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Abstract

As an important policy tool for promoting green development, environmental regulation
(ER) has exerted a profound impact on the employment sector. Using panel data from
106 prefecture-level and above cities in China’s Yangtze River Economic Belt (YREB) from
2011 to 2022, we examine the impact and mechanisms of ER on employment scale and
structure. Empirical results reveal that the strengthening of ER has a significant inhibitory
effect on employment growth, but a positive impact on the optimization of the employment
structure. As regulatory intensity increases, the suppressive effect on employment scale
diminishes, while structural optimization strengthens. Moreover, the effects vary across
regions. The scale-inhibiting effect is more pronounced in the Upper-Middle Yangtze
regions, in areas with initially low regulation intensity, and in large cities. Structural
optimization is most significant in the Lower Yangtze regions and in small/medium-
sized cities. We also find that ER indirectly changes employment through three channels:
industrial structure upgrading (ISU), green innovation (GV), and foreign direct investment
(FDI). Our findings underscore the necessity of balancing environmental stringency with
social sustainability, and the conclusions of our study are applicable to policymakers in
China and other economies.

Keywords: environmental regulations; employment scale; employment structure; threshold
effect; the Yangtze River Economic Belt

1. Introduction

In recent years, the frequent occurrence of extreme weather events globally has intensi-
fied concerns about climate change, environmental pollution, and resource depletion. These
issues directly hinder the achievement of the United Nations Sustainable Development
Goals (SDGs), particularly those related to Climate Action, Decent Work, and Economic
Growth. As a result, governments globally have implemented increasingly stringent envi-
ronmental regulations (ERs) to mitigate ecological degradation. While actively aligning
with the international environmental governance agenda, the Chinese government has
committed to peaking carbon emissions by 2030 and attaining carbon neutrality by 2060,
and has also introduced various environmental protection policies, such as promoting a
low-carbon economy and emission reduction [1]. However, the impact of these regulations
on economic and social development, particularly on the labor market, is complex. Energy-
intensive and highly polluting sectors, including manufacturing and heavy industries,
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which are primarily subject to ER, play a crucial role in both regional and national economic
development [2]. With increased regulatory oversight, the costs of pollution control and
emissions reduction in these sectors have risen, forcing firms to reduce labor expenditures
and resulting in employment declines [3]. Meanwhile, these regulations have spurred the
development of eco-friendly technologies and clean manufacturing industries, creating
new job opportunities. This structural transformation—characterized by simultaneous
growth and decline—reflects a reallocation of labor market resources.

Notably, during the implementation of ER, different stakeholder groups often hold
divergent positions. Wang et al. (2024) thought that business representatives generally
express concerns that rising compliance costs squeeze profit margins, thereby compelling
firms to reduce their workforce [4]; this anxiety is particularly acute in traditional high-
polluting industries. Meanwhile, An (2026) pointed out that the interest divergence in the
implementation of China’s environmental policies is essentially a contradiction arising from
the collision between bureaucratic governance and diversified interest demands [5]. Local
government policymakers face dual pressures: they must meet emission reduction targets
mandated by higher-level authorities while simultaneously safeguarding employment and
social stability within their jurisdictions. This tension frequently leads to a recurrent trade-
off between short-term aggressive emission reductions and the imperative of maintaining
economic growth and employment stability when policies are put into practice. Therefore,
the transition toward an environmental protection industry presents both opportunities
and challenges for the labor market.

The Yangtze River Economic Belt (YREB), a pivotal strategic region for China’s econ-
omy, bears the historic mission of “ecological priority and green development”. In order
to adhere to stricter ER, some firms have chosen to either exit the market or relocate their
pollution-intensive operations from strictly regulated large cities to smaller cities with
more lax regulations. This has triggered labor migration [6,7], potentially leading to re-
gional imbalances in employment. Consequently, clarifying the relationship between ERs
and employment—including their magnitude of influence and operational pathways—is
essential for refining the theoretical framework of regional environment-employment coor-
dination and for achieving the dual objectives of “lucid waters and lush mountains” and
“employment-driven prosperity”.

2. Literature Review

As environmental awareness intensifies, scholarly research on the impacts of ER
continues to expand. However, measurement standards of ER remain inconsistent and
fall primarily into two categories: comprehensive indicators and single-indicator metrics.
The former integrates multiple proxies into a comprehensive indicator to measure the
intensity of ERs [8]. The latter utilizes a single indicator [9]. These methodologies enable a
multifaceted analysis of regulatory effects, which are predominantly explored through two
lenses: employment quantity effects and employment structure effect.

Early studies largely focused on the net effect of ER on employment quantity, gen-
erating two competing theories. The theory of employment suppression primarily rests
on the Cost Effect and the Pollution Haven Effect. The Cost Effect refers to the fact that
environmental regulation increases firms’ operating costs, shuts down highly polluting
projects, and eliminates outdated equipment in the short term, thereby squeezing firms’
profit margins, weakening their competitive advantages, and hindering their ability to
absorb more labor [10,11]. For example, Lin et al. (2026) found that command-and-control
ER, proxied by environmental penalties, significantly reduces the labor income share due
to capital crowding out and financing constraints [12], reflecting enterprises’ efforts to curb
labor costs through income distribution adjustments. Wang et al. (2024) examined the “Air
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Pollution Prevention and Control Action Plan” and observed divergent impacts: regulated
firms initially reduced hiring, while non-regulated firms exhibited sustained employment
growth [13]. Li et al. (2025) built a two-sector general equilibrium model incorporating
abatement technologies and search-and-matching frictions in the labor market and revealed
that ER leads to unemployment [14]. The Pollution Haven Effect, which involves the reloca-
tion of polluting firms to regions with laxer regulations when local stringency rises, causes
local job losses [15]. Ma and Dai (2024) identified a dual pattern of labor market impact:
regulations simultaneously suppress inflows (via job contraction) and increase outflows
while also attracting workers to cities with improved environmental quality [16]. Chen et al.
(2025) similarly demonstrated that stringent regulations are associated with local labor
outflow into small cities with lower productivity and “dirtier” industrial structure, while
the resulting improvements in environmental quality attract additional workers [17].

In contrast, the theory of employment promotion is primarily based on the Innova-
tive Compensation Effect. The Innovative Compensation Effect, inspired by the Porter
Hypothesis, wherein appropriate regulations stimulate technological innovation [18], off-
sets pollutant control costs through efficiency gains, fosters green transitions, creates
eco-friendly jobs, optimizes labor allocation [19], and enhances overall employment. On
this basis, previous studies have further confirmed the positive role of ER. For example,
Li et al. (2025) found that formal, informal, and dual ERs all significantly facilitate cor-
porate green transformation [20] and increase the number of eco-friendly workers. It is
noteworthy that the low-carbon pilot policy also serves as one of the regulatory measures
under environmental governance. Regarding this policy, Wang and Ge (2022) treated these
pilot programs as quasi-natural experiments and found significantly higher employment
growth in pilot cities versus non-pilot areas [21]. Similarly, Wang et al. (2023) demonstrated
that low-carbon policies exogenously boost corporate labor demand [22].

Beyond aggregate employment quantity, a growing body of research examines em-
ployment structure, with particular emphasis on the differential impact observed among
workers with varying skill levels. Javed (2025) noted that these regulations increase the
demand for high-skilled labor while reducing the potential demand for low-skilled la-
bor in traditional energy sectors [23]. Further observing the dynamic changes in labor,
Zhong et al. (2021) found that the high-skilled worker demand increases with the strength-
ening of ER, while low-skilled worker demand first declines and then rises, exhibiting a
U-shaped curve [3]. Tang et al. (2024) further found that the lower the degree of ER imple-
mentation, the greater its destructive effect, and that the impact on labor with different skill
levels follows the pattern: low-skilled workers < high-skilled workers < medium-skilled
workers [24]. These findings indicate that ERs induce skill upgrading, but the transitional
costs are unevenly distributed.

The employment implications of ER, as a critical lever for sustainable development,
have garnered significant attention; however, they remain under-explored. Although the
relationship between ER and employment has been extensively examined in the existing
literature, most studies focus solely on either “employment scale” or “employment struc-
ture” and often employ linear analytical frameworks. Furthermore, evidence supporting
heterogeneous analyses of specific urban agglomerations (e.g., the YREB) remains limited.
Therefore, compared with previous studies, the marginal contributions of this study are
as follows: First, using a threshold effect methodology, we adopt a dual perspective that
simultaneously considers employment scale and employment structure to quantitatively
evaluate the nonlinear impacts. Unlike previous studies that typically assume a monotonic
relationship, we identify a threshold pattern: the suppressive effect on employment scale
diminishes marginally as regulatory stringency increases, whereas the optimizing effect
on employment structure exhibits increasing marginal returns. This finding extends the
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application of the Porter Hypothesis to the employment domain by introducing a non-
linear perspective. Second, by systematically examining three underlying transmission
pathways—industrial structure upgrading (ISU), green innovation (GV), and foreign direct
investment (FDI)—we elaborately demonstrate how ERs both crowd out and create employ-
ment, thereby strengthening the intrinsic link between ER and sustainable development.
Third, from the perspective of heterogeneity, we focus on different regions within the YREB,
providing a theoretical basis for formulating differentiated regional policies that promote
sustainable economic and social development.

This study addresses these gaps by examining 106 cities in the YREB. We adopt
a dual perspective that considers both employment scale and employment structure to
quantitatively evaluate the nonlinear impacts and transmission mechanisms of ER, focusing
on the mediating roles of ISU, GV, and FDI. Based on our findings, we propose targeted
policies to achieve environment-employment synergies.

3. Theoretical Analysis and Research Hypotheses
3.1. Theoretical Analysis of Employment by ER

The employment impact of ER is primarily transmitted through the Cost Effect and
the Pollution Haven Effect [25]. The Cost Effect indicates that pollution is often an inher-
ent byproduct of production, and stringent ER imposes new cost burdens on polluting
firms [26]. Compliance with elevated standards necessitates higher pollution discharge
fees and higher operating expenditures, which constrains firms’ expansion capacity and
ultimately suppresses new job creation [16]. Conversely, the Pollution Haven Effect sug-
gests that stringent regulations disproportionately increase production costs for pollution-
intensive firms relative to competitors in less regulated regions. This erodes their price
competitiveness, diminishes market share, and heightens the risk of bankruptcy. Con-
sequently, such firms may relocate to jurisdictions with laxer environmental standards
to reduce compliance costs [7], or exit the market entirely [6], resulting in a decline in
local employment.

Concurrently, ERs catalyze employment restructuring through policy pressure. Firms
may achieve a green transition via industrial upgrading or technological innovation [2],
spurring demand for environmental R&D and services. Meanwhile, firms unable to absorb
compliance costs face market exit, releasing labor toward emerging green sectors. This
reallocation corrects resource misallocation in pollution-intensive industries and optimizes
employment composition [17]. In summary, stricter ER will reduce overall employment
scale through increased costs and industrial relocation while facilitating the reallocation of
labor resources via green transformation, thereby increasing the share of emerging green
industries in the workforce and optimizing the employment structure.

This yields Hypothesis H1:

H1. Stringent ERs exert a constraining effect on employment scale expansion but positively
moderate employment structure optimization.

3.2. The Mechanism Analysis of Employment by ER

ER influences labor employment by catalyzing ISU. This effect manifests through
three interconnected pathways: spatial reallocation, innovation upgrading, and industrial
agglomeration. First, prior research confirms that regulatory heterogeneity drives spatial
industrial restructuring [27]. Stringent regions increase compliance costs for polluters,
incentivizing relocation to laxer jurisdictions [28,29], this spatial reallocation redistributes
employment geographically: while regions losing polluting industries may experience
short-term job losses, recipient regions gain employment in the transferred sectors, thereby
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shifting labor from pollution-intensive sectors toward cleaner, more skill-intensive activ-
ities and optimizing the overall employment structure. Second, beyond spatial shifts,
the Porter Hypothesis posits that ER stimulates innovation in pollution firms [30], reduc-
ing per-unit pollution control costs, improving productivity, and enabling a shift toward
higher-value-added activities, optimizing structural optimization. This upgrading process
generates new employment opportunities, as empirically confirmed by He et al. (2025)
and He et al. (2023), who demonstrate at both national and regional levels that industrial
upgrading and employment can achieve dynamic “win-win” outcomes [31,32]. Supporting
this from a practical perspective, Malachi and Eslamipoor (2026) document that circular-
economy interventions in West Africa not only reduced environmental stress but also
created new income streams (e.g., compost sales, biogas energy), thereby generating local
employment [33]. Third, strict regulations incentivize the clustering of related industries in
specific regions (e.g., eco-industrial parks) to share environmental protection infrastructure,
leveraging technology spillover effects [34,35]. Such agglomeration enhances productivity
and employment density, reinforcing the positive employment effects of industrial up-
grading. In sum, industrial upgrading serves as a crucial transmission channel through
which ER affects both employment scale and structure. Through the spatial redistribution
of polluting activities across regions, the innovation-driven elevation of industrial value
chains, and the productivity gains from industrial agglomeration, ISU collectively reallo-
cates labor from traditional, pollution-intensive sectors toward cleaner, more skill-intensive
activities. This multifaceted process not only geographically reshapes the distribution of
employment but also upgrades the skill and value content of existing jobs, thereby partially
offsetting the short-term job losses induced by regulatory compliance, optimizing the
employment structure, and ultimately contributing to a more optimized and sustainable
employment landscape.

H2. ER mediates employment scale and structure through industrial upgrading.

ER further affects employment by facilitating GV. Under the Porter Hypothesis, regu-
latory stringency compels firms to reallocate resources toward R&D, thereby enhancing
green innovation capabilities to maintain competitiveness [36]. Lu et al. (2025) argue that
motivated by increasingly strengthened ER, enterprises intend to pursue both pollution re-
duction and competitive edge through developing green innovation [37]. Duan et al. (2026)
corroborate this by using the data from China’s A-share listed companies as a quasi-
experiment [38]. Collectively, these findings confirm that regulatory pressure serves as a
crucial driver of corporate green innovation.

Importantly, GV has dual-scale employment effects. On the one hand, it drives the
transition from traditional manufacturing to green innovation-oriented manufacturing
through the adoption of intelligent environmental technologies, which in turn surges de-
mand for green-technology talent (R&D specialists, sustainable engineers, etc.) [15]. This
shift optimizes human capital deployment and improves skill matching. On the other hand,
beyond firm-level R&D, ERs have also spurred innovations in green supply chain man-
agement. For instance, Eslamipoor (2025) investigated factories, warehouses, and retailers
as a three-level supply chain network, employing a multi-objective goal programming
approach to reduce the overall cost of the system and cut down on gas emissions [39].
This management-level green innovation, through systematic optimization of logistics,
inventory, and production decisions, reshapes enterprises” demand structure for skilled
labor—creating emerging roles in green operations, data analytics, and low-carbon plan-
ning while driving traditional warehousing and transportation positions toward greater
skill-intensivity. Therefore, the net employment effect of GV is not inherently positive but
critically on two conditions. First, whether the newly created high-skilled green jobs can
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adequately offset the displacement of medium- and low-skilled positions, which ultimately
determines the overall impact on employment scale. Second, whether the efficiency gains
from supply-chain innovations translate into tangible labor demand for high-skilled la-
bor in the short term, which shapes the direction of employment structure optimization.
When these conditions are not satisfied, GV can paradoxically accelerate job polarization—
expanding both high-skilled and low-skilled service employment while simultaneously
eroding routine-intensive manufacturing jobs. In sum, whether GV ultimately expands
employment scale and optimizes employment structure hinges on the regional absorptive
capacity of human capital and innovation systems.

H3. ER mediates employment scale and structure through green technological innovation.

ER influences labor employment by suppressing FDI. The theoretical analysis of the
impact of ER on international competitiveness rests on the Pollution Paradise Hypothe-
sis [40]. The hypothesis posits that stringent regulations increase firms’ production costs,
divert R&D investment funds, compress profit margins, and weaken the comparative
advantages and relative competitiveness of local firms. Consequently, foreign investment
is driven toward regions with lower regulatory intensity and stronger competitiveness,
thereby reducing local FDI inflows and constraining the scale of investment [41].

However, FDI relates to global factor mobility and substantially contributes to em-
ployment development [42,43]. ER moderates this relationship through two mechanisms:
First, stringent regulations raise operational costs across regions, creating entry barriers
for pollution-intensive FDI projects [44]. High-potential yet pollution-intensive invest-
ments may fail to materialize due to diminished local competitive advantages, thereby
directly reducing latent employment opportunities, and suppressing the expansion of
local employment. Second, incoming FDI enables multinational corporations to leverage
their technological capabilities and capital intensity, generating a crowding-out effect on
domestic firms [45] and increasing job-market instability and unemployment risks. Yet the
capital-skill complementarity hypothesis suggests that FDI inflows can upgrade industries
and technologies in foreign-funded firms [46,47], increasing the demand for high-skilled
labor, or reducing low-skilled workers. Consequently, ERs amplify contraction in overall
employment via restricting FDI inflows and crowding out domestic firms, while promoting
improvement in employment structure through skill-biased realignment.

H4. ER mediates employment scale and structure through FDI inhibition.

3.3. The Nonlinear Impact of ER on Employment

The existing literature tends to discuss the Cost Effect, Pollution Haven Effect, and
Innovation Compensation Effect of ER in isolation, such fragmented approaches overlook
the dynamic interplay among these forces. Therefore, we integrate them into a unified
dynamic evolution framework to investigate the nonlinear impact of ER on employment,
positing that the net effect of ER on employment depends on whether the Cost Effect or
the Innovation Compensation Effect dominates, and the ultimate direction is determined
by the relative strength of these two opposing forces in specific contexts [11]. Focusing
on the YREB—a region characterized by a high concentration of polluting industries,
numerous resource-based cities, intense intergovernmental performance competition, and
significant inter-provincial labor mobility barriers—we observe that in the early stages of
ER implementation, the Cost Effect rapidly takes precedence due to the high share of heavy
and chemical industries, strong asset specificity, and substantial sunk costs of industrial
transformation, which often force small firms, already burdened by high compliance costs,
to curtail production and erode their market share [27]. This contractionary pressure is
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further exacerbated by neighboring regions’ race-to-the-bottom regulatory practices aimed
at attracting mobile capital. As empirically confirmed by Li et al. (2024), ER exerts a
significant negative impact on local employment levels during this phase [48]. At this
juncture, the Innovation Compensation Effect remains insufficient to offset the contraction,
largely because technological absorption and capability building are subject to considerable
time lags [49]; consequently, the suppressive effect dominates.

The rapid advancement of digital technologies has injected new momentum into
the potential for ER to promote employment. A systematic review by Eslamipoor (2026)
indicates that artificial intelligence (Al), the Internet of Things (IoT), blockchain, big data,
and machine learning are fundamentally reshaping resource management and governance
efficiency, significantly enhancing environmental benefits while simultaneously generating
employment opportunities at the societal level [50]. In the process of implementing ER
at YREB, local governments can leverage digital platforms to publicly disclose firm-level
emission data, compliance costs, and the progress of green technology adoption, thereby
improving policy transparency and predictability. These measures will enable enterprises
to gradually overcome regulatory barriers, cross a critical threshold, reduce excessive
reactions to regulatory uncertainty, and mitigate undue employment contraction, specif-
ically by diminishing the inhibitory effect of ER on the expansion of employment scale.
Complementing this, Jing et al. (2023) empirically demonstrated a complex U-shaped
relationship between ER and employment, with effects varying significantly along the
curve’s trajectory [51]. Meanwhile, as regulatory stringency accumulates and eventually
crosses a critical threshold, sustained technological investment and policy pressure enable
polluting-intensive firms to break through technological barriers. Green product innovation
and process improvements begin to yield competitive market advantages, while vertical
industrial chain specialization (e.g., upstream-midstream—downstream coordination) and
cross-city knowledge spillovers gradually materialize. These dynamics collectively facili-
tate the reallocation of labor from traditional sectors to emerging green industries [52], and
this structural optimization exhibits increasing marginal effects.

H5. The impact of ER exhibits threshold-based nonlinear characteristics. Specifically, the suppres-
sive effect on employment scale demonstrates diminishing marginal effects, while the optimizing
effect on employment structure shows increasing marginal effects.

As shown in Figure 1, this figure illustrates the theoretical framework of our study.
ER influences employment through three mediating channels: ISU, GV, and FDI. These
mechanisms jointly shape two employment outcomes: employment scale and employment
structure. Furthermore, the effects of ER on employment exhibit threshold-based nonlinear
characteristics: the suppressive effect on employment scale demonstrates diminishing
marginal effects, while the optimizing effect on employment structure shows increasing
marginal effects as regulatory intensity increases.

: ISU : : {

e e

: ' : : effects !
D = |
: : i | employment structure » i

' effects '

FDI : :

Figure 1. The theoretical framework of ER on employment.
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4. Model Construction and Variable Definition

4.1. Modeling
4.1.1. Benchmark Regression Model

To examine the impact of ER on employment, the benchmark regression model can be
formulated as follows:

laborj; = g + 1 ERjt + apcontrolis + wy + At + €t (1)

where

° oy is the constant term;

e  ERj; represents core explanatory variable;

e labor;j; is the dependent variable, including employment scale (labor_zl) and employ-
ment structure (labor_jg);

e  control; are a series of control variables, including financial development, government
expenditure, urbanization level, etc.;

e p; and A are city fixed effects and year fixed effects, respectively;

e ¢ is the random error term.

4.1.2. Mediating Effect Model

In line with the recommendations of Jiang (2022) regarding mediating effect analy-
sis [53], and given that a substantial body of literature has empirically established the effects
of ISU, GV, and FDI on employment [22,29,32,54], we focus primarily on examining the
impact of ER on these three channels. This allows us to explore the transmission pathways
through which ERs influence employment. Accordingly, building on Model (1), we specify
Model (2) to conduct the mediating effect test.

emp;, = Bo + B1ER;; + Bpcontroli + pj + At + it (2)

where

e (g, Yo are constant terms;
e emp, is the mediating variable, including ISU, GV, and FDI;
e  The remaining variables are consistent with Model (1).

4.1.3. Threshold Regression

To examine the nonlinear relationship between ER and employment, this paper em-
ploys a panel threshold regression model, which allows the effect to vary across different
regimes based on a threshold variable:

labory; = 6p + 01ER;; x I(Mid < 1) 4 6,ER;e x [(Mid > T)+03controlit + 1 + At + €t 3)

where

e 0O is the constant term;

e  I(x) represents the indicator function, which assumes a value of 1 when the expression
within parentheses is true and 0 otherwise;

e  Mid represents a threshold variable, including ER;

e  The remaining variables are consistent with Model (1).
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4.2. Variable Definitions
4.2.1. Predicted Variables

Employment Scale (labor_zl). Measured by the number of employed persons in an
urban area. This indicator comprehensively covers the employment situations of various
industries and forms of ownership, enabling direct and comprehensive comparison and
assessment of basic employment conditions. Therefore, this paper adopts the number
of employed persons in prefecture-level cities from 2011 to 2022 as the measurement of
employment scale [55].

Employment Structure (labor_jg). Measured by the ratio of employed persons in the
tertiary industry to those in the secondary industry. The concept of employment structure is
highly comprehensive and can be categorized from various perspectives, roughly including
the urban-rural structure of employment, the industrial structure of employment, and the
technological structure of employment. Drawing on the research by Xiao et al. (2022), this
paper measures the employment structure from an industrial perspective [56], using the
ratio of employees in the tertiary sector to those in the secondary sector as a measurement
indicator, it reflects the transformation of the manufacturing industry from “production-
oriented manufacturing” to “service-oriented manufacturing”, which can effectively reflect
the degree of urban employment structure transformation.

4.2.2. Explanatory Variable

ERis the core explanatory variable. This paper adopts the entropy method for measure-
ment. Drawing on the construction of comprehensive environmental regulatory indicators
from previous studies and considering the availability of data on prefecture-level cities
in the YREB, we adopt the measurement method proposed by Xiao et al. (2024) on the
measurement of ER [8]. Firstly, the four individual indicators of industrial sulfur dioxide
emissions, industrial soot (dust) emissions, centralized treatment rate of sewage treatment
plants (%), and harmless treatment rate of domestic garbage (%) are standardized. Secondly,
the weight coefficients of each individual indicator are calculated. Finally, the ER intensity
is obtained by weighted summation. A higher value of this indicator indicates stricter local
ER. The specific calculation method is as follows:

Step 1, the data standardization process is as follows:

For positive indicators:

Xij - mlnxij

Xjj = ————— (4)
maxxi]- — mmxij

For negative indicators:
maxxij - Xij

maxxjj — minx;
where

e  xjj is the value of the j — th indicator in region I;
e  X; is the standardized value.

To eliminate the influence of zero values, add a minimum unit value 3 = 0.0001 to the
standardized data to obtain X'.
Step 2, normalization processing:
XL

Pj= ——— (6)
) ?:1 X{j
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Step 3, calculate entropy value:
1 n
E] = —mzl Pij X In Pi]' (7)
1=
Step 4, calculate redundancy of entropy value:
Di=1-E 8)
Step 5, calculate weight:
W= e ©)
J E]H:l 1 D].
Step 6, calculate the environmental regulation index of the YREB:
m
Gj =) Wj x X (10)
J

4.2.3. Mediation Variables

Industrial Structure Upgrading (ISU). In the development of various cities, as the
industrial structure shifts from a basic form to a more advanced one, it plays a huge role
in advancing employment levels in cities. Therefore, this paper adopts the ratio of the
added value of the tertiary industry to that of the secondary industry as the measurement
metric [29,45].

Green Innovation (GV). Green technology adoption exhibits dual effects on employ-
ment: substitution effects (eliminating high-pollution jobs) and compensation effects (cre-
ating new jobs). It serves to elucidate the divergent employment trajectories observed
across various industrial sectors while providing critical evidence for the assessment of
“environment-employment win-win” policies. In comparison to the number of green
patent authorizations in each urban area, the number of green patent applications can
better reflect an urban area’s level of green technological innovation. Consequently, the
number of green patent applications is adopted as the measure [57].

Foreign Direct Investment (FDI). Opening up to the outside world is conducive to
technological exchanges between China’s various regions and different countries, thereby
advancing high-quality economic development. However, it may also lead to the relocation
of some high-carbon emission industries, potentially affecting labor employment in China.
Therefore, the amount of FDI in the YREB is transformed into RMB using the annual average
exchange rate, and the level of FDI is measured by its ratio to the regional GDP [1,44].

4.2.4. Control Variables

In accordance with the selection of control variables in existing studies, the following
control variables have been selected.

1.  Government expenditure (Gover), measured by the ratio of general budgetary expen-
diture of local governments to regional GDP.
2. Urbanization level (Urban), measured by the urbanization rate.

W

Economic development (gdp), measured by per capita regional GDP.

4. Medical development (Doctor), measured by the ratio of doctors to the total permanent
resident population.

5. Industrial intelligence (Al), measured by robot installation density.

https:/ /doi.org/10.3390/sul8157517
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4.3. Data Source

Our initial sample consists of 106 prefecture-level cities in the YREB from 2011 to
2022. The data are sourced from China City Statistical Yearbook, local prefecture-level
city statistical yearbooks, and local statistics bureaus. To ensure data completeness, we
excluded seven cities (Chaohu, Pu’er, Simao, Bijie, Jingsha, Tongren and Xiangyang) due to
a high proportion of missing data for key variables (exceeding 5% of the sample period
for key variables). For other cities, individual missing data were filled using the linear
interpolation method. Specifically, the proportion of individual missing data does not
exceed 5%, and there are no consecutive missing sequences lasting more than three years.
Although linear interpolation may slightly reduce data variance, considering the proportion
and distribution of missing values, this method does not substantially affect the primary
empirical results. Table 1 presents the results of the descriptive statistical analysis.

Table 1. Descriptive statistics.

Variables N Mean S.D. Min Max
labor_zl 1272 66.975 99.204 7.796 986.870
labor_jg 1272 1.376 0.940 0.199 8.293

ER 1272 0.957 0.060 0.609 0.9998
Gover 1272 0.193 0.079 0.076 0.675
Urban 1272 0.558 0.130 0.182 0.896
Doctor 1272 23.248 10.178 5.963 70.024

Al 1272 5.474 4.087 0.187 25.346

gdp 1272 5.890 3.547 0.888 19.902

5. Analysis of Empirical Results
5.1. Benchmark Regression Results

Table 2 presents the results of the benchmark regression. All explanatory and control
variables were analyzed using the variance inflation factor (VIF), and all VIF values were
below 10, with a mean of 2.880, indicating that there were no multicollinearity issues. The
Hausmann test results show that a bidirectional fixed-effect model should be adopted.

The impact of ER on employment scale. Columns (1) and (2) report the impact of ER on
employment scale. Column (1) presents results without controlling for any variables. The
coefficient on ER is negative and statistically significant at the 5% level, equal to —137.560, A
one-unit increase in ER reduces employment by 137.560 workers, indicating that stringent
ER suppresses employment growth. In Column (2) we add additional control variables.
The coefficient on ER remains significant, which demonstrates that the inhibitory effect of
ER on the expansion of employment scale persists even after controlling for other potential
factors. The results suggest that, within the YREB, stricter ER imposes additional costs
related to pollutant emissions and compliance. To reduce costs, firms either reduce their
market share or relocate to regions with laxer regulations, leading to a reduction in local
employment scale. These results thus empirically support Hypothesis H1.

The impact of ER on employment structure. Columns (3) and (4) report the impact
of ER on employment structure. Column (3) presents results without controlling for any
variables. As shown, the coefficient on ER is positive and statistically significant at the 10%
level (x = 0.784). For every unit increase in ER, the employment structure improves by
0.784%, implying that stringent ER positively affects the optimization of the employment
structure. The coefficient on ER remains significant after including all control variables, as
shown in Column (4), which demonstrates that the positive effect persists after controlling
for other potential factors. Specifically, stringent ER reduce employment in high-pollution
or high-energy-consuming industries, while driving a shift in the employment structure
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from the secondary industry to the tertiary industry. These results reflect a reallocation of
labor resources and an improvement in the employment structure. Therefore, stricter ER
have a positive effect on optimizing the employment structure. These results thus support
Hypothesis H1.

Table 2. Benchmark regression results of ER on employment.

Employment Scale Employment Structure
Variables (4] () (3) @)
labor_zl labor_zl labor_jg labor_jg
ER —137.560 ** —132.701 ** 0.784 * 0.800 **
(—2.33) (—2.19) (1.92) (2.00)
Gover 18.026 —2.210**
(0.61) (—2.39)
Urban 2.962 —1.420 ***
(0.12) (—2.99)
Doctor 0.055 0.014 ***
(0.26) (3.21)
Al 0.813 —0.002
(1.41) (—0.20)
gdp 1.372 —0.047 **
(1.02) (—2.45)
_cons 198.629 *** 175.045 *** 0.626 1.791 ***
(3.49) (3.05) (1.61) (3.64)
City FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
N 1272 1272 1272 1272
R? 0.894 0.894 0.790 0.797

¥p<0.1,* p <005, p<00L.

Regarding the estimated results for the control variables, the coefficients for economic
development on the expansion of employment scale are positive, while their coefficients on
the optimization of employment structure are negative. This indicates that improvements
in economic development lead to employment expansion but may worsen the employment
structure. The coefficients for government expenditure level and urbanization level on
employment structure are negative, indicating that government expenditure is overly
concentrated on heavy industry firms. Moreover, the urbanization process leads to an
imbalanced distribution of resources, inhibits the development of industries with a high
degree of marketization, and results in employment rigidity. The coefficient for the medical
development on employment is positive, indicating that the pulling effect of medical
development level on employment scale is limited. Nevertheless, the high-quality jobs
created by the medical industry itself are technology-intensive and will, to some extent,
optimize the employment structure. The coefficient for industrial intelligence on the
expansion of employment scale is positive, while its coefficient on the optimization of
employment structure is negative, though not statistically significant, which indicates that
the level of industrial intelligence exerts a modest positive effect on employment scale and
a potential inhibitory effect on the optimization of employment structure.

5.2. Robustness Testing

Winsorization. Referring to the research by Lu et al. (2025), to reduce the influence of
extreme values on the research results, all observations were winsorized at the 1% and 99%
levels [37]. Columns (1) to (4) of Table 3 report the fixed-effects results after the data were
winsorized. Consistent with the main results, the coefficient of ER on employment scale
remains significantly negative, regardless of the inclusion of control variables, whereas
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the coefficient on employment structure remains significantly positive. This pattern shows
that ER inhibits the expansion of employment scale and optimizes employment structure,
thereby confirming the robustness of the benchmark regression results.

Table 3. Robustness tests results.

Winsorization Core Explanatory Variables Lag One Period
Variables (1) (2) (3) @ (5) (6) (7) 8)
labor_zl labor_zl labor_jg labor_jg labor_zl labor_zl labor_jg labor_jg
ER —56.239 ** —49.712* 0.462 % 0.529 *
(—2.14) (—1.82) (1.71) (1.74)
ER(-1) —145.208 **  —144.189 ** 1.164 *** 1.165 ***
(—2.56) (—2.53) (2.96) (2.93)
_cons 119.544 *** 94.285 *** 0.914 *** 1.862 *** 206.888 ***  198.126 *** 0.275 1.452 ***
4.72) (3.43) (3.52) (4.47) (3.81) (3.38) (0.74) (2.81)
Control No Yes No Yes No Yes No Yes
City FE Yes Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes Yes
N 1272 1272 1272 1272 1166 1166 1166 1166
R? 0.935 0.936 0.831 0.836 0.902 0.903 0.815 0.824

*p<0.1,*p<0.05 **p <0.01.

Lagged Explanatory Variable. Referring to the research by Wang et al. (2025), lagged
variables can effectively alleviate concerns about reverse causality [58], confirming the
reliability of our core conclusion. Therefore, Columns (5) to (8) of Table 3 report the
results with the core explanatory variables lagged by one period. Columns (5) and (6)
show the regression results for employment scale, and the coefficients on the lagged ER
remain significantly negative, indicating that ERs still have an inhibitory impact on the
expansion of employment scale. As presented in Columns (7) and (8), the coefficients on
ER(—1) are both significantly positive, indicating that the lagged ER has a positive effect
on the optimization of employment structure, thereby confirming the robustness of the
benchmark results.

Excluding provincial capitals. Provincial capitals receive greater policy resource
allocation, which significantly influences regression outcomes. Therefore, we exclude
provincial capitals within the YREB. The results are presented in Columns (1) and (2) of
Table 4. Compared to the baseline regression, ER continues to exert a robust impact on
employment scale and structure even after excluding these cities.

Table 4. Other robustness tests results.

Excluding Provincial Capitals Eliminate Policy Interference
Variables (1) @) 3) @
labor_zl labor_jg labor_zl labor_jg
ER —135.069 ** 0.838 ** —44.754 *** 0.730 *
(—2.15) (2.03) (=2.79) (1.95)
_cons 167.249 *** 1.895 *** 88.789 *** 1.855 ***
(2.82) (3.75) (4.11) (3.68)
Control Yes Yes Yes Yes
City FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
N 1164 1164 977 977
R? 0.889 0.806 0.886 0.787

¥p<0.1,* p <005, p<0.0L.
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Eliminate policy interference. Referring to the research by Wang et al. (2025), since
the estimates may be biased due to interference from other policies during the sample
period [59], we reviewed the “Announcement on Implementing Special Emission Limits
for Air Pollutants” issued by the Ministry of Ecology and Environment of the People’s
Republic of China in 2013, along with the “Three-Year Action Plan for Winning the Blue Sky
Defense Campaign” released in 2018. Both of these documents explicitly designated cities
subject to special emission limits as key control areas. To eliminate potential interference
from these key cities on the results, we excluded relevant cities within the key control areas.
The results are presented in Columns (1) and (2) of Table 4. Compared with the baseline
regression results, the conclusions remain robust.

Endogeneity Issues. Table 5 presents the results of the endogeneity analysis. To
address potential endogeneity issues, we adopt an instrumental variable (IV) approach
following Shi et al. (2024) [15]. The air circulation coefficient serves as our instrument
for ER. This time-invariant variable is interacted with regulatory measures in the model
specification. The selection rationale satisfies key conditions. First, a higher air circulation
coefficient, indicating greater atmospheric dispersion capacity, is correlated with stricter
environmental enforcement, establishing relevance for an instrumental variable. Second,
from an exogenous perspective, as discussed by Ma et al. (2024) [16], the air circulation
coefficient is determined by both average wind speed and atmospheric boundary layer
height. Both of these factors are governed by natural conditions and do not directly affect
labor productivity.

Table 5. Results of endogeneity analysis.

First Stage Second Stage
Variables :
Environmental Employment
Regulations Employment Scale Structure
ER —112.836 ** 2.044 **
(—2.58) (2.54)
v 0.0001 ***
Control (10.19) Yes Yes
City FE Yes Yes Yes
Year FE Yes Yes Yes
N 1272 1272 1272
Kleibergen—Paap rk .
LM test 72.537
Cragg-Donald 301.277
Wald F test [16.38]

**p <0.05,**p<0.01.

As shown in Table 5, the K-P LM test yields a p-value below 0.01, indicating that
there is no issue of under identification of the IV. The CDW F statistic surpasses the critical
value at the 10% level, indicating that there is no issue of weak instrument problem and
that the instrument is strongly correlated with ER. In the first stage, the IV (air circulation
coefficient) is significantly and positively correlated with ER. The second-stage results show
that the coefficient on ER is significantly negative, while the coefficient on employment
structure is significantly positive, consistent with the benchmark regression.

5.3. Heterogeneous Analysis

Regional Heterogeneity. Table 6 presents the results after accounting for regional
heterogeneity. The YREB spans the eastern, central, and western regions of China, we
divide it into two subsamples: the upper—-middle reaches and the lower reaches. The
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upper-middle reaches include Chongqing, Sichuan, Guizhou, Yunnan (upper reaches), as
well as Jiangxi, Hubei, and Hunan (middle reaches). The lower reaches comprise Shanghai,
Jiangsu, Zhejiang, and Anhui. This paper conducts a heterogeneity analysis across the two
segments of the YREB. Columns (1) and (2) show that in the upper—middle reaches, the
coefficient of ER on employment scale (labor_zl) is —185.649, significant at the 1% level,
while its coefficient on employment structure (labor_jg) is 0.674, significant at the 10%
level. This indicates that in the upper-middle reaches, stricter ER significantly reduces the
employment scale but simultaneously exerts a positive effect on optimizing the employment
structure. Columns (3) and (4) show that in the lower reaches, the coefficient of ER on
employment scale is 59.232, but it is not statistically significant; however, the coefficient
on employment structure is 1.298, which is positive and significant at the 1% level. This
suggests that in the lower reaches, stringent ER does not reduce total employment, but
rather significantly promotes the optimization of the employment structure. The reason
lies in the fact that the lower reaches are dominated by finance, technology, high-end
manufacturing, and modern service industries, and their industrial structure possesses
a strong capacity for innovation absorption. As a result, the “Innovation Compensation
Effect” of ER can be fully realized, thereby expanding employment scale while optimizing
employment structure. Zhou (2020) pointed out that when the industrial structure has been
optimized to a certain degree, the effect of ER on employment shifts from suppression to
promotion [60], a view consistent with our findings for the lower reaches. In summary, the
impact of ER on employment exhibits significant regional heterogeneity.

Table 6. Regression results of regional heterogeneity.

Upper—-Middle Reaches Lower Reaches
Variables (1) 2) 3) @)
labor_zl labor_jg labor_zl labor_jg
ER —185.649 *** 0.674* 59.232 1.298 ***
(—5.76) (1.70) (1.64) (2.62)
_cons 246.675 *** 2.745 *** 6.610 1.061 *
(5.20) (4.69) (0.15) (1.77)
Control Yes Yes Yes Yes
City FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
N 780 780 492 492
R? 0.820 0.787 0.970 0.896

Fp<0.1, " p<0.01.

Heterogeneity in ER Intensity. Table 7 reports results that account for heterogeneity in
ER intensity. To examine the effect of ER intensity on employment, regions are categorized
into two groups: those with intensity below the median are defined as low-intensity ER
regions, and those with intensity above the median are defined as high-intensity ER regions.
Columns (1) and (2) demonstrate that ER is significant at the 5% level for employment scale
and at the 1% level for employment structure. Compared with the full sample, regions
with low-intensity ER exhibit an inhibitory effect of increasing regulatory intensity on
employment expansion and a positive effect on optimizing the employment structure, with
both effects being significant. Moreover, the inhibitory effect on employment expansion
is significantly stronger in low-intensity regions than in high-intensity regions. Columns
(3) and (4) show results for high-level-intensity regulation regions: increases in ER inten-
sity have a positive impact on both employment expansion and employment structure
optimization, but these effects are not statistically significant.
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Table 7. Regression results of heterogeneity in ER intensity.

Variables

Regions with Low-Level of ER  Regions with High-Level of ER

(W) (2) 3 @)
labor_zl labor_jg labor_zl labor_jg
ER —296.933 ** 1.268 *** 4.003 3.280
(—2.42) (2.69) (0.03) (0.65)
_cons 316.086 *** 0.288 43.045 -0.877
(2.78) (0.72) (0.34) (—0.18)
Control Yes Yes Yes Yes
City FE Yes Yes Yes Yes
Year FE Yes No Yes Yes
N 636 636 636 636
R? 0.902 0.752 0.888 0.843

) <0.05, 7 p < 0.01.

Heterogeneity of Urban Size. Table 8 reports results that account for heterogeneity in
urban size. According to China’s population-size classifications, medium-sized cities and
small cities are merged into “small and medium-sized cities,” with the remaining cities
classified as large cities. Columns (1) to (4) demonstrate that ER exerts an impact on both
employment scale and employment structure, regardless of whether the cities are large
or medium-sized. In comparison to small and medium-sized cities, stringent ERs in large
cities have a stronger inhibitory effect on employment scale and a weaker positive effect
on employment structure. The reason is that resource allocation in large cities is relatively
more complete; once ER policy changes, it readily disrupts the existing balance, which
places greater pressure on optimizing the employment structure while simultaneously
exacerbating the inhibitory effect on employment scale.

Table 8. Regression results of urban size heterogeneity.

Small and Medium-Sized Cities Large Cities

Variables §)) @) 3) @
labor_zl labor_jg labor_zl labor_jg
ER —14.537 0.910 * —240.845 ** 0.894 *
(—1.57) (1.92) (—2.50) (1.66)
_cons 45.258 *** 1.643 *** 308.058 *** 1.507
(4.49) (2.94) (2.91) (1.63)
Control Yes Yes Yes Yes
City FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
N 678 678 594 594
R? 0.857 0.811 0.888 0.783

*p<0.1,*p<0.05***p<0.01.

5.4. Mechanistic Analysis

Table 9 examines the effect of the mechanistic analysis. As shown in Column (1), the
coefficient of ER on ISU is 0.404 and statistically significant at the 5% level, indicating
that stringent ER have a positive impact on ISU and promote the evolution of regional
industrial structure towards a more advanced direction. Previous studies generally hold
that when ER reduces employment in polluting industries, structural adjustment increases
the demand for high-skilled labor through productivity gains [61]. This process partially
offsets the negative impact on overall employment while reducing reliance on simple
manual labor, thereby optimizing the employment structure, this finding is consistent with
He et al. (2025) [32]. Thus, Hypothesis H2 is verified.
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Table 9. Regression results of mechanism.

Variables I(;I)J g\), F(ls))l
ER 0.404 ** 0.667 ** —0.012 ***
(2.20) (2.44) (—2.87)
_cons 1.084 *** 4,495 *** 0.028 ***
(5.25) (13.69) (4.42)
Control Yes Yes Yes
City FE Yes Yes Yes
Year FE Yes Yes Yes
N 1272 1272 1272
R? 0.886 0.970 0.817

<005, 7 p <001

As shown in Column (2), the coefficient of ER on GV is 0.667 and statistically significant
at the 5% level, indicating that stringent ER compels firms to pursue eco-innovation and
effectively stimulates their green technological innovation activities. As a key form of
technological progress, GV can mitigate the effects of increased regulatory pressure on
pollution abatement only when it is fully integrated into the entire production process [54].
This process generates new, green-oriented jobs that require specialized skills [22], which
in turn improves the employment structure and alleviates the negative employment scale
impact of regulations. Consequently, Hypothesis H3 is verified.

As shown in Column (3), the coefficient of ER on FDI is —0.012 and statistically
significant at the 1% level, indicating that heightened compliance costs deter pollution-
intensive foreign projects, thereby suppressing FDI inflows. Liao et al. (2021) point out
that FDI inflows not only directly create job opportunities but also affect the quantity and
quality of employment through technology spillovers and industrial linkages [42]. Our
results suggest that ER, by reducing FDI inflows, weakens the employment-creation effect
of foreign capital, thereby exerting an indirect negative influence on employment scale. On
the other hand, the reduction in FDI may force domestic firms to strengthen independent
innovation and industrial upgrading, thus indirectly optimizing the employment structure.
Therefore, Hypothesis H4 is supported.

5.5. Threshold Effect Analysis

Table 10 reports the test results for the single and double thresholds. This paper
employs the Bootstrap method with 500 repetitions to derive LM statistics, F-value and
p-value for threshold testing. The results indicate that when ER stringency serves as the
threshold variable, both the single and double thresholds are statistically significant for
employment scale (labor_zl), while for employment structure (labor_jg) only the single
threshold is significant. Table 11 presents the threshold estimates along with their 95%
confidence intervals. As shown in Table 11, for employment scale, the two thresholds are
0.8994 (with a 95% confidence interval of [0.8837, 0.9052]) and 0.9116 (with a 95% confidence
interval of [0.8975, 0.9164]). For employment structure, the single threshold is 0.9915 (with
a 95% confidence interval of [0.9909, 0.9917]). Figures 2 and 3 present likelihood ratio
statistics for both relationships. As shown in the figures, there are clear threshold effects in
the model.
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Table 10. Significance test of the threshold effect.

Threshold Predicted Number of F p BS Critical Values
Variable Variables Thresholds 10% 5% 1%
Single 30.54 0.016 500 19.1310  21.9633  35.3936
labor_zl Double 30.76 0.054 500 228524 322273 44.2515
ER Triple 10.36 0.708 500 39.7237  47.9499  64.9606
labor - Single 64.60 0.028 500 50.6294 585364  74.8066
-8 Double 15.79 0.188 500 19.5382  23.9785  34.2133

Table 11. Threshold estimation and confidence intervals.

Threshold Variable Predicted Variables Threshold Value Confidence Intervals of 95%
lab 1 Single 0.8994 [0.8837, 0.9052]
ER abor_z Double 0.9116 [0.8975, 0.9164]
labor_jg Single 0.9915 [0.9909, 0.9917]
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Figure 2. Likelihood comparison chart of employment scale.
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Figure 3. Likelihood comparison chart of employment structure.
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Table 12 shows the regression results of the threshold effect. For employment scale,
two thresholds divide ER into three regimes. When the regulatory stringency is low
(ER < 0.8994), the coefficient is —315.188; when it is moderate (0.8994 < ER < 0.9116), the
coefficient is —275.069; when it is high (ER > 0.9116), the coefficient is —258.724. The abso-
lute values of the coefficients gradually decrease as the intensity of ER increases, and all
three coefficients are statistically significant. These findings indicate that as ER stringency
intensifies, polluting firms progressively adapt to compliance pressures. Consequently,
the suppressive effect on employment expansion diminishes marginally, revealing a con-
cave relationship characterized by progressively smaller employment reductions per unit
increase in regulatory intensity. For employment structure, a single threshold splits ER
into two intervals. When regulations are lenient (ER < 0.9915), the coefficient is 1.433;
when regulations are becomes stricter (ER > 0.9915), the coefficient rises to 1.698, with both
coefficients being statistically significant. The absolute value of the coefficient gradually
increases as the intensity of ER rises. This indicates that once the intensity of ER exceeds the
first threshold value, the industrial structure of firms can be effectively adjusted, and the
positive effect on optimizing the employment structure is further strengthened, showing a
nonlinear impact with increasing marginal effects. Hypothesis H5 is verified.

Table 12. Threshold regression results.

Employment Scale Employment Structure
Variable 1) )
labor_z1 labor_jg
. —315.188 ***
ER (Mid < 0.8994) (—7.84)
. —275.069 ***
ER (0.8994 < Mid < 0.9116) (—7.85)
. —258.724 ***
ER (Mid > 0.9116) (=7.73)
ER (Mid < 0.9915) 1'(4535'5)
. 1.698 ***
ER (Mid > 0.9915) (6.39)
_cons 324.542 *** —0.079
(9.81) (—0.30)
N 1272 1272
R? 0.053 0.110

<001

6. Conclusions and Implications
6.1. Research Conclusions

ER, as a critical policy instrument for advancing green development, has a profound
impact on employment while fostering high-quality development. Based on theoretical
analysis, this paper analyzes the effects and mechanisms of ER on employment scale and
structure. We find that strengthening ER significantly suppresses employment expansion
while simultaneously optimizing employment structure. The result that ER reduces em-
ployment is consistent with the study by Raff et al. (2019) [62] and is further corroborated
by Amjadi et al.’s (2025) research, which demonstrates a significant negative impact of ER
on employment levels in the paper and pulp industries [10]. Unlike a single negative effect,
Piekkola et al.’s (2025) research results support Porter’s hypothesis [30]. The shift from
secondary to tertiary employment induced by ER resembles a form of job polarization,
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where routine-intensive manufacturing jobs decline while service-oriented and knowledge-
intensive jobs expand. In comparison, our threshold-effect analysis reveals that ER has
nonlinear effects with diminishing marginal effects on employment scale, while it exhibits
nonlinear effects with increasing marginal effects on employment structure. Heterogeneity
analysis demonstrates stronger scale-suppression effects in the Upper—-Middle Yangtze
zones, in regions with low regulatory stringency, and in large cities. Conversely, structural
optimization dominates in the Lower Yangtze zones and in small and medium-sized cities.
The uneven employment effects across regions highlight a potential equity concern: cities
already facing economic disadvantages may bear a disproportionate employment burden
from ER. This finding underscores the need for place-based policies that compensate losing
regions, a key theme in sustainable urban transitions literature. Mechanistic analysis re-
veals three transmission channels: advancement of ISU, acceleration of GV, and attraction
of FDI. In sum, these findings suggest that ER does not pose a static trade-off between
ecological protection and urban employment. Instead, it triggers a dynamic transformation
process: when regulatory rigor exceeds a certain threshold, short-term job losses can be
offset by long-term structural benefits, thereby steering the urban labor market toward
greater sustainability.

Furthermore, our results also carry important implications for China’s export policy
and its international positioning. As ER raises production costs in polluting sectors,
export-oriented firms may face a short-term competitiveness loss, potentially reducing
their market share in price-sensitive foreign markets. However, the concurrent stimulus
to GV and ISU can enhance the long-term quality of China’s exports, enabling domestic
firms to comply with the increasingly stringent environmental standards imposed by
developed economies. This alignment with global green trade norms could improve
China’s reputation as a responsible trading partner and facilitate its participation in
international climate negotiations.

6.2. Policy Implications

First, local governments should adopt a phased and adaptive implementation ap-
proach rather than one-size-fits-all stringency. Specifically, in regions with high dependence
on polluting industries, particularly resource-based cities and areas with initially low reg-
ulatory intensity, where the scale-suppressing effect is most pronounced, policymakers
should devise gradual phase-in schedules. These timelines would allow firms sufficient
time to adjust their production processes and labor arrangements. Concurrently, these
transition periods should be accompanied by targeted retraining programs for displaced
workers, with a focus on skills required in emerging green sectors. Such measures would
mitigate short-term job losses while facilitating long-term structural adjustment.

Second, governments should offer direct financial support for industrial upgrading
and green innovation, including low-interest loans or subsidies to small and medium-sized
enterprises (SMEs) adopting certified green technologies, and accelerated depreciation for
firms that reduce emission intensity. At the same time, targeted policies should be adopted
to attract environmentally friendly foreign investment and guide foreign capital toward
low-carbon, high-skill sectors. These measures would jointly mitigate financial constraints
and preserve employment opportunities.

Third, governments should build cross-regional cooperation platforms with clear
operational protocols. Specifically, we recommend launching pilot inter-provincial envi-
ronmental supervision platforms in each city of the YERB, with quarterly data sharing on
ER implementation and employment outcomes. These platforms should include a joint
enforcement task force and standardized reporting templates. This reduces redundant
policy efforts and accelerates effective employment-friendly ER practices across regions.
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Fourth, policies should be regionally differentiated based on explicit local conditions.
Central authorities should require each prefecture-level city to publish a biennial “Key
Development Catalog” aligned with local resource endowments, labor skills, and industrial
clusters. Simultaneously, by promoting vertical specialization and cross-regional industrial
chain collaboration, the YERB can achieve regional complementarity, ecological protection,
and high-quality full employment simultaneously. Our findings can help policymakers
have a more comprehensive understanding of the causes of employment adjustment and
further evaluate the Chinese economic growth model.
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