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Abstract

After decades of implementing several local air pollutant cap-and-trade systems in
Seoul Capital Area, South Korea expanded its target regions in 2020. Using district-
and plant-level data, I analyze the impact of the expansion on the geographic distribu-
tion of emissions and industrial output, focusing on abatement and leakage. The policy
decreased its key target, T'SP emissions by 13% in target districts. This reduction was
driven by cleaner fuel mix represented by electrification — with potential leakage to
power plants — and leakage between firms. Also, the firm network played an impor-
tant role since affiliated plants that were not directly targeted by the policy shared the
electrification, and there was leakage within firms. Further, the fact that there was
no significant loss in value added in target districts imply that within- and between-
firm leakage were mostly within districts. I embed these findings in a spatial general
equilibrium model of trade, multiregional production, and emissions. The model ad-

dresses identification limitations, provides an interpretation of the empirical findings,
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and allows several counterfactual policy analyses. I quantify the effect of the policy
expansion. Then, I study the effect of different spatial policy variations to evaluate
the aggregate and regional implications and the effect of an electricity use regulation

to consider the emissions from power generation.
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1 Introduction

In recent decades, the emissions of local and global air pollutants have been a key policy
issue worldwide.! A central theme has been reducing emissions, ideally through abatement
or clean innovation, such that sustainable growth can be achieved. Abatement comes in
the form of fuel intensity improvement, cleaner fuel composition, or emission control devices
(e.g., filters and scrubbers). Clean innovation is different from abatement as it is about new
products or new production technology (e.g., bill of material) with less emissions. However,
these policies can have unintended effects, creating many types of emissions relocation, a phe-
nomenon referred to as leakage in the literature. Broadly, I consider three contexts in which
leakage can happen. First, there might be within-firm leakage such that targeted plants shift
their emissions and production to non-targeted ones within firms (affiliated plants). Second,
there might be between-firm leakage such that targeted plants become less competitive in
the market or outsource polluting activities, allowing non-affiliated and non-targeted plants
to capture a greater share of production and pollution. Third, there might be leakage to the
power generation sector as targeted plants increase their electricity use decreasing fossil fuel

2 Depending on the capacities of power plants with different

consumption (electrification).
energy sources, the excess demand in electricity can result in greater pollution by the power
generation sector. Furthermore, due to administrative burden, most environmental policies
in reality prioritize some areas. This locality tends to strengthen the types of leakage be-
tween targeted and non-targeted regions. For example, the excess demand in electricity can
result in greater pollution by the power generation sector in regions with polluting power
plants. In light of these considerations, a set of questions emerge: what is the effect of local
environmental policy on the geographic distribution of emissions and industrial output? how
is abatement achieved? what are the types of leakage that arise?

To address these questions, this paper focuses on the spatial expansion of local air pollu-
tant cap-and-trade systems in Korea in 2020 and studies the policy effect on the geographic

distribution of emissions and output. In evaluating the policy effect, it investigates the

!Local air pollutants studied in this paper are NO,, SO, and T'SP, which have geographically limited
impacts. Global air pollutants are greenhouse gases that affect everywhere no matter where they originate
from. This paper studies both, with more weight on the former to be consistent with the policy of interest.

2This type of emissions is referred to as Scope 2 emissions, which are indirect emissions from the con-
sumption of purchased electricity, steam, heating, and cooling. These emissions occur as a result of the
generation of electricity or other energy sources that a company purchases for its own operations. Even
though the emissions occur at the power plant level (not directly at the company), they are attributed to
the company based on its energy use. In contrast, Scope 1 emissions refer to direct emissions that come
from sources owned or controlled by a company. Environmental policies, in general, have targeted Scope
1 emissions only. Exceptions are the Korean Emissions-Trading-System and the European Union’s Carbon
Border Adjustment Mechanism.



abatement and leakage mechanisms explained above, using the data of real-time and com-
puted emissions as well as production. Empirically, I find that the policy decreased target
emissions by 13% without hurting value added in a significant way. Such results came from
the combination of within- and between-firm leakage as well as industrial electrification and
the use of emission control device shared within firms. Based on these findings, I build a
spatial general equilibrium model of trade, multiregional production (MP), and emissions to
address empirical identifying limitations and conduct counterfactual policy analyses.®> After
estimating the model, I start by quantifying the aggregate and regional effects of the policy
expansion to evaluate the policy, adding emissions from power plants. This exercise can
convey an important policy implication. Industrial electrification can provide a potential
pathway to a sustainable growth if paired with clean power generation.* This is especially
the case for developing countries that are in the process of building these infrastructures.
In line with this margin, I analyze the effect of an electricity use regulation to see the im-
portance of electrification and leakage to power plants. Lastly, I investigate the effect of
different regional policy variations to study the spatial implications further, which can have
another important policy implication. The spatial implication of local environmental policy
can deliver a lesson to rising cross-country conflicts on pollution controls and externalities.
Although the policy itself is domestic, there are spatial variations in environmental policies
and rich micro data that allows me to see the response of firms and plants in the universe —
whether they became cleaner or shifted pollution somewhere else.

In Section 2, I provide the policy background. Initially, there was a concentration regula-
tion on local air pollutants for a few large emitters, but the Korean Ministry of Environment
changed the policy regime because the previous regulation could not control the total amount
of emissions. As a result, the cap-and-trade system was first introduced in Seoul Capital
Area, an area surrounding the capital of South Korea, in 2008. In other areas, the previous
concentration regulation remained. Later, in 2020, the cap-and-trade was suddenly expanded
to other three areas, Central, Southern, and Southeastern areas, still leaving non-targeted
areas. These areas are an aggregate of districts in Korea.® Priority has been given to these
areas because of their large populations and emissions. Each area had own pollution mar-
ket where targeted plants could trade their emission allowances, but trading across markets

was not allowed. Each system had own total emission allowance through which the Ko-

3Throughout the analysis, trade denotes within-country cross-region trade.

41 classify hydro, nuclear, solar, or wind as a source of clean power generation and fossil fuel as a source
of dirty power generation.

5In the period of analysis, Korea had around 230 districts. They are the smallest administrative units
with self-governing authorities, which is smaller than metropolitan cities and provinces. The latter is a larger
administrative unit, which amounts to 17. For example, Seoul Metropolitan City and Gyeonggi Province.



rean Ministry of Environment changed the pollution prices and hence total emissions in the
area. In each market, plants in mining and manufacturing and power generation sectors are
extensively targeted as they accounted a significant portion of emissions. More specifically,
plants that emitted NO,, SO,, or T'S P more than a certain threshold became subject to the
policy and were given emission allowances. Target plants had to buy emissions allowances
for excess emissions, or they could sell or save the residual. The policy was designed to be
binding under business as usual (BAU) because initial allowances were set to the pre-policy
emissions levels and they decreased linearly every year.

In Section 3, I describe the datasets used in the analysis. Note that the questions require
micro data and foundation because, as noted above, there are many channels that matter
quantitatively. Also, firm heterogeneity matters for better mapping between policy and
analysis. Environmental policy, in practice, targets large polluters who are cleaner in terms
of emissions intensity. This is because it is hard to regulate pollution across all firms and
plants. But such a policy design can encourage leakage to non-targeted polluters who are
dirtier. If they are in the same regions, the policy effect might be mitigated. If they are not,
emissions are leaked. Hence, I combine several rich datasets about mining and manufacturing
sectors that have the information about location, sector, id, revenue, employment, financial
and detailed operation information, fuel use, and emissions at the plant, firm, and district
levels. They include several policy-related data and census data, which constitute the basis
of analysis. Additionally, I merge a power plant database that tracks the fuel use, capacity,
electricity generated, and location of each power plant.

In Section 4, I use the data and conduct several empirical analyses to see the policy
effect: did the policy decrease target emissions? was there any abatement? was there any
types of leakage? which one was larger? In order to answer these questions, I compare the
emissions and valued added of targeted districts to those of non-targeted ones and find that
the policy decreased target emissions by 13% without hurting value added in a significant
way. Motivated by this result, I compare the emissions and output of (1) targeted plants with
those of non-targeted ones and (2) affiliated plants with those of non-targeted ones to see
the mechanism behind. I find that the policy induced cleaner fuel mix (electrification) and
leakage within and outside firm boundary. Interestingly, electrification was shared within
firm boundary. The result implies the subtlety of firms’ responses: the non-rivalry of clean
technology and the relocation of output and pollution. Further analysis on power plants
is in progress to capture how power plants responded to the policy and how electrification
affected power plants.

In Section 5, I develop a spatial general equilibrium model of trade, MP, and emissions,

based on the empirical findings above. The goal of the structural approach is to interpret the



empirical evidence, address several identifying limitations in it, and conduct counterfactual
policy analyses. I introduce fuel use, emissions, and firm-level abatement into a model of
trade and MP. The former is the novelty of the model that captures emissions and diverse
abatement mechanisms that are shared are the firm level. Fuel use, along with power plants,
also help to evaluate leakage to power plants. Trade and MP help to capture within and
between firm leakage. In Section 6, I calibrate and estimate the parameters of this model.
In Section 7, I conduct several counterfactual exercises. First, I investigate the policy effect
on the geographic distribution of pollution and economic activities and its aggregate im-
pact. Second, I regulate industrial electricity use. This analysis enables firms and plants to
internalize potential pollution externality that originates from electrification. The first two
exercises give an important lesson that sustainable growth can be achieved with industrial
electrification and clean power generation. It resonates more with developing countries that
are building their infrastructure. Third, I study the importance of spatial variations in the
policy by imposing unilateral pollution tax or more asymmetric one. This analysis provides

a lesson on growing regional disputes over emissions control and corresponding externalities.

Related literature. This paper builds on three strands of literature, bridging the gap be-
tween two strands of literature that study the impact of environmental policies on leakage
and abatement and clean innovation and introducing them in space to analyze the geographic
distribution of emissions and output. The first literature examines how environmental poli-
cies influence abatement or clean innovation. Abatement has been studied in a reduce form
(Copeland and Taylor (2004)), with emission control devices (Greenstone et al. (2022)), and
with changes in sets of fuel types used in production (Murray Leclair (2024)). The literature
on clean innovation complements it as clean innovation is conceptually different from abate-
ment (Acemoglu et al. (2012) — see Hémous and Olsen (2021) for a review). In general,
it has been accompanied with the study of clean and dirty patents (Aghion et al. (2016)).
Furthermore, there is a burgeoning literature that evaluates the effect of a cap-and-trade sys-
tem on pollution and output with the growing popularity of cap-and-trade system (Fowlie,
Holland, and Mansur (2012); Wagner and Petrick (2014); Wagner et al. (2014); Greenstone
et al. (2022); Kim (forthcoming)). Such market-based regulations are known to be effective
as they provide not only compliance flexibility but also cost effectiveness. I will explore the
importance of this mechanism in quantification. However, these papers do not consider any
relocation of emissions from regulated to non-regulated units. The second literature fills
this gap by investigating the effect of environmental policy on the relocation of pollution
and production (Eskeland and Harrison (2003); Levinson and Taylor (2008); Hanna (2010);
Broner, Bustos, and Carvalho (2012); Chen et al. (2021); Tanaka, Teshima, and Verhoogen

(2022); Yang et al. (2024)). However, this literature ignores abatement and clean innovation
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that can arise from environmental policy.

This paper combines the insights of both and studies how environmental policy lead to
abatement and leakage and hence emissions and output. Such a balance is necessary because,
although both types of responses reduce emissions, their welfare implications can be signif-
icantly different. This paper provide more concrete channels of each. For abatement, fuel
intensity, fuel substitution, and emission control devices are studied, which have been rarely
studied in the literature. For leakage, I extend the literature by considering various forms of
leakage. The leakage literature focuses on within- or between- firm leakage where firms and
plants shift their dirty production inside or outside firm boundary. This paper additionally
considers leakage to power plants because firms and plants can attribute emissions to the
power generation sector through electrification. In this context, how clean power genera-
tion is another important aspect in evaluating environmental policy (Arkolakis and Walsh
(2023)). However, there is still a missing puzzle, space. Considering space is important
because different regions are exposed to environmental policy to different degrees, creating
different spatial distribution of emissions and output. This margin becomes more significant
when the effect of emissions is local.

The third literature relates to this gap by examining the effect of environmental policy
or climate shocks in space (Golosov et al. (2014); Desmet, Rossi-Hansberg (2015); Shapiro
and Walker (2018); Conte et al. (2021); Farrokhi and Lashkaripour (2024); Kortum and
Weisbach (2021); Cruz and Rossi-Hansberg (2022); Krusell and Smith JR (2022); Desmet,
Rossi-Hansberg (2023); Weisbach et al. (2023); Cruz (2024); Cruz and Rossi-Hansberg (2024)
— see Cherniwchan, Copeland, and Taylor (2017) and Copeland, Shapiro, and Taylor (2021)
for areview). This paper contributes to this literature by providing more concrete and diverse
channels of abatement and leakage. It is one of the first papers that examine abatement from
fuel technology and emission control devices as well as leakage within- and between-firms
and to power plants in space. Furthermore, MP and firm heterogeneity are borrowed from
an expanding body of literature on trade and MP (Ramondo and Rodriguez-Clare (2013);
Tintelnot (2017); Arkolakis et al. (2018); Sun (2020)). This choice is made because they not
only match the data and policy better but also have critical policy implications. In practice,
large polluting plants are targeted by environmental policy, whose firms have many other
plants, and are cleaner in terms of emissions intensity. Then, their response can be more
nuanced. For example, leakage within and between firms are one of the easiest ways plants
can respond, which can pose a quantitative question. If there is leakage in target areas, the
policy effect might be mitigated. Or if there is leakage between targeted and untargeted
areas, emissions might be relocated. Note that such microfoundation is possible because of

the micro data that contain the universe of mining and manufacturing plants and firms in



Korea.

Lastly, there is a set of closely related papers. Arkolakis, Kim, and Murray Leclair
(2025) studies the effect of environmental policy on emissions and output across regions with
trade and dynamic changes in sets of fuel types used in production. Garcia-Lembergman
et al. (2023) set up a seminal model where trade, MP, energy use, and emissions are com-
bined. They account for the role of MP emissions and output across regions, but without
environmental policy, leakage, and abatement and clean innovation. Xiang (2023) extends
Garcia-Lembergman et al. (2023) and studies the role of environmental policy on emissions
and output with trade, MP, and dynamic clean innovation. The key difference of this paper
to them is that it analyzes leakage within firms and to power plants and diverse abatement
mechanisms — fuel intensity, fuel composition, and emission control devices — non-rival at
the firm level, abstracting from dynamic fuel set changes and clean innovation. This set of
new mechanisms fits better the empirical evidence this paper presents, reflects that emis-
sions are local, and, most importantly, provides different policy implications. Leakage to
power plants is an important consideration when assessing the policy effect. For example,
the excess demand in electricity from electrification can turn on dirty power plants, creating
new emissions in different regions. Diverse abatement mechanisms reflect that fuel technol-
ogy and emission control devices are effective tools in curbing emissions coming from fossil
fuel use and production process. The fact that they tend to be shared within firms has an
important policy implication because of the policy spillover. In particular, when we focus on
emissions that are local, the effect of such mechanisms become more critical. However, they
are mostly about the short run responses. For changes in the long run, Arkolakis, Kim, and
Murray Leclair (2025) and Xiang (2023) can explain better because changes in fuel sets and
clean innovation are costly and take time to realize.

The remainder of the paper is organized as follows. Section 2 provides the policy back-
ground. Section 3 describes the data. Section 4 provides empirical evidence. Section 5
presents a theory. Section 6 describes model calibration and estimation, and Section 7 re-

ports the quantitative result. Section 8 concludes.

2 Policy background

This section explains the policy background using several policy documents published by
the Korean Ministry of Environment. The ministry has adopted two policies, a concentra-
tion regulation and a cap-and-trade system, to lessen the emissions of local air pollutants
(NO,, SO,, and T'SP) of large polluters. In both policies, the targeted emissions are con-

fined to Scope 1 emissions that occur inside the plant boundary, which is the policy unit.



Several large polluting power plants were also targeted by the policy, making Scope 2 reg-
ulations redundant. However, there are also differences. The concentration regulation was
a command-and-control regime that set the concentration criteria of pollutants for emission
facility types and imposed fines for any violations since 1995. But the government felt the
need to control the amount of emissions because the amount itself could be large despite
the low concentration of emissions. For this reason, a cap-and-trade system was introduced
in 2008 and expanded in 2020 where the amount of each local air pollutant emissions were
capped in targeted regions, and emissions allowances were freely traded. For TSP, the first
adoption was in 2018.

Figures A.1 and A.2 well summarize the spatial expansion of the policy and the policy goal
for each pollutant. This is because the government price emissions by controlling emissions
allowances in each area x pollutant market. This price is directly related to the cost of
emitting different local air pollutants. High and stable permit price is a credible signal of
regulatory stringency. Whether these prices were sufficient to deliver meaningful reductions
in regulated emissions, and whether these reductions were offset by increases in unregulated
emissions, are empirical questions that I answer in Section 4.Ultimately, the policy aims
to decrease total emissions to around 40% of 2019 emissions by 2024. This number was
calculated based on a scenario where plants would adopt the best abatement technology
available. The technology was designed to be renewed every three years through discussion
between the government and targeted plants. Table A.2 summarizes the concrete goals of
the policy for each local air pollutant.

How emissions allowances were allocated also matters to understand the policy goal
better. The general pattern is a linear decrease over time, which reflects how emissions al-
lowances were allocated to plants. Once being subject to the policy, targeted plants were
freely allocated emission allowances according to their latest emissions and the feasible re-
duction scenario. Although the initial allowance was set to the emission level of 2019 for
adjustment, the allowance has decreased linearly over time to satisfy the policy goal above
considering feasible abatement technology. This design makes the policy binding under busi-
ness as usual (BAU), which is a common design in cap-and-trade system.

There are two notable patterns we can observe from the figures. One is that the system
was not decreasing in Seoul Capital Area before the expansion. For this reason, I keep plants
treated by the initial adoption in the baseline empirical analysis later. The other is that T'S P

has been more strictly regulated than the other pollutants. This difference originates from

SNote that a command-and-control system is the simplest and the most general form of environmental
policy. It can be found in developed countries such as European Union countries and developing countries
such as India.



the fact that the emissions of TSP and PM from plants have played a critical in expanding
the policy. They have accounted for the lion’s share of such emissions. For example, a
government briefing in 2020 highlighted that the PM emissions of plants accounted for 39%
in 2019, which dominated the shares of the other sources. Lastly, there are other policy
details. To avoid any harms to early adopters, plants that decreased emissions early have
been subject to the five-year average emissions level. Emission allowances could be carried
over one year, but borrowing was not permitted.”

Throughout the analysis, the treatment is being subject to the cap-and-trade system in
2020. The pretreatment is being absent of any policies. The pretreatment state or the status
quo can be being subject to the concentration regulation, but not necessarily. The treated
plants were subject to the concentration regulation, but the controlled plants might not have
been subject to the same policy as the target was differently selected. For example, the
policy unit has changed. The concentration regulation targeted specific polluting facilities
while the cap-and-trade system targeted a plant. Also, the concentration regulation has
been maintained, but it has been relaxed for targeted plants. So it is less likely for this past

regulation to have affected the policy effect.®

Monitoring and Punishment

Measuring, reporting, and verifying (MRV) was monthly. Targeted plants were evaluated
through their monthly emissions reports and 3rd party verification.However, the evaluation
was once a year. Plants that emitted more than their emissions allowances — allocated or
traded — were subject to fine proportional to excess emissions and reduction in its allowance
proportional to excess emissions. In the worst case, they faced the suspension of business. In
general, the penalty was based on excess emissions, regulated areas, the number of violations,

and more.

2.1 Policy target

This section explains the target of the policy in three steps. The policy targeted (3) major

polluters in high-emissions (2) sectors and (1) regions. I begin with the last criterion first.

"The policy design was to meet the annual cap. For example, firms anticipating higher costs in the future
are likely to save.

8 Although the prices and circulations of allowances have increased over time, the main analysis of this
paper abstracts from permit allocation for two reasons. First, by a Coasian argument, permit allocation
should not affect firm behavior at the margin (Coase (1960)). Second, I lack a credible strategy to test for
a causal effect. For such an analysis, see Fowlie and Perloff (2013).
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2.1.1 Regions

The policy initially targeted Seoul Capital Area, an aggregate of districts surrounding the
capital of Korea, Seoul. Later, it expanded its scope to Central Area, Southern Area, and
Southern-East Area. These districts were chosen based on their severe air conditions through
expert reviews, discussions among local administrative units and stakeholders, and public
information sessions. According to several government officials in charge, the priority of these
areas came from the welfare consideration of the policy, given an administrative budget,
because they accounted for more than 80% of PM concentration and emissions as well as
88% of the population and 38% of the land area. It is well known that the more plants
are regulated, the more costly the regulation becomes. In other words, leakage from target
regions to non-target regions was not intentional because there was a concern for it and local
air pollutants still could travel although their effects decrease in distance. However, this
leakage is still a concern that I investigate it empirically in Section 4.

Figure A.3 summarizes the policy history in a map of Korea that is divided into districts.
Note that each area has a separate cap-and-trade system for each local air pollutant. Fur-
thermore, the area does not align with the province boundary and the local jurisdiction of
the Ministry of Environment. This gap makes the empirical analysis in Section 4 free from
other confounding policy effects whether they are environmental ones or not. In terms of the

geographic distribution of the targeted plants, see Table A.3.

2.1.2 Sectors

This paper focuses on the mining, manufacturing, and power generation sectors for the
following reasons. First, as the first panel of Figure A.4 shows, the number of treated plants
tripled with the expansion, and at the same time, 75% of targeted plants were in these sectors.
Second, as the second panel of Figure A.4 shows, emissions from these sectors decreased after
the expansion, which accounted for a significant portion of target emissions. In T'SP, it was
55%. As indicated by the first point, emissions from these sectors decreased faster (29%)
than the rest (36%).

Power plant

The power generation sector, however, deserves careful approach. This is because, power
plants are subject to the direct effect of the policy through the regulation and the indirect
effect of the policy arising from industrial electrification that was one of the key responses by
targeted industrial plants. From the former, Scope 2 regulation such as one on electricity use

was not necessary. In the latter, whether there was enough clean power generation to avoid
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leakage to power plants matters to evaluate the policy. If clean power generation capacity
satisfied the extra demand from the industrial electrification, it was the best scenario. In
addition, the geographic distribution of clean and dirty power plants with different capacities
is critical, especially when pollutants are local.’

The reality needs to be understood with the data. However, in order to understand the
data, the electricity market needs to be understood first. The electricity market was managed
by the government buying electricity at different prices from power plants and selling at a
uniform price to final users — household, industry, and more. There have been two systems
that governed the market. One is the system marginal price (SMP) that determines the
price of electricity by the marginal cost of the last generating unit required to meet demand
at a specific point in time. As Figure A.5, the increased power generation cost is reflected
in the wholesale (the auction price of fossil fuel generated electricity) and retail (the price
of electricity in industrial use) electricity prices. This increase originates from both changes
in fuel prices and environmental regulation. This increase implies that electrification was
not a free lunch to industry. The other is the merit order dispatch (MOD) where the lowest
marginal cost power stations are dispatched first to supply the grid, and then power is
scheduled in the increasing order of marginal cost. Thus, the availability of renewable energy
source is important as they have zero marginal costs and emit nothing into the atmosphere.
Figure A.6 shows the power generation capacity by source, and the share of clean power
generation increased from 36% in 2012 to 43% in 2024.

Whether the growth in power generation was enough is empirical and quantitative ques-
tions that this paper will answer later. However, note that the geographic distribution of
clean and dirty power plants also matters. Indeed, figure A.7 shows that the distribution of
dirty power generation does not overlap with that of clean power generation. How the extra
demand in electricity from the industrial electrification can be supplied matters more when
we consider such a difference. The issue becomes more serious when pollutants are local

because unregulated (or less regulated) districts with dirty power generation can suffer.

2.1.3 Emitters

To be precise, the cap-and-trade system targeted plants in targeted regions.'® The policy
targeted large emitters: (1) emitted NO,., SO,, and T'S P more than 10t per year in the last

91 abstract from grids because, according to Korea Electric Power Corporation and Ministry of Trade,
Industry, and Energy, the electricity supply rate has been around 100% in a recent decade.

10Tn general, this policy design works better than the ones targeting firms. If it targeted firms, M&As and
splits would have been easier, making it hard to track the targets and calculate emissions and allowances.
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two years (2018 and 2019)!!; and (2) emitted more than 4t of NO,, 4t of SO,, or 0.2t of T'SP
at least once in the past two years (2018 and 2019). Ideally, abatement should dominate

leakage within- and between-firms, which I will examine later empirically and theoretically.

2.2 Policy Effect Preview

This project is the first attempt to evaluate the expansion of the policy.!? So I briefly preview
an interview summary before starting main analyses. Several public officials in charge of the
two policies (the initial adoption, and the later expansion) were interviewed. According to
the one in charge of the initial adoption, the policy decreased the amount of local pollutants
emissions, but there has been a concern about leakage, which has not investigated yet. The
need for the corresponding data has deterred any further analyses. As noted before, the effect
of the second policy has not been analyzed. However, I was able to discuss the policy effect.
According to the one in charge of the second wave, the policy seems to have worked effectively
because, for example, many targeted plants installed emission control devices despite high
costs of such installations. The same leakage concern existed in the second wave, but the

one in charge refused to answer related questions.

3 Data

This section explains different datasets used in the analysis. The empirical analysis in Sec-
tion 4 and the model quantification in Section 6 build on these rich datasets that describe
production, energy use and air pollutant emissions by fuel type at various levels — plant,
firm, district xindustry, and district levels. They cover several years prior to the expansion,

which helps the causal inference of Section 4 and the model identification of Section 6.

3.1 Policy Data

I use several pieces of policy-related information acquired from the Korean Ministry of En-
vironment through a formal data request. First, I use a piece of information that has a list

of targeted plants and their targeted pollutants, locations, sectors, and names to identify

1T et total emissions be the sum of NO,, SO,, and TSP emissions of a plant. According to the Ministry
of Environment, type 1 is the type of plants that emit more than 80t in total, type 2 is the type of plants
that emit more than 20t but less than 80¢, and type 3 is the type of plants that emit more than 10¢, but less
than 20¢. Then this first condition is being classified as either type 1, type 2, or type 3.

12There were several attempts to evaluate the initial implementation in 2008. But there is no consensus.
Im (2023) shows the effect of the initial adoption with potential leakage, while the Korean National Assembly
Research Service reports that it was ineffective.
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targeted plants and firms. There is also a separate dataset that has emissions and emissions
allowances over time at the policy area levels, which helps understand the policy background,
policy variations across districts, and pollution tax. In addition, I use four datasets related
to the policy for analysis: tele-monitoring emissions records, district and industry emissions
records, measuring station reports, and emissions factors. First, the tele-monitoring records
come from the monitoring devices that were applied to a few large emitters. The list of its
target includes a subset of both targeted and non-targeted plants before and after the policy
expansion. After the policy expansion, they were expanded to all targeted plants.'> The
records show the real-time emissions and concentrations of T'SP, SO,, NO,, HCI, HF,
NHjs, or CO. But the coverage is limited since only large emitters are monitored. Second,
the district and industry emissions records include similar air pollutant emissions measured
for various activities at the district level. This is one of the datasets that the government
used to design the expansion. The most detailed activity classification corresponds to the 3-
digit Korea Standard Industry Classification (KSIC). Emissions in this dataset are computed
using real-time emissions, input types, emissions factors, the use of emission control devices,
and activity types. A strength of this dataset is that it is close to real-time emissions and
the policy was grounded on it. Third, the measuring-station-level data are the collection of
the real-time concentrations of local air pollutants in each measuring station spread across
districts in Korea. These stations have records of SOy (ppm), NOy (ppm), PM 2.5 (ug/m?),
and PM 2.5 — 10 (ug/m?3)."* Lastly, the emissions factors are a set of emissions factors the
policy used before installing sensors or to find its targets. Since the sensor coverage was
around 30%, it was used extensively.!> They are differentiated across fossil fuels, production
processes of different products, and sectors. Without loss of generality, among fossil fuels,

coal is the most polluting fuel, oil takes the second place, and then gas.

3.2 Industry Data

The key dataset is Statistical Business Registers (SBR) provided by Statistics Korea. This
dataset contains the universe of firms and plants in Korea with the information about revenue,
employment, fuel use and greenhouse gas emissions by fuel type, industry classification, and

location. It defines a firm in two ways. Both treat corporations as firms. The difference is

I3A few exceptions have been allowed based on the characteristic of outlets, cost-efficiency, and more.

180, is a part of SO, as NO, is a part of NO,. PM 2.5 captures particulate matters whose diameters
are less than 2.5 micrometers, PM 2.5 — 10 captures particulate matters whose diameters are between 2.5
and 10 micrometers, and T'SP captures particulate matters whose diameters are more than 10 micrometers
in addition to PM 2.5 and PM 2.5 —10. In measuring stations, PM 10 includes PM 2.5, but not the other
way around.

15For brevity, this information is omitted but is available upon request.
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in the way each treats non-corporations. One ties non-corporations as firms if they share at
least one owner registered for their tax document while the other does not. I use the former
in my analysis, but the result is robust to a change. Further, in 2021, the Survey on Energy
Use and Greenhouse Gas Emissions in the Industrial Sector conducted by the Korea Energy
Agency has been merged to the SBR, covering years since 2016. Although the survey has
served as the basis of industrial environmental policies, misreporting is unlikely because the
agency cross-checks other relevant data (e.g., real-time monitored data) to scrutinize the
survey answer. Fuel use and greenhouse gas emissions by fuel type are only available for
plants with non-zero sales in the mining or manufacturing sectors. This is another reason
why I limit the sectors of interest. Fuel uses are measured in ton of oil equivalent (toe) and
are categorized as coal, gas, oil, electricity, heat, and others. The category, others, captures
the use of waste energy, bio energy, and more, which is not used in the analysis because
only a small portion of plants use it and such an in-house energy source is hard to price.
Heat is heat energy produced from fossil fuel or renewable so I drop it to avoid double-
counting.! Then, I use emissions factors to calculate local air pollutant emissions by fuel
type and industry-specific production process emissions without any overlaps between the
two.!718 This is one of the datasets that the government used to design the policy expansion.
There are emissions from electricity use, but I do not use them because they do not factor
into the spatial distribution of power plants and their energy sources. Another key dataset
is Mining and Manufacturing Survey (MMS) provided by Statistics Korea. It has detailed
information related to production and finance such as the type of capital, fuel cost, electricity

bill, material expense, and wage bill in the mining and manufacturing sectors.

3.3 Power generation Data

I also use the SBR to see how sales changed in targeted power plants within 4-digit KSIC.

Given the electricity market mechanism in Korea, this design helps infer how power gener-

16Electricity use also include electricity generated by plants themselves. But I treat electricity use as bought
without loss of generality. Targeted plants have no incentive to generate electricity by themselves because
they can avoid emitting pollutants by buying electricity from outside. Also, it is known that electricity
generated by non-power-plants takes around 3.8% of total electricity generation capacity, and there are only
32 manufacturing firms generating electricity by themselves (Survey on Independent Power Producers, 2022).
This result is consistent with the finding in France (Colmer et al. (2024)).

1"For example, producing paper-related products leads to T'SP emissions in the production process.

180ne caveat is that when calculating emissions from production process, I use output that deflates plant-
level sales with the corresponding an industry level price without regional consideration. Ideally, I should
use plant level unit price and unit output, but such information is not available. For this reason, I use the
industry level price. However, since Korea is a small country, the lack of regional consideration is unlikely to
change the result significantly. Also, sales is a good proxy of output. As will be shown in estimation (Section
6), sales has a log linear relationship with output, conditional on market variables.
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ation changed from a change in sales. In addition, I use a power plant database acquired
from Korean Electric Power Corporation which has information about the fuel use, capacity,
electricity generated, and location of each power plant in the country. One caveat is that it
only captures large power plants. Overall, the power plant data are useful to see how ex-
cess demand in electricity, such as industrial electrification, can affect emissions in aggregate
and in other regions since different regions have power plants with different fuel types and
capacities. I do not look into grids because, according to Korea Electric Power Corporation
and Ministry of Trade, Industry, and Energy, the electricity supply rate has been around
100% in a recent decade. As for industrial plants, I use emissions factors for power plants if

necessary.

3.4 Others

I use satellite data from Sentinel and Edgar to track real-time emissions across regions.
This approach has been proved to be useful to capture the emissions of local air pollutants
because they are local and last shortly. This characteristic is beneficial to the measurement
as spillovers from the different regions or from the past are unlikely. Also, the unit is granular
as it can go as far as 1km x 1km. I use various social costs of emissions borrowed from the
literature for calibration. I use the rent and price of housing to proxy district-level prices of

consumption and capital structure, which are rarely available at the fine grid.

3.5 Final Data

For the main dataset, I merge the policy target information, the SBR, and the MMS, using
firm and plant tax codes and keep only mining and manufacturing and power plants. There
are more details about the matching and cleaning process in Appendix A. Before starting the
main analysis, note that this analysis requires micro data because how plants and firms react
to the policy can matter quantitatively and provide different policy implications. First, in
practice, large polluters are targeted by environmental policies due to administrative burden.
But these large polluters are, in most cases, large plants of large firms that have many plants
and are cleaner in terms of emissions intensity. So an environmental policy that can shift
production within and outside firm boundary can mitigate the effect in targeted areas or
worsen the pollution in non-targeted areas. For example, Chen et al. (2021) and Yang et al.
(2024) empirically show that the relocation of emissions and output was large in response
to environmental policies in China. Or abatement can dominate leakage within firms as
clean innovation does in Xiang (2023)’s theory. Thus, it is critical to observe the universe

of industrial plants before and after the policy to evaluate the policy. Second, there might
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be leakage into the power generation sector. The policy has not included emissions from
electricity use, and a significant portion of local air pollutant emissions originate from fossil
fuel use. So in response to the policy, targeted plants might have switched from fossil fuels to
electricity. In this case, if electricity was produced cleanly in specific regions matters. This
locality becomes more important for local air pollutants. For these reasons, I analyze using
the micro data to see how plants and firms responded to the policy.

Lastly, there is an important caveat in measuring emissions. As noted in Section 2, the
policy used emissions factors before the policy and real-time emissions after the policy to
track emissions at the plant level. Although both methods are the ones the policy used,
there is a gap between the two. As shown in Greenstone et al. (2022), the role of emission
control devices is powerful in reducing the emissions of local air pollutants. This finding
implies that emissions computed with emissions factors can capture too much emissions. As
will be shown below, using emissions factors is one of common ways to compute emissions.
Because of the administrative burden, many government institutions follows a similar way,
sometimes with more detailed information about fuels. Also, it is common in the literature
(e.g., Wagner et al. (2014); Garcia-Lembergman et al. (2023); Colmer et al. (2024); Murray
Leclair (2024)). Further, this approach helps to construct a tractable model. What matters is
the role of emission control devices in decreasing emissions. I address this measurement issue
by complementing the two approaches together. I use real-time emissions data if possible.
However, one issue is that sometimes the data do not have enough information. For example,
the district xindustry data cannot differentiate emissions from targeted plants from the rest.
Similarly, the satellite data and the monitoring station data cannot differentiate industrial
emissions from other sources, let alone those from targeted plants. The tele-monitoring
records only contain a subset of treated and non-treated plants. Thus, I use computed
emissions to guide the microfoundation at the plant level behind any changes in real-time
emissions. In addition, I exploit variations across treated plants because they were subject
to different policy variations if they were in different policy areas or had different regulated

pollutants. Different pollutants have different emissions factors.

4 Empirical analysis

The goal of this section is to estimate the policy effect empirically: did the policy decrease
emissions? was there any abatement in energy use? were there any types of leakage? which
one was larger if both happened at the same time? what happened to affiliated plants?

The answers to these questions will not only show the policy effect but also guide a full-
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fledged model analysis in Section B. Here I use difference-in-differences for causal inference.”

I first evaluate the policy effect using real-time emissions, emissions alerts, and medical
expenses at the district (or district xindustry) level to see if the policy achieved its intended
goal. I compare targeted regions and non-targeted ones and find that the policy decreased
emissions in the targeted regions without hurting industrial output significantly. In other
words, there was a significant emissions intensity improvement in targeted areas. This finding
is interesting because it implies that there has been actual emissions intensity gains, which
is different from those of other leakage focused papers (Chen et al. (2021); Tanaka, Teshima,
and Verhoogen (2022); Yang et al. (2024)). Then, I evaluate the policy effect at the mining
and manufacturing plant level to see the mechanism behind. Here I construct a partial
equilibrium model of production and pollution. Guided by the model proposition, I answer
the questions by comparing (1) targeted and non-targeted plants and (2) affiliated and non-
targeted plants. Affiliated plants are defined to be the ones that belong to the same firm
ownership as targeted ones. Non-targeted one are neither targeted nor affiliated ones. The
result indicates that both targeted and affiliated plants decreased emissions, which came from
decreases in emissions from production process and fossil fuel use. They adopted cleaner fuel
mix through electrification and leaked pollution within and across firm boundary and to

power plants. The corresponding analysis at the power plant level is in progress.

4.1 District level Policy effect
4.1.1 Empirical Strategy

The ultimate goal of the policy was to decrease emissions in targeted districts. To see the
policy effect on emissions and industrial output on the treated and controlled districts, I
start by comparing the trends of the targeted districts to those of the untargeted ones.
Since the policy targeted plants in specific districts, the evidence can also be interpreted
as market spillover. For the outcome variables, I look into real-time emissions from the
district xindustry data, the measuring station records, the satellite data, emissions alerts,
and medical expenses as well as value added from the MMS. Logarithms are taken for all
outcome variables. In the baseline specification, I implement this analysis with a semi-
parametric difference-in-differences approach, following Heckman et al. (1997) and Heckman

et al. (1998)

Ydst = g By x Treaty, X Year, + €gs
#2019

19Note that despite the concern for SUTVA violation, difference-in-differences are the only way to conduct
a causal inference. Regression discontinuity and instrument variable approaches require real-time emissions
data, which are not available for all plants of interest.
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where standard errors are clustered at the district xsector level, d denotes districts, s de-
notes 3-digit KSIC, and ¢ denotes calendar years. The base period is 2019. Only for the
district xindustry data, there is s, and I exactly match on it. I only keep sectors where there
is at least one targeted plants to focus of the sectors of policy interest. For the others, I
add covariates Xy to consider the corresponding information. The coefficients of interest
are (., which captures the policy effect on the regulated units in period 7 compared to the
matched control units over time. Treat is applied differently. For emissions concentrations,
it only differentiates districts while, for the rest, it differentiates both districts and sectors.
I focus on the district xindustry data as they are close to real-time emissions and the policy
was based on them.

The identifying assumptions for this causal inference are as follows. First, the SUTVA
should be satisfied, which means that there should not be any spillovers (e.g., leakage)
between the two groups. I construct a spatial general equilibrium model to handle this
limitation. In addition, in the plant level analysis, I address this issue more carefully. Second,
the policy should not be anticipated. The policy was suddenly announced with a short
gap between the announcement and the implementation. More specifically, the policy was
announced in April 2019, but the details came later in December 2019, and the policy
was implemented in April 2020. One of the policy requirements has been emissions in the
past two years, which were hard to manipulate at the time of announcement. Third, there
should be parallel trends between targeted and non-targeted plants and affiliated and non-
targeted plants. Although a parallel trend is a prerequisite for a difference-in-differences
regression, I exactly match on 3-digit KSIC in 2019 to address sectoral changes over time
and to balance the treatment and control groups, which helps the plausibility of the parallel
trend. Figure A.8 and Table A.4 summarize the distributions of emissions and output in the
targeted and controlled units in 2019 (one year before the policy expansion), showing the
balance between the treatment groups and the control groups before and after the match.
On average, districts in the treatment group are larger but cleaner than those in the control
group. Although several post-match differences are significant, the match helps to justify
a parallel trend assumption and hence a difference-in-differences analysis. As a result, the

parallel trends of Figure A.9 become more convincing.

4.1.2 Results: targeted districts

The regression result is summarized in Figure A.10 and Table A.5. All emissions decreased,
reversing their pretreatment trends. TSP, PM 10, and PM 2.5 decreased by 13, 13, and
12%, and SO, and NO, decreased by 10 and 14%. Interestingly, leakage turned out to

be not overwhelming as indicated by no significant changes in value added. There was an
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insignificant 5% decrease. For robustness, I drop observations in Seoul Capital Area that were
targeted from the first wave. The result is robust to the inclusion of this area. To summarize,
the policy successfully decreased emissions without hurting industrial output significantly.
Although this district-level comparison can help capture the overall policy effect, it is not
enough to capture the mechanism behind. Note that the treatment is in three dimensions:
districts, sectors, and emissions sizes. Thus, the precise mechanism can be better understood
given the plant and firm responses to the policy, and this will change or enrich the policy
implication. In the following section, I conduct similar exercises but using at the plant level

to see how this effect can be explained by plant and firm behaviors.

4.1.3 Robustness checks: in progress

In this section, I check the sensitivity of the difference-in-differences analysis at the district

level.

4.2 Plant level Policy effect

In this section, I complement the district level evidence of the policy effect with the plant
and firm level evidence. First, I provide a model guide for this analysis, which provides a

tractable solution. Then, based on the proposition of this model, I analyze the policy effect.

4.2.1 Model guide

I provide a partial equilibrium model of production and emissions to guide the empirical anal-
ysis and embed it into a full-fledged model. The model is based on the following stylized fact
about fuel use and emissions in the the status quo, 2019, before the policy implementation
in 2020. Using In (Sales/Employment) as a measure of plant productivity and computed
emissions, Figure A.11 shows that more productive plants have lower emissions intensities
and hence are cleaner.?? I use electricity instead of energy because energy is unobservable

while electricity is observable and always used everywhere.

Production and Pollution

Let us consider a single plant firm w in mining or manufacturing sectors. Firm w is charac-
terized by its productivity x. This firm produces using a constant elasticity of substitution

(CES) production function of labor, intermediate good, and capital-energy aggregate. Again,

20These facts are robust to using other emissions measures, other productivity measures such as TFP, or
using different years. They are available upon request.
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the aggregate combines fuel-specific capital and fuel use across different fuel types in a CES

function.

P

p=1 p=1 =1\ 51
q:X<OéL€” +aym » +04Eev>

= (Z <kfef>*1> 7

feF

where oy + ay +ap =1 and A > p > 0. £ denotes labor, m denotes material (intermediate
goods), and e denotes capital-energy aggregate. ky denotes fuel-specific capital, ey denotes
heating potentials of fuel f use, and F = {Coal, Oil, Gas, Electricity} denotes a set of fuel
types that consists of fossil fuels and electricity. Capital-energy aggregate is modeled based
on the fact that there is high complementarity between capital and energy compared to the
other inputs. For example, almost all capital structures require electricity. Although, this
term is named fuel-specific capital, what this fuel-specific capital represent is fuel technology
in essence. That explains why fuel-specific capital and fuel use are multiplicative. Also, this
choice matches data better because each fuel and each firm have a different fuel intensity
and each firm uses different fuel composition. Although fuel types can be aggregated in a
different way, I choose to pool them together because electricity is the one and only energy
source used by all plants anytime, and this matters when deriving model-based empirical
specifications as will be shown later. In other words, if there is any other fuel used by every
plant anytime, different CES nests can be considered. There are two elasticities of interest.
p and \ are the substitution elasticity of production factors and of fuel types, respectively.
They are key parameters in environmental economics that will be estimated in Section 6.2
They capture how an environmental policy affects firm-level input and hence regional and
aggregate output and emissions. For example, A captures how easily fuel composition can
change to fuel price changes.

The policy is simplified as pollution tax 7. Then, given its productivity x and fuel-specific

capital {k¢}, the firm minimizes its production cost, choosing labor ¢, material m, and fuel

use {es},

2IThey have been rarely estimated. For example, Murray Leclair (2024) is one of the few that rigorously
estimate both in India. However, India is a developing country that has started implementing significant
environmental policies recently. For example, the same author finds that fossil fuel, especially coal, is
extensively used, which is the opposite of Korea. The lack of those estimates, in particular in an advanced
economy, necessitates the corresponding estimation results.
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where pollution tax on production process is included in every input such that 7 =1+ 7k
and pollution tax on fossil fuel use is included in energy use such thatp; = 76y + pp.?* &
denotes emissions factors for production process, w denotes wages, py; denotes the prices of
intermediate goods, k¢ denotes emissions factors for fossil fuel f, py denotes fuel prices. More
precisely, k depends on products or sectors, which is considered in the following empirical
analysis, but not in the model analysis for simplicity. The four cost terms are standard
production factor expenses. Note that the policy does not apply to electricity use, making it
as a clean fuel from the perspective of an industrial plant. In this partial equilibrium model,
[ assume {ks} to be exogenous, but it will be made endogenous later in a full-fledged model.
The choice was made to keep similar functional forms throughout the analysis.

The first order conditions with respect to {e}, ¢, and m are
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Using Equation 1 for fuel f and electricity, the ratio of fossil fuel f use to electricity use

22Pollution tax on emissions on fossil fuel is isomorphic to fuel specific pollution tax as 74 = 7ky. Further,
binding quotas or bans on certain fuel types can be constructed similarly.
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can be derived.
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Ay is defined as a ratio such that A, = 1. Ay consists of fuel prices, pollution tax, and
fuel-specific capital prices, which are taken as given from the perspective of firms. If we

multiply the use of each fuel by its emissions factor, the ratio between fuel-specific emissions
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Constant Price effect Intensity effect

can be derived

Let us ignore the first term as it is a constant. Then, the first term in the ratio captures
the price effect coming from the relative effective price. The use of fossil fuel f decreases
in pollution tax related to the use of electricity. This is the channel where pollution tax 7
matters. The second term captures the fuel intensity effect through fuel-specific capital.

Now the unit production cost can be derived from the first order conditions above

1 7
ST — (5)
\><"/ 1— ﬁ 1—X 1—§ p—1
Productivity ap =P + afypy "+ o (ZfeF <é> )

Effective factor cost inclusive of pollution tax

The cost depends on productivity and effective factor cost inclusive of pollution tax. An
increase in pollution tax increases the latter and, hence, the unit production cost. Further,

based on these findings, a testable proposition can be derived.

Proposition 1.

Assume \ > p > 0.
Result

e Emissions decrease in pollution tax 7.
Mechanism
e The unit production cost increases in pollution tax 7.

e The use of fossil fuel f to electricity decreases in pollution tax 7.
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e Fossil fuel emissions intensity of electricity

sity of electricity %1, emissions intensity of electricity decrease in pollution

tax 7.
e Electricity intensity %5 increases in pollution tax 7.
Proof

e See Appendix C

Proposition 1 has several notable aspects. First, the parametric assumptions are not
restrictive. A > p > 0 should hold for CES nests to be well defined. Fuel types are likely
to be substitutable (A > 1). Many studies including Arkolakis and Walsh (2023) assume a
similar parameter to be larger than 1 without loss of generality. Recently, Murray Leclair
(2024) empirically finds a similar parameter to be 2.224 in India. Second, in the next section,

I use this proposition to guide an empirical analysis. If I take logarithms on the following

Kre K D —A k Al
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Again, the ratio of emissions factors is a constant. One caveat is that the intensity channel

fuel ratio,

is likely to move in the same direction as the price channel. Later, in a full-fledged model,
endogenous fuel-specific capital {k;} will depend on productivity and the policy shock. Thus,
the treatment effect will contain both channels. After estimating parameters, I study each
channel in Section 6. Third, as will be shown later, the policy effect is consistent with
the empirical findings in Section 4.2.3 where the policy increased pollution tax 7. This
consistency holds even after fuel-specific capital {k;} becomes endogenous and the treatment

effect includes the intensity channel.

4.2.2 Empirical Strategy

The purpose of this analysis is to see the policy effect on emissions and industrial output
by comparing the trend of (1) treated and untreated plants and (2) affiliated and untreated
plants. I focus on TSP as it is a key local air pollutant that motivated this policy expan-
sion. As a robustness check, I also provide results with all local pollutants and greenhouse
gases in Section 4.4. Let me denote T'SP emissions by T'SP, T'SP emissions from fossil
fuel use by T'SPF', and T'SP emissions from production process by T'SPP. Then, the out-
come variables are In TSP, In (T'SPF/TSP), In (I'SPP/TSP), In Sales, In Electricity, In
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(Electricity/Sales), In (T'SPF/Electricity), and In (T'SPF/Sales). The last two are the
measures of emissions intensity where I only consider emissions from fossil fuel use to focus on
cleaner emissions intensities. The former is electricity intensity, the latter is emissions inten-
sity of electricity, and they make emissions intensity, In (T'SPF/Sales) together. Consistent

23 As a methodology of

with Proposition 1, I use electricity, not capital-energy aggregate.
casual inference, I use the same semi-parametric difference-in-differences approach, following

Heckman et al. (1997, 1998). The baseline specification is

Ypt = Z Br x Treat, X Year; + ay, + g + Xp 2019 X 0 + €y
#2019

where p denotes plants, ¢ denotes calendar years, s denotes 4-digit KSIC, and X, 2919 includes
In Electricity, 2019, ,In Gasp o019, and In Oily, 2919. The base period is 2019. The coefficients
of interest are (., which captures the effect of the policy on regulated plants in period 7
compared to the matched control plants over time. Here I focus on computed emissions.
The corresponding analysis on real-time emissions is in progress.

The identifying assumptions for this causal inference are as follows. First, the SUTVA
should be satisfied, which means that there should not be any spillovers between the two
groups. Since the policy targeted plants and the data are at the plant level, I can address this
concern. When analyzing the effect on targeted plants, I only use untreated ones without
affiliated ones as the control group. I drop targeted plants from the control group when
analyzing the effect on affiliated ones. However, although this process addresses within-firm
spillovers, the SUTVA is still likely to be violated because there might have been spillovers
between targeted plants and non-targeted ones. For instance, outsourcing or losing market
shares could have happened because of the policy. Later, I construct a spatial general
equilibrium model to handle this limitation. Second, the policy should not be anticipated.
The same argument as in the district level analysis (Section 4.1) holds here. The policy
announcement was sudden, the gap between the announcement and the implementation was
short, and it was difficult to be un-targeted as the policy was based on past emissions. More
precisely, the policy was initially adopted in Seoul Capital Area in 2008. Several stakeholder
consultations have been in place since 2017. But the announcement and implementation of
its expansion was sudden in 2019 and 2020. Third, there should be parallel trends between
targeted and non-targeted plants and affiliated and non-targeted plants.

23Technically, I use inverse hyperbolic sine transformation on fuel-related variables because they are subject
to a sparsity issue: In <y + Y2+ 1). For example, there are plants that use only coal, or only gas. Plants

that use coal and gas can switch to use only gas next year. This is one of the most sophisticated methods
to deal with zeros in the literature (e.g., Colmer et al. (2024)).
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Although a parallel trend, not a balance, is a prerequisite for a difference-in-differences
regression, the balance helps the plausibility of the parallel trend. For this reason, I use sev-
eral matching techniques to balance the treatment and control groups. I refine the treatment
groups to have at least non-zero emissions in 2018 and 2019 since the policy chose its target
plants in this way. Then, I match them with untreated plants in the following ways. First, I
drop plants in the control groups whose sales are too small compared to those of the treatment
groups in each 4-digit industry classification. Note that sales can be a proxy of emissions as
it reflects both output produced and total amount of fuels used. This trimming is necessary
because, in the census data, there are too many small plants in the control groups that are
likely to have been treated differently by environmental policies. Second, I only keep plants
that are observed in 2019 and 2020 together for pairwise balance. Third, in 2019, a year
prior to the policy implementation, I exactly match on 4-digit KSIC and propensity score
match on electricity, gas, and oil uses in 2019, using a kernel match (Heckman et al. (1998);
Imbens (2004); Abadie (2005); Caliendo and Kopeinig (2008); Frondel and Vance (2013);
Busso, DiNardo, and McCrary (2014)). This match is to control for the price channel that
cannot be fully explained by the treatment. For example, different industries use different
sets of fuels and different firms use fuels differently. Also, the portion of firm productivity in
the intensity channel needs to be controlled. As noted before, the policy affects both effective
fuel prices and fuel-specific capital. However, the latter also depends on firm productivity.
For robustness, I also consider the number of plants to control this channel in Section 4.4.24
Figures A.12 and A.15 and Tables A.6 and A.7 summarize the final data, showing the balance
between the treatment groups and the control groups before and after the match in 2019
(a year before the policy implementation). On average, plants in the treatment groups are
larger but cleaner than those in the control groups. Although several post-match differences
are still significant, we can see that the match decreases the significance or the magnitude
of the pre-match differences. In order to account for any residual confounders and improve
the efficiency, I further use doubly robust estimators by adding the same covariates used for
matching (Robins, Rotnitzky, and Zhao (1994); Robins and Rotnitzky (1995)). Both imply
that the chosen matching approach, while not perfect, substantially improves the balance

and common support between the treatment groups and the control groups.

24Tn the literature, both kernel and nearest-neighbor matches have been used extensively. I choose the
former because it allows to use all the plants in the control groups, which can help to deal with the sparsity
issue common at the plant level and avoid a potential bias of picking “nearest” neighbors in the nearest-
neighbor matching. Also, I choose the propensity score match because the control groups are much larger
than the control groups. Also, as a robustness check, I add regional dummies, and more, which increases
the number of covariates used for a match. In Section 4.4, T experiment with other matching methods for
robustness.
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4.2.3 Results: targeted plants

The main result is summarized in Table A.8 and Figures A.16—A.19. I first show the policy-
relevant outcome, emissions, and then the mechanism behind, following Proposition 1. The
emissions decreased by around 13%. Then, I decompose such an emissions change to see
the mechanism behind. The change in emissions was the combination of output decrease
and cleaner fuel mix. The share of production process emissions decreased insignificantly
by around 1% while the share of fossil fuel emissions increased by approximately 10%. This
implies that the emissions from fossil fuel use decreased by around 3%. However, this emis-
sions reduction was not only driven by leakage. Sales decreased by around 9%, which can
be related to leakage within or between firms or abatement cost. As the price of emissions
allowances increased over time, sales decreased over time in the targeted plants. But elec-
tricity use increased by around 15%, making the fuel mix much cleaner from the perspective
of targeted plants. This is because electricity use was not included in the policy. The pol-
icy also affected the emissions intensities. Electricity intensity increased by approximately
30%. But fossil fuel emissions intensity of electricity decreased by around 24%. This implies
that, although fuel mixes became cleaner, more fuel quantities were used to make up for the
power loss related to the decrease in fossil fuel use. The results so far are well in line with

Proposition 1.

4.2.4 Results: affiliated plants

I investigate the affiliated plants of targeted plants because the number of affiliated plants is
around 69% of that of targeted plants. Given the significant share, this investigation will give
a hint on if there might have been firm-level abatement or leakage or both. Thus, I follow the
same step as above and find several meaningful responses. The main result is summarized
in Table A.9 and Figures A.20—A.23. I first show the policy-relevant outcome, emissions,
and then the mechanism behind, following Proposition 1. Although affiliated plants were
not directly affected by the policy, Proposition 1 seems to hold to some degree. This result
shows that emissions decreased by approximately 5%. Then, I decompose such a change in
emissions to see the mechanism behind. The change in emissions was the combination of
output decrease and cleaner fuel mix. The share of production process emissions decreased
significantly by around 10% while the share of fossil fuel emissions increased by approximately
4% insignificantly. This implies that the fossil fuel emissions decreased by around 1%. Again,
this change was not solely driven by leakage. Sales decreased by around 14%. However,
electricity use increased significantly by around 23%, making the fuel mix much cleaner from

the perspective of targeted plants.
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The policy also affected the sales and emissions intensities. As the price of emissions
allowances increased over time, sales decreased over time in the targeted plants. Sales also
dropped in the affiliated plants initially but recovered over time, implying leakage within
firm boundary. On average, sales decreased in every period, implying leakage outside firm
boundary or abatement cost. A question could arise about the initial drop in affiliated plants.
This drop can be understood as abatement cost as abatement technology was decided at the
firm level. So the response of sales can be understood as the combination of abatement cost
and leakage within firms. If there have been no dip, abatement would have been unlikely
as leakage within firms would have been enough. Further, the leakage over time can be
understood as the firm response to the increase in the emissions allowance price, especially
when output also creates emissions. Note that fuel responses were, in general, once and for
all, while sales decreased over time, which implies abatement is qualitatively different from
leakage. In terms of emissions intensities, electricity intensity increased by approximately
42%. But fossil fuel emissions intensity of electricity decreased by around 29%. This implies
that, although fuel mixes became cleaner, more fuel quantities were used to make up for

some power loss. Again, the results are well in line with Proposition 1.

4.3 Taking stock

All together, the policy decreased emissions — emissions from production process and fossil
fuel use both decreased. However, this reduction was not solely driven by leakage. Sales
decreased, but electricity increased more. So there were leakage within and outside firm
boundary as well as electrification. Furthermore, most of these changes have been shared
within firms. Both targeted and affiliated plants showed similar patterns qualitatively despite
within-firm leakage.?® The responses of both are consistent with Proposition 1. Importantly,
note that the productivity portion of the policy effect is unlikely to be dominant. For exam-
ple, if firm productivity has increased, emissions intensity should have decreased. However,
the empirical evidence in Section 4.2.3 is against this possibility.

Overall, this finding motivates a multiplant framework with the firm-level decision of
abatement technology on fuel use and leakage within firms. Indeed, Table A.10 shows that
most of the variations in energy abatement technology across plants comes from those across
firms, not within firms. In 2019, the former is around five times larger than the latter. This
fact indicates the non-rivalry of clean technology within the firm boundary. In this analysis,
I use (computed) emissions intensities because they are the most representative measure

of cleanness, but the result is robust to using other measures of energy and emissions —

251 argue that it is not a technology spillover but a firm-level decision because of the timeline of the
response.
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e.g., the adoption of a fuel or a fuel set or a transition of a fuel or a fuel set. It will be
interesting to study why abatement is made at the firm level. There are many factors that
could have affected such firm-level technology decisions. I explain some of them, which are
neither exhaustive nor mutually exhaustive. Factors that can promote firm-level decisions are
coordination or synergy among plants within firms, firm reputation (e.g., Corporate Social
Responsibility), and increasing returns to scale from fixed costs of adopting new technologies.
In contrast, factors that can promote plant-specific decisions are comparative advantage, cost
minimization, and pilot test. In Section 5, I make energy abatement technology chosen at

the firm level following the MP literature without taking a specific stance.

4.4 Robustness checks

In this section, I check the sensitivity of the difference-in-differences analysis at the plant
level. Among others, I focus on In (T'SPF/FElectricity) because this is the key variable
of abatement technology. But any other outcome variables also show robust patterns. For
summary, see Table A.11 and Figure A.24. The baseline is taken from Section 4.2.3 for
comparison. First, I add districts for exact match and control for district xtime fixed effects.
The rationale is that there might have been other policies that confounded the inference
and that districts are the smallest administrative units that such policies are designed and
implemented. Second, I aggregate all local pollutants to see if other local pollutants show dif-
ferent patterns. This is because different emissions factors are applied to different pollutants.
Third, instead of using propensity score match, I use Mahalanobis distance match to check
if matching methods affect the result. Fourth, I consider the initial policy implementation
in Seoul Capital Area in 2008 by adding the corresponding indicator for exact match and
control. In the baseline, I do not consider these early-treated plants because the policy was
implemented long time ago and the effect is known to be unclear. Fifth, I add the number
of affiliated plants to control for the productivity effect on the intensity channel. From the
result, I confirm that they are not a first order effect.

I also look into unexplored outcome variables. I check if other fuel types helped abatement
than electricity. Since gas is another clean energy source, along with electricity, I investigate
how emissions from gas relative to emissions from electricity changed. The ratio decreased
by approximately 16% and 23% in targeted and affiliated plants, respectively. In levels, gas
decreased by 1% and barely changed. This implies that the changes in gas use were not a
major response.

There are more robustness checks on the way along with the corresponding analysis at

the plant level with real-time emissions.
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4.5 Connecting dots
4.5.1 Connecting district level and plant level results

Given the policy effect at the district and the plant levels, it is important to connect the dots
between the two to understand the policy effect fully. Judging from the no response of value
added at the district level, the plant level leakage between targeted and non-targeted districts
was not significant enough. It is more likely that this leakage happened within targeted
districts whether it was within-firm or between-firm. However, this leakage was not large
enough to offset emissions reduction, although untargeted plants within targeted districts
were more likely to be dirtier. These findings suggest that either abatement was effective
or untargeted plants within targeted districts were not dirty enough to offset emissions

reduction. This is a quantitative question where I will use a full-fledged model to answer.

4.5.2 Connecting with previous literature

I briefly discuss how these results relate to those in the literature. First, these findings
are consistent with those that study the cap-and-trade effect (Fowlie, Holland, and Mansur
(2012); Wagner and Petrick (2014); Colmer et al. (2024)). They find that a cap-and-trade
system decreases emissions and improves emissions intensity. However, the evidence of leak-
age within and outside firm boundary is closer to those that study the leakage effect (Tanaka,
Teshima, and Verhoogen (2022); Chen et al. (2021); Yang et al. (2024)). Shifting produc-
tion and emissions in response to environmental regulations seems to be one of the common
firm responses. Still, the fact that there has been abatement is inspiring given that many
environmental policies caused significant leakage. I believe this difference came from the dif-
ference across policy details. Unlike a command-and-control regime, a cap-and-trade system
is market-based and provides compliance flexibility and cost effectiveness by allowing the
trade of emissions allowances (Fowlie, Holland, and Mansur (2012)). So, even in the short
run, firms on average are likely to go through abatement, even leaking a certain amount of
pollution. Lastly, the fact that the evidence is in the middle of the two is well in line with

the short run response of the theory in Xiang (2023).

5 Model

The empirical findings show the effectiveness of the policy. Emissions in targeted regions
decreased. Cleaner fuel mix, represented by electrification, began to be used by both targeted
and affiliated industrial plants. Whether it increased emissions from power plants depended

on the marginal power plants that satisfied this new demand from the industry. In addition,

30



there were two types of leakage in the industry: between-firm and within-firm. Based on these
facts, I develop a spatial general equilibrium model of trade, MP, and emissions. The purpose
of the model is trifold. First, the model allows an interpretation of the empirical results and
addresses several identification threats previously presented. For example, the difference-in-
differences results above might have violated the SUTVA assumption because of potential
between-firm leakage. Also, the productivity channel might not have been fully controlled.
Second, the model allows to quantify the aggregate and regional policy effects. Furthermore,
with power generation sectors, the model can capture how electrification affects power plant
emissions across regions. Such a change is difficult to study empirically because finding a
plausible control group for large polluting power plants is challenging, given that there are
only a few of them in the sector. Third, the model allows several counterfactual policy
analyses where I study different regional policy variations and electricity use regulation. For
these reasons, I use a structural model to address these issues.

The model introduces three features into an otherwise standard quantitative MP frame-
work (Tintelnot (2017); Arkolakis et al. (2018); Sun (2020)). First, I consider energy use and
emissions by fuel type. The key mechanism of the model is where industrial and power plants
invest in fuel-specific capital, which helps to abate emissions. As a result, the model will
generate industrial electrification in response to an environmental policy as shown in the em-
pirical evidence. Further, this innovation allows me to consider emissions coming from power
plants. Together, the race between the growth of clean power generation and the velocity
of abatement (including industrial electrification) will determine total emissions. Further-
more, the geographic distribution of clean and dirty power plants with different capacities
will determine the geographic distribution of emissions. If the excess demand dominates
the additional provision of clean power generation capacity, leakage to power plants can
happen, especially in regions with high concentrations of dirty power generation. In this
context, second, power generation sectors and their emissions are considered. Third, I model
heterogeneous firms and plants. This choice better maps the policy to the model because
only large polluters were targeted. In addition, this heterogeneity is important because pol-
icy implications can change. For example, targeted large polluters were cleaner in terms of
emissions intensity. If there was leakage from them to untargeted plants who were dirtier, the
policy effect might have been mitigated. Lastly, the trade and MP framework is necessary
to capture between-firm leakage and firm-level abatement and within-firm leakage.

Throughout the model analysis, I use subscripts to denote location and fuel type and
superscripts to differentiate power plants from industrial plants. I use bold notation to
denote vectors and bold notation with bars to denote matrices. I start with the description

of households, power generation, and production in a spatial economy setup.
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5.1 Environment

The economy consists of N discrete regions with two sectors, manufacturing and power gen-
eration. Each region can be the location of power generation, production, and consumption.
In region [, there are two sets of capital structures for clean (K;¢) and dirty (K;p) power
generation. The former uses hydro, nuclear, solar, or wind as a source of energy, and the
latter uses coal, oil, or gas. Also, there is one set of production capital (K;p). The source
of energy is slightly different: electricity, coal, oil, and gas. Electricity produced by power
plants is used as an input in industrial plants, but not directly consumed by consumers. For
consumption, there is a mass L; of agents. They inelastically provide one unit of labor to
firms at wage w; and derive utility from consumption and disutility from emissions. Final
good varieties are aggregated into a final good under Dixit—Stiglitz preferences (Dixit and
Stiglitz (1977)). Emissions arise either from industrial or power plants. Without loss of
generality, I normalize ), L; = 1 and assume no population changes. However, I do not nor-
malize the amount of capital structures as I will allow them to change endogenously across
steady states.

In terms of mobility, labor is immobile, fossil fuels are freely mobile, and final good
varieties are subject to iceberg trade cost. Hence, there is one price for each fossil fuel, but
an environmental policy creates a wedge that makes regional variations in the price. Factor
markets are perfectly competitive except the one for electricity. In particular, the supplies
of fossil fuels are perfectly elastic.?2® Furthermore, the electricity demand is rationed in the
increasing order of marginal power generation cost. This mechanism captures power plants
that are marginally turned on in response to a positive demand shock, which is important in
considering the amount and distribution of emissions. More details will follow in Section 5.3.
Final good varieties in the manufacturing sector are subject to monopolistic competition.
Lastly, the environment is static. In other words, the model captures the race between the
abatement (including electrification) in the manufacturing sector and clean power generation
across steady states. The difference in the velocities of the two across steady states will lead

to different policy implications.

5.2 Households

All consumers have identical preferences over final good consumption and emissions. The
preferences bear the Armington assumption (Armington (1969)) such that each establishment

of a firm produces a unique variety and that there is at most one establishment in a region

26This simplification is consistent with the fact that Korea has imported around 95% of its energy source
— coal, oil, and gas — every year and that oil and gas have been fully imported.
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for a firm. Varieties available in market n are combined under Dixit-Stiglitz preferences for
consumption. The parameter o represents the elasticity of substitution across varieties. It is
assumed to be the same between firms and within firms for simplicity. Hence, the demand

in n for variety w; produced by the establishment of firm w in location [ can be presented as

o) = (2220) g, )

g _
-1

o1 s
where 0 > 1 and Q),, = (Zz fwleﬂm a4, (w) dwl)
and the price of variety w;, P, denotes the ideal price index, and (), denotes total quantity

. Gin (wy) and py, (w;) denote the quantity

consumed in n. The ideal price index can be expressed as

1

Py = <Z/ P ” (@) dwz) (7
1 W EQn

where (;,, denotes the set of varieties produced in location [ available in location n.

~—

In addition, emissions affect utility. I use a damage function, f (SC,{dist;,, S;},) where
SC' dictates the social cost of emissions and dist;, denotes the distance between [ and
n. This function incorporates utility loss from pollution in a reduced form way (Nord-
haus (2015); Shapiro (2016); Krusell and Smith JR (2022)). Emissions include local and
global air pollutants. This social cost of emissions capture how emissions affect the so-

cial welfare in diverse ways. For quantification, I impose a functional form such that
2
f(SC {disti,, Si},) = 1/ (1 + <SC’ Xy %) ) Without loss of generality, only for
in
local air pollutants, I assume that emissions within a district have their full effect, but the

effect decreases in distance in a quadratic way.?” There is no distance discount for global air

pollutants. All together, the representative household in region n has the following utility

Up = Qn X f (SC, {dj,StlT“ Sl}l)l (8)
Utility from consumption Disutility from emissions

Finally, the budget constraint of this household who owns both power plants and firms

is given by
&
P.C, = w,L, + I + IT,, 9)
Consumption Labor income Power generation firm income Manufacturing firm income

2"This quadratic form considers the geographic scope of the pollutants and the policy. It is also founded
upon the physics (e.g., the inverse square law). More rigorous approaches should consider the direction of
wind, the altitude, and more, which is beyond the scope of this paper.
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I1¢ is the profit from power plants that have headquarters in location n, and I, is the income
from manufacturing firms that have headquarters in location n. Each profit will be explained

further later.

5.3 Power Generation

Power generation sectors are necessary because the electricity demand of manufacturing
plants can create emissions in power plants in different regions when they generate with
different energy sources in different regions. In other words, the geographic distribution
of power plants with different energy sources implies an additional externality if there is
industrial electrification. This is leakage into the power generation sector. For example,
more use of electricity in targeted plants can lead to more fossil fuel electricity generation in
untargeted areas. This is more critical for local air pollutants because the effect of emissions
is concentrated around the source of emissions. In this context, the marginal power plants
affected by industrial electrification matter. To identify those power plants, the merit order
dispatch (MOD) needs to be understood. This is a system that many countries including
Korea uses where the lowest marginal cost power stations are dispatched first to supply
the grid, and then power is scheduled in the increasing order of marginal cost. Thus, the
availability of renewable energy source is important as they have zero marginal costs and
emit nothing into the atmosphere.?®

For this reason, I model power plants and capture the corresponding emissions. Electricity
is generated by power plants and transferred to the final user, or manufacturing plants. The
system marginal price (SMP), another key concept in the electricity market, determines the
price of electricity by the marginal cost of the last generating unit of = in region m required
to meet demand at a specific point in time. As a result, there is a uniform electricity price
pe. I allow firm heterogeneity in the sector because this is in line with the policy and has
an important policy implication as explained above. However, I do not consider MP so that
firms and plants are the same. This is because firm-level fuel composition change is hard
to be considered in this sector while the growth of clean power generation matters. Power
plants of different types differ in their energy source to a greater extent than that in the

manufacturing sector.?”

281 do not model fuel extraction or mining sectors because the energy dependence of Korean on foreign
import has been around 95%.
29The power generation sector is simplified. For a more realistic version, see Arkolakis and Walsh (2023).
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Electricity Production

Each firm uses constant-returns-to-scale (CRS) technology in the power generation sector.
Power plant v in location [ is defined by 2¢ that denotes productivity. It generates electricity
with fossil fuel f € D = {Coal, Oil, Gas}

s (V) =25 (V) ki (V) eiy (v) (10)

where k:f:f denotes fuel-specific capital and ei s denotes fuel f use in ton of oil equivalent

(toe). Dropping v for simplicity, I can write the cost minimization problem as
. E1E s (2E ) E E1E €
minge o Ppki g+ by (3ip) ery +m (v — 2k gei )

where p s (v) =7 (§f > T) m‘; + py. m‘; denotes emissions factors and p; denotes fuel price
of fuel f, respectively. 7; (éf P> T) denotes pollution tax in location [. In fact, pollution
tax is binary as some plants become subject to the same pollution tax while the others are
not. Consistent with the policy, I capture those by finding power plants whose emissions are
above threshold 7" in the absence of pollution tax 7. Since the identity of a power plant is
defined with z¢ and the emissions of this firm is s¢ (25 ) = ﬁ?éf s (zg ), §f ; can be replaced
accordingly.

The first order conditions with respect to k;f s and ef ; are
3 £ £
Pl,f =Mz ey (11)

Py (%) = m2ki; (12)

Then, the unit power generation cost becomes

P g (29)

€
—

Effective energy price

n (=) =

which does not depend on y; ¢. The pollution tax only applies to power plants that use fossil
fuels and emit emissions beyond threshold T'. It increases the unit cost. Also, Equation 12

and the unit cost shows that fuel-specific capital increases in pollution tax
| Py (2%)
kf 25 —
Lf ( ) Pl(,gf
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Clean energy source C is an aggregate of {Hydro, Nuclear, Solar, Wind }with perfect sub-
stitutability. Here v denotes a power plant that generates with C. A unit of electricity

produced in region [ is subject to a CRS technology

e (v) = 2° (V) ki (v)

The unit cost is pe
n(=f) = ¢

The cost does not depend on y; . The electricity generated from fossil fuels and that gen-

erated from clean energy are perfect substitutes. Additionally, electricity is assumed to be

freely mobile as Korea is one of the countries that have a well-connected grid. For example,

according to Korea Electric Power Corporation and Ministry of Trade, Industry and Energy,

the electricity supply rate has been around 100% in a recent decade.

Power Generation Problem

According to the SMP, the price of electricity is determined by the marginal cost of the last

generating unit of z (in region /) required to meet demand at a specific point in time

pe =1 () (13)

The MOD implies that clean power generation is used first as they have close to zero unit
power generation cost. Together, they imply that y (sz) will be assigned in the increasing

order of power generation cost, clearing the electricity market
S5 [uE)ar ) e (14
L f

where e, is the total electricity demand from the industry. For example, dirty power genera-
tion is used in the increasing order of power generation cost when electricity demand exceeds
the capacity of clean power generation. As noted before, these two systemic characteristics
have an important policy implication. When there is an increase in electricity demand (for
example, industrial electrification), what types of power plants begin to be used (the types
of marginal power plants) matters. If the excess demand turns a dirty power plant on, there
might be new emissions from this power plant. Hence, the race between the two matters.

After being rationed, the firm profit is

Wff (25) = (pe -1 (Zg)) Y (Zg>
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Firms of different types enter the market and draw productivity paying the corresponding
entry cost ffe’f of final goods where f € {coal, oil, gas, C}. Hence, the free entry condition

is defined to close the model in a general equilibrium

E.e, [, ()] < Afl (15)

which is equal to 0 when the number of active firms in location [, M, lg /'~ 0. This condition
provides the minimum firm productivity needed to establish at least one profitable production
plant ,?f > and hence Mlg’f . I assume that 2¢ is drawn from an i.i.d Fréchet distribution with
shape parameter (¢ > 1. The corresponding income from power plants can be expressed as

the sum of firm entry costs
0 = By M (16
f

To summarize, the power generation sector can become clean as dirty power plants invest in

fuel-specific capital or as the entry of clean power plants increases.

5.4 Production

Firms can produce and sell different final good varieties in different regions. I introduce firm
heterogeneity for a better mapping of the policy and its quantitative implication. MP is also
allowed where firms can set up establishments in different places and sell not only to the
host regions but also to other neighboring markets. This is because of the empirical evidence
on firm-level abatement and within-firm leakage. I index the location of firm headquarters
by ¢, the location of production by [, and the location of consumption by n. In this case,
the establishments of the same firms exist in different regions because they sell different
varieties. In line with this Armington assumption, there is at most one establishment for one
region. The Armington assumption makes the model solution tractable and parameters easy
to estimate as the multi-plant firm location decision becomes separable across locations.?’
The timing of firm w’s activities is as follows. Upon entry, firm w draws core productivity
¢ and sets up headquarters in location 7, paying entry cost f;. units of the composite final
good. Core productivity ¢ drawn from a distribution F (¢) is common within firms and
determines firm w’s overall efficiency no matter where it produces. Then, firm w chooses its
fuel-specific capital {k; s}, ; across all establishments within firms. Hence, firm w is charac-
terized by ¢. Conditional on entry and abatement choice, each establishment maximizes its

profits.

30Indeed, in 2019, out of 791 treated plants, 230 had affiliates with the same 3-digit KSIC while 561 did
not. It was 204 and 587 in 4-digit KSIC.
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Plant-level Production Decision

Firm w produces a unique differentiated variety in each establishment under a CRS tech-
nology. Establishment w;, that of firm w in location [, produce using a CES production
function of labor, intermediate good, and capital-energy aggregate (Equation 17). Again,
the aggregate combines fuel-specific capital and fuel use across different fuel types in a CES

function (Equation 18).

q (wr) = xa (W) (ozL@l” (wy) + OszlT (w) + OzEelT (wl)) . (17)

A

er (wr) = (Z (ks (wr) e1s <wz>>*‘1> _ (18)

feF

There are several key differences between this function and the one given in Section 4.2.1.
First, a multiplant framework will be introduced where fuel technology {ki}, ; is chosen at
the firm level. Now the production function will capture the fact that the variation of
cleanness is smaller within firms than across firms as indicated in Section 4. Second, more
detailed productivities and locations are considered such that x; (w;) = A;¢z. In addition
to core productivity ¢, there are two additional productivity shifters. On the one hand,
Ay, also known as MP productivity, denotes productivity shifters common to all firms that
are headquartered in location ¢ and have production in location [. On the other hand, z
denotes establishment specific shocks, reflecting all factors that make location [ a particularly
successful establishment for the firm. The log-linearity between ¢ and z; will be important
in characterizing the model analytically relaxing the way pollution tax chooses its target.

Given the timing, firm w’s problem needs to be solved backward. I impose two additional
assumptions to facilitate a tractable aggregation of the model. First, I assume that firms
choose their fuel-specific technology before a set of plant productivity z is observed, and that
they make plant-level decisions after z are observed. Therefore, firms decide on {k; s} by
forming expectations about which markets they will serve. Second, I assume the plant-level
shocks z are drawn independently from a common Pareto distribution with shape parameter
6 such that Pr(z > c¢) = ¢ 7.

As a first step, the cost minimization problem needs to be solved, which can be rewrit-

ten because of the CRS technology. Establishment w; minimizes its production factor cost
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inclusive of pollution tax by choosing labor, intermediate good, and each fuel use

My, oy Lo}, (S1.r) Qﬁ& (¢, 20) + 71 (815) P (¢, 20) + 71 (815) D By (Bup) ey (6, 2)

Labor expense Material expense N fEF P
~

Energy expense

P

p=1 p=1 p=1 1
st. q (<Z57 Zz) = Audz (OéLgl . (wz) +apymy” (wl) +age,” (wl)>

where 7, (8,7) = 11 {8, > T}, 71 (S1p) = 1+ 7 (81p) K, and Pyy (S15) = 7 (S1p) kf + Drs K
denotes emissions factors for production process specific to products or sectors, ¢ denotes
emissions factors for fossil fuel f, w; denotes wage, and p; »s denotes the price of an inter-
mediate good. As before, 5;; can be replaced with ¢z because the term that multiplies
core productivity ¢ and plant productivity z;, both of which define the identity of the plant,
determines its emissions s” (¢, ;) = kq (¢, z1) + KSerp (¢, z)."!

I abstract from pollution markets because the idea is isomorphic. In pollution markets,
a government adjusts the supply of emissions allowances affecting the price of them. So
the exogenous policy tool is the supply. I use pollution tax which is taken as exogenous
through the analysis to capture such features without loss of generality.*> The strength
of such a market-based policy is that it gives compliance flexibility and cost effectiveness
to targeted plants or firms. Also, the policy mechanism is general enough to capture a
command-and-control regime, which is another type of environmental policies commonly
adopted in practice.

The unit production cost (gb, 2 {ki s} f> can be derived as

. -

it (6,2 {usdy) = Tg - <¢Tz (sb%:;) »
7 l y 23 Lf

Productivity ~ . 4 g

Effective factor cost inclusive of pollution tax

where 7 (¢,2) = 1+ 7 (¢, 2) K, 7 (0,2) = 71 {¢Z > T}, Dy (o, 2) =7 (qb,lz) K+ pif, and

~ 1-a\ =\ 7!
G, (gb,z; {k:z,f}f> = | ofw, " + afypof + o (Zfe]F (%) > . The effective

31The design of pollution tax target can only depend on ¢ as in Chen et al. (2021), consistent with the data
as around 69% of targeted plants have affiliated plants in 2019 (one year before the policy implementation).
Or it can also depend on z to capture the remaining 31%. An important caveat is that it can change the
corresponding policy implications. For example, Murray Leclair (2024) finds negative correlations between
variables similar to ¢ and {k; s} implying that the target choice can have different policy implications. The
way the policy finds its target above is closest to that in reality. In quantification, I will explore more on
this choice.

32The allocation of emissions allowances, in principle, does not matter because of the so-called independence
property (Coase (1960)). It is also verified empirically in several studies (e.g., Fowlie and Perloff (2013)).
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factor cost consists of pollution tax on output, wage, intermediate good price, fuel price
inclusive of pollution tax on fossil fuels, and fuel-specific technology. The unit production
cost depends on the core and establishment productivities and effective factor cost, but not
on the quantity produced.

Since firms engage in monopolistic competition, the variety price can be determined under

the demand (Equation 6) with the unit production cost (Equation 5)

Diln (¢, z; {kl,f}f> = My (9257 z; {kl,f}f) din

— Mt nlez) g, (19)

Aud2 Gy (9,2 (g}, )

_ o
where M = %

profit (sales net of factor costs) of establishment w in market [ can be expressed as

and dj, denotes iceberg trade costs between [ and n. Given z, the gross

Ry (@5, z {kl,f}f>

g

Myt (6,7 (s} ) dn

1
:Ezn: P, An

il ((b»Z; {kl,f}f> =
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The resulting expected establishment revenue is

R <q§; {kl,f}f> _ / Z M <¢, Z];kaz,f}f) di, X,dF (2) 20)

where 1 + 60 — o > 0. In the second line, I use the fact that ¢ is given at this stage.
By <¢>; {kis} f> is the market potential of [ of firm with core productivity ¢. Abusing the

notation again, the expected gross profit of firm w in region [ can be expressed as

ACILhAE Ry (o jkl,f}f)

- o(1 +96’—0) (gb/\:zl) _ By <¢; {kl’f}f)

(21)
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The expected output is

gl <¢; {kl,f}f> :/1002 My <¢, Zl;Djk:z,f}f) din %dF )

where # > o. Note that the corresponding tax revenue needs to be considered as it is not a
part of consumption. Tax revenue is assumed to be lost. The tax revenue from this affiliate

of firm w in I can be calculated

TRy (630s),) = [ 7(002) kit 6.2) + 7(6,2) ks (6,2)
+ > (1(6,2) ki + 71 (0, 2) Kug (6,2)) eng (6, 2) dF (2)

feF

Finally, the revenue net of pollution tax can be written as

Ri <¢; {k‘z,f}f> = Ry <¢; {kl,f}f) — TRy (¢; {kl,f}f> (22)

Firm-level Abatement Choice

In this section, I analyze the fuel-specific capital investment at the firm level. Firms choose
fuel-specific technology {k; s} s at the firm level subject to a constraint that their technology
is shared within firms to maximize its global profit. This constraint is based on the set
of empirical evidence that abatement is shared within firms, which is in line with the MP
literature that technology is non-rivalry within firms. Using the static global profit derived
above, firm w makes a decision on fuel-specific capital with the ratio of fuel-specific capital

being the same across its establishments

i (¢) = maxgy 3, Z il <¢; {kl,f}f> - Zpi,fkl,f (23)
R 4 feF
Establish?nrent profit
Fuel technology investment cost

ky kg
L L == F
S PR Vf e

The problem can be rewritten as

maXfr o}, {T (¢)> A7'By (925; {k?z,f}f> =Y P k‘z,f}
’ z

feF l
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l1-0o
where T (¢) = ﬁ (%) and

7:1_0 T/¢)a—9—l 1—<T/¢) d -0 .
B ((;S; ki, > = ( 11_5 + — " (ﬂ> Xn. P,y denotes the price
l { lf}f G! ({kl,f}f> Gl ({kl,f}f> Z P, f

of fuel-specific investment in 7. Consistent with the empirical evidence, I abstract away from

o—60—1

having extensive margin changes or adjustment costs in fuel technology.?®> The investment
cost captures how much resources have to be used to increase fuel-specific technology.?*

The first order condition for k; for f # e gives

0B, ¢5{kl, }
P =T(0)) A7 ( . ) (24)

l

The first order condition for k;. gives

OB, (¢ {kis}
Po=T(9) 47" l<8kl i) (25)

l

From these two first order condition, we can characterize {k s} .

Proposition 2.

Assume A > 1

Mechanism

e When pollution tax is close to zero, more productive firms are cleaner. When pollu-
tion tax is significantly large, this relationship does not hold because being subject to

pollution tax is too much costly.

e The investment of fossil fuel capital k; s decreases relative to that of electricity capital

ke when there is pollution tax.

— This further makes the fuel use ratio cleaner. Thus, fuel substitution is more
significant in targeted plants than in affiliated ones because pollution tax directly

works on the fuel composition, although fuel technology is shared within firms.

— This result holds for other fuels than electricity as long as they are different fuels.

33Because of the CES structure, firms use all fuel types in their fuel sets at least in small amounts. For
fuel set changes and relevant dynamics, see Murray Leclair (2024) and Arkolakis, Kim, and Murray Leclair
(2025).

34Gince they are abatement efforts, they are different from technology menus as in Caselli and Coleman
(2006), Oberfield and Raval (2021), and Sun (2020). However, the fact that the choice of capital or emissions
technology is made at the firm level is in line with Sun (2020) and Xiang (2023).
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Proof

e See Appendix C

As shown above, the marginal gains provide several insights. To summarize, fuel-specific
capital {k; s} captures both fuel intensity and fuel composition changes. Despite a potential
trade off between the two, they are not necessarily exclusive, but the composition of the
capital always increases the share of cleaner fuel types.

Based on the fuel-specific capital choice {k; f}l; It firms decide which market to serve by
comparing its establishment profit m; (¢) and fixed entry cost P;f;.. Lastly, the free entry

condition is defined to close the model in a general equilibrium

By [mi (¢)] < Pifie (26)

which is equal to 0 when the number of active firms headquartered in ¢, M; > 0. This
condition provides the minimum firm productivity needed to profitably establish at least
one production plant ¢;, and hence M;. I assume that ¢ is drawn from an i.i.d Fréchet
distribution with shape parameter ¢ > 1. The corresponding income from manufacturing

firms can be expressed as the sum of plant fixed costs and firm entry costs

Hn,P = Pnfn,eMn (27)

To summarize, the manufacturing sector can become clean as plants invest in fuel-specific
capital or the fuel composition becomes cleaner. The difference between the power generation
and manufacturing sectors comes from the difference in sectoral characteristics. In the power
generation sector, there is a clean energy source that does not create any leakage. Also, power

plants cannot change their fuel composition.

5.5 General Equilibrium

In this section, I define the general equilibrium of the model. To facilitate the definition
and calibration, I derive several expressions for aggregate variables. Aggregate variables are
expressed in the integrals of firm level variables over the distribution of power generation
and industrial firm productivities, zfand ¢.

First, emissions in location I, s; originate from industrial plants S; and power plants S&
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such that

/ (Z ke (w) + K ( ) w) + Z Kipe s (28)

feD feD

N

-~ -~

sP Sf

Similarly, electricity demand in region [ can be written as

CLe = /el,e (W) dF (w) (29)

With free mobility, the total electricity demand is the sum of regional ones

€e = E €le
l

Second, as above, we can define the sales of the establishment of firm ¢ in location [ to

location n

l1—0o

R, (gzﬁ; {k?z,f}f> _ / My (Cb, z;)ikrz,f}f> din, X.dF (2)

Similarly, the tax revenue can be defined as

TR <¢7 {kl7f}f> _ /oo T (¢7 Z) rwilyy, (¢, Z) +7 (QZS, Z) KDL MMy, (Qﬁ) Z)
+ 37 (1(8,2) kg +71(8,2) Khs (6,2)) €t g (6, 2) dF (2)

Hence, the firm-specific net trade flow can be expressed as

R, ( &5 {kir} ) = Rin (925; {k?z,f}f> — TRy (Qb; {k?z,f}f>

The aggregate flow can be expressed as

Xin = / Ry (w) dF ()

=M, [ Ritn <¢7 {kl,f}f> dF (¢)

o
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Definition

Given a set of labor endowment {L,,} and a set of fuel prices {p;  }, an equilibrium is a vector
of prices for final goods {P,}, a vector of wages {w, }, a vector of capital prices {Pm 75 P;i f},
an electricity price p., and an allocation {k, ; (¢)}, {en s (¢, 2),0n (¢, 2) ,my (6, 2)},

{ki,f (25) ,eiyf (25)}, and {Mn,Xn, {M,ff}} such that

1. Industrial firms choose optimal fuel-specific capital structures to maximize global prof-
its (Equation 23)

2. The free entry condition is satisfied (Equation 26)

3. The price index satisfies

4. The trade and MP flows satisfy

Xo=> Xun (30)
il

5. Labor markets clear in each region
Li— / 0 () dF () (31)

The market clearing conditions need two clarifications. First, the product market clearing
condition becomes redundant. Here I assume zero current account surplus such that A, = 0.
In the model, I use roundabout production so that I assume the price of an intermediate
good is identical to that of a final good. But for estimation, I allow them to be different. This
choice is made because there is one sector, but outsourcing can be an important response
to an environmental policy. Second, fuel income and fuel cost cancel out as non-electricity
fuels are traded in a small open economy. In other words, there are no fuel market clearing
conditions because fuels are imported at a world price which is taken as given. This part is
in a partial equilibrium or it reflects that Korea is a small open economy. This is consistent
with the reality as Korea imports more than 95% of its energy source.

Taking stock, this is a spatial general equilibrium model of trade, MP, and emissions.
The critical component to the model is fuel-specific technology investment in manufacturing
and power generation sectors in response to pollution tax. In the next section, I provide a

calibration and estimation strategy. For a solution algorithm, see Appendix D.
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6 Quantification

The model will conduct counterfactual policy analyses through comparing steady states.
The baseline is one absent any environmental policies such that pollution tax 7; = 0 for all
[ and the other with some environmental policies such that pollution tax 7; > 0 for at least
some [. For counterfactual steady states, see Section 7. A transition between these steady
states is beyond the scope of this paper.®® To prepare such analyses, this section explains the
calibration and estimation strategy, provides the resulting estimates, and shows the model
fit.

6.1 Calibration and Estimation
6.1.1 Calibration

Table A.12 summarizes how parameters are calibrated. In this paragraph, I explain those
that need additional explanation. 7', the productivity threshold for pollution tax is set to
match the amount of emissions by regulated plants within their industries and regions. For as
on the production side, I take the geometric mean of Equations 32 and 33 and normalize such
that ay, +ay +ag = 1. This is an advantage provided by the geometric mean normalization
of the CES function.

6.1.2 Estimation

In this section, I estimate the other parameters that are not calibrated above. I estimate the
demand elasticity of substitution and the outer and inner CES elasticities of substitution.
Further, I estimate productivity related parameters. Finally, I estimated the industrial and
power generation firm entry costs. There are two key differences between the estimation and
the model. In estimation, I allow factor costs to be plant-specific. Also, I allow the price of
material to be different from that of final good. This relaxation makes the approach closer

to that in the production function literature.

CES elasticities The production function of the model is estimated in two steps using a
novel combination of methods (Murray Leclair (2024)). First, I adapt the method of Grieco,
Li, and Zhang (2016) in order to estimate the demand substitution elasticity in the presence
of an unobserved input (inner production function). I then estimate the outer and inner
production functions, following recent developments in the production function estimation

literature with input-augmenting productivity (Demirer (2020); Zhang (2019)). Lastly, note

35See Arkolakis, Kim, and Murray Leclair (2025) for such dynamics.
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that, for estimation, I conduct normalization across years and regions, which is important
in the estimation of a CES function (Ledn-Ledesma, McAdam, and Willman (2010); Grieco,
Li, and Zhang (2016)).

In the outer nest, a unobserved quantity that departs from standard models is the inner
production function, capital-energy aggregate, e. The function combines different fuels and
fuel-specific capital structures. Using this information and p, I can uniquely recover the
price and quantity of capital-energy aggregate when other flexible inputs are observed under
the assumption that plants are price-takers in the input market.?® The key to this method
relies on using first order conditions to map observed expenditure shares to unobserved input
quantity shares. However, since p needs to be estimated later, this recovered object is used
for later estimation.

After the realization of z, the plant-level sales, the sum of revenues across all regions,

can be written as
Ri(6,2) =Y pitn (@ (6, 2)) Gitn (&, 2)
~S" P.Qiay (6,2)
—7 (6.2) Y PQisy (6,2)

where the total quantity manufactured by firm ¢ in [ with plant productivity z, ¢; (¢, z) =

> dinGitn (¢, 2), and the plant-level share of output produced in [ and sold in region n

— Qiln (¢,Z)

qi1($,2) ° The share can be

relative to total output manufactured in region I, s, (¢, z)

rewritten as

Sitn (¢’ Z) _ Qiln ((bv Z)

B Zn dlnqiln (¢7 Z)
_ PI'X,dy
XL PIXd, T

= Sin

where I use the unit production cost and the demand function and the CES demand (Equa-
tion 6) in the second line, and I use the definition of the total quantity produced in the
third line. This result shows that the share only depends on iceberg trade costs and destina-

tion market conditions, making it independent of (¢, z). Then, I can rewrite the plant-level

36 As noted in Grieco, Li, and Zhang (2016), the assumption of price-taking in the input market allows for
unobserved variation in input prices, which could be related to plant size, productivity, location, and any
other state variables except quantity discounts.
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revenue as
Ril <¢7 Z) = qle (‘b? Z) l—Wl

1 o1
where Iy = )" P,Qfs,” . Then, the profit maximization of the plant can be written
as follows. Plant of firm ¢ in [ maximizes its profit subject to its production technology.

Dropping (¢, z) and location subscripts for convenience, the problem can be written as

manmeq[%1 ['—7 (wl 4+ pyym + pge)

=X (aL (%)pl + ap (%)fj;l + ag (%)pzl) .

s.t.

Q=

which can be rewritten as

_P_
p=1 p—1 p—1

A et T
maxg .l | X <04L (f) p + ans (%) " +ag (%) , ) — 7 (wl + pym + pge)
Taking ratios across the first order conditions with respect to ¢, m, and e,

=) () <32>

2 1

= (e () 7 3
From these two ratios, £ and ¥ can be recovered once p is known because the expenditures
for labor, fuels, and material and the number of employment are observed. At the plant level,
pEe = Y. 1 Pref, and I observe fossil fuel expense and electricity bill. Thus, I can identify
several production parameters by replacing £ and T+ with Equations 32 and 33 and exploiting
the first order conditions to control for the transmission bias from unobserved hicks-neutral
productivity x to observed inputs (Doraszelski and Jaumandreu (2013); Doraszelski and
Jaumandreu (2018)).

From the first order condition with respect to ¢, productivity x can be solved for

-1
p—1 L e

o1 o 1 7wl AN m 5 ey L =
XTSI 0 \ ML +0‘M(ﬁ) +aE<§) (34)
ar (1)
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Plugging this productivity into the revenue with a time-varying shock u; such that E [u;] = 0

p—1
g %twtﬁt gt N my L;l €\ »
e (o (§) T e () e () )
tE T é%<aL(L> +an i +ag i e
ar (%)

Using Equations 32 and 33, the revenue can be rewritten as

9 ~ U
R, = 17't (wtgt + Py + pE,tet) e

Taking logarithms on both sides

Ry o
In =In + In7 + u 35
wily + pargmy + PE e o—1 L (35)

where In7 = 0 in the absence of pollution tax 7. The main parameter of interest is the
elasticity of substitution in demand, o. I estimate Equation 35 with non linear least squares
(NLLS) for its consistency.?” T use observations before the policy implementation to remove
In7. Further, I apply the delta method to recover the estimate and standard error of o.
The elasticities of substitution in the outer production function p and the inner production
function A are also of interest. To estimate them, I rewrite the profit maximization problem

with each fuel specified

p—1 == P
0\ » m %1 ef % A-l
maXZ,m,{ef}fF X | ar (Z) + ay (ﬁ) + af (Z <k‘f§) )

-7 (wﬁ + pum + pr€f>

f

Taking the ratio of the first order conditions with respect to £ and e,

P A—1
A—1

o NPT x Al
we _ (2) :
Pe€e (I’L) 1_ﬁ% ke%

e
wl

Sl

37Grieco, Li, and Zhang (2016) use the first order conditions of the non-linear least squares objective
function as moment conditions to show the consistency of the parameters.
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using Equation 32. Taking logarithms on both sides and rearranging,
p ar, E p A
Ink, = ——In | — In| = — 1
whe= 525 (22) () + (527 - 527 oo
p p A A
Inw— | ———1]1nl Inp, —— — 1) Ine,

p_lnw (p—l )n—{—)\_lnp—l—()\_l )ne
With a time-varying shock &; such that E [g,] = 0,

p ar E p A
Ink.; = ——In | — In| = — — — |1
NRet p—1 . (aE> * n(L) * <p—1 A— 1) n(peaed) (36)

A A
Inw; — (prl — 1) Inl; + mlnpe,t + (m — 1) lrlee,t + &

p—1

From this equation, A\ and p can be estimated because electricity bill, wage bill, the number
of employment, the amount of capital, electricity use, and fuel expense are known. Without
loss of generality, I assume k. is equal to the total amount of capital because electricity is
always used in every capital. I use housing prices to proxy district-level capital prices. For
plants that use electricity only, A is not estimable as there is no substitution. I estimate
Equation 36 with non linear least squares (NLLS) for its consistency. Lastly, I use the delta

method to recover the estimates and standard errors of A\ and p.

Productivity Productivity can be estimated from Equations 32, 33, and 34

o—1
o—1

o 1 Twl m e\ =75 %
(1_'_pM +pE )
wl wl

X = = - -
U—lraﬁ%( )Tl

SN~

1 oo-1
All on the right hand side of the equation are known, except {Fl =, P.Q5s,’ } Here

I'; can be rewritten as ) Pi_é (PHQH)% 5;?1. Note that the corresponding district-level
information is not readily available. For this reason, I use the following method. I compute
P,Q,, using province-level expenditure redistributed with population and material expense.
I use monthly rents to proxy P,. Then, I compute s;, = %;—J. Here I borrow trade
cost dy, from Arkolakis and Walsh (2023). Then, plant productivity y can be recovered such
that x; = Aj¢;z; where i denotes the locations of headquarters, and [ denotes the locations of
establishments. I decompose the recovered productivity such that Iny; = InA;+Ing; +1nz;. 1
use firm and plant fixed effects to derive the last two productivities and use the residual for the
first productivity. Through the decomposition, each specific productivity can be recovered:

headquarters-affiliate location productivity between ¢ and [, A;; core productivity, ¢;; and
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plant-specific productivity,z;. However, this approach requires normalization for each fixed
effect. So I choose the lowest values in 2016 to be the reference points.
Given that z follows Pareto distribution, taking the mean gives the estimate of #, the

Pareto tail parameter that governs the dispersion
1
E|lnz] = -
nz] =

For the left hand side, I take the average across locations and years and use the law of large
numbers. Given that ¢ follows Fréchet distribution with shape parameter ( > 1, taking the

mean gives the estimate of (, the shape parameter that governs the dispersion

o (e-1)

where T (+) is the Gamma function. Similarly, given that 2¢ follows Fréchet distribution with

shape parameter (¢ > 1, taking the mean gives the estimate of (¢, the shape parameter that

E[ﬂ:r(pé)

8

governs the dispersion

This concludes the recovery of productivities.?

Entry costs The last set of parameters that need to be estimated is the entry costs of

industrial and power generation firms, { fires { fg’f

,e

} } I estimate them indirectly by matching
the numbers of headquarters for each firms in the SBR.

6.1.3 Estimation Result: in progress

The estimated parameters are summarized in Table A.13.

Model fit: in progress This section shows how the model captures the spatial distribution

of emissions and output, given the estimated parameters. I compare year 2016 and a steady

state where pollution tax 7 = 0.

381 follow Levinsohn and Petrin (2003) and Ackerberg, Caves, and Frazer (2015) and do not account for
sample selection because the institutional reality in Korea renders an immediate exit in response to a negative
productivity shock unlikely. Also, the census data, by construction, contain the information of firms at the
end of the year, that will exist or exit in the next year. Moreover, entry often implies large sunk cost that
makes an (immediate) exit more unlikely, thus further mitigating the potential for sample selection.
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7 Counterfactual experiments: in progress

In this section, I conduct several counterfactual experiments. First, I quantify the effect of
the cap-and-trade expansion by increasing or decreasing pollution tax across regions. The
former case maps into a case where the policy is not binding while the latter is the goal of
this policy. Second, I analyze how uniform pollution tax can change the policy implications
to see how regional policy variations work. Third, I consider alternative policies. The most
important one is Scope 2 regulations which regulates the use of electricity, incorporating
emissions related to power generation to prevent leakage into power plants and the regions
with high concentrations of dirty power plants. In addition, I explore how the design of
pollution tax target or how the MP framework can change the policy implications. Lastly,
I explore how important it is that the policy is market-based by studying command-and-

control regime.

8 Conclusion: in progress
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A Data Appendix

A.1 District-level Data
A.1.1 Data Cleaning

First, sectoral and district concordances are considered in line with the most recent year
available. The name of other fixed equipment of commercial and public institutions in
non-industrial combustion is changed to others. Similarly, emissions from fugitive dust and
biomass burning are dropped. Second, public and private power generation are classified as
power generation sectors. Oil refinery, manufacturing combustion, production process ex-
cept ammonia consumption, organic solvents used for printing industry, other non-industrial
coating processes, other industrial coating processes, wood and furniture manufacturing,
ship-building, automobile repair, automobile manufacturing, coil coating, metal cleaning
process, other industrial cleaning processes, and electronic components manufacturing are

classified as manufacturing.

A.1.2 Treatment Assignment

Treatment is assigned across districts and sectors if there is at least one plant in each bin

(district xsector).

A.2 Plant-level Data
A.2.1 Data Cleaning

This paper conducts three data cleaning procedures. First, it fills out missing location
if necessary. For example, from smaller location codes, districts are found. In the end,
there is only one observation without any location details. Second, sectoral and district
concordances are considered in line with the most recent year available. The sector of a plant
is readjusted to compute emissions from production process. Sectors in 2016 are emptied
because of the change in KSIC in 2017 from KSIC 9th to KSIC 10th. I only use the later
one as it covers the all the periods of interest except the very first one. Then, 5-, 4-, 3-
2-digits are created for each year. Differentiating pre/post-treatment periods, mode (and
maxmode as tie-breaking) are used to fill out empty ones only. Manufacturing and polluting
manufacturing sectors are created based on this. Polluting manufacturing sectors are those
targeted by the policy. Empty ones are filled out by differentiating pre/post-treatment
periods through mode (and maxmode as tie-breaking). Empty polluting manufacturing

sectors are filled with manufacturing sectors and empty manufacturing sectors are filled with
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original sectors if missing. Then, it is fixed to that of 2019. In addition, districts were

concordanced with year 2022 being the baseline.

A.2.2

Treatment Assignment

The final dataset used in this paper is organized in this way

1.

4.

D.

Create a list of firm tax codes, locations, and sectors of treated plants

. Merge this list with the SBR to identify treated firms

Refine the dataset by keeping plants that have any fuel use information or are in the

power generation sectors

(a) This choice effectively leaves only mining and manufacturing and power plants,

the sectors of interest
Differentiate treated plants and affiliated plants in the treated firms

Merge this dataset with the MMS using the plant tax code

The match in Step 2 is successful. After removing treated plants that closed after the policy

was expanded, there are only four unmatched plants in the waste disposal industry whose

firms are not in the SBR. The industry is beyond the scope of this paper.

When identifying the treated plants in Step 4, I use all the information available in the

policy document: name, sector, location, and year.

e Plants are regarded as targeted if their firms are treated and their description matches

that of the list

— Locations, fossil fuel emissions, and sales are considered in order.
— I do not use any physical proximity measures to identify treated plants

« This means that I treat plants in different districts and plants in the same
districts differently
x This is because the SBR contains all mining and manufacturing plants

— However, if there are more than one plants in a district, they are cleared out

further using smaller regional units, emissions, and sales

e Plants are regarded as affiliated if their firms are treated, but they are not targeted

e Plants are regarded as not treated if their firms are not treated
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B

Theory: in progress

This section contains several derivations omitted in the main text for brevity.

C

Proofs

Proposition 1.

Assume A > p > 0
Result

Emissions decrease in pollution tax 7.

Mechanism

The unit production cost increases in pollution tax 7.

e The use of fossil fuel f to electricity decreases in pollution tax 7.
. .. . . .. Dopkfey . .. .
e Fossil fuel emissions intensity of electricity =/——=, production process emissions inten-
€
. .. .. . . .. Kfer+rq . .
sity of electricity %Z, emissions intensity of electricity Zf+ decrease in pollution
e e
tax 7.
e Electricity intensity %‘3 increases in pollution tax 7.
Proof
e Ceteris paribus, as emissions become more costly, emissions decrease.

See Equation 5. The unit production cost increases in pollution tax 7.
See Equation 4.

— An increase in pollution tax 7 increases the relative price of fossil fuel f compared

to electricity.

— The power term A on the relative price term captures the standard price substi-

tution effect related to effective fuel prices.

See Equation 4. Fossil fuel emissions intensity of electricity w decreases in pol-
lution tax 7. Production process emissions intensity of electricity =1 also decreases

dopRfeftRg
€e

in pollution tax 7. Together, emissions intensity of electricity decreases in

pollution tax .

Electricity intensity %ﬁ increases in pollution tax 7.

61



Proposition 2.

Assume A > 1

Mechanism

e When pollution tax is close to zero, more productive firms are cleaner. When pollu-
tion tax is significantly large, this relationship does not hold because being subject to

pollution tax is too much costly.

e The investment of fossil fuel capital k; ; decreases relative to that of electricity capital

k1. when there is pollution tax.

— This further makes the fuel use ratio cleaner. Thus, fuel substitution is more
significant in targeted plants than in affiliated ones because pollution tax directly

works on the fuel composition, although fuel technology is shared within firms.

— This result holds for other fuels than electricity as long as they are different fuels.

Proof

e When pollution tax is close to zero, the mechanism matches the fact that more produc-
tive firms are cleaner as T (¢) and hence the marginal gain of the investment increase
in core productivity ¢. This is consistent with Figure A.11. When pollution tax is
significantly large, this relationship does not hold because being subject to pollution

tax is too much costly.

e Most importantly, an increase in pollution tax 7; also affects the marginal gain. De-
pending on the parameter values, it can increase or decrease. If it increases, it implies
that plants improve their fuel intensity for regulated fuels to use those fuels more ef-
ficiently. Otherwise, it implies that plants divest since these fuels are too costly to
use. The directions of different fuel-specific investments are unknown ex-ante. In the
following quantification exercise, I let the data tell how fuel-specific capital investment
moves. One notable pattern is that whether it increases or not, the marginal gain of a
cleaner fuel becomes larger as pollution tax increases with A > 1. This can be shown

by taking the ratio of Equation 25 for different fuels

o1 9B ¢;{kz,f} pL, 1=A
Py > A7 ! ( —f> (kl_f) W

Ok ¢ x 1 f ki f
P, _0Bi(ei{kur} e\
> AY 1% (F) e

In other words, the investment of fossil fuel capital k; ; decreases relative to that of

electricity capital k; . when there is pollution tax.
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— See Equation 4. This change further makes the fuel use ratio to become cleaner.

Thus, fuel substitution is more significant in targeted plants than in affiliated

ones because pollution tax directly works on the fuel composition, although fuel

technology is shared within firms.

— This result holds for other fuels than electricity as long as they are different fuels.

D Solution Algorithm

The problem needs to be solved in the following steps.

1. Choose regions considering policy areas, administrative units, and commuting zones

2. Set parameters

w

=~

. Guess {p.}

. Guess {w;}

(a) Industrial firm optimization

1.

ii.
iii.
iv.
V.
vi.
vii.
viil.

IX.

xi.

Xil.

xiii.

Guess { X, }

Guess {P,}

Solve for {k; s} (Equations 24 and 25)

Find {¢;} and {M;} from free entry (Equation 26)

Derive {P,} (Equation 7)

If {P,} are similar, move on

Otherwise, use the derived one as a new guess and repeat until convergence
Derive {X,,} (Equation 30)

If {X,} are similar, move on

Otherwise, use the derived one as a new guess and repeat until convergence
If each labor market clears (Equation 31), move on

Otherwise, update {w;}, using the gradual adjustment method and repeat
until convergence (Equation 31)

Derive {II,} (Equation 27), {SF'} (Equation 28), and {e;.} (Equation 29)
such that e, =), €/,

(b) Power generation firm optimization

i.

Guess { Pff }
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ii.
iii.

1v.

vi.
Vil.
viii.

IX.

xi.
xii.
xiii.
Xiv.

XV.

Guess {Mlg’f}
Solve for p, and {y, s} (Equations 13 and 14)
Find {fo} and {Ml‘g’f} from free entry (Equation 15)

I {Mlg’f} are similar, move on

Otherwise, use the derived one as a new guess and repeat until convergence
Solve for {eff} (Equation 10)

Derive {Plgf} (Equation 11)

It {Pff} are similar, move on

Otherwise, use the derived one as a new guess and repeat until convergence
If p. are similar, move on

Otherwise, use the derived one as a new guess and repeat until convergence
Derive {II4} (Equation 16) and {Sf} (Equation 28)

If {II} are similar, move on

Otherwise, use the derived one as a new guess and repeat until convergence

(c) Household optimization

i.

E Tables

Derive {u,} (Equation 8)

Table A.1: Connection to the Existing Literature

\ Trade \ MP \ Firm \ Clean technology \ Leakage \ Energy

FP v v v

CCLSX v v
GRRS v v v
CMMW v v v

X v v v v
AKL v v v v
This paper \ v \ v \ v \ v \ v \ v

Notes: Clean technology denotes abatement and clean innovation. FP denotes Farrokhi and Lashkaripour
(2024), CLLSX Chen et al. (2021), GRRS Garcia-Lembergman et al. (2023), CMMW Colmer et al. (2024),
X Xiang (2023), AKL Arkolakis, Kim, and Murray Leclair (2025). The key contribution of this paper

is to consider several concrete channels of clean innovation and leakage using energy and find new policy

implications.

39T equally divide demand in a tie-breaking situation
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Table A.2: Policy Goal

Nation | Initial year (2020) | Final year (2024) | 2024-2020

Pollutant Allowances Allowances Growth rate
Total 430,372 247,917 -42%
NO, 296,905 173,954 -41%
SO, 128,153 70,225 -45%
TSP 5,314 3,738 -30%
SCA | Initial year (2020) | Final year (2024) | 2024-2020

Pollutant Allowances Allowances Growth rate
Total 46,228 8,830 -81%
NO, 34,125 7,274 -79%%
SO, 11,627 1,535 -87%
TSP 476 21 -96%
CA | Initial year (2020) | Final year (2024) | 2024-2020

Pollutant Allowances Allowances Growth rate
Total 160,616 98,551 -39%
NO, 114,678 76,249 -34%
SO, 43,145 20,103 -53%
TSP 2,793 2,199 -21%
SA | Initial year (2020) | Final year (2024) | 2024-2020

Pollutant Allowances Allowances Growth rate
Total 87,899 57,345 -35%
NO, 57,361 36,891 -36%
SO, 29,847 19,961 -33%
TSP 691 493 -29%
SEA | Initial year (2020) | Final year (2024) | 2024-2020

Pollutant Allowances Allowances Growth rate
Total 135,629 83,191 -39%
NO, 90,741 53,540 -41%
SO, 43,534 28,626 -34%
TSP 1,354 1,025 -24%

Notes: Total is the sum of NO, emissions allowances, SO, emissions allowances, and T'SP emissions al-
lowances in ton. Emissions allowances are for all industrial and power plants. Growth rates are taken
between 2020 and 2024 and expressed in percentage. SCA denotes Seoul Capital Area, CA denotes Central
Area, SA denotes Southern Area, SEA denotes Southern-East Area.

Sources: Ministry of Environment
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Table A.3: Distribution of targeted plants

Area \ Seoul Capital Central Southern Southern-East \ Total

Total \

453 320 87

399 | 1,259

Notes: The number of each cell denotes the number of targeted plants in each area in 2020. The numbers
have been calculated directly from the policy document without any adjustments.

Sources: Ministry of Enviro

nment

Table A.4: Summary Statistics: Districts

Pre-Match Post-Match
(Full Sample) (Matched Sample)
Treated \ Never \ Difference Difference
In TSP -0.04 -0.59 0.53*** 1.12%%*
(s.e.) 3.98 3.95 0.12 0.13
In PM 10 -0.10 -0.69 0.54*** 1.13%%*
(s.e.) 3.90 3.84 0.12 0.13
In PM 2.5 | -0.25 -0.94 0.65%** 1.18%**
(s.e.) 3.80 3.70 0.12 0.13
In SO, 0.99 0.50 0.48%** 1.12%%*
(s.e.) 4.16 4.28 0.13 0.14
In NO, 6.03 5.00 0.96*** 1.33%**
(s.e.) 3.32 3.20 0.10 0.11
N 5,544 | 2,051 7,595 7,463
In VA 10.56 9.85 0.64*** 0.73%**
(s.e.) 1.56 1.20 0.06 0.09
N 4,226 1,465 5,691 5,685

Notes:

decimal points. V A stands for value added. Significance levels are indicated as * 0.10, ** 0.05, *** 0.01.

The observations in 2019 are used. The coefficients and the standard errors are rounded to two

Table A.5: Policy Effect: Districts
Targeted ‘ In TSP ‘ In PM 10 ‘ In PM 2.5

6] -0.12 -0.11 -0.11
(s.e.) 0.04 0.04 0.04
N 7,463
Targeted ‘ In SO, ‘ In NO, ‘ In VA
B -0.08 -0.14 -0.02
(s.e.) 0.05 0.04 0.02
N 7,463 5,685

Notes: The coefficients and the standard errors are rounded to two decimal points. V A stands for value
added.

66



Table A.6: Summary Statistics: Targeted Plants

Pre-Match Post-Match
(Full Sample) (Matched Sample)
Targeted \ Never \ Difference Difference

In TSP 3.67 0.94 2.73%HH 0.62%**
(s..) 805 | 1.32 0.11 0.16
In (I'SPF/TSP) 254 | 0.93 | -L6IF 0.09
(s..) 524 | 1.29 0.09 0.14
In (TSPP/TSP) 144 | 144 | 001 20.06
(s.c.) 2.76 | 1.67 0.07 0.14

In Sales 11.83 7.78 4.05%H* 0.65%4*
(s.e.) 311 | 3.81 0.07 0.10

In Electricity 5.39 1.15 4. 244K 0.95%**
(s.e.) 3.93 1.31 0.07 0.14

In (Electricity/Sales) -3.45 -4.24 | 0.80%** 0.33%**
(s.¢.) 183 | 3.28 0.05 0.09
In (T'SPF/Electricity) | -7.25 -3.52 | -3.73%** -0.28%*
(s.¢.) 5.68 | 3.20 0.09 0.16
In (TSPF/Sales) 1069 | 777 | 2.935F 0.05
(s.e.) 5.43 3.78 0.09 0.14
N 702 44,238 44,940 5,794

Notes: The observations in 2019 are used. The coefficients and the standard errors are rounded to two
decimal points. Significance levels are indicated as * 0.10, ** 0.05, *** 0.01.
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Table A.7: Summary Statistics: Affiliated Plants

Pre-Match Post-Match
(Full Sample) (Matched Sample)
Affiliated \ Never \ Difference Difference

In TSP 2.39 0.94 1.447%%* 0.28**
(s.e.) 6.20 1.32 0.13 0.14

In (TSPF/TSP) 199 | -0.93 | L7 017
(s.e.) 473 | 1.2 0.11 0.13
In (TSPP/TSP) 144 | 145 | 0.002 0.04
(s.e.) 3.41 1.68 0.11 0.16

In Sales 10.94 7.78 1.70436 0.43**%
(s.e.) 241 | 3.81 | 0.0990894 0.09

In Electricity 3.86 1.15 | 1.088378 0.45%*%
(s.e.) 3.58 1.32 | 0.1167871 0.11
In (Electricity/Sales) -4.13 -4.24 0.11 0.06
(s.e.) 316 | 3.28 0.09 0.10
In (T'SPF/Electricity) -6.42 -3.53 | -0.48%** 0.01
(s.¢.) 476 | 3.21 0.03 0.03

In (TSPF/Sales) -10.55 ST | 2.7 -0.32°%H*
(s.e.) 428 | 3.79 0.10 0.11
N 395 44,271 44,666 9,499

Notes: The observations in 2019 are used. The coefficients and the standard errors are rounded to two

decimal points. Significance levels are indicated as * 0.10, ** 0.05, *** 0.01.

Table A.8: Policy Effect: Plants

Targeted | In TSP | In (TSPF/TSP) | In(TSPP/TSP) | In Sales
B -0.13 0.10 -0.01 -0.09
(s.e.) 0.05 0.03 0.05 0.03
N 31.803
Targeted | In Electricity | In (Electricity/Sales) | In (I'SPF/Electricity) | In (T'SPF/Sales)
B 0.15 0.30 -0.24 0.06
(s.e.) 0.05 0.06 0.07 0.05
N 31.803

Notes: The coefficients and the standard errors are rounded to two decimal points.
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Table A.9: Policy Effect: Plants

Targeted | In TSP In (TSPF/TSP) In (TSPP/TSP) In Sales
B -0.05 0.04 -0.10 -0.14
(s.e.) 0.03 0.03 0.04 0.04
N 91,300
Targeted | In Electricity | In (Electricity/Sales) | In (TSPF/Electricity) | In (TSPF/Sales)
3 0.23 0.42 20.29 0.14
(s.e.) 0.06 0.09 0.08 0.05
N 91,300

Notes: The coefficients and the standard errors are rounded to two decimal points.

Table A.10: Variatio

ns within- and between-firms

‘ Within-firms

Between-firms | N (plants) | N (firms)

In (TSP/Sales) 0.43 2.22 59,444 57,107
In (NO,/Sales) 0.42 2.25 59,444 57,107
In (SO, /Sales) 0.56 2.88 59,444 57,107

Notes: Plants in 2019 are used. Only S1 emissions are used because these ratios capture the overall emissions
intensity. But the pattern is robust to adding Scope 2 emissions, using other years, and using other energy
or emissions related measures. Each number is rounded to two decimal points. This variance decomposition

is conditional on 4-digit KSIC.

Table A.11: Robustness check: Plants
Targeted | Baseline | (1) (2) B3 [ @ | (65
6] -0.24 -0.55 | -0.16 | -0.20 | -0.26 | -0.09
(s.e.) 0.07 0.17 | 0.08 | 0.07 | 0.09 | 0.03
Affiliated | Baseline | (1) | (2) | 3) | (4) | (5
6] -0.29 -0.25 | -0.10 | -0.31 | -0.24 | -0.09
(s.e.) 0.08 0.12 | 0.08 | 0.08 | 0.10 | 0.09

Notes: The coefficients and the standard errors are rounded to two decimal points. (1) considers districts,
(2) aggregates all local pollutants, (3) uses Mahalanobis distance matching, and (4) considers the initial

policy adoption. The outcome variable is In TSP S1/Electricity.
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Table A.12: Calibrated parameters

Parameters ‘ Value ‘ Source or method
Policy Value Source or method
{n} Pollution tax Emissions allowance prices
K Production process emissions factor (product-specific) Policy document
{rks} Fossil-fuel-specific emissions factor Policy document
T Threshold for pollution tax See text
Households
{distin} Distance between [ and n Plant centroid (km)
{L,.} Regional employment SBR data in 2016
SC Social cost of emissions Various Literature
Power plants
{ps} (except p.) Fuel price Our World In Data
{dm} Iceberg trade cost Arkolakis and Walsh (2023)
ar, CES average labor productivity 0.25 MMS data in 2016
Qg CES average material productivity 0.71 MMS data in 2016
ag CES average capital-energy productivity 0.04 MMS data in 2016
Table A.13: Estimated parameters
Parameters ‘ Value ‘ Observations
Households
o ‘ Demand elasticity of substitution 2.59 (0.06) 127,458
Industrial firms
p Outer production function elasticity of substitution
A Inner production function elasticity of substitution
0 Pareto shape parameter
¢ Fréchet shape parameter

{Au}

MP productivity

{fi,m}

Firm entry cost

Power generation firms

CS

Fréchet shape parameter

Ui

Plant fixed cost
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F Figures

Figure A.1: Emissions allowances
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Notes: Emissions allowances are for all targeted establishments in each area.
Sources: Ministry of Environment
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Figure A.2: Emissions allowance Prices
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Notes: The average transaction unit price is disclosed as the annual transaction amount divided by the
annual transaction volume (excluding free transactions) in each area.
Sources: Ministry of Environment
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Figure A.3: Policy variations in Space
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Notes: The figure shows the spatial expansion of local air pollutant cap-and-trade systems. The policy was
first implemented in Seoul Capital Area, which has been expanded to other regions (Blue). They are Central
Area, Southern Area, and Southern-East Area. The gray area represents non-targeted areas.

Sources: Ministry of Environment
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Figure A.4: Mining, Manufacturing, and Power generation
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sectors. The lower panel visualizes their shares of T'S P emissions.
Sources: Ministry of Environment
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Figure A.5: Electricity prices
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Figure A.6: Power generation by Source
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Figure A.7: Power generation in Space
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Figure A.8: Pretreatment Density: Districts
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Figure A.9: Pretreatment Trend: Districts
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Figure A.10

Event Dynamics: Districts
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Figure A.11: Productivity and Cleanness
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Notes: Plants in 2019 are used. On the z-axis, In (Sales/Employment) is used as a proxy for productivity,

and on the y-axis, several measures of cleanness are used. This binscatter is conditional on 4-digit KSIC.

Figure A.12: Pretreatment Density: Targeted Plants
To be uploaded

Figure A.13: Pretreatment Density: Affiliated Plants
To be uploaded

Figure A.14: Pretreatment Trend: Targeted Plants
To be uploaded

Figure A.15: Pretreatment Trend: Affiliated Plants
To be uploaded
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Figure A.16: Event Dynamics: Targeted Plants
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Figure A.17: Event Dynamics: Targeted Plants
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Figure A.18: Event Dynamics: Targeted Plants
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Figure A.19: Event Dynamics: Targeted Plants
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Figure A.20: Event Dynamics: Affiliated Plants
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Figure A.21: Event Dynamics: Affiliated Plants
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Figure A.22: Event Dynamics: Affiliated Plants
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Figure A.23: Event Dynamics: Affiliated Plants
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Figure A.24: Robustness check: Plants
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while the lower one is that of affiliated plants.
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