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Introduction

Reducing greenhouse gas emissions is imperative to slow down climate change and hence

mitigate the frequency and severity of its impacts, such as wildfires, extreme temperatures

and droughts, all of which cause significant damages every year. Part of the necessary

savings will have to be made by the manufacturing sector, which is responsible for approx-

imately 20% of global emissions (cf. IPCC, 2014). In this regard, Germany resembles the

world, with industrial emissions accounting for ≈ 20% of emissions, too (cf. UBA, 2020).

These figures even ignore indirect emissions resulting from consuming electricity from the

grid. Taking those into account, the share of industrial emissions is approximately twice

as high; in Germany and globally.

The high share of industrial emissions is testimony to the manufacturing sector’s signifi-

cance for the German economy, which also manifests itself in the sector’s central role as an

employer: It absorbs about 20% of the German labor force (Destatis, 2022). Particularly

against this background, cutting back emissions should be achieved without jeopardizing

the industry’s economic success. Achieving this objective requires a profound understand-

ing of the emitters’ behavior.

The following four chapters of this thesis seek to contribute to our understanding of the

behavior of firms in the German manufacturing sector, specifically concerning energy use
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and related CO2 emissions. Plant-level data from the German census of the manufacturing

industry provides the basis for the analysis in each chapter. The data is highly comprehen-

sive; it includes the universe of German manufacturing plants with more than 20 employ-

ees. It contains detailed information on plants’ fuel consumption in physical units, which

is crucial for the analyses presented in this thesis.

Each chapter of this thesis is an independent paper. All these papers contribute to the liter-

ature in ”applied environmental economics” that analyzes the behavior of firms. This liter-

ature studies, for example, the effects of environmental policy (Greenstone, 2002; Green-

stone et al., 2012), management techniques (Bloom et al., 2010; Martin et al., 2012),

trade (Cherniwchan, 2017; Richter and Schiersch, 2017), financing conditions (Levine et

al., 2018; De Haas et al., 2021), or conditions imposed by the natural system such as se-

vere weather events on firms’ behavior (Chen and Yang, 2019; Colmer, 2021). This thesis

contributes to multiple of these areas of literature.

The first two chapters are ex-post evaluations of major policy interventions that impact en-

ergy consumption in the manufacturing industry. The first policy allows for plant-specific

electricity tax exemptions. The second policy is the European Carbon Trading Scheme

(EU-ETS), the EU’s flagship policy to fight climate change. Hence both papers relate to

the literature that studies firms’ responses to environmental policy. Chapter three ana-

lyzes how local weather conditions affect manufacturing plants’ energy consumption and

economic performance. It thus contributes to an emerging literature on the relationship

between economic and natural systems. The last chapter studies how import competition

affects the CO2 emission intensity of manufacturing firms in Germany. It relates to the lit-

erature on ”trade and the environment” and a literature in energy economics that analyses

determinants of energy efficiency.
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The following paragraphs briefly summarize each chapter and state its contribution.

Chapter 1 In Chapter 1, titled ”The Response of Markups and Productivity to Energy

Tax Exemptions”, I analyze the causal effects of exemptions from the so-called ”renewable

energy surcharge”—a tax to raise the revenue to subsidize renewable energy production—

on markups and productivity among German manufacturing firms.

Over the past ten years, electricity prices for industrial consumers in Germany have been

among the highest in Europe (eurostat, 2022). One important reason for the high price

levels is the above-mentioned tax. To analyze the causal effects of the tax, I leverage a

reform of exemption rules as a natural experiment and I follow the empirical industrial or-

ganizations’ literature in estimating productivity and markups (cf. Ackerberg et al., 2015;

De Loecker and Warzynski, 2012). By including additional outcomes (e.g., sales, export-

ing, energy use, etc.), I extend the analysis by Gerster and Lamp (2020) who look at the

short-run effect of the tax exemption during its first year of implementation.

My paper makes several contributions. First, the analysis of the impact of tax exemption on

”Total Factor Revenue Productivity (TFPR)” and other performance measures such as sales

indicates how energy prices affect firms’ economic success. It tests the rationale for the

exemptions which were introduced with an eye on firms’ competitiveness in global mar-

kets and the ultimate objective to secure manufacturing jobs. The results do not hint at

any effects on TFPR or other performance measures. Second and more broadly, examining

the response of markups provides insights on energy cost pass-through, which has been

addressed only in a recent working paper by Hintermann et al. (2020). I find that newly

exempted firms’ markups increased by 1-2%, which given the tax cut’s size, is consistent

with a pass-through of less than 50%. Third, looking at electricity and total energy con-

sumption provides insight into how firms adjust their energy mix to changes in the relative
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prices for different fuels. My estimates show that electricity purchases increase over time

while own-generation decreases, implying that switching between fuel types is possible; at

least in the medium-term. The gradual adjustment processes underscores the importance

of incorporating the medium-term in the analysis.

Chapter 2 The second chapter, ”The Impact of Carbon Trading on Industry: Evi-

dence from German Manufacturing Firms” co-authored with Andreas Gerster, Sebastian

Pieper and Ulrich Wagner, presents a similar policy evaluation. Specifically, we seek to

estimate the effect of the EU-ETS on manufacturing firms’ carbon emissions and indica-

tors of economic performance. Introduced in 2005, the EU-ETS is the EU’s flagship policy

instrument to reach the EU’s emissions reduction targets. We aim to test whether the EU-

ETS has delivered on its core objective, i.e. reducing emissions and by doing so add to

the yet inconclusive literature on the effectiveness of carbon trading in general and the

EU-ETS specifically (cf. Wagner et al., 2020). For the analysis, we merge the census data

with the official registry of the EU ETS (EUTL). The empirical analysis based on an event

study framework indicates lower emissions per unit of sales (emission intensity) among

ETS firms. However, a small sample of very emission-intensive firms for which we lack

appropriate counterfactual observations drives that effect. Hence the results are not ro-

bust to an identification based on a matching approach. Furthermore, we do not find any

indication of a detrimental effect of carbon pricing on measures of economic performance.

Chapter 1 and 2 share a common goal and approach: I use tools from the program eval-

uation literature to estimate the causal effects of policy interventions. The introduction

of new regulations or changes to existing rules respectively allows for the implementation

of variants of difference-in-differences estimators such as event study designs or semi-

parametric matching techniques in combination with a difference-in-differences approach.

Despite both chapters being independent papers, one can draw some more general conclu-
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sions from them. First, neither of the papers indicates a detrimental effect of energy costs

on measures of economic performance such as sales or employment. While it is true that

energy costs can get prohibitively high, current regulations and resulting energy prices do

not jeopardize the economic success of German manufacturing firms. Second, firms are

responsive to price signals which, for example, manifests itself in fuel substitution, causing

a change in fuel shares. Last and related to the previous point, total energy use appears

relatively price inelastic. While the fuel mix adjusts to changes in the relative prices for

energy sources, total energy consumption remains almost unchanged. An exception is the

result for large emitters in the event study framework.

Chapter 3 Chapter 3 titled ”The Effect of Temperature on Energy Use, CO2 Emis-

sions, and Economic Performance in German Industry” is joint work with my supervisor

Katrin Rehdanz. The chapter aims to answer the question of how temperature affects

manufacturing companies, specifically their energy consumption and CO2 emissions. Fo-

cusing on energy use is of particular interest as industrial energy consumption affects and

is affected by climate change and climate policy. A few papers have analyzed the effect of

temperature on residential energy consumption, but none has focused on industrial energy

consumption, a gap highlighted by Auffhammer and Mansur (2014) in a literature survey.

We document large and robust heating effects but find only limited evidence for increased

electricity consumption due to cooling. Under a ceteris paribus assumption, the estimated

heating effects imply that by the end of the century, the average firms’ direct CO2 emissions

will decrease by 14% under a business as usual scenario. We extend our analysis to firms’

sales and thus complement a recent literature that focuses on the effect of temperature on

economic performance, mostly in developing countries (cf. Somanathan et al., 2021; Chen

and Yang, 2019). While these studies find robust evidence for high temperatures’ nega-

tive effect on productivity and gross output, we do not find such adverse effects, likely

5



due to the prevalence of relatively moderate temperatures in Germany. However, we do

find some indications for a small negative effect of low temperatures in the current and

previous years on contemporaneous output.

Chapter 4 How do trade and globalization affect the environment? A rich literature

has addressed multiple facets of this question, for example, the relation between export-

ing behavior or Foreign Direct Investment and energy efficiency (cf. Cherniwchan et al.,

2017; Copeland et al., 2021 for literature reviews). Chapter 4, titled ”Import Competi-

tion and Firm-Level CO2 Emissions: Evidence from the German Manufacturing Industry”,

contributes to this literature by analyzing how import competition affects CO2 intensity

of production among German manufacturing firms. Except for Gutiérrez and Teshima

(2018) who document a negative effect of increased import competition on energy inten-

sity among Mexican firms, this question has received little attention in the literature. My

paper helps to fill this gap. I rely on an instrumental variable approach following Autor

et al. (2020) to exploit the rise of China and Eastern Europe as significant actors in the

global product markets. By linking levels of competition to carbon and energy efficiency,

the paper also speaks to the literature investigating determinants of energy efficiency (cf.

Gerarden et al., 2017). This literature has identified e.g. credit constraints or managerial

skills as drivers of energy efficiency but has not paid much attention to (import) competi-

tion.

My analysis shows that higher import competition leads to a lower emission intensity

driven by within-firm changes in energy use. Moreover, I document relevant effect het-

erogeneities: the effect is more pronounced among firms with an above-median CO2 in-

tensity of production, among firms with a below-median export intensity and among firms

operating in sectors with below-median import penetration in 1995. The baseline results

imply that a 1pp increase in the import penetration ratio reduces emission intensity by

6



approximately 0.45%. This result implies that the rise of the joint East kept the average

firm emission intensity ≈ 10% below the level it would have had in the absence of the

East’s rise.
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Chapter 1

The Response of Markups and

Productivity to Energy Tax Exemptions

Jakob Lehr

Abstract Using the German census of the manufacturing industry, I analyze the effect of

electricity tax exemptions on firm-level markups. To estimate causal effects, I leverage a

reform of the rules that determine firms’ eligibility for tax exemption under the ”renewable

energy sources act” (EEG) which lead to a reduction of average energy costs by almost

20% among newly exempted firms. Combining matching techniques with a difference-in-

differences strategy, my findings suggest that the tax exemption caused an increase of firms’

markups by 1% to 2%, indicating that cost pass-through is far from complete. Further, I

do not find evidence for an effect on firms’ productivity, as one might expect from the so-

called Porter Hypothesis nor do I find indication for an improvement of exempted firms’

economic performance measured by sales or export shares. Extending the analysis to
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energy inputs, I provide robust evidence for a dynamic adjustment of firms’ energy mix:

electricity purchases increase which however does not translate into higher overall energy

consumption and thus reflects substitution between types of energy.

1.1 Introduction

Despite a broad consensus that the environment needs to be protected, concrete policies

are often the subject of controversial debates.1 For example, many commentators empha-

size a trade-off between stringent regulation and an internationally competitive industry. A

point in case is the German “Erneuerbare-Energien-Gesetz - EEG” (renewable energy sources

act), a subsidy scheme for energy produced from renewable sources. Introduced in 2000,

it remains a central part of Germany’s effort to promote green technologies. A tax on

electricity (the so-called ”EEG-surcharge”) finances the scheme. In recent years this tax

accounts for more than one-third of the average electricity price for medium-sized indus-

trial plants (cf. Bundesministerium für Wirtschaft und Energie, 2019), which has raised

concerns over manufacturing firms’ competitiveness and potential relocation risks. There-

fore in 2011 the government reformed tax exemption rules that have been in place since

2003 and extended them to small and medium-sized plants. This reform has increased the

number of plants exempted from the EEG-surcharge from about 600 in 2012 to more than

1600 in 2013 with more than 1000 newly exempted firms.2

In this paper I conduct an ex-post evaluation of the effect of the electricity tax exemptions

for firms in Germany. I focus on the response of markups and Total Factor Revenue Produc-

1Compare, for example, results from the Eurobarometer in which a large majority ranks environmental
protection as a top policy priority (European Commission, 2020). However, a majority of Germans remained
skeptical towards carbon taxes (ARD-DeutschlandTrend, 2019).

2The reform passed the parliamentary process in 2011. Firms were then able to apply for exemptions
based on the reformed rules in 2012 for the following year, i.e., 2013 when the number of exempted plants
increased approximately by factor three.
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tivity (TFPR) to changes in the exemption status resulting from the reform of exemption

rules. Markups are estimated following De Loecker and Warzynski (2012).3 I extend the

analysis to also incorporate other measures of firm performance such as sales and export

shares as well as firm-level energy use to complement previous work by Gerster and Lamp

(2020). The analysis is based on a unique and highly comprehensive firm-level panel data

set, which is part of the German census of the manufacturing industry (”Amtiliche Firmen

in Deutschland - AFiD”). The data is representative at the industry level (>10000 firms

annually) and covers the period 2008 - 2017. To identify causal effects, I exploit within-

firm changes in the exemption status resulting from the reform of eligibility rules. The

baseline analysis combines matching techniques with a difference-in-differences strategy.

Potentially dynamic treatment effects are explored with an event study design.

The response of markups depends on the degree of competition. Competitive pressure

was the main policy rationale for more generous tax exemptions; thus the analysis can be

considered as an ex-post test of their justification. If firms passed on the lower costs to con-

sumers, helping them to maintain a competitive edge on world markets and thus securing

manufacturing jobs, the exemptions might be justified from a public finance perspective.

In contrast, if firms’ energy cost savings only increased rents/firms’ margins instead of

lowering product prices, these transfers would be harder to justify.

My baseline results indicate that newly exempted firms’ markups increased by approxi-

mately 1% to 2%, casting doubt on the justification of the more generous exemption rules.

A back-of-the-envelope calculation suggests that this effect would be consistent with cost-

pass-through of approximately 50%. I do not find any effect of the tax exemptions on TFPR

3Concretely, I implement the so-called ”production side approach,” which relates markups to output elas-
ticities and factor shares and has been used to evaluate the effect of mergers and acquisitions (Blonigen and
Pierce, 2016), trade reforms (De Loecker et al., 2016) or exporting and importing behavior (Hornok and
Murakozy, 2019).
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nor on measures of economic performance such as sales or export share. Results from the

event study design show that newly exempted firms rely increasingly on electricity pur-

chased from the grid: In the first year after exemption electricity purchases increased by

5% relative to the baseline. Four years after the exemption the increase was 20%. Further

I do not find an increase in total energy use, which points to a low price sensitivity of

energy among newly exempted firms and their matched controls.

In addition to testing the justification for more generous exemption rules, this paper relates

to two strands in the literature.

First, the paper contributes to the scarce empirical evidence on the pass-through of energy

costs and costs from regulations in the manufacturing sector. For instance Ganapati et al.

(2020) estimate marginal energy cost pass-through in the American manufacturing sector.

They follow De Loecker and Warzynski (2012) and De Loecker et al. (2016) to estimate

markups which they combine with output price data to calculate marginal costs. Based on

a shift-share IV approach, they estimate an average pass-through of approximately 70%. A

recent working paper by Hintermann et al. (2020) provides first evidence on pass-through

among German manufacturing firms. Applying a version of the approach from Ganapati et

al. (2020) (which they extend to multi-product firms), they estimate a pass-through rate of

around 35-60%. This magnitude is consistent with my findings obtained from a different

identification strategy and for a selective sample of particularly energy intensive firms.

A few other papers study pass-through of costs from carbon pricing (European Carbon

Trading Scheme) for the electricity sector. For example Fabra and Reguant (2014) estimate

an average pass-through rate of 80% in the Spanish electricity market, and Hintermann

(2016) finds a pass-through rate of close to 100% among electricity producers in Germany.

Second, the paper relates and contributes to the literature on ex-post evaluation of envi-
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ronmental policies, particularly, on regulations’ effect on firm performance and economic

activity (e.g. Greenstone, 2002; List et al., 2003 or Greenstone et al., 2012). Most specif-

ically this paper complements the study by Gerster and Lamp (2020) who investigate the

effect of the same energy tax (the EEG-surcharge) on energy use and economic outcomes.

They use two identification strategies for different time periods. First, a Fuzzy Regres-

sion Discontinuity Design (FRDD), and second, they implement a difference-in-differences

approach using the reform of eligibility rules, as I do. In the difference-in-differences anal-

ysis, they find a positive effect of the tax exemptions on electricity use of around 5% but no

effect on firms’ production levels. My study complements their paper since they focus on

the effect in 2013, the first year after the reform. Extending the analysis to firms’ medium-

term responses allows capturing the effects of the preferential tax treatment that take time

to materialize. My result on the dynamic adjustment of electricity purchased from the grid

is a point in case. In line with their analysis, I also do not find positive effects of the tax

exemptions on measures of firm performance, neither in the short run nor in the medium

run. Studies of further unilateral policy instruments include, for example, Martin et al.

(2014b) who find a negative and significant effect of a carbon tax in the UK on energy

intensity but no effects on firm performance.4

Within the broad field of ex-post evaluation of environmental policies, some studies have

empirically investigated the so-called Porter Hypothesis. Porter and Linde (1995) hypoth-

esized that environmental regulation could have a positive effect on the productivity of

regulated firms since the regulations might trigger efforts to re-optimize processes. While

the electricity tax is not intended to be an environmental regulation per se, one can easily

apply Porter’s idea: the non-tax exempted firms continuously reconsider and re-optimize

4An array of recent studies has been directed at the effects of the European Carbon Trading Scheme (Calel
and Dechezlepretre, 2016; Martin et al., 2014a; Bushnell et al., 2013; Koch and Basse Mama, 2019; aus dem
Moore et al., 2019; Jaraite-Kažukauske and Di Maria, 2016).
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their processes. In contrast the newly exempted firms might allow for more slag. Following

Porter this leads to the hypothesis that the treatment effect of the exemption on produc-

tivity will be increasingly negative, which is not confirmed by my empirical analysis. This

finding is in line with two papers that analyze the effect of the ETS on productivity among

German manufacturing firms. Hintermann et al. (2020) obtained Total Factor Produc-

tivity (TFP) as a by-product of their mark-up estimation, which they regression relate to

the firm’s participation in carbon trading. They do not find an effect of the ETS on TFP,

confirming previous results by Lutz (2016) who estimates a revenue-based production

function to evaluate the ETS’s effect on TFPR.

The remainder of this paper is structured as follows: Section 1.2 gives background in-

formation about the renewable energy sources act. Section 1.3 lays out the empirical

strategy, i.e., markup and production function estimation, as well as the econometric strat-

egy to identify causal effects of the tax exemption. Section 1.4 introduces the dataset and

provides descriptive statistics. As a side result I provide a close to representative picture

of markups in the German manufacturing sector in this Section.5 Section 1.5 presents the

results from the analysis and Section 1.6 discusses the findings and concludes.

1.2 Background - Renewable Energy Sources Act

The renewable energy sources act—introduced in 2000—is an early and still central part

of Germany’s unilateral effort to promote the development and adoption of low carbon

technologies (e.g., wind turbines or photovoltaics). To achieve this objective, it guaran-

teed producers a fixed price for each kWh that they generate from renewable sources. The

scheme subsidized the production of more than 180 TWh in 2018 (cf. Bundesministerium

5In principle the data I use is representative of the German manufacturing sector. However I cannot
guarantee that the processed (cleaned) data is still representative.
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für Wirtschaft und Energie, 2018). To raise the revenue, i.e., the sum of the differences be-

tween the guaranteed fixed price and the market price, a tax on electricity was introduced,

which amounted to 0.19 ct/kWh in the first year. It rose gradually to 2.05 ct/kWh in 2010

when it started to soar up to 6.24 ct/kWh in 2014. Since then it remained roughly constant

(cf. Figure 1.C.2 in the Appendix). In recent years this particular tax accounts for more

than one-third of electricity costs among medium-sized industrial electricity consumers

and for approximately one-fifth of electricity costs for households (cf. Bundesministerium

für Wirtschaft und Energie, 2019). Figure 1.C.3 details the average electricity cost compo-

nents for industrial plants with an annual electricity use between 160 MWh and 20 GWh.

Indeed pre-tax electricity prices for the non-household consumer were slightly below the

European average in 2018 (cf. Figure 1.C.4), whereas post-tax electricity prices were the

second-highest in Europe after Cyprus. The concerns about the potentially detrimental ef-

fects of the surcharge on German industries’ competitiveness are to be understood against

this background.

Exemption Rules

Plants with annual total electricity use above 10 GWh and a ratio of electricity costs to gross

value added that exceeds 15% at the firm-level could apply for special exemptions from the

tax since 2003. Exemptions are granted based on plants’ past electricity use: a plant in

year t files its application for exemption in year t + 1 based on its electricity consumption

in t − 1. This process has to be redone annually. The ”Bundesamt für Ausfuhrkontrolle

(BAFA)” (a federal agency) is responsible for reviewing the applications and eventually

granting exemptions. Exempted firms paid a reduced levy of 0.05 ct/kWh for each kWh

that exceeded 10% of the plant’s baseline electricity use, i.e., 10% of the electricity used

in the business year on which bases the exemption was provided (t− 1). If electricity use

exceeded 100 GWh and the ratio of electricity costs to gross value added was more than
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20%, the surcharge was set to 0.05ct/kWh for all electricity purchases.6

Reform of Exemption Rules in 2011

The exemption rules were revisited in 2011 to help electricity intensive small and medium-

sized enterprises. Under the revised regulations, the annual electricity consumption of 1

GWh at the plant-level and a ratio of 14% electricity costs to gross value added at the firm-

level suffice to qualify for (partial) exemptions from the surcharge. The new rules came

into effect in 2012, and in 2013 additional plants became exempted based on the revised

rules. Figure 1.C.1 documents how the number of exempted plants increased from 617 in

2012 to 1614 in 2013 and 1996 in 2014.

Besides eligibility criteria, a modification of the payment schedule for exempted plants was

introduced in 2013. Figure 1.C.5 in the Appendix illustrates the new payment schedule

graphically. New rules require exempted firms to pay the total surcharge for the first GWh,

10% of the surcharge up to a use of 10 GWh, and 1% for each kWh between the 10th and

the 100th GWh. The revised payment schedule lowered incentives for firms to increase

their electricity consumption to self-select into exemption since the lower tax rate only

applies to marginal electricity consumption.

Overall the use of approximately 100 TWH electricity was exempted from the tax in re-

cent years, which is roughly 50% of total electricity use in the manufacturing sector (cf.

Bundesministerium für Wirtschaft und Energie, 2018).

6Compare paragraph 16 Gesetz für den Vorrang Erneuerbarer Energien (Erneuerbare-Energien-Gesetz -
EEG)
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1.3 Markups and Empirical Strategy

1.3.1 Estimating Markups

Markups, defined as prices over marginal costs, are estimated following the methodology

proposed by De Loecker and Warzynski (2012). The DLW approach is based on the as-

sumption that firms minimize costs. First-order conditions of cost minimization yield an

expression that relates firms’ markups to output elasticities and expenditure shares. To

illustrate the approach, consider the following cost minimization problem:

L(X1
it, ..., X

V
it , Lit, Kit, λ) =

V∑
v=1

PXv

it Xv
it+witLit+ritKit+λit(Qit−Qit(X

1
it, ..., X

V
it , Lit, Kit, ωit))

(1.1)

where Qit(•) represents firm i’s production technology (i’s production function) and Qit

the quantity of output produced by firm i. Taking the first order condition for variable

input v yields equation 1.2 where P v
it is the price for variable input v.

∂L
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it
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Rearranging terms and multiplying both sides with Xv
it

Qit
leads to

Xv
itP

v
it

Qit

1

λit
=
∂Qit

∂Xv
it

Xv
it

Qit

(1.3)

Expanding the fraction on the left-hand side with the price of firm i’s output Pit, yields

equation 1.4. Note that the Lagrangian multiplier λit is the marginal cost of production

as it captures the marginal increase in costs (the objective function) when the constraints
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(production) is marginally relaxed.

Xv
itP

v
it

QitPit︸ ︷︷ ︸
Expenditure share

for input v

Pit
λit︸︷︷︸

Markup, i.e price
over MC

=
∂Qit

∂Xv
it

Xv
it

Qit︸ ︷︷ ︸
Elasticity of output

w.r.t. to input v

(1.4)

I follow the notation introduced by DLW and define the markup as µit = Pit

λit
, output elastic-

ity with respect to input v as θX
v
it

it = ∂Qit

∂Xv
it

Xv
it

Qit
and the expenditure share for input v as αX

v
it

it .

Rearranging terms of equation 1.4 gives

µit =
θ
Xv

it
it

α
Xv

it
it

(1.5)

Equitation 1.5 is a valid estimate of firm i’s markup if the adjustment of input Xv
it is free

(static input) and if input markets are competitive such that firms cannot exercise buyer

power. For the application in this paper, both assumptions are less critical as the within-

firm changes in markups will be analyzed rather than levels.

Taking this approach to the data requires estimating firms’ production function to even-

tually obtain output elasticities. The denominator of equation 1.5 (expenditure shares)

can be calculated directly since the data details material expenditure, energy expenditure,

firms’ wage bill, and sales.

For the main specification I estimate the following translog gross output production func-

tion:

yit = βkkit + βllit + βmmit + βkmkitmit + βklkitlit + βlmlitmit+

βkkk
2
it + βlll

2
it + βmmm

2
it + ωit + ξit

(1.6)

where yit denotes the logarithm of deflated sales, kit the logarithm of capital, lit the log-

21



arithm of the number of employees and mit the logarithm of material expenditure and

energy use.7 Total factor revenue productivity is denoted by ωit and ξit is a random i.i.d

error term. Both of which are unobserved. The elasticity of output with respect to the

flexible input - arguably material - is given by:

∂yit
∂mit

= βm + βkmkit + βlmlit + 2βmmmit (1.7)

To estimate equation 1.6 I resort to the so-called proxy control methods as developed by

Olley and Pakes (1996), Levinsohn and Petrin (2003) and Ackerberg et al. (2015). These

structural approaches seek to overcome the ”simultaneity bias,” i.e., the endogeneity of

static input choices to contemporaneous productivity. Looking at equation 1.6 this means

that firms’ choice of mit depends on ωit which is part of the error term as it is unobserved.

Thus estimating equation 1.6 using OLS would yield biased coefficients. The structural

approaches attempt to recover production function coefficients while controlling for unob-

served productivity. I follow Ackerberg et al. (2015) closely. Section 1.A in the Appendix

outlines specific steps. I estimate the production function separately for each three-digit

industry if the number of observations is sufficient. If not, I aggregate three-digit indus-

tries within the respective two-digit industries. Note that I obtain firm-level TFPR as a

by-product of this procedure.

7All monetary variables were deflated by the four-digit sector specific producer price indices. In principle
I could estimate separate coefficients for material and energy. However, this would require estimating five
additional production function coefficients in the translog production function. In practice, this is hardly
possible with the data at hand. Importantly, I do not use energy expenditure but physical energy use which I
convert to monetary units using one price for all firms (median from the baseline period). I add the converted
energy use to material expenditure. Using energy expenditure would not be feasible since it decreases once
firms are exempted from the tax introducing a ”price bias”.
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1.3.2 Identification

My identification leverages the reform of eligibility rules described in Section 1.2 as a nat-

ural experiment. Lowering both cutoff values, which determine eligibility for exemption,

increased the number of exempted firms considerably (cf. Figure 1.C.1 in the Appendix).

At the same time firms that happened to be just below the new cutoff values provide a rea-

sonable control group for newly exempted firms. Thus the identification strategy is based

on two foundations: First, I use within-firm changes in the treatment status to identify

the treatment effect. This shields against unobserved time-invariant confounders. Second,

propensity score matching is used to form a control group for the difference-in-differences

estimation (Rosenbaum and Rubin, 1985). Valid causal inference requires a reasonable

estimate of the counterfactual trends, i.e., the evolution of the outcome variable among

newly exempted firms had they not been exempted. Suitable control observations are those

close to but below the eligibility thresholds. The choice of matching variables reflects this

idea and the design of the eligibility rules. Concretely, the matching specification includes,

among other variables, the log of electricity bought from the grid in kWh (one eligibility

criterion) and the energy intensity of Sales.8 The latter is a proxy for the ratio of elec-

tricity costs to gross value-added – the second criterion – which is unobserved. By using

energy intensity instead of electricity intensity, I compare firms with similar energy inten-

sities which just happened to rely on different sources of energy. At least in the short and

medium run the energy source that firms use is determined by past investments. To fur-

ther homogenize the sample, the matching specification includes energy prices, markups,

average wage, number of employees, trends in markups and sales if available (all in Log),

a dummy for foreign-owned firms, and sector dummies.9 I pair newly exempted firms
8Concretely, a logistic regression of a treatment dummy on the mean of pre-reform firm characteristics is

run to obtain the predicted probabilities.
9Table 1.D.2 in the Appendix provides the results from the propensity score estimation. The estimates

show that electricity purchases are a powerful predictor for future exemption.

23



with their (five) nearest neighbor(s) measured by the difference in their propensity scores

following the procedure introduced by Leuven and Sianesi (2018).

Consider the following estimating equation, for the homogenized sample:

yit = x′itβ + νst + µi + αTit + ξit (1.8)

with yit being the outcome variable, xit a vector of firm-level covariates, νst are unobserved

year-sector effects and µi firm fixed effects. The variable Tit is a dummy that indicates the

treatment status of a firm and ξit is a random error term. Differencing equation (1.8) gives

∆yit = ∆x′itβ + ∆νst + α∆Tit + ∆ξit (1.9)

where ∆yit is the difference between the post- and pre-treatment levels of the dependent

variable.10 The coefficient α captures the average treatment effect on the treated under

the assumption that counterfactual trends in outcomes of newly eligible firms are not

systematically different to those in the matched control group. Using the notation from

the potential outcome framework, this assumption reads as follows:

E (Yit(0)− Yit′(0)|X, D = 1) = E (Yit(0)− Yit′(0)|X, D = 0) (1.10)

While this assumption is untestable, parallel trends between treatment and control group

before the reform can lend credibility to the parallel trend assumption. Table 1.2 reports

results from formal tests of parallel pre-treatment trends supporting the validity of the

identifying assumption.
10As firms are not always consecutively sampled and in order to not waste information, ∆yit is defined as

∆yit ≡ yit − ȳitpre for t > 2012 with ȳitpre being the mean from the three pre-treatment years 2010, 2011
and 2012.

24



Threats to Identification

A self-selection problem arises since the tax exemption is not given automatically to firms

with electricity consumption above relevant threshold values. Instead firms have to apply

for it actively, which poses a problem if the decision to apply is related to trends in the

outcome variable. In practice, given the size of the potential tax savings, one can reason-

ably expect that eligible firms seek to get the exemption. However I exclude all firms from

the control group that became exempted after 2012, which lowers the risk that firms not

exempted due to managerial inability end up in the control group.11

A second channel of self-selection can operate through manipulating firms’ energy con-

sumption to exceed relevant eligibility thresholds. The revised payment schedule, how-

ever, does not incentivize manipulating total plant-level electricity consumption as the

marginal tax rate changes only for electricity use above the thresholds (cf. Figure 1.C.5

in the Appendix, which illustrates the payment schedule). In contrast firms might seek to

manipulate the share of electricity costs to gross value added to self-select into treatment.

Still this variable is more complicated for firms to control as sales are volatile. Moreover,

by comparing firms with similar energy intensity but not necessarily electricity intensity,

I exploit variation in the treatment status that results from firms’ choice of their energy

mix. It appears rather unlikely that firms adjust their energy mix in the short run since it

depends on past investment decisions (for example, switching from gas or oil to electricity

might not be feasible from one year to the other). Indeed the findings in Section 1.5.2

yield support for this assumption. Concretely, results indicate that electricity consumption

among newly exempted firms increases over time while energy consumption remains rela-

tively constant. Thus while fuel switching is possible, it is still a slow and gradual process.

11For instance, a firm treated in 2014 but not in 2013 (even though it was eligible in 2013 already) would
probably not be a reasonable control for exempted firms in 2013 since the manager’s inability to apply for
the exemption is likely to be correlated with the firms’ economic success.
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As a robustness check I provide results from the subsample of firms that were exempted

already in 2013. These firms’ exemptions were based on their electricity consumption in

2011 when the reform of eligibility rules went through the parliamentary process.

Moreover I need to rule out that treatment has spillover effects to observations in the

control group (Stable Unit Treatment Value Assumption). Spillover effects are most likely

within firms as treatment status can vary at the plant-level. Conducting the analysis at

the firm-level internalizes all within-firm spillovers of plant-level treatments. Spillovers

across firms seem less likely. In principle exempting an additional firm can affect firms in

the control group via a change in electricity prices. For two reasons exempting another

firm drives up prices for the rest: first, demand for electricity from newly exempted firms

will increase, which is expected to raise prices, and second, exempting an additional firm

implies an erosion of the tax base, hence increasing the electricity tax for the rest. However,

both effects will be of minimal size and most likely irrelevant from the perspective of

individual firms, especially because the newly exempted firms are medium-sized.

1.4 Data, Descriptive Statistics and Pre-Trends

1.4.1 Data

The primary data source is the German census of the manufacturer (AFiD), which con-

sists of different ”modules”. I combine the AFiD modules ”Kostenstrukturerhebung” (cost

structure survey), ”AFiD Modul Energieverbrauch” (energy use module) and ”AFiD Modul

Industriebetriebe” (industrial plants). Information regarding exemption from the electricity

tax is collected from the ”Bundesamt für Ausfuhrkontrolle (BAFA)” and merged to the AFiD

panel by staff from the research data center. The energy use module covers the universe

of German manufacturing plants with more than 20 employees. It contains detailed infor-
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mation on plant-specific energy use in physical units (kWh) by fuel type.12 The module

”manufacturing plants” provides information on economic variables such as sales abroad.

Finally, the core data set is the cost structure survey, an unbalanced panel at the firm-

level covering approximately 40% of all German manufacturing firms. The cost structure

survey is representative at the industry level. It includes large firms every year but small

and medium-sized firms typically only for four consecutive years, i.e., every four years

a new sample is drawn from the population of firms. This sampling procedure leads to

relevant compositional changes over time. The cost structure survey provides information

necessary to estimate production functions, such as intermediate input- and energy expen-

diture. Unfortunately, the data does not contain direct information on firms’ capital stock.

To approximate it I follow the method proposed by Wagner (2010) which utilizes available

details on firms’ annual depreciation together with the structure of firms’ capital stocks at

the year industry level. The latter requires merging external data to the AFiD panel.13 This

method has been implemented for this specific data by Richter and Schiersch (2017). In

principle depreciation is less lumpy than investment which is an advantage of this method

compared to the perpetual inventory method.

The final dataset is an unbalanced panel covering the period 2008 until 2017. Before

estimating production function coefficients, I clean the data from outliers. In particular I

drop spikes in the approximated capital variable and firms with extreme factor shares.14

12For a detailed description of the energy use module see Petrick et al. (2011)
13Wagner (2010) suggests approximating the capital stock from firms’ annual depreciation, which is re-

ported in the cost structure survey and the average economic life of the capital stock in each industry and
year. The latter is calculated from the composition of the capital stock (equipment and buildings) and their
respective average economic life. For buildings, I assume an average economic life of 53 years and for equip-
ment of 15 years (compare Richter and Schiersch, 2017). Information on the composition of the capital
stock is obtained from the German statistical office (Fachserie. 18, Volkswirtschaftliche Gesamtrechnungen.
1, Konten und Standardtabellen. 4, Inlandsproduktsberechnung, detaillierte Jahresergebnisse)

14Concretely, I do the following: I drop all observations for which the ratio of capital to sales or labor
deviates excessively from its mean (below the 2nd and above the 98th percentile). Furthermore, firms with
factor shares (capital, material, and labor relative to sales) below the 1st and above the 99th percentile in
their respective economic sector are classified as an outlier.
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Finally after having estimated the production function, I drop all observations with either

markups or TFPR above the 98th percentile and below the 2nd percentile.15

1.4.2 Descriptive Statistics

Table 1.1 provides summary statistics for the pre-treatment mean of main variables sepa-

rately for the whole sample, treated (newly exempted) firms only, and the matched control

group. In total, I observe 14747 firms between 2010 and 2012, of which 696 firms will

be exempted at some point after 2012. Upon comparing Parts A. and B. of Table 1.1, it is

evident that newly exempted firms are on average larger than the mean firm in the whole

sample. The difference is more pronounced when comparing the median firms: for exam-

ple, the median firm’s sales in the entire sample amount to approximately 13.6 million e

per year, whereas sales of the median firm in the treatment group are about 30 million

e per year. The difference between the groups is smaller when comparing the median

number of employees (90 compared to 113) and larger when comparing median energy

use. The latter is roughly ten times higher among the newly treated firms. In sum, newly

exempted firms are larger in absolute terms, more capital and energy intensive and less

labor intensive. Moreover they are more export oriented than the mean or median firm

from the whole sample. The mean electricity use of newly exempted firms is higher than

10 GWh, which used to be the threshold above which firms were eligible for exemption

before the reform of the EEG in 2011 (cf. Section 1.2). The high mean is most likely

caused by some very large electricity consumers that became eligible due to the change

of the relative eligibility criterion, i.e., the ratio of electricity costs to gross value added.

Still, the median electricity consumption among newly exempted firms is below 10 GWh,

indicating that most firms became eligible because of the change in the absolute criterion.

15Out of 7949 observations of firms newly exempted from the surcharge, I drop 487. All results are robust
to dropping only observations below the 1st and above the 99th percetile
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Table 1.1: Descriptive Statistics (Pre-Treatment Means)

Variable Mean Std. Dev. p10 p50 (Median) p90 N

A. Whole Sample
Sales (in 1000 e) 66824 851772 3236 13674 97273 14747
Number of Workers 247 1629.11 32 90 434 14747
Capital (in 1000 e) 34409 384692 1056 6346.66 53045 14747
Energy (in MWh) 22663 365584 278 1893 22524 14747
Electricity (in MWh) 4801 33312.34 104 884 9119 14747
Export Share .26 .26 0 .19 .67 14747
Markup Material 1.22 0.39 0.80 1.15 1.70 14747

B. Newly Exempted Firms
Sales (in 1000 e) 81065 177922 7298 30182 174715 696
Number of Workers 237 409 40 113 519 696
Capital (in 1000 e) 43619 81145 3255 16968 110574 696
Energy (in MWh) 62974 151762 4115 18321 136864 696
Electricity (in MWh) 17655 29053 2822 8292 40820 696
Export Share .28 .26 0 .21 .66 696
Markup Material 1.11 .33 0.74 1.07 1.49 696

C. Matched Control Group
Sales (in 1000 e) 92544 282054 6493 35076 180049 696
Number of Workers 269 645 39 129 558 696
Capital (in 1000 e) 56014 159301 3145 20816 115000 696
Energy (in MWh) 130242 1138724 2705 15544 112191 696
Electricity (in MWh) 21168 85254 1871 7294 35617 696
Export Share .28 .26 0 .22 .66 696
Markup Material 1.12 .33 .73 1.09 1.52 696

Notes: The table reports summary statistics for key variables from the pre-treatment period (means for the period 2010-
2012). Part A. of this table shows summary statistics for the whole sample. Part B. only for firms that were exempted
from the EEG surcharge after 2013 and Part C. shows summary statistics from the matched control observations. Source:
Research Data Centres of the Federal Statistical Office and the Statistical Offices of the Länder: AFiD-Panel Kostenstruk-
turerhebung und Energieverwendung, 2008-2017, own calculations.

Part C. of Table 1.1 provides descriptive results for the matched control group. Upon com-

paring Parts B. and C. of Table 1.1, one can see that the distribution of covariates appears

similar between treatment and control group, especially when comparing median values.

Only the mean of total energy use is much higher in the control group (factor 2), which

must be related to outliers among the matched controls since even at the 90th percentile

values are still very similar.

To summarize the production function estimates as well as implied markups, Table 1.B.1 in
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the Appendix provides industry-level output elasticities with respect to material, labor, and

capital. The industry-level markup is obtained from the elasticity of output for material and

the expenditure share for material as outlined in Section 1.3.1. On average, the production

function estimates imply slightly increasing returns to scale. The average elasticity of

output for material is 0.49, for labor 0.48, and 0.09 for capital. The mean markup in

the manufacturing industry between 2008 and 2017 is estimated to be 1.22. Of course

these averages mask between industry and within industry variation.16 Reassuringly the

average markup within each industry is above or close to one, and all output elasticities

are positive.17

To further explore the behavior and distribution of markups, I regression relate them to

firm characteristics.18 Table 1.D.1 in the Appendix shows the results, most of which are

in line with expectations: markups are higher among firms with a higher market share,

they are positively associated with firms export share and correlate strongly with research

and development expenditure (Stiebale et al., 2020). There exists a comparably small

but significant markup premium for exporter in general and a premium among foreign-

owned firms. Moreover markups from firms located in a federal state that belonged to

the former GDR are on average 9% lower than markups of firms located in former West

Germany. There exists a significant association between total factor revenue productivity

and markups. Finally, markups of firms exempted from the electricity surcharge are on

average 9% lower, which could be related to the energy and material intensity in this

particular subsample of firms.

16Estimates of output elasticities and markups vary at the firm-level. Thanks to the Translog production
function, the elasticities of output are not constants for the level of aggregation at which production functions
are estimated, as is the case with a Cobb Douglas production function.

17Perfect competition would imply a markup of one, which is hardly ever found in empirical work.
18This exercise complements a recent study by Weche and Wagner (2021) who describe, based on the

same dataset as my paper, the evolution of markups in the German industry between 2005 and 2013. Their
results do not point to a general increase in markups. They further relate markups to e.g. measures of
market concentration and digitization efforts.
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Table 1.2: Pre-Treatment Outcomes in the Matched Sample

Null Hypothesis: Equality of Pre-Treatment Outcomes

A. Levels B. Trends (Delta 1) C. Trends Delta 2
Variable p-Value N-Firms p-Value N-Firms p-Value N-Firms

A. Full Sample
Markups 0.470 1392 0.306 780 0.575 769
TFPR 0.143 1392 0.893 780 0.517 769
Sales 0.320 1392 0.241 780 0.612 769
Employees 0.246 1392 0.205 780 0.607 769
Energy 0.020 1392 0.122 780 0.516 769
Export Share 0.209 1392 0.400 780 0.193 769
Electricity (purchased) 0.002 1392 0.339 780 0.668 769
Electricity (total) 0.002 1392 0.087 780 0.644 769
Investment in Machinery 0.232 1392 0.377 780 0.630 769

B. Exempted in 2013 already
Markups 0.782 780 0.281 410 0.290 411
TFPR 0.323 780 0.830 410 0.358 411
Sales 0.154 780 0.440 410 0.360 411
Employees 0.669 780 0.458 410 0.478 411
Energy 0.065 780 0.172 410 0.921 411
Export Share 0.127 780 0.808 410 0.728 411
Electricity (purchased) 0.024 780 0.875 410 0.629 411
Electricity (total) 0.035 780 0.693 410 0.709 411
Investment in Machinery 0.302 780 0.029 410 0.010 411

Notes: The table reports results from formal tests for equality of pre-treatment levels and trends between treated firms and
matched controls. Levels refer to the average of respective variables from the pre-treatment period (2010-2012). Delta 1 is
the difference between the respective average and 2009 and Delta 2 is the difference between the average and 2008. The up-
per part gives the results from the full sample, i.e., all firms exempted at some point after 2013 are classified as treated. The
lower part shows the results from the restricted sample, which considers only those firms as treated which were exempted as
early as 2013. The propensity score used for the matching is calculated from a logistic regression of the treatment dummy on
electricity purchased in kWh, energy intensity, energy prices, the markups, average wages, the number of employees, trends in
markups and sales, a dummy for foreign-owned firms well as sector dummies. All variables except for energy intensity are in
log. Source: Research Data Centres of the Federal Statistical Office and the Statistical Offices of the Länder: AFiD-Panel Kosten-
strukturerhebung und Energieverwendung, 2008-2017, own calculations.

1.4.3 Testing Equality of Pre-Treatment Levels and Trends

The notion of similarity between newly exempted firms and their matched controls which

emerged from comparing Parts B. and C. in Table 1.1 is broadly confirmed by bivariate

regressions, testing for level and trend differences between the groups. Levels are the

means of the respective variables for 2010 to 2012. I take pre-treatment means in order

not to waste information and increase power since firms are randomly sampled in the cost
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structure survey (as explained in Section 1.4.1). To calculate trends, I take the difference

between the means mentioned above and values in 2009 (delta 1) and 2008 (delta 2).

Results for the full sample, which includes all newly exempted firms as well as for the

restricted sample, which includes only those firms newly exempted in 2013 already, are

reported in Table 1.2. In both samples the null hypothesis of equal pre-treatment levels

between treated firms and their matched controls is rejected at the 5 percent level for

firms’ energy and electricity use. Recall that the identifying assumption as described by

equation 1.10 in Subsection 1.3.2 requires trends to be the same, not the levels. For the

full sample the null hypothesis of equality of pre-treatment trends is only rejected at the

10% level for the first difference of total electricity use. All other differences are statis-

tically insignificant. Except for investment in machinery, all differences in the restricted

sample are insignificant. In general investment is quite lumpy and given the small number

of observations, the effect can result from a few outliers. Indeed, testing pre-trends for

these differences is a particularly challenging test, because the years 2009 and 2008 were

characterized by the turbulence of the financial crisis. Overall, these results support the

validity of the identifying assumption, i.e., parallel trends as discussed in Section 1.3. One

caveat of the analysis of pre-trends lies in the random sampling. Calculating differences is

only possible for some firms observed between 2010 and 2012 (the pre-treatment mean)

due to data availability.

1.5 Results

In the following Section I first present the main results pertaining to the effect of the tax

exemption on firms’ markups. I discuss the effect of the exemption on TFPR along the way.

The second part of this Section turns to additional firm-level outcomes. Results from this

part complement previous work by Gerster and Lamp (2020) who analyze the short-run
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Figure 1.1: Energy Price (in Log)

Notes: The figure shows the evolution of energy prices among treated firms and
their matched controls. Energy prices are in log and were normalized to firms
average price in the period 2010 to 2012. Source: Research Data Centres of
the Federal Statistical Office and the Statistical Offices of the Länder: AFiD-Panel
Industriebetriebe, 2008-2017, own calculations.

effect of the tax exemption, i.e., the effect in 2013.

First and in order to highlight the magnitude of the effect of the exemption on energy prices

as well as to validate the matching, Figure 1.1 plots the change in the logarithmic mean

energy price for treated firms and their matched controls. It can be seen from Figure 1.1

that after 2012 energy prices started to evolve in different directions. The price gap that

opened in 2013 grew larger until 2014 and remained relatively constant in the following

years. The difference in mean energy prices amounts to approximately 20% in 2017.19

Note that Figure 1.1 shows the change in the mean energy price and therefore, the Figure

understates the change in the electricity price.

19Indeed, projecting the percentage change of energy prices on a treatment dummy in the matched sample
yields a coefficient of 0.18. Recall that tax exemptions are only applied to electricity consumption while the
plot shows the mean energy price of which the electricity price is a part.
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1.5.1 Main Results

Since electricity bought from the grid system is a fully flexible input, the change in the

mean energy price (driven by the drop in electricity prices) translates into a change in

marginal costs. This decrease in marginal costs leads to an increase in markups unless firms

adjust their product prices. Table 1.3 shows the estimated average treatment effect on the

treated, obtained from the difference-in-differences estimation on the matched sample.

The left-hand side variable is the logarithmic change of firms’ markups. All estimates

include a full set of year-sector dummies to purge sector-specific shocks. The estimating

equation includes no further covariates to avoid bad control problems, and standard errors

are clustered at the matched ID level. The number of treated and control firms reported in

rows 3 and 4 is the number of observations pooled across years.

Column 1 shows the estimate from the full sample using one-to-one matching. The point

estimate suggests an increase of exempted firms’ markups by 1.3%. Looking at standard

errors and p-values in the second and third row, one can see that the effect is statistically

significant at the 10% level. The ATT in the second column is estimated on a balanced

panel, i.e., I keep only pairs of treated firms and their matched control firms in the sample

(same number of observations for treated and control). The balanced panel requirement

reduces the number of observations considerably due to the random sampling in the cost

structure survey. The point estimate increases to 0.018; thus the effect is significant at the

5% level despite slightly higher standard errors. Column 3 uses only treated firms that

were already exempted in 2013. As explained in Section 1.2 self-selection into treatment

is very unlikely in this group. The point estimate remains similar, indicating an increase

in markups by 1.6%. Due to fewer observations, standard errors go up, but the estimated

effect remains significant at the 10% level. Columns 4 and 5 report the ATT estimates
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when each treated observation is paired with five control observations.20 Results shown

in column 4 are estimated on the full sample and those in column 5 on the restricted

sample. Both estimates imply a statistically significant increase in exempted firms’ markups

by approximately 2.2% for the full sample and by 1.9% for the restricted sample. Both

effects are significant at conventional levels. The last two columns report results from

exact matching within two-digit economic sectors. Since the ”on-support-requirement”

is stricter with exact matching on industries, the number of observations in column 6

is smaller than in column 1. However the point estimate is very similar, and standard

errors remain the same; thus the coefficient is also significant at the 10% level. In column

7 the sample has been restricted to ”EEG 2013” which yields an almost identical point

estimate but significantly higher standard errors, which renders the coefficient statistically

insignificant.21

As mentioned above, the electricity tax exemption caused a reduction of energy prices

by approximately 20%. Energy costs account for approximately 15% of variable costs

among treated firms and their controls; thus the reduction of variable costs amounts to

roughly 3%.22 An estimated increase in markups by 1.5% would therefore imply a cost

pass-through rate of 50%. This back-of-the-envelope calculation should not be taken at

face value but helps put the effect size into perspective.

The lower part of Table 1.3 reports results of the effect of the exemption on TFPR. Sample

and regression specifications mirror the analysis for markups. To make it short: none of the

point estimates is significant at any conventional level. It is still worth mentioning that all

estimates have a negative sign which could point to a small negative effect on productivity

20I use matching with replacement; therefore, the number of control observations does not increase by
factor five

21Table 1.D.3 in the Appendix shows balance tests for matching with five neighbors as well as for exact
matching on the sector.

22With variable costs, I refer to energy and material costs.
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Table 1.3: Main Results: Markups

Log Markup
(1) (2) (3) (4) (5) (6) (7)

Coefficient 0.013* 0.018** 0.016* 0.022*** 0.019** 0.014* 0.013
Standard Error 0.007 0.008 0.009 0.006 0.009 0.007 0.010
P-Value 0.064 0.027 0.065 0.001 0.002 0.053 0.194

Total Factor Revenue Productivity
Coefficient -0.009 -0.008 -0.005 -0.002 -0.004 -0.009 -0.006
Standard Error 0.007 0.008 0.008 0.006 0.008 0.007 0.009
P-Value 0.173 0.346 0.565 0.703 0.603 0.216 0.536
N-Treated 1668 1082 1091 1668 1091 1526 951
N-Control 1854 1082 1142 2933 1856 1730 1016
Matching 1:1 1:1 1:1 1:5 1:5 1:1 (Sec.) 1:1 (Sec.)
Sample Full Full EEG 2013 Full EEG 2013 Full EEG 2013
Balanced No Yes No No No No

Notes: *** denotes 1% significance; ** denotes 5% significance; and * denotes 10% significance. The table reports ATT esti-
mates from a difference-in-differences estimation on the matched sample. The estimating equation includes sector-year fixed
effects. Standard errors are clustered at the match-ID level. The propensity score used for the matching is calculated from a
logistic regression of the treatment dummy on electricity consumption in kWh, energy intensity, energy prices, the markups,
average wages, the number of employees, trends in markups and sales, a dummy for foreign-owned firms well as sector dum-
mies. Columns (6) and (7) refer to matching within firms’ 2. digit economic sector. All variables except for energy intensity
are in log. Source: Research Data Centres of the Federal Statistical Office and the Statistical Offices of the Länder: AFiD-Panel
Industriebetriebe, 2008-2017, own calculations.

as one could expect following Porter and Linde (1995). It could also be related to some

pass-through of costs since TFPR is negatively correlated with prices, i.e., if part of the

savings from the exemption is passed on to consumers, my revenue based measure of

productivity is expected to fall.

Robustness of Main Results

To complement the results from the matching estimation and to check their robustness, I

perform a standard difference-in-differences estimation (two-way fixed effect, i.e., I omit

the matching and do not difference the data) using the whole panel. The richest specifica-

tion is of the following form:

yit = β0 + αTit + νst + ϑlt + λet + πct + µmt + φi + ξit (1.11)
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where νst are year-sector fixed effects and ϑlt, λet, πct, µmt, are decile-year fixed effects for

the number of employees, energy intensity, total electricity use in kWh and firms’ markups.

Firms are assigned to a decile based on pre-treatment values. Finally φi is a firm fixed ef-

fect and ξit is the idiosyncratic error term. Note that the variables used for stratification

are similar to those used for the matching. Results from the difference-in-differences es-

timation are shown in Table 1.4. The first three columns report estimates from the full

sample. Columns 4 to 6 report results from the subsample in which only firms exempted

as early as 2013 are classified as treated and the others are dropped. The most parsi-

monious specification includes only year-sector fixed effects. Columns 1 and 4 show the

corresponding point estimates, which are similar across both groups and suggest an in-

crease in markups by 2.3% to 2.4%. To account for differential trends in markups between

firms with different energy intensity, I include electricity-decile-year dummies and energy

intensity-decile-year dummies (columns 2 and 5). From the results one sees that the point

estimates drop by approximately one percentage point, suggesting an increase of markups

by 1.3% when looking at the full sample and 1.7% when looking at the restricted sample.

When adding year dummies by markup-decile and labor-decile, the point estimates barely

change and remain significant at conventional levels (cf. column 3 and 6). Taken together,

the results from the conventional difference-in-differences specification are in line with the

estimates from the matching specification and thus yield support for the presumption that

pass-through of lower electricity costs is incomplete. Similarly the difference-in-differences

analysis yields no support for the hypothesis that TFPR was affected by the exemption in a

statistically significant sense. Again all point estimates capturing the effect on TFPR have

a negative sign.
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Table 1.4: Robustness: Difference-in-Differences

Log Markup
(1) (2) (3) (4) (5) (6)

Coefficient 0.024*** 0.013** 0.013* 0.026*** 0.017** 0.018**
Standard Error 0.006 0.007 0.007 0.008 0.008 0.009
P-Value 0.000 0.048 0.058 0.001 0.037 0.034

Total Factor Revenue Productivity
Coefficient -0.001 -0.008 -0.009 -0.002 -0.008 -0.007
Standard Error 0.006 0.006 0.006 0.007 0.007 0.008
P-Value 0.872 0.170 0.154 0.786 0.301 0.342
Sample Full Full Full EEG 2013 EEG 2013 EEG 2013
N-Treated 1694 1694 1694 1104 1104 1104
N-Control 77301 77301 77301 76587 76587 76587
FE Labor-Decile-Year No No Yes No No Yes
FE Markup-Decile-Year No No Yes No No Yes
FE Electricity-Decile-Year No Yes Yes No Yes Yes
FE Energy Intensity-Decile-Year No Yes Yes No Yes Yes
FE WZ-Year Yes Yes Yes Yes Yes Yes

Notes: *** denotes 1% significance; ** denotes 5% significance; and * denotes 10% significance. The table shows the difference-
in-differences estimates from various specifications estimated on an unbalanced panel for the period 2010 to 2017. Standard errors
are clustered at the firm-level. Source: Research Data Centres of the Federal Statistical Office and the Statistical Offices of the
Länder: AFiD-Panel Industriebetriebe, 2008-2017, own calculations.

Dynamic Effect - Event Study Design

Concerning both outcomes - markups and TFPR - the treatment effect could plausibly

change over time. For instance if prices were extremely sticky, the positive effect of the

exemption on markups would fade away over time as prices slowly adjust downwards. For

productivity a dynamic treatment effect could be plausible due to a gradual unfolding of

the effect of measures to improve productivity. To explore the time dynamics of the effect,

I estimate an event study design. Concretely I take the following regression to the data:

yit = β0 +
4∑

j=−3

βjDit−j + φi + νst + ξit (1.12)

The indicator variable Dit takes the value 1 if firm i is newly exempted in year t thus

Dit−j indicates whether firm i became newly exempted from the surcharge j years ago.

This approach allows inspecting pre-trends prior to exemption (j < 0) and informs about
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the dynamics after the treatment (j ≥ 0). I omit the year before the first exemption and

hence the estimates are to be interpreted relative to the last year before the exemption.

All models include sector-year fixed effects νst as well as firm fixed effects φi. I estimate

the event study on the matched sample and the full sample. When using the whole sample

instead of the matched sample, the regression further includes the decile-year fixed effects

from the richest difference-in-differences specification (cf. equation 1.11). For the matched

and the full sample, I run the analysis using all firms exempted after 2013 as well as only

the subsample of firms already exempted in 2013. For the full sample, including all firms

implies a staggered treatment adoption. By definition, all firms in the restricted ”EEG

2013” sample started receiving treatment at the same time (in this case, the x-axis could

be labeled with years from 2010 until 2017).23 Figure 1.2 shows the dynamic effect for

markups (left) and TFPR (right). Starting with pre-treatment trends from the left figure,

one can see that all point estimates are indistinguishable from zero. In particular, the point

estimates capturing the change from two years before the treatment to the last year before

treatment are very close to zero. The point estimates for β−3 show that the matching is

superior with respect to the balancing of the pre-trend. From the full sample, both β−3

coefficients are positive, potentially hinting a small pre-trend in the respective samples.

Still these coefficients are smaller than all coefficients from the respective specifications

in the post-treatment period. The coefficients capturing the treatment effect are fairly

stable over time. On average they confirm the magnitude of the average effect presented

in Section 1.5.1 and do not hint at any relevant dynamics of the treatment effect. With

few exceptions, the point estimates suggest an increase in markups between one and two

percent relative to the last pre-treatment year. While standard errors go up as one moves

23Other than in the difference-in-differences specifications, I do not omit observations after 2012 if they
were treated at some point after 2012 but not in 2013 already (take a firm treated in 2014 but not in 2013.
This firm’s observation from 2013 would now be in the ”control group”). Leaving them out would imply
omitting the references point, i.e., the year before treatment for firms treated only after 2013. For the EEG
2013 subsample, this is not critical.
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Figure 1.2: Event Study Results: Markups and TFPR

(a) Markups (b) TFPR
Notes: The figures show the dynamic effect on markups (left) and TFPR (right) estimated from the event study using the matched
sample (green) and the full sample (blue). For both samples, I estimate the effect using all newly treated firms (solid) and only those
treated in 2013 already (dashed). The estimates are based on data from 2010 until 2017. The vertical red line marks the start of the
treatment. The thin lines show 95% confidence intervals. All regressions include sector-year fixed effects. The regressions estimated
on the full sample further include year by decile fixed effects for energy intensity, electricity use, number of employees and markups.
Standard errors are clustered at the firm-level. Source: Research Data Centres of the Federal Statistical Office and the Statistical
Offices of the Länder: AFiD-Panel Kostenstrukturerhebung und Energieverwendung, 2010-2017, own calculations.

further away from the start of the treatment, the effect remains stable. Looking at the

evolution of the effect on TFPR as reported in the subfigure on the right, one can see

that all point estimates are statistically insignificant. Still the dynamics point to a small

downward trend, i.e., point estimates tend to become more negative.

1.5.2 Further Firm-Level Outcomes

In addition to the effect of the EEG exemption on markups and productivity, the reform

of eligibility rules provides an ideal setting to investigate the effect of electricity prices on

further firm-level outcomes, including energy and electricity use itself. The short-run effect

of the reform on these outcomes has been studied in detail by Gerster and Lamp (2020).

Their study focuses on the effect in 2013, the first year in which firms were exempted

based on the reformed rules. My results complement their findings since they also include

the effect in later years, i.e., 2014 to 2017. In particular, the event studies can provide

40



Table 1.4: Further Firm-Level Outcomes

Dependent Variable Coefficient Std. Err. P-Value N-Treated N-Control

A. Newly Exempted Firms - Full Sample

Sales (in log) 0.000 0.013 0.990 1668 1854
Employees (in log) -0.004 0.011 0.698 1668 1854
Material (in log) 0.030 0.023 0.172 1668 1854
Energy (kWh in log) 0.005 0.018 0.772 1668 1854
Export Share -0.001 0.005 0.847 1668 1854
Electricity Purchased (kWh in log) 0.118*** 0.022 0.000 1668 1854
Electricity total (kWh in log) 0.054*** 0.015 0.000 1668 1854
Own Electricity Generation -0.037** 0.016 0.024 1668 1854
Investment in Machinery (ihs) -0.159 0.149 0.287 1668 1854
Research and Development (ihs) -0.249 0.221 0.261 1668 1854

B. Firms Exempted in 2013 already

Sales (in log) 0.015 0.015 0.335 1091 1142
Employees (in log) -0.005 0.013 0.719 1091 1142
Material (in log) 0.054* 0.028 0.052 1091 1142
Energy (kWh in log) -0.017 0.025 0.501 1091 1142
Export Share -0.005 0.007 0.458 1091 1142
Electricity Purchased (kWh in log) 0.142*** 0.031 0.000 1091 1142
Electricity total (kWh in log) 0.072*** 0.020 0.000 1091 1142
Own Electricity Generation -0.027 0.018 0.133 1091 1142
Investment in Machinery (ihs) -0.116 0.183 0.526 1091 1142
Research and Development (ihs) -0.397 0.293 0.176 1091 1142

Notes: *** denotes 1% significance; ** denotes 5% significance; and * denotes 10% significance. The table reports ATT esti-
mates from a difference-in-differences estimation on the matched sample. The estimating equation includes sector-year fixed
effects. Standard errors are clustered at the match-ID level. The propensity score used for the matching is calculated from a
logistic regression of the treatment dummy on electricity consumption in kWh, energy intensity, energy prices, the markups,
average wages, the number of employees, trends in markups and sales, a dummy for foreign-owned firms well as sector dum-
mies. All variables except for energy intensity are in log. Source: Research Data Centres of the Federal Statistical Office and
the Statistical Offices of the Länder: AFiD-Panel Industriebetriebe, 2008-2017, own calculations.

insight into firms’ adjustment paths. Firms will probably have expected that the change

in average energy prices and the change in relative prices for different energy sources will

be long lasting. Hence they might have decided to re-optimize their production process,

e.g., by shifting from primary sources of energy to electricity. Completing this process will

most likely take more than one year. Therefore the full benefits of the exemption from

the firms’ perspective will only materialize over time. By taking later years into account,

one can gauge the full effect of the reform on firms’ behavior and eventually judge the

appropriateness of the rules.
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To start with, Table 1.4 reports results from the pooled estimation; Part A. for the full

sample and Part B. for the restricted sample. The first four outcomes are sales and factor

inputs, namely the number of employees, material expenditure, and energy in kWh (all

variables in log). Except for the effect on material inputs, all estimates are precisely esti-

mated zero effects. The point estimate capturing the effect on material expenditure implies

a three percent increase, albeit not statistically significant. Surprisingly, despite a large fall

in average energy prices, consumption did not increase, pointing to energy being a very

price inelastic input. These first results provide additional indirect support for the hypoth-

esis that firms did not fully pass on the lower marginal costs to consumers. Since there is

no overall increase in factor inputs, it appears unlikely that physical output increased. In

the absence of increasing physical output, a constant level of sales (as suggested by the

point estimate) implies unchanged output prices. Finally, the effect on firms’ export share

- a standard performance indicator - is also insignificant. Looking at the same outcomes in

Part B. of Table 1.4 confirms previous results. As the number of observations goes down,

the estimates are less precise. Only the effect on material expenditure is significant at the

10% level due to a larger point estimate suggesting an increase by 5.4%.

Turning to electricity use, I document a large and significant effect on firms’ electricity

purchases as one would expect. The coefficient estimated from the full sample implies

an average increase by almost 12% and the effect from the restricted sample is roughly

14%. Since this effect did not induce an increase in overall energy consumption, it must

reflect switching between different energy sources. Part of this switching is a reduction

of self-generation of electricity. For example the treatment effect on total electricity use,

including self-generated electricity, is considerably lower with 6% in the full sample and

9% in the restricted sample. Looking at self-generation confirms that the smaller effect on

total electricity is not only related to a larger base: the treatment effect on an indicator for
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self-generation is negative and significant. The effect on electricity use as described above

is twice as large as the one estimated by Gerster and Lamp (2020). This difference is most

likely related to the different post periods, i.e., this effect also captures the response in

the medium run. Finally I look at the effect on expenditure for investment and research

and development (both inverse-hyperbolic-sine (ihs) transformed to deal with zeros). The

effects are estimated with low precision only, but point estimates are all negative. There is

therefore no indication of firms using the additional financial room from higher markups

to increase their production potential via investment or research and development.24

To explore the time dynamics of the treatment effect, I estimate the event study design

introduced in 1.5.1. Guided by the results from the analysis on the pooled sample, I focus

on energy-related outcomes (cf. Figure 1.3). The subfigure on the top left of Figure 1.3

shows the effect on electricity purchased from the grid. One can see a continuous increase

of the treatment effect from approximately 5% in the first year after exemption to 20% four

years after the exemption. The point estimates from all sample-specification combinations

are very close to each other. The estimates in the pre-treatment period hint a small trend,

i.e., all point estimates are below zero, with one being marginally significant. Indeed, this

pre-trend is in line with the observed evolution of the treatment effect. Generally firms

know about their exemption status one year in advance and since the results suggested

that the adjustment of firms’ energy demand takes time, firms will start the adjustment

process already in anticipation of the exemption. Therefore the point estimates probably

slightly underestimate the treatment effect on electricity use. The top left figure shows the

treatment effect on total electricity use, including self-generation. The dynamics of this

effect are similar to the one from electricity purchases, but the effect size is about half.

24Again, I estimate the standard difference-in-differences model as a robustness check. The estimating
equation includes decile-year fixed effects for the number of employees, energy intensity, total electricity use
in kWh and firms’ markups. Results can be found in Table 1.D.4 in the Appendix.
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Figure 1.3: Event Study Results: Electricity and Energy Use

(a) Electricity Purchased (b) Total Electricity

(c) Own Generation of Electricity (d) Energy
Notes: The figures show the dynamic effect on log of electricity purchased (top left), log of total electricity use (top right), an indicator
for self-generation (bottom-left), and log of total energy use (bottom right) estimated from the event study using the matched sample
(green) and the full sample (blue). For both samples, I estimate the effect using all newly treated firms (solid) and only those treated
in 2013 already (dashed). The estimates are based on data from 2010 until 2017. The vertical red line marks the start of the
treatment. The thin lines show 95% confidence intervals. All regressions include sector-year fixed effects. The regressions estimated
on the full sample further include year by decile fixed effects for energy intensity, electricity use, number of employees and markups.
Standard errors are clustered at the firm-level. Source: Research Data Centres of the Federal Statistical Office and the Statistical
Offices of the Länder: AFiD-Panel Kostenstrukturerhebung und Energieverwendung, 2010-2017, own calculations.
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This indicates that part of the adjustment is related to less self-generation of electricity

which is confirmed when looking at the treatment effect on an indicator for self-generation.

This effect is negative and increases in magnitude over time. Finally, the effect on overall

energy use is shown in the bottom left figure. Coefficients capturing the immediate pre-

trend (β−2), as well as the coefficients capturing the treatment effect in the first year (β0),

are negative and marginally significant suggesting that energy consumption in the omitted

period was relatively high. The difference between the effect in t − 2 and the omitted

period could be related to the increase in electricity consumption as part of the adjustment

to the anticipated change in prices. Total energy consumption shows a slight dip in the

first year after treatment, which is somewhat surprising. Overall there is a clear pattern

towards an increase in total energy consumption over time. However the effects are small

and mostly statistically insignificant, emphasizing the low price elasticity of energy inputs.

1.6 Discussion and Conclusion

Against the backdrop of rising electricity prices in Germany, policymakers feared an erosion

of energy intensive manufacturing firms’ competitiveness. This fear led to the introduction

of special electricity tax exemptions, causing a significant reduction of exempted firms’

energy costs. In this paper I use a reform of the eligibility rules to estimate the causal

effect of these exemptions on newly exempted firms’ markups. The findings suggest that

respective firms could increase their markups by approximately 1% to 2% relative to the

control group. A back-of-the-envelope calculation suggests that the estimated response of

markups implies a pass-through of marginal costs of approximately 50%.

I extend the analysis to incorporate productivity and additional firm-level variables in par-

ticular firms’ energy use. My results do not hint at any effects of the exemptions on firms’

TFPR or sales, employment or export shares. In other words: control firms, i.e., firms not
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exempted from the tax, remained economically as successful as their treated counterparts.

However I find significant adjustments of firms’ energy mix in response to the tax exemp-

tion, e.g., firms’ electricity purchases increased by more than 10% on average. The firms’

energy mix adjustment shows meaningful time dynamics, i.e., the effect increases over

time. These results expand the short-run analysis presented by Gerster and Lamp (2020).

My findings bear relevance for the future policy debate. The justification for the extension

of exemption rules was tough international competition. Increasing markups cast doubt

on this justification as competition depresses markups. Exempting some of the users of

electricity shrinks the tax base and increases the electricity tax for the rest. The preferential

treatment of energy intensive firms seems hard to justify if it results in higher markups,

even more so since exemptions did not improve firms’ economic performance vis-a-vis

their non-exempted controls. There is also no indication for firms using the additional

financial room to expand their long-run production potential via higher expenditure levels

for investment or research and development. Hence these findings cast doubt on the

appropriateness of the existing rules. Further research along the line of Koch and Basse

Mama (2019) should investigate whether non-exempted firms had a higher propensity to

relocate production to other jurisdictions. If there is no indication for the latter, the natural

adjustment of the existing exemption rules would be a gradual increase of marginal tax

rates for the exempted firms.

The results also contain some broader lessons regarding environmental regulation that

aims at pricing energy inputs such that prices also reflect marginal social costs: first, the

fact that firms without tax exemptions fared as well as non-exempted firms concerning

TFPR, sales, employment and exporting does not support the hypothesis that (stringent)

environmental regulation and a thriving manufacturing sector cannot be reconciled. Sec-

ond, tax-exempted firms increased their electricity purchases by more than 10% on aver-
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age and by 20% four years after the treatment, which shows that firms respond strongly to

price signals. This finding increases confidence that climate policy instruments which ef-

fectively increase carbon-intensive energy prices can be viable tools. However the effect on

total energy use was at the most small despite a significant change in prices. These results

imply that individual energy sources can be substituted, resulting in high price elasticities

for the single energy sources. In contrast, the price elasticity of total energy use appears

to be very small, at least in the subsample of particularly energy intensive firms. Thus

significant price signals are needed to induce changes in total energy use among energy

intensive firms. These price signals might not be feasible. At least for the German context,

this underlines the importance of providing energy with low carbon content such that firms

can reduce emissions through substitution.
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Appendix

1.A Production Function Estimation

For the main specification I estimate the following translog gross output production func-

tion:

yit = βkkit + βllit + βmmit + βkmkitmit + βklkitlit + βlmlitmit+

βkkk
2
it + βlll

2
it + βmmm

2
it + ωit + ξit

(1.13)

where yit denotes the logarithm of deflated sales, kit the logarithm of capital, lit the loga-

rithm of the number of employees and mit the logarithm of material and energy expendi-

ture. Total factor productivity is denoted by ωit and ξit is a random i.i.d error term. Both of

which are unobserved. The elasticity of output with respect to the flexible input - arguably

material - is given by:

∂yit
∂mit

= βm + βkmkit + βlmlit + 2βmmmit (1.14)

To estimate (1.13) I resort to the so-called proxy control methods as developed by Olley

and Pakes (1996), Levinsohn and Petrin (2003) and Ackerberg et al. (2015). These struc-

tural approaches seek to overcome the ”simultaneity bias”. This refers to the endogeneity
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of static input choices to contemporaneous productivity. Looking at 1.13 this means that

firms’ choice of mit depends on ωit which is part of the error term as it is unobserved.

Thus estimating 1.13 by means of OLS would yield biased coefficients. The structural

approaches attempt to recover production function coefficients while controlling for unob-

served productivity. I follow Ackerberg et al. (2015) and proxy for productivity by inverting

out productivity from a static input demand equation. Concretely, I assume the following

general expression can describe material demand:

mit = mt(kit, lit, zit, ωit) (1.15)

The vector zit collects variables that might affect material input demand. In this applica-

tion, zit includes firm i′s export status, the logarithm of firms’ mean energy price, and their

market share at the four-digit level. Under the assumption that material demand increases

monotonically in productivity and that productivity is the only unobserved determinant of

material demand, productivity (ωit) can be inverted out from equation 1.15

ωit = ht(mit, kit, lit, zit) (1.16)

where ht(•) is the inverse of mt(•). The control function ht(•) is approximated by a poly-

nomial. Substituting ht(•) into 1.13 and estimating by means of OLS is the first stage in

the two step procedure suggested by Ackerberg et al. (2015). The first stage can thus be

written as:

yit = φt(lit, kit,mit, zit) + εit (1.17)

Equation 1.17 provides the fitted values φ̂it (expected output). In the second stage produc-

tion function coefficients are recovered. Ackerberg et al. (2015) assume that productivity
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ωit depends on its lagged values and possibly other lagged variables collected in ait−1.25

Hence, current productivity can be described by the following expression

ωit = gt(ωit−1, ωit−2, ωit−3, ait−1) + ξit (1.18)

where ξit represents unanticipated innovation to productivity.26 Assuming that productivity

innovation is orthogonal to current and lagged input choices gives the moment conditions

which are used to estimate the production function coefficients.

E(ξit(β)(kit, lit−1,mit−1, kitmit−1, kitlit−1, lit−1mit−1, k
2
it, l

2
it−1,m

2
it)
′) = 0 (1.19)

Capital is a dynamic input with adjustment costs justifying the assumption that current

capital stocks are orthogonal to productivity innovation. Current material inputs and, to a

lesser extent, labor are likely to be endogenous as they can be adjusted flexibly.27 Material

and labor are therefore instrumented with past material inputs and labor inputs which is

feasible if input prices are correlated over time. The production function coefficients are

obtained from the moment conditions in 1.19 by applying a GMM procedure. In Table

1.B.1 I report the mean output elasticities for material, labor and capital at the industry

level as a summary of the production function estimates.

25ait includes the export share and the log energy price. However, in practice the inclusion of other
variables barely alters the estimated production function coefficients.

26For any vector of production function coefficients β, productivity can be calculated as ωit(β) = φ̂it −
βkkit − βllit − βmmit − βkmkitmit − βklkitlit − βlmlitmit − βkkk2it − βlll2it − βmmm

2
it

27Material includes intermediate inputs as well as energy inputs. Importantly, I observe physical energy
input in kWh. Deflated energy expenditure would systematically understate the energy input by EEG ex-
empted firms. To lump intermediate input expenditures together with physical energy inputs, I convert
physical energy inputs to monetary units based on the baseline’s median energy price (ct./kWh).
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1.B Estimated Output Elasticities and Markups

Table 1.B.1: Elasticities of Output and Markups

Elasticities of Output

Economic Sector
Elasticity w.r.t.

Material
Elasticity w.r.t.

Labor
Elasticity w.r.t.

Capital Markup N

Manufacturing of food products (10) 0.63 0.35 0.10 1.43 15004
(0.18) (0.17) (0.07) (0.41)

Manufacturing of beverages (11) 0.56 0. 35 0.14 1.88 1999
(0.14) (0.12) (0.13) (0.67)

Manufacturing of textiles (13) 0.56 0.41 0.069 1.36 2892
(0.13) (0.14) (0.03) (0.34)

Manufacturing of wearing apparel(14) 0.60 0.34 0.14 1.83 1359
(0.12) (0.10) (0.10) (0.55)

Manufacturing of leather and related prod. (15) 0.45 0.43 0.21 1.03 657
(0.36) (0.20) (0.19) (0.35)

Manufacturing of wood and prod. of wood (16) 0.53 0.49 0.05 1.23 3072
(0.07) (0.04) (0.04) (0.49)

Manufacturing of paper and paper prod. (17) 0.50 0.48 0.06 1.06 3457
(0.09) (0.17) (0.05) (0.27)

Printing and reprod. of recorded media (18) 0.49 0.42 0.09 1.40 2436
(0.15) (0.14) (0.06) (0.32)

Manufacturing of chemicals (20) 0.45 0.46 0.10 1.08 6960
(0.15) (0.15) (0.09) (0.38)

Manufacturing of basic pharm. prod.(21) 0.45 0.50 0.14 1.73 1541
(0.13) (0.09) (0.04) (0.68)

Manufacturing of rubber and plastics (22) 0.55 0.38 0.09 1.27 7394
(0.13) (0.12) (0.06) (0.26)

Manufacturing of other non-metallic mineral prod.(23) 0.46 0.57 0.10 1.27 5847
(0.17) (0.19) (0.07) (0.53)

Manufacturing of basic metals (24) 0.60 0.43 0.08 1.21 5198
(0.16) (0.14) (0.05) (0.27)

Manufacturing of fabricated metal prod. (25) 0.38 0.59 0.10 1.09 16291
(0.15) (0.14) (0.05) (0.36)

Manufacturing of computer, electronic and optical prod. (26) 0.47 0.50 0.10 1.29 5667
(0.15) (0.18) (0.05) (0.39)

Manufacturing of electrical equipment (27) 0.54 0.41 0.10 1.30 7615
(0.14) (0.14) (0.06) (0.28)

Manufacturing of machinery and equipment (28) 0.43 0.60 0.07 1.09 17575
(0.12) (0.14) (0.04) (0.27)

Manufacturing of motor vehicles, trailers etc. (29) 0.55 0.39 0.09 1.11 4751
(0.16) (0.17) (0.06) (0.24)

Manufacturing of transport equipment (30) 0.46 0.52 0.09 1.12 1453
(0.16) (0.17) (0.06) (0.27)

Manufacturing of furniture (31) 0.41 0.54 0.10 1.00 2671
(0.10) (0.10) (0.05) (0.20)

Other manufacturing (32) 0.26 0.64 0.16 1.00 4327
(0.12) (0.14) (0.07) (0.32)

Repair and installation (33) 0.36 0.65 0.12 1.25 3772
(0.15) (0.16) (0.06) (0.53)

Total 0.48 0.48 0.09 1.22 121938
(0.17) (0.18) (0.07) (0.41)

Notes: The table shows the average of the estimated elasticities of output from the translog production function with respect to material, labor and capital at the sector
level. It also shows the average markup at the sector level, i.e. firms’ elasticity of output with respect to material divided by firms’ expenditure share for material. Source:
Research Data Centres of the Federal Statistical Office and the Statistical Offices of the Länder: AFiD-Panel Kostenstrukturerhebung und Energieverwendung, 2008-2017,
own calculations.
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1.C Background Material: Renewable Energy Sources Act

Figure 1.C.1: Number of Exempted Plants

Notes: The height of the bars correspond to the number of exempted plants as reported by the Bunde-
samt für Ausfuhrkontrolle (BAFA). The number of exempted plants that I am able to identify/find in
the AFiD panel is considerably smaller. Not also, that I conduct my analysis at the firm-level. Source:
netztransparenz.de
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Figure 1.C.2: Evolution of EEG Surcharge (ct/kWh)

Notes: The height of the bars correspond to the surcharge in cent per kWh that is levied on each kWh
purchased from the grid. Source: netztransparenz.de

Figure 1.C.3: Cost Components of Electricity Used in the Industry

Notes: The bars show the average electricity prices for an industrial plant in Germany with an annual
electricity use of 160 MWh to 20 GWh. The differently colored parts represent the cost components.
The green part is the EEG surcharge. Source: Bundesministerium für Wirtschaft und Technologie:
EEG-Umlage 2019: Fakten und Hintergründe
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Figure 1.C.4: Electricity Costs for Non-Household Users in European Countries

Notes: The figure shows electricity prices for non-households in various European countries in the
second half of 2018. The blue part are pre-tax prices and the pink part are taxes. The EEG surcharge
accounts for the lion share of taxes in Germany. Source: netztransparenz.de

Figure 1.C.5: Marginal Surcharge after the Reform

Notes: The figure illustrates the revised payment schedule for exempted firms. The red lines are the
marginal surcharge. The blue line corresponds to the full surcharge. For the first GWh exempted firms
pay the full surcharge. For each additional GWh up to 10 GWh firms pay 10% of the surcharge. For
further electricity use the pay 1% percent of the surcharge. Source: own graph
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1.D Further Results

Table 1.D.1: Enhanced Correlations: Markups

Independent Variable Coefficient Std. Err. N

R&D Expenditure 0.022*** 0.002 44332
Total Factor Revenue Productivity 0.002** 0.001 121938
Market Share 0.237*** 0.083 121938
Export share 0.116*** 0.008 121938
Export Status 0.039*** 0.004 121938
Foreign owner 0.043*** 0.006 121938
East Germany -0.096*** 0.005 121938
EEG Exemption Status -0.098*** 0.009 121938

Notes: *** denotes 1% significance; ** denotes 5% significance; and * denotes 10% sig-
nificance. The table reports OLS results from a regression that relates markups to firm
characteristics. Each row corresponds to a separate regression. The regression includes
year-sector fixed effects and the log of the number of employees and the log of the capital
stock. Expenditure for research and development are in log. Export Status, East Germany,
and EEG Exemption Status are dummies. Source: Research Data Centres of the Federal
Statistical Office and the Statistical Offices of the Länder: AFiD-Panel Industriebetriebe,
2008-2017, own calculations.
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Figure 1.D.1: Event Study Results: Further Outcomes

(a) Sales (b) Employees

(c) Material (d) Export Share
Notes: The figures show the dynamic effect on log of sales (top left), log of the number of employees (top right), log of material inputs
(bottom-left), and export share (bottom right) estimated from the event study using the matched sample (green) and the full sample
(blue). For both samples, I estimate the effect using all newly treated firms (solid) and only those treated in 2013 already (dashed).
For these estimations, I use data from 2010 until 2017. The vertical red line marks the start of the treatment. The thin lines show 95%
confidence intervals. All regressions include sector-year fixed effects. The regressions estimated on the full sample further include year
by decile fixed effects for energy intensity, electricity use, number of employees and markups. Standard errors are clustered at the
firm-level. Source: Research Data Centres of the Federal Statistical Office and the Statistical Offices of the Länder: AFiD-Panel
Kostenstrukturerhebung und Energieverwendung, 2008-2017, own calculations.
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Table 1.D.2: Propensity Score Estimation

Variable Coefficient Std. Err P-Value

Employees -3.03*** 0.12 0.00
Markups -0.48** 0.22 0.03
Energy intensity 0.17*** 0.06 0.01
Electricity 3.46*** 0.12 0.00
Energy Price 0.56*** 0.14 0.00
Wage -2.69*** 0.24 0.00
Foreign Owner 0.13 0.14 0.35
Markups (trend) -1.68*** 0.62 0.01
Sales (trend) -0.96*** 0.34 0.01

Notes: *** denotes 1% significance; ** denotes 5% significance;
and * denotes 10% significance. The table reports results from the
propensity score estimation. The propensity score has been calcu-
lated from the pre-treatment mean, i.e., 2010 to 2012. The number
of observations in the logistic regression was 13,474. All variables
except for energy intensity are in log. The regression further in-
cludes two-digit sector dummies. The pseudo R2 was 0.57. Source:
Research Data Centres of the Federal Statistical Office and the Sta-
tistical Offices of the Länder: AFiD-Panel Kostenstrukturerhebung
und Energieverwendung, 2008-2017, own calculations.
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Table 1.D.3: Pre-Treatment Outcomes in the Matched Sample

Null Hypothesis: Equality of Pre-Treatment Outcomes

A. Levels B. Trends (Delta 1) C. Trends Delta 2
Variable p-Value N-Firms p-Value N-Firms p-Value N-Firms

A. Full Sample - 5 Neighbors
Markups 0.103 1688 0.401 950 0.265 939
TFPR 0.036 1688 0.818 950 0.257 939
Sales 0.157 1688 0.482 950 0.704 939
Employees 0.837 1688 0.306 950 0.962 939
Export share 0.565 1688 0.232 950 0.297 939
Electricity (purchased) 0.000 1688 0.240 950 0.894 939
Electricity (total) 0.000 1688 0.081 950 0.926 939
Investment in Machinery 0.587 1688 0.203 950 0.474 939

B. Exempted in 2013 already - 5 Neighbors
Markups 0.477 993 0.240 523 0.202 525
TFPR 0.087 993 0.737 523 0.435 525
Sales 0.401 993 0.173 523 0.328 525
Employees 0.296 993 0.200 523 0.430 525
Export share 0.053 993 0.884 523 0.942 525
Electricity (purchased) 0.000 993 0.410 523 0.695 525
Electricity (total) 0.000 993 0.304 523 0.656 525
Investment in Machinery 0.493 993 0.040 523 0.060 525

C. Full Sample - 1:1 - Exact match on 2. digit sec.
Markups 0.486 1290 0.313 729 0.564 712
TFPR 0.375 1290 0.744 729 0.348 712
Sales 0.128 1290 0.245 729 0.432 712
Employees 0.272 1290 0.106 729 0.727 712
Export share 0.343 1290 0.385 729 0.160 712
Electricity (purchased) 0.028 1290 0.0493 729 0.705 712
Electricity (total) 0.027 1290 0.155 729 0.690 712
Investment in Machinery 0.232 1290 0.631 729 0.398 712

D. Exempted in 2013 already - 1:1 - Exact match on 2. digit sec.
Markups 0.804 688 0.937 367 0.947 361
TFPR 0.833 688 0.733 367 0.755 361
Sales 0.075 688 0.242 367 0.696 361
Employees 0.663 688 0.274 367 0.463 361
Export share 0.165 688 0.892 367 0.844 361
Electricity (purchased) 0.239 688 0.530 367 0.810 361
Electricity (total) 0.326 688 0.408 367 0.825 361
Investment in Machinery 0.071 688 0.158 367 0.012 361

Notes: The table reports results from formal tests for equality of pre-treatment levels and trends between treated firms
and matched controls. Levels refer to the average of respective variables from the pre-treatment period (2010-2012).
Delta 1 is the difference between the respective average and 2009 and Delta 2 is the difference between the average and
2008. Part A gives the results from the full sample, i.e., all firms exempted at some point after 2013 are classified as
treated and paired with their five closest neighbors. Part B. gives the test results from the restricted sample which con-
siders only those firms as treated that were exempted as early as 2013 and their five closest neighbors. Parts C. and D.
report the test results for the sample obtained using matching within firms’ 2. digit economic sector (for the full sample
part C. and the EEG 2013 sample in Part D.). The propensity score used for the matching is calculated from a logistic
regression of the treatment dummy on electricity consumption in kWh, energy intensity, energy prices, the markups, av-
erage wages, the number of employees, trends in markups and sales, a dummy for foreign owned firms as well as sector
dummies. All variables except for energy intensity are in log. Source: Research Data Centres of the Federal Statistical Of-
fice and the Statistical Offices of the Länder: AFiD-Panel Kostenstrukturerhebung und Energieverwendung, 2008-2017,
own calculations.
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Table 1.D.4: Additional Results: Difference-in-Differences

Dependent Variable Coefficient Std. Err. P-Value N-Treated N-Control

A. Newly Exempted Firms - Full Sample

Sales (in log) -0.004 0.014 0.770 1694 77301
Employees (in log) -0.010 0.011 0.379 1694 77301
Material (in log) 0.013 0.018 0.450 1694 77301
Energy (kWh in log) 0.016 0.019 0.401 1694 77301
Export Share -0.003 0.005 0.516 1694 77301
Electricity Purchased (kWh in log) 0.105*** 0.021 0.000 1694 77301
Electricity total (kWh in log) 0.047** 0.018 0.008 1694 77301
Own Electricity Generation -0.033** 0.014 0.020 1694 77301
Investment in Machinery (ihs) -0.084 0.139 0.545 1694 77301
Research and Development (ihs) -0.138 0.205 0.502 1694 77301

B. Firms Exempted in 2013 already

Sales (in log) 0.017 0.016 0.281 1104 76587
Employees (in log) 0.004 0.013 0.750 1104 76587
Material (in log) 0.038* 0.023 0.091 1104 76587
Energy (kWh in log) 0.027 0.024 0.266 1104 76587
Export Share -0.002 0.007 0.746 1104 76587
Electricity Purchased (kWh in log) in kWh 0.130*** 0.025 0.000 1104 76587
Electricity total (kWh in log) in kWh 0.068*** 0.021 0.001 1104 76587
Own Electricity Generation -0.039** 0.016 0.012 1104 76587
Investment in Machinery (ihs) 0.074 0.159 0.484 1104 76587
Research and Development (ihs) -0.072 0.142 0.610 1104 76587

Notes: *** denotes 1% significance; ** denotes 5% significance; and * denotes 10% significance. The table reports the results from
a difference-in-differences regression (TWFE). The estimating equation includes decile-year fixed effects for the number of employ-
ees, energy intensity, total electricity use in kWh, firms’ markups, and year-sector fixed effects. Part A. gives the results from the
full sample, i.e., all firms exempted at some point after 2013 are classified as treated. Part B. gives the results from the restricted
sample, which considers only those firms as treated which were exempted as early as 2013. Source: Research Data Centres of the
Federal Statistical Office and the Statistical Offices of the Länder: AFiD-Panel Industriebetriebe, 2010-2017, own calculations.
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Chapter 2

The Impact of Carbon Trading on

Industry: Evidence from German

Manufacturing Firms

Andreas Gerster Jakob Lehr

Sebastian Pieper Ulrich J. Wagner

Abstract We estimate the causal impact of the EU Emissions Trading Scheme (EU-ETS) on

manufacturing firms using comprehensive panel data from the German production census.

Our analysis covers the first three trading phases of the EU-ETS. Based on an event study

approach, we find some indications for a reduction of firms’ emission intensity. However,

results are not robust to using a semiparametric matching estimator. In addition, we find

no evidence that emissions trading lowered employment, turnover or exports of treated

firms.
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2.1 Introduction

In many classical areas of market failure, there has been a paradigm shift away from heavy-

handed regulation toward policies that decentralize the decision of how to comply with

a given regulatory objective. Preeminent examples are the privatization of state-owned

natural monopolies and the liberalization of formerly monopolistic markets. Similarly,

market-based instruments have gained momentum in the regulation of external effects. In

pollution control, for example, the traditional quota-based approach has been increasingly

replaced by markets where polluters can trade the right to pollute. This approach, known

as ‘cap-and-trade’ or ‘emissions trading’, is cost-effective because market forces equalize

marginal abatement costs across polluters (e.g. Pigou, 1920). Within the span of just three

decades, emissions trading has evolved from an idea contemplated in academic circles to

a widely implemented policy instrument.1 Since the 1980s, emissions trading systems for

conventional pollutants have been implemented on an ever-growing scale. This remark-

able development culminated in 2005 when the European Union (EU) launched the first

mandatory carbon trading scheme in history.2 The EU Emissions Trading Scheme (EU-ETS)

covers more than 2 billion tons of CO2 in 31 countries (almost 50% of EU-wide emissions),

making it the most significant market-based instrument of climate policy implemented to

date, the first trans-boundary cap-and-trade system, and the world’s largest carbon pricing

experiment per se.3

The EU-ETS remains the EU’s flagship policy instrument to reach its climate policy ob-

1The idea behind emissions trading has also been applied successfully to renewable resource manage-
ment, establishing individually transferable quotas (ITQs) for fisheries.

2The 1997 Kyoto Protocol to the UN Framework Convention on Climate Change stipulated worldwide
trading of carbon emissions between governments, which came into force in 2008.

3Carbon trading schemes have been implemented in South Korea (in 2015) and Kazakhstan (in 2013).
China launched several pilot carbon trading schemes in 2013 and regional schemes exist in Canada and the
United States.
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jectives, stipulating carbon neutrality by 2055. Critics of this policy emphasize concerns

about carbon leakage, which would undermine the policy’s effectiveness with regard to

cutting back global emissions and cause adverse economic effects for the German industry.

Whether the EU-ETS delivered on its ultimate objective, i.e. reducing carbon emissions

and/or concerns about adverse economic effects were justified, is an empirical question.

We seek to answer this question for the case of Germany, Europe’s largest economy and also

its largest emitter. More than 1,900 EU-ETS installations are based in Germany, account-

ing for approximately one-fifth of total regulated CO2 emissions. The strong orientation

of the German manufacturing sector towards export markets makes Germany a particu-

larly interesting case for investigating the validity of concerns that unilateral regulation of

European firms leads to a loss of competitiveness in international product markets.

For our analysis we draw on administrative panel data for the universe of German manu-

facturing plants with at least 20 employees (approximately 50,000 per year). The dataset

is highly representative and covers a wide range of plant characteristics. Information about

plant-level energy consumption allows calculations of carbon emissions. The data spans

until 2017 and thus covers the ETS phases I (2005-2007) and II (2008-2012) entirely and

extends to parts of phase III, which ran from 2013 until 2021.

We use difference-in-differences designs to estimate the effect of the EU-ETS on regulated

firms. First, we implement an event study to explore the dynamic effects of the ETS based

on observations from the whole sample. We then combine a differences-in-differences

approach with semi-parametric matching techniques to check the robustness of our event

study results.

Our paper relates and contributes to the literature on the effect of environmental regu-

lation on firm behavior (cf. Greenstone, 2002; Fowlie et al., 2012; Martin et al., 2014b;
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Gerster and Lamp, 2020). This literature analyzes the consequences of regulation on firms’

economic and environmental performance. To this end, authors typically focus on sales

and employment on the one hand and energy use and pollution on the other hand. We

evaluate the effect of the EU-ETS on both of these outcomes.

More specifically the paper relates to a growing body of literature seeking to evaluate the

effects of the EU-ETS itself. Early assessments by Anderson and Di Maria (2011), Ellerman

and Buchner (2007, 2008), and Ellerman et al. (2010) relied on emissions data aggre-

gated at the sector level, and estimate counterfactual baseline emissions by extrapolating

trends in these series. A limitation of these studies is that the use of aggregate data does

not support a causal attribution of the calculated emission reductions to the EU-ETS. More

recent work based on aggregate emissions data by Bayer and Aklin (2020) uses a synthetic

control approach to estimate the ETS’s average treatment effect across participating coun-

tries. Their estimates suggest that EU-wide emissions declined by roughly 4% relative to a

counterfactual without the ETS.4

A growing body of literature employs micro data at the firm-level to estimate causal effects

of the EU-ETS (cf. Abrell et al., 2011; Martin et al., 2014a; Martin et al., 2015; Lutz, 2016;

Koch and Basse Mama, 2019; Dechezleprêtre et al., 2018). While there is a fair amount

of heterogeneity across studies and outcomes, they do not support the view that the EU-

ETS had strong detrimental effects on the economic performance of regulated firms (cf.

Joltreau and Sommerfeld, 2019). In contrast Veith et al. (2009) and Bushnell et al. (2013)

present evidence that stock owners of large EU-ETS firms expected them to profit from

higher permit prices as they could pass these on to product markets.5 Koch and Basse

4The ETS covers only about 50% of emission in participating countries. Thus, the reduction of emissions
in the regulated sectors is approximately 10%.

5In contrast, an event study of the NOx Budget Trading Program by Linn (2010) shows that cap-and-trade
reduced profits of power generators in the US.
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Mama (2019) and aus dem Moore et al. (2019) fail to provide evidence for relocation

by analyzing the effect of the EU-ETS on FDI of German multinational enterprises and by

looking at firms’ holdings of fixed assets respectively. Few papers also analyze the ETS’s

effect on innovation outcomes, e.g. patent data. Calel and Dechezlepretre (2016) find that

the EU-ETS slightly spurred innovation: their estimates imply an increase of low carbon

patents by approximately 8.1% among ETS firms. Similarly Calel (2020) provides evidence

for higher R&D expenditure and more low carbon patents among regulated firms in the

UK.

Few articles estimate the effect of the EU-ETS on CO2 emissions at the firm-level, partly

due to the difficulty of obtaining sufficiently detailed information on energy use. The

existing evidence remains inconclusive. For example Colmer et al. (2020) uses firm-level

data from the French manufacturing sector to construct matching estimators of the impact

of the EU-ETS. Their results suggest that the EU-ETS had no impact in phase I but reduced

emissions and emission intensity of value added by 8-12% during the second trading phase.

Klemetsen et al. (2020) find some indication for emission reductions among Norwegian

plants in the second trading period but not in the first nor the third period. Moreover,

they do not find any indication of emission intensity reduction. ETS-induced emissions

reduction could not be documented for Lithuanian firms (Jaraitė and Maria, 2016) nor for

firms in the UK (Calel, 2020).6

Our analysis of the German industry contributes to the literature summarized above by

providing a nuanced picture for the German case: The event studies suggest that emission

intensity declined substantially in response to the ETS. The average effect is driven by the

reaction of a small subsample of extremely emission intensive firms. Once we look at the

6Moreover, various papers have analyzed the effect of the ETS on the power sector in particular pass-
through of emission costs (Fabra and Reguant, 2014; Hintermann, 2016)
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logarithm of emission intensity, i.e. we measure the average change in percentage terms,

we do not find a statistically significant reduction even among the most emission intensive

firms. On the contrary, the average percentage change of emission intensity tends to be

positive. The matching difference-in-differences approach confirms the average percentage

increase in emissions. In contrast, the negative effect on emission intensity in levels is not

robust to estimating the matching difference-in-differences. We discuss our results against

the background of further developments in the German energy and specifically electricity

market.

We examine the competitiveness effects by estimating the impact of the EU-ETS on em-

ployment, turnover, average wage rate and exports of participating firms. Estimates for

all trading periods are close to zero and estimated precisely. Based on these results, we

can reject the hypothesis that the EU-ETS had a detrimental effect on firms’ economic

performance. These results can also be considered an indirect test for leakage since the

relocation of production can be expected to cause a decline in employment.

The remainder of the paper is structured as follows. The next section describes the insti-

tutional details of the EU-ETS. Section 2.3 details the empirical approach and Section 2.4

describes the principle dataset. Section 2.5 presents our main results and discusses them

carefully. Section 2.6 concludes.

2.2 Institutional Background: The EU-ETS

The EU-ETS is implemented as a classical cap-and-trade system for CO2 emissions. Partic-

ipating firms receive emission permits – called EU Allowance Units (EUA) – that are fully

tradable across firms in all participating countries. The EU-ETS has been implemented in

four phases. Phase I ran from 2005 to 2007 and served mainly as a trial phase to test the
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system’s functioning. Phase II coincided with the first commitment period of the Kyoto

Protocol – 2008 to 2012 – which stipulated an 8% reduction in GHG emissions compared

to 1990 as the EU’s Kyoto commitment under the burden-sharing agreement. The third

phase of the EU-ETS ended in 2020 and the current phase runs from 2021 until 2030. In-

dependently of international efforts to curb greenhouse gas emissions beyond the EU, the

ETS is the centerpiece of the EU’s unilateral climate policy, which stipulated a 20% reduc-

tion of GHG emissions in 2020 relative to 1990 and a reduction of 55% in 2030 relative

to 1990 to reach the ultimate objective of carbon neutrality by 2055. A comprehensive

review of the history and structure of the EU-ETS can be found in Ellerman et al. (2016).

According to the Emissions Trading Directive,7 participation in the EU-ETS is mandatory

for all combustion installations with a rated thermal input of 20 MW or more. This con-

cerns primarily heat and power generation, regardless of the industry. In addition, indus-

trial plants are regulated under the EU-ETS if they specialize in certain industrial activities

and exceed specific capacity thresholds. The activities defined in the Emissions Trading

Directive correspond to four industry codes, namely “manufacture of paper and paper

products” (WZ classification code 17), “manufacture of coke and refined petroleum prod-

ucts” (WZ19), “manufacture of other non-metallic mineral products” (WZ23, including i.a.

manufacture of glass, ceramics, and cement), and “manufacture of basic metals” (WZ24).8

Henceforth, we shall refer to these industries as the “process regulated sectors”.

7Directive 2009/29/EC of the European Parliament and of the Council amending Directive 2003/87/EC
to improve and extend the greenhouse gas emission allowance trading scheme of the Community (2009) OJ
L 140, 5.6.2009, p. 63–87 (Emissions Trading Directive).

8Note that the WZ classification system used in German Statistics corresponds to the ISIC codes (Rev. 4).
From 2008 onwards, some activities have been added, e.g. from the chemical industry.
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2.3 Research Design

Identifying variation It is useful to distinguish between the direct and indirect effects

of the EU-ETS on manufacturing firms. As a rule, conventional power generation in Europe

is subject to cap-and-trade. As the power sector passes the opportunity cost of emission

permits to consumers in the form of higher prices (Fabra and Reguant, 2014; Hintermann,

2016; Sijm et al., 2006; Zachmann and Hirschhausen, 2008), there is an indirect impact

on manufacturing through higher electricity prices. In addition, by establishing a uniform

carbon price, the ETS has a direct impact on those firms participating in it. The parameter

we seek to identify and estimate is the average effect of the EU-ETS on participating firms,

over and above any indirect effect the EU ETS may have had on the entire manufacturing

sector.

To identify the effect of the EU-ETS on a range of firm-level outcomes, we leverage the

longitudinal and cross-sectional variation in firms’ ETS participation status. The treatment

period started in 2005 with the first phase of the EU-ETS. Cross-sectional variation stems

from the (sector-specific) participation thresholds.9 Importantly, participation thresholds

apply at the level of installations. Therefore firms of identical size can fall under different

regulatory regimes. For example, one firm might operate two plants, neither of which

exceeds relevant thresholds, whereas another firm’s production is concentrated in a single

plant that exceeds the participation threshold. To capitalize on this variation and to inter-

nalize spillovers that might arise between plants of the same firm, we conduct our analysis

9In principle, the threshold-based eligibility rules of the EU-ETS could be exploited in a regression dis-
continuity design (RDD). In practice, thresholds are tied to technical characteristics such as the production
capacity of a particular product in process-regulated industries, and the rated thermal input of combustion
facilities. German law requires firms to submit this information to the regulator when applying for an oper-
ating permit, but only large facilities have to make it public. For instance, while the participation threshold
for combustion installations is 20 MW rated thermal input, the application procedure is public only for com-
bustion installations with at least 50 MW. In process-regulated sectors, the participation threshold often
coincides with the one for publication. Therefore, RDD is not feasible.

72



at the level of the firm.

Identifying assumptions In line with the potential outcome framework, denote by

Yi(1) the outcome of a firm i when subject to the ETS and by Yi(0) the outcome when the

firm is not subject to the ETS. Let Di denote the treatment indicator, and subscripts t′ and

t denote pre- and post-treatment periods, respectively. We are interested in the average

treatment effect on the treated (ATT)

αATT = E (Yit(1)− Yit(0)|D = 1) . (2.1)

The fundamental evaluation problem arises because Yit(0) is unobserved for the treated.

We use difference-in-differences estimators to construct counterfactual outcomes for firms

under the EU-ETS (E[Yit(0)|D = 1]). The central identifying assumption that underlies

this approach stipulates that counterfactual trends in outcomes among ETS firms must not

be systematically different from those among control firms (parallel trends assumption).10

While untestable parallel trends prior to the treatment as well as balanced covariates lend

credibility to this assumption.

Furthermore, identification rests on the assumption that treatment effects do not spill over

from the treated to the untreated. This assumption is referred to as the Stable Unit Treat-

ment Value Assumption (SUTVA). An immediate concern is spillovers between treated and

untreated plants within the same firm. As explained before, we circumvent this problem

by analyzing the firm-level, thereby internalizing such spillovers.11

We start our empirical analysis with an event study design that we estimate on the whole

10Using the notation from the potential outcome framework this assumption formally ready as follows:
E(Yit(0)− Yit′(0)|D = 1) = E (Yit(0)− Yit′(0)|D = 0)

11Aggregating plants to the firm-level also avoids the problem that prices in intra-firm trade might differ
from market prices.
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sample. The event study holds first insights into the evolution of outcome variables among

ETS firms relative to the rest. In particular, it allows grasping potential dynamics of the

treatment effect and inspecting trends before the treatment. We then resort to a matching

approach similar to Fowlie et al. (2012). The matching improves the covariate balance,

which makes the inherently untestable parallel trends assumption that underlies our em-

pirical approach more plausible. In the following, we briefly outline both specifications.

2.3.1 Event Study Design

First we estimate the following event study which regresses an outcome yi,t (e.g. CO2

intensity) of firm i in year t on a set of event-indicators Dj
i,t.

yit = β0 +
12∑

j=−7

βjDj
i,t + νs,t + τd,t + σg,t + λe,t + ψc,t + ωo,t + φi + ξi,t (2.2)

Specifically, firm i’s event-indicator variable Dj
i,t takes the value 1 in year t if firm i fell

under the ETS j years ago. We restrict the sample such that we do not allow for staggered

adoption, i.e. all ETS firms in our sample became treated in 2005. Therefore, for all ETS

firms D−1i,t takes the value 1 in 2004 , D0
i,t is 1 in 2005 and so forth up to D12

i,t taking the

value 1 in 2017. The coefficient for (j = −1) is normalized to zero. Hence all estimates

capture changes in the outcome relative to 2004. The coefficients for years prior to ETS

participation (j < 0) test pre-trends. The dynamics in the post-treatment years are cap-

tured by the coefficients (j ≥ 0). The model includes firm fixed effects φi and sector-year

fixed effects νst to control for sector-specific shocks. We control for differential trends by

deciles of direct emission intensity (τd,t), gross output (σg,t), energy use (λe,t) and electric-

ity purchases (ψc,t). Finally, we include an interaction between years and an indicator for

self-generation of electricity (ωo,t).
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2.3.2 Difference-in-Differences Matching Estimator

By design, firms falling under the ETS are a highly selective subsample of the population of

firms. Hence, despite parallel trends between ETS firms and the rest of the population in

the years prior to treatment, one might call the parallel trends assumption into question.

To improve covariate balance and boost confidence in the parallel trends assumption, we

combine the difference-in-differences approach with matching. Also recall that we seek to

use the quasi-random variation of firms’ ETS status in the cross-section that results from

ETS participation thresholds applying at the plant/installation level. Exploiting this source

of variation requires a comparison between firms of similar size.

Following Heckman et al. (1997) we implement the semi-parametric difference-in-differences

approach described by the equation below:

α̂ =
1

N1

∑
i∈I1

{
(Yit(1)− Yi0(0))−

∑
k∈I0

WN0,N1(i, k) · (Ykt(0)− Yk0(0))

}
(2.3)

where I1 is the set of N1 ETS participants and I0 is the set of N0 non-participants. The

weight WN0,N1(i, k) with
∑

k∈I0 WN0,N1(i, k) = 1 determines how strongly the counter-

factual observation k contributes to the estimated treatment effect. A control plant is

weighted more strongly the more similar – in covariate space – it is to the treated facility.

The specific weighting function is determined by the matching algorithm.

In the application at hand, we rely on one-to-one matching without replacement. Specifi-

cally, we pair treated and control firms based on the estimated propensity score (cf. Rosen-

baum and Rubin, 1983). The propensity score, denoted pi, predicts a firm’s probability

of participating in the EU-ETS, P (X) ≡ Pr(D = 1|X), for given observable characteristics
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X.12 We then estimate the following difference-in-differences type model on the matched

sample:13

Y k
i − Yi,2004 = β0 + αkETSki + εki (2.4)

with k ∈ {1, 2, 3} representing the three ETS trading periods and accordingly Yi,k is the av-

erage of firm i’s outcome in period k. The coefficient of interest αk captures the treatment

effect of ETS participation in trading period k.

2.4 Data and Descriptive Statistics

2.4.1 Data

Our principal dataset is the “AFiD-Betriebspanel” from Germany, which is available to ap-

proved researchers at the Research Data Centres. The German Federal Statistical Office and

the statistical offices of the German Länder maintain the data. AFiD covers the universe

of German manufacturing plants with more than 20 employees corresponding to approxi-

mately 50,000 plants per year.14 We have access to annual data from 1995 until 2017. The

AFiD database consists of different ”data-modules” of which we combine the ”AFiD Modul

Energieverbrauch” (energy use module) and the ”AFiD Modul Industriebetriebe” (industrial

plants). We also make use of the ”Kostenstrukturerhebung” (cost structure survey).

12The propensity score is obtained from a logistic regression of a firm’s treatment status on a vector of
firm characteristics x. The vector x includes the log of direct CO2 emissions, CO2 intensity of production, a
dummy for own-generation of electricity, the log of the number of employees, log of gross output, the log
average wage, the log of electricity purchased, the share of direct emissions in total emissions, the share of
electricity in total energy use as well as two-digit sector dummies. We use observations from 2003 for the
matching.

13Standard errors are clustered at the level of the matched ID. In conjunction with ”matching without
replacement” this allows for valid inference (cf. Abadie and Spiess, 2021)

14It includes smaller plants as well if they belong to a firm with at least 20 employees. From 2007 onwards,
the cutoff is 50 employees. The earliest period used in this paper is 1998.
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Energy Use Module The ”energy use module” details plant-specific energy use in phys-

ical units (kWh) by fuel type. This information allows for calculating direct CO2 emissions

for each plant and year based on time-varying fuel-specific conversion factors. For calcu-

lating indirect emissions, we multiply electricity purchased from the grid with the average

carbon content of the German electricity mix in the respective year.15 Throughout our

analysis, we have to accommodate a break in the reporting of energy variables: from 1995

until 2002, information on plants’ energy use is available for the main fuel types, i.e., coal,

gas, electricity and oil. From 2003 onwards, the information comes from a separate but

also mandatory survey covering energy consumption for more than 15 different fuel types,

electricity generation on-site and electricity trading (see Petrick et al., 2011, for details).

Industrial Plants Module The ”industrial plants module” contains information on a

wide range of economic variables such as employment, gross output/sales, investment,

and exports. These data are collected as part of the monthly production surveys adminis-

tered by the German statistical office. For instance, information from the ”industrial plants

module” allows calculating the carbon intensity of production.

Cost Structure Survey In contrast to the datasets introduced above, the cost struc-

ture survey is an unbalanced panel at the firm-level. It covers approximately 40% of all

German manufacturing firms. While it includes large firms every year, it typically samples

small and medium-sized firms for four consecutive years. Among other things, it provides

information on intermediate input- and energy expenditure which, for example, allows to

calculate value added or energy prices (e/kWh).

EU Transaction Log Data The list of treated plants is available from the CITL, the official

registry of the EU-ETS. We use a combination of trade registry numbers, VAT numbers,

15The Umwelt Bundesamt publishes conversion factors, i.e. each fuel’s carbon content per terajoule (a
table with the relevant information can be found here, last retrieved 18.11.2020)
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Bureau von Dijk identifiers and municipality- and zip-codes to match information on EU-

ETS participation to plant identifiers in the AFiD panel. The complete list of German

trading account holders has 2561 entries. The staff from the Research Data Center was able

to match 2469 accounts to the German company registry (URS) which corresponds to 96%.

The company registry includes the universe of German firms. Out of those 2469 accounts

matched to firms in the URS, 1577 were then identified in AFiD. Under the assumption that

all accounts that were not matched to the URS (92) belong to a firm in the manufacturing

sector, the matching rate is approximately 94%.

We combine the datasets mentioned above and construct a firm-level panel from 1998

until 2017. We impose some restrictions on the final data set: First, we keep only firms

with information for both years prior to the introduction of the ETS (i.e. 2003 and 2004).

Second, firms must report some direct CO2 emissions in all three years prior to the ETS.

Third, we drop firms with spikes in their direct emission intensity and outlier concerning

changes in total emission intensity.16 Finally, we exclude the mining sector.

2.4.2 Descriptive Statistics

Because we analyze the firm-level impact of the EU-ETS, we aggregate all plant-level vari-

ables on economic performance and energy mix up to the firm-level. Table 2.4.1 summa-

rizes the firm characteristics that are central to our analysis, for both the full sample and

by treatment status for the year 2004, i.e., the last pre-treatment year.

Upon comparing panels A. and B., notice that approximately 1 percent of our full sample

consists of ETS participants. ETS participants are better paying, more prone to exporting

16To be precise: spikes of direct emission intensities are defined as an increase by at least 100% relative
to the previous year accompanied by a drop of at least 100% in the following year. All firms, for which the
percentage change in total emission intensity between some year post 2005 and 2003 has been above the
98th or below the 2nd percentile, are classified as outliers.
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Table 2.4.1: Summary Statistics for Outcome Variables and Covariates in 2004

(1) (2) (3) (4) (5) (6)
Variable Mean Std. Dev. p10 p50 p90 N

Panel A. Full Sample

CO2 Emissions from Energy (t) 1,912 5,618 35 314 4,098 40,834
CO2 Intensity (kg / 1000e) 109 144 8 63 249 40,709
Employees 104 158 22 49 233 40,325
Gross Output (in 1000e) 17,597 38,223 1,435 5,299 40,580 40,204
Exports (in 1000e) 4,978 15,776 0 198 11,542 40,947
Export Share of Output 0.16 0.22 0.00 0.04 0.53 40,931
Average Wage Rate (in e) 28,649 9,681 15,998 28,458 41,213 40,409

Panel B. ETS Participants

CO2 Emissions from Energy (t) . 795,888 6,146 51,716 457,851 408
CO2 Intensity (kg / 1000e) 1,209 3,369 59 522 2,397 511
Employees 2,082 9,374 43 319 3,429 511
Gross Output (in 1000e) 838,070.2 4,037,144 5,056 76,679 1,250,913 511
Exports (in 1000e) . 2,853,722 324 28,064 647,477 369
Export Share of Output . 0.27 0.00 0.29 0.70 408
Average Wage Rate (in e) . 9,393 26,729 37,214 48,408 408

Notes: The table shows summary statistics for the full sample and for ETS firms. The year is 2004. CO2 intensity in terms of
gross output (kg CO2 emissions per 1000e sales. Some means cannot be obtained for reasons of data privacy. Source: Research
Data Centres of the Federal Statistical Office and the Statistical Offices of the Länder (2012): AFiD-Panel Industriebetriebe,
2005-2010, own calculations.
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and considerably larger throughout the distribution of firms. For example, the average firm

has approximately 100 employees and generates gross output worth 18 million e which

compares to an average of more than 2000 employees and gross output amounting to 838

million e among firms under the ETS. These figures highlight the extent of selection on

observable firm characteristics. Moreover, firms under the ETS are more heterogeneous

than the full sample of firms pointing to substantial heterogeneity within the sample of

treated firms.

2.5 Results

This section presents the results from the empirical analysis. First we investigate the effect

of ETS participation on carbon emissions and energy use. For that we use both; the event

study design and the difference-in-differences with matching. Second, we conduct a brief

analysis of the effect of the ETS on indicators of firms’ economic performance.

2.5.1 Carbon Emissions

Event Study Results

We implement the event study specification described by equation 2.2 on a balanced panel.

All treated firms fell under the ETS as early as 2005, i.e. we omit those firms that fell under

the ETS at some later point in time.

Figure 2.5.1 plots the results with total CO2 emission intensity (blue triangles) and direct

CO2 emission intensity (green triangles) as dependent variables. Thin lines demarcate

95% confidence intervals. The point estimates from the post-treatment period are to be

interpreted relative to 2004, which we normalized to zero. Estimates for the pre-treatment
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Figure 2.5.1: Event Study Results: Emission Intensities in Levels

Notes: The figure shows point estimates and 95% confidence intervals obtained from an event study design.
Dependent variables are total CO2 emission intensity (blue) and direct CO2 emission intensity (green). In
the event study, we control for sector-year fixed effects and year by decile of direct emissions, gross output,
electricity purchases, and total energy use fixed effects. Firms were assigned to a decile based on observations
in 2003. Further, we include a dummy for own generation of electricity. We use a balanced panel for 2004
until 2017 which includes 10420 firms annually, of which 289 were part of the ETS. All ETS firms became
treated in 2005 and we exclude firms that fell under the ETS only later. Between 1998 and 2002 we observe
8692 annually. Standard errors are clustered at the firm-level. Source: Research Data Centres of the Federal
Statistical Office and the Statistical Offices of the Länder: AFiD-Panel Industriebetriebe, 1998-2017, own
calculations.

period are relative to 2002.17

Starting with the pre-treatment period, one can see that blue and green triangles track

each other closely, implying that changes in total emission intensity result from changes

in direct emission intensity. By construction, the differences between the point estimates

are changes in indirect emissions, i.e., emissions caused by the generation of the electric-

ity firms purchased from the grid. Except for the outermost coefficients all confidence

intervals for the pre-period include the zero-line. Still, the evolution of emission inten-

sities between 1998 and 2002 might be interpreted as an indication of a slight negative

pre-trend.

17Due to a break in the reporting of energy variables between 2002 and 2003 we use data from 1998 to
2002 to evaluate pre-trends. The time series before 2003 and after 2003 are internally consistent. We omit
the year 2003.
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In the post-treatment period one can see an immediate reduction in emission intensity.

Concretely, the point estimate capturing the effect in the first year after the start of the

ETS implies an average reduction of 50kg CO2 emission per 1000e of gross output relative

to non-treated firms which is approximately 4% of the average emission intensity among

ETS firms in 2004 (cf. Table 2.4.1). This effect is statistically significant at the 5% level.

Until six years after the treatment, the negative effect becomes larger over time. The

average relative reduction of treated firms’ total emission intensity in 2011 amounts to

approximately 250kg CO2 per 1000e gross output. For direct emissions, the reduction is

roughly 200 kg CO2 per 1000e. While changes in direct and indirect emission intensities

still track each other, the difference described above implies that falling indirect emission

intensity contributes about 20% to the reduction of total emission intensity. From 2012

onwards emission intensities of treated firms no longer trended downwards but instead

started to evolve in parallel to emission intensities in the non-treated group. Still, all point

estimates for 2012 until 2017 remain statistically significant.

In Subfigure 2.5.2(a) we show results from the same event study specification with total

and direct emission intensities in Log. This amounts to estimating the average percentage

change in ETS firms’ emission intensity relative to the controls.

One can see from Subfigure 2.5.2(a) that point estimates capturing pre-trends for the log

of total emission intensities are indistinguishable from zero. Still, similar to the effect in

levels, one might interpret the evolution as an indication for a small negative pre-trend.18

In particular, three out of four coefficients for the log of total emission intensity are only

marginally insignificant. The effect size is small and towards the start of the ETS the

18Given that there exists a large difference in the average level of emission intensity between ETS and
non-ETS firms, one might intuitively expect trends to be parallel either in levels or in logs. The fact that
both are rather parallel must be related to differential trends for subgroups within the ETS and non-ETS
populations.

82



Figure 2.5.2: Event Study Results: Log Emission Intensities and Log Emissions

(a) Log Emission Intensities (b) Log Emissions
Notes: Both subfigures show point estimates and 95% confidence intervals obtained from an event study design. Dependent variables
are Log of total CO2 emission intensity (blue) and Log of direct CO2 emission intensity (green) in Subfigure (a) and Log of total CO2

emissions (blue) and Log of direct CO2 emission (green) in Subfigure (b). In the event study, we control for sector-year fixed effects
and year by decile of direct emissions, gross output, electricity purchases, and total energy use fixed effects. Firms were assigned to a
decile based on observations in 2003. Further, we include a dummy for own generation of electricity. We use a balanced panel for
2004 until 2017 which includes 10420 firms annually, of which 289 were part of the ETS. All ETS firms became treated in 2005 and
we exclude firms that fell under the ETS only later. Between 1998 and 2002 we observe 8692 annually. Standard errors are clustered
at the firm-level. Source: Research Data Centres of the Federal Statistical Office and the Statistical Offices of the Länder: AFiD-Panel
Industriebetriebe, 1998-2017, own calculations.

evolution flattens out, however. There exists no clear trend for the log of direct emission

intensities in the pre-treatment period.

In the post treatment period, the evolution of logarithmic emission intensities among ETS

firms relative to non-ETS firms is remarkably different from the effect on emission inten-

sities in levels. In contrast to the immediate negative and significant effect on total and

direct emission intensities in levels, the effect on the log of total emission intensity is zero

for the first years. For direct emission intensities the point estimates are positive and sig-

nificant e.g., estimates capturing the effect during the first two to three years imply that,

on average, ETS firms’ direct emission intensity increased by 10% relative to controls. The

estimates reach a first peak two years after the start of the ETS, decline for a couple of

years until they start to soar approximately six years after the introduction of the ETS (in

2011). They reached another plateau after about nine years. In terms of magnitude, they

imply that the average ETS firm’s direct emission intensity was about 20% higher in the
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years 2014 to 2017 relative to the control group.

While the estimated effect on the log of total emission intensity co-moves with the one

for direct emission intensity, there is a widening gap between the two effects. Until eight

years after the start of the ETS, the point estimates capturing the effect on the log of total

emission intensity are statistically indistinguishable from zero. They become positive and

significant during the last four years, but the effect’s size is less than half the size of the

effect on the log of direct emission intensity. This gap implies a relative decline in indirect

emission intensity, i.e. electricity purchased from the grid, among treated firms. Subfigure

2.5.2(b) shows estimates with the log of emissions as dependent variables. The similarity

between results in Subfigures 2.5.2(a) and 2.5.2(b) suggests that the effect on log emission

intensities results from changes in the log of emissions and not from movements in gross

output (the denominator).

The ETS provides an incentive for firms to reduce CO2 emissions. To do so they can change

the amount of energy consumption and/or adjust the composition of their energy mix. We

use total and direct energy intensity in levels and logs as dependent variables (see Figure

2.B.1 in the Appendix) to test whether the estimates resemble the ones for emissions.

Upon comparing Figures 2.5.1 and 2.5.2(a) with 2.B.1 in the Appendix one can see that

the estimates for energy intensities closely mirror the ones for emission intensities in levels

and logs. This comparison implies that changes in emission intensities result from changes

in the energy input whereas changes to the composition of the energy mix play at most a

minor role.

We now turn to the matching specification to validate the event study results. In light of

those results we will then drill deeper into effect heterogeneities. Doing so will also help

rationalize the stark difference between effects in levels and logs.
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Difference-in-Differences with Matching

We use propensity score matching techniques to construct counterfactuals for each treated

firm. The propensity score is estimated based on observations from 2003, i.e. two years be-

fore the onset of the EU-ETS.19 Thus, the EU-ETS is unlikely to affect explanatory variables

in the propensity score estimation. We perform one-to-one matching without replacement

based on the predicted propensity scores. Treated firms with no suitable counterfactual

observation (off-support) are dropped.20 We estimate equation 2.4 on the matched sam-

ple.

Table 2.5.1 reports the results. From the bottom of the table one can see that we could

match suitable controls to 250 ETS firms, i.e. 39 ETS firms fell off-support. Each row of

the table shows results for one dependent variable and each column gives the ATTs in a

specific period: in the first column, we evaluate pre-trends, i.e. the dependent variables

are the changes between 2002 and 1999, column 2 reports the estimated ATTs for the first

ETS phase, column 3 for the second ETS phase and column 4 for the third ETS phase.

A look at the first column yields no indication for pre-trends. Most coefficients are very

close to zero and none of them is significantly different from zero in a statistical sense.

Thus, these results yield strong support for the identifying assumption, i.e. parallel coun-

terfactual trends. Starting with changes in total emission intensity as reported in the first

row, one can see that the point estimate is negative for all three ETS periods. However,

the effect is statistically significant only in the second period suggesting that emissions per

19Specifically, the propensity score is estimated from a logistic regression of the treatment dummy on log
of direct emissions, emission intensity of gross output, log of the number of employees, log of gross output,
log of the average wage, export share, share of direct emissions in total emissions, log of electricity from
the grid, share of electricity in total energy use and a dummy for own generation of electricity and two-digit
sector dummies.

20The area of common support is defined as the p-score-interval between the lowest and highest p-score
among non-ETS firms, i.e. in practice ETS-firms that lack a suitable control are those with a p-score higher
than the highest p-score among non-ETS firms.
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unit of gross output decreased by 50kg CO2 per 1000e of gross output. Recall that this

magnitude is only about 20% the effect estimated from the event study specifications for

the same period. The effect during the third period is smaller in absolute terms suggest-

ing a reduction of approximately 30kg CO2 per 1000e of gross output. In contrast to the

event study specifications, the negative point estimates are driven mainly by decreasing

indirect emission intensity, as reported in the third row. Point estimates for indirect emis-

sion intensity grow larger over time. Accordingly, the significance level moves from 10%

in the first ETS period to 5% and eventually to 1% in the third ETS period. Direct emission

intensity (second row) shows a slight dip only during the second period and all estimates

are insignificant.

The estimated average percentage change of total and direct emission intensities, as cap-

tured by specifications with corresponding variables in log, is similar to the event study

results. For total emission intensity the point estimates measuring the effects in the first

two ETS periods are close to zero and estimated with high precision. For instance, one

perspective on the estimate for the second period is to rule out that the average reduc-

tion in emission intensity exceeded 4.5% (1.96*0.23). Similar to the event study result,

a marginally significant point estimate in the third period indicates an increase in the av-

erage firms’ total emission intensity in %. This effect is driven by an increase in direct

emission intensity during the third ETS period as can be seen from the corresponding co-

efficient, which implies a relative increase in direct emission intensity by approximately

14%. The estimates of the ETS’s effect on the log of direct emission intensities during

periods one and two were also positive, but only the first was marginally significant. Again

the effects on the log of total and direct emission intensities follow the effects on total

and direct emissions closely. As explained earlier, the increasing difference between total

and direct emission intensity must be related to decreasing electricity purchases. Indeed,
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Table 2.5.1: Impact on CO2 Emissions and Emission Intensities

Pre-Treatment 1st ETS-Phase 2nd ETS-Phase 3rd ETS-Phase
∆ CO2/GO 2.724 -6.856 -49.963** -33.835

(22.434) (13.300) (23.638) (25.054)
∆ Direct CO2/GO -1.865 2.568 -20.869 6.753

(18.943) (11.816) (18.601) (20.053)
∆ Elec. CO2/GO 3.439 -9.983* -29.371** -40.911***

(8.698) (5.369) (12.130) (13.579)
∆ log(CO2/GO) -0.003 0.009 -0.001 0.051*

(0.018) (0.016) (0.023) (0.029)
∆ log(Direct CO2/GO) 0.041 0.044* 0.057 0.142***

(0.035) (0.025) (0.041) (0.054)
∆ log(CO2) -0.003 0.008 0.012 0.052

(0.020) (0.015) (0.026) (0.037)
∆ log(Direct CO2) 0.043 0.043* 0.057 0.143**

(0.34) (0.025) (0.041) (0.057)
∆ log(Elec. CO2) -0.003 -0.016 -0.083* -0.189***

(0.029) (0.022) (0.043) (0.061)

# Matched ETS Firms 250 250 250 250
# Matched Control Firms 250 250 250
# Of Firms 10365 10365 10365 10365
# ETS Firms Off-Supp. 39 39 39 39

Notes: The table reports the estimated average treatment effect on the treated. Dependent variables are the changes in
outcomes between 2004 and the mean from the first and second ETS periods and the mean from the years 2013-2017
for the third period. Pre-trends are evaluated based on the difference in outcomes between 2002 and 1999. The propen-
sity score was estimated from a logistic regression of the treatment dummy on log of direct emissions, emission intensity
of gross output, log of the number of employees, log of gross output, log of the average wage, export share, share of di-
rect emissions in total emissions, log of electricity from the grid, share of electricity in total energy use and a dummy for
own generation of electricity and two-digit sector dummies. Standard errors are clustered at the level of matched pairs.
Source: Research Data Centres of the Federal Statistical Office and the Statistical Offices of the Länder: AFiD-Panel In-
dustriebetriebe, 1998-2017, own calculations.

estimates shown in the last row of Table 2.5.1 with the log of indirect emissions as the

dependent variable indicate a reduction of electricity use by almost 19% in the last ETS

period relative to the control group.

Heterogeneities and Discussion

The event study suggests a negative effect on emission intensities driven by direct emission

intensity reductions. However, the same specification implies an average increase in direct

emission intensities in percentage terms. The matching difference-in-differences results
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confirm the latter effect but yield no support for an ETS-induced reduction in the aver-

age emission intensity. This subsection aims to explain the difference between effects on

emission intensities in levels vs. logs and between results from the event study and the

matching specification.

From the descriptive statistics in Table 2.4.1 we saw that firms under the ETS are very

heterogeneous, for example, regarding size and emission intensity. Since the same change

in a firm’s emission intensity implies different percentage changes depending on the initial

level of emission intensity, the difference between effects in levels and log could be due to

heterogeneous treatment effects along the emission-intensity-distribution. To investigate

heterogeneities, we slice the sample of ETS firms into five groups of equal size (quintiles)

based on their direct emission intensity in 2003. We then estimate the following modified

event study specification:

yit = β0 +
5∑
q=1

12∑
j=−7

βjqD
j
i,t1{i ∈ Ωq}+ νs,t + τd,t + σg,t + λe,t + ψc,t + ωo,t + φi + ξi,t (2.5)

where Ω1 includes the set of ETS firms that belong to the quintile with the lowest direct

emission intensity, Ω2 with the second lowest and so on, such that the indicator function

takes the value one if firm i′s emission intensity is in Ωq. Figure 2.5.3 plots the quintile

specific coefficients for direct emission intensity (Subfigure 2.5.3(a)) and the log of direct

emission intensity (Subfigure 2.5.3(b)). It is evident from Subfigure2.5.3(a) that the av-

erage response of direct emission intensity to the ETS among firms assigned to the top

quintile is quantitatively very different from the rest. The point estimates imply that six

years after the introduction of the ETS, direct emissions among firms in the top quintile

fell by almost 900 kg per 1000e of gross output relative to their controls. Except for some

coefficients capturing the average effect among firms in the 4th quintile, none of the other

quintile specific point estimates is negative and significant. These results suggest that the
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Figure 2.5.3: Event Study Results: Quintile-Specific Effects on (Log) Direct Emission In-
tensities

(a) Direct Emission Intensity (b) Log Direct Emission Intensity
Notes: Both subfigures show point estimates and 95% confidence intervals from an event study design. The differently color
coefficients capture the average effects within the corresponding quintile of ETS firms. Firms were grouped in quintiles based on their
emission intensity in 2003. Dependent variables are direct CO2 emission intensity in Subfigure (a) and Log of direct CO2 emissions
intensity in Subfigure (b). In the event study, we control for sector-year fixed effects and year by decile of direct emissions, gross
output, electricity purchases, and total energy use fixed effects. Firms were assigned to a decile based on observations in 2003.
Further, we include a dummy for own generation of electricity. We use a balanced panel for 2004 until 2017 which includes 10420
firms annually, of which 289 were part of the ETS. All ETS firms became treated in 2005 and we exclude firms that fell under the ETS
only later. Between 1998 and 2002 we observe 8692 annually. Standard errors are clustered at the firm-level. Source: Research Data
Centres of the Federal Statistical Office and the Statistical Offices of the Länder: AFiD-Panel Industriebetriebe, 1998-2017, own
calculations.

event study estimates shown in Figure 2.5.1 are driven by a relatively small subsample of

particularly emission intensive firms.

Table 2.A.1 in the Appendix presents summary statistics by quintiles. While the firms in

the top quintile are not particularly large in terms of the number of employees or gross

output, they are very different concerning emissions: the average direct emission intensity

among firms in the top quintile is more than 100 times the direct emission intensity in

the lowest quintile and still 4 times the average direct emission intensity in the second

highest quintile. Firms in the top quintile emit almost 70% of regulated emissions in our

sample. Is there reason to believe that the ETS-response is the strongest among the most

emission intensive firms? For a subsample of firms, Table 2.A.1 details the share of energy

costs to gross output and firms’ average energy price by quintiles. The average price paid

for one kWh is the lowest among the most emission intensive firms and increases towards
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lower emission intensive quintiles (from 2.4 ct/kWh in the top quintile to 5.7 ct/kWh in

the lowest). The share of energy costs over gross output shows the reversed pattern: on

average, energy costs are 1.4% of gross output among ETS firms with the lowest emission

intensity and 17% among firms in the top quintile. Consequently, under a uniform price for

emissions, the share of carbon costs relative to both; energy costs and gross output must

be the highest among firms in the most emission intensive quintile. For this reason, it is

plausible that corresponding firms are most willing to undertake efforts to abate emissions.

The results above suggest that dropping firms off-support in the matching difference-in-

differences could be a plausible explanation for the different results compared to the event

study, since finding controls for ETS firms with the highest emission intensity is most dif-

ficult (cf. Table 2.B.1 that reports coefficients from the P-score estimation). Table 2.A.2 in

the Appendix reports summary statistics for on- and off-support ETS firms. The 39 firms

without control on support are about six times more emission intensive than the average

matched ETS firm and the average direct emissions are more than 25 times higher among

ETS firms off-support.21 To test whether the omission of ETS firms off-support explains

the different results in the matching difference-in-differences compared to the event study,

we replicate Table 2.5.1 giving up the on-support requirement (cf. Table 2.B.2 in the Ap-

pendix). All point estimates capturing the ETS effect on levels of total and direct emission

intensities during the post periods are negative and highly significant. In terms of magni-

tude they align well with the results from the event study specification confirming that the

exclusion of firms off-support explains the difference between event study estimates and

the difference-in-differences with matching.

The matching specification and the event study indicated an average percentage increase

2137 out of 39 off-support ETS firms were assigned either to the 4th or 5th quintile. It is also evident from
Table 2.A.2 that off-support ETS firms cause approximately 80% of regulated emissions in the sample.
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in direct emissions and direct emission intensity (dependent variables in logs). Subfigure

2.5.3(b) reports estimates by quintiles showing that this increase has been the strongest

among ETS firms with the lowest emission intensity. This is a relevant qualification of

the estimated average effect for the log of direct emissions regarding its significance for

direct emissions in levels. Moreover, the effect on variables in logs is the smallest for firms

assigned to the 5th quintile. It is somewhat surprising however that we do not find a

negative effect of the ETS on the log of emission intensity among firms in the 5th quintile,

given the sizeable negative effect on emission intensity in levels. The standard deviation

of emission intensity as shown in Table 2.A.1 implies considerable variation even among

firms in the 5th quintile. Hence it could be a subsample of firms from the 5th quintile that

induce the effect on levels.

Why did some ETS firms have a steep percentage increase in direct emissions? As energy-

and in particular electricity prices rose substantially since the mid-2000s, firms had a

strong incentive to adopt their own electricity generation.22 Figure 2.A.1(a) and Figure

2.A.1(b) show the change in energy prices and the share of firms with their own gener-

ation of electricity for the whole sample. One can see that the average energy price was

4ct/kWh higher in 2011 relative to 2004 and the share of firms with their own generation

of electricity increased by almost 15 percentage points between 2004 and 2017. From

a comparison of direct and total emission intensity as shown in Table 2.A.1 one can see

that in 2004, firms in the 1st quintile relied disproportionately on electricity and less on

primary sources of energy. The most significant increase in the share of firms with own-

generation occurred in the 1st quintile with an approximate increase of 30% relative to

2004 (cf. Figure 2.A.2(b)). The increase in other quintiles has been about half this size.

22A special tax on electricity used to finance the feed-in-tariff scheme that supports renewable energies has
been a significant driver of electricity prices. Due to preferential tax treatment of self-generated electricity,
firms faced a strong incentive to start self-generation.
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The evolution of energy prices by quintile mirrors this pattern (cf. Figure 2.A.2(a)). These

trends indicate that the positive effect on direct emissions could be related to increased

own-generation among firms that formerly relied on electricity purchased from the grid.

However, this explanation begs the question of why ETS firms switched disproportionately

towards self-generation, causing the increase in direct emission intensity. There are at

least two reasons why this might be the case. First, following Porter and Linde (1995)

one might expect that ETS firms apply superior management skills as the ETS stimulates

more active energy management. Thus, ETS firms were among the first to discover the

cost-saving potential of self-generation. Second, suppose participation in the ETS causes

quantitatively relevant fixed costs (e.g., firms have to hire an ETS manager). Since ETS

firms paid these fixed costs already, setting up additional own-generation capacity would

not cause further ETS-related fixed costs. For firms not yet under the ETS this is different:

they would incur additional fixed costs because of installing own-generation, at least if the

combustion engine exceeds the relevant ETS participation threshold.

To wrap up the discussion of results: Firms with very high direct emission intensities drive

the negative effects on emission intensities in levels. The effect is not robust to the match-

ing difference-in-differences specification since the particularly energy-intensive firms are

excluded due to the ”on-support” requirement. The average percentage increase in direct

emission intensity is most likely related to increased own-generation of electricity. This

increase is stronger among less emission intensive firms. It is unclear why the estimated

increase in direct emission intensity due to switching towards own-generation results from

the ETS. However, the so-called Porter Hypothesis provides a plausible explanation as well

as fixed costs associated with ETS participation.
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2.5.2 Economic Performance

A primary concern regarding unilateral efforts to mitigate CO2 emissions is potentially ad-

verse effects on the local economy. For example, if carbon pricing causes firms to relocate

production to unregulated jurisdictions, it would cause job losses domestically and possi-

bly even revert the intended effect on global emissions (carbon leakage). By estimating

the ETS’s effect on the log of gross output and the log of the number of employees, we

test whether the ETS harmed treated firms’ economic performance. For example, if firms

decided to relocate or outsource parts of their production or cut back the production level,

we would expect a decline in gross output or at least the number of employees. For this

analysis we rely on the matching difference-in-differences approach and show correspond-

ing results from the event study in the Appendix (cf. Figure 2.B.2).

Table 2.5.2 shows the results which are estimated on the same sample as the results shown

in Table 2.5.1. The first two rows yield no indication of an effect on either the log of gross

output or the log of the number of employees. All point estimates for the three ETS periods

are very close to zero and confidence intervals are relatively narrow, particularly for the

first two ETS periods.

Furthermore, Table 2.5.2 reports estimates of the treatment effect on firms’ export shares

and the average wage. Exporting is a standard measure of a firm’s performance and wages

could be adversely affected if firms passed on carbon costs to their employees by cutting

their wages. Similar to the effects described above, there is no indication either of a decline

in average wages or firms’ success in the global market measured by their export share.

Moreover, standard errors are tiny for effects on the average wage, allowing us to rule

out with high confidence that the ETS reduced wages by more than 2% in the third period

(1.96*0.011). The effect on export shares is estimated with high precision, too. In sum, we
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Table 2.5.2: Impact on Measures of Economic Performance

Pre-Treatment 1st ETS-Phase 2nd ETS-Phase 3rd ETS-Phase
∆ log(GO) 0.004 -0.001 0.013 0.001

(0.018) (0.015) (0.028) (0.036)
∆ log(# Employees) -0.014 -0.005 0.002 0.003

(0.009) (0.011) (0.022) (0.033)
∆ log(avg. Wage) -0.003 -0.003 -0.005 0.000

(0.008) (0.006) (0.009) (0.011)
∆ Export share -0.005 0.005 0.004 0.002

(0.005) (0.006) (0.010) (0.014)

# Matched ETS Firms 250 250 250 250
# Matched Control Firms 250 250 250
# Of Firms 10365 10365 10365 10365
# ETS Firms Off-Supp. 39 39 39 39

Notes: The table reports the estimated average treatment effect on the treated. Dependent variables are the changes in
outcomes between 2004 and the mean from the first and second ETS periods and the mean from the years 2013-2017
for the third period. Pre-trends are evaluated based on the difference in outcomes between 2002 and 1999. The propen-
sity score was estimated from a logistic regression of the treatment dummy on log of direct emissions, emission intensity
of gross output, log of the number of employees, log of gross output, log of the average wage, export share, share of di-
rect emissions in total emissions, log of electricity from the grid, share of electricity in total energy use and a dummy for
own generation of electricity and two-digit sector dummies. Standard errors are clustered at the level of matched pairs.
Source: Research Data Centres of the Federal Statistical Office and the Statistical Offices of the Länder: AFiD-Panel In-
dustriebetriebe, 1998-2017, own calculations.

do not find support for an adverse effect of the EU-ETS on economic performance, which

is in line with the previous literature (cf. Joltreau and Sommerfeld, 2019). As explained

above, this analysis can also be viewed as indirectly testing for carbon leakage, for which

we do not find indication.

2.6 Conclusion

In this paper, we provide microeconometric evidence on the causal effect of the European

Union Emissions Trading Scheme (EU-ETS) on firms in the German manufacturing sector.

We implement an event study design and a matching difference-in-differences approach

to analyze the effect of the EU-ETS on CO2 emissions, emission intensities and economic

performance.

The baseline event study results suggest that ETS firms reduced direct emission inten-
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sity substantially. In contrast, the average percentage change of direct emission intensity

captured by log specifications is positive. The first result is not robust to estimating ef-

fects based on the matching difference-in-differences specification. However, the match-

ing difference-in-differences confirms the average percentage increase of direct emission

intensity.

We analyze these ambiguous findings by looking at effect heterogeneities along the emis-

sion intensity distribution. The most emission intensive firms drive the negative effect on

emission intensity estimated in the event studies. In contrast, the least emission intensive

ETS firms show the highest percentage increase in direct emission intensity. We argue that

those firms disproportionately increased their electricity generation, causing the increase

in direct emissions. The most emission intensive firms are omitted from the matching

difference-in-differences since this approach restricts the analysis sample to ETS firms ”on

the area of common support,” i.e. to ETS firms with a treatment propensity that does

not exceed the treatment propensity in the control group. Consequently, the matching

difference-in-differences does not indicate a reduction in direct emission intensity. Over-

all, we cannot provide robust evidence that firms under the EU-ETS reduced CO2 emissions

(intensities). This result does not appear implausible because carbon prices were very low

and thus constituted a small share of energy costs during most years of our analysis. In

this context, it is worth noting that the most emission intensive firms are the ones most

likely to increase efforts to abate emissions in response to the ETS in line with the event

study results.

In addition, our estimates do not indicate that the EU-ETS had a detrimental effect on

firms’ economic outcomes. Neither the event study nor the matching difference-in-differences

estimates show any statistically significant effect of the EU-ETS on employment, gross out-

put, wages or export activity. Thus, the widespread concern that climate policy undermines
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the competitiveness of the industrial sector is not supported by our results.
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Appendix

2.A Additional Descriptives

Table 2.A.1: Averages by Quintils of Direct Emission Intensity (ETS Firms)

1st Quintil 2nd Quintil 3rd Quintil 4th Quintil 5th Quintil
Gross Output 2410163 818479 236611 249362 254355

(8770487) (2273702) (573089) (604730) (927928)
Employees 7492 2075 569 649 797

(23695) (4996) (771) (1124) (2698)
Emission Intensity 109 395 603 1156 3443

(135) (270) (212) (572) (2475)
Direct Emission Intensity 25 135 340 721 2886

(18) (47) (88) (120) (2584)
Direct Emissions 31845 122298 84297 170840 890837

(100818) (390752) (238095) (376461) (3312791)
Share of Energy Costs 0.014 0.040 0.063 0.099 0.167

(0.019) (0.022) (0.024) (0.049) (0.077)
Energy Price (ct/kwh) 5.7 3.8 3.2 2.6 2.4

(1.8) (1.1) (0.8) (0.5) (0.5)

Notes: The table shows means standard deviations (in parenthesis) for ETS firms by quintile of direct emission intensities.
Firms were assigned to a quintile based on 2004 values. The number of observations per quintile is 58. Source: Research
Data Centreity. Firmss of the Federal Statistical Office and the Statistical Offices of the Länder: AFiD-Panel Industriebetriebe,
1998-2017, own calculations.
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Table 2.A.2: Summary Statistics for ETS Firms On- and Off-Support

On-Support Off-Support
Mean Std. Dev. Median Mean Std. Dev. Median

Direct Emission Intensity 475 611 250 2981 3179 2267
Emission Intensity 771 821 545 3457 3094 2203
Direct Emissions 57622 143217 22177 1509562 3897447 419966
Share of Energy Costs 0.06 0.06 0.05 0.13 0.08 0.13
Energy Price (ct/kWh) 3.8 1.6 3.5 2.6 1.2 2.4
Gross Output 746439 4339054 70280 1069387 2650211 262295
Employees 2287 11756 296 2459 6274 689

Notes: Source: Summary statistics from balanced panel separately for ETS firms on and off support from 2004. The num-
ber of firms on support is 250 and the number of firms off support is 39. Research Data Centres of the Federal Statistical
Office and the Statistical Offices of the Länder: AFiD-Panel Industriebetriebe, 1998-2017, own calculations.

Figure 2.A.1: Change in Energy Prices and Own Generation of Electricity

(a) Average Change in Energy Prices (ct/kWh) (b) Average Change in the Share of Firms with Own
Generation

Notes: Subfigure (a) shows the change in the average energy price relative to 2004. Subfigure (b) shows the change in the share of
firms with own generation relative to 2004. Source: Research Data Centres of the Federal Statistical Office and the Statistical Offices
of the Länder: AFiD-Panel Industriebetriebe, 1998-2017, own calculations.
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Figure 2.A.2: Change in Energy Prices and Own Generation of Electricity - ETS Firms

(a) Change in Energy Prices (ct/kWh) - ETS Firms (b) Change in the Share of Firms with Own Genera-
tion - ETS Firms

Notes: Subfigure (a) shows the change in energy prices (ct/kWh) among ETS firms by direct emission intensity quintile relative to
2004. Subfigure (b) shows changes in the share of ETS firms with own-generation by quintile. Firms were grouped in quintiles based
on their emission intensity in 2003. Source: Research Data Centres of the Federal Statistical Office and the Statistical Offices of the
Länder: AFiD-Panel Industriebetriebe, 1998-2017, own calculations.
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2.B Additional Results

Figure 2.B.1: Event Study Results: Energy Intensities in Levels and Log

(a) Energy Intensities (b) Log of Energy Intensity
Notes: Both subfigures show point estimates and 95% confidence intervals obtained from an event study design. Dependent variables
are total and direct energy intensity (Subfigure (a) and the log of total and direct energy intensity (Subfigure (b)). In the event study,
we control for sector-year fixed effects and year by decile of direct emissions, gross output, electricity purchases, and total energy use
fixed effects. Firms were assigned to a decile based on observations in 2003. Further, we include a dummy for own generation of
electricity. We use a balanced panel for 2004 until 2017 which includes 10420 firms annually, of which 289 were part of the ETS. All
ETS firms became treated in 2005 and we exclude firms that fell under the ETS only later. Between 1998 and 2002 we observe 8692
annually. Standard errors are clustered at the firm-level. Source: Research Data Centres of the Federal Statistical Office and the
Statistical Offices of the Länder: AFiD-Panel Industriebetriebe, 1998-2017, own calculations.
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Figure 2.B.2: Event Study Results: Log of Employees and Gross Output

(a) Log Num. Employees (b) Log Gross Output
Notes: Both subfigures show point estimates and 95% confidence intervals obtained from an event study design. Dependent variables
are Log of the number of employees in Subfigure (a) and Log of gross output in Subfigure (b). In the event study, we control for
sector-year fixed effects and year by decile of direct emissions, gross output, electricity purchases, and total energy use fixed effects.
Firms were assigned to a decile based on observations in 2003. Further, we include a dummy for own-generation of electricity. We use
a balanced panel for 2004 until 2017 which includes 10420 firms annually, of which 289 were part of the ETS. All ETS firms became
treated in 2005 and we exclude firms that fell under the ETS only later. Between 1998 and 2002 we observe 8692 annually. Standard
errors are clustered at the firm-level. Source: Research Data Centres of the Federal Statistical Office and the Statistical Offices of the
Länder: AFiD-Panel Industriebetriebe, 1998-2017, own calculations.

Table 2.B.1: Propensity Score Estimation

Variable Coefficient Std. Err P-Value

Direct Emissions 0.728 0.262 0.006
Emission Intensity 0.001 0.000 0.004
Employees 0.275 0.198 0.166
Sales -0.487 0.218 0.026
Wage 0.964 0.457 0.035
Electricity Purchased 0.505 0.245 0.039
Direct Emissions Share 1.062 1.668 0.524
Electricity Share 0.151 1.319 0.909
Export Share 0.029 0.389 0.940
Self-Generation 1.593 0.273 0.000

Notes: The table reports the coefficients from the propensity score estima-
tion. The propensity score has been calculated based on observation from
2003. The number of observations in the logistic regression was 10420.
All variables except for carbon intensity, the electricity share, the share of
direct emissions and the export share are in log. The regression further in-
cludes two-digit sector dummies and a dummy for self generation of elec-
tricity. The pseudo R2 was 0.61. Source: Research Data Centres of the Fed-
eral Statistical Office and the Statistical Offices of the Länder: AFiD-Panel
Kostenstrukturerhebung und Energieverwendung, 2008-2017, own calcu-
lations.
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Table 2.B.2: Impact on CO2 Emissions and Emission Intensities - Full Sample

Pre-Treatment 1st ETS-Phase 2nd ETS-Phase 3rd ETS-Phase
∆ CO2/GO -0.060 -64.889** -171.736*** -170.067***

(25.352) (23.756) (41.424) (47.067)
∆ Direct CO2/GO -1.927 -56.152** -136.901*** -122.900***

(22.476) (23.207) (40.508) (46.551)
∆ Elec. CO2/GO 2.044 -16.370*** -45.237*** -58.571***

(8.042) (5.385) (11.839) (13.333)
∆ log(CO2/GO) 0.001 0.005 -0.014 0.054**

(0.017) (0.015) (0.022) (0.027)
∆ log(Direct CO2/GO) 0.043 0.042* 0.021 0.126**

(0.032) (0.024) (0.038) (0.049)
∆ log(CO2) 0.005 0.004 0.006 0.046

(0.018) (0.014) (0.024) (0.033)
∆ log(Direct CO2) 0.052* 0.041* 0.042 0.118**

(0.031) (0.023) (0.038) (0.052)
∆ log(Elec. CO2) -0.002 -0.017 -0.102** -0.230***

(0.029) (0.021) (0.058) (0.061)

# Matched ETS Firms X 289 289 289
# Matched Control Firms X 289 289 289
# Of Firms 10365 10365 10365 10365

Notes: The table reports the estimated average treatment effect on the treated. Dependent variables are the changes in
outcomes between 2004 and the means from the first and second ETS periods and the mean from the years 2013-2017
for the third period. Pre-trends are evaluated based on the difference in outcomes between 2002 and 1999. The propen-
sity score was estimated from a logistic regression of the treatment dummy on log of direct emissions, emission intensity
of gross output, log of the number of employees, log of gross output, log of the average wage, export share, share of di-
rect emissions in total emissions, log of electricity from the grid, share of electricity in total energy use and a dummy for
own generation of electricity and two-digit sector dummies. Standard errors are clustered at the level of matched pairs.
Source: Research Data Centres of the Federal Statistical Office and the Statistical Offices of the Länder: AFiD-Panel In-
dustriebetriebe, 1998-2017, own calculations.
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Chapter 3

The Effect of Temperature on Energy

Use, CO2 Emissions, and Economic

Performance in German Industry

Jakob Lehr Katrin Rehdanz

Abstract This paper represents an addition to the scanty empirical evidence relating to

the impact of climate change on the manufacturing sector. To study the effect of tem-

perature on energy use, CO2 emissions, and firms’ economic performance, we combine

daily temperature information from 11,000 German municipalities with the census of the

manufacturing industry. The census data covers the universe of German manufacturing

plants with more than 20 employees (≈ 40,000 plants annually) and spans more than two

decades, from 1995 to 2017. We find large and significant effects of low temperatures on

CO2 emissions as a reflection of heating requirements and some evidence for an increase of

emissions resulting from electricity consumption due to cooling needs. When combining
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theses estimates with climate projections, we calculate an approximate 14% decrease of

direct emissions by the end of the century under a business as usual scenario. We extend

our analysis to encompass the effect of temperature on economic performance, finding no

negative heat effects but some indication that cold days may have a negative effect on

gross output.

3.1 Introduction

Among the various economic consequences of climate change, the impact of global tem-

perature increase on energy consumption is of particular importance (e.g., Auffhammer

and Mansur, 2014). Energy consumption affects and is affected by both climate change

and climate policy. In the short term, climate change affects energy consumption through

weather variability and extreme events; in the longer term, adaptation measures may re-

strict this impact.

In this paper we provide an addition to the scanty empirical evidence relating to the impact

of climate change on manufacturing by analyzing how temperature affects energy use,

related CO2 emissions, and economic performance in the German manufacturing sector.

The manufacturing sector in Germany accounts for approximately 200 million tons of CO2

emissions per year, which is about one quarter of Germany’s total emissions.1 If indirect

emissions are taken into account, i.e. emissions arising from the generation of electricity

that the manufacturing firms purchase from the grid system, the share is significantly

higher. The important role of the manufacturing sector with respect to overall energy

consumption in Germany reflects its significance for the German economy. This sector

absorbs more than 15% of Germany’s labor force and in recent years has contributed

1See, for example, the information from Germany’s main environmental protection agency (”Umwelt
Bundesamt”) as published in Umweltbundesamt, 2018.
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approximately one quarter to Germany’s gross domestic product.2

Despite its relevance for economic development and its contribution to climate change,

there is little empirical evidence concerning the effect of temperature on the manufacturing

sector at the micro-level. There are some few papers providing evidence of the effect of

temperature on economic activity at the plant-level in other countries. For example, Zhang

et al. (2017) and Chen and Yang (2019) focus on how temperature affects productivity

and factor reallocation in China. Similarly, Somanathan et al. (2021) study the effects of

temperature on manufacturing firms in India, Addoum et al. (2020) focus on the United

States, and Kabore and Rivers (2020) conduct such an analysis for Canada. With regard

to the effect of temperature on economic performance evidence for advanced economies

is mixed. While Addoum et al. (2020) document a flat relationship between sales and

temperature for the US, Kabore and Rivers (2020) find negative temperature effects at the

tails of the temperature distribution for Canadian firms. We are not aware of any paper

that specifically addresses the question of how temperature affects CO2 emissions in the

manufacturing sector.

For our analysis, we combine daily temperature information from 11,000 municipalities

with the German census of the manufacturing industry. The census data covers the uni-

verse of German manufacturing plants with more than 20 employees, spans more than

two decades from 1995 to 2017, and also specifies such factors as plant-specific fuel use.

We have observed close to 40,000 plants on an annual basis. In our baseline specification,

we relate the yearly CO2 emissions of plants to discretized temperature distribution by

using temperature bins in a way similar to, for example, Barreca et al. (2016). To check

the robustness of our results, we also test alternative temperature specifications, such as

seasonal averages and heating degree days, and investigate effect heterogeneities in terms

2See, for example, Bundesamt (2020)
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of labor intensity and economic activity, etc.

In line with what one would expect, our estimates show a large and significant decrease of

CO2 emissions in response to fewer days with low temperatures, presumably reflecting the

drop in heating requirements. The effect of hot days on emissions is less clear, though we

do find some evidence of increased electricity consumption that can plausibly be related

to the use of air conditioning. We pair our estimates with projections for different climate

change scenarios and calculate the changes in emissions implied by our estimates. Under

a business as usual scenario and based on c.p. assumptions, the average plants’ direct

emissions from fuel combustion will decrease by an approximate 14% until the end of the

century. Electricity related emissions will increase by about 2.5%.

We also look at the effect of temperature on gross output and gross output per worker as a

measure of industrial plants’ economic performance. At the macro-level, previous studies

have established the existence of a negative relationship between high temperatures and

economic performance in poor/developing countries but not in advanced economies (e.g.

Dell et al. (2012)). At the micro level, the evidence for advanced economies is limited and

inconclusive (see studies cited above). We find no detrimental effects from high temper-

atures on gross output, rather the contrary. The effect of days with mean temperatures

between 20°C and 24°C is positive but small. However, this needs to be interpreted against

the background of Germany’s moderate climate conditions. By global standards, days with

temperatures higher than 24°C are far from extreme.

The remainder of this paper is structured as follows: Section 3.2 reviews the related litera-

ture, in Section 3.3 we introduce the datasets and provide summary statistics, and Section

3.4 discusses the empirical approach. Main results are presented in Section 3.5. Section

3.6 links the empirical estimates with climate projections and Section 3.7 discusses the
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results and concludes.

3.2 Literature Review

At the country level, there is documentation of a negative and significant association be-

tween high temperatures and aggregate economic outcomes such as economic growth or

production. Dell et al. (2012), for example, show that in poor countries temperatures

1°C above the long-term mean lead to a reduction of per-capita income by 1.5%. Draw-

ing upon international trading data, Jones and Olken (2010) study the effect of higher

temperatures on a country’s export activities. In line with Dell et al. (2012), they find

that in poor countries an increase of 1°C reduces export growth by 2 to 5.7 percentage

points. They also find that this impact mostly affects the export of agricultural products

and light manufacturing. In a panel of 28 Caribbean countries, Hsiang (2010) finds a

negative temperature effect on three out of six non-agricultural sectors, with output losses

in non-agricultural production substantially exceeding losses in agricultural production.

More recently, Kalkuhl and Wenz (2020) use global subnational data for 1500 regions in

77 countries from 1900 to 2014 to estimate the effect of climate conditions on productivity.

Their estimates indicate that temperature affects levels of productivity but not the produc-

tivity growth rate.3 A growing body of literature analyzes the effect of climate change

on energy consumption (for an overview see Auffhammer and Mansur (2014)). These

studies have primarily focused on households. The ones most closely related to our work

are Deschênes and Greenstone (2011) or Auffhammer and Aroonruengsawat (2011), who

use panel data to study the adaptation of households to climate change by analyzing how

3Aside of the studies referred to, studies at the sectoral level have mostly focused on agriculture (e.g.,
Mendelsohn et al. (1994) or Deschênes and Greenstone (2007)). These studies have used cross-sectoral
or panel data to either analyze data for a specific country or region or to make cross-country comparisons.
Among the more recent papers focusing on the agricultural sector, Aragón et al. (2021) pay special attention
to farmers’ adaptation behavior by drawing upon household data, while Miller et al. (2021) take into account
the effect of prolonged exposure to heat (i.e. heat waves).
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residential electricity consumption responds to temperature.

Despite its relevance for economic development and contribution to climate change, there

is little concrete evidence available on the impact of climate change on manufacturing and

it’s adaptation to it. A small number of studies address the effect of extreme weather events

on industrial plants. Elliott et al. (2019), for example, find strong but short-lived negative

effects of typhoons on the sales figures of manufacturing plants in China. For plant-level

evidence on the effect of temperature on Total Factor Productivity (TFP), see Zhang et al.

(2017). They combine daily mean temperatures with a panel of Chinese plants for the pe-

riod 1998 to 2007. The authors document strong and non-linear negative effects on output

from temperatures at the tails of the temperature distribution, which seems to be driven

by a negative effect of temperature on TFP. Their estimates indicate that a 1°C shift in the

annual distribution of daily temperature causes a reduction of about 0.5% of China’s GDP.

Based on climate projections for the mid-21st century, these estimates imply an annual

output loss of 12% in the Chinese manufacturing sector. Using the same data as Zhang

et al. (2017), Chen and Yang (2019) also find a U-shaped relationship between temper-

ature and output, which they measure as value added per worker. Their estimates imply

that daily mean temperatures between 21°C and 24°C maximize output. In line with these

relatively high optimal temperatures, they find that above-average temperatures in spring

have a positive effect on sales, whereas high summer temperatures dampen economic ac-

tivity. The detrimental effect of high summer temperatures is stronger in relatively cool

regions, suggesting that firms are adapting. The results produced by Somanathan et al.

(2021), who use a panel of Indian manufacturing firms, broadly confirm the negative ef-

fects of high temperature on output estimated by Zhang et al. (2017) and Chen and Yang

(2019). However, the findings by Somanathan et al. (2021) suggest that the decline in

output due to extreme temperatures can be fully explained by the lower labor productiv-
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ity caused by increased absenteeism and heat stress at the workplace. The evidence for

temperature effects on plant performance in developed countries is mixed. Addoum et al.

(2020) find that temperature has no effect on firms in the USA, while Kabore and Rivers

(2020) document a negative effect of extreme temperatures on Canadian manufacturers.

Their estimates imply that daily mean temperatures below -18°C and above 24°C reduce

output by 0.18% and 0.11% relative to a day with mean temperatures between 12°C and

18°C.

Our paper adds to this scanty evidence pertaining to the effect of temperature on firm be-

havior in a variety of ways. First, we address the need foregrounded by Auffhammer and

Mansur (2014) for further research on the effect of temperature on energy consumption

at firm-level. We use a unique panel dataset for the manufacturing sector in Germany, a

major industrial country. Second, detailed information on plant-specific fuel use enables us

to analyze the effect on CO2 emissions, our main variable of interest, which has been left

out of account in previous studies due to insufficient data. Third, we extend our analysis

to the effect of temperature on the economic performance of industrial plants. While this

has been studied in connection with developing countries such as India and China, we are

focusing here on an industrialized country. Among industrialized countries, Germany is a

particularly interesting case since though its climate is mostly temperate, it varies appre-

ciably due to the geographical and topographical characteristics of its regions. The effect

of the sea ensures that the climate of the North German plain and the Baltic coast varies

comparatively little from one season to the next. The climate in central and southern Ger-

many is more varied, partly due to the topographical features of the different regions. In

Bavaria, the climate is similar to the Austrian Alps with cold winters and frequent snowfall,

while in the Rhineland-Palatine and the Saarland (south-western Germany), the climate is

generally regarded as particularly clement.
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3.3 Data and Descriptive Statistics

3.3.1 AFiD Panel - Manufacturing Plants

Our main data source is the German census of manufacturers (AFiD), in particular the so-

called ”energy-use module” (”Energieverwendung”), which covers the universe of German

manufacturing plants with more than 20 employees. The energy-use module contains

detailed information about plants’ fuel-specific energy use in physical units (kWh). This

makes it possible to calculate CO2 emissions at plant-level based on fuel-specific conversion

factors.4 The AFiD panel spans more than two decades, from 1995 to 2017. However, for

the analysis of emissions we restrict ourselves to data from 2005 onward due to a major

change in the reporting of energy variables between 2002 and 2003.5 To allow for the fact

that it may have taken time for companies to adjust their reporting, we only use energy

data from 2005 onward.6

Besides energy-related variables, the data contains a rich fund of further plant-level infor-

mation such as gross output, number of employees, and export share. In Panel A. of Table

3.3.1, we provide summary statistics for indicators of economic performance. The aver-

age plant in the sample has approximately 110 employees, a turnover of 22 million euros

per year, and an export share of roughly 20%. Comparison of mean plant with median

plant reveals right-skewed distributions. Panel B. of Table 3.3.1 contains summary statis-

tics on the plants’ total CO2 emissions and emissions by fuel type. It becomes apparent that

4To calculate plant-level CO2 emissions, we draw upon the conversion factors provided by the Umwelt
Bundesamt (a table with the relevant information can be found here, last retrieved 18.11.2020). The table
gives the fuel-specific time-varying CO2 content per terajoule. This can be converted to CO2 per kWh. We
then multiply the fuel use in kWh with the respective conversion factor to obtain the CO2 emissions. For
electricity purchased from the grid system we take the average carbon content, which varies by year.

5For a detailed description of the dataset as well as the change in the reporting requirements see (Petrick
et al., 2011)

6Our results are, however, also robust to the longer period from 2003 onwards.
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Table 3.3.1: Economic Performance Indicators and CO2 Emissions by Fuel

Variable Mean Std. Dev p10 p50 (Median) p90 N

A. Economic Performance (1995 - 2017)
Number of Employees 111 165.26 24 55 247 806811
Gross Output (in 1000C) 21508.48 45493.11 1798.82 6938.99 50975 806811
Export Share 0.19 0.24 0 0.07 0.58 806811
Investment (in 1000C) 624.45 . 0 117.78 1607.50 806811

B. CO2 Emissions / Energy Use (2005 - 2017)
Total Energy (in MWh) 7729.50 29990.32 197.38 1071.19 14039.6 469880
Total CO2 Emissions (in t) 2587.46 9298.39 69.90 418.04 5204.68 469880
CO2 Emissions - Coal (in t) 114.18 2605.04 0 0 0 469880
CO2 Emissions - Gas (in t) 690.42 3757.09 0 30.19 944.35 469880
CO2 Emissions - Oil (in t) 121.28 1258.09 0 0 180.61 469880
CO2 Emissions - Electricity (in t) 1565.96 5690.33 36.60 287.02 3411.76 469880

Notes: The table reports summary statistics for economic performance indicators and CO2 emissions. Part A. of the table uses
data from 1995 - 2017. Gross Output and Investment are expressed in 1000s of Euros. Part B. uses data from 2005 - 2017 due
to a major break in reporting between 2002 and 2003. Energy use is given in MWh and CO2 emissions in t. Source: Research
Data Centers of the Federal Statistical Office and the Statistical Offices of the Länder: AFiD-Panel Kostenstrukturerhebung und
Energieverwendung, 1995-2017, own calculations.

indirect emissions from electricity consumption account for more than one-third of total

emissions. Together, oil and gas make up another third and coal consumption represents

approximately one quarter of total emissions.7 Again, the distributions are heavily skewed

to the right. For example, coal consumption at the 90th percentile is zero, as coal is gen-

erally only used in a few energy-intensive industrial processes but hardly ever for heating.

Most plants use either gas or oil for heating.

3.3.2 Temperature Data

We supplement the plant data with temperature information collected from the German

Meteorological Service (”Deutscher Wetterdienst”) and the ”European Climate Assessment

& Dataset project”.8 We downloaded gridded daily mean temperatures to calculate the

mean temperature for all 11,000 German municipalities.9 From the daily averages we

construct temperature bins, i.e we count the number of days per temperature bin for each
7Total emissions include emissions from some additional sources of energy such as heat, all of which play

a minor role.
8We acknowledge the E-OBS dataset from the EU-FP6 project UERRA (http://www.uerra.eu) and the

Copernicus Climate Change Service, and the data providers in the ECA& D project (https://www.ecad.eu).
9The median municipality has approximately 1,800 inhabitants and an area of 19km2.
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year and municipality. This information is then merged to the plant-level data using the

official municipality identifier. Figure 3.A.1 in the Appendix summarizes the temperature

distribution over Germany for the period 1995 to 2017 in the form of temperature bins.

On average, about three-quarters of the days in a year have a mean temperature between

0°C and 20°C. The bins in Figure 3.A.1 are an unweighted average across municipalities

and years, so that all spatial variations in climate conditions are masked out. Figures

3.3.1(a) and 3.3.1(b) show spatial variation at the municipality level for the average num-

ber of days below -4°C and above 20°C. Days with mean temperatures below -4°C barely

occur in regions with a maritime climate. Hot days with mean temperatures above 20°C

are most frequent along the Rhine, especially in the metropolitan area around Frankfurt.

Metropolitan areas generally appear to be warmer than the regions around them. Geo-

graphical characteristics play a role here, as does the fact that heat is stored in urban areas

during the day (e.g., in buildings and concrete surfaces) and released at night, thus in-

creasing the daily mean. With some knowledge of Germany’s geography, Berlin, Stuttgart

or Cologne can easily be identified in Figure 3.3.1(b). Figure 3.A.2 in the Appendix shows

the annual mean temperature in municipalities for the period 1995 to 2017.

3.3.3 Climate Projections

To project the effect of climate change on CO2 emissions, energy consumption, and eco-

nomic performance in the manufacturing sector, we use end-of-century climate projections

for Germany. These projections can be downloaded from the World Climate Research Pro-

gram (WCRP) and were produced in the framework of the ReKiEs-De Project.10 We use

10We acknowledge the World Climate Research Programme’s Working Group on Regional Climate, and
the Working Group on Coupled Modelling, former coordinating body of CORDEX and responsible panel for
CMIP5. In particular, we thank ReKliEs-De (Regionale Klimaprojektionen Ensemble für Deutschland) for
producing and making available their model output. We also acknowledge the Earth System Grid Federation
infrastructure an international effort led by the U.S. Department of Energy’s Program for Climate Model
Diagnosis and Intercomparison, the European Network for Earth System Modelling and other partners in the
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Figure 3.3.1: Average Number of Cold and Hot Days per Year

(a) Mean Tmp. Below -4°C (b) Mean Tmp. Above 20°C
Notes: Subfigure 3.3.1(a) plots the average number of days with mean temperatures below -4°C for the period 1995 to 2017.
Subfigure 3.3.1(b) shows the average number of days with mean temperatures above 20°C for the period 1995 to 2017. Both maps
show information at the municipality level. Source: E-OBS dataset from the EU-FP6 project UERRA (https://www.uerra.eu) and the
Copernicus Climate Change Service.
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projections from two different climate models and for two representative concentration

pathways (RCP). The first projection is based on the MPI-ESM-LR global climate model

and the CCLM regional downscaling model. The second projection is based on the EC-

Earth global model and the same downscaling model, i.e. CCLM. Both models provide

projections for the “climate-protection scenario” (RCP2.6) and the “business-as-usual” sce-

nario (RCP8.5).11 The projections begin in 2006 and extend to 2100. Using the same

temperature bins that we used for historical temperature information, Figure A3 in the Ap-

pendix shows the distribution of projected mean temperatures (red bars) under the RCP8.5

scenario alongside the historical distribution (blue bars) across temperature bins.12 It is

readily apparent that the distribution of projected temperatures is shifted to the right.

3.4 Empirical Approach

We are interested in the effect of daily temperatures on plant-level outcomes. The latter are

observed annually. To align the frequencies, we make use of different ways of summarizing

the annual distribution of mean daily temperatures such as temperature bins, heating

degree days, and seasonal means. Our approach of choice is to use the annual distribution

of mean daily temperatures across temperature bins, as described in Section 3.3. This

approach has been widely used in the literature, for example by Deschênes and Greenstone

(2011), Zhang et al. (2017) or Barreca et al. (2016). Specifically, we estimate variants of

the following equation:

Global Organisation for Earth System Science Portals (GO-ESSP).
11ReKiEs-De stands for Regionale Klimaprojektionen Ensemble für Deutschland. Background information

on the various climate projections, their underlying global and regional models, and general information on
the ReKiEs Project can be found in Hübener et al. (2017).

12For historical temperature distribution we use the daily mean temperatures at the federal-state level. We
then calculate the weighted average across federal states. Weights are the share of total CO2 emissions in
the manufacturing sector originating in the respective federal state.
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yimt =
∑
j 6=z

θjT jmt + νst + λrt + φlt + σet + τi + εimt (3.1)

where yimt is the logarithm of any outcome of plant i located in municipality m in year

t. Annual shocks common to subsectors are absorbed by the year-by-sector fixed effects

νst, time-varying sub-region-specific shocks are controlled for by λrt and year-by-sizeclass

and year-exporter fixed effects absorb shocks along the firm-size distribution (φlt) and by

exporter status (σet) respectively. Time-invariant plant characteristics are controlled for by

the plant fixed effect τi. Finally, εimt is a random disturbance term.

The variables of interest are the measures of temperature. In equation 3.1, T jmt is the

number of days in municipality m and in year t with a mean temperature in bin j. In

total, we define ten bins, each inner bin having a width of 4°C.13 All days with a mean

temperature below -8°C are collected in T 1
mt. T

10
mt is the number of days with mean tem-

peratures above 24°C. Figure 3.A.1 in the Appendix shows the average number of days per

bin across municipalities and years. The coefficients of interest are the semi-elasticities

θ. Each coefficient θj captures the effect of an additional day in bin j relative to another

day in the leave-out bin z. In our application, it indicates the percentage change in the

outcome resulting from an additional day in bin j instead of bin z. With this approach,

the effect of temperature on the outcome is assumed to be constant within bins, while

the effect across bins can take any form. The coefficient θj is estimated consistently if the

year-to-year temperature variation experienced by plant i is exogenous, which is arguably

true of temperature.

13We also tried other bin sizes, for example, considering bins with a width of 3°C. The results are qualita-
tively the same and can be made available on request.
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3.5 Results

In this section we first describe our findings on the relationship between temperature and

CO2 emissions. Subsequently, we examine the effect of alternative measures of tempera-

ture and heterogeneities in terms of labor intensity, plant age, plant location, and plants’

economic activity. This part of the analysis is restricted to the data for 2005-2017 for rea-

sons explained above. We then analyze the temperature/output relationship. For this we

use different specifications of output and (again) temperature, drawing in this case upon

the entire dataset covering the period 1995-2017.

3.5.1 Main Results

Figure 3.5.1 shows the effect of temperature on total CO2 emissions based on equation 3.1.

The solid line connects the point estimates, i.e. the semi-elasticities, and the two dashed

lines correspond to the 95th confidence intervals. We omit the number of days with mean

temperatures between 12°C and 16°C. Thus, the figure shows the estimated effect of an

additional day in bin j relative to the bin omitted. This baseline regression includes size-

class-year fixed effects, exporter-year fixed effects, and east-west-year fixed effects.14 With

the latter we adjust for shocks specific to plants in federal states that were part of the

former GDR. This is important as these federal states still differ in their economic structure

(e.g. Belitz et al., 2019). We also control for shocks that may have occurred in export

markets and for shocks along plant-size distribution. For reasons of conservatism, we

cluster standard errors both at the four-digit economic-sector level and at the district level.

Figure 3.5.1 shows that fewer cold days cause a decrease in CO2 emissions. Specifically,
14All firms that export part of their sales are classified as exporter firms. Size classes are five categories

predefined in the data based on the number of employees: 20 - 49 employees, 50-99 employees, 100 - 249
employees, 250-499 employees, and over 499 employees. A plant is assigned to the east if it is located in a
federal state that was once part of the GDR.
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Figure 3.5.1: Estimated Effect of a Day in 9 Temperature Bins on Annual CO2 Emissions
Relative to a Day in the 12°C to 16°C Bin

Notes: The figure shows the estimated effect of temperature on total emissions. The
effects are estimated based on an unbalanced panel covering the period 2005 to 2017.
The regression includes year by two-digit industry fixed effects, year-exporter fixed ef-
fects, region (east/west)-year fixed effects and sizeclass-year fixed effects. The number
of observations is 467,726. Dashed lines show the 95th confidence interval. Standard
errors are clustered at the district level and at the four-digit sector level. Source: Re-
search Data Centers of the Federal Statistical Office and the Statistical Offices of the
Länder: AFiD-Panel Industriebetriebe, 2005-2017, own calculations.

one day less with a mean temperature below -8°C leads to a reduction in annual CO2

emissions by almost 0.2% relative to a day with mean temperatures between 12°C and

16°C. The effect is smaller in the higher temperature bins and is insignificant for the [8°C

- 12°C] bin. As indicated by the flat line in the relevant section of Figure 3.5.1, days with

mean temperatures above 16°C have no effect on total emissions relative to days in the bin

omitted. All results remain qualitatively unchanged when we estimate more parsimonious

specifications, i.e. include fewer fixed effects (see Table 3.B.1 in the Appendix).

The effect of temperature on total emissions is a combination of the effect of tempera-

ture on emissions from different energy sources. In the next step, we thus undertake a

separate investigation of the response of indirect emissions (i.e. emissions contained in
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the electricity purchased by plants) and direct emissions (i.e. emissions resulting from the

combustion of fossil fuels at the plants themselves). The findings are shown in Figures

3.5.2(a) and 3.5.2(b). It is apparent that the shape of the effect of low temperatures on

total emissions is driven by direct emissions. The point estimate capturing the effect of

one day less in the lowest temperature bin implies a reduction of direct emissions by ap-

proximately 0.6% relative to one day with mean temperatures between 12°C and 16°C.

The effect remains statistically significant for temperatures below 12°C but declines in an

almost linear manner in the direction of the bin omitted. At the right end of the tempera-

ture distribution, direct emissions continue to decrease as temperatures rise. By contrast,

electricity consumption is largely unaffected by low temperatures (cf. Figure 3.5.2(b)) but

increases when temperatures rise. For example, a day with a mean temperature above

24°C leads to an increase in electricity consumption and therefore emissions of approxi-

mately 0.07% relative to a day with a mean temperature in the bin omitted. This positive

effect may reflect cooling requirements when temperatures are high. Together, the positive

effect of hot days on electricity-related emissions and the negative effect of hot days on

direct emissions result in the zero effect of hot temperatures on total emissions as shown

in Figure 3.5.1.

The effect on direct emissions can be broken down further by looking at different primary

energy sources (cf. Table 3.3.1). While there exist a sufficient number of observations with

a non-zero use of gas and oil, only a few hundred plants use coal on a regular basis. In

Tables 3.B.4 and 3.B.5 in the Appendix, we show the respective point estimates. These are

qualitatively very similar to the combined effect on direct emissions.

The results presented so far indicate that direct CO2 emissions rise when temperatures are

low and indirect emissions rise when temperatures are high. The former result is most

likely related to heating requirements, the latter may reflect cooling needs. Since energy
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Figure 3.5.2: Estimated Effect of a Day in 9 Temperature Bins on Annual CO2 Emissions
Relative to a Day in the 12°C to 16°C Bin by Energy Source

(a) Direct Emissions (b) Indirect Emissions
Notes: The figures show the estimated effect of temperature on direct and indirect emissions. The effects are estimated based on an
unbalanced panel covering the period 2005 to 2017. The regression includes year by two-digit industry fixed effects, year-exporter
fixed effects, region (east/west)-year fixed effects, and size-class-year fixed effects. The number of observations for direct emissions is
437,192, for indirect emissions 465,155. Dashed lines show the 95th confidence interval. Standard errors are clustered at the district
level and at the four-digit sector level. Source: Research Data Centers of the Federal Statistical Office and the Statistical Offices of the
Länder: AFiD-Panel Industriebetriebe, 2005-2017, own calculations.

is a highly flexible input, one would expect energy use to be closely correlated to a plant’s

economic activity. In order to isolate mere heating and cooling effects, we scale annual

CO2 emissions with gross output. The estimated effects of temperature on total emission

per unit of gross output (CO2 emission intensity) plus direct and indirect CO2 intensities

are shown in Figure 3.5.3.

The effect of low temperatures on total emission intensity is similar to the effect of temper-

ature on total emissions (cf. Figure 3.5.3(a)). The effect of high temperatures on emission

intensity, however, is negative, while it is insignificant for total emissions. Consequently,

the negative effect of high temperatures on direct emission intensity is stronger than the

effect on direct emissions (Figure 3.5.3(b)). Finally, Figure 3.5.3(c) shows the effect of

temperature on indirect emission intensity, which turns out to be insignificant. The lat-

ter result does not support the hypothesis that electricity consumption increases due to
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Figure 3.5.3: Estimated Effect of a Day in 9 Temperature Bins on Annual CO2 Emission
Intensities Relative to a Day in the 12°C to 16°C Bin

(a) Total Emission Intensity (b) Direct Emission Intensity (c) Indirect Emission Intensity
Notes: The figures show the estimated effect of temperature on emission intensities. The effects are estimated based on an unbalanced
panel covering the period 2005 to 2017. The regression includes year by two-digit industry fixed effects, year-exporter fixed effects,
region (east/west)-year fixed effects, and size-class-year fixed effects. The number of observations for total emission intensity is
467,726, for direct emissions 437,192 and for indirect emissions 465,155. Dashed lines show the 95th confidence interval. Standard
errors are clustered at the district level and at the four-digit sector level. Source: Research Data Centers of the Federal Statistical Office
and the Statistical Offices of the Länder: AFiD-Panel Industriebetriebe, 1995-2017, own calculations.

cooling needs.

Overall, there exists clear evidence for increased heating needs during cold periods. By

contrast, evidence of cooling needs during hot periods is mixed. We do find an increase in

electricity consumption in response to hot days, but after scaling CO2 emissions with gross

output, we find no indication that hot days increase emission intensity.

3.5.2 Robustness: Alternative Measures of Temperature

To test the robustness of our results and to provide further insights on the relationship

between temperature and CO2 emissions, we estimate the temperature-emission relation-

ship using alternative temperature measures, among them mean seasonal temperatures

and heating degree days. The effect of mean seasonal temperatures on total emissions,

direct emissions, and indirect emissions is shown in Figure 3.5.4.15 The height of the bars

corresponds to the size of the point estimates, and the thin lines show the 95th confidence

15In the estimating equation, we include the same set of fixed effects as in our baseline specification
from the temperature bin approach, i.e. year by two-digit sector fixed effects, year-east/west fixed effects
exporter-year, and sizeclass by year fixed effects.
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intervals. A negative coefficient indicates that higher mean temperatures in a season cause

fewer emissions. As expected from our previous analysis, we find that higher tempera-

tures have a strong negative effect on direct emissions. The negative relation between

direct emissions and mean temperatures is significant for all seasons but quantitatively

largest in winter and fall. For example, the point estimates imply that a mean temperature

increase of 1°C in fall or winter will lead to roughly 3% fewer direct emissions.16 This

effect carries over to total emissions: Higher mean temperatures in winter and fall are

related to a drop in overall emissions to the tune of about 0.5%. By contrast, variations in

mean temperature during summer and spring do not affect total emissions. Note how the

negative effect of higher summer temperatures on direct emissions is offset by an increase

in indirect emissions from electricity use. Turning to emission intensities, Figure 3.B.1 in

the Appendix broadly confirms our previous results. The decline in total emission intensity

in the summer season is a result of the combination of a negative and significant effect of

mean temperature on direct emission intensity and a statistically insignificant association

between mean temperature and indirect emission intensity.

In Table 3.5.1 we show the effect of the number of heating degree days on CO2 emissions

and respective emission intensities.17 Each column in Table 3.5.1 corresponds to a dif-

ferent specification, column four is our baseline specification. The interpretation of the

coefficients is akin to the temperature-bin specification. In counting heating degree days,

one effectively assigns each day to one of two temperature bins, and the coefficient gives

the effect of one additional heating degree day relative to the day that is not a heating

degree day. The effects confirm our previous findings in terms of size, significance, and

tendency: The opposing effects of direct emissions and indirect emissions offset each other,

16Average within region standard deviations of mean temperatures in spring, summer and fall are approx-
imately 1°C and roughly 1.7°C for winter means.

17A heating degree day is defined as a day with a mean temperature below 18.3°C
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Figure 3.5.4: The Effect of Seasonal Mean Temperatures on CO2 Emissions

Notes: The figure plots the coefficients and corresponding standard errors of the effects of seasonal mean
temperatures on emissions. Results are obtained from a regression that includes year-sector fixed effects,
east-year fixed effects, exporter-year fixed effects and size-class-year fixed effects. Standard errors are clus-
tered at the district level and at the four-digit sector level. The height of the bars shows the size of the
point estimates. The thin lines show the 95% confidence intervals. The total number of observations for
direct emissions was 437,192, for indirect emissions 465,155, and for total emissions 467,726. Source: Re-
search Data Centers of the Federal Statistical Office and the Statistical Offices of the Länder: AFiD-Panel,
2005-2017.
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leading to a zero effect of heating degree days on total emissions. However, total emission

intensity increases with more heating degree days. Indirect emission intensity, on the other

hand, bears no relation to the number of heating degree days.

We also estimated all models including lagged temperatures18. All estimates are qualita-

tively and quantitatively very similar. The effects of lagged temperatures are mostly small

and insignificant.

Table 3.5.1: Effect of Heating Degree Days on CO2 Emissions and Emission Intensity

(1) (2) (3) (4)
Total Emissions -0.00021 -0.00018 -0.00018 -0.00011

(0.00014) (0.00014) (0.00014) (0.00013)
Direct Emissions 0.00090∗∗∗ 0.00104∗∗∗ 0.00105∗∗∗ 0.00112∗∗∗

(0.00022) (0.00023) (0.00023) (0.00022)
Indirect Emissions -0.00064∗∗∗ -0.00063∗∗∗ -0.00063∗∗∗ -0.00057∗∗∗

(0.00015) (0.00016) (0.00016) (0.00014)
Total Emission Intensity 0.00045∗∗∗ 0.00044∗∗∗ 0.00044∗∗∗ 0.00041∗∗∗

(0.00012) (0.00013) (0.00013) (0.00013)
Direct Emission Intensity 0.00165∗∗∗ 0.00165∗∗∗ 0.00163∗∗∗ 0.00164∗∗∗

(0.00023) (0.00023) (0.00023) (0.00023)
Indirect Emission Intensity 0.00002 -0.00001 -0.00001 -0.00004

(0.00013) (0.00014) (0.00014) (0.00015)
Year-Sector FE Yes Yes Yes Yes
Year-East FE No Yes Yes Yes
Year-Export FE No No Yes Yes
Year-Size FE No No No Yes

Notes: The table reports the coefficients capturing the effect of heating degree days on CO2 emissions and
emission intensity. The effects are estimated on an unbalanced panel covering the period 2005 to 2017. Stan-
dard errors given in parenthesis are clustered at the district level and at the four digit sector level. The number
of observations varies according to dependent variable: 467,726 for total emissions, 437,192 for direct emis-
sions and 465,155 for indirect emissions. The number of observations for the corresponding intensities is the
same. Source: Research Data Centres of the Federal Statistical Office and the Statistical Offices of the Länder:
AFiD-Panel, 2005-2017.

3.5.3 Effect Heterogeneity

We assess effect heterogeneity by analyzing subsamples, i.e. we split between more and

less labor-intensive plants, between geographic regions, and between older plants and

18For clarity, we do not report the corresponding results in the paper itself. They are available upon
request.
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those established more recently. Moreover, we take a look at the effect of temperature on

CO2 emissions in different economic sectors.

Splitting the Sample in Terms of Region, Labor Intensity, and Age

Depending on the prevailing climate conditions, one would expect firms to respond with

different strategies. In regions where the winters are often cold, it might be profitable

for firms to invest more in the isolation of their buildings. This should lead to a smaller

increase in CO2 emissions in response to cold days. In regions where hot periods are more

likely, firms might invest in air conditioning, thus causing a larger increase in electricity-

related CO2 emissions when temperatures are high. To investigate adjustment behavior,

we split the sample into plants located in the north and those located in the south.19 In

the north of Germany, temperatures are more moderate, i.e winters are mild and summers

relatively cool. Accordingly, investment in insulation might appear less profitable in the

north, resulting in a larger CO2 response to cold days. For the same reason, firms in the

north might not find it profitable to install air conditioning. Figure 3.B.2 in the Appendix

plots the results from the baseline specification that we estimate separately for plants in the

north and in the south. Dependent variables are total emissions, direct emissions, indirect

emissions, and respective intensities. Overall, Figure 3.B.2 does not provide indication of

stark heterogeneities. Even though the response of total emissions to low temperatures

is much flatter among firms in the south, this appears to be driven by differences in the

association between temperature and consumption of electricity, which is generally not

used for heating. In terms of emission intensities, the response by firms in the north and

south appears in fact to be almost identical.

19All plants located in one of the following federal states were classified as being located in the north:
Schleswig-Holstein, Hamburg, Lower Saxony, Bremen, North Rhine-Westphalia, Berlin, Mecklenburg-West
Pomerania, and Brandenburg. All other plants were classified as being located in the south.
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To analyze the extent to which the response of emissions to temperature varies as a func-

tion of labor intensity, we split the sample in terms of the average labor intensity of indus-

trial plants. Labor intensity is calculated as the ratio of the number of employees to gross

output. One might expect labor productivity to be more strongly affected by temperature

fluctuations than, say, productivity of capital. If firms balance the marginal productivity

gains from heating against the marginal cost of heating, plants with a relatively high labor

intensity will respond more strongly to temperature fluctuations. In other words, for the

same outside temperature, a more labor-intensive plant will spend more on heating than

a less labor-intensive plant.20 We classify all plants with an average labor intensity be-

low the 40th percentile as low labor-intensive and those above the 60th percentile as high

labor-intensive. The corresponding results can be found in Figure 3.B.3 in the Appendix.

Again, differences between the two groups appear to be small. For total emissions and

direct emissions as well as for respective intensities, the response to temperature variation

is almost identical between firms with high and low labor intensity. Only for indirect emis-

sions are small differences apparent. While point estimates indicate a decrease of indirect

emission intensity for firms with low labor intensity when mean temperatures are above

16°C, the opposite is true of firms with high labor intensity. This finding could point to

differential cooling needs depending on a plant’s labor intensity, which would be in line

with the hypothesis that productivity of labor is more heat-sensitive than productivity of

capital.

Besides region-specific conditions and labor intensity, one might also expect a general time

trend in the response of CO2 emissions to temperature, resulting for example from tech-

nological progress. Today, insulating material has improved and is also available at lower

20Interestingly, this kind of differential effect would also open up further adjustment options. Relocating
the vulnerable part of the economy, e.g. labor-intensive production, to geographic regions with more suitable
climatic conditions could cushion the overall effect of changed climatic conditions.
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cost. Moreover, expectations regarding future climate conditions are different today from

what they were decades ago, thus changing the calculations of firms with respect to in-

vestment profitability, e.g in air conditioning. Newly established plants are arguably more

likely to adopt these new technologies or adjust to changes in expectations, as retrofitting

old plants will most likely be more expensive than installing new technologies at the time

when a plant is built. Therefore, we split the sample into those plants observed as early

as 1995 and those established after 1995.21 Figure 3.B.4 shows the corresponding results.

The effect of temperature on total, direct, and indirect emissions does not vary remarkably

depending on a plant’s age. Looking at total emission intensity, the effect of temperature

is much flatter in new plants than in their older counterparts. This is partly caused by

the fact that the direct emission intensity of new plants increases less in response to cold

days, which may reflect the adoption of improved insulation. Much as in the previous split

in terms of labor intensity, point estimates indicate that hot days have opposing effects

on indirect emission intensity depending on the age of a firm. Indirect emission intensity

increases in new firms when mean temperatures are above 16°C but decreases in older

firms. This finding may be an indication that new firms are more often equipped with air

conditioning.

Overall, the different sample splits do not suggest that the response of emissions to tem-

perature depends significantly on location, labor intensity, or plant age. There exists some

indication for small quantitative differences in the shape of lower heating requirements

among plants established more recently and greater cooling demand among both more

labor-intensive and new plants.

21Note that we have no information on the year in which a plant was established. Further, the fact that
we do not observe some plants in 1995 does not necessarily imply that they did not exist at that time.
For example, if a plant has fewer than 20 employees, it is not included in the sample. Moreover, plants
sometimes change the economic sector they operate in. If a plant switches from a non-manufacturing sector
to a manufacturing sector, this may also explain why it turns up later in the data
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Sample Split in Terms of Economic Sectors

Since the number of observations within individual economic sectors can be fairly small,

we draw upon the parsimonious seasonal means specification to estimate the sectorial

effect of temperature on CO2 emissions. Results for total, direct, and indirect emissions are

shown in Figure 3.B.5 in the Appendix. On each x-axis we provide the NACE codes of the

corresponding economic sector(s) and in brackets the average percentage share that the

sector(s) contribute(s) to the economy-wide emissions from manufacturing.22 The figure

at the top shows the results for total emissions. Most often, the effect of higher mean

temperature in winter has a negative and significant effect, for example in the pulp and

paper industry, the chemical industry, in the electronics, machinery, and vehicle industries

as well as in the repair sector. These sectors together account for approximately 50%

of total emissions from manufacturing. For the other seasons, the point estimates are

also mostly negative but statistically insignificant which in part will be related to too little

statistical power. Looking at direct emissions (the figure in the middle), the coefficients are

negative and significant with the exception of the glass and ceramic industries. Turning to

indirect emissions, there exists no clear pattern regarding the sign of the point estimates,

and most coefficients are indistinguishable from zero. As is to be expected from the main

analysis, the estimated effect of mean temperatures in summer on indirect emissions is

positive and significant for some sectors, namely in the food, metal, machinery, and vehicle

22The paucity of observations in some NACE2 sectors has prompted us to aggregate some of them. The
combinations were as follows: (1) manufacturing of food products with manufacturing of beverages and
manufacture of tobacco; (2) manufacture of textiles, manufacture of wearing apparel and manufacture of
leather and related products; (3) manufacture of coke and refined petroleum products, manufacture of
chemicals and chemical products, manufacture of basic pharmaceutical products and pharmaceutical prepa-
rations and manufacture of rubber and plastic products; (4) manufacture of basic metals with manufacture
of fabricated metal products, except machinery and equipment; (5) manufacture of computer, electronic and
optical products with manufacture of electrical equipment; (6) manufacture of machinery and equipment
n.e.c. with manufacture of motor vehicles, trailers and semi-trailers and manufacture of other transport
equipment; (7) manufacture of furniture with manufacture of wood and products of wood and cork except
furniture; (8) manufacture of articles of straw and plaiting materials and other manufacturing with repair
and installation of machinery and equipment. Sectors not mentioned here were treated individually.
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industries as well as in the repair sector. However, these effects are most likely attributable

to the effect of temperature on gross output (compare Figure 3.B.7).

3.5.4 Additional Results: Effects on Gross Output and Gross Output

per Worker

Our aim is also to contribute to the literature investigating the effect of temperature on the

economic performance of firms. In pursuit of this aim, we estimate the effect of tempera-

ture on gross output and labor productivity measured as gross output per worker. For this,

we draw upon the same baseline specification as for the effect on CO2 emissions. Here, due

to consistent reporting of gross output and the number of employees over time, we are able

to make full use of the panel covering the years 1995 to 2017.23 Figure 3.5.5(a) shows the

estimated response of gross output to temperature and Figure 3.5.5(b) the corresponding

results for labor productivity. From Figure 3.5.5(a) we can see that all semi-elasticities

between days with mean temperature below zero and gross output are negative and com-

parably large (-0.05). Days with mean temperatures between 0°C and 12°C have a very

small effect on gross output relative to a day with a mean temperature in the bin omitted.

Looking at the effect of temperatures at the higher end of the temperature distribution

curve, we see that the effect on gross output is positive and significant.24 Point estimates

suggest that the gross output-maximizing daily mean temperature lies between 20°C and

24°C degree (the largest coefficient). One additional day in this bin boosts gross output by

approximately 0.075% relative to the leave-out bin.

23If we restrict the analysis of the effect of temperature on economic performance to the sample from 2005
to 2017, as we were forced to do for the analysis of energy-related variables, our results remain qualitatively
similar.

24Overall one can see that the response of gross output to temperature closely resembles the response
of electricity-related CO2 emissions as shown in Figure 3.5.2(b), suggesting a high correlation between
electricity use and gross output. This is very plausible as electricity is an almost entirely flexible input.
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Figure 3.5.5: Estimated Effect of a Day in 9 Temperature Bins on Gross Output and Labor
Productivity Relative to a Day in the 12°C to 16°C Bin

(a) Gross Output (b) Labor Productivity
Notes: The figures show the estimated effect of temperature on gross output and gross output per worker. The effects are estimated
based on an unbalanced panel covering the period 1995 to 2017. The regression includes year by two-digit industry fixed effects,
year-exporter fixed effects, region (east/west)-year fixed effects, and size-class-year fixed effects. The number of observations in both
regressions is 804,688. Dashed lines show the 95th confidence interval. Standard errors are clustered at the district level and at the
four-digit sector level. Source: Research Data Centers of the Federal Statistical Office and the Statistical Offices of the Länder:
AFiD-Panel Industriebetriebe, 1995-2017, own calculations.

As we can see from Figure 3.5.5(b), the effect of temperature on gross output per worker is

much flatter. This implies that the number of employees and gross output respond similarly

to temperature. The relation between temperature and labor may reflect an adjustment to

the effect of temperature on gross output. Alternatively, it could also be a channel through

which temperature affects gross output. At all events, the results show that temperature

does not primarily affect worker productivity.

Again, we use alternative measures of temperature to estimate the effect on gross output

and gross output per worker. In Table 3.B.7 in the Appendix, we report the effect of

seasonal means and HDD on gross output, and in Table 3.B.8 we show the same results for

our measure of labor productivity. The point estimates echo the qualitative results from

the temperature-bin specification. We find a positive and significant effect of higher mean

temperatures in winter and summer on gross output and labor productivity.

To further explore the relation between temperature and firms’ economic performance, we
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add lagged temperature variables to our baseline regression. The contemporaneous effect

of temperature and the lagged effect on both measures of economic performance is shown

in Figure 3.5.6. Including lagged temperature absorbs the contemporaneous effect of low

temperature almost completely, i.e. the effect is small and insignificant. By contrast, days

with mean temperatures below zero in the previous year have a negative and significant

effect on gross output in the current year. In concrete terms, one additional day with mean

temperatures below zero reduces gross output in the following year by approximately

0.075% relative to a day with a mean temperature in the bin omitted. Looking at the

effect of high temperatures on gross output, we see that both lagged and contemporaneous

temperatures have a positive effect. The coefficients capturing the response of gross output

per worker (Figure 3.5.6(b)) are smaller than those measuring the effect of temperature

on gross output only. Again, this reflects an adjustment of employment to temperature

similar in its form to the response of gross output to temperature.

Our results on the effect of lagged temperatures on gross output are similar to previous

findings by Chen and Yang (2019), who also document a persistent temperature effect.

These findings prompt us to ask what mechanism it is that makes lagged temperatures af-

fect current economic performance. To answer this question, Chen and Yang (2019) look

at investment and inventory. They find that both are affected by temperature. Investment

tends to decrease in response to high and low temperatures, whereas low temperatures

lead to an increase in inventory levels. A reduction in investment due to temperature

could be an explanation for depressed economic activity in subsequent periods. From

an increase in inventory, however, one would tend to expect a positive effect on future

sales/gross output. We follow the example of Chen and Yang (2019) and also look at

the effect of temperature on investments in buildings and machinery. Figure 3.B.6 in the

Appendix plots the relevant coefficients, the dependent variable being inverse hyperbolic
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Figure 3.5.6: Estimated Effect of a Day in 9 Temperature Bins on Gross Output and Labor
Productivity Relative to a Day in the 12°C to 16°C Bin - Contemporaneous and Lagged
Effects

(a) Gross Output (b) Labor Productivity
Notes: The figure plots point estimates and standard errors for contemporaneous and lagged temperature effects on gross output and
gross output per worker. The effects are estimated based on an unbalanced panel covering the period 1995 to 2017. The regression
includes year by two-digit industry fixed effects, year-exporter fixed effects, region (east/west)-year fixed effects, and size-class-year
fixed effects. The number of observations in both regressions is 804,688. Dashed lines show the 95th confidence interval. Standard
errors are clustered at the district level and at the four-digit sector level. Source: Research Data Centers of the Federal Statistical Office
and the Statistical Offices of the Länder: AFiD-Panel Industriebetriebe, 1995-2017, own calculations.

sine-transformed investment. There is no clear pattern identifiable from Figure 3.B.6. On

average, lower temperatures tend to depress investment. For example, an additional day

with mean temperatures between 0°C and -4°C is associated with a reduction of invest-

ment by approximately 0.35%. However, it is by no means obvious that a negative effect

of low temperatures on investment could be measured by a negative effect on investment

expenditure. For instance, if a new building cannot be finished due to snow coverage or

frozen soil, this would probably not translate into lower investment expenditure. Unfortu-

nately, we lack comprehensive information on inventory enabling us to further explore the

mechanism by which temperature causes a prolonged effect on economic activity.

To test whether our results derive from parts of the manufacturing sector only, we estimate

the effect of temperature on economic performance by sector. For this purpose, we employ

the more parsimonious seasonal means specification. Results are plotted in Figure 3.B.7
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in the Appendix. Higher mean temperatures in the summer have a positive and significant

effect on gross output in the glass and ceramic industry, in the metal, electronics, ma-

chinery, vehicle, and furniture industries and in the repair sector. For most sectors, point

estimates also indicate that higher mean temperatures in winter have a positive effect on

gross output. However, the effect is only significant in the printing and metal industries,

which account for no more than about 10% of gross economy-wide output in the manu-

facturing sector. Looking at labor productivity as shown in the bottom Figure, we see that

all coefficients are depressed in comparison with the coefficients capturing the effect on

gross output. This pattern has been discussed above.

3.6 Projections

Finally, we combine the estimated relationship between temperature and CO2 emissions

with the end-of-century climate projections introduced in Subsection 3.3.3. Figure 3.A.3

in the Appendix shows the average number of days per temperature bin for the historical

temperature distribution (blue bars) and the days per bin from the projected temperatures

(red bar) at the end of the century (average day count between 2080 and 2099). The day

count in each bin is first performed at the federal-state level. To aggregate federal states,

we weight them by the respective share of CO2 emissions in the manufacturing sector as

observed in the AFiD data. Further, we follow Deschênes and Greenstone (2011) and im-

plement their error-correction method to correct for systematic errors in the projections.25

Finally, to calculate the implied change in CO2 emissions, we multiply each regression co-

efficient with the respective difference in the number of days per bin, i.e. the difference in

the height of the bars. In Table (3.6.1) we report the projected emission change under a

25We use the period from 2006 to 2018 to compare the simulated mean temperatures in each federal state
with the actual temperature. For each day we take the average of the differences between projected mean
temperature and actual mean temperature. These day-specific average projection errors are then added to
the projected temperatures for each day.
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business-as-usual (BAU) scenario (RCP8.5) and one emission-reduction scenario (RCP2.6)

using the output from two climate models. For each model-scenario combination, we

calculate the change in total emissions, direct emissions, and electricity-related indirect

emissions (a) for the middle of the present century (average for years 2050 - 2069) and

(b) for the end of the century (average for years 2080 - 2099).

Table 3.6.1: Projected Change of CO2 Emissions in %

Dependent Variable Time Horizon EC-EARTH-RCA4 (RCP8.5) EC-EARTH-RCA4 (RCP2.6) MPI-ESM-LR-CCLM (RCP8.5) MPI-ESM-LR-CCLM (RCP2.6)
CO2-Total Mid Century -1.08 -0.62 -1.06 -0.92
CO2-Total End Century -2.68 -0.61 -2.23 -1.09
CO2-Electricity Mid Century 1.06 -0.00 1.12 0.38
CO2-Electricity End Century 2.55 0.05 2.40 0.25
CO2-Direct Mid Century -6.88 -2.23 -6.92 -4.46
CO2-Direct End Century -16.51 -2.72 -14.02 -4.60

Notes: The table shows the percentage change in CO2 emissions for the average firm resulting from a combination of the regression estimates from the
baseline model with the projected change in temperatures. Mid Century refers to the average for the period 2050-2069, and End Century to the average for
the period 2080-2099. The columns are different combinations of climate models and CO2 emission scenarios.

As expected, linking our point estimates with climate-change projections results in a de-

crease in direct emissions and an increase in electricity-related indirect emissions. Across

almost all model-scenario combinations, both effects grow larger over time (end-century

vs. mid-century). Combining baseline estimates for direct emissions with climate projec-

tions under a BAU scenario indicates a decrease in direct emissions by approximately 7%

in the middle of the century and by 14-16% by the end of the century for the average plant.

The respective changes under the emission-reduction scenario are roughly equivalent to

one-third of the changes under the BAU scenario. For CO2 emissions from electricity, our

calculations indicate a moderate increase of approximately 2.5% under the BAU scenario

at the end of the century.

We also link our estimates of the effect of temperature on economic performance to the

climate projections. The results yield an increase in gross output due to the rightward shift

in temperature distribution. For the BAU scenario, this increase amounts to an approxi-

mately 1% increase in gross output by the middle of the century and a 2.5% increase by

the end of the century. Taking the lagged temperature effect into account (i.e. looking at
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the cumulative effect of temperature on gross output) roughly doubles the positive effects

(cf. Table 3.B.10).

3.7 Conclusion and Discussion

In this paper, we estimate the effect of temperature on CO2 emissions, energy use and

economic performance in the German manufacturing sector. We use daily temperature

information from 11,000 German municipalities combined with the census of the manu-

facturing industry. The census data covers the universe of German manufacturing plants

with more than 20 employees, close to 40,000 plants annually, and spans more than two

decades from 1995 to 2017. We find large and significant effects of cold days on CO2

emissions, presumably reflecting heating needs. For example, one day less with a mean

temperature below -8°C reduces CO2 emissions at the plant-level by about 0.6% relative

to a day with a mean temperature between 12°C and 16°C. This effect is driven by the

responses of CO2 emissions from gas and oil. Indirect CO2 emissions resulting from elec-

tricity use do not respond to low temperatures. By contrast, electricity-related emissions

increase slightly when temperatures are high. Our baseline estimates indicate that an ad-

ditional day with mean temperatures above 24°C increases annual CO2 emissions from

electricity use by 0.075% relative to a day with a mean temperature between 12°C and

16°C. However, when we look at CO2 emission intensities, specified as total emissions rela-

tive to gross output, we find an effect of cold temperature on direct emission intensity but

no increase of indirect emission intensity from high temperatures.

To investigate effect heterogeneities, we split the sample by (1) plants’ labor intensity, (2)

between geographic regions, (3) age of plants and (4) economic activity. Overall, effect

heterogeneity is quite limited. Qualitatively, the response of emissions to temperature is

similar for most subsamples. We find some indication for a lower sensitivity of direct emis-
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sion intensity to cold days in new plants as compared to older plants. The dampened

response to cold days in new plants may be caused by the availability of better materials,

e.g. building insulation materials. This also gives us an indication of the energy savings

potential if old plants were retrofitted. Further, we find that among new plants the ratio

of indirect CO2 emissions to gross output rises when temperatures increase, whereas in

older plants it decreases. The same is true of plants with high labor intensity as opposed to

those with a low labor intensity. One explanation in the former case may be changed ex-

pectations regarding future temperatures. Against the background of most climate-change

scenarios, firms may be more willing to install air conditioning when they build new plants.

An explanation of the second heterogeneity may be that labor is more sensitive to heat than

other factor inputs. With regard to the relevance of our main estimates, it is reassuring

that the estimated effect in sectors accounting for high shares of direct emissions behave

similarly to the main estimates. For instance, the combined chemical industry (NACE 19,

20, 21 and 22) and the combined metal industry (NACE 24 and 25) account for 75%

of all direct emissions. Looking at the estimates for these sectors, we see that all point

estimates are negative and significant except for the spring mean in the metal industry.

Unfortunately, we cannot compare our findings on the relationship between temperature

and CO2 emissions with those of other studies as this is, to our knowledge, the first study

to investigate this relationship. Validation or falsification of our results must therefore be

left to future studies.

We have extended our analysis to include the effect of temperature on gross output and

gross output per worker. We find no detrimental effects from high temperatures on either

measure of economic performance. By contrast, we find small positive and significant ef-

fects of hot days (20°C and more) on gross output. This is rather surprising. Overall, the

literature tends to report negative effects from high temperatures in developing countries
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and insignificant effects in developed countries (for example Dell et al., 2012). The pos-

itive effect that we find is probably due to the absence of extremely hot temperatures in

Germany as compared to other countries. For instance, Chen and Yang (2019) who focus

on the effect of temperature on value added per worker among Chinese manufacturers,

find that the output-maximizing mean temperature lies between 21°C and 24°C, which

accords well with our results. Moreover, they find that only days with mean temperatures

above 30°C have a negative and significant effect on output relative to a day with mean

temperatures between 21°C and 24°C. In Germany, even temperatures above 24°C (the

highest temperature category we define) are still quite rare. Further, our results show that

temperature does not primarily affect worker productivity. This is very much in line with

Kabore and Rivers (2020), who also find that the effect of temperature on sales per worker

is flatter than the effect of temperature on sales only.

Our analysis suggests that warmer temperatures will make it somewhat easier for Germany

to reduce its CO2 emissions in the manufacturing sector. We link our estimates to climate

projections with a view to calculating implicit future emission changes. On the one hand,

these calculations yield a decrease of the average plants’ direct emissions of approximately

14% under a BAU scenario by the end of the century. On the other hand, our estimates

indicate that more frequent occurrences of hot days will increase electricity demand. The

net effect as we calculate it is still negative so far. Given the right skewed distribution of

CO2 emissions, as described in Section 3.3, the reduction of overall emissions in the man-

ufacturing sector will likely be smaller than the reduction of the average plant. Since the

subsample analysis revealed that emissions by plants operating in CO2 intensive economic

sectors respond similarly to temperature compared to the average plant from the whole

sample, we still expect a quantitatively meaningful effect of projected climate change on

emissions in the manufacturing sector. It needs to be emphasized, however, that these
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calculations should not be seen as predictions but rather as an interpretation of empirical

results and estimated effect size against the backdrop of projected climate change. The

calculations are based on c.p. assumptions that firms do not adapt to climate change by

such strategies as relocation or investment. The results of the subsample analysis already

indicate that the response of CO2 emissions to hot days is likely to be larger while the

response to cold days is more muted among newly established plants. Further, the pro-

jected changes in temperature distribution implies far more extreme temperatures at the

right tail of the distribution. Climate change will lead to historically unprecedented tem-

perature extremes, and hot periods will occur with unexampled frequency (Figure 3.A.3).

We are unable to estimate the effect of such events, quite simply because they have not

happened in the course of history. Regarding the effect of temperature on economic perfor-

mance, it is however reasonable to assume that this effect will be detrimental (e.g. Kabore

and Rivers, 2020).
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Appendix

3.A Additional Descriptives

Figure 3.A.1: Average Number of Days per Temperature Bin and Year

Notes: The figure shows the average number of days per temperature bin in Germany. The average is
calculated in terms of time and space, i.e over the period 1995 to 2017 and across all municipalities. Note
that municipalities are not weighted by geographic size. Source: E-OBS dataset from the EU-FP6 project
UERRA (https://www.uerra.eu) and the Copernicus Climate Change Service.
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Figure 3.A.2: Regional Distribution of Mean Temper-
atures

Notes: The figure plots the average of the annual mean temperatures between
1995 to 2017 at the municipality level. Source: E-OBS dataset from the EU-
FP6 project UERRA (https://www.uerra.eu) and the Copernicus Climate Change
Service.
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Figure 3.A.3: Average Number of Days per Temperature Bin: Historical and Pro-
jected Distribution

Notes: The figure plots the historical and the projected average number of days per temperature bins. The average is
a weighted average across federal states, the weights corresponding to a federal state’s share in total CO2 emissions for
the manufacturing industry. The blue bars are historical temperatures, the red bars the projected temperatures for the
end of the century (2080-2099). Source: E-OBS dataset from the EU-FP6 project UERRA (https://www.uerra.eu) for the
historical data. Projection from the Copernicus Climate Change Service. The projections result from the business-as-usual
scenario (RCP8.5).
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3.B Additional Results

Table 3.B.1: Effect of Temperature on CO2 Emissions

Log of Total CO2 Emissions
(1) (2) (3) (4) (5)

[Temp < −8◦C] 0.00181*** 0.00172*** 0.00170*** 0.00180*** 0.00179***
(0.00030) (0.00036) (0.00035) (0.00032) (0.00032)

[−8◦C ≤ Temp < −4◦C] 0.00074** 0.00092** 0.00090** 0.00094*** 0.00092***
(0.00033) (0.00036) (0.00036) (0.00030) (0.00030)

[−4◦C ≤ Temp <0◦C] 0.00095*** 0.00118*** 0.00115*** 0.00105*** 0.00104***
(0.00029) (0.00031) (0.00031) (0.00026) (0.00026)

[0◦C ≤ Temp <4◦C] 0.00057*** 0.00082*** 0.00081*** 0.00074*** 0.00073***
(0.00022) (0.00023) (0.00023) (0.00020) (0.00020)

[4◦C ≤ Temp <8◦C] 0.00021 0.00049*** 0.00048*** 0.00046*** 0.00046***
(0.00018) (0.00018) (0.00018) (0.00016) (0.00016)

[8◦C ≤ Temp <12◦C] -0.00024* 0.00003 0.00002 0.00002 0.00002
(0.00014) (0.00012) (0.00012) (0.00011) (0.00011)

[16◦C ≤ Temp <20◦C] -0.00012 -0.00013 -0.00012 -0.00014 -0.00014
(0.00010) (0.00010) (0.00010) (0.00009) (0.00009)

[20◦C ≤ Temp <24◦C] 0.00030* 0.00024 0.00023 0.00013 0.00013
(0.00016) (0.00017) (0.00017) (0.00015) (0.00015)

[24◦C < Temp ] -0.00040 -0.00031 -0.00032 -0.00029 -0.00029
(0.00032) (0.00032) (0.00032) (0.00028) (0.00028)

Year-Sizeclass Fixed Effects No No Yes No Yes
Year-Export Fixed Effects No No No Yes Yes
Year-East-West Fixed Effects No Yes Yes Yes Yes
Year-Sector Fixed Effects Yes Yes Yes Yes Yes
Firm Fixed Effects Yes Yes Yes Yes Yes
Observations 467,726 467,726 467,726 467,726 467,726
R-squared 0.97838 0.97840 0.97841 0.97976 0.97977

Notes: The table reports the coefficient estimates for all temperature bins using different regression specifications, i.e. different
fixed effects. The effects are estimated based on an unbalanced panel covering the period 2005 to 2017. The dependent variable
is the logarithm of total carbon emissions. Standard errors clustered at the district level and four-digit industry level are reported
in parentheses. Source: Research Data Centres of the Federal Statistical Office and the Statistical Offices of the Länder: AFiD-
Panel Kostenstrukturerhebung und Energieverwendung, 2005-2017, own calculations.
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Table 3.B.2: Effect of Temperature on Direct CO2 Emissions

Log of Direct CO2 Emissions
(1) (2) (3) (4) (5)

[ Temp < −8C] 0.00585*** 0.00653*** 0.00650*** 0.00659*** 0.00657***
(0.00061) (0.00068) (0.00068) (0.00065) (0.00065)

[−8◦C ≤ Temp < −4◦C] 0.00498*** 0.00540*** 0.00538*** 0.00547*** 0.00544***
(0.00065) (0.00068) (0.00068) (0.00064) (0.00064)

[−4◦C ≤ Temp <0◦C] 0.00369*** 0.00411*** 0.00409*** 0.00402*** 0.00400***
(0.00050) (0.00052) (0.00052) (0.00049) (0.00049)

[0◦C ≤ Temp <4◦C] 0.00204*** 0.00242*** 0.00241*** 0.00236*** 0.00235***
(0.00036) (0.00038) (0.00037) (0.00036) (0.00036)

[4◦C ≤ Temp <8◦C] 0.00115*** 0.00160*** 0.00160*** 0.00158*** 0.00158***
(0.00031) (0.00030) (0.00030) (0.00028) (0.00028)

[8◦C ≤ Temp <12◦C] −0.00013 0.00037** 0.00037** 0.00035* 0.00035*
(0.00020) (0.00018) (0.00018) (0.00018) (0.00018)

[16◦C ≤ Temp <20◦C] -0.00036* -0.00039** -0.00039** -0.00040** -0.00040**
(0.00019) (0.00019) (0.00018) (0.00018) (0.00018)

[20◦C ≤ Temp <24◦C] -0.00087*** -0.00116*** -0.00117*** -0.00126*** -0.00126***
(0.00026) (0.00027) (0.00027) (0.00026) (0.00026)

[24◦C < Temp ] -0.00267*** -0.00256*** -0.00257*** -0.00258*** -0.00258***
(0.00061) (0.00061) (0.00061) (0.00059) (0.00059)

Year-Sizeclass Fixed Effects No No Yes No Yes
Year-Export Fixed Effects No No No Yes Yes
Year-East-West Fixed Effects No Yes Yes Yes Yes
Year-Sector Fixed Effects Yes Yes Yes Yes Yes
Firm Fixed Effects Yes Yes Yes Yes Yes
Observations 437,192 437,192 437,192 437,192 437,192
R-squared 0.94486 0.94493 0.94493 0.94562 0.94562

Notes: The table reports the coefficient estimates for all temperature bins using different regression specifications, i.e. different fixed
effects. The effects are estimated based on an unbalanced panel covering the period 2005 to 2017. The dependent variable is the
logarithm of direct carbon emissions, i.e. total emissions minus emissions resulting from electricity bought from the grid system. Stan-
dard errors clustered at the district level and four-digit industry level are reported in parentheses. Source: Research Data Centers of
the Federal Statistical Office and the Statistical Offices of the Länder: AFiD-Panel Kostenstrukturerhebung und Energieverwendung,
2005-2017, own calculations.
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Table 3.B.3: Effect of Temperature on CO2 Emissions from Electricity Use

Log of CO2 Emissions from Electricity Use
(1) (2) (3) (4) (5)

[ Temp < −8◦C] 0.00031 0.00013 0.00011 0.00021 0.00019
(0.00038) (0.00047) (0.00047) (0.00042) (0.00043)

[−8◦C ≤ Temp < −4◦C] -0.00062** -0.00053 -0.00055 -0.00052* -0.00055*
(0.00030) (0.00034) (0.00034) (0.00029) (0.00029)

[−4◦C ≤ Temp <0◦C] 0.00002 0.00019 0.00016 0.00006 0.00004
(0.00028) (0.00031) (0.00031) (0.00027) (0.00026)

[0◦C ≤ Temp <4◦C] -0.00004 0.00019 0.00018 0.00010 0.00009
(0.00023) (0.00025) (0.00024) (0.00022) (0.00022)

[4◦C ≤ Temp <8◦C] -0.00013 0.00010 0.00009 0.00008 0.00007
(0.00020) (0.00021) (0.00020) (0.00018) (0.00018)

[8◦C ≤ Temp <12◦C] -0.00023 -0.00003 -0.00003 -0.00003 -0.00003
(0.00015) (0.00013) (0.00013) (0.00013) (0.00013)

[16◦C ≤ Temp <20◦C] -0.00009 -0.00011 -0.00010 -0.00013 -0.00012
(0.00011) (0.00012) (0.00012) (0.00011) (0.00011)

[20◦C ≤ Temp <24◦C] 0.00074*** 0.00073*** 0.00073*** 0.00063*** 0.00063***
(0.00018) (0.00020) (0.00020) (0.00018) (0.00018)

[24◦C < Temp ] 0.00065** 0.00071** 0.00071** 0.00073*** 0.00074***
(0.00031) (0.00032) (0.00032) (0.00028) (0.00028)

Year-Sizeclass Fixed Effects No No Yes No Yes
Year-Export Fixed Effects No No No Yes Yes
Year-East-West Fixed Effects No Yes Yes Yes Yes
Year-Sector Fixed Effects Yes Yes Yes Yes Yes
Firm Fixed Effects Yes Yes Yes Yes Yes
Observations 465,155 465,155 465,155 465,155 465,155
R-squared 0.97436 0.97437 0.97438 0.97592 0.97593

Notes: The table reports the coefficient estimates for all temperature bins using different regression specifications, i.e. different
fixed effects. The effects are estimated based on an unbalanced panel covering the period 2005 to 2017. The dependent variable
is the logarithm of carbon emissions from electricity bought from the grid system. Standard errors clustered at the district level
and four-digit industry level are reported in parentheses. Source: Research Data Centres of the Federal Statistical Office and the
Statistical Offices of the Länder: AFiD-Panel Kostenstrukturerhebung und Energieverwendung, 2005-2017, own calculations.
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Table 3.B.4: Effect of Temperature on CO2 Emissions from Oil Use

Log of CO2 Emissions from Oil Use
(1) (2) (3) (4) (5)

[ Temp < −8◦C] 0.00769*** 0.00731*** 0.00725*** 0.00710*** 0.00709***
(0.00107) (0.00117) (0.00114) (0.00117) (0.00115)

[−8◦C ≤ Temp < −4◦C] 0.00443*** 0.00430*** 0.00411*** 0.00392*** 0.00382***
(0.00086) (0.00086) (0.00086) (0.00083) (0.00083)

[−4◦C ≤ Temp <0◦C] 0.00392*** 0.00393*** 0.00392*** 0.00385*** 0.00385***
(0.00072) (0.00072) (0.00072) (0.00071) (0.00071)

[0◦C ≤ Temp <4◦C] 0.00209*** 0.00212*** 0.00218*** 0.00207*** 0.00212***
(0.00055) (0.00055) (0.00056) (0.00053) (0.00053)

[4◦C ≤ Temp <8◦C] 0.00122** 0.00140*** 0.00146*** 0.00146*** 0.00150***
(0.00050) (0.00049) (0.00048) (0.00047) (0.00047)

[8◦C ≤ Temp <12◦C] -0.00009 0.00014 0.00022 0.00024 0.00029
(0.00040) (0.00040) (0.00040) (0.00039) (0.00039)

[16◦C ≤ Temp <20◦C] -0.00090** -0.00090** -0.00086* -0.00085* -0.00083*
(0.00044) (0.00044) (0.00044) (0.00044) (0.00044)

[20◦C ≤ Temp <24◦C] -0.00140*** -0.00141*** -0.00135*** -0.00125** -0.00124**
(0.00051) (0.00053) (0.00052) (0.00052) (0.00051)

[24◦C < Temp ] -0.00093 -0.00059 -0.00044 -0.00015 -0.00008
(0.00100) (0.00104) (0.00102) (0.00103) (0.00101)

Year-Sizeclass Fixed Effects No No Yes No Yes
Year-Export Fixed Effects No No No Yes Yes
Year-East-West Fixed Effects No Yes Yes Yes Yes
Year-Sector Fixed Effects Yes Yes Yes Yes Yes
Firm Fixed Effects Yes Yes Yes Yes Yes
Observations 184,073 184,073 184,073 184,073 184,073
R-squared 0.83345 0.83351 0.83428 0.83557 0.83599

Notes: The table reports the coefficient estimates for all temperature bins using different regression specifications, i.e. different
fixed effects. The effects are estimated based on an unbalanced panel covering the period 2005 to 2017. The dependent variable
is the logarithm carbon emissions resulting from oil use. Standard errors clustered at the district level and four-digit industry level
are reported in parentheses. Source: Research Data Centres of the Federal Statistical Office and the Statistical Offices of the Länder:
AFiD-Panel Kostenstrukturerhebung und Energieverwendung, 2003-2017, own calculations.
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Table 3.B.5: Effect of Temperature on CO2 Emissions from Gas Use

Log of CO2 Emissions from Gas Use
(1) (2) (3) (4) (5)

[ Temp < −8◦C] 0.00425*** 0.00437*** 0.00436*** 0.00430*** 0.00430***
(0.00092) (0.00107) (0.00108) (0.00106) (0.00106)

[−8◦C ≤ Temp < −4◦C] 0.00327*** 0.00336*** 0.00337*** 0.00331*** 0.00333***
(0.00081) (0.00087) (0.00087) (0.00082) (0.00083)

[−4◦C ≤ Temp < 0◦C] 0.00315*** 0.00330*** 0.00328*** 0.00312*** 0.00312***
(0.00065) (0.00069) (0.00069) (0.00066) (0.00066)

[0◦C ≤ Temp < 4◦C] 0.00185*** 0.00201*** 0.00200*** 0.00186*** 0.00186***
(0.00048) (0.00052) (0.00052) (0.00050) (0.00050)

[4◦C ≤ Temp < 8◦C] 0.00101** 0.00127*** 0.00126*** 0.00118*** 0.00118***
(0.00039) (0.00040) (0.00040) (0.00039) (0.00039)

[8◦C ≤ Temp < 12◦C] 0.00022 0.00053** 0.00052** 0.00050** 0.00050**
(0.00024) (0.00025) (0.00025) (0.00024) (0.00025)

[16◦C ≤ Temp < 20◦C] -0.00028 -0.00034 -0.00035 -0.00034 -0.00034
(0.00027) (0.00027) (0.00027) (0.00027) (0.00027)

[20◦C ≤ Temp < 24◦C] 0.00024 0.00010 0.00009 -0.00001 -0.00001
(0.00034) (0.00037) (0.00036) (0.00035) (0.00035)

[24◦C < Temp ] -0.00063 -0.00042 -0.00045 -0.00041 -0.00043
(0.00073) (0.00076) (0.00076) (0.00074) (0.00074)

Year-Sizeclass Fixed Effects No No Yes No Yes
Year-Export Fixed Effects No No No Yes Yes
Year-East-West Fixed Effects No Yes Yes Yes Yes
Year-Sector Fixed Effects Yes Yes Yes Yes Yes
Firm Fixed Effects Yes Yes Yes Yes Yes
Observations 315,869 315,869 315,869 315,869 315,869
R-squared 0.93589 0.93591 0.93592 0.93660 0.93661

Notes: The table reports the coefficient estimates for all temperature bins using different regression specifications, i.e. different
fixed effects. The effects are estimated based on an unbalanced panel covering the period 2005 to 2017. The dependent variable
is the logarithm of carbon emissions resulting from gas use. Standard errors clustered at the district level and four-digit industry
level are reported in parentheses. Source: Research Data Centers of the Federal Statistical Office and the Statistical Offices of the
Länder: AFiD-Panel Kostenstrukturerhebung und Energieverwendung, 2003-2017, own calculations.
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Figure 3.B.1: The Effect of Seasonal Mean Temperatures on Emission Intensities

Notes: The figure plots the coefficients and standard errors that capture the effect of seasonal mean tem-
peratures on emission intensities. The effects are estimated based on an unbalanced panel covering the
period 2005 to 2017. The regression includes year-sector fixed effects, east-year fixed effects, exporter-year
fixed effects, and size-class-year fixed effects. Standard errors are clustered at the district level and at the
four-digit sector level. The height of the bars indicates the size of the point estimates. The thin lines show
the 95% confidence intervals. The total number of observations used for direct emissions was 437,192, for
indirect emissions 465,155, and for total emissions 467,726. Source: Research Data Centers of the Federal
Statistical Office and the Statistical Offices of the Länder: AFiD-Panel, 2005-2017.
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Figure 3.B.2: Effect of Temperature on Emissions: Split by Region

(a) Total Emissions (b) Direct Emissions (c) Indirect Emissions

(d) Total Emission Intensity (e) Direct Emission Intensity (f) Indirect Emission Intensity
Notes: Each subfigure plots coefficients from subsamples. Subsamples were formed based on plants’ geographic region. The regression
includes year by two-digit industry fixed effects, year-exporter fixed effects, region (east/west)-year fixed effects, and size-class-year
fixed effects. Solid lines connect the point estimates, dashed lines show the 95th confidence intervals. Standard errors are clustered at
the district level and at the four-digit sector level. The number of observations for total emissions among firms in the north is 183,053
and for firms in the south is 284,673, for direct emissions the number of observations is 171,242 and 265,950 respectively and for
indirect emissions the number of observations for firms in the north is 182,243 and for firms in the south 282,912. Source: Research
Data Centers of the Federal Statistical Office and the Statistical Offices of the Länder: AFiD-Panel Industriebetriebe, 1995-2017, own
calculations.
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Figure 3.B.3: Effect of Temperature on Emissions: Split by Labor Intensity

(a) Total Emissions (b) Direct Emissions (c) Indirect Emissions

(d) Total Emission Intensity (e) Direct Emission Intensity (f) Indirect Emission Intensity
Notes: Each subfigure plots coefficients from subsamples. Subsamples were formed based on plants’ labor intensity. The regression
includes year by two-digit industry fixed effects, year-exporter fixed effects, region (east/west)-year fixed effects, and size-class-year
fixed effects. Solid lines connect the point estimates, dashed lines show the 95th confidence intervals. Standard errors are clustered at
the district level and at the four-digit sector level. The number of observations for total emissions among firms with a high labor
intensity is 231,189 and 236,537 for firms with a low labor intensity, for direct emissions the number of observations is 214,505 and
222,687 respectively and for indirect emissions the number of observations for firms with a high labor intensity is 230,021 and for
firms with low labor intensity 235,134. Source: Research Data Centers of the Federal Statistical Office and the Statistical Offices of the
Länder: AFiD-Panel Industriebetriebe, 1995-2017, own calculations.
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Figure 3.B.4: Effect of Temperature on Emissions: Split by Age

(a) Total Emissions (b) Direct Emissions (c) Indirect Emissions

(d) Total Emission Intensity (e) Direct Emission Intensity (f) Indirect Emission Intensity
Notes: Each subfigure plots coefficients from subsamples. Subsamples were formed based on plants’ age. The effects are estimated
based on an unbalanced panel covering the period 2005 to 2017. The regression includes year by two-digit industry fixed effects,
year-exporter fixed effects, region (east/west)-year fixed effects and sizeclass-year fixed effects. Solid lines connect the point estimates
and the dashed lines show the 95th confidence intervals. Standard errors are clustered at the district level and at the four-digit sector
level. The number of observations for total emissions among older firms is 264,895 and for new firms 202,831; for direct emissions the
number of observations is 252,871 and 184,321 respectively and for indirect emissions the number of observations for older firms is
263,659 and for newer firms 201,496. Source: Research Data Centers of the Federal Statistical Office and the Statistical Offices of the
Länder: AFiD-Panel Industriebetriebe, 1995-2017, own calculations.
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Figure 3.B.5: Effect of Seasonal Mean Temperatures on Total Emissions, Direct Emissions
and Indirect Emissions

Notes: The figures show the estimated effects of seasonal mean temperatures on total emissions, direct
emissions and indirect emissions. The effects are estimated based on an unbalanced panel covering the
period 2005 to 2017. The regression includes year-sector fixed effects, east-year fixed effects, exporter-year
fixed effects, and size-class-year fixed effects. Standard errors are clustered at the district level and at the
four-digit sector level. The height of the bars indicates the size of the point estimates capturing the effect of
the seasonal mean temperature. The thin lines show the 95% confidence intervals. Two-digit sectors were
carefully aggregated as described in Section 3.5.3. Source: Research Data Centers of the Federal Statistical
Office and the Statistical Offices of the Länder: AFiD-Panel, 2005-2017.
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Table 3.B.6: Effect of Temperature on Gross Output

Log of Gross Output
(1) (2) (3) (4) (5)

[ Temp < −8◦C] -0.00132** -0.00046 -0.00058 -0.00019 -0.00029
(0.00054) (0.00050) (0.00049) (0.00035) (0.00034)

[−8◦C ≤ Temp < −4◦C] -0.00104*** -0.00057** -0.00067** -0.00040* -0.00049**
(0.00030) (0.00028) (0.00028) (0.00023) (0.00023)

[−4◦C ≤ Temp <0◦C] -0.00092*** -0.00045* -0.00048* -0.00032 -0.00035*
(0.00030) (0.00027) (0.00026) (0.00020) (0.00020)

[0◦C ≤ Temp <4◦C] -0.00035 0.00015 0.00011 0.00010 0.00007
(0.00024) (0.00022) (0.00022) (0.00016) (0.00016)

[4◦C ≤ Temp <8◦C] -0.00006 -0.00006 -0.00005 -0.00003 -0.00003
(0.00021) (0.00020) (0.00020) (0.00014) (0.00014)

[8◦C ≤ Temp <12◦C] 0.00012 0.00020 0.00021 0.00020** 0.00021**
(0.00015) (0.00013) (0.00013) (0.00010) (0.00010)

[16◦C ≤ Temp <20◦C] -0.00010 -0.00016 -0.00013 -0.00008 -0.00006
(0.00012) (0.00011) (0.00011) (0.00010) (0.00010)

[20◦C ≤ Temp <24◦C] 0.00112*** 0.00098*** 0.00097*** 0.00067*** 0.00066***
(0.00018) (0.00019) (0.00018) (0.00015) (0.00015)

[24◦C < Temp ] 0.00070** 0.00036 0.00034 0.00041* 0.00039*
(0.00028) (0.00026) (0.00026) (0.00021) (0.00021)

Year-Sizeclass Fixed Effects No No Yes No Yes
Year-Export Fixed Effects No No No Yes Yes
Year-East-West Fixed Effects No Yes Yes Yes Yes
Year-Sector Fixed Effects Yes Yes Yes Yes Yes
Firm Fixed Effects Yes Yes Yes Yes Yes
Observations 804,688 804,688 804,688 804,688 804,688
R-squared 0.94626 0.94651 0.94694 0.95798 0.95827

Notes: The table reports the coefficient estimates for all temperature bins using different specifications. The dependent variable is
the logarithm of gross output. Standard errors clustered at the district level and four digit industry level are reported in parenthe-
ses. Source: Research Data Centers of the Federal Statistical Office and the Statistical Offices of the Länder: AFiD-Panel Kosten-
strukturerhebung und Energieverwendung, 1995-2017, own calculations.
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Table 3.B.7: Temperature and Gross Output - Seasonal Mean and HDD

(1) (2) (3) (4)
1a. Seasonal Means - GO

Winter Mean 0.00525∗∗∗ 0.00439∗∗ 0.00522∗∗∗ 0.00418∗∗∗

(0.00185) (0.00201) (0.00193) (0.00147)

Spring Mean 0.00261 0.00062 0.00077 0.00077
(0.00247) (0.00253) (0.00252) (0.00192)

Summer Mean 0.01944∗∗∗ 0.01671∗∗∗ 0.01615∗∗∗ 0.01173∗∗∗

(0.00311) (0.00309) (0.00298) (0.00239)

Fall Mean 0.00114 -0.00472∗∗ -0.00424∗∗ -0.00296∗∗

(0.00206) (0.00201) (0.00198) (0.00147)
1b. Heating Degree Days - GO

HDD -0.00071∗∗∗ -0.00066∗∗∗ -0.00064∗∗∗ -0.00046∗∗∗

(0.00013) (0.00013) (0.00012) (0.00010)
Year-Sector FE Yes Yes Yes Yes
Year-East FE No Yes Yes Yes
Year-Export FE No No Yes Yes
Year-Size FE No No No Yes
Observations 800,426 800,426 800,426 800,426

Notes: The table reports the estimated effects of temperature on gross output. The effects are estimated based on an unbalanced
panel covering the period 1995 to until 2017. The explanatory variables in Panel A. are the seasonal mean temperatures. In Panel
B. explanatory variables are Heating Degree Days. Each column per panel corresponds to one regression. Standard errors given
in parentheses are clustered at the district level and at the four-digit sector level. Source: Research Data Centers of the Federal
Statistical Office and the Statistical Offices of the Länder: AFiD-Panel, 1995-2017.

Table 3.B.8: Temperature and Gross Output per Worker - Seasonal Mean and HDD

(1) (2) (3) (4)
1a. Seasonal Means - GO per Worker

Winter Mean 0.00220∗∗ 0.00161 0.00233∗∗ 0.00216∗

(0.00110) (0.00111) (0.00112) (0.00111)

Spring Mean -0.00055 -0.00152 -0.00131 -0.00116
(0.00144) (0.00146) (0.00146) (0.00142)

Summer Mean 0.00708∗∗∗ 0.00597∗∗ 0.00560∗∗ 0.00637∗∗∗

(0.00225) (0.00232) (0.00224) (0.00211)

Fall Mean 0.00076 -0.00140 -0.00114 -0.00130
(0.00118) (0.00122) (0.00119) (0.00121)

1b. Heating Degree Days - GO per Worker

HDD -0.00022∗∗∗ -0.00020∗∗ -0.00018∗∗ -0.00021∗∗

(0.00008) (0.00009) (0.00008) (0.00008)
Year-Sector FE Yes Yes Yes Yes
Year-East FE No Yes Yes Yes
Year-Export FE No No Yes Yes
Year-Size FE No No No Yes
Observations 800,426 800,426 800,426 800,426

Notes: The table reports the estimated effects of temperature on gross output per worker. The effects are estimated based on an unbalanced
panel covering the period 1995 to until 2017. The explanatory variables in Panel A. are the seasonal mean temperatures. In Panel B. explanatory
variables are Heating Degree Days. Each column per panel corresponds to one regression. Standard errors given in parentheses are clustered at
the district level and at the four-digit sector level. Source: Research Data Centers of the Federal Statistical Office and the Statistical Offices of
the Länder: AFiD-Panel, 1995-2017.
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Table 3.B.9: Temperature and Gross Output - Sample Splits

Log of Gross Output
Old vs. New Labor Intensity North vs. South

New Old Low High South North

[ Temp < −8◦C] -0.00004 -0.00036 -0.00014 -0.00069 -0.00076* -0.00096
(0.00047) (0.00037) (0.00044) (0.00043) (0.00042) (0.00084)

[−8◦C ≤ Temp < −4◦C] -0.00043 -0.00054** -0.00066** -0.00033 -0.00105*** -0.00045
(0.00041) (0.00025) (0.00028) (0.00032) (0.00038) (0.00049)

[−4◦C ≤ Temp <0◦C] -0.00017 -0.00045** -0.00043 -0.00039 -0.00097*** -0.00037
(0.00031) (0.00022) (0.00027) (0.00027) (0.00031) (0.00031)

[0◦C ≤ Temp <4◦C] -0.00001 0.00011 0.00008 0.00009 -0.00027 -0.00050*
(0.00024) (0.00018) (0.00022) (0.00022) (0.00025) (0.00028)

[4◦C ≤ Temp <8◦C] 0.00001 -0.00004 -0.00010 0.00005 -0.00019 -0.00058**
(0.00023) (0.00015) (0.00018) (0.00019) (0.00020) (0.00023)

[8◦C ≤ Temp <12◦C] 0.00020 0.00021** 0.00015 0.00022* 0.00006 -0.00046***
(0.00015) (0.00010) (0.00012) (0.00013) (0.00013) (0.00015)

[16◦C ≤ Temp <20◦C] -0.00019 -0.00002 -0.00006 -0.00005 -0.00010 0.00022
(0.00012) (0.00011) (0.00013) (0.00012) (0.00013) (0.00016)

[20◦C ≤ Temp <24◦C] 0.00053*** 0.00069*** 0.00077*** 0.00066*** 0.00052** 0.00016
(0.00018) (0.00016) (0.00018) (0.00019) (0.00021) (0.00022)

[24◦C < Temp ] 0.00059** 0.00031 0.00023 0.00040 -0.00060* 0.00026
(0.00027) (0.00025) (0.00029) (0.00028) (0.00034) (0.00043)

Observations 260,234 544,453 390,940 413,748 484,789 319,899
R-squared 0.95831 0.95594 0.94731 0.92263 0.95869 0.95788
Year-Sizeclass Fixed Effects Yes Yes Yes Yes Yes Yes
Year-Export Fixed Effects Yes Yes Yes Yes Yes Yes
Year-East-West Fixed Effects Yes Yes Yes Yes Yes Yes
Year-Sector Fixed Effects Yes Yes Yes Yes Yes Yes
Firm Fixed Effects Yes Yes Yes Yes Yes Yes

Notes: The table reports the coefficient estimates for all temperature bins from the baseline model estimated on subsamples with
the logarithm of gross output as the dependent variable. Standard errors clustered at the district level and four-digit industry level
are reported in parentheses. Plants observed as early as 1995 are classified as old plants. Plants with a labor-to-sales ratio above the
60th percentile are classified as ”high labor intensity”. Plants with a labor to sales ratio below the 40th percentile are classified as
low labor intensity plants. Source: Research Data Centers of the Federal Statistical Office and the Statistical Offices of the Länder:
AFiD-Panel Industriebetriebe, 2003-2017, own calculations.

Table 3.B.10: Projected Change of Gross Output in %

Effect on Sales Time Horizon EC-EARTH-RCA4 (RCP8.5) EC-EARTH-RCA4 (RCP2.6) MPI-ESM-LR-CCLM (RCP8.5) MPI-ESM-LR-CCLM (RCP2.6)
Sales Mid Century 1.07 0.10 1.08 0.44
Sales End Century 2.52 0.15 2.24 0.50
Sales - Cumulative Effect - (1 Lag) Mid Century 2.24 0.14 2.26 0.86
Sales - Cumulative Effect - (1 Lag) End Century 5.28 0.16 4.82 0.94

Notes: The table shows the percentage change in gross output for the average firm that results from combining the regression estimates from the baseline model with the
projected change in temperatures. Mid century refers to the average of the period 2050-2069 and end century to the average of the period 2080-2099. The columns are
different combinations of climate models and CO2 emission scenarios.
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Figure 3.B.6: Estimated Effect of a Day in 9 Temperature Bins on Investment Relative to
a Day in the 12°C to 16°C Bin

Notes: The figure plots the coefficients and standard errors for each temperature bin. The dependent vari-
able is expenditure on investment and machinery after an inverse hyperbolic sine transformation. The
effects are estimated based on an unbalanced panel covering the period 1995 to 2017. The regression in-
cludes year-sector fixed effects, east-year fixed effects, exporter-year fixed effects, and size-class-year fixed
effects. Standard errors are clustered at the district level and at the four-digit sector level. The number of
observations is 773,765. Source: Research Data Centers of the Federal Statistical Office and the Statistical
Offices of the Länder: AFiD-Panel, 2005-2017.
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Figure 3.B.7: Effect of Seasonal Mean Temperatures on Gross Output / Gross Output per
Worker by Economic Sector

Notes: The figures show the sectoral effects of seasonal mean temperatures on gross output and gross
output per worker. The effects are estimated based on an unbalanced panel covering the period 1995 to
2017. The regression includes year-sector fixed effects, east-year fixed effects, exporter-year fixed effects,
and size-class-year fixed effects. Standard errors are clustered at the district level and at the four-digit sector
level. The height of the bars indicates the size of the point estimates capturing the effect of the seasonal
mean temperature. The thin lines show the 95% confidence intervals. Two-digit sectors were carefully
aggregated as described in Section 3.5.3. Source: Research Data Centers of the Federal Statistical Office and
the Statistical Offices of the Länder: AFiD-Panel, 2005-2017.
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Chapter 4

Import Competition and Firm-Level CO2

Emissions: Evidence from the German

Manufacturing Industry

Jakob Lehr

Abstract Using the German census of the manufacturing industry, I analyze the impact

of import competition on carbon emissions per unit of deflated sales (emission intensity).

I combine precise information on firm-level CO2 emissions with sector-level trade flows.

Looking at the period 1995 until 2017, I focus on the impact of the rise of Eastern Europe

and China while addressing the endogeneity of trade flows with an instrumental variable

approach. The baseline results suggest that a 1pp increase in the import penetration ratio

caused a reduction of the average firms’ emission intensity by approximately 0.45%. This

result implies that the rise of the joint East kept the average firm emission intensity 10%
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below the level it would have had in the absence of the East’s rise. Finally, I do not find

indication for reallocation of production towards more efficient firms.

4.1 Introduction

How trade and globalization affect environmental performance and, in particular, climate

change is an important and widely discussed topic (cf. Copeland and Taylor, 2004; Cherni-

wchan et al., 2017). While older studies have mostly focused at country or sector-level

effects (cf. Copeland and Taylor, 1994; Cole and Elliott, 2003) more recent works have

emphasized the importance of the underlying firm-level response to trade and globaliza-

tion (cf. Barrows and Ollivier, 2018; Gutiérrez and Teshima, 2018; Cherniwchan, 2017;

Forslid et al., 2018). For instance, this research has explored the role of Foreign Direct

Investment on firms’ energy use (Brucal et al., 2019) or the effect of firms’ exporting status

on CO2 intensity of production (Richter and Schiersch, 2017). However, little is known

about how import competition affects firms’ CO2 emissions and emission intensity. My pa-

per addresses this gap by analyzing the effect of import competition on CO2 emissions per

unit of sales in the German manufacturing industry.1

The role of competition in general and import competition in particular on firm-level pro-

ductivity has received much attention in the literature. For example, Schmidt (1997) ar-

gues that increasing competition poses a threat to firms’ survival and thus force managers

to reduce slack. Indeed, previous empirical research that looks at firms in Europe has

established a positive link between import competition and productivity and innovation

(cf. Holmes and Schmitz, 2001; Bloom et al., 2015; Shu and Steinwender, 2019; Chen
1In recent years, the German manufacturing sector emitted approximately 200 million tons of CO2 an-

nually, which is roughly one quarter of total emissions in Germany. These figures highlight the significance
of the manufacturing sector’s contribution to climate change and its central role in the German economy.
The manufacturing sector in Germany absorbs more than 15% of Germany’s labor force and contributes
approximately one quarter to Germany’s gross domestic product.
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and Steinwender, 2021). A separate literature in environmental and energy economics

has described the so-called ”energy efficiency paradox” which refers to the observation

that firms systematically forego improvements in energy efficiency despite a positive net

present value (DeCanio, 1993). Thus from the perspective of a manager who needs to cut

costs to ensure the firm’s survival, improvements in energy efficiency might appear as a ”a

low hanging fruit”. I therefore expect fierce competition to have a negative effect on the

CO2 intensity of production.

For the empirical analysis I combine the German census of the manufacturing industry

with sector-level trade flows. The census data spans more than two decades from 1995

until 2017, covers the universe of manufacturing plants with more than 20 employees (≈

40.000 plants annually), and provides, among other things, detailed information on plant-

specific fuel use. This information allows calculating CO2 emissions based on fuel-specific

conversion factors.

To identify the effect of import competition on emission intensity, I exploit the rise of China

and Eastern Europe as major actors in the world economy. A rising share of imported

manufacturing goods in Germany originating from these regions is a manifestation of this

process (cf. Figure 4.1.1). Indeed the rise of the East coincided with a substantial decline

in the ratio of total CO2 emissions to deflated sales.2 For example between 1995 and 2017

CO2 emissions per unit of sales declined by almost 40% while the share of imports from

the East rose from 10% to almost 30% (cf. Figure 4.1.1). To uncover causal effects, I

exploit the across sector variation in exposure to imports from the East, and I address

the endogeneity of imports with an instrumental variable approach following Autor et al.

(2014) and Autor et al. (2020).
2To deflate sales I use the 4-digit sector specific producer price indices published by the German statistical

office (”Statistisches Bundesamt, Index der Erzeugerpreise gewerblicher Produkte (Inlandsabsatz) - Lange
Reihen der Fachserie 17 Reihe 2”).
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Figure 4.1.1: Emission Intensity and Trade Exposure

Notes: The figure shows the evolution of total emission intensity (i.e. CO2 emissions per unit
of deflated sales) relative to 2002/2003 and the change in the share of imports from China and
Eastern Europe (i.e. imports from ”the East” divided by total imports) Source: Research Data
Centres of the Federal Statistical Office and the Statistical Offices of the Länder: AFiD-Panel
and BAKI trade data, 1995-2017.

This paper relates to several strands in the literature. First and foremost it contributes to

the literature on trade, globalization, and its effect on the environment.3 By looking at

the effect of import competition on CO2 emission intensity in Germany, it relates closely

to Gutiérrez and Teshima (2018) who study the effect of import competition on firms’

energy efficiency, abatement expenditures and air pollution in Mexico. Using a measure

of firms’ exposure to output tariffs between 2000 - 2003, they find that energy efficiency

increases with import competition while abatement expenditure decreases. Pollution levels

around plants decrease when import competition increases, suggesting that the net effect

of competition on environmental performance is positive. Cherniwchan (2017) studies the

3See Cherniwchan (2017) and Copeland et al. (2021) for recent reviews of the literature linking trade to
the environment.
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effect of trade liberalization in the context of the North American Free Trade Agreement

(NAFTA) on US manufacturing plants’ emissions of local pollutants (sulfur dioxide and

particulate matter). He finds that lower Mexican tariffs lead to fewer emissions of SO2 and

PM10, which he attributes to the increased availability of emission intensive intermediate

inputs and export opportunities for American manufacturers. The latter effect, i.e., an

environmental exporter-premium, has been documented in various other contexts, e.g.,

Richter and Schiersch (2017) show that exporting firms in Germany are less emission

intensive and that emission intensity decreases with an increasing export share. Similarly,

Barrows and Ollivier (2021) show that emission intensity among manufacturing firms from

India decreases when demand in their export destinations goes up. However, the decline

in emission intensity only partially off-sets the increase in total emissions resulting from

higher production levels caused by the demand expansion.

The paper further relates to the literature on the determinants of energy efficiency and

the so-called ”energy efficiency paradox” (cf. DeCanio, 1993; Jaffe and Stavins, 1994;

Gerarden et al., 2017). As described above, the paradox refers to a seemingly sub-optimal

firm behavior regarding energy use. It further manifests itself in a large dispersion of

energy intensities within narrowly defined sectors. The literature has identified several

potential explanations for inefficient energy use such as managerial inability (cf. Bloom

et al., 2010; Martin et al., 2012), capital constraints (cf. Levine et al., 2018; De Haas

et al., 2021) or market conditions such as size (Forslid et al., 2018). By linking changes in

the level of competition to changes in CO2 intensity, I investigate a further determinant of

energy efficiency.

More broadly, my paper contributes to the literature investigating the effect of import

competition from China and Eastern Europe on the manufacturing sector in western in-
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dustrialized countries.4. For instance, Bloom et al. (2015) relate changes in the share of

Chinese imports at the sector-level to firm-level innovation measures, documenting ”trade

induced technical change,” i.e., technological upgrading, more patenting, and higher TFPR

among European firms. Chen and Steinwender (2021) find positive effects of import com-

petition on productivity among initially unproductive family-owned firms in Spain. They

provide evidence that competition forces unproductive firms to eliminate X-inefficiencies

and improve material usage. These results for firms operating in Europe stand in some

contrast to findings by Autor et al. (2020) who analyze the change in imports from China

on innovation measures among manufacturing firms in the US. They find a negative effect

of increasing import competition on R&D expenditure and patenting. Indeed, the literature

on import competition and innovation summarized by Shu and Steinwender (2019) finds

”largely positive evidence for such [import competition increasing innovation] in Europe,

and mixed evidence for such in Northern America”.

Starting with a motivating exercise at the aggregate level, I decompose the three-digit-

sector-level emission intensity in a ”between-firm” and a ”within-firm” component (cf. Ol-

ley and Pakes, 1996). I find that total sector-level emission intensity is negatively related

to imports from the East. The decomposition yields no indication for a negative effect

of import competition on the covariance between emission intensity and market share,

which captures the ”between-firm” component. Thus, the sector-level analysis suggests

that within-firm changes drive the efficiency-enhancing effect of import competition on

sectoral emission intensity instead of a reallocation of market shares towards more pro-

ductive firms.
4An abundant literature studies the labor market consequences, both on the regional and individual level,

e.g., Autor et al. (2013), Acemoglu et al. (2016) and Autor et al. (2014) look at the US and Dauth et al.
(2014) analyze the case of Germany. These papers document negative effects of import competition on
employment. For the US, the China shock appears to be most relevant, whereas, for Germany, the rise of
Eastern Europe was more critical.
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The main firm-level analysis confirms the result from the sectoral decomposition. Baseline

estimates imply a decrease of emission intensity by approximately 0.45% in response to a

1pp increase in the share of imports from the East relative to baseline absorption (import

penetration ratio). The negative effect of import competition on emission intensity is in

line with findings for Mexico by Gutiérrez and Teshima (2018) which I introduced above.

By looking separately at firms’ CO2 emissions and sales, I show that both decline due to

increased import competition. However, the response of emissions is larger in magnitude,

causing emission intensity to decline. The effect is centered on firms with above-median

emission intensity, underlining the relevance of the effect for aggregate emissions. Further-

more, it is more pronounced among firms with below-median export shares and stronger

among firms operating in sectors with low import penetration in 1995.

The results are robust to alternations of the regression specification. In the discussion

section, I analyze the effect of import competition on emissions per unit of value-added,

which can be calculated for a sub-sample of firms. This analysis yields quantitatively sim-

ilar results and at least partly address the concern that ”leakage” explains reductions in

emission intensity of sales. The baseline results are also robust to an alternative identifica-

tion strategy based on gravity residuals presented in the paper’s Appendix.

The remainder of the paper is structured as follows: in Section 4.2 I outline the empirical

approach, and Section 4.3 introduces the dataset, shows descriptive statistics, and pro-

vides first results at the sector-level to motivate the main analysis. Main results from the

firm-level analysis are presented in Section 4.4 together with robustness checks and effect

heterogeneities. Section 4.5 discusses the finding, presents auxiliary results and finally

concludes.
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4.2 Empirical Approach

To estimate the effect of import competition on firm-level outcomes consider the following

regression specification.

yitz = β0 + αIPREast
zt + νi + εitz (4.1)

The dependent variable yitz can be any outcome of firm i in year t operating in sector z.

The coefficient of interest α captures the effect of an industry’s exposure to imports from

the East defined as total imports from the East in year t scaled with initial absorption (cf.

Autor et al., 2020). Concretely, the ”import penetration ratio” is defined as follows:

IPREast
zt ≡ ImpEastzt

Yz,1995 + Impz,1995 − Expz,1995
(4.2)

Finally, εitz in eqation 4.1 is a random error term. I follow Bloom et al. (2015) by taking

long differences (four years) which eliminates the firm fixed effect νi. The differenced

equation reads as follows:

∆yitz = β0 + α∆IPREast
zt + ∆εitz (4.3)

The regressions I take to the data may or may not include additional sets of fixed effects,

e.g. year dummies or year by emission intensity decile dummies, to control for annual

shocks or shocks occurring along the energy-intensity distribution.

To estimate a causal effect of the trade exposure of a sector on firm-level outcomes requires

addressing the endogeneity of trade flows. For instance, demand conditions in Germany

are expected to affect imports and domestic firms’ behavior simultaneously. I employ an

instrumental variable (IV) strategy similar to Autor et al. (2013) and Dauth et al. (2014)
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to isolate the supply-driven increase in imports form the East, i.e. the component of the

change in imports caused by the arguably exogenous rise of China and Eastern Europe. To

instrument the change in imports from the East to Germany in industry z, I use the change

in trade flows from the East in industry z to a set of other countries.5

IPROther←East
zt ≡ ImpOther←Eastzt

Yz,1995 + Impz,1995 − Expz,1995

The idea is that part of the variation in the imports from the East to Germany is due to a

rising comparative advantage of the East or lower trade costs. The instrument is relevant

for this part of the variation as the rise of the East also affects trade flows to the other

countries. The other part of the variation is due to domestic conditions inside Germany.

As explained above, I need to separate out this component of the total change in the IPR.

Under the assumption that demand conditions in Germany are orthogonal to the demand

conditions in the chosen set of other countries, the instrument separates the exogenous

component of trade flows to Germany from the endogenous. Moreover, for the instrument

to be valid, I need to assume that trade flows between the set of other countries and the

East have no direct effect on German firms (exclusion restriction). These considerations

need to guide the selection of an appropriate set of countries for the instrument group. I

follow Dauth et al. (2014) who included Australia, Canada, Japan, Norway, New Zealand,

Sweden, Singapore, and the United Kingdom. All of which are high-income countries but

neither directly border Germany nor is any of them a member of the European Mone-

tary Union (EMU). Dauth et al. (2014) argue that demand conditions among neighboring

countries are too similar and that the fixed exchange rate within the EMU might cause a

5Ideally, I would like to use lagged absorption from the period before the rise of the East in the denomina-
tor of the instrument. Due to data limitations this was not possible, however. The statistical office provides
production data at the economic sector-level, based on the sector classification from 1993, only since 1995.
Before 1995 information on sectoral production is available for the sector classification from 1979. The
statistical office could not provide a mapping between the classifications.
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violation of the exclusion restriction if changes in trade flows between other countries and

the East directly affect German industries. Finally, for the instrument to work, it needs to

be relevant, which can be tested however, and is indeed confirmed by the first-stage results

reported in Section 4.4.

4.3 Data, Descriptive Statistics and Motivating Exercises

4.3.1 Data

The main data source is the German census of the manufacturing industry called AFiD

(Amtliche Firmendaten für Deutschland). The census data covers the universe of German

industrial plants with more than 20 employees. The data consists of different ”modules”

of which I combine ”AFiD Modul Industriebetriebe” (industrial plants module) with ”AFiD

Modul Energieverbrauch” (energy use module). The ”industrial plants module” contains

economic variables such as sales, sales abroad, number of employees and investment. The

energy use module details plant-specific energy use by fuel type. Energy use is reported

in physical units (kWh) and can thus be converted to CO2 emissions based on fuel-specific

conversion factors (c.f. Richter and Schiersch, 2017; Petrick et al., 2011). To calculate

plant-level CO2 emissions, I draw upon the conversion factors provided by the Umwelt

Bundesamt (a Federal Agency).6 One major caveat with the energy data is a break in the

reporting between 2002 and 2003. The time series before and after 2003 is internally

consistent. In my estimation, I make sure to exclude variation that results from the break

in the reporting.7 Finally, I aggregate plant-level information to the firm-level. The final

6A table with the relevant information can be found here, last retrieved 18.11.2020. The table gives the
fuel-specific time-varying CO2 content per terajoule. This unit can be converted to CO2 per kWh. We then
multiply the fuel use in kWh with the respective conversion factor to obtain the CO2 emissions. We take the
average carbon content for electricity purchased from the grid system, which varies by year.

7For a detailed description of the energy use module as well as the change in reporting, see Petrick et al.
(2011)
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firm-level data set is an unbalanced panel covering 1995 until 2017.

I supplement the main data with the so-called ”cost structure survey” which is also part of

the German census. The cost structure survey provides information on intermediate input

expenditure, which allows calculating value-added. I estimate the effect of import com-

petition on the emission intensity of value-added for comparison. Since the cost structure

survey is an unbalanced panel, including most firms for four consecutive years only, the

analysis of the effect of import competition on value-added is only feasible for a subsample

of firms. This sampling procedure also dictates the choice of the differencing, i.e. taking

longer than four-year differences would not be feasible with this data.

I rely on the BAKI database for information on bilateral trade flows, which is constructed

from the United Nations Commodity Trade Statistics Database (Comtrade) and provided

by CEPII. The database reports trade flows at the 6-digit product level from the Harmo-

nized System (HS) nomenclature. To merge the trade information to the firm-level data, I

aggregate from the product level to the 3-digit economic sector-level using the classifica-

tion from 1993 (equivalent to NACE industry codes).8

The final dataset is cleaned from outliers. Specifically, I drop firms with either CO2 emission

intensity, the four-year change in CO2 emission intensity or sales below the 1st percentile

or above the 99th percentile. I also omit the economic sectors ”Manufacture of office ma-

chinery and computers” (WZ 30) and ”manufacturing of radio, television and communication

equipment and apparatus” (WZ32). Over the period 1995 to 2017, both sectors have been

subject to rapid technological changes, quality upgrading, and falling prices. Because of

8To be precise, I first convert the product-level information from HS92 to SITC3 (conversion table was
downloaded here) and then I map from SITC3 to the 3-digit industry classification using the same mapping as
Dauth et al. (2014). The industry classification from 1993 was in place until 2008 with minor modifications
in 2003. Therefore, I omit all firms from the analysis that were first observed only after 2008 since the
economic sector based on the classification from 1993 is unknown for these firms.
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this development, the producer price index in these sectors are outliers making a compar-

ison of deflated sales as measures of physical output over time difficult.9 In a robustness

check I show results obtained from a sample that includes both sectors.

4.3.2 Descriptive Statistics

Table 4.3.1 shows summary statistics for firm-level variables pooled over the period 1995

until 2017. The average firm has close to 100 employees and generates approximately

17 million euros annual turnover. The median for both - employees and gross output - is

considerably lower than the average (54 employees and 6.5 million turnover), indicating

a right-skewed distribution. Similarly, the average export share amounts to 18%, while

the median export share is only 7%. At the 90th percentile, exports account for the ma-

jority of total sales (56%). In addition to indicators of economic performance, Table 4.3.1

summarizes total energy use in megawatt-hours (MWh), electricity use in MWh, as well

as total CO2 emissions in tons (t). On average, firms used 4575 MWh annually, of which

approximately one-third was electricity purchased from the grid (1872 MWh). The av-

erage firm’s energy use caused 1639 tons CO2 emissions. Comparing the median firm’s

energy use with the energy use at the 90th percentile indicates that energy consumption

and related emissions appear to be very concentrated (even more right-skewed than the

econ. variables with a p90 to p50 ratio of approximately 10).

Table 4.B.2 in the Appendix provides further information regarding the exposure of the

German manufacturing sector to imports from the East. For instance, total manufacturing

imports from China in 1995 amounted to only 8 billion USD, which corresponds to an

import share of just 2%. Until 2017 this share rose to 9%, corresponding to imports worth

9The average PPI in the manufacturing sector increased moderately from 94 in 1995 to 107 in 2017
(indexed to 100 in 2010), while the average PPI in WZ 30 collapsed from 307 to 81 and in WZ 32 from 217
to 89 in the same period.
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Table 4.3.1: Descriptive Statistics: Firm-Level Information

Variable Mean Std. Dev p10 p50 (Median) p90 N
Number of Employees 99 117.6 25 54 226 752197
Gross Output 17111.71 28799.70 1859.68 6553.98 43284.27 752197
Export Share 0.18 0.24 0 .07 0.56 752197
Total Energy (in MWh) 4575.96 22549.41 161.24 892.706 90110.92 752197
Total CO2 Emissions (in t) 1639.049 4966.97 66.64 418.04 3599.66 752197
Total electricity (in Mwh) 1872.07 5715.37 64.07 410.91 4219.11 752197

Notes: The table shows the average of respective variables from the period 1995-2017. Deflated Sales is in 1000 Euro, energy use
(total and electricity) is in MwH and CO2 emissions in tons. Source: Research Data Centres of the Federal Statistical Office and the
Statistical Offices of the Länder: AFiD-Panel Industriebetriebe, 1995-2017, own calculations.

89 billion. Similarly, imports from Eastern Europe rose from 32 billion USD (≈8% of total

imports) in 1995 to 200 USD in 2017, corresponding to an import share of close to 20%.

These averages mask substantial variation across the 22 two-digit economic sectors, as

can be seen in the last two rows of Table 4.B.2: the share of imports from the joint East

in the initially least exposed sector (manufacturing of tobacco products) was merely 1%

in 1995. In contrast, the most exposed sector’s import share amounted to 27% already

(Textiles). Twenty-two years later the import share from the East ranged from 11% in

”manufacturing of chemicals and chemical products” to 58% in ”Manufacturing of office

machinery and computers”. The initial import share in the chemical industry was 6% in

1995 and in ”manufacturing of office machinery and computers” only around 3%. The

rise in this sector was driven by imports from China after its WTO accession. The import

share in ”manufacturing of tobacco products” increased to ≈ 51% in 2017 driven mainly

by Eastern Europe. This increase started in 2004 when the Eastern enlargement of the

European Union happened. Indeed, between 1995 and 2017 the share of imports from the

joint East rose in all sectors.

Finally, to verify that my measure of import penetration as defined in equation 4.2 in

section 4.2 captures changes in competitive pressure, I project changes in the sectoral

producer price indices (PPI) on changes in the import penetration ratio. An increase in

competition is expected to depress domestic producers’ markups and thus result in smaller

176



price inflation. Results reported in Table 4.B.1 are in line with this hypothesis. All estimates

of the effect of changes in the IPR on changes in the sectoral PPI are negative and highly

significant. Columns 1 and 2 of Table 4.2 indicate that a 1pp increase in the IPR depresses

the sectoral PPI by 0.4%. Using the change in levels yields qualitatively similar results.10

4.3.3 Motivating Exercise: Sectoral Decomposition of Emission Inten-

sity

Before I turn to the actual firm-level analysis of the effect of import competition on firms’

emission intensity, I describe the evolution of aggregate sectoral emission intensity from

1995 until 2017. Following Olley and Pakes (1996) and Brucal et al. (2019), I decom-

pose aggregate sector-level-emission-intensity in an unweighted mean and a covariance

term. The latter captures the association between firms’ market share and their emission

intensity. The following expression describes the decomposition:

Wzt =
∑
i∈Z

sitlnEit︸ ︷︷ ︸
Weighted CO2 intensity

in sector z

= lnEzt︸ ︷︷ ︸
Unweighted avg.

intensity

+
∑
i∈Z

(sit − st)(lnEit − lnEt)︸ ︷︷ ︸
Covariance

(4.4)

where sit is the share of sales by firm i in total sales in sector z (i′s market share) at time

t, lnEzt is the average emission intensity from all firms in sector z and st is the average

market share in sector z.

The aggregate weighted emission intensity in sector z (Wzt) can be re-written as the av-

erage emission intensity from all firms in sector z (lnEzt) and the covariance term. A

negative covariance implies higher market shares for more carbon-efficient firms (the in-

verse of carbon intensity) and thus reflects ”allocative efficiency”. Changes in this term

10The reference year of the PPI is 2010, i.e. the price index was set to 100 in 2010 for all sectors.
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capture a reallocation of market shares toward firms with higher carbon efficiency, and

changes in the unweighted average emission intensity reflect changes in carbon efficiency

within firms.

Figure 4.3.1 shows the evolution of the weighted average, the unweighted average, and

the covariance term averaged across economic sectors. One can see that the weighted

average decreased by approximately 40% between 1995 and 2017 as indicated by the

solid black line. Interestingly, within-firm changes (dotted red line) drive this process

almost entirely. Reallocation has played only a minor role in decreasing the weighted

emission intensity, contributing at most four percentage points, as seen from the dashed

blue line. The most visible drop in the covariance term happened between 2007 and

2009, coinciding with the financial crisis. The financial crisis caused the most significant

contraction in manufacturing output in the history of the Federal Republic of Germany and

thus quite plausibly forced the least efficient firms to exit the market.

To get a first indication for the relation between carbon efficiency and import competition

I regression relate the weighed emission intensities at the sector-level as well as its com-

ponents to the sector specific IPR from the East. The estimating equation I take to the data

can be written as follows:

yzt = β0 + β1IPR
East
zt + µz + τt + εzt (4.5)

In Table 4.3.2 I show results from an OLS estimation and the IV approach introduced in

Section 4.2. Each regression includes three-digit-sector fixed effects (µz) as well as year

dummies (τt). The Kleibergen-Paap F-statistic indicates a strong first stage.

Looking at the effect of imports on the weighted mean, one can see that the OLS result and
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Figure 4.3.1: Decomposition of Sectoral Emission Intensity

Notes: The figure shows the evolution of the averages (taken across three digit sectors) of total emission
intensities (weighted average), the unweighted average emission intensities and the covariance between
market share and CO2 intensities. Source: Research Data Centres of the Federal Statistical Office and the
Statistical Offices of the Länder: AFiD-Panel and BAKI trade data, 1995-2017.
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the IV result go in the same direction. Despite being statistically insignificant, they point

to a lower emission intensity. Specifically, the IV estimate points to decreasing sector-level

emission intensity of 0.3% in response to a 1pp increase in the IPR from the East. Looking

at the components of the total effect, one can see that within-firm changes, i.e., changes

in the unweighted mean, drive the total effect. The IV and OLS results are both negative

and statistically significant. The point estimate capturing the effect of import competition

on the covariance term is very close to zero and insignificant.

Table 4.3.2: Import Competition from the East and CO2 Intensity - Sectoral Effects

Weighted Mean Unweighted Mean Covariance
IV OLS IV OLS IV OLS

Import Share -0.003 -0.002 -0.003** -0.002* -0.000 -0.000
0.002 0.001 0.001 0.001 0.002 0.001

Observations 1909 1909 1909 1909 1909 1909
F-Stat 112.4 112.4 112.4
Sector-FE Yes Yes Yes Yes Yes Yes
Year-FE Yes Yes Yes Yes Yes Yes

Notes: *** denotes 1% significance; ** denotes 5% significance; and * denotes 10% significance. The
table shows results from IV and OLS regressions for three different dependent variables (given at the
top of the table). ”Weighted mean” is total emissions divided by total sales in sector z. ”Unweighted
Mean” is the average firm’s CO2 intensity in sector z. ”Covariance” is the covariance between a firm’s
market shares and firm’s CO2 intensity. Regressions include different sector level fixed effects before
and after the change in the reporting of energy variables (before and after 2003). Standard errors
are clustered at the sector level and given in parentheses. Regressions are weighted with the number
of firms in the respective sector. Source: Research Data Centres of the Federal Statistical Office and
the Statistical Offices of the Länder: AFiD-Panel Industriebetriebe, 1995-2017, own calculations.

4.4 Main Results: Firm-Level Effects

In this section I first present baseline results on the effect of import competition on firms’

emission intensity. I then conduct a series of robustness and sensitivity checks. Finally

effect heterogeneities are analyzed.
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4.4.1 Baseline Results

Table 4.4.1 presents the baseline results. The dependent variable in Panel A. of the table

is the four-year change in the logarithm of firms’ CO2 emission intensities. Panel B. and

C. report results with the four-year change in the logarithm of firms’ CO2 emissions and

firms’ sales as dependent variables. The explanatory variable is the corresponding change

in the IPR from China and Eastern Europe. Specifications reported in columns 1 to 5 are

IV estimates, and columns 6 and 7 show OLS estimates for comparison. At the bottom of

the table, I detail the fixed effects included in each specification. Column 5 and 7 show

the most demanding specification which controls for trends within twelve broadly defined

industries (cf. Autor et al., 2014; Autor et al., 2020). Standard errors were clustered at

the firm-level to account for within-firm auto-correlation and at the year-3-digit-sector-

level (two-way clustering). In a robustness check, I show results with standard errors

clustered at the 3-digit-sector-level only. At the bottom of the table, I report first-stage

results (coefficient, standard errors and Kleibergen-Paap F-statistic). Recall also that I

excluded the years 2003, 2004, 2005 and 2006 to accommodate the break in the reporting

of energy variables between 2002 and 2003.

The point estimate from the specification in column 1 of Panel A., which includes only

year-fixed effects, yields a negative but small and statistically insignificant effect of import

competition on emission intensity. Looking at first-stage results, one can see that the coeffi-

cient is well behaved, i.e., exports from the East to other countries are positively associated

with German imports from the East. The Kleibergen-Paap F-statistic exceeds any conven-

tional threshold values underlining the instrument’s relevance. In column 2 I add CO2

intensity-decile-year fixed effects to purge shocks that might occur along the energy/CO2

intensity distribution. Indeed one can see that controlling for emission intensity increases
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Table 4.4.1: Baseline Results: Import Competition from the East and Firm-Level CO2 Intensity

IV OLS
(1) (2) (3) (4) (5) (6) (7)

Panel A. Log of CO2 emission intensity
Coefficient -0.0007 -0.0052*** -0.0051*** -0.0041*** -0.0024*** -0.0036*** -0.0003
Standard Error 0.0007 0.0008 0.0008 0.0008 0.0009 0.0006 0.0005
Panel B. Log of CO2 Emissions
Coefficient -0.0036*** -0.0075*** -0.0077*** -0.0079*** -0.0029*** 0.0015*** -0.0003
Standard Error 0.0009 0.0011 0.0011 0.0012 0.0009 0.0005 0.0005
Panel C. Log of Sales
Coefficient -0.0029** -0.0023** -0.0026** -0.0038*** -0.0005 0.0021*** 0.0018***
Standard Error 0.0011 0.0011 0.0011 0.0012 0.0011 0.0006 0.0007
First-stage coefficient 0.370 0.366 0.366 0.359 0.341
Standard Error 0.0273 0.0274 0.0274 0.0275 0.0301
Kleibergen-Paap F-statistic 183 177.9 178.6 170.5 128.2
Year dummy Yes No No No No No No
CO2 intensity-decile-year-dummy No Yes Yes Yes Yes Yes Yes
Sales-decile-year-dummy No No Yes Yes Yes Yes Yes
Export share-decile-year-dummy No No No Yes Yes Yes Yes
Sector-dummy No No No No Yes No Yes
Observations 365745 365745 365745 365745 365745 365745 365745

Notes: *** denotes 1% significance; ** denotes 5% significance; and * denotes 10% significance. Columns 1 to 5 show results from 2SLS estimations and columns 6 and 7
from an OLS estimation. The dependent variable is the four-year change in the log of firms’ CO2 emissions scaled with firms’ deflated sales (emission intensity) (Panel A.), the
log of firms’ CO2 emissions (Panel B.), and the log of firms’ deflated sales (Panel C.). The explanatory variable is the four-year change in imports from China and eastern Eu-
rope scaled with domestic absorption in 1995 for each three-digit industry. The instrument is the four-year change of exports from China and eastern Europe to other countries
in each three-digit industry. The sample period is 1995 until 2017, but 2003 - 2007 were excluded due to a break in the reporting of energy variables in 2003. Standard errors
were clustered both at the firm and at the three-digit-industry-year level. First-stage coefficients, standard errors and the Kleibergen-Paap F-statistic is reported for each speci-
fication. Source: Research Data Centres of the Federal Statistical Office and the Statistical Offices of the Länder: AFiD-Panel Industriebetriebe, 1995-2017, own calculations.
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the point estimate to 0.0052. The effect is significant and implies that a 1pp increase in

the IPR reduces the average firms’ emission intensity by 0.52%. The first-stage results

are very similar across all specifications in columns 1 to 4. I consecutively add sales- and

export share-decile-year fixed effects (columns 3 and 4) to control for differential trends

along size-classes and for shocks that depend on firms’ internationalization. Adding the ex-

porter effect depresses the coefficient slightly, indicating a reduction of emission intensity

by 0.41% in response to a 1pp increase in the IPR, but the effect remains highly significant.

Finally, column 5 presents the most demanding specification, which includes trends for

twelve broadly defined industries.11 Controlling for industry trends absorbs some useful

variation to identify the effect. Losing this variation also causes first stage results to become

weaker; for example, the first stage coefficient drops slightly, and the F-statistic drops by

approximately one quarter to around 128. The second stage results are cut in half but

remain negative and highly significant. The point estimate suggests that a 1pp increase in

the IPR causes a reduction of firms’ emission intensity by 0.24%.

For comparison, columns 6 and 7 shows the results from an OLS regression which includes

the same set of fixed effects as the IV estimations in column 4 and 5. The OLS coefficient
11In the aggregation of industries, I follow Autor et al. (2014) and Autor et al. (2020) closely who control

for trends within 11 industries. Given that they were able to map imports to much narrower industries
(almost 400 as opposed to less than 90 three-digit industries in Germany), specifications in Panel B are
rather demanding. Specifically, I combine ”Manufacture of food products and beverages” with ”Manufacture
of tobacco products”; ”Manufacture of textiles” with ”Manufacture of wearing apparel; dressing and dyeing of
fur” and ”Tanning and dressing of leather; manufacture of luggage, handbags, saddlery, harr”; ”Manufacture
of pulp, paper and paper products” with ”Publishing, printing and reproduction of recorded media”; ”Man-
ufacture of coke, refined petroleum products and nuclear fuel” with ”Manufacture of chemicals and chemical
products”; ”Manufacture of basic metals” with ”Manufacture of fabricated metal products, except machinery
and equipment”; ”Manufacture of office machinery and computers” with ”Manufacture of electrical machinery
and apparatus n.e.c.” and ”Manufacture of radio, television and communication equipment and apparatus” and
”Manufacture of medical, precision and optical instruments, watches and clocks”; ”Manufacture of motor vehi-
cles, trailers and semi-trailers” and ”Manufacture of other transport equipment n.e.c.”. Further industries are
”Manufacture of furniture; manufacturing n.e.c.”, ”Manufacture of machinery and equipment n.e.c”, ”Manu-
facture of other non-metallic mineral products” and ”Manufacture of wood and of products of wood and cork,
except furniture; manufacture”.
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in column 6 happens to land close to the corresponding IV specification, whereas the

OLS result in column 7 is close to zero and statistically insignificant. A positive bias of

the OLS appears plausible: as domestic demand expands, increasing production beyond

cost-efficient quantities can still be profitable for firms. Similarly, firms might also offer

products that are not part of their core competencies in periods of high demand. Therefore,

emission intensity is likely to increase as demand expands and at the same time, imports

will increase too, causing a positive OLS bias.

These first results indicate that import competition from the East caused a reduction of

firms’ emission intensity. In principle, import competition could affect the nominator, i.e.,

energy use and related emissions, and the denominator of emission intensity, i.e., sales. As

hypothesized in the introduction, import competition is expected to make firms search for

margins to optimize and reduce costs to remain competitive. Therefore, I expect energy

use and emissions to decrease due to tougher competition. As not all firms might be able

to sustain their market shares, sales could also be depressed. To unpack the effect on

emission intensity, Panel B. and C. of Table 4.4.1 report the effect of import competition

on the log of CO2 emissions and the log of sales separately.

All IV estimates in Panel B. of Table 4.4.1 are negative, statistically significant and larger

than the corresponding point estimates in Panel A. For example, controlling only for year

fixed effects yields a point estimate of -0.0036, implying that a 1pp increase in the IPR de-

creases CO2 emissions by 0.36%. Note that the same specification with emission intensity

as the dependent variable was insignificant. The inclusion of year dummies by emission-

intensity-decile more than doubles the point estimates to -0.0075. The point estimates in

columns 3 and 4 are somewhat larger, indicating a decline of CO2 emissions by 0.77% and

0.79% in response to a 1pp increase in the IPR. As before the inclusion of sectoral trends

cuts the point estimate to -0.0029 as seen from column 5. Still, the effect remains highly
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significant. The OLS results in column 6 of Panel B. is much smaller than the correspond-

ing IV estimates and the OLS coefficient in column 7 even switches sign compared to the

IV coefficient. As explained above, a positive OLS bias is very plausible: higher domestic

demand increases imports and domestic production and therefore emissions.

Panel C. of Table 4.4.1 reports how increased import competition affects firms’ sales: as

expected from the results in Panel A. and B., specifically from the fact that point estimates

in Panel A. were smaller than in Panel B., increased import competition is associated with

a decline of domestic firms’ sales. The estimates in columns 1 to 4, which range from

-0.0023 (column 2) to -0.0038 (column 4), are statistically significant, at least at the 5%

level. Once I control for industry trends, the negative effect vanishes almost completely

and becomes insignificant. In contrast to the IV estimates, both OLS results are positive

and statistically significant showing that an increase in the IPR is associated with higher

sales domestically. Again, omitted domestic demand is likely to increase both. Note from

Panel B. and C. that the baseline IV estimates in Panel A. and the baseline OLS estimate

from Panel A. just happened to be similar.

4.4.2 Robustness and Heterogeneities

Full Sample As explained in Section 4.3, the evolution of producer price indices

in the economic sectors ”Manufacture of office machinery and computers” (WZ 30) and

”manufacturing of radio, television and communication equipment and apparatus” (WZ32)

are outlier. Between 1995 and 2017 they collapsed, which makes comparing firms’ sales

over time difficult. Therefore both sectors were omitted from the final data set. In Panel A.

of Table 4.4.2 I include firms operating in corresponding sectors. Their inclusion increases

the number of observations moderately to roughly 371000. Point estimates across all IV

specifications become large in absolute terms. The positive OLS bias also remains. The
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Table 4.4.2: Robustness and Sensitivity: Import Competition from the East and Firm-Level
CO2 Intensity

IV OLS
(1) (2) (3) (4) (5) (6)

Panel A. Full Sample
Coefficient -0.0076*** -0.0075*** -0.0068*** -0.0047*** -0.0039*** -0.0018*
Standard Error 0.0013 0.0013 0.0012 0.0012 0.0011 0.0010
Observations 371360 371360 371360 371360 371360 371360
Kleibergen-Paap F-statistic 89.98 89.86 85.87 63.85
Panel B. Single Plant Firms
Coefficient -0.0052*** -0.0051*** -0.0040*** -0.0023*** -0.0035*** -0.0003
Standard Error 0.0008 0.0008 0.0008 0.0009 0.0006 0.0005
Observations 349071 349071 349071 349071 349071 349071
Kleibergen-Paap F-statistic 171.5 172 164.4 122.8
Panel C. Non-Overlapping Variables
Coefficient -0.0059*** -0.0059*** -0.0047*** -0.0036*** -0.0041*** -0.0007
Standard Error 0.0014 0.0014 0.0013 0.0013 0.0010 0.0007
Observations 98158 98158 98158 98158 98158 98158
Kleibergen-Paap F-statistic 43.18 43.30 41.41 32.59
Panel D. Errors Clustered at Sector-Level
Coefficient -0.0052*** -0.0051*** -0.0041*** -0.0024* -0.0036*** -0.0003
Standard Error 0.0016 0.0016 0.0015 0.0014 0.0012 0.0008
Observations 365745 365745 365745 365745 365745 365745
Kleibergen-Paap F-statistic 48.29 48.69 46.57 37.23
Panel E. Alternative Instrument Group
Coefficient -0.0053*** -0.0052*** -0.0042*** -0.0019** -0.0036*** -0.0003
Standard Error 0.0009 0.0009 0.0008 0.0010 0.0006 0.0005
Observations 365745 365745 365745 365745 365745 365745
Kleibergen-Paap F-statistic 315.8 320.1 300.7 231.9
CO2 intensity-decile-year-dummy Yes Yes Yes Yes Yes Yes
Sales-decile-year-dummy No Yes Yes Yes Yes Yes
Export share-decile-year-dummy No No Yes Yes Yes Yes
Sectoral Trends No No No Yes No Yes

Notes: *** denotes 1% significance; ** denotes 5% significance; and * denotes 10% significance. Column 1 to 4 show results from
2SLS estimations and column 5 and 6 from a OLS estimation. The dependent variable is the four-year change in log of firms’ CO2

emissions per unit of sales. The explanatory variable is the four-year change in imports from China and eastern Europe scaled with
domestic absorption in 1995 in each three-digit industry. The instrument is the four-year change of exports from China and eastern
Europe to other countries in each three-digit industry. Sample period is 1995 until 2017 but the years 2003 - 2007 were excluded
due to a break in the reporting of energy variables in 2003. Standard errors were mostly clustered both, at the firm and at the three-
digit-industry-year level. Panel A. shows results from the whole panel, i.e. it includes the NACE1 sectors 30 and 32. Panel B. uses the
subsample of single plant firms only. Panel C. uses only non-overlapping intervals, specifically the difference between 2001 and 1997,
2008 and 2004, 2012 and 2008 and 2016 and 2012. Panel D. clusters standard errors only at the sector level and Panel E. relies on
an alternative set of countries in the instrument group, i.e. Great Britain and Sweden were omitted. Source: Research Data Centres
of the Federal Statistical Office and the Statistical Offices of the Länder: AFiD-Panel Industriebetriebe, 1995-2017, own calculations.
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larger effect on emission intensity is driven by a positive effect of import competition

on deflated sales, i.e. the denominator of emission intensity (results not reported in the

paper). This effect could recover variation introduced by the deflators. In light of these

results, my approach to exclude WZ30 and WZ32 stands out as conservative.

Single Plant Firms The assignment of multi-plant firms to one sector is not always

unambiguous, e.g., if plants of the same firm are of similar size and operate in different

sectors. To ensure that the results do not depend on multi-plant firms and their peculiar-

ities, I re-estimate the effect of import competition on emission intensity for single plant

firms only. Single plant firms constitute the vast majority of firms in the sample (≈ 90%).

Panel B. of Table 4.4.2 reports corresponding results. Upon comparing results for single

plant firms with those from the full sample, it can be ruled out that multi-plant firms affect

the results in any meaningful way. Indeed, the point estimates obtained from single plant

firms are almost identical to the full sample results as reported in Table 4.4.1. I, therefore,

proceed with the sample that includes multi-plant firms.

Non-Overlapping Differences In Panel C. I do not allow differences to overlap. I stack

the difference between 2001 and 1997, 2008 and 2004, 2012 and 2008 and 2016 and

2012. The results are quantitatively very similar and statistically significant despite higher

standard errors. The increase in standard errors is related to a weaker first stage.

Sector-Level Clustering of Errors To test whether results are robust to a more con-

servative clustering of standard errors, I report estimates and standard errors from the

baseline specification as reported in 4.4.1 with standard errors clustered at the three-digit

industry level. Naturally, the point estimates remain the same while standard errors in-

crease. Their size almost doubles, resulting in a marginally significant effect in the spec-

ification that controls for sectoral trends, as shown in column 4. Given that the number
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of clusters reduces to 83 only and that the number of pooled firms exceeds 50.000 this

approach is probably overly conservative.

Alternative Instrument Group Finally, to check the sensitivity of the results towards

the choice of the instrument group, I omit the United Kingdom and Sweden from the

group. Both countries are EU members, which might raise the concern that economic con-

ditions in these countries could be correlated with those in Germany. Moreover, the UK is

the largest trading partner among the countries in the instrument group; hence one could

be concerned that exports from the East to the UK displace German exports to the UK,

violating the exclusion restriction. Panel E. presents results based on the altered instru-

ment group. Reassuringly all estimates remain similar and statistically significant. Only

estimates in column 4 drop by approximately 20% compared to the benchmark instru-

ment group but the effect is still significant at the 5% level. Overall, these results increase

confidence that the results are robust to the exact specification of the instrument group.

4.4.3 Effect Heterogeneity

The subsequent paragraphs shed light on heterogeneities. First, I distinguish between

imports from Eastern Europe and imports from China. Second, I analyze heterogeneities

with respect to firm characteristics by interacting the trade shock with dummies indicating

whether firms have an above-median emission intensity, an above-median export share or

size. These exercises can indicate the effect’s quantitative significance and help to get an

indication of potential mechanisms.

Eastern Europe vs. China

Panel A. in Table 4.4.3 focuses on the effect of changes in the IPR from China and Panel

B. on Eastern Europe. One can see that the effect of imports from China closely resembles
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the main effect as reported in Table 4.4.1. The coefficients in columns 1 to 3 indicate a

decrease of emission intensity between 0.72% and 0.053% due to the IPR increasing by

1pp. The effect drops to 0.026% after accounting for sectoral trends. In Table 4.B.4 in

the Appendix I show results for CO2 emissions and sales as dependent variables. Across

all IV specifications reported in Panel A.1, the effect on CO2 emissions is negative and

significant while the effect on sales (Panel A.2) is negative and significant in columns 1 to

3 but insignificant in column 4. Throughout, the Kleibergen-Paap F-statistic is large and

exceeds conventional threshold values.

Looking at the effect of imports from Eastern Europe, as reported in Panel B. of Table 4.4.3,

one can see a large and highly significant negative effect on emission intensities across all

IV specifications. However, these effects need to be qualified: first, as one can see from the

bottom of Panel B., the first stages are weak with the F-statistics below 10. Second, when

looking at the effect on sales in Table 4.B.4 in the Appendix, I find positive point estimates

which become quantitatively larger after conditioning on industry trends.12 Dauth et al.

(2014) emphasize the role of intra-industry trade between Germany and Eastern Europe

and the correlation between industry imports from Eastern Europe and German exports

to Eastern Europe in the same industry. Therefore, the positive effect on sales which

depresses emission intensity might partly result from correlated German export opportu-

nities. The integration of Eastern European economies in German firms’ value chains, for

example, via FDI from Germany, further challenges the identification. For instance, pro-

ductivity improvements in Germany might increase exports from German foreign affiliates

in Eastern Europe. Given the weak first stage in the IV specification for Eastern Europe

and the limitations mentioned above, the magnitude of the effect for imports from Eastern

12Concretely, the point estimate without industry trends is 0.0013 with a standard error of 0.0054. Once
I condition on industry trends, the point estimate equals 0.0035 with a corresponding standard error of
0.0056. The point estimate with CO2 emissions as dependent variable equals -0.0076 without and -0.0053
with industry trends.
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Table 4.4.3: Separating the Effects of Import Competition from Eastern Europe and China

IV OLS
(1) (2) (3) (4) (5) (6)

Panel A. China
Coefficient -0.0072*** -0.0070*** -0.0053*** -0.0026** -0.0021*** 0.0006
Standard Error 0.0014 0.0014 0.0012 0.0012 0.0008 0.0007
Observations 365745 365745 365745 365745 365745 365745
Kleibergen-Paap F-statistic 205 206.2 198.6 170.4
Panel B. Easter Europe
Coefficient -0.0099*** -0.0100*** -0.0089*** -0.0087** -0.0063*** -0.0015*
Standard Error 0.0025 0.0025 0.0023 0.0037 0.0009 0.0008
Observations 365745 365745 365745 365745 365745 365745
Kleibergen-Paap F-statistic 6.532 6.537 6.391 4.948
CO2 intensity-decile-year-dummy Yes Yes Yes Yes Yes Yes
Sales-decile-year-dummy No Yes Yes Yes Yes Yes
Export share-decile-year-dummy No No Yes Yes Yes Yes
Sectoral Trends No No No Yes No Yes

Notes: *** denotes 1% significance; ** denotes 5% significance; and * denotes 10% significance. Columns 1 to 4 show re-
sults from 2SLS estimations and columns 5 and 6 from an OLS estimation. The dependent variable is the four-year change in
the log of firms’ CO2 emission intensity. In Panel A. the explanatory variable is the four-year change in imports from China
and in Panel B. the explanatory variable is the four-year change in imports from eastern Europe; each scaled with domestic
absorption in 1995 in each three-digit industry. The instrument is the four-year change of exports from China/eastern Europe
to other countries in each three-digit industry. The sample period is 1995 until 2017, but 2003 - 2007 were excluded due to
a break in the reporting of energy variables in 2003. Standard errors were clustered both at the firm and at the three-digit-
industry-year level. The specification in columns 4 and 6 include trends within 11 broadly defined industries. For each speci-
fication, I report the Kleibergen-Paap F-statistic. Source: Research Data Centres of the Federal Statistical Office and the Statis-
tical Offices of the Länder: AFiD-Panel Industriebetriebe, 1995-2017, own calculations. Source: Research Data Centres of the
Federal Statistical Office and the Statistical Offices of the Länder: AFiD-Panel Industriebetriebe, 1995-2017, own calculations.

Europe should be interpreted with some caution.

Firm Characteristics

Table 4.4.4 investigates effect heterogeneities with respect to firm characteristics. To do so,

I interact the trade shock with above-median-dummies for CO2 intensities, export shares

and size. Furthermore, I distinguish between firms depending on their general import

exposure in 1995. The control variables vary depending on the interaction to not ab-

sorb too much useful variation. All models are ”fully interacted,” meaning that all fixed

effects/controls were also interacted with the above-median dummies.

Column 1 shows the effect of import penetration and its interaction with a dummy in-

dicating whether firms’ CO2 intensity is above or below the median.13 I omit the CO2

13Concretely, I determine for firms emission intensity, export share and size whether it is above or below
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intensity-decile fixed effects since they would absorb all the variation in the interaction

effect and condition on firms start-off period emission intensity instead. The main effect is

close to zero and statistically insignificant whereas the interaction is negative and highly

significant. While there exists a considerable variation in firms’ emission intensity within

the group of firms above the median (cf. median and p90 for emissions in Table 4.3.1),

this result still suggests that the effect of import competition is quantitatively relevant for

aggregate emissions. It is also not surprising that firms for which energy is not a relevant

input in the production process do not consider energy efficiency a viable tool to cut costs

and thus improve competitiveness.

Column 2 shows the interaction between import competition and firms’ integration in the

global economy, measured by firms’ export share. I omit the export share decile-year

fixed effect from the specification. The point estimates show a large negative main effect

and a significant positive interaction effect, implying that firms’ with below-median export

intensity responded stronger to the increase in competition. Still, the sum of main and in-

teraction effects is negative, pointing to a decrease in emission intensity also among more

export-oriented firms. Depending on firms’ export activity, changes in import penetration

might have different effects on the relative level of competition that firms face. For exam-

ple, a firm that operates only on the German market might be more affected by an increase

in imports than a German firm that has always sold its products globally and has therefore

been exposed to tough competition in the first place.

The third column reports the interaction between import competition and firm size. The in-

teraction effect is a precisely estimated zero effect indicating that imports affected smaller

and larger firms alike.

the median on an annual basis. The final assignment to above/below median is based on the mode of the
annual indicator.
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Finally, column 4 interacts the change in import exposure with a dummy for three-digit

sectors with high import shares in 1995. One might expect that the competitive envi-

ronment is less affected by increasing imports from the East in sectors that were already

relatively open. Consistent with this idea, the main effect is negative and significant. In

contrast, the interaction effect is positive, meaning that emissions reduction was higher

among firms in sectors with lower import exposure in 1995. The sum of both effects is

however still negative.

When interpreting the heterogeneity presented above, account should be taken of the fact

that part of the variation is driven by across sector differences. For instance, the most

energy-efficient steel producer will still emit more CO2 per unit of sales than the least ef-

ficient textile company. Thus, the heterogeneity regarding emission intensity speaks more

to the relevance of the effect of import competition on emissions for aggregate emissions

and less to differential effects depending on firms’ ”CO2 productivity”. To analyze hetero-

geneities within three-digit sectors, I split the sample by within sector quintiles of emission

intensity, export shares and size. Results are plotted in Figure 4.B.1 in the Appendix; for

the baseline specification in Subfigure 4.B.1(a) and 4.B.1(b) gives results from the specifi-

cation that accounts for industry-level trends. Starting with the subsamples formed based

on different emission intensity quintiles, one can see that the effect is very stable. All

point estimates are negative, of similar magnitude and at least marginally significant. If

anything, results from specifications that account for sectoral trends, as shown in Subfig-

ure 4.B.1(b) hint at a slightly larger effect for more emission intensive firms. One could

have expected efficiency improvements among the least efficient firms to be the largest as

those firms have the most room for improvement. However, the effects shown in Subfig-

ure 4.B.1(b) are at best a slight hint towards this.14 Effects across size groups are similar

14These results should be interpreted cautiously as a larger effect among firms with higher intensities could
also be related to mean reversion.
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Table 4.4.4: Effect Heterogeneity: The Effect of Import Competition on Firm-Level CO2

Intensity

(1) (2) (3) (4)

Main effect 0.0008 -0.0056*** -0.0037*** -0.0051***
(0.0007) (0.0011) (0.0009) (0.0012)

Interaction - CO2 intensity -0.0035***
(0.0009)

Interaction - Export intensity 0.0027**
(0.0012)

Interaction - Size 0.0007
(0.0008)

Interaction - High Imp. Sh. 0.0033**
(0.0015)

Kleibergen-Paap F-statistic 53.87 69.19 128 75.09
CO2 intensity-decile-year-dummy No Yes Yes Yes
Sales-decile-year-dummy Yes Yes No Yes
Export share-decile-year-dummy Yes No Yes Yes
Observations 363574 364004 363667 365745

Notes: *** denotes 1% significance; ** denotes 5% significance; and * denotes 10% significance. The table reports
main and interaction effects. The dependent variable is the four-year change in the log of firms’ CO2 emissions
scaled with firms’ sales (emission intensity). The set of fixed effects are reported at the bottom of the table and they
vary depending on the interaction variable. All fixed effects were also interacted with the ”above-median dummy”.
The regression in column 1 further includes start-off period values of the dependent variable. The explanatory vari-
able is the four-year change in imports from China and eastern Europe scaled with domestic absorption in 1995 in
each three-digit industry. The instrument is the four-year change of exports from China/eastern Europe to other
countries in each three-digit industry. The sample period is 1995 until 2017, but 2003 - 2007 were excluded due
to a break in the reporting of energy variables in 2003. Standard errors were clustered both at the firm and at the
three-digit-industry-year level. Source: Research Data Centres of the Federal Statistical Office and the Statistical
Offices of the Länder: AFiD-Panel Industriebetriebe, 1995-2017, own calculations.

in the baseline specification and somewhat larger among firms with a higher number of

employees once the specification absorbs sectoral trends. For within-sector export share

quintiles, the point estimates are less stable, likely related to very different numbers of

observations within quintiles. In particular, firms with lower export shares appear to have

a lower survival rate. Results in 4.B.1 suggest that firms with higher export shares relative

to other firms in their 3. digit sector respond stronger to increased import competition. In

contrast, the emission intensity of firms with an above-median export intensity showed a

muted response.
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4.5 Discussion and Conclusion

4.5.1 Discussion

An obvious concern with this analysis is ”carbon leakage”. For instance, the increase in

imports from the East could be high carbon content inputs in domestic firms’ production

process. If these inputs used to be produced by the domestic firms themselves and out-

sourced once the opening up of the East allowed firms to do so, the emission intensity of

sales would decline. To (partially) address this concern, I estimate the effect of import

competition on the emission intensity of value-added. In the scenario sketched above,

value-added would decline. Thus, the emission intensity of value-added would remain

unchanged or even increase despite a decrease in emission intensity of sales.

The analysis of the effect of import competition on value-added is feasible only for a sub-

sample of firms, which provide information on material inputs. Therefore, the number

of observations drops to approximately 70000. Panel A. and B. of Table 4.B.3 show the

results for the effect of import competition on the emission intensity of value-added and

for the share of value-added in total sales.

The baseline results indicate that a 1pp increase in the IPR induces an approximate 0.4%

decrease in firms’ emission intensity of value added. Conditioning on industry trends

depresses the coefficient by more than one-half to 0.0015. This effect is statistically sig-

nificant at the 10% level only. Despite these effects being somewhat smaller compared to

the baseline results presented in Table 4.4.1 they are not suggesting that the reduction of

firms’ emission intensity is predominantly a result of leakage.15 To further investigate the

role of import competition on the depth of value-added, I relate the share of value-added

15However, one should bear in mind that that this analysis is conducted at a subsample of firms for which
information on material inputs is available.
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over total sales to the IPR. Results are shown in Panel B. of Table 4.B.3. A declining share

could point to the fragmentation of firms’ value chains. However, the estimates in Panel

B. of Table 4.B.3 do not provide any indication that import competition from the East con-

tributes to this. In contrast, point estimates are positive across all specifications suggesting

that value-added declined at a lower rate than sales. Taken together, the results presented

in Panel A. and B. do not support the hypothesis that the effect of import competition on

the emission intensity of sales is a result of carbon leakage. Of course this analysis does not

imply that the imports from the East do not also include intermediate inputs. For example

imports from the East could displace imports from other countries. Also imports from the

East in the three-digit sector x could still be inputs in the three-digit sector y.

Furthermore, Table 4.B.3 shows the effect of import competition on emissions per em-

ployee (Panel C.) as well as for the number of employees (Panel D.). All IV estimates in

Panel C. turn out to be negative and significant. Labor and energy are both inputs in the

production process. A decrease in emissions per employee could be considered indicative

of an improvement of energy efficiency relative to potential efficiency improvements of

other inputs. This result aligns with the energy efficiency paradox. Finally, in Panel D., I

show that the number of employees decreased as competitive pressure increased, which

has been documented in this specific context for example, by Dauth et al. (2014) who

analyze local labor markets.

4.5.2 Conclusion

In this paper I analyze the effect of import competition on firm-level emission intensity. To

do so, I combine comprehensive firm-level data from the German manufacturing indus-

try with sector-level trade flow. I focus on the rise of China and Eastern Europe between

1995 and 2017. Using an instrumental variable strategy, I provide evidence that increas-
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ing import competition is associated with a higher energy efficiency of production which

translates into fewer CO2 emissions per unit of sales. Within-firm changes drive this effect.

I do not find an indication for between-firm reallocation.

The baseline regression specification implies that firms’ emission intensity of production

decreases by 0.45% in response to a 1pp increase in the import penetration ratio. Between

1995 and 2017 the import penetration from the East increased by approximately 20pp.

Hence the point estimate suggests that the increase in competition kept emission intensity

almost 10% below the level it would have had in the absence of the rise of the East.

While I cannot completely rule out that carbon leakage via high carbon content imports

contributed to the decrease in emission intensity, the analysis of the effect of import com-

petition on the emission intensity of value-added does not provide strong indication for

leakage. Importantly, I do not find that the share of value-added in gross output declined

in response to import competition. Increasingly available information on firm-product-

specific imports could make an in-depth analysis of changes in the composition of firms’

imports feasible.

The results are in line with parts of the international trade literature which tends to find

positive effects of import competition on European firms’ productivity (Shu and Steinwen-

der, 2019). For Spain, Chen and Steinwender (2021) found that, in particular, family-

managed firms responded to import competition by improving material use which trans-

lates into higher productivity. A similar mechanism appears plausible because firms’ energy

use is often regarded as inefficient (”energy-efficiency-paradox”). Measures of manage-

ment practices could be used in future research to understand how the improvement in

energy efficiency was achieved. From a policy perspective, the key message of this paper

is that pro-competitive policy can lead to environmental benefits via more efficient energy
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use and hence fewer emissions. This message is likely to be relevant beyond trade policy.
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Appendix

4.A Gravity Estimation

To analyze the sensitivity of my results towards the identification strategy, I follow Autor

et al. (2013) and Dauth et al. (2014), in implementing an alternative identification strat-

egy based on gravity residuals. The idea behind this approach is to use the hypothetical

increases in imports from the East, which is implied by the increase in the East’s export

capacity (its comparative advantage and trade costs) vis à vis Germany.

In the implementation of the gravity based approach, I follow Autor et al. (2013) closely.

Consider equation 4.6 which relates to a standard gravity specification as in e.g. Anderson

and Wincoop (2003). Variables on the left hand side are country-sector specific export

flows, i.e. XEast
cz are exports from the East to country c in sector z and accordingly XGer

cz

are German exports to country c in sector z.

lnXEast
cz − lnXGer

cz = ln(zEastz )− ln(zGerz )− (σz − 1)[ln(τEastcz )− ln(τGercz )] (4.6)

The first part on the right hand side of equation 4.6, ln(zEastz )−ln(zGerz ) describes the East’s

export capacity in sector z relative to Germany’s export capacity in sector z, i.e. the East’s

comparative advantage in industry z; for example driven by productivity differences. The
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second part on the r.h.s. of equation 4.6 - [ln(τEastcz ) − ln(τGercz )] - are export destination

specific cost (note subscript c), for example costs determined by geography. Finally, σz is

the elasticity of substitution for sector z.

To take the approach to the data, I estimate the following regression:

lnXEast
czt − lnXGer

czt = αz + αc + εzct (4.7)

Specifically, I project the difference between the East’s exports and Germany’s exports to

country c in sector z (the East’s relative exports) on sector and country/destination market

fixed effects (αz and αc). I pool trade flows over the period 1995 to 2017 and export

destination markets are primarily high income EU and OECD countries.16

By equating the right hand sides of equations 4.6 and 4.7 and rearranging terms one gets

the following expression for the residual:

εzct = [ln(
zEastzt

zGerzt

)− αz]︸ ︷︷ ︸
Comparative advantage

+[−(σz − 1) ln(
τEastcz

τGercz

)− αc︸ ︷︷ ︸
Trade cost advantage

] (4.8)

The residual thus captures the East’s comparative advantage in sector z and year t purged

from structural differences due to the inclusion of the industry fixed effect αz plus the trade

cost advantage net of time invariant factors as the fixed effect αc absorbs all such factors

e.g. distance. Demand conditions in the importing country are differenced out by using

the relative exports.

Hence, the four-year differences in the residual capture the change in the Easts’ export

16The list of countries includes the following: Austria, Brazil, Cyprus, Finland, Iceland, Ireland, Republic of
Korea, India, Turkey, Australia, Canada, Japan, Norway, New Zealand, Sweden, Singapore, United Kingdom,
Belgium, Luxemburg, Denmark, Greece, Israel, Italy, Netherland, Portugal, Spain, Switzerland, USA, France
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capacity relative to Germany in sector z and country c. Averaging across export destination

countries provides a measure of the relative rise of the East. From this I construct the

following alternative measure of a sector’s import exposure from the East:

∆IPGEast
zt =

∆ε̄zt ∗ ImpEastzt−4

Yz,1995 + Impz,1995 − Expz,1995
(4.9)

The hypothetical increase in imports in sector z is calculated from the mean change in the

residual ε̄zt multiplied with the initial imports from the East in the respective industry. The

predicted change depends on the change in the Easts comparative advantage and changes

in trade costs. Again I scale the change in imports with domestic absorption in the first

period, i.e. in 1995.

As the hypothetical change in imports is obtained from the change in the East’s export

capacity, unobserved domestic conditions in Germany do not contaminate it.

I can thus simply relate changes in firms’ emission intensities to the hypothetical change

in import penetration using OLS. Table 4.A.1 shows the results from the gravity-based

approach. The explanatory variable is the change in hypothetical imports from the East

relative to domestic absorption in the baseline period expressed in pp. Thus, the inter-

pretation of the coefficient is similar to the IV approach. The baseline results without

industry trends (columns 1 to 3) are quantitatively closely aligned with the IV estimates

in 4.4.1. For example, without conditioning on year by decile of export intensity fixed ef-

fects, the point estimates imply that a 1pp increase in the gravity-based measure of import

exposure leads to a reduction of emission intensity by 0.48%. The coefficient drops after

adding export intensity decile fixed effects by ≈ 20% but remains significant. However,

in contrast to the IV results, the effect becomes small and insignificant once I condition

on industry trends. In sum the alternative gravity-based approach results strengthen the

205



Table 4.A.1: Gravity Based Estimates: The Effect of Import Competition on Firm-Level
CO2 Intensity

(1) (2) (3) (4)

Panel A. East and China
Coefficient -0.0045*** -0.0048*** -0.0039*** 0.0003
Standard Error 0.0007 0.0007 0.0006 0.0006
Panel B. East
Coefficient -0.0068*** -0.0071*** -0.0062*** -0.0012
Standard Error 0.0009 0.0009 0.0008 0.0009
Panel C. China
Coefficient -0.0029** -0.0029** -0.0020** 0.0001
Standard Error 0.0011 0.0011 0.0008 0.0006
CO2 intensity-decile-year-dummy Yes Yes Yes Yes
Sales-decile-year-dummy No Yes Yes Yes
Export share-decile-year-dummy No No Yes Yes
Industry Trends No No No Yes
Observations 365745 365745 365745 365745

Notes: *** denotes 1% significance; ** denotes 5% significance; and * denotes 10% significance. Results are
estimated by means of OLS. The dependent variable is the four-year change in the log of firms’ CO2 emissions
intensity. The explanatory variable is the hypothetical change in imports as described by expression 4.9. Sam-
ple period is 1995 until 2017 but the years 2003 - 2007 were excluded due to a break in the reporting of energy
variables in 2003. Standard errors were clustered both, at the firm and at the three-digit-industry-year level.
Source: Research Data Centres of the Federal Statistical Office and the Statistical Offices of the Länder: AFiD-
Panel Industriebetriebe, 1995-2017, own calculations.

causal interpretation of the main results with the exception of specification in column 4.
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4.B Additional Results

Table 4.B.1: Import Competition and Prices

∆Log PPI ∆Levels PPI
(1) (2) (3) (4)

Import Share -0.004*** -0.004*** -0.554*** -0.501***
[0.001] [0.001] [0.192] [0.144]

Observations 1530 1530 1530 1530
F-Stat 93.94 62.68 93.94 62.68
Year FE Yes Yes Yes Yes
Industry FE No Yes No Yes

Notes: *** denotes 1% significance; ** denotes 5% significance; and * denotes 10%
significance. All results are obtained from an IV estimation. The dependent variable is
the four-year change of the (log) producer price index at the 3. digit sector level. The
explanatory variable is the four-year change in imports from China and eastern Europe
scaled with domestic absorption in 1995 in each three-digit industry. The instrument
is the four-year change of exports from China and eastern Europe to other countries in
each three-digit industry. Sample period is 1995 until 2017. Standard errors were clus-
tered at the 3. digit-industry level. The Kleibergen-Paap F-statistic is reported together
with te num. of observations and fixed effects. Source: Research Data Centres of the
Federal Statistical Office and the Statistical Offices of the Länder: AFiD-Panel Indus-
triebetriebe, 1995-2017, own calculations.

Table 4.B.2: Descriptive Statistics: Trade Data

Variable Mean Std. Dev Min Max N
China level 1995 (in billion USD) 8 . . . .
China level 2017 (in billion USD) 89 . . . .
China share 1995 .02 . . . .
China share 2017 .09 . . . .
East level 1995 (in billion USD) 32 . . . .
East level 2017 (in billion USD) 200 . . . .
East share in 1995 .08 . . . .
East share in 2017 .2 . . . .
The East 1995 - sectoral shares .10 .07 .01 .27 22
The East 2017 - sectoral shares .33 .14 .11 .58 22

Notes: For the years 1995 and 2017 the table reports total imports from China and eastern
Europe as well as the share of imports in total imports. The last two rows show summary
statistics (mean, sd, min, max for 1995 and 2002) for the share of imports from the joint East
at the 2-digit sector level. Source: BAKI trade data, own calculations.
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Table 4.B.3: Additional Results: Import Competition from the East and Firm-Level Out-
comes

IV OLS
(1) (2) (3) (4) (5) (6)

Panel A. Emission Intensity of Value Added
Coefficient -0.0045*** -0.0042*** -0.0038*** -0.0015* -0.0037*** -0.0009
Standard Error 0.0009 0.0009 0.0008 0.0009 0.0006 0.0007
Observations 70657 70657 70657 70657 70657 70657
Kleibergen-Paap F-statistic 181.4 186.9 181.7 141.3
Panel B. Share of Value Added
Coefficient 0.0002 0.0002 0.0003 0.0004 0.0000 0.0000
Standard Error 0.0004 0.0003 0.0003 0.0004 0.0003 0.0003
Observations 70783 70783 70783 70783 70783 70783
Kleibergen-Paap F-statistic 181.7 187.3 182.1 140.9
Panel C. Emissions per Employee
Coefficient -0.0031*** -0.0032*** -0.0032*** -0.0010* -0.0013*** 0.0007**
Standard Error 0.0006 0.0006 0.0006 0.0006 0.0004 0.0003
Observations 365745 365745 365745 365745 365745 365745
Kleibergen-Paap F-statistic 177.9 178.6 170.5 128.2
Panel D. Number of Employees
Coefficient -0.0044*** -0.0045*** -0.0047*** -0.0019*** -0.0002 0.0007**
Standard Error 0.0008 0.0008 0.0009 0.0007 0.0004 0.0003
Observations 365860 365860 365860 365860 365860 365860
Kleibergen-Paap F-statistic 178 178.6 170.5 128.2
CO2 intensity-decile-year-dummy Yes Yes Yes Yes Yes Yes
Sales-decile-year-dummy No Yes Yes Yes Yes Yes
Export share-decile-year-dummy No No Yes Yes Yes Yes
Sectoral Trends No No No Yes No Yes

Notes: *** denotes 1% significance; ** denotes 5% significance; and * denotes 10% significance. Columns 1 to 4 show results from
2SLS estimations and columns 4 and 5 from a OLS estimation. The dependent variable in Panel A.is the four-year-change in the log
of CO2 emissions per unit of value added, in Panel B. the share of value-added (i.e. value-added divided by sales), in Panel C. the log
of CO2 emissions per employee and in Panel D. the number of employees in log. The explanatory variable is the four-year change in
imports from China and eastern Europe scaled with domestic absorption in 1995 in each three-digit industry. The instrument is the
four-year change of exports from China and eastern Europe to other countries in each three-digit industry. The sample period is 1995
until 2017, but 2003 - 2007 were excluded due to a break in the reporting of energy variables in 2003. The specification in columns
4 and 6 include trends within 11 broadly defined industries. For each specification, I report the Kleibergen-Paap F-statistic. Source:
Research Data Centres of the Federal Statistical Office and the Statistical Offices of the Länder: AFiD-Panel Industriebetriebe, 1995-
2017, own calculations.
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Table 4.B.4: Separating the Effects of Import Competition from Eastern Europe and China:
Sales and CO2 Emissions

IV OLS
(1) (2) (3) (4) (5) (6)

Panel A. China

Panel A.1 China - Log CO2 Emissions
Coefficient -0.0111*** -0.0115*** -0.0115*** -0.0037*** -0.0034*** 0.0005
Standard Error 0.0017 0.0018 0.0018 0.0011 0.0009 0.0006

Panel A.2 China - Log Sales
Coefficient -0.0039*** -0.0045*** -0.0063*** -0.0011 -0.0012 0.0000
Standard Error 0.0015 0.0015 0.0015 0.0013 0.0010 0.0010

Observations 365745 365745 365745 365745 365745 365745
Kleibergen-Paap F-statistic 205 206.2 198.6 170.4
Panel B. Eastern Europe

Panel B.1 Eastern Europe - Log CO2 emissions
Coefficient -0.0078 -0.0073 -0.0076 -0.0053 -0.0000 0.0031***
Standard Error 0.0051 0.0051 0.0053 0.0065 0.000 0.0009

Panel B.2 Eastern Europe - Log Sales
Coefficient 0.0021 0.0027 0.0013 0.0035 0.0063*** 0.0046***
Standard Error 0.0049 0.0049 0.0054 0.0056 0.0011 0.0011

Observations 365745 365745 365745 365745 365745 365745
Kleibergen-Paap F-statistic 6.533 6.538 6.392 4.949
CO2 intensity-decile-year-dummy Yes Yes Yes Yes Yes Yes
Sales-decile-year-dummy No Yes Yes Yes Yes Yes
Export share-decile-year-dummy No No Yes Yes Yes Yes
Sectoral Trends No No No Yes No Yes

Notes: *** denotes 1% significance; ** denotes 5% significance; and * denotes 10% significance. Columns 1 to 4 show results from 2SLS
estimations and columns 5 and 6 from an OLS estimation. The dependent variable is the four-year change in the log of firms’ CO2 emissions
(Panel A./B. 1) and firms’ sales (Panel A./B. 2). In Panel A. the explanatory variable is the four-year change in imports from China and in
Panel B. the explanatory variable is the four-year change in imports from eastern Europe; each scaled with domestic absorption in 1995 in
each three-digit industry. The instrument is the four-year change of exports from China/eastern Europe to other countries in each three-
digit industry. The sample period is 1995 until 2017, but 2003 - 2007 were excluded due to a break in the reporting of energy variables
in 2003. Standard errors were clustered both at the firm and at the three-digit-industry-year level. The specification in columns 4 and 6
include trends within 11 broadly defined industries. For each specification, I report the Kleibergen-Paap F-statistic. Source: Research Data
Centres of the Federal Statistical Office and the Statistical Offices of the Länder: AFiD-Panel Industriebetriebe, 1995-2017, own calculations.
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Figure 4.B.1: Effect Heterogeneity: Splits by within Sector Quintiles

(a) Baseline (b) Sectoral Trends
Notes: The figures show the coefficients from splitted samples. The dependent variable is emission intensity in log. All specifications
include year by decile fixed effects for emission intensity, sales and export shares. Subfigure (a) corresponds to the baseline
specification and subfigure (b) to the spcification that accounts for sectoral trends. The thin lines demarcate 95% confidence intervals.
Firms are assigned to a quintile based on the first observation available for each firm. Standard errors were clustered both, at the firm
and at the three-digit-industry-year level. The number of observations by quintile of emission intensity are 77626, 77480, 75190,
70106 and 65341; by quintile of export intensity 17871, 84537, 68304, 102439 and 92709 and by size quintile 71186, 81061, 76257,
71780 and 65573. Source: Research Data Centres of the Federal Statistical Office and the Statistical Offices of the Länder: AFiD-Panel
Industriebetriebe, 1995-2017, own calculations.
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