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The integration of low-carbon concepts into financial products through green
finance promotes sustainable development and contributes to achieving carbon
neutrality by mitigating carbon emissions. However, existing literature has rarely
examined the impact of green finance on carbon emissions from nonlinear and
spatial spillover perspectives, with insufficient exploration of the underlying
mechanisms. This study aims to fill this research gap by adopting a nonlinear
perspective and innovatively combining it with spatial econometric models to
investigate the pathways and mechanisms through which green finance
influences carbon emissions. Using annual panel data from 2007 to
2019 across 30 Chinese provinces, this research examines the relationship
between green finance development and carbon emissions. We find that the
relationship between green finance and carbon emissions follows an inverted
U-shaped curve, with cross-regional spillover effects. Regionally, central and
western China demonstrate stronger carbon emission reduction spillover effects
compared to eastern China. Through mechanism tests, the study verifies the
inverted U-shaped impact of green finance on carbon emissions via energy
structure adjustment and technological advancement, further analyzing
greenwashing phenomena and examining the lagged effects of green finance
on emission reduction. This research emphasizes the significance of green
finance in curbing carbon emissions, highlights its crucial role in promoting
technological innovation and optimizing energy consumption structures, and
calls for enhanced interprovincial cooperation to amplify the overall spatial
impact of emission reduction efforts.
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1 Introduction

The global climate crisis has become increasingly severe, with carbon emissions (CE)
emerging as a focal point of international attention. To address this challenge, nations
worldwide have been actively implementing policy initiatives. Countries including Canada,
Japan, Mexico, and the United Kingdom have issued policy statements aimed at raising
public awareness of the adverse climate impacts of fossil fuel emissions and associated
climate change risks. At the international level, the Paris Agreement, a legally binding treaty
on climate change mitigation, was ratified by signatory nations with the goal of limiting
global warming to 2 °C or below (Chen et al., 2020). Members of the Conference of the
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Parties to the United Nations Framework Convention on Climate
Change (COP26) also pledged commitments to reduce greenhouse
gas emissions.

During the 75th United Nations General Assembly in September
2020, Xi Jinping made a solemn pledge to the global community,
committing China to the ambitious “dual carbon” objectives of
reaching carbon emission peak by 2030 and attaining carbon
neutrality by 2060. As China’s economy transitions to high-
quality development, these goals have become a pivotal focus.
The United Nations Environment Programme called for a
transformation of the global financial system in 2021, urging
nations to shift their investment preferences towards renewable
resources and low-carbon economies, utilizing GF to drive global
sustainable development.

Green Finance (GF), which provides financial services for
climate change mitigation and the promotion of resource-
efficient and environmentally friendly economic activities, has
emerged as a pivotal tool for carbon emission (CE) reduction.
China has made significant contributions to advancing its “dual
carbon” goals through the development of green finance. In August
2016, the People’s Bank of China (PBC) issued the “Guidelines on
Constructing a Green Financial System (GCGFS)”, highlighting GF
as a crucial instrument for economic restructuring and sustainable
development. Since 2017, China has established Green Financial
Reform and Innovation Pilot Zones (GFPZs) in six provinces and
nine regions, leading to rapid growth in the total business volume of
GF. By the first quarter of 2023, the balance of domestic and foreign
currency green loans had surged to 24.99 trillion yuan, marking a
substantial year-on-year increase of 38.3% compared to 5.20 trillion
yuan in 2013. The scale of GF has expanded more than 3.8 times.

Green finance, as a rapidly evolving financial paradigm, has
gradually permeated all aspects of production and daily life, and its
environmental impact has attracted widespread attention. Notably,
the effect of green finance (GF) on carbon emissions is not
immediate but evolves from an initially modest impact to a
pronounced one. In the early stages, green finance investments
may have only a small effect on emissions, and only after
reaching a certain threshold does a significant reduction effect
emerge. Traditional approaches use linear models, which assume
a constant marginal effect per unit of investment; however, in reality,
the influence of green finance changes in different ways as it
develops. Because project outcomes often exhibit time lags and
some polluting firms may increase output before policies tighten,
this effect is typically muted in the initial phase. Linear models
cannot accurately capture these long-term dynamics. Moreover, the
emission-reduction effectiveness of green finance varies across
regions, factors, and levels of green finance and carbon
emissions, exhibiting nonlinear characteristics (Liu et al., 2025).
Therefore, relying solely on linear methods can lead to estimation
errors or fail to detect critical turning points, preventing a
comprehensive and accurate identification of green finance’s true
impact on carbon emissions. Although most existing studies analyze
the green finance–carbon emissions relationship from a linear
perspective, this study reveals a “nonlinear inverted-U″
relationship between the two. Empirical evidence indicates that in
the early stages of green finance development, green finance may
actually increase carbon emissions (Yadav et al., 2024). However,
over time, it significantly reduces emissions—especially after the

inflection point is reached. This finding has practical implications
for the advancement of green finance and the achievement of “peak
carbon” and “carbon neutrality” goals. In addition, the widespread
phenomenon of “greenwashing”—inconsistent rhetoric and actions
regarding ecological and environmental protection—may initially
lead to increased emissions rather than reductions (Jin and He,
2024). The existing literature has not fully explored the nonlinear
relationship and spatial spillover effects between green finance and
carbon emission intensity. Addressing these issues will not only
inform government carbon-reduction policies but also offer new
perspectives for the theoretical development of green finance. Future
research should adopt more sophisticated nonlinear models and
spatial analysis methods to investigate how green finance affects
carbon emission intensity through different mechanisms and stages,
and to uncover its spillover effects on neighboring regions, thereby
providing more comprehensive and precise theoretical support for
policymaking.

This study makes four key contributions to the existing
literature: First, it employs a nonlinear model to empirically
examine the relationship between green finance (GF) and carbon
emissions (CE), revealing an inverted U-shaped nonlinear
relationship contrary to conventional linear assumptions. Second,
unlike most existing studies that neglect spatial factors, this research
incorporates a Spatial Durbin Model (SDM) to analyze both intra-
regional and inter-regional emission effects. By integrating
nonlinear relationships into the SDM framework, the study
demonstrates significant inverted U-shaped spillover effects from
neighboring regions, thereby enhancing the depth of analytical
insights. Third, it provides theoretical support for nonlinear
mechanisms through two transmission channels—energy
consumption structure adjustment and technological
development promotion—while clarifying the specific roles of
these mechanisms in mediating the overall impact. Finally, the
study investigates the “greenwashing” phenomenon as a potential
factor contributing to initial ineffective carbon reduction outcomes
in green finance policies. To validate this hypothesis, it employs a
Difference-in-Differences (DID) model and extends the analysis to
examine lagged effects of green finance on emission reduction.

The remainder of the paper is organized sequentially. Section 2
reviews the extant literature on the relationship between green
finance and carbon emissions, followed by the development of
research hypotheses. Section 3 presents the construction of
baseline models, the Spatial Econometric Model (SEM), and
details on data sources. Section 4 carries out empirical analysis
and mechanism testing, while Section 5 further examines the
“greenwashing” phenomenon and the lagged effects of GF on CE
reduction. The final section synthesizes key findings, discusses their
policy implications, and proposes actionable recommendations. The
structure of the full text is shown in Figure 1.

2 Theoretical Foundations

2.1 Literature review

Green Finance refers to activities that allocate funds toward
environmentally sustainable development while providing fair
returns to investors or lenders. Ozili (2021) defines green finance
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as project financing that generates economic benefits while
promoting sustainable environmental outcomes, encompassing
instruments such as green credit, green securities, green
insurance, and green investments. The primary objective of
green finance is to enhance capital flows from financial
institutions to economic agents engaged in environmental
protection projects and activities, thereby advancing the
Sustainable Development Goals (Jawadi et al., 2025). The
imperative to mitigate environmental harm caused by fossil
fuel emissions has driven calls for divestment from fossil fuel-
related activities and investment diversion toward low-carbon
and environmentally friendly projects (Bergman, 2018; Galimova
et al., 2023). These financial resources are collectively termed
green finance or green financial instruments. Transitioning to a
low-carbon or environmentally friendly economy necessitates
innovative financing mechanisms to meet the growing yet
modest-scale demands of the green economy sector.
Consequently, proponents of green economics have advocated
for green finance as a viable solution to address the financing
needs of individuals, corporations, and governments
participating in environmental conservation initiatives.

Most research on the impact of green finance (GF) on carbon
emissions (CE) adopts a linear perspective, and one strand of the
literature argues that GF development significantly suppresses CE
(An, 2008; Xiu et al., 2015; He et al., 2019; Shen et al., 2021; Wen
et al, 2021; Liu et al., 2022; Han et al., 2023). GF supports
environmental protection and sustainable development through
instruments such as green credit, green venture capital, green
investment, and green bonds. Green credit—by offering low-
interest loans—encourages investment in green projects; Song
et al. (2021) find that it raises lending thresholds for polluting
industries and promotes industrial upgrading, thus improving
energy efficiency, and An et al. (2021) report that green credit
can reduce carbon emissions to some extent. Zhao (2021)
demonstrates that green credit significantly fosters regional
green innovation activities, driving the adoption of clean energy
and low-carbon technologies. Green venture capital provides
funding for innovative green technologies and environmental
enterprises; Jiang et al. (2020), using panel data from
23 Chinese provinces (2003–2016) and a dynamic panel model,
show that both green credit and green venture capital significantly
curb carbon emissions. Green investment focuses on sustainable

FIGURE 1
Article structure.

FIGURE 2
Mechanism framework.
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industries such as clean energy and emission reduction—Zahan
and Chuanmin (2021) find that green investment promotes clean
energy consumption in China and suppresses carbon emissions,
while Shen et al. (2021) confirm a negative correlation between
green investment and CE. Energy transition, another key factor
influencing CE, is driven by multiple elements: Wang et al. (2025a)
find that carbon trading prices and crude oil prices jointly affect
energy transition. Green bonds, through debt financing, support
environmental projects; Wang et al. (2025b) using a quantile
regression–distributed lag model, find that both artificial
intelligence development and green bonds impact CE. Together,
these instruments channel funds into green industries and advance
environmental protection and emission-reduction objectives (You
et al., 2022).

Another stream of research holds that the effect of green finance
on carbon emissions not only exhibits time-lagged dynamics but
also varies across regions and policy contexts. Liu et al. (2015)
empirically find that green credit policies—by adjusting firms’
investment structures—can reduce carbon emissions in the long
run, though their short-term impact is muted by factors such as
industrial composition. Similarly, Wang et al. (2025c) show that
geopolitical risk has a more pronounced long-term effect on carbon-
futures volatility, while economic policy uncertainty significantly
affects volatility in both the short and long term. Cao et al. (2021)
report that green credit’s emission-reduction effects are limited for
non-state-owned enterprises and in financially underdeveloped
regions, and Shi and Shi (2022) find that in areas with poor
environmental conditions and low financial development, the
effectiveness of green finance is substantially weakened. Du
(2023) examines the heterogeneous treatment effects of green
finance on regional emissions. Wan et al. (2022) observe a
significant negative relationship between green finance and global
carbon emissions, particularly in emerging economies. Policy pilots
also matter: the implementation of green finance pilot zones has
significantly lowered regional emissions (Du and Zheng, 2019;
Zhang et al., 2021; Fan and Zhang, 2022; Tan et al., 2023; Xie
and Fan, 2023). These pilot programs have improved industrial
structure toward greener, more energy-efficient sectors (Si and Yao,
2022) and raised financing costs for high-polluting firms, thereby
incentivizing their transition to low-carbon operations (Wang et al.,
2021). Wen Huwei et al. (2021) argue that green credit policies
increase financing costs for “two-high” enterprises (high energy
consumption and high emissions), thus deterring their green
innovation and development.

Moreover, several studies highlight spatial spillover effects:
green finance not only reduces local emissions but also lowers
carbon emissions in neighboring regions (Li and Gan, 2020;
Chen and Chen, 2021; Gao and Shen, 2022). Tian et al. (2022),
using a dynamic Spatial Durbin Model on 30 Chinese regions, find
that higher levels of green finance development decrease both local
and adjacent emissions, with direct effects outweighing indirect
effects and short-term impacts exceeding long-term ones. Yuyan
et al., 2023 confirm that green finance’s emission-reduction effects
have both territorial and spillover dimensions, yielding stronger
cross-regional synergy.

The literature review indicates that most empirical studies of
green finance (GF) on carbon emissions (CE) rely on provincial
panel data and GF pilot zones (GFPZs), and that research on GF’s

spatial spillover effects suggests positive impacts on neighboring
regions. However, existing work has notable limitations. The vast
majority assume a linear GF–CE relationship, implying that
increases in GF directly and proportionally reduce CE, thereby
overlooking the dynamic and stage-specific nature of GF’s
impact. In the early stages of GF development,
investments—such as infrastructure projects—can be energy-
intensive and subject to technological lag, temporarily increasing
emissions; some firms may also accelerate high-carbon activities
before policy tightening, causing short-term emission spikes.
Consequently, a linear framework fails to capture GF’s complex,
phased effects and lacks theoretical grounding for nonlinear
mechanisms. Moreover, many studies depend solely on
traditional panel models and neglect GF’s spatial spillovers on
neighboring regions—a critical omission, since areas with higher
GF levels may influence adjacent regions’ emissions through
technology diffusion, industrial relocation, or policy
demonstration, with these spillovers inherently nonlinear and
contingent on interregional economic linkages and policy
coordination.

To address these gaps, this study expands the literature in four
ways: first, it employs nonlinear models to more accurately test and
reveal an inverted-U relationship between GF and CE; second, it
integrates a Spatial Durbin Model (SDM) to analyze both within-
and cross-regional emission dynamics, embedding nonlinear effects
to demonstrate cross-region inverted-U spillovers; third, it
theoretically explicates GF’s influence through two transmission
channels—energy-consumption structure adjustment and
technological innovation—and systematically examines their roles
in the GF–CE nexus; finally, it introduces the concept of
“greenwashing” as a potential cause of muted early-stage
emission reductions and tests this hypothesis using a difference-
in-differences (DID) approach.

2.2 Research hypotheses

Different scholars have observed that the impact of green
finance (GF) on carbon emissions (CE) varies across
development stages (Liu et al., 2015). Although GF is widely
believed to reduce emissions by driving technological innovation
and optimizing industrial structure (Huang et al., 2021), the time
required for R&D, technology adoption, and structural adjustment
means that GF’s carbon-reduction effects may be muted in the early
phase. According to the Environmental Kuznets Curve (EKC)
theory, GF’s initial development can lead to a short-term rise in
emissions due to the inertia of high-carbon industries and lagged
technology transitions. In particular, during GF policy rollout, some
market participants may increase investment in non-green projects
to maximize short-term output before policies are fully refined,
temporarily boosting emissions.

Moreover, GF policies channel funds toward green projects, but
this capital flow does not always translate directly into lower
emissions. Under constrained GF development, firms may face
liquidity shortages and divert funds from core operations or
R&D toward high-carbon activities, thereby exacerbating
emissions and giving rise to “greenwashing” (Flammer, 2021; Wu
and Ren, 2023). This phenomenon indicates that although firms
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access more capital through GF, short-term profit motives can limit
their genuine environmental contributions.

Path-dependence theory suggests that GF development is
constrained not only by existing market mechanisms and
technological capabilities but also by historical trajectories. In the
early stages, firms’ green transition may be hindered by
underdeveloped institutional frameworks and inadequate
information disclosure. As GF quality improves and market
mechanisms mature, enhanced transparency can curb
greenwashing and further incentivize investment in green
technologies and energy efficiency. With expanded GF capital
and refined policies, firms will gain greater access to green
financing, effectively promoting technological advancement,
improving energy efficiency, and reducing fossil fuel
consumption. To validate the above analysis, we propose research
hypothesis H1.

H1: The influence of green finance on carbon emissions
demonstrates an inverted-U relationship and produces spatial
spillover effects on surrounding regions.

Most enterprises, in pursuit of maximizing profits, typically
avoid investing substantial funds in green technology research
and development, leading to a majority of funds seeking short-
term profits while generating negative externalities. Green finance
can alter this status quo, as it fundamentally provides financial
services for environmentally friendly green projects, thereby
bringing financial support to the development of green
technologies. With the introduction of GF policies, green credit
can not only provide credit support to environmental enterprises but
also compel polluting enterprises to transition to greener operations
through punitive interest rates and credit limit restrictions.
Additionally, the growth of green securities and green funds can
broaden corporate financing channels and optimize debt structures
through equity financing, providing more exogenous financing for
corporate research and development investments, while also
diversifying risk among numerous investors, reducing the risk
borne by individual investors. The advancement of green finance
can propel progress in green technology, leading to reductions in
energy consumption and CE. Consequently, GF plays a pivotal role
in curbing CE through technological advancements. Green credit
facilitates the mitigation of pollution emissions by incentivizing
environmental upgrades and technological enhancements (Jiang
et al., 2020). Regional green technological innovation has been
actively fostered by green finance initiatives (Zhao, 2021), with
green technological innovation being a fundamental factor
influencing carbon emissions (Wang and Zhang, 2021). Kumar
and Francisco (2007) contend that green finance policies can
effectively achieve CE reduction targets through the adoption of
innovative low-carbon technologies. The promotion of green
technology through green finance leads to significant
environmental benefits by driving advancements in sustainable
practices (Xie, 2021). This leads to the proposal of research
hypothesis H2.

H2: Green finance curbs carbon emissions through the technology
advancement mechanism.

China’s traditional energy consumption has primarily relied
on fossil fuels such as coal. Green finance, while encouraging

corporate transformation, has also altered the traditional energy
consumption structure, reducing fossil fuel consumption and
increasing the utilization of renewable energy. A transition from
traditional energy sources to renewable energy systems—including
solar, wind, photovoltaic, and hydropower generation—represents
a strategic shift toward environmentally sustainable development
(Bekun et al., 2024). These renewable energy technologies
generally exhibit significantly lower environmental impacts
compared to conventional fossil fuel-based energy production,
primarily by reducing greenhouse gas emissions, mitigating air
pollution, and minimizing land-use degradation associated with
resource extraction and combustion processes (Liu et al., 2023).
With the improvement of carbon finance markets such as carbon
trading and carbon taxes, a substantial amount of carbon dioxide
emissions caused by enterprises will be internalized as their costs.
This, in turn, raises the cost of using fossil fuels and can, to some
extent, reduce corporate reliance on fossil fuels. GF has a
“crowding-out effect” on highly polluting and energy-intensive
enterprises. Environmental pollution leads to higher financing
costs for these enterprises, thus compelling them to accelerate
the adoption of green technologies, improve their energy
consumption structure (Liu and Ren, 2019) and subsequently
reduce carbon emissions. Furthermore, green finance serves a
fund-oriented function by promoting the growth of the green
industry, providing low-cost credit funds to green industries,
increasing the application of clean energy, optimizing energy
consumption structures, and reaching emission reductions
(Chen et al., 2018). The optimization of energy consumption
structures can effectively promote carbon emissions reductions
(Mudakkar et al., 2013). Feng and Xing (2018) reveal that under
the guidance of green credit policies, consumers are likely to
further increase their demand for new energy sources, thus
tuning the consumption structure of energy. Therefore, research
hypothesis H3 is proposed.

H3: Green finance reduces carbon emissions by influencing the
structure of energy utilization.

The transmission mechanism of the impact of green finance on
carbon emissions is shown in Figure 2.

3 Model construction

3.1 Model specification

3.1.1 Baseline regression model
Taking carbon emissions (CE) as the dependent variable and

green finance (GF) as the independent variable, a non-linear fixed-
effects regression model is formulated as depicted in Equation 1:

CO2i,t � α0 + α1GFi,t + α2GF
2
i,t + α3Contri,t + μi + ∂t + εi,t (1)

Where CO2i,t represents per capita CE in region i at time t,GFi,t

represents the level of GF development in region i at time t, GF2
i,t

represents the square of the level of GF development in region i at
time t, and Contri,t are control variables. Here, i and t represent
different provinces and years, respectively. μi represents province
fixed effects, ∂t represents time fixed effects, and εi,t is the error term.
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3.1.2 Spatial econometric model
Although green finance is a nascent financial model, its growth,

akin to traditional finance, is influenced by economic and
geographical factors, leading to spatial disparities and
agglomeration features. “Everything is interconnected, but objects
in close proximity exhibit stronger relationships than those farther
apart”. The principle suggests that regions in close proximity exhibit
stronger correlations in their development. The exchange of various
production factors between regions, driven by the development of
GF, results in spatial spillover effects on the impact between
GF and CE.

During the progress of GF, the transmission of incentives
through green policies leads to the concentration of production
factors in central regions, fostering collaboration in areas such as
funding, labor, talent, and other aspects related to green policies. The
clustering of green industries fosters specialization and collaboration
among upstream and downstream sectors as well as neighboring
regions, leading to a decrease in CE through technological
advancements and industrial transformations. Industrial
agglomeration forms the basis for the spatial spillover effects of
GF. As industries cluster to a certain scale, internal competition
reduces profit margins for related enterprises, prompting the shift
and diffusion of green finance-related industries and resources to
surrounding areas. This flow of production factors to adjacent
regions facilitates the development of GF in those areas.
Furthermore, GF policies demonstrate leadership and serve as
examples for neighboring regions. Advanced regions in GF can
lead and showcase technological advancements and industrial
transformations to reduce carbon dioxide emissions. Therefore,
spatial panel models are employed for analysis.

The spatial panel models utilized include the Spatial Durbin
Model (SDM), Spatial Autoregressive Model (SAM), and Spatial
Error Model (SEM). The general form of a spatial panel model is
expressed as Equation 2:

Yi,t � αIn + ρWYi,t + βXi,t + θWXi,t + εi,t
εi,t � λWεt + Vi,t

{ (2)

In the equation provided, where Yi,t represents the dependent
variable and Xi,t represents the explanatory variable, α is the
constant term, and I is an 1n×1 identity matrix. ρ, θ, and λ are
the spatial autoregressive coefficients for the respective terms, where
W is the spatial weight matrix. ρWYi,t and θWXi,t represent the
spatial lag terms for the dependent and independent variables,
respectively. εi,t represents the error term, εt, at time t, while is
the spatial lag of the error term, Vi,t capturing the spatial
dependence of the error that is not captured by the model.

3.2 Variable selection

3.2.1 Dependent variable
The dependent variable is per capita carbon dioxide (CO2)

emissions. Because of the lack of a standardized measurement
method for calculating carbon dioxide emissions at the provincial
level in China, we adopt the methodology introduced by Yang and
Liao (2021). Our calculation of CE is derived from the consumption
of different fossil fuels and carbon emission coefficients provided in

the CSMAR Database. Subsequently, per capita carbon dioxide
emissions are determined by dividing the total CE by the
population, Using the following specific Formula 3:

ACO2 � ∑n
i�1Eij × fi

Nij
(3)

Where Eij represents the consumption of the i-th type of energy
in the j-th year, fi represents the CE conversion coefficient for the
i-th type of consumed energy. Nij represents the permanent
population of the i-th province in the j-th year.

3.2.2 Explanatory variables
The explanatory variable is the development of GF. To

comprehensively assess the development of GF in different areas
of China, this study utilizes five indicators from four categories of
GF: green credit, green securities, green insurance, and green
investment. Due to the absence of standardized data on the
official balance of green credit at the provincial level, this
research employs the proportion of interest expenses of high-
energy-consuming industries as a proxy for green credit
evaluation (Here, “high-energy-consuming industries” are defined
as the six major energy-intensive sectors in each province—namely,
(1) non-ferrous metal smelting and rolling, (2) petroleum
processing, coking, and nuclear fuel processing, (3) chemical raw
materials and chemical products manufacturing, (4) ferrous metal
smelting and rolling, (5) non-metallic mineral products, and (6)
electric power and heat production and supply. The same definition
applies throughout.). For green securities, the study uses the
proportion of market value in high-energy-consuming industries
across various provinces and cities. As for green insurance, given the
limited availability of data on environmental pollution liability
insurance, the depth of agricultural insurance, a sector highly
influenced by the natural environment, is used as a substitute
indicator for green insurance evaluation, measured by the ratio
of agricultural insurance income to total agricultural output value.
Regarding green investment measurement, existing literature
indicates that environmental protection investments are
predominantly government-funded. Therefore, this study adopts
the ratios of investment of pollution treatment to GDP and
environmental protection expenditure to general budget
expenditure as indicators for assessing green investment (Yuyan
et al., 2023). See Table 1 for details.

To reduce bias introduced by human factors, the entropy
method is used for evaluation, and the formula is as follows:

In the first step, the five indicators measuring GF are
standardized.

For positively oriented indicators, as shown in Formula 4.

x′
j it( ) � xj it( ) −min xj it( ){ }

max xj it( ){ } −min {xj it( )} (4)

For negatively oriented indicators, as shown in Formula 5.

x′
j it( ) � max xj it( ){ } − xj it( )

max xj it( ){ } −min {xj it( )} (5)

The second step is to calculate the weights for the indicators, as
shown in Formula 6.
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pj it( ) � x′
j it( )

∑n
i�1∑m

t�1x
′
j it( ) (6)

The third step involves calculating the entropy value for the j-th
indicator, where k = 1/ln (nm), and when p_jk = 0, it is considered as
pj(it)*ln pj(it) = 0 as shown in Formula 7.

ej � −k∑n
i�1
∑m
t�1
pj it( )* ln pj it( ) (7)

The fourth step entails computing the objective weights as
shown in Formula 8.

wj � 1 − ej

∑T
j�11 − ej

(8)

The fifth step involves calculating the specific comprehensive
Green Finance Index (GFI) as shown in Formula 9.

Zit � ∑T
j�1
wj*x

′
j it( ) (9)

Due to space limitations, this section only presents the calculated
GFI for 30 Chinese provinces in 2019 using the entropy method, as
presented in Table 2. The entropy-based weights are detailed
in Table 3.

3.2.3 Control variables
Drawing from pertinent literature on factors that influence CE,

the subsequent indicators have been chosen as control variables:

TABLE 1 Measurement indicators for green finance development level.

Target
layer

Criterion
layer

Indicator layer Indicator explanation Indicator
attribute

Green Finance Green Credit Proportion of Interest Expenses in High-
Energy Industries

Interest expenses of high-energy industries/Total
industrial interest expenses

-

Green Securities Proportion of Market Value in High-Energy
Industries

Market value of high-energy enterprises/Total A-share
market value

-

Green Insurance Depth of Agricultural Insurance Agricultural insurance income/Total agricultural output
value

+

Green Investment Proportion of Environmental Protection
Investment

Investment of pollution treatment/GDP +

Government Support Environmental protection expenditure/General budget
expenditure

+

Note: ’+’ indicates a positive relationship with green finance development, and ’-’ indicates no specific relationship.

TABLE 2 Green finance index for 30 Chinese provinces in 2019.

Province GFI Province GFI

Beijing 0.676 Henan 0.258

Tianjin 0.440 Hubei 0.231

Hebei 0.360 Hunan 0.212

Shanxi 0.430 Guangdong 0.233

Inner Mongolia 0.347 Guangxi 0.170

Liaoning 0.155 Hainan 0.516

Jilin 0.285 Chongqing 0.224

Heilongjiang 0.306 Sichuan 0.187

Shanghai 0.517 Guizhou 0.228

Jiangsu 0.233 Yunnan 0.151

Zhejiang 0.207 Shaanxi 0.246

Anhui 0.320 Gansu 0.289

Fujian 0.184 Qinghai 0.327

Jiangxi 0.312 Ningxia 0.394

Shandong 0.190 Xinjiang 0.387

Note: Taiwan, Hong Kong, and Macau regions are not included because of data availability limitations.
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(1) Macroeconomic level: GDP is a key indicator for measuring
macroeconomic performance and has a substantial impact on
CE. CE primarily result from the consumption of energy in
production and daily life, making GDP one of the important
influencing factors. Following the approach used by Yang and
Liao (2021), we use the logarithm of per capita GDP (lnGDP)
to represent this variable.

(2) Population density: An increase in population inevitably
results in higher energy consumption. Higher population
density increases resource and environmental pressure and
can harm ecosystems. Drawing from the research of Zhou and
Lin (2019), Gao and Shen (2022), we use the logarithm of
population density per square kilometer (lnpopu) as
a measure.

(3) Private car ownership: As a pillar industry driving China’s
economic development, the automotive sector consumes a
significant share of fuel and electricity. Characterized by its
extensive supply chain and high energy intensity, this
comprehensive manufacturing industry faces substantial
carbon challenges throughout its lifecycle (Zhao et al.,
2022). Specifically, raw material production and vehicle
operation account for 41.82% and 39.49% of total lifecycle
emissions, respectively (Long and Changqing, 2024).
Consequently, the scale and penetration rate of
automobiles are closely linked to carbon emissions. This
variable is represented by the number of private cars
per 100 people.

(4) Degree of openness to foreign investment: CE can be
influenced by high levels of openness to foreign
investment, which results in both positive and negative
impacts. On one hand, the sector may catalyze green
technological innovation through spillover and competitive
effects. The adoption of advanced energy-efficient
technologies by automotive firms can enhance productivity,
enable cleaner production processes, and ultimately reduce

CE in host economies. On the other hand, it risks attracting
carbon-intensive industries relocated from developed
countries, potentially increasing local CE and
environmental pollution (Wu and han, 2023). Following
the practices of Yang and Liao (2021) and Zhang and Sun
(2022), we use the ratio of foreign direct investment to
regional GDP as a measure.

3.3 Data sources and variable descriptions

In 2007, China first introduced the concept of “ecological
civilization construction,” marking the launch of green finance
initiatives. An (2008) is regarded as the starting point of China’s
green finance development, this study likewise begins its sample in
that year. However, due to data availability constraints, 2019 was
chosen as the end year to ensure the completeness of the empirical
analysis. The data span this period captures the full evolution of
China’s green finance policies—from their initial rollout to
progressive deepening. Although the early establishment of these
policies and the gradual improvement of relevant mechanisms have
laid the groundwork for future policy advances, their full effects
continue to unfold. Consequently, the conclusions drawn here
remain highly relevant. It should be noted that green finance’s
impact on carbon emissions exhibits substantial lag effects. While
the 2007–2019 data reflect the policies’ influence during their early
phase, many policy measures andmarket mechanisms may require a
longer horizon to materialize completely. Therefore, the findings
based on this period can offer valuable guidance for current and
future green finance policies, particularly in fostering long-term
carbon-reduction mechanisms. The data on green credit are
obtained from the “China Industrial Statistics Yearbook” and
“Economic Census Bulletin,” while data on agricultural insurance
income are sourced from the “China Insurance Yearbook.” For the
year 2016, data for the Guangxi Zhuang Autonomous Region are

TABLE 3 Weights of the green finance index.

Year Green credit Green securities Green insurance Green investment

2007 0.161 0.183 0.460 0.072 0.124

2008 0.162 0.148 0.544 0.091 0.055

2009 0.152 0.120 0.515 0.138 0.075

2010 0.183 0.118 0.509 0.102 0.088

2011 0.220 0.135 0.505 0.076 0.064

2012 0.209 0.146 0.418 0.113 0.114

2013 0.236 0.145 0.429 0.097 0.093

2014 0.206 0.186 0.416 0.085 0.107

2015 0.183 0.193 0.470 0.081 0.073

2016 0.239 0.177 0.418 0.085 0.081

2017 0.258 0.126 0.413 0.103 0.010

2018 0.424 0.117 0.285 0.092 0.082

2019 0.326 0.153 0.363 0.106 0.052
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derived from the “Guangxi Statistical Yearbook.” Data on pollution
treatment investment are from the “China Environmental Statistics
Yearbook,” and other data sources include the CSMAR database and
the “China Statistical Yearbook.” Table 4 shows the descriptive
statistics for the variables.

4 Empirical analysis

4.1 Benchmark model regression analysis

The regression results of the benchmark model are presented in
Table 5. In column (1), the results are presented without the
inclusion of control variables, while column (2) displays the
results after incorporating control variables. Notably, irrespective
of the inclusion of control variables, the first-order term of GF
exhibits a meaningly positive effect at the 5% confidence level,

whereas the second-order term demonstrates a greatly negative
impact at the 1% confidence level. The results suggest the
presence of an inverted-U non-linear relationship between GF
and CE. A U-test curve analysis was conducted, resulting in a
p-value of 0.0001, which, accepted at the 1% level, supports the
alternative hypothesis that the curve follows an inverted “U” shape.
This outcome partially validates hypothesis H1 of the study.
Consequently, as the level of GF increases, its influence on CE
transitions from being promotive to inhibitory. This implies that
effective carbon reduction is achievable only when GF attains a
certain developmental threshold. The inflection point for the impact
of GF on CE is calculated to be 0.2963 based on the coefficients of the
first and second-order terms of GF. Analysis of the GF levels across
provinces reveals that 13 provinces reached this inflection point in
their Green Finance Index (GFI) between 2007 and 2019, while the
remaining provinces are yet to surpass this threshold. This suggests
that, overall, China’s level of GF development is not high,

TABLE 4 Descriptive statistics of variables.

Variable name Mean Standard deviation Minimum Maximum

Per Capita CO2 Emissions (ACO2) 1.018 0.706 0.265 4.470

Green Finance Index (GF) 0.319 0.138 0.117 0.844

Green Finance Index Squared (GF2) 0.121 0.116 0.0138 0.712

Logarithm of Gross Domestic Product (lnGDP) 10.539 0.557 8.959 11.994

Logarithm of Population Density (lnpopu) 5.451 1.277 2.034 8.257

Per Hundred People Private Cars (car) 8.4 5.4 0.7 24.9

Percentage of Actual Foreign Investment (fdi) 0.399 0.518 0.047 5.705

TABLE 5 Benchmark regression results.

Variable name (1) (2)

GF 1.343**
(2.420)

1.199**
(2.385)

GF2 −2.422***
(-3.767)

−2.024***
(-3.467)

lnGDP 0.220
(1.467)

lnpopu 0.028
(0.080)

car 0.087***
(9.262)

fdi 0.033
(1.020)

cons 0.627***
(5.770)

−1.918
(-0.661)

Obs 390 390

R2 0.325 0.463

Year Yes Yes

Ind Yes Yes

Note: ***, ** and * significant at 1%, 5%, and 10%. (Values in parentheses represent t-statistics.)
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highlighting the necessity for further advancement in GF. GF
becomes notably effective in reducing CE once it reaches a
certain threshold.

The results indicate a significant positive correlation between
private car ownership rates and carbon emissions (CE) at the 1%
confidence level, suggesting that higher per capita car ownership
is associated with increased CE levels. Given the currently low
clean energy utilization rates in private vehicles, expanded
automobile production and usage exacerbate CE levels,
aligning with conventional wisdom. This underscores the
necessity to enhance clean energy adoption rates and promote
public transportation systems as effective mitigation strategies.
The insignificant regression results for GDP, population density,
and FDI on CE may be attributed to multiple factors. As China’s
economic growth model transitions, the correlation between
GDP aggregate and carbon emissions has weakened
significantly; with industrial relocation to central and western
regions and advancements in automation and AI, population
density’s impact on industrial development—and consequently
on carbon emissions—has diminished; meanwhile, increased
low-carbon technologies have enabled FDI in China to
promote carbon reduction through technology transfer but
may also introduce environmentally unfriendly low-end
industries, leading to an overall insignificant effect on CE.
Furthermore, traditional dual-fixed panel models exhibit
methodological limitations, necessitating the construction of
spatial econometric models for further analysis.

Given the regional heterogeneity in per capita carbon
emissions (CE), we additionally constructed local Moran’s I
scatter plots to visualize spatial association patterns. Due to
space limitations, we present 2019 as a representative year
(Figure 3). The spatial clustering pattern observed in
2019 indicates that most provincial-level CE values are located
in the first and third quadrants of the local Moran’s I scatter
plot—regions exhibiting positive spatial autocorrelation. Both
the global Moran’s I index and the local Moran’s I scatter plot
confirm significant spatial self-correlation in per capita CE
distribution, satisfying the fundamental requirements for
spatial econometric modeling.

4.2 Spatial econometric model
regression analysis

4.2.1 Spatial autocorrelation test
A spatial autocorrelation test was conducted on the per capita

CE for the 30 Chinese provinces from 2007 to 2019, as presented
in Table 6.

Analysis of Table 5 reveals that the Global Moran’s I values for
per capitaCE in Chinese provinces or cities from 2007 to 2019 are all
greater than 0 and significant at the 1% and 5% levels. In terms of the
overall trend, both weight matrices (Queen and Rook) exhibited a
slight fluctuation followed by a decreasing trend in Global Moran’s
I values.

4.2.2 Testing and identification of spatial
econometric models

The Lagrange Multiplier (LM) Test and Robust LM Test results
indicate the presence of spatial autocorrelation. Consequently, it is
essential to establish spatial econometric models, including the
SDM, SAR, and SEM. After conducting the Likelihood Ratio
(LR) test and Wald test, considering the practical situation, the
SDM is selected. The relevant test results are shown in Table 7.

Moreover, based on theHausman test, the chi-squared statistic is
meaningfully at the 10% level, indicating the suitability of the fixed
effects model. Subsequently, a decision must bemade among three
models: time-fixed effects, regional-fixed effects, and time-regional
fixed effects. Consistent with the methodology of Dong et al. (2022),
model selection criteria include minimizing the AIC and BIC values,
assessing the R2 value, and evaluating the significance of key
coefficients. Ultimately, the SDM incorporating both time and
regional fixed effects is selected as the spatial econometric model
for analysis. Detailed regression results are provided in Table 8.

4.2.3 Empirical results and analysis of spatial
econometric models

Based on the findings shown in Table 8, we can observe that the
linear term of GF exhibits a significant positive effect, while the
quadratic term shows a significant negative impact, both at the 1%
level. The results confirm the presence of inverted U-shaped
relationships in both within-region and neighboring areas,
providing additional support for hypothesis H1. The rationale
behind this relationship can be elucidated as follows: In the
initial stages of GF development, challenges such as incomplete
regulatory frameworks, lack of institutional support, and
information asymmetry may hinder efficient allocation of GF
resources and impede its role in guiding societal entities towards
green transformation. Green projects often entail substantial initial
capital investments with extended payback periods, potentially
leading to an initial rise in CE due to increased investment.
Moreover, the effects of GF policies may exhibit a time lag. As
the level of GF development surpasses the turning point of the
inverted U curve, the positive impacts of enhanced technological
advancements facilitated by GF development gradually emerge,
resulting in a decline in CE.

Furthermore, in the SDM, the spatial autoregressive coefficient
is greatly positive at the 1% level. This signifies a positive spatial
correlation effect among per capita CE across different regions,
highlighting the substantial influence of spatial factors on CE. This

FIGURE 3
Moran’s index in 2019.
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could be attributed to the fact that CE in a region are influenced by
various factors, such as technological levels, talent exchange, and
financial interactions, which are objective and often influenced by
neighboring regions. Therefore, the CE of one region can have a
positive correlation with those of its neighboring regions.

Following Lesage and Kelley (2009), we conduct partial
differentiation on the SDM to dissect the spatial effects into
direct and indirect components (refer to Table 8). The direct
effect signifies the influence of GF on local per capita CE, while
the indirect effect denotes the impact of GF on per capita CE in
neighboring regions. The total effect encompasses the cumulative
impact of both components.

Table 8 illustrates a spatial spillover effect of GF on per capitaCE
in surrounding regions, characterized by a nonlinear influence that
further corroborates hypothesis H1. One plausible explanation is
that during the initial phases of GF development, green principles
may initially converge from surrounding regions to the central area.

However, as this concentration reaches a critical mass, internal
competition drives related enterprises to seek cost efficiencies by
relocating to neighboring regions, subsequently exerting an
inhibitory effect on per capita CE in these areas during the later
stages of GF evolution. Another potential rationale is that GF
policies have showcased and guided neighboring regions in GF
advancement through learning and collaboration, thereby eliciting a
nonlinear impact on per capita CE in these vicinities.

Moreover, the calculated inflection point for the spatial spillover
effect of GF is determined to be 0.2971, closely aligning with the
inflection point derived from the baseline regression. Regarding the
effects of control variables decomposition, the direct impact of per
capita GDP is meaningfully positive, while the indirect effect is
nonsignificant. This implies that local economic growth partly
mirrors the demand in the area, leading to heightened energy
consumption and CE. Conversely, the direct effect of population
density is notably positive, while the indirect effect of population

TABLE 6 Moran’s I statistics.

Year Spatial adjacency matrix Spatial geographic distance matrix

2007 0.398***(3.575) 0.282***(3.370)

2008 0.418***(3.772) 0.272***(3.292)

2009 0.402***(3.672) 0.257***(3.155)

2010 0.407***(3.723) 0.236***(2.939)

2011 0.308***(3.601) 0.194**(2.559)

2012 0.380***(3.584) 0.196**(2.570)

2013 0.361***(3.390) 0.191**(2.492)

2014 0.352***(3.312) 0.198**(2.455)

2015 0.319***(3.013) 0.188**(2.444)

2016 0.317***(2.986) 0.186**(2.408)

2017 0.292***(2.827) 0.168**(2.260)

2018 0.294***(2.884) 0.165**(2.254)

2019 0.296***(2.917) 0.157**(2.182)

Note: ***, ** and * significant at 1%, 5%, and 10%,the z values are in parentheses.

TABLE 7 Spatial econometric model related tests.

Testing method Statistic value P-value

LM-spatial error 7.532 0.006

Robust LM-spatial error 1.413 0.235

LM-spatial lag 12.674 0.000

Robust LM-spatial lag 6.555 0.010

LR-spatial error 31.250 0.000

LR-spatial lag 23.260 0.000

Wald-spatial error 33.120 0.000

Wald-spatial lag 22.960 0.000

Hausman 检验 12.570 0.083
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density is markedly negative, indicating that higher population
density correlates with increased CE. Furthermore, the direct
effect of private car ownership is meaningfully positive, with both
indirect and total effects also exhibiting significance. This suggests
that an upsurge in private car ownership contributes to elevated CE
in the region, exerting a substantial influence on both local and
neighboring regions. The insignificant overall effects of FDI may
stem from its dual pathways: while foreign direct investment (FDI)
can potentially mitigate carbon emissions through technology
transfer, it might simultaneously exacerbate environmental
pressures by relocating high-carbon industries. This dual
mechanism—acting as both a promoter and inhibitor of
CE—contributes to the lack of statistical significance in the
empirical results.

4.3 Robustness checks

4.3.1 Replacement of spatial weight matrices
The selected spatial econometric models have inherent

limitations, particularly in their high sensitivity to the
construction of spatial weight matrices. These matrices exert
substantial impacts on modeling outcomes, as they define the
spatial relationships assumed in the analysis. Spatial weight
matrices significantly influence the outcomes of these models. To
ensure the robustness of the regression results, we will perform the
regression analysis utilizing a spatial adjacency weight matrix. The
results are outlined in Table 9, Column (1). The coefficients of the
linear and quadratic terms of GF in this alternative model exhibit a
similar direction and confidence level as in the previous analysis,
reinforcing the conclusion that GF has a nonlinear, inverted U
impact on CE. Additionally, it continues to demonstrate spatial
spillover effects on CE in surrounding regions, further supporting

the conclusions drawn from the previous analysis using the spatial
geographical distance matrix.

4.3.2 Mitigating the impact of outliers
To further enhance the robustness of our analysis, we perform

robustness checks by excluding outliers. Up to 2019, the State
Council had established GFPZs in six provinces and nine regions.
These regions experienced significant advancements in GF. To
reduce the potential impact of outliers on our empirical findings,
we will re-run the regressions after excluding the six provinces
(Xinjiang, Guizhou, Gansu, Jiangxi, Zhejiang, and Guangdong)
where the GFPZs were located. The results of this analysis are
outlined in Table 9. Columns (2) and (3) display the regression
outcomes utilizing the spatial geographical distance matrix and
spatial adjacency matrix, respectively, on the subset excluding the
pilot zones. The results reveal that the key variables, such as GF,
demonstrate similar regression outcomes as in the previous analysis,
thereby reinforcing the robustness of our earlier findings.

4.4 Heterogeneity test

To examine regional disparities in the influence of GF on CE, we
conducted a subgroup analysis by categorizing provinces into
Eastern China and Central/Western China. The outcomes,
detailed in Table 10, indicate variations in how GF affects CE
across these regions. In Eastern China, we find a significant
direct effect between both variables at the 5% confidence level,
suggesting a notable reduction in CEwithin the region. However, the
indirect effect (spillover effect) on surrounding areas is not
statistically significant, indicating a limited influence in nearby
areas. In contrast, Central and Western China shows both direct
and indirect effects with respectively at the 1% and 5% level. These

TABLE 8 Spatial durbin model regression results.

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

Main Wx Spatial LR_Direct LR_Indirect LR_Total

GF 1.012**
(2.259)

2.996***
(2.901)

1.236**
(2.586)

4.768***
(2.957)

6.003***
(3.284)

GF2 −1.704***
(-3.256)

−2.831**
(-2.471)

−1.942***
(-3.477)

−4.900***
(-2.774)

−6.843***
(-3.358)

lnGDP 0.427**
(2.468)

−0.612*
(-1.792)

0.416***
(2.626)

−0.665
(-1.543)

−0.249
(-0.629)

lnpopu 0.856**
(2.244)

−2.890***
(-3.726)

0.712*
(1.926)

−3.656***
(-3.506)

−2.944***
(-2.890)

car 0.086***
(10.057)

0.033*
(1.830)

0.090***
(10.318)

0.087***
(2.820)

0.176***
(5.159)

fdi 0.042
(1.426)

0.088
(0.872)

0.051
(1.601)

0.159
(0.997)

0.209
(1.196)

ρ 0.325***
(3.459)

R2 0.305 0.305 0.305 0.305 0.305 0.305

Obs 390 390 390 390 390 390

Note: Same as Table 5.
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outcomes highlight a substantial impact of GF on reducing CE
within Central/Western China, along with significant spillover
effects on neighboring areas. The impact of GF on CE varies by
region, with a more pronounced effect in Central/Western China
compared to Eastern China. This finding is consistent with Liu et al.
(2022) research, which observes that GF development significantly
reduced CE in China’s central region, while its carbon-reduction
impact remained statistically insignificant in the eastern region.

The observed regional disparities in GF’s impact on CE levels
can be attributed to differences in regional development stages,
industrial structures, and policy implementation gradients. Eastern
China, located on the right side of the inverted U-shaped curve,
exhibits significant direct effects of GF on CE levels due to mature
industrial infrastructure and economic activity clusters. Provinces in
the eastern region, characterized by late-stage industrialization,
benefit from dual driving mechanisms: well-developed factor
markets and concentrated industrial capital. Coastal provinces

implement “birdcage replacement” policies to relocate energy-
intensive industries to central/western regions, focusing GF on
low-carbon retrofitting of existing industries. Local industrial
structures shift toward low-carbon and service sectors through
enhanced environmental regulations and financial tool
innovations, driving enterprise production toward low-emission
trajectories. This policy framework features strong institutional
constraints, with “vertical environmental governance” systems
and grid-based monitoring networks establishing end-to-end
regulatory chains that internalize environmental costs to critical
thresholds. Limited technology spillover paths and “hollowing-out
effects” from factor agglomeration weaken GF’s radiative capacity,
resulting in insignificant spatial spillover effects on
neighboring regions.

In contrast, western provinces are in mid-stage industrialization,
shaped by unique policy windows and industrial relocation patterns.
Industrially, central/western regions act as value-chain recipients

TABLE 9 Regression results for robustness checks.

Variable Replacing spatial weight matrix Excluding green finance experiment zones

(1) (2) (3)

GF 1.039**
(2.441)

0.807
(1.528)

1.026**
(2.181)

GF2 −1.470***
(-2.930)

−1.193*
(-1.909)

−1.189**
(-2.127)

lnGDP 0.774***
(4.594)

0.370*
(1.867)

0.732***
(4.092)

lnpopu 1.797***
(4.706)

0.424
(0.898)

1.512***
(3.984)

car 0.083***
(10.562)

0.114***
(10.739)

0.104***
(12.181)

fdi −0.008
(-0.269)

0.035
(1.131)

0.045
(1.474)

WGF 2.172***
(2.738)

3.044***
(2.622)

1.373
(1.577)

WGF2 −1.820*
(-1.885)

−2.952**
(-2.392)

−2.498**
(-2.408)

WlnGDP −0.730***
(-2.745)

−0.481
(-1.271)

−0.103
(-0.688)

Wlnpopu −4.751***
(-6.023)

−2.119**
(-2.244)

−1.983***
(-2.713)

Wcar 0.011
(0.715)

0.031
(1.407)

0.019
(1.494)

Wfdi 0.196*
(1.900)

−0.010
(-0.125)

0.480***
(2.657)

rho 0.374***
(5.729)

0.101
(0.347)

0.461***
(6.736)

Year Yes Yes Yes

Ind Yes Yes Yes

R2 0.329 0.328 0.279

Obs 390 312 312

Note: Same as Table 5.
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from eastern provinces, maintaining high shares of traditional
industries. GF policies achieve “forced coupling” between
technological upgrades and emission reductions through
technology-bundled credit instruments (e.g., environmental
equipment upgrade loans). At the policy implementation level,
“ecological compensation pilot zones” and “green finance
innovation test beds” generate institutional dividends. Central
cities promote clean energy transitions in energy-intensive
industries through standardized green technology outputs.
Market saturation drives green capital and technology diffusion
along industrial chains to county-level economies, creating
coordinated emission reduction effects through rural energy
optimization and micro-enterprise green transformation. This
“diffusion effect” amplifies GF’s spatial spillover capacity, while
government-led resource allocation policies further strengthen
regional radiation capacity of green development initiatives.

4.5 Mechanism examination

To explore the mechanisms by which green finance (GF)
impacts carbon emissions (CE), we conduct a mechanism
examination. Following the methodology of Zhang et al. (2015),
we utilize the mediation effect method to assess the role of the
transmission mechanism in the impact of GF on CE. Specifically, we
analyze two mechanisms: technological advancement (Tech) and
energy consumption structure (ES), with the model structured as
shown in Formulas 1, 10.

Pi,t � α0 + α1GFi,t + α2GF
2
i,t + α3X + εi,t (10)

CO2i,t � β0 + β1GFi,t + β2GF
2
i,t + β3X + β4Pi,t + εi,t (11)

In this model, Pi,t represents the mediating variables, with
technological advancement and energy consumption structure
selected as these variables. Specifically, Tech is indicated by the
ratio of technology market turnover to regional GDP; a higher value

signifies a higher level of technology. The ES refers to the ratio of
coal consumption to total energy consumption, where a higher
proportion signifies a higher reliance on fossil fuels.

Model (10) is employed to validate the quadratic correlation
among GF, technological progress, and energy consumption
structure. Meanwhile, Model (11) is used to examine the
mediating role of technological advancement and energy
consumption structure in the influence of GF on CE. By
comparing these results with regression outcomes that do not
consider mediating variables, we can confirm the mechanistic
significance of these mediators. The estimated outcomes of the
mediation effect model are displayed in Table 11.

The analysis of Table 11 reveals important findings. Column (1)
reveals a significantly negative regression coefficient between the ES
and the squared term of GF, suggesting an inverted-U relationship
between these variables. In Column (2), a U-shaped relationship
between GF and technological advancement is illustrated. Moving
on to columns (3) to (5), it becomes apparent that technological
advancement has a significantly negative regression coefficient,
implying an inverted-U mediating effect in the relationship
between GF and CE. Conversely, the regression coefficient for
energy consumption structure is notably positive, suggesting an
inverted-Umediating role in the impact of GF. Additionally, column
(5) presents the results of the dual fixed-effects model without
mediating variables. A comparison between columns (3) and (4)
with column (5) shows a significant regression coefficient of CE on
the square term of GF, albeit with a reduced absolute value. The
mediation analysis was conducted using a non-parametric bootstrap
method with 1,000 resamples. The results indicate As shown in
columns (6) and (7) that the indirect effect of the first mediation
path is 5.191, which is statistically significant at the 5% level (95% CI
[0.888, 9.498], excluding zero). In contrast, the indirect effect of the
secondmediation path is −10.719, which is significant at the 1% level
(95% CI [−15.337, −6.102], excluding zero). These findings suggest
that GF exerts a significant indirect effect on CE through these two
mediating variables. This indicate mediating effect of both

TABLE 10 The impact of green finance on carbon emissions in different regions.

Region Decomposition of effects GF GF2 lnGdp lnpopu Car Fdi

Eastern Region LRDirect 0.610** −0.632** 0.328*** −1.191*** 0.018*** −0.012

(2.431) (-2.274) (3.131) (-6.601) (4.439) (-1.017)

LR_Indirect −0.192 0.134 −0.302** 0.664** −0.005 −0.071***

(-0.449) (0.312) (-2.057) (2.481) (-0.792) (-2.826)

LR_Total 0.418 −0.498 0.026 −0.527* 0.013 −0.083***

(0.791) (-0.850) (0.198) (-1.950) (1.637) (-2.909)

Central and Western Regions LR_Direct 1.349** −2.293*** −1.035*** 2.036*** 0.167*** 0.731***

(2.162) (-3.021) (-5.175) (3.106) (11.659) (3.109)

LR_Indirect 4.566** −6.004** 0.984*** 7.939*** −0.157*** −1.773***

(2.096) (-2.046) (3.149) (3.355) (-5.529) (-2.708)

LR_Total 5.915** −8.297*** −0.051 9.974*** 0.010 −1.041

(2.536) (-2.618) (-0.251) (3.810) (0.407) (-1.372)

Note: Same as Table 5.
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mechanisms, reinforcing the inverted-U relationship between both
variables. Consequently, Hypotheses 2 and 3 of this study
find support.

The mediating function of technological advancement implies
that during the initial phases of GF evolution, the targeted allocation
of green funds drives enterprises to engage in energy-saving and
environmental protection initiatives. Nevertheless, during this
period, limited progress in green finance development led to
technological advancements focused on marginal efficiency
improvements. Consequently, overall productivity growth slowed
down or even declined, creating financial strain during production
processes and tightening corporate financial conditions. This
situation intensifies the burden on enterprises, affects their R&D
investment in other aspects, and hinders technological research and
development. Secondly, due to the immature related systems at the
onset of GF, including an underdeveloped information disclosure
system, there are instances of ‘greenwashing,’ which also negatively
impact the development of green technologies. Furthermore,
investment projects supported by GF are characterized by long
recovery periods and the lack of evident short-term benefits, so
they struggle to exert influence during the early stages of
development. As GF advances beyond the inflection point, the

scope of green funds expands continuously, bolstering the
institutional framework of GF. This growth enables more capital
to be channeled into eco-friendly projects, encouraging enterprises
to elevate their technological capabilities continually. Technological
innovation has shifted from sector-specific breakthroughs to
systematic upgrading. Clean energy technologies—including
photovoltaics, energy storage, and others—have achieved large-
scale deployment. Synergistic incentives between carbon trading
markets and green financial instruments drive enterprises to pursue
technological innovation to obtain carbon allowance premiums.
During this phase, the substitution effect of technological
progress significantly reduces energy intensity per unit GDP,
while the upward leap in overall productivity directly suppresses
carbon emissions. Concurrently, as the benefits of earlier research
and development investments materialize, GF effectively mitigates
CE by enhancing technological proficiency.

The mediating function of coal consumption structure
highlights that during the initial phases of GF evolution,
dedicated GF resources prompt enterprises to allocate these funds
to green initiatives, diverting investments from other sectors. In
scenarios where other variables remain constant, enterprises, driven
by short-term profit maximization, may intensify energy usage,

TABLE 11 Results of the mechanism examination.

(1) (2) (3) (4) (5) (6) (7)

Variable Name Es Tech ACO2 ACO2 ACO2 ES Tech

GF 0.281
(1.476)

−0.036**
(-2.370)

0.702*
(1.872)

1.075**
(2.129)

1.199**
(2.385)

GF2 −0.553**
(-2.503)

0.062***
(3.513)

−1.045**
(-2.386)

−1.811***
(-3.059)

−2.024***
(-3.467)

lnGDP −0.173***
(-3.050)

−0.007
(-1.490)

0.526***
(4.661)

0.196
(1.313)

0.220
(1.467)

lnpopu −0.457***
(-3.415)

0.030***
(2.845)

0.838***
(3.134)

0.133
(0.373)

0.028
(0.080)

car 0.010***
(2.772)

−0.001***
(-4.197)

0.070***
(9.852)

0.083***
(8.641)

0.087***
(9.262)

fdi −0.025**
(-1.981)

0.003***
(2.681)

0.077***
(3.141)

0.042
(1.291)

0.033
(1.020)

Es 1.770***
(16.677)

Tech −3.462**
(-1.933)

Indirect 5.191**

Normal-based [95% conf. interval] [0.888–9.498]

Indirect −10.719***

Normal-based [95% conf. interval] [-15.337—
−6.102]

Year
Ind
Obs

Yes
Yes
390

Yes
Yes
390

Yes
Yes
390

Yes
Yes
390

Yes
Yes
390

R2 0.185 0.454 0.704 0.469 0.463

Note: Same as Table 4.
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resulting in heightened CE (Zhang et al., 2021). Policies promoting
energy efficiency upgrades through standards and green bonds aim
to incentivize corporate energy-saving transformations. However,
this process faces investment payback period mismatches: firms may
need to borrow to purchase or produce high-efficiency equipment,
temporarily increasing energy inputs to offset retrofitting costs.
Simultaneously, regional economic progress necessitates increased
energy consumption. In situations where green industries lack
economies of scale and economic transition progresses slowly,
the increase in CE due to escalated energy consumption
surpasses the carbon reduction effect of GF, resulting in a
sudden surge. Furthermore, high-energy-intensive industries
remain dominant due to employment and tax considerations,
while GF prioritizes “incremental” improvements over radical
transformations, risking greenwashing. This phenomenon may
temporarily raise traditional energy consumption shares, driving
CE growth alongside expanding energy consumption totals.
Conversely, the ongoing expansion of GF leads to better
management of enterprise expenditures and substantial
technological advancements that greatly improve energy
utilization efficiency. When GF policy shifts from “end-of-pipe”
controls to “source control,” renewable energy capacity surpasses
critical thresholds, substantially displacing traditional energy
demand. As economic growth gradually decouples from energy
consumption growth, the increased share of clean energy directly
reduces carbon intensity per unit of energy output. Coastal eastern
regions achieve energy consumption decoupling through industrial
upgrading, whereas western provinces accelerate energy structural
transitions via green financial tool innovations. This transition
towards industrial ecology is gradually realized, with a surge in
clean energy adoption reducing CE during production processes.

5 Further analysis

5.1 Examination of ‘greenwashing’

The phenomenon of ‘greenwashing’ notably impacts carbon
reduction in the initial stage of GF development. To examine the
existence of ‘greenwashing,’ a DID model is utilized. It is reasonable
to assume that regions exhibiting pronounced ‘greenwashing’ would
be those with substantial GF volumes prior to policy stringency.
Following the enforcement of stricter GF regulations, these regions
are expected to display sluggish growth or even a decline in GF. The
thirty provinces are categorized into three groups based on their GF
maturity levels, with ten provinces in each group. The group with the
highest GF maturity is designated as the experimental group,
assuming a more pronounced ‘greenwashing’ effect in these
regions. As stringent GF policies are enforced, projects tainted by
‘greenwashing’ are phased out, resulting in a deceleration or
reduction in GF scale in these provinces. Conversely, the group
with the lowest GF maturity serves as the control group. The
initiation of stringent GF policies is identified as commencing in
2017, following the issuance of the GCGFS by PBC and seven other
ministries in August 2016. These guidelines elucidated the essence of
GF, emphasizing that the ‘green’ aspect pertains to economic
endeavors supporting environmental enhancement, climate

change mitigation, and resource efficiency. Therefore, the model
is constructed as shown in Formula 12

GFi,t � α0 + α1policyi,t + α2loangdpi,t + βXi,t + μi + ∂t + εi,t (12)

The selected dependent variable is the extent of green finance
(GF) advancement. The policy variable, denoted as “policy,”
signifies the enforcement of stringent GF policies from
2017 onwards. Provinces in the experimental group are
assigned a value of 1 for the year 2017 and subsequent years,
while other provinces receive a value of 0. Financial development
level (loangdp) is selected as an explanatory variable, represented
by the ratio of the increase in bank loans to GDP in each province.
Control variables denoted by X include per capita GDP (pergdp)
and sulfur dioxide emissions (SO2). The variables i and t denote
each province and year, respectively, μi standing for fixed effects
for provinces, ∂t fixed effects for time, and εi,t the random error
term. Data is sourced from the EPS data platform and the
National Bureau of Statistics website. The outcomes of the
DID regression are shown in Table 12.

The regression findings presented in Table 12 reveal a
significantly negative coefficient for the policy variable at the
1% confidence level. This outcome suggests that the enforcement
of stringent GF policies has contributed to a reduction in the
magnitude of GF within the experimental group provinces. The
implication is that the imposition of strict GF policies may have
eliminated projects associated with “greenwashing,” although
this impact could have existed prior to policy implementation.
To validate this, a parallel trend analysis was conducted, with the
results depicted in Figure 4. The x-axis depicts the policy
timeline, while the y-axis illustrates the regression coefficient
of the policy dummy variable at each time point. Prior to policy
enforcement, the coefficient of the policy dummy variable
fluctuated around zero, indicating no discernible disparity in
GF progression between the experimental and non-experimental
groups, aligning with the parallel trend assumption. Following
the initiation of the policy pilot phase, a notable decline in GF
development was observed, significantly deviating from zero.
This shift signifies that the enforcement of stringent GF
policies has resulted in a stagnation or decline in GF
expansion within provinces that previously exhibited higher
GF levels.

The baseline regression and parallel trends analysis validate the
absence of a significant disparity in GF levels between the
experimental and control groups prior to the enforcement of
stringent GF policies. However, following the policy pilot phase,
GF within the experimental group exhibited a notable decrease
compared to the control group. This divergence may be influenced
by unobservable variables like alternative policies or economic
cycles. To assess the incidental nature of the effects stemming
from the implementation of strict GF policies, a placebo test was
conducted. Figure 5 illustrates the distribution of estimated
coefficients derived from 500 Monte Carlo simulations,
demonstrating that the simulated regression coefficients adhere to
a normal distribution with a mean proximate to zero. This
observation indicates that the outcomes of the baseline regression
are not a result of shifts in other unobservable factors but are directly
linked to the implementation of stringent GF policies.
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5.2 Testing the lag effect of green finance

GF primarily caters to long-cycle green projects, implying that
its influence on CE is not immediate but extends over a prolonged
period. To investigate this, we introduce lag periods of one, two, and
three into a nonlinear fixed-effects regression model to examine the
lag effect. L1, L2, and L3 denote the lag periods. The outcomes are
detailed in Table 13, where the regression analysis demonstrates that
the coefficient of the quadratic term of GF with a one-period lag
is −1.582, surpassing the 1% significance threshold. Similarly, the
coefficients for the two-period and three-period lags
are −1.286 and −1.360, respectively, both exceeding the 5%
confidence level.

In conclusion, a notable lag effect is evident in the impact of GF
on CE. The consistently negative coefficients of the quadratic term of

GF across one, two, and three lag periods signify a significant
delayed inverted-U influence.

6 Conclusions and policy suggestions

6.1 Conclusions

To investigate the influence of green finance (GF) on carbon
emissions (CE) in China and its spatial spillover effects, we selected a
sample of 30 provinces in China, utilizing annual data from 2007 to
2019 and employing the spatial Durbin model (SDM). Incorporating
the quadratic term of GF into the model allowed for an exploration
of the nonlinear impact, enhancing the research perspective on this
relationship. By integrating spatial factors into the traditional panel
model, we analyzed the localized impact of GF on CE within regions
and investigated the spillover effects on neighboring areas.
Furthermore, to assess the varying regional impacts, we
categorized regions into eastern and central-western parts,
examining the effects and spatial spillovers in distinct areas.
Lastly, we delved into the two transmission mechanisms through
which GF influences CE: technological advancement and energy
consumption structure. The study has yielded the following
conclusions:

First, there exists an inverted-U nonlinear relationship between
GF and CE. Initially, GF leads to an increase in CE in the short
period within a region. However, over time, as GF advances and
exceeds the turning point of the inverted U curve, it transitions to a
role of mitigating carbon emissions. It is evident that the majority of
provinces in China are situated on the left side of this turning point,
indicating a lower level of GF development in China. Furthermore,
there are regional disparities, highlighting substantial potential for
future development.

Second, GF exhibits an inverted-U spatial spillover effect on CE
in surrounding regions. In the short term, GF contributes to an
increase in CE in surrounding regions. Nevertheless, in the long
term, as GF progresses and surpasses the turning point of the
inverted U curve, it exerts a dampening effect on the CE of
surrounding areas.

TABLE 12 Results of the difference-in-differences test for greenwashing.

Variable name Current green finance

policy −0.0518***
(-2.72)

loangdp −0.0041
(-0.05)

pergdp 0.000*
(1.89)

SO2 −0.0003
(-1.24)

Intercept 0.3070***
(9.18)

Obs 260

R2 0.8794

Year Yes

Ind Yes

Note: Same as Table 5.

FIGURE 4
Parallel trends test.

FIGURE 5
Placebo test.
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Third, a comparison of the impact of GF on CE in different
regions reveals distinctions between the eastern and central-western
regions, particularly in terms of spatial spillover effects on
neighboring areas. Regarding the direct effect, GF in both regions
exhibits a inverted U-shaped impact on CE within the region.
However, the indirect effect of GF in the eastern region is not
significant, whereas in the central-western region, it is notable.
Considering the overall effect, the eastern region shows
insignificance, whereas the central-western region demonstrates a
meaningful inverted U curve. This suggests that the suppressing
effect of GF on CE is more pronounced in the central-western region
compared to the eastern region.

Fourth, the findings of the mechanism test indicate that GF
affects CE by driving technological advancements and altering
the energy consumption structure. The advancement of GF
results in heightened energy consumption in the initial phases
of economic growth, followed by a gradual increase in the
utilization of clean energy in later stages. Consequently, the
energy consumption structure exhibits an inverted-U
mediating effect in the influence of GF on CE. Regarding
technological progress, GF initially hinders corporate R&D
investment to some extent. With the advancement of GF
development and the realization of outcomes from initial
green projects, there is a mitigating impact on CE due to the
enhancement of technological capabilities. Thus, technological
progress plays a U-shaped mediating role in this impact.

Fifth, the test results concerning “greenwashing” reveal the
presence of this issue during the initial phases of GF
development. Furthermore, the analysis of the lag effect of GF
reveals a significant delay in its influence on CE. The presence of
“greenwashing” and the lag effect of GF effectively explain the
inverted-U influence.

6.2 Policy suggestions

Based on our findings, we put forward the following policy
recommendations:

First, Implement region-tailored, phased green finance (GF)
policies. To address regional disparities in GF development, policies
should be calibrated to each province’s economic stage and rolled out in
phases. Establish a comprehensive early-warning system to monitor
whether regions have crossed the critical threshold on the inverted-U
curve—particularly those on the left (early development) side. In these
provinces, introduce flexible regulatory constraints to manage carbon-
intensity targets and the pace of green credit expansion, balancing
environmental objectives with economic growth. Simultaneously
deploy a dual-track incentive mechanism to support both
technological innovation and emission reductions. In the initial
phase, GF pilot zones should leverage green mortgages and carbon
forward contracts to drive energy-efficiency upgrades. Once a province
reaches its critical GF threshold, shift toward market-based tools—such
as emissions auctions and carbon border adjustments—to strengthen
market discipline over high-carbon industries. Finally, expand the
number of GF demonstration zones; these areas can both replicate
proven best practices and serve as testbeds for innovative GF
instruments, thereby improving policy effectiveness nationwide.

Secnod, Strengthen and refine GF supervision. Adopt a systemic,
precision-targeted regulatory framework to bolster GF’s integrity and
impact. Develop a dynamic GF standards system—incorporating third-
party verification and blockchain tracing—to ensure full transparency
of capital flows. Embed a lifecycle-based assessment mechanism that
clearly defines sectoral boundaries and quantifies environmental
benefits, thus deterring greenwashing. Implement differentiated
regional support, for example, by creating GF guidance funds and
tax incentives in underdeveloped areas, and using digital-yuan
platforms to expand inclusive lending. Enforce mandatory
environmental disclosure rules to guarantee transparency and
accountability: require firms and financial institutions to report
carbon-footprint data regularly under the Task Force on Climate-
related Financial Disclosures (TCFD) framework. Such measures will
standardize monitoring and reporting, mitigating greenwashing risks.
Link environmental credit ratings to financial product pricing to
incentivize corporate shifts toward sustainability. Finally, launch
“Carbon Account +” micro-enterprise services to help small
businesses adopt green practices.

Third, Strengthen regional integration and cooperation. To fully
unleash the potential of green finance, it is vital to establish a
coordinated spatial governance framework. Since GF exerts cross-
border impacts on carbon emissions, neighboring regions should
prioritize mutually beneficial development. Cities hosting GF
demonstration zones ought to collaborate with surrounding areas
to promote industrial linkages and technology diffusion. For
example, in key clusters such as the Yangtze River Delta and the

TABLE 13 Lag effects of green finance on CE.

Variable name (1) (2) (3)

L1.GF 0.793
(1.550)

L1.GF2 −1.582***
(-2.713)

L2.GF 0.759
(1.458)

L2.GF2 −1.286**
(-2.164)

L3.GF 0.834
(1.628)

L3.GF2 −1.360**
(-2.291)

lnGDP 0.167
(1.068)

0.072
(0.425)

−0.078
(-0.441)

lnpopu −0.098
(-0.275)

−0.301
(-0.817)

−0.479
(-1.321)

car 0.081***
(8.120)

0.073***
(6.656)

0.063***
(5.430)

fdi 0.028
(0.903)

0.028
(0.920)

0.015
(0.533)

Obs 360 330 300

R2 0.428 0.362 0.298

Year Yes Yes Yes

Ind Yes Yes Yes

Note: Same as Table 5.
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Guangdong–Hong Kong–Macau Greater Bay Area, a unified green
finance product certification system and a shared carbon-account
information platform should be implemented. Policy design must
account for regional differences: eastern provinces should prioritize
market-based emission-reduction mechanisms—leveraging carbon-
financial instruments to drive market innovation—whereas western
provinces should focus on strengthening green finance
infrastructure and adopt tiered spatial compensation policies.
Specific measures might include allocating carbon-trading quotas
to provinces that “export” green finance and offering targeted tax
breaks to provinces that “import” green industries. International
cooperation should be deepened by actively participating in global
GF standards initiatives, providing cross-border tax incentives for
green-bond investments, and encouraging regional alliances to
support clean-energy projects—especially under the Belt and
Road Initiative. Green finance must become a key driver of
global sustainable development.

Fourth, Maximize GF’s role in technological advancement and
energy transition. To harness GF’s dual capacity to spur innovation
and drive energy transition, an integrated approach is required.
Establishing a national green-technology venture fund should be a
priority, providing full-lifecycle support for green technologies
through concessional loans and risk-sharing mechanisms to
incentivize corporate investment in green innovation. Renewable
energy and energy-efficiency upgrades should receive preferential
financing to reduce reliance on high-carbon energy sources. Before
the structural inflection point in energy consumption arrives,
priority funding should go to clean-coal utilization projects;
thereafter, carbon border adjustments should accelerate the
phase-out of high-carbon energy. Finally, a cross-sector
collaboration mechanism should be created to facilitate
cooperation among government agencies, financial institutions,
and enterprises, thereby amplifying GF’s impact on optimizing
the energy mix and accelerating technological progress. By
aligning policy support, financing channels, and private-sector
innovation, this collaborative model will generate synergies that
significantly advance industrial green upgrading, technology
diffusion, and overall carbon-governance efficiency.
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