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ABSTRACT Understanding multidimensional interaction mechanisms and information propagation
across interconnected regional networks has become increasingly important for coordinated industrial
development and intelligent decision-making. To overcome the limitations of conventional spatial models
based solely on geographic proximity, this study proposes a three-dimensional coupled analytical
framework integrating geography, industrial linkages, and financial flows for investigating the impact
of digital inclusive finance on regional industrial development. Geographic information, interregional
input—output relationships, and intercity digital payment flows are fused through an entropy-weighted
coupling strategy to construct a multidimensional spatial interaction matrix. Dynamic Spatial Durbin
Models, spatiotemporal geographically weighted regression, and social network analysis are subsequently
employed to characterize spillover mechanisms, transmission pathways, and core—periphery structures.
Experimental results demonstrate that the proposed three-dimensional framework significantly enhances
spatial spillover estimation, increasing the spillover coefficient from 0.263 to 0.384 while improving
model explanatory power to an R* of 0.784. Financing constraint mitigation contributes 45% of the
mediation effect, followed by technological innovation spillover and industrial linkage transmission.
By modeling heterogeneous interaction networks and dynamic propagation behaviors, the proposed
framework provides an effective computational paradigm for multidimensional information fusion and
offers valuable engineering references for network topology optimization, distributed communication
architectures, electromagnetic wave propagation modeling, and adaptive routing strategies in large-scale
interconnected systems.

INDEX TERMS digital inclusive finance, multidimensional spatial networks, spatiotemporal information
propagation, network topology analysis, electromagnetic wave propagation

. INTRODUCTION

ITH its low cost, extensive scope, and efficient reach,

digital inclusive financial services are a major factor
in reshaping the development patterns of regions and their
industries. Nevertheless, previous research examining the
spatial spillover effects of digital inclusive finance tends to
use only one type of geographical proximity (neighborhood)
weight, or alternatively, use a simplistic economic distance
measurement as the basis for analysis, and does not provide
an adequate representation of the intricacies of the spatial
linkage structure made up by the divisions of labour in
the industrial chains or the capital flow networks [1,2].
Such a simplification can easily overlook the dynamic and
directional characteristics of spatial flows, which leads to
an inaccurate estimate of spatial spillover effects leading to
an inaccurate identification of mechanisms of collaborative
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development at a regional industrial level [3,4].

In reality, regional industrial growth is based on many
factors apart from just geography; it is also based on
previous industrial activity (i.e., upstream and downstream)
through the interactions of those industries’ inputs and out-
puts. Regional growth is further affected by their financial
network based on the flow of capital through those indus-
tries. Scholars both domestically and internationally have
explored this from different dimensions. One study, based
on panel data from prefecture-level cities, used a spatial
Durbin model to verify the significant radiation effect of
digital inclusive finance on the upgrading of manufacturing
in surrounding areas; however, its weight matrix only relies
on the inverse of geographical distance, failing to reflect
the vertical linkages of the industrial chain [5,6]. Huang Y
established a dual fixed effects model and a mediating effect
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model to examine the impact of digital inclusive finance
on industrial integration and its path, and further explored
the moderating role and spatial differences of financial
support [7]. Chen Y studied the impact of digital inclu-
sive finance on inter-city innovation cooperation, revealing
that digital inclusive finance can significantly enhance the
breadth and intensity of innovation cooperation [8]. Sun Z
attempted to examine the spatial interaction effect between
digital inclusive finance and technological innovation, that
is, the impact of geographical location on the mechanism
of their coordinated development [9]. Chen L explored the
impact of digital inclusive finance and industrial structure
upgrading on the economy, showing that the positive impact
only appeared after financial and industrial development
exceeded a certain threshold, and the spillover effect is more
significant in non-central cities than in central cities [10].
The above studies have laid an important foundation for
understanding the spatial effect of digital inclusive finance,
but in the construction of the weight matrix, there are
generally problems such as single dimension, subjective
weighting, and failure to dynamically integrate the multiple
interactions of “geography-industry-finance”, which leads
to limited estimation accuracy of spatial spillover effect
and difficulty in capturing the real transmission process of
spillover path in complex network.

To address the core deficiency of the single dimension of
the weight matrix, some studies have attempted to directly
improve the spatial weight setting. Janatabadi F introduced
an accessibility weight matrix to capture the spatial depen-
dence of accessibility within a region [11]. Other studies,
while not directly improving the weight matrix, have re-
vealed the multidimensionality and complexity of spatial
dependence from the perspectives of spatial econometric
analysis, regional difference decomposition, and threshold
effect: Hui P analyzed how digital finance affects regional
innovation capabilities through spatial econometrics and
found that digital finance has a significant spatial spillover
effect [12]; Dong H used centroid shift and Theil index
decomposition to explore the regional differences in the
development of inclusive digital finance [13]; Ding R and
Chen L introduced environmental regulation variables into
the spatial Durbin model and found that the spillover effect
of digital finance has significant nonlinearity and spatial het-
erogeneity [14,15]. However, none of the above studies have
achieved the organic integration of the three heterogeneous
spatial structures of geographical proximity, industrial chain
linkage, and financial flow dynamics, and lack in-depth
analysis of the dynamic identification and non-stationarity
characteristics of spatial spillover paths, making it difficult
to reveal the differentiated transmission mechanism of inclu-
sive digital finance in different spatial structures. Therefore,
this paper aims to construct a three-dimensional coupled
spatial analysis framework of “geographyindustry-finance”
to address the estimation bias of spatial spillover effects
caused by the coarse spatial weight matrix and neglect of
the dynamics of financial flows in existing studies. The
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study first integrates geographic information of prefecture-
level cities, inter-regional input-output tables, and intercity
digital payment flow data to construct geographic prox-
imity weight matrices, industrial chain association weight
matrices, and financial flow weight matrices, respectively,
and couples them into a comprehensive weight matrix
using the entropy method. Then, a dynamic spatial Durbin
model and spatiotemporal geographic weighted regression
are employed, combined with social network analysis, to
identify core-periphery structures and spillover paths. Based
on this, the paper focuses on examining three transmission
mechanisms by which digital inclusive finance promotes
regional industrial development: relief of financing con-
straints, technological innovation spillover, and industrial
association transmission. Through these methods, this paper
reveals the transmission mechanism by which digital inclu-
sive finance reshapes the regional industrial spatial pattern
through financial flow networks, providing a theoretical
basis for differentiated regional collaborative development
policies.

Il. METHOD

A. DATA PREPROCESSING AND CONSTRUCTION OF
MULTIDIMENSIONAL INDICATOR SYSTEM

The study uses prefecture-level cities within China that had
available data from 2015 through 2022. Any cities with
missing data or that underwent significant changes in their
administrative divisions are omitted from this dataset, result-
ing in 110 prefecture-level cities forming a balanced panel
for evaluation. The balanced dataset includes observations
from cities located in the eastern, central, western and north-
eastern regions of the country to provide a representative
sample of spatial variation while maintaining continuity and
comparability of the variable measurements over time. The
data on which the research is based are derived from four
primary sources: the Peking University Digital Inclusive
Finance Index, the China Urban Statistical Yearbook, Inter-
regional Input-Output Tables, and anonymized transaction
data from leading thirdparty payment providers, including
Alipay and WeChat Pay, which collectively account for
over 90% of China’s mobile payment market share. The
dataset covers over 1.2 billion transaction records annually,
ensuring high consistency with the Peking University Index
in terms of digital service penetration and capital flow in-
tensity, thereby providing a robust empirical foundation for
the “geography-industry-finance” coupling and anonymized
transaction records provided by the Digital Finance Re-
search Center, covering the two dominant mobile payment
platforms in China (Alipay and WeChat Pay) from 2015 to
2022. The dataset includes over 500 million annual inter-city
capital transfer records. To construct the city-level financial
flow matrix, we aggregated individual transaction-level data
by summing the total volume of cross-city transfers between
110 sample cities. Data cleaning involved removing system-
generated internal transfers and error logs to ensure the data
reflected genuine economic activities. All personal identi-

VOL. 15, NO. 3, AUGUST 2026



R. Ding et al.

fiers were processed using a one-way cryptographic hash
(SHA-256) at the source before being provided for research,
strictly adhering to China’s Data Security Law[16,17]. In
order to manage the differences in dimensionality as well
as the existence of nonstationarity in multiple dimensions
, this study employs a logarithmic transformation for the
positive skewness of some variables (such as digital payment
transaction volume and patent authorizations): y,= In(x,+e€
) , where x, represents the original observation value of
the i-th city in year ¢ eis a smoothing constant, and y, is
the transformed sequence. This approach aims to reduce het-
eroscedasticity interference and improve model convergence
stability.

Missing values are handled using a strategy combining
multiple imputation and spatially weighted interpolation.
For indicators with a random missing rate of less than 5%,
five sets of complete data are generated using Multivariate
Imputation by Chained Equations (MICE), and parameter
estimates are merged using the Rubin rule [18]. For vari-
ables with spatial autocorrelation characteristics (such as
the intensity of intercity capital flow), an inverse distance
weight matrix is constructed, and the gaps are filled with the
weighted mean of observations from neighboring cities to
ensure that the spatial dependence structure is not destroyed.
Indicator standardization adopted the range method to elim-
inate the influence of dimensions. Positive and negative
indicators are processed according to the two equations of
equation (1):

/ ity — ming (z;)
Litg =

max; () — min ()’ 0
_ max;(z;) — Tigy

/
Litg =

max; () — min; (z;)

In equation (1), w;; is the original value of the j-th
indicator in the t-th year of the i-th city, max;(-) and min;(-)
are the global extreme values of the indicator within the
sample period, and x;tj is the standardized value mapped
to the interval [0,1].

The multi-dimensional indicator system is constructed
according to a three-level architecture of “target layer

« criterion layer - indicator layer”. The digital inclusive
finance dimension selects three criteria layers and 12
basic indicators: coverage breadth (account penetra-
tion rate, service outlet density), usage depth (aver-
age payment frequency, micro-credit availability), and
digitalization level (mobile terminal usage rate, credit
assessment coverage rate). The regional industrial de-
velopment dimension covers three criteria layers and

11 basic indicators: industrial scale (total added value,

employment absorption capacity), industrial structure (Theil
index, advanced ratio), and industrial efficiency (total factor
productivity, output per unit of energy consumption). In-
dicator weights are objectively assigned using the entropy
method. The information entropy £; and weight w; of the
j-th indicator are calculated as follows:
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In equation (2), T" represents the time span, /N represents
the city sample size, M represents the total number of
indicators, ¢ represents the zero-value correction term, p;;
represents the standardized weight, and w; represents the
final weight. This method avoids subjective weighting bias
by measuring information dispersion, ensuring that the con-
tribution of indicators is consistent with the data variation
characteristics. The comprehensive index is synthesized us-
ing linear weighted aggregation: I;; = Z?il w;xy,;, which
yields the prefecture-level city digital inclusive finance index
and industrial development index, respectively. To verify the
internal consistency of the indicator system, Cronbach’s «
coefficient and variance inflation factor are calculated to
eliminate multicollinearity interference.

B. SPATIAL WEIGHT MATRIX CONSTRUCTION

The geographic proximity weight matrix uses the spherical
distance equation to calculate the great circle distance
between the centroids of cities, thus eliminating planar
projection errors. Let the latitude and longitude coordinates
of cities i and j be (¢;, \;) and (¢;, \;) respectively, and
the geographic distance d;; is calculated according to the
Haversine equation [19,20]:

sin? (¢j ; ¢i>

Aj— N
+ €os ¢; cos ¢; sin? <J2>

3)

In equation (3), R is the average radius of the Earth,
and the angles are uniformly converted to radians. ¢; and
¢; represent the latitudes of city i and city j, and \; and
A; represent the longitudes of city i and city j. The weight
elements are set to exponential decay form, and the diagonal
elements are forced to zero for standardization.

The industrial chain association weight matrix is con-
structed based on a multi-regional input-output table. First,
the provincial department data is weighted and split to
prefecture-level cities according to employment scale, and
the inter-regional transaction flow is balanced using a dual-
scale method [21,22]. The forward association strength F};
and backward association strength B;; of city i and j are
calculated as follows:

d;; = 2R - arcsin
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:§ § Lijs * Asy * Zrj, 7,] E § Zis * Qgr = Tjp.

s=1r=1 s=1r=1
“)

In equation (4), x;s represents the total output of sector s
in city i, z,; represents the final demand of sector r in city
J» as represents the direct consumption coefficient matrix
element, and S represents the total number of industrial
sectors. The bidirectional correlation strength is calculated
by taking the arithmetic mean and standardizing: w‘“d =
(Fij + Bij)/ max; j(Fi; + B;;), eliminating the difference
in dimensions.

The financial flow weight matrix is constructed based on
desensitized intercity digital payment transaction records.
After spatiotemporal alignment, the original transaction logs
are aggregated into the annual capital flow amount Fj; of
the city. Capital flow is directional, so Fj; represents the
annual capital flow amount from city i to city j, and I,
represents the annual capital flow amount from city j to city
i. To eliminate the city scale effect, a gravity model is used
for standardization [23,24]:

win — (Fij + Fy)//Vi- V; . )
v > (Fa + F)/VVi- Vi

In equation (5), V; represents the total financial flow of
city i. 1 is the summation index, and Fj; represents the total
amount of digital payment funds flowing from city i to city
1. This processing makes the weights reflect the relative
strength of financial connections rather than the absolute
scale, and satisfies the constraint that the row sum is 1.

The coupling of the three-dimensional weight matrices
employs an information-theoretic entropy approach to de-
termine the optimal contribution of each spatial dimension.
To resolve the conceptual challenge of weighting relational
matrices, we first flatten each N x N weight matrix (ex-
cluding diagonal elements) into a vector of dimension 1
x N(N-1) , representing the global distribution of spatial
interaction intensity for that specific dimension.

The theoretical justification for using entropy weighting
lies in its ability to objectively measure the “infor mation
certainty” or “structural contrast” within each spatial struc-
ture. Dimensions with higher dispersion (lower entropy)
provide more distinctive spatial information for identifying
spillover boundaries and are thus assigned higher weights.

The information entropy Hj for the k-th dimension
is calculated based on the probability distribution of its
relational elements:

¢ = Wiy
i ~(k)
Zi,j Wi
(6)
In equation (6), @ = N(N — 1) represents the number
of effective city pairs. IV is the total number of prefecture-
. (k) . . (k)
level city samples. g;;" is the proportion of w;;” among all

He = an qu ‘g,

1=1 j=1

3833

off-diagonal elements in the k-th class weight matrix. By
treating the flattened spatial relationships as realizations of
a spatial process, this approach avoids the bias of subjective
weighting while capturing the intrinsic variance of inter-city
linkages. Since the entropy method of weighting depends
on the data dispersion, although its results are objective,
it may still show certain sensitivity to parameter settings
and sample distribution in the context of multidimensional
matrix coupling. Therefore, it is necessary to further ex-
amine the response characteristics of the comprehensive
weight matrix to the weight perturbation of each dimension
in order to evaluate the robustness of the model setting
and the reliability of the interpretation. To this end, this
paper constructs a continuous variation space of three-
dimensional weight parameters to characterize the changing
trends of key statistics of the comprehensive matrix (such as
spatial autocorrelation coefficient and spectral radius) under
different weight combinations, thereby forming a weight
sensitivity surface. The sensitivity surface of the weight of
the three-dimensional coupling matrix is shown in Figure 1.

Figure 1 shows the sensitivity surface of the weights in
the three-dimensional coupling matrix. The spatial autocor-
relation coefficient exhibits a decreasing trend from high
to low. When the geographical weight increases and the
industry association weight relatively decreases, the spatial
autocorrelation coefficient weakens significantly, indicating
that traditional geographical proximity still plays a dominant
role in the spatial dependency structure. Meanwhile, the
surface changes are relatively smooth without significant
abrupt changes, indicating that the model’s response to
weight perturbations has continuity and stability.

C. SOCIAL NETWORK ANALYSIS

Based on the comprehensive weight matrix We«™, a
directed weighted network G= (V, E, Q) is con structed,
where the node set Vcorresponds to 110 prefecture-level
cities, the edge set Econsists of non-zero weight elements,
and {2 is the weight mapping function. To eliminate the
interference of network density on the centrality index, a
threshold truncation method is used to retain the top 15%
of strong connection edges to ensure the integrity of the
topology [25,26].

The node centrality measure is comprehensively
represented by the three-dimensional vector C; =
(Cout CPetw C8) T, The out-degree centrality CP" is
directly taken as the row sum: CP"* = Y. 7wcomp,
reflecting the city’s capital radiation capacity. wé P is the
final weight element between city i and city j in the three-
dimensional coupled comprehensive weight matrix. The
betweenness centrality CP*™" is calculated by improving
the Brandes algorithm, considering the path probability of
edge weights [27]:
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In equation (7), o is the total number of weighted paths network weight, outdeg; = Zj Wij and indeg; =

in the set Ps; of all valid paths from node s to t, p is a
specific path in the set, o (¢) is the number of weighted
paths passing through i, and I(-) is the indicator function.
weyy™P is the weight of edge (u,v), and [, , e, wid™
is the product of the weights of all edges on path p.
This design makes the mediation effect not only dependent
on the number of paths, but also reflects the cumulative
contribution of the intensity of capital flow.

The eigenvector centrality C;'® solves for the principal
eigenvector using the power iteration method. The iteration
equation is:

W™ 4

(1) = __Zeomp® et = Jim oM. (8)

c , i im ¢; .
Weompe™ |2

¢(™ is the feature vector centrality vector obtained in the
n-th iteration, and the convergence criterion is ||c(*+1) —
¢®)||; < 1078, This index captures the association strength
between nodes and their high-centrality neighbors, effec-
tively identifying hidden hub cities.

Community partitioning uses the Louvain algorithm for
modular optimization. The modularity @) is defined as the
structural deviation between the actual network and the
randomized configuration model [28,29]:
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> w§?mp represent the out-degree and in-degree strengths
of the nodes, respectively, 6(-) is the Kronecker function,
and tag; is the community label of node i. The algorithm
performs a two-stage iteration: the first stage traverses the
nodes and moves them into the neighboring communities
that maximize the change in Q; the second stage aggre-
gates the communities to generate supernodes and repeats
the optimization until Q converges. After completing the
calculation of the node centrality indices (out-degree cen-
trality, betweenness centrality, and eigenvector centrality),
it is necessary to further characterize the heterogeneity
of the network structure from the perspective of overall
distribution characteristics. Single mean or local indicators
are difficult to reveal the stratification and concentration of
influence between cities. Therefore, this paper introduces the
Cumulative Distribution Function (CDF) to provide a global
description of the centrality indices, as shown in Figure 2.

Figure 2 shows that the distribution of the three centrality
indicators all exhibits a clear right-skewed charac teristic,
meaning that most cities are concentrated in the lower
centrality range, while a few nodes have a higher centrality
level. This indicates a significant imbalance in the network
structure, with a few core cities dominating capital flows
and spatial spillovers. Meanwhile, the distribution curve of
betweenness centrality is relatively steeper, indicating its
more crucial role in network connectivity.
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Core-periphery structure identification employs a dual- N
threshold determination method. First, nodes are sorted in V. v n Zw Y, + BX
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nodes with 7; > 0.03 are retained as core regions. Periphery
regions are defined as nodes in the bottom 30% of the
CPet™ list that have no outgoing edges pointing to the core
region; the rest are classified as semi-periphery regions. This
strategy considers both the node’s own influence and its
network position, avoiding misjudgment based on a single
indicator.

Spillover path identification is based on an improved K-
shortest path algorithm. Using the core area as the source set
and the edge area as the sink set, the weighted shortest path
is calculated as Ly = argmingep,, 2, ,)ep (W) 7"
and the flow betweenness of the high-frequency edge (u,v)
is counted as B, = Zs’t I((u,v) € p) - Fs, where Fy is
the amount of funds flowing from s to t.

D. DYNAMIC SPATIAL DURBIN MODEL SPECIFICATION
Based on the three-dimensional coupled spatial weight ma-
trix W™, a dynamic spatial Durbin model is constructed
to capture the spatiotemporal dependence and path depen-
dence characteristics of regional industrial development,
solving the problem that traditional static models neglect the
inertia of industrial evolution and spatial feedback mecha-
nisms [30,31]. The model specifications are as follows:
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In equation (10), Y, is the industrial development index of
the i-th city in year t, Y, , is the time lag term, 7 is the time
autoregressive coefficient, reflecting the path dependence
strength of industrial development; w; is the element of the
comprehensive weight matrix, pis the spatial autoregressive
coefficient, measuring the spatial spillover effect; X, is the
vector of core explanatory variables and control variables,
Bis the corre sponding regression coefficient, fis the spatial
lag term coefficient, capturing the spatial interaction influ-
ence of explanatory variables; p,and A represent individual
fixed effects and time fixed effects, respectively, and ¢, is
the random disturbance term.

Parameter estimation adopts the maximum likelihood es-
timation method (MLE). Since the model includes time lag
terms of the explained variables, traditional fixed effects es-
timators suffer from Nickell bias, leading to inconsistencies
between Tand pestimates, and consequently, endogeneity
bias. This study uses bias-corrected maximum likelihood
estimators, eliminates individual effect interference through
the lumped likelihood function, and uses eigenvalue decom-
position to process the spatial Jacobian determinant. The
loglikelihood function is constructed as follows:
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In equation (11), § is the set of parameters to be estimated,
and |[Ixy — pWeomp| is the spatial Jacobian determinant,
used to correct the probability density distortion caused by
spatial dependence. (; is the error vector in year t. The
optimization process adopts the BFGS (Broyden, Fletcher,
Goldfarb, Shanno) quasi-Newton algorithm, with the gradi-
ent convergence threshold set to 10~% and the iteration upper
limit set to 1000 times to ensure the global optimal solution.
Before estimation, the weight matrix is row-normalized to
make its spectral radius equal to 1. Based on this, as long as
the absolute value of the spatial autoregressive coefficient is
less than 1, the spatial process can be guaranteed to meet
the stationarity condition. Since the regression coefficients
of the spatial econometric model cannot directly reflect the
marginal effect, the partial differential method is used to
decompose the effect. The model is written in matrix form
Y = (Int —7L— pWeomp) (BX +0WeompX +1Z), and
the direct and indirect effects of the r-th explanatory variable
are calculated by the mean of the diagonal elements and the
mean of the off-diagonal elements, respectively:

. 1
DlI‘GCtT = N tr(Sr(Wcomp)> 5

Indirect, — %L} (S (Weomp) — diag(Sy (Woomp))) ¢v-
(12)

In equation (12), S, (Weomp) = (Unr — 7L —
PWeomp) LUINTB + Weompl), where ¢n is an N x 1
unit vector. This decomposition quantifies the impact of
local digital inclusive finance on local industries (direct
effect) and its spillover to external industries through spatial
networks (indirect effect).

To verify the rationality of the model specification, Wald
test and LR (Likelihood Ratio) test are performed.

The null hypotheses are H, : 6= 0 and H, : 6+ pp= 0,
respectively. The test results rejected the null hypotheses (
p< 0.01 ), confirming the necessity of the SDM (Spatial
Durbin Model) model specification. Simultaneously, it is
tested whether the spatial autoregressive coefficient pfalls
within the interval (-1, 1) to ensure the spatial process is
stationary. Finally, the model passed the Hessian matrix
positive definiteness test, with all eigenvalues greater than
zero, confirming the concavity of the likelihood function
and the robustness of the estimation results.

E. SPATIOTEMPORAL GEOGRAPHIC WEIGHTED
REGRESSION MODEL

To capture the spatiotemporal non-stationarity of the impact
of digital inclusive finance, a spatiotemporal geographic
weighted regression model is constructed. The model allows
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the regression coefficients to dynamically change with ge-
ographic coordinates (u;, v;) and time coordinates ¢;, over-
coming the limitation of the global model’s assumption of
constant parameters [32,33]. The local regression equation
is set as y; = vo(ui, vi, ti) + Y0 1 U (Wi, Viy 1) Timn, + €5,
where y; is the explained variable, x;,, is the m-th ex-
planatory variable, v,,(-) is the spatiotemporally variable
coefficient, and ¢; is the error term. The weight matrix
is constructed using a Gaussian kernel function, and the
spatiotemporal distance metric combines Euclidean distance
and time difference. To prevent bandwidth search bias
caused by dimensional differences, the spatial and time
coordinates are first standardized by range. The weight w;;
of the i-th sample to the j-th sample is calculated as follows:

ds. 2 dr. 2
Wi = exp | — (hlj> — <hlj> . (13)

In equation (13), df; = \/(u; —u;)? + (v; —v;)? is
the standardized spatial distance, d}; = |t; — t;| is the
standardized time interval, and h¢ and h; are the spatial and
temporal bandwidth parameters, respectively. Bandwidth
determines the decay rate of the kernel function, directly
affecting the local sample participation. If hg is too small,
the local variance is too large; if it is too large, it degenerates
into a global model. In this paper, the method for optimizing
bandwidth employs minimizing the adjusted Akaike infor-
mation criterion. A grid search mode is employed to search
through the combination of hs and h; in increments of 0.1.
The objective function has been defined as follows:

. g+ tr(D)
AICc =2¢In(6) + gln <thr(S))' (14)
In equation (14), g represents the total sample size, &
is the estimated standard deviation of the error, and tr(D)
is the trace of the hat matrix D, representing the effective
degrees of freedom of the model. This criterion balances
goodness of fit with model complexity, avoiding overfitting.
Locally weighted least squares are used to estimate the
parameters. At every spatial and temporal coordinate, a
diagonal weight matrix W(u,, v, t) is created. After the
parameter estimation is done, the prediction accuracy is
assessed using leave-one-out cross-validation. The variance
inflation factor of each local regression equation is calcu-
lated to remove any interference caused by multicollinearity

and to eliminate any outliers from the data.

lll. EXPERIMENTS AND VERIFICATION

A. EXPERIMENTAL DESIGN

Data from 110 prefecture-level cities across China’s four
major geographical regions are selected for the period
2015-2022. The selection logic follows a dual-filtering
approach: first, prioritizing cities with complete longitudinal
data across the “geography-industry-finance” dimensions to
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ensure balanced panel integrity; second, maintaining a strat-
ified representative distribution where the sample includes
40% of cities from the Eastern region, 30% from Central,
20% from Western, and 10% from Northeastern, closely
reflecting the actual regional economic density of China.
Cities excluded (approximately 180) primarily consist of
those with fragmented digital transaction records or those
that underwent administrative boundary adjustments, which
would otherwise introduce measurement errors. This refined
sample provides a balanced panel while mitigating potential
selection bias. The primary driver of the analysis is the
Peking University Digital Inclusive Finance Index, which
collects data from microtransactions such as third-party
payments and online loans, taking into account the three
aspects of coverage, usage, and digitalization, and providing
an accurate depiction of how developed digital finance is in
each of the cities.

The dependent variable used in this study is a composite
index of regional industrial development created using the
entropy method, which synthesizes three different indicators
of industrial development: scale of industry; structure of
industry; and productivity of industry. There are four control
variables used: the level of economic development in the
region (measured as the log of GDP (Gross Domestic
Product) per capita); the level of government involvement
(measured as total fiscal expenditure divided by total GDP);
the physical and optimal distribution of resources to support
innovation (measured by the number of students enrolled in
post-secondary institutions relative to the total population);
and the availability of infrastructure to support effective
transportation (measured as the total number of road miles
developed for every 10,000 residents, plus the total number
of broadband access points). The four control variables are
statistically trimmed at the one percent level in order to
eliminate any effects from extreme observations. Descriptive
statistics on all of the key variables used in this study can
be found in Table 1.

The results from 880 observations taken from 110
prefecture-level cities between 2015 and 2022 across all five
dimensions are presented in Table 1. The data distribution
demonstrates distinct hierarchical levels of differentiation
across all five measurements. The main measure of dig-
ital inclusiveness—the Digital Inclusive Finance Index—
is calculated at a mean of 186.42, with a standard de-
viation of 78.35. The range of values (43.21 to 412.67)
shows significant variation between minimum and max-
imum values; therefore, the digital finance development
levels vary substantially across all participating prefecture-
level cities. Many prefecturelevel cities with low digital
finance development levels are still at the beginning stages
of developing their digital finance system, while some of the
top performing cities are in an advanced stage of develop-
ment. The measure of regional industrial development—the
Regional Industrial Development Composite Index—has a
mean of 0.412, with a standard deviation of 0.187. For the
control variables, the log of per capita GDP averages 10.823
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with a standard deviation of 0.631, indicating a relatively
narrow distribution. Thus, while the levels of economic
development among the sample cities vary from city to
city, they fall within an approximate range of comparable
levels of economic development. For example, the mean
score on government intervention is 0.184, with a maximum
of 0.423, suggesting a relatively high proportion of fiscal
expenditures to GDP in some cities, which reflects the
underdeveloped nature of the western region in which many
of the sample cities are located and, therefore, a relatively
high level of reliance on government transfer payments
by these cities. The average of the indicators of human
capital is 0.037, with a standard deviation of 0.021 and
a minimum value of 0.004. There are very few higher
education resources available in some cities compared to
the others, and hence the differences in the distribution of
innovation factors across geographical regions should not be
overlooked. The Hadlock-Pierce Financing Constraint Index
has an average value of -3.847, with a standard deviation
of 0.412 which indicates there are significant differences
in the financing constraints faced by different groups of
enterprises located in different cities. The logarithm of the
Technological Innovation Index has an average value of
2.143 but a minimum value of 0, this indicates that during
the sample period some cities had extremely low patents
granted. The Industrial Linkage Index has an average value
of 0.523, ranging from 0.112 to 0.941. The minimum and
maximum values indicate that there is a structural gap
between the two cities with respect to the depth of the
industrial chain nested within them.

B. SPATIAL AUTOCORRELATION TEST AND
BENCHMARK REGRESSION

The baseline regression uses a dynamic spatial Durbin
model configured with a three-dimensional coupling weight
matrix to estimate how digital inclusive finance directly
affects industrial development, and how it also creates
spillover (indirect) effects on the regions surrounding the
digital inclusion impact regions. The model comparison
portion of the study systematically evaluates five different
settings for the spatial weight matrix: the geographical
proximity matrix, the geographical distance matrix, the
industrial chain correlation matrix, the financial flow matrix,
and the three-dimensional coupling matrix. For each of the
five spatial weight matrix settings, one run of the dynamic
spatial Durbin model is conducted to derive the spatial
autoregression coefficient p, and to calculate the spatial
spillover effects of each of the core variables. Furthermore,
the sign, significance, and economic meaning of the spatial
spillover coefficients in each of the five weight matrix set-
tings are compared to identify how sensitive the estimation
results are to the choice of weight matrix. Simultaneously,
the goodness-of-fit R* of each model is calculated as a quan-t
itative basis for model fitness. A pseudo- R* measure isu
sed for goodness-of-fit. The log-likelihood value is directly o
utput from the maximum likelihood estimation process; a
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TABLE 1. Descriptive statistics of key variables
Variable Type Variable Name Observations Mean SD Min Max
Core explanatory variable Digital Inclusive Finance Index 880 186.42 78.35 43.21 412.67
Dependent variable Regional Industrial Development Composite Index 880 0412 0.187 0.000 1.000
Control variable GDP per capita (log) 880 10.823 0.631 9.214 12.347
Control variable Government intervention degree (fiscal 880 0.184 0.072 0.061 0.423
expenditure/GDP)
Control variable Human capital (share of university students) 880 0.037 0.021 0.004 0.112
Control variable Infrastructure composite index 880 0.318 0.156 0.000 1.000
Mediator variable Financing constraint (Hadlock and Pierce Financial 880 -3.847 0.412 -5.123 -2.314
Constraint Index)
Mediator variable Technological innovation (patent grants per capita, log) 880 2.143 1.027 0.000 5.812
Mediator variable Industrial linkage index 880 0.523 0.184 0.112 0.941

larger value indicates a stronger explanatory power of the
model. To balance goodness-of-fit and model complexity,
the AIC (Akaike Information Criterion) is further calculated,
imposing a penalty term on coupling matrix models with
more parameters to avoid overfitting. Figure 3 shows the
spatial effect coefficient, the comparison of model goodness-
of-fit, and the information criterion.

Figure 3 systematically evaluates the substantial impact of
five types of spatial weight matrix settings on the identifica-
tion results of spillover effects of digital inclusive finance by
using spatial effect coefficients and model fit goodness. In
Figure 3(a), both curves show a monotonically increasing
trend from the geographic proximity matrix to the three-
dimensional coupling matrix, but the increase in the spatial
spillover coefficient is much more significant than that of
the spatial autoregression coefficient p, revealing the high
sensitivity of the weight matrix setting to spillover path
identification. Specifically, the spillover coefficient under
the geographical proximity matrix is only 0.263, and p is
0.134. After introducing the geographical distance matrix,
the two coefficients slightly increase to 0.271 and 0.142,
with limited improvement. However, after switching to the
industrial chain correlation matrix, the spillover coefficient
jumps to 0.325, and p rises to 0.176, indicating that the
spatial dependence information contained in the vertical
correlation of the industrial chain has surpassed the charac-
terization ability of geographical distance. The financial flow
matrix further pushes the spillover coefficient to 0.372, and p
reaches 0.203, verifying the key role of intercity capital flow
in spatial transmission paths. Under the three-dimensional
coupling matrix, the two coefficients reach 0.384 and 0.218
respectively, which are the highest levels among all settings.
The goodness-of-fit and AIC information criterion curves in
Figure 3(b) exhibit a mirror cross structure: R* continuously
climbs from 0.691 in the geographic proximity matrix to
0.784 in the three-dimensional coupling matrix, while AIC
simultaneously decreases from 3740 to 3455. The inverse
movement of the two curves is particularly steep in the
interval between the financial flow matrix and the three-
dimensional coupling matrix, indicating that the explana-
tory power gain brought by incorporating multidimensional
spatial information is sufficient to cover the penalty term
imposed by the increase in model complexity, and the
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statistical necessity of the multidimensional coupling design
is fully supported. In terms of model autocorrelation test,
Moran’s I exponent of the residuals under each setting is
calculated [34,35]. The construction of the Moran scatter
plot is based on the standardized digital inclusive finance
index, that is, the original index is centered so that the
variable values are distributed around the zero value; at
the same time, a spatial lag term is introduced to reflect
the weighted average level of the surrounding areas of each
city. The horizontal axis and the vertical axis correspond to
these two variables respectively, and the slope of the scatter
fitting line is the global Moran exponent, which is used to
judge the direction and significance of spatial dependence.
The Moran scatter plot is shown in Figure 4.

In Figure 4, Moran scatter plots for three years (2015,
2019 and 2022) demonstrate the dynamic changes in the
spatial autocorrelation of digital inclusive finance index. The
horizontal axis of the three sub-graphs is the z-value of the
digital inclusive finance index, while the vertical axis is the
value of the corresponding spatial lag term (Wz). The slope
of the red fitted line is the global Moran index. According to
Figure 4(a) in 2015, the Moran index is 0.1359, with a gentle
slope of the fitted line and distance of the scatter points
from the origin. There are no distinct clustering patterns
among the scatter points in the 1st and 3rd quadrants (high-
high clusters and low-low clusters), resulting in a weak
positive spatial correlation signal at that time. Therefore, at
that time the spatial distribution of digital inclusive finance
is randomly (or nearly randomly) distributed throughout
the geographies represented in this study, with little or no
linkage effect between adjacent cities. Figure 4(b) shows
that by 2019, the Moran Index had risen to 0.2680, with a
significant increase in the slope of the fitted line. The clus-
tering trend of scatter points along the diagonal direction of
the first and third quadrants began to emerge, and the spatial
dependence structure began to take shape. In Figure 4(c), the
Moran Index further rose to 0.4376 in 2022, with the highest
slope of the fitted line among the three sections. The spatial
pattern of high-value clustering around high-value cities
and low-value continuation around lowvalue cities became
increasingly distinct. Meanwhile, the distribution range of
the spatial lag term expanded from (-1.3410, 1.6902) in 2015
to (-1.4660, 1.9707) in 2022, while the distribution range
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of the standardized digital inclusive finance index changed
from (-2.6473, 2.7814) to (-2.2380, 2.9060). Both reveal that
the individual differentiation in the development of digital
finance within cities is intensifying, while the radiation
capacity of core cities to their surrounding areas continues
to strengthen, and the gap between peripheral cities and the
core is further widening. The spatial dependence structure
is gradually moving towards a coreperiphery characteristic.

Testing the Mediation Effect of the Spatial Spillover
Transmission Mechanism

To identify the specific transmission paths through which
digital inclusive finance impacts regional industrial develop-
ment, this section constructs a spatial mediation effect model
for mechanism testing. Based on the dynamic spatial Durbin
model framework, maintaining consistency between the
spatial weight matrix and control variable settings and the
baseline regression, three mediating variables are introduced
sequentially: financing constraint mitigation, technological
innovation spillover, and industrial linkage transmission.
The mediation effect is then decomposed into direct and
indirect effects. In the spatial mediation effect model, the
direct mediation effect reflects how local digital finance
influences local industries through local mediating variables,
while the indirect mediation effect captures how local dig-
ital finance influences mediating variables in neighboring
regions through spatial spillovers, and then feeds back to
the local area or influences industries in neighboring regions.
The proportion of the mediation effect is used to quantify
the contribution of different transmission mechanisms. The
proportion of the mediation effect and the results of direct
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and indirect effects are shown in Figure 5.

Figure 5 systematically presents the three transmission
paths and their internal mechanisms of digital inclusive
finance’s impact on regional industrial development from
two dimensions: the proportion of mediating effects and the
structure of direct-indirect effects. Figure 5(a) shows that
the financing constraint mitigation path dominates with a
proportion of 45%, the technology innovation spillover path
contributes 30%, and the indus trial linkage transmission
path accounts for 25%, with the three paths together form-
ing a complete mediating effect system. However, simply
ranking them by proportion would obscure the structural
differences shown in Figure 5(b). The three paths exhibit
different distribution patterns between direct and indirect
mediating effects. The financing constraint path has the
largest absolute magnitude of direct mediating effect at 0.2
(standard error 0.03) and indirect mediating effect at 0.25
(standard error 0.035). The technology innovation spillover
path has a direct mediating effect of 0.08 (standard error
0.02) and indirect mediating effect of 0.22 (standard error
0.03), with the indirect effect far exceeding the direct effect,
indicating a strong spatial dependence in the cross-regional
diffusion of knowledge and technology. The direct medi-
ating effect of the industrial linkage transmission path is
0.1 (standard error 0.025), and the indirect mediating effect
is 0.15 (standard error 0.028). The standard error of the
indirect effect is the smallest among the three, reflecting that
this path has the highest estimation accuracy, but its absolute
strength is relatively limited among the three. This result
indicates that the spatial transmission effect of industrial
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chain linkages may depend on the existing network density,
and the release of the effect in sparsely connected areas
faces structural constraints.

C. HETEROGENEITY ANALYSIS OF CORE-PERIPHERY
STRUCTURE

Out of the total of 110 prefecture level cities, they have
been further classified into three distinct areas: core other
semi-periphery and peripheral areas. In order to assess
heterogeneity among these areas by conducting a grouped
regression analysis using dynamic spatial Durbin models, a
separate model is carried out for each of the three regions.
The specifications for the models as well as the weight
matrices, control variables, and method of estimation are all
consistent with the benchmark regression so that coefficients
could be compared across each region. After each regres-
sion, partial differential equations are used to decompose
the effects, calculating the direct, indirect, and total effects
of digital inclusive finance. The direct effect reflects the
marginal impact of local digital finance development on lo-
cal industrial upgrading; the indirect effect captures spillover
feedback to external regions through spatial networks; and
the total effect is the sum of the two. The distribution of
effects among the core-periphery groups is shown in Figure
6.

Figure 6 systematically reveals the inherent differentiation
logic of the heterogeneous impact of digital inclusive finance
under the core-periphery structure from two dimensions:
effect structure and geographicnetwork intersection. The
most noteworthy aspect of Figure 6(a) is not the hierar-
chical difference in the total effect, but rather the deep
divergence in the effect composition among the three types
of regions: the average direct effect in the core region
is 0.1375, in the semi-periphery region it is 0.1648, and
in the periphery region it is 0.1462, all highly similar;
however, the indirect effect shows a significant magnitude
difference, with the average indirect effect in the core region
reaching 0.3772, in the semi-periphery region 0.1710, and
in the periphery region only 0.0661. This structure directly
determines the gap in the total effect: the average total
effect in the core region is 0.5147, while in the periphery
region it is only 0.2123, with the spillover contribution
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systematically shrinking as network position decreases, and
the direct effect becoming the main source of the effect
in the periphery region. Figure 6(b) further amplifies this
spatially nested characteristic of differentiation through a
geographic-network cross-perspective: the total effect of the
core cities in the east reaches 0.68, the central core is 0.45,
and the western core is 0.39, showing a certain gap in the
effects among the core cities of the three regions (0.68,
0.45, 0.39); while the differences among peripheral cities
in the east, central, and western regions are limited (0.18,
0.22, 0.19). This means that the differences in geographical
location are mainly reflected in the core layer rather than the
peripheral layer. The 0.49 difference in total effect between
the eastern core and the western periphery stems from the
former’s overwhelming spillover radiation capacity, rather
than the simple advantage of local financial penetration.

D. SPATIOTEMPORAL EVOLUTION ANALYSIS

Before delving into the spatiotemporal evolution analysis, it
first examines the overall evolution of the digital inclusive
finance index from a macro-distribution perspective. Figure
7 presents the kernel density estimation results of the Peking
University (PKU) digital inclusive finance index in 2015 and
2022.

As shown in Figure 7, the distribution curve shifted
significantly to the right from a narrow peak with a mean of
170.23 (0=19.25) to a mean of 285.95 (6=24.90). While the
overall development level improved, the absolute differences
between regions slightly widened. However, the change in
the peak value and the narrowing tail initially showed signs
of convergence. This macro-distribution characteristic pro-
vides a descriptive statistical benchmark for further in-depth
analysis of the temporal evolution and spatial diffusion paths
of the coeffi cients.

Based on the estimation results of the spatiotemporal
geographic weighted regression model, the regression coef-
ficients of digital inclusive finance for 110 prefecture-level
cities from 2015 to 2022 are extracted and summarized
according to direct effects and spatial spillover effects.
The annual mean is calculated using a simple arithmetic
mean, the standard deviation reflected the dispersion of the
coefficients, and the coefficient of variation (the ratio of
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the standard deviation to the mean) is used to compare the
dynamic changes in regional differences after eliminating
the influence of dimensions. All statistics are sampled 1000
times using the Bootstrap method to obtain confidence
intervals, ensuring the robustness of the inference.

By comparing the annual mean changes of direct effects
and spatial spillover effects, the temporal evolution trend is
illustrated. The evolution of regional differences is measured
using the Theil index. The Theil index is decomposed into
within-group differences and between-group differences,
with between-group differences calculated according to the
eastern, central, and western geographical regions to identify
the dynamic process of coordinated regional development.
The weighted algorithm, which considers the ratio of city
industrial added value to each year, so don’t overlook
the disparity of economic size between cities. Then using
kernal density estimation to visualise how the spatial pat-
tern developed. Each city’s coefficient/year corresponding
to geographic coordinates, producing a continuous density
surface through a Gaussian Kernel function with adaptive
bandwidth, enables analysis of the variability in isoline
distribution over time. To ensure proper use of bandwidth
selection employ Silverman’s rule which creates an optimal
balance of smoothing and mainte nance of detail. The
spatiotemporal evolution of the spillover effects of digital
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inclusive finance is shown in Figure 8.

Figure 8 systematically depicts the spatiotemporal evo-
Iution of the spillover effects of digital inclusive finance
from 2015 to 2022 from four dimensions. Figure 8(a)
reveals the most theoretically significant structural shift: the
mean of the direct effect increased from 0.214 to 0.397,
while the mean of the spatial spillover effect increased
from 0.153 to 0.408, forming a new pattern of “spillover
dominance.” Simultaneously, the standard deviations of both
types of effects continued to narrow, with the standard
deviation of the direct effect decreasing from 0.042 to
0.030 and the standard deviation of the spillover effect
decreasing from 0.061 to 0.036, indicating that the intensity
of the effects in different cities tends to concentrate, and
the heterogeneity of responses between regions is being
systematically compressed. From Figure 8(c), it can be
concluded that the coefficient of variation decreased from
0.62 to 0.38, with a smooth trajectory of convergence.
Figure 8(b) also shows the features of structural convergence
through Theil Index Decomposition. The overall Theil In-
dex decreases from 0.145 to 0.094, while the inter-group
difference decreases from 0.060 to 0.027, and the intra-
group difference decreases from 0.085 to 0.067. Therefore,
the eastern, central, and western regions of the country are
closing their respective development gaps quickly; however,
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the inter-cities differentiation within the same region is
now the primary contradiction to regional balance. Micro-
level evidence of this phenomenon can be found in the
GTWR (Geographically and Temporally Weighted Regres-
sion) coefficient distribution depicted in Figure 8(d). For
example, in 2015, the minimum coefficient is found to be
0; thus, the marginal impact of digital inclusion on industrial
development in some cities is virtually non-existent. In
2022, the minimum coefficient increases to 0.222, indicating
that all cities sampled have exceeded the required effect
threshold; additionally, the maximum coefficient moderates
from 0.597 to 0.579 and the standard deviation reduces from
0.093 to 0.060.

The spillover effect surpassing the direct effect in 2022 is
not accidental; it reflects a deep structural shift in the mech-
anism of digital inclusive finance. In its early stages, the
marginal benefits of financial coverage primarily impacted
the local area. The direct easing of corporate financing
constraints and the expansion of local payment scenarios
drove immediate accumulation of industrial capital, allowing
the direct effect to lead in the early stages. However, with
the accumulation of platform network externalities, the scale
and frequency of cross-city capital flows continued to rise.

E. ROBUSTNESS AND ENDOGENEITY TESTS

To verify the reliability of the baseline regression results,
five tests are performed sequentially. The first test replaced
the explained variable with total factor productivity (TFP)
instead of the comprehensive industrial development in-
dex. TFP is calculated using the DEA (Data Envelop-
ment Analysis)-Malmquist index method. Input indicators
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included capital stock and labor force, while output indicator
is regional GDP. The global production frontier is calculated
under a variable returns to scale setting. The regression
model specification and control variables remained consis-
tent with the baseline, and the signs, significance, and mag-
nitudes of the coefficients of the core explanatory variables
and spatial spillover effects are compared.

The second test replaced the spatial weight matrix and
binarized the three-dimensional coupling matrix. Nonzero
elements of the weights are retained and uniformly as-
signed a value of 1 to eliminate the potential influence
of differences in weight strength on the estimation results.
The dynamic spatial Durbin model is rerun to test whether
the spatial spillover coefficients remained significant and
consistent in direction. The third measure employs a two-
stage least squares method to mitigate endogeneity bias. The
interaction term of telephone penetration rate and previous
year’s internet user density in each city is selected as the
instrumental variable for the digital inclusive finance index.
The correlation assumption is satisfied by the historical
communication infrastructure and is independent of current
choices regarding industrial upgrading. The two-stage least
squares method involves regressions in the first stage of the
instrumental variable on the principal explanatory variable
and in the second stage using fitted values for regression.

Using the System GMM method for estimating the dy-
namic panel model is the fourth way. For the purpose of
estimating a non-spatial dynamic panel model with time
lags, a simpler version of the dynamic spatial Durbin model
is created by introducing a first-order lag term for each of the
explanatory variables as an additional instrument to control
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for individual fixed effects and serial dependence on the
noise.

The fifth measure excludes the samples from the four mu-
nicipalities of Beijing, Shanghai, Tianjin, and Chongqing.
The administrative level and resource allocation capacity
of these municipalities are higher than those of ordinary
prefecture-level cities, which may have a leverage effect on
the estimation results. Regres sion is performed again based
on the remaining 106 cities to compare the stability of the
coefficients. The robustness and endogeneity test results are
shown in Table 2.

Table 2 presents the estimation results of the benchmark
regression and five robustness and endogeneity tests, com-
prehensively verifying that the spatial spillover effect of
digital inclusive finance on regional indus trial development
has high statistical robustness. The benchmark regression
(three-dimensional coupling matrix) results show that the
coefficient of the core explanatory variable is 0.318, the
spatial autoregression coefficient is 0.218, and the spillover
effect coefficient is as high as 0.384, all of which are
significant at the 1% level, initially establishing the strong
spillover characteristics of digital inclusive finance in the
multi-dimensional spatial network of “geography-industry-
finance”. In the robustness test, after replacing the explained
variable with total factor productivity, the coefficient of the
core explanatory variable rose to 0.418, and the spillover
effect coefficient is 0.371, indicating that the effect of digital
finance on improving industrial efficiency is even stronger
than its direct boost to the comprehensive industrial in-
dex. After binarizing the three-dimensional coupling matrix,
the coefficients of the core independent variable and the
spillover effect coefficient both slightly decreased to 0.302
and 0.351 respectively, indicating that the conclusion is not
dependent upon the particular configuration of the weight
strength for any of these four municipalities. After the
removal of the municipalities, the core explanatory variable
coefficient is now 0.365, while the spillover effect coeffi-
cient is now 0.376; although the coefficients are reduced
significantly without sacrificing the overall structure of the
estimates or the overall estimation structure. With respect
to endogeneity testing, using two-stage least squares (2SLS)
the core explanatory variable coefficients increase to 0.394
and the spillover coefficients reach 0.403. Using systematic
GMM, the core explanatory variable coefficients are 0.386
and the spillover effect coefficient is 0.392 both again above
the base regression; thus the general upward skewness in the
coefficient distribution maintains the integrity of establishing
causal identification. Throughout all test procedures, R2
remains stable above 0.75 and observes values for all model
fits from 770-880 resulted in good agreement on consistency
with the sample structure.

IV. CONCLUSION

This paper overcomes the limitations of traditional spatial
analysis that relies on a single geographical weight by
integrating a three-dimensional coupled weight matrix of ge-
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ographical proximity, industrial chain linkage, and financial
flow networks. Using a dynamic spatial Durbin model and
spatiotemporal geographical weighted regression, it reveals
that the spatial spillover effect of digital inclusive finance is
significantly enhanced in the “geography-industry-finance”
multidimensional network. At the end of the sample period,
it initially exhibits a “spillover-dominated” characteristic,
with core cities as hubs and spillover intensity decreasing
in tiers with network location. This aligns with the hetero-
geneous pattern in the core-periphery structure where the
spillover effect of core cities is significantly higher than
that of peripheral cities. Social network analysis further
identifies the alleviation of financing constraints as the
core transmission mechanism among the three mediating
paths. The study confirms that the multidimensional spa-
tial framework can more accurately estimate the radiation
boundary and transmission path of digital finance, providing
policy insights for regional collaborative development from
“geographical proximity” to “network linkage.”
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TABLE 2. Summary of robustness and endogeneity test results
Test Type Core Standard Error Spatial Spillover Effect R? Observations

Coefficient Autoregressive Coefficient
Coefficient

Baseline regression (Three-dimensional coupling 0.318%** 0.047 0.218*** 0.384%** 0.784 880
matrix)
Robustness test 1: Alternative dependent variable 0.418%** 0.054 0.223%*%* 0.371%** 0.769 880
(Total factor productivity)
Robustness test 2: Alternative spatial weight matrix 0.302%** 0.050 0.196%** 0.351%** 0.756 880
(Binarization of three-dimensional matrix)
Robustness test 3: Excluding four municipalities 0.365%** 0.052 0.208*** 0.376%** 0.781 848
directly under the central government
Endogeneity test 1: Instrumental variable method 0.394%#%* 0.063 0.231%*%* 0.403 %% 0.772 880
(2SLS)
Endogeneity test 2: System GMM estimation 0.386%** 0.058 0.214%** 0.3927%** 0.768 770
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