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ABSTRACT
This paper employs matching techniques to investigate the effects of facility export
status on environmental performance. Using facility-level criteria air emission data in
the US manufacturing industry, we find the industry-specific effects of export status on
emission intensity, measured by emissions per value of sale. In some industries, there
is consistent and robust evidence supporting the superior environmental performance
of exporters relative to non-exporters in terms of emission intensity for all criteria air
pollutants tracked. In other industries, we find weak evidence that exporters appear to
have a higher emission intensity than non-exporters. This industrial heterogeneity in
the effects of exporting on the environment is closely related to industrial characteris-
tics including pollution abatement capital expenditure, trade costs, capital intensity and
others.
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1. Introduction

As public concerns over global warming, industrial pollution, and trade liberalization
gradually rise, economists have been long engaged in examining the environmental con-
sequences of international trade. The empirical literature in this area, using aggregate-
level (e.g. country-level) data, has provided mixed results over the past two decades
(Antweler, Copeland, and Taylor 2001; Cole and Rayner 2000; Cole and Elliott 2003;
Frankel and Rose 2005; Ganguli 2013; Managi, Hibiki, and Tsurumi 2009; McAusland
and Millimet 2013). With the emergence of longitudinal micro-level data, much of
the attention in the trade community has been recently directed towards understand-
ing the firms’ heterogeneity across export status (Bernard and Jensen 1999; Saad 2017;
Tybout 2003). Some recent empirical studies seek to explore the firm-level relationship
between export orientation and environmental performance, and their findings suggest
that exporters appear perform better than non-exporters in the environmental activities
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760 J. CUI AND H. QIAN

(Batrakova and Davies 2012; Cao, Qiu, and Zhou 2016; Girma and Hanley 2015; Holla-
day 2016). Possible reasons could lie in that exporters are more likely to adopt ‘greener’
technologies or invest more in pollution abatement in the first place (Cui 2014; Forslid,
Okubo, and Ulltveit-Moe 2014; Cao, Qiu, and Zhou 2016). However, to our knowledge,
few studies pay close attention on whether the environmental effects of plants’ exporting
decisions vary with industry and pollutant.

In this paper, we examine the environmental effects of firms’ export decisions, with
a focus on heterogeneity in industries and pollutants. To relax the widely assumed
parametric assumption about the relationship between the outcome variable (e.g. envi-
ronmental measure) and the treatment (e.g. export status), this paper utilizes a semi-
parametric approach, i.e. propensity score matching (PSM).1 For each of four different
criteria air emissions, we match exporting polluters with similar non-exporting ones
within the same industry in terms of their conditional likelihood of exporting, namely
propensity scores. To remove the location-specific confounding unobservable that may
affect facility environmental behaviors, we further restrict the matched pairs from the
same US state or even the same county. We then use the estimated treatment effects for
the treated at the matched-pairs level as dependent variables, and employ the ordinary
least squares (OLS) regression to unveil the role of detailed industry characteristics in
explaining the heterogeneous effects of exports on the environment across industries.

To this end, we compile a unique facility-level dataset in the USmanufacturing indus-
try for years 2002, 2005, and 2008. The data include four types of facility-level crite-
ria air emissions, i.e. sulfur dioxide (SO2), carbon monoxide (CO), ozone (O3), and
total suspended particulates (TSPs). In addition, we have data regarding facilities’ social-
economic characteristics and their exposure to environmental regulations. The latter is
measured by pollutant-specific county nonattainment designation under the Clean Air
Act Amendments (CAAA).

We obtain several interesting results. First, we find strong evidence that exporting
status has statistically significant effects on emission intensity. Second, our empirical
results show industrial heterogeneity. In some industries, there is consistent and robust
evidence supporting exporters are superior in environmental performance relative to
non-exporters for all four tracked criteria air pollutants. In other industries, however,
there is limited evidence that exporters perform evenworse than non-exporters for some
pollutants. Third, industry characteristics including trade costs and pollution abatement
expenditure are closely related to the industrial heterogeneity.

This paper contributes to the growing empirical literature that uses country variation
panel data to explore the environmental effect of trade. Pioneering this study, Copeland
and Taylor (1994 1995) theoretically decompose the environmental impact of trade lib-
eralization into the scale, technique, and composition effects.2 Using this theoretical
guide, a number of empirical studies document conflicting evidence on the environmen-
tal impacts of trade at the country level. Specifically, Antweler, Copeland, and Taylor
(2001) empirically investigate the aforementioned three decomposed effects. Another
work by Cole and Elliott (2003) provides a comprehensive empirical analysis of four
common pollutants. They examine the effects of environmental policies and of capital-
labor endowments when decomposing the composition effects of trade. To circumvent
the shortcomings of the endogeneity problem that trade may be determined simultane-
ously with income and environmental outcomes, Frankel andRose (2005) employ exoge-
nous geographic determinants of trade as instrumental variables. Using cross-country
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data, they find trade appears to have beneficial effects on somemeasures of environmen-
tal quality, e.g. SO2, though not all. There is little evidence that trade has detrimental
effects on the environment. Along this line, Managi, Hibiki, and Tsurumi (2009) revisit
this question with a larger and more globally representative sample, including devel-
oping countries. A recent paper by McAusland and Millimet (2013) studies the envi-
ronmental effects of international and intranational trade. Using trade data between US
states and Canadian provinces in 1997 and 2002, this study finds robust evidence that
international trade intensity lowers toxic release, while intranational trade has harm-
ful impacts on the environment. Unlike the above existing studies, we focus on under-
standing the consequence of exporting decisions on the environmental performance at
the facility level. Another recent work by Erdogan (2014) introduces an environmental
policy and factor endowment into a multi-country general equilibrium model, based
upon the Melitz framework. She calibrates the model to quantify the environmental
consequences of free trade and the economic impacts of environmental harmonization
regulations.

This paper is closely related to the literature exploring the role of exporters in environ-
mental activities. Using plant-level data from different countries and various measures
of environmental performance, some parallel studies seek to examine whether exporters
are environmentally friendlier than non-exporters. Relative to non-exporters, exporters
are found more likely to have lower fuel per sale in Ireland (Batrakova and Davies 2012),
to emit less CO2 constructed from fuel consumption data in Sweden conditional on size
(Forslid, Okubo, andUlltveit-Moe 2014), to generate less CO2 emission intensity in India
(Barrows andOllivier 2014), to denote their innovation as having beneficial environmen-
tal effects in the UK (Girma and Hanley 2015), and to release less toxic pollutants in the
US controlling for sales (Holladay 2016).3 A recent paper by Cui, Lapan, and Moschini
(2016) develops an intuitive model to explain the firm-level correlation among produc-
tivity, export decision, and environmental pollution. Productive firms are likely to select
to export, while the most productive exporters are more likely to adopt environmentally
friendly technology. Hence, exporters might behave better in the environmental perfor-
mance than non-exporters. Using criteria air pollution data from the US manufacturing
industry, they find robust evidence documenting the negative correlation between the
estimated total factor productivity and emission intensity, measured by pollution per
sale, and the negative correlation between exporting status and emission intensity. None
of the above existing studies highlights the industrial-specific effects of exporting status
on environmental performance. We revisit the hypothesis of beneficial environmental
impact of exporting using a different empirical approach (i.e. thematchingmethod) with
a focus on the industrial heterogeneity.

This paper proceeds as follows. Section 2 introduces the empirical methodology.
Section 3 discusses data sources and provides summary statistics of the data. Empirical
results are presented in Section 4. The last section concludes the paper.

2. Empirical methodology

Let Di ! {0, 1} be the treatment variable of whether facility i enters the export market,
and Yi be the observed logarithmic emission intensity. An OLS of Yi on Di (and other
control variables) might be insufficient for our study because (1) the effect of export-
ing is not necessarily constant among firms and we aim at unveiling the heterogeneous
impact; (2) the treatment effect could be nonlinear; and (3) the number of non-exporters
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762 J. CUI AND H. QIAN

dominates that of exporters in the sample. If a firm never exports due to non-eligibility
of participation, it would be of little interest to consider its environmental performance
were it an exporter.

Thematching technique is grounded in the potential outcomes framework developed
by Rubin (1974). Let Yi1, Yi0 be the potential logarithmic emission intensities under its
exporting and non-exporting status, respectively. The observed outcome is Yi =DiYi1 +
(1 − Di)Yi0. We are interested in the counterfactual questions: Does an exporter pollute
less on average than if it were a non-exporter? If the answer depends on the exporters’
industrial characteristics, what are the important factors? Formally, our goal is to identify
the average treatment effect on the treated (ATET), defined asE(Yi1 −Yi0|Di = 1), as well
as the factors to which the variations of the treatment effects are attributed. Under this
framework, we do not assume homogeneity and linearity of the treatment effects.

The PSM relies on the ignorablity assumption: exposure to treatment is independent
of potential outcomes conditional on a set of covariates. Rosenbaum and Rubin (1983)
show that this assumption implies the independence between the treatment and poten-
tial outcomes conditional on the propensity score, i.e. e (X i) ≡ P (Di = 1 |X i ), where
X i is the covariate set. The true functional form of the propensity score is unknown
but testable, since the treatment must be independent of covariates conditional on the
propensity score, known as the balancing condition (test).

For our problem, we follow Becker and Ichino (2002)’s procedure.4 In the first step,
regardless of pollutant types, we regress the binary decision of exports in the current
year on the one-year lagged covariates while assuming the propensity score takes a Logit
form, that is, e (X i) = ![g (X i)], where !(·) is the Logistic c.d.f. and g (X i) is a poly-
nomial function of X i. We first attempt g (X i) in its linear form. In case of violating the
balancing condition, less parsimonious forms involving higher order terms are exper-
imented until the balancing condition cannot be rejected. Once an acceptable form of
the propensity score is determined, for each criteria air pollutant, we collect a pool of
non-exporters whose propensity scores are close to exporters within the same 2-digit
SIC industry. The outcome differences reflect the impact of the treatment variable. Thus,
in the second step, we compute the ATET results using well-developed matching esti-
mators, i.e. the nearest neighbor matching, radius matching, and kernel matching. These
alternative estimators differ in how the neighborhood of a treated unit is defined and
how the weights are constructed in averaging the untreated pool. None can dominate
others, while their joint consideration provides a robust assessment of the ATET esti-
mates. Besides matching within the 2-digit SIC industry, further matching restrictions
on the geographical location, year, parent company, or size category are applied to absorb
the confounding unobservable.

The covariates used in the first step of the propensity score estimation in our paper
include four different sets of variables. They include: (1) facility characteristics including
labor productivity measured by the deflated sales per employment and facility foreign
ownership indicator; (2) two measures of trade costs: one is a facility’s distance to the
nearest port as a proxy of trade variable cost, and the other is the 4-digit SIC indus-
try freight rate; (3) county-level environmental regulations proxied by pollutant-specific
county nonattainment designations, which reflect the facility’s exposure to environmen-
tal regulations; and (4) year dummies controlling for the time trend.

Since the ATET results exhibit systematic differences among industries, we study
the role of industry characteristics on the relative environmental performance between
exporters and non-exporters. As the variables of interest are continuous-valued, we use
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regressions to examine the heterogeneous treatment effects. The dependent variable is
the estimated treatment effects on the treated (TET) results at the matched-pairs level.
The explanatory variables include the wage rate, capital intensity, energy intensity, and
equipment investment intensity at the 4-digit SIC level, as well as the pollution operat-
ing costs and abatement capital expenditures at the 2-digit SIC level. As suggested in the
Meltiz-type trademodel, trade costs play significant roles in determining firms’ decisions
to export.We further include the 4-digit SIC industry-level trade cost, sum of ad valorem
duties and freight rate. Moreover, Holladay (2016) finds that import competition could
drive out the least productive and most pollution-intensive domestic plants. Hence, we
include a measure of import competition.

3. The data

We compile a novel facility-level pollution dataset in the US manufacturing industry for
2002, 2005, and 2008.5 A facility is defined as a place where economic activities generate
air emissions. The dataset is assembled from a variety of sources. The National Emission
Inventory (NEI) database from the US Environmental Protection Agency (EPA) reports
facility-level criteria air pollutants for all areas of the United States.6 The data acquired
in this paper include SO2, CO, O3, and TSPs. The measure of O3 is the sum of volatile
organic compounds (VOCs) and oxide of nitrogen (NOx), since these two pollutants
involve the formation of ground-level O3. We define TSPs as the sum of primary partic-
ulate matter-10 (PM-10) and primary particulate matter-2.5 (PM-2.5).7

The facility-level economic characteristics are retrieved from the National Establish-
ment Time Series (NETS) Database.8 The NETS database, developed through a joint
venture with Dun and Bradstreet by Walls and Associates, is a unique and nationwide
business establishment database covering over 300 fields and 40 million unique estab-
lishments for every year since 1990. The data used in this study include the number of
employees, value of sales, export indicator, foreign ownership indicator, Data Univer-
sal Number System (DUNS) number, geographic location (i.e. latitude and longitude),
five-digit Federal Information Processing Standard (FIPS) county code, and four-digit
SIC code. These two facility-level databases are merged and matched using the DUNS
number, a unique business establishment identifier assigned by Dun and Bradstreet. A
detailed algorithm of matching the NEI database with the NETS data is provided in the
Appendix.

We look for a proxy of trade cost variables as one of the key factors to determine a
facility’s decision to export. One proxy of the facility-specific trade variable cost is the
geographic distance of the facility to its nearest US port.9 This geographical distance
measures the costs associated with transporting products from the manufacturing sites
to the port of shipment. The World Port Source online database provides geographic
locations (i.e. latitude and longitude) for a total of 548 US ports including harbor, river
port, seaport, offshore terminal, and pier, jetty or wharf. For each polluting facility in the
merged dataset, we compute the distance to its nearest port among all 548US ports based
on the ‘Haversine’ formula, given the latitude and longitude of two points.10

To measure polluting facilities’ environmental pressure, we further augment the
merged facility-level dataset with pollutant-specific county environmental regulations
under the CAAA legislation. In general, polluting facilities located in nonattainment
counties are subject to more stringent environmental regulations than those in attain-
ment counties. Consequently, we adopt this county nonattainment designation as a proxy
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764 J. CUI AND H. QIAN

Table . List of dirty manufacturing industries.

Number of Number of
Industry description Dirty pollutant exporters non-exporters

SIC : Lumber and wood products TSPs  
SIC : Furniture and fixtures O  
SIC : Paper and allied products O , SO , CO, TSPs  
SIC : Printing and publishing O  
SIC : Chemicals and allied products O , SO  
SIC : Petroleum and coal products O , SO , CO  
SIC : Rubber and misc. plastics products O  
SIC : Stone, clay, and glass products O , SO , TSPs  
SIC : Primary metal industries O , SO , CO, TSPs  
SIC : Fabricated metal products O  
SIC : Transportation equipment O  

Note: For the definition of dirty industry, please refer to Table A of the Annual Industrial Sector
Pollutant Release by Industry in Greenstone ().

for a facility’s exposure to environmental regulations. The regulatory county status infor-
mation is obtained from the Green Book Nonattainment Areas for Criteria Pollutants
reported by the EPA. For each of four criteria air pollutants, i.e. CO, SO2, O3, and TSPs,
the Green Book indicates whether only part of a county or whole county is in nonattain-
ment. In accordance with the Green Book, we assign a county to the nonattainment cate-
gory for each pollutant, if the whole or part of the county is designated as nonattainment
status. For the case of O3, a county is assigned as nonattainment, if it is nonattainment for
NO2 and/or O3. The latter includes 1-hour and 8-hour standards. For TSPs, we classify a
county as TSPs-specific nonattainment if it is nonattainment for PM-10 and/or PM-2.5.

We are interested in industries with heavy emitters of criteria air pollutants for two
reasons.11 First, these industries account formore than 80% of themanufacturing sector-
wide criteria air emissions.Meanwhile,manufacturers in these dirty industries have been
actively participating in the export market. Consequently, the environmental perfor-
mance of polluters in the dirty industry is likely to be sensitive to international trade.
Second, each dirty industry in the merged dataset has a relatively large number of obser-
vations. Hence, a treated unit (exporter) can be more reliably matched with a pool of
control units (non-exporters). Table 1 presents a list of dirty industries together with the
number of exporters and non-exporters.

The industry covariates used in the OLS regressions to reveal the industrial hetero-
geneity include industry characteristics obtained from the NBER-CES manufacturing
industry data and from the PollutionAbatement Costs and Expenditure in 2005 reported
by the US EPA. The former provides wage, the number of production workers, employ-
ment, value of shipment, value added, capital, energy, and equipment investment at the
4-digit SIC level, while the latter provides pollution operating costs and abatement cap-
ital expenditure at the 2-digit SIC level. The wage rate is computed as the log ratio of
production worker wages to the number of production workers. The capital intensity
is calculated as log capital per employment, while the energy intensity is measured by
log energy expenditures per value added. Similarly, the equipment investment inten-
sity and the material cost intensity are calculated as the log equipment investment per
employment and log material costs per value added, respectively. Following Bernard,
Jensen, and Schott (2006), the ad valorem duties are the ratio of duties collected to
the free-on-board (FOB) value, while the ad valorem freight rate is the markup of the
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Table . Summary statistics.

Exporter Non-Exporter
Variable Obs. Mean Std. Dev. Mean Mean

Sale ( $) , ,. ,. ,. ,.
Employment , . . . .
Export dummy , . . . .
SO (ton) , . . . .
CO (ton) , . . . .
O (ton) , . . . .
TSPs (ton) , . . . .
SO per sale , . . . .
CO per sale , . . . .
O per sale , . . . .
TSPs per sale , . . . .

cost-insurance-freight (CIF) value over the FOB value relative to the FOB. The industry-
level data on ad valorem duties, CIF, and FOB values are acquired from the online data
source of USManufacturing Exports and Imports compiled by Schott (2010). Moreover,
a measure of import competition is provided by the ratio of the CIF import value to the
value of shipment at the 4-digit SIC industry level.

3.1. Descriptive statistics

An unbalanced panel dataset of 29,183 facility-by-year observations is analyzed. There
are 13,707 unique polluting facilities located among 1859 US counties. The value of sales
is deflated by the 4-digit SIC industry-level value of shipment provided by theNBER-CES
Manufacturing Industry Database.

Table 2 provides summary statistics on a number of variables for the entire sample.
Each facility emits at least one pollutant, but not all facilities have emission reports for
all four criteria air pollutants. Moreover, the dataset contains some observations with
extremely low emissions. As noted at the bottom of the table, these outliers only account
for a small portion of total relevant observations.12 The last two columns for Table 2 com-
pare exporters with non-exporters along many dimensions. Exporters are larger than
non-exporters in terms of the value of sales and number of employees. This result is con-
sistent with the growing empirical trade literature that examines the differences between
exporters and their competing counterparts. When it comes to environmental perfor-
mance, exporters emit more SO2 and TSPs but less CO and O3 than non-exporters. In
terms of pollution intensity, measured by emissions per value of sales (tons per dollar),
exporters display better environmental performance than non-exporters for all criteria
air pollutants we track in this paper.

To further shed light on the industrial heterogeneity, for each pollutant and industry,
Figure 1 shows scatter-plots mean (log) emission intensity by export status. The dot-
ted line in this figure is the 45-degree line that implies the same mean values between
exporters and non-exporters. In the case of O3, there is a large discrepancy in the mean
emission intensity across industry, while in the case for the remaining pollutants, the
mean emission intensities scatter along the 45-degree line. These four pollutant-specific
figures clearly show industries for paper (SIC 26), printing (SIC 27), stone (SIC 32) and
primary metal (SIC 33) are distinct from others. In these industries, the relative emis-
sion intensities of exporters to non-exporters are either above or on the 45-degree line,
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Figure . Scatter of mean log emission intensity ( US$ per ton) by the -digit SIC industry and pollutant. The
dotted line refers to the -degree line, above which indicates that exporters pollute more than the non-exporters.
The emission intensity is computed as the sample average of the raw data, without assuming a regression model
and the propensity score matching.

suggesting exporters appear not to perform better than non-exporters in the environ-
mental perspective. By contrast, the petroleum and coal product industry (SIC 29) shows
its relative mean value is far below the 45-degree line.Within this industry, exporters, on
average, emit much less pollution per sale than non-exporters for all the four pollutants
tracked in this paper.

4. Empirical results

In this section, we first use the matching results to reveal the industrial and pollutant
heterogeneous effect of exporting status on emissions per value of sale. Moreover, we
are interested in investigating the economic and policy implications about the role of
industrial characteristics in explaining the relative environmental performance between
exporters and non-exporters. With this objective, the OLS regression is employed to
examine the effects of industry and plant characteristics on the estimated TET results
at the matched-pairs plant level.

4.1. Matching results

The outcome of interest is emission intensity measured by log emissions per deflated
value of sales. For each criteria air pollutant, the ATET for exporting status on emission
intensity is estimated across industry. The baseline ATET results are obtained by match-
ing exporters with non-exporters within the same 2-digit SIC industry in terms of their
propensity scores.13

Table 3 summarizes the key findings of ATETs with alternative matching estimators
across pollutants. Rows in these tables correspond to the 2-digit SIC industries and the
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standard errors are reported in parenthesis. In general, we find heterogeneous effects,
varying with industries and pollutants, of facilities’ exporting decisions on emission
intensity.

The first two columns of Table 3 present the ATETs for O3. For industries of lum-
ber (SIC 24), furniture (SIC 25), chemicals (SIC 28), petroleum (SIC 29), fabricated
metal (SIC 34), and transportation equipment (SIC 37), without additional geographic
matching restrictions, we find exporters, on average, emit less O3 per sales than non-
exporters within the same industry. In those industries, the ATETs results are statistically
significant at the 1% level for most matching estimators. In paper (SIC 26) and print-
ing (SIC 27) industries, however, the ATETs are positive, but not statistically significant,
indicating little evidence on the environmental curse of exports. The positive, statistically
significant coefficients of ATETs are documented for some matching estimators when it
comes to the stone, clay, and glass industry (SIC 32). In the remaining dirty industries,
the effects are mixed, but not statistically significant at any conventional level. Thus, in
those industries, we could not conclude the environmental impacts of trade at the facility
level.

For CO polluting industries of furniture, chemicals, and petroleum, all matching
estimators consistently document the negative, statistically significant coefficients for
ATETs. In those dirty industries, we find consistent evidence supporting exporters, on
average, pollute less than their competitors by 62% in the furniture industry, 24% in the
chemical industry, and 81% in the petroleum industry.Without any geographical match-
ing restrictions, for lumber, fabricated metal, and transportation equipment industries,
the negative ATETs are statistically significant at the convention level for most matching
estimators, suggesting environmental gains from trade. In the remaining dirty indus-
tries, there exists little evidence on the positive or negative effects of exporting on the
environmental performance at the facility level.

When it comes to TSPs, we document the consistently negative ATETs for chemicals,
petroleum, rubber, and transportation equipment industries. These estimated ATETs are
statistically significant at the conventional levels for most matching estimators. Polluting
exporters, on average, perform better than polluting non-exporters in terms of emitting
less by 37% in the chemicals industry, 74% in the petroleum industry, 46% in the rubber
industry, and 40% in the transportation equipment industry. For the remaining dirty
industries, we found little evidence supporting the unintended environmental benefit or
curse from export decisions.

Finally, for SO2 dirty industries, we find negative coefficients for the ATETs for lum-
ber, furniture, petroleum, rubber, fabricated metal and transportation equipment indus-
tries for all matching estimators. Unlike for the lumber and petroleum industries, these
negative ATETs are statistically significant at the conventional levels. In the paper and
printing industries, stone, and primary metal industries, positive ATET estimators are
mostly insignificant. In those industries, we find little evidence that supports the envi-
ronmental consequences for exports at the facility level.

4.2. OLS results

To further reveal the role of industry characteristics in explaining the relative environ-
mental performance between exporters and non-exporters within the same industry, for
each pollutant, we examine the effects of industry characteristics on the estimated TET
results at the matched-pairs level, using the OLS regression. To this end, for the matched
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Graphs by pollutant

Figure . The industry-specific box plot for treatment effects for the treated at thematched pairs. Treatment effects
are estimated using the radius-matchingmethodwithin the nation for the -digit SIC industries and pollutants. The
box plot summarizes the distribution of the plant-level treatment effects by themedian, the first and third quartiles,
as well as the . interquartile ranges below and above the two quartiles.

pairs at the plant level, we assemble a dataset with the TET estimates and industrial char-
acteristics included. The dependent variable, denoted by TETijp, is the plant-level TET
results obtained from the radius-matching estimator while matching within 2-digit SIC
industry and the country, as reported in Table 3. The TET estimates capture the rela-
tive environmental performance between exporters and non-exporters within the same
industry. The smaller the TET estimates, the better environmental behavior exporters
are.

Figure 2 presents a series of box plots for the estimated TET results at the matched-
pairs level by pollutant and 2-digit SIC industry. The box plot summarizes the distribu-
tion of the plant-level treatment effects by the median, the first and third quartiles. The
figure shows the heterogeneous industrial effects of the TET at the matched-pairs level.
For some industries, themedian values are below zero, indicating the relative better envi-
ronmental performance for exporters, while in other industries, the median values are
above zero, suggesting exporters have greater emission intensity than the matched non-
exporters. Within each industry, for each pollutant, there is a wide range of the TET
estimates at the matched-pairs level.

Table 4 presents the OLS estimates for the effects of industry characteristics on the
relative emission intensity between exporters and non-exporters within the same indus-
try.14 Columns correspond to pollutant types. For each pollutant, we provide results with
and without additional plant-level controls. Robust standard errors clustered at the 2-
digit SIC industry are reported in parenthesis.

First, we examine the effects of industry costs and expenditures associated with pollu-
tion abatement on the plant-level TET estimates. The estimated coefficients for industry
operating costs are positive, but not statistically significant at any conventional levels for
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all pollutants, but TSPs. Industries with higher pollution abatement operating costs tend
to have higher TET estimates, indicating larger TSPs emission intensity for exporters rel-
ative to non-exporters. The estimated coefficients of abatement capital expenditure are
negative for all pollutants tracked in this paper. These estimates are statistically signifi-
cant at 1% level in the most cases, suggesting that industries with more capital expendi-
ture in pollution abatement have better environmental performance for exporters relative
to their counterparts within the same industry in terms of lower TET estimates.

We then investigate how import competition and trade costs are related with the
exporters’ relative emission intensity across industries. The estimated coefficients for
import competition are positive and statistically significant for all pollutants, butO3. This
result suggests that industries that face fiercer import competition tend to shorten the
gap in environmental performance between exporters and non-exporters. As predicted
inmany environmentally augmentedMelitz-type trademodel (Cherniwchan, Copeland,
and Taylor 2016), firms’ productivity is negatively correlated with emission intensity, but
is positively correlatedwith selection to trade. Import competitionmay drive out the least
productive polluting firms, hence the least productive non-exporters, thereby reducing
the average emission intensity of the non-exporters. Our empirical results suggest that in
most industries, exporters pollute less than non-exporters do. Regression results further
implies that import competition shortens the environment gap between exporters and
non-exporters within those industries.

Next industrial variable of interest is trade costs. We distinguish trade costs into ad
valorem duties and ad valorem freight rates. The effects of ad valorem duties are con-
sistently negative and highly significant at 5% level for TSP. The effects of ad valorem
freight rate on SO2, Co and O3 are also negative, despite insignificantly reverse effects
for TSP. Industry trade costs set barriers for firms that seek to enter foreign markets. The
higher the trade barrier, the more productive a firm is needed to enter overseas mar-
kets. As polluting exporters become more productive, they are more likely to recover
their investment in installing pollution abatement equipment. Hence, higher trade costs
effectively make exporters pollute less, which further implies that the relative environ-
mental performance between exporters and non-exporters keeps rising as trade cost
increases.

Other industry characteristics have different effects on the exporters’ environmen-
tal performance relative to non-exporters. First, there are consistently positive estimated
coefficients for industry wage rate. These positive estimates are statistically significant
at 5% level for SO2 only. Industries with higher wage rate tend to have environmental-
damaging effects of exports. Second, the coefficients for capital intensity are posi-
tive and statistically significant for all, but CO pollutants, while the coefficient for
energy intensity is positive and statistically significant at 1% level for all pollutants.
Both positive effects suggest that energy- and capital-intensive industries have higher
exporters’ emission intensity relative to non-exporters. When it comes to equipment
investment intensity, there are negative coefficientswith statistical significance for all pol-
lutants, but CO. Although there is lack of detailed information about the type of equip-
ment investment, the results indicate that industries with greater investment in equip-
ment (potentially some might be used in abating pollution or improving emission effi-
ciency) appear to have better environmental performance for exporters over thematched
non-exporters.

Last, but not least, some plant-level controls are added. The effect of size is positive
and statistically significant at 5% level for SO2, indicating that employment size leads to
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worse environmental performance of exporters relative to non-exporters due to the scale
effect. There are negative coefficients for labor productivity for all pollutants. These neg-
ative estimates with statistical significance at 1% level suggest that productivity plays a
key role in helping exporters build up their relative advantage in environmental behavior.
Exporters with greater productivity are more likely to adopt clean technology or pollu-
tion abatement equipment than non-exporters, because they are the only ones that could
earn enough revenues to cover fixed costs for technology investment. When it comes to
the foreign ownership, as predicted in Helpman, Melitz, and Yeaple (2004), productive
plants are more likely to involve in foreign direct investment. From an environmental
perspective, however, there are consistently positive coefficients for foreign ownership
indicator. These positive estimates are statistically significant at 1% level for all pollu-
tants, but SO2, indicating that foreign ownership does not contribute to improvement
on plant environmental performance, but lead to higher emission intensity for exporters
relative to their matched counterparts.

5. Conclusion

This paper employs matching techniques to investigate the impact of exporting status on
emission intensity at the facility level. We have assembled a large, unique panel dataset
pertaining to the US manufacturing industry. In particular, we focus on those manufac-
turing industries with heavy emitters of criteria air pollutants, i.e. SO2, CO,O3, and TSPs.
Our matching estimates suggest the heterogeneous environmental impacts of export
decisions across industries and across pollutants. We find strong evidence: in some dirty
industries, but not all, that an exporter has beneficial effects on emission intensity for
all four criteria air pollutants. For example, within the industry of petroleum and coal
products, exporters have lower emissions per value of sales than their competing coun-
terparts by roughly 74% of SO2, 81% of CO, 57% of O3, and 86% of TSPs. On the other
hand, our empirical results present the deleterious effects of export orientation on the
environmental performance for a few industries. For instance, for the industry of stone,
clay and glass products, exporters emit 33% more O3 per value of sales than their coun-
terparts within the same industry. Furthermore, there is weak evidence these deleterious
effects hold for all four pollutants tracked in this paper.

The industrial heterogeneity in the effects of exports on environmental performance
is further investigated. We find industries with higher pollution operating costs, import
competition, wage rate, capital intensity, and energy intensity tend to have worse envi-
ronmental behavior for exporters relative to non-exporters within the same industry.
Moreover, industry-level trade costs, pollution abatement expenditure and equipment
intensity appear to improve exporters’ relative environmental performance than their
counterparts.

The implications suggested by our empirical findings are significant from the pol-
icy perspective. The environmental consequences of trade liberalization are likely to be
mixed, varying with industry and pollutant. Any trade policies that aim to reduce pollu-
tion might give rise to an unintended consequence. While lowering trade barriers may
contribute to reduction in all four types of criterial air pollutants in some industries,
for example, in industry of lumber and wood, it may also lead to further environmental
degradation caused by other industries; for example, increases in O3 emissions from the
industry of stone, clay and glass. Furthermore, the environmental effects of trade liber-
alization may be muted in industries of paper and printing.
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Notes

1. The PSM technique has been extensively used to identify the causal effects of exports on firm
size and productivity growth (Girma, Greenaway, and Kneller 2003 2004; Loecker 2007; Wagner
2002). In addition, List et al. (2003) employ this technique to identify the effects of environmental
regulation on manufacturing plant birth.

2. The scale effectmeasures the increase in emissions due to the scale-up of economy. The technique
effect refers to lower pollution as a result of the improvement in pollution abatement technologies.
The composition effect explains the mixed results of changing shares of dirty good on pollution.

3. Holladay (2016) employs the same data set on plants’ economic characteristics as we use in this
paper.Hematches this datawith plants’ toxic releases, while wematch the datawith plants’ criteria
air emissions.

4. See Becker and Ichino (2002) for a detailed discussion.
5. For facility-level pollution data, we only have their reports for years 2002, 2005, and 2008. For

the remaining facility economic characteristics, and county and industry characteristics, the data
cover the entire period between 2000 and 2008.

6. Some major caveats for this NEI data are summarized in the Appendix; for example, duplicate
emission data in 2005.

7. According to the EPA technical document, emission data for filterable and condensable compo-
nents of particulate matter are incomplete through sample years, and, hence, are not suggested to
use in any aggregate level.

8. The NETS data have been utilized to study issues related to job creations and destructions, busi-
ness relocation, and business ownership (Kolko and Neumark 2008 2010; Neumark, Wall, and
Zhang 2011). Neumark, Wall, and Zhang (2011) provide a detailed description of the NETS and
an assessment of the quality of theNETSdatabase alongmany dimensions.One dimension related
to our study is the estimated data versus actual data regarding employment size. In our study, this
problem is not critical, because about 90% of employment data have indicators suggesting actual
data.

9. According to IHS Global Services, US seaborne trade with the rest of the world accounts for
78.05% by volume (millions of metric tons) in 2008.

10. The ‘Haversine’ formula calculates the great-circle distance between two points, that is, the short-
est distance over the earth’s surface.

11. As defined in Greenstone (2002), an industry is designated as a dirty emitter of a pollutant if it
accounts for at least 7% of industrial sector emissions. See Table A2 (Online Supplemental data)
of the Annual Industrial Sector Pollutant Release by Industry in Greenstone (2002) for details.

12. The fraction of observations with annual emissions less than 0.001 tons is as follows: 6.6% for
SO2, 0.46% for CO, 0.16% for O3, and 1.17% for TSPs.

13. It is possible one treated unit in the east coast might be accidently paired with another control
unit in the west coast. These types of matched pairs could bias the estimated ATET results, due
to the confounding geographic location-specific unobservable, such as state-level environmental
regulations, natural geographic advantage of shipping products abroad, or county-level pollutant
nonattainment status. To remove the unobservable, we further restrict thematched exporters and
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non-exporters from the same US state and the same year, or the same county. All these match-
ing results along with alternative matching estimators including strata and kernel matching are
presented in Tables A1–A4 in the Online Appendix. The price for this restricted matching proce-
dure is a reduced sample size and number ofmatched pairs, and, hence, less statistically significant
estimators.

14. For robustness checks, we conduct the OLS regressions, using alternative measures of TETs at
the matched-pairs level from different matching estimators and matching restrictions. Main con-
clusions are robust to these alternative plant-level TET estimates. These OLS results are available
upon request.
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Appendix

A. Caveats of the NEI data
Some major caveats of the NEI database pertaining to point sources can be summarized
as follows. First and foremost, EPA developed the 2005NEI data based on a reduced level
of effort. Part of this reduced effort involved using some 2002 NEI data in the 2005 NEI
as surrogates for emission data representing 2005. Second, the 2008 NEI database was
built from emission data in the Emission Inventory System (EIS). Unlike its predeces-
sors 2002 and 2005 NEI, this 2008 database reports a different and new facility identifier,
called EIS site ID, instead of previous NEI site ID. A comprehensive and updated cover-
age of facility identifiers may be obtained from the Emission Inventory System Gateway.
This Gateway, however, is only available to EPA staff, EIS data partners responsible for
submitting data to EPA, and contractors working for EPA on emissions-related work.
Last but not least, as noted in the EPA technical document, emission data for filterable
and condensable components of particulate matter (i.e. filterable PM-10, filterable PM-
2.5 and condensible PM) is not complete and is not suggested to use at any aggregate
level. Users interested in PM emissions should only consider primary particulate matter,
which are primary PM-10 and primary PM-2.5.
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A. Data-matching algorithm
Given the forgoing caveats of the NEI database, the data-matching work consists of two
main procedures. First, we match polluting facilities within the NEI database across
years, and then retrieve DUNS numbers for these polluters from the Facility Registry
System (FRS) of the EPA. Second, we match them with those appearing in the NETS
database through the DUNS number.

To match polluting facilities within the NEI data across years, we first discard dupli-
cates of 2005 data. The 2005 NEI database provides flag variables, ‘Start Date/End Date’
fields, to indicate which data are 2005 emissions and which data are actually taken from
2002 emissions. Around one-third of observations in the 2005 NEI have a flag variable of
‘Start Date’ referring to year 2002.When it comes to themanufacturing industry, roughly
one-quarter of observations in 2005 are duplicates of 2002 emissions. These duplicates
are dropped from our study.

We then retrieve facility FRS ID from the FRS of the EPA. The FRS is a centrally
managed database that identifies facilities, sites, or places subject to environmental reg-
ulations or of environmental interests. EZ Query in the FRS provides data download
options for a customized list of facilities, which are associated with NEI or EIS programs.
All observations in 2002 and 2005 NEI databases have both records and FRS ID reported
in the FRS, and hence can be matched between these two years. However, one-eighth of
2008 NEI database is missing from the FRS, and roughly 7% of facilities in the manu-
facturing industry in this database do not have any records in the FRS. These missing
manufactures are discarded in our study. With the FRS ID, facility DUNS numbers are
retrieved separately through the Facility Registry System Query in the FRS. In the end,
the facility-level emission dataset we compiled contains criteria air emissions, facility
name, FIPS county code, zip code, facility FRS ID, and DUNS number.

In the next step, we match polluting facilities in the NEI database with those that
appear in the NETS Database through the DUNS number. The EPA does not provide
further information about how DUNS numbers are reported for polluting facilities and
why some of them have missing DUNS numbers in the dataset. Due to an incomplete
report on DUNS numbers in the FRS, approximately 80% of polluting facilities in the
manufacturing industry collected in the NEI database have associated DUNS numbers.
To circumvent this shortcoming, a pair of facilities from each source is considered as a
match if the following series of criteria are satisfied. They share the same DUNS number
and are located in the same area in terms of five-digit FIPS county code. More impor-
tantly, for each pair, we compare their facility names from each source to ensure the
match.
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