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Abstract: Digital finance (DF) is the engine driving financial inclusion worldwide, but the current
uneven development of DF across regions would hinder this process. Based on cross-sectional data
from 288 prefecture-level cities for the representative years 2011, 2014, 2017, and 2020, this paper
uses geographic detector methods, social network analysis, and geographical and temporal weighted
regression (GTWR) to explore the key drivers of urban DF, revealing and forecasting the DF network
structural evolution and its driving mechanism. The results show that (1) economic level, traditional
financial level, internet popularity, innovation level, and government intervention are the key drivers
of DF development. (2) During the decade, the proportion of high-intensity urban interconnections
increased from 3.3% to 12.3%. Most cities are at a low level of intensity, showing a polarization trend.
(3) The cities with high betweenness centrality are concentrated in the megacities and the number is
stable at 5. The structure of network communities is relatively stable, with the number reduced to
10. Cities with the greatest possibility of connection are located in the Pearl River Delta (PRD) and
the Yangtze River Delta (YRD), accounting for 60% of the total. (4) The drivers of DF development
present significant spatial heterogeneity over time. The traditional financial level shows a positive
and continuous promoting effect, while government intervention plays a negative role.

Keywords: digital finance; geographic detector; network analysis; forecasting; GTWR

1. Introduction

Since 2010, the G20 has been committed to improving financial inclusion in developing
countries and emerging economies to reduce poverty [1]. They advocate for expanding the
coverage and penetration of financial services such as payments, transfers, savings, credit,
securities, and insurance through digital technologies, and these scenarios are collectively
referred to as digital finance. DF could make up for the shortcomings of traditional banking
systems and provide access to financial products and services to a wider range of people.
The Global Findex Database 2021, published by the World Bank, suggests that 24% of adults
worldwide are still excluded from the traditional financial system, showing that the popu-
larization and development of digital finance still need to be improved. Taking China as an
example, the country’s digital financial undertakings have passed the era of savage growth
and entered a new stage of expansion in both breadth and depth. Vast territory and differ-
entiation in regional resource endowments have led to uneven levels of DF development in
China. Figuring out the driving forces of this development gap and analyzing the spatial
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interconnection between cities can help to achieve financially inclusive growth and provide
lessons learnt for developing countries.

DF originated in the study of inclusive finance, which refers to providing financial
services to all social classes and groups with financial needs in an affordable way [2]. With the
boom of digital information technology, financial inclusion has ushered in a revolutionary
opportunity. The concept of DF inclusion, which refers to all actions to promote financial
inclusion through the use of DF services, was first introduced at the G20 Summit in 2016
and has attracted extensive attention in academic circles [3]. Scholars would naturally focus
on the inclusive growth of DF due to its stronger accessibility compared to the traditional
banking system, and they have been relatively consistent in finding positive effects. Some
point out that DF complements traditional finance, leading to greater financial inclusion [4,5].
For instance, as a typical product of digital financial innovation, P2P lending improves the
availability of credit [6,7]. With the deepening of related research, extensive studies have been
conducted on the boosting effects of DF. Due to its low cost and wide coverage, DF plays a
positive role in several aspects of social production and life, such as manufacturing upgrading,
financial efficiency, carbon emission reduction, green innovation, entrepreneurial probability,
and household consumption [8–13]. In addition, the spatial effects of DF draw scholars’
concern. For instance, DF can efficiently push the upgrading of local industrial structures,
but the surrounding areas would suffer as a result [14]. In terms of green development, the
boosting effect of DF is characterized by temporary and spatial spillover [15]. When it comes
to the high quality of economic growth among cities, the contribution of DF demonstrates a
downward trend across the years [16]. In addition, DF’s impact on rural areas is greatest in the
middle and eastern seaboard cities, decreasing to the northeast and southwest [17]. However,
what scholars have missed is that DF has its own laws of development, and the forces and
mechanisms that drive the industry remain to be explored.

Although DF breaks the geographical and spatial restrictions and provides the possibility
of inter-regional flow of resources [18], the characteristics of centralization and agglomeration
have indeed not changed [19]. The imbalance of DF development is also becoming more
pronounced. In China, the eastern provinces have all reached medium and above levels, with
strong agglomeration effects and no obvious hierarchical differences, while the central region
has the most unbalanced development [20,21]. However, an unbalanced network has an
amplification mechanism and is more vulnerable to external shocks [22]. Financial crises have
taught us that we live in an interconnected world, and no financial system is exempted [23].
Since classical economic theories are unable to explain and even predict the collapse of the
financial system, scholars have gradually begun to utilize the idea of complexity to explain
financial issues. Concepts such as networks, centrality, contagion, and resilience are attracting
increasing attention [24]. Transforming the financial system into a network is essential for
investigating the relationship among the members [25]. Nowadays, financial networks are
becoming increasingly complex; during the period of COVID-19, financial markets tend to
be more connected [26]. In addition, emerging markets are becoming key nodes in the G20
financial network [27]. Characteristic analysis is the focus of network research. In identifying
and predicting contagion within financial networks, the approach of studying interconnection
and centrality is pretty effective [28]. Markose et al. [29] reconstructed the CDS network and
found that financial risk is highly concentrated in firms that take the lead in terms of network
centrality and connectivity. Chinazzi et al. [30] find that being central in the financial network
makes those emerging economies more vulnerable in a crisis. The central position could also
lead to positive feedback, such as higher urban economic growth [31]. The gravity model
has long been widely used in network research [32]. The gravitation of the urban system
determines the extension direction of the urban network [33]. By establishing a modified
gravity model, Chen et al. [34] found that there are no bidirectional spillovers in digital
financial networks and the connections between various parts are loose. In the coupling
coordination network of DF and technological innovation, the inflow segment is mainly
located in the less developed regions in the southwest, while the outflow segment and the
bidirectional spillover segment are located in the eastern developed regions [35]. In addition,
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Zhao et al. [20] point out that cities that are lagging behind in development are more likely
to fall into an attraction–attraction relationship. The general conclusion of the gravity model
is that geography matters. When it comes to DF interconnections between cities, it seems
that geographic location should be less of an issue as digital technologies have broken down
spatial constraints. But is this really the case? This paper argues that it remains uncertain.

The existing studies mainly focused on the DF’s developmental effects, and little
attention has been paid to its driving forces and mechanism. In addition, there is a lack
of discussion on the spatiotemporal evolution of urban DF, particularly those that focus
on interconnections between cities. In response to the above two limitations, this paper
utilizes geographic detectors to explore the key drivers that affect DF development instead
of subjective decisions and establishes a comprehensive index of DF development. After
that, the gravity model was applied to construct an urban DF network, and its evolutionary
characteristics were portrayed and predicted. Finally, the GTWR method was used to
analyze changes in the influence of key drivers across both temporal and geographic
dimensions. Our work contributes to helping bridge the DF development gap between
cities as well as achieving financial inclusion.

This study is organized as follows. Section 1 includes the background and literature
review. Section 2 briefly describes the data and methods. Section 3 presents empirical
results and analysis. Section 4 reveals the discussions and limitations. Finally, Section 5
provides conclusions and implications.

2. Data and Methods
2.1. Data Source and Index System
2.1.1. Data Source

On the one hand, this study takes into account the rapid development of DF in the
last 10 years. On the other hand, due to the large lack of data before 2011, time sections
of 2011, 2014, 2017, and 2020 are selected as representative years. In view of the changes
in regional administrative divisions and data availability, 288 prefecture-level cities and
above were selected as research units. The data in our work are mainly included in the
2011–2020 China City Statistical Yearbook and the bulletin of each regional government,
and the data on the level of DF inclusion are from the China Digital Financial Inclusion
Index measured by the Peking University in cooperation with Ant Financial Services (https:
//tech.antfin.com/research/data, accessed on 8 August 2022). The individual missing
values were filled in by linear interpolation.

2.1.2. Index System

Considering the availability of data and drawing on relevant studies, this paper
considers that the main dimensions affecting the comprehensive level of urban DF are
inclusive level, economic quality, city scale, and development potential (Table 1). Among
them, the inclusive level is represented by the Digital Financial Inclusion Index.

Table 1. Possible driving factors of DF.

First-Level Index Second-Level Index Calculation Method Reference

Inclusive level Digital financial inclusion China’s Digital Financial Inclusion Index [3,21]

Economic quality

Economic level Per capita GDP [21,34,36,37]
Industrial structure Added value of tertiary industry/GDP [14,21,38]

Traditional financial level Per capita loans [34,39]
Opening-up level Actual utilization of foreign capital [34,40]

City scale Demographic information Population at the end of the year [41,42]
Internet popularity Number of Internet users [21,34,43]

Development
potential

Innovation level Number of patents granted [44,45]
Education level Number of students in colleges and middle schools [34,46]

Government intervention Government fiscal expenditure/GDP [7,18]

https://tech.antfin.com/research/data
https://tech.antfin.com/research/data
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(1) The quality of urban economy, which is mainly measured by four sub-factors. The
first one is the economic level; it has a profound impact on the prosperity of regional DF,
and we chose the per capita GDP to represent it. The second factor is industrial structure,
which tends to show the transfer of the primary to the secondary and the tertiary industry,
and the proportion of the service industry will rise, thus affecting the development trend
of DF. We selected the ratio of the added value of the tertiary industry to GDP to express
it. The next is the traditional financial level; traditional financial services have a profound
impact on the DF and act as the basic support strength. We use the per capita loan amount
to express the development level. The last one is the opening-up level. The continuous
inflow and use of foreign capital can not only bring direct capital support to regional
economic growth but also affect the development of DF through various ways, such as
knowledge spillovers, advanced technologies, and management concepts. This paper
adopts the actual utilization of foreign capital to represent this index.

(2) The measurement factors of city scale are as follows. Demographic factors are one
of the main drivers, which will naturally have a long-term effect on the DF. We apply the
end of year’s population. Internet popularity reflects the cities’ digitalization and plays a
cornerstone role in the DF. The number of Internet users is used for measurement.

(3) Measurement of development potential includes some sub-factors. Innovation
level, which affects both the digital technology and financial industry, is represented by the
number of patents granted. Education level reflects the quality of the urban population and
then affects the popularity of DF; thus, students in colleges and middle schools are used
to express this index. Government intervention plays a prominent role in solving urban
development problems, and the DF industry cannot develop without government support;
therefore, government fiscal expenditure/GDP is applied.

2.2. Research Methods
2.2.1. Geographic Detector

In previous studies, it is not rigorous and objective to directly introduce urban GDP,
total population, and another index into the gravity model [21,34,47]. Therefore, this
paper hopes to explore the macro factors that are strongly correlated with urban DF. Due
to the natural inclusiveness of DF, the comprehensive level of urban DF should match
its inclusive level, which means that the two should have similar spatial distribution.
Geographic detectors can effectively detect the driving forces of variables [48]. We use a
factor detector to measure the degree of explanatory power driving the DF. The detection
result is represented by a q value, ranging from [0, 1]. The greater the q value, the more
powerful the explanatory power of driver X. The formula is as follows:

q = 1− ∑L
h=1 Nhσ2

h
Nσ2

where h = 1, 2, 3. . ., L means partition of the explained variable Y and drivers X, Nh means
the partition h, and N means the number of units of partition h. σ2

h,σ2 mean the variance
of Y in the partition h and the overall partition, respectively.

2.2.2. Modified Gravity Model

It is the basis of SNA to construct an urban digital financial connection strength
matrix by gravity model. Urban population and regional GDP in the traditional gravity
model can hardly fully reflect the comprehensive level of urban DF. In addition, China’s
Digital Financial Inclusion Index is mainly from Alipay users. This index can reflect the DF
development at the micro level, but the data come from only one digital financial institution.
Therefore, this paper revises the gravity model based on the DF comprehensive level and
the empirical coefficient. The revision process is as follows:

(1) Construct a comprehensive index of DF level. Owing to the differences in resource
endowment, government preference, and economic quality of each city, there is a huge gap
between urban development, which cannot be measured by a single index. In this paper,
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stronger explanatory factors are screened by the geographic detector, and the comprehen-
sive index system is established from four aspects which are inclusive level, economic
quality, city scale, and development potential based on the macro and micro perspectives.
The overall index system can accurately reflect the comprehensive level of urban DF, which
can make up for the defects of the original model.

(2) Calculate the comprehensive level score. Principal component analysis (PCA) is to
replace the original indicators with a new set of linearly independent composite indicators
with the help of orthogonal transformation and to reflect the original information as
much as possible. Considering the feasibility of PCA, this paper uses SPSS to conduct
Bartlett’s sphericity test and KMO test. Then, the eigenvalue and the degrees of factors’
variance contribution are calculated. Retain the public factors with eigenvalues reaching 1
and cumulative variance contribution rates above 70% to obtain the original score of DF
comprehensive level Xit. Since Xit has positive and negative values, this paper adjusts Xit
to (0, 1000) to obtain the modified values M′i :

X′it = Xit + [1−min (Xt)]

M′i = X′it ×
1000

max (Xt)

(3) Modify the gravity coefficient Kij. Cities with higher levels of DF tend to occupy a
more dominant position in city associations. In this paper, we denote Kij by the contribution
of city i in the digital financial connection between cities i and j.

(4) Based on the above modification scheme to the original model, the formula of the
modified one is as follows:

Rij = Kij
M′i M′j

D2
ij

where Rij means the intensity of DF interconnection between cities i and j. Kij is the
modified gravity coefficient. M′i , M′j are the urban DF comprehensive level scores. Dij
means the geographical distance matrix.

2.2.3. Social Network Analysis

The SNA is helpful in studying the urban spatial network. The strength matrix of
urban DF connection derived from the gravity model is the basis of this part. With the help
of Gephi and ArcGis, this paper makes a visual analysis of the betweenness centrality and
community structure:

(1) Betweenness centrality. The node at the center of the network has the advantage of
information and control over resources. In a network, a node can be considered to be in
a significant position if it is on the path between many other two points because it could
control the interactions between another two nodes. Betweenness centrality could well
measure this ability of a node as a controller, and the formula is as follows:

C′b = (
∑j,k gjk

gjk
)/(n− 1)(n− 2)

where C′b means the betweenness centrality and gjk means shortest paths’ number from
city j to k that generate a connection.

(2) Community structure. The evolution of the community structure helps to analyze
the closeness of the internal substructure and the intensity of interaction between nodes.
Newman [49] proposes a model to investigate the network community based on modularity
optimization, which showed advantages in both computation time and community quality.
The formula is as follows:

Q =
1

2m∑
i,j

[
Aij −

kik j

2m

]
δ
(
ci, cj

)
, m =

1
2∑

ij
Aij
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where Aij means the weight of the edge between nodes i and j. ki is the sum of the edge
weights attached to node i, and ci is the community to which node i belongs. Function
δ(u, v) equals 1 if u = v, if not equals 0.

(3) Connection forecasting. Development direction measurement can provide guidance
for the construction of future networks. Among the complex methods, link forecasting is
mainly studying the complementation of missing information and structure changes in
the network. It focuses on forecasting the missing edges and the future link formation;
therefore, it can be well used for the measurement of the possibility of connection between
nodes. This paper uses the two common metrics for link prediction to measure.

The first metric is assigned to the CN index, which focuses on structural similarity by
investigating node-local information. The principle is that the more common neighbors
two nodes share, the more similar those two nodes are, with a higher possibility of new
interconnection between them. The formula is as follows:

SCN
xy = |Γ(x) ∩ Γ(y)| =

(
A2

)
xy

The second one is RA. This metric counts the number of resources received by a node.
The calculated value reveals the node’s similarity. Before calculation, we assume that the
node’s resources are evenly distributed among the neighbors. Below is the formula:

SRA
xy = ∑Z∈(Γ(x)∩Γ(y))

1
kz

2.2.4. Geographically and Temporally Weighted Regression

The inclusion of the temporal dimension in spatial analysis has generated extensive
research interest [50]. The GTWR model could well investigate the local effects of explana-
tory variables in both geographic and temporal dimensions, with parameter values varying
with the geographic and temporal change, which in turn can reflect the spatiotemporal
heterogeneity of explanatory variables on the explained variables. Below is the formula:

Yi = β0(µi, vi, ti) + ∑
k

βk(µi, vi, ti)Xit + εi

where Yi represents the value of sample i, and (µi, vi, ti) represents the spatiotemporal
coordinates of sample i. β0(µi, vi, ti) means regression coefficient, Xit means the value
of variable k, and the εi represents residual. βk(µi, vi, ti) means variable k’s regression
parameter. We adopted the AICc law and adaptive bandwidth in the model.

3. Analysis of Urban Digital Financial Network
3.1. Five Core Drivers Are Detected

Urban digital financial level is subject to the combined effect of multiple factors. In
this section, the inclusive level is used as the explanatory variable, and the explanatory
power is detected for a total of nine indicators in three dimensions: economic quality, city
scale, and development potential, and the following q values are obtained (Table 2). All
indicators passed the 1% significance test at four years.

In the dimension of economic quality, the q value of economic level increases steadily
and occupies the highest level among all factors, reflecting its most significant influence on
the DF. The q value of industrial structure is at a low level in all four years, indicating that
its influence is less significant. The q value of the traditional finance level is also maintained
generally at a high level, and its influence on DF is trending upward. Although the q value
of the opening-up level is generally not low, its influence is gradually weakening, probably
because foreign capital is not overly involved in the DF industry.
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Table 2. Factor detection results.

First-Level Index Second-Level Index Calculation Method q2011 q2014 q2017 q2020

Economic quality

Economic level Per capita GDP 0.4697 0.5541 0.5101 0.5650

Industrial structure Added value of tertiary
industry/GDP 0.1935 0.2625 0.2101 0.1922

Traditional financial level Per capita loans 0.4286 0.4826 0.5364 0.5208
Opening-up level Actual utilization of foreign capital 0.3811 0.4222 0.3460 0.3271

City scale Demographic information Population at the end of the year 0.0538 0.0327 0.0782 0.1370
Internet popularity Number of Internet users 0.3783 0.2994 0.3488 0.4801

Development
potential

Innovation level Number of patents granted 0.3959 0.4237 0.4659 0.5523

Education level Number of students in colleges and
middle schools 0.1664 0.1831 0.1934 0.2685

Government intervention Government fiscal expenditure/GDP 0.3621 0.3021 0.3890 0.5001

In the dimension of city scale, although the q value of demographic information shows
an overall growth trend, it maintains at a very low level, probably due to the fact that cities
with large populations do not necessarily have a hardware and software foundation for
DF development. This indicates its weak influence on the DF and corroborates that the
introduction of the population directly into the gravity model in previous studies lacks
basis and is not rigorous enough and also proves the necessity and rationality of factor
detection in this paper. The q value of internet popularity increased significantly and
eventually reached a high level from 2014 to 2020, indicating that its influence is increasing.

In the dimension of development potential, the q values of innovation level and
government intervention not only show an upward trend but also have a high overall level.
The education level q value is always maintained at a low level, indicating a low level
of influence.

The driving factors affecting the urban DF vary under different years. However, in
general, economic level, traditional financial level, Internet popularity, innovation level,
and government intervention have a consistent and stronger explanatory power compared
to other factors, indicating that they have a stronger impact on the DF.

3.2. Evolution of Urban Digital Financial Network
3.2.1. Connection Intensity Is at a Low Level, Showing a Multi-Polar Trend

Based on the results of the geographic detector, we construct the DF comprehensive
index system (see Table 3). Before conducting PCA, the data passed the Bartlett’s sphericity
test and KMO test, and the results were 0.686 and 0.000, respectively. After the modified
gravity modeling calculations, the matrix of DF connection intensity between cities for four
years was obtained and visualized (Figure 1).

Table 3. Final index system of DF comprehensive level.

First-Level Index Second-Level Index Calculation Method

Inclusive level Digital financial inclusion China’s Digital Financial Inclusion Index

Economic quality
City scale

Economic level Per capita GDP
Traditional financial level Per capita loans

Internet popularity Number of Internet users

Development potential Innovation level Number of patents granted
Government intervention Government fiscal expenditure/GDP
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As shown in the figure, the DF connection intensity of most cities in China is at a low
level and exhibits a significant multi-polar trend, but the overall level of the connection
intensity has increased significantly and the growth rate is considerable. In 2011, 2014, 2017,
and 2020, the number of cities with a weak association accounted for 96.7%, 94.4%, 92.2%
and 88.7%, respectively. Although the overall number shows a downward trend, the fact
of weak connection between most cities does not change. As can be seen from the figure,
the Hangzhou–Shanghai–Suzhou area and the Guangdong province with Shenzhen as the
core have formed two dense and huge networks. Beijing is the core city of the northern
region network, while Wuhan is in central China. However, the network in western China
remains sparse, densely connected areas concentrated in developed provincial capitals such
as Xi’an, Chongqing, Chengdu, and Guiyang, but the intensity of their interconnections
with surrounding cities is currently at a low level. The network evolution in the northeast
is similar to that in the west, with few high-intensity connection belts visible, and only
Shenyang maintaining strong ties with neighboring cities. The growth rate of the total
intensity of urban digital financial connections is 68.8%, 48.6%, and 42.8% from 2011 to
2014, 2014 to 2017, and 2017 to 2020, respectively. DF has been booming during this decade,
and the growth rate is showing a downtrend but is still at a high level. This result is
also in line with the reality. With the widespread popularity of online payment such as
Alipay and digital technologies such as QR codes around 2010, DF ushered in explosive
growth. However, the slowing down of growth rate in recent years indicates that with
the maturity of the DF market, the industry is transitioning from high-speed growth to a
normal growth stage.

3.2.2. Cities with Higher Betweenness Centrality Are Concentrated in the Megacities

In a social network, if a node plays an important role in mediating information, it
occupies a rela–tively central position; if the node no longer transmits information, or if
it does not exist in the network, then the information transmission will be interrupted or
forced to travel a long way. In general, cities with a high degree of betweenness centrality are
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mainly concentrated in the megacities of various regions, and all of them have maintained
a high intermediary status for a long time (Figure 2). The first echelon (red part) includes
Beijing, Shenzhen, Wuhan, Chongqing, and Xi’an, while the second echelon (orange part)
includes Shanghai, Suzhou, Nanjing, Changsha, Zhengzhou, Tianjin, and Shenyang.
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It has formed a pattern with Beijing as the main intermediary city in the north, Xi’an
and Chongqing in the southwest, Wuhan in middle China, and Shanghai and Shenzhen in
the east coast region. In addition, some medium-level cities (yellow part) are degrading
to lower levels, while the number of high-level cities (orange and red part) is stable. This
means that high-level cities have always maintained a higher degree of control over digital
resources, and there is a trend of further strengthening from the numerical perspective,
which reflects the Matthew effect to some extent. This brings us to the essence of DF
that digital technologies have facilitated the backward regions due to their detachment
from geographical boundaries and near-zero marginal costs, allowing residents in different
regions to share digital inclusion. However, fair opportunities do not mean fair results,
the final development status of different regions still depends on various hardware and
software conditions of local support for digital financial services.

3.2.3. Community Structure Shows a Stable State

The modularity results for the four years in this paper are 0.769, 0.769, 0.772, and 0.765,
indicating excellent community segmentation results, with higher node similarity within
the community and lower outside. The number of communities in 2011, 2014, 2017, and
2020 is 11, 11, 11, and 10, respectively, showing a stable community structure. As can be
seen from Figure 3, the community of developed coastal regions like the YRD (orange part)
and the PRD (light purple part) is surprisingly stable, with little change in internal urban
composition. The evolution of the community structure focuses on major cities in Inner
Mongolia, Gansu, and Shanxi provinces, which have shifted between two communities
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in 2011, 2014, and 2017, and finally merged into one large community in 2020 (green
part). The reason may be that these cities are geographically close and the digital financial
industry starts later than those in developed areas, so they finally reach a similar level in the
golden decade of DF development. In addition, the internal structure of large communities
is relatively stable. The northeast (grey part) and southwest (yellow part) communities
barely changed, probably because the three northeastern provinces were once the base of
China’s heavy industry, at one point accounting for 98% of the total. This leads to a weak
digital base and a difficult economic transition, which eventually presents a similar level
of DF development. While the southwest community is located on the Yunnan–Guizhou
Plateau, where the language is similar and the transportation is connected, which will
generate more interconnections. It is worth noticing that unlike the major communities
above, which consist of dozens of cities, there are two particular small communities that
consistently exist. One of them is located in the Xinjiang region (brown part), due to its
remote and independent geographical location. The other is a small community of five
to seven cities (light blue), led by Wuhan, sandwiched between large communities. In
general, the community structure of the DF connection network in Chinese cities shows
high internal cooperation.
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3.2.4. Regions with the Greatest Possibility of Connection Are Located in the PRD and
the YRD

In order to better display the possibility of a connection between nodes in different
cities, we present the degree of connection possibility between nodes by the proportion of
the possibility of each edge in total possibilities. Figure 4 clearly reveals that the regions
with the greatest possibility of connection forecasted by the two indicators are located in
the PRD and the YRD, which are the most economically and technologically active areas
in China. This is consistent with the conclusion above that DF has the characteristics of
agglomeration and centralization.
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CN index shows that cities that could generate new connections are most likely to
be located in Guangdong, Jiangsu, and Hubei provinces. Cities in Guangdong province
will form closer cooperation circles around Shenzhen and Guangzhou, with the connection
possibility of Foshan and Dongguan reaching the extreme. The three cities of Suzhou, Wuxi,
and Changzhou in Southern Jiangsu will be inseparably linked to each other. Wuhan, the
largest city in central China, will become more connected to cities in Hubei province.

RA index predicted more significant possibilities than CN. In addition to the three
provinces predicted by CN, it also includes capital cities in the western and northern
regions, such as Beijing, Jinan, Shenyang, Xi’an, Zhengzhou, Chengdu, Chongqing, and
Changsha. This suggests that there may be a strong potential for cooperation between
these cities and neighboring cities. Furthermore, when comparing it with the 2020 DF
network (Figure 1) and the RA index results, a striking similarity is observed between the
actual connection relationships and the detected connection possibilities, both of which
are concentrated in the most economically developed and vigorous regions of China—the
YRD and the PRD. According to the forecasting index, the internal connection of these two
regions will be even tighter and closer (about 60% of the total probability), indicating that
megacities and provincial capitals have significant spillover and radiation effects. Once
again, the prediction shows that DF development presents a Matthew effect.

3.3. Drivers of DF Development Vary by Region and Time
3.3.1. Model Feasibility

In order to figure out the driving mechanism of DF development, the DF comprehen-
sive index is chosen as the dependent variable, while the economic level, innovation level,
government intervention, internet popularity, and traditional financial level are chosen
as independent variables for GTWR regression. Before that, in order to eliminate the
possibility of pseudo regression, the multicollinearity test of all variables is conducted in
this paper. The variance inflation factor of the tested variables is all less than 10, which
meets regression requirements. Regarding the goodness of fit, both R2 and corrected R2 are
higher than 0.98, showing that GTWR regression could perfectly present the influence of
the independent variable in this paper.

3.3.2. Spatiotemporal Differentiation of Driving Factors’ Influence

The effect of various drivers on the DF comprehensive index in different periods is
spatially differentiated (Figure 5). Specifically, it can be seen as follows:
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(1) The spatial and temporal non-stationarity of the economic level is weakened, and
the overall influence is positive, but the effect intensity is weakening (Pictures a–d). The
positive high-value area (red part) is concentrated in Sichuan–Chongqing provinces and
three northeast provinces, showing an expanding trend. The spatial pattern of the negative
high-value area is relatively stable, and it is concentrated in the eastern coastal area. The
low absolute value area shifts from the north to the central region.

(2) The spatial and temporal non-stationarity of the innovation level is weakened,
the negative effect intensity is also gradually weakened, and the spatial distribution has a
certain stability (Pictures e–h). In the four years, the positive effect regions are concentrated
in Gansu, Sichuan, and Chongqing provinces, which shows obvious agglomeration charac-
teristics. The negative effect regions are mainly in Inner Mongolia province and some cities
in Northeast China. The low absolute value regions are mainly in the southcentral region.

(3) The spatial and temporal non-stationarity of government intervention is weakened,
and it has a continuous negative effect on most cities in the country, but the intensity is
gradually weakening (Pictures i–l). The positive area is mainly distributed in some cities in
three northeast provinces, while the negative effect areas are located in the eastern coastal
provinces before 2017. The overall influence shows a high level in the northwest and a low
level in the southeast.

(4) The spatial and temporal non-stationarity of internet popularity is weakened, and
the main effect is positive and enhanced (Pictures m–p). The most affected region gradually
shifts from the western areas to the northeast and coastal regions. The negative effect area is
concentrated in Gansu, Shanxi, Sichuan, and Henan provinces, showing an obvious spatial
distribution of strips. According to the regression coefficient, the effect intensity of Internet
popularity is high in the northern and eastern coastal provinces while low in the middle
across the country.
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(5) The spatial and temporal non-stationarity of the traditional financial level is weak-
ened, showing a positive impact on all cities in the four years, and the intensity of the
impact is gradually weakened but still maintains a high level for most cities (Pictures
q–t). The positive high-value area is mainly concentrated in the Jiangsu, Zhejiang, Anhui,
and Fujian provinces, and the positive low-value region is transferred from the central
and southwest to the three northeast provinces. On the whole, spatial change has the
characteristics of polarization and dispersion.

4. Discussion
4.1. Exploration of the Evolution of Urban DF Network

This paper mainly explored the key driving forces and mechanisms of the DF industry
and its network evolutionary characteristics. According to the results of the network
connection intensity during the decade, the proportion of high-intensity increased from
3.3% to 12.3% and most cities are still at a low level of connection. In terms of geographic
variation, similar to the discussion by Chen et al. [34], DF network connections are denser
and closer on the east coast than in the west. The reasons for this situation are manifold,
including differences in urban resource endowments, unbalanced development, industrial
structure, and policy preferences [51]. However, we believe that the most important is
because the essence of DF is still finance itself, development of financial products and
services cannot exist in isolation from economic activities. Although digital technology
promotes the equality of access to financial services, the nature of its service entity makes
it still follow the law of centralized development [3]. In the search for cities with high
betweenness centrality, both our study and Li et al.’s [35] have concluded that these cities,
such as Beijing, Shanghai, and Shenzhen, are mainly located in the eastern developed
economic belt. While DF allows residents in different regions to share digital inclusion, fair
opportunities do not mean fair development. Developed cities have been able to maintain
control over digital financial resources and continue to act as a bridge to neighboring
regions due to their first-mover advantage [18]. Thus, even though some cities have
achieved remarkable progress, they cannot threaten the status of these developed cities.

In addition, Zhao et al. [20] found that there are three sub-communities within the
YRD region. However, in this paper, the YRD region (orange part in Figure 3) is shown
as a whole large community with a very stable structure and almost no change in its
internal members. The reason for this difference may be due to the fact that at the national
level, the YRD region is a typical economically developed region and digital innovation
technology cluster, and its digital finance development is in a leading position in the
country, and neighboring cities are unable and incapable of catching up [34]. There also
exists an interesting and noteworthy small community of five cities led by Wuhan (light
blue part in Figure 3), which is sandwiched between a number of larger communities. Its
formation may be attributed to the concept of the Wuhan Metropolitan Area proposed by
the government in 2002. After nearly 20 years of development, Wuhan has become the
biggest city in the central area and the center of economy, technology, and education [52].
Furthermore, in the previous section, this paper concludes that Wuhan has long been a high
betweenness centrality city in the central region, so it can effectively radiate its influence
to neighboring cities and thus improve their DF development, making them independent
from the neighboring communities. The results of the network connection forecasting
actually corroborate our discussion once again that DF has significant agglomeration
and centralization characteristics [47]. Because the level of internal information sharing,
resource integration, and policy support is higher in the developed coastal regions than in
the inland regions, the gap in digital financial interconnection and development tends to
further expand.

4.2. The Drivers Present Significant Spatial Heterogeneity over Time

Based on the temporal and spatial distribution of the drivers’ regression coefficients,
this part summarizes the leading driving forces for the development of DF in major regions.
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(1) For the developed eastern coastal provinces, the driving force has shifted from
the innovation level in 2011 to 2014 to the Internet popularity in 2017 to 2020. The reason
is that, when digital technology is emerging, as China’s major economic center and with
abundant talent, technology, and capital reserve, the eastern coastal areas can rapidly apply
it to financial innovation, such as P2P mode and third-party quick payment methods. These
new digital financial models have undoubtedly promoted the development of DF. However,
DF cannot be separated from the digital users as the foundation, so the deeper expansion
of users becomes the dominant driving force later.

(2) For central and southwest provinces with slower growth, the dominant driving
force from 2011 to 2020 is the level of economic and innovation. This is because DF
ultimately needs to serve the real economy and cannot exist without economic activities, so
economic growth can give positive feedback to DF. Moreover, judging from the experience
of the coastal provinces, innovation could be a powerful driver for industrial development
and play a continuous and positive role in the less developed areas.

(3) For the three northeastern provinces of Heilongjiang, Jilin, and Liaoning, whose
economy is in a transition period, economic level and Internet popularity have played a
significant and continuous role over the past decade. This is because the three provinces
used to serve as a national heavy industry base, with weak light industry infrastructure such
as digital technology, and the economic development has lagged behind in the last 20 years,
leading to a lower starting point for the DF industry. Therefore, economic development
and internet popularization can effectively promote the DF industry.

(4) At the national level, we obtained similar conclusions to previous studies that the
traditional financial level shows a positive and continuous promoting effect [21], while
government intervention plays a negative role. This is because the development of financial
services cannot exist without actual financial institutions. The service support by traditional
finance remains the cornerstone. The government intervention showed a continuous
negative effect, which is in line with reality. Due to the rapid growth of the DF industry and
the existence of loopholes in industrial regulation, illegal behaviors such as providing high-
interest loans to teenagers who are attending school, illegal fund-raising, and naked lending
inevitably emerged [53], which have aroused widespread concern among the media and
the public. In 2016, P2P platforms began to collapse in large numbers, and the executives
fled overseas with the money they raised, which was a wake-up call for the government.
Therefore, the government began implementing strict supervision measures on Internet
companies while introducing regulatory legislation and raising the entry threshold for
Internet finance business, which hindered the process of DF development.

This study makes contributions to the current research on the DF topic. First, we figure
out the key drivers that influence DF development by a geographic detector instead of
subjective judgments, which represents one of the attempts to fill this void. This helps to
analyze the urban shortcomings and the aspects that need to be improved when it encoun-
ters the bottleneck of DF development. Second, we innovatively study the development
process of DF from a network perspective and find some similar and different results in the
evolution characteristics of network structure. Our work will not only help local govern-
ments give play to their comparative advantages and formulate relevant policies according
to local conditions but also help cities accurately identify their role and clarify their position
in the network. The ultimate goal is to achieve the DF’s internal balanced development
and to provide beneficial experiences for other countries, especially developing countries.

Furthermore, acknowledging the limitations of our work is necessary. First, data
availability is always an issue for large-sample city studies, and we had to exclude some
cities with incomplete statistics. Second, since the time dimension is too short, temporal
stationarity discussion is open to questions. Third, in the search for driving factors, im-
portant variables such as capital stock, international trade, labor force productivity, and
endogenous technology were not included in the study due to the difficulty in obtaining
them. Future research could extend to a more complete sample of cities, a longer time
dimension, and exploration of more potential drivers. In addition, a panel data study with
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long-time dimensions helps to present the details of network evolution, and the nonlinear
effects of other factors on DF development are also needed. Finally, multiplex networks
could be introduced to this topic.

5. Conclusions and Implications
5.1. Main Conclusions

In this article, we utilized a geographic detector to explore the key drivers that affect
DF development and establish a comprehensive index of DF development. After that, an
urban DF network was constructed and the evolutionary characteristics were portrayed
and predicted by SNA methods. Finally, the GTWR regression presented changes in key
drivers’ influence across both temporal and geographic dimensions. The findings are
as follows:

(1) The result of the geographic detector shows that the factors affecting the DF level
in different years are altered. But generally speaking, economic level, traditional financial
level, Internet popularity, innovation level, and government intervention have stronger
explanatory power compared with other factors; therefore, these are the key drivers of
urban DF.

(2) The DF connection intensity of most cities in China is at a low level and exhibits a
significant multi-polar trend, but the overall level of the connection intensity has increased
significantly and the growth rate is considerable.

(3) Cities with high betweenness centrality are concentrated in the megacities of
various regions. Some medium-level cities are degrading to lower levels, while the number
of high-level cities is stable which means the high-level cities have always maintained a
higher degree of control over digital resources, and there is a trend of further strengthening.

(4) The number of communities in 2011, 2014, 2017, and 2020 is 11, 11, 11, and 10,
respectively, indicating a stable community structure. The structural evolution is mainly
focused on the cities of Inner Mongolia, Gansu, and Shanxi provinces, with little change in
urban composition within coastal communities. Five to seven small communities, led by
Wuhan, exist independently among many large communities.

(5) The regions with the most possibility of connection forecasted by the two indi-
cators are located in the PRD and the YRD. RA index predicted more regions than CN,
mainly concentrated in the western and northern provincial capitals, such as Beijing, Jinan,
Shenyang, and Xi’an. The internal connection of the regions above will be even closer,
which shows a significant Matthew effect.

(6) GTWR regression results show that the leading drivers for the DF development
in eastern coastal provinces have changed from the innovation level from 2011 to 2014 to
the Internet popularity from 2017 to 2020. In the central and southwestern provinces, the
leading drivers are economic development and innovation from 2011 to 2020. For Northeast
China, the economic development and Internet popularity have shown significant and
sustained positive effects over the decade. At the national level, the traditional financial
level shows a positive and continuous promoting effect, while government intervention
plays a negative role.

5.2. Implications

Based on the above study, for the sake of exploring the promotion path of urban DF
development, this article puts forward the following suggestions:

(1) The awareness of sharing, collaboration, and sustainability is enhanced. Imbal-
anced DF development between east–west and north–south regions will lead to the widen-
ing of the gap between the rich and the poor, social injustice, and other problems, and such
a development model will ultimately be unsustainable. Therefore, the megacities should
act as intermediary cities, promote the positive interaction of DF among neighboring cities,
strengthen exchanges and cooperation, and minimize the obstacles caused by geographical
characteristics and differences in endowments. The establishment of a sharing platform
with both central cities and developed areas as pillars is promoted, and a mechanism is
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constructed for developed areas to support backward areas and central cities to support
other cities.

(2) Local governments should streamline administration and delegate power, give full
play to local advantages and favorable conditions, and formulate targeted policies. For
example, social regulation and public supervision should be strengthened, and appropriate
support should be given to Internet finance companies. Moreover, the eastern provinces
governments should continue to support the popularization of the Internet, while the
central and western provinces and Northeast China should still regard economic growth
as the primary goal. Only in this way can the rapid development of DF in all regions be
effectively guaranteed.

(3) The infrastructure of the traditional finance system is enhanced. Due to its charac-
teristics of being free from geographical constraints and having almost zero marginal cost,
digital technology promotes the development of backward and sparsely populated areas,
so that residents in different areas can share financial information. However, the essence
of DF is still finance itself. Financial products and services cannot exist without actual
financial institutions. Therefore, the support of traditional financial patterns in various
regions is the cornerstone of sound DF development.
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