eϒx and x# = [eϒ −1]x.
To fully identify the different terms of this regression we make two addi-

tional assumptions. Following De Loecker (2011), we assume that the unob-
served firm-specific demand shocks, χ jt , can be decomposed into observable
components and unobservable components. The observed components are
captured by product-level dummies and product-level world import demand
shocks. In particular, we assume that the demand shocks can be decomposed
as follows

χ jt = χp +χd log∑
p,c

sp jWIDpct + χ̃ jt (2.21)

where χp denotes product-specific fixed effects, sp j is the revenue share of

product p produced by firm j, WIDpct is the world import demand of product

p from country c (less imports from Sweden) in year t, and χ̃ jt denotes the

residual unobserved demand shocks which are assumed to be independent and

identically distributed across firms and time.
We also assume, following Olley and Pakes (1996), Levinsohn and Petrin

(2003) and Ackerberg et al. (2015), that the productivity term, ω jt , follows a
Markov process,

ω jt = h(ω jt−1)+ξ jt . (2.22)
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Inserting the demand and productivity processes into (2.20) yields the second
stage estimating equation,

R jt =−C∗(k jt , l jt)− y#
st −χ

#
p −χ

#
d log∑

p,c
sp jWIDpct − χ̃

#
jt +h∗(ω jt−1)+ξ

∗
jt (2.23)

The constant of integration, C∗(k jt , l jt), is identified by exogenous variation in

the pre-determined inputs (k jt , l jt), and χd is identified by exogenous shocks

to world import demand. Given exogenous variation in the industry demand

shifter, this equation also identifies the elasticity of demand, η , since y#
st =

1
η

yst .

Estimation

First-stage estimates

The share regression is estimated using a complete polynomial of degree 2 in
(k jt , l jt ,m jt) to approximate logDE∗

(k jt , l jt ,m jt). Moreover, the parameters are
estimated using the sum of squared residuals as objective function,

min
γ

∑
j,t
(ε∗jt)

2 = ∑
j,t

{
s jt − log

(
∑

rk+rl+rm≤2
γrk,rl ,rmkrk

jt lrl
jt m

rm
jt

)}2
. (2.24)

We use the solution to this problem, γ̂ , to obtain estimates of DE∗
(k jt , l jt ,m jt)

and ε∗
jt ,

D̂E∗
(k jt , l jt ,m jt) =

(
∑

rk+rl+rm≤2
γ̂rk,rl ,rmkrk

jt lrl
jt m

rm
jt

)
(2.25)

ε̂
∗
jt = log D̂E∗

(k jt , l jt ,m jt)− s jt . (2.26)

We can then use our estimates of ε̂∗
jt to obtain Ê∗ = 1

JT ∑ jt eε̂∗jt , where J is
the total number of firms and T is the total number of years. Next we use
D̂E∗

(k jt , l jt ,m jt) to estimate the integral,

∫
D̂E∗

(k jt , l jt ,m jt)dm jt = ∑
rk+rl+rm≤2

γ̂rk,rl ,rm

rm +1
krk

jt lrl
jt m

rm+1
jt . (2.27)

Finally, we obtain an estimate of R jt ,

R̂ jt = r jt − Ê∗−1
∫

D̂E∗
(k jt , l jt ,m jt)dm jt − ε̂

∗
jt . (2.28)
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Second-stage estimates

To estimate the second-stage equation we approximate the unknown functions C∗(k jt , l jt)

and h∗(ω jt−1) by,

C∗(k jt , l jt) = ∑
0<rk+rl≤2

α
∗
rk,rl

krk
jt lrl

jt (2.29)

h∗(ω jt−1) = δ
∗
1 ω jt−1 +δ

∗
2 ω

2
jt−1 +δ

∗
3 ω

3
jt−1. (2.30)

Inserting these polynomials into the second-stage equation gives,

R jt =− ∑
0<rk+rl≤2

α
∗
rk,rl

krk
jt lrl

jt − y#
st −χ

#
p −χ

#
d log∑

p,c
sp jWIDpct − χ̃

#
jt (2.31)

+δ
∗
1 ω jt−1 +δ

∗
2 ω

2
jt−1 +δ

∗
3 ω

3
jt−1 +ξ

∗
jt . (2.32)

To estimate the production function parameters of this expression we first resid-
ualize all variables by the product fixed effects.18 Then we construct the productivity
term,

ω̃
∗
jt = R̃ jt −

[
− ∑

0<rk+rl≤2
α
∗
rk,rl

˜krk
jt lrl

jt − ỹ#
st −χ

#
d

˜log∑
p,c

sp jWIDpct

]
(2.33)

where x̃ denotes the residualized x, and regress ω̃∗
jt on h̃∗(ω jt−1) to obtain the

residuals (−χ̃#
jt + ξ ∗

jt) for different values of the production function parame-
ters. Finally, we obtain estimates of the true parameters using GMM on the
following moment conditions,

E
[ krk

jt lrl
jt

yst

log∑p,c sp jWIDpct

× (−χ̃
#
jt +ξ

∗
jt)
]
= 0 (2.34)

The final productivity estimates are given by,

ω̂ jt =
(

η̂

η̂ +1

)
ω̂

∗
jt (2.35)

where ω̂∗
jt = R̂ jt −

[
−∑0<rk+rl≤2 α̂∗

rk,rl
krk

jt l
rl
jt −

1
η̂

yst − χ̂#
d log∑p,c sp jWIDpct

]
.

18We do this for practical reasons following Halpern et al. (2015) as the GMM becomes
computationally difficult with so many fixed effects. Running the GMM without these product
fixed effects gives more or less the same productivity estimates.
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Appendix 2.B Shift-share instrument

We build on the framework developed by Borusyak et al. (2022) to motivate
our shift-share design. The causal relationship of interest is given by

eit = βmit + x′itδ + εit (2.36)

where eit denotes the emission intensity of firm i in year t; β denotes the struc-

tural parameter of interest; mit denotes the log of imports, xit denotes a vector

of control variables including a constant and firm and year fixed effects; and

εit denotes the residual which is defined as being orthogonal with xit .
Our shift-share instrument is given by

zit = ∑
c

∑
p

sicpXcpt (2.37)

where sicp is firm i’s import share of input p from country c in a pre-sample

year; and Xcpt is the world export supply of input p from country c in year

t. Importantly, we consider the foreign supply shocks, Xcpt , in this instrument

to be random variables which implies that we cannot assume independent and

identically distributed observations at the firm-year level.
The key identifying assumption is the following full-data moment condi-

tion

E

[
∑

i
∑

t
zitεit

]
= 0 (2.38)

which states that zit is orthogonal with εit in expectation over {zit ,εit} for all

(i, t) ∈ Ni ×Nt , where Ni is the set of all firms and Nt is the set of all years.

Together with an instrument-relevance condition, β is identified.

Proof. Let
eit = x′itα + e⊥it (2.39)

mit = x′γ +m⊥
it (2.40)

By the Frisch-Waugh-Lovell theorem we then have

e⊥it = βm⊥
it + εit (2.41)
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It follows by assumption that

E

[
∑

i
∑

t
zitεit

]
= E

[
∑

i
∑

t
zite⊥it

]
−βE

[
∑

i
∑

t
zitm⊥

it

]
= 0 (2.42)

Re-arranging gives

β =
E
[
∑i ∑t zite⊥it

]
E
[
∑i ∑t zitm⊥

it

] (2.43)

where E
[
∑i ∑t zitm⊥

it
]
̸= 0 is the instrument-relevance condition.

We can re-formulate the full-data moment condition in equation (2.38) by
substituting for zit using equation (2.37)

E

[
∑
c

∑
p

∑
t

Xcptεcptscp

]
= 0 (2.44)

where εcpt =
∑i sicpεit

∑i sicp
is an exposure weighted average of the residuals and

scp = 1
|Ni| ∑i sicp is the average pre-sample exposure to supply shock (c, p).

A sufficient condition for equation (2.44) to be satisfied is that the shocks are
as-good-as-randomly assigned conditional on ε = {εcpt}cpt and s = {scp}cp

E [Xcpt |ε,s] = µ (2.45)

for all (c, p, t).

Proof. By the Law of Iterated Expectations and equation (2.45) we have

E

[
∑
c

∑
p

∑
t

Xcptεcptscp

]
= E

[
E

[
∑
c

∑
p

∑
t

Xcptεcptscp

∣∣∣ε,s]]

= E

[
∑
c

∑
p

∑
t

εcptscpE[Xcpt |ε,s]

]

= µE

[
∑
c

∑
p

∑
t

εcptscp

] (2.46)
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By the definitions of εcpt and scp, the last term can be re-written as

E

[
∑
c

∑
p

∑
t

εcptscp

]
=

1
|Ni|

E

[
∑
c

∑
p

∑
t

∑
i

sicpεit

]

=
1
|Ni|

E

[
∑

i
∑

t
εit ∑

c
∑
p

sicp

]

=
1
|Ni| ∑i

∑
t
E[εit ]

(2.47)

where the last equality follows from ∑c ∑p sicp = 1 for all i. Since E[εit ] = 0

for all (i, t) by construction, we conclude that equation (2.45) is a sufficient

condition for equation (2.44) to be satisfied.

Equation (2.45) is however an unnecessary strong condition to impose in
our setting. With fixed exposure shares {sicp}cp that sum to one for all firms
i, the firm and year fixed effects purge both the time-invariant component of
the shocks, Xcpt , as well as their common year-specific component (Borusyak
et al. 2022). To identify β it is therefore sufficient to instead impose

E [Xcpt |ε,q,s] = q′cpt µ (2.48)

for all (c, p, t), where qcpt is a shock-specific vector including a constant,

shock-level fixed effects and time fixed effects, and q= {qcpt}cpt is the set con-

taining these vectors. This implies that only shock-specific changes in the for-

eign export supply over time is required to be as-good-as-randomly assigned

to identify a causal effect.
For consistency, we also assume that the following two conditions hold

E

[
∑
c

∑
p

s2
cp

]
→ 0 as |Ni| → ∞ (2.49)

Cov[X̃cpt , X̃c′p′t ′ |ε,q,s] = 0 for all (c, p) ̸= (c′, p′) (2.50)

where X̃cpt = Xcpt −q′cpt µ denotes demeaned export supply shocks. Equation

(2.49) holds if the number of shocks Xcpt grows with the sample (in the i-

dimension) and the average pre-sample exposure weights scp are sufficiently

dispersed. Equation (2.50) states that time-varying changes in the foreign sup-

ply shocks (c, p) are mutually uncorrelated but that serial correlation within

each (c, p) is allowed.
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Given equations (2.48), (2.49), (2.50), a first-stage and a set of regularity

assumptions, the shift-share estimator is consistent. For a proof, see Borusyak

et al. (2022).

Appendix 2.C Additional tables

Appendix Table C1: Descriptive statistics.

2004 2010 2016 Overall

Production
Revenues (log) 19.01 19.19 19.26 19.18

(1.50) (1.51) (1.52) (1.50)

Value added (log) 17.90 18.03 18.13 18.02
(1.46) (1.45) (1.49) (1.45)

Total factor productivity (log) 9.22 9.15 9.18 9.17
(1.23) (1.21) (1.23) (1.23)

Intermediates (log) 15.52 15.41 15.50 15.53
(3.35) (3.95) (3.94) (3.75)

Capital (log) 17.25 17.29 17.26 17.28
(1.87) (1.93) (2.03) (1.93)

Intermediate cost share 0.07 0.08 0.09 0.08
(0.15) (0.16) (0.19) (0.17)

Employees
Number of employees (log) 4.62 4.62 4.63 4.64

(1.31) (1.26) (1.28) (1.28)

Total wage bill (log) 17.18 17.32 17.44 17.33
(1.36) (1.32) (1.34) (1.34)

Trade
Imports (log) 16.62 16.90 16.84 16.88

(2.32) (2.30) (2.57) (2.30)

Exports (log) 17.30 17.60 17.60 17.56
(2.72) (2.51) (2.62) (2.60)

Emissions
CO2 (log kilo) 12.96 12.90 12.57 12.81

(2.56) (2.53) (2.65) (2.57)

CO2 intensity (log kilo per value added SEK) -4.94 -5.21 -5.68 -5.29
(1.97) (2.06) (2.24) (2.11)

Notes: The sample is balanced and covers the years 2004–2016. The total number of observations is 7,930.
Total factor productivity is calculated by using the method outlined in Levinsohn and Petrin (2003). All
nominal variables are in 2004 prices.
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Appendix Table C2: Descriptive statistics by industry.

CO2 intensity TFP Revenues Observations

Industries

Manufacture of food products (NACE C10) 0.026 1.058 1,263 648

Manufacture of beverages (NACE C11) 0.017 1.112 1,499 89

Manufacture of tobacco products (NACE C12) 0.001 1.254 3,141 13

Manufacture of textiles (NACE C13) 0.033 0.901 135 156

Manufacture of wearing apparel (NACE C14) 0.007 0.924 136 26

Manufacture of leather (NACE C15) 0.028 0.842 34 13

Manufacture of wood (NACE C16) 0.136 0.980 491 388

Manufacture of paper and paper products (NACE C17) 0.491 1.118 1,523 550

Printing and reproduction of recorded media (NACE C18) 0.004 0.858 40 47

Manufacture of coke and refined petroleum products (NACE C19) 0.019 0.981 341 64

Manufacture of chemicals and chemical products (NACE C20) 0.025 1.048 920 542

Manufacture of pharmaceutical products (NACE C21) 0.008 - 10,626 56

Manufacture of rubber and plastic products (NACE C22) 0.008 0.932 183 703

Manufacture of other non-metallic mineral products (NACE C23) 0.107 1.003 589 421

Manufacture of basic metals (NACE C24) 0.071 1.054 1,698 488

Manufacture of fabricated metal products (NACE C25) 0.007 0.931 222 976

Manufacture of computer, electronic and optical products (NACE C26) 0.004 0.827 97 143

Manufacture of electrical equipment (NACE C27) 0.004 0.938 347 309

Manufacture of machinery and equipment n.e.c. (NACE C28) 0.004 0.961 615 1,078

Manufacture of motor vehicles, trailers and semi-trailers (NACE C29) 0.005 1.103 3,518 466

Manufacture of other transport equipment (NACE C30) 0.004 1.127 2,706 112

Manufacture of furniture (NACE C31) 0.013 0.955 211 300

Other manufacturing (NACE C32) 0.010 0.877 166 118

Repair and installation of machinery and equipment (NACE C33) 0.005 1.024 416 224

Notes: The sample is balanced and comprises 610 manufacturing firms and covers the years 2004–2016.
The sample consists of 7,930 firm-year observations. The table reports the mean CO2 intensity, total factor
productivity (TFP), and revenues by industry. Our method for estimating productivity is described in Ap-
pendix A and is reported here relative to the average TFP in the sample. Revenues are in millions SEK. The
industry classification is the 2-digit NACE Rev. 2 classification.
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Appendix Table C3: Share of imports from top 5 industries and countries

Share

Industries

Machinery and equipment n.e.c. (NACE C28) 0.18

Motor vehicles, trailers and semi-trailers (NACE C29) 0.17

Chemicals and chemical products (NACE C20) 0.14

Basic metals (NACE C24) 0.12

Food products (NACE C10) 0.06

Countries

Germany 0.21

France 0.09

United Kingdom 0.08

Belgium 0.08

Norway 0.06

Notes: The sample is balanced and comprises 610 manufacturing firms and covers the years 2004–2016.
The sample consists of 7,930 firm-year observations. The upper panel reports the share of the total import
flow over 2004–2016 in the sample that is imported from the top five 2-digit NACE industries. The lower
panel reports the share of the total import flow over 2004–2016 in the sample that is imported from the top
five countries, where the top five country ranking is based on the imports among firms in the sample. All
import flows are measured in SEK.
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Appendix Table C4: Top five industries in output, import intensity and emission
intensity

Output share

Manufacture of motor vehicles, trailers and semi-trailers (NACE C29) 0.21

Manufacture of paper and paper products (NACE C17) 0.11

Manufacture of basic metals (NACE C24) 0.11

Manufacture of food products (NACE C10) 0.11

Manufacture of machinery and equipment n.e.c. (NACE C28) 0.09

Import intensity

Manufacture of wearing apparel (NACE C14) 0.83

Manufacture of motor vehicles, trailers and semi-trailers (NACE C29) 0.38

Manufacture of electrical equipment (NACE C27) 0.33

Manufacture of chemicals and chemical products (NACE C20) 0.31

Manufacture of rubber and plastic products (NACE C22) 0.29

Carbon intensity

Manufacture of paper and paper products (NACE C17) 0.59

Manufacture of basic metals (NACE C24) 0.31

Manufacture of other non-metallic mineral products (NACE C23) 0.13

Manufacture of wood and of products of wood and cork (NACE C16) 0.11

Manufacture of chemicals and chemical products (NACE C20) 0.03

Notes: The sample is balanced and comprises 610 manufacturing firms and covers the years 2004–2016.
The sample consists of 7,930 firm-year observations. The upper panel reports the output share of the top
five industries (in terms of output share) among firms in the sample. The middle panel reports the import
intensity (measured as total value of imports over total value of output) of the top five industries (in terms
of import intensity) among firms in the sample The lower panel reports the carbon intensity (measured as
total CO2 emissions over total value of value added) of the top five 2-digit NACE industries (in terms of
emission intensity) among firms in the sample. All nominal variables are measured in SEK.

Appendix Table C5: The effect of world export supply on firm level exports.

Dependent variable: log exports

(2)

log world export supply -0.19***

(0.06)

Observations 7,774

Firm FE Yes

Industry-year FE Yes

Notes: The sample is balanced and covers the years 2004–2016. The regression includes firm and two-digit
industry-year fixed effects. We also control for the log of each firm’s carbon tax. *** 1%, ** 5% and *
10%.
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(a) Illustration of the intention-to-treat regression.
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(b) Illustration of the first-stage regression.

Appendix Figure C1: Illustration of the two stages in the IV regression.
Notes: The sample is balanced and covers the years 2004–2016. The first graph illustrates the estimated
intention-to treat relationship between the log of the instrument and the log of carbon-intensity respectively.
The instrument (world export supply) is defined as in equation (2.2). The graph is constructed as follows:
we regress each variable on firm and two-digit industry-year fixed effects as well as the log carbon tax, save
the residuals from these regressions, and plot them against each other in a scatter diagram . The second
graph uses the same methodology to illustrate the first stage regression instead.
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Appendix Table C6: The effect of importing on CO2 intensity controlling for
world import demand (export shocks).

ITT IV

Dependent variable: log carbon intensity

(1) (2)

log imports -0.63***

(0.25)

log world export supply -0.11***

(0.03)

log world import demand 0.07* 0.17**

(0.04) (0.06)

Observations 7,872 7,872

Kleibergen-Paap F-statistic 10.4

Firm FE Yes Yes

Industry-year FE Yes Yes

Notes: The sample is balanced and covers the years 2004–2016. Column 1 reports the results of the baseline
intention-to-treat regression, where we also control for World Import Demand. Column 2 reports the 2SLS
regression of equation 1. The dependent variable is the log carbon intensity, i.e. the log of CO2 over value
added. All regressions include firm and two-digit industry-year fixed effects. We also control for the log
of each firm’s carbon tax. The reported F-statistic is the first-stage Kleibergen-Paap F-statistic. Robust
standard errors are in parentheses. *** 1%, ** 5% and * 10%.
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Appendix Table C7: The effect of exporting on CO2 intensity.

ITT IV

Dependent variable: log carbon intensity

(1) (2)

log exports 0.21

(0.15)

log world import demand 0.05

(0.04)

Observations 7,872 7,756

Kleibergen-Paap F-statistic 19.2

Firm FE Yes Yes

Industry-year FE Yes Yes

Notes: The sample is balanced and covers the years 2004–2016. Column 1 reports the results of the baseline
intention-to-treat regression, where we use World Import Demand instead of World Export Supply. Column
2 reports the 2SLS regression of equation (1), but where we use exports as the endogenous variable and
World Import Demand as the instrument. The dependent variable is the log carbon intensity, i.e. the log
of CO2 over value added. All regressions include firm and two-digit industry-year fixed effects. We also
control for the log of each firm’s carbon tax. The reported F-statistic is the first-stage Kleibergen-Paap
F-statistic. Robust standard errors are in parentheses. *** 1%, ** 5% and * 10%.
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Appendix Table C8: The effect of importing on CO2 intensity - Additional
robustness checks

IV

SWE share Year 2000

Baseline of WES < 10 % Baseline pre-sample

(1) (2) (3) (4)

log imports -0.879*** -1.050** -0.716*** -0.895**

(0.325) (0.459) (0.248) (0.368)

Observations 7,761 7,761 7,302 7,302

Kleibergen-Paap F-statistic 11.4 6.7 15.4 7.3

Year FE Yes Yes Yes Yes

Firm FE Yes Yes Yes Yes

Notes: The samples are unbalanced and covers the years 2004–2016 and are sub-samples of the base sample.
In columns 1 and 2, the sample consists of all firm-years for which the shift-share instrument in equation
(2.2) is non-zero when excluding country-input-years in the world export supply variable, Xcpt , for which
the share of total world export supply that is exported to Sweden exceeds 10 percent (since the log of the
instrument is not defined for zero values). In column 2 we have excluded these country-input-years from
the world export supply variable, Xcpt , in the instrument. This entails that the pre-sample exposure shares in
the instrument, sicp, are incomplete for some firms, i.e. they do not sum to one. To account for this, which
can introduce bias if not addressed, we follow Borusyak et al. (2022) and control for the sum of exposure
shares for each firm and year. We also interact the sum of exposure shares with the year fixed effects. In
column 1 we use the baseline instrument defined in equation (2.2). In columns 3 and 4, the sample consists
of all firm-years in the base sample with positive imports in year 2000 and for which at least one Xcpt with
positive weight is positive (since otherwise the log of the instrument is not defined). In column 4 we have
computed the exposure shares, sicp, in the instrument in equation (2.2) based on 2000 imports while in
column 3 we use the baseline instrument based on 2003 imports. The dependent variable in all regressions
is the log CO2 intensity. All regressions include year and firm fixed effects. The reported F-statistic is the
first-stage Kleibergen-Paap F-statistic. Robust standard errors are in parentheses. *** 1%, ** 5% and *
10%.
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Appendix Table C9: The effect of importing on CO2 intensity with standardized
Bartik shocks

OLS ITT IV First stage

Dependent variable: log carbon intensity log imports

(1) (2) (3) (4)

log imports -0.04*** -0.61***

(0.01) (0.24)

log world export supply -0.16*** 0.27***

(standardized) (0.05) (0.08)

Observations 7,930 7,930 7,930 7,930

Kleibergen-Paap F-statistic 11.1

Firm FE Yes Yes Yes Yes

Industry-year FE Yes Yes Yes Yes

Notes: The sample is balanced and covers the years 2004–2016. Columns 1 reports the result of the OLS
regression in equation (1) while column 2 reports the result of the intention-to-treat regression. Column 3
reports the 2SLS regression of equation (1) and column 4 reports the result of the first stage regression. The
difference in this table from before is that we standardize the instrument by its annual standard deviation,
as suggested by de Chaisemartin and Lei (2023). The dependent variable in columns 1–3 is the log carbon
intensity, i.e. the log of CO2 over value added. All regressions include firm and two-digit industry-year
fixed effects. We also control for the log of each firm’s carbon tax. The reported F-statistic is the first-stage
Kleibergen-Paap F-statistic. Robust standard errors are in parentheses. *** 1%, ** 5% and * 10%.
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Appendix Table C10: The effect of importing on CO2 intensity - Heterogeneous
effects across industries

IV

(1) (2) (3) (4) (5) (6)

log imports -0.557*** -0.558*** -0.553*** -0.552*** -0.559*** -0.566***

(0.209) (0.209) (0.208) (0.208) (0.209) (0.211)

log imports × NACE C17 -0.012

(Paper products) (0.009)

log imports × NACE C24 -0.020*

(Basic metal products) (0.011)

log imports × NACE C23 0.002

(Non-metallic mineral products) (0.010)

log imports × NACE C16 -0.008

(Wood products) (0.016)

log imports × NACE C20 -0.075***

(Chemical products) (0.027)

log imports × NACE Top Five -0.026***

(0.008)

Observations 7,930 7,930 7,930 7,930 7,930 7,930

Kleibergen-Paap F-statistic 7.6 7.6 7.6 7.7 7.7 7.6

Firm FE Yes Yes Yes Yes Yes Yes

Year FE Yes Yes Yes Yes Yes Yes

Notes: The sample is balanced and covers the years 2004–2016. In column 1–5 we add an interaction
between log imports and a dummy variable indicating whether a firm belong to NACE C17, C24, C23, C16
or C20, respectively, to our baseline specification in equation (2.1). We instrument for log imports using log
Zit defined in equation (2.2). We instrument for the interaction variable using an interaction between log Zit
and each of the respective dummy variables. In column 6 we add an interaction between log imports and
a dummy variable indicating whether a firm belong to NACE C17, C24, C23, C16 or C20. We instrument
for log imports using log Zit defined in equation (2.2). We instrument for the interaction variable using
an interaction between log Zit and the dummy variable. The dependent variable in all regressions is the
log CO2 intensity (measured as CO2 emissions over value added). All regressions include year and firm
fixed effects. We also control for the log of each firm’s carbon tax. The reported F-statistic is the first-stage
Kleibergen-Paap F-statistic. Robust standard errors are in parentheses. *** 1%, ** 5% and * 10%.
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Appendix 2.D Additional tests separating pollution haven
effects from productivity effects

Here we present some alternative methods for separating pollution haven ef-

fects from productivity effects. First, we exclude all imports of intermediate

goods from non-OECD countries in our shift-share regression framework and

check whether this significantly alters our point estimate. The idea being that

leakage to other OECD countries is much less likely. Because some firms in

some years only import from developing countries we lose a few observations

in this exercise. To account for potential selection effects we re-estimate our

baseline model on this smaller sample to serve as our point of comparison. The

result is reported in columns 1 and 2 of Table D1. We see that the estimate in

column 2 of the causal effect of imports from other OECD countries is signifi-

cant and even more negative than the baseline estimate in column 1. However,

the two estimates are not significantly different from each other. Secondly,

to test the importance of offshoring more generally, we distinguish between

imports that are more likely to substitute for in-house production and imports

that are less likely to do so based on whether the imported intermediates are

produced by the same industry as the importing firm. We estimate the causal

effect of these two types of import flows separately. In particular, column 4

of Table D1 estimates the effect of importing intermediates that are not pro-

duced within the same 3-digit industry as that of the importing firm. Because

this type of imports is less likely to substitute for in-house production, the esti-

mated effect is arguably less likely to be explained by offshoring. We see that

the estimate in column 4 is almost identical to the baseline estimate reported

in column 3. The estimated effect of within-industry import flows, referred to

as narrow offshoring, is reported in column 6. Confining the analysis to this

type of imports substantially weakens the first-stage. It also results in a smaller

and less significant point estimate. However, the estimated effect is not signif-

icantly different from the baseline estimate in column 5. Thus, imports that

are not likely to be previously produced by the firm (called non-offshoring im-

ports), and that therefore are less likely to constitute leakage, does not produce

significantly different estimates.



164 CHAPTER 2. IMPORTS AND THE CO2 EMISSIONS OF FIRMS

Appendix Table D1: The effect of importing on CO2 intensity

IV

OECD imports Non-offshoring Narrow offshoring

Baseline Baseline Baseline

(1) (2) (3) (4) (5) (6)

log imports -0.64** -0.62*** -1.27***

(0.30) (0.27) (0.79)

log imports (OECD) -0.99*

(0.55)

log non-offshoring -0.68***

(0.26)

log offshoring -0.51

(1.13)

Observations 7,858 7,858 7,712 7,712 6,476 6,476

Kleibergen-Paap F-statistic 10.0 4.1 9.8 11.0 3.54 0.31

Firm FE

Industry-year FE

Notes: The samples are unbalanced and cover the years 2004–2016. Columns 1, 3 and 5 report the baseline
2SLS estimates for the maximum sample of firm-year observations available when we exclude imports from
non-OECD countries, imports produced by the same 3-digit NACE industry as that of the importing firm,
and imports not produced by the same 2-digit NACE industry as that of the importing firm, respectively.
Columns 2, 4 and 6 report the 2SLS estimates when we exclude imports from non-OECD countries, imports
produced by the same 3-digit NACE industry as that of the importing firm, and imports not produced by
the same 2-digit NACE industry as that of the importing firm, respectively. The dependent variable in all
columns is the log carbon intensity, i.e. the log of CO2 over value added. All regressions include year and
firm fixed effects. The reported F-statistic is the first-stage Kleibergen-Paap F-statistic. Robust standard
errors are in parentheses. *** 1%, ** 5% and * 10%.
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Appendix 2.E Calculation of firm-level carbon prices

The Swedish carbon tax is levied on fossil fuels used in combustion engines

and on heating fuels used for combustion in manufacturing processes. It is

not levied on so called process emissions, i.e. CO2 emitted from chemical

reactions in the production process. This entails that only about two-thirds

of the CO2 emissions in the manufacturing sector are subject to a carbon tax.

There has been a lot of variation in the carbon tax since its introduction in

1991 and various exemptions for manufacturing firms have been introduced

over time creating variation in the tax rate both over time and across firms.

These exemptions were generally granted to the dirtiest firms that paid carbon

taxes above a specific percentage of their total sales. In 2005, the EU ETS was

introduced and manufacturing plants covered by this system were no longer

subject to the Swedish carbon tax as of 2011. For more detailed information

about the Swedish tax regulation, see Martinsson et al. (2022).

We use information on the manufacturing CO2 tax rate and its exemptions

from Martinsson et al. (2022) together with data on yearly spot prices of EUAs

from the European Environmental Agency to calculate the price of carbon for

each firm-year in our sample. We also use data on whether the firms are cov-

ered by the EU ETS provided by Statistics Sweden. Figure E1 shows how the

price has evolved for four different groups of firms in our sample: firms that

neither were subject to tax exemptions nor covered by the EU ETS, firms that

were subject to tax exemptions and not covered by the EU ETS, firms that were

not subject to tax exemptions and then covered by the EU ETS, and firms that

were both subject to tax exemptions and then covered by the EU ETS.
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Appendix Figure E1: CO2 price for different groups of firms
Notes: The sample covers 610 manufacturing firms and covers the years 2004–2016. Data on the Swedish
carbon tax rate is from Martinsson et al. (2022) and data on yearly spot prices of EUAs is from the European
Environmental Agency. The graphs illustrates how the carbon price has evolved for firms belonging to one
of four groups in each year: firms that neither were subject to tax exemptions nor covered by the EU ETS,
firms that were subject to tax exemptions and not covered by the EU ETS, firms that were not subject to tax
exemptions and then covered by the EU ETS, and firms that were both subject to tax exemptions and then
covered by the EU ETS.
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3.1 Introduction

Policy-makers worry that unilateral carbon pricing policies reduce the com-

petitiveness of domestic firms and lead to carbon leakage. Carbon leakage

occurs if domestic firms offshore part of their production or lose market shares

to foreign competitors. A potential remedy to carbon leakage is carbon border

adjustment mechanisms (CBAMs), which tax the carbon emissions embodied

in imports. The idea of CBAMs is to level the playing field between domes-

tic firms subject to carbon pricing and their foreign competitors. However,

research on whether carbon pricing leads to offshoring and lower competitive-

ness is highly inconclusive. On one hand, a strand of the literature relying

on computable general equilibrium (CGE) models predicts that carbon pric-

ing gives rise to considerable carbon leakage (Carbone & Rivers, 2017). On

the other, empirical studies relying on reduced-form approaches find limited

support for these predictions in firm-level data (Dechezleprêtre & Sato, 2017).

Most empirical studies evaluate the impact of the EU Emissions Trading Sys-

tem (ETS), the largest carbon pricing policy to date, and find that firms do not

respond by increasing their import levels or decreasing their output (Colmer,

Martin, Muûls, & Wagner, 2024; Dechezleprêtre, Gennaioli, Martin, Muûls,

& Stoerk, 2022). This puzzle calls for a better understanding of the different

margins of adjustment determining firms’ offshoring behavior.

In this paper, I develop a structural industry equilibrium model of hetero-

geneous firms’ offshoring decisions to quantify how they respond to changes in

the domestic price of carbon. Motivated by firm-level import data, the model

accounts for the firms’ decision to offshore both in-house production (i.e., pro-

duction inside the firms) and outsourced production (i.e., production by do-

mestic suppliers).1 The firms’ total offshoring response can be decomposed

into three margins of adjustment. An extensive margin governing the number

of offshored inputs, an intensive margin governing the share spent on foreign

inputs, and a scale margin governing the firm’s overall demand for inputs. I

estimate the model parameters and how they depend on the carbon price using

detailed firm-level data from Sweden. The advantage of Sweden as an empir-

ical setting is that the Swedish carbon tax has increased drastically, by more

1Specifically, offshoring of outsourced production means that the firms shift from domestic
to foreign suppliers of inputs.
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than 500%, over the sample period 2004-2020. The variation in the carbon

price is thus substantially higher compared to the early phases of the EU ETS

studied in previous research.

I present four main findings. First, the relative cost advantage of imported

inputs over domestic production increases significantly in the carbon price.

This increase is considerably larger for imports substituting for in-house pro-

duction due to a higher cost pass-through. Second, the average importer still

responds to higher carbon prices by reducing its offshoring levels of both in-

house and outsourced production in equilibrium. This reduction is explained

by a negative scale effect that quantitatively dominates both the intensive mar-

gin and the extensive margin in the firms’ total offshoring response. Third,

substitution toward foreign inputs at the intensive margin increases the share of

aggregate production that is offshored to foreign suppliers. Thus, even though

aggregate offshoring levels decline, carbon leakage could still be positive if

foreign competitors gain market shares in final goods markets. Fourth, com-

bining carbon pricing with border adjustments effectively reduces the risk of

positive carbon leakage. However, this comes at a cost since more expensive

foreign inputs amplify the negative impact on domestic revenue.

I motivate the structural analysis by documenting three empirical patterns

in my data over manufacturing firms. Following the approach in Hummels,

Jørgensen, Munch, and Xiang (2014), I classify the firms’ imports into two

categories: imports that are likely to substitute for in-house production and

imports that are likely to substitute for outsourced production. The first pattern

is that firms offshore both in-house and outsourced production. The second

pattern is that firms tend to offshore a relatively larger share of in-house pro-

duction. Finally, the third pattern is that firms’ offshoring response to higher

carbon prices differs across in-house and outsourced inputs. In particular, con-

ditional on firm and year fixed effects, higher carbon prices are associated with

an increase in imports substituting for in-house production and a decrease in

imports substituting for domestic suppliers. Consistent with previous reduced-

form evidence, I do not find a significant effect on the firms’ total offshoring

levels (Colmer, Martin, Muûls, & Wagner, 2024).

The model I develop can account for the empirical patterns and is an ex-

tension of the model in Halpern, Koren, and Szeidl (2015). Firms produce dif-

ferentiated final goods by assembling a set of in-house and outsourced inputs.
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Part of the production of both in-house and outsourced inputs can be offshored

to foreign suppliers. The problem of the firm comes down to two key decisions.

The first is to choose the optimal set of inputs for which to offshore part of the

production. This is the extensive margin offshoring decision where the firm

has to trade off the profit gain from offshoring against a fixed offshoring cost.

The second decision is to choose how much of each input to source from for-

eign suppliers. This is the firm’s intensive margin offshoring decision. There

are two parameters governing this decision: the quality-adjusted relative price

and the elasticity of substitution between domestic and foreign varieties. In

the estimation of the model, I allow both of these parameters to differ across

in-house and outsourced inputs to account for the empirical patterns in the

data.

I identify the model parameters by following the production function es-

timation literature (Ackerberg, Caves, & Frazer, 2015; De Loecker, 2011;

Halpern, Koren, & Szeidl, 2015; Olley & Pakes, 1996). A challenge I face

is that neither intermediate inputs produced by the firms themselves nor in-

termediate inputs produced by domestic suppliers are observed in the data. I

overcome this challenge by using the structure of the model. In particular, the

production function can be expressed in terms of total spending on in-house

and outsourced production, which I observe, and two terms related to the num-

ber of offshored in-house and outsourced inputs, which I also observe. I then

estimate the parameters in four steps following the strategy laid out in Halpern

et al. (2015). In the first and second steps, I estimate the firms’ offshoring de-

mand and revenue production functions. These two steps provide estimates of

the optimal spending share on foreign varieties as well as the average unit-cost

gain from offshoring inputs. In the third step, I estimate the quality-adjusted

relative price and the elasticity of substitution between foreign and domestic

varieties. Lastly, in the fourth step, I estimate the fixed costs of offshoring.

My results suggest that the optimal spending share on foreign varieties and

the unit-cost gain from offshoring are both significantly higher for in-house

inputs than for outsourced inputs. These results are consistent with the empir-

ical patterns documented in the data. There are two reasons for this difference.

First, the quality-adjusted relative price between domestic and foreign vari-

eties is significantly higher for in-house inputs. This result could be explained

by firms having an informational advantage in finding high-quality suppliers
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of goods that they themselves produce. Second, the elasticity of substitution

between domestic and foreign varieties is lower for in-house inputs. In other

words, firms find it more complementary to offshore in-house production.

In the estimation, I allow for the relative price between domestic and for-

eign varieties to vary with the carbon price. My results suggest that a higher

carbon price significantly increases the relative price of both in-house and out-

sourced inputs. However, the pass-through is considerably larger for in-house

inputs. In particular, a 10% increase in the carbon price leads to a 0.5 percent-

age point increase in the relative price of in-house inputs and a 0.02 percentage

point increase in the relative price of outsourced inputs. Interpreted through the

lens of the model, this difference is explained by firms having more margins to

adjust the cost of their final good than they have margins to adjust the cost of

their in-house production. For example, both changes in the firms’ offshoring

behavior and production scale affect the optimal output price. However, these

changes do not affect the unit cost of in-house production.

I use the fully estimated model to analyze the industry equilibrium effects

of changes in the carbon price. Specifically, I perform two types of counter-

factual experiments. The first experiment considers 10 incremental increases

in the carbon price, such that the total increase equals 2000 SEK/tonne CO2,

while keeping all parameters not affected by the carbon price constant. Com-

pared to the baseline carbon tax level in 2004, this represents a total increase

of more than 1000%. The second experiment combines the incremental in-

creases in the carbon price with different versions of CBAMs that adjust the

relative price of imported inputs.2 The objective of the counterfactual experi-

ments is to quantify the margins of adjustment governing the firms’ offshoring

response and to aggregate up these adjustments to study the sector-level impact

on offshoring and production. Although I do not explicitly study the impact on

carbon emissions, the analysis is informative about the risk of carbon leakage

and how this risk is altered by CBAMs.

Firms respond to higher carbon prices by reducing their imports of both in-

house and outsourced inputs in equilibrium. In particular, when the carbon tax

increases from the 2004 level (190 SEK/tonne CO2) to the 2020 level (1,190

SEK/tonne CO2), holding everything else constant, the average importer re-

2Note, the CBAMs I consider are at the national level and not at the EU level.
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duces its imports of in-house and outsourced inputs by 2% and 6%, respec-

tively. Substitution toward foreign varieties would alone increase imports of

in-house inputs by 6% and outsourced inputs by 4%. However, because the

average importer also respond by reducing its production scale, the overall

offshoring effect is negative. Changes in offshoring at the extensive margin,

i.e., the number of offshored inputs, only play a minor role for the firm’s total

offshoring response. At the sector level, I find that aggregate imports decline

by about 1.5% when the carbon tax increases to the 2020 level. The negative

impact on aggregate revenue is larger and about 5.5%. Hence, the share of

imports embedded in domestic revenue increases with the carbon tax. This

is consistent with positive levels of carbon leakage if the decline in domestic

revenue corresponds to an increase in the market shares of foreign competitors.

The risk of positive levels of carbon leakage is reversed if higher carbon

prices are combined with CBAMs. However, this is not because domestic pro-

duction declines less. On the contrary, a perfect border adjustment, that keeps

the relative price between domestic and foreign varieties constant, almost dou-

bles the negative impact on aggregate revenue. The reason why it reduces the

risk of carbon leakage is that the negative impact on imports is even larger, by

effectively shutting down the intensive margin of firms’ offshoring response.

In other words, with border adjustments, negative carbon leakage that goes via

lower demand for foreign imports dominates the potential for positive carbon

leakage via losses in global market shares.

This paper relates to several literatures. The model builds on a struc-

tural literature on firms’ importing decisions (Antras, Fort, & Tintelnot, 2017;

Blaum, Lelarge, & Peters, 2019; Bøler, Moxnes, & Ulltveit-Moe, 2015; Gold-

berg, Khandelwal, Pavcnik, & Topalova, 2010; Gopinath & Neiman, 2014;

Halpern, Koren, & Szeidl, 2015). There are two novelties in my model. The

first is that firms not only import to substitute for domestic suppliers but also

to substitute for in-house production. The second is that these importing deci-

sions depend on the carbon price faced by the firms.

My analysis is also related to the literature using CGE models to assess the

impact of unilateral carbon policies on leakage rates, defined as the percentage

increase in CO2 emissions in unregulated regions relative to the reduction in

CO2 emissions in regulated regions. This literature models the world economy

as consisting of several regions and industries that are allowed to trade with
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each other. The results from simulating these models vary a great deal, from

negative leakage rates (Barker, Junankar, Pollitt, & Summerton, 2007) to posi-

tive leakage rates above 100% (Babiker & Rutherford, 2005).3 However, most

studies find positive leakage rates between 10% and 30% (Carbone & Rivers,

2017). My paper complements this literature by providing a microfoundation

of how domestic firms’ offshoring decisions are affected by unilateral carbon

prices. A key difference in my model, compared to CGE models, is that the

effects only depend on a few structural parameters that are directly estimated

in the data. Hence, it is more transparent what is driving the results and how

the parameters are identified.

My paper also complements the literature using reduced-form approaches

to evaluate the effects of existing environmental policies on carbon leakage.

This literature is often confined to outcome variables that are indicative of car-

bon leakage, such as changes in trade flows, foreign direct investments (FDI),

or value added, rather than actual carbon leakage. The findings in this liter-

ature are mixed and depend on the setting being studied and the type of data

being used. A number of industry-level studies estimate significant and posi-

tive effects of more stringent environmental policies in the US on net imports

and FDI (Ederington & Minier, 2003; Ederington, Levinson, & Minier, 2005;

Levinson & Taylor, 2008). However, studies that focus specifically on car-

bon pricing tend to find more limited effects (Aldy & Pizer, 2015; Ferguson

& Sanctuary, 2019; Sato & Dechezleprêtre, 2015). This is especially the case

for the growing number of studies that evaluate the impact of the EU ETS, us-

ing both industry-level data (Branger, Quirion, & Chevallier, 2016; Naegele &

Zaklan, 2019) and firm-level data (Colmer, Martin, Muûls, & Wagner, 2024;

Dechezleprêtre, Gennaioli, Martin, Muûls, & Stoerk, 2022).4

A key contribution of this paper is to provide new insights into why the

empirical literature on carbon pricing struggles to find effects on trade flows.

My analysis suggests that firms’ offshoring decisions do respond to carbon

prices, but that they respond along margins that have counteracting effects on

total import levels. This is in line with the hypothesis put forth by Ferguson

3Investigating the sources of this heterogeneity, Alexeeva-Talebi, Böhringer, Löschel, and
Voigt (2012) find that simulation results are particularly sensitive to the calibration of Arming-
ton elasticities, i.e. the degree of substitution between imported and domestic inputs.

4See Martin, Muûls, and Wagner (2016) or Verde (2020) for a review of the econometric
literature on the impact of the EU ETS on competitiveness and carbon leakage.
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and Sanctuary (2019), that the firms’ total import response to higher energy

prices is determined by both a substitution effect and a scale effect that can

cancel each other out. I quantify these firm-level adjustments and show that

the scale effect slightly dominates among Swedish manufacturing firms.

Contemporaneous work by Coster, di Giovanni, and Mejean (2024) and

Leclair (2025) also studies relocation of production in quantitative firm mod-

els. Coster et al. (2024) study the impact of the EU ETS on sourcing decisions

among French manufacturing firms. They differentiate between dirty and clean

inputs and find that firms respond to higher carbon prices by importing rela-

tively more from dirty producers outside of the EU ETS. Similar to my find-

ings, the intensive margin of the firms’ offshoring decision is more important

than the extensive margin in driving this response. Leclair (2025) studies the

impact of carbon pricing in Canada and finds that higher carbon prices lead

to leakage via market share reallocation toward firms in unregulated Canadian

regions. Neither of these studies captures offshoring of in-house production

nor provides a decomposition of the firms’ total offshoring response to carbon

pricing.

The rest of the paper is structured as follows. Section 3.2 provides a brief

overview of carbon pricing in Sweden. Section 3.3 describes the data and

documents empirical patterns of offshoring. Section 3.4 introduces the model.

Section 3.5 describes how the model is estimated. Section 3.6 presents the

counterfactual analysis. Section 3.7 concludes.

3.2 The Swedish carbon tax

The Swedish carbon tax was introduced in 1991 and is levied on fossil fuels

used in combustion engines or for heating purposes in industrial processes.

Up until 2018, the manufacturing sector faced a lower carbon tax rate than

households and the non-traded sector in Sweden due to explicit carbon leakage

concerns from the government (Martinsson et al., 2024). For the same reason,

additional exemptions were made to the most carbon-intensive manufacturing

firms. In particular, between 1997 and 2010, firms with a carbon tax bill above

0.8% of their sales were granted a 75% reduction in the marginal tax rate.

This tax-to-sales threshold was increased to 1.2% in 2011 and then removed

completely in 2015. In 2005, the EU Emissions Trading System (EU ETS) was



3.3. DATA 177

introduced, and Swedish firms with plants covered by this system initially had

to pay both the national carbon tax they faced and the price of EU Allowances

(EUAs) for each tonne CO2 they emitted. However, from 2011, EU ETS firms

were completely exempted from the Swedish carbon tax. Eligibility in the EU

ETS is based on industry belonging as well as production capacity thresholds.5

Figure 3.1 shows how the marginal carbon price has evolved between 2004

and 2020 for firms in the Swedish manufacturing sector. The blue solid line

depicts the national carbon tax in the manufacturing sector. This is the carbon

price faced by the majority of Swedish manufacturing firms. The blue dotted

line shows the marginal carbon tax for firms that were granted tax exemptions

because they had a carbon tax bill above 0.8% or 1.2% of their sales. The

red solid line depicts the carbon price for firms covered by the EU ETS and

the red dotted line shows the carbon price for firms that were both covered by

the EU ETS and were granted exemptions from the national carbon tax.6 The

figure shows that there has been substantial variation in the marginal carbon

price over time. In particular, the national carbon tax in the manufacturing

sector has increased by more than 500% over the sample period. Because of

the various exemptions from the tax, there is also significant cross-sectional

variation across firms. In this paper, I exploit both sources of variation to study

the effects of carbon pricing on firms’ offshoring behavior.

3.3 Data

3.3.1 Data sources and sample

I rely on plant- and firm-level data from several registers provided by Statis-

tics Sweden. Balance-sheet data comes from the register Structural Business

Statistics, and includes information on revenue, investments, labor costs, cap-

ital, and material inputs. This data is collected by the Swedish Tax Authority

and covers the universe of private sector firms in Sweden. Firm-level data

5The industries that are covered by the EU ETS include basic metals, paper and pulp,
chemicals, non-metallic mineral products, and oil refineries. The capacity thresholds determin-
ing eligibility differ across industries and are described in the Swedish government’s Ordinance
(2020:1180) on certain greenhouse gas emissions.

6I calculate the carbon price in the EU ETS as the average annual spot price of EU Al-
lowances (EUAs) obtained from the European Environment Agency.



178 CHAPTER 3. CARBON TAXES AND OFFSHORING

0

500

1000

1500

CO
2 

pr
ic

e 
(S

EK
/t

on
ne

)

2004 2008 2012 2016 2020

No exemptions, no ETS Exemptions, no ETS
No exemptions, ETS Exemptions, ETS

Figure 3.1: Carbon pricing in Sweden

Notes: The figure plots the marginal carbon price for Swedish manufacturing firms between 2004 and
2020. The blue line plots the national carbon tax in the manufacturing sector. The blue dotted line plots
the national carbon tax for firms with a carbon tax bill relative to sales above 0.8% (2004-2010) or 1.2%
(2011-2015). The red line plots the marginal carbon price for firms covered by the EU ETS. Finally, the red
dotted line plots the marginal carbon price for firms covered by the EU ETS and a carbon tax bill relative
to sales above 0.8% during the years 2004-2008.

on exports and imports comes from the register Foreign Trade – Exports and

Imports of Goods, which reports the imported and exported value of goods

by country and product at the 8-digit Combined Nomenclature (CN) product

classification level. Trade flows with non-EU countries are reported by the

Swedish Customs Authority, while trade flows within the EU are reported via

Eurostat.

Firm-level product data comes from Statistics Sweden’s register Industrial

Production of Goods. This register reports the value and quantity of each prod-

uct produced by firms at the 8-digit CN level and covers manufacturing firms

with 20 or more employees. Data on energy use comes from the register En-

ergy Use in Industry, and includes information on the plants’ energy use by

fuel type (including electricity) as well as total energy costs. This data covers

all manufacturing plants with 10 or more employees. Finally, Statistics Swe-

den’s Firm Register and Individual Databases contain information on which

firms are covered by the EU ETS.

Firm-level CO2 emissions are obtained by combining the data on energy

use with fuel-specific CO2 emission factors from the Swedish Environmental
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Protection Agency. The firms’ marginal carbon tax rates can then be calculated

in three steps. The first step is to compute the firms’ fossil fuel CO2 emissions

subject to the Swedish carbon tax. The second step is to compute the firms’

total carbon tax bill relative to revenue, given that they are not granted any tax

exemptions. Finally, the last step is to compute the firms’ marginal tax rate

according to the rules for exemptions documented in Martinsson et al. (2024).

I complement the microdata with two other data sources. The first is Statistics

Sweden’s data on producer price indices (PPI) by 2-digit NACE industry. The

second is OECD’s data on Swedish input-output linkages at the 2-digit industry

level.

The final sample is an unbalanced panel of 54,518 firm-year observations

between 2004 and 2020. I confine the sample to firms in the manufacturing

sector (NACE 10-33) for which I have balance-sheet data and energy data. I

also limit the sample to firms reporting positive sales, capital, and labor use.

Finally, I drop importers for which I do not have data on their final products

since I use this data to classify firm-level imports into in-house and outsourced

inputs.

3.3.2 In-house and outsourced production

It is relevant to distinguish between imports that substitute for in-house pro-

duction and imports that substitute for the production of domestic suppliers.

Firms may respond to higher carbon prices by offshoring both in-house and

outsourced production of inputs. However, the response is likely to differ

across the two types of inputs for three reasons in particular. First, in many

policy environments, firms are subject to different carbon prices.7 In such en-

vironments, a change in the firm’s own carbon price, which affects the cost

advantage of offshoring in-house production, does not necessarily affect the

cost advantage of offshoring outsourced production, i.e., shifting from domes-

tic to foreign suppliers. Second, even in environments where all firms face the

same carbon price, a higher carbon price may have differential effects on the

cost of in-house and outsourced inputs. This is the case if domestic suppliers

cannot pass through the entire cost increase to their buyers (Ganapati et al.,

7For example, in the EU, only the most energy-intensive firms within particular industries
are subject to the EU ETS.
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2020). Finally, even if the cost increase of in-house and outsourced inputs is

the same for a given firm, the offshoring response may differ if the firm finds it

easier to substitute domestic suppliers with foreign suppliers than to substitute

in-house production with foreign suppliers. For example, inputs produced in-

house may be more specialized to the firm, and therefore harder to substitute,

than inputs sourced from suppliers.8

Distinguishing between imports that substitute for in-house production and

imports that substitute for outsourced production is challenging in practice.

Most firm-level production data sets, such as the Swedish administrative data

used in this study, do not contain information on which inputs firms produce in-

house and which inputs they source from domestic suppliers. To come around

this issue, I follow the approach by Feenstra and Hanson (1999) and Hummels

et al. (2014) and use information on the firms’ final products to differentiate

between imports that are more or less likely to substitute for in-house pro-

duction. Hummels et al. (2014) define narrow offshoring to be "the sum of

imports in the same HS4 category as goods sold by the firm (either domesti-

cally or in exports)", and argue that these imports are more likely to substitute

for labor within the firm. The rationale is that inputs close to the final prod-

ucts of the firm could have been produced within the firm. For example, an

automobile manufacturer that imports steel and car parts is more likely to sub-

stitute in-house production with the imports of car parts than the imports of

steel (Feenstra & Hanson, 1999).

Following this approach, I classify imports as either substituting for in-

house or outsourced production as follows. I use the export and final goods

data to infer which products the firms produce at the 8-digit CN product level. I

then aggregate this information to the 4-digit Harmonized System (HS4) level.

Finally, I define all imported inputs at the HS4 level which correspond to a

final product of the firm as in-house imports and the rest as outsourced imports.

Table A1 in Appendix 3.A illustrates this approach for an example firm in my

data. The firm produces six types of products at the HS4 level according to

8It is also relevant to distinguish between in-house and outsourced inputs when evaluating
offshoring as a mechanism for the effect of carbon pricing on firm-level emissions. While
offshoring of in-house production has a direct effect on the firm’s carbon emissions, switching
from domestic to foreign suppliers of inputs does not. However, this is generally not done in
the empirical literature on carbon pricing and firms’ emissions.
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the final goods and export data sets.9 Moreover, the example firm imports

four different types of goods, but only one of these corresponds to a product

category that the firm also produces. I categorize this one imported input as an

in-house input and the other three imported inputs as outsourced inputs.

3.3.3 Empirical offshoring patterns

I document three patterns in the data that characterize the firms’ offshoring

behavior. In Section 3.4, I use these patterns to guide the model specification.

Pattern 1. Importing firms offshore both in-house and outsourced production.

Table 3.1 reports summary statistics over the number of imported in-house

and outsourced inputs, respectively, at the HS4 product level. The average

importer in my sample imports five in-house inputs and thirteen outsourced

inputs. This pattern suggests that firms offshore production that substitutes for

both in-house production and domestic suppliers. The average share of total

imports that is spent on inputs that are likely to substitute for in-house produc-

tion is 46%. There is large variation in both the number of imported products

and the spending share of in-house imports, indicating that firm-specific fac-

tors shape the firms’ offshoring behavior. Previous studies point to firm size

and the presence of fixed costs of importing as an important source for this

heterogeneity (Antras et al., 2017; Bernard et al., 2007; Halpern et al., 2015).

About 34% of the firms in my sample are non-importers.

Pattern 2. Importing firms offshore a larger cost share of in-house production.

Figure 3.2 plots how the average import cost shares of in-house and out-

sourced inputs, respectively, depend on the number of imported inputs. I cal-

culate the total variable cost of in-house inputs as the sum of the firm’s labor

costs, capital costs, energy costs, and in-house imports. I calculate the total

variable cost of outsourced inputs as the sum of spending on materials except

energy and in-house imports. The figure shows that importers tend to off-

shore relatively more of the production cost of in-house inputs compared to
9Note, in Table A1, only two of the in-house product categories show up in the final goods

data set while all of them show up in the export data set. This discrepancy between the two
data sets is common in practice and is due to differences in how these data sets are compiled by
Statistics Sweden. The trade data is partly based on administrative registries and partly based
on monthly surveys, while the final goods data is based on yearly surveys.
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Table 3.1: Summary statistics over imported products

Mean
(1)

Standard deviation
(2)

Observations
(3)

Number of produced products 12 20 35,937

Number of imported in-house products 5 12 35,937

Number of imported outsourced products 13 17 35,937

Value share of in-house imports 0.46 0.40 35,937

Notes: The sample contains 35,937 firm-year observations over the years 2004-2020. The sample is con-
fined to observations that report positive imports. Products are defined at the HS4 level.

outsourced inputs. This pattern suggests that there are important differences

between in-house and outsourced imports that influence the firms’ offshoring

decisions. In particular, the pattern is consistent with a higher relative cost ad-

vantage associated with offshoring in-house production. The difference in cost

advantage could, in turn, be explained by a higher degree of complementarity

between in-house and offshored production or a higher price-adjusted quality

advantage of in-house imports.

Figure 3.2 also shows that the relationship between the average import cost

share and the number of imported inputs is highly concave for both in-house

and outsourced inputs. This concavity indicates that firms concentrate their

imports in just a few inputs and that relatively little is spent on the rest of the

imported inputs.

Pattern 3. Importing firms’ offshoring response to higher carbon prices differs

across in-house and outsourced inputs.

Table 3.2 presents the results from running the specification:

logImports jt = β0 +β1 logCO2 price jt + ι j + ιt + ε jt , (3.1)

where the outcome variable is the log of firm j’s imports of in-house, out-

sourced, or total inputs, in year t, and the explanatory variable is the log of

the firm’s marginal carbon price. ι j and ιt denote firm and year fixed effects,

respectively, and ε jt is an error term. I exploit the same firm-level variation

in the marginal carbon price as Martinsson et al. (2024). Identification of β1

comes from the various tax exemptions discussed in Section 3.2. Since both
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Figure 3.2: Import cost shares

Notes: The figure plots how the average import cost share of in-house and outsourced inputs, respectively,
depends on the number of imported inputs. The blue line plots the average for imports classified as in-house
inputs, and the red line plots the average for imports classified as outsourced inputs. The total variable cost
of in-house inputs is calculated as the sum of the firm’s labor costs, capital costs, energy costs, and in-house
imports. The total variable cost of outsourced inputs is calculated as the sum of spending on materials
except energy and in-house imports.

participation in the EU ETS and the firms’ carbon tax bill over sales – which

determine whether firms are granted tax exemptions – might be correlated with

other time-variant factors affecting the firms’ offshoring decisions, I interpret

the results in Table 3.2 as descriptive evidence rather than causal evidence.

Column (1) reports the estimated effect of changes in the carbon price

on firms’ total imports. Similar to previous empirical studies in the literature

(Colmer et al., 2024), I do not find that firms respond to higher carbon prices

by increasing their total importing levels. However, as discussed in Section

3.3.2, the firms’ carbon price primarily affects the relative advantage of off-

shoring in-house production. Column (2) therefore reports the effect on the

firms’ imports of in-house inputs. The effect is positive and significant at the

5% level. A 10% increase in the carbon price is associated with a 1.7% in-

crease in imports substituting for in-house production, conditional on firm and

year fixed effects. Finally, column (3) reports the estimated effect on imports

of outsourced inputs. The effect is negative and significant at the 10% level. A

potential reason why the effect is negative is the following. A higher carbon

tax reduces the firms’ optimal scale of production, and therefore also the over-
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Table 3.2: Relationship between firms’ carbon price and importing

log Imports
(1)

log In-house imports
(2)

log Outsourced imports
(3)

log CO2 price -0.012 0.169∗∗ -0.070∗

(0.038) (0.071) (0.040)

Constant 16.45∗∗∗ 15.58∗∗∗ 14.72∗∗∗

(0.040) (0.073) (0.041)

Firm FE Yes Yes Yes

Year FE Yes Yes Yes

Observations 24,841 24,841 24,841

Notes: The sample contains 24,836 firm-year observations over the years 2004-2020. To keep the sample
constant across columns, I confine the estimating sample to observations that report positive imports of both
in-house and outsourced inputs. Standard errors are clustered at the firm level. * if p ≤ 0.10, ** if p ≤ 0.05,
*** if p ≤ 0.001.

all demand for inputs, while not having a strong impact on the relative cost

advantage of foreign production over domestic suppliers.10

3.4 Model

I build on Halpern et al. (2015) to develop a structural model of firms’ off-

shoring decisions that can account for the empirical patterns documented in

the data. The model decomposes the firms’ total offshoring response to higher

carbon taxes into different margins of adjustment. By estimating the param-

eters of the model, I can quantify these margins to understand how carbon

pricing affects offshoring both at the firm level and at the sector level. The

model is a static industry equilibrium model in which manufacturing firms can

offshore both in-house and outsourced inputs in production.11

10Table A2 in Appendix 3.A reports the results when including industry-year fixed effects in
equation (3.1). The effect on in-house imports is robust to the inclusion of industry-year fixed
effects. The effect on outsourced inputs is still negative but no longer statistically significant.

11Appendix 3.B provides derivations of key equations in this section.
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3.4.1 Preferences

Preferences over products produced in industry s are characterized by a con-

stant elasticity of substitution (CES) utility function,

Us =
[

∑
j∈Js

V
1
η

j Y
η−1

η

j

] η

η−1
, (3.2)

where η is the elasticity of substitution across products, Yj is the quantity of

product j, and Vj is a product-specific demand shifter normalized such that

∑ j∈Js Vj = 1.

The demand for product j is obtained by solving the utility maximization

problem and given by,

Yj =VjYs

(Pj

Ps

)−η

, (3.3)

where Ys is industry output and Ps is an industry price index.12 I abstract away

from strategic interactions and assume that firms operate under monopolistic

competition and take Ps as given.

3.4.2 Technology

Each firm in industry s produces a single differentiated product j ∈ Js by as-

sembling a set of intermediate inputs according to the following production

function,

Yj = Ω j ∏
i∈NI

j

[
X I

ji
]γ I

i
∏

i∈NN
j

[
XN

ji
]γN

i (3.4)

where Ω j is a firm-level productivity shifter, NI
j is a set of inputs produced in-

house, and NN
j is a set of inputs outsourced to suppliers. I allow the individual

inputs in these sets to differ across firms. However, I impose that the size

of the sets is the same for each firm, such that |NK
j | = NK for K = I,N. I

also order the inputs by their weights in the production function, such that

γK
1 ≥ γK

2 ≥ ... ≥ γK
NK

for K = I,N, and assume that these weights are constant

across firms.

12In particular, Ys =
[

∑ j∈Js
V

1
η

j Y
η−1

η

j

] η

η−1 and Ps =
[

∑ j∈Js
V jP

1−η

j

] 1
1−η .
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Part of the production of both in-house inputs and outsourced inputs can be

offshored to foreign suppliers. In particular, the firms can combine domestic

and foreign varieties according to the following CES function,

XK
ji =

[
(ψK

i XK
jiF)

θK−1
θK +(XK

jiH)
θK−1

θK

] θK
θK−1 ∀i ∈ NK

j , K = I,N (3.5)

where XK
jiF is the quantity of the foreign variety, XK

jiH is the quantity of the

domestic variety, and θK is the elasticity of substitution between foreign and

domestic varieties. The elasticity of substitution is allowed to differ across in-

house and outsourced inputs to account for that it may be harder for firms to

substitute in-house production with foreign production. ψK
i is a measure of the

quality advantage associated with using foreign varieties.

Firms produce in-house inputs by combining capital, K ji, labor, L ji, and

energy, Z ji, according to a constant returns to scale technology,

X I
jiH = Fi(K ji,L ji,Z ji), ∀i ∈ NI

j , (3.6)

and are assumed to be price takers with respect to each production factor. The

unit cost of producing X I
jiH is therefore constant across firms subject to the

same carbon tax on energy inputs. For inputs that are outsourced to domestic

suppliers, firms take input prices as given.

To offshore part of the production of intermediate inputs, firms must incur

a fixed cost for every input they source from abroad.13 In particular, I follow

Gopinath and Neiman (2014) and Halpern et al. (2015) and assume that every

firm j has a fixed cost schedule f̄ K
j = ( f K

j1, ..., f K
jNK

). Moreover, the fixed cost of

offshoring a particular input i depends on the order in which it is imported and

not the characteristics of the input itself or the source country. This restriction

simplifies the analysis considerably while still allowing the fixed costs to vary

both across inputs and firms.

3.4.3 The firm’s problem

A firm in this model makes several production decisions. First, it chooses the

optimal combination of capital, labor, and energy to produce each in-house

13This assumption is consistent with empirical evidence in the literature (Antras et al., 2017;
Gopinath & Neiman, 2014; Halpern et al., 2015)
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input. Second, it decides how much of each input to offshore to foreign suppli-

ers, given that it has incurred the fixed cost of offshoring. Third, it chooses the

optimal combination of inputs to minimize costs given a specific offshoring

strategy. Finally, it decides on the optimal offshoring strategy by maximizing

profits. I now describe each of these decisions in turn.

The firm’s production of in-house inputs

Firm j optimally combines capital, labor, and energy inputs in its production

of in-house inputs by solving the cost-minimization problem associated with

(3.6). The unit cost of producing in-house inputs is given by,

PI
iH = PI

iH(PK ,PL,PE(τ)), ∀i ∈ NI
j , (3.7)

where PK , PL, and PE(·) denote the price of capital, labor, and energy inputs,

respectively. The price of energy inputs depends on a carbon tax, τ , levied on

fossil fuels. A higher carbon tax increases the price of energy, which in turn

increases the cost of in-house production:

∂PI
iH(PK ,PL,PE(τ))

∂τ
≥ 0, ∀i ∈ NI

j . (3.8)

A higher carbon tax also affects the firm’s incentives to offshore production to

foreign suppliers. I turn to this decision next.

The firm’s intensive margin offshoring decision

Firm j optimally combines domestic and foreign varieties in the production of

each input i by solving the cost-minimization problem associated with (3.5).

As illustrated by Halpern et al. (2015), the solution to this problem implies that

the unit cost of input i is given by,

PK
ji (τ) =

[
1+

(
ψK

i PK
iH(τ)

PK
iF

)θK−1] 1
1−θK PK

iH(τ), ∀i ∈ nK
j , K = I,N. (3.9)

where nI
j ⊆ NI

j and nN
j ⊆ NN

j denote the sets of in-house and outsourced inputs,

respectively, for which firm j has incurred the fixed offshoring cost. Without

offshoring, the unit cost of input i is PK
iH(τ). Sourcing foreign varieties of
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this input reduces the unit cost via a love-for-variety effect. It also affects the

unit cost via the quality-adjusted relative price of the domestic variety, which

I henceforth denote by ΨK
i (τ) =

ψK
i PK

iH(τ)

PK
iF

.

Specifically, offshoring gives rise to a percentage reduction in the unit cost

of input i equal to,

aK
i (τ) =− log

[PK
ji (τ)

PK
iH(τ)

]
=

log[1+ΨK
i (τ)

θK−1]

θK −1
, ∀i ∈ nK

j , K = I,N.

(3.10)

Intuitively, the gain from offshoring decreases in the elasticity of substitu-

tion between foreign and domestic varieties, θK , and increases in the quality-

adjusted relative price ΨK
i (τ). Moreover, a higher carbon tax increases the

gain from offshoring by increasing the price of domestic varieties.

The solution to the cost-minimization problem associated with (3.5) also

yields a simple expression for the optimal spending share of foreign varieties

in each input i:

SK
i (τ) =

ΨK
i (τ)

θK−1

ΨK
i (τ)

θK−1 +1
, ∀i ∈ nK

j , K = I,N. (3.11)

Spending on offshored production relative to domestic production increases in

ΨK
i (τ) and therefore also in the carbon tax. Whether it increases or decreases

in θK depends on the value of ΨK
i (τ). If ΨK

i (τ) is above one, the spending

share increases in θk and vice versa.

To simplify the analysis, I assume that ΨK
i (τ) is the same within (but not

necessarily across) the sets of in-house and outsourced inputs. That is, I as-

sume ΨI
i (τ) = ΨI(τ) for all i ∈ NI

j and ΨN
i (τ) = ΨN(τ) for all i ∈ NN

j . It

follows that the gain from offshoring in (3.10) and the optimal spending share

of foreign varieties in (3.11) are the same as well (i.e. aK
i (τ) = aK(τ) and

SK
i (τ) = SK(τ)). This assumption implies that a firm selects which inputs to

offshore solely based on how important they are in production, γK
i . In particu-

lar, the firm will find it optimal to offshore the inputs with the greatest weights

first. This, in turn, can be used to derive a simple expression for the total cost
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share of the firm’s production that is offshored to foreign suppliers:

MK
j

CK
j
= SK(τ)

∑
|nK

j |
i=1 γK

i

γK
= SK(τ)GK(|nK

j |), K = I,N (3.12)

where MK
j = ∑i∈nK

j
PK

iFXK
jiF and CK

j = ∑i∈NK
j

PK
ji XK

ji . Intuitively, the total spend-

ing share that goes to foreign suppliers increases in the optimal spending share

of foreign varieties in each input, SK(τ), and the number of inputs that are

offshored, |nK
j |. The model allows the difference in import cost shares across

in-house and outsourced inputs documented in Figure 3.2 to depend both on

differences in SK(τ) and on differences in GK(·).

The firm’s gain from offshoring

Conditional on a specific offshoring strategy, {nI
j,n

N
j }, firm j chooses the op-

timal combination of inputs by solving the cost-minimization problem associ-

ated with (3.4). The cost functions for in-house and outsourced inputs, respec-

tively, are given by,

CK
j = ρ

K
j (τ)exp

[
−aK(τ)GK(|nK

j |)
]

∏
i∈NK

(XK
ji )

γK
i

γK , K = I,N (3.13)

where ρK
j (τ) = ΓK ∏i∈NK

j
PK

iH(τ ji)
γK
i

γK is a price index over domestic varieties of

in-house and outsourced inputs, respectively. For a given level of production,

the total cost of these inputs decreases with the number of offshored inputs,

|nK
j |. The size of this effect depends on the unit-cost gain from offshoring,

aK(τ), as well as the relative weight of these inputs in production, GK(|nK
j |).

Inserting the cost functions in (3.13) into the production function in (3.4)

gives,

Yj = Ω j
[
C̃I

j(τ)
]γI

[
C̃N

j (τ)
]γN exp

[
γIaI(τ)GI(nI

j)
]

exp
[
γNaN(τ)GN(nN

j )
]

(3.14)

where C̃K
j (τ) =CK

j /ρK(τ) is the deflated total cost of in-house and outsourced

inputs, respectively. For a given level of spending on these inputs, offshoring

leads to an increase in the firm’s output by reducing the cost of inputs. This
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contribution to output can be interpreted as a gain in total factor productivity

(Halpern et al., 2015). A higher carbon tax has two counteracting effects on

output. On one hand, it increases output via the unit-cost gain from offshoring,

aK(τ). On the other, it decreases output by increasing the cost of domestic

varieties, ρK(τ).

Following De Loecker (2011), I use that the quantity produced equals the

quantity demanded in equilibrium to derive how revenue is affected by off-

shoring. From (3.3), deflated firm revenue (R̃ j = R j/Ps) is equal to R̃ j =

Y
1
η

s V
1
η

j Y
η−1

η

j . Combining this with (3.14) gives an expression for equilibrium

revenue,

R̃ j =
[
VjYs

] 1
η Ω

∗
j
[
C̃I

j(τ)
]γ∗I

[
C̃N

j (τ)
]γ∗N exp

[
γ
∗
I aI(τ)GI(nI

j)
]

exp
[
γ
∗
NaN(τ)GN(nN

j )
]

(3.15)

where ∗ denotes that the parameters are scaled by a constant η−1
η

to account

for demand effects on revenue. This revenue production function is key for the

estimation of the model in Section 3.5.

The firm’s optimal offshoring strategy

Firm j sets the price of its final good to maximize variable profits. Under

monopolistic competition, the optimal price is a constant mark-up, η

η−1 , over

marginal cost. The firm’s variable profit function is then given by,

π j(nI
j,n

N
j ) = Bs

(
Ω j

ρ j(τ)γ

)ζ

exp
[
ζ γIaI(τ)GI(nI

j)
]

exp
[
ζ γNaN(τ)GN(nN

j )
]

(3.16)

where Bs = [VjYsP
η
s [ η

η−1
1
γ
]−η ]

1
γ+η−ηγ 1

γζ
is an industry-specific market demand

index, ρ j(τ) = γ(ρ I
j(τ)/γI)

γI/γ(ρN
j (τ)/γN)

γN/γ is the firm’s input price index,

and ζ =(η−1)/(γ+η−ηγ). To ensure that the firm’s variable profit function

exists, I assume γ < η/(η −1), which implies ζ > 0.

It follows from (3.16) that offshoring part of the production of intermedi-

ate inputs increases the firm’s variable profit. When deciding on the optimal

offshoring strategy, the firm has to trade off the gain in variable profit against

the fixed cost of offshoring. In particular, the firm chooses which inputs to
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offshore by solving the following problem:

max
{nI

j⊆NI
j ,n

N
j ⊆NN

j }
π j(nI

j,n
N
j )− ∑

i∈nI
j

f I
i j − ∑

i∈nN
j

f N
i j . (3.17)

3.5 Structural estimation

I use my Swedish firm-level production and trade data to estimate the param-

eters of the model. The estimation procedure is divided into four steps and

builds on Halpern et al. (2015). In the first step, I estimate the offshore de-

mand function in (3.12). This step provides estimates of the share of spending

on foreign varieties, SK(τ), as well as the relative production weights of off-

shored inputs, GK(|nK
j |). In the second step, I estimate the revenue production

function in (3.15). This step provides estimates of the unit-cost gain from off-

shoring, aK(τ), and the other parameters governing firm-level revenue. Finally,

in the third and fourth step, I estimate the quality-adjusted relative price of do-

mestic varieties, ΨK(τ), the elasticity of substitution between foreign and do-

mestic inputs, θK , and the fixed costs of offshoring, f̄ K
j = ( f K

ji , ..., f K
jNK

). With

the fully estimated model, I can solve the firms’ profit maximization problem

in (3.17) and quantify the equilibrium effects of carbon pricing policies on

offshoring.

3.5.1 Assumptions for identification

To identify the parameters of the model, I incorporate the firm’s decisions

into a dynamic framework following the literature on production function es-

timation (Ackerberg et al., 2015; Doraszelski & Jaumandreu, 2013; Gandhi

et al., 2020; Levinsohn & Petrin, 2003; Olley & Pakes, 1996). In particu-

lar, I assume that capital is a dynamic input that evolves according to K jt =

(1−δ )K jt−1 + I jt−1, where δ is the rate of depreciation and I jt−1 denotes cap-

ital investment in period t −1. Both labor, L jt , and energy, E jt , are assumed to

be non-dynamic and chosen freely by the firm in each period t.

I further assume that the firm-level productivity shifter can be decomposed

as follows logΩ jt = ω jt +ε jt , where ω jt is observed by the firm when it makes

its production decisions in period t, and εit is an idiosyncratic random shock

that the firm observes after its production decisions are made. The observed
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productivity component follows a Markov process,

ω jt = E[ω jt |ω jt−1,τ jt−1,exit=0]+ e jt = g(ω jt−1,τ jt−1, pexit
jt )+ e jt , (3.18)

where g(·) is the expected productivity conditional on information in period

t −1 and firm survival, and e jt is a random shock. Following Olley and Pakes

(1996), I assume that g(·) depends on the firm’s lagged productivity as well as

its exit probability, pexit
jt .14 I also allow the lagged level of the carbon tax to

affect productivity. For example, a higher carbon tax may increase productivity

by causing firms to invest in more efficient technology. By construction, the

error term e jt is mean independent of ω jt−1, τ jt−1, and pexit
jt .

The main estimating equation is obtained by taking logs of the revenue

production function in (3.15) and adding time subscripts:

r̃ jt =
1
η

yst +
κ

η
d jt + γ

∗
I c̃I

jt + γ
∗
N c̃N

jt

+ γ
∗
I aI(τ)GI(|n jt |I)+ γ

∗
NaN(τ)GN(|n jt |N)

+ω
∗
jt + ε

∗
jt

(3.19)

where lower-case letters denote logs. I assume that the firm-specific demand

shifter is observed and given by v jt = κd jt , where d jt is revenue growth at

the county-industry level. The key identification problem in estimating this

equation is that ω jt is unobserved by the econometrician but likely to be cor-

related with the firm’s input and offshoring decisions. OLS estimates of the

production function parameters would therefore suffer from omitted variable

bias.

To come around this issue, I build on the approach developed in Olley and

Pakes (1996) and derive the firm’s investment policy function to control for

the unobserved productivity term, ω jt . The firm chooses the optimal level of

investment, i jt , in each period by maximizing the expected net present value

of future cash flows according to the following Bellman equation,

V (s jt) = max
i jt

Π(s jt)−C(i jt)+
1

1+ρ
[V (s jt+1)|s jt , i jt ] (3.20)

where Π(·) is the firm’s per-period profit function, C(·) is the cost of invest-

14A higher survival productivity reduces the expected productivity conditional on survival.
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ment, and s jt = {ω jt ,k jt ,ρ
I
jt(τ),ρ

N
jt (τ),yst ,d jt} is the set of state variables. All

state variables are correlated over time and contain information about the op-

timal investment decision in period t. Apart from the capital stock, k jt , and

productivity, ω jt , I follow Doraszelski and Jaumandreu (2013) and include the

input prices, ρ I
jt(τ) and ρN

jt (τ), and the demand shifters, yst and d jt , in the set

of state variables. I assume that the fixed costs of offshoring are i.i.d and in-

dependent of all other shocks conditional on s jt . This assumption is important

for identification in the estimation procedure.

The solution to (3.20) is the policy-function i(s jt). If this function is strictly

increasing in productivity, which follows if ω jt positively affects the marginal

product of capital (Ackerberg et al., 2015), then the inverse can be used to

proxy for productivity,

ω jt = i−1(i jt ,k jt ,ρ
I
jt(τ),ρ

N
jt (τ),yst ,d jt). (3.21)

I assume that i−1(·) can be approximated by a higher-order polynomial in the

observed state variables. In principle, I could also use the demand function

for a static input to control for productivity (Levinsohn & Petrin, 2003). How-

ever, I do not observe the firms’ use of any given input except for the primitive

inputs labor, capital, and energy. Moreover, the input demand functions for

these static inputs depend on the state variables, s jt , as well as the set of off-

shored inputs, nK
j , and the fixed costs of offshoring, f̄ jt . Since the fixed costs

of offshoring are unobserved, the static input demand functions would violate

the scalar unobservability assumption underlying this approach (Ackerberg et

al., 2015). This is not a problem in (3.21), since I assume that the fixed costs

are uncorrelated over time, and therefore do not influence the firms’ optimal

investment decision.

The following timing assumptions underlie the identification strategy. In

each period t, the firm acts as follows:

1. Observes the state variables, s jt = {k jt ,ω jt ,ρ
I
jt ,ρ

N
jt ,yst ,d jt}.

2. Decides on whether to exit.

3. Decides on capital investment, i jt .

4. Observes the fixed costs of offshoring, { f̄ I
jt , f̄ N

jt }.



194 CHAPTER 3. CARBON TAXES AND OFFSHORING

5. Decides on the offshoring strategy, {nI
jt ,n

N
jt}.

6. Decides on the combination of intermediate inputs.

7. Decides on the combination of capital, labor, and energy for each in-

house input.

8. Observes the productivity shock, ε jt .

9. Sets the price of its final good, Pjt .

3.5.2 Offshore demand function

The first step of the estimation procedure is to estimate the empirical counter-

part of the offshore demand function in (3.12),

MK
jt

CK
jt
= SK(τ

K
jt )G

s
K(|nK

jt |)+uK
jt (3.22)

where uK
jt is an error term. To estimate SK(τ

K
jt ) and Gs

K(|nK
jt |), I assume the

following specific functional forms:

Gs
K(|nK

jt |) =

 Ḡs
K

[
1−

[
1−

( |nK
jt |

n̄K

)λK
] 1

λK
]

if |nK
jt | ≤ n̄K

Ḡs
K otherwise,

(3.23)

and

SK(τ
K
jt ) = SK0 +SK1 logτ

K
jt . (3.24)

The functional form in (3.23) comes from Halpern et al. (2015) and implies

that Gs
K(·) is increasing and concave in the number of offshored inputs.15 This

function fits the data well and is consistent with the theoretical predictions. n̄K

is the number of offshored inputs after which Gs
K(·) completely levels off, and

Ḡs
K is the cost share of tradable inputs in production. In the estimation, I set

n̄K = 170 for both in-house and outsourced inputs to fit the pattern in Figure

15Bøler et al. (2015) use an alternative functional form: Gs
K(|n jt |) =

log(1+|n jt |)
log(1+n̄K)

.
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3.2. Moreover, I set Ḡs
I equal to 1 and Ḡs

N equal to the share of spending on

non-service inputs in the input-output table of each industry s.16

The functional form in (3.24) implies that the effect on SK(·) of a percent-

age change in the carbon tax is assumed to be independent of the level of the

carbon tax.17 While τ I
jt denotes the carbon tax faced by firm j in year t, τN

jt

denotes the carbon tax faced by firm j’s suppliers. To measure τN
jt , I construct

an industry-specific weighted average of the carbon tax in the manufacturing

sector. In particular, I first compute a weighted average of the carbon price

within each 2-digit industry, where the weights are given by the firms’ revenue

shares. I then weigh these industry-level carbon prices by the industry-level

spending shares in the input-output tables to construct τN
jt . Thus, τN

jt varies

across industries but not across firms within the same industry.

I estimate (3.22) using non-linear least squares. The key assumption to

identify the parameters is that the error term is uncorrelated with the number

of offshored inputs and the carbon tax. Since the model implies (3.22) without

the error term, I assume that uK
jt represents measurement error.

Table 3.3 presents the estimates of λK , SK0, and SK1 for in-house and out-

sourced inputs, respectively. In the baseline analysis, I include the full sample

of firms. Hence, the carbon price varies both across years and across firms. In

Table C1 in Appendix 3.C, I present estimates where I exclude firms that are

covered by the EU ETS or subject to tax exemptions. In this case, the carbon

price only varies across years.

The first column of Table 3.3 shows that the share of spending on foreign

varieties is significantly larger for in-house inputs. With a carbon tax equal to

1,190 SEK/tonne CO2, the optimal share of spending on foreign varieties is

62% for in-house inputs and 24% for outsourced inputs. Both shares increase

significantly in the carbon price. However, the impact is larger for in-house

inputs. In particular, a 10% increase in the carbon price increases the share of

16Specifically, I assume that inputs purchased from industries in NACE sections A (Agricul-
ture, forestry and fishing), B (Mining and quarrying), C (Manufacturing), and G (Wholesale and
retail trade) are tradable, and that inputs purchased from the remaining industries are domestic.
The results are not sensitive to the specific values of Ḡs

K .
17I need to approximate SK(τ) since the model does not specify how domestic input prices

depend on the carbon tax. This relationship is likely to depend both on the elasticity of sub-
stitution between fuel types and the elasticity of substitution between energy and other factors
of production. As a robustness exercise, I plan to redo the analysis where I approximate SK(τ)
with higher-order polynomials.
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Figure 3.3: The offshore demand function

Notes: The figure plots the estimated offshore demand function in (3.22) for in-house and outsourced inputs,
respectively. To plot the offshore demand function for outsourced inputs, I use the average cost share of
tradable inputs, Ḡs

N , across industries.

spending on foreign varieties by 0.2 percentage points for in-house inputs and

0.003 percentage points for outsourced inputs. The second column of Table 3.3

shows that these estimates are robust to the inclusion of industry fixed effects

in the structural estimation.

Figure 3.3 illustrates the estimated offshore demand functions for in-house

and outsourced inputs, respectively. The estimated functions fit the pattern in

Figure 3.2 on how the average import cost shares depend on the number of

offshored inputs. The functions are highly concave, which indicates that the

gain from offshoring is much higher for the first inputs that the firms decide to

offshore.

3.5.3 Revenue production function

The second step of the estimation procedure is to estimate the parameters in

the revenue production function in (3.19). Inserting the estimates of Gs
K(|nK

jt |)
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and the productivity proxy in (3.21) gives,

r̃ jt =
1
η

yst +
κ

η
d jt + γ

∗
I c̃I

jt + γ
∗
N c̃N

jt

+ γ
∗
I aI(τ

I
jt)Ĝ

s
I(|nI

jt |)+ γ
∗
NaN(τ

N
jt )Ĝ

s
N(|nN

jt |)

+ i−1(i jt ,k jt ,ρ
I
jt ,ρ

N
jt ,yst ,d jt

)
+ ε

∗
jt .

(3.25)

The inclusion of i−1(·) solves the omitted variable bias problem since E[ε∗
jt |I jt ] =

0, where I jt is firm j’s information set in year t.

However, because i−1(·) is a non-parametric function, a second problem

arises. Conditional on {i−1(·), Ĝs
I(|nI

jt |), Ĝs
N(|nN

jt |)}, there is no variation left

in {yst ,dst , c̃I
jt , c̃

N
jt} to identify { 1

η
, κ

η
,γ∗I ,γ

∗
N}. Hence, I cannot use (3.25) to

estimate these parameters (Ackerberg et al., 2015).

To come around this functional dependence problem, I estimate the pro-

duction function parameters in two stages. In the first stage, I assume the

specific functional form aK(τ
K
jt ) = aK0 +aK1 logτK

jt , and estimate18

r̃ jt = δ
∗
I0Ĝs

I(|nI
jt |)+δ

∗
I1Ĝs

I(|nI
jt |) logτ

I
jt

+δ
∗
N0Ĝs

N(|nN
jt |)+δ

∗
N1Ĝs

N(|nN
jt |) logτ

N
jt

+h
(
i jt ,k jt ,ρ

I
jt ,ρ

N
jt ,yst ,d jt , c̃I

jt , c̃
N
jt
)
+ ε

∗
jt ,

(3.26)

where h(·) is a non-parametric control function. Conditional on h(·), there is

still variation left in {Ĝs
I(|nI

jt |), Ĝs
I(|nI

jt |) logτ I
jt , Ĝ

s
N(|nN

jt |), Ĝs
N(|nN

jt |) logτN
jt} to

identify the parameters {δ ∗
I0,δ

∗
I1,δ

∗
N0,δ

∗
N1}. This variation ultimately comes

from variation in the firm-specific fixed costs of offshoring. I estimate this

equation with OLS and use a second-order polynomial, with a full set of inter-

actions, to approximate h(·).
In the second stage, I use the predicted h(·) from the first stage together

with the Markov process for productivity in (3.18) to obtain estimates of the

remaining production function parameters. From equations (3.25) and (3.26),

it follows that ω jt = ĥ jt − ( 1
η

yst +
κ

η
d jt + γ∗I c̃I

jt + γ∗N c̃N
jt). Substituting this ex-

18Analogous to SK(τ
K
jt ), the functional form of a(τK

jt ) implies that the effect of a percentage
increase in the carbon price does not depend on the level of the price.
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pression into the Markov process and solving for ĥ jt yields,

ĥ jt =
1
η

yst +
κ

η
d jt + γ

∗
I c̃I

jt + γ
∗
N c̃N

jt

+α1

[
ĥ jt−1 − (

1
η

yst−1 +
κ

η
d jt−1 + γ

∗
I c̃I

jt−1 + γ
∗
N c̃N

jt−1)
]

+α2

[
ĥ jt−1 − (

1
η

yst−1 +
κ

η
d jt−1 + γ

∗
I c̃I

jt−1 + γ
∗
N c̃N

jt−1)
]2

+α3τ
I
jt−1 +α4(τ

I
jt−1)

2 +α5τ
N
jt−1 +α6(τ

N
jt−1)

2 +α7 pexit
jt +α8(pexit

jt )2

+ e jt ,

(3.27)

where g(ω jt−1,τ
I
j,t−1,τ

N
j,t−1, pexit

jt ) is approximated by a second-order polyno-

mial. Identification comes from the moment condition E[e jt |I jt−1] = 0 implied

by (3.18). In the estimation of this equation, I use the generalized method of

moments (GMM) estimator and the following set of instruments:

I jt−1 = {yst−1,y2
st−1,d jt−1,d2

jt−1, c̃
I
jt−1,(c̃

I
jt−1)

2, c̃N
jt−1,(c̃

N
jt−1)

2,

k jt ,k2
jt ,τ

I
jt−1,(τ

I
jt−1)

2,τN
jt−1,(τ

N
jt−1)

2, pexit
jt ,(pexit

jt )2}.
(3.28)

There are 16 moment conditions to identify 12 parameters. All instruments ex-

cept capital, k jt , and the exit probability, pexit
jt , are lagged one period to ensure

exogeneity.19 The main parameters of interest are { 1
η
, κ

η
,γ∗I ,γ

∗
N}, which are

needed to solve the firm’s static profit maximization problem and compute the

industry equilibrium. With these in hand, the parameters governing the unit-

cost gain from offshoring can be obtained as aK0 = δ ∗
K0/γ∗K and aK1 = δ ∗

K1/γ∗K .

An issue in estimating the revenue production function is that I do not ob-

serve the firms’ input price indices, ρ I
jt and ρN

jt . As proxies for these price

indices, I rely on 2-digit industry producer price indices (PPIs) provided by

Statistics Sweden. Specifically, I use the PPI of the firm’s own industry to

proxy for ρ I
jt , and a weighted average of the PPIs across all industries to proxy

for ρN
jt , where the weights are given by the industry-level spending shares in

the input-output tables. There are two problems associated with this solution.

First, I impose that input prices are equalized across firms within industries,

19As argued by De Loecker (2011), yst could in principle be used as an instrument given the
assumption that there is no correlation between total output produced and firm-specific shocks
to productivity. However, he notes that this is a strong assumption that is likely to be violated.
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Table 3.3: Estimates of model parameters

(1) (2)

In-house Outsourced In-house Outsourced
inputs inputs inputs inputs

Offshore demand function:

Curvature of GK(·) (λK) 0.4460∗∗∗ 0.4512∗∗∗ 0.4460∗∗∗ 0.4512∗∗∗

(0.0023) (0.0028) (0.0025) (0.0031)

Offshoring share (SK0) 0.6164∗∗∗ 0.2405∗∗∗ 0.6147∗∗∗ 0.2406∗∗∗

(0.0161) (0.0001) (0.0129) (0.0001)

Offshoring share × carbon tax (SK1) 0.0200∗∗ 0.0029∗∗∗ 0.0192∗∗ 0.0031∗∗∗

(0.0087) (0.0001) (0.0076) (0.0001)

Revenue production function:

Industry revenue (1/η) 0.2214∗ 0.1203∗∗∗

(0.1197) (0.0236)

Local demand growth (κ/η) 0.0027 0.0078∗∗

(0.0054) (0.0033))

In-house inputs (γ∗I ) 0.2609∗∗∗ 0.2814∗∗∗

(0.0436) (0.0181)

Outsourced inputs (γ∗N) 0.4470∗∗∗ 0.4842∗∗∗

(0.0480) (0.0218)

Offshoring gain (aK0) 0.5482∗∗∗ 0.0321∗∗∗ 0.4597∗∗∗ 0.0403∗∗∗

(0.0739) (0.0000) (0.0370) (0.0000)

Offshoring gain × carbon tax (aK1) 0.0285∗∗ 0.0004∗∗∗ 0.0230∗∗ 0.0006∗∗∗

(0.0129) (0.0000) (0.0092) (0.0000)

Deep parameters:

Quality-adjusted relative price (ΨK0) 1.3113∗∗∗ 0.8745∗∗∗ 1.2524∗∗∗ 0.8451∗∗∗

(0.0568) (0.0000) (0.0363) (0.0000)

Quality-adjusted relative price 0.0599∗∗ 0.0016∗∗∗ 0.0466∗∗ 0.0021∗∗∗

× carbon tax (ΨK1) (0.0280) (0.0000) (0.0189) (0.0000)

Elasticity of substitution (θK) 2.7472∗∗∗ 9.5736 3.0742∗∗∗ 7.8291∗

(0.3088) (7.1864) (0.1690) (4.0061)

Industry FE No Yes

Observations 54,518 54,518

Notes: The sample contains 54,518 firm-year observations over the years 2004-2020. Standard errors are
bootstrapped and based on 50 replications with replacement. * if p ≤ 0.10, ** if p ≤ 0.05, *** if p ≤ 0.001.

which can lead to negative bias in the estimated coefficients if this assump-

tion is violated (De Loecker & Goldberg, 2014). A source for firm-specific

input prices is firm-specific carbon prices. Table C1 in Appendix 3.C there-

fore presents results where I exclude firms that are subject to tax exemptions.

Second, I use output prices to proxy for input prices, which could give rise to

bias associated with measurement error. However, this is only a problem for

ρ I
jt since ρN

jt captures the output prices of suppliers.

Table 3.3 reports the estimates of the key parameters in the firms’ revenue

production function. Column (1) is the baseline specification while column
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(2) extends the Markov process in (3.18) with industry fixed effects.20 The

estimates of 1/η in columns (1) and (2) imply an elasticity of demand equal to

4.5 and 8.3, respectively, which falls well within the bounds of previous esti-

mates in the literature (Broda & Weinstein, 2006; Halpern et al., 2015). These

estimates correspond to optimal mark-ups equal to 1.28 and 1.13, respectively.

The estimated elasticities of revenue with respect to spending on in-house and

outsourced inputs are given by γ̂∗I = 0.26 and γ̂∗N = 0.45 in column (1) and

γ̂∗I = 0.28 and γ̂∗N = 0.48 in column (2). The corresponding output elasticities

are obtained by scaling these estimates by the markup. I find that γ̂I = 0.33 and

γ̂N = 0.58 in column (1) and γ̂I = 0.32 and γ̂N = 0.54 in column (2). Thus, both

specifications suggest that there are decreasing returns to scale in production.

However, γ̂ = γ̂I + γ̂N is not statistically different from 1.

Table 3.3 suggests that the cost reduction from offshoring an input, aK(τ),

is substantially higher for in-house inputs than for outsourced inputs. Given

a carbon tax equal to 1,190 SEK, offshoring reduces the unit cost of in-house

inputs by 55% according to column (1) and 46% according to column (2). The

cost reduction for outsourced inputs is 3% in column (1) and 4% in column (2).

Interpreted through the lens of the model, the size of these reductions depends

on two parameters: the quality-adjusted relative price, ΨK(τ), and the elastic-

ity of substitution, θK , between foreign and domestic varieties. The unit-cost

gain from offshoring both types of inputs is significantly affected by changes in

the carbon price. However, a higher carbon tax affects the gain from offshoring

in-house inputs more. Specifically, according to column (1), a 10% increase

in the carbon price increases the offshoring gain by 0.29 percentage points

for in-house inputs and 0.004 percentage points for outsourced inputs. The

corresponding estimates in column (2) are 0.23 and 0.006 percentage points,

respectively.

The standard errors are bootstrapped and computed over the entire esti-

mation procedure. The estimates of SK(τ
K
jt ) = SK0 +SK1 logτK

jt and aK(τ
K
jt ) =

aK0 + aK1 logτK
jt are particularly precise. A reason for this is that I discipline

these estimates in a third step of the estimation procedure, such that they are

inherently consistent with each other.

20That is, in column (2) of Table 3.3, I assume ω jt = ιs +g(ω jt−t ,τ
I
jt−1,τ

N
jt−1, pexit

jt )+ e jt .
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3.5.4 Deep parameters

The optimal spending share of foreign varieties, SK(τ
K
jt ), and the unit-cost gain

from offshoring, aK(τ jt), are determined by the quality-adjusted relative price,

ΨK(τ jt), and the elasticity of substitution, θK , according to (3.10) and (3.11). I

estimate these parameters with non-linear least squares by running the follow-

ing two regressions,

ŜK(τ
K
jt ) =

(
ΨK0 +ΨK1 logτK

jt

)θK−1

(
ΨK0 +ΨK1 logτK

jt

)θK−1
+1

, K = I,N (3.29)

âK(τ
K
jt ) =

log
[
1+

(
ΨK0 +ΨK1 logτK

jt

)θK−1]
θK −1

, K = I,N (3.30)

with the restriction that ΨK(τ
K
jt ) and θK are the same across the two regres-

sions. As outcome variables, I use the estimates of SK(τ
K
jt ) and aK(τ

K
jt ) ob-

tained in the first and second steps of the estimation procedure. To ensure that

all estimates are inherently consistent with each other, I use Ψ̂K(τ
K
jt ) and θ̂K to

predict SK(τ
K
jt ) and aK(τ

K
jt ) to obtain the final estimates of these paramters.21

Table 3.3 presents the estimates of ΨK(τ
K
jt ) and θK . The quality-adjusted

relative price of domestic varieties is significantly higher for in-house inputs on

average. ΨK(τ
K
jt )> 1 implies that the cost of domestic varieties is higher than

foreign varieties for every quality-adjusted unit of the input and vice versa.

Thus, the estimates in both columns (1) and (2) suggest that foreign suppli-

ers have a cost advantage when it comes to in-house inputs, Ψ̂I(τ
I
jt) > 1, but

not when it comes to outsourced inputs, Ψ̂N(τ
N
jt ) < 1. One explanation for

this result is that firms have more knowledge about inputs that they themselves

produce, and therefore are better equipped to find high-quality foreign suppli-

ers of these inputs. The estimates of the elasticity of substitution in columns

(1) and (2) also suggest that there is more complementarity between in-house

production and foreign suppliers than between domestic suppliers and foreign

suppliers, θ̂I < θ̂K . Thus, the larger gains from offshoring in-house production,

aI(τ
I
jt)> aN(τ

N
jt ), are explained by a combination of a higher quality-adjusted

21Note that ΨK(τ
K) = ΨK0 +ΨK1 logτK does not imply aK(τ

K) = aK0 + aK1 logτK and
SK(τ

K) = SK0 +SK1 logτK . However, these functional forms are very good approximations in
practice.



202 CHAPTER 3. CARBON TAXES AND OFFSHORING

relative price and a lower elasticity of substitution.

3.5.5 Fixed costs of offshoring

The final step of the estimation procedure is to estimate the fixed costs of

offshoring. Each firm j has a fixed cost schedule f̄ K
jt = ( f K

jt1, ..., f K
jtNK

) where

f K
jtn ∈ f̄ K

jt is the fixed cost of offshoring the nth input in this order. To estimate

the firms’ fixed cost schedule, I assume that f K
jtn is drawn from a lognormal

distribution such that,

f K
jtn = eβ K

n +σKuK
jt , (3.31)

where uK
jt is a random draw from a standard normal distribution. The param-

eters β K
n and σK govern the mean and dispersion of log f K

jtn across firms, re-

spectively. Since uK
jt is constant across inputs, a high draw of uK

jt shifts up

the entire fixed cost schedule for the firm. Hence, offshoring is simply more

costly for some firms than for others. I assume that the firms’ draws of uK
jt are

independent across time, and across in-house and outsourced inputs.

I use the structure of the model to estimate the parameters in the fixed cost

distributions. The firm’s optimal offshoring strategy {nI
jt ,n

N
jt} (or {|nI

jt |, |nN
jt |})

is the solution to (3.17). For simplicity, I assume that the firm solves this prob-

lem sequentially by first choosing the optimal number of offshored in-house

inputs, |nI
jt |, and then the optimal number of offshored outsourced inputs, |nN

jt |.
The variable profit gain from offshoring the nth in-house input is given by,

∆π jt(n,0) = π jt(0,0)
[
eζ aI(τ

I
jt)γIGs

I(n)− eζ aI(τ
I
jt)γIGs

I(n−1)
]

︸ ︷︷ ︸
ΞI(n)

(3.32)

where π jt(0,0) = Bstρ
−γζ

st [eω jtE(eε jt )]ζ is the expected profit if the firm does

not offshore any inputs. A necessary condition for the optimal sourcing strat-

egy, i.e. n = |nI
jt |, is

∆π jt(|nI
jt |,0)≥ f I

jt,|nI
jt |
, ∆π jt(|nI

jt |+1,0)< f I
jt,|nI

jt |+1. (3.33)

Combining this condition with (3.31) and (3.32) yields (after some rearrang-
ing) the following condition for the optimal sourcing strategy for in-house in-
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Table 3.4: Fixed costs of offshoring

Fixed cost Profit gain Observations

Importers:

First in-house input 22,112 234,260 26,505
First outsourced input 1,061 24,216 33,544

Total in-house inputs 135,338 618,257 26,505
Total outsourced inputs 11,028 83,173 33,544

Next in-house input 40,100 30,361 26,505
Next outsourced input 1,492 1,312 33,544

Non-importers:

First in-house input 217,626 23,605 26,921
First outsourced input 17,454 1,716 19,882

Notes: The full sample contains 54,518 firm-year observations over the years 2004-2020. The table reports
the mean fixed cost and profit gain across observations in a truncated sample that excludes values below the
1st percentile and above the 99th percentile.

puts:

1
σI

[
β

I
|nI

jt |
− logΞI(|nI

jt |)
]
≤ 1

σI
logπ jt(0,0)−uI

jt <
1
σI

[
β

I
|nI

jt |+1 − logΞI(|nI
jt |+1)

]
.

(3.34)

Since uI
jt follows a standard normal distribution, this is a set of ordered probit

inequalities (Halpern et al., 2015). Moreover, since I observe the actual num-

ber of offshored inputs, |nI
jt |, and can compute π jt(0,0) given my estimates of

the production function, I use an ordered probit model to estimate the coeffi-

cient, 1/σI , together with the cutoffs, 1
σI

[
β I
|nI

jt |
− logΞI(|nI

jt |)
]
, for all |nI

jt | that

I observe in the data. With these estimates in hand, I can compute β I
|nI

jt |
.

Finally, I use (3.34) to compute a lower and upper bound of uI
jt such that

they are consistent with the firms’ observed number of offshored inputs. I then

draw a random u jt ∼ N(0,1) conditional on these bounds to obtain estimates

of the firms’ fixed cost schedule, f̄ I
jt . The fixed costs of offshoring outsourced

inputs are estimated with an analogous procedure. However, the variable profit

gain from offshoring the nth input is then conditional on the optimal number

of offshored in-house inputs, i.e. ∆π jt(|nI
jt |,n).

Table 3.4 presents summary statistics over the estimated fixed costs and
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variable profit gains associated with offshoring.22 Column (1) shows that the

estimated average fixed cost of offshoring the first input is 22,112 SEK for in-

house inputs and 1,061 SEK for outsourced inputs among importers of these

inputs. Column (2) shows that the gain to variable profit far exceeds the fixed

cost among these importers. The average variable profit gain is 234,260 SEK

for the first in-house input and 24,216 SEK for the first outsourced input. For

firms that do not import, the opposite is the case. The average fixed cost of

offshoring the first input is 217,626 SEK for in-house inputs and 17,454 SEK

for outsourced inputs, while the corresponding profit gains are 23,605 SEK

and 1,716 SEK, respectively. The dispersion in the fixed costs across firms is

governed by the parameter σK in equation (3.31). I estimate this parameter to

be 1.90 for in-house inputs and 2.11 for outsourced inputs. The dispersion in

the variable profit gain across firms is governed by the firm-specific productiv-

ity shifter, Ω̂ jt = eω̂ jt Ê(eε jt ), the industry-specific market demand index, B̂st ,

and the industry-specific input cost index, ρ̂st .23

Table 3.4 also reports the average sum of fixed costs and variable profit

gains for importers of in-house and outsourced inputs, as well as the average

fixed cost and variable profit gain of the next input (i.e. the input n = |nK
jt |+

1 that the firm does not find profitable to offshore). Importers incur a cost

of 135,338 SEK on average to offshore in-house inputs and 11,028 SEK to

offshore outsourced inputs. The corresponding gains to operating profit are

618,257 SEK and 83,173 SEK, respectively.

3.6 Counterfactual analysis

I use the estimated model to study the effects of carbon pricing and carbon bor-

der adjustment mechanisms on firms’ offshoring behavior and production. As

counterfactual experiments, I consider 10 incremental increases in the carbon

price faced by the firms such that the total increase is equal to 2,000 SEK per

tonne CO2. As a reference point, the Swedish carbon tax increased by 1,000

22In the estimation of the fixed costs in Table 3.4, I rely on the estimates in column (2) of
Table 3.3.

23In the estimation of E(eε jt ), I calculate a weighted average of eε̂ jt within industry-years
such that the average expected revenue equals the average actual revenue. In particular, I use
the formula: Ê[eε jt ] = ∑

Nst
j=1 er̃ jt/∑

Nst
j=1 er̃ jt−ε̂ jt .
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SEK per tonne CO2 between 2004 and 2020. The baseline equilibrium is cal-

culated using data in 2004 and therefore conditional on the carbon price in this

year. The goal of the counterfactual analysis is to quantify the different mar-

gins of adjustment governing the firms’ offshoring responses and how these

responses aggregate up to the sector level. I abstract away from the dynamic

aspects of the model and focus on static industry equilibrium effects.

3.6.1 Industry equilibria

The model in Section 3.4 is an industry equilibrium model where the cost of

in-house production is exogenous. In the simulation of the model, I assume

that all firms within 2-digit industries face the same input cost index for in-

house inputs, ρ I
jt = ρ I

st , and set it equal to the industry producer price index

(PPI) observed in the data. I also assume that they face the same price index

for domestically produced outsourced inputs, ρN
jt = ρN

st , and set it equal to a

weighted average of equilibrium price indices in each industry,

ρ
N
st =

S

∑
k=1

νktPkt (3.35)

where νst is the share of spending in industry s on inputs produced in industry

k, obtained from input-output tables, and Pkt =
[

∑ j∈Jkt
V̂jtP

1−η̂

jt

]1/(1−η̂) is the

equilibrium price index in industry k. A key difference between ρ I
st and ρN

st is

that the latter is determined endogenously in the model.

I compute the baseline equilibrium in three steps. I first use my estimates

in column (2) of Table 3.3 to solve for the firms’ optimal price and output

given their observed offshoring strategy. I then compute the model-implied

CES price index, Pst , and the associated input price index, ρN
st , in each industry

and year. Finally, I iterate steps 1 and 2 until I find a fixed point in Pst and

ρN
st , implying that the equilibria across manufacturing industries are consistent

with each other. As a starting value for ρN
st , I use Statistics Sweden’s industry

PPIs to substitute for Pkt in equation (3.35).

The counterfactual equilibria are computed as follows. First, I update the

set of parameters {ΨI(τ
I
jt),aI(τ

I
jt),SI(τ

I
jt)} which are directly affected by an

increase in the firm’s carbon tax. Second, I update the input cost index for
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in-house inputs using the formula,

ρ
K
st (τ

c) =
[

ΨK(τ
c)

ΨK(τb)

]Ḡs
K
ρ

K
st (τ

b), K = I,N (3.36)

which follows from the definition of ΨK(·) and ρK
st (·), where τb and τc de-

note the baseline and counterfactual carbon tax, respectively. Third, I update

the variable profit gain from offshoring in (3.32) and solve for the firms’ opti-

mal sourcing strategy, {|nI
jt |, |nN

jt |}, in accordance with the condition in (3.33).

Fourth, I update the firms’ optimal price and output given the counterfactual

offshoring strategy. Fifth, I compute the new CES price index, Pst , and input

price index, ρN
st , in each industry and year. Sixth, I update the set of parame-

ters {ΨN(τ
N
jt ),aN(τ

N
jt ),SN(τ

N
jt )} consistent with the counterfactual ρN

st . Finally,

I iterate steps 3-6 until I find a fixed point in Pst and ρN
st .

All parameters that are not affected by the carbon tax are kept constant

across the baseline and counterfactual equilibria. This includes fixing the

firm’s core productivity level, Ω jt . The difference between the baseline and

counterfactual outcomes should therefore be interpreted as the equilibrium ef-

fect of increasing the carbon tax in an environment where the overall technol-

ogy of the firm is stable.

3.6.2 The offshoring effects of carbon pricing

The effect of increasing the carbon tax on firms’ offshoring levels of in-house

and outsourced inputs can be decomposed into three margins of adjustment.

Taking logs of (3.11) and rearranging gives the following decomposition,

log
MK

jt (τ
c)

MK
jt (τ

b)︸ ︷︷ ︸
Total offshoring effect

= log
SK(τ

c)

SK(τb)︸ ︷︷ ︸
Intensive margin

+ log
GK(|nK

jt(τ
c)|)

GK(|nK
jt(τ

b)|)︸ ︷︷ ︸
Extensive margin

+ log
CK

jt(τ
c)

CK
jt(τ

b)︸ ︷︷ ︸
Scale margin

. K = I,N

(3.37)

Note that this decomposition is only defined for firms with positive offshoring

levels. The intensive margin captures the effect on offshoring that goes via

changes in the firm’s optimal spending share of foreign varieties. The size of

this effect depends partly on how much of the tax increase is passed through to

the cost of domestic inputs and partly on the elasticity of substitution between
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foreign and domestic varieties. The extensive margin accounts for changes

in the optimal number of offshored inputs. The sign of this margin is ex-

ante ambiguous. On one hand, a higher carbon tax increases the gain from

offshoring. On the other, it also increases the cost of domestic inputs, which

reduces the optimal scale of production and therefore the willingness to incur

the fixed costs of offshoring. Finally, the scale margin captures changes in the

firm’s overall spending on inputs. The total offshoring effect depends on the

relative size of these margins.

Figure 3.4 plots how large these margins are for the average importer in

2004 when the carbon tax increases from 190 to 2,190 SEK/tonne CO2. The

solid line represents the total offshoring effect and shows that a higher carbon

tax reduces the offshoring levels of both in-house and outsourced inputs. Im-

porters respond to a higher carbon tax by spending relatively more on foreign

varieties. However, they also respond by reducing their overall spending on

inputs, and the negative scale effect dominates the positive substitution effect.

The contribution of the extensive margin is less significant. A higher carbon

tax slightly increases the number of offshored in-house inputs and slightly de-

creases the number of offshored outsourced inputs.

The total offshoring effect in Figure 3.4 is significantly larger for out-

sourced inputs than for in-house inputs. When the counterfactual carbon tax is

1,190 SEK/tonne CO2, which was the tax level in 2020, the average importer

reduces its imports of in-house and outsourced inputs by 2.3% and 6.0%, re-

spectively, relative to the baseline equilibrium. The effect on outsourced inputs

is more negative because both the intensive and extensive margins are less pos-

itive. The smaller intensive margin effect is explained by a lower pass-through

of the carbon tax to the price of outsourced inputs. Domestic producers adjust

their production in response to a higher carbon tax such that the increase in the

price of their final good is smaller than the cost increase of their in-house pro-

duction. The increase in the price of domestically produced outsourced inputs

is therefore smaller than the increase in the unit cost of in-house production.

This implies that the change in the gain from offshoring is smaller for out-

sourced inputs, which in turn explains why the extensive margin is lower for

these inputs.

Although the total offshoring effect is negative, the average importer still

responds to a higher carbon tax by offshoring a larger part of its production
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Figure 3.4: Decomposition of average firm-level offshoring effect

Notes: The figure shows the industry equilibrium effects of increasing the carbon price from 190 SEK/tonne
CO2 to 2,190 SEK/tonne CO2. The counterfactual analysis is based on firm observations in 2004. The
figure plots the decomposition of the total effect on offshoring levels in (3.37) for the average importer. The
dotted line depicts the intensive margin effect, the short-dashed line depicts the extensive margin effect, the
long-dashed line depicts the scale margin effect, and the solid line depicts the total offshoring effect.

to foreign suppliers. Since spending on offshored inputs declines less than the

overall spending on inputs in Figure 3.4, the share of spending on offshored

production increases for both in-house and outsourced inputs. Moreover, be-

cause the difference between the scale effect and the total effect is larger for

in-house inputs, the average importer primarily responds by offshoring a larger

share of its in-house production. This is intuitive since the increase in the gain

from offshoring is larger for in-house inputs.

Figure 3.5 aggregates up the importance of firm-level adjustments along

the intensive, extensive, and scale margin to the sector level. The dotted line

shows how aggregate offshoring levels in the manufacturing sector would be

affected if firms only responded at the intensive margin. Under this scenario,

an increase in the carbon tax to the 2020 level would increase imports of in-

house and outsourced inputs by 6.1% and 3.6%, respectively. The dashed line

shows how aggregate offshoring levels would be affected if firms in addition

responded at the extensive margin. Changes in the firms’ number of offshored

inputs play a relatively small role for the aggregate offshoring effects. Finally,
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Figure 3.5: Decomposition of aggregate offshoring effect

Notes: The figure shows the industry equilibrium effects of increasing the carbon price from 190 SEK/tonne
CO2 to 2,190 SEK/tonne CO2. The counterfactual analysis is based on firm observations in 2004. The
figure decomposes the aggregate offshoring effect into changes in the intensive margin, extensive margin,
and scale margin. The dotted line depicts the effect on aggregate offshoring levels if only the firms’ intensive
margin changes. The dashed line depicts the effect on aggregate offshoring levels if both the firms’ intensive
and extensive margins change. Finally, the solid line depicts the actual effect on aggregate offshoring levels.

the solid line illustrates how offshoring is affected by carbon pricing when

firms respond along all margins of adjustment. Since the negative scale effect

dominates the positive substitution effect, aggregate offshoring levels of both

in-house and outsourced inputs decline. However, the aggregate decline is

smaller than the average firm-level decline in Figure 3.4. This is driven by

the fact that a relatively large share of the firms are non-importers in the 2004

baseline equilibrium.24

Panel A of Figure 3.6 shows the aggregate effects of higher carbon taxes

on both imports and revenue in the manufacturing sector. A lower demand for

imported inputs could suggest that there is, in fact, negative carbon leakage as-

sociated with carbon pricing. However, carbon leakage could also occur in the

firms’ final goods market if higher carbon prices lead to a loss of market shares

24Specifically, 44% of the firms in my sample are non-importers of in-house inputs and 32%
are non-importers of outsourced inputs. I also document little entry and exit in and out of the set
of importers as a response to higher carbon taxes. For example, when the carbon tax increases
to the 2020 level, the number of importers of in-house inputs increases by 5 and the number of
importers of outsourced inputs decreases by 20.
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to foreign competitors. A more comprehensive measure of potential leakage is

therefore changes in aggregate imports relative to aggregate production. If the

decline in domestic production is greater than the decline in imports, and the

domestic production is replaced by foreign production on the global market,

then carbon pricing would have positive carbon leakage. Panel A of Figure 3.6

is consistent with positive carbon leakage. The negative impact on aggregate

revenue is more than three times as large as the negative impact on aggregate

imports when the tax increases to the 2020 level. A way for policy-makers

to address carbon leakage is to combine carbon pricing with carbon border

adjustment mechanisms (CBAMs).

3.6.3 The offshoring effects of carbon border adjustments

The objective of CBAMs is to prevent carbon leakage by ensuring that the car-

bon price for imports is the same as the carbon price for domestic production.

In practice, CBAMs are a form of tariffs where the tariff rate on each imported

product is based on that product’s embedded emissions and the domestic car-

bon price. This policy tool has attracted growing interest from policy-makers.

As one of the first of its kind, the EU is phasing in a CBAM on goods in se-

lected industries to reduce the risk of carbon leakage associated with the EU

ETS.25

I evaluate three different versions of CBAMs in the counterfactual analysis.

I first consider a perfect border adjustment where the price of foreign varieties

is adjusted such that the quality adjusted-relative price, ΨK(τ), is kept constant

for both in-house and outsourced inputs. That is, ΨK(τ
b) = ΨK(τ

c) for K =

I,N. Since the effect of a higher carbon tax on ΨK(τ) differs across in-house

and outsourced inputs, the border adjustment must also differ. In other words,

the same imported input is subject to different tariff rates depending on whether

it substitutes for in-house or outsourced production.

The second version I consider is a uniform border adjustment where all

imports are subject to the same price increase regardless of whether they sub-

stitute for in-house or outsourced inputs. I let the price increase of foreign

varieties be equal to the cost increase of in-house production, ρ I
st(τ

c)/ρ I
st(τ

c),

25The industries initially covered by the EU’s CBAM are those producing cement, iron and
steel, aluminum, fertilizers, electricity and hydrogen.
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which implies that the quality-adjusted relative price is still constant for in-

house inputs. However, the quality-adjusted relative price for outsourced in-

puts is now given by,

ΨN(τ
c) =

[
ΨI(τ

b)

ΨI(τc)

][
ρN

st (τ
c)

ρN
st (τ

b)

]1/Ḡs
N
ΨN(τ

b) (3.38)

where the second term is determined in equilibrium. If the domestic price

change for in-house inputs is greater than for outsourced inputs, then the uni-

form border adjustment over-corrects for the carbon price and ΨN(τ
c)<ΨN(τ

b).

Finally, I consider an in-house border adjustment which only adjusts the

price of imports substituting for in-house production. Under this regime, ΨI(τ)

remains constant and ΨN(τ
c) is determined by the increase in ρN

st in equilib-

rium. Clearly, this border adjustment under-corrects for the carbon price since

it does not account for imports substituting for outsourced production.

The results are presented in panels B-D of Figure 3.6. Panel B shows

how the aggregate effects of higher carbon taxes are altered by the perfect

border adjustment. The negative effects on both aggregate imports and aggre-

gate revenue are larger compared to the effects without a border adjustment.

However, the decline in imports is now slightly greater than the decline in rev-

enue, suggesting that the border adjustment successfully reduces the risk of

increased foreign production as a response to the higher carbon tax. The cost

of achieving this objective is quite substantial in terms of the additional de-

cline in aggregate revenue. For example, when the carbon tax increases to the

2020 level (1,119 SEK/tonne CO2), aggregate revenue declines by 5 percent-

age points more with a border adjustment compared to no border adjustment.

It is striking that the border adjustment further decreases the competitiveness

of domestic firms by increasing the cost of foreign inputs, but that this still

reduces leakage through lower import demand.

Panel C of Figure 3.6 shows the effects of the uniform border adjustment

which does not discriminate between imports substituting for in-house and out-

sourced production. A uniform border adjustment of this type is likely to be

the most common in practice. Here, the negative effect on aggregate imports is

substantially larger than the negative effect on aggregate revenue. The reason

is that the border adjustment over-corrects for the price increase of domesti-
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Figure 3.6: Aggregate effects on imports and revenue

Notes: The figure shows the industry equilibrium effects of increasing the carbon price from 190 SEK/tonne
CO2 to 2,190 SEK/tonne CO2. The counterfactual analysis is based on firm observations in 2004. Panel
A depicts the effects on aggregate imports and revenue without CBAMs. Panel B depicts the effects on
aggregate imports and revenue with a perfect CBAM that keeps the relative price constant for both in-house
and outsourced inputs. Panel C depicts the effects on aggregate imports and revenue with a uniform CBAM
that keeps the relative price constant for in-house inputs, and adjusts the relative price for outsourced inputs
by the same proportion. Panel D depicts the effects on aggregate imports and revenue with a CBAM on
in-house inputs and no CBAM on outsourced inputs.

cally produced outsourced inputs. As a result, carbon leakage is likely to be

negative. Moreover, the additional cost of this more stringent border adjust-
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ment is not that large. Compared to the perfect border adjustment, aggregate

revenue declines by about 1 percentage point more.

Finally, Panel D of Figure 3.6 shows the effect of the in-house border ad-

justment which only adjusts for the domestic cost increase of in-house produc-

tion. Under this regime, the decline in aggregate revenue is still larger than the

decline in aggregate imports, so there is a risk of positive leakage. However,

this risk is significantly lower than without a border adjustment. Since this

border adjustment is less stringent, the loss in aggregate revenue is also lower.

When the carbon tax increases to the 2020 level, revenue declines by about 4.3

percentage points more than without a border adjustment.26

3.7 Conclusion

This paper provides new insights into how manufacturing firms’ offshoring be-

havior responds to carbon pricing policies. By developing a structural model of

firms’ offshoring decisions and estimating it using Swedish microdata, I quan-

tify the different margins of adjustment governing the firms’ total offshoring

response.

My results suggest that a higher domestic carbon price significantly in-

creases the relative cost advantage of sourcing inputs from foreign suppliers.

This effect induces firms to offshore a relatively larger share of their produc-

tion. However, since a higher carbon price also reduces the firms’ optimal scale

of production, the average firm’s total imports of intermediate inputs decline

in equilibrium.

At the aggregate level, carbon pricing has a modest negative impact on im-

ports due to the counteracting margins at the firm level. The negative impact on

aggregate revenue is considerably larger, resulting in a substantial increase in

the share of imports embedded in domestic production. This finding is consis-

tent with the possibility of carbon leakage, where reduced domestic production

is partially replaced by increased manufacturing output in other countries.

Combining higher carbon prices with a carbon border adjustment mecha-

nism effectively reduces the risk of carbon leakage. Specifically, with a border

26In Appendix 3.D, Figures D1-D3 show the decomposition of the average firm-level off-
shoring effect under the three types of border adjustments, while Figures D4-D6 show the de-
compositions of the aggregate offshoring effect.
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adjustment, the share of imports embedded in domestic production does not

increase to the same extent, and can even decrease, depending on the strin-

gency of the border adjustment. However, my findings indicate that the cost

of border adjustments can be substantial. In particular, if the increase in Swe-

den’s carbon tax between 2004 and 2020 had been accompanied by a national

border adjustment, the negative impact on domestic revenue would have nearly

doubled.

These findings highlight a key policy tradeoff: while border adjustments

help reduce carbon leakage, they can impose significant economic costs on

domestic firms. Policymakers should carefully balance environmental effec-

tiveness with economic competitiveness. Importantly, border adjustments are

likely to be more beneficial if implemented at a regional level, such as within

the EU, where fewer foreign inputs would be covered, and domestic firms

could gain market shares over external competitors in their final goods mar-

kets within the region.
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Appendices

Appendix 3.A Data

3.A.1 Additional tables

Appendix Table A1: Illustration of the classification of imports into in-house
and outsourced inputs

NACE 25
Product data

(1)
Export data

(2)
Import data

(3)

Produced products (HS4)

8205: Hand tools, not elsewhere specified or included 500,000

8207: Interchangeable tools for hand tools or for machine tools 50,000,000 500,000

8209: Plates, sticks, tips and the like for tools 5,000,000 500,000

8459: Machine tools for drilling, boring, milling etc. 50,000

8466: Parts and accessories suitable for use solely or principally with the machines of heading
84.56 to 84.65

50,000

8536: Electrical apparatus for switching or protecting electrical circuits 5,000

Imported products (HS4)

6505: Hats and other headgear; hair-nets 5,000

8209: Plates, sticks, tips and the like for tools 500,000

8714: Parts and accessories of vehicles of headings 87.11 to 87.13 5,000

8467: Tools for working in the hand, pneumatic, hydraulic or with self-contained electric or non-
electric motor

5,000

Notes: The table illustrates the information I observe in my data for an example (fictitious) firm. Column
(1) reports the value of production at the HS4 product level obtained from Statistics Sweden’s register
Industrial Production of Goods. Column (2) reports the value of exports at the HS4 product level obtained
from Statistics Sweden’s register Foreign Trade – Exports and Imports of Goods. Column (3) reports the
value of imports at the HS4 product level obtained from Statistics Sweden’s register Foreign Trade – Exports
and Imports of Goods.
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Appendix Table A2: Relationship between firms’ carbon price and importing

log Imports
(1)

log In-house imports
(2)

log Outsourced imports
(3)

log CO2 price 0.002 0.149∗∗ -0.044
(0.040) (0.066) (0.044)

Constant 16.47∗∗∗ 15.56∗∗∗ 14.75∗∗∗

(0.041) (0.069) (0.045)

Firm FE Yes Yes Yes

Industry-year FE Yes Yes Yes

Observations 24,836 24,836 24,836

Notes: The sample contains 24,836 firm-year observations over the years 2004-2020. To keep the sample
constant across columns, I confine the estimating sample to observations that report positive imports of both
in-house and outsourced inputs. Standard errors are clustered at the firm-level. * if p ≤ 0.10, ** if p ≤ 0.05,
*** if p ≤ 0.001.
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Appendix 3.B Model

3.B.1 Deriving the unit cost of each input

The unit-cost of input i in equation (3.7) is derived by solving the following
cost minimization problem,

min
X jiF ,X jiH

PiF X jiF +PiHX jiH

s.t
[
(ψiX jiF )

θ−1
θ +X

θ−1
θ

jiH

] θ

θ−1
= X ji.

The Lagrangian (using a monotonic transformation of the constraint) is given
by,

L= PiF X jiF +PiHX jiH +λ
[
X

θ−1
θ

ji −
[
(ψiX jiF )

θ−1
θ +X

θ−1
θ

jiH

]]
The FOCs are,

PiF −λ
θ −1

θ
ψ

θ−1
θ

i X
θ−1

θ
−1

jiF = 0

PiH −λ
θ −1

θ
X

θ−1
θ

−1
jiH = 0

X
θ−1

θ

ji −
[
(ψiX jiF )

θ−1
θ +X

θ−1
θ

jiH

]
= 0

Divide the first FOC by the second FOC and rearrange to obtain,

X jiF =
[PiH

PiF

]θ
ψ

θ−1
i X jiH

Substitute this expression into the constraint and solve for X jiH ,

X jiH = X ji

[ (ψiPiH)
θ−1 +Pθ−1

iF

Pθ−1
iF

] θ

1−θ

It follows that,

X jiF =
[PiH

PiF

]θ
ψ

θ−1
i X ji

[ (ψiPiH)
θ−1 +Pθ−1

iF

Pθ−1
iF

] θ

1−θ

Substitute for X jiH and X jiF in the objective function and rearrange to obtain
the cost function,

PiF X jiF +PiHX jiH = X ji

[
1+

(ψiPiH)
θ−1

Pθ−1
iF

] 1
1−θ PiH
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The effective price of the composite input X ji if the firm chooses to import
variety j is then given by,

Pji = PiH

[
1+Ψ

θ−1
i

] 1
1−θ

3.B.2 Deriving the optimal spending share of foreign varieties

The optimal spending share of foreign varieties in each input i is derived as
follows,

Si =
PiF X jiF

PiF X jiF +PiHX jiH

=
PiF

[PiH
PiF

]θ
ψ

θ−1
i X ji

[
(ψiPiH )

θ−1+Pθ−1
iF

Pθ−1
iF

] θ

1−θ

X ji

[
(ψiPiH )θ−1

Pθ−1
iF

+1
] 1

1−θ PiH

=
PiF

[PiH
PiF

]θ
ψ

θ−1
i

[
(ψiPiH )

θ−1+Pθ−1
iF

Pθ−1
iF

] θ−1
1−θ

PiH

=
PiF

[PiH
PiF

]θ
ψ

θ−1
i

[
(ψiPiH )

θ−1+Pθ−1
iF

Pθ−1
iF

]−1

PiH

=
PiF

[PiH
PiF

]θ
ψ

θ−1
ji[

Ψ
θ−1
i +1

]
PiH

=
Ψ

θ−1
i

Ψ
θ−1
i +1

where Si ∈ (0,1).

3.B.3 Deriving the firm’s production function in terms of cost func-
tions

The firm’s cost minimization problem is given by,

min
{X ji}

∑
i∈NI

j

PI
jiX

I
ji + ∑

i∈NN
j

PN
ji XN

ji

s.t Y j = Ω j ∏
i∈NI

j

[
X I

ji

]γ I
i

∏
i∈NN

j

[
XN

ji

]γN
i
,

∑
i∈NI

j

γ
I
i = γI , ∑

i∈NN
j

γ
N
i = γN , γI + γN = γ
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The cost function is given by,

C j = ∏
i∈NN

j

[
γi

γ

]− γi
γ

∏
i∈NN

j

P
γi
γ

ji ∏
i∈NN

j

(X ji)
γi
γ ∏

i∈NI
j

[
γi

γ

]− γi
γ

∏
i∈NI

j

P
γi
γ

ji ∏
i∈NI

j

(X ji)
γi
γ

Substitute PK
ji = PK

iH exp(−aK) to obtain,

C j = ∏
i∈NN

j

[
γi

γ

]− γi
γ

∏
i∈NN

j

P
γi
γ

iH ∏
i∈nN

j

exp(− γi

γ
aN) ∏

i∈NN
j

(X ji)
γi
γ

∏
i∈NI

j

[
γi

γ

]− γi
γ

∏
i∈NI

j

P
γi
γ

iH ∏
i∈nI

j

exp(− γi

γ
aI) ∏

i∈NI
j

(X ji)
γi
γ

Solve for the Cobb-Douglas index,

∏
i∈NI

j

(X ji)
γi
γ ∏

i∈NN
j

(X ji)
γi
γ =

[ C j

∏i∈NI
j

[
γi
γ

]− γi
γ

∏i∈NI
j
P

γi
γ

iH ∏i∈NN
j

[
γi
γ

]− γi
γ

∏i∈NN
j

P
γi
γ

iH

]

∏
i∈nI

j

exp(
γi

γ
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It follows that,
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3.B.4 Deriving the firm’s variable profit function
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Finally, substitute for Pj and Yj in the objective function,
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Appendix 3.C Structural estimation

3.C.1 Additional tables

Appendix Table C1: Estimates of model parameters: Non-exempted sample

(1) (2)

In-house Outsourced In-house Outsourced
inputs inputs inputs inputs

Offshore demand function:

Curvature of GI(|nK
jt |) (λK) 0.4484∗∗∗ 0.4671∗∗∗ 0.4484∗∗∗ 0.4671∗∗∗

(0.0027) (0.0049) (0.0027) (0.0033)

Offshoring share (S0K) 0.6316∗∗∗ 0.2574∗∗∗ 0.6313∗∗∗ 0.2572∗∗∗

(0.0161) (0.0001) (0.0129) (0.0000)

Offshoring share × carbon tax (S1K) 0.0167 0.0034∗∗∗ 0.0164 0.0031∗∗∗

(0.0131) (0.0001) (0.0135) (0.0000)

Revenue production function:

Industry revenue (1/η) 0.2035 0.1411∗∗∗

(0.1268) (0.0284)

Local demand growth (κ/η) 0.0041 0.0088∗∗

(0.0059) (0.0043)

In-house inputs (γ∗I ) 0.2739∗∗∗ 0.2809∗∗∗

(0.0509) (0.0182)

Outsourced inputs (γ∗N) 0.4351∗∗∗ 0.4602
(0.0493) (0.0277)

Offshoring gain (a0K) 0.4404∗∗∗ 0.0702∗∗∗ 0.3947∗∗∗ 0.0662∗∗∗

(0.0675) (0.0000) (0.0391) (0.0000)

Offshoring gain × carbon tax (a1K) 0.0194 0.0011∗∗∗ 0.0170 0.0009∗∗∗

(0.0164) (0.0000) (0.0144) (0.0000)

Deep parameters:

Quality-adjusted relative price (Ψ0K) 1.2685∗∗∗ 0.7789∗∗∗ 1.2371∗∗∗ 0.7897∗∗∗

(0.0545) (0.0001) (0.0389) (0.0000)

Quality-adjusted relative price 0.0389 0.0032∗∗∗ 0.0332 0.0029∗∗∗

× carbon tax (Ψ1K) (0.0337) (0.0001) (0.0284) (0.0000)

Elasticity of substitution (θK) 3.2674∗∗∗ 5.2402∗∗∗ 3.5279∗∗∗ 5.4920∗∗∗

(0.4225) (0.9276) (0.2064) (1.1072)

Industry fixed effects No Yes

Observations 52,804 52,804

Notes: The sample contains 52,804 firm-year observations over the years 2004-2020. The sample is con-
fined to firm-year observations that were subject to the full Swedish carbon tax and were not covered by the
EU ETS. Standard errors are bootstrapped and based on 50 replications with replacement. * if p ≤ 0.10, **
if p ≤ 0.05, *** if p ≤ 0.001.
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Appendix 3.D Counterfactual analysis

3.D.1 Additional figures
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Appendix Figure D1: Decomposition of average firm-level offshoring effect:
With perfect border adjustment

Notes: The figure shows the industry equilibrium effects of increasing the carbon price from 190 SEK/tonne
CO2 to 2,190 SEK/tonne CO2. The counterfactual analysis is based on firm observations in 2004. The
figure plots the decomposition of the total effect on offshoring levels in (3.37) for the average importer. The
dotted line depicts the intensive margin effect, the short-dashed line depicts the extensive margin effect, the
long-dashed line depicts the scale margin effect, and the solid line depicts the total offshoring effect.
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Appendix Figure D2: Decomposition of average firm-level offshoring effect:
With uniform border adjustment

Notes: The figure shows the industry equilibrium effects of increasing the carbon price from 190 SEK/tonne
CO2 to 2,190 SEK/tonne CO2. The counterfactual analysis is based on firm observations in 2004. The
figure plots the decomposition of the total effect on offshoring levels in (3.37) for the average importer. The
dotted line depicts the intensive margin effect, the short-dashed line depicts the extensive margin effect, the
long-dashed line depicts the scale margin effect, and the solid line depicts the total offshoring effect.
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Appendix Figure D3: Decomposition of average firm-level offshoring effect:
With in-house border adjustment

Notes: The figure shows the industry equilibrium effects of increasing the carbon price from 190 SEK/tonne
CO2 to 2,190 SEK/tonne CO2. The counterfactual analysis is based on firm observations in 2004. The
figure plots the decomposition of the total effect on offshoring levels in (3.37) for the average importer. The
dotted line depicts the intensive margin effect, the short-dashed line depicts the extensive margin effect, the
long-dashed line depicts the scale margin effect, and the solid line depicts the total offshoring effect.
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Appendix Figure D4: Decomposition of aggregate offshoring effect: With per-
fect border adjustment

Notes: The figure shows the industry equilibrium effects of increasing the carbon price from 190 SEK/tonne
CO2 to 2,190 SEK/tonne CO2. The counterfactual analysis is based on firm observations in 2004. The
figure decomposes the aggregate offshoring effect into changes in the intensive margin, extensive margin,
and scale margin. The dotted line depicts the effect on aggregate offshoring levels if only the firms’ intensive
margin changes. The dashed line depicts the effect on aggregate offshoring levels if both the firms’ intensive
and extensive margins change. Finally, the solid line depicts the actual effect on aggregate offshoring levels.
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Appendix Figure D5: Decomposition of aggregate offshoring effect: With uni-
form border adjustment

Notes: The figure shows the industry equilibrium effects of increasing the carbon price from 190 SEK/tonne
CO2 to 2,190 SEK/tonne CO2. The counterfactual analysis is based on firm observations in 2004. The
figure decomposes the aggregate offshoring effect into changes in the intensive margin, extensive margin,
and scale margin. The dotted line depicts the effect on aggregate offshoring levels if only the firms’ intensive
margin changes. The dashed line depicts the effect on aggregate offshoring levels if both the firms’ intensive
and extensive margins change. Finally, the solid line depicts the actual effect on aggregate offshoring levels.
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Appendix Figure D6: Decomposition of aggregate offshoring effect: With in-
house border adjustment

Notes: The figure shows the industry equilibrium effects of increasing the carbon price from 190 SEK/tonne
CO2 to 2,190 SEK/tonne CO2. The counterfactual analysis is based on firm observations in 2004. The
figure decomposes the aggregate offshoring effect into changes in the intensive margin, extensive margin,
and scale margin. The dotted line depicts the effect on aggregate offshoring levels if only the firms’ intensive
margin changes. The dashed line depicts the effect on aggregate offshoring levels if both the firms’ intensive
and extensive margins change. Finally, the solid line depicts the actual effect on aggregate offshoring levels.



Sammanfattning

Det blir alltmer akut att stoppa den globala uppvärmningen. De skadliga ef-

fekterna av klimatförändringarna på människor och miljö är redan stora och

kommer att förvärras ytterligare om inte utsläppen av växthusgaser minskar i

snabb takt. En viktig sektor att ställa om är industrisektorn som står för ungefär

en fjärdedel av de globala koldioxidutsläppen från energianvändning. En grön

omställning av industrin är dock förknippad med flera utmaningar. Grön teknik

är ännu inte ett ekonomiskt hållbart alternativ inom många industriella proces-

ser. Hård global konkurrens minskar också utrymmet för företagen att ställa

om till renare men dyrare produktionsmetoder utan att förlora marknadsan-

delar. Slutligen har anläggningar och maskiner inom industrin lång livslängd,

vilket gör att övergången från gammal och smutsig teknik riskerar att bli ut-

dragen. En viktig fråga är hur dessa hinder kan övervinnas.

I denna avhandling undersöker jag hur klimatpolitik och internationell han-

del påverkar den gröna omställningen inom svensk tillverkningsindustri. Sve-

rige är en nästintill idealisk empirisk kontext för att studera dessa frågor. För

det första är den svenska tillverkningsindustrin väl diversifierad och har om-

fattande handelsförbindelser med omvärlden. För det andra har den svenska

koldioxidskatten höjts dramatiskt under de senaste två decennierna. För det

tredje finns högkvalitativ registerdata över svenska industriföretags handels-

flöden, produktion och energianvändning. Dessa faktorer skapar en närmast

unik möjlighet att analysera hur företag inom olika branscher svarar på skärpt

klimatpolitik och internationella handelschocker.

Avhandlingen består av tre fristående uppsatser. Kapitel ett undersöker hur

effekterna av högre koldioxidskatter inom tillverkningsindustrin är kopplade

till företagens val av bränsle i produktionen. Kapitel två analyserar hur ökad

import av insatsvaror påverkar företagens koldioxidintensitet. Kapitel tre stu-

233
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derar sambandet mellan striktare klimatpolitik och företagens beslut att flytta

produktion utomlands.

Det första kapitlet, Carbon Pricing and Fuel Switching by Firms: Theo-
ry and Evidence, är samförfattat med Maija Kaartinen och ger nya insikter om

vad som driver effekterna av koldioxidskatter inom tillverkningsindustrin. Hur

effektiva koldioxidskatter är i att minska koldioxidutsläppen beror på i vilken

utsträckning företagen ställer om sin produktionsprocess och i vilken utsträck-

ning produktion omfördelas från smutsiga till renare företag. Om dessa två

effekter uteblir kommer en högre koldioxidskatt att vara kostsam och primärt

minska utsläppen genom lägre produktionsvolymer. Tidigare forskning ger en

begränsad bild av hur stora dessa effekter är och vad som driver dem.

I detta kapitel undersöker vi hur effekterna av koldioxidpriser påverkas

av företagens val av bränsle i produktionen. Mer specifikt studerar vi i vil-

ken utsträckning företagen ställer om sin produktion genom att byta bränslen

och i vilken utsträckning skillnader i bränsleval mellan företag ger upphov

till omfördelning av produktion. Företagens val av bränsle är direkt kopplade

till deras koldioxidutsläpp men har varit svåra att studera i tidigare forskning

av två skäl: brist på omfattande data om bränsleanvändning på företagsnivå

och brist på strukturella modeller som explicit fångar företagens bränsleval.

Vi övervinner båda dessa hinder. Vi använder registerdata över svenska före-

tags bränsleanvändning mellan 2004 och 2020, och vi utvecklar och skattar en

strukturell modell av heterogena företags bränslebeslut.

Kapitlet innehåller tre huvudsakliga bidrag till litteraturen. Det första bi-

draget är att visa att både bränslebyte på företagsnivå och omfördelning av

produktion till företag som använder renare bränslen har varit viktiga fakto-

rer bakom utsläppsminskningarna i den svenska industrin. Det andra bidraget

är att visa i en empirisk analys, där vi utnyttjar variation i företagens expo-

nering mot den svenska koldioxidskatten, att företag reagerar starkt på högre

koldioxidpriser genom att gå över från fossila bränslen till el och biobränslen.

Det tredje bidraget är att kvantifiera de allmänna jämviktseffekterna av högre

koldioxidskatter. I linje med den empiriska analysen finner vi att ungefär hälf-

ten av den totala effekten på koldioxidutsläpp förklaras av att företagen byter

bränsle. De resterande utsläppsminskningarna förklaras av en kombination av

omfördelning av produktion till renare företag och minskad energianvändning.

Ett av våra huvudresultat är att effekterna av en högre koldioxidskatt varie-
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rar kraftigt mellan olika branscher. I vissa branscher, som pappers- och massa-

industrin, är en högre koldioxidskatt ett effektivt sätt att minska utsläppen till

en låg kostnad. I andra branscher, som stålindustrin, är utsläppsminskningar

betydligt mer kostsamma. Vi undersöker vad som förklarar denna branschva-

riation och finner att den främst beror på två saker: skillnader i hur lätt det

är att byta mellan bränslen och skillnader i hur kostnadseffektiva icke-fossila

alternativ är i produktionen.

Det andra kapitlet, Imports and the CO2 Emissions of Firms, är samför-

fattat med Anders Akerman och Rikard Forslid och belyser hur internationell

handel påverkar företagens koldioxidintensitet. Tidigare forskning har fokuse-

rat på effekterna av att exportera och visar att exporterande företag tenderar

att vara renare än icke-exporterande företag. Betydligt mindre är känt om hur

import påverkar företagens utsläpp.

I detta kapitel skattar vi den kausala effekten av import av insatsvaror på

företagens koldioxidintensitet. Den tidigare litteraturen lyfter tre potentiella

mekanismer som kan förklara en sådan effekt. För det första kan import öka

företagens produktivitet, vilket i sin tur minskar deras energibehov. För det

andra kan import leda till ökade produktionsvolymer, vilket kan stärka före-

tagens incitament att investera i renare teknik. För det tredje kan import vara

förknippat med att företagen förlägger smutsigare delar av sin produktion ut-

omlands, vilket minskar utsläppen på hemmaplan. De första två mekanismerna

är positiva ur ett klimatperspektiv medan den tredje mekanismen kan öka de

globala utsläppen om produktion flyttas till länder med svag miljölagstiftning.

För att identifiera en kausal effekt konstruerar vi ett så kallat shift-share

instrument som utnyttjar exogena chocker i världshandeln av insatsvaror. Våra

resultat tyder på att ökad import kraftigt minskar företagens utsläppsintensitet.

En ökning i importen med 10% minskar utsläppsintensiteten med i genomsnitt

5,6%. Företagens utsläppsintensitet har i genomsnitt halverats mellan 2004 och

2016 och enligt våra resultat förklaras ungefär en tredjedel av denna minskning

av ökad import av insatsvaror. Vi genomför en rad robusthetskontroller för att

säkerställa att våra resultat är kausala.

Det är viktigt att undersöka mekanismerna bakom den skattade effekten

för att förstå klimatnyttan av ökad handel med insatsvaror. Vi finner att mer

importerade insatsvaror ökar företagens produktivitet och investeringar i re-

nare teknik samt leder till att företagen fokuserar mer på sina kärnprodukter,
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vilka tenderar att ha lägre utsläppintensitet. Vi finner inget stöd för att effek-

ten drivs av offshoring till länder med svagare miljölagar. Dessa resultat tyder

på att den lägre koldioxidintensiteten från ökad import har varit positiv ur ett

klimatperspektiv.

Det tredje kapitlet, Carbon Taxes and Offshoring, ger nya insikter om

hur unilaterala koldioxidskatter påverkar företagens beslut att förlägga produk-

tion utomlands. En central forskningsfråga, utan entydigt svar i litteraturen, är

om inhemska klimatåtgärder leder till koldioxidläckage. Modeller inom han-

delsteori förutspår att strängare miljöregleringar inom ett land kan leda till att

smutsig produktion flyttar till andra länder med svagare miljölagstiftning. Em-

piriska studier av redan implementerad miljölagstiftning finner dock relativt

små effekter på handelsflöden och direktinvesteringar i utlandet.

I detta kapitel utvecklar jag en strukturell modell av företagens beslut att

flytta produktion utomlands för att förstå hur dessa beslut reagerar på högre

koldioxidpriser. Enligt modellen är den totala effekten tvetydig. Hur mycket

produktion som flyttas till andra länder som svar på högre koldioxidpriser be-

ror på tre effekter som går i olika riktningar. Den första effekten är förändringar

i antalet insatsvaror som företagen väljer att importera, den andra effekten är

förändringar i hur stor andel av produktionen som förläggs utomlands och den

tredje effekten är förändringar i företagens totala efterfrågan på insatsvaror. Jag

skattar modellens parametrar med hjälp av min svenska företagsdata samt va-

riation i det svenska koldioxidpriset mellan 2004 och 2020. I en kontrafaktisk

analys studerar jag sedan hur företagens offshoringbeslut påverkas av ett hög-

re koldioxidpris. Jag analyserar även hur dessa beslut påverkas om ett högre

koldioxidpris kombineras med koldioxidtullar.

Mina resultat visar att genomsnittsföretaget svarar på högre koldioxidpri-

ser genom att öka andelen produktion som förläggs i andra länder men att

nivån på importerade insatsvaror trots det minskar något. Detta beror på två

motverkande effekter. Ett högre koldioxidpris minskar den relativa kostnaden

för utländsk produktion, vilket ökar incitamenten att flytta produktion till andra

länder. Samtidigt leder ökade produktionskostnader i Sverige till en lägre pro-

duktionsvolym, vilket minskar företagets efterfrågan på utländska insatsvaror.

Dessa motverkande effekter kan förklara varför empiriska studier finner ett så

svagt samband mellan koldioxidpriser och företagens handelsflöden.

De totala import- och produktionsvolymerna inom industrin minskar som
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ett resultat av högre koldioxidpriser men den negativa effekten på produktionen

är större, vilket ger upphov till en ökning i importandelen av den inhemska pro-

duktionen. Detta är förenligt med koldioxidläckage. Om högre koldioxidpriser

kombineras med koldioxidtullar så minskar risken för koldioxidläckage. I det

fallet är ökningen av importandelen avsevärt mindre, och kan till och med vara

negativ, beroende på hur höga koldioxidtullarna är. Mina resultat tyder dock på

att koldioxidtullar är relativt kostsamma för den inhemska industrin. Om ök-

ningen i den svenska koldioxidskatten hade kombinerats med en koldioxidtull

som ser till att den relativa kostnaden mellan inhemsk och utländsk produktion

är konstant, då skulle minskninigen i den inhemska produktionen vara näs-

tan dubbelt så stor. Dessa resultat belyser en viktig politisk avvägning mellan

att motverka koldioxidläckage och att främja de inhemska industriföretagens

tillväxt.
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