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Abstract: With the promotion of the “carbon neutrality” and “carbon peak” initiatives, green
credit plays an important role in helping enterprises to change their high-pollution, high-energy-
consumption production methods and establishing a sound green, low-carbon, and circular economic
system. This study used spatial correlation analysis and a fixed effects SDM model to examine the
spatiotemporal and causal relationship between green credit levels and enterprise green technology
innovation in 271 prefecture level cities in China from 2013 to 2021. It found that (1) green credit and
green technology innovation levels are both highest in the eastern region, followed by the central
region, and exhibit spatial correlation characteristics. The main types of agglomeration are high–high
and low–low agglomeration. (2) Green credit has a significant enhancing effect on green technology
innovation in enterprises, and this conclusion still holds after robustness and endogeneity tests.
(3) There is significant regional heterogeneity in the impact of green credit on green technology
innovation, mainly concentrated in the central and western regions. (4) Green credit can significantly
increase enterprise R&D investment and enhance the level of green technology innovation through
this channel. Finally, some policy implications are provided to the decision-making departments that
can be used for reference.

Keywords: green credit; enterprise green technology innovation; spatial correlation; double fixed
SDM model; China

1. Introduction

In recent years, China has achieved remarkable economic and social development.
However, it is increasingly facing environmental constraints. Green finance, with green
credit as its core, is an important driving force for China’s green development and there is
an inevitable need to promote the comprehensive green transformation of economic and
social development. Against the backdrop of green transformation gradually becoming
an international consensus, enterprises, as one of the main contributors to China’s carbon
emissions, play a crucial role in realizing the “dual carbon” goals through green technologi-
cal innovation and improving the efficiency of green transformation [1]. As a major carbon
emitter, China needs to take on more responsibility in green development and low-carbon
emissions reduction. In 2022, the National Development and Reform Commission and the
Ministry of Science and Technology jointly issued the “Implementation Plan for Further
Improving Market-Oriented Green Technological Innovation System (2023–2025)”, which
emphasized the need to strengthen financial support for green technologies by provid-
ing green credit and green bonds [2,3]. The scale of green credit has been continuously
expanding, and the construction of the market system has been continuously improving.
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The balance of green credit in China has reached CNY 22.03 trillion, displaying a year-
on-year increase of 38.5%, which is 28.1 percentage points higher than the growth rate of
various loans.

Numerous scholars have begun to explore the relationship between green credit and
sustainable development. As an emerging research object, many scholars conduct research
from different perspectives. The main research content can be divided into the following
three aspects.

Firstly, there is a focus on green credit, including the connotations, products, busi-
ness implications, and implementation. Different scholars have different views on the
connotations of green credit. Most scholars view green credit as a product with the goal of
helping enterprises to reduce their energy consumption [4], save resources [5], introduce
more financial resources into the green and low-carbon field, change the development
mode of enterprises, and enhance sustainable development capabilities [6]. Different
commercial banks design differentiated green credit products based on their own capital
capacity and implementation conditions to meet the funding needs of different industries
and enterprises [7]. Scholars also perform analysis from the perspective of banks regarding
what conditions are required for the development of green credit business, as well as
the difficulties and obstacles that may be faced, and then propose relevant solutions [8].
Moreover, some scholars have paid attention to the significance and value of green credit in
the construction of green financial product systems and the promotion of industrial green
development with relevant data and cases [9,10].

Secondly, green credit as a policy tool can be used to evaluate pollution reduction and
carbon reduction, green development, corporate financing costs, and environmental protec-
tion [11,12]. As an environmental policy, the policy effect of green credit cannot be ignored.
Scholars generally believe that green credit is a financial policy formulated by a country
in the face of environmental protection requirements and emission reduction pressures,
with the aim of transforming economic growth patterns, promoting green technology inno-
vation [13], and achieving sustainable development [14,15]. Therefore, many scholars use
policy evaluation methods to assess the implementation effectiveness of green credit [16].
Some studies have focused on enterprises, while others not only focused on enterprises, but
also on industries, cities, regions, and a country [17–19], analyzing and exploring the impact
of green credit from different perspectives. The general conclusion drawn by scholars is that
green credit can effectively reduce pollutant emissions and improve green development
capabilities, but this effect may also have multiple heterogeneous characteristics.

Thirdly, as financial institutions are the main recipients of green credit, the interaction
between green credit and commercial banks is also an important research field. Commercial
banks can channel funds into projects, enterprises, and industries that are conducive to
environmental protection through differentiated pricing and targeted loan placements [20],
achieving green and efficient allocation of financial resources [21]. At the same time,
commercial banks utilize their advantages to effectively avoid operational risks [22], reduce
non-performing loan ratios [23], increase profits, and promote green development. Some
scholars have also paid attention to the various negative impacts that green credit may have
on commercial banks, and emphasized that through product optimization, institutional
design, business process reengineering, and institutional mechanism improvement, green
credit can effectively play a role in promoting green development [24].

In summary, the research results on green credit are constantly being enriched, and the
research methods are becoming increasingly diverse. The research related to green credit
has gradually attracted the attention and interest of scholars. Meanwhile, we believe that
the following aspects can be explored in depth. Firstly, further analysis and exploration are
needed of the various economic and social impacts that the issuance of green credit may
have. Secondly, current scholars focus on the relationship between green credit, pollution
reduction, carbon reduction, and environmental protection [25]. However, the realization
of environmental benefits depends on the continuous improvement of the green innovation
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level. However, the research results related to green credit and green innovation still need
to be enriched and improved.

Therefore, this paper attempts to focus on green credit as the main research object,
analyzes the relationship between green credit and green technology innovation, and
explores the underlying mechanisms, in order to provide policy inspiration and a reference
for improving the role of green credit in promoting green development.

This paper takes the green credit and corporate green technological innovation levels
of 271 prefecture-level cities in China as the research objects. Differing from most provincial-
level studies, it explores the influence of green credit on corporate green technological
innovation from the perspective of prefecture-level cities, which fills in the important gap
regarding the link between provincial-level studies and prefecture-level cities.

2. Research Methods and Data Sources
2.1. Spatial Correlation Analysis

Spatial autocorrelation analysis can be used to examine the correlation between a
given element and its neighboring spatial elements. Among the methods used to measure
spatial autocorrelation, the most widely used is Moran’s I [26]. In this study, we utilized
Stata 16 software to construct an adjacency spatial weight matrix for 271 cities based on
the distribution of prefecture-level cities in China. By combining the levels of green credit
and corporate green technological innovation in these 271 cities, we calculated the global
Moran’s I and plotted a scatterplot of local Moran’s I for the period from 2013 to 2021. This
analysis allowed us to analyze the changing trend of spatial correlation. The formula for
Moran’s I is as follows.

I =

n
n
∑

i=1

n
∑

j=1
wij(xi − x)(xj − x)

n
∑

i=1

n
∑

j=1
wij

n
∑

i=1
(xi − x)2

(1)

where n is the total number of provincial units, xi denotes the observed value of the ith
region, x denotes the average value of all provinces observed, and wij is the value of
the spatial weight matrix. The value of Moran’s Index ranges from −1 to 1. A positive
value indicates positive spatial autocorrelation, suggesting the presence of spatial clustering.
A negative value indicates negative spatial autocorrelation, indicating the absence of spatial
clustering [27]. Additionally, the larger the absolute value of Moran’s I, the stronger
the correlation.

2.2. Spatial Measurement Modeling
2.2.1. Model Setup

The ordinary panel regression model is a commonly used method for quantita-
tively revealing causal relationships between variables. The spatial econometric model
is a statistical analysis model for spatial data, which deeply considers the autocorrelation
and heterogeneity of spatial data, and helps to explain the distribution characteristics and
interrelationships of spatial data. The core of the spatial econometric model lies in spatial
correlation—that is, the interaction between the various elements in the space. This effect is
particularly pronounced at a distance, and gradually diminishes as the distance increases.
In order to provide the most accurate estimation of the causal relationships between vari-
ables, it was necessary to first test whether variables such as green technological innovation
and green credit exhibit significant spatial correlation. If this characteristic existed, it was
then necessary to further analyze the data using spatial regression models.

To further investigate the impact of green credit on enterprise green technological
innovation, this study employed a panel econometric model with dual fixed effects to
examine the relationship. The basic model is specified as the Equation (2).

ln Green Tit = α + γ ln Green Pit + ϕcontrolit + ai + λt + uit (2)
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In the above equation, Green T denotes corporate green technology innovation; Green
P denotes green credit; control denotes each control variable; ϕ denotes the coefficients of
each control variable; γ denotes the constant term; i and t denote the region and the year,
respectively; ai and λt denote the individual and time effects, respectively; and uit denotes
the random error term.

On this basis, a spatial econometric modeling that incorporated spatial relationships
into the measurement was further constructed to capture more accurate causal relation-
ships between variables, and a spatial Durbin model was constructed as shown in the
Equation (3), in which W represents the spatial weighting matrix; WlnGreen T, WlnGreen
P, and Wcontrol denote the spatial lags of green technological innovation, green credit, and
the control variables of the enterprises, respectively; and ρ, ξ, ζ are the coefficients. The rest
of the variables are consistent with those in the Equation (2).

ln Green Tit = α1 + ρW ln Green Tit + γ1 ln Green Pit + ξW ln Green Pit + ϕcontrolsit + ζWcontrolsit + ai + λt + uit (3)

Furthermore, when considering the impact of green credit on enterprise green techno-
logical innovation, this study further investigated whether green credit affects the level of
enterprise green technological innovation through the mediating variable of scientific re-
search investment. Therefore, this study established a mediation effect model with the total
R&D investment of all enterprises in each prefecture-level city as the mediating variable,
denoted as R&D, as follows:

ln Green Tit = α2 + γ ln Green Pit + ϕcontrolit + ai + λt + uit (4)

ln mediatorit = β + γ2 ln Green Pit + ϕcontrolit + ai + λt + uit (5)

ln Green Tit = δ + γ3 ln Green Pit + η ln mediatorit + ϕcontrolit + ai + λt + uit (6)

In the above equation, mediator represents the mediating variable R&D, and the rest
of the variable settings are consistent with Equation (2). The validation steps were as
follows: firstly, we tested γ, γ2 and η in the Equations (4)~(6). If all three coefficients were
significant, this indicated that there is a mediating effect. Then, we compared whether γ3 in
the Equation (6) was lower than γ in the Equation (2), which was used to indicate whether
the mediating variables play a significant role in mediation.

2.2.2. Description of Variables

The dependent variable in this study was enterprise green technological innova-
tion (Green T), measured by the number of green patents obtained by all enterprises in
each prefecture-level city in the current year. The selected independent variable in this
study was green credit (Green P), measured by multiplying the value added of the six major
high-energy-consuming industries in prefecture-level cities by the proportion of interest
expenses of the six major high-energy-consuming industries in each province. The control
variables in this study were enterprise size (size), leverage ratio (lev), current ratio (flowr),
capital structure ratio (caps), years of business establishment (age), and cash flow ratio (cfo).
Regarding the selection of the mediating variable, to further investigate whether green
credit affects the level of enterprise green technological innovation through the mediating
variable of scientific research investment, this study adopted the total scientific research
and development investment of all enterprises in each prefecture-level city as the mediating
variable, denoted as R&D, and established a mediation effect model for testing. Moreover,
for the selection of instrumental variables, this study utilized the average value of green
credit in all other regions in the current year as the instrumental variable. The development
of the green credit level has a high degree of temporal dependence, meaning that the
green credit level in previous years has a significant impact on the green credit level in
the current year. This satisfies the criterion for the correlation between the instrumental
variable and the endogenous variable. Additionally, using the average value of green credit
in all other regions in the current year as the instrumental variable fulfills the exogeneity
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assumption of instrumental variables. This is because the spatial spillover effects of green
credit development, especially from neighboring regions, can promote the development of
green credit level in the local region to some extent, thereby further influencing the level of
enterprise green technological innovation in the local region. The specific variable selection
is shown in Table 1.

Table 1. Variable selection and description.

Variable Type Variable Name Notation Variable Definition

Explained Variable Enterprise green technology
innovation Green T

ln(number of green patents acquired by
firms in that prefectural city in the

year +1)

Explanatory Variable Green credit Green P

Value added of the six major
energy-intensive industries multiplied by
(1—percentage of interest expenses of the
six major energy-intensive enterprises in

each province)

Control Variable

Enterprise size size Total assets
Leverage ratio lev Enterprise size/total liabilities
Current ratio flowr Current assets/current liabilities

Capital structure ratio caps Total liabilities/total owners’ equity
Years of business establishment age ln(age of enterprise + 1)

Cash flow ratio cfo Net cash flows from operating
activities/current liabilities

Instrumental Variable Average value of green credits avg Average value of green credits for the
year in all other regions

Intermediary Variable Enterprise R&D investment R&D
Total scientific research investments of

all enterprises in
each prefecture-level city

2.3. Data Sources

This study used a sample of 271 prefecture-level cities in China from 2013 to 2021,
excluding the prefecture-level cities with severe issues regarding missing data n Guangxi
Zhuang Autonomous Region, Hainan Province, Qinghai Province, and Tibet Autonomous
Region. In terms of data sources, the urban-level data for green credit were obtained from
the statistical yearbooks of each prefecture-level city and the China Economic and Social Big
Data Research Platform. The data on enterprise green technological innovation were based
on all A-share listed companies in China from 2013 to 2021. According to the registration
location of each enterprise, the data were aggregated to the prefecture-level city level. Data
were obtained from the China Stock Market & Accounting Research Database as well as
the CSR Report text database.

3. Characterization Facts
3.1. Spatial and Temporal Characteristics of Green Credit

The national and regional averages of green credit levels are calculated and sum-
marized, as shown in Figure 1. The average green credit level across the nation ranges
from 0.4 to 0.5 from 2013 to 2021, indicating that the overall level of green credit in China
has reached a moderate level. However, there are significant differences in the average
green credit levels among the four regions, ranked from high to low as the eastern, central,
northeastern, and western regions. Moreover, the curves of the four regions approach each
other gradually during the research period, particularly in the eastern and central regions,
where the green credit levels are 0.5372 and 0.5281, respectively, in 2020, indicating that the
development gap of green credit levels among the four regions in China is gradually nar-
rowing, and the central region is making significant progress. In terms of the gap between
the average green credit levels in the four regions and the national average, the western
and northeastern regions are lower than the national average, while the eastern and central
regions are higher than the national average. The level of green credit is closely related
to factors such as local economic development, environmental policies, and industrial
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foundations. Given the economic prosperity and the resulting environmental pressures in
the eastern region, there is a greater demand for green development [28,29]. Consequently,
the green credit level in the eastern region is noticeably higher than in other regions.
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Figure 1. Average green credit level in China as a whole and in the four major regions.

To explore the spatial correlation of urban green credit levels, this study analyzes
it based on the global Moran’s I. Through calculations, it is found that the Moran’s I of
green credit fluctuates within the range of 0.65 to 0.74 from 2013 to 2021, and the calculated
indexes for each year are greater than 0. Through a significance level test at 1%, it is
indicated that there is a significant positive spatial autocorrelation of green credit levels
among Chinese prefecture-level cities.

Furthermore, in order to explore the clustering characteristics and changing trends
of green credit levels among Chinese prefecture-level cities, this study draws local Moran
scatter plots for 2013 and 2021 (Figure 2). The first quadrant represents high–high agglom-
eration areas, the second quadrant represents low–high agglomeration areas, the third
quadrant represents low–low agglomeration areas, and the fourth quadrant represents
high–low agglomeration areas. Generally speaking, in 2013 and 2021, the green credit
levels of Chinese prefecture-level cities mainly cluster in the first and third quadrants,
i.e., high–high and low–low areas, especially with large-scale clustering at the quadrant cen-
ters, where the first quadrant is the densest and presents a positive correlation. The density
of low–low areas increases significantly from 2013 to 2021, and the Moran’s I also slightly
decreases, indicating that the spatial correlation of green credit levels among Chinese
prefecture-level cities weakened and the development gap narrowed from 2013 to 2021.
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Next, an analysis of the spatial distribution characteristics of green credit in China is
conducted by calculating the average green credit values for 27 major cities nationwide



Systems 2024, 12, 63 7 of 19

from 2013 to 2021. The results are shown in Table 2. The overall average level of green
credit in major Chinese cities from 2013 to 2021 is 0.4247. Among them, 17 cities, including
Shanghai, Beijing, Nanjing, and Nanchang, have green credit levels higher than the overall
average, with Shanghai being the highest at 0.6724. On the other hand, 10 cities, including
Urumqi, Lanzhou, and Hohhot, have green credit levels lower than the overall average,
with Kunming being the lowest at only 0.1222. This indicates that there is still a certain
development gap in green credit levels among major cities in China, but the majority
of cities have surpassed the moderate level. In particular, Shanghai, Beijing, Nanjing,
Guangzhou, and Hangzhou have significantly higher green credit levels than other cities,
all above 0.6. The overall average level of green credit in major Chinese cities from 2013 to
2021 remained at a relatively low level, especially in Urumqi, Lanzhou, Hohhot, Kunming,
Haikou, Guiyang, and Yinchuan, which are at a lower level. Therefore, the government
needs to focus on promoting green credit construction in these areas and reducing the
development gap with other developed cities. There is also a significant development gap
in green credit levels among major cities, with the overall green credit level being higher
in developed cities in the south and north than in the central and western regions. This
indicates that the level of green credit is closely related to the economic development level
of cities.

Table 2. Average value of green credit in major Chinese cities.

City Level of Green Credit City Level of Green Credit City Level of Green Credit

Shanghai 0.6724 Tianjin 0.5438 Shijiazhuang 0.3711
Urumqi 0.1826 Taiyuan 0.5897 Fuzhou 0.4592
Lanzhou 0.1869 Guangzhou 0.6242 Xi’an 0.4212
Beijing 0.6633 Chengdu 0.3761 Guiyang 0.2119

Nanjing 0.6069 Kunming 0.1222 Zhengzhou 0.4627
Nanchang 0.4475 Hangzhou 0.6518 Chongqing 0.5530

Hefei 0.6024 Wuhan city 0.4961 Yinchuan 0.2351
Hohhot 0.2907 Shenyang 0.4079 Changchun 0.4480
Harbin 0.5182 Jinan 0.5202 Changsha 0.4902

Overall average 0.4247

3.2. Spatial and Temporal Characteristics of Enterprises Green Technological Innovation

Based on the green technology innovation level of 271 prefecture-level cities from
2013 to 2021, is the results are summarized into four regions and the overall national
average level of green technology innovation is presented in Figure 3. This figure depicts
a relatively uniform development trend. The overall green technology innovation level of
Chinese enterprises increased from 3.9210 in 2013 to 5.5975 in 2021. At the same time, the
average level of green technology innovation for enterprises in each of the four regions
has also steadily increased, indicating that the transformation and upgrading of traditional
enterprises and green technology innovation have become an inevitable trend. The signifi-
cant increase in China’s enterprise green technology innovation level is inseparable from
the gradual improvement of government funding and talent support for enterprises and
environmental regulations.

The average values of enterprise green technology innovation in the four major re-
gions are still in the order of eastern, central, western, and northeastern region, with the
eastern region reaching 6.8818 in 2021 and the northeastern region averaging 4.7609 in 2021.
However, as time goes by, the curves of the average levels of green technology innovation
for enterprises in the four regions are approaching each other, and the development gap is
narrowing. The curve of the average level of green technology innovation for enterprises
in the eastern region is significantly higher than that in other regions, and there is still a
large development gap between other regions and the eastern region in terms of enterprise
green technology innovation level. Only the eastern region has surpassed the overall
national average level of enterprise green technology innovation and has continued to rise
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to a higher level year by year, while other regions are gradually approaching the overall
national average.
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is a significant increase in the density of the high–high and low–low regions, as well as an 
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Figure 3. The average value of green technology innovation in the country and the four major regions.

Through the calculation of the global Moran’s I, it is found that the Moran’s I for the
years 2013 to 2021 fluctuates within the range of 0.39 to 0.44. Additionally, the Moran’s I
for each year is greater than 0 and passes the significance test at the 1% level. This indicates
the presence of significant intra-regional positive spatial autocorrelation in the level of
corporate green technology innovation across prefecture-level cities in China.

Local Moran scatter plots were created for the years 2013 and 2021, as shown in
Figure 4. The corporate green technology innovation of China’s prefecture-level cities
mainly cluster in the first and third quadrants, representing high–high and low–low regions.
In particular, large-scale clusters appear near the quadrant centers. Overall, the third
quadrant exhibits the highest density and shows positive correlation. From 2013 to 2021,
there is a significant increase in the density of the high–high and low–low regions, as well as
an increase in the Moran Index. This indicates that the spatial correlation of corporate green
technology innovation levels among China’s prefecture-level cities gradually strengthened
during this period.
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To analyze the distribution characteristics of China’s green technology innovation
level, this paper adopts the method of calculating the average value of the green technology
innovation level in major cities nationwide from 2013 to 2021, and the results are shown in
Table 3. Among the major cities in China, 13 cities, including Shanghai, Beijing, Nanjing,
and Tianjin, have a higher level of enterprise green technology innovation than the overall
average, with Beijing having the highest level at 9.2639. However, except for Nanning,
Haikou, and Xining, 14 cities, including Urumqi, Lanzhou, Nanchang, and Hohhot, have
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a lower level of green credit compared to the overall average, with Hohhot having the
lowest average, at only 5.3197. This indicates that there is still a certain development gap
in the green technology innovation level among major cities in China, especially with
Shanghai and Beijing showing significantly higher levels of enterprise green technology
innovation at 8.6182 and 9.2639, respectively. This is closely related to the important
strategic positions, financial strength, and availability of advanced talents and resources
in these two regions. From 2013 to 2021, the overall average level of enterprise green
technology innovation in major cities in China reached a relatively high level of 7.1103.

Table 3. Average value of green technology innovation of enterprises in major cities in China.

City
Green Technology
Innovation Level

of Enterprises
City

Green Technology
Innovation Level

of Enterprises
City

Green Technology
Innovation Level

of Enterprises

Shanghai 8.6182 Tianjin 8.1758 Shijiazhuang 6.6113
Urumqi 5.8203 Taiyuan 6.3391 Fuzhou 6.7877
Lanzhou 5.9012 Guangzhou 8.2417 Xian 7.6909
Beijing, 9.2639 Chengdu 8.0239 Guiyang 6.2989
Nanjing 8.2085 Kunming 6.8204 Zhengzhou 7.3708

Nanchang 6.4066 Hangzhou 8.1936 Chongqing 7.6844
Hefei 6.3391 Wuhan 7.8133 Yinchuan 5.3235

Hohhot 5.3197 Shenyang 6.7403 Changchun 6.3944
Harbin 6.7483 Jinan 7.5067 Changsha 7.3353

Overall average 7.1103

4. Mechanism Analysis and Empirical Testing
4.1. Mechanism Analysis

Green credit is an important component of green finance, commonly referred to as
sustainable financing or environmental financing. With the continuous development of
the economy and society, traditional development methods have caused serious pollution
and damage to the environment [30,31]. Faced with important issues related to human
sustainable development such as environmental pollution, resource depletion, and ecologi-
cal imbalance, green credit will play an increasingly important role. One of the important
purposes of green credit is to improve the relationship between the financial industry
and sustainable development. Local governments hope to provide more financial sup-
port for ecological and industrial green development through green credit policies and
optimize and improve the green financial system. Specifically, as a new financing tool,
green credit can guide fund allocation through credit channels, introducing more funds
into environmental protection industries or enterprises undergoing green and low-carbon
transformation [32–34]. By increasing the loan utilization rate and lowering the loan uti-
lization threshold, green credit will help promote green technology innovation. With the
implementation of green credit policies, enterprises with strong environmental responsi-
bility awareness, high environmental performance, and environmental friendliness will
receive more loan funds, thereby creating conditions for their green development [35–37].
On the contrary, if a company has characteristics such as heavy environmental pollution,
high pollutant emissions, and outdated environmental technology, it is not easy to obtain
green credit [38–40]. Therefore, the first hypothesis is proposed here that green credit
helps to attract more funds into green environmental protection industries or projects, and
through financial support, it can help enterprises to carry out green technology innovation.

Meanwhile, we are also interested in examining the regional heterogeneity of the
impact of green credit on corporate green technology innovation. It is generally believed
that the eastern region has a high level of economic and social development, a high
degree of financial marketization, and sufficient capital in the financial industry, which can
provide more high-quality, sustainable, and stable green loans for environmental protection
industries or projects [41,42]. These convenient conditions will make the impact of green
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credit on green technology innovation more apparent in the eastern region than in the
central and western regions. However, we also consider that in the economically developed
eastern region, enterprises can obtain funds through various channels to achieve green
and low-carbon development. Green credit, as only one of the loan channels, may not
have a significant effect on green technology innovation. For the central and western
regions, due to the relatively lagging economic development, funds for green development
of enterprises are relatively scarce. Green credit, as a special fund to promote green and
low-carbon development of enterprises, may have a greater effect or role to play. Therefore,
a second hypothesis is proposed here that the effect of green credit on green technology
innovation may not be significant in economically developed regions, but may be more
pronounced in economically underdeveloped regions.

Considering the issue of capital investment, after obtaining green credit funds, enter-
prises will use them for green and low-carbon projects, facility and equipment upgrades,
technological process upgrades, efficient resource utilization, and pollutant reduction.
These areas require large-scale financial support in order to innovate green technologies.
Therefore, the third hypothesis is proposed here, which is that green credit drives innova-
tion in green enterprises by increasing their R&D investment. This can be seen in Figure 5.
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4.2. Model Testing and Selection

In addition to the testing of spatial correlation, a multicollinearity test should be
conducted. In this study, a multicollinearity test is performed, and it is found that the VIF
(variance inflation factor) values for each variable are below 10, indicating the absence of
multicollinearity issues among the variables.

To study the impact of green credit on corporate green technological innovation and
select an appropriate spatial econometric model, this paper conducts a test of the applica-
bility of spatial econometric models. As shown in Table 4, all p-values are 0, indicating that
the models pass the 1% significance test. This also suggests that the most suitable model
is the Spatial Durbin Model (SDM), which combines both spatial lag effects and spatial
error effects. Furthermore, through the Hausman test and the LR test, the p-values are
both 0, passing the 1% significance level. Therefore, this paper selects the Spatial Durbin
Model with fixed effects. In addition, the Wald test is used to examine the possibility of
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the Spatial Durbin Model degrading into a spatial lag model or a spatial error model. The
p-value remains less than 0.1, indicating that the Spatial Durbin Model does not degrade
into a spatial lag or spatial error model. Based on the above tests, this paper chooses the
SDM model with double fixed effects.

Table 4. Spatial econometric model applicability test table.

Test Methods Inspection Volume Statistics p-Value

LM test

LM-spatial lag 1069.928 0.000

Robust LM-spatial lag 630.578 0.000

LM-spatial error 442.270 0.000

Robust LM-spatial error 2.919 0.000

Likelihood-ratio test

Ind 442.15 0.000

Time 4759.24 0.000

LR-spatial lag 253.63 0.000

LR-spatial error 573.27 0.000

Wald test
Wald-spatial lag 248.75 0.000

Wald-spatial error 464.40 0.000

4.3. Benchmark Regression Results

Table 5 reflects the causal relationship between green credit and green technology
innovation. The results show that the estimated coefficient of green credit for green
technology innovation is positive; in other words, green credit helps to improve green
technology innovation [43]. Therefore, the hypothesis mentioned earlier is validated. It can
be seen that the issuance of green credit can provide more funds for green and low-carbon
projects of enterprises, can broaden their green financing channels, can help promote
the implementation process of green projects, can improve the efficiency of green project
execution, and can strengthen the effectiveness of green project implementation, ultimately
supporting the improvement of green technology innovation. We conclude that China’s
green credit policy is correct and effective. This policy helps to change the extensive
development model, reduce resource consumption and strengthen resource utilization
efficiency, which guiding China towards green development through green technology
innovation. Therefore, this conclusion can also serve as evidence of the effectiveness of
implementing green credit policies.

Table 5. Dual fixed SDM model effect decomposition results.

Variant Direct Effect Indirect Effect Aggregate Effect

Green p 0.091
(0.137)

0.612 **
(0.258)

0.702 ***
(0.256)

size 0.037 ***
(0.014)

−0.088 ***
(0.031)

−0.050
(0.036)

lev −0.133 *
(0.073)

−0.506 ***
(0.179)

−0.640 ***
(0.203)

flowr 0.009
(0.008)

−0.036 **
(0.018)

−0.027
(0.021)

caps −0.002
(0.011)

−0.013
(0.037)

−0.015
(0.040)

age −0.110
(0.042)

−0.095
(0.096)

−0.206 *
(0.110)

cfo 0.025
(0.051)

−0.000
(0.128)

0.245
(0.147)

R2 0.5400
n 2439

Note: ***, **, * indicate significant at 1%, 5%, and 10% level, respectively.



Systems 2024, 12, 63 12 of 19

4.4. Analysis of Regional Heterogeneity

Using an econometric model to examine the regional heterogeneity of the impact of
green credit on green technology innovation, the results are shown in Table 6. It is found
that there is indeed significant regional heterogeneity in the impact of green credit on green
technology innovation. In the eastern region, green credit has not significantly promoted
green technology innovation, while in the central and western regions, green credit has
a significant driving effect on green technology innovation. In the northeast region, this
significant effect does not exist. The possible reason for this phenomenon is that the eastern
region has a relatively developed economic society with a relatively advanced industrial
structure, a high added value of enterprises, and relatively less pollution, while also having
good green production capacity. Therefore, green credit has not displayed a significant
role in green technology innovation. Meanwhile, due to the relatively developed financial
industry in the eastern region, enterprises can obtain financing through various channels
to achieve green development, among which green credit is just one option. This may also
lead to a less significant effect of green credit on green technology innovation. However, the
economy in the central and western regions is relatively less developed, and the production
methods of enterprises are relatively extensive, resulting in lower environmental perfor-
mance. The financing channels for enterprises to promote green development are relatively
single, so the loan funds obtained are also relatively small. In the case, green credit can
provide important financial support for enterprises, and effectively expand their financing
channels. Thus, it plays a relatively positive role in their green technology innovation.

Table 6. Regional heterogeneity of green credit influencing corporate green technology innovation.

Dependent
Variables

Eastern Region Central Region Western Region Northeastern Region

Coefficient Robust
Std. Err. Coefficient Robust

Std. Err. Coefficient Robust
Std. Err. Coefficient Robust

Std. Err.

Green p −0.419 0.270 2.229 *** 0.322 1.235 *** 0.301 −4.392 *** 0.808
size 0.177 *** 0.034 0.126 *** 0.023 0.126 *** 0.033 −0.010 0.037
lev −0.720 *** 0.280 −0.464 ** 0.206 −0.590 ** 0.260 0.729 ** 0.336

flower 0.047 0.056 0.171 *** 0.045 0.116 *** 0.035 0.077 0.077
caps 0.024 0.050 −0.091 ** 0.039 −0.209 *** 0.055 0.186 ** 0.091
age 0.644 *** 0.048 0.503 *** 0.050 0.604 *** 0.057 0.811 *** 0.066
cfo −0.451 * 0.249 −0.136 0.191 0.565 ** 0.259 0.025 * 0.276
R2 0.7323 0.5256 0.6425 0.6116
n 2439

Note: ***, **, and * indicate significance at the 1%, 5%, and 10% level, respectively.

4.5. Robustness Tests

This study selects the economic distance weight matrix as the spatial weight matrix.
However, the inverse distance weight matrix, nearest neighbor spatial weight matrix, and
adjacency weight matrix are also commonly used [44]. To verify the robustness of the
model regression results, this study conducts robustness tests on the other three types
of spatial weight matrices. The test results in Table 7 show that the coefficient signs and
significance levels of the variables do not change significantly, which indicates that the
variation in spatial weight matrices does not affect the relationship between green credit
and green technology innovation of enterprises. Therefore, the research findings of this
study are robust.
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Table 7. Spatial weight matrix regression analysis.

Dependent
Variable

Inverse Distance Weight Matrix Nearest Neighbor Special
Weight Matrix Adjacency Weight Matrix

Direct
Effect

Indirect
Effect

Total
Effect

Direct
Effect

Indirect
Effect

Total
Effect

Direct
Effect

Indirect
Effect

Total
Effect

Green p 0.061
(0.138)

15.347 *
(8.055)

15.407 *
(8.056)

0.032
(0.137)

0.540 **
(0.213)

0.573 **
(0.222)

0.141
(0.134)

0.375
(0.238)

0.516 **
(0.246)

size 0.030 *
(0.016)

−1.900
(1.505)

−1.871
(1.512)

0.031 **
(0.144)

−0.092 ***
(0.032)

−0.061
(0.038)

0.039 ***
(0.015)

−0.014
(0.032)

0.026
(0.035)

lev −0.235 ***
(0.084)

−20.705 *
(11.329)

−20.941 *
(11.372)

−0.144
(0.072)

−0.400 **
(0.162)

−0.544 ***
(0.187)

−0.15 **
(0.073)

0.076
(0.151)

−0.074
(0.167)

flowr 0.015
(0.009)

0.729
(0.873)

0.744
(0.877)

0.011
(0.008)

−0.005
(0.019)

0.006
(0.023)

0.009
(0.008)

−0.008
(0.017)

0.001
(0.022)

caps −0.016
(0.013)

−2.137
(1.507)

−2.153
(1.513)

−0.006
(0.011)

−0.015
(0.028)

−0.021
(0.032)

−0.003 *
(0.011)

0.051
(0.032)

0.048
(0.035)

age −0.097 **
(0.044)

−2.596
(2.504)

−2.694
(2.513)

−0.096 **
(0.042)

−0.152 *
(0.078)

−0.247 ***
(0.094)

−0.111 ***
(0.043)

−0.105
(0.089)

−0.216 **
0.099

cfo 0.047
(0.055)

5.301
(4.659)

5.348
(4.683)

0.017
(0.051)

−0.048
(0.114)

−0.031
(0.137)

0.027
(0.051)

−0.034
(0.122)

−0.007
(0.138)

R2 0.1822 0.3586 0.3904
n 2439

Note: ***, **, and * indicate significance at the 1%, 5%, and 10% level, respectively.

4.6. Endogeneity Test
4.6.1. DIF-GMM Estimation

The above model test results indicate that green credit is conducive to the green tech-
nological innovation of enterprises to a certain extent. However, it is influenced by multiple
dependent variables such as firm size, liquidity ratio, and years since establishment, and
there are significant regional differences in the dependent variables across different regions.
In order to address endogeneity issues such as measurement errors in dependent variables
and reverse causality, this paper employs the instrumental variable method and DIF-GMM
to further ensure the reliability of empirical results, as shown in Table 8. AR(1) was less than
0.05, AR(2) was greater than 0.05, Sargan was greater than 0.05, and the variable coefficient
was significant. Therefore, the models constructed in this paper are well considered and
fully verified and have rationality and validity.

Table 8. DIF-GMM estimation and instrumental variable results.

Variables
DIF-GMM Phase I Phase II

Coefficient Corrected
Std. Err. Coefficient Robust

Std. Err. Coefficient Robust
Std. Err.

Instrumental
variables

(avg)
−216.368

*** 6.992

Green T
(L1) 0.850 *** 0.036

Green P −0.115 0.237 1.001 *** 0.225
size 0.012 0.020 −0.004 *** 0.001 0.102 *** 0.016
lev −0.245 0.188 −0.021 ** 0.009 −0.275 ** 0.133

flowr 0.057 *** 0.014 −0.000 0.001 0.047 ** 0.021
caps −0.070 *** 0.018 0.002 0.001 −0.078 *** 0.029
age 0.103 ** 0.042 0.007 *** 0.003 0.569 *** 0.029
cfo 0.338 *** 0.129 0.005 0.008 0.092 0.138

F-statistic 959.612 959.612
AR(1) 0.000
AR(2) 0.064
Sargan 0.418

Note: ***, ** indicate significance at the 1%, 5% level, respectively.
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4.6.2. Instrumental Variables

The instrumental variable method, as an important approach to address endogeneity
issues, has been widely used in previous relevant literature and similar studies. Thus,
the two-stage least squares estimation (2SLS) method is chosen for instrumental variable
regression. In this study, the average value of green credit in all other regions in the same
year is selected as the instrumental variable. This choice of instrumental variable satisfies
the assumptions of exclusivity and relevance. The results can be seen in Table 8. The Phase
I results show that the absolute value of the F statistic is greater than 10, indicating that
there is no weak instrumental variable problem in this study. In Phase II, enterprise green
technology innovation is used as the dependent variable to regress the fitted value of the
green credit. The coefficient is 1.001, and positive at the 1% significance level. This further
proves that green credit has a positive impact on corporate green technology innovation.

4.6.3. Adding Control Variables

In order to eliminate the adverse effects of omitted variables on the model estimation,
this paper chooses enterprises’ R&D investment as a new control variable for regression
analysis to test for model result bias [45,46]. The test results are shown in Table 9. The direct
effect, indirect effect, and total effect coefficients are all positive, and both the indirect effect
and total effect pass the significance test at the 1% level. After adding the control variable
of enterprises’ R&D investment, the coefficients of other variables align closely with the
results of benchmark regression (Table 4), and their significance levels remain relatively
unchanged. This indicates that the conclusion that green credit promotes green technology
innovation in enterprises is credible.

Table 9. Regression results after adding control variables.

Variables Direct Effect Indirect Effect Aggregate Effect

Green p 0.124
(0.137)

0.703 ***
(0.261)

0.827 ***
(0.268)

size 0.046 ***
(0.015)

−0.118 ***
(0.033)

−0.072 *
(0.038)

lev −0.144 *
(0.074)

−0.518 ***
(0.183)

−0.662 ***
(0.219)

flowr 0.009
(0.008)

−0.035 *
(0.020)

−0.026
(0.023)

caps 0.000
(0.011)

−0.011
(0.035)

−0.011
(0.039)

age −0.126 ***
(0.043)

−0.227 **
(0.103)

−0.352 ***
(0.113)

cfo 0.009
(0.051)

−0.024
(0.122)

−0.015
(0.142)

R&D −0.012
(0.011)

0.121 ***
(0.029)

0.109 ***
(0.031)

R2 0.5067
n 2439

Note: ***, **, and * indicate significance at the 1%, 5%, and 10% level, respectively.

4.6.4. Conduction Mechanism Test

The results of the mesomeric effect are presented in Table 10. In Model 1 and Model 2,
the coefficients of green credit are significantly positive at the 1% level, indicating that
green credit has a positive effect on enterprise green technological innovation. In Model 3,
enterprises’ R&D investment serves as the mediating variable, and the dependent variable,
the coefficient of green credit, is positive and significant at the 1% level, suggesting that
green credit has a significant promoting effect on enterprises’ R&D investment.
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Table 10. Mesomeric effect test results.

Dependent Variables
Independent Variables

Model 1 Model 2 Model 3
Green T Green T R&D

R&D 0.088 ***
(0.015)

Green P 1.518 ***
(0.139)

1.449 ***
(0.139)

0.788 ***
(0.185)

size 0.148 ***
(0.015)

0.082 ***
(0.019)

0.755 ***
(0.020)

lev −0.637 ***
(0.130)

−0.486 ***
(0.132)

−1.707 ***
(0.172)

flowr 0.084 ***
(0.019)

0.076 ***
(0.019)

0.085 ***
(0.026)

caps −0.114 ***
(0.025)

−0.099 ***
(0.025)

−0.165 ***
(0.033)

age 0.619 ***
(0.025)

0.584 ***
(0.026)

0.400 ***
(0.033)

cfo 0.188 *
(0.113)

0.161
(0.112)

0.309 **
(0.150)

R2 0.6926 0.6968 0.8093
n 2439

Note: ***, **, and * indicate significance at the 1%, 5%, and 10% level, respectively.

In Model 2, the coefficients for enterprises’ R&D investment and green credit are
significantly positive at the 1% level. The green credit policy enables enterprises to ob-
tain financial support, thereby promoting the development of their green technological
innovation and greatly enhancing their market competitiveness. A large and sustainable
investment in R&D is a necessary condition for the long-term enterprise green technologi-
cal innovation [47]. As analyzed above, there exists a pathway of “green credit–research
and development investment–enterprise green technological innovation”. Enterprises are
gradually realizing a virtuous cycle of financing–scientific research–innovation–refinancing.
When the dependent variable is enterprise green technological innovation, the total effect is
1.518, the direct effect is 1.449, and the mediated effect is 0.069, indicating that enterprises’
R&D investment plays a certain mediating role between green credit and enterprise green
technological innovation.

5. Conclusions and Policy Implications
5.1. Conclusions

Green credit, as a financial tool, uses the pollution level of enterprises as a threshold
for loan access, aiming to incentivize highly polluting and high-emission industries to trans-
form their economic development structure [48,49]. The purpose of this paper is to investi-
gate whether there is a bidirectional causal relationship between green credit and corporate
green technology innovation. Therefore, this paper uses a sample of 271 prefecture-level
cities in China from 2013 to 2021 to analyze the impact of green credit on enterprise green
technological innovation using a double fixed SDM model. It comprehensively applies
research methods such as spatial correlation analysis, robust testing, and endogeneity
testing to conduct in-depth research. In addition, we further explore the spatial spillover
effects of green credit on the level of corporate green technological innovation in Chinese
prefecture-level cities.

The main conclusion of this article is as follows. Firstly, the level of green credit
is highest in the eastern region, followed by the central region. The development level
of green credit in the western and northeastern regions is relatively low. Moreover, the
level of green credit in the four major regions shows a fluctuating trend over time. Green
credit exhibits spatial correlation characteristics, with the main clustering types being
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high–high clustering and low–low clustering. Across the country, there are significant
differences in the level of green credit among different cities, but most cities have already
exceeded the moderate level of green credit. Secondly, compared to the level of green
credit, the level of enterprise green technology innovation displays a clear upward trend.
Whether it is the four major regions or the national average, the level of green innovation
of enterprises is constantly improving. Similar to the spatial characteristics of green credit,
the level of enterprise green technology innovation also shows significant spatial clustering
characteristics, and the clustering characteristics continue to strengthen over time. Thirdly,
through empirical analysis, it was found that green credit has a significant enhancing effect
on enterprise green technology innovation, and this conclusion still holds after robustness
and endogeneity tests. Green credit is an important force in enhancing the level of green
technology innovation in enterprises. In addition, there is significant regional heterogeneity
in the impact of green credit on green technology innovation, with the main significant
impact concentrated in the central and western regions. At the same time, we also found
that green credit can significantly increase enterprise R&D investment and improve the
level of green technology innovation through this channel.

5.2. Policy Implications

Firstly, in the empirical analysis section, we found that green credit helps to pro-
mote green technology innovation and will play an important role in green development.
Therefore, we suggest that local governments continue to promote the implementation
of green credit policies. Local governments need to further improve their green credit
policies, strengthen enterprise information disclosure, reduce information search costs
for commercial banks, and improve the efficiency of green credit implementation. At the
same time, we also suggest optimizing and improving the supporting system of green
credit, including green credit product design, operation and promotion, effect evaluation,
execution standards, green reviews, and many other aspects [50–52].

Meanwhile, we also found that due to China’s vast territory and significant disparities
in economic and social development among different regions, the impact of green credit on
green technology innovation exhibits significant regional heterogeneity [53,54]. Therefore,
it is necessary to promote the implementation of green credit policies based on the actual
economic and financial development situation of each region. For the eastern region, we
believe that we should further strengthen the precise allocation of green credit to green, low-
carbon, environmentally friendly projects and enterprises, and enhance the positive role of
green technology innovation. In the process of actively promoting economic development,
the central and western regions guide enterprises to actively participate in green innovation
activities by utilizing green credit funds. Moreover, the central and western regions should
strengthen cooperation and exchange in green technology innovation with the eastern
region in order to better enhance the overall level of green innovation.

Finally, we also found that green credit can enhance the level of green technology
innovation by increasing research and development investment. Research and development
investment is an effective mediator variable. Therefore, we suggest that enterprises continue
to increase their R&D investment and continuously improve their level of green innovation
after obtaining loan funds. This is the core driving force for achieving green development.
In addition, enterprises should also broaden their channels of capital utilization, attract
high-tech talents, expand brand influence, and strengthen industry cooperation to better
promote green technology innovation.

6. Discussion

Through this research, we believe that the relationship between green credit and green
development can be analyzed at different research scales, such as enterprises, industries,
cities, and regions, which may provide more beneficial findings for the development of
green innovation. Meanwhile, it is necessary to combine data analysis with qualitative
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research methods in subsequent research, and systematically study the relationship between
green credit and green technology innovation through case analysis.

The limitation of this paper is that there is little consideration of policy factors, and
only the impact of green credit on corporate green technology innovation is considered,
while other policy factors such as green bonds are not considered. In addition, this paper
ignores policy gaps between regions, and some regions may have unique policy factors.
Therefore, our future research direction will focus on further exploring other policy factors
that affect corporate green technology innovation while considering the policy differences
between different regions. Considering the effect of the economic situation, financial
market, enterprise size and characteristics of each country on the impact of green credit on
enterprises’ green technology innovation, an in-depth understanding of the situation of
other countries and targeted analysis is necessary. At the international level, the research
results are of great significance for countries seeking to learn from China’s experience and
promote their implementation of green credit policies. Countries can make contributions to
the development of the global green economy by adjusting the green credit policy system,
promoting green technology innovation, strengthening international cooperation, and
jointly discussing and formulating international standards.
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