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Abstract 
Although the environmental impact of trade has been a long-standing concern, there is still scant 
evidence on the channels through which international market access affects pollution. We exploit the 
unique episode of China’s world market integration in the early 2000s to provide direct empirical 
evidence on three such mechanisms, corresponding to each pollution scope: direct pollution at firms’ 
locations (scope-1), indirect pollution from energy generation (scope-2), and indirect pollution from the 
supply chain (scope-3). We combine granular satellite data on air pollution with detailed information 
on manufacturing firms and coal power plants, and leverage exogenous foreign demand shocks for 
identification. Three main findings emerge: exporting firms reduce local pollution; pollution levels 
around coal power plants rise due to regional export shocks; and upstream suppliers reduce pollution in 
the face of export demand shocks to downstream firms. Our findings point to China’s reliance on coal 
power plants to fuel its export-driven growth as one of the main drivers of the rise in pollution. 
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1 Introduction

A longstanding question in economics concerns whether trade helps or hurts the environment

(Grossman and Krueger 1991, Copeland and Taylor 1994, Antweiler et al. 2001, Levinson 2009,

Taylor 2011, Shapiro and Walker 2018, and Shapiro 2021). Access to foreign markets may increase

emissions due to an overall larger scale of production, compositional changes in the economy due

to a reallocation towards more polluting industries (as in the case of pollution havens), or intensified

transportation. Firms may also gain access to and adopt newer, more efficient technologies or may

need to comply with regulations from importing countries. Further, trade-induced economic growth

may also increase demand for local environmental regulation.

To what extent trade helps or hurts the environment is particularly relevant for developing countries

that hope for export-led growth, but fear the environmental and ensuing public health costs. The right

policies to accompany a push for openness depend on the precise underlying sources and mechanisms

of how international market access affects pollution. Corporate environmental accounting provides

a useful framework to classify these mechanisms: Do firms change their direct net emissions when

serving the world market (labeled as scope-1 pollution)? Do they cause additional pollution due to

their rising demand for energy generation (scope-2)? How do suppliers and customers of exporters in

the domestic production network respond (scope-3)? Direct evidence on these three channels remains

incomplete, limiting the ability to guide policymaking.1

To make progress, in this paper we examine one of the most important episodes of trade expansion

in recent times, China’s world market integration between 2000 and 2007. During this time, China

experienced export growth in the order of 15% per year and a multifold expansion of absolute Chinese

exports and their share of world exports. There is no question that accessing international markets led

the Chinese economy to expand considerably (Jarreau and Poncet 2012; Brandt and Lim 2024). At

the same time, pollution became one of the most prominent issues for the country’s residents (Tang

2005; Yao et al. 2022).

We combine granular satellite data with detailed firm and power plant information to (re-)examine

the relationship between exporting and air pollution. Employing a shift-share identification approach

inspired by Mayer et al. (2021), we start at the regional level and confirm that the export demand

shock led to higher concentrations of fine particulate matter (PM2.5). Next, we zoom in on individual

plants of firms and find that export activity reduces the PM2.5 load, so that scope-1 emissions appear

to react in a desirable way. To investigate how this local effect can be reconciled with the regional

estimates, we turn to scope-2 pollution and document that air pollution around coal power plants
1The definitions of the scopes of pollution were first introduced as part of the Greenhouse Gas Protocol, which constitutes

the leading corporate accounting standard for greenhouse gas emissions globally. It was launched in 1998 and has since
been maintained by the World Resources Institute and the World Business Council for Sustainable Development. Generally,
scope-1 pollution includes all direct emissions of greenhouse gases by an organization. Scope-2 pollution refers to indirect
emissions related to power generated elsewhere, but used by an organization. Finally, scope-3 pollution includes all other
indirect emissions, predominantly stemming from activities elsewhere in production networks.
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increases significantly when manufacturers linked to the regional electricity grid scale up their exports.

Finally, we use information from input-output tables to identify a firm’s potential suppliers in the

same region, which allows us to study the effect on pollution through scope-3 emissions. We find

that downstream export demand shocks also reduce local PM2.5 concentrations upstream. Hence, our

analyses attribute the large increase in pollution following trade expansion as measured at the regional

level to the way this expansion was powered: By relying heavily on coal power plants for electricity

generation (more than 80%, Yang 2006), China’s export-driven growth was in practice coal-powered

growth.

In addressing our research question, we face two main challenges. First, we require universal,

highly granular and objective information on air pollution. We therefore rely on satellite data, and

primarily on PM2.5 concentration measurements within 1km × 1km grid cells. This approach has

several advantages compared to the firm survey data often used in the previous literature. First,

we can measure air pollution anywhere in China, allowing us to observe changes in pollution for

a large sample of firms potentially affected by export shocks—direct and indirect—and to track down

pollution around coal power plants. Second, satellite data on PM2.5 are available at a very high spatial

resolution, which reduces measurement error when we match with firm addresses and power plant

coordinates. Third, we do not depend on pollution records from monitoring stations or firm surveys in

China, which have been widely questioned, especially in the early 2000s (Ghanem and Zhang 2014;

Stoerk 2016).2

Our second main challenge stems from tracing the causal effect of exporting and avoiding

bias from other correlated events and activities. Our identification strategy relies on a shift-share

instrumental variables approach. In the spirit of Mayer et al. (2021), we first construct proxies for

foreign demand shocks at the country × product × year level as imports by those countries from all

origins except China. These ‘shifts’ are numerous, and assumed to be exogenous and quasi-randomly

assigned. To ensure that we approach this question according to the current state of the art in the

literature, throughout the paper we provide supportive empirical evidence in line with the best practices

outlined for shift-share instruments in Borusyak et al. (2025). Next, we assign these shocks to units

of observation, such as prefectures or firms, by means of their initial destination-product-level value

shares.3 Supported by the fixed effects we introduce throughout our regression analyses, we rely

on changes in the demand for Chinese products after its accession to the World Trade Organization

(WTO) for identification.

We implement our empirical strategy leveraging rich data. In addition to information on air

pollution, our analyses use data from several additional sources. The main data on firms come from
2Even if pollution monitors were reliable, as the comparison with the recordings from the few monitoring stations run by

the U.S. Embassy may suggest (Bombardini and Li 2020), sparseness and strategic siting may still be an issue (Meng and
Kc 2025), which has also been shown to affect other countries such as the United States (Grainger and Schreiber 2019).

3The main Chinese administrative units in descending order of size are provinces, prefectures, and counties. During our
sample period, mainland China was divided into 22 provinces (average population of 40 million) with about 330 prefectures
(4 million) and 2,860 counties (450,000).
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the Chinese Annual Survey of Manufacturing Firms (ASIF), which is exhaustive for manufacturing

companies above a low size threshold in terms of revenue and for state-owned enterprises. This survey

provides information on exports and a host of firm characteristics, such as addresses, balance sheets,

income and loss statements, etc. Moreover, we employ Chinese customs data, which provide us with

the population of international trade transactions at the firm × product × country × year level, in

addition to aggregate trade data. To investigate electricity generation, we use Global Energy Monitor

data, which contain the exact location and fuel types of all power plants. To study scope-3 pollution

along the supply chain, we use official input-output tables. Finally, we leverage various additional

datasets in robustness checks, such as meteorological information on wind speeds and directions,

statistical yearbooks for demographics, or GIS data on road networks.

The first step in our analysis is to confirm that exporting increased pollution in China at the regional

level, as documented by Bombardini and Li (2020), who rely on tariff variation for identification

purposes. Despite the different strategy, we find that larger exports at the prefecture level over time

led to significantly higher concentration of PM2.5. Our estimates imply sizable magnitudes, with an

interquartile effect of around 3 percent. Our findings at the regional level are also consistent with the

concurrent study by Gong et al. (2023), which provides evidence on the nexus between pollution and

mortality using satellite data as well as sustained trade-induced changes in economic activity.

Next, we zoom in on individual plants and document that the PM2.5 concentration in their immediate

vicinities falls when the firm becomes an exporter or increases its international shipments. The

decline is statistically significant, and the magnitude of the effect is highly skewed due to the skewed

distribution of firm-level exports: While the interquartile effect implies a modest reduction of 0.3

percent, a firm at the 99th percentile experiences 3.4 percent lower ambient air pollution than a firm at

the median.

This finding regarding scope-1 pollution is highly robust to a battery of alternative specifications.

First, we present evidence that the exclusion restriction for our instrumental variables approach is not

violated due to offshoring, other firm characteristics like state-ownership, local weather conditions

including wind patterns, exports by firms located upwind, or population movements from rural to

urban areas. Second, we show that the finding holds in a sample of single-plant firms and is not driven

by nearby coal power plant emissions. Third, we analyze (selective) entry and exit as well as relocation

across space and show that the effect of exporting is not driven by these margins. Fourth, we find no

material heterogeneity in terms of firm age or size. Fifth, our main finding extends to nitrogen dioxide

(NO2), albeit in a smaller sample due to data availability. Finally, we run several other checks, such

as focusing on exported quantities as opposed to values, using alternative instruments to investigate

the identifying variation, and exploring exports to countries at different levels of income per capita.

Overall, our estimates are in line with Rodrigue et al. (2024), for the particular case of China, as well

as Cherniwchan (2017), for instance, suggesting that the technique effect dominates the scale effect at

the exporter level.

Following this evidence on scope-1 air pollution, and noting that it is in stark contrast with the
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regional findings, we extend our analysis to scope-2 pollution from electricity generation and scope-3

pollution from input-output linkages. We first relate PM2.5 concentrations around coal power plants

over time to total export volumes in the regional electricity grid where the power plant is located, once

again instrumenting with foreign demand shocks. Chinese electricity grids in the early 2000s were

still heavily fragmented, a feature that allows us to establish a tight connection between additional

electricity demand due to export activity and largely coal-based power supply. We find a significant

and economically large effect: Comparing the power grid with the largest increase in export demand

to the one with the lowest, the former is predicted to incur a 22 percent higher PM2.5 concentration

because of the difference in trade activity. We furthermore show that this effect is not driven by nearby

coal mines or ports, and that it is neither affected by considerations regarding wind speed or direction,

nor by nearby scope-1 emissions. Scope-2 pollution therefore appears to play a central role in the

polluting effect of international market access.

Finally, we study how scope-3 pollution reacts to exporting. On the one hand, exporters may have

a detrimental regional effect if their additional demand for intermediate inputs causes a scale effect at

their supplier plants. On the other hand, their technique effects may spill over through their supply

relationships, thus reducing pollution. We make use of disaggregated input-output tables from China

in the beginning of our sample period and identify all potential suppliers of our target firms as those

that operate in one of the 10 most important upstream industries (measured by the direct requirement)

and in the same prefecture. We can also identify sets of potential customers in an analogous way. No

matter whether we regress average upstream PM2.5 concentrations on a downstream firm’s individual

export shock or a firm’s local PM2.5 concentration on its downstream customers’ average export

shock, we find that exporting downstream reduces pollution upstream. This pattern is fully robust to

expanding the potential sourcing area of firms—as infrastructure projects in China improved market

access over time—and holds especially for “local traders”, i.e., smaller firms that do not source from

farther away. In sum, scope-3 pollution is likely to dampen the negative effects of exporting on overall

pollution.

To our knowledge, this is the first study to shed light on the three focal mechanisms through which

international market access affects air pollution. In doing so, it contributes to several (overlapping)

strands of research. First, it advances an established strand of research examining empirically the

relationship between trade and the environment (e.g. Grossman and Krueger 1991; Copeland and

Taylor 1994; Antweiler et al. 2001; Levinson 2009; Taylor 2011; Levinson 2015; Cherniwchan 2017;

Forslid et al. 2018; Shapiro and Walker 2018; Gutiérrez and Teshima 2018; Banerjee et al. 2021;

Barrows and Ollivier 2021; Shapiro 2021; as well as the reviews of Copeland and Taylor 2004;

Tamiotti 2009; Cherniwchan et al. 2017). While the literature has traditionally examined the effects

of trade on the environment in terms of scale, composition, and technique effect, in this paper, we take

a novel angle and study such effects in terms of scope-1, scope-2, and scope-3 pollution.

Second, we speak to a growing stream of work analyzing the implications of the large shock

that was represented by China’s accession to the WTO, domestically (e.g. Jarreau and Poncet 2012;
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Bombardini and Li 2020; Rodrigue et al. 2022; Kwon et al. 2023; Gong et al. 2023; Rodrigue et al.

2024) and globally (e.g. Autor et al. 2013; Acemoglu et al. 2016; Jia and Ku 2019; Autor et al.

2020). We complement this set of existing studies by carefully identifying how the overall trade shock

observed at the aggregate level can be attributed to exporters, suppliers and customers of exporters,

and coal power plants powering those exporters, suppliers, and customers.

Third, we add to a set of studies assessing firms’ abatement decisions in a variety of contexts (e.g.

Barbera and McConnell 1990; Berman and Bui 2001; Morgenstern et al. 2001; Martin et al. 2014;

Cullen and Mansur 2017). In this paper, we provide a novel angle on the domestic impact of China’s

trade expansion, through changes in pollutants for firms exposed to trade shocks, but also across their

supply chains, including the provision of electricity.

Fourth, with our detailed analysis by pollution scopes, and in particular our findings concerning

scope-2 pollution, we also contribute to literature concerned with capturing indirect pollution when

designing policy, in the trade realm or otherwise (Elliott et al. 2010; Fischer and Fox 2012; Larch

and Wanner 2017; Brander et al. 2018; Lyubich et al. 2018; Rocchi et al. 2018; Carattini et al. 2022;

Fontagné and Schubert 2023; Köveker et al. 2025). As we show in our paper, direct pollution may

very well decrease following a trade shock, and yet overall pollution can greatly increase and become

a major societal issue.

The remainder of the paper is organized as follows. Section 2 provides institutional background

for our study. Section 3 describes our empirical approach. Section 4 presents our data. Section 5

introduces our empirical results. Section 6 presents all robustness exercises, before Section 7 briefly

concludes.

2 Background

From 1950 to 1970, China faced embargoes from Western nations, resulting in near-autarkic conditions

and trade being limited to Soviet-aligned countries. Its slow reintegration into the global economy

began in the 1970s, as these embargoes were gradually lifted (Alessandria et al. 2025) and the “Reform

and Opening Up” policy was implemented from 1978 onwards. During China’s negotiation and

preparation for WTO entry in the 1990s, protectionism already started giving way to freer trade,

leading to lower tariffs and fewer non-tariff trade barriers over time (Li et al. 2016).

China’s eventual accession to the WTO in 2001 marked a watershed moment in its integration with

the global economy. Falling trade costs, lower trade policy uncertainty, rising productivity, access to

better foreign inputs, and booming foreign demand catalyzed an unprecedented surge in exports in

China (Handley and Limão 2017; Brandt and Lim 2024; Huang et al. 2024). Between 2000 and 2007,

average exports increased fivefold at the prefecture level, as shown in Figure 1a.

This rapid export expansion coincided with a significant rise in air pollution, as industrial activity

intensified to meet global demand. Average PM2.5 concentration in Chinese prefectures went up by

more than 30% from below 40µg/m3 in 2000 to above 50µg/m3 in 2007. To put these numbers into
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context, in 2005 the World Health Organization recommended an annual average exposure of less than

10µg/m3 to moderate the negative impact of particulate matter on health (World Health Organization

2021). China would go on to become the world’s largest consumer of energy and coal by 2010 as well

as the largest emitter of CO2 and SO2 (Greenstone et al. 2021). The co-movement of export growth

and pollution remains strong even when we compare prefectures in the same province and controlling

for trends in these variables: As Figure 1b indicates, exports de-meaned by province and year are

strongly and positively correlated with de-meaned PM2.5 concentration.

Figure 1: Export and Pollution at the Prefecture Level

(a) Trends (b) Within-province and -year Correlation

Notes: Figure (a) displays PM2.5 concentration and total exports in million USD for the average and median prefecture over
time. Figure (b) shows a binscatter plot of average prefecture-level PM2.5 concentration within 30 quantile-bins along the
(ln) export distribution (variables were de-meaned by province and year).

China’s integration into global markets provides an ideal laboratory to examine the environmental

impact of international trade. At the same time, its unique situation creates significant obstacles for

obtaining precise pollution data. While China’s foundational environmental protection law passed in

1989 established a regulatory framework, its vague language granted local governments substantial

discretion when it came to enforcement (Ma and Ortolano 2000). Local officials, whose career

advancement depended on economic performance, prioritized growth over environmental protection,

often adopting lax regulatory standards (Jia 2024). This incentive structure also encouraged strategic

data manipulation: Pollution measurements were routinely under-reported to central authorities and

to the public due to high verification costs and weak accountability mechanisms (Ghanem and Zhang

2014; Greenstone et al. 2022). Only after 2014—well outside our time frame of interest—China

started the “war on pollution" and implemented significant regulatory changes to tackle pollution,

including improved and centralized measurement (Greenstone et al. 2021, 2022).

China’s environmental damages during the 2000s were closely tied to its coal-dominated energy
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system. Coal-fired power plants accounted for 74% of generating capacity and 82.9% of electricity

output in 2003 (Yang 2006), and their share was largely unchanged at 80.3% in 2010 (Jia 2024).

Cleaner hydropower only accounted for 14.8% of electricity output in 2003 and increased modestly to

18.4% in 2010. Coal power plants, especially older, inefficient ones without state-of-the-art filtering

technology, are well known for their polluting potential (Weng et al. 2023).

A defining characteristic of China’s power infrastructure during this period was its highly

fragmented grid system. The main reason for the lack of development in the grid system was local

protectionist policies that constrained inter-provincial electricity trading (Pittman and Zhang 2008;

Lin and Purra 2010; Jia 2024). Only in 2022, the Chinese central government unveiled an ambitious

plan to establish a unified national electricity market by 2030. At the time, some 97% of mid-to-

long-term electricity contracts were still negotiated within provincial borders (International Energy

Agency 2023), and 79.6% of electricity trades facilitated by China’s power trading centers were

intra-province (China Electricity Council 2024). This fragmentation of the energy infrastructure also

implies that manufacturing companies source electricity locally and generation capacity can be viewed

as province-specific to a large extent, for our time frame of interest as well as well beyond, including

present-day China.

3 Empirical Approach

3.1 Scope-1 Pollution and Baseline Estimation Strategy

In our firm-level exercises, we estimate linear models of the form

air pollutionf,t = β1exportsf,t + β2Xf,t + γt + δ + εf,t, (1)

where t and f indicate years and firms, respectively. Our main outcome measure of air pollution is

the local (ln) concentration of PM2.5 in the vicinity of the firm (details presented in Section 4).4 As an

alternative measure, we also explore NO2. Exposure to international trade, exportsf,t, is proxied by

the inverse hyperbolic sine-transformed total value of exports, which takes both the skewness of export

values and the prevalence of non-exporters into account.5 In our robustness checks, we furthermore

swap total export values for exported quantities and exports to high income countries, which allows us

to capture real production and product mix or technological heterogeneity (albeit at the cost of reduced

sample sizes).

Importantly, we use various sets of fixed effects in our regressions. Year effects γt absorb aggregate
4Our outcome variable is continuous and strictly positive, implying the use of natural logarithms without incurring in

the issues highlighted in Chen and Roth (2024), which arise in the presence of outcome variables for which the extensive
margin may be affected by the treatment.

5Transforming the regressor in this way can create challenges for the interpretation of our estimates as highlighted by
Bellemare and Wichman (2020). To circumvent these intricacies, throughout the paper our quantitative illustrations of
magnitudes are based on in-sample moment comparisons, such as interquartile or min-to-max shifts in regressors.
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shocks that affect export values and pollution around firms in China in the same way. δ is a placeholder

for various other sets of fixed effects that absorb confounding variation. In a less demanding approach,

we include indicators for a firm’s province and 4-digit industry, which address location- and technology-

specific patterns of trade and pollution that are unrelated to a manufacturer’s production and emissions.

In a more demanding approach, we focus on variation in exporting and local pollution that occurs

within firm over time. These firm fixed effects not only absorb spatial and industry variation, but also

control for time-invariant characteristics of companies, such as their relative size.

Finally, we include additional regressors to shore up the identification strategy outlined below. We

assume that error terms are predominantly correlated spatially and by economic activity, so that we

cluster standard errors by prefecture × industry in all firm-level regressions.6

Serving foreign markets via exporting is a choice and likely depends on several underlying factors

that are correlated with emissions and local air pollution. For instance, managerial staff play a key

role for both trade participation and corporate environmental policy (e.g., Bloom et al. 2021, Gaganis

et al. 2023). Fixed effects control for a range of potential concerns about such omitted variables,

but to the extent that some of the above-mentioned underlying factors may change over time, some

endogeneity may persist. Consequently, we adopt a shift-share instrumental variables strategy, where

we use foreign demand shocks to shift Chinese firms’ exports exogenously. Changes in foreign

demand are ideal for our purpose: For the most part, they occur far away from China, are not driven

by individual Chinese firms, and were the quantitatively biggest driver of Chinese export growth since

2000 as shown by Brandt and Lim (2024). Accordingly, identification is based on “shifts”, rather than

“shares”.

We follow the by-now standard approach of Mayer et al. (2021) to distill exogenous variation for

Chinese firms: We compute a destination country d’s total import value of product p from all origins

except China and take logs to obtain lnMdp,t. Excluding imports from China addresses the concern

that we pick up Chinese supply shocks, which may affect pollution through channels that are not

related to trade. We use this approach consistently with the current state of the art in the literature,

following closely the guidelines in Borusyak et al. (2025), as described in what follows.7

Once export shocks are identified following Mayer et al. (2021), we assign them to firms. Starting

with current exporters (for which we have customs data), we weight the Mayer et al. (2021) shocks

using the firm’s export value share sfpd,t0 ≡ Expfpd,t0/
∑

pdExpfpd,t0 by product-destination. As

Chinese firms rapidly expanded their product-destination pairs following China’s ascendancy, we use
6Especially in the presence of firm fixed effects, error terms may be highly correlated within firm over time, so that we

alternatively cluster by firm. Since this approach generally yields smaller standard errors, we opt for the more conservative
approach of clustering at prefecture × industry level.

7Even though we exclude imports from China when we compute aggregate imports at the product level, the latter may
nevertheless be influenced by Chinese exports due to substitution or complementarity (e.g., Amiti et al. 2020). In our
empirical context, however, this concern is likely second order. Each Chinese firm or region—our units of observation—
is unlikely to contribute meaningfully to the variation in aggregate (ln) imports of a foreign country from origins other
than China. Moreover, the randomization tests that we provide along with our analyses suggest that the full instrument is
quasi-randomly assigned, which also addresses this specific concern.
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the shares in the first period a firm-product-destination is observed, t0. This construction implies that

the shares do not sum up to unity, and we apply the standard adjustment of controlling for this sum

interacted with year indicators in all regressions throughout this paper, as recommended in Borusyak

et al. (2025). It is important to reiterate that our identification relies on exogeneity of the shifts,

while the shares may be subject to endogeneity concerns, as first demonstrated by Borusyak et al.

(2022). Our shift-share approach is therefore fully robust to unobserved firm-specific time-varying

shocks that shape pollution and affect the shares. Nevertheless, we keep the latter constant and largely

pre-determined in our analyses.

Our first instrumental variable, which we call the intensive margin IV, is computed as

IV int
f,t =

∑
dp

Expfdp,t0∑
pExpfdp,t0︸ ︷︷ ︸

initial export shares

lnMdp,t︸ ︷︷ ︸
foreign demand shocks

.

This instrument is not defined for years in which a firm does not export or for firm-years that we

cannot match to customs information (the details are discussed in Section 4 below). Yet, these firms do

experience a latent export demand shock and excluding this firm extensive margin of exporting may

be particularly problematic: Standard trade theory, where firms select into exporting based on their

core productivity (e.g., Melitz 2003), predicts that the firm extensive margin consists predominantly of

comparatively unproductive companies, and this prediction has received substantial empirical support

(Melitz and Redding 2014). These companies also use relatively less advanced machinery, processes,

and filters, as Qi et al. (2021) documents for the case of China. Relying only on the intensive margin

IV, we therefore ignore a potentially important mechanism; even if emissions are reduced by extant

exporters as documented by, for example, Cherniwchan (2017), new entrants to the world market

may cause an opposing effect. Irrespective of potential heterogeneity, however, analyzing the largest

possible sample of firm-level observations is in any case useful to broaden the scope of our insights.

We therefore construct a second instrument by extrapolating IV int
f,t . In particular, we assume that

non-exporters in a given 4-digit industry × prefecture cell experience similar (latent) demand shocks

from abroad as the average current exporter in that same cell. The extrapolated instrument, IV full
f,t is

therefore equal to IV int
f,t for current exporters and equal to IV int

jrp,t for non-exporters, where we use

the industry and prefecture indices j and r to make the level of variation explicit.8

There are two channels through which the instruments manipulate Chinese exports, so that the

first stages could a priori be positive or negative. On the one hand, Chinese exports and the number

of exporters are expected to decline if goods imported from countries other than China substitute

8To be precise, we use ρ × IV int
jrp,t for non-exporters, where ρ is a factor close to, but below one. The reason is

that the instrument for non-exporters switches from the industry average IV int
jrp,t to the firm-specific IV int

f,t when they
start to export, which mathematically implies that the instrument artificially experiences a negative change in that period
for some firms, even if the latent export demand shock that induced their exporting was positive. To alleviate the impact
of this mechanical effect, we set ρ = 0.85 and provide evidence based on balance tests—following again Borusyak et al.
(2025)—that this scaling is innocuous in the design of the shift-share instrument. Moreover, we show that all our main
results hold with both the full and the intensive-margin instrument.
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for Chinese ones—in this case, lnMdp,t is an inverse measure of the demand shock. On the other

hand, if variation in lnMdp,t is due to income effects abroad, or if Chinese goods are complements

to the ones from other countries, exports rise and more exporters enter the market. Since the vast

majority of Chinese exports go to developed countries, where they either replace domestic production

(“offshoring”) or broaden the portfolio of varieties available to firms and consumers, we strongly

expect the demand shocks to have a positive effect on exports, as in Mayer et al. (2021). In addition,

we conduct an exercise where we restrict the set of products underlying the instruments to those with

particularly high trade elasticities, i.e., those where the varieties from different countries are more

likely to be substitutes in usage or consumption. With this modification, the first stage coefficient

should become smaller, but remain positive as long as income effects are the main drivers of foreign

import demand.

As a final note, we also subject our instrumental variables approach to a set of additional tests as

recommended in Borusyak et al. (2025), the results of which we report together with the main findings

in Section 5.

3.2 Scope-2: Power Generation

Serving additional demand from abroad requires energy, and China’s electricity consumption was

predominantly satisfied by coal during the early 2000s, as discussed in Section 2. Since coal power

plants are particularly polluting, we examine the effect of regional demand surges due to exporting.

We leverage the exact locations of coal power plants and the granularity of satellite PM2.5 data to

measure the pollution outcome in the immediate vicinity of each coal power plant in China. We then

regress it on the (inverse hyperbolic sine-transformed) total export volume in the regional power grid

where the power plant is located. Even though the central government prioritized connectivity since

the 2000s, we can exploit the regionalization of electricity provision to assign demand to individual

plants. Inevitable measurement error is expected to work against finding any effects.

Specifically, we estimate the following power plant-level regression models (c denotes a coal

power plant):

air pollutionc,t = β1exportsgrid,t + γt + δ + εc,t. (2)

To identify the effect of exporting, we rely on year (γt) and spatial or power plant-level fixed

effects (δ), as well as on our shift-share instrumental variables strategy. In particular, we calculate

exposure measures as initial export shares at the grid level, once again in the first period that a grid

- 6-digit product - destination is observed in the data. As the extensive product-destination margin

plays no significant role at the high aggregation level of power grid regions, we do not extrapolate the

instrument as for scope-1 regressions.
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3.3 Scope-3: Input-Output Analysis

To study the role of changes in scope-3 pollution, we investigate whether, and to what extent, an export

demand shock downstream affects pollution at supplier plants upstream.

To this end, we conduct two different exercises. In the first, we estimate regressions of the form

air pollutionpotential suppliers
f,t = β1exportsf,t + β2Xf,t + γt + δ + εf,t. (3)

Here, we measure pollution in the locations of firm f ’s potential manufacturing suppliers and relate the

simple average of PM2.5 concentrations across those to firm f ’s (inverse hyperbolic sine-transformed)

total value of exports as a proxy for the downstream shock due to exporting.

There are two challenges we have to overcome in order to achieve clean identification of this

relationship. First, the regressor may be endogenous due to omitted variable bias. In particular,

upstream suppliers could experience their own changes in export demand, which may be correlated

with the downstream firm f ’s shock and influence air pollution. We address this concern in two

ways. For one, we include the (inverse hyperbolic sine-transformed) average export value of the

upstream suppliers, the (ln) number of exporters among suppliers, and their (ln) average sales as

control variables. Moreover, we employ the firm-level instrumental variables approach described

above.

The second challenge concerns the domestic production network. On the face of it, running

regression (3) using actual suppliers appears preferable to using potential ones, but we do not have

access to information about local firm-to-firm trade networks in China. Even if such data were

available, however, downstream export demand shocks may induce changes in firms’ production

networks, which raises its own concerns and challenges. We therefore focus on suppliers that are

potentially relevant candidates for sourcing intermediate goods as inputs.

We define potential suppliers inspired by the vertical relatedness measures used in Fan and Lang

(2000) and Acemoglu et al. (2009). For each downstream customer firm f , we obtain the main activity

according to the 4-digit industry classification of China (CIC). By means of a Chinese 3-digit input-

output table—to be precise, a USE table9—for the year 2002 (covering 122 manufacturing industries),

we identify the 10 most important upstream supply industries according to the direct requirements. To

avoid conflating an export demand shock to suppliers with effects on competitors, we conservatively

drop the diagonal of the input-output table. The 10 biggest local suppliers in these industries in terms

of sales are selected as potential suppliers, where “local” refers to the same prefecture as firm f . This

approach is consistent with the idea of relatively strong “gravity” in production networks, i.e., firms

tend to source more inputs from suppliers that are closer (see, e.g., Bernard et al. 2019a; Arkolakis

et al. 2023).

The number of candidates and the regional scope are subject to a trade-off. The number should
9The coefficients in a USE table indicate an upstream industry’s expenditure share in a downstream industry. Their sum

across upstream industries within each downstream industry is always equal to one.
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not be too low and the regional scope should not be too small, so that we are likely to catch actual

suppliers. At the same time, in the light of great sparsity in production networks, it is unlikely that a

firm sources from a large number, let alone all of the upstream firms in a prefecture and industry; too

liberal a definition would thus make it challenging to trace the effects of exports through the network.

We use 10 candidates as baseline and present robustness tests using 5 or 25 candidates in Section 6.3.

In both cases, consistently with the trade-off just described, we expect the t-statistics to be potentially

somewhat lower, but the main effects to be unaffected by such choice of candidates.

Overall, our approach to mapping the domestic production network is conservative in the sense

that measurement error in observing trade relationships should make it, if anything, more challenging

to detect the effects of interest. First, input-output tables describe industry-wide production network

patterns that vary across firms. It is not guaranteed that each exporter sources every input externally or

uses it in production at all. Second, even if we correctly identify all actual suppliers, the input-output

approach in an environment of sparse production networks (Bernard et al. 2022; Bernard and Zi 2022;

Huang et al. 2024) imply that we are likely to include a large number of unlinked upstream suppliers.

In sum, our approach provides a conservative yet effective framework for mapping local supply chains

in settings where actual interfirm linkages are unobserved.

In the second, complementary specification, we view firm f as a supplier company in the value-

chain and study how pollution in its vicinity changes when it experiences a domestic demand shock

induced by downstream export activity at their customers’ sites. In the absence of production network

information, we again identify potential customers using input-output tables, just as in the case of

potential suppliers above. The only difference lies in how we find the 10 most important downstream

industries: Instead of a USE table, we employ a MAKE table.10

The regression model is now

air pollutionf,t = β1exports
potential customers
f,t + β2Xf,t + γt + δ + εf,t, (4)

where the outcome is PM2.5 concentration in the grid cell of firm f , as in the baseline firm-level

exercises. The regressor of interest to measure the downstream demand shock is now the average

value of the (inverse hyperbolic sine-transformed) exports across potential customers. Since we expect

larger demand shocks from customers in more important downstream industries, we weight potential

customers’ exports with their industries’ input-output coefficients in the MAKE table.

To achieve identification, we rely on our shift-share approach once again. We instrument

exportspotential customers
f,t with the full instrument described above, taking the direct requirement-

weighted average across firm f ’s potential suppliers to aggregate. Moreover, we include exportsf,t

in all regressions to address the concern that localized export demand shocks shift firm f ’s local air

pollution through its own exports. To afford comparability with our scope-1 results, we instrument
10The coefficients in a MAKE table indicate a downstream industry’s sales share in an upstream industry. Their sum

across downstream industries within each upstream industry is always equal to one.
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this regressor with IV full
f,t as well.

As a final methodological remark, note that this analysis focuses on the role of supply chain

linkages, the key component in the standard definition of scope-3 pollution. Scope-3 pollution may in

principle also include more minor indirect pollution not included under scope-1 and scope-2 pollution,

such as waste disposal, business travel, and commuting by workers. Acknowledging this limitation, we

focus on air pollution due to intermediate goods supply, given its absolute and relative importance.11

4 Data

In this section, we describe the data sources used for our analyses in detail.12 We use four main

sources of data. First, we use satellite data on local air pollution, which provide our outcome variables.

Second, firm-level data on economic activity, including information on exporting and employment.

Third, we include data on coal power plants. Fourth, we use customs data and data on input-output

linkages. We generally focus on the period from 2000 to 2007 due to data availability (and quality).

4.1 Local Air Pollution

We retrieve satellite reanalysis data from Shen et al. (2024) and Anenberg et al. (2022) to construct our

measures of PM2.5 and NO2 concentrations, respectively. The particulate matter data combine Aerosol

Optical Depth from multiple satellite data with a chemical transport model to construct surface-level

estimates of PM2.5 concentrations after calibration with ground-based pollution monitors. The NO2

data are produced by extrapolating an existing concentration dataset for 2010-12 from a land use

regression model based on monitors and land use variables, using NO2 column densities from several

satellite and reanalysis datasets. The spatial resolution of these data is 0.01◦ × 0.01◦, which roughly

corresponds to a spatial grid of 1km × 1km. The temporal resolution of the PM2.5 data is the month,

and we aggregate to the annual level by means of simple averages (NO2 is directly provided at annual

level). While particulate matter concentrations are available for every year in our sample period,

nitrogen dioxide information is limited to the years 2000 and 2005-2007.

To assign concentrations to prefectures, manufacturing firms, and coal power plants, we use

precise geo-location information. For prefectures, we take the average pollution concentration across

grid cells within each spatial unit. Whenever a grid cell spreads across a border, the concentration

value enters with a weight based on the share of the cell that lies within the prefecture. For

manufacturing companies in China (further details below), we use headquarters addresses and Gaode

Map API’s geo-coding services to assign pollution concentrations based on the grid cell in which each

firm is located. Since some firms operate multiple establishments in different locations for which

we do not have separate addresses, we confirm that our findings hold in the subsample of single-
11Some local scope-3 emissions such as those caused by commuting may be captured in our scope-1 exercises.
12The replication package for this study is available at the following link: https://doi.org/10.17605/OSF.IO/EQY4T.
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plant firms. Finally, we follow the same procedure for coal power plants, for which we have precise

coordinates.

Table 1: Descriptive Statistics

2000 2007

Mean 25th Perc 50th Perc 75th Perc Mean 25th Perc 50th Perc 75th Perc

Panel A: Prefecture level

PM2.5 µg/m
3 38.13 29.42 36.30 46.34 50.52 39.67 47.00 59.76

Exports (100k USD) 53.66 2.26 8.15 23.43 271.54 9.10 34.63 109.77

Panel B: Firm level

PM2.5 µg/m
3 41.76 34.70 39.40 47.20 55.79 46.80 53.10 61.90

Exports (10k USD) 2.20 0.00 0.00 1.34 3.83 0.00 0.00 1.14
Exporter indicator 0.47 0.38
Exports (10k USD, conditional) 4.64 0.64 1.46 3.54 10.23 0.81 2.09 5.52
# of plants 1.09 1.00 1.00 1.00 1.07 1.00 1.00 1.00
Firm age 12.17 5.00 8.00 14.00 10.15 5.00 7.00 13.00
1(State Owned Enterprise) 0.12 0.02
1(Multinational Enterprise) 0.36 0.29
1(Located in Special Economic Zone) 0.05 0.05
1(Located on coast) 0.29 0.31

Panel C: Coal power plant level

PM2.5 µg/m
3 43.70 34.60 44.30 52.40 58.34 45.40 56.70 72.10

Exports (10m USD) 23.13 6.80 21.78 44.15 122.13 36.62 107.95 215.33

Notes: Summary statistics based on estimation sample in preferred specifications. Numbers of observations across the two years are 259 and 265
(Panel A – prefectures), 53,894 and 174,162 (Panel B – firms), and 653 (Panel C – coal power plants). Full firm-level data cover 30 provinces with
4,149 firms on average per year, 283 prefectures with 455 firms on average per year, and around 10 firms per prefecture × 4-digit industry on average
per year.

The descriptive statistics for our estimation sample in Table 1 illustrate that pollution intensified

significantly over our sample period and for all units of observation: Local PM2.5 concentrations

rose by around one third at the prefecture, firm, and coal power plant level—on average and for all

percentiles in the distribution. Since air pollution is particularly intensive around coal burning thermal

power plants, the greatest absolute increase occurs around such facilities. Moreover, as manufacturing

plants are typically clustered in industrial districts, air pollution at the firm level generally exhibits a

higher PM2.5 concentration than at the prefecture level.

4.2 Firm-level Data on Economic Activity and Exports

We access data from ASIF from 2000 to 2007. The National Bureau of Statistics of China collects

ASIF data from reports submitted by sampled enterprises. The sample includes all State-Owned

Enterprises (SOEs) and non-SOEs with annual sales of over 5 million RMB, or roughly 600,000 USD

in 2000, from the manufacturing, mining, and utilities sector. We focus on the 30 manufacturing
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industries, which range from agricultural and sideline food processing to handicraft and other

manufacturing industries.13

The dataset provides a diverse and broad set of information, including details on balance sheets,

income statements, cash flow statements, and basic information on firms, including name, location,

ownership, industry, date of establishment, employment, etc. We exclude data from years after 2007

due to the unavailability of key variables and changes in sampling scheme (Brandt et al. 2014). To

ensure the quality of our analysis, we follow the data cleaning procedures described by Brandt et al.

(2012), which include dropping firms with missing or negative values for capital stock, exports, or

value-added, and firms with zero capital stock or value-added. Moreover, we only retain firms with

more than eight employees.14

Panel B of Table 1 shows key firm-level variables that characterize these companies and allow us to

document several salient patterns in our main estimation sample. First, and prefacing more substantive

points, the estimation sample expanded substantially over time: Due to policy- and growth-induced

firm entry as well as increased coverage of ASIF, the number of firm observations more than doubled

from 54,000 to 174,000 between 2000 and 2007. We will explore the implications of entry and exit

explicitly in our robustness checks.

Second, and in line with a substantial body of international trade research, export activity is highly

skewed (Bernard et al. 2007; Mayer and Ottaviano 2008). In our estimation sample, around 40% of

firms are exporters, and conditional on exporting, the value shipped at the 75th percentile is about

35,000 USD. Moreover, the mean export value among exporters greatly exceeds the median, which

suggests that a small number of “superstar exporters” account for the lion’s share of trade. Third,

export activity expanded significantly over time. Between 2000 and 2007, the average value of exports

overall rose by 74%, reflecting a larger number of exporters (the extensive margin) and rising export

values conditional on exporting (the intensive margin). These patterns imply that transforming the

export variable with the inverse hyperbolic sine is appropriate, and that we can expect a substantial

effect of trade participation on local air pollution.

Finally, the firms in our sample display several features that are well known in the context of China.

The vast majority of companies operates only a single factory, state and multinational ownership falls

over time, and economic growth takes place everywhere in China, both inside and outside special

economic zones. Notably, firm age falls from 12 to 10 years over time, which is consistent with the

widespread emergence of new manufacturers during China’s economic miracle in the beginning of

the century. In one of the robustness checks below, we control directly for these and several other

firm characteristics to address concerns about the exclusion restriction and the relationship between

exports and air pollution at the firm level in general.15

13We use the industry mapping from Brandt et al. (2012) to concord industries before and after the implementation of
industry classification code of GB/T4754-2002.

14Export values at the prefecture- and regional electricity grid-level are the sum of firm-level exports in our sample.
15The ASIF excludes firms below a certain threshold. To gauge the potential implications, Brandt et al. (2014) discusses

how the ASIF firms compare with the overall population captured in the 2004 Census. First, the ASIF indeed covered all
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In total, our firm-level data cover 30 provinces with 4,149 firms on average per year, 283 prefectures

with 455 firms on average per year, and around 10 firms per prefecture × 4-digit industry on average

per year.

4.3 Coal Power Plants

We use coal power plant unit data from Global Energy Monitor, Global Coal Plant Tracker, July

2023 release (Global Energy Monitor 2023). These data provide information on the geo-location,

capacity, operational years (from the date the power plant started operations to the date when it was

decommissioned), coal type, and combustion technology of each coal power plant. Overall, there are

547 coal power plants on average per year in our sample.

4.4 Customs, Input-Output and other Data

In addition to the key datasets discussed so far, we make use of the Chinese customs data and the

BACI database (Gaulier and Zignago 2010) to construct our instrument. The customs data come from

the General Administration of Customs of China. This dataset provides transaction-level information

at the 8-digit Harmonized System (HS) code level, covering the universe of import and export records

between China and other countries or regions. The variables include basic information such as HS

product code, value, quantity, unit, customs region involved, transportation method, trade regimes

(processing versus others, etc.), and the identity of the Chinese firms. Unfortunately, the customs

dataset does not share a firm identifier with ASIF. Therefore, we follow the literature (Manova and

Yu 2016; Chor et al. 2021) and match the two datasets based on firms’ names, addresses, telephone

numbers, and zip codes.

Information on connections between upstream and downstream sectors—which we employ to

study production network effects—is based on the official Chinese Input-Output tables (National

Bureau of Statistics of China 2006). These input-output tables are published every five years, and

we use the 2002 edition. The tables contain the value transacted by each selling and buying sector

for 122 individual manufacturing industries. On this basis, we can calculate the USE and MAKE

tables mentioned in Section 3.3 above. That is, we divide each flow by the total expenditures of a

downstream sector on all upstream sectors to arrive at the standard direct requirement in a USE table.

Analogously, for the MAKE table, we calculate sales shares of downstream sectors in each upstream

sector as the ratio between a flow and the total sales of the upstream sector to all downstream ones.

To conclude the exposition, we introduce various other data sources. First, we use information

on precipitation, temperature, and wind direction from Muñoz Sabater (2019) in several robustness

firms above the size threshold, and sales as well as output were nearly identical in ASIF and the Census. Second, around
1.1m additional manufacturing firms below the size threshold were not contained in the ASIF, but accounted for less than
9% of total sales and less than 10% of total output. Third, the ASIF firms accounted for around 98% of total exports
volumes. This third fact emphasizes that our analyses of the impact of exports on ambient pollution are unlikely to suffer
from survey-related selection bias—small firms outside the ASIF typically did not participate in international trade.
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exercises. In each case, we aggregate data at a higher frequency up to the annual level by taking

simple averages. Second, we obtain information on population density at the county level from the

Statistical Yearbooks (National Bureau of Statistics of China 2023). Third, we use data on motorway

connection in China provided by Davis et al. (2025).

5 Main Results

In this section, we describe how China’s export activities between 2000 and 2007 affected air pollution.

We start by confirming that exports raise air pollution at the regional level and subsequently zoom in

on localities of individual firms. In a second step, we provide evidence on how individual firm-level

exporting translates into aggregate air pollution: We study pollution outcomes around coal power

plants in the vicinity of exporters (to scrutinize scope-2 pollution) and how export shocks generate

pollution through local production networks (scope-3 pollution).

5.1 Scope-1: Exports and Pollution at the Regional and Firm Level

In Table 2, we summarize estimation results based on equation (1) at the prefecture and the firm

level. The first main finding is that export-intensive prefectures experienced significantly higher

air pollution. Based on the preferred estimate in column (2), prefectures with total exports at the

75th percentile of the distribution suffered from a 3 percent higher concentration of PM2.5 than a

prefecture at the 25th percentile.16 Over time, the local average treatment effect implies that the

average increase in exporting within province between 2000 and 2007 can explain 10 percent of the

increase in particulate matter concentration. In sum, our results confirm the findings in Bombardini

and Li (2020) with a different approach.

The second main finding concerns pollution at the local level, i.e., in the direct vicinity of individual

firms that start to export for the first time or increase shipments abroad. In columns (3) to (5), where

we use the full shift-share instrument, the effect is negative: Exporters reduce the local burden of

pollution. This finding is consistent, for instance, with Cherniwchan (2017), and with a technique

effect dominating a scale effect due to expanding production.17 The decline is statistically significant,

and the magnitude of the effect is highly skewed due to the skewed distribution of firm-level exports:

While the interquartile effect implies a modest reduction of 0.3 percent, a firm at the 95th percentile

experiences 1.9 percent lower ambient air pollution than a firm at the median. Moreover, while average

local air pollution worsened over the sample period as shown in the descriptive statistics, this increase

in PM2.5 concentration would be even more pronounced in the absence of the effect of exporting; the
16These figures are calculated on the de-meaned distributions to give an accurate impression. In the case of PM2.5, the

inter-quartile effect is exp(0.018 ∗ (0.916− (−0.875)))− 1 ≈ 3%.
17Indeed, in column (1) of online Appendix Table A.5, we show that exports have a positive and significant effect on firm

size proxied by employment, whereby a ten percent increase in export values implies a roughly one percent increase in the
workforce.
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Table 2: Scope-1 – Results

ln PM2.5

prefecture level firm level

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

asinh(total value of exports) 0.021∗ 0.018∗ -0.014∗∗∗ -0.002∗∗∗ -0.005∗∗∗ -0.009∗∗

(0.012) (0.010) (0.002) (0.001) (0.002) (0.004)

N 2,104 2,104 995,784 995,781 995,784 279,547
OLS Coefficient 0.036 0.032 -0.008 -0.002 0.000 -0.001
OLS P-value 0.000 0.000 0.000 0.000 0.050 0.000
KP-Statistic 226.0 197.8 2423.6 5915.5 867.2 101.5
Mean outcome 3.753 3.753 3.896 3.896 3.896 3.842

Year FE YES YES YES YES YES YES
Province FE YES YES
4-digit Industry FE YES
Firm FE YES YES

Notes: The table shows 2SLS regression results at the prefecture and the firm level—first stage results are reported in online Appendix Table A.1. Outcome variables
are the local (ln) concentrations of PM2.5 at the prefecture level in columns (1)-(2), and at the firm level in columns (3)-(6). The regressor of interest is the inverse
hyperbolic sine-transformed total export value of the prefecture or firm. The shift-share instruments are described in Section 3.1, and all regressions include the sum
of initial shares interacted with year fixed effects as unreported controls. The instrument in columns (3)-(5) is the extrapolated one, in column (6) the intensive-margin
one. Standard errors are clustered by province × year in columns (1) and (2), and by prefecture × 4-digit industry in columns (3) to (6). * p<.10 ** p<.05 *** p<.01

reduction due to exports amounts to around 0.8 percent of the total increase in pollution over time.

Both figures are substantial, especially given that not even half of the manufacturers in our sample

export in the first place. To round out the picture, this finding also holds when we rely on the intensive

margin instrument in column (6).

Before we conclude this section with the third main finding, we first turn to a discussion regarding

the validity of our shift-share approach and the discrepancy between the OLS and 2SLS results

in Table 2. The export demand shocks used for identification typically have a strong effect on

both prefecture- and firm-level export activities, and the KP-statistics usually exceed conventional

thresholds. Moreover, the first stage coefficients are positive as shown in online Appendix Table A.1,

consistent with the idea that Chinese goods complement imports from other countries on the world

market or add additional varieties during our sample period.18 Finally, OLS estimates typically have

the same sign as the relevant 2SLS estimates in both the prefecture- and firm-level exercises, but the

magnitude is smaller. It is likely that this implied bias arises due to measurement error: Exports

reported in the ASIF data may have been reported with considerable noise, and values contain price

variation that may be unrelated to pollution.

In addition to always controlling for the sum of non-unitary shares and clustering standard errors

appropriately (Adão et al. 2019), we substantiate the validity of our approach using further diagnostic
18We provide further evidence for this intuition in column (7) of online Appendix Table A.1. We restrict the set of products

used to compute the instrument to those with Fontagné et al. (2022) trade elasticities above the median in the dataset and
estimate the first stage accordingly. The estimate is substantially smaller compared to the baseline first stage coefficients,
consistent with stronger substitutability between (origin country-)varieties within those products. It is positive and highly
significant, which underlines that income effects appear to drive the majority of variation in foreign import demand in our
context.
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checks, following the best practices in Borusyak et al. (2025) in the case of exogenous shifts. First,

we compute the number of “effective” shocks employed in our design. In principle, if all firms

exported the same amount of all destination-products—i.e., if all firms had the same exposure to

all import demand shocks abroad—we could leverage a total of around 185 ∗ 4860 ≈ 900k shocks

per period. Since exports and exposure are highly concentrated, however, it is more insightful to

compute the “effective” number as recommended by Borusyak et al. (2025), which amounts to around

33k shocks per period in the estimation sample. This number appears to be sufficiently large for

identification.19 Second, we conduct the recommended balance test, where we regress lagged levels

of PM2.5 on the instrument, the sum-of-shares control interacted with year fixed effects, and further

relevant fixed effects as appropriate. A significant correlation between the instrument and pollution

in the previous period would suggest that the instrument is not quasi-randomly assigned. The results

for the prefecture- and firm-level regressions are reported in columns (1) to (3) in online Appendix

Table A.2, and, reassuringly, none of the three instruments used in this subsection shows a significant

correlation. We will report the analogous exercises for scope-2 and scope-3 pollution in the relevant

subsections below.

The third main finding is the observation that the impact of exporting at the local level does not

match the impact at the regional level. While scope-1 air pollution fell, exporting likely worsened

regional air quality, suggesting that international market access affects air pollution via multiple

channels. In the next two subsections, we explore two such candidates to explain the apparent

discrepancy.

5.2 Scope-2: Power Generation

We start with evidence on pollution due to power generation. Table 3 reports estimates of equation (2),

where each column features different sets of fixed effects.20 According to the results in column (3),

the effect of exporting in a coal power plant’s regional electricity grid on the local PM2.5 concentration

is positive and highly significant, despite the demanding specification where we only rely on variation

within power plant over time. This finding is consistent with the idea that coal power plants were

pushed towards capacity following the export shock to local customers. The concentration of PM2.5

in the direct locality of the power plant increases by exp(0.464 ∗ 0.473) − 1 ≈ 25 percent when the

export volume rises from the regional electricity grid with the lowest, to the regional electricity grid

with the highest (de-meaned) export shock.
19For comparison, Aghion et al. (2023) study access to automation technology in France, using imports of 167 HS 6-digit

product categories of robots from 98 origin countries that yield 341 effective shocks. Our share of effective shocks in the
total possible number is similar and slightly higher, consistent with the expectation that robot imports are somewhat more
concentrated than Chinese exports.

20The balance test for the coal power plant-level shift-share exercise is shown in column (4) of online Appendix Table
A.2. The conditional correlation between the grid-level instrument and lagged (ln) PM2.5 concentration is insignificant,
supporting the necessary assumption of quasi-random assignment. The number of effective shocks is 57.
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Table 3: Scope-2 – Pollution around Coal Power Plants

ln PM2.5

(1) (2) (3)

asinh(total value of exports) -0.320∗∗∗ 0.411 0.411∗∗∗

(0.049) (0.392) (0.107)

N 5,224 5,224 5,224
OLS Coefficient 0.028 0.155 0.155
OLS P-value 0.000 0.098 0.000
KP-Statistic 79.0 54.6 47.8
Mean outcome 3.892 3.892 3.892

Year FE YES YES YES
Grid FE YES
Power Plant FE YES

Notes: The table shows 2SLS regression results at the coal power plant level—first
stage results are reported in online Appendix Table A.3. The outcome variable is the
(ln) concentration of PM2.5 in the immediate vicinity of a plant. The main regressor is
the inverse hyperbolic sine-transformed total export value of manufacturing firms in the
same electricity grid as the coal power plant. The shift-share instrument is described
in Section 3.2, and all regressions include the sum of initial shares interacted with year
fixed effects as unreported controls. Unified sample across columns. Standard errors
are clustered by prefecture × year. * p<.10 ** p<.05 *** p<.01

5.3 Scope-3: Input-Output Linkages

We now turn to the second indirect effect of international market access, where we use input-output

tables to investigate whether one firm’s exporting activity influences the emissions of other firms in

the same local production network. In particular, we use disaggregated input-output tables to identify

all potential suppliers of firms exposed to the trade shock as those that operate in one of the 10 most

important upstream industries and in the same prefecture, and proceed in the same way to identify

potential customers.

Spillovers could be positive or negative. If suppliers are affected by the scale effect, but not

the technique effect, we could see pollution increase around the location of suppliers. The same

logic applies to the case in which there is a technique effect that does not dominate the scale effect.

Conversely, we could observe a decrease in pollution if the technique effect sufficiently affects suppliers,

too.

In Table 4, we report estimates from regression model (3) in columns (1) to (3), and from model

(4) in columns (4) to (6).21 In the first triplet of regressions, the outcome is the local (ln) PM2.5

21The balance tests for the supplier- and buyer-level shift-share exercises are reported in columns (5) and (6) of online
Appendix Table A.2. The conditional correlation between the instrument and lagged (ln) PM2.5 concentration is marginally
significant in the supplier-level regressions, while neither instrument is significantly correlated in the buyer-level regressions.
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concentration averaged across all of a firm’s supplier candidates, while the regressor of interest is that

firm’s own export shock, which we instrument with the full shift-share instrument. Importantly, we

control for the upstream supplier candidates’ exports and sales throughout.

Table 4: Scope-3 – Pollution in Production Networks

ln PM2.5

supplier locations firm locations

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

asinh(exports of firm) -0.010∗∗∗ -0.000∗∗ -0.005∗∗∗ -0.012∗∗∗ -0.000 -0.005∗∗∗

(0.002) (0.000) (0.002) (0.002) (0.000) (0.002)
asinh(average value of customers’ exports) -0.029∗∗∗ -0.005∗∗∗ -0.015∗∗∗

(0.005) (0.002) (0.003)

N 824,325 824,320 824,325 841,323 841,321 841,323
KP-Statistic 1491.2 4778.0 642.6 380.0 112.7 324.9
Mean outcome 3.892 3.892 3.892 3.890 3.890 3.890

Upstream export controls FE YES YES YES
Year FE YES YES YES YES YES YES
Prefecture FE YES YES
4-digit Industry FE YES YES
Firm FE YES YES

Notes: The table shows 2SLS regression results in input-output relationships—first stage results are reported in online Appendix Table A.4. Outcome
variables are the (ln) concentration of PM2.5 averaged across locations of potential suppliers and in a firm’s own location, respectively (see Section
3.3). The regressors of interest are the inverse hyperbolic sine-transformed total export value of the firm and the average inverse hyperbolic sine-
transformed total export value of all potential customers. In columns (1) to (3), the control variables are the average (inverse hyperbolic sine-
transformed) export values of the potential suppliers, the (ln) number of exporters among potential suppliers, and the (ln) average sales across
potential suppliers. All displayed regressors are instrumented with the shift-share instruments described in Section 3.3, and all regressions include
the sums of initial shares interacted with year fixed effects as unreported controls. Standard errors are clustered by 4-digit industry × prefecture. *
p<.10 ** p<.05 *** p<.01

Regardless of the fixed effects used, we find that a positive shock to exports downstream propagates

upstream and leads to a reduction in pollution around the suppliers’ sites. The size of these production

network effects is of the same order of magnitude as the direct impact of exporting in Table 2, which

suggests that changes in scope-3 emissions are a relevant component to understand the overall effect

of exporting.

A similar conclusion can be drawn when we study positive export demand shocks to a firm’s

customers downstream. In columns (4) to (6) of Table 4, the outcome is the PM2.5 concentration

at a firm’s site and the regressor of interest is the average export value of all customer candidates

downstream. Once again, we control for the firm’s own exports to address the concern that the

downstream demand shock is correlated with the upstream one and instrument both regressors as

described in Section 3.3. Irrespective of the specific variation we exploit, we find that when a firm’s

customers start exporting or expand their sales abroad, this leads to a reduction of pollution at the

supplier’s site ceteris paribus.

In sum, domestic production networks act as an amplification mechanism: Exporting not only
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reduces emissions and therefore air pollution directly through scope-1 emissions, but also through the

indirect effect whereby domestic demand shocks due to exports downstream lead to lower emissions

upstream (scope-3 emissions). This finding is related to a recent strand of research that documents

the benefits in terms of productivity and working conditions of supplying to internationally active

companies in developing countries (e.g. Alfaro-Urena et al. 2022, 2023). Our results suggest that

such positive local spillovers also include beneficial environmental effects.22

6 Robustness Exercises

In this section, we present robustness exercises for our main results regarding the scope-1, scope-2,

and scope-3 channels, in Sections 6.1, 6.2, and 6.3, respectively.

6.1 Scope-1 Robustness

This main finding is highly robust as we demonstrate by means of various exercises in Table 5. First,

to the extent that the demand shocks used for identification reflect general globalization, one may

be worried that the effects we find are confounded by offshoring, i.e., by Chinese firms sourcing

intermediate inputs from abroad, instead of producing them on-site. In this case, our instrument

would no longer be excluded. For the relatively small subsample of firms for which we have customs

information and which are both exporters and importers, however, we can directly control for the total

value of imports (doing so also means that we ignore the entire extensive margin of new exporters).

While the estimate of interest in column (1) is smaller than the preferred one and only marginally

significant, it is still negative.

22Similar to our findings, Mo et al. (2024) find that Chinese firms reduce pollution once they become suppliers or
customers of foreign invested firms in China.
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Table 5: Scope-1 – Robustness

ln PM2.5 ln NO2

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)

asinh(total value of exports) -0.002∗ -0.004∗∗ -0.005∗∗∗ -0.005∗∗∗ -0.005∗∗∗ -0.005∗∗∗ -0.004∗∗ -0.007∗∗∗ -0.004∗∗∗ -0.010∗∗ -0.010∗∗∗

(0.001) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.005) (0.003)

N 224,525 601,567 871,719 872,812 375,961 252,989 504,571 86,091 520,869 113,754 545,254
OLS Coefficient -0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 -0.000 -0.000
OLS P-value 0.021 0.072 0.074 0.024 0.111 0.049 0.056 0.193 0.141 0.127 0.062
KP-Statistic 285.8 528.2 754.1 769.3 587.1 461.3 502.3 206.3 626.9 96.6 315.7
Mean outcome 3.837 3.906 3.890 3.904 3.859 3.870 3.900 3.849 3.881 3.791 2.510
50-95 percentile effect (%) -0.7 -1.3 -1.7 -1.8 -2.0 -2.1 -1.4 -2.7 -1.8 -3.4 -3.1

Year & Firm FE YES YES YES YES YES YES YES YES YES YES YES
Import control YES
Firm, weather, pop. density controls YES

Notes: The table shows 2SLS regression results at the firm level. Outcome variables are the local (ln) concentrations of PM2.5 and NO2. The regressor of interest is the inverse hyperbolic sine-transformed total
export value of the firm. The shift-share instrument is described in Section 3.1, and all regressions include the sum of initial shares interacted with year fixed effects as unreported controls. Column (1) features
(ln) import values as a control. Column (2) features indicators for MNE, SOE and coastline locations as well as (ln) firm age, the (ln) number of plants, local wind speed, local precipitation, local maximum and
minimum temperatures, and (ln) population density in the county as controls. The samples in columns (3)-(6) contain only single-plant firms, firms that never exit the sample, firms that do not enter the sample
later, and firms that are always in the sample, respectively. The samples in columns (7) and (8) contain only firms that never move more than 1km, and such firms when they feature in the balanced panel. Column
(9) conditions on larger firms with more than 100 employees in the first period they are observed in the panel. Standard errors are clustered by prefecture × 4-digit industry. * p<.10 ** p<.05 *** p<.01
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Second, we control for the firm-level characteristics described in Table 1, for precipitation, for

temperature, and for local population density. Column (2) illustrates that the estimate remains virtually

unchanged, suggesting that the instrument is balanced for firm-level and locational characteristics.

Related, in column (2) of online Appendix Table A.5, we control for average exports of all other

industrial establishments upwind of a firm within a 90◦ circle segment of radius 2.5km, to address the

concern that these nearby upwind establishments with correlated export shocks may add to a firm’s

ambient pollution concentration when it lies downwind. The estimate is once again robust to this

modification, even though upwind exports are positively and significantly correlated with pollution

concentration around downwind sample firms, as one would expect.23

Third, we explore several subsamples. We begin by restricting to single-plant firms to address

the concern that we measure pollution at service-intensive headquarters, while production and export

activity happen somewhere else. The estimate in column (3) suggests that this is not a first-order

problem. In columns (4) to (6) we alternatively exclude firms that exit the sample at any point

during the period, firms that enter later during the period, and firms that do not belong to the balanced

panel. Interestingly, the main effect appears to be relatively homogeneous across incumbents, entrants,

and exiters. To address concerns about firms moving systematically to areas with lower effective

regulation, we estimate the baseline specification on the subsample of firms that never move more

than 1km in column (7). In column (8), we repeat this exercise for firms in the balanced sample.

Furthermore, in columns (3) and (4) of online Appendix Table A.5, we demonstrate that the effect

is relatively homogeneous across younger (< 5 years) and older firms. The same applies to the

comparison between small and large firms based on a 100-employee threshold (in the first period

observed)—the results for large and small firms are reported in column (9) of Table 5 and column

(4) of online Appendix Table A.5, respectively.24 The final comparison also suggests that sample

selection into the ASIF is not a first-order concern.

In the fourth exercise, we examine the possibility that these scope-1 effects are contaminated

by scope-2 emissions, because coal power plants may be located nearby industrial parks with their

resident manufacturing establishments. To do so, we restrict the sample for the regression reported in

column (10) of Table 5 to firms that have no coal power plants within a 50km radius. Although the

number of observations drops significantly, the effect of exporting remains statistically significant and

becomes slightly more negative, consistent with a minor role for scope-2 emissions. If anything, our

baseline estimate is therefore a lower bound to the true effect.

In a fourth empirical exercise, we study NO2 as an alternative pollutant, although the sample

is reduced due to the lower availability of granular satellite information as described in Section 4.

Column (11) illustrates that the export-induced reduction in air pollution is not confined to particulate
23Following Deryugina et al. (2019), we compute prevalent wind directions as the average wind vector over the course of

the year, and our results are robust to using alternative definitions, based on cardinal wind directions, for example. Using
symmetric 90◦ windows around the prevalent wind direction, the mean and median firm experiences prevalent winds on 142
and 134 days of the year, respectively.

24For the estimates based on the large-firm subsample, see column (4) of online Appendix Table A.5.
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matter, but instead a broad and robust pattern.

We also explored several changes in the estimation strategy, the results of which are reported

in online Appendix Table A.5. First, we modify our instrument by restricting the set of origins for

other countries’ imports to developing countries that can be considered competitors to China, namely

Bangladesh, India, Indonesia, Malaysia, Mexico, Thailand, Turkey, and Vietnam. Demand shocks

based on countries that may produce substitutes for Chinese goods could be mis-measured, and hence

monotonicity of our instrument may be violated. However, we do find a positive and significant first

stage estimate and the same effect of exports on air pollution (see column (5)). Second, one may be

concerned that price variation contained in export values biases our findings upwards or downwards

(Rodrigue et al. 2022). For the subsample of firms where we have detailed customs information, we

can compute total quantities (in kg) exported and use this variable as an alternative regressor. Column

(6) shows that our main finding fully extends to actual physical units of production. Further, from an

exploratory point of view, it is interesting to investigate if the income level of a destination country

affects the impact of exporting on local air pollution. In column (7), we focus on shipments to high

income countries in the sample of firms for which we have customs information. We find that the

coefficient is in fact smaller in absolute magnitude. In column (8) we provide suggestive evidence

that exporting induces a technique effect that reduces air pollution by using the export share in sales,

rather than export values, as the regressor.

6.2 Scope-2 Robustness

To substantiate the key finding that foreign export demand increases domestic ambient air pollution

around coal power plants, we conduct several robustness exercises. First, given transportation costs,

the location of coal power plants is at least partially determined by proximity to coal mines, which

also produce substantial amounts of particulate matter. To address this potential ambiguity regarding

the source of pollution, we compute the number of coal mines within a 2.5km radius of a coal power

plant and control for it in our regression. Column (1) of Table 3 shows that the point estimate is still

positive and significant. Moreover, the difference between the least and the most export-exposed grid

implies a 17.2% higher PM2.5 level (the “Min-Max effect”), which is only slightly below the baseline

level. Based on these results, mining-related concerns do not appear to be first order.

Second, and related, an alternative source for coal are imports from overseas (from exporting

countries such as Australia), which would enter China through ports. Port activity is polluting and

may act as a confounder for scope-2 pollution, even when changes in port activity may be due to trade.

Therefore, we re-run our baseline regression, but drop power plants located in the two electricity grids

“East China” and “South China”, where the vast majority of Chinese ports are located. The result in

column (2) suggests that the link between export activity and ambient pollution around coal power

plants is even stronger, although not significantly so. By performing this robustness test, we also

ensure that our results concerning power plants are not driven by specific economic or meteorological
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Table 6: Scope-2 – Robustness

ln PM2.5

power plant location downwind

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

asinh(total value of exports) 0.414∗∗∗ 0.585∗∗∗ 0.409∗∗∗ 0.682∗∗∗ 0.419∗∗∗ 0.387∗∗∗

(0.107) (0.096) (0.101) (0.139) (0.108) (0.120)

N 5,224 3,872 4,992 2,608 5,224 2,654
OLS Coefficient 0.155 0.288 0.179 0.237 0.155 0.167
OLS P-value 0.000 0.000 0.000 0.000 0.000 0.000
KP-Statistic 47.8 125.1 55.6 69.5 47.8 46.3
Mean outcome 3.892 3.910 3.900 3.799 3.889 3.833
Min-Max effect (%) 21.1 27.2 20.5 37.0 21.5 23.9

Mines control YES
Wind speed control YES
Year & Power Plant FE YES YES YES YES YES YES

Notes: The table shows 2SLS regression results at the coal power plant level. The outcome variable is the (ln) concentration
of PM2.5 in the immediate vicinity of a plant in columns (1)-(4), and in a 90◦ circle segment with 2.5km radius downwind
from the coal power plant in columns (5)-(6). The main regressor is the inverse hyperbolic sine-transformed total export
value of manufacturing firms in the same electricity grid as the coal power plant. Column (1) contains the (ln) number of
coal mines within 2.5km of the coal power plant as an additional control. The sample in column (2) omits coal power plants
in the East China and South China grids. Column (3) contains local wind speed as a control. The sample in column (4) is
conditional on a below-median number of manufacturing firms within 10km of a power plant. The sample in column (4)
is conditional on an above-median number of days with prevalent wind direction per year. Standard errors are clustered by
prefecture × year. * p<.10 ** p<.05 *** p<.01
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patterns related to coastal areas.

Third, the effect of exports may be diluted if high winds scatter emissions quickly. In column (3),

we therefore control for wind speeds, which reveals no material impact on the relationship of interest.

Finally, we try to eliminate any local pollution that is unlikely to come from burning coal. If coal

power plants are typically located in industrial districts in order to be close to their most important

customers, air pollution measurements could reflect both scope-1 and scope-2 pollution. Alternatively,

they could be systematically located downwind of industrial districts where land prices are lower, so

that we may pick up scope-1 pollution blown towards power plants by the wind.

To start, we compute the number of manufacturers within a 10km circle around each coal power

plant and estimate the baseline specification on the subsample of plants where this number is below the

sample median. Substantial heterogeneity in this respect would indicate that scope-1 emission may

have confounded our results. As column (4) of Table 6 indicates, the effect of exports is relatively

stable, however. The slightly larger magnitude is consistent with a minor contribution of scope-1

pollution. Next, we compute PM2.5 not in the plant’s satellite grid cell, but in a quarter circle segment

with radius 2.5km downwind from the plant’s geo-coordinates.25 The estimate in column (5) of Table

3 is positive and highly statistically significant, with a similar magnitude as the baseline. What is

more, when we restrict the sample to coal power plants where the wind usually blows in the prevalent

direction (above median in the sample) the effect of exports is similar, too, see column (6). Unless

factories are systematically built downwind of coal power plants, this evidence also suggests that

scope-1 pollution is not a first-order concern.

6.3 Scope-3 Robustness

We conclude the presentation with three robustness exercises regarding the scope-3 pollution regressions.

In Section 5.3, we document that export demand shocks downstream lead to lower pollution upstream,

so that trade-induced scope-3 emissions in fact alleviated the rise in air pollution at the regional

level. These results rely on the assumption that domestic customers and suppliers tend to mostly be

located near exporting firms. During our sample period, China substantially improved and expanded

its highway road network, which allowed firms to access business partners located farther away

(Faber 2014; Chakravorty et al. 2023). Limiting potential suppliers and customers to those in the

same prefecture may therefore appear somewhat restrictive as time goes by, potentially introducing

measurement error in our analyses. To provide additional evidence that takes the expansion of the

highway road network into account, we implement two exercises.

First, we extend the area for potential suppliers and customers by taking into account all adjacent

prefectures that are connected via a motorway in the respective year, using the data provided by Davis
25Again following Deryugina et al. (2019), we compute prevalent wind directions as the average wind vector over the

course of the year in the centroid of each coal power plant, and all results are robust to using alternative definitions, based
on cardinal wind directions, for example. Using on symmetric 90◦ windows around the prevalent wind direction, the mean
and median coal power plant experiences prevalent winds on 153 and 152 days of the year, respectively.

28



et al. (2025). While some localities benefit from fast road connections over time—and some others

do not—, the adjacency assumption ensures that we still incorporate the forces of gravity that affect

trade. Second, even if an adjacent prefecture does not receive a motorway connection, it may still

see improvements in market access as the local road network expands. Therefore, we also extend the

area for potential suppliers and customers to all adjacent prefectures, irrespective of their motorway

connection.

Table 7: Scope-3: Robustness

ln PM2.5

supplier locations firm locations

(1) (2) (3) (4) (5) (6) (7) (8)

asinh(exports of firm) -0.006∗∗∗ -0.005∗∗∗ -0.006∗∗∗ -0.003∗∗∗ -0.006∗∗∗ -0.006∗∗∗ -0.007∗∗∗ -0.006∗∗∗

(0.002) (0.002) (0.002) (0.001) (0.002) (0.002) (0.002) (0.002)
asinh(average value of customers’ exports) -0.012∗∗∗ -0.012∗∗∗ -0.011∗∗∗ -0.004

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

N 855,665 856,171 384,237 168,049 848,643 849,904 849,904 849,904
KP-Statistic 652.0 662.0 332.2 302.2 328.5 326.9 330.0 332.4
Mean outcome 3.899 3.897 3.908 3.827 3.890 3.890 3.890 3.890
50-95 perc. effect (regressor of interest, %) -2.1 -1.8 -2.1 -1.3 -1.5 -1.5 -1.7 -0.6

Connected prefectures YES YES
Adjacent prefectures YES YES

Upstream export controls FE YES YES YES YES
Year & Firm FE YES YES YES YES YES YES YES YES

Notes: The table shows 2SLS regression results in input-output relationships. Outcome variables are the (ln) concentration of PM2.5 averaged across locations of all potential
suppliers within a firm’s prefecture and all adjacent ones connected by motorways in column (1), or a firm’s prefecture and all adjacent prefectures in column (2). Outcome
variables in columns (5)-(8) are the (ln) concentration of PM2.5 in a firm’s own location. The regressors of interest are the inverse hyperbolic sine-transformed total export value of
the firm as well as the average inverse hyperbolic sine-transformed total export value of all potential customers. In columns (5), potential customers come from a firm’s own and
all motorway-connected prefectures; in column (6) from a firm’s own and all adjacent prefectures. In columns (7) and (8), only potential customers with fewer than 100 employees
or low imports-to-sales ratios (< 0.1) are included. In columns (1)-(4), the control variables are the average (inverse hyperbolic sine-transformed) export values of the potential
suppliers, the (ln) number of exporters among potential suppliers, and the (ln) average sales across potential suppliers. All displayed regressors are instrumented with the shift-share
instruments described in Section 3.3, and all regressions include the sum(s) of initial shares interacted with year fixed effects as unreported controls. The samples in columns (3) and
(4) include firms with fewer than 100 employees or low imports-to-sales ratios (< 0.1). Standard errors are clustered by 4-digit industry × prefecture. * p<.10 ** p<.05 *** p<.01

As shown in columns (1)-(2) and (5)-(6) of Table 7, these alternative definitions imply estimates

that are both significant and similar in magnitude to the baseline ones. These results are consistent

with the fact that domestic production networks tend to be local, especially in developing countries.

As a second exercise to corroborate our definition of potential suppliers and customers, we focus

on manufacturers with fewer than 100 employees in the first year we observe them in the ASIF sample.

Relatively smaller firms tend to trade more locally, because they lack the efficiency to compensate the

fixed and variable trade costs associated with accessing more remote markets. Column (3) of Table 7

illustrates that the effect of small firms exporting downstream on upstream air pollution is similar to

the baseline. Column (7), where we restrict the set of potential downstream customers to those with

fewer than 100 employees, supports this conclusion.

While we cannot observe domestic trade relationships, we do register international transactions,

which gives us a final way to strengthen the case for our definition of potential trade partners. In

column (4) of Table 7, we run our baseline regression on the subsample of manufacturers with a
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very low import-to-sales ratio (below 10%). Despite the very small sample—recall that we can only

match a small subset of ASIF firms with the customs records—the estimate of interest is significantly

negative, and the implied interquartile effect is very similar to the baseline one of .294%. The

corresponding results in column (8)—where we treat the ASIF firms as suppliers to low-import

downstream customers—suggest robustness of the negative effect, although once again we lose many

potential customers due to the ASIF-customs match.26

To conclude this section, we note that the findings on scope-3 pollution are robust to changing the

number of candidate suppliers and customers. In online Appendix Table A.6, we estimate the baseline

specifications restricting to 5 and 25 trade partners, respectively. The export demand shock retains its

significantly negative impact on pollution throughout.

7 Conclusions

We exploit one of the most interesting and important trade experiments in recent times, China’s

world market integration between 2000 and 2007, to provide evidence on the mechanisms through

which international market access affects air pollution. To do so, we combine granular satellite

data with detailed information on manufacturing firms and coal power plants, and employ a shift-

share identification approach inspired by Mayer et al. (2021). Starting at the regional level, we

confirm that the export demand shock China experienced after its accession to the WTO led to higher

concentrations of several pollutants, including fine particulate matter. Moreover, we study the effect

on scope-1 pollution by zooming in on individual plants of firms and find that export activity reduces

the PM2.5 load.

To investigate how this local effect can be reconciled with the regional estimates, we focus on

scope-2 pollution and document that air pollution around coal power plants increases significantly

when manufacturers in the regional electricity grid up their exports. Finally, we use information from

input-output tables to identify a firm’s potential suppliers in the same region, which allows us to study

the effect of scope-3 pollution. We find that downstream export demand shocks also reduce local

PM2.5 concentrations. The increase in pollution from export-driven growth is thus largely driven by

China’s almost complete reliance on coal power plants at the time.

Our paper combines granular satellite data and firm-level data to obtain these findings, shedding

new light on how trade shocks reverberate across the economy and ultimately affect air quality, thus

informing policymakers about the potential downsides from trade expansion. It can also help inform
26Our finding that domestic production networks tend to be relatively regional is echoed by prior research on China and

other countries. First, market segregation has been a persistent issue in China, largely due to regional competition, local
protection, and poor infrastructure (Poncet 2005). For example, Tombe and Zhu (2019) estimate that the average internal
trade costs between Chinese provinces in non-agricultural sectors were 30% higher than the corresponding costs in Canada
during our sample period. Moreover, using Japanese data on a large buyer-supplier network with firm location information,
Bernard et al. (2019b) demonstrate that firm connections in manufacturing are very local, with a median distance of around
30km.
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future research aimed at decomposing the contribution of each channel in a structural way, to further

our understanding of trade shocks’ pervasive economic effects.

The extent to which this paper’s main take-away—that export-led growth strategies should be

accompanied by early environmental regulation and a focus on renewable energy generation to avoid

the downsides of the Chinese experience—is applicable today depends on two main aspects, energy

mix and sectoral specialization.

Our results for the Chinese accession to the WTO are driven by the heavy reliance on coal of the

time. While some aspiring countries such as Ethiopia, Kenya or Uganda have economies that run

almost entirely on renewables, Argentina, India, and South Africa, among many others, rely mostly

on fossil fuels, often more so on coal than natural gas (Energy Institute 2025). To the extent that

manufacturing firms’ energy mix does not systematically differ from the country-wide mix, we expect

that our findings should be taken into account when current policymakers design trade policy to foster

growth. Even present-day China, which has become a global champion of renewable energy, still

continues to rely heavily on fossil fuels: At least half of China’s primary energy consumption remains

coal based.

When it comes to sectoral specialization and the composition of demand, many developing economies

remain heavily exposed to dirty industries (Yamano and Guilhoto 2020; Dechezleprêtre et al. 2025),

and any changes in trade policy towards more openness may lead to more pollution havens, in the

absence of accompanying environmental regulation. As for China, it has shifted towards “cleaner”

products and even specializes on goods that drive the green transition, such as batteries and electric

vehicles, solar panels, and wind turbines. Though the environment at large may be affected by the

race for the critical materials necessary for such a transition, surges in foreign demand are these

days expected to exert significantly less pressure on local air quality, the focus of our study. China’s

“Ecological Civilization” and “Dual Carbon Goals” policy frameworks (e.g., Hanson 2019; Lu et al.

2023), which were some of the driving forces behind China’s transition, can therefore be seen as

examples of a successful (if delayed) implementation of the strategy we emphasize in this paper to

reduce local air pollution.
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