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Abstract
To achieve the goals of clean production and green development, pilot projects for green industrial transformation (PPGIT) to reduce the environmental
pollution emissions from regional enterprises in China have been ongoing for more than �ve years. This study analyzes 283 prefecture-level cities from 2006
to 2019 using the propensity score matching difference-in-differences (PSM-DID) analysis framework to determine the effects of PPGIT policy
implementation. The impacts of PPGIT policy on different pollutants are signi�cantly negative, with the most reductions occurring for sulfur dioxide (SO2)
emissions and the least for particulate matter (PM2.5) emissions. Furthermore, the effects of implementing the PPGIT policy from region to region, with the
greatest policy effects of PPGIT in the eastern region. Based on the mechanism effects in different regions, the implementation of PPGIT policy nationwide
signi�cantly reduces pollution emissions through the technology effect and structure effect and in different regions, the PPGIT policies reduces emissions
through different mechanisms. Overall, this study makes a uni�ed evaluation of the environmental governance practices occurring during China's industrial
green transformation process. The results of this study are of great signi�cance for promoting the modernization of environmental governance capacity and
improving the construction of an ecological civilization through China’s green development.

1. Introduction
The Paris Agreement of 2015 set the goal of controlling global temperature rise, speci�cally to limit it to 2 ℃ and to strive to keep it under 1.5 ℃. To achieve
this long-term goal, China’s greenhouse gas emissions should peak as soon as possible and contribute to global carbon neutrality by the middle of the 21st
century. However, China's rapid growth since its reform and opening-up has brought multiple challenges, including those related to economic transformation,
environmental protection, and tackling climate change.

To achieve the goals of a low-carbon economy, pollution prevention and control, energy conservation, emission reduction, and clean energy production, China
has introduced numerous policies and measures, including over 120 items addressing the ecological environment alone. However, because different policies
differ in their objectives, initiating units, operation processes, and assessment mechanisms, the mechanism of action, actual effect, and economic cost of
policies may be quite different. Regardless, green development should be taken into consideration, meaning that the economic effects of environmental
policies should be recognized as just as important as the environmental effects. Therefore, the timely assessment of the effects of relevant policies and a
summary of relevant policy mechanisms are greatly needed for the informed selection of suitable energy and environmental policies in China, as well as for
achieving future ecological civilization (Munasinghe, 1995). 

Pilot projects for green industrial transformation (PPGIT) are the key to upgrading industrial structures, coordinating high-quality economic development, and
constructing green and sustainable development systems. PPGIT policy encourages industries to transform and upgrade their technology, eliminate backward
production equipment to cope with long-term economic losses, promote product innovation through research and development (R&D), promote product
application, and transform technological advantages into product advantages. To date, the low level, imbalance, and convergence of industrial structure in
China have seriously hindered the country’s economic development. However, green transformation can be achieved by strengthening green innovation
consciousness and promoting the e�cient use of resources at the level of individual businesses, improving business productivity, increasing the intensity of
tax collection and administration, breaking the traditional dependence on pollution-intensive enterprise development paths, and upgrading technological
equipment; these changes would improve overall resource allocation and production e�ciency. Therefore, the green transformation of industry is of great
practical signi�cance for driving enterprises to achieve knowledge-intensive and technology-intensive transformation, thus forcing industries to optimize and
upgrade their structure.

In 2015, the Chinese government proposed the green transformation of regional industry, which is currently being piloted in 11 cities[1]. This study aimed to
research the environmental effects of industrial green transformation. First, we comprehensively analyzed the impacts of PPGIT policy on the three
environmental pollution emissions and measured three types of effects: the scale effect, technology effect, and structure effect. This analysis help us to
understand the effects of PPGIT policy from a clearer and more comprehensive perspective. Second, we identi�ed the heterogeneous effects of PPGIT policy
on different regional cities and �lled in the relevant research gaps. Third, we employed a classic methodological framework, the propensity score matching
difference-in-differences (PSM-DID) method, to specify the effects of PPGIT policy on environmental pollution emissions.

The basic structure of this study were set up as follows. Section 2 represented literature review by two aspects. Section 3 built analysis model and shown
data. Section 4 explained estimation results. Section 5 summarized the full text.

[1] Pilot cities include Huangshi, Tongling, Yintang, Suozhou, Baotou, Anshan, Jiyuang, Zhangjiakou, Panzhihua, Lanzhou, and Zhengjiang. Source from:
http://www.gov.cn. The data of Jiyuan is missing.

2. Literature Review

2.1. Background On Pilot Projects For Green Industrial Transformation
Three industrial revolutions have promoted the rapid development of the global economy and the consequent deterioration of the global environment, the
latter of which is the most concerning issue for all countries around the world. The 2015 Paris Agreement clearly stated that if there is no action in terms of
reducing greenhouse gas emissions, the average worldwide temperature will increase by more than 2 ℃ (Danish et al. 2017; Charfeddine and Kahia 2019).
Increasing concerns have thus emerged in recent years among energy and environmental scholars regarding the threatening effects of climate change on
human life and the quality of the environment for future generations (Balsalobre-Lorente et al., 2018; Shahzad et al., 2017; Charfeddine and Kahia, 2019). The
climate issue not only affects the sustainable development of human beings, but also threatens survival of human beings. Therefore, the climate issue has
undoubtedly become the focus of global attention, and international cooperation is needed to solve the climate issue (Du et al., 2020). To avoid a global
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environmental catastrophe, some researchers and policymakers have emphasized the importance of reducing greenhouse gas emissions that stem
speci�cally from economic development (Shahbaz et al., 2017; Sarkodie and Strezov, 2019; Tiba and Omri, 2017).

Over the past few decades, developed countries have taken the lead in the development of green industries, mainly through their overall support and
formulation of green industrial polices (Rodrik 2014). E�cient environmental governance in developed countries mainly comes from a market-oriented system
and appropriate administrative intervention (Shapiro and Walker, 2015). However, there is an obvious gap between developing countries and developed
countries. In developing countries, the development of the market is not ideal and its quick maturation is a challenge. In particular, innovation-driven industries
in developing countries are highly dependent on reasonable government intervention and guidance during the early stages of development. Therefore, it is
particularly important to formulate green industrial policies according to the industrial foundation and level of economic development in the country (Zhu and
Tan 2022).

In contrast to the environmental federalism that exists in European and American countries, China implements a centralized system (Revesz, 1997). All
policies in China are governed by a uni�ed decree from the central government, which provides economic incentives and sets clear targets for local
governments and enterprises regarding clean production, pollution control, and reduced emissions (Li et al., 2019; Yang et al., 2021). Industrial policies in
particular are led by the Five-Year Plans, which largely determine the resource allocation of micro-enterprises (Qin et al., 2019; Zhu and Tan, 2022). The PPGIT
program is part of the current Five-Year Plan, and it is based on using macro-control to improve the ecological environment, especially in relation to heavy
polluters such as the steel, coal, and electricity industries. It emphasizes "clean" and "green" production and incorporates green development into the national
economic and social development plans (Li and Wang 2012). The basic objectives of the PPGIT policies are to reduce industrial water consumption, reduce
the proportion of high-energy-consuming and high-polluting industries, reduce the average concentration of the comprehensive atmospheric pollution index,
reduce pollution emissions, and cultivate resource-saving and environmentally friendly enterprises[2].

The PPGIT policies therefore play an important role in China’s green development. The current Five-Year Plan that includes these policies also designates
speci�c environmental regulations for heavy polluters. The government encourages the use of advanced and applicable technologies as much as possible
during production processes, as well as the adoption of new technologies that reduce the consumption of raw materials and energy and are therefore less
harmful than previous technologies (Xue and Xuan, 2013; Liao and Shi 2018; Lin and Ma 2022). Generally, strict government regulation emphasizes pollution
reduction and encourages companies to actively engage in green innovations, which is consistent with the goal of developing a green economy.

2.2. Industrial transformation and environmental pollution emissions
China's economy is still in the stage of industry-led development, with an average annual industrial GDP growth rate of 11.5%. However, this extensive
industrial growth is based on high energy consumption and high industrial emissions. In fact, industrial production is the main source of energy consumption
and environmental pollution in China (Suh, 2016; Lü, Geng, and He, 2015; Zhou et al., 2022). Given the important role of industry in China's economic growth,
energy consumption, and carbon emissions, Chinese industry must take the lead in achieving green transformation to address the nation’s emissions targets.
On 5th December 2012, China’s Ministry of Industry and Information Technology announced the inclusion of 11 cities in the pilot list of regional industrial
green transformation.

Therefore, the effect of industrial green transformation on reducing environmental pollutant emissions is worth our attention. Liu, Liu, and Yang (2022)
evaluated the green pollution information transparency index (PITI) and employed a difference-in-differences (DID) approach demonstrating that, in cities with
more stringent environmental regulations and higher levels of economic development, the PITI could more signi�cantly contribute to green transformation.
This �nding suggests that PPGIT policies are bene�cial for industrial green transformation. Lü et al. (2015) cited the cement industry as an example to show
that green transformation is bene�cial in reducing emissions. According to provincial panel data, Hou et al. (2018) also suggested that China’s industrial green
transformation has signi�cantly reduced pollution emissions (Dong, Jin, and Deng, 2020; Zhai and An, 2021).

In summary, the existing studies have shown the role of green industrial transformation in reducing pollution emissions. On this basis, we aim to supplement
this research. First, we studied different types of pollutant emissions, including sulfur dioxide emissions (SO2 emissions), particulate matter (PM2.5), and
industrial waste. Second, the mechanisms in�uencing these emissions were studied, including the scale effect, technology effect, and structural effect.
[2] The targets of PPGIT policies are those announced by the Ministry of Industry and Information Technology. https://www.miit.gov.cn/

3. Model And Data

3.1 Mechanism analysis
Policy tools cannot act directly on the ultimate goal; rather, their in�uence is transferred by relevant mechanistic variables. For this reason, we can consider a
simpli�ed mechanism analysis model, , where the dependent variable, exogenous policy variable, and mechanism variable are E, Policy, and M,
respectively, and there is a functional relationship between E and M. The in�uence of Policy on E are analyzed through stepwise regression. The speci�c model
settings are as follows:

1

2

E = F(M, ϵ)

E = α0 + α1Policy + ϵ1

M = β0 + β1Policy + ϵ1
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where  and  represent the marginal effect of Policy on E and M. If both  and  are signi�cant, M can be considered as a mechanism of policy
in�uencing E. Although the in�uencing mechanism M can thus be identi�ed, only qualitative judgment can be made; therefore, the contribution degree of each
mechanism variable is not quantitatively measured. Therefore, mechanism variable M is added on the basis of Eq. (1) to test the degree of its effect, as shown
in Eq. (3). The action degree of M can be judged by the coe�cient magnitude and signi�cance (  and , respectively).

3

However, this framework has several problems. First, in Eq. (3), M is an endogenous variable because the unobtainable factor  affects M and E
simultaneously. Second, because the in�uence mechanism of Policy is not singular, there is a certain correlation between different mechanisms. Third, due to
the complexity of the economic system, we cannot exhaust all the mechanism variables in practice; this results in the problem of omitted variables, which may
cause there to be estimation bias in the mechanism analysis.

3.2. Mechanism analysis framework based on marginal effects
In order to address the possible estimation errors that occur during mechanism analysis, Hendren and Sprung-Keyser (2020) and Goldin (2021) proposed a
new approach for estimating the marginal effects of policies on both the dependent variable and mechanism variables in a uni�ed framework, and to combine
the two estimations for the mechanism analysis. We assume that mechanism variable M is a single variable and consider the exogenous policy variable as an
instrumental variable. According to the Wald Estimator, , where  is a measure of the marginal effect of the mechanism variable on the
dependent variable. Based on the studies of Hendren and Sprung-Keyser (2020) and Goldin (2021), we proposed a mechanism analysis method based on
marginal effects. Assuming that the in�uence of different policies on the non-observable factors is not directly nor simultaneously related to the dependent
variable and the machine variable, the marginal effect of each policy and its boundary effect on different mechanism variables can be estimated according to
Equations (1) and (2). According to Goldin (2021), the following conditions should be met: i) estimates must be made under a uni�ed empirical model; and ii)
there must be no collinearity in the in�uence of policies on E and M (i.e., the in�uences should be different).

If the above two conditions are satis�ed, the marginal effects of different mechanisms on the policy effects can be estimated by integrating the policy effects
and marginal effects of various policies on different mechanism variables. That is, the derivative of Eq. (4) with respect to policy can be obtained as follows:

4

where  is the marginal effect of a policy on the dependent variable, which is represented as ; and  is the marginal effect of a
policy on the mechanism variable, which is represented as . Eq. (5) can be abbreviated as:

5

where is the effect of a policy on the unobservable perturbation term. When Policy is exogenous,  is not correlated with  or . Using

Eq. (5), we can determine the real effect of exogenous policies on dependent variables through mechanism variables.

The mechanism analysis framework based on marginal effects has the following advantages. First, it can quantify the impact of the mechanism variables.
Alone, mechanism analysis can only qualitatively determine the contribution degree of relevant mechanism variables to a policy’s effect, whereas a
mechanism analysis framework based on marginal effects can quantify the contribution degree. Second, the mechanism analysis framework allows for
considering the interplay among different mechanisms. When mechanism analysis is conducted via stepwise regression, the mechanism variables can only
be investigated individually, which can easily cause there to be missing variables. In contrast, the mechanism analysis framework based on marginal effects
allows different mechanisms to be considered in the equation simultaneously, allowing them to be used as control variables of each other. Third, the
interference between different policies can be considered. This is an important point for the present study, as there is a strong relationship between China’s
environmental policies, and the phenomenon of policy clustering is very prevalent.

In this study, the mechanism analysis framework based on marginal effects was used. First, we employed a uni�ed econometric model and estimated the
policy effects of PPGIT on SO2 emissions, PM2.5 concentration, and industrial waste. This allowed us to obtain the marginal effects of PPGIT on pollution
emissions, which was considered as dependent variable  in Eq. (5). Second, according to theoretical logic and our literature review, we selected a series of
mechanism variables and employed the same econometric model to estimate the marginal effect of PPGIT on each mechanism variable, which was
considered as  in Eq. (5). Finally, the  and  determined in the �rst two steps were combined to perform regression analysis and determine the
contribution degree of different mechanisms on policy effects.

3.3 Model
Based on the theoretical framework, we employed the PSM-DID method to estimate reduction effects of PPGIT policy on environmental emissions at the city
level. Speci�cally, the cities implementing PPGIT policies constituted the treatment group, and the cities not implementing the policies constituted the control
group. The speci�c estimation was designed as follows:

α1 β1 α1 β1

χ1 χ2

E = χ0 + χ1Policy + χ2M + ϵ1

ϵ3

βme = α1/β1 βme

= θs +
dE

dPolicy

dMs

dPolicy

dϵ

dPolicy

dE/dPolicy Cj dMs/dPolicy

βs
j

Cj = θsβ
s
j + ej

ej = dϵ/dPolicy ej βs
j Cj

Cj

βs
j Cj βs

j
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6

In Eq. (6),  represents the environmental pollution emissions of city I in year t. SO2 emissions, the annual average PM2.5 concentration, and three types of
industrial waste were selected as proxy variables for environmental pollution emissions, and all explained variables were log transformed. Policyit is the
dummy variable representing PPGIT policy. The value of Policyit is 1 in the pilot city, and otherwise it is 0. The variable yeart is a dummy variable for time, and
it was valued at 1 if PPGIT policies were implemented after 2015, or 0 otherwise. Xit is the set of control variables, including employment rate, foreign direct
investment, �nancial burden, and trade openness. Cityi is the individual �xed effect. Eq. (6) can be rewritten as follows:

7

did it = Policyit ⋅ yeart. (8)

All other variables in Eq. (7) are consistent with in Eq. (6).

The DID method requires that the treatment group and control group are each selected randomly, otherwise the results may be biased. However, the
implementation of PPGIT policies in a given city is optional, so this prerequisite was unable to be met. In order to alleviate the endogenous problems caused
by selection bias, we used propensity score matching (PSM) to ensure accurate estimation of the impact of the studied policies. The results of the PSM
method enabled us to identify the cities in the control group that most closely resembled the likelihood that cities with PPGIT were selected as treatment cities.
After excluding the cities that failed in the matching process, there were no signi�cant differences in the matching variables between the treatment cities and
the control cities. Therefore, PSM was used to alleviate selection bias, ensure the random selection of cities with PPGIT, and improve the accuracy of
subsequent DID estimation (Tian et al. 2022).

3.4 Variables and data
The sample used in this study consisted of panel data on 283 cities from 2006 to 2019. The original data were obtained from the China Statistical Yearbook,
China Urban Statistical Yearbook, China Industrial Economic Statistical Yearbook, and Carbon Emission Accounts and Datasets (CEADs) database. Since
PPGIT policies were introduced in 2015, we took 2015 as the base year to ensure that there were enough groups for the DID estimation. The distribution of the
pilot cities is shown in Fig. 1, which was made in ArcGis 15.0.

The goal of industrial green transformation is to achieve green, e�cient, and clean production, thus reducing environmental pollution emissions and achieving
sustainable development goals. Therefore, the dependent variables used in this study included SO2 emissions, PM2.5, and industrial waste (waste water,
waste gas, and waste residue), which were considered the proxy variables of environmental pollution emissions. The core explanatory variable was the cross
product of the policy dummy variable and the year dummy variable.

We selected the control variables as follows. First, we followed Tan et al. (2020) by considering the employment rate to capture the labor condition. Second, it
has been argued that environmental pollution emissions are in�uenced by foreign direct investment (FDI) (Lau, Choong, and Eng, 2014; Shahbaz et al., 2019;
Essandoh, Islam, and Kakinaka, 2020). There are two views on the impact of FDI on pollution emissions (Dauda et al. 2019). The pollution haven hypothesis
holds that FDI will increase the relocation of pollution-intensive industries to host countries, thereby increasing pollution emissions in those countries
(Sarkodie and Strezov 2019; Jiang et al. 2022). In contrast, the pollution halo hypothesis proposes that FDI will introduce more advanced and environmentally
friendly technologies to the host countries, thereby reducing pollution emissions (Liu et al. 2018). In this study, the total FDI was considered as the second
control variable. Third, �nancial burden is a possible driving force behind the relaxation of environmental regulations by governments (Lin and Ma 2022). Wen
and Zhang (2022) indicated that higher �scal pressure is more likely to cause signi�cant changes in air pollution between day and night; thus, increasing
�scal pressure may motivate governments to weaken environmental protection regulations. Following Dang, Fang, and He (2019), we de�ned �nancial burden
as the �nancing gap ratio, where a higher value indicates a larger �scal pressure. Finally, Hou et al. (2018) suggested that trade openness is the main factor
supporting an open economy and that pollution emissions cannot be separated from the global value chain system. We therefore employed the total volume
of cities as a proxy for trade openness.

Based on Dou et al. (2021), we analyzed the mechanism effect of PPGIT policy on environmental pollution emissions according to the scale effect, technology
effect, and structure effect. As in Dou et al. (2021), we employed the regional GDP as a proxy variable for the scale effect. In contrast to Dou et al. (2021), we
employed green total factor productivity as the proxy variable for the technology effect (Yao and Tang 2021; Lee and Lee 2022) and industrial structure
optimization as the proxy variable for the structure effect (Yin and Xu 2022). Table 1 summarizes the descriptive statistics of total variables.

lnyit = β0 + β1Policyit*yeart + ϕ∑Xit + δCityi + ϵit

yit

lnyit = β0 + β1didit + ϕ∑Xit + δCityi + ϵit
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Table 1
Variables de�nitions and summarizes

Variable De�nition Source Obs Mean Std.Dev. Min Max

did it Dummy variable of PPGIT cities Calculated by the authors 3962 0.0318 0.1755 0 1

Ln(SO2) SO2 emissions (tons) Atmospheric Composition Analysis Group,
Dalhoun University, Canada

3784 10.2833 1.1901 0.6931 13.4341

Ln(pm) PM2.5 emission (tons) China Environmental Statistics Yearbook 3948 13.0667 0.8130 10.0153 15.7756

Ln(waste) Industrial waste (tons) China Industrial Statistical Yearbook 3795 17.4857 1.1636 10.5370 20.6877

Ln(ER) Employment (million persons) China Statistical Yearbook 3955 3.5412 3.5912 −8.2924 15.9111

Ln(FDI) Foreign direct investment (million
dollar)

China Statistical Yearbook 3767 7.1396 1.1397 0 8.1862

Ln(FB) Financial burden (Fiscal expenditure
divided by �scal revenue)

China Statistical Yearbook 3962 7.2711 1.0400 0 8.2827

Ln(TO) Trade openness (million yuan) China Statistical Yearbook 3962 13.6640 2.1535 2.7726 19.6445

Ln(GDP) Gross domestic product (million yuan) China Statistical Yearbook 3954 7.2469 1.0262 0 8.2558

Ln(GTFP) Green total factor productivity Calculated by the authors 3962 0.1866 0.6928 −3.1767 1.0812

Ln(OPT) Optimization of industrial structure Calculated by the authors 3962 1.8621 0.0547 1.7079 2.0587

4. Results And Discussion

4.1. Propensity score matching (PSM)
Selection problems may interfere with DID estimations. However, the PSM method can to some extent mitigate the potential estimation bias caused by such
selection problems (Heckman, 1997). In order to solve the selection bias problem and ensure the accuracy of the DID analysis, we conducted PSM on 283
cities, including 10 “treated” cities (i.e., those with PPGIT policies)[3] and 273 control cities. We took the natural logarithm of all variables to weaken the
heteroscedasticity in the analysis. The Logit model was used to select covariables that might have in�uenced the selection of pilot cities by the Ministry of
Industry and Information Technology. Next, we employed the kernel matching method for to match the samples. The cities with the closest propensity scores
to those of the treatment group cities were taken as the control group.

Table 2 shows the mean values of the main variables before and after matching prior to the implementation of PPGIT policy in 2015. We found that, after
matching, there were no statistical differences in the industrial waste emissions, number of employed persons, FDI, and �nancial burden between the
treatment group and the control group prior to the implementation of PPGIT policy. Therefore, matching ensured that the assumption of parallel trends
required by the DID method is met.

Table 2
Balance test of variables before and after PSM.

  Unmatched           Matched        

  Treatment mean Control mean %bias t P   Treatment mean Control mean %bias t P

Ln(SO2) 10.838 10.287 51.6 5.04*** 0.000   10.838 10.311 49.4 3.80*** 0.000

Ln(pm) 12.673 13.083 −51.1 −5.61*** 0.000   12.673 12.947 −34.2 −2.61** 0.010

Ln(waste) 17.606 17.553 6.0 0.51 0.607   17.606 17.705 −11.1 −0.89 0.372

Ln(ER) 3.3829 3.5543 −4.8 −0.52 0.602   3.3829 3.5764 −5.4 −0.41 0.681

Ln(FDI) 6.9558 7.15 −17.2 −1.89** 0.059   6.9558 7.1642 −18.4 −1.60 0.112

Ln(FB) 7.1217 7.2565 −15.3 −1.44 0.150   7.1217 7.0268 10.8 0.79 0.429

Ln(TO) 14.105 13.785 19.3 1.72* 0.086   14.105 14.461 −21.4 −1.88* 0.062

Note: *, **,and *** represent signi�cant at 10%, 5%, and 1% level, respectively.

4.2. Parallel trend test
An important assumption of the DID method is the parallel trend assumption. That is, before the implementation of PPGIT policies in cities, the environmental
pollution emissions of the treatment group and control group should have had a parallel trend. The environmental pollution emission e�ciency of the two
groups is shown in Fig. 2, which shows the trend of the median SO2 emissions from 2006 to 2019. The red line highlights the year in which PPGIT policies
were introduced. According to the trend line, the trend of SO2 emissions in cities in the treatment group and the control group was relatively consistent before
2015. This supports the parallel trend hypothesis. After the selection of PPGIT cities, the treatment group showed better mitigation of SO2 emissions
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compared to the control group, which has experienced little �uctuation in SO2 emissions since 2015. This generates a preliminary �nding that PPGIT policies
have decreased environmental emissions in the pilot cities.

4.3. Benchmark test
Table 3 shows the benchmark regression results. First, the SO2 emissions were set as the dependent variable, as shown in Columns 1–3. The results indicate
that PPGIT policies have had a signi�cant negative impact on SO2 emissions. On average, PPGIT policies led to a decline in SO2 emissions of about 115.08%,
indicating that the SO2 emissions in the pilot cities were lower than those in cities that did not implement PPGIT policies. Then, we set the PM2.5 emissions as
the dependent variable, as shown in Columns 4–6. Similarly, the results showed that PPGIT policies had a negative effect on PM2.5 emissions. The PM2.5
emissions were 18.46% lower than those of cities that did not implement PPGIT policies. Finally, we set industrial waste as the dependent variable, as shown
in Columns 7–9. The results indicate that the industrial waste emissions were 40.80% lower than those of cities that did not implement PPGIT policies. Taken
together, these results demonstrate that PPGIT policy has a signi�cant negative impact on environmental pollution emissions. This result is consistent with
the conclusion of Zhang et al. (2019), who suggested that environmental regulation affects pollution governance both directly and indirectly.

As the PSM method can alleviate the potential DID estimation bias caused by selection problems (Heckman et al., 1997), the DID model with the PSM method
was used to test the robustness of the estimated results. Table 4 presents the regression results of the PSM-DID analysis. The results show that, after
controlling for selection problems, the coe�cient estimates of the dummy variables are close to those estimated by the baseline regression. Overall, the
selection problems in this study are not prominent.

Table 3
Baseline regression results

  Ln(SO2)   Ln(PM2.5)   Ln(waste)

didit −1.1732***

(0.1228)

−1.2434***

(0.1178)

−1.1508***

(0.1192)

  −0.2076***

(0.0132)

−0.2064***

(0.0126)

−0.1846***

(0.0099)

  −0.4420***

(0.1387)

−0.4512***

(0.1407)

−0.4080**

(0.1467)

Ln(ER)     0.0119***

(0.0036)

      0.0070***

(0.0005)

      −0.0099**

(0.1467)

Ln(FDI)     0.0203

(0.0154)

      0.0077**

(0.0026)

      0.0044

(0.0105)

Ln(FB)     0.0819**

(0.0437)

      0.0170**

(0.0066)

      0.0697**

(0.0256)

Ln(TO)     −0.3807***

(0.0425)

      −0.0900***

(0.0057)

      −0.1817***

(0.0287)

FE No Yes Yes   No Yes Yes   No Yes Yes

Con_ 10.2968***

(0.0559)

10.2964***

(0.0012)

14.7874***

(0.7042)

  13.0691***

(0.0476)

13.0691***

(0.0001)

14.1085***

(0.1010)

  17.4907***

(0.0609)

17.4905***

(0.0015)

19.5598***

(0.4360)

R2 0.0194 0.0194 0.1200   0.015 0.015 0.2036   0.0048 0.0048 0.0536

N 3784 3784 3594   3948 3948 3747   3795 3795 3604

Note: *, **,and *** represent signi�cant at 10%, 5%, and 1% level, respectively.
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Table 4
PSM-DID regression results

  Ln(SO2)   Ln(PM2.5)   Ln(waste)

didit −1.1757***

(0.1232)

−1.2690***

(0.1114)

−1.1185***

(0.1065)

  −0.2085***

(0.0134)

−0.2064***

(0.0126)

−0.1808***

(0.0097)

  −0.4404***

(0.1321)

−0.4480***

(0.1341)

−0.3864**

(0.1427)

Ln(ER)     0.0359***

(0.0049)

      0.0086***

(0.0006)

      0.0079**

(0.0033)

Ln(FDI)     0.0119

(0.0208)

      0.0046

(0.0032)

      0.0005

(0.0149)

Ln(FB)     −0.0046

(0.0460)

      0.0147**

(0.0067)

      0.0367

(0.0285)

Ln(TO)     −0.4412***

(0.0478)

      −0.1004***

(0.0061)

      −0.1841***

(0.0296)

FE No Yes Yes   No Yes Yes   No Yes Yes

Con_ 10.3106***

(0.0570)

10.3548***

(0.0013)

16.4180***

(0.7836)

  13.0699***

(0.0476)

13.0491***

(0.0002)

14.2942***

(0.1075)

  17.5117***

(0.0611)

17.5925***

(0.0016)

19.9714***

(0.4408)

R2 0.0221 0.0226 0.1505   0.0171 0.0167 0.2186   0.0063 0.0063 0.0569

N 3334 3313 3105   3492 3573 3415   3284 3282 3076

Note: *, **,and *** represent signi�cant at 10%, 5%, and 1% level, respectively.

4.4. Placebo test
The impact of PPGIT on the reduction of environmental pollution emissions may be attributable to some unobservable factors. Therefore, we eliminated the
potential estimation bias caused by unobservable factors using the random trial method. Speci�cally, we �rst randomly selected 10 cities from the control
group in order to have the same number of cities as those implementing PPGIT policies. Then, we re-estimated the benchmark regression on the basis of these
placebo samples. We repeated this exercise 1000 times to investigate the impact of PPGIT policies on environmental pollution emissions. If the benchmark
regression is correctly conducted, the estimated coe�cients from the 1000 repetitions will not be systematically different from 0. Otherwise, the model settings
may include the problem of an omitted variable. In addition, if the t statistics of the 1000 repeated estimated coe�cients are far less than 1.96 while that of
the actual estimated coe�cient is greater than 1.96, the probability that the estimated coe�cients of the random samples are near to the baseline estimated
coe�cients is low, indicating that there is little interference of random factors.

The experimental group and control group were assigned to construct new grouped dummy variables. Then, the volume coe�cients and t statistics of the
interaction terms of the policy variables were obtained via DID regression. Finally, these steps were repeated 1000 times to observe the release of the
interaction coe�cient and t statistic, as shown in Fig. 4. We took the natural logarithms of SO2 emissions, PM2.5 emissions, and industrial waste as the
dependent variables in turn and performed 1000 placebo regressions on each. According to (a1), (b1), and (c1), we found that the distributions of the
estimated coe�cients were strongly centered around 0. Furthermore, the t statistics of the estimated coe�cients in the randomly repeated experiment were
around 0 (far less than 1.96), whereas the t statistics of the actual estimated coe�cients were greater than 1.96; these results indicate that the effect of the
randomly constructed PPGIT policy is not signi�cant. Therefore, the empirical results were not random and the true estimates obtained by the baseline
regression were signi�cantly different from those obtained by non-parametric estimation. In short, these placebo test results show that the impact of PPGIT
policies on environmental pollution emissions is not a random result caused by unobservable factors, illustrating the robustness of our main �ndings.

4.5. Heterogeneity analysis
China’s reform and opening up has led to the rapid development of the country’s eastern coast, resulting in unbalanced regional development because the
eastern region has been growing rapidly and industrializing at a faster rate than the central and western regions (Tan et al. 2020). Therefore, it is practical to
examine the impact of PPGIT in different regions of China.

We constructed three dummy variables representing the eastern, central, and western regions, and we cross-multiplied each one with the policy dummy
variable to form interaction terms (i.e., eastern⋅didit, central⋅didit, and western⋅didit) in order to investigate whether the impact of PPGIT policies on
environmental pollution emissions differs among the three regions. As shown in Table 5, the negative impact of PPGIT policies on environmental pollution
emissions is signi�cantly greater in eastern cities compared to the other two regions. The results showed that the implementation of PPGIT policies in the
eastern region reduced the emissions of SO2, PM2.5, and industrial waste by 134.89%, 17.81%, and 71.36%, respectively, compared with the other regions. For
the central region, the implementation of PPGIT policy reduced the emissions of SO2, PM2.5, and industrial waste by 124.10%, 21.01%, and 50.19%,
respectively, compared with the other regions. Finally, for the western region, the implementation of PPGIT policies reduced the emissions of SO2 and PM2.5
by 82.57% and 16.47%, respectively. However, PPGIT policies had no signi�cant negative impact on industrial waste discharge in the western region,
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potentially because this region has a low level of industrial development. Therefore, the heterogeneity analysis results revealed that the implementation of
PPGIT policy in eastern and central China has the best effects on reducing environmental pollution emissions.

Table 5
Heterogeneity analysis results

Variables Ln(SO2) Ln(PM2.5) Ln(waste) Ln(SO2) Ln(PM2.5) Ln(waste) Ln(SO2) Ln(PM2.5) Ln(waste)

Eastern*didit −1.3489***

(0.1850)

−0.1781***

(0.1448)

−0.7136***

(0.1475)

           

Middle*didit       −1.2410***

(0.1470)

−0.2101***

(0.0138)

−0.5019***

(0.1858)

     

Western*didit             −0.8257***

(0.1471)

−0.1647***

(0.0099)

0.0390

(0.2285)

Control variable YES YES YES YES YES YES YES YES YES

FE YES YES YES YES YES YES YES YES YES

Con_ 14.8537***

(0.7064)

14.1238***

(0.1012)

19.5671***

(0.4361)

14.8856***

(0.7078)

14.1242***

(0.1012)

19.5916***

(0.4367)

14.9300***

(0.7096)

14.1302***

(0.1014)

19.6170***

(0.4368)

R2 0.1109 0.1951 0.0539 0.1097 0.1966 0.0515 0.1055 0.1946 0.0492

N 3594 3747 3604 3594 3747 3604 3594 3747 3604

Note: ***Signi�cant at 1% level. Robustness standard error are in the parentheses.

4.6 Mechanism analysis
After investigating the overall impact of PPGIT policy on environmental pollution emissions, another issue is worth considering: how exactly does PPGIT
policy affect environmental pollution emissions? According to the research of Copeland et al. (2007) and Dou et al. (2021), the total impact on environmental
pollution emissions occurs due to three effects, namely the scale effect, technology effect, and structure effect, as shown in Fig. 5. Thus, we analyzed the how
each of these effects in�uences the reduction of environmental pollution due to PPGIT policy. In particular, we employed GDP, green total factor productivity,
and industrial structure optimization as proxy variables for the scale effect, technology effect, and structure effect, respectively. Then, following the method of
Goldin (2021) and Hendren (2020), the results of the mechanism effects were calculated and shown in Table 6.

The scale effect results for the nation, eastern China, and central China are shown in Columns (1), (4), and (7) of Table 6. The results indicate that PPGIT
policy cannot help improve the economic scale on the national level and in central China. This goes against our expectation. The plausible explanation is that
the industrial green transformation in much of the nation and in central China speci�cally is still ongoing. Thus, the economic development in these areas is
insu�cient; as a result, the scale effect brought by PPGIT is insigni�cant.

In terms of the technology effect, PPGIT policy can signi�cantly promote green technology. As shown in Columns (2), (5), and (8) in Table 6, the PPGIT policy
has promoted green technology by 44.68%, 56.16%, and 49.45% for the nation, eastern China, and central China, respectively. Wang et al. (2020) suggested
that environmental technological innovation is helpful in curbing production-based emissions. Therefore, PPGIT policies can mitigate environmental pollutant
emissions by promoting green technology. This result is consistent with Zhu and Tan (2022), who suggested that green industrial policy promotes green
innovation (Popp 2019).

As for the structure effect, the results for the nation, eastern China, and central China are shown in Columns (3), (6), and (9) of Table 6. Even though PPGIT
policy has not helped to improve industrial structure in central China, it has promoted industrial structure optimization by 2.06% and 2.86% at the national
scale and in eastern China, respectively. The plausible explanation for this result is that the level of industrial development in central China is relatively weaker
than that in eastern China. Xiao, Niu, and Wu (2017) suggested that the development of tertiary industry can help to reduce pollution emissions. Therefore,
PPGIT policy can decrease environmental pollution emissions by promoting industrial structure (Li and Lin 2017).

Some previous studies have found that industrial structure transformation is bene�cial for mitigating environmental pollution emissions (Zhang et al., 2019;
Sinha et al., 2021; Wang and Wang 2021). Due to the limited availability of existing data, we are unable to conduct further mechanism analyses on industrial
structure at the micro level. However, our research results provide empirical evidence for environmental protection due to regional industrial green
transformation in China. Local governments could therefore respond to the environmental protection requirements of higher authorities by pushing for the
transition to green industrial production. The development of industry should not be the victim of environmental management.
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Table 6
Mechanism analysis results

  Ln(GDP) Ln(GTFP) Ln(OPT)   Ln(GDP) Ln(GTFP) Ln(OPT)   Ln(GDP) Ln(GTFP) Ln(OPT)   Ln(G

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

didit 0.0905

(0.2001)

0.4468***

(0.0806)

0.0206***

(0.0041)

                   

Eastern*didit         0.4107*

(0.2401)

0.5616***

(0.1530)

0.0286***

(0.0027)

           

Middle*didit                 −0.0062

(0.1344)

0.4945***

(0.1209)

0.0107

(0.0085)

   

Weatern*didit                         −0.1

(0.4

Control YES YES YES   YES YES YES   YES YES YES   YES

FE YES YES YES   YES YES YES   YES YES YES   YES

Con_ 8.2108***

(0.6556)

−2.3262***

(0.2869)

1.6128***

(0.0204)

  8.2238***

(0.6552)

−2.3549***

(0.2871)

1.6116***

(0.0204)

  8.1974***

(0.6557)

−2.3649***

(0.2894)

1.6104***

(0.0204)

  8.19

(0.6

R2 0.0062 0.1126 0.2765   0.0066 0.1111 0.2745   0.0061 0.1107 0.2714   0.00

N 3756 3761 3761   3756 3761 3761   3756 3761 3761   375

Note: ***Signi�cant at 1% level. Robustness standard error are in the parentheses.

[3] There are a total of 11 pilot cities. Due to the lack of data from Jiyuan, there are only 10 experimental cities used in this study.

5. Conclusions And Policy Recommendations
The issue of how to coordinate economic development and environmental protection in China has attracted increasing attention in recent years. Based on
panel data for Chinese cities from 2006 to 2019, we examined the effects of PPGIT policy on environmental pollution emissions, including SO2 emissions,
PM2.5 emissions, and industrial waste. Furthermore, we empirically researched the impacts of PPGIT policy on pollution emissions according to the scale
effect, technology effect, and structure effect.

The results of this research led to four main conclusions. First, according to the estimation results of the full sample, PPGIT policy plays a considerable role in
the reduction of pollution emissions in Chinese cities. This is the case because implementing PPGIT policy in a city is more bene�cial for reductions in SO2,
PM2.5, and industrial waste emissions than not implementing the policy. Second, we observed heterogeneous impacts of PPGIT policy in different regions of
China. The effect of PPGIT on reducing pollutant emissions is most obvious in the eastern region, followed by the middle region, and it is the weakest in the
western region. Third, PPGIT policy reduces pollution emissions indirectly through increasing the scale of the economy, green technology, and industrial
structure. Finally, the technology effect is the most effective way for PPGIT policy to reduce pollution emissions.

According to these empirical results, we provide the following policy suggestions. First and foremost, under the current green development targets, the Chinese
government should encourage and guide industries to accelerate the process of their green transformation. Second, China should attach importance to
accelerating the development and application of mature green technologies in order to achieve their full effects on emission reduction. Third, government
should encourage industries to upgrade and optimize industrial structures and increase the proportion of secondary and tertiary industries. Finally, Chinese
government should encourage cooperation between the eastern region and the middle and western regions, taking into consideration the current leading role
of the eastern region.

Abbreviations
DID, difference-in-differences; FDI, foreign direct investment; PITI, pollution information transparency index; PPGIT, pilot projects for green industrial
transformation; PSM, propensity score matching 
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Figures

Figure 1

Distribution of cities implementing pilot projects for green industrial transformation (PPGIT)

Figure 2

Before and after the match
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Figure 3

Parallel trend test
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Figure 4

Distributions of estimated coe�cients with the placebo cities of the PPGIT.
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Figure 5

Impact mechanisms of PPGIT policy on environmental pollution emissions.


