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Abstract

The literature investigates trade-environment relationship at the firm level, but does not focus on the envi-
ronmental effect of trade policy uncertainty. In the context of de-globalization and Sino-US trade friction,
trade policy uncertainty significantly increases. How does trade policy uncertainty affect firms” pollution
emissions? In this study, we incorporate energy, pollution, and trade policy uncertainty into Melitz’s (2003)
framework and construct a theoretical model to reveal the relationship between trade policy uncertainty
and pollution emissions. Then, we employ the event that the USA granted permanent normal trade rela-
tionship to China as a quasi natural experiment. We use difference-in-difference-in-difference model and
the data of Chinese manufacturing firms for empirical analysis. Our results indicate that the decrease in
trade policy uncertainty reduces emission intensity of exporting firms, but has no significant impact on
emission levels. Given that these firms do not aggravate emission levels under the condition of expand-
ing output scale, we conclude that the decrease in trade policy uncertainty can improve environmental
performance. Mechanism analysis shows an interesting finding that the decrease in trade policy uncer-
tainty reduces emission intensity mainly by improving energy efficiency rather than improving abatement
technology and optimizing energy structure. In addition, pollution reductions mainly occur in pollution-
intensive and capital-intensive industries as well as coastal regions. Altogether, this study contributes to
the literature on trade-environment relationship and trade policy uncertainty.
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1. Introduction

The relationship between trade and environment is a longstanding and challenging topic.
International trade is regarded as one of the most important factors affecting environmental
pollution (Antweiler et al. 2001; Shapiro and Walker, 2018). The early literature indicates that
trade leads to changes in environmental pollution of various countries (Copeland and Taylor,
1994; Antweiler et al. 2001). The recent literature investigates this relationship at the firm
level, and firm-level works can better reveal the mechanism by which trade affects pollution
emissions (Cherniwchan, 2017; Cherniwchan et al. 2017). However, these works are studied
from the perspective of free trade or globalization, focusing on the environmental effects of trade
liberalization (Cherniwchan, 2017; Gutiérrez and Teshima, 2018), export behavior (Forslid et al.
2018; Rodrigue et al. 2022a), and import behavior (Imbruno and Ketterer, 2018; He and Huang,
2022). In recent years, with the emergence of de-globalization and Sino-US trade friction, the
uncertainty of trade policy significantly increases (He et al. 2020¢; Benguria et al. 2022). Different
from free trade policies, such as trade liberalization and promoting imports and exports, trade
policy uncertainty caused by trade protection inevitably has differentiated effects on pollution
emissions. However, the literature does not pay sufficient attention to the environmental effect
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of trade policy uncertainty. Therefore, it is crucial to study how trade policy uncertainty affects
firms’ pollution emissions.

According to Pierce and Schott (2016), trade policy uncertainty refers to that external trade
policies (such as tariff) are uncertain in the future, which corresponds to an increase in expected
trade costs faced by firms. Firms are major exporters and pollution emitters. Their behaviors and
performances are significantly influenced by trade policy uncertainty (Pierce and Schott, 2016;
Handley and Limao, 2017). Handley and Limao (2015, 2017) indicate that the decrease in trade
policy uncertainty reduces expected trade costs and marginal costs of exporting firms, leading to
more exports and output expansion. It further enables firms to invest in technology upgrading
(Liu and Ma, 2020). On the one hand, both exports and technology upgrading are conducive to
improving energy efficiency and thereby reducing emission intensity (Shapiro and Walker, 2018;
Forslid et al. 2018). On the other hand, larger output scale results in the higher level of pollution
emissions (Cherniwchan, 2017; Rodrigue et al. 2022b). As a consequence, the impact of trade
policy uncertainty on firm-level pollution emissions is complex. However, the literature does
not give an answer to this impact. In this study, we focus on answering the following questions:
Does trade policy uncertainty aggravate or reduce firms’ pollution emissions? Through which
mechanisms? This study not only contributes to the literature on trade-environment relationship
and trade policy uncertainty but also provides implications in the context of de-globalization and
Sino-US trade friction.

To reveal how trade policy uncertainty affects pollution emissions, we construct a theoretical
model based on Melitz’s (2003) framework. We expand Melitz’s (2003) framework by incorporat-
ing energy and pollution and introducing trade policy uncertainty referring to Handley and Limao
(2017). Given that the decrease in trade policy uncertainty reduces expected trade costs, it enables
firms to invest in production technology and thereby improve energy efficiency. We regard energy
efficiency as a special channel to analyze how trade policy uncertainty affects emission inten-
sity and emission levels. As the results of theoretical analysis, we deduce three propositions.
First, the decrease in trade policy uncertainty reduces emission intensity of exporting firms.
Second, the impact of trade policy uncertainty on emission levels is uncertain, depending on the
changes in emission intensity and output scale. Third, improving energy efficiency is an important
mechanism for reducing emission intensity.

Then, we follow Pierce and Schott (2016) to employ the event that the USA granted perma-
nent normal trade relationship (PNTR) to China as a quasi natural experiment. Before China’s
accession to the WTO, the US Congress annually voted on whether to impose MEN tariff (with
lower tariff rate) or column 2 tariff (with higher tariff rate) on Chinese products. After joining the
WTO, China was granted PNTR by the USA in 2002. Since then, Chinese products can annually
apply to MEN tariff. This event evidently reduces trade policy uncertainty faced by Chinese firms,
which provides an exogenous shock to identify the variation in uncertainty (Pierce and Schott,
2016; Handley and Limao, 2017). In addition, China and the USA are the two largest economies
in the world. Their relationship is always the focus of the world. Thus, this event is an excellent
case to study the impact of trade policy uncertainty.

We employ the data of Chinese manufacturing firms for empirical analysis. We construct a
difference-in-difference-in-difference (DDD) model to examine the causal effect of decrease in
trade policy uncertainty on firms’ pollution emissions. Besides, we employ the distance from
located city to the nearest port and exchange rate as instrumental variables (IV) of export-
ing. Our conclusion indicates that the decrease in trade policy uncertainty can reduce emission
intensity of exporting firms. To explore how the decrease in trade policy uncertainty reduces
emission intensity, we examine three potential mechanisms. Our results show that the decrease in
trade policy uncertainty reduces emission intensity mainly by improving energy efficiency rather
than improving abatement technology and optimizing energy structure. In addition, mainly for
pollution-intensive and capital-intensive industries as well as coastal regions, the decrease in trade
policy uncertainty helps to pollution reduction.
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Altogether, we contribute to the literature in three primary aspects. First, we are the first
to theoretically and empirically reveal how trade policy uncertainty affects firm-level pollution
emissions. The literature examines the impact of trade policy on firms’ environmental perfor-
mance, which focuses on trade liberalization or tariff reduction. Cherniwchan (2017), Gutiérrez
and Teshima (2018), Cui et al. (2020), and Liu et al. (2022) find that trade liberalization helps to
reduce firms’ pollution emissions. He et al. (2020b) give an opposite conclusion that trade liber-
alization aggravates pollution emissions.! However, these works are studied from the perspective
of free trade or globalization. In the context of de-globalization and Sino-US trade friction, pre-
vious conclusions on trade liberalization cannot explain the environmental effect of trade policy
uncertainty. It is necessary to study the relationship between trade policy and pollution emis-
sions from the perspective of trade policy uncertainty. To reveal this relationship, we innovatively
incorporate energy, pollution, and trade policy uncertainty into Melitz’s (2003) framework.”? We
then employ Chinese data for empirical examination. Our conclusion reveals that trade policy
uncertainty reduces emission intensity mainly by improving energy efficiency. In particular, we
propose a theoretical mechanism that trade policy uncertainty reduces expected trade costs, which
enables firms to invest more in upgrading production technology and thereby improve energy
efficiency.® This finding is different from the literature that regards abatement technology as the
mechanism by which trade reduces pollution emissions (Forslid et al. 2018; Rodrigue et al. 2022a;
Kwon et al. 2023).

Second, we rely on an exogenous event that the USA granted PN'TR to China to provide a novel
evidence for the causal effect of exports on firm-level pollution emissions. The literature focuses
on the relationship between firms’ export behavior and environmental performance. These works
provide evidences to support that exporting firms have better environmental performance relative
to non-exporting firms (Roy and Yasar, 2015; Cui et al. 2016; Holladay, 2016; Banerjee et al. 2021;
Kwon et al. 2023). Forslid et al. (2018), and He and Huang (2021) explain this relationship by
constructing firm-level model based on Melitz’s (2003) framework. Richter and Schiersch (2017)
and Lin and He (2023a) indicate that firms with higher export intensity are cleaner. Barrows and
Ollivier (2018) show the relationship between exporting product mix and environmental perfor-
mance. Barrows and Ollivier (2021) find that foreign demand growth leads to export expansion,
which aggravates emissions but reduces emission intensity. However, these works mainly employ
export behavior as core variables. These variables are strongly endogenous due to self-selection
effect (Melitz, 2003; Lin and He, 2023a), which is difficult to capture the causal effect of exports.
Given that trade policy uncertainty is closely related to firms’ export behavior (Pierce and Schott,
2016; Handley and Limdo, 2017), the event that the USA granted PNTR to China provides an
exogenous shock to identify the causal effect of exports.

Third, we contribute to the literature on the impact of trade policy uncertainty from an envi-
ronmental perspective. The literature investigates micro-level impacts of trade policy uncertainty.
Some works find that trade policy uncertainty hinders firms” exports (Handley, 2014; Handley
and Limao, 2015, 2017; Feng et al. 2017). Other works show that this uncertainty affects labor
employment (Pierce and Schott, 2016), investment (Pierce and Schott, 2016), and innovation (Liu
and Ma, 2020). Handley and Limao (2017) provide an approach to introduce trade policy cer-
tainty into Melitz’s (2003) model for theoretical analysis. As an important behavior of firms, firms’
pollution emissions are closely related to the environmental quality of located region. Besides, pol-
lution emissions are influenced by export behavior (Forslid et al. 2018), technical level (Shapiro
and Walker, 2018), and output scale (Cherniwchan, 2017), implying that trade policy uncertainty
is a potential factor affecting pollution emissions. In this study, we reveal a novel impact of trade
policy uncertainty on firms’ pollution emissions.

The remainder of this study is organized as follows. Section 2 provides a decomposition of
firm-level pollution emissions. Section 3 constructs a theoretical model to analyze the environ-
ment effect of trade policy uncertainty. Section 4 introduces empirical strategy and data. Section 5
presents empirical results. Section 6 concludes.
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2. A decomposition of firm-level pollution emissions

To reveal the potential mechanism by which trade policy uncertainty affects firms’ pollution emis-
sions, we propose a novel decomposition of pollution emissions. The literature focuses on the
decomposition at macro-level (Grossman and Krueger, 1991; Antweiler et al. 2001). Different
from these works, we decompose pollution emissions from the perspective of micro-firms. Our
decomposition is also different from other firm-level decomposition (Cherniwchan et al. 2017).

First, the change in pollution emissions may be driven by the change in technology or output
scale (Cherniwchan, 2017; Lin and He, 2023a). We decompose pollution emissions into emission
intensity and output value, as shown in Eq. (1). Emission intensity is emission levels per unit of
output value, reflecting the technology related to emissions. Firms with advanced technology have
lower emission intensity, and they thereby emit less pollution under the condition of equal output
value. Besides, output value is related to production scale. Under the condition of equal emission
intensity, firms with larger scale inevitably have more pollution emissions.

o Emissions
Emissions = —————— x Output (1)
Output ——
— Output

Emission value
intensity

Second, we decompose emission intensity to explore the channels of changing emission
intensity. The technologies related to pollution emissions include production technology and
abatement technology (Liu et al. 2021; Lin and He, 2023a, 2023b). We decompose emission inten-
sity into the reciprocal of energy efficiency and abatement technology, as shown in equation
(2). Energy efficiency is the output value per unit of energy consumption, reflecting the produc-
tion technology related to energy input (Brucal et al. 2019; Huang et al. 2022). Firms with more
advanced production technology have higher energy efficiency. They consume less energy per unit
of output value and have lower emission intensity. Besides, abatement technology is emission lev-
els per unit of energy consumption. Industrial emissions mainly come from energy consumption
(Gutiérrez and Teshima, 2018). Firms with advanced abatement technology have stronger ability
to terminally remove pollution (Liu et al. 2021). As a result, they emit less pollution per unit of
energy consumption and have lower emission intensity (Lin and He, 2023a).

Emissions  Energy  Emissions  Energy  Emissions Coal
— % —

= = X X 2
Output Output Energy Output Coal Energy 2
——— —— ——— ——— — ———
Emission Reciprocal Abatement Reciprocal Abeﬁtenllent Energy
intensity of energy technology of energy tec ILO ogy structure
efficiency (a) efficiency ®)

Third, emission levels per unit of energy consumption are influenced by energy structure.
More emissions are from coal consumption, and other energies (such as fuel oil and clean gas)
are cleaner. We decompose abatement technology into emission levels per unit of coal consump-
tion and energy structure, as shown in equation (2). Emission levels per unit of coal consumption
are related to abatement technology. Firms with advanced abatement technology have fewer emis-
sions per unit of coal consumption and lower emission intensity (Liu et al. 2021). Besides, energy
structure is the ratio of coal consumption to total energy consumption, reflecting the proportion
of dirty energy. Firms consuming coals have higher emission intensity.

We employ the dataset merged by the Chinese Environmental Statistics Firm Database
(CESFD) and the Chinese Industrial Firm Database (CIFD) to decompose the pollution emis-
sions of Chinese firms. We employ sulfur dioxide (SO) as the pollutant to calculate the change
rates of pollution emissions and decomposed variables relative to the baseline year (1998), as
shown in Figure 1. The left panel shows that on average, firms’ pollution emissions are fluctuating.
Output scale keeps increasing, while emission intensity shows a downward trend. In addition, the
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Figure 1. The change rates of pollution emission and decomposed variables of industrial firms in China, 1998-2012. Data
sources: Calculation by the data from the Chinese Environmental Statistics Firm Database (CESFD) and the Chinese Industrial
Firm Database (CIFD). Note: We employ SO, as the pollutant and 1998 as the baseline year. We delete the extreme values
ranking in the top and bottom 1%.

right panel shows that the decrease of emission intensity is driven by increasing energy efficiency,
improving abatement technology, and optimizing energy structure. In particular, the increase in
energy efficiency makes the greatest contribution. The changes of energy efficiency and emission
intensity show similar trends (especially after 2002).

From this Figure, there are two findings. The first one suggests that after 2001, Chinese firms
expanded output scale and reduced emission intensity. This may be due to the decrease in trade
policy uncertainty. The literature supports that Chinese firms expand output and reduce emission
intensity after 2001, but these works focus on the impact of trade liberalization rather than trade
policy uncertainty (Brandt et al. 2017; Cui et al. 2020). The second finding is that the change in
emission intensity is mainly driven by the channel of energy efficiency. This is similar to Gutiérrez
and Teshima (2018), that is, firms in developing countries mainly reduce emissions by improving
energy efficiency. Thus, we focus on employing energy efficiency as a mechanism to analyze the
impact of trade policy uncertainty on pollution emissions.

3. Theoretical model

3.1. Model setup

Our major setup is based on Melitz’s (2003) model. We assume that there are two countries (home
and foreign countries). Each country consists of a monopolistic competitive industry. Firms have
heterogeneous production technologies (i.e. productivity). Each firm produces a product under
increasing returns to scale. Different from Melitz’s (2003) model, firms use labor and energy as
production factors. Energy consumption produces pollution as by-products. Due to environmen-
tal regulation, firms need to pay for pollution emissions, such as pollution tax. To simplify this
analysis, we assume that the stringency of environmental regulation is fixed.

3.1.1. Demand
For two countries, the utility function of representative consumers is standard constant elasticity

of substitution (CES) form.
o—1 ﬁ
U= |:/ q () da)i| 3)
weR

where U is the utility of representative consumers. g (@) is the demand of product variety w, and
Q denotes the set of product variety. o is the substitution elasticity among different varieties.
,0:‘70;1,0>1and0<p<1.
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Then, we calculate the demands of products in domestic and foreign markets.

R,P; !
=" 4)
" (Pn)

R.PI!
" X

where gj, and g, are the demands of products in domestic and export markets. p, and py are
the prices of products in domestic and export markets. P, and P, are aggregate price indexes in
domestic and export markets. R, and Ry are aggregate expenditure indexes in domestic and export
markets.

3.1.2. Production
We assume that firms employ labor and energy in production. Firms’ productivity (¢) comes from
a distribution function G(¢) which is subject to the Pareto distribution. After paying fixed cost (f)
to enter the industry, firms randomly draw their productivity from G(¢). The initial productivity
of firms is heterogeneous and exogenous. Firms can upgrade production technology (such as inde-
pendent innovation and purchasing production equipment) to improve productivity. Investing
in production technology requires payment of fixed costs (Bustos, 2011). Each firm decides the
optimal investment for production technology according to own profit.

The production function is Cobb-Douglas form, including two kinds of production factors
(energy and labor). We incorporate production technology investment referring to Bustos (2011).

q=h(fr) pe*I' ™ (6)

where g is firms’ output. e and / are the levels of energy consumption and labor employment. o and
1 — « are the shares in energy and labor inputs. fg represents the investment in production tech-
nology. According to Bustos (2011), if firms want to upgrade production technology, they need to
pay fixed costs. & (fz) is the function for effect of production technology investment. &’ (fz) > 0
and 4 (0) = 1. When firms invest more in production technology, they gain higher productivity.
The marginal effect of production technology investment on profit decreases progressively.*

We assume that the wage of labor employment is w (w = 1) and the price of energy consump-
tion is P,. Firms’ optimal choice of labor employment and energy consumption is based on the
prices of production factors. Namely, the marginal rate of technical substitution is equal to the
l 1

= 3 ). By calculations, firms’ labor employment and

ratio of wage to energy price (MRTS = =

SRR

energy consumption are as follows:

. q 1—a\*

l_h(fR)<ﬂ< o ) Fe @
11—«

_ q o a—1

e_h(fR)<p(1—a> Fe ®

We calculate firms’ energy efficiency by the ratio of output to energy consumption.

1— 1—«a
we:g:h(fR)‘P< a) Pel_a 9

o

where @, is firms’ energy efficiency.
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Energy consumption produces pollution as by-products. Firms” emission intensity and emis-
sion levels are as follows:

1— a—1
_ze__ 9 <_°f> pa-1 (10)
e q h(fr)e o

6q (1—a)“—1 w1
Xg=—"" P (11)
q h(fR)(p o ¢

where y and z are emission intensity and emission levels. 6 is the emission levels per unit of energy
consumption, which reflects abatement technology introduced in Section 2.

Firms not only pay fixed costs for production and production technology investment but also
pay variable costs for labor and energy. Due to environmental regulation, firms need to pay for
pollution emissions. The total cost function of production (or domestic sales) is as follows:

TCh=f+fr+ePe+1+zP,=f+fr+

k
qh (12)
h(fr) ¢
where TCj, is the total cost of domestic sales. P, is the cost per unit of pollution emissions.
k= (17_06)"‘_1 po1 (% + 9PZ>.

o
If firms export to foreign markets, they need to pay additional fixed cost and iceberg cost. The
total cost function of exporting is as follows:

qu
h(f) ¢

where TCj is the total cost of exporting. f is the fixed cost of exporting. t is iceberg cost, such as
tariff.” To simplify the theoretical analysis, we use tariff to represent iceberg cost.

Referring to Handley and Limao (2017), we design a simple way to introduce trade pol-
icy uncertainty. When there is no trade policy uncertainty in foreign country, foreign country
imposes a lower tariff t. Iceberg cost is T =1 + t. When there is a trade policy uncertainty, for-
eign country has a probability § (0 < < 1) to impose a higher tariff (t + At). Foreign country
still has a probability (1 — §) to impose a lower tariff t. That is to say, § represents the existence
of trade policy uncertainty. In addition, At is the difference between higher and lower tariffs.
Following Pierce and Schott (2016), we use At to represent the degree of trade policy uncertainty.
At is larger, meaning that firms face a higher potential tariff rate. As a result, these firms are influ-
enced by a higher degree of trade policy uncertainty.® In this case, the expected iceberg cost is
as follows:

TCx=f+fr+fi+tePe+tl+tzP,=f+fr+fc + (13)

U=8t+A)+(1—8)t+1 (14)

where 7/ >t and ggt > 0. When there is a trade policy uncertainty, the expected iceberg

cost would be higher. Facing trade policy uncertainty, the total cost function of exporting is
as follows:

gk
(f)

where TC,' is the total cost of exporting in the presence of trade policy uncertainty. We further

TC =f+fr+fe+ TP+ T/l + 2P, =f +fa+ fr + (15)

calculate marginal costs. MCj, = m is the marginal cost of domestic sales. MCy, = ;. (f ) and

!/
MCY =, 6{5(/) are marginal costs of exporting without and with trade policy uncertainty.
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3.2. Firm behavior

According to monopolistic competitive industry and the CES utility function of consumers,
firms set the profit-maximizing price by a constant markup over marginal cost. We calculate

optimal prices of firms’ products in domestic and foreign markets. p; = m is the price

/
of domestic sales. py = m and p,' = m are the prices of exporting without and with
trade policy uncertainty. We further calculate the volume of sales in domestic and export mar-
o o
kets. gj, = R,Py° ! [@] is the volume of domestic sales. gy = RyP," ! [@] and

_ h o . . . .
gx’ = RyP,° 1 [%] are volumes of exports without and with trade policy uncertainty.

We calculate the profit functions of domestic sales and exporting. In particular, exporting firms
serve both domestic and foreign markets, which is consistent with Melitz (2003).

mn =By [h (f) )" —f —fx (16)
7= (Bt Ber'=0) [0 () 9177 —f —fr— fe (17)
m = (By+Ber ) [h () 9] = = fa—fe (18)
where 7y, is the profit of domestic sales. By, = %. The profit of firms which sell in the

domestic market is not influenced by trade policy uncertainty. In subsequent analysis, we focus

on exporting firms.” 7, and 7, are the profits of exporting firms without and with trade policy

o—1_0-1
uncertainty. B, = 287 These profits are earned from domestic and export markets.

To simply solve the model, we assume the specific form of the function for production tech-

b
nology investment, that is / (fg) = (1+fz)°~". This function meets /' (fg) > 0 and h (0) = 1.
Due to that the marginal effect of production technology investment on firm profit is decreas-

ing (a‘z;”)z < 0), we get 0 < b < 1. For Egs. (17) and (18), according to the condition of profit
R
maximization (37’; = 0), we calculate the optimal levels of production technology investment.
1-0o 1%@ el L
fre= (Bh + Byt ) @pl-bh1-b — 1 (19)
L
frd' = (B,, + er/l“’) - <pfhlbﬁ -1 (20)

where fry and f, are optimal levels of production technology investment for exporting firms
without and with trade policy uncertainty. Since 7 < t’, we get frx > fry’. When there is a trade
policy uncertainty, firms invest less in their production technology. This is because exporting
firms may be subject to a higher expected tariff in the presence of trade policy uncertainty, and
expected iceberg cost faced by firms is also higher. As a result, they reduce the cost for production
technology investment.

Furthermore, we put Eq. (14) into Eq. (20) and calculate the partial derivative of At.

a / 1 _ % og—
afzxt = BT (Bu+ B ) T T <0 1)

From Eq. (21), the increase in trade policy uncertainty reduces production technology investment.
Conversely, the decrease in trade policy uncertainty helps to upgrade production technology.
The reason is that the decrease in trade policy uncertainty reduces expected iceberg cost, making
exporting firms invest more in production technology.
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3.3. Energy efficiency and pollution emissions

b
We put h (fR) = (1 + fR) 7=T as well as equations (19) and (20) into equation (9) to calculate the
energy efficiency of exporting firms.

b 1—a\7*
%;OHM“¢<a> P (22)

/ /L l -« e l—a
<pex=(1+fo)”—‘<p< - ) P, (23)

where @.x and @, are the energy efficiency of exporting firms without and with trade pol-
icy uncertainty. Since fry > fry'> We get @ex > @ex’. When there is a trade policy uncertainty,
exporting firms reduce energy efficiency. The reason is that if exporting firms face trade policy
uncertainty, they would be influenced by higher expected iceberg cost and reduce production
technology investment. This reduction in production technology investment leads to lower energy
efficiency.

In addition, we analyze the impact of change in trade policy uncertainty (At) on firm-level
energy efficiency. For equation (23), we calculate the partial derivative of At.

3<pex/ b b—o+1 8fo/ -« 1~ 1—
— 1 "\ o—1 22 P o 0
ot g1 IR T e ¢ =

Given that the increase in trade policy uncertainty reduces production technology investment

(24)

ap .
(% < 0), we get da(pAe"t < 0. This result suggests that the increase in trade policy uncertainty
reduces exporting firms’ energy efficiency. Conversely, the decrease in trade policy uncertainty
is conducive to improving energy efficiency. This improvement of energy efficiency is driven by
decreasing expected iceberg cost and thereby upgrading production technology.
b

Then, we put h (fR) = (1 —I—fp)ﬁ as well as equations (19) and (20) into equation (10) to

calculate the emission intensity of exporting firms.

0 b (1—a\* P
n=50fmro< ) P! (25)

o

o

0 b (1 —a\*!
v =—(1+fr)"° ( a) P! (26)
®

where yx and y, are the emission intensity of exporting firms without and with trade policy uncer-
tainty. Since frx > fry’ and % < 0, we get yx < ¥x'. Exporting firms increase emission intensity
in the presence of trade policy uncertainty. The reason is that when there is a trade policy uncer-
tainty, exporting firms reduce production technology investment due to the increase in expected
cost and thereby reduce energy efficiency. This leads to higher emission intensity.

Also, we analyze the impact of change in trade policy uncertainty (At) on emission intensity.
We calculate the partial derivative of At for equation (26).

oyy 0 b bto-1 Jfpy (1 —« a-l _1
=—(— ) (+i) ™ = P >0 27
dAt (p(l—o (+fo) IAt o ¢ 7 (@7)

/ /
Since %f ~= <0and % <0, we get %Xt > 0. This result indicates that the increase in trade policy

uncertainty increases emission intensity. On the contrary, the decrease in trade policy uncer-
tainty reduces emission intensity. The theoretical mechanism is that the decrease in trade policy
uncertainty reduces expected trade cost faced by exporting firms, leading to more investments in
production technology and thereby improving energy efficiency. It can help to reduce emission
intensity of exporting firms. This implies the following proposition:
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Proposition 1. The decrease in trade policy uncertainty reduces emission intensity of exporting
firms.

Next, emission levels are the product of emission intensity and output. We put h (fR) =

b
(14/r)7 " as well as equations (19) and (20) into g, qx, and g’ to calculate the volumes of
domestic sales and exports. It is noted that exporting firms’ output includes domestic sales and

exports.
1 [re1° 2z 1
an+ax =R [ 2] (14 f0)" <1+T—0> (28)
_1[pe° ok 1
an+a’ =R [EE ] (14 ) (1+7> (29)

where (g5 + gx) and (gj, + qx’) are the outputs of exporting firms without and with trade policy
uncertainty. Since fgy > fry’ and t < T/, we get g, + gx > qn + g’ Exporting firms reduce output
scale in the presence of trade policy uncertainty. The explanation is that when there is a trade
policy uncertainty, exporting firms face higher iceberg cost and reduce production technology
investment. As a result, their output scale would be decreased.

We further analyze the impact of change in trade policy uncertainty (At) on output scale. For
equation (29), we calculate the partial derivative of At.

0 (an+4x) _ o1 P9\ [_0b 2D O 1
1 ([ 0 1)

o o 3T
"\ T=0c
— (14 /)T T/G+18At}<o (30)

Since Of’ <0and ot > 0, we get M < 0. Namely, the increase in trade policy uncertaint
BIN; ant — HWeg EIN; . > policy y

reduces output scale. Conversely, if exporting firms face less trade policy uncertainty, they expand
output scale. The explanation is that the decrease in trade policy uncertainty leads to more invest-
ments in production technology and decrease in expected trade cost, which helps to expanding

output of exporting firms.
b
We put h (fR) = (1 —i—f);z)ﬁ as well as equations (19), (20), (28), and (29) into equation. (11)

to calculate the emission levels of exporting firms.

0 b _ a—1

“= (qhg:_ qx) (1 +fo) 15“ (1 o a) Pea_l (31)
) ’ _ oa—1

Zx/ = —(qh;_ 4 ) (1 +fo/)% (1 o Ol) Peal_1 (32)

where z, and z,’ are emission levels of exporting firms without and with trade policy uncertainty.
Based on above analyses, fry > fry's % < 0and gj, + gx > g + gx'- Thus, the relative sizes of z
and z,” are uncertain. Namely, when exporting firms face trade policy uncertainty, it is uncertain
whether they increase or reduce emission levels. The reason is that on the one hand, trade policy
uncertainty leads to increasing emission intensity; on the other hand, trade policy uncertainty
reduces output scale. Smaller firms have lower emission levels, while firms with higher emis-
sion intensity have higher emission levels. As a result, the impact of trade policy uncertainty on
emission levels is uncertain.

We continue to analyze the impact of change in trade policy uncertainty (At) on emission
levels. For equation (32), we calculate the partial derivative of At.
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9z 0 (1—a\*' 9 (qn+ay) N
aAt_5< P ) Pe anr UHR)
4 b /hng_l aRx/
+(qh+‘Zx)m(l+fR) 3Ati| (33)

A /
"(qh+ & ) ey b . . 3z
From above analyses, ——=x— <0, 357 <0, and 125 <0. It is uncertain that JA7 s greater or

less than 0. The impacts of changing trade policy uncertainty are uncertain. This is because the
decrease in trade policy uncertainty not only reduces emission intensity but also expands output
scale. Both emission intensity and output scale are correlated with emission levels.

Given that emission levels are the product of emission intensity and output, that is
z = vy (qh + qx’), we calculate the partial derivative of At.

0z oy Ny dlantad)
_ Z\8h T Ax ) 34
N aAt(q’l—i_qx)—i_ INERG (34)
>0 <0

Equation (34) also suggests that the decrease in trade policy uncertainty reduces emission intensity
and expands output scale. The impact of trade policy uncertainty on emission levels depends on
the relative sizes of these two channels. This implies the following proposition:

Proposition 2. The impact of decrease in trade policy uncertainty on emission levels of exporting
firms is uncertain, which depends on the relative changes in emission intensity and output scale.

Finally, emission intensity can be decomposed into energy efficiency and abatement technol-
ogy, thatis y = %. From above analyses, improving energy efficiency can reduce firms’ emission

intensity, that is ;% < 0. The decrease in trade policy uncertainty increases production technology
(4

. /
investment and thereby improves energy efficiency, that is da(pAB"t <0.
dyx’ ayy’ % dPes’

dAL  dge’ DAL
——— S~
<0 <0

>0 (35)

This equation indicates that the decrease in trade policy uncertainty reduces exporting firms’
emission intensity by the mechanism of upgrading production technology and thereby improving
energy efficiency. This implies the following proposition:

Proposition 3. Improving energy efficiency is an important mechanism by which the decrease in
trade policy uncertainty reduces emission intensity of exporting firms.

4. Empirical strategy and data
4.1. Identifying the impact of trade policy uncertainty

Our theoretical model has predicted the potential relationship between trade policy uncertainty
and firms’ pollution emissions. We employ the data of Chinese manufacturing firms to examine
this relationship. We follow Pierce and Schott (2016) and regard the permanent normal trade
relationship (PNTR) granted to China by the USA in 2002 as a quasi natural experiment. This
event has been adopted by other literature to identify the causal effect of trade policy uncertainty
(Handley and Limado, 2017; Feng et al. 2017; Pierce and Schott, 2018; Liu and Ma, 2020). We
construct a DDD model to analyze the impact of trade policy uncertainty on pollution emissions.
We introduce the background of this event and the measurement of industry-level trade policy
uncertainty as follows.
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4.1.1. Event background

Before China’s entry into the WTO, the USA granted temporary normal trade relationship to
China. The US Congress annually voted on whether to grant normal trade relationship to China.
If China was granted normal trade relationship, the USA imposed MFN tariff (with lower tar-
iff rate) on Chinese products. Otherwise, the USA imposed column 2 tariff (with higher tariff
rate). The column 2 tariff originated from the Smoot-Hawley Tariff Act in 1930. This tariff is
applicable to countries that do not establish normal trade relationship with the USA. This tar-
iff rate is much higher relative to MFN tariff. In other words, it was uncertain whether the USA
granted MFN tariff to China every year. According to Pierce and Schott (2016), from 1990 to
1992, the USA continuously refused to grant MFN tariff to China; from 1990 to 2001, the pro-
portion of negative votes is approximately 39%. Taking 2000 as an example, if China failed to
be granted MFN tariff, the average tariff rate would be increased from 7% to 31%. We can see
that before the USA granted PNTR to China, Chinese firms faced a higher degree of trade policy
uncertainty.

After China’s entry into the WTO, the USA granted PNTR to China on January 1, 2002. Since
then, the USA granted MFN tariff to China every year. China’s external trade policy uncertainty
significantly decreases. Benefiting from this event, the number of Chinese exporting firms rapidly
increases, and firms’ export scale expands (Feng et al. 2017). Based on this background, the event
that the USA granted PNTR to China in 2002 provides a quasi natural experiment for identifying
the causal effect of changing trade policy uncertainty.

According to Pierce and Schott (2016), before the USA granted PNTR to China in 2002, the
differences in tariff rates between column 2 tariff and MFN tariff for various industries were dif-
ferent. The industries with greater difference in tariff rates experienced greater decrease in trade
policy uncertainty after this event. The reason is that if there is a greater difference between two
types of tariffs for a given industry, firms would potentially face a higher expected trade cost before
the USA granted PNTR to China. After the USA granted PNTR to China, trade policy uncertainty
would decrease to a greater extent. On the contrary, if there is only a smaller difference between
two types of tariffs for a given industry, the expected trade cost would not decrease too much after
the USA granted PNTR to China. Therefore, we can employ the difference between column 2
tariff and MFN tariff for various industries in China before the USA granted PNTR to China to
measure the decrease in trade policy uncertainty at the industry level.® In addition, column 2 tar-
iff originates from the Smoot-Hawley Tariff Act in 1930, which is strongly exogenous (Pierce and
Schott, 2016).

4.1.2. The measurement of trade policy uncertainty

We follow Pierce and Schott (2016) to measure trade policy uncertainty for various industries in
China. The measurement is divided into two steps. The first step is to calculate product-level trade
policy uncertainty using the data provided by Feenstra et al. (2002).

TPU; = Tariﬁ‘kc"l2 - Tar{ﬁ‘,fw N (36)

where subscript k denotes product. TPUy, is trade policy uncertainty of k product before the USA
granted PNTR to China in 2002. Tarijjfkc"l2 and Tariﬁlyp N are the tariff rates of column 2 tariff and
MEN tariff imposed by the USA.

The second step is to aggregate product-level trade policy uncertainty at the industry level.
Then, we can obtain trade policy uncertainty for each industry in China.

Zkels nkTPUk

1k
kel

TPU, = (37)

where subscript s denotes industry. TPUj is trade policy uncertainty of s industry before the USA
granted PNTR to China. nj is the number of tariff items of k product. I is the product set of
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s industry. The value of TPU; is greater, meaning that the degree of industry-level trade policy
uncertainty before 2002 is higher. After the USA granted PNTR to China in 2002, this industry
experienced a greater decrease in trade policy uncertainty.

4.2. Empirical model

Our theoretical section focuses on exporting firms. Compared with firms selling in the domestic
market, trade policy uncertainty is more likely to affect exporting firms’ pollution emissions. In
addition, the PNTR granted to China refers to the trade policy of USA. Many Chinese exporters
regard the USA as a major export destination. This event shock has a greater impact on firms
exporting to the USA. Thus, we construct a DDD model to empirically investigate the impact of
decrease in trade policy uncertainty on firms’ pollution emissions.

In Yispt = P TPUs x Posty x USEXspt + B2 TPUs X USEXispt + B3 Posty X USEXjsps
+ B4USEXisp: + X0 + pst + Spt + €ispt (38)

where subscripts i, s, p, and t denote individual firm, industry, province, and time, respectively.
Yispr includes firms’ emission intensity, output value, and emission levels. We employ SO, as the
pollutant. TPU; represents the degree of trade policy uncertainty of s industry before the USA
granted PNTR to China in 2002. Post; is a time-level dummy before and after 2002. If a firm is in
the period of 2002 or after 2002, Post; = 1; otherwise, Post; = 0. USEXjg; is a dummy of export-
ing to the USA. If a firm exports to the USA, USEXs; = 1; otherwise, USEX;s; = 0. The triple
interaction term TPU; x Post; x USEX;g is the core variable. We focus on f;, which measures
the impacts of decrease in trade policy uncertainty on firms’ emission intensity, output value,
and emission levels on average. X’ is control variables at the firm level, including capital intensity
(In KLjgpt), financing constraint (In Constraint;s) and ownership types (SOE;sp; and Foreign,'spt).9
st is industry-year fixed effect, which captures industry-level characteristics, policies, and shocks.
For example, tariff changes are reflected at the industry-time level, which affects firms’ environ-
mental performance (Cherniwchan, 2017; Gutiérrez and Teshima, 2018). 8yt is province-year fixed
effect, which captures region-level characteristics, policies, and shocks. For example, environmen-
tal regulation is usually reflected at region-time level in China (Shi and Xu, 2018).10 &;s; is a
stochastic error term.

Next, we discuss the endogeneity of core variable (TPUs x Post; x USEXs;) in Eq. (38). TPUs
is the degree of trade policy uncertainty which is measured by column 2 tariff and MEN tarift
imposed by the USA. Column 2 tariff comes from the Smoot-Hawley Tariff Act in 1930, which is
strongly exogenous (Pierce and Schott, 2016; Feng et al. 2017; Liu and Ma, 2020). Post; is an exoge-
nous dummy to distinguish periods. However, USEX;g is an endogenous dummy of whether
firms export to the USA. First, there are omitted factors that may affect exporting and environ-
mental performance (Lin and He, 2023a). Second, there may be a reverse causal relationship
between export behavior and environmental performance. Namely, firms with better environ-
mental performance may self-select to export to the USA (Lin and He, 2023a). Third, the change
in trade policy uncertainty significantly affects firms’ export behavior (Handley and Limao, 2017;
Feng et al. 2017). As a consequence, the coefficient on core variable may confound the impact of
trade policy uncertainty on export behavior.

To address the endogeneity of exporting to the USA, we construct instrumental variables (IV).
IV needs to meet the conditions of exogeneity and correlation. We refer to Frankel and Rose
(2005) and Lin (2017) and employ the distance between the located city of firms and the nearest
port!! as TV of exporting to the USA. On the one hand, the distance between located city and
port is relatively exogenous, which is difficult to directly affect firms’ pollution emissions. On the
other hand, this IV is closely correlated with firms’ export behavior. The majority of exports from
China to the USA rely on ocean shipping. If firms are closer to the port, these firms have more
possibilities to sell products to the USA.
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In addition, the distance from the port is a region-level variable. It can only capture region-
level variation in firms’ export behavior. The variation in export behavior also reflects at the time
level. Referring to Bastos et al., (2018), the exchange rate of US dollar to China Yuan!2 can be
regarded as another IV. On the one hand, exchange rate is an exogenous variable. This variable
mainly affects firms’ pollution emissions through trade behavior. On the other hand, exchange
rate is closely correlated with export behavior. If the exchange rate of US dollar to China Yuan
increases, it would be more conducive for Chinese firms to export to the USA. Thus, we employ
the interaction term of the distance from the port and exchange rate as IV.

4.3. Data

This study involves three firm-level databases of China. First, our data on firms’ environmental
performance are from the Chinese Environmental Statistics Firm Database (CESFD) provided by
the Ministry of Ecology and Environment of China from 1998 to 2012. This database contains
firm-level information on pollution emissions, energy consumption as well as abatement equip-
ment and capacity. Since 1980, the Ministry of Ecology and Environment of China has established
a system of environmental statistics to annually collect data on pollution emissions. This database
covers the major industrial emitters monitored by the Ministry of Ecology and Environment.
Their emission levels account for 85% of region-level emissions. Statistical items include major
pollutants, such as SO, and chemical oxygen demand (COD). Monitored firms are required to
report basic facts, output value, and a large amount of environmental information. In general,
this database is a comprehensive, reliable, and authoritative firm-level environmental database in
China (Liu et al. 2017; Zhang et al. 2018; He et al. 2020a).

Second, CESFD covers abundant environmental information, but it does not provide infor-
mation on exporting and finance. To obtain more firm-level information, we employ the CIFD
provided by the National Bureau of Statistics of China from 1998 to 2012. This database covers all
state-owned firms and non-state-owned firms with large scale in China. This database provides
basic facts about firms as well as information on production, exporting, and finance. According
to our design and the method of data processing from Feenstra et al. (2014) and Yu (2015), we
process the abnormal and missing data of this database. In particular, manufacturing firms are
more likely to be influenced by trade policy uncertainty. We only retain firms from manufactur-
ing industries. We remove any firms whose output value and the value of fixed asset are less than
or equal to 0, any firms whose interest expenditure is less than 0, and any firms whose employees
are less than 10. In addition, we deflate output value, export value, and interest expenditure by
the industrial producer price index of 1998, and deflate the value of fixed asset by the fixed asset
investment price index of 1998. Then, we use firm code, name, and former name to match this
database with CESFD.

Third, we collect data to identify whether firms export to the USA. This information is from the
Chinese Custom Database (CCD) provided by the General Administration of Customs of China
from 2000 to 2012. This database records monthly transaction information on exports (including
export destination). We sum up this data at the firm-year level. Following Dai et al. (2016), we
match this database with the above dataset through firm name as well as the zip code plus the last
seven digits of telephone number.

In addition, the data on column 2 tariff and MEN tariff imposed by the USA on China are from
Feenstra et al. (2002). The literature uses this data to measure trade policy uncertainty faced by
Chinese firms (Pierce and Schott, 2016, 2018; Feng et al. 2017; Liu and Ma, 2020). We match this
industry-level trade policy uncertainty with firm-level databases.

After matching, we obtain a dataset of 644,122 observations, including 577,539 observations
of manufacturing firms. This dataset contains information on trade policy uncertainty as well
as firm-level environmental performance, export behavior, and other characteristics. There are
428,615 observations emitting SO,, 427,227 observations emitting COD, 151,707 observations of
exporters and 41,005 observations exporting to the USA, as shown in Table 1.
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Table 1. The observations of merged dataset

All firms  Firms emitting SO,  Firms emitting COD

All observations 644,122 431,567 429,923
vaservatlons of manufacturmgﬁrms - 577 539 - 428,615 - v427.,,227,.
bobservanons o exportmgf"ms i 151 707.. s 98,115 e 129’543 R
.Observatlons offlrms exportlngto the USA . 41 005 - 25,079 D 35,728 -

Table 2. The comparison between merged dataset and CESFD

Year Merged dataset CESFD Matching rate

Observation  Average SO, Average COD  Observation  Average SO, Average COD

emission levels emission levels emission levels emission levels

1998 26,111 4471044 195051.4 55,855 298855.5 282697.1 46.75%

I e
e
2001 31912 3374041 1286467 70,87 2507025 1126843 45.47%
I T
B
2004 38363 4218064 100046 70457 3339664 9426693 54.45%

e
S SRS et i LRy SR s R Ep S
2007 52,463 161460.8 76,252.29 104,059 118689.8 64,563.8 50.42%

I
e e
2010 5023 1503977 5513655 111127 1124234 4765096 4521%
I T T e
e
Total 644,122 2829907  86,017.7 1,350,015 1996115 80,8416  47.71%

Notes: Given that initial CESFD does not provide the industry type for each firm, this table shows the information on all industrial firms (including
manufacturing firms and other industrial firms).

As suggested by He et al. (2020a), matching CESFD with other firm-level database may be prob-
lematic. We compare the merged dataset with initial CESFD in Table 2. First, there are 1,350,015
observations in initial CESFD and 644,122 observations in merged dataset. Approximately,
47.71% of observations are successfully matched. This matching rate is similar to Lin and He
(2023a), which matches CESFD with CIFD and CCD from 1998 to 2012. Specifically, from 1998
to 2012, these matching rates are 42.68%-55.62%. The changes in observations of merged dataset
and CESFD show similar trends. Second, in initial CESFD, average SO, and COD emission levels
are 282990.7 and 86,017.7 kilograms. In merged dataset, they are 199611.5 and 80,841.6 kilograms.
From 1998 to 2012, the change trends in average emission levels of merged dataset and CESFD
are almost the same. Thus, after matching, firm-level environmental performance does not sig-
nificantly change relative to initial CESFD. Our matched dataset is quite representative, which is
suitable for empirical analysis.

Table 3 shows the descriptive statistics on main variables. Our dataset includes firms with more
and less emissions, exporters and non-exporters, and firms with different characteristics. Besides,
different firms face differentiated degrees of decreases in trade policy uncertainty.
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Table 3. Descriptive statistics on main variables

Variable Definition Observation Mean Std.Dev.  Minimum  Maximum
Elispt (SOz) SO, em|55|on |nten5|ty 428,615 1165.123  63,563.68  3.42E-08 2 40E + 07
Eipe (SO)  SOjemissionlevels 428615 1622189 3549504 1 2.18E+09
Elge (COD)  CODemissionintensity 427,227 701551 1099722 166E-08 6.98E+07
S S
Outputise  Outputvalue 577539 3399062 2400354 1  220E+08
B RN S
pot et 200 SR R R R R it
USEX  ExporttotheUSAornot 526765 00776 02676 0 1

EXispt xport or not 5 3 043 0.2782 .4481

EX/,spt 0 U SR 1 -
Kl Capitalintensity 577,539 3583119 8502.323 3.72E-05 2034872
FConstramt,Spt HFmancmg constraint - 577,539 - 19. 6141 1818. 987> h 337E—09 E 972227
S0Es . e owned o OmOt T 01231 . 03286 S
vFore/gn,Spvt : Forelgn funded f|rm or not - : 577,539 ‘ 0 1998 v 0.3998 : Ov - 1‘

5. Empirical results

5.1. Baseline results: 2SLS estimation

We employ Eq. (38) to examine the impact of trade policy uncertainty on firm-level pollution
emissions, which refers to the Propositions 1 and 2 in the theoretical section. Specifically, we
employ the interaction term of the distance from the port and exchange rate as IV. We use
two-stage least square (2SLS) method for analysis. The panel A of Table 4 reports these results.
The column (1) shows the result for the first stage of 2SLS estimation. The coefficient on IV
(In Distancejspr x Exchange;) is negative and significant at the 1% level. This result indicates that
both the distance from the port and exchange rate of US dollar to China Yuan are negatively
correlated with export behavior. If firms are closer to the port and US dollar can exchange more
Chinese yuan, firms are more likely to export products to the USA. It proves that there is a signif-
icant correlation between IV and exporting to the USA. In addition, the F value is approximately
527.59, illustrating that this IV is not a weak I'V.

Columns (2)-(7) show the results for the second stage. Dependent variables include emission
intensity, output value, and emission levels. In columns (2) and (3), we examine the impact of
decrease in trade policy uncertainty on firms’ emission intensity. The coefficients on the triple
interaction term (TPU; X Post; X US/EX\iSpt) are negative and significant at the 1% level. These
results indicate that for firms which export to the USA, the decrease in trade policy uncertainty
leads to lower emission intensity. These results support the Proposition 1. The explanation is
that the decrease in trade policy uncertainty reduces expected trade cost. As a consequence, firms
invest more in technical upgrading and thereby reduce emission intensity.

In columns (4) and (5), we analyze the impact of decrease in trade policy uncertainty on firms’
output scale. The coefficients on TPU; x Post; x US/E_X\,'Spt are positive and significant at the 1%
level. These results suggest that for firms which export to the USA, the decrease in trade policy
uncertainty leads to greater output value. Theoretical section explains that on the one hand, the
decrease in trade policy uncertainty promotes technology investment and improves production
capacity. On the other hand, the decrease in trade policy uncertainty directly expands export scale
and then expands output.

According to Eq. (1), emission levels are decomposed into emission intensity and output value.
Firms with lower emission intensity have lower emission levels, but firms with greater outputs
have more emissions. Combining the results in columns (2)-(5), we cannot conclude that trade
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Table 4. 2SLS estimation: the impact of trade policy uncertainty on pollution emissions

The first stage The second stage
Export to US Emission intensity Output value Emission levels
(1) () (3) (4) (5) (6) (7)

Panel A The interaction term of distance from port and exchange rate as IV

ln D/stance,spt X Exchanget —0.0810***

(0.0066)
TPUs x Post x USEXige —6.0458"*  —4.8999"*  6.9851" 58416 05397  —0.1213
. (17864) - (17732) . (12090) . (11498) ””’('1;64(’)13’)‘ ...(16102)
s U@t e 12 6048*** . 11 5455*** - = 3811**% . = 7898*** B
I Rt s S (17574) . (17415) (12774) v (12051) St
Posttxmt 25454*** . 15832*** 25334*** 20008*** 03011....._02327
S 4601) . (0 4564) . (o 3146) . (0 3019) . (o 4299) o
e ”—10 8902*** B ;74841***
ERIPE e s oy osm0) oaoss) oason) .(0 7287)
o
F S R
,vamcetlmeFE YESYES e v e YES e
Observation 525170 384635 384635 525170 525170 384,635 384,635
'AdJustedRZ R 00899 E 03795 03848 03535 04148 01920 ' 02183 '
.Fvalue e

Panel B The |nteract|on term of dlstance from port and exchange rate as IV (Removmg flrms W|th changlng locatlons)
—0 0800***

ln D/stance,spt

7 609*** 6 3005*** L
2100) (1.1492) (1.6040)
5804

76 7045*** 75 5101***
(1.7546) 7394)

TPUs x Post;

(L7207)  (17029)  (12744)  (12014)  (L6351)  (1.6013)
o T e e et o omar ot
R T T,
T e osio st aamsee aaate 1
T I T T T
ot S o S O ot o
oy r I AR FIRRR (e (R R TR
R i I L
Observatlon 506,514 368333 368,333 - 506514 506,514 368333 - 368333 ‘
AdJusted R2 D 00897 o 03792 - 03844 o 03563 o 04161 - 01912 . 02164 ‘

Fvalue 524 69

Notes: In panels A and B, we employ the interaction term of distance from port and exchange rate as IV. In particular, in panel B, we remove any
firms with changing located cities. The column (1) shows the first stage of 2SLS estimation, and the dependent variable is whether the firm exports
to the USA. Columns (2)-(7) show the second stage, and dependent variables are emission intensity, output value, and emission levels. We employ
S0, as the pollutant. The figures in parentheses are robust standard errors clustered at firm level. Significance: ***1%, **5%, *10%.
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policy uncertainty aggravates or reduces emissions. In columns (6) and (7), we investigate the
impact of decrease in trade policy uncertainty on firms’ emission levels. The coefficients on

TPU; x Post; x U@X\ispt are not statistically significant. These results suggest that for firms which
export to the USA, the impact of trade policy uncertainty on emission levels is not significant.
These results confirm the Proposition 2. Namely, the impact of decrease in trade policy uncer-
tainty on emission levels is uncertain, which depends on the changes in emission intensity and
output value. The decrease in trade policy uncertainty not only reduces emission intensity but also
expands output scale. These two effects offset each other. As a result, the net effect on emission
levels is not significant. Combining all columns, the decrease in trade policy uncertainty does not
significantly aggravate firms’ emission levels, while firms expand output scale. Besides, these firms
reduce emission intensity. Therefore, we conclude that the decrease in trade policy uncertainty
helps exporting firms to improve environmental performance.

In addition, the distance from the port is not purely exogenous. The reason is that firms can
change located cities and thereby change the distance from the port. Namely, firms which export to
the USA may self-select to move to cities which are closer to the port. This may lead to the bias of
IV estimation. Thus, we remove the firms which change their located cities. This ensures that our
samples are located in the same cities and mitigates the interference of self-selection. The panel B
of Table 4 reports these results. The column (1) shows the first stage of 2SLS estimation. We still
find that the interaction term is negatively correlated with exporting to the USA. The columns
(2)-(7) show the second stage. The results indicate that for firms which export to the USA, the
decrease in trade policy uncertainty not only reduces emission intensity but also expands output
scale. Trade policy uncertainty has no significant impact on emission levels. After removing firms
with changing locations, our conclusion does not change. By a comparison, the specification of
panel B can better address the endogeneity of export behavior. In subsequent analyses, we remove
any firms with changing located cities.

5.2. Controlling for environmental regulation

5.2.1. Domestic environmental requlation

The above result shows that the decrease in trade policy uncertainty reduces firms’ emission inten-
sity. However, domestic environmental regulation affects both pollution and export behavior (Shi
and Xu, 2018). During the period of this study, there are significant changes in environmental reg-
ulation in China. Thus, we need to prove that the reduction in firms’ emission intensity is indeed
due to decreasing trade policy uncertainty instead of domestic environmental regulation.

According to Shi and Xu (2018), environmental regulation is mainly reflected at province-time
level in China. In Eq. (38), we employ province-year fixed effect to capture the potential effect of
environmental regulation. However, our IV (distance from port) is a region-level variable related
to the stringency of environmental regulation. Coastal cities usually have stricter environmental
regulation. The IV may affect pollution emissions by the channel of domestic environmental reg-
ulation. To address this issue, we control for environmental regulation at other levels. Shi and Xu
(2018) suggest that in China, different provinces have differentiated environmental regulations
for different industries. Liu et al. (2021) suggest that China’s environmental regulation is reflected
at the city level, such as China’s Key Cities for Air Pollution Control. Namely, we should control
for the influencing factors at industry-province and city levels.

Columns (1)-(3) of Table 5 report these results. The column (1) controls for industry-province-
year fixed effect. The column (2) further controls for city fixed effect. In the column (3), we are
stricter in controlling industry-city fixed effect. After controlling for various levels of environ-
mental regulations, we can better identify the environmental effect of trade policy uncertainty.
From columns (1)-(3), all results indicate that for firms which export to the USA, the decrease
in trade policy uncertainty reduces emission intensity. Even if we strictly control for domestic
environmental regulation, our conclusion is still robust.
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Table 5. Controlling for environmental regulation

Domestic environmental regulation

Industry-  Industry-  Industry-province-
province-  province- year and Foreign Domestic and foreign
year year and industry-city environmental environmental
controls  city controls controls regulation regulation
(1) (2) 3) (4) (5)
TPUs x Post; x USEXgpt —4.5300"*  —4.1279** —3.8191** —5.4875*** —3.6853*

(1L.9717)  (1.9543) (1.9269) (1.7394) (1.9261)
s A S i s
Industry-time FE NO NO NO YES NO
e e A e S
e e
City FE NO YES NO NO NO
e e s
e M s
Observation 367,430 367,426 366,739 368,333 366,739
e ——

Notes: We employ the interaction term of distance from port and exchange rate as IV of exporting to the USA and remove any firms with changing
located cities. This table only shows the result for the second stage of 2SLS estimation. Dependent variables are SO, emission intensity. The figures
in parentheses are robust standard errors clustered at firm level. Significance: ***1%, **5%, *10%.

5.2.2. Foreign environmental requlation

In addition to domestic environmental regulations, environmental regulations of importing coun-
tries are likely to affect exporting firms’ pollution emissions (Antweiler et al. 2001). There are
time-varying environmental regulations in the USA and other importing countries. Thus, we need
to control for foreign environmental regulations.

According to Copeland and Taylor (1994), high-income countries usually have stricter envi-
ronmental regulations, while low-income countries have looser regulations. We control for export
destinations to capture the impacts of foreign environmental regulations. Specifically, we divide
export destinations into high-income and low-income countries. Referring to Lin and He (2023b),
we distinguish between two types of countries according to whether the country is an OECD
country. Given that foreign environmental regulations change over time, we control for inter-
action terms between the dummies of export destinations (HighIncome;s; and LowIncome;gp;)
and the dummies of different years. If a firm exports to OECD countries, HighIncomejsy; = 1;
otherwise, HighIncome;sy; = 0. If a firm exports to non-OECD countries, LowIncomesps = 1; oth-
erwise, LowIncomejsps = 0. In addition, our study focuses on the event that the USA granted PNTR
to China. We regard the USA as a special export destination. We further control for environ-
mental regulations of the USA by the interaction term between USEXjs, and the dummies of
different years.

The column (4) of Table 5 reports these results. We find that for firms exporting to the USA,
the decrease in trade policy uncertainty leads to lower emission intensity. Furthermore, we simul-
taneously control for both domestic and foreign environmental regulations, which is reported in
the column (5) of Table 5. The result still shows that the decrease in trade policy uncertainty helps
to pollution reduction. After controlling for domestic and foreign environmental regulation, the
results are supportive of our baseline conclusion.
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Table 6. More discussion for export behavior

The first stage The second stage
Export Emission Output Emission
behavior intensity value levels
(1) () (3) (4)

Panel A: Export or not
lnDlsmncelsth Exchanget e
TPUSX Posttxf/x;;t O A _,.2.3(.),90;;* B 23075*** B 01050 |
.
Iﬁidu‘sitry—timé FE - » ”YE‘S - » YIéS ” YES ” YES |
e
. 524:270 et 385’554 e 524,270 s 385,554
A‘djuéted‘Rz e e (.),’24,70., s .0’3526., s 0.‘,43%2 s 02169 |
I
PanelBExport|ntens|ty
In Distanceyspt x Exchange; ~ —01312°*
TPUSxPostthW\,t ]

Industry-time FE

Province-time FE

Adjusted R? 0.2765
F value 1340.60

Notes: Panels A and B focus on all exporters and firms’ export intensity, respectively. We employ the interaction term of distance
from port and exchange rate as IV and remove any firms with changing located cities. The column (1) shows the first stage of
2SLS estimation, and dependent variables are whether the firm exports to foreign countries (in panel A) and export intensity (in
panel B). Columns (2)-(4) show the second stage, and dependent variables are emission intensity, output value, and emission
levels. We employ SO, as the pollutant. The figures in parentheses are robust standard errors clustered at firm level. Significance:
**%19%, **5%, *10%.

5.3. More discussions for export behavior

5.3.1. Exporting to all countries

This study employs the PNTR granted to China by the USA in 2002 as an event shock. This event
involves the trade policy of USA, so we mainly focus on firms which export to the USA. According
to Feng et al. (2017), this event shock not only affects firms exporting to the USA but also affects
firms exporting to other countries. As a result, we turn to examine the environmental effect of
trade policy uncertainty on all exporting firms.

We employ a dummy of exporting to foreign countries (EXjs) to replace USEXs;. If a firm
exports to foreign countries, EX;sp; = 1; otherwise, EXjspr = 0. We show the result in the panel A of
Table 6. We employ the interaction term of the distance from the port and exchange rate as IV of
exporting. The column (1) shows that if firms are closer to the port and US dollar exchanges more
Chinese yuan, they are more inclined to export products. Other columns show that the decrease in
trade policy uncertainty reduces emission intensity and expands output scale of exporting firms.
The impact on emission levels is statistically insignificant. Compared with the panel B of Table 1,
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trade policy uncertainty has a minor effect on emission intensity of all exporters relative to firms
exporting to the USA.

5.3.2. Export intensity

There is a phenomenon that different exporters have different export intensities. Some exporters
focus on domestic market, and other exporters depend on foreign markets. According to Richter
and Schiersch (2017) and Lin and He (2023a), firms with different export intensities have differen-
tiated emissions. Since trade policy uncertainty mainly affects exporters, we infer that trade policy
uncertainty may have a greater impact on firms with higher export intensity.

We employ export intensity (EXIjsy) to replace USEXs. EXIjspy is calculated by the ratio of
export to sale value. The panel B of Table 6 reports these results. We employ the interaction term
of the distance from the port and exchange rate as IV of export intensity. The column (1) shows
that if located cities are closer to the port and US dollar exchanges more Chinese yuan, firms
have higher export intensity. Columns (2)-(4) show that for firms with higher export intensity,
the decrease in trade policy uncertainty reduces emission intensity and expands output. The net
effect on emission levels is insignificant. These results confirm our inference that trade policy
uncertainty has greater environmental effect on firms with higher export intensity.

5.4. The tests for DDD model

5.4.1. Anticipation effect and dynamic effect

A prerequisite for DDD model is that samples from different groups must have the common pre-
trend in dependent variables. In this study, the common pre-trend means that firms from different
groups had no ex-ante difference in environmental performance before the USA granted PNTR
to China in 2002. Above results indicate that the decrease in trade policy uncertainty significantly
reduces emission intensity and expands output scale. Thus, we need to examine the anticipation
effects of trade policy uncertainty on emission intensity and output scale. We replace Post; of
Eq. (38) by the dummies of different years. In this estimation, we focus on firms which export to
the USA and all countries. This method also examines the dynamic effect of trade policy uncer-
tainty. Figure 2 shows these results. In panels (a) and (b), we focus on firms which export to the
USA and regard 2000 as the baseline period. In panels (b) and (d), we focus on all exporters and
regard 1998-1999 as baseline periods.

First, we employ emission intensity as dependent variables. Panels (a) and (c) show that before
2002, the coefficients are statistically insignificant. After 2002, the coefficients are all negative and
essentially significant. These results suggest that compared with the baseline periods, firms” emis-
sion intensity has no significant change before 2002. This proves that before the USA granted
PNTR to China, firms from different groups had a common pre-trend in emission intensity.
Namely, the decrease in trade policy uncertainty reduces emission intensity, rather than the ex-
ante difference in emission intensity between firms from different groups. In addition, dynamic
effects suggest that in the first year of event shock, firms’ emission intensity immediately decreases.
In following years (2003-2012), the decrease in trade policy uncertainty always reduces emission
intensity, and this effect has an increasing trend.

Second, we employ output value as dependent variables. Panels (b) and (d) show that before
2002, the coefficients are not significant. After 2002, the coefficients are significantly positive.
These results suggest that before the USA granted PNTR to China, firms’ output value had a
common pre-trend. Namely, the decrease in trade policy uncertainty expands output scale rather
than the ex-ante difference in output value. In addition, dynamic effects indicate that after 2002,
firms immediately expand output scale. From 2002 to 2012, these effects firstly increase and then
decrease. After 2008, these effects begin to decrease continuously. The possible reason is that
firms’ exports are influenced by the global economic crisis in 2008, and these firms thereby reduce
production scale.
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Figure 2. Anticipation effect and dynamic effect. Note: We employ the interaction term of distance from port and exchange
rate as IV of export behaviors and remove any firms with changing located cities. Panels (a) and (b) focus on firms exporting
to the USA and regard 2000 as the baseline period. Panels (c) and (d) focus on all exporters and regard 1998 and 1999 as
baseline periods. In panels (a) and (c), dependent variables are emission intensity, and in panels (b) and (d), dependent
variables are output value. We employ SO, as the pollutant. The level of confidence interval is 90%.

5.4.2. Placebo

To ensure that the change of firms’ environmental performance is caused by the decrease in
trade policy uncertainty of the USA granting PNTR to China in 2002, we design a placebo test.
Specifically, we employ the samples before this event to construct false event shocks. We assume
that the USA granted PNTR to China in 2001 or 2000. We employ these false events and the sam-
ples before 2002 to estimate the results. Table 7 reports the results of placebo tests, which focus on
exporting to the USA and all countries. In columns (1)-(6), we assume the event of the USA grant-
ing PNTR to China occurred in 2001, and in columns (7)-(9), we assume this event occurred in
2000. From all columns, estimated coefficients are not significant. These results suggest that false
events cannot change firms’ environmental performance. Namely, before the event of the USA
granting PNTR to China, trade policy uncertainty does not affect environmental performance.
Our baseline results are definitely driven by the decrease in trade policy uncertainty in 2002.

5.5, Other robustness checks

To ensure the robustness of this conclusion, we do following robustness checks. Table 8 reports
the results of robustness checks. First, in baseline estimation, we employ SO, as the pollutant. The
literature considers that for different pollutants, the impacts of trade policy on firm-level pollution
emissions are different (Cherniwchan, 2017). To ensure that the impact of trade policy uncertainty
on pollution emissions does not vary with pollutants, we employ other pollutant for robustness
check. Since SO, is an air pollutant, we employ COD which is the pollutant in wastewater. COD
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Table 7. Placebo: changing the time of the event

Assuming the event occurred in 2001 Assuming the event occurred
in 2000

Emission Output Emission Emission Output Emission Emission Output Emission
intensity  value levels intensity value levels intensity value levels
(1) () 3) (4) (5) (6) (7) (8) 9)
TPUs x Post?®! x USEXigpt —2.1359 —1.5922 —1.1484

(2.4371) (1.6001) (2.1570)

B
st oy s TSI I
TPUs x Post2%® x EXispt —0.1542 0.1540  1.1856
e e e e
T A s
Industry-time FE YES  YES  YES YES  YES  YES YES  YES  VES
R 1 e 1 S e S
B .
‘Adjusted RZ 02840 02259 02036 02949 02317 02117 02948 02317 0.2117

Notes: In this table, we employ the samples before 2002 for analysis. We employ the interaction term of distance from port and exchange rate as IV
of export behaviors and remove any firms with changing located cities. This table only shows the results for the second stage of 2SLS estimation. In
columns (1)-(6), we assume the event that the USA granted PNTR to China occurred in 2001 and focus on exporting to the USA and all countries. In
columns (7)-(9), we assume this event occurred in 2002 and focus on all exporters. We employ SO, as the pollutant. The figures in parentheses are
robust standard errors clustered at firm level. Significance: ***1%, **5%, *10%.

Table 8. Other robustness checks

Other Other calculation Other Other Firms that are
pollutants for emission intensity measurement periods present before
for TPU and after 2002
CcoD Emissions/ Emissions/ Handley and 1998-2007
Sales Employees Limé&o (2017)
(1) () (3) (4) (5) (6)
TPUs x Post; x mt —8.3656™** —5.7428*** —4.5330%** —2.2909*** —2.9564* —3.5157*
Othervanab[es e YEs LA YEs T YEs R YEs e YEs R, YEs R
Industry-time FE YES YES YES YES YES YES
Provmcet.meFE e YEs e YEs e YEs e YEs B YEs e YEs e
observatmn e 380’814 R 342’975 e 368’333 R 368’333 R 198)870 e 181,262
Adjusted R? 0.3494 0.3860 0.2961 0.3843 0.2916 0.4051

Notes: Dependent variables are emission intensity. Except for the column (1), we employ SO, as the pollutant. We employ the interaction term of
distance from port and exchange rate as IV of exporting to the USA and remove any firms with changing located cities. This table only shows the
second stage of 2SLS estimation. The figures in parentheses are robust standard errors clustered at firm level. Significance: ***1%, **5%, *10%.

is one of the key pollutants monitored in China. CESFD provides information on firm-level COD
emissions. This result is reported in the column (1). We find that employing COD as the pollutant,
the decrease in trade policy uncertainty leads to lower emission intensity. When we employ other
pollutant for analysis, our conclusion is still robust.

Second, this study employs the ratio of emission levels to output value to calculate firms’ emis-
sion intensity. The literature also employs emissions-to-sales and emissions-to-employees ratios
to reflect emission intensity (Cherniwchan, 2017). According to Brucal et al. (2019) and Lin and
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He (2023a), employing output value to calculate emission intensity may lead to markup-driven
bias. This is because output value is significantly influenced by markups. In China, manufac-
turing markups increase rapidly and differentially across firms (Lu and Yu, 2015; Brandt et al.
2017). The number of employees can reflect the scale of firms and is not influenced by markups.
Employing emissions-to-employees ratio can effectively address markup-driven bias. Thus, we
employ emissions-to-sales and emissions-to-employees ratios to calculate emission intensity for
robustness checks. The columns (2) and (3) report these results, which still show that the decrease
in trade policy uncertainty reduces emission intensity. Our conclusion holds very well in the
situation of employing other methods to calculate emission intensity.

Third, this study measures trade policy uncertainty according to Pierce and Schott (2016).
Handley and Liméao (2017) provide another method for measurement. To ensure that our conclu-
sion does not vary with the measurement of trade policy uncertainty, we measure this indicator by
the method of Handley and Limao (2017). This measurement is carried out in two steps. The first

ieCol2 \ ~C
one is to calculate product-level trade policy uncertainty by TPU, =1 — <%) . Similar
to Handley and Limao (2017), we set o = 3. The second is to aggregate trade policy uncertainty
at the industry level. The column (4) reports this result. The result supports that the decrease in
trade policy uncertainty reduces emission intensity. Even if we employ other method to measure
trade policy uncertainty, our conclusion holds very well.

Fourth, in this study, we employ the data of Chinese firms from 1998 to 2012. To ensure that
the impact of trade policy uncertainty on environmental performance does not change in differ-
ent periods, we employ the samples from different periods for robustness check. From 1998 to
2012, there is an event which brings an uncertainty to international trade and profoundly affects
firms’ export behavior. Namely, the global economic crisis occurred in 2008. We remove any sam-
ples after 2008. The column (5) reports this result. The result indicates that for 1998-2007, the
decrease in trade policy uncertainty reduces emission intensity. When we employ the samples
from different periods for analysis, the result is supportive of our conclusion.

Fifth, in China, many firms entered and exited the industry during the period of our study. The
PNTR granted to China by the USA occurred in 2002. Some firms did not enter before 2002, and
some firms exited after 2002. According to Cherniwchan (2017), firms’ entry and exit may affect
the environmental effects of trade policy. Namely, new entrants may be cleaner, and firms exiting
the industry may be dirtier. Thus, we employ the samples that are present before and after 2002
for robustness check, which is reported in the column (5). The result indicates that the decrease
in trade policy uncertainty leads to lower emission intensity. Even if we exclude the interference
of firms’ entry and exit, our conclusion is still robust.

5.6. Mechanism

Above results show that the decrease in trade policy uncertainty leads to lower emission inten-
sity. The Proposition 3 suggests that improving energy efficiency is an important mechanism.
Thus, we employ energy efficiency as a major mechanism to examine how the decrease in trade
policy uncertainty reduces emission intensity. We also examine other potential mechanisms of
abatement technology and energy structure.

5.6.1. Energy efficiency

Firms’ pollution emissions mainly come from energy consumption. The reduction in emission
intensity may be due to improving energy efficiency (Gutiérrez and Teshima, 2018; Brucal etal.
2019; Lin and He, 2023a). In theoretical section, we prove that the decrease in trade policy
uncertainty is conducive to reducing expected trade cost and enabling firms to invest more in
production technology. Then, firms upgrade production technology and thereby improve energy
efficiency. The Proposition 3 indicates that energy efficiency is an important mechanism between
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Table 9. Mechanism: energy efficiency

Energy Energy Energy Coal Labor TFP TFP including
efficiency consumption efficiency consumption productivity ~ (OLS) energy (OLS)
(coal)

(1) () (3) 4) (5) (6) Ul

TPUs x Postt x US/E)Tspt 6.3714*** —1.7731 6.2437** —0.8354 1.9343** 2.40327** 1.9567**
» Othér variabléé ” » YES - YES ‘ YES » » YES” ” » YES ‘ YES » YES »
|ndustry_t|me FE [ YES [ YES [ YES s YES s YES s YE5 [ YES B
provmce_t,meFE [ YES [ YES [ YES i YES R YES R YES [ YES —
Observaton 331518 331518 289,333 289,333 506514 506514 331518
Adjusted RZ S 04237 P 02955 I 04154 s 03021 s 05035 i 03797 P 03943 .

Notes: We employ the interaction term of distance from port and exchange rate as IV of exporting to the USA and remove any firms with changing
located cities. This table shows the second stage of 2SLS estimation. The figures in parentheses are robust standard errors clustered at firm level.
Significance: ***1%, **5%, *10%.

trade policy uncertainty and emission intensity. We examine the impact of decrease in trade policy
uncertainty on energy efficiency, which is reported in Table 9.

CESFD provides information on coal, fuel oil, and clean gas consumption. We aggregate firms’
total energy consumption of three energies by standard coal coefficient.!® Then, we measure
energy efficiency by the ratio of output value to total energy consumption. We examine the impact
of trade policy uncertainty on energy efficiency, which is reported in column (1). The coefficient

on TPU; x Post; x UﬁX\ispt is significantly positive. This result indicates that for firms export-
ing to the USA, the decrease in trade policy uncertainty leads to higher energy efficiency. This
confirms the Proposition 3. Namely, improving energy efficiency is an important mechanism by
which the decrease in trade policy uncertainty reduces emission intensity. The explanation is that
decreasing uncertainty reduces expected trade cost of exporting firms. Thus, these firms can invest
more to upgrade production technology and thereby improve energy efficiency.

Energy efficiency is measured by the ratio of output value to energy consumption. The
improvement in energy efficiency may be due to upgrade production technology or reduce energy
consumption. The latter means that firms may use other production factors to replace energy. To
eliminate this interference, we examine the impact of trade policy uncertainty on energy consump-
tion. The column (2) reports this result. We find that the estimated coefficient is insignificant. This
suggests that trade policy uncertainty has no significant impact on energy consumption. In addi-
tion, our baseline results show that the decrease in trade policy uncertainty significantly expands
output scale. These firms expand output scale without significant change in energy consumption.
We conclude that the decrease in trade policy uncertainty improves energy efficiency through
upgrading technology rather than reducing energy consumption.

Pollution emissions mainly come from the consumption of pollution-intensive coal. Relatively,
fuel oil and clean gas are cleaner. As a result, coal efficiency may play a more important role in
the relationship between trade policy uncertainty and emission intensity. We re-measure energy
efficiency by the ratio of output value to coal consumption. We examine the impact of trade policy
uncertainty on both coal efficiency and coal consumption. The columns (3) and (4) report these
results. The results show that the decrease in trade policy uncertainty improves coal efficiency, but
has no significant impact on coal consumption. These results are consistent with the results based
on total energy consumption and also support the Proposition 3.

Moreover, our theoretical section suggests that after decreasing trade policy uncertainty,
exporting firms improve energy efficiency through upgrading production technology and improv-
ing productivity. Actually, energy efficiency is a special kind of production technology and
productivity. Thus, we examine the impact of decrease in trade policy uncertainty on productivity.
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Table 10. Mechanism: abatement technology

Numberof = Numberof  Capacityof Capacityof @ Removal Emissions/ Emissions/
abatement desulfurization abatement desulfurization rate of Energy Coal
equipment  equipment  equipment  equipment  emissions

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

TPUs x Post: x L/S/E)Tspt 0.0147 0.2926 —4.5389 0.6861 0.0630 1.2571 1.2618
Otihervériabl}es - iYES ‘ ‘YES - YES - YEé ” YES‘ ‘ YES » YES
Industryt|meFE e
o
Ot;servétion“ “ “ 451,841 “ 4‘22,558 “ ”422,358 “ ‘422,858 “ 3>68,51>1 “320,057 » ‘287,‘830
Adjusted e sl e

Notes: We employ the interaction term of distance from port and exchange rate as IV of exporting to the USA and remove any firms with changing
located cities. This table shows the second stage of 2SLS estimation. In columns (5)-(7), we employ SO, as the pollutant. The figures in parentheses
are robust standard errors clustered at firm level. Significance: ***1%, **5%, *10%.

We employ three indicators to represent productivity. The first one is labor productivity which is
calculated by output-to-employees ratio. The second is total factor productivity (TFP). We employ
labor and capital as production factors and output value as outcome variable. We use ordinary
least square (OLS) method and control for industry-year and province-year fixed effects to esti-
mate TFP. For the third indicator, since our production function in theoretical model includes
energy, we put energy as a kind of production factor into TFP estimation. Namely, we employ
labor, capital, and energy as production factors for TFP estimation. Columns (5)-(7) report these
results. We find that estimated coefficients are statistically positive. These results indicate that the
decrease in trade policy uncertainty can upgrade production technology and improve productiv-
ity (including labor productivity and TFP). These effects further drive the improvement in energy
efficiency, and reduce emission intensity.

5.6.2. Abatement technology

Terminal abatement helps to reduce firms’ pollution emissions. The reduction in emission inten-
sity may be due to applying more abatement equipments and improving abatement technology
(Forslid et al. 2018; Liu et al. 2021). Given that abatement investment requires higher fixed costs,
firms with higher productivity and larger scale are more likely to invest in abatement equipment
(Forslid et al. 2018). Above analyses have confirmed that the decrease in trade policy uncertainty
improves production technology and expands output scale. These effects may indirectly enable
firms to invest in abatement equipment and improve abatement technology. Thus, abatement
technology is a potential mechanism by which trade policy uncertainty affects emission intensity.
We examine the impact of decrease in trade policy uncertainty on abatement technology, which
is reported in Table 10.

CESED provides abundant information on abatement equipment at the firm level, including
the numbers of abatement equipment for waste gas and desulfurization equipment. Abatement
equipment can reflect technical level related to terminal pollution reduction. We examine the
impact of trade policy uncertainty on the number of abatement equipment. Columns (1) and

(2) report these results. The coefficients on TPU; x Post; x US/EX\,-Spt are statistically insignifi-
cant. These results show that trade policy uncertainty cannot significantly change the numbers
of abatement equipment. These suggest that abatement investment is not a mechanism by which
the decrease in trade policy uncertainty reduces emission intensity.

CESFD also provides the information on the capacity of abatement equipment (including
abatement equipment for waste gas and desulfurization equipment). This capacity refers to the
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amount of pollution handled by abatement equipment per hour, which can reflect firm-level abate-
ment technology. We examine the impact of decrease in trade policy uncertainty on the capacity
of abatement equipment. Columns (3) and (4) report these results. We find that estimated coef-
ficients are not significant. These results suggest that trade policy uncertainty has no significant
impact on the capacities of abatement equipment and desulfurization equipment, which is similar
to the results of the number of abatement equipment.

Abatement technology involves firms’ capacity to remove pollution (Gutiérrez and Teshima,
2018; Liu et al. 2021). Firms can install more abatement equipments to gain higher removal rate
of emissions. In other words, we can employ the removal rate of emissions to reflect abatement
technology. CESFD provides the data on the removal levels of pollution. We calculate the levels
of pollution generation by the sum of emission levels and removal levels. Then, we calculate the
removal rate of emissions by the ratio of removal levels to generation levels. We examine the
impact of trade policy uncertainty on the removal rate of emissions. The column (5) shows that
the estimated coefficient is not significant. This result implies that trade policy uncertainty does
not lead to significant change in the removal rate of emissions.

In the Section 2, we use the emission levels per unit of energy consumption to reflect
abatement technology when we decompose emission intensity. This is because firms’ pollution
emissions mainly come from energy consumption. Firms with advanced abatement technology
have stronger capacity to remove emissions and thereby reduce emission levels per unit of energy
consumption (Gutiérrez and Teshima, 2018; Lin and He, 2023a). We examine the impact of trade
policy uncertainty on emissions-to-energy ratio. In addition, given that pollution emissions are
mainly from pollution-intensive coal consumption, we employ the ratio of emission levels to coal
consumption for analysis. Columns (6)-(7) report these results. We find that estimated coefficients
are insignificant. These results indicate that the decrease in trade policy uncertainty cannot affect
the emission levels per unit of energy consumption (or coal consumption).

Altogether, Table 10 indicates that trade policy uncertainty has no significant impact on firms’
abatement equipment and abatement technology. Thus, abatement technology is not the mecha-
nism by which the decrease in trade policy uncertainty reduces emission intensity. This conclusion
is similar to Gutiérrez and Teshima (2018). Namely, firms in developing countries reduce emis-
sions by improving energy efficiency rather than improving abatement technology. In addition,
this conclusion is different from the literature that shows abatement technology is the mechanism
by which trade affects firms’ pollution emissions (Forslid et al. 2018; Rodrigue et al. 2022a; Kwon
et al. 2023). However, these works focus on firms’ export and import behaviors as well as trade
liberalization, and we analyze the mechanism for trade policy uncertainty.

5.6.3. Energy structure

Optimizing energy structure contributes to pollution reduction. The reduction in emission inten-
sity may be due to that firms reduce pollution-intensive coal consumption, and they input more
clean-intensive energies (fuel oil and clean gas). Considering that the cost of clean energy is
relatively higher, firms with lower productivity and smaller scale prefer to consume coal with
lower cost. Above results show that the decrease in trade policy uncertainty improves production
technology and expands output scale, which may indirectly promote firms to input more clean
energies and optimize energy structure. That is to say, energy structure is a potential mechanism
by which trade policy uncertainty affects emission intensity.

Energy structure represents the proportions of pollution-intensive and clean-intensive ener-
gies. We separately employ the ratios of coal, fuel oil and clean gas consumptions to total energy
consumption to calculate energy structure. Firms consuming more coals have higher emission
intensity, while firms relying on fuel oil and clean gas are cleaner. We examine the impact of
decrease in trade policy uncertainty on energy structure. Table 11 reports these results. From the
column (1), the coefficient on TPUs x Post; X US/EX\,-SPt is significantly positive. This result sug-
gests that the decrease in trade policy uncertainty leads to higher coal-to-energy ratio. From the
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Table 11. Mechanism: energy structure

Coal/ Fuel oil/ Clean gas/
Energy Energy Energy
(1) (2) 3)

TPUs x Post; x USEXispt 0.6145** —0.2662 —0.3484"
Othervanables S YEs S YEs RS YEs DA
|ndustryt|meFE ]
e
observauon R 331’518 - 331’518 331’518 -
AdJustedRZ ]

Notes: We employ the interaction term of distance from port and exchange rate as IV of exporting to the USA
and remove any firms with changing located cities. This table shows the second stage of 2SLS estimation. The
figures in parentheses are robust standard errors clustered at firm level. Significance: *** 1%, **5%, *10%.

column (2), the estimated coefficient is not significant. This indicates that trade policy uncer-
tainty has no significant impact on the ratio of fuel oil to total energy. The column (3) shows that
the estimated coefficient is significantly negative. This implies that the decrease in trade policy
uncertainty makes firms input less clean gas and reduce gas-to-energy ratio.

Altogether, Table 11 suggests that the decrease in trade policy uncertainty increases the pro-
portion of pollution-intensive coal consumption, and reduces the proportion of clean-intensive
energy consumption. Namely, the decrease in trade policy uncertainty cannot optimize energy
structure to the cleaner production. Firms’ energy structure becomes dirtier. The possible reason
is that after the USA granted PNTR to China in 2002, Chinese firms make use of low-cost advan-
tage to enter the export market and expand export scale (Pierce and Schott, 2016; Handley and
Limao, 2017; Feng et al. 2017). To further reduce costs, these firms may input lower-cost but dirt-
ier coal. Therefore, energy structure is not the mechanism by which the decrease in trade policy
uncertainty reduces emission intensity.

5.7. Heterogeneous tests

5.7.1. Different industries

We employ pollution intensity and factor intensity to distinguish different industries. Based
on these classifications, we examine the heterogeneous impacts of trade policy uncertainty on
pollution emissions in terms of different industry types. Table 12 reports these results.

First, Shapiro (2021) indicates that trade policy has an environmental bias. Tariffs for pollution-
intensive industries are fewer relative to clean-intensive industries. Industrial emissions mainly
come from pollution-intensive industries. These industries are major industries of environmen-
tal supervision and control, and they have greater potential for pollution reduction. Thus, we
infer that for pollution-intensive industries, trade policy uncertainty has a greater impact on
pollution emissions. We calculate average emission intensity from 1998 to 2012 at the industry
level'* to distinguish between pollution-intensive and clean-intensive industries and examine the
heterogeneous impacts of trade policy uncertainty.

From columns (1) and (3), the coefficients on TPUs x Post; x UEX\,-Spt are significantly
negative. For pollution-intensive and clean-intensive industries, the decrease in trade policy
uncertainty reduces emission intensity. The absolute value of the coefficient in column (1) is rel-
atively greater. These confirm our inference. The decrease in trade policy uncertainty leads to
a greater pollution reduction for pollution-intensive industries. The possible reason is that these
industries have more emissions and are strictly regulated, which has greater potential for pollution
reduction. From columns (2) and (4), estimated coefficients are not significant.
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Table 12. Heterogeneous tests: different industries

Pollution-intensive Clean-intensive Capital-intensive Labor-intensive

Emission Emission Emission Emission Emission Emission Emission Emission

intensity levels intensity levels intensity levels intensity levels
(1) ) 3) (4) (5) (6) (7) (8)

TPUs x Postt x Uﬁ:’?spt —12.7366™** —4.0854 —3.8908* 1.7296 —7.1801* —2.5436 —3.4705* 1.2515
T T
>|>n‘d‘ustbr‘y‘ meFE I YEs B YEs o YEs B YEs - YEs e YEs e .,Y,E.S,. e YEs o
ey
[ 208’900 . 208’900 o 159’433 e 159}433 215’855 . 215’855 - 152’478 e 152,478
>AdjLJst>ed‘ Ré “ “ “ 0.3%10 “ “ 0.1502‘ » 0.3155 “ 0.1661 “ 0.3922 “ 0.1675 “0.31(>)0 “ 6.166i

Notes: We employ the interaction term of distance from port and exchange rate as IV of exporting to the USA and remove any firms with changing
located cities. This table shows the second stage of 2SLS estimation. Dependent variables include emission intensity and emission levels. We employ
SO; as the pollutant. The figures in parentheses are robust standard errors clustered at firm level. Significance: ***1%, **5%, *10%.

Second, for a long time, China has an advantage of exports in labor-intensive industries (He
et al. 2020c). These industries represent backward technology, and they are difficult to gain tech-
nical upgrading. On the contrary, capital-intensive industries have advanced technology and play
an important role in technical upgrading. Capital-intensive industries are more likely to bene-
fit from decreasing trade policy uncertainty. In addition, capital-intensive industries are usually
pollution-intensive industries with greater potential to reduce emissions. Thus, we infer that for
capital-intensive industries, trade policy uncertainty has greater impact on pollution emissions.
We refer to Lin and He (2023a) and calculate industry-level capital intensity.!> Then, we dis-
tinguish between capital-intensive and labor-intensive industries to examine the heterogeneous
impacts of trade policy uncertainty.

From columns (5) and (7), estimated coefficients are significantly negative. For capital-
intensive and labor-intensive industries, the decrease in trade policy uncertainty leads to lower
emission intensity. The absolute value of the coefficient in the column (5) is relatively greater.
These results confirm our inference. The decrease in trade policy uncertainty causes a greater
effect on pollution reduction of capital-intensive industries. The possible reasons are that on
the one hand, capital-intensive industries represent advanced technology, which are more likely
to gain technical upgrading. On the other hand, capital-intensive industries are pollution-
intensive and have greater potential for pollution reduction. From columns (6) and (8), estimated
coefficients are statistically insignificant.

5.7.2. Different regions
We employ geographical location to distinguish different regions. Geographic location is closely
related to firms’ export behavior as well as trade policy uncertainty. Compared with inland
provinces in China, coastal provinces are developed and have lower trade costs. Coastal firms
are more likely to export products and be influenced by trade policy uncertainty. Thus, we infer
that for coastal provinces, trade policy uncertainty has a greater impact on pollution emissions.
We distinguish between coastal and inland provinces to examine the heterogeneous impacts of
trade policy uncertainty on pollution emissions. Table 13 reports these results. From the column

(1), the coefficient on TPU; x Post; x US/EX\iSpt is significantly negative. However, the coefficient
is statistically insignificant in column (3). These results suggest that the decrease in trade policy
uncertainty can only reduce emission intensity in coastal provinces, but has no significant impact
on emission intensity in inland provinces. These results confirm our inference. Namely, pollu-
tion reduction caused by decreasing trade policy uncertainty mainly occurs in coastal provinces.
The possible reason is that coastal provinces have lower trade costs, and firms located in these
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Table 13. Heterogeneous tests: different regions

Coastal provinces Inland provinces
Emission Emission Emission Emission
intensity levels intensity levels
(1) (2) (3) (4)

TPUs x Post; x U?E—Xi\spt —4.2045** —1.1466 —5.1096 2.7510
[
|ndustryt|meFE [ YEs [ YEs [ YEs e YEs B
T
[ 215,533 e 216’683 e 151,550 e 151,550
AdjustedR2 03392 02388 04268 01979

Notes: We employ the interaction term of distance from port and exchange rate as IV of exporting to the USA and remove
any firms with changing located cities. This table shows the result for the second stage of 2SLS estimation. Dependent
variables include emission intensity and emission levels. We employ SO, as the pollutant. The figures in parentheses
are robust standard errors clustered at firm level. Significance: ***1%, **5%, *10%.

provinces are easily influenced by trade policy uncertainty. From columns (2) and (4), estimated
coefficients are not significant.

6. Conclusion

In this study, we theoretically and empirically investigate the impact of trade policy uncertainty
on firm-level pollution emissions. Based on Melitz’s (2003) framework, we incorporate energy,
pollution, and trade policy uncertainty to construct a theoretical model with heterogeneous firms.
Regarding energy efficiency as a channel, we reveal the potential effect of trade policy uncertainty
on emission intensity and emission levels. Then, we employ the data of Chinese manufacturing
firms for empirical analysis. Specifically, we employ the event that the USA granted PNTR to
China in 2002 as a quasi natural experiment and construct a DDD model to identify the causal
effect of decrease in trade policy uncertainty on firms’ pollution emissions.

Our results indicate that the decrease in trade policy uncertainty can reduce emission intensity
and expand output scale of exporting firms, but the net effect on emission levels is not significant.
Given that these firms do not significantly aggravate emission levels under the condition of out-
put expansion, we conclude that the decrease in trade policy uncertainty improves environmental
performance. Energy efficiency is the important mechanism between trade policy uncertainty
and emission intensity. The decrease in trade policy uncertainty reduces firms’ emission inten-
sity mainly by upgrading production technology and thereby improving energy efficiency rather
than improving abatement technology and optimizing energy structure. In addition, the pollution
reduction caused by decreasing trade policy uncertainty mainly occurs in pollution-intensive and
capital-intensive industries as well as coastal regions.

Altogether, we enrich the literature on trade-environment relationship and trade policy uncer-
tainty by theoretically and empirically studying the impact of trade policy uncertainty on
firm-level pollution emissions. In the context of de-globalization and Sino-US trade friction, our
conclusions provide important implications. First, although the Sino-US trade war has been sus-
pended, trade policy uncertainty still exists. Given that the decrease in trade policy uncertainty
can improve firms’ environmental performance, it is necessary to strengthen economic and trade
ties among countries in the world. Namely, to achieve environmental protection and sustainable
development, countries should promote free trade, reduce trade protection and thereby decrease
the uncertainty of trade policy. Second, in view of that pollution reduction caused by decreas-
ing trade policy uncertainty mainly occurs in exporting firms, it is important to promote the
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exports of firms. In particular, we should focus on firms’ exports in pollution-intensive and capital-
intensive industries as well as coastal regions. Third, the decrease in trade policy uncertainty
reduces pollution emissions mainly by improving energy efficiency rather than improving abate-
ment technology and optimizing energy structure. In this process, it is critical to guide firms to
improve energy efficiency. However, firms cannot neglect to improve abatement technology and
optimize energy structure, which are also important ways to achieve pollution reduction.

Financial support. This project is supported by the National Major Project of the National SocialScience Foundation of
China (Grant No. 20&ZD109).

Notes

1 Different from these works, we reveal the impact of trade policy uncertainty on firms’ pollution emissions. Trade policy
uncertainty and trade liberalization are two different concepts. Trade liberalization is a certain phenomenon that trade poli-
cies (such as tariffs) gradually decrease. Trade policy uncertainty refers to that external trade policies (such as tariffs) are
uncertain in the future. It further leads to the uncertainty of trade costs, revenue, and profit of exporting firms, which brings
a series of adverse effects (Pierce and Schott, 2016).

2 Shapiro and Walker (2018), Forslid et al. (2018) and Rodrigue et al. (2022a) also extend Melitz’s (2003) model to analyze
the relationship between trade and environment, which provide important theoretical foundations for subsequent analyses.
Our theoretical framework is different from these works. First, the literature mainly focuses on the environmental effects
of exporting and trade liberalization. Our study introduces trade policy uncertainty referring to Handley and Liméo (2017)
to analyze the environmental effect of this uncertainty. Trade policy uncertainty is different from trade liberalization in
theoretical models, although both of them affect trade costs. Trade liberalization is a certain event that directly affects trade
costs. Trade policy uncertainty affects expected trade costs, which indirectly affects production, profit, and behaviors of firms.
Second, the literature mainly employs productivity and abatement investment as the mechanisms by which trade affects
firms’ pollution emissions. This study is the first to incorporate both energy consumption and energy efficiency. In particular,
energy consumption produces pollution emissions. Thus, we can theoretically analyze a novel mechanism that trade policy
uncertainty affects firms’ pollution emissions through energy efficiency.

3 Imbruno and Ketterer (2018) and He and Huang (2022) also theoretically analyze the role of production technology
between trade and firms’ environmental performance. Imbruno and Ketterer (2018) analyze the role of energy efficiency.
He and Huang (2022) use Melitz’s (2003) model as the basic framework. Our theoretical analysis is different from these
works. First, these two works focus on the impact of importing intermediate products. Our study analyzes the impact of
trade policy uncertainty. Second, our study provides a more detailed process for the mechanism that trade policy uncertainty
affects expected trade costs and investment in production technology. Then, it upgrades production technology and thereby
improves energy efficiency.

4 Without this assumption, firms would continue to invest in production technology to gain more profits. As a result, firms
do not have the optimal investment for production technology.

5 According to Melitz (2003) and Bustos (2011), tariff only affects variable costs rather than all costs. This is because tariffs
need to be paid only after starting to export and vary with changes in export value.

6 If At is smaller, firms’ behaviors are unlikely to be affected by trade policy uncertainty regardless of higher or lower tariffs
imposed by foreign country. It is because this higher tariff is not much higher than lower tariff, and they only have slightly
different impacts on firms’ behaviors. If At is larger, this uncertainty would force firms to adjust their behaviors. This is
because firms have a probability to face a much higher tariff. Firms would worry about higher trade cost in the future, which
may bring a series of adverse effects (Pierce and Schott, 2016).

7 It does not mean that firms which sell in domestic market are entirely unaffected by trade policy uncertainty. Actually, trade
policy uncertainty also affects domestic sales firms, but the impact of this uncertainty on exporting firms is much greater (Feng
et al. 2017; Liu and Ma, 2020). To simplify theoretical analysis, we focus on exporting firms.

8 In this study, we focus on the environmental effect of decreasing trade policy uncertainty caused by the USA granted PNTR
to China. In the context of de-globalization and Sino-US trade friction, trade policy uncertainty significantly increases (He
et al. 2020c; Benguria et al. 2022). However, there are some similarities between these two events. First, both of them involve
trade relationship between China and the USA which are the two largest economies in the world. Second, they are reflected in
tariff uncertainty. Therefore, analyzing the impact of such uncertainty can provide implications for current de-globalization
and Sino-US trade friction.

9 Capital intensity (KLjg;) is calculated by the ratio of the value of fixed asset to the number of employees. Financing con-
straint (Constraint;s) is calculated by the ratio of interest expenditure to the value of fixed asset. If a firm is state-owned firm,
SOEjs = 1; otherwise, SOE;sp, = 0. If a firm is foreign-funded firm, Foreign;sy; = 1; otherwise, Foreign;s; = 0.

10 We do not control for firm fixed effect. The reason is that we employ the PNTR granted to China by the USA as an event
shock, and employ DDD model to identify the impact of trade policy uncertainty. This shock occurred in 2002. In China,
many firms did not enter the industry before 2002, and many firms exited after 2002. If we control for firm fixed effect, it is
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equivalent to estimating the result within the same firms. There is a problem that some firms enter (or exit) after 2002. These
firms only have information after (or before) the shock, but have no information before (or after) the shock. In this case, the
DDD estimation would be biased.

11 Data sources: Our calculation is according to the data of Gaud map.

12 Data sources: The China Statistical Yearbook.

13 Data source: The China Energy Statistical Yearbook.

14 Data source: Our calculations by the data from the China Statistical Yearbook.

15 Data source: Our calculations by the data from the China Statistical Yearbook.
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