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Abstract: This study explores the impact of China’s low-carbon city policy on employment using a
quasi-natural experiment approach based on microdata from A-share listed companies (2007–2021).
The findings indicate a statistically significant positive effect on employment levels, with an average
increase of 7.27% in pilot compared to non-pilot cities. This boost in employment is primarily
linked to green innovation, improved financing conditions, and increased sales activities. The policy
disproportionately benefits high-skilled workers and positively affects employment in sales, research
and development, and management while having a lesser impact on low-skilled and production
workers. The employment gains are particularly significant in non-polluting sectors, regions with
high marketization, and in the eastern areas of China. This study underscores the complex interplay
between environmental policies and labor markets, emphasizing the need for skill differentiation in
policy frameworks.
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1. Introduction

The increasing urgency of addressing climate change has made the transition to a
low-carbon economy a global imperative. As the world’s largest energy consumer and
carbon dioxide emitter, China plays a crucial role in this shift. This paper explores the
intersection of environmental policy and social development, specifically examining the
impact of China’s environmental regulations on employment. While the debate in academia
about this relationship is ongoing, no consensus has yet been reached. Some researchers
argue that environmental regulations, such as those targeting a low-carbon economy, may
hinder job growth by increasing the operational costs for businesses. On the other hand,
others contend that these regulations can foster employment opportunities by encouraging
cleaner production practices and the creation of green jobs. The existing literature presents
a divided stance on the impact of environmental regulations on employment. Some studies,
like that of Curtis (2018), suggest that such regulations could increase the operational
costs for businesses, potentially leading to job losses [1]. Conversely, the research by Ren
et al. (2020) and Sheriff et al. (2019) posits that environmental regulations can stimulate
employment growth by encouraging the adoption of cleaner production practices and
creating green jobs [2,3]. However, these studies often lack a comprehensive analysis of
the diverse and complex contexts within which these regulations operate, particularly in
developing countries like China.

To address this gap, our study focuses on China’s low-carbon city pilot policy, initiated
in three phases (2010, 2012, and 2017), as a case study. This policy provides an ideal quasi-
natural experiment setting to assess not just the environmental and economic impacts, as
explored in previous studies [4–6], but also the social impacts, particularly on employment,
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which has been less examined [7]. The majority of the existing research on this topic has been
centered on developed countries, where the pollution levels and economic structures differ
significantly from those in China [8–10]. Specifically, this study delves into China’s efforts
to mitigate air pollution and transition towards a low-carbon economy through its low-
carbon city pilot projects initiated in 2010, 2012, and 2017 by the National Development and
Reform Commission. These projects aim to enhance environmental quality, combat climate
change, and foster sustainable growth. The unique nature of these initiatives presents
an exceptional quasi-natural experimental setting to evaluate the multifaceted impacts of
environmental regulations, a domain where the prior research has primarily emphasized
the environmental and economic outcomes, often neglecting the social dimension, especially
employment effects.

In this context, our paper adopts a Difference-in-Differences (DID) analytical frame-
work to scrutinize the influence of the low-carbon city pilot policy on employment within
Chinese enterprises, exploring the policy’s underlying mechanisms. Utilizing data from
A-share listed companies spanning from 2007 to 2021, we find that the policy induces a
significant positive shift in enterprise employment levels, averaging an increase of about
7.27% relative to non-pilot areas. This impact is primarily mediated through the promo-
tion of green innovation, the easing of financing constraints, and the stimulation of sales
activities. Significantly, the policy predominantly enhances the employment opportuni-
ties for high-skilled workers in sales, research and development, and management roles.
Moreover, the employment enhancement effect of the policy is notably stronger in sectors
characterized as low-polluting or low-carbon, as well as in highly marketized industries
and firms located in the eastern region. This study marks an important advancement
in understanding the intersection of environmental regulations and employment within
a significant developing country context, shedding light on the possible synergies and
compromises between environmental strategies and social development objectives.

Our investigation introduces several innovative angles into the discourse on environ-
mental regulations and employment, especially within the developmental context of China.
Notably, it shifts the traditional focus from developed nations to China, providing fresh in-
sights into how environmental policies are weaved through the socio-economic tapestry of
emerging economies. Furthermore, our comprehensive examination of China’s low-carbon
city pilot policy, encompassing its social facets, with a particular emphasis on employment,
extends beyond the typical environmental and economic analyses. Employing the DID
methodology, this study methodically isolates the effects of the low-carbon initiative on
employment, thereby enhancing the credibility of our findings. The comprehensive dataset
spanning from 2007 to 2021 enables an extensive evaluation of the policy’s long-term con-
sequences. Our nuanced exploration of various employment dimensions—including the
distinction between high-skilled and low-skilled jobs and different employment sectors—
offers a more detailed understanding of the labor market dynamics under environmental
regulations. The inclusion of rigorous robustness checks, such as parallel trend assessments
and placebo tests, fortifies the study’s validity, ensuring that our results genuinely reflect
the policy’s impact rather than coincidental trends.

Overall, this research significantly contributes to the nuanced dialogue on environ-
mental policy and labor market dynamics in developing economies. By providing a
well-rounded, contextually informed analysis supported by a solid methodological base,
this paper enriches the collective understanding of the complex interrelations between
environmental initiatives and socio-economic growth.

The remainder of this paper is structured as follows: Section 2 provides a comprehen-
sive literature review to contextualize and identify the research gaps this study addresses.
Section 3 elucidates the data sources and methodology employed, offering clarity on the
analytical approaches taken. Section 4 presents the results and a detailed discussion, linking
the findings to the broader study themes and implications. Section 5 concludes.
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2. Literature Review
2.1. Environmental Regulation and Employment

Environmental challenges, particularly pollution and climate change, pose critical con-
cerns globally, affecting both human existence and developmental prospects. In response,
a multitude of environmental regulations have been enacted, the implications of which
span environmental, economic, and social dimensions. The academic world has extensively
explored these facets, with a specific focus on the impact of environmental regulation on
employment, though a consensus is yet elusive.

A strand of the literature posits that environmental regulations could detrimentally
affect employment. This effect is especially pronounced in industries or regions heavily
regulated for environmental reasons [11]. These regulations may increase production
costs, resulting in higher product prices, reduced output, and consequently, a decline
in labor demand [12,13]. Moreover, stringent regulations might prompt enterprises to
adopt more efficient, albeit labor-replacing, technologies [3,14]. For instance, Gray et al.
(2014) observed a marginal employment decrease in the pulp and paper industry following
the implementation of the “Cluster Rule” by the US EPA in 2001 [9]. Similarly, Raff
and Earnhart (2019; 2022) noted a negative impact of environmental enforcement on job
opportunities in facilities regulated by the US Clean Water Act [15,16]. Conversely, other
studies highlight a potentially positive or negligible impact of environmental regulation
on employment. This perspective suggests that regulations could stimulate employment
through innovation, reduced costs, and increased output [17]. When the employment
promotion effect balances the crowding-out effect, environmental regulation might not
significantly impact employment levels. Industry-level analyses in the UK and the US
support this view, showing minimal or non-linear effects on employment [18–20]. Studies
also demonstrate positive impacts, as seen in the case of European carbon tax simulations
and the carbon tax policy in British Columbia [21,22].

As the world’s second largest economy, China faces significant environmental chal-
lenges alongside its rapid economic growth. In response, the Chinese government has
enacted a series of environmental regulations. However, given China’s particular stage of
economic development, unique industrial structure, and distinct approach to formulating
environmental regulations compared to developed countries, these regulations have had
varying impacts on employment within Chinese enterprises. The research within China
reveals mixed effects: on the one hand, policies such as the “Demarcation Plan for Air
Pollution Prevention and Control” and the total sulfur dioxide emission controls imple-
mented during the 11th Five-Year Plan have been linked to a reduction in labor demand
within the manufacturing sector [23,24]. Liu and Li (2023) conducted a study on the impact
of the implementation of the new Environmental Protection Law in 2015 on enterprise
employment, and their findings indicate that this law has reduced enterprise labor demand
by approximately 5.1% on average [25]. On the other hand, similar to studies conducted in
developed countries, some researches have indicated that environmental regulations can
stimulate job creation within enterprises. Ren et al. (2020), Wang et al. (2023), and Cong
et al. (2023) have all demonstrated a positive correlation between carbon emission trading
programs and increased labor demand within regulated enterprises [2,26,27].

The research findings illustrate that, despite marked differences in the economic
development stages, industrial structures, and processes for formulating environmental
regulations between China and developed countries, environmental policies in China gener-
ally tend to decrease labor demand within enterprises. Nonetheless, specific environmental
regulations have been shown to stimulate labor demand, thus achieving the dual objectives
of environmental governance and employment security. It is crucial to investigate whether
China’s low-carbon pilot cities can also realize these dual benefits, providing significant
insights for the environmental policies of other developing nations.



Energies 2024, 17, 1896 4 of 23

2.2. Low-Carbon City Pilot Policy and Employment

China’s National Development and Reform Commission’s three-phase implementation of
low-carbon city pilot projects in 2010, 2012, and 2017 was aimed at greenhouse gas emission
control and low-carbon development. This policy’s employment impact is multifaceted.

Distinct from traditional regulations, the low-carbon city pilot policy promotes green
innovation by offering financial support and dedicated funds and guiding financial institu-
tions. This policy fosters technological innovation within enterprises, potentially enhancing
labor demand through green R&D and innovation compensation effects [28–30]. For in-
stance, studies show that EU ETS regulation and green credit policies in China have spurred
low-carbon innovations in firms [31,32]. These insights suggest that low-carbon city pilot
policies can increase employment by promoting green innovation within enterprises.

Financing plays a crucial role in enterprise operation and development. The low-
carbon city pilot policy, by offering financial incentives and alleviating constraints, can
directly influence labor costs and employment scale. Studies like those by Chodorow-
Reich (2014) and Acharya et al. (2018) indicate that easing financial constraints can lead to
an increase in enterprise employment [33,34]. Thus, the pilot policy’s role in expanding
financing channels and reducing the associated costs could potentially bolster labor demand
and enhance employment.

The low-carbon city pilot policy necessitates specific carbon emission targets, driv-
ing enterprises, especially key ones, to seek ways to enhance their production efficiency.
This effort can lead to reduced production costs, spurring enterprise enthusiasm for ex-
panding operations and increasing labor demand. Simonovska (2015) highlights the link
between product prices and consumer demand, suggesting that lower prices can lead
to higher demand and, consequently, an expansion in production and employment [35].
Therefore, the low-carbon city pilot policy may promote labor demand and enterprise
employment expansion through its impact on production scale.

3. Methodology and Data
3.1. Data Sources

China has implemented the Accounting Standards for Enterprises since 1 January 2007,
with the aim of achieving international convergence with accounting standards. To ensure
that our findings remain unaffected by significant criteria changes, we have carefully
selected a representative sample. Our analysis utilizes data from all the A-share listed
companies in China spanning the years 2007 to 2021. After excluding samples with missing
values on employees, assets, profits, and other data, we obtained 34,985 company-year
samples. The data for this study were sourced from the China Stock Market & Accounting
Research Database (CSMAR database), which was developed by Shenzhen Xishima Data
Technology Co., Ltd. (Shenzhen, China), ensuring a robust and comprehensive foundation
for our analysis.

3.2. Model Setting

The DID methodology has gained prominence as an econometric tool for assessing
the impact of policy interventions. This method conceptualizes institutional changes and
policy enactments as exogenous shocks, analogous to “natural experiments” or “quasi-
experiments” within an economic framework [36,37]. In this study, China’s low-carbon
city pilot policy is treated as such a “quasi-natural experiment”. We apply the DID ap-
proach to evaluate the policy’s efficacy, considering its implementation across three distinct
phases. This necessitates the use of a progressive DID model, which allows for a nuanced
assessment of the policy’s temporal dynamics.

The core premise underpinning this analysis is that if the low-carbon city pilot policy
effectively curtails carbon emissions, it indicates a successful transition towards low-carbon
practices in these cities. An integral aspect of this transition is its potential impact on labor market
dynamics, particularly employment at the enterprise level. To scrutinize this hypothesis, we
investigate the influence of the low-carbon city pilot on employment within enterprises, deploying
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specific parameters to meticulously capture the nuances of this policy’s effects. This approach
enables a comprehensive understanding of how environmental policy interventions, such as the
low-carbon city initiative, reverberate through the employment landscape, thereby contributing
vital insights into the intersection of environmental actions and economic consequences:

LnLaborit = β0 + β1LowCarbonPilotit + βxControlit + λi + γt + µit (1)

where the variable LnLaborit denotes the natural logarithm of the number of employees in a
corporation. The binary variable LowCarbonPilotit is used to indicate whether a corporation
is located in a city that has implemented the low-carbon city pilot policy, assigned a value
of 1 if the policy is in place and 0 otherwise. Prior to conducting the regression test, we
conducted the Hausman test and obtained a p value of <0.01. This outcome provides strong
support for incorporating fixed-effects models rather than random-effects models into our
analysis. As a result, we have included both industry and time fixed effects in the model.
The term λi represents the fixed effect specific to each industry, capturing the industry-
specific characteristics that might influence employment. Specifically, the 2012 edition of
the China Securities Regulatory Commission’s Industry Classification Guidelines for Listed
Companies classifies industry into 19 major sectors, including mining and manufacturing,
among others. These sectors are further divided into 2-digit codes. Given the substantial
presence of manufacturing enterprises as part of China’s industrial distribution, we further
categorize the manufacturing industry into four distinct categories based on a 1-digit
code system, resulting in a total of 22 industry categories. As a result, we incorporate
21 industry dummy variables into our regression model to effectively control for potential
influences arising from factors at the industry level on enterprise employment. Similarly, γt
denotes the time fixed effect, accounting for temporal variations that could impact the
outcome. The term µit is included to capture random disturbances that could affect the
dependent variable. The coefficient β1 is of particular interest in our analysis, as it serves
as the differential estimator. This coefficient is designed to measure the impact of the low-
carbon city pilot policy on employment at the enterprise level. It quantifies the differential
effect of the policy implementation on the employment figures for corporations located in
pilot cities compared to those in non-pilot cities. Additionally, various control variables
(Controlit) are incorporated into the model to account for other factors that might influence
employment within the enterprises. These control variables, detailed in Table 1, include a
range of economic, demographic, and industry-specific factors that could potentially affect
the number of employees in a corporation. By including these variables, the model aims to
isolate the effect of the low-carbon city pilot policy from other concurrent influences on
corporate employment levels.

Table 1. Variable definitions.

Variable Variable Name Measurement Methods

explained variable LnLaborit Natural logarithm of total number of employees.

explanatory
variables LowCarbonPilotit Equals 1 if the city where corporate is registered has implemented the low-carbon city pilot policy.

control variable

ROAit Net income scaled by total assets.

Leverageit Total debts over book value of total assets.

LnAssetit Natural logarithm of total assets.

TobinQit The market value of equity plus book value of debt over the book value of assets.

SaleExpenseit Selling expenses scaled by revenue.

LnTaxit Natural logarithm of 1 plus corporate income tax expense.

LnWageit Natural logarithm of the average wage of an employee.
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3.3. Variable Measurement

In line with the established methodologies in the existing literature [2,9], our study
measures employment by counting the number of employees within firms. Specifically, we
calculate firm-level employment (LnLaborit) by taking the natural logarithm of the total
number of employees in each firm.

Since 2010, China’s National Development and Reform Commission has rolled out
three rounds of low-carbon city pilot projects. The first phase, initiated in July 2010,
included five provinces and eight cities: Hubei, Yunnan, Guangdong, Shanxi, Liaoning,
Chongqing, Xiamen, Nanchang, Baoding, Tianjin, Shenzhen, Hangzhou, and Guiyang.
The second phase, launched in November 2012, expanded to one province and twenty-eight
cities, including Beijing, Shanghai, Hainan, and others. The third phase, starting in January
2017, further encompassed forty-one cities and four counties, including Wuhai, Dalian,
Xunke, and Changzhou, among others.

For our analysis, we define the initiation of the three batches of pilot policies as 2010
(first round), 2013 (second round), and 2017 (third round), taking into account the specific
months and the lag in policy implementation. Accordingly, the variable LowCarbonPilotit is
determined in this study. If a city where enterprises are located implements the low-carbon
city pilot policy in year t, it is assigned a value of 1; otherwise, it receives a value of 0.

Following Liu et al. (2017) [38], we select seven control variables for our model: return
on assets (ROAit), representing the net profit margin of total assets; leverage, indicating the
debt–asset ratio; enterprise scale (LnAssetit), measured using the logarithm of total assets;
TobinQit, as an indicator of growth ability; sales expense ratio (SaleExpenseit), the proportion
of sales expenses to operating revenue; income tax expense (LnTaxit), the natural logarithm
of corporate income tax expense; and the average wage level within enterprises (LnWageit),
denoted using the natural logarithm of average employee wages.

Table 2 in the manuscript presents descriptive statistics of these specific variables.
The mean and standard deviation of enterprise employment (LnLaborit) are 7.610 and
1.353, respectively, indicating that, on average, each sample enterprise employs approxi-
mately 2,018 employees, but the employee number between different enterprises across our
sample has a larger amount of diversity. Therefore, it is crucial to investigate the factors
influencing enterprise employment. The average value of the low-carbon city pilot policy
(LowCarbonPilotit) stands at 0.495, implying that nearly half of enterprises are impacted by
this policy. The other variables align closely with existing relevant studies.

Table 2. Descriptive statistics.

Variable N Mean Std.
Deviation 25th Median 75th

LnLaborit 34,985 7.610 1.352 6.773 7.567 8.428

LowCarbonPilotit 34,985 0.495 0.500 0.000 0.000 1.000

ROAit 34,985 0.038 0.677 0.016 0.038 0.068

Leverageit 34,985 0.466 0.885 0.275 0.435 0.599

LnAssetit 34,985 22.130 1.368 21.194 21.959 22.881

TobinQit 34,985 2.876 14.549 1.378 1.992 3.080

SaleExpenseit 34,985 0.071 0.132 0.018 0.040 0.083

LnTaxit 34,985 16.917 2.526 16.020 17.073 18.188

LnWageit 34,985 11.539 0.659 11.158 11.536 11.906

4. Empirical Analysis
4.1. The Impact of the Low-Carbon City Pilot Policy on Employment

Table 3 delineates the effects of the low-carbon city pilot policy on enterprise employ-
ment. The findings are broken down as follows:
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Table 3. The impact of low-carbon city pilot policy on enterprise employment.

Laborit

(1) (2) (3)

LowCarbonPilotit 0.045 ** 0.100 *** 0.073 ***

(1.99) (5.70) (3.71)

ROAit −0.002 0.001 0.003

(−0.26) (0.19) (0.32)

Leverageit −0.009 0.020 0.021

(−1.03) (1.16) (1.21)

Sizeit 0.794 *** 0.848 *** 0.846 ***

(67.24) (90.52) (88.46)

TobinQit 0.001 * 0.001 ** 0.001 **

(1.94) (2.15) (2.01)

SaleExpenseit 0.746 *** 0.610 *** 0.611 ***

(3.21) (3.46) (3.53)

IncomeTaxit 0.036 *** 0.039 *** 0.039 ***

(7.61) (8.62) (8.62)

StaffWageit −0.982 *** −0.838 *** −0.866 ***

(−42.33) (−48.27) (−43.91)

_Cons 0.406 −2.255 *** −1.984 ***

(1.24) (−9.17) (−7.29)

Year fixed effects Yes No Yes

Industry fixed effects No Yes Yes

N 34,985 34,985 34,985

Adj. R2 0.676 0.751 0.752
Note: The values in parentheses are t values; ***, **, and * indicate significance at the 1%, 5%, and 10% levels,
respectively.

Column (1) showcases the results when industry factors are not included in the
model. Here, the coefficient of LowCarbonPilotit is estimated at 0.045, which is statistically
significant at the 5% level. This suggests a notable impact of the policy on employment
when industry-specific characteristics are not accounted for.

Column (2) presents the estimated results without the inclusion of time factors. The co-
efficient for LowCarbonPilotit is calculated to be 0.100, showing statistical significance at
the 1% level. This indicates a more pronounced effect of the policy on employment when
temporal variations are not considered.

In Column (3), the analysis integrates both industry and time factors. The resulting
coefficient for LowCarbonPilotit is 0.073, which also passes the significance test at the 1%
level. This comprehensive model suggests a robust relationship between the low-carbon
city pilot policy and employment increases.

Overall, the results indicate that enterprises located in low-carbon pilot cities exhibit
an average employment increase of approximately 7.27% compared to those in non-pilot
cities. This finding underscores the positive impact of the low-carbon city initiatives on
enterprise-level employment, even when controlling for industry and time variations.

4.2. The Parallel Trend Test

The fundamental premise of the Progressive Difference Model (PDM) lies in the
parallel trend hypothesis, which posits that prior to policy implementation, there should be
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a parallel employment change trend between enterprises in pilot cities and non-pilot cities.
Hence, this study employs the event study method proposed by Jacobson et al. (1993) to
conduct a rigorous parallel trend test [39], as follows:

LnLaborit = α0 +
6

∑
n=−4

δnDumit + αxControlit + λi + γt + µit (2)

In our analysis, Dumit represents a series of dummy variables designed to capture
the temporal dimensions relative to the implementation of the low-carbon city pilot policy.
These variables are defined as follows:

pre_4it: Equal to 1 if the observation is from the fourth year or earlier before the policy
implementation at the enterprise’s location; 0 otherwise.

pre_3it: Set to 1 for observations from the third year before policy implementation; 0 other-
wise.

pre_2it: Assigned a value of 1 for the second year before policy implementation; 0 otherwise.
pre_1it: Indicates the first year before policy implementation with a value of 1; 0 otherwise.
presentit: Equal to 1 during the year the policy is initiated; 0 for other years.
post_1it: Assigned a value of 1 for the first year following policy implementation; 0 otherwise.
post_2it: Set to 1 for the second year after policy implementation; 0 otherwise.
post_3it: Reflects the third year after policy implementation, assigned a value of 1 if

applicable; 0 if not.
post_4it Set to 1 for the fourth year after policy implementation; 0 otherwise.
post_5it: Equal to 1 for the fifth year after policy implementation; 0 otherwise.
post_6it (and subsequent years): Similarly represents the sixth year (and beyond) after

policy implementation, with a value of 1 if applicable; 0 otherwise.
The interpretation of the other variables remains consistent with Model (1). The coeffi-

cient δn is of particular interest, as it reflects the differential impact on labor employment
between pilot and non-pilot cities over a period extending from 4 years before to 6 years
after policy implementation.

The period during which the pilot policies are implemented is considered the baseline
for comparison. Figure 1 showcases the results of the parallel trend tests. These tests reveal
that the coefficient estimates for each period prior to the policy implementation are not
statistically significant. This lack of significance indicates no discernible difference in the
employment trends between pilot and non-pilot cities before the enactment of the policy,
thereby confirming the validity of the parallel trend assumption.
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4.3. Placebo Test

In order to address potential discrepancies in the employment trends caused by tempo-
ral variations, our study conducts a parallel trend test by artificially advancing the timeline
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of the low-carbon city pilot policy implementation by 2, 3, 4, and 5 years. This method estab-
lishes hypothetical policy periods, labeled as LowCarbonPilot_Pre2it, LowCarbonPilot_Pre3it,
LowCarbonPilot_Pre4it, and LowCarbonPilot_Pre5it, to simulate a scenario where the policy
was enacted earlier than it actually was. We then apply Model (1), incorporating these
pseudo-policy timeframes to conduct placebo tests.

The results of these time placebo tests are detailed in Table 4. Notably, the coeffi-
cient estimates for LowCarbonPilot_Pre2it, LowCarbonPilot_Pre3it, LowCarbonPilot_Pre4it, and
LowCarbonPilot_Pre5it are not statistically significant at the 10% level. This lack of signifi-
cance suggests that there are no systematic temporal differences in the employment trends
between the treatment (pilot cities) and control (non-pilot cities) groups. This outcome rein-
forces the conclusion that the observed impact on employment can indeed be attributed to
the low-carbon city pilot policy, rather than being a result of inherent time-based variations
in the data.

However, it is important to recognize that, despite the absence of a significant impact in
the placebo scenarios, the low-carbon city pilot policy does contribute to the promotion of
employment opportunities. The real policy implementation, as distinct from these placebo
scenarios, demonstrates a tangible positive effect on employment within the treatment group.

To address the potential influence of unobserved confounding variables on our bench-
mark regression results, we implemented a robust placebo test. This involved randomly
selecting 121 cities from our dataset to form a pseudo-treatment group, while the remaining
cities were assigned to a pseudo-control group. This setup was employed to simulate the
effect of the low-carbon city pilot policy on employment using city-based placebo groups.
We replicated this random selection process 500 times, generating 500 sets of regression
coefficients and their respective p-values.

The findings from this placebo test are illustrated in Figure 2. The kernel density
distribution of the regression coefficients and their p-values reveal a crucial pattern: most
of the coefficients are statistically insignificant and follow a normal distribution centered
around zero. This suggests that when random cities are falsely designated as being under
the low-carbon city pilot policy, their employment impact coefficients do not significantly
deviate from zero, indicating no real effect.
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Table 4. Placebo test.

Laborit

(1) (2) (3) (4)

LowCarbonPilot_Pre2i,t −0.015

(−0.96)

LowCarbonPilot_Pre3i,t −0.013

(−0.77)

LowCarbonPilot_Pre4i,t −0.018

(−1.01)

LowCarbonPilot_Pre5i,t −0.008

(−0.41)

ROAi,t −0.012 −0.012 −0.012 −0.012

(−1.06) (−1.06) (−1.06) (−1.06)

Leveragei,t 0.007 0.007 0.007 0.007

(0.38) (0.39) (0.39) (0.38)

Sizei,t 0.757 *** 0.757 *** 0.757 *** 0.757 ***

(63.29) (63.28) (63.27) (63.23)

TobinQi,t 0.001 *** 0.001 *** 0.001 *** 0.001 ***

(3.41) (3.41) (3.41) (3.40)

SaleExpensei,t 0.216 ** 0.216 ** 0.216 ** 0.216 **

(2.18) (2.18) (2.18) (2.18)

IncomeTaxi,t 0.015 *** 0.015 *** 0.015 *** 0.015 ***

(4.08) (4.07) (4.08) (4.08)

StaffWagei,t −0.800 *** −0.800 *** −0.800 *** −0.800 ***

(−43.46) (−43.45) (−43.45) (−43.46)

_Cons −0.385 −0.382 −0.381 −0.383

(−1.17) (−1.16) (−1.16) (−1.16)

Year fixed effects Yes Yes Yes Yes

Industry fixed effects Yes Yes Yes Yes

N 34,985 34,985 34,985 34,985

Adj. R2 0.692 0.692 0.692 0.692
Note: The values in parentheses are t values; *** and ** indicate significance at the 1% and 5% levels, respectively.

Crucially, the benchmark regression coefficients from our actual analysis are situ-
ated in the higher tail of this false regression coefficient distribution. Such positioning is
statistically unlikely under the conditions of our placebo test, reinforcing the validity of
our findings. Therefore, the results of the placebo test provide strong evidence to reject
the hypothesis that unobservable factors might be driving the results of our benchmark
estimates. This enhances the credibility of our conclusion that the low-carbon city pilot
policy has a genuine and significant impact on employment, independent of unobservable
confounding variables.

4.4. Robustness Tests
4.4.1. Processing of Extreme Values

To minimize the potential distortion caused by outliers in our benchmark regression
analysis, this study implemented a trimming approach at both the 1% and 5% levels for all
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variables. By excluding these extreme values, we aimed to enhance the robustness of our
results. Subsequently, Model (1) was re-estimated with this adjusted dataset.

The outcomes of this re-estimation, as detailed in Table 5, reveal a key observation:
even after the exclusion of outliers, the coefficient estimates for LowCarbonPilotit remain
statistically significant, at least at the 5% level. This outcome aligns with the findings of
our initial benchmark estimations, affirming the consistency and reliability of our results.
The presence of statistical significance in both the original and trimmed datasets under-
scores the robust nature of the impact of the low-carbon city pilot policy on employment.

Table 5. Robustness test excluding outliers.

Laborit

Winsorize at 1% Winsorize at 5%

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

LowCarbonPilotit 0.047 ** 0.114 *** 0.072 *** 0.048 ** 0.102 *** 0.071 ***

(2.16) (6.48) (3.72) (2.36) (6.12) (3.88)

ROAit 0.710 *** 0.721 *** 0.803 *** 1.999 *** 1.400 *** 1.450 ***

(6.35) (7.08) (7.80) (9.53) (7.52) (7.65)

Leverageit −0.109 * 0.231 *** 0.270 *** 0.071 0.339 *** 0.369 ***

(−1.75) (4.29) (4.91) (1.19) (6.52) (6.94)

Sizeit 0.836 *** 0.839 *** 0.836 *** 0.821 *** 0.782 *** 0.777 ***

(66.53) (82.38) (78.67) (57.60) (64.51) (61.48)

TobinQit 0.018 *** −0.003 0.001 0.016 ** −0.013 *** −0.010

(3.57) (−0.74) (0.30) (2.37) (−2.72) (−1.63)

SaleExpenseit 1.573 *** 1.445 *** 1.435 *** 2.090 *** 1.860 *** 1.865 ***

(12.05) (12.52) (12.44) (14.14) (13.45) (13.46)

IncomeTaxit 0.023 *** 0.034 *** 0.034 *** 0.009 0.056 *** 0.058 ***

(5.02) (7.68) (7.71) (0.99) (6.90) (7.14)

StaffWageit −1.046 *** −0.871 *** −0.922 *** −0.989 *** −0.820 *** −0.875 ***

(−42.68) (−48.86) (−44.45) (−41.69) (−46.49) (−42.15)

_Cons 0.339 −1.752 *** −1.263 *** 0.213 −1.467 *** −0.868 ***

(1.02) (−6.83) (−4.34) (0.62) (−5.55) (−2.83)

Year fixed effects Yes No Yes Yes No Yes

Industry fixed effects No Yes Yes No Yes Yes

N 34,985 34,985 34,985 34,985 34,985 34,985

Adj. R2 0.675 0.744 0.747 0.650 0.712 0.714

Note: The values in parentheses are t values; ***, **, and * indicate significance at the 1%, 5%, and 10% levels,
respectively.

4.4.2. Sample Adjustment

To address the potential bias introduced by abnormal samples into our benchmark re-
gression analysis, this study systematically excluded specific subsets of data and conducted
a series of re-regressions using Model (1). The process involved progressively removing
samples from distinct categories: first from the financial industry, then from “ST” (Special
Treatment) companies, and finally retaining only non-ST manufacturing industry samples.

The re-estimated results, detailed in Table 6, provide insightful observations. Regard-
less of the data subset excluded—be it financial industry samples, ST company samples, or
both—the coefficient estimates for the low-carbon city pilot policy consistently demonstrate
statistical significance at the 1% level. This pattern holds true even when the analysis is
restricted solely to non-ST manufacturing industry samples.



Energies 2024, 17, 1896 12 of 23

Table 6. Robustness test with alternative subsample.

Laborit

Sample of Non-ST
Corporations

Sample of Non-Financial
Industries

Sample of Non-ST and
Non-Financial Industries

Sample of Non-ST
Manufacturing Industries

(1) (2) (3) (4)

LowCarbonPilotit 0.073 *** 0.071 *** 0.068 *** 0.071 ***

(3.72) (3.57) (3.50) (3.39)

ROAit 0.360 *** 0.003 0.376 *** 0.465 ***

(3.24) (0.36) (3.35) (2.78)

Leverageit 0.255 *** 0.022 0.286 *** 0.369 ***

(4.11) (1.23) (4.77) (5.73)

Sizeit 0.828 *** 0.848 *** 0.830 *** 0.821 ***

(74.88) (88.16) (75.34) (67.13)

TobinQit 0.005 ** 0.001 ** 0.005 ** 0.002

(2.40) (2.14) (2.36) (0.86)

SaleExpenseit 0.797 *** 0.808 *** 1.267 *** 0.926 ***

(3.05) (3.63) (11.24) (8.25)

IncomeTaxit 0.043 *** 0.039 *** 0.043 *** 0.034 ***

(8.63) (8.44) (8.44) (5.59)

StaffWageit −0.886 *** −0.868 *** −0.887 *** −0.762 ***

(−44.50) (−43.93) (−44.54) (−30.83)

_Cons −1.591 *** −2.028 *** −1.648 *** −2.425 ***

(−5.72) (−7.40) (−5.94) (−7.65)

Year fixed effects Yes Yes Yes Yes

Industry fixed effects Yes Yes Yes Yes

N 33,649 34,850 33,518 21,308

Adj. R2 0.752 0.752 0.754 0.765

Note: The values in parentheses are t values; *** and ** indicate significance at the 1%and 5% levels, respectively.

These findings robustly support the conclusions drawn from the initial benchmark
regression analysis. The persistent statistical significance across various sample exclusions
indicates that the observed impact of the low-carbon city pilot policy on employment is not
an artifact of specific industry biases or anomalies associated with ST companies. Instead, it
suggests a genuine, broad-based effect of the policy across different sectors of the economy.

4.4.3. Controlling the Influence of Macroeconomic Factors

The variation in the employment trends within firms can be influenced by a confluence
of regional, industry, and macroeconomic factors. To account for these variables, our analy-
sis incorporates interaction terms that combine regional and industry factors with yearly
trends. This approach allows for a more nuanced understanding of how these broader
factors may interact with the impact of the low-carbon city pilot policy on employment.

The findings, as displayed in Table 7, reveal that after controlling for these regional,
industry, and macro factors, the relationship between the low-carbon city pilot policy and
labor employment continues to exhibit high statistical significance. The t-statistics for these
controlled results are 1.52, 1.75, 2.19, 2.04, and 2.04, respectively. These values indicate a
robust and significant relationship, even when considering the potential influence of these
wider economic and sectoral variables.

Importantly, these controlled results align closely with our benchmark estimation
outcomes. This consistency reaffirms the validity of our initial findings, suggesting that the
observed positive impact of the low-carbon city pilot policy on employment is not merely
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a product of regional or industry-specific trends or broader macroeconomic conditions.
Instead, it underscores the direct and significant influence of the policy itself on labor
employment across different contexts.

Table 7. Robustness test through the control of regional, industry, and macroeconomic factors.

Laborit

(1) (2) (3) (4) (55)

LowCarbonPilotit 0.031 0.036 * 0.045 ** 0.041 ** 0.041 **

(1.52) (1.75) (2.19) (2.04) (2.04)

ROAit 0.001 0.001 0.001 0.001 0.001

(0.07) (0.15) (0.11) (0.11) (0.11)

Leverageit 0.021 0.021 0.020 0.020 0.020

(1.14) (1.18) (1.13) (1.12) (1.12)

Sizeit 0.852 *** 0.848 *** 0.849 *** 0.849 *** 0.849 ***

(87.30) (87.61) (87.66) (87.54) (87.53)

TobinQit 0.001 ** 0.001 ** 0.001 ** 0.001 ** 0.001 **

(2.30) (2.12) (2.12) (2.15) (2.15)

SaleExpenseit 0.607 *** 0.617 *** 0.618 *** 0.617 *** 0.617 ***

(3.58) (3.54) (3.56) (3.55) (3.55)

IncomeTaxit 0.036 *** 0.036 *** 0.036 *** 0.036 *** 0.036 ***

(7.79) (7.82) (7.70) (7.70) (7.70)

StaffWageit −0.868 *** −0.867 *** −0.868 *** −0.869 *** −0.869 ***

(−43.06) (−42.70) (−43.18) (−43.14) (−43.14)

_Cons −2.027 *** 26.371 −1.659 *** −1.950 *** −1.950 ***

(−7.04) (0.76) (−3.77) (−6.68) (−6.68)

Year fixed effects Yes Yes Yes Yes Yes

Industry fixed effects Yes Yes Yes Yes Yes

Province fixed effects Yes Yes Yes Yes Yes

Industry trend × Year fixed effects Yes NO NO NO NO

Year trend × Province fixed effects NO Yes NO NO NO

Province trend × Year trend NO NO Yes NO NO

Province trend × Industry trend NO NO NO Yes NO

Province trend × Year trend × Industry trend NO NO NO NO Yes

N 34,985 34,985 34,985 34,985 34,985

Adj. R2 0.757 0.756 0.755 0.755 0.755

Note: The values in parentheses are t values; ***, **, and * indicate significance at the 1%, 5%, and 10% levels,
respectively.

4.4.4. Controlling the Influence of Other Policies

To address the potential confounding effects of concurrent policies on enterprise
employment during the sample period, and to enhance the accuracy of our benchmark
estimations, this study meticulously identified four other policies through a thorough
review of relevant documents. These policies include the Notice of the Chinese National
Development and Reform Commission on Promoting the National Innovative City Pilot
Work, the Notice on Implementing Special Emissions Limits for Air Pollutants, the estab-
lishment of the First Green Finance Reform and Innovation Pilot Zone, and the enactment
of China’s Environmental Protection Law.

Recognizing that these policies could intersect with the low-carbon city initiatives,
we introduced corresponding dummy variables into our benchmark regression model to
account for their influence: InnCityPilotit: Indicates whether an enterprise is located in a
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city designated as a national innovative city pilot in year t. This variable takes a value
of 1 if the enterprise is in such a city and 0 otherwise. EmiLimitPiloitt: Reflects whether
an enterprise is situated in a key control area subject to special emission limits for air
pollutants during year t, with a value of 1 if applicable and 0 otherwise. GreenFinancePilotit:
Denotes whether an enterprise is located in a green finance reform and innovation pilot
zone in year t, assigned a value of 1 in this case and 0 otherwise. EnvironmentalLawit:
Represents the implementation of China’s revised Environmental Protection Law, with
a value of 1 for years post-1 January 2015 and 0 for prior years. The regression results,
displayed in Table 8, indicate that the coefficients associated with the low-carbon city pilot
policy retain their significance even when these other policy factors are controlled for.
This includes adjustments for the effects of InnCityPilotit, EmiLimitPilotit, GreenFinancePilotit,
and EnvironmentalLawit. The persistence of significance in these controlled scenarios further
reinforces the robustness of the conclusions drawn in this paper, confirming that the impact
of the low-carbon city pilot policy on enterprise employment is distinct and remains
significant even in the presence of other policy interventions.

Table 8. Robustness test through the control of other policies.

Laborit

(1) (2) (3) (4)

LowCarbonPilotit 0.073 *** 0.038 * 0.068 *** 0.073 ***

(3.65) (1.71) (3.48) (3.71)

InnCityPilotit 0.009

(0.38)

EmiLimitPilotit 0.080 ***

(3.35)

GreenFinancePilotit 0.097 ***

(4.46)

EnvironmentalLawit 0.195 ***

(6.06)

ROAit 0.003 0.003 0.003 0.003

(0.32) (0.30) (0.31) (0.32)

Leverageit 0.021 0.021 0.021 0.021

(1.21) (1.22) (1.21) (1.21)

Sizeit 0.846 *** 0.846 *** 0.847 *** 0.846 ***

(88.36) (88.67) (88.58) (88.46)

TobinQit 0.001 ** 0.001 ** 0.001 ** 0.001 **

(2.02) (2.02) (2.01) (2.01)

SaleExpenseit 0.611 *** 0.608 *** 0.614 *** 0.611 ***

(3.52) (3.55) (3.52) (3.53)

IncomeTaxit 0.039 *** 0.039 *** 0.039 *** 0.039 ***

(8.61) (8.60) (8.56) (8.62)

StaffWageit −0.866 *** −0.871 *** −0.864 *** −0.866 ***

(−43.90) (−44.09) (−43.87) (−43.91)

_Cons −1.985 *** −1.929 *** −2.024 *** −1.984 ***

(−7.29) (−7.10) (−7.43) (−7.29)

Year fixed effects Yes Yes Yes Yes

Industry fixed effects Yes Yes Yes Yes

N 34,985 34,985 34,985 34,985

Adj. R2 0.752 0.753 0.753 0.752

Note: The values in parentheses are t values; ***, **, and * indicate significance at the 1%, 5%, and 10% levels,
respectively.



Energies 2024, 17, 1896 15 of 23

4.4.5. Propensity Score Matching DID Model

The potential endogeneity issues arising from reverse causality and sample selection
bias are addressed in this section. Concerning reverse causality, the likelihood of enterprise
employment, our dependent variable, influencing the key independent variable, the low-
carbon city pilot policy, is minimal. The inherent nature of this relationship significantly
reduces the risk of endogenous bias resulting from reverse causality.

To further address the potential endogenous problems stemming from sample selection
bias, our study employs the propensity score matching (PSM) DID model. This approach
allows for a more nuanced matching of the treated and control groups based on their
propensity scores, thereby reducing biases in sample selection. We subsequently conducted
robustness tests to validate the reliability of our results.

The findings, as detailed in Table 9, underscore the robustness of our approach. The co-
efficient estimates for LowCarbonPilotit consistently demonstrate statistical significance,
with a minimum significance level of 5%. This outcome robustly supports the conclusion
that the low-carbon city pilot policy positively influences enterprise employment. The sig-
nificance of these results, especially in the context of a rigorously designed PSM DID model,
lends further credibility to the assertion that the employment effects observed are indeed
attributable to the policy intervention rather than being artifacts of endogenous biases.

Table 9. Robustness test through the propensity score matching DID model.

Laborit

(1) (2) (3) (4)

LowCarbonPilotit 0.130 *** 0.052 ** 0.102 *** 0.075 ***

(5.63) (1.97) (5.32) (3.44)

ROAit −0.002 0.002 0.003 0.005

(−0.22) (0.23) (0.36) (0.51)

Leverageit −0.013 −0.006 0.018 0.019

(−1.48) (−0.87) (1.15) (1.19)

Sizeit 0.809 *** 0.803 *** 0.853 *** 0.849 ***

(58.64) (56.66) (76.23) (74.89)

TobinQit 0.001 *** 0.001 *** 0.001 *** 0.001 ***

(3.09) (2.99) (3.14) (2.93)

SaleExpenseit 0.835 *** 0.805 *** 0.648 *** 0.648 ***

(3.34) (3.46) (3.75) (3.82)

IncomeTaxit 0.037 *** 0.037 *** 0.042 *** 0.042 ***

(6.26) (6.07) (7.43) (7.35)

StaffWageit −1.010 *** −1.043 *** −0.881 *** −0.898 ***

(−37.35) (−35.92) (−42.04) (−39.27)

_Cons 0.631 0.861 ** −1.978 *** −1.827 ***

(1.64) (2.12) (−6.64) (−5.69)

Year fixed effects No Yes No Yes

Industry fixed
effects No No Yes Yes

N 34,637 34,637 34,637 34,637

Adj. R2 0.699 0.707 0.784 0.786
Note: The values in parentheses are t values; *** and ** indicate significance at the 1%and 5% levels, respectively.
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4.5. An Analysis of the Employment Impact Mechanism of Low-Carbon City Pilot Policies
4.5.1. Green Innovation Mechanism

This study explores the hypothesis that the low-carbon city pilot policy may drive
firm employment through the mechanism of green innovation. To investigate this, we use
the number of green patent applications (AppGreenPatentit) and the number of green patent
authorizations (AutGreenPatentit) as proxies for an enterprise’s green innovation activities.
These indicators help us to examine the influence of the low-carbon city pilot policy on
employment, specifically through the prism of green innovation.

The results pertaining to the impact of enterprise green innovation under the auspices
of the low-carbon city pilot policy are displayed in Columns (1) and (2) of Table 10. The find-
ings are illuminating: the coefficient estimates for LowCarbonPilotit in both columns are
0.100 and 0.083, respectively, each achieving statistical significance at the 1% level. This out-
come robustly suggests that the implementation of low-carbon city pilot policies is not
only conducive to fostering green innovation within enterprises but also has a significant
downstream effect on labor demand and employment.

Table 10. Analysis of the employment impact mechanism of low-carbon city pilot policy.

AppGreenPatentit AutGreenPatentit FinConstraintit ProScaleit

(1) (2) (3) (4)

LowCarbonPilotit 0.100 *** 0.083 *** −0.010 * 0.241 ***

(3.82) (3.55) (−1.74) (3.45)

ROAit 0.015 ** 0.012 ** 0.002 0.050 ***

(2.09) (1.98) (0.71) (4.02)

Leverageit 0.024 ** 0.023 ** −0.010 0.087 ***

(2.33) (2.27) (−1.64) (2.72)

Sizeit 0.401 *** 0.340 *** −0.101 *** 1.509 ***

(25.30) (22.74) (−42.34) (9.33)

TobinQit 0.002 *** 0.002 *** 0.000 ** 0.009 **

(2.73) (3.08) (1.96) (2.09)

(1) (2) (3) (4)

SaleExpenseit −0.071 −0.083 0.052 * −0.041

(−0.88) (−1.08) (1.93) (−0.17)

IncomeTaxit −0.010 *** −0.011 *** 0.002 ** −0.019

(−2.68) (−3.42) (2.56) (−1.50)

StaffWageit 0.044 ** 0.032 * 0.015 *** 0.141 *

(2.21) (1.84) (4.54) (1.72)

_Cons −8.914 *** −7.519 *** 0.989 *** −32.123 ***

(−23.48) (−21.47) (17.71) (−8.89)

Year fixed effects Yes Yes Yes Yes

Industry fixed effects Yes Yes Yes Yes

N 34,985 34,985 34,985 34,985

Adj. R2 0.342 0.332 0.323 0.280

Note: The values in parentheses are t values; ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively.

In essence, these results lend strong empirical support to the notion that green inno-
vation, as stimulated by the low-carbon city pilot policy, plays a critical role in enhancing
employment within firms. The findings underscore the positive employment implications
of policy-driven environmental innovation initiatives.
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4.5.2. Financing Constraint Mechanism

The pilot policies of low-carbon cities are strategically aimed at reducing corporate
financing constraints and boosting employment by offering tax reductions and special
subsidies tailored to the performance of specific industries. To empirically validate this
mechanism, we employ the Whited and Wu (WW) index as a measure of corporate financing
constraints. Developed by Whited and Wu in 2006 [40], the WW index is calculated using
the following formula:

WWit= −0.091 × Cash f lowit − 0.062 × DivPosit + 0.021 × Leverageit
−0.044 × LnAssetit + 0.102 × IndSaleGrowthit
−0.035 × SaleGrowthit

(3)

where Cashflowit is defined as the ratio of the net cash flow from operating activities to total assets.
DivPosit: Represents whether cash dividends were paid or not (coded as 1 if paid and 0
otherwise).

Leverageit: Denotes the ratio of long-term debt to total assets.
LnAssetit: Refers to the natural logarithm of total assets.
IndSaleGrowthit: Indicates the average sales growth rate in the industry.
SaleGrowthit: Represents the sales revenue growth rate of the enterprise.
The estimated results examining the impact of the low-carbon city pilot policy on cor-

porate financing constraints are presented in Column (3) of Table 10. The coefficient of
LowCarbonPilotit is estimated at −0.010, achieving statistical significance at the 10% level.
This finding suggests that the low-carbon city pilot policy effectively eases corporate financing
constraints, enabling firms to secure the necessary funding to support employment growth.

4.5.3. Sales Mechanism

Furthermore, the low-carbon cities pilot policy might also influence employment
through its effect on sales. To investigate this aspect, we introduce the variable “ProSales”,
defined as the ratio of an enterprise’s sales revenue to the industry average. This metric
helps us to assess the impact of the low-carbon city pilot policies on employment through
the sales mechanism.

The impact of the low-carbon city pilot policy on enterprise sales is detailed in Column
(4) of Table 10. The estimated coefficient for LowCarbonPilotit is 0.241, demonstrating
statistical significance at the 1% level. These results indicate that, under the interplay of cost
theory and innovation induction theory, the low-carbon city pilot policies not only enhance
enterprise sales but also positively affect labor demand and employment. This underlines
the multifaceted nature of these policies in stimulating economic growth and job creation.

4.6. Heterogeneity Analysis
4.6.1. Educational Background

This section delves into the differential impacts of the low-carbon city pilot policy on
employment among highly skilled and low-skilled workers. We operationalize “highly
skilled personnel” as employees with a college degree or higher (LnCollLaborit) and “low-
skilled workers” as those without such qualifications (LnLowLaborit). Both measures are
quantified using the natural logarithm of the respective employee counts. These variables
are then integrated into Model (1) for regression analysis.

The effects of the low-carbon city pilot policy on these two categories of workers are
presented in Columns (1) and (2) of Table 11. The analysis reveals that the coefficients
for low-carbon city pilot policies are 0.170 for highly skilled employees and 0.034 for low-
skilled workers. Notably, the coefficient for highly skilled workers demonstrates statistical
significance at the 1% level, suggesting that low-carbon city pilot policies predominantly
boost employment among highly skilled individuals.
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Table 11. The influence of low-carbon cities pilot policy on diverse employees.

Educational Background Occupation Category

LnCollLaborit LnHigLaborit LnSaleLaborit LnR&DLaborit LnManLaborit LNProLaborit

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

LowCarbonPilotit 0.170 *** 0.034 0.139 *** 0.219 *** 0.052 *** 0.031

(6.20) (1.48) (4.38) (3.87) (2.66) (1.22)

ROAit 0.015 −0.002 0.258 *** 0.165 * 0.174 *** 0.198 **

(0.38) (−0.05) (3.89) (1.82) (3.48) (2.39)

Leverageit −0.020 0.025 0.199 *** 0.079 0.185 *** 0.166 ***

(−1.51) (1.33) (3.81) (1.13) (4.87) (2.63)

Sizeit 0.879 *** 0.848 *** 0.698 *** 0.411 *** 0.725 *** 0.845 ***

(62.75) (72.10) (34.85) (11.26) (63.07) (60.32)

TobinQit 0.023 *** −0.005 0.006 0.025 *** 0.004 * −0.005

(4.28) (−1.59) (1.49) (3.19) (1.78) (−1.21)

SaleExpenseit 1.356 *** 0.622 *** 5.743 *** 1.405 *** 1.020 *** −0.456 ***

(3.32) (3.63) (9.69) (4.26) (7.19) (−3.79)

IncomeTaxit 0.029 *** 0.046 *** 0.081 *** −0.010 0.032 *** 0.023 ***

(4.75) (8.84) (11.31) (−1.03) (8.38) (4.15)

StaffWageit −0.141 *** −1.191 *** −0.473 *** 0.288 *** −0.481 *** −0.813 ***

(−5.03) (−42.69) (−15.47) (5.21) (−23.14) (−27.25)

_Cons −12.983 *** 1.166 *** −6.880 *** −10.729 *** −5.535 *** −2.739 ***

(−33.48) (3.27) (−14.25) (−11.49) (−18.28) (−7.21)

Year fixed effects Yes Yes Yes Yes Yes Yes

Industry fixed effects Yes Yes Yes Yes Yes Yes

N 31,847 31,847 31,163 31,163 31,163 31,163

Adj. R2 0.634 0.730 0.545 0.096 0.653 0.642

Note: The values in parentheses are t values; ***, **, and * indicate significance at the 1%, 5%, and 10% levels,
respectively.

4.6.2. Occupational Classification

Further, the study assesses the impact of the low-carbon city pilot policy on different
occupational classifications within enterprises. To this end, we categorized employees into
four groups, sales staff, R&D staff, management staff, and production staff, based on their
roles within a company. The respective employee counts in these categories are represented
by LnSaleLaborit, LnR&DLaborit, LnManLaborit, and LnProLaborit, each measured using the
natural logarithm.

The influence of the low-carbon city pilot policy on these diverse occupational cate-
gories is detailed in Columns (3) to (6) of Table 11. The coefficients for LowCarbonPilotit
across these categories are estimated to be 0.139 for sales staff, 0.219 for R&D personnel,
0.052 for management staff, and 0.031 for production staff. Interestingly, the coefficients
for sales, R&D, and management personnel all pass the significance test at the 1% level.
This outcome indicates that low-carbon city pilot policies are particularly effective in pro-
moting employment in sales, R&D, and management roles, underscoring the policy’s
varied impact across different occupational segments.

4.6.3. Industry and Region Background

In this section, we explore the differential impacts of China’s low-carbon city pilot
policy on employment across various industrial sectors. We classify enterprises based on
their industry’s environmental impact, distinguishing between those in heavy-polluting
industries, as defined by the 2010 Ministry of Environmental Protection guidelines, and
those in high-carbon industries, as outlined in the 2011 Notice on Carbon Emission Rights
Trading. Accordingly, industries such as mining, textiles, and chemical manufacturing are
designated as heavy polluting (PollutingIndustryit = 1), while sectors like petrochemicals and
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steel manufacturing are classified as high-carbon (HighCarbonIndustryit = 1). Other sectors
are considered as neither heavily polluting nor high-carbon.

The regression results, detailed in Columns (1) and (2) of Table 12, illustrate that the
low-carbon city pilot policy positively affects employment in less polluting and lower-
carbon industries, with significant coefficients of 0.120 and 0.110 at the 1% significance
level for the LowCarbonPilotit variable. In contrast, the interactions between this policy and
the polluting or high-carbon industry variables (PollutingIndustryit × LowCarbonPilotit and
HighCarbonIndustryit × LowCarbonPilotit) exhibit significant negative impacts on employ-
ment within these sectors, with coefficients of −0.164 and −0.148, respectively, indicating a
policy-induced labor shift from more to less environmentally impactful sectors.

Further, our investigation extends to the policy’s employment effects across different
regional contexts, considering the levels of marketization and geographical location. Based
on An et al. (2020), we categorize enterprises as having high marketization if they are located
in regions surpassing the annual average marketization level (HighMarketizationit = 1) [41].
Additionally, enterprises situated in the eastern part of China are marked as EasternRegionit = 1.

The analyses presented in Columns (3) and (4) of Table 12 suggest that while the low-
carbon city policy’s general impact on employment is not significantly positive across all
regions, it does significantly enhance employment in enterprises with high marketization
levels and those located in the eastern region, as indicated by the significant positive coeffi-
cients for HighMarketizationit × LowCarbonPilotit and EasternRegionit × LowCarbonPilotit, at
least at the 5% level. This underlines the nuanced role of regional economic contexts and
geographical positioning in modulating the employment effects of environmental policies.

Table 12. The influence of low-carbon city pilot policy on employment of enterprises from different
industries and regions.

Laborit

Industry Region

(1) (2) (3) (4)

LCarbonPilotit 0.120 *** 0.110 *** 0.033 0.005

(5.37) (4.97) (1.26) (0.16)

PollutingIndustryit −0.010

(−0.28)

PollutingIndustryit × LCarbonPilotit −0.164 ***

(−4.76)

High-carbonIndustryit −0.026

(−0.84)

High-carbonIndustryit ×
LCarbonPilotit

−0.148 ***

(−4.36)

HighMarketizationit 0.023

(0.96)

HighMarketizationit × LCarbonPilotit 0.068 **

(2.23)

EasternRegionit −0.004

(−0.14)

EasternRegionit× LCarbonPilotit 0.092 ***

(2.63)

ROAit 0.002 0.002 0.002 0.002

(0.27) (0.29) (0.27) (0.27)

Leverageit 0.021 0.021 0.021 0.022
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Table 12. Cont.

Laborit

Industry Region

(1) (2) (3) (4)

(1.21) (1.21) (1.21) (1.22)

Sizeit 0.847 *** 0.849 *** 0.849 *** 0.846 ***

(87.48) (87.28) (88.37) (88.65)

TobinQit 0.001 ** 0.001 ** 0.001 ** 0.001 **

(2.06) (2.03) (2.08) (2.08)

SaleExpenseit 0.620 *** 0.624 *** 0.619 *** 0.613 ***

(3.51) (3.52) (3.56) (3.53)

IncomeTaxit 0.039 *** 0.039 *** 0.038 *** 0.039 ***

(8.48) (8.49) (8.40) (8.56)

StaffWageit −0.865 *** −0.866 *** −0.870 *** −0.870 ***

(−43.54) (−43.77) (−43.78) (−43.47)

_Cons −2.040 *** −2.067 *** −1.998 *** −1.956 ***

(−7.43) (−7.53) (−7.36) (−7.19)

Year fixed effects Yes Yes Yes Yes

Industry fixed effects Yes Yes Yes Yes

N 34,721 34,721 34,981 34,981

R2 0.753 0.753 0.753 0.753

Adj. R2 0.752 0.752 0.753 0.752

N_clust 4246 4246 4246 4246
Note: The values in parentheses are t values; *** and ** indicate significance at the 1% and 5% levels, respectively.

5. Conclusions

At the heart of contemporary global challenges lies the imperative of reconciling
economic growth with environmental sustainability. This dual objective propels the ex-
ploration of how policy initiatives, particularly those aimed at reducing carbon emissions,
influence socio-economic dynamics such as employment. China, as a global leader in
energy consumption and carbon emissions, has embarked on an ambitious journey to trans-
form its urban landscapes through a low-carbon city pilot policy. This initiative not only
reflects China’s commitment to environmental sustainability but also serves as a critical
testbed for understanding the interplay between ecological policies and labor markets.

Our research stems from the pressing need to assess the socio-economic repercussions
of environmental policies. With the debate on the relationship between environmental
regulations and employment outcomes still unresolved, this study seeks to provide an
analysis of China’s low-carbon city policy’s impact on employment. This endeavor is
rooted in the broader context of global efforts to mitigate climate change impacts without
compromising economic vitality. The research is motivated by the quest to explore the
potential of environmental policies to foster job creation, thereby contributing to a deeper
understanding of sustainable development practices. Our study aims to address the critical
question: What is the impact of China’s low-carbon city pilot policy on employment?
In pursuit of this question, the research delves into the mechanisms through which the
policy influences labor markets and examines the heterogeneity of its effects across different
sectors and regions.

Using the DID and PSM DID methods, complemented by robustness checks and
mechanism analyses, this study examines the effect on employment of the low-carbon
city policy. The analysis is underpinned by an extensive dataset from A-share listed
companies spanning from 2007 to 2021, offering a rich empirical basis for assessing the
policy’s outcomes.
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Our research shows that there is a positive effect of the low-carbon city policy on employ-
ment with statistical significance. The finding reveals that there is an average increase of 7.27%
in employment levels in pilot cities compared to their non-pilot counterparts. This impact is
primarily mediated through green innovation, the easing of financing constraints, and the
enhancement of sales activities. Notably, the policy disproportionately benefits high-skilled
workers and exerts a more pronounced effect on non-polluting industries and regions with
advanced market mechanisms, particularly in the eastern areas of China.

The study’s implications are profound, advocating for the strategic expansion of
low-carbon city initiatives across China. It underscores the feasibility of harmonizing
environmental sustainability with economic development, highlighting the “piloting before
promotion” model as an effective approach to scaling these initiatives. Furthermore, the
research emphasizes the need for policies to mitigate the potential structural unemployment
resulting from industrial shifts towards low-carbon models.

While this research contributes significantly to our understanding of environmental
policy impacts on employment, it identifies areas for future inquiry. Future studies could
explore the broader economic impacts of low-carbon policies beyond A-share listed com-
panies, including their effects on small and medium-sized enterprises. Additionally, the
research could extend to examining the implications of such policies on employee behavior
and organizational efficiency, thereby providing a more holistic view of the socio-economic
effects of environmental initiatives.

In summary, this study enriches the discourse on the socio-economic dimensions of
environmental policies, offering valuable insights for policymakers and scholars alike. By
elucidating the employment effects of China’s low-carbon city policy, it underscores the
potential of targeted environmental initiatives to contribute positively to both ecological
sustainability and economic vitality, paving the way for informed policy formulation and
implementation in an era of sustainable development.
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