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Abstract: Clean energy is an essential means to limiting carbon emissions and improving economic
transformation, and a market-oriented financial structure is the inevitable result of the deepening of
supply-side financial reforms. Exploring whether clean energy enhances carbon emission efficiency
(CEE) through financial structural adjustment is essential in formulating policies intended to achieve
the dual goals of “carbon peaking” and “carbon neutrality”. As part of the evaluation of China’s
provincial CEE using panel data of 30 provinces from 2000 to 2019, this paper adopts an improved
nonradial directional distance function (NDDF), while empirically analyzing the influence of clean
energy and a market-oriented financial structure on CEE using a spatial econometric model. The
results indicate the following findings: (1) The provincial CEE in China is characterized by significant
spatial autocorrelation. (2) A 1% increase in the integration of clean energy and a market-oriented
financial structure leads to a 0.0032% increase in the local CEE and a 0.0076% increase in neighboring
regions’ CEE through the spatial spillover effect. Clean energy can efficiently enhance CEE through
the stock market, while it has a passive impact through bank credit. (3) The interactive effect between
clean energy and a market-oriented financial structure varies according to the provincial CEE. From
the 25th to the 90th quantiles, the role of clean energy in promoting CEE through the capital market
is very significant, while clean energy inhibits CEE through bank credit in most provinces. Therefore,
China’s clean energy development will bolster its competitiveness in the global market through
a market-oriented financial structure that will bring economic development and environmental
pollution into balance and provide a theoretical foundation for China’s double carbon reduction.

Keywords: clean energy development; financial structure; carbon emission efficiency; spatial
spillover effects; improved NDDF

1. Introduction

Climate warming has a profound influence on the continued survival of human beings
and has thus become a priority in the global community. At present, China is already
the world’s largest carbon dioxide (CO2) emitter. As an accountable country, China has
committed to reducing carbon emissions as outlined at the Copenhagen Conference, as
well as to the dual carbon emission goals (i.e., achieving carbon peak by 2030 and carbon
neutrality by 2060) at the General Assembly of the United Nations. China is therefore under
tremendous pressure to reduce its CO2 emissions. China has emerged as the world’s second-
largest economy and has enjoyed moderate to high economic growth since the country’s
reform and opening up over the last 40 years. However, China’s past economic growth
was the result of industrial production that required excessive energy consumption and
created excessive pollution and emissions, which urgently requires the transformation to
high-quality economic development. Lowering CO2 emissions is fundamental for China’s
sustainable development, but the government should also continue to develop the economy
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and raise living conditions [1]. It has therefore become an urgent issue for both scholars
and policymakers to achieve the dual carbon goals while maintaining steady economic
development. For the developing countries that are represented by China, enhancing
carbon emission efficiency (CEE) is an advantageous way to meet this demand [2], while
coordinating CO2 emissions with economic activity [3].

Energy is the backbone of manufacturing and people’s living standards and thus
drives socioeconomic improvement [4]. However, traditional fossil fuels create welfare
while producing a massive amount of CO2 emissions [5,6]. Given the concern for global
warming, most scholars view clean energy as a vital alternative to fossil energy [7–9]. It
is therefore beneficial to explore the relationship between clean energy development and
CEE to support decision making for promoting sustainable economic growth and limiting
CO2 emissions [10]. Meanwhile, a stable financial system also has a crucial role to play
in economic and environmental terms. From the perspective of structural transformation,
different stages of economic growth will face various environmental issues; then there are
also structural differences in the financial system’s response to environmental problems.
Some studies have shown that the market-oriented financial structure has an important
impact on economic development and carbon emission reduction [11,12]. Theoretically,
the change of financial structure also plays a crucial role in CEE. As China’s structural
supply-side financial reforms continue to deepen, it may facilitate the flow of capital to
clean industries and mitigate environmental pollution [13]. However, bank credit tends
to be less good at financing clean energy, while capital market is more conducive to clean
energy development [14]. As such, whether the integration of clean energy development
and financial structure transformation can become a key way to enhance CEE, so as to
achieve carbon emission reduction targets and long-term economic development, is of
critical value to both China and the world.

At present, the research on CEE is focused on the following two aspects: On the
one hand, it is about the definition and calculation of CEE. The early definition of CEE
involved single-factor indicators, and its ease of use has received significant interest from
academics. Other scholars have adopted other indicators to define carbon emission per-
formance [15,16]. Despite this, the one-factor approach can only capture a small portion
of carbon efficiency and fails to reveal the importance of other factors that affect CEE
(such as labor force, capital accumulation, and energy inputs) [17]. It is for this reason
that total factor indicators, which include more than one input and output involved in
the production process, have attracted a great deal of attention [17]. Generally, total factor
performance indicators have been calculated using the frontier approach, which measures
performance as the distance between the inputs and outputs and the production frontier.
There are two methods to measure performance: stochastic frontier analysis (SFA) and data
envelopment analysis (DEA). SFA is a parametric method that requires a predetermined
production function and is exceedingly subjective, which may lead to deviations in the
calculating results [18]. However, DEA is a nonparametric method that does not need to
assume a function form or random component distribution, and is suitable for evaluating
performance through multi-input/output indicators. Accordingly, some researchers in-
corporate CO2 into the undesirable output and obtain CEE through slack-based measure
(SBM), directional distance function (DDF), and nonradial directional distance function
(NDDF) [19–22]. It should be noted that the technological heterogeneity among regions [20]
and the inconsistency between desirable and undesirable outputs [23] are not considered
in the efficiency calculation, which will lead to some deviations and errors in the results.

On the other hand, enhancing CEE has also been explored. Some researchers have
produced promising results in terms of industrial structure [24], green technology [22],
urbanization, and foreign direct investment [25]. However, as an effective way to limit CO2
emissions and achieve the sustainable development goals [26], the influence of clean energy
on CEE has been broadly ignored. Previous studies have focused more on the impact of
clean (or renewable) energy on economic growth and CO2 emissions, but have not yet
reached a consensus [27–29]. Meanwhile, as China’s financial system continues to improve,
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it has shifted from a single banking system to a multilevel financial market system. Whether
structural financial reforms should contribute to economic growth and promote energy
conservation and emission reduction cannot be ignored. Some researchers have also begun
to examine the role of financial structure in reducing carbon emissions [11,12]. In addition,
compared with the bank-led financial structure, the capital market is more conducive
to promoting clean energy development [30,31]. However, there is little literature that
provides in-depth analysis of clean energy and financial structure as an effective way to
enhance CEE.

Considering that China is a large country with regional heterogeneity, regional dif-
ferences are apparent in CEE due to its economic development, industrial distribution,
energy endowment, environmental pollution, and other factors [21,22]. Clean energy de-
velopment is inconsistent across regions [32], and there is also variability in the extent
to which market-oriented financial structures affect each region [33]. Therefore, clean
energy development and financial structure transformation may have different impacts and
extents across different regions when it comes to carbon efficiency. The aim of this article is
therefore to further elaborate on our discussion by applying a spatial econometric model.

In view of the gap in the existing literature, this paper aims to analyze the influence
of clean energy and financial restructuring on provincial CEE in China. Specifically, the
principal contributions of this study are as follows: First, this study applies the improved
NDDF to calculate the CEE at the provincial level in China. We find that there is a sizeable
spatial imbalance, which provides a basis for policy makers to recognize the current status
of CEE and take robust measures. Second, unlike previous studies, we put clean energy,
financial structure, and CEE into a single framework. Third, we systematically explore the
influence of clean energy and a market-oriented financial structure on CEE and include the
spillover effects. Meanwhile, we classify Chinese provinces into groups according to their
CEE level to explore the variability in the influence of regional clean energy under different
financing channels. This method provides a theoretical foundation for enhancing CEE in
each region in China and formulating financial support mechanisms for clean energy in a
localized manner.

Following is a description of the rest of this study. Review of the literature is provided
in Section 2. The hypotheses of the study are presented in Section 3. The data and methods
of research are described in Section 4. An analysis and presentation of the empirical results
are provided in Section 5. A discussion of policy implications concludes Section 6.

2. Literature Review
2.1. The Influence of Clean Energy on Economic Growth and Carbon Emissions

Clean energy development is considered a vital way to rebalance economic growth
and improve environmental quality. However, it is a double-edged sword in that its
economic benefits remain controversial. It was argued by Salim et al. [27] that renewable
energy was an alternative to fossil fuels that could stimulate the economy. The study
of Inglesi-Lotz [34] focused on the economic growth of OECD countries and found that
renewable energy consumption had a positive effect on growth. Based on studying the
10 countries with the highest CO2 emissions, Azam et al. [28] found that expanding and
improving renewable and nuclear energy supplies could result in the economic growth
and reduction of greenhouse gas emissions. In addition, some research has discovered
that renewable energy could stimulate economic growth through mechanisms such as
boosting employment and increasing per capita income [35]. It has been demonstrated
that developing (or non-OECD) countries can only increase their economic growth when
their renewable energy consumption meets a certain threshold based on the scale effect [36].
However, initial fixed costs are high for clean energy development, usually borne by the
government at the beginning [37]. Subsidies for clean energy not only distort the energy
market but also have a crowding-out effect on other government expenditures [10]. Thus,
clean energy development may also dampen economic growth.
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In fact, some studies have disputed the emission reduction benefits of clean energy.
From the perspective of the substitution effect, clean energy replaces traditional fossil energy
and optimizes the energy mix, which is beneficial to CO2 emissions reduction [7,8,29].
However, it has also been found that the technology and rebound effects of clean energy
have a potentially negative impact on CO2 emissions. For instance, Qi et al. [38] found
that renewable energy storage technology was still immature, while it could not meet
peak load demand, so suppliers had to use fossil energy, which offset the substitution
effect from renewables. Based on their research, Balsalobre-Lorente et al. [5] concluded
that generating renewable energy stimulates economic growth while increasing fossil fuel
consumption, which in turn contributes to greenhouse gas emissions. Based on spatial
effects, Chen et al. [9] documented that clean energy had a small impact on local CO2
emissions, but a large impact on CO2 emissions in neighboring regions. Furthermore, some
scholars argue that renewable energy does not contribute to carbon emission reduction until
a critical threshold is reached [39]. In the context of declining subsidies, capital markets
play an increasingly important role in clean energy’s role in reducing carbon emissions [14].

2.2. The Influence of Financial Structure on Economic Growth and Carbon Emissions

It cannot be ignored that structural financial reforms can contribute to economic
growth while also increasing energy efficiency and reducing emissions. In the existing
studies, the roles of banks and financial markets in promoting economic growth are treated
differently. On the one hand, a major advantage of banks is that they are capable of
allocating resources, managing risks, and providing credit, which promotes economic
growth and alleviates concerns with external financing [40,41]. On the other hand, firms
can obtain significant capital and information from the market to improve their operations,
which enhances economic growth to some extent [42,43]. Due to the variety of financing
services provided by banks and financial markets, differentiated financial structures have
become more crucial to economic growth, especially in the current phase of economic
transformation and upgrading [44,45].

Previous studies have focused on financial development, and with the increasing im-
portance of financial structure, scholars have begun to emphasize its role in carbon emission
reduction [11,46]. However, there are inconsistent views on the impact of market-oriented
financial structures on CO2 emissions. By taking traditional manufacturing industries with
high levels of energy consumption and pollution as an example, Matemilola et al. [47]
found that firms from these industries were generally highly leveraged, and when they
experienced difficulty in obtaining loans from banks, they raised funds from the stock
market by making a public offering. Increasing the proportion of direct financing will
inevitably increase energy consumption and drive up CO2 emissions. Other studies identify
the disincentive effect, where the market-oriented financial structure is more conducive to
technological innovation than the bank-led financial structure [48], which implies that the
former may form an innovative emission reduction mechanism. In the environmentally
friendly companies that have gone public, Yao and Tang [46] found that financing ratios
were negatively related to CO2 emissions.

3. Research Hypothesis

Carbon emission efficiency is an important evaluation indicator of low carbon econ-
omy, that is, an effective basis for reconciling economic growth with carbon emission
reduction [10]. Theoretically, the factor and substitution effects of clean energy can ef-
fectively promote economic development and reduce CO2 emissions, which implies that
clean energy has great potential to enhance CEE. However, this potential has been greatly
diminished by the lack of mature technologies and the large capital requirements needed in
the early developmental stages. With the gradual removal of government subsidies further
constraining clean energy development, external financing has become an inevitable choice
for companies. Unlike the risk-averse nature of the banking industry, the stock market
favors high-risk, high-return projects such as clean energy [30], and is therefore willing to
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provide direct financing opportunities for concepts such as clean energy [14]. Additionally,
the capital market can mitigate the adverse selection and moral hazard issues to a large
extent. Clean energy companies have increased in valuation because of investor demand
for social responsibility and more informative disclosure requirements [49], which has pro-
vided reliable sources of financing for the clean energy industry. As capital funds gradually
flow to the green sector, it will alleviate the difficulty of financing the clean energy industry,
thus unleashing the potential of clean energy in enhancing CEE. Therefore, we propose our
first hypothesis.

H1. The integration of clean energy and stock market can improve CEE.

Currently, the banking industry remains the most important component of China’s
financial system. Functionally, banks are more sophisticated than capital markets in terms
of capital reserves, information management, and risk control, so they can play a more
important role in promoting economic growth [14]. Despite China undergoing a period
of economic transition, there is significant credit discrimination in financial institutions,
particularly in state-owned commercial banks [50]. As a result of this, commercial banks
are more likely to provide credit to state-owned or listed companies, which limits access to
financial services and loans for green firms. In addition, the banking industry is risk-averse,
and its loan review processes are not only very strict but also time-consuming [11]. For
example, Nasir et al. [51], in studying ASEAN economies, found that the banking industry
provides more credit channels for energy-intensive sectors, while green industries obtain
very little. In turn, this phenomenon is causing the clean energy industry and its related
technology R&D projects to have difficulty obtaining sufficient funding from commercial
banks, which may adversely affect CEE. On the basis of the above analysis, we propose the
second hypothesis.

H2. The combination of clean energy and the banking industry may reduce CEE.

Existing studies have shown that if one region produces and consumes energy, it
is likely to affect the production and consumption of energy in adjoining regions and
vice versa [52]. Clean energy is mainly supplied and consumed in the form of electricity,
and the impact between regions is particularly evident [9]. Chica-Olmo et al. [53], for
example, found that stimulated renewable energy consumption promoted both domestic
economic growth and the economic growth of neighboring countries, thus showing the
spatial spillover effects of renewable energy use. Compared with banking institutions,
which are restricted by business premises, financial markets have stronger liquidity and
wider distribution characteristics and can therefore improve the cross-regional allocation of
financial resources, reduce transaction costs and mitigate information asymmetries, and
provide a favorable financing environment for clean energy enterprises in neighboring
regions. As clean energy is incorporated more widely in neighboring regions, economic
growth is promoted, and carbon emissions are reduced, which improves the quality of the
environment. Therefore, we propose our third hypotheses.

H3: The neighboring CEE can be enhanced through a spatial spillover effect, which combines clean
energy with a market-oriented financial structure.

4. Methodology and Data
4.1. Evaluation of Carbon Emission Efficiency

In this study, the CEE at the provincial level in China is evaluated using the DEA
method based on its definition of environment production technology function. It is the
provinces that are considered decision-making units (DMUs). Each DMU takes capital
stock, labor force, and energy consumption as input variables to produce gross domestic
product (GDP), which then generates carbon dioxide emissions. It is also necessary to
ensure that the production set is compatible with the weak disposability and null jointness
assumptions [54], and the extent to which CO2 emissions are reduced should be mea-
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sured by GDP, since GDP alone can serve as a means of eliminating CO2. Therefore, the
production technology set (P) is constructed as follows:

P = {(K, L, E, Y, C) : (K, L, E) can produce (Y, C)} (1)

where K means capital stock, L indicates the labor force, E implies energy consumption, Y
is actual GDP as desirable output, and C represents CO2 emissions as undesirable output.

Due to differences in the levels of socioeconomic development among provinces in
China, the technological heterogeneity among regions is high [20]. As a result, when all
regions are included in a single production frontier, there can be no accurate representation
of technological differences between them. Considering the technology gaps between
different DMUs [55,56], this paper divides all DMUs into h groups, with each h containing
Nh DMUs and satisfying ∑H

h=1 Nh = N [21]. The inputs and outputs of all DMUs in each
group are taken into the same P. Suppose that PC

h is defined as the contemporaneous
frontier, thus denoting that all observations are contained in group h during the period.
The intertemporal frontier of group h can be defined as PI

h =
{

P1
h ∪ P2

h · · · P
T
h
}

, which
contains all observations of all periods of group h. The global frontier can be defined as
PG =

{
PI

h1 ∪ PI
h2 · · · P

I
H
}

, which contains all observations of all group h’s in all periods.
Environmental performance is usually evaluated by distance function. To calculate

efficiency, Chambers et al. [57] developed a directional distance function (DDF). Fukuyama
and Weber [58] pointed out that this radical measure overestimates efficacy in situations
of slack. In order to overcome the problem of equal proportional variation of inputs and
outputs in DDF, Zhou et al. [19] proposed NDDF as follows:

→
ND = (K, L, E, Y, C; g) = sup

{
ωT β : ((K, L, E, Y, C) + g× diag(β)) ∈ P

}
(2)

where ωT = (ωK, ωL, ωE, ωY, ωC)
T denotes the weight vector of input variables, desirable

output and undesirable output; g = (−gK,−gL,−gE, gY,−gC) represents a directional
vector; β = (βK, βL, βE, βY, βC)

T ≥ 0 indicates a scale factor vector that measures the
inefficiency of inputs and outputs; and diag(β) is the diagonal matrix where the diagonal
element equals β.

Zhang and Choi [59] argue that input and output variables should be given equal weight
due to DEA not having a specific functional form. Therefore, following Zhang and Liu [60], we

select ωT = (0, 0, 1
3 , 1

3 , 1
3 )

T
and define the directional vector as g = (0, 0,−E, Y,−C).

Following Cheng et al. [23] and Zhang and Liu [60], the optimal β∗C of the contempo-
raneous frontier can be obtained using linear programming and by excluding the influence
of K and L.

→
ND

C
(K, L, E, Y, C; gC) = max

{
1
3 βC

E + 1
3 βC

Y + 1
3 βC

C

}
s.t.

Nh

∑
n=1

λt
nKt

n ≤ K,
Nh

∑
n=1

λt
nLt

n ≤ L,
Nh

∑
n=1

λt
nEt

n ≤ (1− βC
E)E,

Nh

∑
n=1

λt
nYt

n ≥ (1 + βC
Y)Y,

Nh

∑
n=1

λt
nCt

n = (1− βC
C)C

λt
n ≥ 0, βC

Y ≥ 0, 0 ≤ βC
K, βC

L , βC
E , βC

C ≤ 1,

n = 1, 2, · · · , Nh

(3)
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Furthermore, the optimal β∗I of the group intertemporal frontier can be obtained by
solving Equation (4).

→
ND

I
(K, L, E, Y, C; gI) = max

{
1
3 βI

E + 1
3 βI

Y + 1
3 βI

C

}
s.t.

T
∑

t=1

Nh

∑
n=1

λt
nKt

n ≤ K,
T
∑

t=1

Nh

∑
n=1

λt
nLt

n ≤ L

T
∑

t=1

Nh

∑
n=1

λt
nEt

n ≤ (1− βI
E)(1− βC

E)E

T
∑

t=1

Nh

∑
n=1

λt
nYt

n ≥ (1 + βI
Y)(1 + βC

Y)Y

T
∑

t=1

Nh

∑
n=1

λt
nCt

n = (1− βI
C)(1− βC

C)C

λt
n ≥ 0, βI

Y ≥ 0, 0 ≤ βI
K, βI

L, βI
E, βI

C ≤ 1,

t = 1, 2, · · · , T, n = 1, 2, · · · , Nh

(4)

Finally, the optimal β∗G of the global frontier of NDDF can be obtained by solving
Equation (5).

→
ND

G
(K, L, E, Y, C; gG) = max

{
1
3 βG

E + 1
3 βG

Y + 1
3 βG

C

}
s.t.

H
∑

h=1

T
∑

t=1

Nh

∑
n=1

λt
nKt

n ≤ K,
H
∑

h=1

T
∑

t=1

Nh

∑
n=1

λt
nLt

n ≤ L

H
∑

h=1

T
∑

t=1

Nh

∑
n=1

λt
nEt

n ≤ (1− βG
E )(1− βI

E)(1− βC
E)E

H
∑

h=1

T
∑

t=1

Nh

∑
n=1

λt
nYt

n ≥ (1 + βG
Y )(1 + βI

Y)(1 + βC
Y)Y

H
∑

h=1

T
∑

t=1

Nh

∑
n=1

λt
nCt

n = (1− βG
C)(1− βI

C)(1− βC
C)C

λt
n ≥ 0, βG

Y ≥ 0, 0 ≤ βG
K , βG

L , βG
E , βG

C ≤ 1,

t = 1, 2, · · · , T, n = 1, 2, · · · , Nh, h = 1, 2, · · · , H

(5)

Based on the optimal solution obtained above, following Zhang and Liu [60], the CEE
can be formulated as:

CEEit =
1/2[(1− β∗GE,it)(1− β∗I

E,it)(1− β∗CE,it)] + 1/2[(1− β∗GC,it)(1− β∗I
C,it)(1− β∗CC,it)]

(1 + β∗GY,it)(1 + β∗I
Y,it)(1 + β∗CY,it)

(6)

It is clear that CEE ranges from 0 to 1, and the greater the score is, the better the CEE is.

4.2. Methodology and Data

This paper first constructs the benchmark model following this format to test clean
energy’s impact on CEE:

CEEit = α0 + α1Xit + ∑
k

αkControlsk,it + µi + λt + εit (7)

In Equation (7), i and t represent the province and year, respectively. CEE is the
explained variable; X is the core explanatory variable, which contains clean energy (CE)
and the financial structure (FS). As part of the Controls, we refer to the variables related
to government intervention (GOV), industrial structure (IS), energy structure (ES), trade
openness (TO), and environmental regulation (ER). µi, λt, and εit denote individual fixed
effects, time fixed effects, and the random error term, respectively. In past studies, clean
energy [9], financial development [61], and CEE [22] are all variables with significant
spatial geographic characteristics, and ignoring these spatial correlations may result in
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biased empirical results. To avoid this bias, we incorporate spatial variables into the
above benchmark model. It has been proposed that spatial econometric models can be
divided into spatial lag models (SLM), spatial error models (SEM), and spatial Durbin
models (SDM) based on the research framework presented by Elhorst et al. [62]. Compared
with SLM and SEM, SDM can effectively estimate the influence of local and neighboring
independent variables on dependent variables and thus reflect spatial effects between
regions [63]. Therefore, this paper constructs SDM as follows:

CEEit = ρWCEEit + β1lnCEit + β2FSit + ∑
k

βkControlsk,it

+θ1WlnCEit + θ2WFSit + ∑
k

θkWControlsit + µi + λt + εit
(8)

CEEit = ρWCEEit + β1lnCEit + β2STOCKit + ∑
k

βkControlsk,it

+θ1WlnCEit + θ2WSTOCKit + ∑
k

θkWControlsit + µi + λt + εit
(9)

CEEit = ρWCEEit + β1lnCEit + β2BANKit + ∑
k

βkControlsk,it

+θ1WlnCEit + θ2WBANKit + ∑
k

θkWControlsit + µi + λt + εit
(10)

In Equations (8)–(10), FS is the proportion of total stock market transactions in bank
loans and thus indicates the financial structure; STOCK is the proportion of total stock
market transactions in GDP, thus representing the financial market; and BANK is the
ratio of bank loans to GDP, which represents the banking industry. Spatial regression
coefficient ρ indicates the strength of the spatial spillover effect, while spatial lag variables
θi (i = 1, 2, · · · ) indicate how neighboring variables affect the variables that are explained.
ln indicates that the variables take the natural logarithm form.

Furthermore, to investigate the effect of combining clean energy and financial structure
on CEE, the interaction term of clean energy and the financial structure is introduced into
Equations (8)–(10). The resulting models are as follows:

CEEit = ρWCEEit + β1lnCEit + β2FSit + β3lnCEit ∗ FSit + ∑
k

βkControlsit

+θ1WlnCEit + θ2WFSit + θ3WlnCEit ∗ FSit + ∑
k

θkWControlsit + µi + λt + εit
(11)

CEEit = ρWCEEit + β1lnCEit + β2STOCKit + β3lnCEit ∗ STOCKit + ∑
k

βkControlsit

+θ1WlnCEit + θ2WSTOCKit + θ3WlnCEit ∗ STOCKit + ∑
k

θkWControlsit + µi + λt + εit
(12)

CEEit = ρWCEEit + β1lnCEit + β2BANKit + β3lnCEit ∗ BANKit + ∑
k

βkControlsit

+θ1WlnCEit + θ2WBANKit + θ3WlnCEit ∗ BANKit + ∑
k

θkWControlsit + µi + λt + εit
(13)

In Equations (11)–(13), lnCE*FS denotes the interactive term between clean energy
and the financial structure, lnCE*STOCK represents the combination of clean energy and
the stock market, and lnCE*BANK implies the interaction between clean energy and bank
credit. Zhang and Liu [60] present the spatial weight matrix W as a combination of distance
and economy. W is constructed as follows:

W = wij ∗ diag(
PG1

PG
,

PG2

PG
, · · · ,

PGn

PG
) , wij =

{
1/d2

ij , dij ≤ d

0 , Others
(14)

In Equation (14), W represents the spatial weight matrix, PGt = (∑t1
t0

PGit)/(t1− t0 + 1)

is the average actual per capita GDP in one region, PG = (∑n
i=1 ∑t1

t0
PGit)/[n(t1 − t0 + 1)]

is the average actual per capita GDP of the overall study sample, and t denotes the various
periods. dij is the distance between provinces i and j on the earth surface, which is calculated
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from the latitude and longitude coordinates of each region, and the threshold d is the
maximum distance of the nearest neighbor of order 1.

Considering the heterogeneity of CEE, this paper applies spatial quantile regression
(SQR) to estimate the explanatory variables in different quantiles. Following Zhang and
Liu [60], the specific expression of SQR can be formulated as:

CEEit(τ) = ρ(τ)WCEEit + ∑ βi(τ)Xit + ∑ θi(τ)WXit + α(τ)ιn + λt + εit(τ) (15)

In Equation (15), ρ(τ) implies the spatial autocorrelation coefficient between the
explained variables, whose estimated value varies with quantile τ. The estimators ρ̂, β̂, θ̂, α̂
should satisfy the minimization by Equation (16):

min
ρ,β,θ,α

{
n
∑

i:CEE≥ρWCEE+α+βX+θWX
q|CEE− ρWCEE − α− βX− θWX|+

n
∑

i:CEE<ρWCEE+α+βX+θWX
(1− q)|CEE− ρWCEE− α− βX− θWX|}

(16)

Using instrumental variables, this paper solves the endogeneity problem of general
quantiles. As suggested by Zhang and Liu [60], this study estimates spatial quantiles based
on the spatial lag terms of the explanatory variables (i.e., W2X and W3X).

4.3. Variables and Data
4.3.1. Explained Variable

Carbon emission efficiency (CEE). In this study, each province’s CEE is calculated
using the improved NDDF method. The specific description of the input and output
indicators are as follows:

Input variable. In the absence of official statistics at the provincial level, capital stock
(K) is estimated based on perpetual inventory methods; the base period is set at 2000;
labor force (L) is measured as the number of people employed in each province at the end
of the year (unit: 104 people); and energy consumption (E) is given by the total energy
consumption of each province (unit: 104 tons of standard coal).

Desirable output. This paper employs the GDP index to deflate the regional GDP to
the year 2000 constant price. We then adopt actual GDP (Y) to reflect regional economic
growth (unit: 108 yuan).

Undesirable output. We adopt CO2 emissions (C) to measure provincial greenhouse
gas emissions. However, CO2 emissions have not yet been uniformly calculated in China
and cannot be obtained from provincial statistical yearbooks. Following Cheng et al. [23],
this study employs eight sources of energy generation to estimate CO2 emissions, including
coal, coke, crude oil, fuel oil, gasoline, kerosene, diesel, and natural gas. Then, we calculate
total CO2 emissions using the estimation method provided by the Intergovernmental Panel
on Climate Change (IPCC) as follows:

CO2 =
8

∑
i=1

(CO2)i = ∑8
i=1 Ei × NCVi × CCi × COFi × 44/12 (17)

In Equation (17), CO2 is the total carbon dioxide emissions (unit: 104 tons), i represents
fossil fuel type, E represents fossil fuel consumption, NCV represents the average low
calorific value, CC is the carbon content, COF is the carbon oxidation factor, and 44 and
12 represent the molecular weights of carbon dioxide and carbon, respectively. The specific
composition of carbon sources is shown in Table A1.

4.3.2. Core Explanatory Variables

Clean energy (CE) is measured based on the Energy Law of the People’s Republic
of China and the Strategic Action Plan for Energy Development (2021–2025) by defining
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hydropower, wind, biomass, solar, geothermal, marine, and nuclear energy as sources of
clean energy.

It is possible to underestimate the development of the clean energy industry by
measuring clean energy consumption only due to the consumption problem associated with
clean energy production. Therefore, this paper takes clean energy production as a proxy
indicator. Our method is to multiply the clean energy production of each province (unit:
104 tons of standard coal) by multiplying the proportion of primary electricity (hydropower)
and other energy sources in total energy production by the total energy production in each
region. As some provinces lack complete data on clean energy production, this paper
uses power generation data from various regions on hydropower, wind, solar, and nuclear
energy and converts it to clean energy output.

A financial structure (FS) can be measured based on the ratio between total stock
market transactions and bank loans in the region [11,64]. A higher indicator value indicates
that the financial structure is dominated by financial markets, while the opposite represents
a bank-based financial structure. Table 1 shows that the average of FS is 1.2029, thus
indicating that China currently has a market-oriented financial structure. Meanwhile, in
order to examine whether the stock market and bank credit have different impacts on CEE,
this paper adopts the proportion of total stock market transactions (STOCK) and bank loans
to GDP (BANK), respectively, as measurement indicators.

Table 1. Descriptive statistics of variables.

Variable Variable Description Obs. Mean Std.Dev. Min Max

Variables
for mea-
suring
CEE

K Capital stock 600 12,236.82 9243.76 1570.00 43,241.90
L Labor force 600 2502.95 1666.94 238.57 7150.25
E Energy consumption 600 11,487.94 8164.74 480.00 41,390.00
Y GDP 600 10,915.60 11,243.20 263.70 70,792.50
C CO2 emissions 600 28,065.05 22,619.08 851.65 145,399.41

Variables
for regres-

sions

CEE CEE 600 0.1724 0.2076 0.0016 1.0000
FS Financial structure 600 1.2029 1.3010 0.0744 14.6276

STOCK Stock market share 600 1.5856 2.2148 0.0825 29.0448
BANK Proportion of bank loan 600 1.2499 0.4178 0.5886 2.5772

CE Clean energy 600 756.1620 1204.5521 0.0136 10,357.30
GOV Government intervention 600 0.2147 0.1050 0.0691 0.7583

IS Industrial structure 600 1.1440 0.5944 0.5182 5.2340
ES Proportion of coal consumption 600 0.6814 0.2723 0.0177 1.7578
TO Trade openness 600 0.3121 0.3713 0.0128 1.7113
ER Environmental regulation 600 1.0806 0.6861 0.0777 4.7797

4.3.3. Control Variables

In addition to the core explanatory variables in this study, other variables that affect
regional CEE are included.

A measure of government intervention (GOV) is the proportion of expenditures on
local government made by the government in the GDP [60]. Government intervention
is indispensable in addressing environmental problems. In order for the government to
fully fulfill the role it has been given, it will have to actively pursue environmental policies,
invest in pollution control, and enact emission controls.

In economic terms, industrial structure (IS) is measured by tertiary industry output
compared with secondary industry output, which represents how advanced the economy
is. Upgrading and optimizing the industrial structure are important ways to enhance
CEE [24]. By restructuring an industry, resource-intensive industries with high energy
use are converted to technology- and capital-intensive industries with low energy use,
resulting in better factor allocation efficiency and a reduction in energy consumption and
CO2 emissions.
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It is derived from the ratio of regional coal consumption to total energy consumption
that determines energy structure (ES). Since China is a country with more coal than oil,
and coal consumption has played an important role in China’s economic growth, but coal
and other high-carbon energy sources also emit high levels of CO2. Consequently, a high
proportion of coal consumption is not conducive to improving CEE.

An indicator of trade openness (TO) refers to the proportion of total imports and
exports in the GDP that are traded. Furthermore, trade-related variables are also important
factors determining environmental efficiency, in addition to the substantial influence of per
capita income [65]. The performance of carbon emissions is also profoundly affected by
imports and exports [3].

Environmental regulation (ER) refers to the study of Long et al. [66], which constructs
a revised intensity index of environmental regulation. Due to the existence of the Porter and
cost hypotheses, the impact of environmental regulation on environmental performance
remains uncertain [67].

4.4. Data Sources

The research sample consists of panel data from 30 provinces, autonomous regions,
and municipalities in China (Tibet, Hong Kong, Macao, and Taiwan are not included due
to missing data) from 2000 to 2019. The data come from the China Statistical Yearbook,
China Financial Statistical Yearbook, China Energy Statistical Yearbook, National Bureau of
Statistics, Statistical Yearbook of Provinces (2001–2021), and WIND database. The variable
descriptions and descriptive statistics are presented in Table 1.

5. Empirical Results and Analysis
5.1. Spatial Characteristics of CEE

Based on Equation (6), this paper obtains the CEEs of 30 provinces in China from 2000
to 2019. The average value is only 0.172, thus indicating that the overall level of CEE is still
low. Furthermore, according to the average of CEE, we choose five representative quantiles
of 10%, 25%, 50%, 75%, and 90% and divide the 30 provinces into six groups (see Figure 1
and Table A2). It can be seen that roughly half of the provinces are below average, most
of which are in the western region, and only Beijing, Guangdong, and Chongqing have
efficiency values above the 90th quantile. From the perspective of regional distribution,
provinces with higher efficiency are generally concentrated in eastern China, especially in
the southeast region, and their efficiency values are significantly higher than those in the
northwest region. In contrast, most northern provinces have low efficiency, especially those
in the northwest, which demonstrates that there is an obvious imbalance in CEE across
provinces and the spatial characteristics are very obvious.

5.2. Spatial Econometric Test
5.2.1. Spatial Autocorrelation Test

There is no doubt that CEE exhibits the spatial characteristics shown above. We further
explore the spatial autocorrelation of CEE by estimating the Moran index (Moran’s I). The
value of Moran’s I is typically from −1 to 1. If Moran’s I exceeds 0, then an observation
has positive spatial correlation, whereas if it is less than 0, then it has negative spatial
correlation. The specific formulation is as follows:

Moran′s I =
∑n

i=1 ∑n
j=1 ωij(Xi − X)(Xj − X)

S2∑n
i=1 ∑n

j=1 ωij
(18)

S2 =
1
n

n

∑
i=1

(Xi − X)2, X =
1
n

n

∑
i=1

Xi (19)
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Figure 1. Average carbon emission efficiency of 30 provinces in China from 2000 to 2019.

In Equations (18) and (19), n is the total number of regions and Xi and Xj are CEEs of
regions i and j, respectively. X is the average value of all sample regions, S2 is the sample
variance, ωij is the spatial weight matrix, and ∑n

i=1 ∑n
j=1 ωij is the total of all spatial weights.

As shown in Table 2, Moran’s Is for CEE from 2000 to 2019 are all positive and
significant, suggesting that CEE distribution has an apparent spatial autocorrelation.

Table 2. Moran’s I of carbon emission efficiency.

Year Moran’s I Z-Value Year Moran’s I Z-Value

2000 0.445 *** 4.445 2010 0.238 ** 2.501
2001 0.416 *** 4.194 2011 0.195 ** 2.113
2002 0.403 *** 4.043 2012 0.218 ** 2.320
2003 0.297 *** 3.065 2013 0.199 ** 2.151
2004 0.322 *** 3.262 2014 0.240 ** 2.519
2005 0.273 *** 2.822 2015 0.258 *** 2.684
2006 0.254 *** 2.642 2016 0.298 *** 3.052
2007 0.216 ** 2.304 2017 0.304 *** 3.096
2008 0.253 *** 2.646 2018 0.304 *** 3.089
2009 0.253 *** 2.643 2019 0.277 *** 2.831

Note: **, *** denote significance at the 5% and 1% levels, respectively.

5.2.2. Spatial Econometric Model Tests

For the analysis of the spatial econometric model, a set of estimations and statistical
tests must be performed on the nonspatial panel regression model first. This indicates that
the fixed effects model is more effective than the random effects model based on Hausman’s
test, which rejects null hypothesis in all models (see Table A3). The two types of likelihood
ratio (LR) individual and temporal effect tests pass the significance test at the 1% level,
thus demonstrating that it is more appropriate that the individual and time double fixed
effect model. As shown by the Lagrange multiplier test results, LMerror, R-LMerror, LMlag,
and R-LMlag all pass the significance test at the 1% level, confirming Moran’s I results of
the aforementioned CEE. An economic model should therefore include spatial factors as a
component. Table A4 presents the results of the Wald and LR tests, which both pass the
significance test at the 1% level, demonstrating that the null hypothesis was rejected and
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SDM was not reduced to SLM and SEM. Hence, we adopt a double fixed effect SDM for
subsequent empirical analysis.

5.3. Empirical Results and Discussion

The spatial lag term ρ is estimated using the maximum likelihood estimation of SDM,
along with the explanatory variables. The specific results are shown in Table 3. This
indicates that the local CEE is affected by a positive spatial spillover effect and that the
distribution of the CEE among regions is not random, as the coefficients of ρ are positive
and pass the 1% significance test. The spatial distribution of regional CEE is not random.

Table 3. The estimation results of SDM.

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

lnCE 0.0007 0.0005 0.0031 0.0011 0.0009 0.0031
(0.133) (0.098) (0.574) (0.202) (0.160) (0.564)

FS 0.0059 0.0107
(0.822) (1.207)

STOCK 0.0041 0.0102 *
(1.127) (1.847)

BANK −0.0392 −0.0294
(−1.382) (−1.032)

lnCE×FS 0.0028 *
(1.904)

lnCE×STOCK 0.0028 **
(2.571)

lnCE×BANK −0.0069
(−0.984)

W×lnCE 0.0207 *** 0.0206 *** 0.0326 *** 0.0212 *** 0.0209 *** 0.0337 ***
(2.666) (2.655) (4.021) (2.736) (2.731) (4.162)

W×FS 0.0027 0.0103
(0.270) (0.782)

W×STOCK 0.0005 0.0132
(0.095) (1.438)

W×BANK −0.1730 *** −0.1941 ***
(−3.350) (−3.736)

W×lnCE×FS 0.0046 **
(2.012)

W×lnCE×STOCK 0.0048 ***
(2.639)

W×lnCE×BANK −0.0376 ***
(−3.222)

Controls YES YES YES YES YES YES
ρ 0.3151 *** 0.3173 *** 0.2207 *** 0.2905 *** 0.2765 *** 0.1727 **

(4.989) (5.028) (3.295) (4.523) (4.275) (2.504)
sigma2_e 0.0073 *** 0.0073 *** 0.0069 *** 0.0072 *** 0.0070 *** 0.0069 ***

(17.434) (17.439) (18.065) (17.531) (17.785) (17.867)
N 600 600 600 600 600 600
R2 0.1931 0.1915 0.0555 0.2336 0.2708 0.0490

Log-L 615.2968 615.4025 624.0231 619.9922 623.2845 630.6452
Note: *, **, *** denote significance at the 10%, 5%, and 1% levels, respectively. The data in brackets are t-values.

From the empirical results shown in column (1), the coefficient of lnCE is positive but
not significant, while the coefficient of W×lnCE is positive and significant, thus indicating
that the positive effect of clean energy on local CEE is not obvious, but neighboring
clean energy development promotes local CEE. The coefficients of FS and W×FS are both
positive and nonsignificant, thus indicating that the positive effect of financial structure on
CEE in local and surrounding areas is not obvious. After including lnCE×FS in column
(4), the original sign and significance of lnCE and FS do not change, and the interactive
coefficient is positive and passes the significance test at the 10% level, thus indicating that
the combination of clean energy and the financial structure can be effective in enhancing
local CEE. W×lnCE×FS is also positive and significant, thus indicating that the synergistic
effect of neighboring regions can enhance local CEE.
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Table 3 also shows the impact of clean energy on CEE through financial markets and
bank credit. In column (5), the coefficient of lnCE×STOCK is positive and passes the
significance test at the 5% level, thus illustrating that clean energy can effectively promote
local CEE through the stock market, which confirms H1. W×lnCE×STOCK is also positive
and significant, which indicates that neighboring clean energy generation has a positive
spillover effect on local CEE through financial markets. In column (6), the coefficient of
lnCE×BANK is negative and nonsignificant, thus indicating that clean energy cannot
enhance local CEE through bank credit, which confirms H2. Moreover, W×lnCE×BANK is
negative and significant, which reveals that neighboring clean energy generation inhibits
local CEE through bank credit. The spatial spillover effect of the cointegration of clean
energy and financial structure on CEE is the focus of this paper. To confirm H3, we will
conduct a more in-depth empirical test.

LeSage and Pace [68] argued that the regression coefficient of SDM did not directly
reflect the marginal effect of independent variables given the existence of spatial lag terms.
Therefore, they decomposed the spatial effects of cross-sectional data using the partial
derivative method. Then, this decomposition method was extended to spatial panel
data [63]. The specific formulation of decomposition is as follows:

CEEit = (I − ρW)−1(Xitα + WXitθ) + (I − ρW)−1µi + (I − ρW)−1γt + (I − ρW)−1εit (20)

where Equation (20) is obtained by deriving explanatory variables from Equations (11)–(13).
Calculating the partial derivative of the kth explanatory variable, n regions are considered,
and a partial derivative matrix is generated, as shown in Equation (21):

[
∂CEEt

∂X1k
· · · ∂CEEt

∂Xnk
] =


∂CEEt1

∂X1k
· · · ∂CEEt1

∂Xnk
...

. . .
...

∂CEEtn
∂X1k

· · · ∂CEEtn
∂Xnk

 = (I − ρW)−1


βk W12θk · · · W1nθk

W21θk βk · · · W2nθk
...

...
. . .

...
Wn1θk Wn2θk · · · βk

 (21)

There are two effects in the right-hand matrix: the mean value of the main diagonal
elements is direct effect, which indicates that the explanatory variable has an influence on
local CEE; indirect effect occurs when the explanatory variable impacts neighboring CEEs
through the mean value of nondiagonal elements. The indirect, direct, and total effects are
further decomposed by using a partial derivative matrix to determine the spatial influence
of independent variables on CEE. It can be seen from Table 4 that the spatial effect has been
decomposed to produce the results shown here.

A study has demonstrated that the direct effects of lnCE are not significant, while its
indirect effects are positive and significant at the 1% level, indicating that clean energy does
not have a clear impact on local CEE, while it can significantly enhance neighboring CEE
via the spatial spillover effect. It is argued that clean energy is mainly reflected in power
generation and has obvious spillover effects through the “west-to-east” power transmission
policy formulated by the Chinese government.

FS has both direct and indirect effects that are positive but not statistically significant,
which indicates that the financial structure does not impact local and neighboring CEEs.
The direct and indirect effects of STOCK are 0.0109 and 0.0223, respectively, and both pass
the significance at the 5% level, which demonstrates that the stock market promotes local
CEE while having obvious spillover effects on neighboring regions. The direct and indirect
effects of BANK are negative, which indicates that bank credit inhibits CEE in both local
and neighboring areas.

The direct and indirect effects of lnCE×FS are 0.0032 and 0.0076, respectively, and both
pass the significance test at the 5% level. This shows that a 1% increase in the integration
of clean energy and a market-oriented financial structure leads to a 0.0032% increase in
the local CEE and a 0.0076% increase in neighboring regions’ CEE through the spatial
spillover effect, which confirms H3. The direct and indirect effects of lnCE×STOCK are
0.0032 and 0.0076, respectively, and both pass the significance test, which indicates that
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clean energy can effectively promote local and neighboring CEEs through the stock market.
The direct effect of lnCE×BANK is negative but nonsignificant, while its indirect effect is
negative and significant, which demonstrates not only that clean energy inhibits the local
CEE through bank credit, but also that the inhibitory effect on neighboring regions is more
significant. This is explained by the fact that banking institutions emphasize risk control,
and clean energy is often accompanied by its own inherent uncertainties, which makes
it difficult for the banking industry to provide adequate financial support for it. As for
the stock market, clean energy enterprises can directly obtain social funding through the
capital market, which effectively alleviates financing difficulties and enables the long-term
development of clean energy to drive local economic growth and achieve carbon emission
reduction. The spillover effect of clean energy and the liquidity of the financial market also
encourage the surrounding areas to increase their R&D and applications of clean energy
through imitation and learning to optimize their energy structure and improve their CEE.

Table 4. Spatial effect decomposition of SDM.

Variables Direct Effect Indirect
Effect

Total Effect Direct Effect Indirect
Effect

Total Effect Direct Effect Indirect
Effect

Total Effect

lnCE 0.0026 0.0304 *** 0.0330 ** 0.0023 0.0293 *** 0.0316 ** 0.0044 0.0414 *** 0.0458 ***
(0.455) (2.797) (2.348) (0.401) (2.797) (2.317) (0.786) (4.444) (3.772)

FS 0.0112 0.0193 0.0305 **
(1.355) (1.228) (2.022)

STOCK 0.0109 ** 0.0223 ** 0.0333 ***
(2.110) (2.054) (3.144)

BANK −0.0374 −0.2366 *** −0.2740 ***
(−1.371) (−3.869) (−4.204)

GOV −0.1933 0.4293 * 0.2360 −0.1931 0.4385 * 0.2454 −0.1661 0.7031 *** 0.5370 **
(−1.450) (1.789) (0.832) (−1.488) (1.873) (0.887) (−1.226) (3.345) (2.158)

IS −0.0187 −0.0020 −0.0207 −0.0219 0.0006 −0.0213 0.0066 −0.0035 0.0031
(−0.910) (−0.043) (−0.350) (−1.053) (0.014) (−0.373) (0.333) (−0.093) (0.065)

ES −0.2863 *** −0.2075 −0.4937 ** −0.2801 *** −0.2155 −0.4956 *** −0.3130 *** −0.1222 −0.4351 ***
(−7.146) (−1.132) (−2.552) (−7.101) (−1.213) (−2.645) (−8.060) (−0.776) (−2.669)

TO −0.3021 *** −0.2349 *** −0.5370 *** −0.2889 *** −0.2202 *** −0.5091 *** −0.3151 *** −0.1050 −0.4201 ***
(−7.613) (−2.781) (−5.527) (−7.297) (−2.693) (−5.400) (−8.182) (−1.424) (−5.084)

lnER 0.1314 *** 0.0587 0.1901 *** 0.1309 *** 0.0559 0.1868 *** 0.1191 *** −0.0209 0.0981 *
(6.509) (1.104) (3.176) (6.557) (1.081) (3.209) (6.005) (−0.456) (1.888)

lnCE×FS 0.0032 ** 0.0076 ** 0.0109 ***
(2.245) (2.453) (2.855)

lnCE×STOCK 0.0032 *** 0.0076 *** 0.0108 ***
(2.980) (3.203) (3.775)

lnCE×BANK −0.0075 −0.0465 *** −0.0540 ***
(−1.108) (−3.431) (−3.393)

Note: *, **, *** denote significance at the 10%, 5%, and 1% levels, respectively. The data in brackets are t-values.

For the control variables, the direct effects of GOV are negative but nonsignificant,
while its indirect effects are positive and significant, which can be explained as follows:
Local fiscal expenditure on environmental management is limited and fails to play a decisive
role in the impact of local CEE, but it can play a demonstration effect for neighboring regions
and help to improve the neighboring provinces’ CEE. The direct, indirect, and total effects of
IS are not significant, thus indicating that upgrading the industrial structure does not have
a significant impact on the local and neighboring CEEs. This is explained by the fact that
tertiary industries have developed rapidly in various regions, but industrialization is still
the main driving force of regional economic growth, which indicates that the transformation
and upgrading of the industrial structure remains low and has not yet had a significant
effect on CEE. The three effects of ES are negative, which can be explained as follows:
The production processes of enterprises with high energy consumption, such as coal, will
produce a large amount of carbon dioxide given China’s current energy structure. However,
the downward pressure exerted by China’s slowing economy has further restrained CEE
in recent years. The three effects of TO are negative and significant, thus indicating
that trade openness has a significant inhibitory effect on the local and neighboring CEEs.
Among the direct effects of lnER, there are significant and positive ones, demonstrating
that environmental regulations play an important role in promoting local CEE. In this
manner, the “innovation compensation effect” can be achieved, and local CEE can be
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improved by ensuring that enterprises optimize resource allocation and improve their
technological levels.

5.4. Endogeneity Test

Qu and Lee [69] argue that the spatial weight matrix does not satisfy the null hypothe-
sis that it is strictly exogenous, which may lead to endogeneity problems. The spatial lag
variables W2X and W3X are used as instrumental variables in this paper to avoid endogene-
ity, as suggested by Zhang and Liu [60]. Among them, W denotes the space weight matrix
and X indicates the explanatory variables. The specific results are shown in Table 5.

Table 5. Results of the endogeneity test.

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

lnCE 0.0010 0.0008 0.0033 0.0011 0.0009 0.0026
(0.181) (0.144) (0.596) (0.200) (0.170) (0.482)

FS 0.0059 0.0107
(0.806) (1.210)

STOCK 0.0037 0.0111 **
(1.004) (1.986)

BANK −0.0427 −0.0218
(−1.346) (−0.714)

lnCE×FS 0.0028 *
(1.844)

lnCE×STOCK 0.0026 **
(2.398)

lnCE×BANK −0.0052
(−0.681)

W×lnCE 0.0243 *** 0.0237 *** 0.0340 *** 0.0209 ** 0.0171 ** 0.0302 ***
(2.790) (2.738) (3.499) (2.446) (2.024) (3.163)

W×FS 0.0027 0.0101
(0.264) (0.742)

W×STOCK 0.0006 0.0083
(0.118) (0.808)

W×BANK −0.1825 *** −0.1689 ***
(−2.882) (−2.665)

W×lnCE×FS 0.0045 *
(1.733)

W×lnCE×STOCK 0.0035 *
(1.788)

W×lnCE×BANK −0.0342 ***
(−2.694)

W×CEE 0.0512 0.0873 0.1591 0.3114 0.5328 ** 0.3320
(0.187) (0.322) (0.669) (1.186) (2.129) (1.409)

Controls YES YES YES YES YES YES
Cons 0.7202 *** 0.7255 *** 0.8917 *** 0.6010 *** 0.5599 *** 0.7831 ***

(4.329) (4.404) (4.941) (3.795) (3.626) (4.518)
N 600 600 600 600 600 600
R2 0.8233 0.8247 0.8320 0.8335 0.8377 0.8377

Adj_R2 0.8026 0.8041 0.8122 0.8132 0.8179 0.8180
Log-L 612.5026 614.8689 627.5111 630.2494 637.9073 637.9595

Note: *, **, *** denote significance at the 10%, 5%, and 1% levels, respectively. The data in brackets are t-values.

There are no significant differences in the estimated coefficients of the explanatory
variables (see Table 5) compared with the estimated results depicted in Table 3. Additionally,
the coefficients of each variable’s spatial lag terms are similar, thereby suggesting that
instrumental variables can still be used to address the endogeneity of spatial weights while
maintaining consistent and robust estimation results.

5.5. Robustness Check

This paper further tests the robustness of the estimates by replacing the spatial weight
matrix and changing the core explanatory variables. The results are shown in Table 6.
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Table 6. Results of the robustness tests.

Variables (1) (2) (3) Variables (4) (5) (6)
W01 W01 W01

lnCE −0.0018 −0.0026 −0.0016 lnCE2 0.0059 0.0060 0.0077
(−0.312) (−0.457) (−0.274) (1.050) (1.066) (1.399)

FS 0.0120 FS 0.0128
(1.404) (1.477)

STOCK 0.0084 STOCK 0.0131 **
(1.554) (2.359)

BANK −0.0607 ** BANK −0.0293
(−2.054) (−1.041)

lnCE×FS 0.0026 * lnCE2*FS 0.0030 **
(1.738) (1.992)

lnCE×STOCK 0.0022 ** lnCE2*STOCK 0.0033 ***
(2.085) (2.878)

lnCE×BANK −0.0107 lnCE2*BANK −0.0025
(−1.428) (−0.358)

W×lnCE 0.0304 *** 0.0315 *** 0.0107 W*lnCE 0.0206 ** 0.0200 ** 0.0339 ***
(2.801) (2.895) (0.907) (2.552) (2.521) (4.059)

W×FS −0.0001 W*FS 0.0099
(−0.006) (0.746)

W×STOCK 0.0100 W*STOCK 0.0122
(1.150) (1.294)

W×BANK 0.0232 W*BANK −0.1835 ***
(0.438) (−3.579)

W×lnCE×FS 0.0047 * W*lnCE2*FS 0.0041 *
(1.731) (1.698)

W×lnCE×STOCK 0.0042 ** W*lnCE2*STOCK 0.0043 **
(2.259) (2.241)

W×lnCE×BANK −0.0539 *** W*lnCE2*BANK −0.0450 ***
(−3.356) (−3.924)

Controls YES YES YES Controls YES YES YES
ρ 0.1933 *** 0.1825 *** 0.1530 *** ρ 0.2909 *** 0.2788 *** 0.1686 **

(3.591) (3.366) (2.747) (4.518) (4.304) (2.432)
sigma2_e 0.0075 *** 0.0075 *** 0.0074 *** sigma2_e 0.0072 *** 0.0070 *** 0.0068 ***

(17.246) (17.260) (17.263) (17.532) (17.792) (17.863)
N 600 600 600 N 600 600 600
R2 0.2754 0.3060 0.1523 R2 0.2161 0.2540 0.0466

Log-L 612.7560 614.8708 619.2389 Log-L 619.6858 623.2532 631.7100

Note: *, **, *** denote significance at the 10%, 5%, and 1% levels, respectively. The data in brackets are t-values.

According to Zhang and Liu [60], this paper employs the spatial adjacent weight
matrix W01 (i.e., when two regions have a common border, the weight is 1; otherwise, it
is 0) as substitute matrix to investigate whether SDM will produce significantly different
results due to changes in the spatial weight matrix. Compared with Table 3, there is no
significant difference in the symbols and significance of the estimated coefficients using
the substitute matrix in column (1), further indicating that the combination of clean energy
and the financial structure can effectively enhance CEE. In column (2), the results show
that clean energy can still effectively improve local and neighboring CEEs through stock
market. In column (3), the results show that the interaction between clean energy and bank
credit has a dampening effect on local and neighboring CEEs.

Nuclear energy is controversial in its ability to promote economic development and
reduce CO2 emissions [28] compared with other types of clean energy. Additionally, it may
threaten living conditions due to safety issues that have arisen in recent years. Following
Chen et al. [9], we exclude nuclear power from the clean energy indicators used in this
paper and construct a new proxy variable, lnCE2, to perform a robustness test. There is
no significant difference between the estimates in Table 3 and the findings in this study.
For example, the coefficient of lnCE2×FS is 0.0030 (p < 0.05), which indicates that it still
contributes to CEE. The coefficients of lnCE2×STOCK and W×lnCE2×STOCK are positive
and significant, thus indicating that they improve the local and neighboring CEEs, while
lnCE2×BANK and W×lnCE2×BANK are negative and similar to the results shown in
Table 5. Therefore, the estimation results are strongly robust.
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5.6. Spatial Quantile Regression Results

The average effect of combining clean energy and financial structures to affect CEE is
mainly obtained through the abovementioned empirical studies. Under various provinces’
CEE, this paper seeks to identify the characteristics of clean energy interaction with a
market-oriented financial structure by using SQR and the 10th, 25th, 50th, 75th, and 90th
quantiles for analysis. As shown in Table 7, the estimated results are presented.

Table 7. Estimation results of SQR.

10th 25th 50th 75th 90th

W×CEE 0.0874 0.1028 0.2378 0.2987 ** 0.2318 ***
(1.007) (0.960) (1.411) (2.463) (2.904)

lnCE 0.0006 −0.0039 −0.0082 −0.0003 0.0085
(0.150) (−0.721) (−1.066) (−0.040) (1.121)

FS 0.0111 0.0186 ** 0.0197 * 0.0179 * 0.0157 *
(1.558) (2.030) (1.657) (1.768) (1.743)

lnCE×FS 0.0010 0.0023 0.0030 0.0029 * 0.0032 *
(0.885) (1.598) (1.532) (1.675) (1.843)

W×lnCE 0.0089 0.0104 −0.0020 0.0173 0.0188 *
(0.979) (0.951) (−0.158) (1.422) (1.899)

W×FS 0.0023 −0.0020 0.0141 0.0095 0.0132
(0.210) (−0.146) (0.914) (0.789) (0.959)

W×lnCE×FS 0.0011 0.0026 0.0036 0.0038 * 0.0040 *
(0.461) (0.859) (1.192) (1.737) (1.811)

Controls YES YES YES YES YES
Individual

fixed YES YES YES YES YES

Time fixed YES YES YES YES YES
Cons 0.1421 0.1319 0.3165 0.6039 ** 0.7047 ***

(1.506) (1.096) (1.471) (2.519) (2.912)
N 600 600 600 600 600

Note: *, **, *** denote significance at the 10%, 5%, and 1% levels, respectively. The data in brackets are t-values.

The coefficients of lnCE×FS are positive at all five quartiles, and the coefficient of
the 90th quantile is 0.0032 and passes the significance test at the 10% level, while the
10th quantile is the smallest at only 0.0010. This indicates that the interaction between
clean energy and a market-oriented finance can enhance CEE in various regions, and this
synergistic effect is more significant in areas with higher efficiency. Accordingly, it can be
concluded that clean energy impacts CEE differently in different provinces with market-
oriented financial structures. Additionally, with the increase in CEE, the coefficient of
W×lnCE×FS is also increased, and the coefficient of the 90th quantile reaches its maximum
and is significant, which demonstrates that the impact of clean energy through a market-
oriented financial structure in neighboring areas increases with the continued growth of
local CEE.

This paper plots the regression coefficients of lnCE×FS and W×lnCE×FS at all quar-
tiles, which allows for a more intuitive description of the dynamic trajectory of the joint
impacts of clean energy and the financial structures on CEE (see Figure 2). It can be seen
that the change in the coefficient of lnCE×FS is similar to an “inverted U-shaped” pattern,
and its interactive coefficient represents a fluctuating upward trend in the 10th–50th quan-
tiles, while it shows a downward trend to some extent from the 50th to the 90th quantiles.
The coefficient of W×lnCE×FS shows an upward trend. Among them, the coefficient of
the 5th quantile is the lowest and less than 0, and the coefficients above the 25th quantile
are all greater than 0 and increasing. This indicates that the neighboring provinces’ clean
energy production inhibits local CEE through market-oriented finance in regions with low
efficiency (e.g., Guizhou, Qinghai, and Ningxia), while the positive role of neighboring
regions will gradually increase in areas with higher efficiency. This is consistent with the
estimates shown in Table 7, where clean energy enhances local CEE through a market-
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oriented financial structure and the effect varies. With the increase in CEE, the stimulating
effect, by which clean energy is supported by a market-oriented financial structure in
neighboring areas, is gradually enhanced.
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Furthermore, this paper plots the trend of the coefficients of lnCE×STOCK and
W×lnCE×STOCK at all quantiles (see Figure 3). As a whole, the coefficient of lnCE×STOCK
is positive, which indicates that clean energy can enhance CEE through the stock market in
all regions. The coefficients are relatively small before the 25th quantile, thus indicating that
clean energy does not significantly improve CEE through the stock market in low-efficiency
areas, such as Hebei, Xinjiang, Shanxi, Guizhou, Qinghai, and Ningxia. This is explained
by the fact that these provinces are concentrated in the western district, where fewer clean
energy companies are located and are not supported by the financial market. Meanwhile,
they are rich in fossil energy resources, and the substitution effect of clean energy is not
fully reflected in the local economy, which is not effective in promoting CEE. When CEE
increases, there is evident volatility between the 25th and 90th quantiles, indicating that
clean energy and the stock market interact differently. It is explained by the fact that differ-
ent regions possess substantially different resources and financial markets. Some western
provinces with high economic development, such as Sichuan, are not only relatively rich
in natural resources, but also have a number of listed energy companies to support clean
energy development through capital markets to improve the local economy and reduce
CO2 emissions. For regions with higher economic development, the financial market is
relatively mature, but the huge demand for energy and the relative lack of natural resources
increase the competition for clean energy among regions, which leads to the impact of clean
energy through direct financing being unsatisfactory.

The coefficient of W×lnCE×STOCK shows a fluctuating upward trend. From the
10th to the 25th quantiles, the coefficients are relatively small, while their coefficients show
higher volatility from the 25th to the 90th quantiles. This indicates that the interactive
effect between clean energy and the stock market on local CEE is not obvious in the low-
efficiency regions, while the neighboring provinces’ clean energy has significant spillover
effects through the stock market in the higher-efficiency regions, although the differences
between them are large. A possible explanation for this finding is that the cross-regional
liquidity of the stock market provides financial support for clean energy development
in the surrounding regions and thus improves the neighboring provinces’ CEE. As CEE
rises, local governments work to develop clean energy but lack planning and coordination,
which aggravates competition among provinces. Therefore, the interaction between the
two is highly volatile.
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Figure 4 shows the trends in lnCE×BANK and W×lnCE×BANK. The coefficients of
lnCE×BANK are less than 0 in most quantiles and obviously decrease from the 50th to the
90th quantiles, which indicates that clean energy has a mitigating effect on CEE via bank
credit in most provinces, especially in high-efficiency areas. A possible explanation for this
finding is that clean energy development is faced with problems such as small scales, high
development costs, and longer payback periods. Meanwhile, considering the influence of
natural endowments and immature clean energy technologies, banks and financial institu-
tions are more willing to provide financing facilities for state-owned enterprises due to risk
aversion in regions with high economic levels (e.g., Beijing, Guangdong, and Chongqing),
while they are very cautious in providing financial support for clean energy enterprises.
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As a whole, the coefficients of W×lnCE×BANK are less than 0. From the 10th to the
25th quantiles, they show a relatively steady trend, then decrease rapidly from the 25th to
the 50th quantiles, and then remain low after the 50th quantile. This demonstrates that the
neighboring regions’ clean energy generation suppresses the local CEE through bank credit.
In the low-efficiency regions, the inhibitory effect of neighboring areas is lower, while it is
more obvious in high-efficiency regions.
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6. Conclusions and Policy Implications

This study analyzes the influencing mechanism of clean energy on CEE through
market-oriented financial structures to fill the research gap in this area. Based on the
panel data of 30 provinces in China from 2000 to 2019, this paper employs the improved
NDDF to calculate the CEE of each province and applies SDM to empirically investigate
the relationship between clean energy, financial structure, and CEE. Furthermore, we also
apply SQR to conduct a heterogeneity analysis according to the regional division of CEE.
We obtain several interesting conclusions.

6.1. Conclusions

(1) It is evident that the provincial CEE in China is spatially autocorrelative, and the
local CEE is spatially positively correlated with neighboring regions. (2) A 1% increase in
the integration of clean energy and market-oriented financial structure leads to a 0.0032%
increase in the local CEE and a 0.0076% increase in neighboring regions’ CEE through
the spatial spillover effect. The regression results of SDM are strongly robust through
the endogeneity and robustness tests. Among those, clean energy impacts local CEEs
positively through the stock market and significantly spatially through spillover effects to
surrounding provinces, while inhibiting local and neighboring CEEs through bank credit.
(3) Under the market-oriented financial structure, clean energy enhances the local CEE in
all quantiles, and the impact of neighboring areas will increase gradually as the local CEE
rises. From the 25th to the 90th quantiles, clean energy can greatly promote CEE through
the capital market, and neighboring regions also show significant spillover effects. While
the interactive effect between clean energy and bank credit suppresses the local CEE in
most provinces, the inhibitory effect of neighboring regions is obvious.

6.2. Policy Implications

First, a long-term coordination mechanism should be established between regions to
enhance CEE. Each provincial government should set up a coordination and leadership
group to explore the balance between regional economic development and carbon emission
reduction and to provide regional policy guarantee to achieve the dual goals of carbon
peaking and carbon neutrality.

Second, clean energy development should be provided with more effective financial
services in order to promote CEE. The central government should improve the upper-level
design of the financial system, and local governments should formulate more detailed
regulations to guide the flow of funds to the clean energy industry. All regions should give
full play to the spatial spillover effect of clean energy and the cross-regional mobility of
financial resources, and effectively integrate the two to enhance the overall CEE in China.

Third, policy makers should create support plans for clean energy that are individual-
ized to the conditions of the local region in order to alleviate the imbalances in CEE across
the country. Each local government should adopt differentiated policies and formulate tar-
geted financial measures according to the CEE in different regions to improve the efficiency
of regional clean energy capital allocation.

6.3. Discussion

Unlike the existing literature, this paper explores the spatial effects of clean energy
and a financial structure on the efficiency of carbon emissions in Chinese provinces.
Dong et al. [10] argued that clean energy could be effective in enhancing CEE when
financial development exceeds the threshold value. Unlike them, this study finds that the
integration of clean energy with a market-oriented financial structure not only improves
local CEE, but also has spillover effects on neighboring regions. In addition, Yu [12] an-
alyzed the heterogeneity of a financial structure affecting carbon emission intensity by
dividing each region according to administrative regions. Based on the difference of CEE,
this study applies the SQR model for heterogeneity analysis, avoiding the subjective factor
of administrative region grouping.
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At present, this paper uses provincial-level data, which can be followed by collecting
firm panel data to explore the impact of the financing structure of clean energy firms on
carbon efficiency from a more microscopic perspective. Additionally, this paper just only
analyzes the average effect of a certain study sample by a spatial econometric model, and
cannot obtain the heterogeneity influence of clean energy and financial structure on CEE in
each region. The panel geographically and temporally weighted regression model can be
used for further research.
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Appendix A

Table A1. Carbon emission coefficients of various fossil fuels.

Fossil Fuel Low Calorific
Value (kJ/kg)

Carbon Content
(kgC/GJ)

Rate of Carbon
Oxidation (-)

Carbon Emissions
Coefficients (tC/t)

Coal 20,908 26.37 0.913 0.5034
Coke 28,435 29.5 0.928 0.7784
Crude oil 41,816 20.1 0.979 0.8229
Gasoline 43,070 18.9 0.980 0.7977
Kerosene 43,070 19.5 0.986 0.8281
Diesel 42,652 20.2 0.982 0.8461
Fuel oil 41,816 21.1 0.985 0.8691
Natural gas 38,931 (kJ/m3) 15.3 0.990 0.5897 (tC/m3)

Table A2. The grouping of China’s 30 provinces according to CEE level.

Quantile Group Provinces

Lower 10% Guizhou, Qinghai, Ningxia
10–25% Shaanxi, Gansu, Hebei, Xinjiang, Shanxi

25–50% Heilongjiang, Sichuan, Guangxi, Inner Mongolia, Hainan, Shandong,
Yunnan

50–75% Hunan, Tianjin, Hubei, Jilin, Henan, Zhejiang, Liaoning
75–90% Fujian, Jiangxi, Anhui, Shanghai, Jiangsu
Upper 90% Beijing, Guangdong, Chongqing

Table A3. Results of spatial econometric tests.

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

Moran’s I 14.643 *** 14.359 *** 12.731 *** 14.704 *** 14.060 *** 12.492 ***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

LMerror 202.562 *** 194.790 *** 153.931 *** 203.825 *** 186.376 *** 147.413 ***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
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Table A3. Cont.

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

R-LMerror 0.972 1.261 10.030 *** 0.835 1.681 12.166 ***
(0.324) (0.262) (0.002) (0.361) (0.195) (0.000)

LMlag 350.672 *** 344.478 *** 316.760 *** 349.744 *** 334.129 *** 313.562 ***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

R-LMlag 149.083 *** 150.948 *** 172.859 *** 146.753 *** 149.433 *** 178.314 ***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

SFE-LR 292.32 *** 291.95 *** 293.04 *** 287.52 *** 285.11 *** 297.88 ***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

TFE-LR 385.35 *** 389.33 *** 398.39 *** 379.64 *** 387.75 *** 398.27 ***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Hausman 61.22 *** 64.58 *** 61.09 *** 65.78 *** 64.97 *** 57.18 ***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Note: *** significant at the 1% level. The data in brackets are p-values.

Table A4. Results of Wald and LR tests.

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

Wald_lag 13.70 * 13.59 * 26.28 *** 18.06 ** 21.57 *** 37.04 ***
(0.057) (0.059) (0.000) (0.021) (0.006) (0.000)

Wald_error 24.95 *** 24.64 *** 40.82 *** 30.88 34.93 *** 51.60 ***
(0.001) (0.001) (0.000) (0.000) (0.000) (0.000)

LR_lag 14.68 ** 14.50 ** 28.60 *** 20.31 *** 23.92 *** 39.59 ***
(0.040) (0.043) (0.000) (0.009) (0.002) (0.000)

LR_error 16.79 ** 16.40 ** 33.35 *** 23.59 *** 27.38 *** 44.78 ***
(0.019) (0.022) (0.000) (0.003) (0.001) (0.000)

Note: *, **, *** denote significance at the 10%, 5%, and 1% levels, respectively. The data in brackets are p-values.
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