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Abstract

Green finance is a specialized financial institutional arrangement that has emerged in response

to the increasingly severe pressure on resources and the environment. In this paper, we construct

a comprehensive indicator system from the perspective of green financial services and adopt an

improved entropy method to measure green finance development. Using the panel data of 30 provincial

regions in China, we adopt a spatial econometric model to investigate the effect of green finance

development on carbon emissions. The results show that the carbon emissions exhibit a positive spatial

correlation among the provinces. Meanwhile, green finance development has a significant carbon

emission reduction effect. Evidence from China’s carbon emissions trading policy further confirms this

effect. The relationship we found is consistent with two mechanisms: the technology effect of green

technology innovation and the structural effect of industrial structure upgrading.

Keywords: green finance, carbon emissions, spatial correlation, green technology innovation, industrial

structure upgrading

Introduction

Climate change caused by the continuous growth
of greenhouse gas emissions has received widespread
attention in past decades, posing significant threats
to the global sustainability of human and economic
development. Currently, there is a consensus within the
international community to address climate change and
reduce carbon emissions [1], as exemplified by the Paris
Climate Accords, which were adopted by nearly 200
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parties in 2015. These goals point to fostering a green
economy that harmonizes both economic growth and
the ecological environment and are argued to effectively
promote the process of stabilizing growth and offering
opportunities to create new jobs [2].

The low-carbon transformation of the real economy
involves a coordinated deployment of financial resources,
rendering financing one of the essential challenges
throughout the transformation process, as highlighted by
the United Nations Environment Programme (UNEP).
The OECD estimates that approximately 7 trillion
dollars per year will be required globally to meet the
objectives outlined in the Paris Climate Accords by
2030. With such a substantial amount of financial
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resources needed, it is imperative to reorient both the
public and private financial sectors to actively support
sustainable investment and innovation. The importance
of scaling up green finance has thus been recognized,
leading to its inclusion as a vital topic for the first time
on the G20 summit agenda in 2016.

Green finance refers to the financial services
provided for economic activities that support
environmental improvement, mitigate climate change,
and utilize resources more efficiently. It has the dual
characteristics of financial resource allocation and
environmental regulation. The green financial system
utilizes a series of financial instruments, including green
credit, green bonds, green stocks, green development
funds, green insurance, and carbon finance, to support
the green transformation of the economy. In this context,
green finance, guided by the goals of carbon peaking,
carbon neutrality, and green development, will become
an important direction for future financial development
and construction around the world. For example, the
European Commission set out a comprehensive EU
strategy in its 2018 action plan on sustainable finance
to strengthen the connection between finance and
sustainability.

Note that green finance development and carbon
emission reduction, as important driving forces and target
functions of economic transformation and development,
respectively, may have an inherent linkage that cannot be
ignored. We hypothesize that green finance development
influences carbon emissions through two mechanisms:
the technology effect of green technology innovation
(within industries) and the structural effect of industrial
structure upgrading (between industries). On one hand,
compared to the traditional financial system, green
finance emphasizes that the financial sector needs to
fully consider the potential benefits and risks associated
with environmental conditions in the process of
financial allocation decisions so as to promote long-term
sustainable economic and social development [3]. Green
finance development allows green enterprises more
comparative advantages in receiving financial resources
for further production and innovation and compels
other enterprises in the same industry to embrace
green technologies to avoid the gradual loss of financial
resources and reputation, thus showing a positive effect
on energy conservation and emission reduction. On the
other hand, it guides financial institutions in allocating
resources through green financial services and affects
industrial development. Financial resources are essential
to industrial development, given the dependence of
enterprises and businesses on external financing. Green
finance optimizes the allocation of financial resources
among various industries through differentiated
measures, including penalties, and incentives, and
drives capital flows to efficient and sustainable green
industries, thereby reducing carbon emissions [4].
Therefore, identifying the effects and mechanisms of
green finance development on carbon emissions is of
great theoretical and practical significance for carbon

emission reduction.

Building upon the aforementioned theoretical
discussions, this paper empirically investigates the
relationship between green finance development and
carbon emissions, utilizing data from China. Due to
its huge population and rapid economic growth, China
has become the largest carbon emitter in the world
[5]. Nowadays, it attaches great importance to the
climate change issue and has set a series of targets for
carbon emission reduction. In September 2020, China
proposed its carbon peaking and carbon neutrality
goals at the 75th Session of the United Nations General
Assembly, striving to peak carbon dioxide emissions
before 2030 and achieve carbon neutrality before
2060. However, it has become a huge challenge for
China to achieve its goals of carbon emission reduction
in parallel with its industrialization and urbanization
owing to the expanding energy demand. Hence, China
places great emphasis on the development of green
finance. In 2016, the Chinese government published
the Guidance on Building a Green Financial System,
acknowledging its significance in realizing a green
economy and deeming it a crucial element of supply-side
structural reform. Meanwhile, China has decided to set
up pilot zones for green finance reform and innovations
in order to explore replicable ways of boosting green
finance. These facts make China a suitable case for this
study.

Existing literature on the measurement of green
finance development can be classified into two
categories: macro-perspective and micro-perspective.
The measurement based on the macro-perspective
mainly examines the development level of green finance
and environmental conditions as a whole at the national
or regional level [6, 7]. It provides a comprehensive
and systematic understanding of the temporal and
spatial stages of green finance development and the
overall effects of green finance policies. In contrast, the
measurement based on the micro-perspective mainly
evaluates whether financial institutions have integrated
the concept of green finance into their internal
management and business operations, as well as their
ability to carry out green financial services. Most studies
focus merely on one aspect of green finance and use the
implementation of green finance policies to measure the
development of green finance. For example, the “Green
Credit Guidelines,” promulgated in 2012 in China, were
used as an indicator for green credit [§].

However, there is no authoritative and consistent
standard for the measurement of green finance
development in the existing literature. In essence,
all aspects of green finance are aimed at adjusting
investment decisions in the financial sector to
promote sustainable development. Compared to the
dissemination of green finance concepts, improving the
level of green financial services is the focus of green
finance development in China at this stage. Therefore,
to truly reflect the main achievements of different
fields of green finance, the indicator system for green
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finance development should be based on green financial
services.

Previous studies on green finance mainly focused on
theoretical discussions of the role of financial institutions
in environmental protection and sustainable economic
development [9]. Subsequent research gradually
shifted from qualitative to quantitative analysis and
evaluated the micro and macro-effects of green finance
development. In terms of micro-effects, financial
institutions can improve their social reputation, increase
efficiency, and reduce credit risks by conducting green
financial services, which has a positive effect in the
long run [10]. Moreover, green finance policies can
significantly improve the availability of financing for
green enterprises to enlarge the scale of production and
improve the level of green technology innovation, while
increasing the financing costs and credit constraints
on enterprises with high pollution to force them to
achieve green transformation [11]. In terms of macro-
effects, green finance can optimize resource allocation,
strengthen ecological and resource conservation,
promote industrial structure adjustment, facilitate
economic transformation and upgrading [12], and
boost economic growth [13]. Regarding the low carbon
effect resulting from green finance development, some
studies have focused on assessing the overall emission
reduction effect of the green finance system, including
the construction of a green finance legal system and
transnational green finance cooperation [14]. Another
strand of the research has concentrated on the emission
reduction effect of specific green financial services, such
as green credit [15].

The relevant studies on the relationship between
green finance and carbon emissions provide valuable
references for this study, but most of them only explored
the effect of a single aspect of green finance on carbon
emissions, such as green credit, which cannot reflect the
multiple roles of green finance. Although some studies
built a comprehensive index rather than a single index
by integrating green credit, carbon finance, and other
fields [16], there were certain shortcomings in their
measurement of carbon finance. They ignored the time
mismatch of the data among carbon finance and other
dimensions of green financial services or used an
indirect approach related to carbon emissions to measure
carbon finance development, which is not applicable to
our study. Moreover, less is known with respect to the
specific mechanisms of the emission reduction effect.

To address the aforementioned problems, we first
construct a comprehensive indicator system from the
perspective of green financial services to measure
green finance development in a more accurate way.
The indicator system includes seven indicators in
four dimensions; green credit, green securities, green
insurance, and green investment. Then, based on the
panel data of 30 provincial regions in China, we use
an improved entropy method to measure green finance
development and investigate the empirical relationship
between green finance development and carbon

emissions by employing a spatial econometric model.
Moreover, we provide additional evidence from China’s
carbon emissions trading policy that further confirms
the effect of carbon finance on carbon emissions.

Our work makes the following contributions to
the literature; First, we adopt an improved entropy
method to measure green finance development, which
can realize a vertical comparison among different
years and a horizontal comparison among different
provinces, making the analysis results more reasonable.
Second, we study the mechanisms linking green finance
development and carbon emissions. The technology
effect of green technology innovation and the structural
effect of industrial structure upgrading are investigated
theoretically and empirically, which compensates
for the lack of existing studies. Third, we empirically
test the impact of carbon finance on carbon emissions
by treating China’s carbon emissions trading policy
as a quasi-natural experiment. This practice overcomes
the problem that carbon finance cannot be directly
included in the indicator system of green finance
development due to the limited time of policy
implementation. Moreover, using a spatial difference-
in-differences (SDID) model, we control the spatial
correlation of carbon emissions, which provides reliable
empirical support for the study.

The remainder of this paper proceeds as follows:
In Section 2, we conduct a theoretical analysis and
develop the research hypotheses. Next, we describe the
empirical methods, data, and variables in Section 3. In
Section 4, we present the empirical results of the effect
of green finance development on carbon emissions,
obtained using the baseline fixed-effects models and
spatial econometric models. We also investigate the
mechanisms and further analyze the impact of the
carbon emissions trading policy on carbon emissions.
Furthermore, a series of robustness checks are
performed. We conclude the study in Section 5.

Theoretical Analysis and Hypotheses
Green Finance Development and Carbon Emissions

The misallocation of financial resources exacerbates
carbon emissions, while financial institutions can take
on environmental responsibilities through the rational
allocation of financial resources [17]. Green finance is
a specialized financial institutional arrangement that
integrates finance and sustainable development. Green
finance providers, comprising both the public and
private financial sectors, play a dual role in collecting
funds to address environmental issues (green financing)
and improving financial risk management associated
with environmental issues (greening finance) [18].
In this sense, green finance essentially provides the
necessary financial support for green production,
projects, and enterprises within specific industries and,
on average, redirects support towards green industries
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rather than polluted ones through financial instruments
and products.

We propose that green finance development
influences carbon emissions through two mechanisms:
the technology effect (within industries) and the
structural effect (between industries). In what follows,
we explain the rationale for each mechanism and
formulate hypotheses accordingly.

Technological progress is an important driving
force for low-carbon development. The traditional
financial sector tends to prioritize the evaluation of
economic returns and financial risks in production
and projects when making investment and financing
decisions while ignoring their environmental effects.
In addition, green technology innovation projects are
characterized by uncertain returns and high risks,
imposing financial constraints on such initiatives
[19]. However, the development of green finance will
internalize the (potential) environmental benefits
and costs associated with production and projects for
enterprises. Consequently, those green production
and projects will undergo better evaluation, and those
enterprises that pursue green production and projects
will be the preferred recipients of necessary financial
resources for green technology investments, thus
improving the feasibility of low-carbon innovation
activities. In comparison, those enterprises that initially
pay less attention to the environmental costs of their
production and innovative projects will lose comparative
advantages and hence are less likely to receive
adequate financial resources for further production
and investments, and may even lose their market
shares due to a poor reputation for degrading the
environment. The worsening conditions in financial
accessibility and reputation will compel these
enterprises to strive for green technology innovation
and green production to substitute the polluting ones.'
In summary, green finance development promotes green
technology innovation within specific industries by
increasing financing accessibility for those enterprises
focusing on green technology and forcing other
enterprises to innovate their technology in a more
environmentally friendly manner, which together exerts

To confirm that the technology effect of green technology
innovation is driven by the allocation of financial resources
(and hence the loosening or tightening of financing con-
straints) towards enterprises with different green traits, we
conduct a mediation analysis using data from listed com-
panies with a final sample of 10,437 observations. The re-
sults show that green finance development promotes green
technology innovation of green enterprises by increasing
their bank credit, implying that green finance essentially in-
creases financing accessibility for them, which is beneficial
for further innovation. As for non-green enterprises, they are
forced to seek alternative sources of financing with higher
costs (such as commercial credit from other enterprises) to
strive for green technology innovation, in response to the fi-
nancing constraints imposed by green finance development.
The empirical results are available upon request.

the technology effect to achieve the target of emission
reduction.

Industrial restructuring is a fundamental way to save
energy and reduce carbon emissions. Financial capital is
crucial to the operation and production of enterprises.
Relying only on internal financing is often unable to meet
the needs of enterprises to expand production. Thus,
external financing has gradually become a vital way
for enterprises to obtain sufficient funds. Green finance,
especially green credit, provides a differentiated method
of external financing for enterprises in essence. On one
hand, green finance takes punitive measures, such as
penalizing interest rates and limiting credit lines for
industries with high pollution, high energy consumption,
and excess capacity, which increase the financing costs
and constrain the scale of financing for these industries.
The existence of financing constraints will then lead to
limited expansion of the industries that lack the ability
to transform and upgrade; thus, such industries will
gradually reduce production until they are eliminated.
On the other hand, green finance provides incentive
measures, such as credit support and preferential interest
rates for green transformation, to promote the expansion
of green industries [20]. Therefore, under a certain
scale of overall social credit, green finance optimizes
the allocation of financial resources among various
industries through differentiated measures so that the
limited financial resources can be invested more in
efficient and sustainable green industries. In summary,
green finance development guides the flow of capital
through punitive and incentive measures, which form
a structural effect to promote industrial transformation
and upgrading, thus reducing carbon emissions.

Based on the analysis presented above, we formulate
the following research hypothesis:

Hypothesis 1: Green finance development is
conducive to carbon emission reduction.

Hypothesis 2: Green finance development reduces
carbon emissions through two mechanisms: the
technology effect of green technology innovation and
the structural effect of industrial structure upgrading.

Spatial Correlation of Carbon Emissions

Nowadays, in a multiregional economic and
environmental system, carbon emissions caused
by energy consumption in one region are not only
influenced by internal factors but are also increasingly
affected by the carbon emissions of spatially related
regions [21]. There is a positive spatial correlation
among carbon emissions in different provinces of China,
resulting from competition, economic correlation, and
the demonstration effect.

As China has incorporated obligatory targets of
carbon intensity and emission reduction into its national
economic and social development plans, the impact
of carbon emission governance on the performance
assessment of government officials has increased
significantly. Local governments have made the pursuit
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of low-carbon transformation and development one of
their main goals. According to the competition effect, the
implementation of the obligatory targets will facilitate
healthy competition among the provinces, as there is an
obvious strategic interaction effect in carbon emission
governance among local governments [22].

According to the economic correlation effect, the
reduction in provincial carbon emissions implies a
corresponding low-carbon transformation of economic
growth patterns in these provinces, which will be
transmitted to economically related provinces through
inter-provincial industrial linkages under the market
mechanism. Thus, the coordinated transformation of
economic growth patterns will also have a significant
effect on reducing carbon emissions in related provinces.

Moreover, the successful experience of low-carbon
transformation and development in some provinces can
have a demonstration effect on other provinces through
inter-provincial activities, including communication and
technology spillovers, thus promoting other provinces
to improve their carbon emission governance through
learning and imitation. Based on these arguments, we
formulate the third research hypothesis:

Hypothesis 3: There is a positive spatial correlation in
carbon emissions among provinces. Fig. 1 summarizes
the above hypotheses.

Methodology and Data
Methodology
Based on the theoretical analysis, we use linear

fixed-effects models to investigate the impact of green
finance development on carbon emissions. The baseline
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Fig. 1. Theoretical analysis.

regression model is set as follows:

CE; = a+ BGF; +yControls;y + vy + A; + € (1)

where subscripts i and t represent the ith province and tth
year, respectively; CE represents the carbon emissions;
GF represents green finance development measured by
the improved entropy method; Controls represents all
control variables; and v, and 4, denote year and province
fixed effects, respectively.

Since carbon emissions might exhibit spatial
dependence, the traditional fixed-effects model would
lead to a biased estimation of parameters. Therefore, we
adopt spatial econometric models to study the spatial
correlation of carbon emissions. By including a spatial
lag of the dependent variable in the baseline regression
model, we construct the following spatial lag model:

CE;; = a+ pWCEy + BGF; + yControls; + vy + A; + &;¢ )

n=30
WCE;, = Z Wiy X CEpy
o= 3)

where WCE, is the spatial lag of CE,, representing
a linear combination of values taken by spatially related
provinces, p (also called the rho value) represents the
spatial-autoregressive parameter, and W represents
a spatial weight matrix.

We construct two spatial weight matrices based on
the geographical characteristics of provinces.

WO represents the spatial adjacent weight matrix.
The spatial observations that share a common boundary
with a spatial observation are defined as its neighboring
units. The elements of WO can be expressed as follows:

WO, — { 1,if i is adjacent to h }
th =10, if i is not adjacent to h 4)

WI represents the geographical distance weight
matrix. Based on the latitudes and longitudes of the
provinces, we calculate the geographical straight-line
distance between the capital cities of any two provinces
and use the inverse of this distance as the spatial weight.
The elements of W/ are shown as follows:

0,i=nh
Wiy =4 1

Ji#Eh
din )

where d, denotes the geographic straight-line distance
between the capital cities of provinces i and ;.

Both of the above spatial weight matrices are row-
normalized when used for parameter estimation.

Data and Sample Selection
Considering the comparability and availability

of data, we use the panel data of 30 provincial regions
in China from 2008 to 2020 (excluding Hong
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Kong, Macao, Taiwan, and Tibet). Starting in 2007,
China carried out major reforms in fiscal accounts,
especially the caliber of expenditure accounts, which
are not comparable to the data of previous years.
When constructing the variable of green finance
development, we need to use the fiscal expenditures
on energy conservation and environmental protection
to describe the level of local government investment in
environmental protection. However, this information
has only been separately revealed after the reform. As a
result, the sample selected in this paper started in 2008.
The fossil energy consumption data involved in
the calculation of carbon emissions are obtained from
the China Energy Statistical Yearbook of previous
years. The relevant data involved in the measurement
of green finance development are obtained from the
China Industrial Statistical Yearbook, China Insurance
Statistical Yearbook, China Statistical Yearbook, Finance
Yearbook of China, and China Statistical Yearbook on
Environment and Wind databases. Data on other variables
are obtained from the China Science and Technology
Statistical Yearbook and the CSMAR database.

Variables and Descriptive Statistics
Carbon Emissions

We select the natural logarithm of total carbon
emissions (LnCE) and carbon emissions per capita
(LnCEPC) as the dependent variables. Following the
approach adopted by the classical literature in the
absence of direct monitoring data on carbon emissions
[23, 24], we refer to the method provided by the
Intergovernmental Panel on Climate Change (IPCC) and
use the total consumption of eight fossil fuels (including
coal, coke, and gasoline) to measure the provincial
carbon emissions. The calculation formula can be
expressed as follows:

8
44
CE = zEk XNCVk X CEFk X COFk XE
=t (©)

where CE is the total carbon emissions; £, is the
consumption of the kth energy; and NCV,, CEF,, and
COF, represent the average low calorific value, default
values of carbon content, and carbon oxidation factor of
the kth energy, respectively.

Green Finance Development

The key independent variable in this paper is green
finance development (GF'), which is measured using the
improved entropy method. Considering data availability,
we selected seven indicators from four dimensions
— green credit, green securities, green insurance,
and green investment — to measure the green finance
development of the provincial regions in China
(see Table 1).

The entropy method is the most commonly used
information-based weighting method. It determines
the weights of indicators based on the principle of
information entropy, which can evaluate observations
objectively and accurately. However, the traditional
entropy method mainly focuses on the comprehensive
evaluation of cross-sectional data, which only provides
information on the horizontal comparison among
different provinces but cannot reflect time-series
information. To realize the vertical comparison among
different years, we use the improved entropy method to
measure green finance development. The specific steps
of this method are as follows:

Assuming that we need to measure the green finance
development of n provinces for r years, the indicator
system contains m indicators. x, represents the jth
indicator of the ith province in the tth year.

(1) Standardize the indicators:

Xijt — min Xijt

- ,if xij¢ is a positive indicator
o max xl-jt —min xijt
it max xl-]-t - xijt

max g, — min Xz ,if xij; 1s a negative indicator
@)

standard;j; = x{j + 0.0001 )

(2) Calculate the weight of the jth indicator of the ith

province in the tth year:

standard,j,

bije = t-1 2 standard,j, )

(3) Calculate the information entropy of the jth
indicator:

1 T n
e = _MZ Zl(pijt X lnpijt)
=1 i=

(4) Calculate the difference coefficient of the jth
indicator:

(10)

dj=1-¢ (11)

(5) Normalize the difference coefficient to calculate
the weight of each indicator:

d;
W;

_ ]
TELg (12)

(6) Measure the green finance development of the ith
province in the tth year:

m
GFIl; = Z(wj X standardijt)
j=1 (13)
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Control Variables

Previous studies have shown that many socio-
economic factors also impact regional carbon emissions
[25, 26]. For example, urbanization plays a dual role
in driving a rapid increase in energy consumption
and upgrading the industrial structure, thus having an
uncertain impact on carbon emissions [27]. According
to the pollution paradise hypothesis, trade openness
will lead pollution-intensive industries to transfer
from developed countries with higher environmental
standards to countries with lower environmental
standards, thereby increasing carbon emissions [28].
With the expansion of economic volume and scale, the
input of natural resources continues to increase, and
carbon emissions will increase accordingly. Therefore,
we include the following control variables in the
regression models: Urbanization level (Urban), Trade
openness (Openness), Energy intensity (EI), GDP per
capita (LnGDPPC), and R&D intensity (RD).

Mediating Variables
Green technology innovation (G77). The Chinese
Patent Law stipulates that the application for an

invention patent is subject to a strict examination of
its substantive features and that the invention patent

Table 1. Indicator system for green finance development.

must have obvious improvements compared to existing
technology. Therefore, compared to utility model
patents and design patents, the application requirements
for invention patents are more stringent. In addition,
to avoid the interference of the scale effect caused by
R&D personnel, we use the number of green invention
patents granted per 100 R&D personnel to measure
green technology innovation. Due to the lack of
relevant data specifically for green invention patents in
China’s official statistics, we obtained the International
Patent Classification (IPC) codes from the “IPC Green
Inventory” provided by the World Intellectual Property
Organization (WIPO) and retrieved the number of green
invention patents from the patent database of the China
Intellectual Property Administration.

Industrial structure upgrading (/SU). China’s
secondary industry, especially the heavy industry, is
characterized by high energy consumption and high
emissions, while the energy consumption of the tertiary
industry is relatively low. Therefore, promoting the
development of the tertiary industry is an important
means to practice energy conservation and emission
reduction. The ratio of the added value of the secondary
(or tertiary) industry to regional GDP is commonly
used in existing research [24], which is not enough
to reflect the overall evolution trend of the industrial
structure. Hence, we use the ratio of the added value of

Dimension Basic indicator Definition Attributes | Mean | Std. Dev.
. . . Interest expenses of six major energy-
Green Proportion of interest expenses of six | . S . . L
. P¢ . X! . 2X intensive industries / Total industrial interest - 0.542 0.149
credit major energy-intensive industries
expenses
Proportion of market value of energy | Market value of energy conservation and
conservation and environmental environmental protection companies / Total + 0.043 0.042
Green protection companies? market value of listed companies
securities . . Market value of companies in the six major
Proportion of market value of six . . .
. . .o . energy-intensive industries / Total market - 0.217 0.170
major energy-intensive industries . .
value of listed companies
. . . Agricultural insurance premium income /
Agricultural insurance penetration £ . p + 0.039 0.046
Green Gross agricultural output
insurance . . . Agricultural insurance payout / Agricultural
Agricultural insurance payout ratio £ . payou & + 0.641 0.290
insurance premium income
Proportion of public expenditure Fiscal expenditures on energy conservation
on energy conservation and and environmental protection / Total fiscal + 0.031 0.014
) Green environmental protection expenditures
mvestment - - - - - -
Proportion of investment in Investment in environmental pollution
. . + 0.014 0.013
environmental pollution control control / GDP

The six major energy-intensive industries are stipulated by the National Development and Reform Commission of China, including

manufacture of chemical raw materials and chemical products, manufacture of non-metallic mineral products, smelting and process-
ing of ferrous metals, smelting and processing of non-ferrous metals, production and distribution of electric power and heat power,

and processing of petroleum, coal and other fuels.

tion and Environmental Protection Industry (2021) issued by the National Bureau of Statistics of China.

The scope of energy conservation and environmental protection industry refers to the Statistical Classification of Energy Conserva-
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Table 2. Variable definitions and descriptive statistics.

Variable Definition Mean | Std. Dev.| Min | Max
LnCE The natural logarithm of total carbon emissions 5.544 0.781 3.218 | 7.438
LnCEPC The natural logarithm of carbon emissions per capita 1.961 0.623 0.631 |3.820
GF Green finance development measured by the improved entropy method 0.173 0.058 | 0.072 |0.430
Urban Urban population / Total population 0.552 0.133 | 0.282 | 0.896
Openness Total import and export volume / GDP 0.294 0.345 0.012 | 1.637
EI Energy consumption / GDP 0.912 0.505 | 0.208 |3.315
LnGDPPC The natural logarithm of GDP per capita 1.381 0.568 | -0.369 |2.799
RD Internal expenditure of R&D / GDP 1.526 1.083 0.208 | 6.315
GTI The number of green invention patents granted per 100 R&D personnel 0.553 0.406 | 0.021 |2.738
ISU The added value of the tertiary industry / The added value of the secondary industry | 1.082 0.622 0.500 | 5.169

Table 3. Green finance development and carbon emissions: fixed-effects models.

(1 2 3) ) (6)) (6)
LnCE LnCE LnCE LnCEPC LnCEPC LnCEPC
FE FE FE FE FE FE
GF -0.934%%* -0.515%* -1.252%%* -0.682%**
(0.208) (0.214) (0.214) (0.213)
L.GF -0.582%%* -0.706%**
(0.197) (0.196)
Urban 2.279%** 2.406%** 2.483*** 2.562%%*
(0.597) (0.581) (0.594) (0.579)
Openness -0.094 -0.027 -0.029 0.028
(0.105) (0.100) (0.105) (0.100)
EI 0.149** 0.469%** 0.130* 0.449%***
(0.071) (0.079) (0.070) (0.079)
LnGDPPC -0.067 0.085 -0.016 0.124
(0.094) (0.090) (0.093) (0.090)
RD -0.22]%** -0.206%** -0.270%** -0.254%%*
(0.045) (0.041) (0.045) (0.041)
Year FE Yes Yes Yes Yes Yes Yes
Province FE Yes Yes Yes Yes Yes Yes
Within R? 0.617 0.658 0.627 0.537 0.613 0.577
Observations 390 390 360 390 390 360

Note: *, ** and *** denote statistical significance at the 10%, 5% and 1% levels, respectively. Robust standard errors are given in
parentheses.

the tertiary industry to that of the secondary industry to Results and Discussion
measure the industrial structure more comprehensively.
The variable definitions and descriptive statistics are Baseline Regression

shown in Table 2.
Table 3 presents the results from the fixed-effects
regressions of total carbon emissions (columns 1 to 3)
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and carbon emissions per capita (columns 4 to 6) on
green finance development. We present the step-wise
results by first including only the independent variable
in columns 1 and 4 and then adding the full set of
controls in columns 2 and 5. The results show that
green finance development has a significant negative
impact on total carbon emissions and carbon emissions
per capita, indicating that green finance development
has a significant emission reduction effect. Considering
the possible lagged effect of economic activities, we
construct an independent variable named L.GF, which
denotes that the variable GF lagged for one period in
time. The results with this new independent variable
in columns 3 and 6 show that the relationship between
green finance development and carbon emissions is still
significantly negative.

For the control variables, all estimated coefficients of
Urban are significantly positive at the 1% level, which
implies that China’s rapid urbanization is accompanied
by an extensive mode of economic growth with high
energy consumption and carbon emissions. Cities with
an ecconomic agglomeration effect usually generate
higher economic benefits resulting from the optimization
of infrastructure conditions and resource allocation;
however, the expansion of the urban scale will also
drive a rapid increase in energy consumption and result
in increased carbon emissions. In addition, the effect
of EI on carbon emissions is significantly positive.

(a) Moran scatterplot (Moran's | = 0.092)
Ince

1 1 1 1 1 !

For a given level of production, a decrease in energy
intensity will reduce carbon emissions, which is in
line with the sustainable development concept of
promoting energy conservation and emission reduction
without sacrificing economic growth. R&D intensity is
negatively related to carbon emissions, indicating that
increased R&D investment can effectively reduce carbon
emissions in the production process by promoting
technological innovation.

Spatial Econometric Model
Spatial Correlation Analysis

To measure the spatial correlation of provincial
carbon emissions in China, we conduct both global and
local spatial correlation tests. We calculate the global
Moran’s I of provincial carbon emissions (measured
by LnCE and LnCEPC) in the sample with the spatial
weight matrices of WO and WI. The results show that
the values of the global Moran’s I are significantly
positive from 2008 to 2020, indicating a positive spatial
correlation for carbon emissions among provinces.

Furthermore, we draw scatter plots of the local
Moran’s I of provincial carbon emissions for 2019 with
the spatial weight matrices WO and WI, respectively (see
Fig. 2). We find that most of the scatter points are located
in the first and third quadrants, while fewer scatter

b) Moran scatterplot (Moran's | = 0.338)
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Fig. 2. Scatter plots of the local Moran’s I of provincial
¢) LnCEPC-WO, d) LnCEPC-WI.

carbon emissions for 2019. a) LnCE-WO, b) LnCE-WI,
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points are located in the second and fourth quadrants,
indicating the characteristics of high—high and low—
low agglomerations of provincial carbon emissions.
Therefore, the use of the spatial econometric model is
reasonable.

Model Selection

The common forms of spatial econometric models
are the spatial lag model, the spatial error model, and
the spatial Durbin model. The appropriate model
specification can be ascertained on the basis of the
Wald test, LR test, and LM test [29]. Table 4 presents
the results of the statistical tests, where columns 1 and
2 take LnCE as the dependent variable and columns 3
and 4 take LnCEPC as the dependent variable. First, we
test whether the spatial Durbin model can be simplified
to the spatial lag model or spatial error model according
to the results of the Wald and LR tests. The results show
that the spatial lag terms and spatial error terms are not
significant under WO and WI, indicating that we can
expect a rejection of the spatial Durbin model in favor of
the spatial lag model or spatial error model.

Furthermore, we can test whether the spatial lag
model is more consistent with the sample data than the
spatial error model based on the Lagrange multiplier
(LM) test. Previous studies suggest that if the LM tests
for spatial lag and spatial error have the same level
of significance, then the model specification can be
determined by the significance of robust LM tests [30].
The results presented in Table 4 show that the LM tests
for spatial lag and spatial error are both significant at the
1% level, while the robust LM tests for spatial lag are
more significant than those for spatial error. The tests on
the relationship between green finance development and
carbon emissions at the provincial level show that the
spatial lag model is more acceptable on the data; thus,
we use the spatial lag model in the following regressions.

Table 4. Selection of spatial econometric models.

Analysis of Spatial Lag Model

Table 5 presents the estimation results of the spatial
lag models, where WO (columns 1, 3, 5, and 7) and WI
(columns 2, 4, 6, and 8) are adopted as the spatial weight
matrices, respectively.

We first use GF as the independent variable.
The first four columns in the table show that the
spatial-autoregressive parameters (rho values) are
all significantly positive at the 1% level, indicating
that an increase in carbon emissions in neighboring
provinces will cause an increase in carbon emissions
in the local province. These results further validate
the positive spatial correlation of provincial carbon
emissions. Therefore, carbon emissions need to be
jointly prevented and controlled on a larger scale
beyond the constraints of administrative boundaries.
The coefficients of GF are significantly negative
at the 1% level, preliminarily indicating that green
finance development has a significant emission reduction
effect.

Due to the spatial dependence on the dependent
variables, we need to focus on the possible endogeneity
problem in the regression models above. Wooldridge
pointed out that if the error term of the model is only
determined by the disturbance of the current period,
then the endogenous variables lagged by one period in
time can be used to replace the current value to deal
with the endogeneity problems [31]. Considering that it
is difficult to identify instrumental variables satisfying
correlation and exogeneity for GF simultaneously, we
introduce the variable L.GF into the model to mitigate
the possible endogeneity problem and report the results
in columns 5 to 8. For both matrices, the coefficients of
the spatial lags of the dependent variables (rho values)
are positive and significant, and the coefficients of L.GF
are also negative and significant, indicating that the
above results are robust.

(M 2 ©) 4)
LnCE LnCE LnCEPC LnCEPC
WO WI WO WI
Wald Tests Wald-Spatial-Lag 10.60 7.61 7.79 8.83
Wald-Spatial-Error 5.97 6.81 9.24 8.02
LR Tests LR-Spatial-Lag 2.10 6.15 7.70 8.64
LR-Spatial-Error 2.90 5.14 9.11 7.88
LM Tests LM-Lag 433.557*** 1129.502%** 448.493%** 435.516%**
Robust LM-lag 7.235%** 15.761%%* 20.349%** 15.524%*%*
LM-Error 430.859%** 1115.984%** 428.407*** 283.077%**
Robust LM-Error 4.537%* 2.243 0.263 3.832%*

Note: *, ** and *** denote statistical significance at the 10%, 5% and 1% levels, respectively.
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Table 5. Green finance development and carbon emissions: spatial lag models.
(1 ) 3) 4) ) (6) (7 ®)
LnCE LnCE LnCEPC LnCEPC LnCE LnCE LnCEPC LnCEPC
WO WI WO WI WO WI WO WI
SLM SLM SLM SLM SLM SLM SLM SLM
GF -0.605%** -0.631%** -0.756%** -0.806%**
(0.205) (0.202) (0.200) (0.200)
L.GF -0.628*** -0.645%** -0.740%** -0.771%%*
(0.190) (0.186) (0.186) (0.185)
rho 0.408*** 0.651%%%* 0.404*** 0.621%%* 0.395%%%* 0.650%** 0.3927%%%* 0.616%**
(0.060) (0.072) (0.059) (0.076) (0.062) (0.075) (0.060) (0.081)
Cgr?tl:orls Yes Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes Yes
Province FE Yes Yes Yes Yes Yes Yes Yes Yes
Within R? 0.558 0.547 0.511 0.498 0.511 0.483 0.462 0.431
Observations 390 390 390 390 360 360 360 360

Note: Control variables include Urban, Openness, EI, LnGDPPC, and RD. The values in the table represent the regression
coefficients in the spatial lag models. Rho from equation (2) represents the spatial-autoregressive parameter, which is the estimated
coefficient of WInCE (columns 1, 2, 5, and 6) or WInCEPC (columns 3, 4, 7, and 8). *, ** and *** denote statistical significance at

the 10%, 5% and 1% levels, respectively. Standard errors are given in parentheses.

Effect Decomposition

Due to the existence of a spatial lag term, the
estimated coefficients of the variables in the spatial
lag model cannot directly reflect their marginal effects
(except for the spatial lag of the dependent variable)
[29]. Therefore, we decompose the effects of green
finance development on carbon emissions according to
the partial differential methods proposed by LeSage and
Pace [30].

Table 6 presents the direct, indirect, and total effects
of green finance development on carbon emissions, in
which we use GF (columns 1 to 4) and L.GF (columns
5 to 8) as the independent variables. The results show
that green finance development on its own not only
has a significant carbon emission reduction effect in
the local province but also decreases carbon emissions
in neighboring provinces. The direct effect is larger
than the indirect effect when WO is used as the spatial
weight matrix, while the direct effect is smaller when
WI is used. One possible reason for this is that WO is
the spatial adjacent weight matrix, which only reflects
the spillover effects on the regions that are adjacent to
the local region, while W1 is the geographical distance
weight matrix, which has a relatively loose limit on the
geographical scope. Based on the theoretical analysis
of the spatial correlation of carbon emissions, the
competition, economic correlation, and demonstration
effect are stronger between the spatially correlated
regions in WO. Hence, the results with /O may be more

consistent with the real situation in China, in which the
direct effect of green finance development on carbon
emissions is 1.6 times the indirect effect. The absolute
values of the total effect of green finance development
estimated by spatial econometric models are higher
than those of the baseline regressions, indicating that
the emission reduction effects are underestimated in the
baseline regressions.

Heterogeneity Analysis

Due to differences in geographical environment,
policy planning, and development goals, the emission
reduction effect of green finance development might
differ for different regions in China. Thus, we further
test the heterogencous effects in the eastern, central,
and western regions of China and on both sides of
the Hu Line. Direct cutting of the sample in spatial
econometric models requires setting the spatial weight
matrix separately, which may ignore some of the spatial
effects. Therefore, we construct binary variables to
indicate the regional location of the provinces and add
their product terms with green finance development into
the regressions.

The first four columns in Table 7 represent the
direct effects of green finance development on carbon
emissions. The results show that the carbon emission
reduction effect of green finance development is more
significant in the eastern and central regions compared
to that in the western region. One possible explanation
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for this is that the level of financial development and
marketization is relatively low in the western region. On
the supply side, it is difficult for financial institutions
to effectively use punitive and incentive measures to
achieve an efficient allocation of financial resources. On

the demand side, most companies have a low willingness
to obtain green financial services due to their limited
firm size.

The Hu Line (short for Hu Huanyong Line) is one
of the greatest geographical discoveries in China.

Table 6. Direct, indirect, and total effects of green finance development on carbon emissions.

(M ©) ) 4) ) (6) () ®)
LnCE LnCE LnCEPC | LnCEPC LnCE LnCE LnCEPC | LnCEPC
e WI WO WI WO WI WO WI

Independent variable being GF

Independent variable being L.GF

-0.627*%* -0.657*** -0.784%#* -0.835%#* -0.649%** -0.672%#* -0.766%** -0.798***

Direct effect
(0.220) (0.218) (0.215) (0.214) (0.203) (0.201) (0.198) (0.198)
Indirect -0.389%%* -1.202%* -0.478 %% -1.353%* -(0.383%** -1.229%%* -0.44 5% -1.269%%*
effect (0.162) (0.569) (0.165) (0.574) (0.148) (0.566) (0.15) (0.551)

-1.016%** -1.859%* -1.262%%* -2.188%** -1.032%%* -1.900%** -1.210%** -2.067%**

Total effect
(0.367) (0.742) (0.357)

(0.726) (0.333) (0.715) (0.324) (0.683)

Note: The values in the table represent the direct, indirect, or total effects of GF (columns 1 to 4) and L.GF (columns 5 to 8) in the

spatial lag models. *, ** and *** denote statistical significance
in parentheses.

at the 10%, 5% and 1% levels, respectively. Standard errors are given

Table 7. Direct effects for the heterogeneity analysis based on different regions.
(M ) 3) “4) ) (6) (7 ®)
LnCE LnCE LnCEPC LnCEPC LnCE LnCE LnCEPC LnCEPC
WO WI WO WI WO WI WO WI
SLM SLM SLM SLM SLM SLM SLM SLM
GFEastern -0.606 -0.953* -0.800 -1.217%*
(0.500) (0.493) (0.491) (0.484)
GFCentral -1.556%* -1.638%** -1.084* -1.176%*
(0.606) (0.597) (0.591) (0.587)
GFHu Line -1.032%* -1.204%%* -1.052%* -1.320%**
(0.467) (0.461) (0.454) (0.451)
GF -0.231 -0.146 -0.395 -0.308 0.043 0.189 -0.101 0.028
0.277) (0.273) (0.270) (0.268) (0.377) (0.372) (0.367) (0.365)
Cgrtlltlre(fls Yes Yes Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes Yes Yes
Province FE Yes Yes Yes Yes Yes Yes Yes Yes
Within R? 0.567 0.562 0.520 0.515 0.566 0.558 0.520 0.512
Observations 390 390 390 390 390 390 390 390

Note: The eastern, central, and western regions are determined

according to the division criteria of the Seventh Five-Year Plan

and Western Development strategy of China. Eastern (Central) is a binary variable taking the value of one if the province is located
in the eastern (central) region, and otherwise, zero. Hu Line is a binary variable that takes the value of one if the province is on
the southeast side of the Hu Line, and otherwise, zero. The values in the table represent the direct effects of the variables in the

spatial lag models. *, ** and *** denote statistical significance
are given in parentheses.

at the 10%, 5% and 1% levels, respectively. Standard errors
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It divides the area of China into two parts-northwest and
southeast-which are roughly equal in size but completely
different in population density and economic activity.
Columns 5 to 8 show that the carbon emission reduction
effect of green finance development on the southeast side
is significantly higher than that on the northwest side.
In recent decades, more than 90% of China’s population
and output have been concentrated on the southeast
side of the Hu Line. China is planning to break through
the Hu Line through a new type of urbanization. Some
provinces on the northwest side propose to undertake
industrial transfers from the southeast side. In this

Table 8. Direct effects for the mechanism analysis.

process, it is necessary to pay close attention to the
structural effect of green finance development in
the southeast, which may bring outdated production
capacity to the northwest and lead to increased carbon
emissions.

Analyzing Mechanisms

We hypothesize that green finance development
influences carbon emissions through two mechanisms:
the technology effect of green technology innovation and
the structural effect of industrial structure upgrading.

Panel A: mediating variable being GTI

M @ 3) “4) (5
GTI LnCE LnCE LnCEPC LnCEPC
WO WI WO WI
FE SLM SLM SLM SLM
GF 0.762%** -0.523** -0.541%* -0.648%** -0.692%**
(0.240) (0.225) (0.222) (0.218) (0.217)
GTI -0.083** -0.092%* -0.109%** -0.114%%*
(0.038) (0.038) (0.037) (0.037)
Other Controls Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes
Province FE Yes Yes Yes Yes Yes
Within R? 0.817 0.569 0.574 0.530 0.533
Observations 390 390 390 390 390
Panel B: mediating variable being ISU
(6) ()] ®) ) (10)
ISU LnCE LnCE LnCEPC LnCEPC
WO WI WO WI
FE SLM SLM SLM SLM
GF 0.994%** -0.535%* -0.565%* -0.671%** -0.723%**
(0.300) (0.222) (0.219) (0.215) (0.214)
ISU -0.094%* -0.093** -0.117%%%* -0.113%%*
(0.037) (0.036) (0.035) (0.035)
Other Controls Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes
Province FE Yes Yes Yes Yes Yes
Within R? 0.810 0.571 0.582 0.532 0.540
Observations 390 390 390 390 390

Note: The values in columns 1 and 6 represent the regression coefficients in the fixed-effects models. The values in columns 2-5 and 7-10 represent
the direct effects of the variables in the spatial lag models. *, ** and *** denote statistical significance at the 10%, 5% and 1% levels, respectively.

Standard errors are given in parentheses.
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Fig. 3. Trend of carbon emissions in the treatment and control groups.

Since the mechanism analysis mainly focuses on
the influences of the local independent variables and
mediating variables on their dependent variables, we
report only the direct effects of the key variables in
the spatial lag models. Table 8 displays the results
from fixed-effects regressions (columns 1 and 6) and
spatial lag models (columns 2-5 and 7-10). We test the
technology effect and structural effect of green finance
development in Panels A and B, respectively. Column 1
in Panel A shows that green finance development will
significantly promote green technology innovation. With
the spatial weight matrices WO and WI, the coefficients
of GTI in columns 2 to 5 are all negative and significant,
indicating that China’s green invention patents can
be effectively transformed into green productivity
and that green technology innovation has become an
important driving force for carbon emission reduction.
In summary, green finance development reduces carbon
emissions by promoting green technology innovation,
and thus, the mechanism of the technical effect of green
finance development is verified.

Since the twenty-first century, China’s economy
has gradually transformed from industrialization
to service industries. In the context of economic
restructuring and supply-side reform, the optimization
of the industrial structure is still a key direction in
an era of structural adjustment. Therefore, it is of
great practical significance to clarify the impact of
industrial structure upgrading on carbon emissions in
China. Column 6 in Panel B shows that green finance
development contributes to the transformation of the
industrial structure from the secondary industry to
the tertiary industry. Columns 7 to 10 show a highly
negative relationship between industrial structure
upgrading and carbon emissions, which indicates that
the further green upgrade of the industrial structure is
a solution to promote low-carbon transformation and
development in China. The above analysis demonstrates
that green finance development reduces carbon
emissions by promoting industrial structure upgrading
and reveals the underlying mechanism of the structural
effect.
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Evidence from China’s Carbon
Emissions Trading Policy

Carbon finance, as a key area of green finance,
plays an important role in promoting energy structure
transition and low-carbon development [32]. In the
process of evaluating green finance development,

Table 9. Test of parallel trend assumption.

(1) @) (3) )
LnCE LnCE | LnCEPC | LnCEPC
WO Wi WO Wi
SLM SLM SLM SLM
TreatxD* | -0.297 -0.329 -0.001 -0.054
0.347) | (0352) | (0.158) | (0.169)
TreatxD™ | -0.350 -0.385 -0.112 -0.179
0327) | (0331) | (0.147) | (0.157)
Treat<D> | -0.288 -0.321 -0.070 -0.147
0.324) | (0.328) | (0.147) | (0.156)
TreatxD' | -0.373 -0.410 -0.084 -0.168
0.329) | (0.333) | (0.151) | (0.161)
TreatxD' | -0.532 | -0.550* | -0.263* | -0.289*
0.328) | (0.332) | (0.150) | (0.161)
TreatxD* | -0.551* | -0.566* | -0.364** | -0.330%*
0.335) | (0.339) | (0.152) | (0.162)
TreatxD® | -0.596* | -0.576 | -0.398%* | -0.347%*
(0.353) | (0.357) | (0.160) | (0.171)
TreatxD* | -0.619% | -0.624% | -0.368** | -0.464%%*
0.325) | (0.329) | (0.146) | (0.155)

Note: The values in the table represent the direct effects

of the variables in the spatial lag models. *, ** and ***
denote statistical significance at the 10%, 5% and 1% levels,
respectively. Standard errors are given in parentheses.
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indicators for new financial markets, such as carbon
finance, should be considered along with the traditional
financial market indicators, such as credit, securities, and
insurance. As for the governance of carbon emissions,
the Chinese government has been making continuous
efforts to address global climate change through
market-incentivized environmental regulations, such
as carbon emission trading. Carbon emission trading
refers to building an emission trading market in which
enterprises, with consideration of their production, are
granted a certain amount of carbon quotas that they
can buy and sell freely. With the release of the Notice
on Pilot Work of Carbon Emissions Trading issued by
the National Development and Reform Commission
of China, the carbon emission trading policy has
been officially launched in seven provinces and cities
(including Shanghai, Beijing, Guangdong, Shenzhen,
Tianjin, Chongqing, and Hubei) in China since 2012.
Carbon emission trading has developed rapidly in
recent years and has become an important measure for
China to achieve its dual-carbon goals. Theoretically,
the Coase Theorem suggests that the clarity of property
rights can increase the efficiency of resource allocation.
Trading carbon emission rights as commodities among
enterprises has an effective emission reduction effect
because buying quotas in the trading market will

internalize the externality cost of carbon emissions
generated by production activities, and enterprises are
motivated to reduce energy consumption by using clean
energy or equipment.

Due to the limited time, the carbon emission
trading data cannot be matched with the previous
sample interval, so the dimension of carbon finance is
not included in the aforementioned indicator system of
green finance development. Therefore, we use China’s
carbon emission trading policy as a quasi-natural
experiment to investigate the impact of carbon finance
on carbon emissions. We take 2012 as the point of policy
implementation. By incorporating the spatial lag of the
dependent variable into the difference-in-differences
(DID) model, we estimate the following SLM-based
SDID model:

CE;; = a+ pWCE; + 6Treat; X Post, + fGFy;

+ yControls;y + vy + A; + € (14)

where Treat, is a binary variable taking the value of
one if province 7 is included in the pilot, and otherwise,
zero. Post, is a binary variable that equals 1 if year 7 is
after 2012, and otherwise, zero. The coefficient of the
interaction term Treat xPost, measures the treatment
effect of the carbon emission trading policy.

Table 10. Carbon emission reduction effect of China’s carbon emission trading policy.

(M @ ©) “4)
LnCE LnCE LnCEPC LnCEPC
WO WI WO WI
SDID SDID SDID SDID
Panel A: Direct effect
TreatPost 0. 111 %** -0.125%%* -0.171%** -0.188***
(0.043) (0.042) (0.041) (0.041)
GF -0.598%** -0.620%** -0.734%%%* -0.772%%*
(0.206) (0.203) (0.197) (0.196)
Panel B: Indirect effect
TreatxPost -0.064** -0.217%* -0.093%** -0.28 1 #**
(0.028) (0.101) (0.030) (0.108)
GF -0.345%* -1.070%* -0.398%** -1.153%*
(0.144) (0.490) (0.138) (0.469)
Other Controls Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Province FE Yes Yes Yes Yes
Within R? 0.574 0.567 0.548 0.536
Observations 390 390 390 390

Note: Control variables include Urban, Openness, EI, LnGDPPC, and RD. The values in the table represent the direct or indirect
effects of the variables in SDID models. *, ** and *** denote statistical significance at the 10%, 5% and 1% levels, respectively.
Standard errors are given in parentheses.
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Table 11. Robustness checks.

Panel A: Using GPCA and replacing the spatial weight matrix.
(1 2 ©) “4) ) (6)
LnCE LnCE LnCEPC LnCEPC LnCE LnCEPC
WO WI WO WI WU WU
SLM SLM SLM SLM SLM SLM
GF_GPCA -0.459%%* -0.444%%* -0.071%* -0.073%*
(0.078) (0.080) (0.032) (0.032)
GF -0.616%** -0.793 %%
(0.206) (0.203)
rho 0.293%** 0.344%* 0.410%** 0.621%** 0.563%** 0.551***
(0.063) (0.149) (0.059) (0.077) (0.077) (0.080)
Other Controls Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Province FE Yes Yes Yes Yes Yes Yes
Within R? 0.477 0.499 0.495 0.467 0.555 0.506
Observations 390 390 390 390 390 390
Panel B: Replacing the dependent variable and excluding the observations of municipalities.
(7 ®) ) (10) (11) (12)
LnCEI LnCEI LnCE LnCE LnCEPC LnCEPC
WO WI WO WI WO WI
SLM SLM SLM SLM SLM SLM
GF -0.947%%* -0.978%** -0.571%* -0.515%* -0.662%** -0.615%**
(0.215) (0.226) (0.242) (0.238) (0.237) (0.232)
rho 0.377*** 0.341%*** 0.340%** 0.574*** 0.307*** 0.549%**
(0.059) (0.089) (0.067) (0.082) (0.066) (0.083)
Other Controls Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Province FE Yes Yes Yes Yes Yes Yes
Within R? 0.728 0.722 0.602 0.605 0.568 0.575
Observations 390 390 338 338 338 338

Note: The values in the table represent the regression coefficients in the spatial lag models. Rho from equation (2) represents
the spatial-autoregressive parameter, which is the estimated coefficient of WInCE (columns 1, 2, 5, 9 and 10), WInCEPC (columns
3,4, 6, 11, and 12), or WInCEI (columns 7 and 8). *, ** and *** denote statistical significance at the 10%, 5% and 1% levels,

respectively. Standard errors are given in parentheses.

The premise of using the DID model is that the
data satisfy the parallel trend assumption; otherwise,
we cannot obtain consistent estimators from the
DID model. Fig. 3 plots the group averages of total
carbon emissions and carbon emissions per capita for
the treatment group (7reat, = 1) and control group
(Treat, = 0) from 2008 to 2020. Taking the year of policy
implementation (2012) as the time node, the results
show that the carbon emission trends of the treatment

and control groups were roughly the same before 2012.
However, there was a significant difference in the trend
between the two groups after 2012. Therefore, it can be
tentatively concluded that the samples we use satisfy the
parallel trend assumption.

We further test the parallel trend assumption by
constructing regression models based on the method
proposed by Autor et al. [33]. We construct time binary
variables D* for each of the four years before and after
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2012 and put their product terms with Treat into the
regressions. As mentioned above, the coefficients of the
spatial lag model do not reflect their marginal effects.
Thus, we present the direct effects of the interaction
terms (Treat<D") in Table 9, which refer to the overall
effects of the variables on local carbon emissions.
The results show that the direct effects of TrearxD*
(k=-4, -3, -2, -1) are not significant, thus confirming the
parallel trend assumption.

We test the carbon emission reduction effect of the
carbon emission trading policy by using SDID models
and present the empirical results in Table 10. The direct
and indirect effects of TreatxPost are all negative and
significant with either one of the spatial weight matrices
WO or WI, indicating that China’s carbon emission
trading policy could not only reduce carbon emissions
in the pilot provinces but also restrain carbon emissions
in the neighboring provinces. Moreover, the direct and
indirect effects of GF are all significantly negative,
which is consistent with the previous results.

Robustness Checks

For the robustness checks, we turn to an alternative
method to measure green finance development. We
construct an independent variable GF© GPCA based on
the global principal component analysis (GPCA) and
include it in the model. Principal component analysis
(PCA) is a popular technique that reduces the dimensions
of originally correlated random variables into new
comprehensive variables that are independent of each
other through orthogonal transformation. GPCA extracts
PCA by considering the dynamic changes in variables,
which is more applicable when analyzing the panel data.
The first four columns in Panel A of Table 11 display the
regression results obtained from spatial lag models with
the independent variable GF GPCA. The coefficients of
green finance development are significantly negative.
We also find that a significant positive spatial correlation
exists in carbon emissions among provinces, indicating
the robustness of the previous results.

Special attention should be paid to the setting of
the spatial weight matrix when estimating a spatial
econometric model. We construct another geographical
distance weight matrix based on highway distances
(WU) to replace the spatial weight matrices used in the
previous models. Based on the highway information of
China, we calculate the highway distance between the
capital cities of any two provinces and use the inverse
of highway distance as the spatial weight. The results
in columns 5 and 6 in Panel A show that green finance
development is negatively related to carbon emissions
after replacing the spatial weight matrix. We also find
that the spatial-autoregressive parameters (rho values)
are significantly positive at the 1% level, which is
consistent with the previous results.

Considering the level of economic development,
we replace the dependent variable with the natural
logarithm of carbon emission intensity (LnCEI), which

indicates the carbon emissions per unit of GDP. The
regression results obtained from spatial lag models after
replacing the dependent variable remain the same (see
columns 7 and 8 in Panel B of Table 11).

Considering the comparability of the sample, we
exclude the observations of municipalities (including
Beijing, Shanghai, Chongqing, and Tianjin) from
the sample and only retain those of provinces and
autonomous regions for robustness checks. The
regression results are shown in columns 9 to 12 in Panel
B, which are compatible with the previous analysis.

Conclusions

In this paper, we investigate the relationship between
green finance development and carbon emissions
using the provincial panel data in China and draw the
following conclusions: (1) Because of the competition,
economic correlation, and demonstration effect, there is
a positive spatial correlation of carbon emissions among
provinces in China. The increase in carbon emissions
in neighboring provinces positively affects carbon
emissions in the local province. (2) Green finance
development on its own not only has a significant carbon
emission reduction effect in the local province but also
decreases carbon emissions in neighboring provinces.
In addition, it reduces carbon emissions through two
mechanisms: the technology effect of green technology
innovation and the structural effect of industrial
structure upgrading. (3) The carbon emission reduction
effect of green finance development exhibits regional
heterogeneity. The effect is more pronounced in the
eastern and central regions than in the western region.
Moreover, the effect on the southeast side of the Hu
Line is significantly higher than that on its counterparts.
(4) Further analysis shows that China’s carbon emission
trading policy also has a significant negative effect
on carbon emissions in the pilot provinces and their
neighboring provinces.

In general, the results of this paper deepen the
research related to carbon emission reduction driven by
green finance development and provide some important
policy implications for effectively promoting low-carbon
transformation and development.

First, as a cross-regional public good, the
environment has obvious externalities. Due to the
positive spatial correlation of carbon emissions, the
policy instruments that aim to achieve the low-carbon
transformation of economic development will inevitably
have indirect effects on other provinces through
geographical and economic connections. Thus, a long-
term mechanism of carbon emission regulation should
be built across administrative boundaries for joint
prevention and control. In addition, corresponding
policies should be introduced to encourage enterprises
to form green alliances across administrative regions
to promote the optimal allocation of green production
factors among regions.
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Second, since the carbon emission reduction effect of
green finance development differs for different regions in
China, a “one-size-fits-all” approach should be avoided
when formulating energy conservation and emission
reduction policies. In the process of new urbanization,
it is necessary to pay close attention to the structural
effects of green finance development in the eastern and
central regions, as well as the southeast side of the Hu
Line. Such an effect may lead to the accelerated transfer
of two high and one low industries (high pollution, high
energy consumption, and low capacity) to the other
regions of China.

Third, since the promotion of green technology
innovation will effectively reduce carbon emissions,
public policy might consider providing necessary
incentives for green technology innovation through
effective institutional arrangements of green finance.
Innovation ability in key areas can be enhanced by
formulating a dynamically adjusted guiding catalog of
green technologies, establishing special funds for green
innovation, and offering loans at subsidized interest rates
to enterprises that actively carry out green R&D activities.

Fourth, our results demonstrate that the optimization
and adjustment of industrial structures should be guided
by efficient green financial policies to reduce carbon
emissions. The industrialization and urbanization
processes in China are characterized by high energy
consumption and high emissions. The coal-based energy
consumption structure has exerted a lock-in effect on
the negative environmental externalities of economic
development. On one hand, it might be beneficial to
reduce the carbon emissions of existing industries
with high energy consumption and high emissions by
strengthening energy and environmental constraints.
On the other hand, by increasing the environmental
access threshold, domestic and international capital will
be guided to flow to low-carbon sectors to curb carbon
emissions.
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