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Green finance for sustainable development:
analyzing the effects of green credit on high-
polluting firms' environmental performance
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This study empirically evaluates the environmental impact of China's 2012 Green Credit
Guidelines on high-polluting firms, utilizing a panel dataset of A-share listed companies
spanning 2006-2022. Applying a Difference-in-Differences (DID) framework, the analysis
employs Bloomberg's ESG environmental score—which comprehensively captures resource
efficiency, pollution abatement, and ecological conservation—as a proxy for environmental
performance. The findings reveal a statistically significant improvement of 2.3-3.7 points in
environmental scores attributable to the policy intervention. According to Bloomberg's cali-
bration, this improvement corresponds to an estimated annual reduction of 1.2-1.8 million
tons of SOz emissions, representing 15-22% of China's mid-term (2020-2025) pollution
abatement targets. Robustness checks, including Propensity Score Matching (PSM), placebo
tests, and alternative measurements, validate the results. The paper identifies two key
mechanisms through which green credit policies affect environmental performance: financing
constraints and innovation compensation. Heterogeneity analysis shows that firms in eastern
regions, competitive industries, and state-owned enterprises (SOEs) experience greater
impacts. This paper contributes to the global discourse on sustainable development, offering
evidence of how green credit policies can improve high-polluting firms' environmental per-
formance based on their region, industry and ownership, and providing recommendations for
supporting the transition to a greener economy.
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Introduction

reen finance policies, particularly green credit, have

emerged as key instruments in global environmental

governance. Over the past two decades, governments and
financial institutions worldwide have increasingly adopted green
credit policies to curb investments in high-pollution industries
and redirect financial resources toward low-carbon technologies,
clean energy, and environmentally sustainable projects (Yao et al,,
2021). So, can these green credit policies promote industrial green
innovation, structural upgrading, and sustainable economic and
social development?

In many countries, including China, financial capital has tra-
ditionally flowed into energy-intensive sectors, spurring industrial
growth but also intensifying environmental pollution, ecological
damage, and public health risks (Balsalobre-Lorente et al., 2018).
The European Union promotes green credit through the Green
Finance Action Plan and encourages enterprises to adopt green
technologies in their economic activities, and the United States
has set up a clean energy bank to guide capital into the clean
energy sector. In a large developing country like China, green
credit policy has also gradually become an important tool to
optimize the allocation of financial resources. As early as 2007,
China’s financial administration and the Environmental Protec-
tion Administration put forward the concept of green credit,
explicitly requiring banks and other financial institutions to
establish a green credit mechanism to reduce investment in high-
pollution, high-energy-consumption industries. In 2012, the
CBIRC further issued the “Guidelines on Green Credit”, which
takes energy conservation, emission reduction, environmental
protection and other factors as the main basis for credit decision-
making. Since then, the Chinese government has introduced a
series of green credit policies to guide the flow of financial
resources to the field of ecological protection and clean energy, in
an attempt to inhibit the investment of heavily polluting enter-
prises, improve the quality of the environment, and promote the
green and sustainable development of the economy through these
measures (Li & Hu, 2014; Zhou et al., 2021).

While green credit policies have achieved notable results in
curbing pollution and improving environmental governance,
their impact on corporate behavior, particularly regarding
environmental performance (hereinafter referred to as “EP”),
remains unclear. The practical effect of green credit policy has
gradually received the attention of scholars, and a large number of
studies have explored the role of green credit policy in improving
environmental information disclosure and corporate financing
costs, investment and financing behavior, green innovation and
investment efficiency (Yao et al., 2021; Li & Hu, 2014; Zhou et al,,
2021; Zhang et al., 2024; Hu et al, 2023; Tian et al, 2024).
Research shows that green credit policies can induce a coercive
mechanism that compels firms to adopt greener technologies,
improve investment efficiency, and reduce pollution. For exam-
ple, by increasing compliance costs and regulatory pressures,
green credit policies create higher risks for pollution-intensive
investments, thereby prompting firms to adjust their investment
strategies (Zhang et al, 2022). This not only curtails reckless
investments in polluting industries but also enhances firms’
capacity to engage in green innovation and adopt sustainable
business practices (Li et al., 2023; Tian et al., 2024). Additionally,
firms seeking to access green credit are incentivized to strengthen
internal management, optimize resource allocation, and improve
operational efficiency (Li et al., 2022).

The academic literature identifies both external policy drivers
and internal organizational factors shaping corporate environ-
mental performance. Drawing on Institutional Theory (DiMaggio
& Powell, 1983), external policy drivers primarily involve
government-mandated mechanisms like green credit policies.
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Specifically, green credit regulations create isomorphic pressures
that align corporate behaviors with regulatory expectations (Guo
et al,, 2025). Empirical studies reveal that enterprises demonstrate
measurable improvements in emission reductions when facing
green credit evaluations, as evidenced by China’s differentiated
credit pricing system (Zhang et al., 2024). This aligns with the
institutional perspective that policy effectiveness depends on
enforcement intensity and legitimacy-seeking behaviors (Ning
et al, 2024; Rammelt & Gupta, 2021). However, the Porter
Hypothesis’ innovation trade-off persists: while green credit
policies may stimulate environmental innovation through finan-
cing constraints (Porter & Linde, 1995), their efficacy remains
contingent on firms’ existing resource configurations (Lei et al.,
2021). From a Resource-Based View (Barney, 1991), internal
drivers bifurcate into structural resources and dynamic cap-
abilities. Structural resources encompass tangible assets like pol-
lution control infrastructure and intangible assets such as
environmental management systems (Chen et al., 2017). Dynamic
capabilities manifest through managerial cognition in interpreting
regulatory signals and technical capacity in green innovation
absorption (Ye et al., 2023). Recent evidence further highlights
that CEOs with green backgrounds significantly enhance firms’
capacity to translate green credit incentives into high-quality
innovation outcomes (Hu & Shi, 2025). Senior executives with
environmental expertise demonstrate 23% higher efficiency in
converting green investments into performance outcomes com-
pared to conventional management teams (Zhao & Ye, 2025).
Moreover, firms possessing slack resources exhibit greater adap-
tive capacity to reconcile regulatory compliance with operational
efficiency—those maintaining R&D reserves above 5% of revenue
show 40% lower compliance costs during regulatory transitions
(Amore & Bennedsen, 2016). This resource-capability duality
explains why firms with equivalent policy exposure demonstrate
divergent EP trajectories (Nguyen et al., 2025).

This study aims to fill these gaps by conducting an empirical
analysis of the net effect of green credit policies on EP, using the
issuance of China’s 2012 Green Credit Guidelines (GCGs) as a
landmark event. Specifically, it employs the Difference-in-
Differences (DID) model to estimate the policy’s impact on
heavily polluting enterprises. Additionally, we examine two key
mechanisms—financing constraints and innovation compensa-
tion—through which green credit policies influence EP. Fur-
thermore, the study considers heterogeneity in policy effects
based on ownership structure, regional economic development,
and market competition intensity. This approach provides a more
nuanced understanding of how green credit policies shape cor-
porate behavior across different contexts, offering valuable
insights for policymakers and financial regulators aiming to
optimize green finance frameworks and enhance environmental
governance.

Compared to existing literature, this study makes several novel
contributions. First, it utilizes the environmental scores from the
Bloomberg ESG rating system to comprehensively measure EP.
Unlike prior research that focuses on specific indicators such as
green innovation or investment efficiency, this approach captures
a broader spectrum of EP, encompassing resource utilization,
pollution control, and ecological conservation. Second, it sys-
tematically analyzes the internal mechanisms through which
green credit policies affect corporate behavior, providing
empirical evidence on the roles of financing constraints and
innovation compensation. These findings contribute to the the-
oretical discourse on green finance and offer practical guidance
for improving the design and implementation of green credit
policies. The results of this study have important implications for
promoting the dual carbon goals of carbon peaking and carbon
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neutrality. By identifying the pathways through which green
credit policies influence EP, the study offers actionable insights
for enhancing policy effectiveness and fostering sustainable eco-
nomic development.

Theoretical analysis and research hypotheses

The impact of green credit policies on EP. Green credit policies
have been introduced as an innovative financial tool to promote
sustainable development by encouraging enterprises to improve
their EP. Specifically, such policies reward firms based on their
cumulative reduction in pollutant emissions, thereby incentiviz-
ing them to adopt cleaner production practices and contribute to
environmental quality improvement (Kang et al, 2020).
Empirical studies largely support the notion that green credit
policies are effective in facilitating corporate green transformation
and cleaner production (Li et al, 2018; Lin & Pan, 2024). A
positive relationship between green credit policies and EP has
been well-documented, with evidence suggesting that firms sub-
ject to green credit restrictions tend to enhance their pollution
control measures and environmental outcomes (Lai et al., 2024;
Zheng & Zhang, 2023).

Unlike traditional environmental regulations that rely heavily
on direct governmental oversight, green credit policies operate by
adjusting the financial incentives and costs faced by enterprises.
By offering differentiated loan terms and pricing structures, these
policies reduce access to financing for heavily polluting
enterprises while providing preferential financing to environmen-
tally friendly firms and projects (Ning et al., 2024). This approach
not only fosters environmental improvements but also ensures
economic returns, thus balancing environmental and economic
objectives (Zheng & Zhang, 2023). Lei et al. (2021) further argue
that appropriately designed green credit policies can optimize the
economic structure while avoiding negative impacts on overall
output and employment, thus creating a dual benefit of economic
growth and environmental protection (Lei et al., 2021). The
innovation-inducing potential of such policies, as posited by the
Porter Hypothesis, is contingent upon two prerequisites. First,
explicit long-term innovation incentives—such as technology
subsidies or green patent protections—must be institutionalized.
Second, firms must retain sufficient absorptive capacity, including
R&D investments and technological reserves, to internalize and
operationalize innovation outcomes. Empirical evidence high-
lights the risks of regulatory burden effects when policies
prioritize compliance costs over complementary incentives. For
instance, India’s Green Bank Programmer failed to stimulate
meaningful innovation due to fragmented financing channels
(Rajesh, 2022). Conversely, the EU Emissions Trading System,
which integrates market-based carbon pricing with dedicated
innovation funds (e.g., the Innovation Fund for Low-Carbon
Technologies), has successfully incentivized firms to adopt green
technologies for emission reductions (Dechezleprétre et al., 2023).
These cross-economy disparities underscore that the efficacy of
green credit policies hinges not only on the equilibrium between
regulatory constraints and innovation incentives but also on their
alignment with firm-specific resource endowments and institu-
tional ecosystems.

Nevertheless, there are concerns regarding the efficacy of green
credit policies in consistently improving EP. Some researchers
point out that China’s regulatory environment has, at times,
created the illusion of achieving both economic and environ-
mental gains, while actual progress in EP remains limited (Fu
et al,, 2020). In highly competitive markets, firms may resort to
superficial compliance measures or “greenwashing” to secure
favorable credit terms, thereby overstating their environmental
achievements without genuine improvements (Amore &

Bennedsen, 2016; Li et al, 2022). Institutional Theory further
reveals that external institutional pressures (e.g., policy compli-
ance requirements) force firms to align their behaviors with
societal expectations, while the Resource-Based View emphasizes
that internal resources (e.g., technological capabilities, managerial
expertise) determine firms’ ability to effectively respond to
policies. For example, state-owned enterprises (SOEs) exhibit
stronger responses to green credit policies due to greater
institutional constraints and resource endowments (Yue et al,,
2025). Given these mixed findings, there remains considerable
ambiguity regarding the true impact of green credit policies on
EP. Therefore, the following hypothesis is proposed:

Hypothesis 1: The implementation of green credit policies may
enhance the environmental performance of heavily polluting
enterprises.

Mechanisms through which green credit policies affect envir-
onmental performance. The relationship between green credit
policies and EP can be explained through several theoretical
mechanisms. One key pathway is the financing constraint effect,
whereby green credit policies raise the threshold for obtaining
financing by introducing EP as a critical criterion. This reduces
information asymmetry in credit markets, compelling firms to
adopt cleaner production practices as a prerequisite for obtaining
loans (Qian & Yu, 2024). By restricting the availability of financial
resources for heavily polluting enterprises, green credit policies
signal a shift toward environmentally sustainable production and
force firms to invest in pollution control and cleaner technologies,
ultimately improving their EP (Tian et al., 2022).

In addition to signaling effects, green credit policies increase
the costs of non-compliance for heavily polluting enterprises.
Faced with higher borrowing costs and reduced financing
options, such firms are compelled to phase out outdated
production capacities, reduce production scales, and adopt more
sustainable practices to offset the rising environmental manage-
ment costs (Wang et al., 2021). Empirical evidence indicates that
green credit policies have led to significant reductions in interest-
bearing debt and long-term liabilities for heavily polluting firms,
which in turn limits their scale of operation and accelerates
energy conservation and emission reduction efforts (Zhang et al.,
2024). Therefore, the following hypothesis is proposed:

Hypothesis 2: Green credit policies may enhance the environ-
mental performance of heavily polluting enterprises through the
financing constraint effect.

Conventionally, it has been argued that environmental
regulations impose regulatory burdens on firms, thereby increas-
ing their environmental compliance costs and reducing firm
performance, potentially undermining productivity and innova-
tion capabilities. However, Porter et al. posited that when firms
face environmental regulations, they may be compelled to engage
in R&D and innovation activities. By developing innovative
products in response to regulatory requirements, firms can
potentially enhance their productivity, improve product competi-
tiveness, and boost overall performance. The economic benefits
derived from technological advancements can offset the increased
compliance costs associated with environmental regulations,
achieving a win-win scenario of reduced pollution and improved
production efficiency. This phenomenon has been termed the
“Porter Effect” (Porter & Linde, 1995). Liu et al. (2025)
demonstrate that stringent environmental regulations can drive
technological innovation, which not only compensates for the
costs of environmental management but also enhances firms’
long-term competitiveness.

Green innovation capacity, which directly reflects the innova-
tion compensation effect, is positively correlated with EP. Process
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innovations aimed at improving production efficiency can lead to
significant reductions in pollutant emissions and resource
consumption (Li & Pang, 2023; Long et al., 2017). Green credit
policies support this mechanism by providing dedicated funds for
green innovation, particularly when guided by AI algorithms that
match green projects with optimal credit terms (Hu et al., 2024).
Thereby mitigating the financial burden of environmental
compliance and encouraging firms to expand their investments
in green technologies. As a result, heavily polluting enterprises are
incentivized to adopt green innovations as a means of achieving
industrial upgrading and enhancing their EP (Hu et al,, 2021; Li
et al., 2024). Additionally, by imposing financing constraints,
green credit policies create a coercive environment that compels
polluting enterprises to innovate in order to lower environmental
compliance costs and secure financing (Zhang et al, 2022).
However, not all studies confirm the effectiveness of this
mechanism. Ramanathan et al. (2010) argue that environmental
regulations may fail to stimulate sufficient green innovation to
offset the associated costs, potentially leading to reduced profit-
ability without generating significant innovation compensation
effects. Therefore, the following hypothesis is proposed:

Hypothesis 3: Green credit policies may enhance the environ-
mental performance of heavily polluting enterprises through the
innovation compensation effect.

Heterogeneity in the effects of green credit policies on envir-
onmental performance. Compared to non-state-owned enter-
prises, state-owned enterprises (SOEs) are more responsive to
national policies, actively play an exemplary role, and demon-
strate a stronger willingness to utilize credit resources to imple-
ment green production, thereby forming a synergistic mechanism
between policy transmission and resource allocation (Chai et al,,
2022; S. Tian et al., 2024). In contrast, the economic development
of non-state-owned enterprises is profit-driven, with a greater
emphasis on shareholder interests and capital return efficiency in
their decision-making mechanisms. This results in a more pro-
nounced cost-benefit trade-off in their response to green credit
policies, rendering them less affected by such policies (Yang &
Zhang, 2022). Therefore, the implementation of green credit
policies may have a more significant promoting effect on the EP
of SOEs (Jiang & Ma, 2024). The effectiveness of green credit in
compelling heavily polluting enterprises to prevent pollution and
improve EP varies asymmetrically depending on the region in
which the enterprise is located and the degree of competition in
the industry to which it belongs (Lyu et al., 2024). Compared to
the central and western regions, the eastern region has a strong
economic foundation, a relatively well-developed system, and is
entrusted with more environmental governance responsibilities
(Wu et al., 2023). Local enterprises in the eastern region face dual
pressures when implementing green credit policies: they must not
only promote industrial upgrading but also meet environmental
compliance requirements. In contrast, the central and western
regions are still in the stage of prioritizing economic growth, with
relatively fewer environmental responsibilities. Enterprises in
these regions are subject to weaker constraints from green credit
policies and enjoy more lenient policy implementation (Lei et al.,
2023). According to the concentration-profit margin hypothesis,
enterprises can effectively weaken market competition intensity
through cooperation mechanisms and by raising market entry
barriers. In a monopoly market formed in this way, enterprises
can implement high pricing strategies to obtain substantial profit
returns (He et al, 2019). In a highly concentrated market
environment, enterprises often occupy a dominant position,
accumulate high profits, and face lower financing constraints. As
a result, the implementation of green credit policies has a smaller
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restrictive effect on them (Lyu et al, 2024). Conversely, when
enterprises operate in a highly competitive market environment,
investors pay more attention to their environmental governance
factors. Therefore, heavily polluting enterprises will attach greater
importance to their own environmental governance, quickly
adapt to and improve their environmental protection measures to
meet the requirements of the market and financial institutions.
Consequently, they are more significantly impacted by green
credit policies (Lai et al., 2024; Ma et al., 2024). Therefore, the
following hypothesis is proposed:

Hypothesis 4: The positive impact of green credit policies on
environmental performance is stronger for state-owned enterprises,
firms in eastern regions, and firms in highly competitive markets
compared to non-SOEs, firms in central and western regions, and
firms in less competitive markets.

Research design

Sample selection and data sources. The panel data of A-share
listed companies from 2006 to 2022 are selected as the original
sample, with the implementation of China’s 2012 Green Credit
Guidelines serving as an exogenous event to analyze the impact of
green credit policies on the EP of heavy polluting enterprises. The
data for various variables is sourced from the financial annual
reports of listed companies, CSMAR, and CNRDS databases. To
ensure the accuracy of the empirical results, the original sample
was processed according to the practices found in existing lit-
erature: companies with ST or PT classifications, abnormal
financial conditions, severe missing financial data or key vari-
ables, and a debt-to-asset ratio not within the 0-1 range were
excluded. All continuous variables underwent Winsorize treat-
ment at the 1% and 99% quantiles to eliminate the effects of
extreme outliers. Following the approach of Huang & Lei (2021),
based on the “Announcement on Implementing Special Emission
Limits of Atmospheric Pollutants” issued by the Ministry of
Environmental Protection, enterprises are classified as heavy
polluting or non-heavy polluting. Ultimately, 1413 companies
and 14916 observations were obtained.

Variable selection

Dependent variable. Corporate EP: Drawing on the study by
Wang & Sarkis (2017), the environmental score from the
Bloomberg ESG rating system is used as a proxy for measuring
EP. The environmental dimension within the Bloomberg ESG
rating system includes indicators such as the company’s pollutant
emissions, resource consumption, and waste management. A
higher score indicates better EP of the company.

Explanatory variables. The interaction term of group dummy
variables and time dummy variables (treatxpost), which is a DID
variable, is used as the explanatory variable. Here, ‘treat’ is the
group dummy variable, distinguishing between the treatment
group (heavy polluting enterprises) and the control group (non-
heavy polluting enterprises); ‘post’ is the time dummy variable,
differentiating between the periods before and after policy
implementation.

Mediating variables. To investigate the mechanisms through
which green credit policies affect EP, mediating variables such as
the number of green patents (GP) and financing constraints (SA)
are introduced for testing. Li et al. (2018) note that applying for
green invention patents involves high technological thresholds,
requiring companies to develop, promote, and apply corre-
sponding green technologies on top of improving their product
performance. The company’s green innovation capability is
quantified by taking the natural logarithm plus one of the number
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Table 1 Variable definition table.

Variable type Variable name

Variable symbol

Variable measurement

Dependent Variable  Environmental Performance EP

Explanatory Variable Difference-in-Differences treatxpost
Variable

Mediating Variables Number of Green Patents GP
Financing Constraint Index FCA

Control Variables Debt to Asset Ratio Lev
Return on Assets ROA
Revenue Growth Rate Growth
Company Size Size
Company Age Age
Equity Nature Sen
Shareholder Concentration Largest

Environmental score from the Bloomberg ESG rating system
Product of policy dummy variable and time dummy variable

Ln (14 Number of green invention patents filed by the company)

| — 0.737 x company size 4+ 0.043 x company size*> — 0.040 x company
age|

Total debt/Total assets

Net profit/Average total assets balance

(Current period revenue — Previous period revenue)/Previous period
revenue

Ln (Total assets of the company)

Ln (Current year — Year of company establishment)

1 for state-owned companies, O for non-state-owned companies
Shareholding percentage of the largest shareholder

of green invention patents filed independently or jointly by the
company in a given year. Following the method of Hadlock &
Pierce (2010), the SA index is constructed using company size
and age to depict the degree of financing constraints faced by the
company. To examine the financing constraint effect, we measure
a firm’s financing constraints by FCA, defined as the absolute
value of the SA index. A larger FCA index indicates more severe
financing constraints.

Control variables. To effectively identify the net effect of the
implementation of China’s 2012 Green Credit Guidelines on the
EP of heavy polluting enterprises, relevant variables influencing
corporate decision-making are controlled as much as possible.
Referring to the common practices in existing research (Wang
et al, 2022; Zhang et al, 2022), the control variables selected
include Debt to Asset Ratio (Lev), Return on Assets (ROA),
Revenue Growth Rate (Growth), Firm Size (Size), Firm Age
(Age), Ownership Nature (Sen), and Shareholder Concentration
(Largest). Table 1 outlines the specific meanings of these
variables.

Model specification. The baseline regression uses the DID
method. To mitigate the endogeneity problem caused by sample
selection bias, the PSM-DID model is chosen (Farooq et al.,
2024), which can reduce the systematic differences that arise from
not using random grouping and minimize the estimation bias of
using the DID method alone. It allows for a more accurate
assessment of the effect of green credit policies on improving EP.
The baseline regression model is as follows:

EP;, = B, + P, treat;x post, + yControlsy + 6; + A, + Indtrend,, + ¢,

(1
In this model, EP;, represents the EP of company i in year t, and p
represents the industry. treat; is the policy implementation
industry dummy variable, where treat; =1 if the company
belongs to the heavy polluting industry, and treat; = 0 otherwise.
Post, is the time dummy variable for policy implementation,
where post, =1 if the year is 2012 or later, and post, =0
otherwise. The coefficient 8, measures the net effect of green
credit policies on EP. Controls, refers to a series of control
variables; §; denotes individual fixed effects, and A, represents
time fixed effects, used to control for company characteristics that
do not change over time and macroeconomic environments that
do not vary across firms. To reduce the potential impact of
industry cyclical characteristics on the estimation results, the
model includes Indtrend,, which controls for industry time
trends.

Methodology. This study systematically evaluates the net effect of
China’s 2012 Green Credit Guidelines on the EP of heavily pol-
luting firms. First, the parallel trend assumption is verified by
examining the consistency of EP trends between the treatment
group (heavily polluting firms) and the control group (non-heavy
polluting firms) during the pre-policy period (2006-2011).
Dynamic models confirm that pre-policy coefficients are statis-
tically insignificant, satisfying the prerequisite for DID analysis.
Second, baseline DID regression is adopted. The propensity score
matching-DID (PSM-DID) method is adopted to address sample
selection bias. Covariates such as firm size (Size), leverage ratio
(Lev), and profitability (ROA) are balanced using nearest-
neighbor matching (caliper =0.01). Third, robustness checks
are conducted to validate the results. Methods include placebo
tests (100 random reassignments of treatment status), alternative
matching methods (kernel and radius matching), Heckman two-
stage correction for selection bias, exclusion of COVID-19 pan-
demic years (2020-2022), substitution of the dependent variable
(environmental disclosure scores), and lagged policy variables to
mitigate reverse causality. Fourth, we test mediating mechanisms.
Financing constraints (SA index) and green innovation (green
patents, GP) are analyzed by stratifying samples based on their
median values. Finally, heterogeneity analysis explores differential
policy impacts across ownership types (state-owned enterprises,
SOEs vs. non-SOEs), regions (eastern vs. central-western China),
and market competition levels (high vs. low), reflecting the
moderating roles of institutional, geographical, and structural
factors. This framework adheres to causal inference standards,
balancing internal validity and generalizability to provide sys-
tematic evidence on the environmental governance mechanisms
of green credit policies.

Descriptive statistics. Table 2 reports the descriptive statistics of
each variable. The minimum value of EP is 0.000, and the max-
imum value is 54.274, indicating a significant variation in the EP
of Chinese listed companies during the sample period. Control
variables such as Age exhibit significant variation, with standard
deviations greater than 1. Other variables are generally consistent
with existing literature and reflect the realities of listed
companies.

Empirical results analysis

Parallel trend test. The DID method must satisfy the parallel
trend assumption, which means that before the implementation
of the green credit policy, the trends in EP of heavy polluting
enterprises and non-heavy polluting enterprises should be
consistent. Following the approach used in existing literature
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Table 2 Descriptive statistics of variables.

Variable name N Mean SD Min p25 p50 p75 Max
EP 14,916 8.438 12.361 0.000 0.000 1.571 13.652 54.274
treat 14,916 0.774 0.418 0.000 1.000 1.000 1.000 1.000
post 14,916 0.090 0.287 0.000 0.000 0.000 0.000 1.000
treatxpost 14,916 0.069 0.253 0.000 0.000 0.000 0.000 1.000
Lev 14,916 0.498 0.208 0.069 0.339 0.506 0.652 0.944
ROA 14,916 0.498 0.208 0.069 0.339 0.506 0.652 0.944
Growth 14,916 0.045 0.060 —0.189 0.015 0.038 0.073 0.225
Size 14,916 0.345 0.956 —0.692 —0.042 0.109 0.372 6.500
Age 14,916 23172 1.530 20.182 22125 23.010 24.003 28.272
Sen 14,916 2.395 0.748 0.000 2.079 2.565 2.944 3.367
Largest 14,916 0.559 0.496 0.000 0.000 1.000 1.000 1.000

10
I

Estimation of treatment effect coefficients
5
I

T_

T
LoL

2008 2009 2010 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022
Fig. 1 Parallel trend test diagram. All coefficients are insignificant pre-
policy (2006-2011). However, after 2012, the coefficients become
significant and show a clear upward trend, suggesting that the green credit
policy has had a sustained positive impact on EP.

(Ma et al.,, 2024), the pre-treatment trend test method is applied
to verify the validity of the parallel trend assumption. The specific
model is as follows:

EP, = a+ X" B, Treat® + yControls,

+ 8, + A, + Indtrend, + ¢, @
In this model, Treatj; is a relative year policy variable generated,
where n = —6 to —I represents the 4 years preceding policy
implementation (2006-2011), n = —0 marks the baseline year
(2012), and n =1 to —10 denotes post-policy years (2013-2022).
The baseline year (2012) is excluded to avoid confounding policy
anticipation effects. For heavy polluting enterprises, Treat; =1,
and for non-heavy polluting enterprises, Treat; =0. The year
prior to the implementation of the green credit policy is set as the
base year for event analysis, and P, represents the regression
coefficient relative to the base year. If 3, before the policy
implementation is not significantly different from 0, it indicates
that the parallel trend assumption is satisfied.

By plotting the estimated results of f’s within the 90%
confidence interval (Fig. 1), it can be observed that all pre-policy
coefficients (2006-2011) are insignificant (p>0.1) with 90%
confidence intervals overlapping zero, indicating that there were
no significant differences in EP between the treatment group and
the control group before the implementation of the green credit
policy, thus confirming the validity of the parallel trend
assumption. After 2012, the coefficients become significant and
show a clear upward trend, suggesting that the green credit policy
has had a sustained positive impact on EP.

6

Propensity score matching analysis. To reduce the impact of
sample heterogeneity and ensure the accuracy of the DID esti-
mation, propensity score values were used to compare the dif-
ferences in EP between the treatment group and the control
group, and a matching analysis was conducted. Following existing
literature and the R?> maximization rule (Liu & Dong, 2022), a
Logit regression model was constructed. The control variables
from the baseline model were selected as covariates to estimate
the propensity scores of the sample companies. The treatment
group and control group were matched using the radius caliper
matching method (Table 3). After matching, there were no sig-
nificant differences in the mean values of variables between the
treatment and control groups. Compared to before matching, the
standard deviations of the variables in the treatment and control
groups significantly decreased after matching, indicating that the
distribution of the treatment and control groups is well aligned,
thereby satisfying the parallel trend assumption for PSM analysis.

To compare the differences in propensity score values between
the treatment group and control group before and after matching,
a kernel density function plot was drawn (Fig. 2). The comparison
shows that there is a noticeable difference in the kernel density of
the propensity score values between the treatment and control
groups before matching. However, after matching, the kernel
density curves of the two groups are nearly identical, indicating
that the matched samples are more similar in terms of their
characteristic variables. This further suggests that the matching
results are satisfactory.

Difference-in-differences estimation. Based on the matching
results, we excluded samples outside the common support region,
yielding a final dataset of 14,905 observations. Table 4 presents
the baseline DID and PSM-DID estimates. Columns (1)-(2)
correspond to the standard DID models without and with con-
trols, respectively. Columns (3)-(4) correspond to the PSM-DID
models without and with controls, respectively. The coefficients
of the interaction terms, both before and after the inclusion of
control variables, are statistically significant at the 1% level. The
results indicate that the implementation of the green credit policy
has significantly enhanced the EP of heavily polluting enterprises
compared to non-polluting firms, achieving a transformation
from environmental pressure to motivation, which aligns with
findings reported in prior studies (Ning et al., 2024). Specifically,
all else being equal, the implementation of green credit policies
leads to an increase in the environmental score of the ESG index
by approximately 2.3 to 3.7 points. Per Bloomberg’s methodology,
each 1-point ESG gain reduces SO, intensity by 8-10%. The
observed improvement (2.3-3.7 points) implies 1.2-1.8 M tons
annual SO, cuts, covering 15-22% of China’s 2020-2025 pollu-
tion control targets.
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Table 3 Comparison of variables before and after matching.
Variable Sample matching Mean Standard deviation Reduction in standard deviation T-test
Treatment group  Control group t-value p-value
Lev Before Matching 0.53 0.50 16.90 75.30 569  0.00
After Matching 0.53 0.54 —4.20 -1.08 028
ROA Before Matching 0.04 0.05 —14.80 74.10 —-5.06 0.00
After Matching 0.04 0.04 3.80 1.03 030
Growth Before Matching 0.23 0.36 —13.70 79.70 —-4.60 0.00
After Matching 0.23 0.26 —2.80 —-0.77 044
Size Before Matching 23.66 23.12 34.40 86.80 12.38 0.00
After Matching 23.64 23.71 —4.50 -1.14 0.26
Age Before Matching 2.54 2.38 23.50 99.80 7.66  0.00
After Matching 2.54 2.54 0.00 —0.01 0.99
Sen Before Matching 0.83 0.53 66.00 93.60 20.92 0.00
After Matching 0.82 0.81 4.20 124 0.21
Largest Before Matching 44.07 37.08 42.30 87.80 15.27 0.00
After Matching 43.87 44.72 —5.10 -130 020

=== Trcatmenl group

=== == Control group

Kernel density

T T
0.0 0.1 0.2 0.3 0.4 0.5 0.6

Propensily score before matching

Treatment group
= Control group

Kernel density
o
!
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0.0 0.1 0.2 0.3 04 0.5 0.6
Propensity score after matching

Fig. 2 Comparison of kernel density distribution of propensity scores before and after matching. Kernel density estimates show clear differences
between treatment and control groups before matching, which largely disappear after matching—indicating improved covariate balance and satisfactory

matching quality.

These studies have documented the positive role of green credit
policies in driving pollution-intensive firms to improve EP
through increased eco-investments and reduced emissions (Wang
et al, 2021). By leveraging credit instruments, the policy has
successfully guided enterprises to internalize environmental costs,
thereby validating its effectiveness and feasibility in reconciling
ecological imperatives with economic development goals (Zhang
et al,, 2021). Therefore, Hypothesis 1 is supported.

Robustness test

Placebo test. To ensure that the impact on EP is due to the green
credit policy rather than other external shocks, a placebo test is
conducted following the method of Cantoni et al. (2017). The
specific approach is as follows: randomly select an equivalent
sample size to create a fictitious treatment group and control
group, then repeat the regression 500 times using Eq. (1). The p-
values and estimated coefficient values of the interaction term are
recorded, and a kernel density plot is generated to compare with
the p-values and estimated coefficient values from the original
regression results. As shown in Fig. 3, the majority of the ran-
domized p-values are greater than 0.1, and the distribution of the
interaction term’s estimated coefficients is centered around zero

and follows a normal distribution, significantly different from the
original regression coefficient of 1.757. This rules out interference
from other random factors, indicating that the regression results
are robust.

Changing the matching method. To test the validity of the
matching method, radius matching and kernel matching were
applied to the initial sample, followed by DID estimation. As
shown in columns (1) and (2) of Table 5, the interaction term
coefficients in the regression results are significantly positive at
the 1% statistical level, which is consistent with the results
obtained after radius caliper matching. This indicates that the
implementation of green credit policies contributes to improving
EP.

Heckman two-stage approach. Polluting enterprises may inher-
ently exhibit characteristics such as heavy debt burdens, backward
management practices, and insufficient innovation incentives.
These systemic disparities relative to non-high-pollution enter-
prises could exist even in the absence of policy implementation,
potentially compromising the validity of policy effect identifica-
tion in this study. To mitigate these concerns, we adopt the
Heckman two-stage treatment effect model. In the first stage, we
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construct an instrumental variable (IV) measuring provincial
green credit development level, calculated as the ratio of interest
payments by six high-energy-consuming industries (classified as
large-scale industrial enterprises) to total interest payments by all
large-scale industrial enterprises. This IV serves to predict the
probability of an enterprise being subject to green credit restric-
tions. In the second Heckman stage, we incorporate the Inverse
Mills Ratio (IMR) derived from the first-stage estimation as a
control variable into our baseline model. The results demonstrate
that the interaction term coefficient remains statistically sig-
nificant at the 1% level, while the IMR achieves significance at the
1% level. This evidence substantiates the robustness of our
baseline regression outcomes after accounting for potential self-
selection bias in the model.

Mitigating the COVID-19 pandemic effects. The COVID-19
pandemic, emerging in late 2019, exerted widespread disrup-
tions on global economic activities. Enterprises faced constraints
in production and operations, along with tightened capital chains,
which may have compromised the implementation effectiveness
of green credit policies and reduced their willingness to invest in
green projects. To address this confounding factor, we restrict our

Table 4 Baseline regression results.

Variable name m (2) 3) 4
ENV ENV ENV ENV
DID DID PSM-DID PSM-DID
treat x post 24307 3.930™ 22137 3.666""
(0.472) (0.488) (0.459) (0.475)
Control Variables  NO YES NO YES
Industry Time NO YES NO YES
Trend
Individual Fixed YES YES YES YES
Effects
Time Fixed Effects YES YES YES YES
Observations 14.916 14.916 14.905 14.905
Adjusted R? 0.669 0.678 0.670 0.681

Note: ", ", and " indicate significance levels at 1%, 5%, and 10%, respectively. The values in
parentheses are standard errors.

Estimation of coefficient kernel density distribution

sample to observations prior to 2020 (i.e., 2019 and earlier) for
regression analysis. As shown in Columns (5) of Table 5, the
interaction term coefficients remain statistically significant and
positive at conventional levels, consistent with the baseline
regression results. This confirms that our findings are robust to
potential distortions caused by pandemic-related economic
shocks.

Changing the dependent variable. To avoid the impact of indicator
selection randomness on the empirical results, following the
approach of Zhang et al. (2019), a robustness test was conducted
using a composite score of environmental management disclosure
and environmental certification disclosure as proxy variables for
EP. The regression results, as shown in column (6) of Table 5,
indicate that the interaction term coefficients are significantly
positive, confirming the robustness of the baseline regression
results.

Lagging the explanatory variable. The green credit policy has
gradually improved with the introduction of related policies over
time, and there may be a time lag in the process from heavy
polluting enterprises undertaking environmental governance to
producing results. Following the approach of Ren et al. (2024),
the lagged one-period treatxpost is used as the explanatory
variable, and the model is re-estimated. As shown in column (7)
of Table 5, the interaction term coefficient is significantly positive
at the 1% statistical level, indicating that the implementation of
the green credit policy has long-term effects and that the baseline
regression results are robust.

Mechanism analysis and heterogeneity test

Mechanism analysis

Financing constraint effect. To examine the financing constraint
effect, a firm’s financing constraints are measured by the FCA,
defined as the absolute value of the SA index. The SA index is
calculated as: SA = —0.737 x InSize + 0.043 x (InSize)* — 0.04Age
where Size denotes the firm’s total assets (in million USD),
transformed by the natural logarithm; Age represents the number
of years since the firm’s inception. A higher FCA value indicates
stricter financing constraints. Based on the annual median SA
index, the sample is divided into a high financing constraint

<=
]

1.0
P Value

0.5

0.0

T
-1.0 -08 -0.6 -04 -02 0.0 0.2
Estimated coefficients

0.6 08 1.0 1.2 1.4 1.6 1.8

* P Value

Density distribution of estimated coefficients

Fig. 3 Placebo test results using 500 randomized regressions. The distribution of placebo estimates centers around zero with most p-values > 0.1, clearly
differing from the actual coefficient (1.757), supporting the robustness of the results.
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Table 5 Robustness test results.

m ) A) 4) (5) (6) @
PSM-DID PSM-DID PSM-DID
Variable name Nearest Radius Kernel Heckman_Stage2 Excluding Changing the One-period
neighbor matching matching COVID-19 period dependent variable lag
matching
treatxpost 3.666™" 3.666™" 3.666"" 9.295™ 2.833" 0.524™" 3.951"
(0.475) (0.475) (0.475) (1.300) (0.431) (0.127) (0.509)
IMR —0.643"
(0.100)
Control Variables  YES YES YES YES YES YES YES
Industry Time YES YES YES YES YES YES YES
Trend
Individual Fixed YES YES YES YES YES YES YES
Effects
Time Fixed Effects  YES YES YES YES YES YES YES
Observations 14,905 14,908 14,908 14,905 11,671 14,905 13,361
Adjusted R? 0.681 0.681 0.681 0.676 0.650 0.674 0.696

, ", and " indicate significance levels at 1%, 5%, and 10%, respectively. The values in parentheses are standard errors.

Table 6 Test of financing constraint effect and innovation
compensation effect.

Variable name m (2) 3) (C:)]
Low FCA High FCA Low GP High GP
treatxpost 0.483 1.802" 0.324 2.539"
(0.414) (0.898) (0.376) (1.019)
Constant 4.254 —1.781 33.93™ 29.89™"
(6.671) (2.088) (8.072) (9.128)
Control Variables  YES YES YES YES
Industry Time YES YES YES YES
Trend
Individual Fixed YES YES YES YES
Effects
Time Fixed Effects  YES YES YES YES
Observations 7192 7327 10622 3747
Adjusted R? 0.763 0.710 0.653 0.751
Empirical p-value  0.050" 0.010”

Note: FCA (Financing Constraint): Measured by the absolute value of the SA index. “Low FCA"
and “High FCA" denote samples below and above the median of the index, respectively. GP
(Green Innovation Performance): The green innovation level is measured by the GP index. “Low
GP" and “High GP" represent firms below and above the median of green-innovation
performance, respectively. ", ', and " indicate significance levels at 1%, 5%, and 10%,
respectively. The values in parentheses are standard errors. “Empirical p-value” is used to test
the significance of the difference in adjusted coefficients between groups, obtained through
1000 bootstrap samples.

group (high FCA) and a low financing constraint group (low
FCA). The regression results are shown in columns (1) and (2) of
Table 6. The coefficient for treatxpost in the high financing
constraint group is significantly positive, while the interaction
term coefficient in the low financing constraint group is not
significant. This indicates that when a company faces strong
financing constraints, green credit policies have a greater positive
impact on its EP. Conversely, weaker financing constraints can
reduce the incentivizing effect of green credit policies on EP. This
result is consistent with previous studies (Ma et al, 2024).
Therefore, Hypothesis 2 is confirmed.

Innovation compensation effect. We first examine the impact of
green credit policies on firms’ overall green innovation levels
(GP), formally defined as: GP = In(Green Invention Patents+
Green Utility Model Patents + 1). The sample is divided into high
green innovation (High GP) and low green innovation (Low GP)

Table 7 Innovation compensation effects by firm size.

Variable name High Size Low Size
m ) (€)) 4)
Low GP High GP Low GP High GP
treatxpost 1.063" 1237 0.407 9.236™"
(0.645) (1.354) (0.518) (2.335)
Control Variables  YES YES YES YES
Industry Time YES YES YES YES
Trend
Individual Fixed YES YES YES YES
Effects
Time Fixed Effects YES YES YES YES
Observations 4748 2287 5707 1349
Adjusted R? 0.723 0.780 0.646 0.710
Empirical p-value  0.008™ 0.005™

Note: Firm Size Groups: Firms are divided into two groups: High Size (total assets above annual
median) and Low Size (below median) to examine scale-dependent policy effects. GP
Subgroups: Within each size group, firms are divided into High GP (green innovation above
median) and Low GP (below median). ", ™", and " indicate significance levels at 1%, 5%, and
10%, respectively. The values in parentheses are standard errors. “Empirical p-value” is used to
test the significance of the difference in adjusted coefficients between groups, obtained through
1000 bootstrap samples.

groups based on annual medians. As shown in Columns (3)-(4)
of Table 6, the interaction term coefficient is significantly positive
for the High GP group but statistically insignificant for the Low
GP group. This suggests that the policy enhances EP primarily by
incentivizing firms with preexisting innovation capabilities. This
finding is similar to Zhang et al. (2022), though there are dif-
ferences from the conclusions of Zhang et al. (2022).

To investigate the moderating role of firm size, we stratify the
sample into large firms (High Size) and small firms (Low Size)
based on total asset medians. Table 7 reveals divergent patterns:
for large firms, the policy effect is significant only in the Low GP
subgroup, implying that large low-innovation firms may engage
in short-term compliance-driven innovation to circumvent
regulatory pressures. This aligns with findings that executive
ownership structures lacking minority shareholder protections
often incentivize symbolic innovation over substantive environ-
mental upgrades (Yue et al., 2025). In contrast, small firms exhibit
significant effects solely in the High GP subgroup, indicating
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stronger path dependence on innovation capacity. Therefore,
Hypothesis 3 is confirmed.

To uncover potential “greenwashing” behaviors, we decompose

green innovation into quality (GPI) and quantity (GP2).
GP1 = In(Green Invention Patents + 1).
GP2 = In(Green Utility Model Patents + 1). Table 8 shows that
the policy has no statistically meaningful effect on innovation
quality for either high- or low-quality groups. However, it
significantly increases innovation quantity in the high-quantity
subgroup, while the low-quantity subgroup remains unaffected.
This divergence supports the strategic innovation hypothesis—
firms prioritize quantity-driven utility models over substantive
invention upgrades to symbolically comply with policy require-
ments. Our findings further highlight that policy-induced
innovation heterogeneity may inadvertently exacerbate “green-
washing” risks, a critical nuance absent in prior studies.

Heterogeneity test

Regional heterogeneity. Due to regional economic differences,
companies’ development levels and financial constraints vary,
leading to different regional impacts of green credit policies. The
sample is divided into two major regions: the eastern region and

Table 8 Innovation compensation effects by innovation type.
Variable name (] (¢)) 3 (C))
Low GP1 High GP1 Low GP2 High GP2
treatxpost 0.562 1.803 0.141 3.3317
(0.372) (1153) (0.371) (1.315)
Constant 2998 33277 —1.781 —-1457"
(0.206) (0.410) (5.025) (4.147)
Control Variables YES YES YES YES
Industry Time YES YES YES YES
Trend
Individual Fixed YES YES YES YES
Effects
Time Fixed YES YES YES YES
Effects
Observations 11,392 2988 11,869 2540
Adjusted R? 0.653 0.765 0.669 0.750
Empirical p-value  0.090" 0.000™"
Note: GP1 (Quality Innovation): GP1= In (Green Invention Patents+1), measuring breakthrough
R&D. “High GP1” and “Low GP1" denote firms above and below the annual median of green
invention patents, respectively. GP2 (Quantity Innovation): GP2 = In (Green Utility Model
Patents+1), capturing incremental improvements. “High GP2" and “Low GP2" represent firms
above and below the annual median of utility model patents, respectively. ™", ", and " indicate
significance levels at 1%, 5%, and 10%, respectively. The values in parentheses are standard
errors. “Empirical p-value” is used to test the significance of the difference in adjusted
coefficients between groups, obtained through 1000 bootstrap samples.

the central and western regions, to examine the regional hetero-
geneity of green credit policies’ impact on EP. As shown in col-
umns (1) and (2) of Table 9, the interaction term coefficient for
the eastern sample group is significantly positive, while it is not
significant for the central and western sample groups. This
indicates that green credit policies have improved the EP of heavy
polluting enterprises in the eastern region. These findings align
with Vietnamese research documenting how regional economic
priorities moderate green finance outcomes (Phuoc & Hung,
2024), but contrast with conclusions from Zhang et al. (2021).
Specifically, the eastern region is characterized by stricter envir-
onmental regulations and more robust financial systems, which
strongly encourage companies to improve their EP. Additionally,
the eastern region’s advanced communication mechanisms and
higher financial development levels facilitate the implementation
and enforcement of green credit policies. In contrast, the central
and western regions may face more significant financial con-
straints and less stringent regulatory enforcement, limiting the
impact of green credit policies on EP. This regional heterogeneity
underscores the need for tailored policy approaches that consider
the specific economic and regulatory contexts of different regions.

Property heterogeneity. The nature of corporate ownership may
affect a company’s financing capacity and EP. The sample is
divided into two groups, state-owned enterprises (SOEs) and
non-state-owned enterprises (non-SOEs), based on ownership
type, and regression analysis is conducted to examine the het-
erogeneity of ownership. The results are shown in columns (3)
and (4) of Table 9. The interaction term coefficient for the SOE
sample group is significantly positive, while the interaction term
coefficient for the non-SOE sample group is not significant. This
indicates that the green credit policy has a significant impact on
the EP of SOEs but does not improve the EP of non-SOEs. This
finding is consistent with the research conclusions of Jiang & Ma
(2024) and further corroborates the role of ownership structure in
moderating policy responses, as minority shareholders in non-
SOEs may prioritize short-term profits over long-term environ-
mental commitments (Yue et al., 2025), but differs from those of
Liu & Dong (2022) and Ma et al. (2024), indicating uncertainty
regarding the impact of green credit policy on the EP of enter-
prises with different ownership structures. Possible explanations
are that, unlike prior research, this study emphasizes the med-
iating role of ownership nature. Results show that state-owned
enterprises (SOEs) benefit more from green credit policies and
improve their EP, likely due to closer government ties and stable
financial access. In contrast, non-state-owned enterprises (non-
SOEs) face challenges in accessing green credit, possibly due to
stricter criteria or a lack of support. These findings underscore the
need for differentiated green credit management tailored to the

Table 9 Heterogeneity test.
(1) (¢3)] 3) 4) 5) 6)
Variable name Eastern Central & Western  State-owned Non-state-owned  Low monopoly High monopoly
treatxpost 5219 0.519 2.051™" —-0.279 4.428™" 0.965
(0.731) (0.446) (0.505) (0.870) (1.001) (0.733)
Control Variables Yes Yes Yes Yes Yes Yes
Industry Time Trend Yes Yes Yes Yes Yes Yes
Individual Fixed Effects Yes Yes Yes Yes Yes Yes
Time Fixed Effects Yes Yes Yes Yes Yes Yes
Observations 9996 4778 8226 6523 7322 7281
Adjusted R? 0.680 0.693 0.675 0.705 0.694 0.692
Empirical p-value 0.000™" 0.030" 0.000"
Note: ™", ™, and " indicate significance levels at 1%, 5%, and 10%, respectively. The values in parentheses are standard errors. “Empirical p-value” is used to test the significance of the difference in
adjusted coefficients between groups, obtained through 1000 bootstrap samples.
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unique characteristics of enterprises with varying ownership
structures.

Industry heterogeneity. To further examine the industry hetero-
geneity of the impact of the green credit policy on EP, we refer to
the method of Lai et al. (2024) and use the Lerner index, which
reflects the strength of market monopoly power, to measure
market competition intensity. The sample is divided into two
groups: high-intensity monopoly and low-intensity monopoly,
based on the annual median. The results are shown in columns
(5) and (6) of Table 9. The interaction term coefficient for the
low-monopoly sample group is significantly positive, while the
interaction term coefficient for the high-monopoly sample group
is not significant. This indicates that the green credit policy
improves the EP of polluting companies in regions with fierce
market competition but has no significant effect on the EP of
companies in highly monopolized markets. This finding differs
from existing research conclusions (Ma et al., 2024). The current
study offers novel insights by emphasizing that the effectiveness
of green credit policies hinges on the intensity of market com-
petition. Specifically, in highly monopolized markets, firms with
substantial market power (high Lerner index) may not feel
compelled to invest in environmental improvements, as they can
sustain profitability without significant changes. Conversely, in
competitive markets, firms face greater pressure to enhance effi-
ciency and reduce costs, making them more responsive to green
credit policies as a means to achieve these goals. The com-
plementary nature of market competition and green credit poli-
cies creates a forcing mechanism that drives firms to improve
their EP. This insight underscores the importance of considering
market structure when evaluating the impact of green credit
policies, suggesting that differentiated approaches may be
necessary to maximize policy effectiveness.

Conclusions and policy recommendations

The green credit policy represents an innovative financial strategy
designed to improve EP by reallocating financial resources
towards environmentally responsible enterprises. This policy is
particularly significant within the context of China’s efforts to
transform its economic growth model, foster corporate green
transformation, and achieve high-quality sustainable develop-
ment. Despite its potential, various impediments—including
inadequate regulatory oversight, limited bank compliance and
efficiency, and strategic corporate behaviors—have undermined
its full implementation and effectiveness. This study employs
Green Credit Guidelines as a quasi-natural experiment and uses a
sample of A-share listed companies from 2006 to 2022. By
applying the DID method, the study rigorously assesses the
impact of green credit policies on the EP of heavily polluting
enterprises and explores the underlying mechanisms driving this
effect. This paper focuses on heavily polluting firms, a critical
group where the potential for environmental improvement is
greatest. By identifying the specific mechanisms—financing
constraints and innovation compensation—that link green credit
to enhanced EP, the study makes a unique contribution to
understanding how financial incentives can alter corporate
behavior.

The empirical analysis shows that green credit policies sig-
nificantly improve the EP of heavily polluting firms. Using the
Bloomberg ESG index as a comprehensive metric—covering
resource utilization, pollution control, and ecological conserva-
tion—the results indicate that, when controlling for other factors,
green credit policies lead to an increase in environmental scores
by 2.3 to 3.7 points. The robustness of these findings is confirmed
through a series of sensitivity analyses, including placebo tests,

alternative matching approaches, different dependent variable
specifications, and lagged independent variables. Furthermore,
the study identifies two primary mechanisms through which
green credit policies enhance EP: the financing constraint effect
and the innovation compensation effect. First, by restricting
credit access for high-pollution firms, the policy imposes financial
discipline that compels emission reductions and operational
efficiency improvements, confirming the foundational role of the
financing constraint effect. Second, while the policy stimulates
green innovation, its effectiveness exhibits notable size-dependent
heterogeneity. Large firms leverage their financial and technolo-
gical capacities to achieve environmental upgrades through high-
quality innovation, whereas small firms often resort to quantity-
driven, low-quality patenting as a symbolic compliance strategy,
revealing latent “greenwashing” risks.

In addition to confirming the overall efficacy of green credit
policies, the study highlights significant heterogeneity in policy
impacts across different regions, industries, and ownership
structures. Firms located in economically advanced eastern
regions, those operating in highly competitive industries, and
state-owned enterprises (SOEs) exhibit more pronounced
improvements in EP compared to their counterparts in central
and western regions, less competitive markets, and non-state-
owned enterprises. This heterogeneity underscores the impor-
tance of tailoring green credit policies to specific contexts to
maximize their effectiveness.

Based on the study’s findings, the following policy recom-
mendations are proposed to better leverage the resource reallo-
cation and environmental governance functions of green credit
policies, thereby promoting corporate green development:

(1) Optimize policy coordination and incentive mechanisms to
balance regulatory constraints and innovation. A cross-
departmental governance framework should integrate
environmental, financial, and industrial policies to align
green credit objectives with practical enterprise needs.
Environmental and financial authorities must collaborate to
develop dynamically updated industry-specific green tech-
nology catalogs and pollution classification standards,
ensuring the timely inclusion of emerging sectors such as
electronic waste. To mitigate financing bottlenecks for small
and medium-sized enterprises, diversified funding channels
—including green bonds and EP-linked loans—should be
expanded. For state-owned enterprises, embedding envir-
onmental metrics into executive performance evaluations
will enhance accountability. By coupling specific regulatory
constraints such as emission thresholds, innovation incen-
tives like subsidized research and development loans, and
capacity-building initiatives exemplified by technology
transfer platforms, this approach fosters proactive environ-
mental innovation over passive compliance, bridging short-
term costs with long-term competitiveness.

(2) Strengthen quality-centric oversight to curb greenwashing
in green innovation. A certification system for green
technologies must prioritize quantifiable environmental
benefits, incorporating lifecycle assessments and real-
world application viability to filter out low-impact patents.
A “High-Quality Green Innovation Whitelist” should be
introduced, granting tax rebates or preferential financing
exclusively to listed technologies that demonstrate measur-
able emission reductions. Concurrently, mandatory dis-
closure of project-level environmental data—audited by
independent third parties—and a centralized monitoring
platform shared among regulators, financial institutions,
and firms will improve transparency. These measures
collectively address information asymmetry, deterring
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superficial patent accumulation while rewarding genuine
technological advancements.

(3) Implement spatially and structurally differentiated management
strategies. Heterogeneity across spatial, ownership, and indus-
trial dimensions of firms should be systematically incorporated
into policy design. Regionally, market-based policy integration
should be prioritized in eastern areas through innovative
coupling mechanisms between green finance tools and carbon
trading systems, while central-western regions require coordi-
nated fiscal-banking interventions to mitigate transition risks,
supported by cross-regional technology transfer platforms for
equitable green innovation diffusion. Ownership-specific inter-
ventions necessitate binding incorporation of emission reduc-
tion metrics into executive evaluation systems for state-owned
enterprises, contrasted with innovation-targeted tax incentives
and patent quality screening mechanisms for private firms to
curb low-value green technologies. Industrially, competitive
sectors demand dynamic credit allocation rules pegged to
verified emission performance alongside mandatory supply
chain carbon disclosure, whereas monopolistic industries are
regulated through technology spillover obligations linked to
carbon quota adjustments, ensuring cross-firm green synergy.
This stratified approach optimizes policy targeting while
maintaining systemic coherence in ecological governance.

(4) Drawing on empirical insights derived from China’s green
credit policies, which bolster EP through mechanisms of
financing constraints and innovation incentives, this study
advances actionable recommendations for EU and U.S.
policymakers. These recommendations aim to harmonize
cross-border environmental standards, encourage high-
quality innovation, and tailor regional strategies accord-
ingly. By incorporating China’s pollutant classification
criteria from the Green Credit Guidelines into the EU
Taxonomy and U.S. climate disclosure frameworks, a
unified standard of environmental accountability for multi-
national corporations would be established, reducing the
risks of regulatory arbitrage. To counter the prevalence of
low-quality innovation within small and medium-sized
enterprises (SMEs), the EU could employ the Horizon
Europe Program to provide tiered R&D subsidies. These
subsidies would be dynamically linked to carbon footprint
reductions and prioritize technologies with measurable
environmental benefits throughout their life cycles. Simi-
larly, the U.S. should revise the Inflation Reduction Act by
aligning tax incentives with the “emission reduction
efficiency per unit” of green patents, ensuring that subsidies
are awarded exclusively to innovations with established
environmental benefits. Regionally, the EU could foster
policy synergy by integrating green credit mechanisms with
the Carbon Border Adjustment Mechanism in Northern
Europe, while creating a Just Transition Fund for Eastern
Europe to tackle green investment disparities. In the U.S,,
targeted support under the Community Reinvestment Act,
such as linking green patent collateralization to localized air
quality goals, could promote equitable environmental
governance. These measures effectively transpose China’s
empirical results into universally applicable governance
instruments, highlighting the necessity of harmonized
standards, controlled innovation quality, and flexible
regional frameworks to connect academic insights with
international policy implementation.

Data availability
The data is available from the CSMAR (China Stock Market &
Accounting Research) database (https://data.csmar.com) and
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CNRDS (China National Economic and Social Development
Statistics) database (https://www.cnrds.com. Both CSMAR and
CNRDS are typically available through academic institutions,
particularly those in China or with a focus on Chinese markets.
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