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As an essential direction for developing inclusive ﬁnance, digital ﬁnancial inclusion breaks through the time and space constraints
of inclusive ﬁnance development and has extensive connections between diﬀerent regions. However, no research has modelled the
network connections and the role and position of diﬀerent digital ﬁnancial inclusion development regions. This study constructed
the spatial association network of China’s digital ﬁnancial inclusion development and used the network analysis method and the
quadratic assignment procedure (QAP) method to study the structural and locational properties and the inﬂuencing factors of the
network. We found that (1) although the network had a relatively low density, its connectivity and stability were excellent, and the
network structure is not hierarchical; (2) the centrality of some rapidly developing central and western provinces was greater than
that of some developed eastern provinces; (3) developed eastern provinces played a net spillover role, driving the development of
digital ﬁnancial inclusion in central and western provinces; and (4) the spatial association was aﬀected by the development level of
the PC Internet and economy, the industrial structure, and the spatial adjacency. This study enriches the research on digital
ﬁnancial inclusion and provides a scientiﬁc basis for the formulation and implementation of policies to promote the further
development of digital ﬁnancial inclusion.

1. Introduction
With the recent rapid development of information technologies, the integration of digital technology and inclusive
ﬁnance has continued to deepen [1, 2], further improving the
accessibility and aﬀordability of inclusive ﬁnancial services
and expanding its coverage [3]. Accordingly, digital ﬁnancial
inclusion is gradually becoming an essential direction for
ﬁnancial inclusion [4]. Depending on digital technology,
digital ﬁnancial inclusion gradually eliminates the time and
space constraints for developing inclusive ﬁnance, making it
possible to provide round-the-clock and full coverage ﬁnancial services to any corner of the world. This trend requires a holistic approach to explore the development of
digital ﬁnancial inclusion. Unlike the methods used in the
existing literature, we adopt a comprehensive approach to
construct and analyze the network of digital ﬁnancial inclusion development in this study.

Similar to ﬁnancial inclusion [5], existing research on
digital ﬁnancial inclusion mainly focuses on its eﬀect on
economic development [6–10], poverty reduction [11–13],
and ﬁnancial stability [14, 15]. These studies only focus on
the impact of digital ﬁnancial inclusion and do not consider
the possibility of connections of digital ﬁnancial inclusion
development between regions. This is very important because the development of inclusive ﬁnance has apparent
spatial spillover eﬀects [16], which are even more pronounced in the development of digital ﬁnancial inclusion
that incorporates digital technology. Guo et al. [17] studied
the development of digital ﬁnancial inclusion among cities
in China. They found that the development of digital ﬁnancial inclusion among cities has a signiﬁcant positive
spatial autocorrelation, that is, a signiﬁcant positive spatial
spillover eﬀect. Furthermore, this eﬀect shows an increasing
trend year by year. Similarly, Shen et al. [18] took 101
countries as the research objects and found that countries
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with a higher level of digital ﬁnancial inclusion will inﬂuence
the development of digital ﬁnancial inclusion in neighboring
countries through spillover eﬀects.
Existing evidence shows that the development of digital
ﬁnancial inclusion is widely connected in diﬀerent regions.
Therefore, it should be regarded as a digital service network
that provides around-the-clock and full coverage ﬁnancial
services when studying it. However, to the best of our
knowledge, no research explicitly models the network
connections and the role and position of diﬀerent digital
ﬁnancial inclusion development regions. Therefore, this
study takes China, the world’s largest digital ﬁnancial inclusion market [19], as the research object and attempts to
ﬁll this gap by constructing a spatial association network of
digital ﬁnancial inclusion development. Meanwhile, we use
the network analysis method and the quadratic assignment
procedure (QAP) method to study the structural and locational properties and the inﬂuencing factors of the network in order to identify the spatial characteristics and the
critical inﬂuencing factors of the development of digital
ﬁnancial inclusion. All ﬁndings provide an essential scientiﬁc basis for the formulation and implementation of policies
for further developing digital ﬁnancial inclusion, which is
vital to realize the sustainable development of inclusive
ﬁnance.

2. Methods and Data
2.1. Construction of the Spatial Association Network.
China’s spatial association network for the development of
digital ﬁnancial inclusion comprises relationships of digital
ﬁnancial inclusion development between provinces. In the
network, the nodes are provinces, and the edges are relationships. The key to constructing a spatial association
network is to depict the spatial associations between
provinces. According to the research of Mantegna [20], we
deﬁne a spatial metric through the function of the correlation coeﬃcient and then use this spatial metric (Euclidean
distance in this study) as a distance to construct these relationships. The appropriate function is
���������
(1)
Dij � 21 − Cij ,
where i, j � 1, 2, . . ., N represents any two diﬀerent provinces
in the 31 provinces (municipalities and autonomous regions
collectively referred to as “provinces,” excluding Hong
Kong, Macao, and Taiwan); Dij is the Euclidean distance
between province i and j; Cij is the correlation coeﬃcient
between two vectors, concretely given by the following
formula:
Tt�1 xit − xi xjt − xj 
Cij � ��������������������������2 ,
2
Tt�1 xit − xi  Tt�1 xjt − xj 

(2)

where xit � (xi1, xi2, . . ., xit, . . ., xiT) and xjt � (xj1, xj2, . . ., xjt,
. . ., xjT), respectively, denote China’s digital ﬁnancial inclusion index of provinces i and j from t � 1 to t � T.
Motivated by the research of Yang and Liu [21], we can
acquire the spatial association matrix between provinces

according to equation (3) after obtaining the Euclidean
distance matrix.
⎪
⎧
⎪
⎪
1,
⎪
⎪
⎪
⎪
⎪
⎨
Q(i, j) � ⎪
⎪
⎪
⎪
⎪
⎪
⎪
⎪
⎩ 0,

Qij ≥

1 N
Q ,
N j�1 ij
(3)
N

Qij <

1
Q ,
N j�1 ij

where Q (i, j) represents the spatial association between
provinces i and j; Qij represents the reciprocal of Dij; and the
spatial association matrix Q (i, j) equals to (Qij) N×N. Considering that the calculated spatial association matrix is
asymmetric, the spatial association network of the digital
ﬁnancial inclusion development we constructed is directional. In addition, compared with traditional network
construction methods, our approach eliminates the disadvantage in which the gravity model and the VAR Granger
causality model are susceptible to multiple factors [21].
2.2. Characterization of the Spatial Association Network
2.2.1. Whole Network. In this study, we take four indicators,
that is, network density, network connectedness, network
hierarchy, and network eﬃciency, to measure the structural
characteristics of the whole network of digital ﬁnancial
inclusion development [22].
Network density is an indicator that reﬂects the interconnectedness of the provinces in the network [23]. It can be
deﬁned as the ratio of actual relationships to the total
possible relationships, and its calculation formula is as
follows:
density �

L
,
N ×(N − 1)

(4)

where L denotes the actual number of relationships; N
represents the network’s size.
Network connectedness is used to measure the reachability between provinces in the network. If some provinces
are not accessible to each other, then the network’s connectedness must be small, whereas if the provinces can be
directly and indirectly accessible to each other, the network’s
connectedness must be large. Therefore, network connectedness can be calculated as follows:
connectedness � 1 −

2V
,
N ×(N − 1)

(5)

where V represents the number of unreachable node pairs in
the network; N represents the network’s size.
Network hierarchy can measure the extent to which each
province in the network is asymmetrically connected to the
other, thereby reﬂecting the hierarchical status of each
province. Speciﬁcally, its calculation formula is as follows:
hierarchy � 1 −

P
,
max(P)

(6)
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where P denotes the number of symmetrically reachable
node pairs in the network; max(P) denotes the maximum
possible number of symmetrically reachable node pairs.
Network eﬃciency refers to the extent to which redundant connections exist in the network. In our spatial
association network, the lower the network eﬃciency, the
more the relationships between provinces and the more the
spatial spillover channels for the development of digital
ﬁnancial inclusion. The calculation formula of network efﬁciency is as follows:
efficiency � 1 −

Q
,
max(Q)

(7)

where Q represents the number of excess connections in the
network; max(Q) represents the maximum possible number
of redundant connections.
2.2.2. Centrality. As for the locational characteristics of each
province in the spatial association network of digital ﬁnancial inclusion development, we focus on three aspects,
namely, degree centrality, betweenness centrality, and
closeness centrality [24], which can be used to measure the
connectivity, intermediation, and accessibility [25] of different provinces in the network.
Degree centrality measures the extent to which a
province is in direct contact or is adjacent to many other
provinces in the network. It can be deﬁned as the ratio of the
number of provinces directly connected to a province to the
number of provinces most likely to be directly connected to
the province. Degree centrality can be calculated as follows:
Cdeg (i) �

n(i)
,
N− 1

(8)

where Cdeg(i) denotes the degree centrality of province i; n(i)
denotes the number of provinces directly connected to the
province i in the network; N represents the size of the
network.
Betweenness centrality measures the extent to which a
province is in the middle of other provinces in the network
and reﬂects the degree of control of a province on the interconnection between other provinces. Its calculation
formula is as follows:
Cbtw (i) �

N
2 N
J k bjk (i)

N2 − (3N + 2)

,

(9)

where
bjk (i) �

djk (i)
,
djk

(10)

where Cbtw(i) represents the betweenness centrality of
province i; djk represents the number of shortest paths
between provinces j and k; djk(i) represents the number of
shortest paths that pass through province i and connect
provinces j and k; N represents the size of the network.
Closeness centrality measures the closeness between
provinces in the network and represents a measure not
controlled by other provinces. If a province in the network is

close to all other provinces, that province has a high
closeness centrality. The calculation formula of closeness
centrality is as follows:
Cclose (i) �

N
j�1 dij
N− 1

,

(11)

where Cclose(i) denotes the closeness centrality of province i;
dij denotes the shortest path between provinces i and j; N
represents the size of the network.
2.2.3. Block Model. Block model analysis was ﬁrst proposed
by White, Boorman, and Breiger to better analyze the role
and position of each province in the spatial association
network [26]. On the basis of this method, 31 provinces can
be divided into four blocks: the ﬁrst one is the “primary
beneﬁcial” block. Its members have more relations within
the block and fewer relations outside the block. The second
one is the “net spillover” block. Its members mainly send out
relations to other blocks. However, few relations are received
from other blocks. The third one is the “bidirectional
spillover” block, in which members send relations outside
and inside the block. The fourth one is the “broker” block. Its
members receive relationships from the members of the
outside block and send them to the other block members;
however, the internal members have relatively few
connections.
Accordingly, we use UCINET software and the CONCOR method to divide the 31 provinces in the spatial association network of digital ﬁnancial inclusion development
into the four blocks mentioned above in this study.
2.3. Quadratic Assignment Procedure
2.3.1. Theoretical Model. On the one hand, digital ﬁnance
can theoretically break through the limitations of traditional
geographic space to provide people with ﬁnancial services in
remote areas cheaply and conveniently; on the other hand,
the promotion of many businesses of digital ﬁnance still
depends on geographical factors and its development also
shows a robust spatial clustering [17]. Therefore, we speculate that the geographical adjacency may increase the
probability of establishing the spatial association of digital
ﬁnancial inclusion development between provinces. Besides,
as a new form of ﬁnancial development, digital ﬁnance still
follows the fundamental laws of ﬁnancial development; that
is, its development still relies on the real economy and
traditional ﬁnance [27]. Meanwhile, the development of
digital ﬁnance also depends to no small extent on the development of information technology [28] and mobile
technology [1, 6, 11]. Moreover, tertiary industries have
more digital ﬁnance demand than primary and secondary
industries when considering the industrial structure. Hence,
we speculate that the diﬀerences between provinces in terms
of the development level of the economy, traditional ﬁnance
and the Internet (PC Internet and mobile Internet), and the
industrial structure may also aﬀect the establishment of the
spatial association of digital ﬁnancial inclusion development
between provinces.
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In summary, we consider ﬁve kinds of factors to study
the inﬂuencing factors of the spatial association of digital
ﬁnancial inclusion development. The speciﬁc information
on these factors and their representative indicators is shown
in Table 1.
Accordingly, we set up the following model:
R � f(S, E, F, N, M, I).

the independent and dependent variable matrix. Secondly,
the rows and corresponding columns of the dependent
variable matrix are randomly permutated simultaneously,
and then the regression is recalculated. This step is repeated
hundreds or even thousands of times to estimate the
standard error of the statistics.

(12)

Equation (12) expresses the relationship between relational data, and these relational data consist of a series of
matrices. The dependent variable R is the spatial association
network of digital ﬁnancial inclusion development; the
corresponding spatial association matrix directly represents
it. The independent variable S is the spatial adjacency matrix
determined by the geographical location. If two provinces
are adjacent in the spatial adjacency matrix, then the value is
1; otherwise, the value is 0. For the remaining variables, we
take the average value of the corresponding indicator of each
province during the sample period and then use the absolute
diﬀerence of those average values to construct the diﬀerence
matrix.
2.3.2. QAP Analysis Method. Given that our empirical data
are relational, it contains attribute information and relational structure [29] and does not satisfy the assumption of
“variable independence” in the sense of conventional statistics. Hence, most multivariate statistical methods cannot
be used. In this study, we adopt a nonparametric QAP
method, which can be used for hypothesis testing at the
relationship-relationship level, to study the inﬂuencing
factors of the spatial association network. QAP analysis
includes QAP correlation analysis and QAP regression
analysis.
QAP correlation analysis, which is based on the replacement of matrix data, is a method of comparing the
similarity of the grid values in two square matrices and, at
the same time, performing a nonparametric test [30]. The
speciﬁc practice has the following three steps: ﬁrst, the
correlation coeﬃcient between the long vectors formed by
the known matrices is calculated. Next, the rows and corresponding columns of one matrix are randomly replaced
simultaneously, and then the correlation coeﬃcient between
the replaced matrix and the other matrix is calculated.
Repeating this process hundreds or even thousands of times
obtains a distribution of correlation coeﬃcients. Lastly, by
comparing the actual correlation coeﬃcient calculated in the
ﬁrst step with the distribution of the correlation coeﬃcient
calculated under random rearrangement, we can see
whether the actual correlation coeﬃcient falls into the rejection domain or the acceptance domain and then make a
judgment.
The principle of QAP regression analysis is the same as
that of QAP correlation analysis. The purpose of the QAP
regression analysis is to study the regression relationship
between multiple matrices and one matrix and evaluate the
signiﬁcance of the determination coeﬃcient R2. The speciﬁc
calculation has two steps. First, regular multiple regression
analysis is performed on the long vector corresponding to

2.4. Data Sources. The core data used in this study are the
“Peking University Digital Financial Inclusion Index of
China,” which is compiled on the basis of hundreds of
millions of microdata from a representative digital ﬁnancial
institution in China; this dataset reﬂects the cross-section
and cross-time changes in the acquisition and use of digital
ﬁnancial services in China [31]. The index covers 31 provinces, 337 prefecture-level cities (regions, autonomous
prefectures, and leagues collectively referred to as “cities”),
and nearly 2,800 counties (county-level cities, banners, and
municipal districts collectively referred to as “counties”). The
province-level and prefecture-level index span from 2011 to
2018, and the county-level index spans from 2014 to 2018. In
addition to the overall index, the “Peking University Digital
Financial Inclusion Index of China” also includes the coverage breadth subindex, the use depth subindex, and the
digitization degree subindex [32]. Hence, the “Peking
University Digital Financial Inclusion Index of China” can
comprehensively portray the development trend of digital
ﬁnancial inclusion in diﬀerent regions of China. However, to
reﬂect the spatial association of China’s digital ﬁnancial
inclusion development from a general view, we only consider the provincial overall index in our study. The other
QAP analysis data come from the “China Statistical Yearbook” and “China Financial Statistical Yearbook.” Besides,
to remove the temporal trend, we also process the data
logarithmically.

3. Analysis of Results
3.1. Empirical Results and Analysis of the Spatial Association
Network. To study the structural and locational properties
of spatial association network of digital ﬁnancial inclusion
development intuitively and clearly, we use NetDraw software to draw a diagram, as shown in Figure 1. From the
ﬁgure, we can see that the associations between the 31
provinces are dense. Meanwhile, the developed eastern
provinces are mainly located on the network’s right, whereas
the central and western provinces are interwoven in the
middle and left sides of the network.
3.1.1. Whole Network Analysis. The emphasis of the whole
network analysis is on the structural characteristics of the
spatial association network of digital ﬁnancial inclusion
development and its impact on the development of the
provinces within the network.
Network density describes the number of spatial associations in the network. In the spatial association network of
digital ﬁnancial inclusion development, the maximum
possible association between 31 provinces is 930, and the
actual existing association is 359; hence, according to
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Table 1: Variables and indicators.

Variable
Dependent
variable

Independent
variable

Indicator
Spatial association network of digital
ﬁnancial inclusion development (R)

Variable description
Spatial association matrix of digital
ﬁnancial inclusion development

Spatial adjacency
relations

Spatial adjacency relation (S)

Spatial adjacency matrix

Economic development
level

Diﬀerence in per capita GDP (E)

Per capita GDP diﬀerence matrix

Traditional ﬁnance
development level

Diﬀerence in the total credit balance of
ﬁnancial institutions per unit of GDP (F)

Total credit balance of ﬁnancial institutions
per unit of GDP diﬀerence matrix

PC Internet
development level

Diﬀerence in the Internet penetration rate
(N)

Internet penetration rate diﬀerence matrix

Mobile Internet
development level

Diﬀerence in the mobile phone penetration Mobile phone penetration rate diﬀerence
rate (M)
matrix

Network relations

Industrial structure

Block 4

Diﬀerence in the tertiary industry output
value per unit of GDP (I)
Block 3

Block 2

Tertiary industry output value per unit of
GDP diﬀerence matrix

Block 1

Figure 1: Spatial association network of China’s digital ﬁnancial inclusion development from 2011 to 2018.

formula (4), the network density is 0.386. This result reﬂects
that the degree of interconnectedness between provinces
regarding digital ﬁnancial inclusion development is relatively low. It can be seen that the situation of direct and
comprehensive communication and the mutually beneﬁcial
cooperation in terms of digital ﬁnancial inclusion between
provinces within the network are not optimistic.

Network connectedness, network hierarchy, and network
eﬃciency describe the pattern of spatial associations in the
network. On the basis of formulas (5)–(7), the network connectedness, network hierarchy, and network eﬃciency of the
spatial association network for the digital ﬁnancial inclusion
development can be calculated. The network connectedness is
1, indicating that the network has a high relational degree and
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good connectivity. In other words, this result implies that the
provinces in the network can be directly and indirectly accessible to each other to a large extent. The network hierarchy is
0, indicating no hierarchical structure of spatial associations
and spatial spillover eﬀects between provinces in the network;
that is, spatial associations and spatial spillover eﬀects could
also exist between provinces with the diﬀerent development
level of digital ﬁnancial inclusion. The network eﬃciency is
0.577, indicating the existence of multiple overlapping overﬂow
channels of digital ﬁnancial inclusion development between
provinces in the network; hence, the network structure is
relatively stable. On the whole, the current spatial association
pattern of high connectivity, nonhierarchy, and strong stability
is very conducive to the exchange of information and the
sharing of resources between provinces regarding the development of digital ﬁnancial inclusion.
3.1.2. Centrality Analysis. Centrality analysis is to describe
and measure the locational characteristics of each province
in the spatial association network of the development of
digital ﬁnancial inclusion. Provinces that are more important or prominent in terms of connectivity, intermediation,
and accessibility occupy the more central and vital location
in the network.
Based on formula (8), the calculation results of degree
centrality show that provinces with the degree centrality
greater than 50 have the most considerable eﬀect on other
provinces in the development of digital ﬁnancial inclusion.
Besides, in terms of connectivity, these provinces are at the
core of China’s spatial association network of digital ﬁnancial inclusion development. Among these provinces, the
rapidly developing central and western provinces (Shanxi,
Henan, Hubei, Sichuan, Hunan, Chongqing, Inner Mongolia, Anhui, Jiangxi, Guangxi, Shaanxi, and Ningxia) account for more than 85%. These provinces are in direct
contact or are adjacent to many other provinces and could be
recognized by other provinces as major channels to transmit
digital ﬁnancial inclusion development information. However, the degree centrality of eastern coastal provinces, such
as Shanghai, Jiangsu, Zhejiang, Guangdong, and Fujian, is
relatively low, which indicates that these economically developed provinces have limited direct or indirect spatial
connections with other provinces in terms of digital ﬁnancial
inclusion development; hence, these provinces are in a
relatively marginal location with respect to connectivity in
the network. Part of the reason for this phenomenon lies
with the fact that the aforementioned central and western
provinces are located in the middle of China’s geographic
space. Therefore, relying on the geographical advantage of
connecting east-west and north-south, these provinces can
strengthen connections with more provinces in the development of digital ﬁnancial inclusion, thereby establishing
more spatial associations. In contrast, restricted by geographical conditions, the aforesaid eastern provinces have
more connections with the central provinces and fewer
connections with the western provinces. As a result, these
provinces only establish the spatial associations of digital
ﬁnancial inclusion with fewer provinces.

Complexity
According to the results of betweenness centrality calculated on the basis of formulas (9) and (10), the average
betweenness centrality of 31 provinces is 29.548; the betweenness centrality of 15 provinces is higher than the
average. Among them, the Shaanxi, Sichuan, and Shanxi
provinces are the most critical nodes because they have the
highest betweenness centrality. These three relatively fastdeveloping central and western provinces play an essential
role in neighboring provinces and have a strong ability to
control interprovincial digital ﬁnancial inclusion development. In other words, these provinces are in the central
location with respect to intermediation and play the critical
“intermediary” and “bridge” role in the spatial association
network, connecting the development of digital ﬁnancial
inclusion in eastern and western provinces. This phenomenon may be inseparable from the geographical advantage of
these provinces. These provinces are located not only in the
middle of China’s geographic space but also along the HeiheTengchong Line which represents China’s demographic,
geographic, and economic boundaries. Therefore, relying on
the advantage of “intermediary” and “bridge” in geographical location, these provinces occupy the central location in terms of intermediation and control the
cooperation in digital ﬁnancial inclusion between other
provinces in the network. The betweenness centrality of
Guizhou, Gansu, Jiangsu, Zhejiang, Qinghai, Fujian,
Guangdong, and Xinjiang are all less than 5. Among them,
half of the provinces are in the developed eastern region,
whereas the other half is in the underdeveloped western
region. However, these provinces all have relatively limited
inﬂuence on neighboring provinces in the development of
digital ﬁnancial inclusion. This phenomenon may be caused
by these provinces being located at the edge of China’s
geographic space; hence, they are not dominant geographically. This is also reﬂected in their location in the
spatial association network; that is, these provinces are at the
edge of the network, so they have weak abilities to control
the digital ﬁnancial inclusion cooperation between other
provinces.
According to the calculation results of closeness centrality based on formula (11), the mean value of 31 provinces
is 60.055; 15 provinces have a higher value than the average.
Among them, rapidly developing central and western
provinces (Shanxi, Hunan, Hubei, Sichuan, Guangxi,
Chongqing, Hunan, Shaanxi, Ningxia, Heilongjiang, Anhui,
Jiangxi, and Qinghai) account for more than 86%. These
provinces are relatively close to other provinces in the spatial
association network; that is, they can quickly interact with
other provinces regarding digital ﬁnancial inclusion development. Hence, these provinces occupy the central location
with respect to accessibility of the spatial association network of digital ﬁnancial inclusion development and are the
central actors. It is worth noting that these provinces are
almost the same as the central and western provinces with a
degree centrality greater than 50. Therefore, these provinces
that occupy the central location of the spatial association
network can also be attributed to their superior location
which connects east-west and north-south. Due to this locational advantage, these provinces can establish closer
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spatial associations with other provinces in terms of digital
ﬁnancial inclusion development. The last ten provinces are
Beijing, Shanghai, Xinjiang, Jilin, Guizhou, Zhejiang,
Jiangsu, Guangdong, Gansu, and Fujian. Among these
provinces, the eastern provinces account for 60%, and the
central and western provinces account for 40%. However,
they are all marginal actors in the spatial association network
and may need to rely on other provinces to relay digital
ﬁnancial inclusion development information. This may also
be because these provinces are located at the edge of China’s
geographic space (i.e., eastern and western regions).
Therefore, they need to rely on the central provinces to
establish spatial associations with other provinces.
It can be seen from the above analysis that some rapidly
developing central and western provinces occupy the central
location in terms of connectivity, intermediation, and accessibility in the spatial association network of China’s digital
ﬁnancial inclusion development. In addition to being aﬀected
by geographical factors, we believe that this kind of locational
characteristics of the spatial association network is also aﬀected
by policy factors to a certain extent. At the end of 2015, the
Chinese government issued the “Plan for Promoting Inclusive
Finance Development (2016–2020),” making more speciﬁc
arrangements for inclusive ﬁnance development. Correspondingly, the Ministry of Finance of China began to implement the plan in 2016 by allocating special funds for the
development of inclusive ﬁnance to all provinces. As shown in
Figure 2, from 2016 to 2018, the Ministry of Finance of China
mainly allocated special funds to provinces such as Yunnan,
Henan, Shaanxi, Hubei, Jiangxi, Hunan, Guizhou, Gansu,
Sichuan, and Anhui. These provinces are all located in the
central and western regions of China, reﬂecting the Chinese
government’s strong support for developing inclusive ﬁnance
in central and western provinces. Since digital ﬁnancial inclusion is an essential direction of inclusive ﬁnance, the development of digital ﬁnancial inclusion in central and western
provinces accelerates accordingly, which helps these provinces
establish more spatial associations with other provinces.
Overall, the central and western provinces have occupied the
central location in the spatial association network of China’s
digital ﬁnancial inclusion development mainly due to their
superior geographical location and strong government support.
3.1.3. Block Model Analysis. The focus of block model
analysis is to identify and determine the role and position of
each province in the spatial association network of the development of digital ﬁnancial inclusion so as to ﬁnd the
“subgroups” in the network. Using UCINET software and
setting the maximum segmentation depth and convergence
criterion to 2 and 0.2, respectively, four digital ﬁnancial inclusion development blocks can be obtained (as shown in
Figure 1). Block 1 has eight members, all located in the
economically developed eastern region, including Beijing,
Tianjin, Jiangsu, Guangdong, Zhejiang, Hainan, Fujian, and
Shanghai. Block 2 has four members, all of which are relatively
fast-developing western provinces, namely, Guangxi,
Chongqing, Sichuan, and Shaanxi. Block 3 has nine members,
including provinces with strong economic growth (Hebei,
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Shandong, Henan, Hubei, and Liaoning) and provinces with
relatively slow economic growth (Qinghai, Shanxi, Heilongjiang, and Ningxia). Block 4 has ten members, mainly the
relatively backward provinces in the central and western
regions, namely, Jilin, Inner Mongolia, Hunan, Yunnan,
Tibet, Guizhou, Gansu, Jiangxi, Anhui, and Xinjiang.
In the actual 359 associations in the spatial association
network, the number of associations within the four blocks is
198, and the number of associations between the four blocks is
161, demonstrating the existence of spatial associations and
spillover eﬀects between the blocks. Speciﬁcally, according to
Table 2, we can observe that Block 1 sends 24 relationships to
other blocks but only receives 9 relationships from Block 2.
The number of relationships that Block 1 sends out to the other
blocks is approximately three times the number of relationships that is received from the other blocks. Therefore, Block 1
can be considered as a “net spillover” block. Block 2 receives 55
relationships from other blocks and simultaneously sends 40
relationships to other blocks; however, there are only a few
relationships between the internal members of Block 2.
Therefore, Block 2 is a typical “broker” block. Block 3 sends 60
relationships to other blocks and receives 69 relationships from
other blocks; the expected internal relation ratio is 26.67%, and
the actual internal relation ratio is 48.72%. Hence, Block 3 ﬁts
the condition of a “primary beneﬁciary” block. Block 4 sends
75 relationships within the block and 37 relationships to other
blocks. The expected internal relation ratio is 30.00%, and the
actual internal relation ratio is 66.96%. Thus, Block 4 meets the
condition of a “bidirectional spillover” block.
According to the distribution of the associations between
blocks, the density matrix (as shown in Table 3) can be calculated to reﬂect the distribution of spillover eﬀects among
blocks. With the entire network density being 0.386, there will
be a tendency to concentrate in the block when the density of
one block is greater than 0.386. Hence, by assigning a value
greater than 0.386 in the density matrix as 1, otherwise,
assigning as 0, the image matrix as shown in Table 4 can be
obtained. The image matrix can clearly show the spillover eﬀects
between blocks. According to Tables 3 and 4, we can observe
that the spillover eﬀect of Block 1 is mainly reﬂected in itself and
Block 2, that of Block 2 is mainly reﬂected in itself and Block 3,
and that of Block 3 is mainly reﬂected in itself and Block 2. By
contrast, the spillover eﬀect of Block 4 is only reﬂected in itself.
The image matrix also clearly shows the transmission
mechanism of the development of digital ﬁnancial inclusion
in China. Figure 3 shows that, ﬁrst of all, the development of
China’s digital ﬁnancial inclusion has a noticeable “club”
eﬀect. This indicates that abundant associations exist within
each block; that is, the members within the block are closely
related to each other. Second, Block 1 is the engine for the
development of China’s digital ﬁnancial inclusion and
transmits the development’s momentum to Block 2. Third,
as an important “bridge” and “link,” Block 2 transmits the
development’s momentum to Block 3. And next, part of the
development’s momentum is returned to Block 2 by Block 3.
Hence, it can be seen that this transmission mechanism has
the characteristics of gradient spillover and bidirectional
spillover. Overall, the members of Block 1 (Beijing, Tianjin,
Jiangsu, Guangdong, Zhejiang, Hainan, Fujian, and
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Figure 2: The allocation of special funds for ﬁnancial inclusion development in various provinces in China from 2016 to 2018.

Table 2: Analysis of spillover eﬀects between various blocks.
Expected
Block
internal
Block Block 1 Block 2 Block 3 Block 4
membership relation ratio
(%)
Block 1
54
18
6
0
8
23.33
Block 2
9
12
29
2
4
10.00

Actual
internal
relation
ratio (%)
69.23
23.08

Total
Total relations
relations sent
received from
to other
other blocks
blocks
9
24
55
40

Block 3

0

34

57

26

9

26.67

48.72

69

60

Block 4

0

3

34

75

10

30.00

66.96

28

37

Table 3: Density matrix of the blocks.
Block
Block
Block
Block

1
2
3
4

Block 1
0.964
0.281
0.000
0.000

Block 2
0.563
1.000
0.944
0.075

Block 3
0.083
0.806
0.792
0.378

Block 4
0.000
0.050
0.289
0.833

Block role
Net spillover
Broker
Primary
beneﬁcial
Bidirectional
spillover

Shanghai) serving as the engine are all located in the developed eastern region with rapid economic growth and
ﬁnancial development. Therefore, these provinces can lead
other provinces in the development of digital ﬁnancial
inclusion based on their economic and ﬁnancial development advantages. However, the driving eﬀect of Block 1
on Block 3 (economically developed areas and economically backward areas) is not directly realized but indirectly
realized through Block 2 (relatively fast-developing western
provinces).

Table 4: Image matrix of the blocks.
Block
Block
Block
Block

1
2
3
4

Block 1
1
0
0
0

Block 2
1
1
1
0

Block 3
0
1
1
0

Block 4
0
0
0
1

3.1.4. Method Eﬀectiveness Analysis. In graph theory,
Minimum Spanning Tree (MST) is a standard approach used
to describe network structure. A network constructed based
on the MST approach can intuitively reﬂect the most critical
connections and information between nodes in the network
with the simplest structure [20, 33, 34]. Therefore, we refer to

Complexity

9

Block 1

Block 2

Block 3

Block 4

Figure 3: Relationship between China’s four digital ﬁnancial inclusion development blocks.

the work of Yang and Liu [21] and verify the eﬀectiveness of
our method of constructing the network mentioned above
by establishing a network based on the MST method. The
basis of the network, which is constructed on the basis of the
MST method, is also the correlation coeﬃcient. After calculating the correlation coeﬃcient in accordance with
equation (2), we can convert it into Euclidean distance in
accordance with equation (1). Then, we can use Prim’s algorithm to construct MST [35].
The concise network of digital ﬁnancial inclusion development in China built based on the MST method is
shown in Figure 4. Figure 4 provides some convincing information. Except for Chongqing, the role and position of
other provinces in the network constructed based on the
MST method are basically the same as before. In this tree
structure, the eight developed eastern provinces (i.e.,
Guangdong, Jiangsu, Fujian, Beijing, Zhejiang, Shanghai,
Tianjin, and Hainan) are clustered in Block 1 on the upper
right. Block 2 connected to Block 1 includes three relatively
fast-developing western provinces, that is, Shaanxi, Guangxi,
and Sichuan. Their structure of association is relatively
simple. As a critical node, Hebei is connected to Blocks 3 and
4. Compared with the previous network, besides ﬁve
provinces with strong economic growth (Hebei, Shandong,
Henan, Hubei, and Liaoning) and four provinces with
relatively slow economic growth (Qinghai, Shanxi, Heilongjiang, and Ningxia), Block 3 also includes Chongqing
which used to belong to Block 2. Block 4 is the same as before
and mainly includes Jilin, Inner Mongolia, Hunan, Yunnan,
Tibet, Guizhou, Gansu, Jiangxi, Anhui, and Xinjiang, which
are relatively underdeveloped central and western provinces.
Moreover, Block 1 and Block 3 are not directly connected
but indirectly connected through Block 2.
In conclusion, by comparing the network constructed
based on our method with the network constructed based on
the MST approach, we ﬁnd that the role and position of the
provinces in the network are basically the same as before.
Therefore, the eﬀectiveness of our network construction
method is well conﬁrmed.
3.2. Inﬂuencing Factors of the Spatial Association Network
3.2.1. QAP Correlation Analysis. We use UCINET software
and select 5000 random permutations to test the correlation

between the spatial association matrix and the matrices of
the inﬂuencing factors, and the results obtained are shown in
Table 5. In Table 5, “Value” represents the actual correlation
coeﬃcients between the spatial association matrix and the
inﬂuencing factor matrices; “Signiﬁcance” represents the
signiﬁcance level; “Average” and “Std. dev” represent the
average value and the standard deviation of the correlation
coeﬃcients calculated from 5000 random permutations;
“Min” and “Max” denote the minimum and maximum
values in the randomly calculated correlation coeﬃcients;
“Prop ≧ 0” and “Prop ≦ 0” indicate the probability that the
correlation coeﬃcients of these random calculations are no
less than and no more than the actual correlation coeﬃcients, respectively.
The QAP correlation analysis results show a signiﬁcantly
positive correlation between the spatial association matrix R
and the spatial adjacency matrix S, with a correlation coeﬃcient of 0.123. This result indicates that the geographical
adjacency between provinces has a signiﬁcantly positive
eﬀect on the spatial association and spatial overﬂow between
provinces. The correlation coeﬃcients between the spatial
association matrix R and the other diﬀerence matrices
reﬂecting the development level of the economy, traditional
ﬁnance and the Internet (PC Internet and mobile Internet),
and the industrial structure are all signiﬁcantly negative. This
result means that these four kinds of critical factors also
aﬀect the spatial association and spatial spillover between
provinces.
Furthermore, we perform a QAP correlation analysis on
the matrices of the inﬂuencing factor. The results in Table 6
show that the matrices of inﬂuencing factors are highly
correlated and statistically signiﬁcant. Therefore, the eﬀect of
these inﬂuencing factors on spatial association matrix R may
overlap, which is a characteristic of relational data. Hence,
we must use the QAP method to deal with the “multicollinearity” problem between these relational data.
3.2.2. QAP Regression Analysis. We use UCINET software
and select 5000 random permutations to test the eﬀect of the
matrices of various inﬂuencing factors on the spatial association matrix R, and the results obtained are shown in
Tables 7 and 8. The model-ﬁtting results in Table 7 show that
the determination coeﬃcient is 0.142, and its adjusted value
is 0.137. This result indicates that when a linear relationship
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Figure 4: Network structure of digital ﬁnancial inclusion development in China from 2011 to 2018 based on the MST approach.

Table 5: QAP correlation analysis of spatial association matrix R and its inﬂuencing factor matrices.
Variable
S
E
F
N
M
I
Note.

∗∗∗

Value
0.123∗∗∗
− 0.315∗∗∗
− 0.098∗∗
− 0.335∗∗∗
− 0.246∗∗∗
− 0.109∗∗
and

∗∗

Signiﬁcance
0.007
0.000
0.038
0.000
0.000
0.021

Average
0.000
− 0.001
− 0.000
− 0.000
− 0.001
0.000

Std. dev
0.043
0.050
0.051
0.051
0.054
0.056

Min
− 0.151
− 0.207
− 0.257
− 0.270
− 0.205
− 0.172

Max
0.166
0.138
0.136
0.137
0.157
0.154

Prop ≥ 0
0.007
1.000
0.963
1.000
1.000
0.980

Prop ≤ 0
0.995
0.000
0.038
0.000
0.000
0.021

denote signiﬁcance at 1% and 5% levels, respectively.

exists between the spatial association matrix R and the
inﬂuencing factor matrices that we considered in this study,
the matrices of the inﬂuencing factors with a signiﬁcant
inﬂuence can explain 13.7% of the variation of the spatial
association matrix R.
The regression coeﬃcients and the test indicators of each
variable are shown in Table 8. In Table 8, “Unstandardized
coeﬃcient” and “Standardized coeﬃcient” represent the
unstandardized and standardized regression coeﬃcients of
the variable matrices; “Signiﬁcance” represents the signiﬁcance level; “Prop ≧ 0” and “Prop ≦ 0” indicate the probability that these randomly calculated regression coeﬃcients
are no less than and no more than the actual regression
coeﬃcients, respectively. The results show that the regression coeﬃcients of diﬀerence matrices N and E, − 0.236 and
− 0.171, are both signiﬁcantly negative at the 1% signiﬁcance

level, indicating that when the diﬀerence of the development
level of the PC Internet and economy decreases by 1%, the
probability of establishing the spatial association between
two provinces can be increased by 0.236% and 0.171%, respectively. The regression coeﬃcient of diﬀerence matrix I is
0.195 and signiﬁcant at the 1% signiﬁcance level, indicating
that when the industrial structure’s diﬀerence increases by
1%, the probability of building two provinces’ spatial association can be increased by 0.195%. The regression coeﬃcient of spatial adjacency matrix S is 0.062 and signiﬁcant
at the 10% signiﬁcance level, indicating that if two provinces
are adjacent, the probability of establishing the spatial association between these two provinces can be increased by
0.062%, whereas the regression coeﬃcients of diﬀerence
matrices M and F are insigniﬁcant, indicating that the
diﬀerence in the development level of the mobile Internet
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Table 6: QAP correlation analysis between inﬂuencing factors matrices.

Variable
S
E
F
N
M
I
Note.

∗∗∗

S
1.000∗∗∗
− 0.148∗∗∗
− 0.115∗∗∗
− 0.151∗∗∗
− 0.108∗∗∗
− 0.079∗∗
and

∗∗

E
− 0.148∗∗∗
1.000∗∗∗
0.270∗∗∗
0.710∗∗∗
0.550∗∗∗
0.453∗∗∗

F
− 0.115∗∗∗
0.270∗∗∗
1.000∗∗∗
0.324∗∗∗
0.476∗∗∗
0.667∗∗∗

N
− 0.151∗∗∗
0.710∗∗∗
0.324∗∗∗
1.000∗∗∗
0.790∗∗∗
0.546∗∗∗

M
− 0.108∗∗∗
0.550∗∗∗
0.476∗∗∗
0.790∗∗∗
1.000∗∗∗
0.723∗∗∗

I
− 0.079∗∗
0.453∗∗∗
0.667∗∗∗
0.546∗∗∗
0.723∗∗∗
1.000∗∗∗

denote signiﬁcance at 1% and 5% levels, respectively.

Table 7: Results of model ﬁtting.
2

R
0.142

Adjusted R
0.137

2

Observations
930

Permutations
5000

Table 8: QAP regression results of spatial association matrix R and its inﬂuencing factor matrices.
Variable
Interception
S
E
F
N
M
I
Note.

∗∗∗

and

Unstandardized coeﬃcient
0.386
0.085
− 0.247
− 0.095
− 1.136
− 0.002
1.087
∗

Standardized coeﬃcient
0.000
0.062∗
− 0.171∗∗∗
− 0.066
− 0.236∗∗∗
− 0.068
0.195∗∗∗

Signiﬁcance
—
0.061
0.006
0.117
0.005
0.210
0.007

Prop ≧ 0
—
0.061
0.994
0.883
0.995
0.791
0.007

Prop ≦ 0
—
0.940
0.006
0.117
0.005
0.210
0.994

denote signiﬁcance at 1% and 10% levels, respectively.

and traditional ﬁnance has almost no eﬀect on the spatial
association between provinces.

4. Conclusions and Implications
This study constructs a spatial association network of digital
ﬁnancial inclusion development and uses the network
analysis method and the QAP method to analyze the network’s structural and locational properties and the inﬂuencing factors. Concretely, we ﬁrst set up a spatial
association network based on the Euclidean distance; then,
we study the structural and locational properties of the
network and the role and position of the provinces within
the network through the analysis of the whole network,
centrality, and block model; lastly, we explore the inﬂuencing factors of the spatial association by using the QAP
method. According to the research results, we draw the
following conclusions:
(1) The spatial association network of China’s digital
ﬁnancial inclusion development has high connectivity, nonhierarchy, and strong stability; however,
its density is relatively low. Hence, further communication and cooperation between provinces to
develop digital ﬁnancial inclusion can still be promoted. The centrality of some rapidly developing
central and western provinces located in the middle
of China’s geographic space is relatively high. By
contrast, the centrality of some developed eastern
provinces is relatively low. We believe that this result

is mainly aﬀected by geographical factors and policy
factors. On the one hand, based on the geographical
advantage of connecting east-west and north-south,
these rapidly developing central and western provinces are able to establish spatial associations with
more provinces for the development of digital ﬁnancial inclusion. On the other hand, relying on the
strong support of the Chinese government, digital
ﬁnancial inclusion in the central and western
provinces has made considerable progress, which has
also promoted the establishment of spatial associations with more provinces.
(2) Provinces in the spatial association network of
China’s digital ﬁnancial inclusion development can
be roughly divided into four blocks. As a net spillover
block, Block 1 includes eight developed eastern
provinces: Beijing, Tianjin, Jiangsu, Guangdong,
Zhejiang, Hainan, Fujian, and Shanghai. Block 2
plays the role of the broker and is composed of four
relatively fast-developing western provinces, which
are located in the middle of China’s geographic space
(i.e., Guangxi, Chongqing, Sichuan, and Shaanxi).
Block 3 is the primary beneﬁciary block, including
provinces with strong economic growth (i.e., Hebei,
Shandong, Henan, Hubei, and Liaoning) and
provinces with relatively slow economic growth (i.e.,
Qinghai, Shanxi, Heilongjiang, and Ningxia). Block 4
consists of relatively backward provinces in the
central and western regions (i.e., Jilin, Inner
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Mongolia, Hunan, Yunnan, Tibet, Guizhou, Gansu,
Jiangxi, Anhui, and Xinjiang) and plays the role of
bidirectional spillover in the network. Among the
four blocks, Block 1 is the engine that promotes the
digital ﬁnancial inclusion development in China, and
its driving eﬀect on Block 3 is not directly realized
but indirectly realized through Block 2.
(3) The similarity in the development level of the PC
Internet and economy, the diﬀerence in the industrial structure, and the spatial adjacency are the main
inﬂuencing factors of the interprovincial spatial
association of China’s digital ﬁnancial inclusion
development. On the contrary, the interprovincial
spatial association of China’s digital ﬁnancial inclusion development is hardly aﬀected by the development level of the mobile Internet and
traditional ﬁnance. Among these inﬂuencing factors,
it is worth noting that, ﬁrst of all, spatial adjacency is
still an important factor aﬀecting the spatial association. This reﬂects that although digital ﬁnancial
inclusion can break through the limitations of time
and space, its development is still inﬂuenced by the
geographical factor to some extent. Second, the
development level of traditional ﬁnance hardly affects the spatial association, indicating that although
digital ﬁnancial inclusion still follows the essence of
ﬁnancial development, its development does not
mainly depend on the development level of traditional ﬁnance.

The policy implications of the conclusion are as follows:
First of all, based on the characteristics of low density, high
connectivity, nonhierarchy, and strong stability of spatial
association network of China’s digital ﬁnancial inclusion
development, policymakers can further strengthen the
communication and docking among provinces and actively
establish consultation and cooperation mechanism so as to
eﬀectively promote the information exchange and resources
sharing of digital ﬁnancial inclusion development among
provinces. Second, policymakers can highlight the central
position of the rapidly developing central and western
provinces represented by Shanxi, Sichuan, Hunan, and
Hubei in terms of connectivity, intermediation, and accessibility in the spatial association network of China’s
digital ﬁnancial inclusion development. On the one hand,
policymakers can fully tap the potential of these provinces in
transmitting the information of digital ﬁnancial inclusion
development. On the other hand, policymakers can give full
play to the role of these provinces as the “bridge” and “link”
in promoting the coordinated development of digital ﬁnancial inclusion among provinces. Third, policymakers can
bring the radiating and leading role of the eastern developed
provinces in the spatial association network of China’s
digital ﬁnancial inclusion development into full play. By
disseminating the valuable experience and feasible path of
developing digital ﬁnancial inclusion in the developed
eastern provinces to the central and western provinces, it will
drive and help the central and western provinces develop
digital ﬁnancial inclusion. Lastly, in order to increase the

probability of establishing the spatial association between
provinces and amplify the interprovincial spatial spillover
eﬀect, policymakers can make eﬀorts in several ways, including comprehensively increasing the national PC Internet penetration rate, promoting the coordinated
development of regional economies, and forming an
interprovincially diﬀerentiated industrial structure.
Although we have conducted a relatively comprehensive
analysis, our research still has limitations in some aspects.
First, limited by the data, we have not investigated the
evolutionary characteristics of the spatial association network from a dynamic perspective and have only merely
described the static characteristics. Hence, we will conduct
dynamic evolution research on the spatial association network in the future. In addition to Euclidean distance, we can
consider using other spatial metrics as the distance to
construct network connections. We can then compare and
analyze networks with diﬀerent spatial metrics to further
understand digital ﬁnancial inclusion development’s spatial
association.
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