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Abstract: This paper constructs a comprehensive index system, measures China’s provincial
G-FINANCING INDEX using the VIKOR algorithm, explores the spatial and temporal
distribution pattern of green financial development, hotspot regional migration and discrete
trends by establishing a Markov spatial transfer matrix, and predicts the future pattern of
green financial development in China’s three major economic belts based on the
machine-learning algorithm ADABOOST, which finds that: (1) the central region maintains
a strong development momentum. The development of green finance in the region shows a
scale effect, and there is a positive transmission trend of development momentum between
cities. The right side of the nuclear density curve in the western region has a clear trailing
trend, and the overall degree of improvement is high. The phenomenon of
multi-polarisation exists among city clusters. The city clusters in the eastern region as a
whole show extremely high development momentum. (2) Geographic background plays an
important role in the process of transferring G-FINANCING INDEX in Chinese cities, and
the level of regional G-FINANCING INDEX is the result of the joint action of desired
outputs and non-desired outputs, which is dominated by the economic activities in the
region, and is specifically expressed in the spatial spillover effect of regional
G-FINANCING INDEX is the spatial spillover effect of regional economic activities. (3)
The evolution of the G-FINANCING INDEX in the study region has obvious spatial
spillover effects, and is synergistic with the type of regional G-FINANCING INDEX,
showing the phenomenon of “club convergence”.

Keywords: green finance, spatio-temporal pattern change, spatial correlation network,
spatial Markov matrix

1. Introduction

The development of green finance in China has displayed a consistent upward trajectory.
Nevertheless, this advancement faces obstacles attributable to factors such as inadequate institutional
mechanisms and disparities in financial resource allocations. Consequently, the variances in
economic development among different regions have led to an imbalance in the coordinated progress
of green finance [1-2]. Research has indicated that the implementation of relevant policies has
contributed to a regional inclination toward balanced development in China’s green finance
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landscape [3]. During the 75th United Nations General Assembly in 2020, President Xi Jinping made
a global commitment, stating that China would strive to achieve a peak in carbon dioxide emissions
by 2030 and endeavor to attain carbon neutrality by 2060. Green finance serves as a framework
grounded in the principles of promoting green transformation and low carbon finance. It facilitates
the flow of financial resources toward projects related to green and low-carbon initiatives within
cities. Green finance primarily targets economic activities that encompass environmental
improvement, climate change response, and efficient resource utilization in urban areas. This
approach encourages enterprises to engage in energy-saving, environmentally friendly, and green and
low-carbon practices, ultimately enhancing the quality of urban development. This is achieved
through the establishment of industrial green credit channels and the alleviation of financing
constraints associated with green transformation [4].

When studying the impact of green finance on urban high-quality development, scholars
predominantly adopt an economic perspective to explore the relationship [5-9]. However, there is a
lack of consistent research focus on the G-FINANCING INDEX, which is a comprehensive indicator
constructed from multiple dimensions such as green carbon finance, green investment, and green
bonds. Currently, research efforts are increasingly directed towards understanding this index and its
implications [10-13]. The factors influencing green finance can be categorized into endogenous and
exogenous factors. Research on exogenous factors primarily focuses on the regional and urban
perspectives, analyzing the heterogeneous impact of green finance on the high-quality development
of cities. The aim is to provide empirical references for the integration of green finance with the real
economy and facilitate the high-quality development of cities [14]. The current mainstream research
method combines the dynamic spatial Durbin model with spatial correlation analysis tools. This
approach effectively constructs a spatial matrix and tests the spatial correlation and spillover effects
of green finance [15]. When it comes to endogenous factors, green finance possesses financial
characteristics that attract a significant number of low-carbon industries. By relaxing the financing
requirements for green and low-carbon industries, green finance strengthens the connection between
financial institutions and industries within cities. This, in turn, reduces transaction costs for industries
and plays a pivotal role in driving the collaborative development of upstream and downstream
industries within a city [16]. However, existing studies mainly describe relationships within global or
local regions, leaving ample room for research on the interplay between the development of green
finance in different regions or provinces [17].

In light of these considerations, this research adopts a comprehensive approach. It constructs a
holistic index system by integrating various economic elements, including carbon finance, green
investment, green insurance, and green bonds. The VIKOR algorithm is employed to conduct a
comprehensive assessment of the G-FINANCING index at the provincial level in China. This
evaluation serves as the basis for organizing the spatial and temporal distribution patterns of green
financial development. Moreover, by establishing a Markov spatial transfer matrix, the study
analyzes the migration and discrete trends of hotspot areas. Additionally, the future development
patterns of green finance in China’s three major economic belts are predicted using the machine
learning algorithm ADABOOST. This approach serves as an effective strategy for bridging the
regional gap in the level of green finance. It facilitates the spatially coordinated development of the
green finance sector, offering a robust theoretical foundation for further narrowing the regional
disparity in green finance.
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2.  Modelling
2.1. The VIKOR Method

The VIKOR method, an applicable technique used in Multiple Criteria Decision Making (MCDM),
has been developed specifically to address discrete decision-making problems. It effectively handles
criteria that are non-commensurable or have different units, making it suitable for situations where
comparisons are challenging. Its primary objective is to rank and select alternatives by providing a
compromise solution that accommodates conflicting criteria faced by decision makers. To achieve
this, a multi-criteria measure for compromise ranking is derived from the LP-metric. This measure
serves as an aggregating function within a compromise programming method. Thus, the VIKOR
method serves as a valuable tool to aid decision makers in selecting the optimal solution, as it
effectively considers and reconciles conflicts inherent in decision-making scenarios.

To perform the compromise ranking of alternatives based on their evaluations according to each
criterion, we utilize the measure of closeness to the ideal alternative. The set of alternatives is denoted
as Al, A2, ..., Am, where each alternative Ai is assigned a rating for the jth aspect represented by f;;
indicating the value of the jth criterion function for alternative Ai. The total number of criteria is
denoted as n. The development of the VIKOR method starts with formulating the LP-metric in the

following manner:
n 14
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To formulate the ranking measure in the VIKOR method, two key indicators, min Si and min Ri,
are utilized. The solution attained by minimizing Si represents the maximum group utility, following
the principle of “majority” rule. On the other hand, minimizing Ri in the VIKOR method yields a
solution that corresponds to the minimum individual regret of the “opponent”. The compromise
ranking algorithm in the VIKOR method entails the following steps:

(a) The first step in the VIKOR method is to identify the best f;* and the worst f;~ values for each

criterion function j = 1,2, ...,n. If the jth function denotes a benefit, then it follows that:

fj* :magﬂj,fj_ :mipﬁj (2)
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(b) Compute the values S;and R;;i1=1, 2, ..., m, by these relations:
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This is determined by assigning weights w; to the criteria, which reflect their respective levels of
importance within the analysis.
(c) The values Q;; i = 1, 2, ..., m, can be calculated using the following equation:
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Let us introduce the weight, denoted as v, for the strategy of “the majority of criteria” or “the
maximum group utility”. In this case, let’s assume that v = 0.5

(d) Sort the alternatives in descending order based on the values of S, R, and Q. This will generate
three separate ranking lists.

(e) If the following two conditions are met, the alternative A’ will be proposed as the compromise
solution, as it ranks highest according to the Q (Minimum) measure:

1. Acceptable advantage: Q(A") — Q(A") > DQ

The alternative A" refers to the option ranked second in the Q-based ranking list. If this
alternative meets the following two conditions: DQ = 1/(m — 1); m represents the total number of
alternatives available for evaluation.

2. Acceptable stability in decision making:

For alternative A’, it is crucial that it holds the highest ranking in terms of S or/and R. This
compromise solution ensures stability in the decision-making process, which can be achieved either
through “voting by majority rule” (when v > 0.5 is needed) or by striving for a consensus among the
decision-makers.v = 0.5, or “with veto” (v < 0.5). In this context, the weight v corresponds to the
decision-making strategy of “the majority of criteria” or “the maximum group utility”. If either of the
conditions mentioned earlier is not met, a set of compromise solutions will be suggested.

The alternative that achieves the lowest value of Q is considered the best alternative in terms of the
Q ranking. The primary outcome of the ranking process is the compromise ranking list of alternatives,
which identifies the compromise solution along with its corresponding “advantage rate”.

2.2. Markov Chain

For a discrete time Markov chain, the probabilities of transitions satisfy a fundamental relation called
Chapman-Kolmogorov equation.

P.;(0,t+5) = IP’(X(t+s) =1 = i)

Xx(0)
_ zf[P’(X(t +5)=j,X(0) =15 = 1)
=ZfIP>(X(t+s)=j,X(t)=%m=i)IP(X(t)=%m=i) (5)
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In the context of a Markov chain, a probability law 7 on the state space is referred to as stationary
if it remains unchanged when the chain transitions from one state to another.

Let’s denote n(t) as a probability vector associated with the set of states E in the given Markov
chain. This vector is defined by the equation:
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mm;(t) = P(X(t) = i) (6)
m(t) = (1, (8), T2 (0), ... Ty (1)) (7)

The sum of probabilities in this vector can be expressed as: }m(t) = lis equal to 1. The
probability vector is referred to as the “stable law” of the Markov chain if it satisfies the condition:
n(t) = n(t)P.

2.3. Kernel Density Estimation

Kernel density estimation is a method used to estimate the probability density of a random variable. It
achieves this by utilizing a smooth and continuous density curve. One of the strengths of this
approach is its robustness, as it is not overly reliant on specific model assumptions or parameter
settings. Consequently, the estimation results tend to be reliable and less affected by those factors. In
this research, the G-FINANCING INDEX is represented by several characteristics derived from the
kernel density curve. These characteristics include the vertical position of the distribution, the height
and width of the peaks, the number of peaks, and the distribution extensibility. Additionally, these
characteristics also reflect the clustering patterns, polarization trends, and degree of variation among
provinces. f(a) is the probability density of the density function of the random variable A at the
point a, n is the number of provinces, h is the bandwidth, and K(-) is the Gaussian kernel function.

f@ =/ y " K ®
K@ = () ew (-5) ©)

2.4. AdaBoost

AdaBoost, also known as “Adaptive Boosting,” is a machine learning technique that exhibits
sensitivity to noisy and abnormal data. Nevertheless, compared to various other learning algorithms,
the AdaBoost method demonstrates relatively lower susceptibility to overfitting in specific problem
domains.

Denote by xi, and yi the sample points of the original sample set D and their class labels. Denote
by WK(i) the weight distribution of all samples at the kth iteration.

(1) During the initialization stage, the training set serves as the input, encompassing the necessary
parameters. D = {x1,y1,...,xn,yn}, The initialization process involves assigning the maximum
number of cycles kmax and the sampling weights Wk(i) = 1/n based on the training set. The
iteration counter k is set to 0 initially and subsequently incremented by 1 in each iteration.

(2) The weak learner Ck is trained by utilizing the sampling weights Wk(i) during the training
process.

(3) The training results of the weak learner Ck are evaluated, and subsequently, they are recorded
into the error matrix Ej,.

1-Ey,

1
ay <_ElnE_k (10)

Wk(i) % {e_“k, lf hk(xi) = Yi:
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Stop training when k = kmax
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Return results Ck and ay, k = 1,..., kmax (overall with weights)
3.  Temporal Evolutionary Characteristics of Green Finance Development

During China’s seventh five-year plan period, some cities were divided into three economic zones:
eastern, central and western. This article uses selected cities as the research subjects. Overall, China’s
G-FINANCING INDEX shows fluctuating growth during the sample period. World Bank World
Development Indicators 2010 pointed out that the energy consumption of China’s industrial sector is
responsible for approximately 70 percent of the total energy consumption. Moreover, the resulting
carbon emissions from this sector account for around 85 percent of the total emissions. These figures
indicate that there is significant potential for the advancement of green finance in China. In 2016,
China, as the rotating president of the G20 Summit, incorporated green finance into the core issues of
the meeting and set up the G20 Green Finance Study Group [4]. Seven Ministries and Commissions
jointly issued “Guiding Opinions on Building a Green Financial System”, which clarified the
development direction and target tasks of green finance, under the guidance of the opinions, various
regions and industries actively build a green financial system, and explore the effective green
financial development model, but the early stage of the release has not yet formed a unified and
standardised paradigm for the development of green finance, and in the process, due to the inevitable
all-financial resource mismatches and efficiency losses In 2018, the Green Finance Standard
Working Group was established, which promoted the rapid improvement of the green finance level
by constructing a perfect cross-field, market-oriented green finance standard system embedded in the
whole business process of financial institutions. From 2018 to 2021, the China Green Bond Support
Project Catalogue (2021 Edition), Environmental Information Disclosure Guidelines for Financial
Institutions and Environmental Equity Financing Instruments were formally released; providing a
strong impetus to the construction and sustainable development of the domestic green financial
market environment.

For the different sub-regions, the G-FINANCING INDEX in the three major economic belts
exhibits a fluctuating upward trend. Notably, the level of green finance in the eastern region
consistently surpasses the national average. The eastern region boasts a robust economic foundation
and a stable financial system. In comparison to the central, western, and northeastern regions, its
favorable conditions for the advancement of green finance are evident. Furthermore, the eastern
region places a higher importance on environmental protection policies and has implemented them
more vigorously. The concept of green development has been widely adopted and disseminated in
this region. The ongoing green transformation of polluting industries has generated a substantial
demand for green funds, consequently fostering the growth of green finance within the eastern region.
Additionally, the level of green finance in the central region has exhibited a consistent upward trend,
surpassing the national average in 2016. It is found that during the period of 2014-2016, the scale of
credit for high energy-consuming enterprises in the central region was significantly reduced and
accompanied by a significant increase in GREEN INVESTMENT, which may be one of the reasons
for the climb in the level of CARBON FINANCE in the central region. The gap between the
G-FINANCING INDEX in the western and northeastern regions is relatively small, showing a
staggered upward trend, and both are lower than the national average level. Western and northeastern
industrial volume is too large and the industrial structure is relatively single, the resource-dependent
development mode to a certain extent caused by the mismatch of financial resources. Moreover, the
development of green finance is hindered by factors such as the inactivity of the financial market and
the absence of incentives for the implementation of green finance policies.
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Figure 1: Dynamic Kernel Density Graph of Green Finance.

Throughout the study period, the central economic belt consistently exhibited strong development
momentum. At the outset of the research, the kernel density curve in the central region displayed a
noticeable trend of rightward concentration. In comparison to other regions, it demonstrated both
favorable and unfavorable performance.After 2020, the distribution of the kernel density curve
expanded to some extent, indicating that the initial development of green finance in the region
exhibited a certain scale effect. Although the development trend decelerated comparatively, there was
a positive transfer of development momentum among cities. In the western economic zone, the right
side of the kernel density curve corresponds to the higher end of the density distribution. The right
side of the curve of nuclear density in the western economic belt has a clear trailing trend, and the
overall degree of enhancement is high. At the end of the last century, the overall development of the
western region is limited, the kernel density curve aggregation degree is high and the bandwidth is
limited, which can be seen in the western city G-FINANCING INDEX development situation is low,
and the overall aggregation of G-FINANCING INDEX of the city group is about 4.5 points. After
2000, the city group in the region gets rid of the decadence, and the overall performance of the
multi-peak form, which indicates that there is a phenomenon of multi-polar polarisation among the
city group, and some of the cities begin to move towards the high level of development of the city
excessively, and green finance develops vigorously within the city clusters.

Unlike other regions, the kernel density map of the eastern economic belt shows the morphological
characteristics from sharp to flat, and the flat and wide kernel density curve reflects the development
characteristics of the provinces in the region with a large degree of difference. With the continuous
development of green finance in the region, the degree of freedom of financial policies and measures
in each city has been increasing, the kernel density curve has changed from a single sharp peak to
multiple fronts, and the driving force of green finance has gradually slowed down after reaching a
peak in 2015, with the city cluster as a whole showing very high development momentum.
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4.  Spatial Evolution Characteristics of Green Finance

To comprehensively analyze the spatiotemporal evolution patterns of the G-FINANCING INDEX in
Chinese cities, we construct both a traditional Markov transfer probability matrix and a spatial-based
Markov transfer probability matrix. The G-FINANCING INDEX is classified into four states:
low-low, low-high, high-low, and high-high, labeled as k = 1, 2, 3, and 4, respectively. A transfer
from low values to high values is considered an upward transfer, while a transfer from high values to
low values is considered a downward transfer. This framework allows us to capture the movement
and transitions between different value levels of the G-FINANCING INDEX over time and space.

Presented in the subsequent table is the traditional Markov transfer probability matrix for urban
G-FINANCING INDEX types across mainland China spanning from 1990 to 2021. Based on the
calculation results, the following observations can be made:(i) The probability values associated with
the diagonal line consistently surpass those linked to the non-diagonal line. This implies that the
transfer of urban G-FINANCING INDEX types in China demonstrates stability, with a higher chance
of maintaining the original state. (i1))A phenomenon known as “club convergence” is observed within
the G-FINANCING INDEX of Chinese cities. Low and high G-FINANCING INDEX types have the
highest probabilities of sustaining their corresponding state in the subsequent stage, standing at 53.03%
and 58.54%, respectively. (iii)Transitions between different G-FINANCING INDEX types in
consecutive years occur relatively smoothly, and no “leapfrog” development is evident.

Table 1: Spatial Markov Matrix.

T+1 1 2 3 4
1 0.5303 0.4697 0.0000 0.0000
2 0.0000 0.9140 0.0860 0.0000
3 0.0000 0.0142 0.8844 0.1014
4 0.0000 0.0000 0.4146 0.5854

To incorporate spatial considerations into the traditional Markov chain transfer probability matrix,
we construct the spatial Markov transfer probability matrix. This matrix allows us to investigate how
neighborhood characteristics influence the transfer of the urban G-FINANCING INDEX. Through
comparing and analyzing the transfer probabilities of the urban G-FINANCING INDEX in various
neighborhood backgrounds, we can explore the impact of the neighboring environment. Presented
below is the spatial Markov transfer probability matrix for the different types of G-FINANCING
INDEX in Chinese cities from 1990 to 2021. Based on the calculated results, the following
deductions can be made: (i)Geographic background plays a vital role in the transfer process of
G-FINANCING INDEX in Chinese cities. The transfer probability of the G-FINANCING INDEX
varies significantly under different geographical backgrounds when compared to the traditional
Markov transfer probability matrix. (ii)The G-FINANCING INDEX of cities exhibits synergy with
the regional G-FINANCING INDEX type. When the neighborhood type is 1, the number of cities
with a low G-FINANCING INDEX during time period t is notably higher than cities of other types.
Similarly, when the neighborhood type is 4, the number of cities with a high G-FINANCING INDEX
during time period t is significantly greater compared to cities of other types. (iii)Cities have
convergence with the economic environment where they are located, and the probability of the type
of G-FINANCING INDEX of the city shifting downward increases when the city is in the region with
low G-FINANCING INDEX, and the probability of the type of G-FINANCING INDEX of the city
shifting upward will increase when the city is in the region with high G-FINANCING INDEX. The
spatial Markov transfer probability matrix provides an explanation for the phenomenon of “club
convergence” in the spatial dimension.
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Table 2: Spatial Lagged Markov Matrix.

Neighborhood Type T+1 1 2 3 4
1 0.5738 0.4262 0.0000 0.0000
1 2 0.0000 1.0000 0.0000 0.0000
3 0.0000 0.0000 0.0000 0.0000
4 0.0000 0.0000 0.0000 0.0000
1 0.0000 1.0000 0.0000 0.0000
) 2 0.0000 0.9333 0.0667 0.0000
3 0.0000 0.5556 0.4444 0.0000
4 0.0000 0.0000 0.0000 0.0000
1 0.0000 0.0000 0.0000 0.0000
3 2 0.0000 0.0000 1.0000 0.0000
3 0.0000 0.0025 0.9173 0.0802
4 0.0000 0.0000 0.6190 0.3810
1 0.0000 0.0000 0.0000 0.0000
4 2 0.0000 0.0000 0.0000 0.0000
3 0.0000 0.0000 0.3125 0.6875
4 0.0000 0.0000 0.2000 0.8000
5. Forecasts of the Volume of Green Finance

5.1. Forecast of Time Evolution of Green Finance Development

According to the theory of economic growth, the economic activity of a region is the result of a
combination of factors such as capital, market, technology and policy. During the study period,
economic activity indicators such as CARBON FINANCE, GREEN CREDIT, GREEN
SECURITIES, GREEN INSURANCE and GREEN INVESTMENT interacted with each other to
form a regional economic development pattern in a geographical context. It is expected that in the
future, under the conditions of marketisation and open economy, the free flow of all financial factors
under the unified market will allow cities within the economic belt to learn from the advanced
technologies of other regions, especially neighbouring regions, and the diminishing marginal utility
of policy innovation will prompt intergovernmental learning and imitation of relatively
well-developed financial indicators such as GREEN SECURITIES and GREEN INSURANCE.

During the next five years, it is expected that the share of GREEN SECURITIES and GREEN
INSURANCE in the industry will reach 0.16 and 0.10, respectively, and the share of the two will rise
by 45.12 per cent and 45.82 per cent, respectively, during the twenty-year period. In addition, it is
important to consider the spatial spillover effect of economic activities. As the region’s economic
development model evolves in synergy with advancements in information technology and continuous
improvements in regional infrastructure, the cost of inter-regional flow of financial factors is
expected to decrease. This, in turn, will facilitate the free flow of inter-regional financial factors,
thereby amplifying the spatial spillover effect of economic activities. During the next five years, the
share of Carbon Finance and GREEN INVESTMENT in the industry will reach 0.05 and 0.02
respectively, and the share of the two will rise by 45.12% and 45.82% respectively during the twenty
years.
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Figure 2: Green Finance Index Prediction Based on Adaboost Method.

5.2. Prediction of the Spatial Evolution of Green Financial Development

The limiting distribution of Markov transfer probability is the distribution under the various types of
transfers reaching an equilibrium state, and calculating the limiting distributions of Markov and
spatial Markov can effectively predict the long-term evolution and development trend of China’s
G-FINANCING INDEX. When k—oo, the limiting distribution of the state types of the G-FINCING
INDEX of Chinese cities after k transfers is obtained, and the limiting distribution of the state types of
the G-FINCING INDEX of cities in the context of each type of neighbourhood can be analysed after
adding the spatial lag condition.

Without considering the spatial lag, by comparing the traditional Markov transfer probability
matrix to solve the limiting distribution and with the initial state, it is found that the number of cities
in state 1 decreases, while the number of cities in state 4 significantly improves, which can be seen
that in the long run, the type of G-FINANCING INDEX of China’s cities will be gradually
transferred from the lower state to the higher state with the passage of time, and shows the evolution
trend of increasing from the lower to the higher state in order. G-FINANCING INDEX gradually
increases. Under the condition of considering the spatial lag, the evolution trend of G-FINANCING
INDEX of Chinese cities changes obviously. In the long term, neighbouring a region with a low
G-FINCING INDEX, there will be a situation where the number of cities in the four status types of 1,
2, 3 and 4 will be equal. In the context of this high G-FINANCING INDEX neighbourhood, the
“Matthew effect” of the G-FINANCING INDEX phenomenon will gradually disappear and converge
towards the high-performance zone.
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Table 3: Spatial Markov Prediction.

STATUS TYPE 1 2 3 4

Primordial State | ]0.1326/0.3495|0.3463|0.1717

No Consideration of Spatial Lag Conditions | FINAL STATE 0.0189]0.445010.3481|0.1880

Final State 0.0205]0.4795[0.0000|0.0000

0.0000]0.4685|0.2815]0.0000

Consideration Of Spatial Lag Conditions

1
2
310.0000]0.0000|0.5757/0.1743
410.0000]0.00000.8333]0.4167

6. Conclusion

(1) The central region has consistently sustained robust development momentum. The initial
development of green finance in this region has exhibited a notable scale effect. Though the pace of
development has relatively slowed, there is a discernible positive trend of development momentum
transmission among cities. In the western region, the tail end of the nuclear density curve clearly lags
behind, indicating significant overall improvement. There is evidence of multi-polarization among
city clusters, with certain cities progressively advancing towards higher levels of development. In the
eastern region, the kernel density graph demonstrates a morphological transition from sharp to flat,
accompanied by urban agglomerations displaying exceedingly high development momentum as a
whole.

(2) Geographic background plays an important role in the process of transferring G-FINANCING
INDEX in Chinese cities. Based on the input-output perspective, it can be seen that the level of
regional G-FINANCING INDEX is the result of the joint action of desired outputs and non-desired
outputs, which is dominated by the economic activities of the region, and is specifically expressed in
the spatial spillover effect of regional G-FINANCING INDEX is the spatial spillover effect of
regional economic activities.

(3) The evolution of G-FINANCING INDEX in Chinese cities has obvious spatial spillover
effects. Mainly manifested in the city’s G-FINCING INDEX and regional G-FINCING INDEX type
has synergistic, intra-regional financial resources use efficiency has a strong spatial correlation; at the
same time, China’s city G-FINCING INDEX type transfer by the neighbourhood type of spillover
effect, easy to form a certain geographic space within a certain scope of the “club convergence”
phenomenon. phenomenon.

(4) The spatial spillover effect of regional economic activities will change the economic output
efficiency of the region by influencing the industrial structure, technology level and other indicators
of economic activities, making the expected output of regional economic activities in the evolution of
spatial spillover effect; the future spatial spillover of economic activities between regions will be
affected by the interaction of multiple elements, through changing the expected output and
non-expected output of economic activities to affect the regional green financial index.
G-FINANCING INDEX. The type of G-FINANCING INDEX of Chinese cities will gradually shift
from a low state to a high state over time, showing an increasing trend from low to high, and the
G-FINANCING INDEX will gradually increase.
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