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ABSTRACT With the rapid development of intelligent communication networks and Electromagnetic
Waves, Antennas and Propagation technologies, spatiotemporal information modeling and dynamic topol-
ogy analysis have become fundamental requirements for large-scale heterogeneous data processing and
distributed decision-making. To address the challenge of identifying complex transmission mechanisms
in digital inclusive finance, this study proposes an Attention-based Spatio-Temporal Graph Convolutional
Network (ASTGCN) that integrates graph convolution, temporal convolution, and multi-head attention
for dynamic path recognition. By constructing multidimensional spatiotemporal graphs from multi-source
panel data and jointly modeling geographic and economic relationships, the proposed framework captures
nonlinear spatial spillover effects and long-term temporal dependencies while enabling interpretable
quantification of key transmission paths. Empirical results demonstrate that technological innovation
represents the dominant driving channel with a relative contribution of 38.6%, while the proposed
ASTGCN model reduces root mean square error and mean absolute percentage error by 18.4% and 21.2%,
respectively, compared with the standard LSTM baseline. Furthermore, the model successfully reconstructs
regional information propagation topology and reveals dynamic transitions in transmission mechanisms
through attention-based path weighting. The proposed architecture provides an effective engineering
framework for spatiotemporal graph learning, distributed information propagation, and adaptive network
analysis, offering valuable methodological references for intelligent sensing, communication-oriented
monitoring, and Electromagnetic Waves, Antennas and Propagation applications.

INDEX TERMS spatiotemporal graph convolutional network, multi-head attention, distributed informa-

tion propagation, heterogeneous data fusion, intelligent communication networks

I. INTRODUCTION

IGITAL inclusive finance, through its underlying dig-
D ital technology, has broken down the physical bound-
aries of traditional financial services and effectively guided
the cross-domain allocation of capital elements. It has now
become a core engine driving regional industrial structures
toward higher levels and greater rationality [1,2]. However,
the empowerment of the real economy by financial resources
is not a simple linear transformation. Its transmission
mechanism exhibits highly complex bifurcation character-
istics and spatiotemporal dynamic evolution features in the
macroeconomic system [3,4]. Currently, when discussing
the interaction between finance and industry, the academic
community generally faces the bottleneck of transmission
black box and insufficient characterization of heterogeneity.
Traditional econometric models are unable to deeply explore
the high-dimensional nonlinear correlations behind massive
macroeconomic unstructured data, resulting in explanations
of the underlying logic of “how finance drives industrial
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upgrading” often remaining at the level of superficial cor-
relation. It is urgent to introduce a new generation of
artificial intelligence algorithms with strong representation
capabilities to reconstruct the mechanism [5,6].

In the complex dynamic system of digital inclusive fi-
nance driving industrial upgrading, the core issues addressed
in this study mainly cover two dimensions: first, the core
intermediate transmission paths including ‘technological in-
novation,” ‘consumption upgrading,” ‘alleviating financing
constraints,” and ‘human capital accumulation’ [7,8]; and
second, the complex “spatiotemporal network topology”
structure jointly formed by the cross-domain flow of finan-
cial elements and the spatial spillover of industrial upgrading
[9,10]. Accurately capturing and quantifying the dynamic
activation state and evolution law of these intermediate
nodes in different spatiotemporal dimensions has crucial
academic value and practical significance [11,12]. It not
only determines the closed loop of macroeconomic theory
at the micro-transmission mechanism level, but also serves
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as the logical cornerstone for regional coordinated devel-
opment and precise implementation of industrial policies.
This directly lays an indispensable application foundation
for the subsequent introduction of high-order graph net-
work architectures with spatiotemporal coupling processing
capabilities [13,14]. To address the aforementioned path
identification and network topology reconstruction prob-
lems, existing literature has begun to attempt to introduce
deep learning models into the empirical scope of eco-
nomics, often employing deep neural networks or standard
long short-term memory networks to handle nonlinearity
and temporal lag issues in regional panel data [15,16].
Some interdisciplinary studies in spatial econometrics have
made preliminary attempts with basic graph convolutional
networks or spatial vector autoregressive models [17,18].
However, these existing methods still suffer from a fatal
underlying flaw: they mostly treat the panel sequences
of various provinces and cities as isolated data units for
dimensionality reduction, or mechanically separate the time
series from the spatial cross-section [19,20]. This severe
separation of time series characteristics from the complex
“spatiotemporal network topology” effect causes existing
algorithms to completely ignore the cross-domain network
spillover of financial impulses in real economic operations,
resulting in distorted feature extraction of driving paths,
low identification accuracy, and difficulty in meeting the
complex and ever-changing real-world economic fitting re-
quirements [21,22].

To overcome the limitations of existing spatiotemporally
fragmented algorithms, this paper focuses on “precise path
identification.” By constructing a deep network model ca-
pable of simultaneously capturing spatiotemporally coupled
features, this paper identifies, extracts, and quantifies the
activation weights of three core intermediate transmission
paths—*“technological innovation,” “consumption upgrade,”
and “easing financing constraints”—from high-dimensional,
multi-source data. This paper proposes and utilizes a spa-
tiotemporal graph convolutional neural network architecture
that integrates a multi-head attention mechanism. In terms of
specific implementation steps: First, overcoming the barriers
of multi-source hetero geneous data, a multi-dimensional
dynamic graph structure is constructed based on regional
economic characteristics and geographical distance matri-
ces, mapping discrete financial and industrial indicators
into graph nodes that can be parsed by the deep network;
second, the graph convolutional network is used to deeply
aggregate the spillover features of adjacent regions in the
spatial dimension and seamlessly connects to a temporal
convolutional network to capture the nonlinear time-series
lag effects of long economic cycles; finally, a spatiotemporal
multi-head attention mechanism is embedded in the top-
level architecture. Through the tight coupling of these steps,
this paper successfully links the abstract graph network data
mapping with specific economic transmission logic, achiev-
ing dynamic quantification and high-dimensional extraction
of the feature weights of the core intermediate transmission
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paths.

This research successfully overcomes the technical short-
comings of traditional macro panel data modeling, which
suffers from regional isolation, and achieves a path de-
construction framework that combines highprecision feature
fitting with strong robustness. The innovation of this paper is
concentrated in two aspects: first, at the level of underlying
data abstraction, it is the first to mathematically recon-
struct the cross-regional flow of digital financial elements
into a dynamic graph network topology, fundamentally
eliminating the disconnect between temporal features and
spatial spillover; second, at the level of algorithmic inter-
pretability, it successfully breaks the black-box nature of
deep learning through a multimodal attention mechanism,
achieving a leap from underlying data features to “white-
box” economic logic. This achievement not only provides a
new interdisciplinary paradigm for the study of the trans-
mission mechanism of regional industrial upgrading, but
also provides reliable and transparent algorithmic decision-
making support for governments to formulate precise digital
finance targeted support policies and regional coordinated
development strategies. The validation results show that the
proposed ASTGCN model performs exceptionally well in
path identifica tion tasks: in terms of fitting accuracy, its
root mean square error and mean absolute percentage error
are significantly reduced by 18.4% and 21.2% respectively
compared to the standard LSTM model, significantly im-
proving the fit to real-world economic systems; regarding
path deconstruction conclusions, this paper quantitatively
confirms the strategic core position of the “technological
innovation” path (weight 38.6%) in the driving process,
and accurately captures the historical structural shift in
the driving core from “capital factordriven” to “innovation
technology-driven” around 2017. These findings provide a
solid algorithmic basis and factual anchor for subsequent
policy recommendations.

Il. CONSTRUCTION OF ASTGCN PATH RECOGNITION
MODEL BASED ON SPATIOTEMPORAL FEATURE
COUPLING

A. MULTI-SOURCE PANEL DATA MAPPING AND
CONSTRUCTION OF MULTI-DIMENSIONAL DYNAMIC
SPATIOTEMPORAL GRAPHS

The transformation of multi-source panel data into graph
network topology is the underlying data abstraction process
for realizing the joint extraction of spatiotemporal features.
According to the overall model archi tecture, this process
belongs to the core task of the “data input and mapping”
module. First, the collected digital inclusive finance index,
industrial upgrading structure index and related mediating
variables are tensorreconstructed in the time and spatial
dimensions. The total number of regions is set as IV; the
total dimension of feature variables is D; the total time
step is 7'. Each independent region is abstracted into a set
of nodes V = {vy,vs,...,ux} in the graph network, and
the multi-source indicator data of the region at a specific
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time ¢ (t € {1,2,...,T}) is mapped to the node feature
matrix X (¢) € R¥*P, Through this mapping operation,
the discrete regional macroeconomic statistics are structured
into a high-dimensional state sequence that can be parsed
by a deep network [23,24].

To accurately depict the spatial spillover effects of cross-
regional financial flows and industrial upgrading, it is neces-
sary to break through the constraints of single geographical
proximity and extract both geographical and economic dis-
tance attributes simultaneously based on multi-source panel
data. First, the element W#;° of the geographical distance
matrix is constructed, and the calculation formula is as
follows:

1 L
—, i
wee = d7;’ s 1)
0, i=7.

In the formula, d; ; represents the spherical geographical
distance between region v; and region v;. To quantify cross-
regional financial linkages under the influence of economic
attraction, the economic distance matrix element Wf;o is
constructed simultaneously:

1 L,
Vv (FJ
Y = Yj[ +¢€ ’ (2)
0, i=j.

eco __
Wii =

In the formula, Y; and Y; represent the average real per
capita GDP of the corresponding regions during the entire
research period, and € is a minimal positive constant to
prevent the denominator from being zero. Based on this,
the composite adjacency matrix element A; ; is generated
by linear weighted fusion through the composite adjustment
coefficient v (0 < v < 1):

Ai,j = "}/Wi:;o + (1 - ,_Y)Wlego (3)

After the above multimodal alignment and matrix opera-
tions, the node feature matrix and the composite adjacency
matrix are merged [25,26]. The originally static and isolated
panel data is completely deconstructed and reorganized
into a series of discrete dynamic spatiotemporal graphs
GY = (V,E, A, X"). At this time, the network not
only has the feature carrier to capture the evolution of the
nodes themselves over time, but also solidifies the complex
nonlinear gravitational topology between regions.

As shown in Figure 1, the overall network topology
architecture of the ASTGCN model comprises three core
modules. The generated multidimensional dynamic spa-
tiotemporal graph is then input into the ASTGCN core algo-
rithm architecture. The bottom-level graph data sequentially
undergoes spatial aggregation through a graph convolutional
network, followed by temporal feature extraction via a joint
temporal convolutional network, and finally, a multi-head
attention mechanism is introduced for dynamic optimization
of nonlinear features. Finally, the top-level model connects
to the path recognition output module, completing the
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dynamic path weight quantization and accurately identifying
the three core transmission paths: technological innovation,
consumption upgrade, and alleviating financing constraints.

Figure 1 illustrates thecomplete data flow from multi-
source regional panel data to the final path identification
output. In the data input and mapping stage, the multisour-
ce panel data is decomposed into a node feature matrix, a
geographic distance matrix, and an economic distance matr-
ix. These three matrices are fusedto generate a composite
adjacency matrix, ultimately con-structing a dynamic spat-
iotemporal graph. In the ASTGCN core architecture stage,
the spatiotemporal graph undergoes three layers of proce-
ssing: spatial aggregation, temporal extraction, and a m-
ultihead attention mechanism. In the path identification
output stage, dynamic path weights are quantified and ma-
pped to the three core transmission paths,achieving an inter-
pretable leap from underlying data features to economic log-
ic.

B. SPATIAL SPILLOVER EFFECT AGGREGATION
BASED ON GRAPH CONVOLUTIONAL NETWORKS

To eliminate feature scale offset caused by differences in
node degree in complex network topologies, the multidi-
mensional integrated spatial adjacency matrix A needs to be
spectral normalized before spatial aggregation. A self-loop
mechanism is introduced to preserve the initial attributes
of the central region, constructing an adjacency matrix
with self-loops: A = A+ Iy, where Iy € RNXN jg
the identity matrix [27,28]. Subsequently, the node degree
matrix D is calculated, with its diagonal elements set as
Di;=Y y A, ;. The symmetric normalized Laplace matrix
A is then derived:

A=DY2AD /2, )

This matrix transformation operation performs bidirec-
tional smoothing of adjacent edge weights using the inverse
square root matrix D~1/2 of the node degree, effectively
suppressing the gradient explosion problem in the financial
feature transmission process of high-energy cities located
at the center of a high-density network, and ensuring the
numerical stability of spatial spillover signal propagation.

Based on the above normalized topology, a multi-layer
graph convolutional network is used to perform deep aggre-
gation of spatial spillover effects. For a given time step t,
the node feature matrix mapped in the previous section is
set as the initial hidden state input, i.e., H 0) = X(® The
nonlinear feature mapping relationship from layer [ to layer
{+1 in the network is determined by the following formula:

HO+D = a<AH(l>W“)) . )

In the formula, H® € RY*dt gpnd HU+D ¢ RV *dit1 gre
the hidden state feature matrices of layer [ and layer [ + 1,
respectively; d; and d;y, represent the feature dimensions
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FIGURE 1. Overall network topology of the ASTGCN model

Note: GCN = Graph Convolutional Network; TCN =Temporal Convolutional Network

of the corresponding network layers; W) ¢ Ré*dis1
represents the learnable convolutional kernel weight matrix
of layer [, used to perform linear projection of the high-
dimensional feature space; o(+) is the nonlinear activation
function (using the ReLU (Rectified Linear Unit) func-
tion). Matrix multiplication AH® realizes the weighted
convergence of the features of first-order neighbor nodes
in the physical and economic spaces to the central node
from the underlying algorithm logic. As the total number
of network layers L increases, the model captures a wider
range of high-dimensional correlation signals in the L-order
neighborhood layer by layer. Through this iterative aggre-
gation mechanism, each regional node not only encodes the
local inclusive finance and industrial status, but also absorbs
external financial spillover factors with economic attraction
and geographical proximity. The final output highdimen-
sional node feature representation matrix (%) successfully
transforms discrete regional panel data into feature vector
representations that integrate local spatial topology, com-
pletely breaking through the information barrier of a single
regional dimension and realizing the accurate quantification
of complex coevolutionary features between regions [29,30].

To visually verify the effectiveness of the GCN spatial ag-
gregation module in capturing the characteristics of regional
economic clusters, t-SNE (t-Distributed Stochastic Neighbor
Embedding) dimensionality reduction visualization process-
ing is performed on the Spatial Embeddings output by the
hidden layer.

As shown in Figure 2, the provincial nodes after GCN
aggregation exhibit significant economic cluster differ en-
tiation characteristics in the low-dimensional embedding
space. Shanghai, Zhejiang, and Anhui cluster closely to-
gether in the feature space, forming highly connected red
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clusters; Guangdong, Fujian, and Hainan nodes form inde-
pendent clusters in the orange area; Beijing, Tianjin, Hebei,
and Shandong show highly collaborative spatial embedding
patterns in the green area. Henan, Jiangxi, and Shanxi
form blue and purple clusters with western and northeast-
ern provinces, respectively, and the density of connections
between their nodes reflects the spatial spillover absorption
state after GCN aggregation. Node size is positively cor-
related with the level of the digital inclusive finance index,
indicating that high-energy nodes in the eastern coastal areas
occupy core positions in the feature space. While this po-
sitioning is partially influenced by the GDPbased economic
distance encoded in the adjacency matrix, the GCN lay-
ers successfully distill additional spatial-temporal patterns
that go beyond mere economic similarity, as evidenced
by the asymmetric spillover intensities observed between
regions with comparable GDP levels. This visualization
result confirms from the latent space representation level
that after Laplacian matrix smoothing and graph convolution
mapping, the model does indeed capture the activation state
of local spatial topology in the feature space, laying a
reliable feature foundation for subsequent temporal feature
extraction and path weight deconstruction.

C. NONLINEAR FEATURE EXTRACTION BY
INTEGRATING TEMPORAL NETWORKS AND
MULTI-HEAD ATTENTION MECHANISMS

To capture the long-term lag and nonlinear evolution of the
impact of digital inclusive finance on industrial upgrading,
a temporal convolutional network is connected after the
spatial feature extraction module. The sequence of hidden
state nodes at each time step output by the graph convolu-
tional network is integrated into a three-dimensional tensor
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FIGURE 2. Node aggregation distribution of regional spillover effects of financial factors

input. A dilated causal convolutional structure is used to
process the time series to ensure that the model expands its
temporal receptive field without leaking future information
[31,32]. For the current moment ¢, the specific mathematical
expression of the sequence after the one-dimensional dilated
convolution operation is as follows:

Ki—1
Z, = ¢< S RHE + bT> . (6)
k=0

In the formula, Z; represents the spatiotemporal joint
feature matrix after mapping by the temporal module, which
incorporates the long-period lag effect; F} is the learnable
parameter matrix of the k-th temporal convolution kernel;
K represents the size of the temporal filter; ¢ is the
dilation coefficient controlling the sampling jumps in the
sequence time span; Ht(fz):k is the node feature output
by the preceding spatial graph convolution module at the
corresponding historical time; by is the bias term vector;
¢(+) represents the nonlinear activation function.

After obtaining the spatiotemporal joint features, to break
the black-box nature of feature transmission within the deep
network and quantify the transmission effect of different
mediating variables, a spatiotemporal multi-head attention
mechanism is embedded at the top layer of the model
[33,34]. This mechanism dynami cally evaluates and extracts
the contribution weights of heterogeneous paths such as
technological innovation or consumption upgrade hidden in
the feature tensor through linear mapping of the feature
subspace. For the m-th attention head (total number M),
its feature query matrix, key matrix, and value matrix are
calculated as follows:

Qm = Zth7 K, = ZtW»,Irf7 Vin = ZtW»,‘; (7
WS, WX and WY correspond to the orthogonal pro-

jection weight matrices of Query, Key, and Value in the
m-th feature subspace, respectively. Based on the scaling
dot product rule, the attention activation score matrix E,,
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of a specific propagation path at the current spatiotemporal
node is calculated:

T
E,, = Softmax(QmKW> Vi ®)
ars

In the formula, dx is the hidden layer dimension of the
key matrix K,,, used to numerically scale the dot product
result to prevent the gradient vanishing problem in back-
propagation. By parallel aggregating the independent feature
representations of all M attention heads and combining
them with the output mapping matrix W©, the final path
deconstruction feature tensor O is generated:

O = Concat(Ey, Ey, ..., Ey)WO. )

The matrix operation process described above automat-
ically assigns differentiated attention scores to each eco-
nomic intermediary variable under different spatiotemporal
dimensions, and completes the weighting of specific in-
dustrial upgrading driving paths from the underlying data
mapping level.

To visually demonstrate the dynamic recognition capa-
bility of the multi-head attention mechanism for the core
transmission path, time-series tracking and heat visualiza-
tion of the attention weights for each year from 2011 to
2022 are conducted.

As shown in Figure 3, the activation heatmap of the indus-
trial upgrading transmission path reveals the evolution tra-
jectory of the weights of different mediating variables over a
long period. The attention score of the technological innova-
tion path steadily climbs from 0.19 in 2011 to 0.40 in 2022,
indicating the replacement pattern of the dominant position
of this path in the process of digital inclusive finance driving
industrial upgrading. The financing constraint relief path
shows the opposite decay trend, with the attention weight
gradually converging from an initial peak of 0.42 to 0.16 at
the end of the period, confirming the objective process that
the early development of inclusive finance mainly relies on
filling credit gaps to play a basic expansion effect, while
the later stage shifts to innovation-driven transformation.
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FIGURE 3. Temporal characteristics of industrial upgrading transmission path activation thermodynamic matrix

The activation intensity of the consumption upgrading path
remains relatively stable, with the weight value fluctuating
between 0.23 and 0.30, reflecting the stability of consump-
tion demand as an intermediate transmission channel. The
attention score of the human capital accumulation path
remains at a low level (0.11 to 0.16), indicating that the
contribution of this transmission channel is relatively limited
in the current research period. This heat map verifies from
a temporal perspective that the spatiotemporal multi-head
attention mechanism can effectively capture the dynamic
evolution characteristics of economic transmission paths,
achieving a leap from blackbox data fitting to white-box
economic logic deconstruction, and laying the algorithmic
foundation for the quantitative extraction and statistical
testing of path weights in subsequent empirical analysis.

lll. EMPIRICAL DATA PROCESSING AND MODEL
VALIDATION SCHEME DESIGN

A. SELECTION OF CORE INDICATORS AND
PREPROCESSING OF MULTI-SOURCE
HETEROGENEOUS DATA

The temporal and spatial domain of the research sample
is defined as 30 provincial-level administrative regions
in mainland China from 2011 to 2022 (excluding Tibet
Autonomous Region due to data continuity constraints).
The core explanatory variable is the Peking University
Digital Inclusive Finance Index, which is downgraded to
three sub-dimensions: coverage breadth, usage depth, and
digitalization level for composite measurement. The core
explained variable, industrial upgrading characteristics, is
deconstructed into two dimensions: advancement and ra-
tionalization. The advancement dimension is directly char-
acterized by the ratio of the added value of the tertiary
industry to that of the secondary industry; the rationalization
dimension introduces the Theil index to measure the degree
of coupling and coordination deviation between industrial
structure and employment structure. In terms of quantifying
the path nodes of the transmission mechanism, “techno-
logical innovation”, “consumption upgrading”, “easing of
financing constraints” and “human capital accumulation”
are established as core mediating variables. The specific
definitions, symbol references and data sources of each
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variable are detailed in Table 1 [35,36].
To address the inherent pitfall of sporadic missing values
in multi-source macroeconomic statistical panels, a joint
interpolation method combining temporal dynamic poly-
nomial interpolation and cross-sectional Knearest neighbor
estimation is applied to repair temporal breakpoints and
ensure that the feature tensors at the bottom layer of the
input deep graph network possess rigorous continuity and
topological integrity [37,38]. Due to the significant dimen-
sional gap and order-of-magnitude difference between finan-
cial indices, structural ratios, and macroeconomic absolute
quantitative indicators, directly injecting the original hetero-
geneous features into the neural network can easily induce
gradient annihilation or activation function saturation during
backpropagation. To avoid this computational bottleneck,
global Z-score standardization preprocessing is implemented
for all feature variables mapped to graph nodes [39,40]. By
stripping the mean of each variable from a spatiotemporal
global perspective and dividing it by the standard deviation,
the multimodal economic feature distribution is forcibly
reconstructed to a dimensionless standard normal space with
a mean of 0 and a variance of 1. The standardization

calculation formula is as follows:
X—p

Xnorm = .
g

(10)

In the formula, X represents the original feature value;
1 represents the spatiotemporal global mean; o represents
the standard deviation. This scaling mechanism completely
eliminates the interference of feature heterogeneity on the
aggregation weights of the graph convolution filter, laying
a data foundation for the efficient convergence of the sub-
sequent attention mechanism.

B. MODEL TRAINING PARAMETER SETTINGS AND
BASELINE CONTROL GROUP CONSTRUCTION

To ensure smooth gradient descent in the high-dimensional
feature space and avoid the risk of model overfitting, the
hyperparameter space of the ASTGCN architecture is rigor-
ously defined using a grid search strategy. Considering the
long-term lag of macroeconomic variables, the time sliding
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TABLE 1. Definition of core indicators and intermediary variables for digital inclusive finance and industrial upgrading

Variable Type Variable Name Symbol

Measurement/Calculation

Data Source

Explanatory Variable Digital Financial Inclusion In-  DFI

Industrial
(Advanced)
Industrial Upgrading (Rational-  TU

Explained Variable Upgrading  IU,,

Explained Variable

rat

Mediating Variable Technological Innovation TI

Mediating Variable Consumption Upgrading CU
Mediating Variable Financing Constraint Allevia-  FCA

Mediating Variable Human Capital Accumulation HCA

Composite index covering breadth of coverage,
dex depth of usage, and digitization level

" Ratio of tertiary industry value-added to secondary
industry value-added

Theil Index measuring coupling coordination de-
ized) viation between industrial and employment struc-
tures

Number of invention patent authorizations per
10,000 people

Dynamic growth rate of total retail sales of con-
sumer goods

Ratio of private enterprise loans to total regional
tion loans

Average years of schooling for population aged 15
and above

Peking University Digital Finance Re-
search Center

China Statistical Yearbook, Provincial
Statistical Yearbooks

China Statistical Yearbook, Provincial
Statistical Yearbooks

State Intellectual Property Office, China
Statistical Yearbook

China Statistical Yearbook, Provincial
Statistical Yearbooks

Wind Database, China Financial Year-
book

China Population and Employment Sta-
tistical Yearbook

window size is set to a parameter magnitude capable of cov-
ering the entire span of a short economic cycle; the dimen-
sionality of the hidden layers in the graph convolution and
temporal convolution modules is constrained based on the
mapping complexity of the node feature tensors. In the path
deconstruction layer, the number of heads in the multi-head
attention mechanism is specified to match the theoretically
preset number of mediating variables, enabling independent
extraction of information from different feature subspaces.
During the network parameter optimization stage, the Adam
optimizer is deployed, and a cosine annealing learning rate
decay strategy is used to dynamically adjust the gradient
update step size of the loss function, thereby addressing the
engineering problem that high-dimensional spatiotemporal
non-convex objective functions are prone to getting trapped
in local optima. Detailed hyperparameter configurations of
the ASTGCN model are shown in Table 2.

In the validation scheme for demonstrating the effective-
ness of the spatiotemporal joint topology model, the study
specifically designs a baseline model with three dimensions
for ablation and control testing. First, a traditional panel
vector autoregression (PVAR) model is built as an econo-
metric benchmark, aiming to expose the limitations of the
traditional global linear assumption in feature extraction
when dealing with complex nonlinear systems in reality.
Second, a single long short-term memory network (LSTM)
is constructed, and by forcibly setting the edge weights of
the spatial adjacency matrix to zero, the model is made
to process each regional panel sequence in isolation along
the time axis, thereby verifying the path distortion defect
caused by the removal of spatial network spillover effects.
Finally, an independent graph convolutional network (GCN)
is deployed to perform spatial feature mapping on the slice
cross-sectional data, directly eliminating temporal memory
units, thereby measuring the attenuation of fitting accuracy
caused by ignoring the time lag of financial transmission.
The differences in network structure and control variable
settings of each baseline model are shown in Table 2, Part
B.

The quantitative evaluation of the model’s fitting accuracy
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to the industrial upgrading index is uniformly mapped
to two objective test functions: Root Mean Square Error
(RMSE) and Mean Absolute Percentage Error (MAPE).
Let y; represent the true observed value of the industrial
upgrading index for the i-th evaluation node sample; 7; be
the predicted fitted value output by the model at the corre-
sponding spatiotemporal node; n represent the total number
of samples in the validation and test sets. The mathematical
penalty mechanism for error testing is expressed as follows:

an

Yi — Ui
Yi

100%
MAPE = — > (12)

i=1

Through the aforementioned evaluation system, RMSE
utilizes the nonlinear amplification mechanism of squared
errors to impose a high penalty on anomalous nodes in
the spatial network that produce extreme deviations from
the prediction, effectively controlling the risk of distortion
caused by the aggregation of local topological features.
MAPE, on the other hand, directly eliminates the absolute
scale sensitivity after multi-source index fusion calculation,
achieving a dimensionless evaluation of the goodness of fit
of the global driving path from the perspective of relative
error. All models use the same preprocessed dataset (30
provinces, 2011-2022). To prevent data leakage and account
for the temporal nature of the panel data, the dataset was
split chronologically: the period 2011-2019 (270 obser-
vations) was used for training and validation (8:2 ratio),
while the final three years, 2020-2022 (90 observations),
served as the independent test set. This temporal splitting
strategy ensures that the model is evaluated on its ability
to project future trends based on historical data, and all
neural network models employ an early stopping mechanism
(patience = 15 rounds) to prevent overfitting.

IV. EMPIRICAL RESULTS AND MULTIDIMENSIONAL
ANALYSIS OF PATH RECOGNITION
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TABLE 2. Comparison of ASTGCN model hyperparameter configuration with baseline model

Part Hyperparameter Value Description

Part A: ASTGCN Hyperparameter ~ Time Window Size (T") 5 Covers short economic cycle span for lag effect capture
Settings

Part A: ASTGCN Hyperparameter =~ GCN Hidden Layer Dimension (dgcn) 128 Spatial feature embedding dimension

Settings

Part A: ASTGCN Hyperparameter =~ TCN Hidden Layer Dimension (d¢cn) 64 Temporal feature extraction dimension

Settings

Part A: ASTGCN Hyperparameter ~ Multi-Head Attention Heads (M) 4 Matches preset mediating variable quantity

Settings

Part A: ASTGCN Hyperparameter  Initial Learning Rate () 0.001 Adam optimizer base learning rate

Settings

Part A: ASTGCN Hyperparameter  Learning Rate Decay Cosine Annealing Dynamic adjustment to avoid local optima

Settings

Part A: ASTGCN Hyperparameter ~ Dropout Rate 0.3 Prevents overfitting in high-dimensional feature space
Settings

Part A: ASTGCN Hyperparameter ~ Batch Size 32 Gradient descent optimization batch size

Settings

Part A: ASTGCN Hyperparameter  Training Epochs 200 Maximum iteration rounds for convergence

Settings

Part A: ASTGCN Hyperparameter ~ Edge Dropout Rate 0.15 Topology robustness testing parameter

Settings

Part B: Baseline Model Structure and ~ PVAR Panel Vector Autoregression Global linear assumption, lag order=2 (Akaike Informa-

Control Settings

tion Criterion criterion)

Part B: Baseline Model Structure and ~ LSTM Long Short-Term Memory Spatial adjacency weights set to zero, time-only process-
Control Settings ing

Part B: Baseline Model Structure and ~ GCN Graph Convolutional Network Temporal memory units removed, static cross-section
Control Settings mapping

Part B: Baseline Model Structure and
Control Settings

ASTGCN (Proposed)

Spatial-Temporal Graph Convo-
lution + Attention

Full architecture with spatial-temporal coupling

A. COMPARISON OF PREDICTION ACCURACY AND
ERROR OF SPATIOTEMPORAL COUPLING MODEL

The preprocessed provincial long panel test set data is input
into each group of models that has completed parameter
optimization. Using the actual observed value y; of the
industrial upgrading index as a benchmark, the residual
matrix of the output fitted value ¢; is mapped through the
aforementioned target test function. To verify the effective-
ness of the fused graph network and temporal module in
removing nonlinear spatial spillover features, the experiment
extracts the validation set prediction sequences of traditional
panel vector autoregression (PVAR), a single long short-
term memory network (LSTM), independent graph convolu-
tional networks (GCN), and the full-architecture ASTGCN
in parallel. By iteratively calculating the sum of squared
deviations and absolute percentage proportions of each spa-
tiotemporal node in the output tensor, the fitting and tracking
capabilities of different architectures for fluctuations in the
underlying economic system are accurately quantified.

The measured data clearly demonstrates the superior
performance of the spatiotemporal joint extraction mech-
anism in minimizing prediction errors. As shown in Figure
4(a), the PVAR model, which relies on the global linear
assumption, shows the most severe deviation in predicting
extreme values, with root mean square error (RMSE) of
0.1124 and mean absolute percentage error (MAPE) of
8.92%. In the ablation control group where spatiotemporal
topology is artificially fragmented, both the LSTM model
(RMSE = 0.0815, MAPE = 6.45%), which calculates only
along the time axis, and the GCN model (RMSE = 0.0956,
MAPE = 7.54%), which only processes static cross-sectional
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structures, encounter performance bottlenecks at the end
of gradient descent. In comparison, the ASTGCN model
has a lower prediction error in fitting and predicting the
industrial upgrading index. Its final RMSE converges to
0.0665 and MAPE decreases to 5.08%, achieving the con-
straint indicators that are 18.4% and 21.2% lower than the
standard LSTM baseline model, respectively. As shown in
Figure 4(b), the ASTGCN prediction curve and the actual
observations show a high degree of consistency across
the test set time steps. The two curves almost overlap at
most time points, with only minor deviations at a few
fluctuation inflection points. This substantial reduction in
error not only confirms the effectiveness of composite graph
convolution and dilated causal convolution in smoothing
extreme features from an algorithmic perspective, but also
verifies at the engineering level that introducing complex
spatiotemporal network topology can effectively solve the
problem of spatiotemporal fragmentation and significantly
improve the ability to characterize real-world economic
systems. The error comparison data fully demonstrates that
the joint modeling strategy, which simultaneously captures
spatial spillover effects and temporal lag characteristics,
has significant performance advantages in macroeconomic
forecasting tasks.

B. IDENTIFICATION OF THE CORE INTERMEDIARY
PATH FOR DIGITAL INCLUSIVE FINANCE TO DRIVE
INDUSTRIAL UPGRADING

Based on the output tensor of the model’s top-level spa-
tiotemporal multi-head attention mechanism on the test set,
this paper globally extracts and quantifies the weights of
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FIGURE 4. Comparison of prediction errors (RMSE/MAPE) and fitting curves for multi-model industrial upgrading: (a) Comparison of
prediction errors between models; (b) ASTGCN fitted curve and actual observed values

the hidden layer transmission paths. By smoothing random
perturbations through tensor dimensionality reduction and
expectation calculation of the scoring matrices generated
by each attention module, this study focuses on four
theoretically-derived candidate paths—‘technological inno-
vation,” ‘human capital accumulation,” ‘consumption up-
grading,” and ‘alleviating financing constraints’—to quantify
their relative importance within the model’s feature space. It
should be noted that while these variables capture significant
dimensions of the transmission mechanism, they do not
exhaustively represent all possible channels; other factors
such as institutional quality and infra structure investment,
though not included in this model’s scope, may also play
critical roles. Experimental data calculations indicate that
the relative contributions of these four core transmission
paths form a significant hierarchical asymmetric polygonal
distribution pattern in the radar chart, as shown in Figure 5.

As shown in Figure 5, the relative contributions of the
four core transmission paths form an asymmetric polygonal
distribution pattern. Among them, the Technological Innova-
tion path reaches a peak relative weight of 38.6%, dominat-
ing the transmission in the network topology, indicating that
technological innovation is the most crucial intermediary
channel for digital inclusive finance to drive industrial
upgrading. The Consumption Upgrading path ranks second
with a weight of 27.4%, reflecting the significant driving role
of expanding consumer demand in the process of climbing
the industrial value chain. The Financing Constraint Allevi-
ation path has a weight of 21.5%, verifying the fundamental
function of inclusive finance in promoting the optimal
allocation of capital factors by alleviating corporate credit
constraints. The driving contribution of the Human Capital
Accumulation dimension converges to 12.5%, indicating
that the transmission effect of human capital accumulation is
relatively limited within the current research period, which
is consistent with the economic theory expectation of a long
return cycle for education investment.

To verify the statistical reliability of the extracted weights,
a permutation test scheme is introduced for the multidimen-
sional path attention score vector. By randomly shuffling
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and resampling the input features and performing multiple
forward propagation iterations, the absolute deviation of
the original network output weights from the null hy-
pothesis distribution is rigorously compared. To assess the
stability of the learned attention weights, a permutation
test was conducted with 1,000 iterations, where the null
hypothesis assumed no consistent ranking of path weights
across spatial units. The resulting distribution of permuted
weight differences indicates that the observed dominance
of technological innovation is highly robust, falling well
outside the 99th percentile of the randomized distribution
(p < 0.01). Furthermore, sensitivity analysis suggests that
these weight distributions remain consistent under varying
network initializations. This computational step, through the
explicit extraction of the activation strength of the underly-
ing tensors, accurately quantifies the potential transmission
gradient within a complex economic system. The successful
permutation test further confirms that the path weight dif-
ferences captured by the attention mechanism are not due
to random noise, but rather truly reflect the heterogeneous
contributions of different mediating vari ables in the process
of digital inclusive finance driving industrial upgrading. This
feature mapping verification mechanism successfully filters
out redundant collaborative noise between heterogeneous
data, bringing the high-dimensional hidden state features of
the spatiotemporal graph neural network down to a logical
scale that can be directly measured by macroeconomic
theory. This substantially achieves a transition from tradi
tional black-box modeling to an interpretable framework
with economic explanatory power in deep learning archi-
tecture, laying a reliable weight benchmark for subsequent
time-series dynamic evolution analysis and spatial network
effect reconstruction.

C. TEMPORAL DYNAMIC EVOLUTION
CHARACTERISTICS OF THE CORE DRIVING PATH

To address the time-varying characteristics of the transmis-
sion mechanism over long periods, the local acti vation
score tensor of the spatiotemporal multi-head attention
module at each discrete time step is directly extracted.
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FIGURE 5. Radar chart of attention weight distribution for different transmission paths

To eliminate observational noise caused by high-frequency
fluctuations in the macroeconomic system, a sliding time
window filtering algorithm with a width of three periods is
introduced along the time axis into the output sequence. The
processed sequence timestamps are aligned with the center
year of the sliding window, and a smoothing operation
is performed on the serialized weight matrix. This data
processing workflow eliminates weight spikes caused by
short-term random shocks and accurately reconstructs the
low-frequency evolution curve of the core transmission
path’s influence intensity over time, thus effectively solving
the analytical bottleneck that global static weight mapping
cannot characterize the dynamic evolution trajectory within
the system.

Aligning the smoothed and denoised feature outputs to
the verification period by timestamp, the quantified feature
sequence reveals a significant “dominance replacement”
pattern in the driving path, as shown in Figure 6. In the
tensor slices of the early period, the attention weight of the
“alleviating financing constraints”

path remains high, with an initial peak approaching 36%,
quantitatively confirming that the early development of
inclusive finance mainly relies on filling credit gaps to play
a basic expansion role. However, as the time series progress,
the weight of this path shows a non-linear decay trend and
eventually converges to 18%. In contrast, the “technological
innovation” path undergoes a structural reversal, with its
evolution trajectory starting from an initial 15% and mono-
tonically increasing. Calculated using the attention mecha-
nism, this path breaks through the crossover critical point at
a specific economic node (i.e., when the smoothing window
center year is 2017). To confirm the statistical validity of this
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shift, a Chow test was performed, yielding a significant F-
statistic (p < 0.01), which rigorously supports the existence
of a structural break in the driving logic rather than a mere
smoothing artifact. This dynamic tracking operation based
on a time-series multihead mechanism, using purely data-
driven feature evolution, verifies the process of the core of
industrial upgrading evolving from “capital factor-driven” to
“innovation technology-driven”.

As shown in Figure 6, the red curve represents the
path to alleviate financing constraints, while the blue curve
represents the path to technological innovation. The two
curves intersect around 2017, marking a fundamental shift
in the core logic of digital inclusive finance driving in-
dustrial upgrading. Before this intersection, the availability
of financial resources is the main bottleneck restricting
industrial development; after, technological empowerment
and innovation incentives become the dominant forces. This
structural breakpoint in time objectively reflects the phased
characteristics of the integration of the digital economy and
the real economy, namely, the transformation from initial
scale expansion to later quality improvement. Through the
dynamic allocation of attention weights, the model suc-
cessfully captures the micro-signals of this macroeconomic
transformation, providing a quantitative basis for the timing
adjustment of policy formulation.

D. RECONSTRUCTION OF SPATIAL NETWORK
EFFECTS OF CROSS-REGIONAL SPILLOVER OF
FINANCIAL ELEMENTS

To reconstruct the physical spatial network of cross-regional
spillover of digital inclusive finance, this study directly
extracts the optimized spatial adjacency matrix of the bottom

VOL. 15, NO. 3, AUGUST 2026



R. Ding et al.

JOURNAL
¢ ORG

AE

=== Financing Constraint Alleviation
—— Technological Innovation

0.40 1 Crossover Year (2017)

e
v

i
\\?"*—-—\

032

Shift from "Capital-Driven” to "Innovation-Driven”

Attention Weight
° °
N @
& 8
\] .
.

2011 2013 2015

2017 2019 2021

FIGURE 6. Line chart showing the evolution of critical path weights over time

layer of the ASTGCN model after training convergence and
the node feature tensor output by the last layer of graph
convolution. An adaptive threshold filtering algorithm is
deployed, setting the weight truncation extreme value to
0.05 to remove redundant weakly correlated edges below
this threshold to filter out system noise at the bottom layer.
Subsequently, the dimensionality-reduced high-dimensional
spatial embedding vector is mapped to the actual geograph-
ical latitude and longitude coordinates of 30 provinces and
cities through an inverse affine transformation. To further
overcome the visual limitations of the two-dimensional
topological graph, the system quantifies the specific intensity
of the aforementioned spillover effect. This study extracts
the optimized high-dimensional adjacency matrix and edge
weight tensor of the bottom layer of the ASTGCN model
and performs rigorous algebraic calculations on global net-
work density, node centrality, and feature attribution effect.
The quanti tative results of each core indicator are shown in
Table 3. The network topology parameters generated during
the data reconstruction process show that 428 valid cross-
domain connections with high confidence are identified
across the entire sample period. The global spatial network
density significantly increases from 0.14 in the initial ob-
servation period (2011) to 0.39 in the final period (2022).
This topology extraction process directly visualizes the high-
dimensional hidden features and quantitatively confirms
that the connectivity of financial elements flowing across
physical boundaries exhibits a non-linear increasing trend.
To address the radiating and driving effect of high-level
cities on surrounding areas, a weighted degree centrality and
spatial decay gradient calculation module is introduced into
the mapped geographic map structure. A global measure-
ment of the edge weights (i.e., the spillover effect intensity)
of each node connection is conducted. The results indicate
that the average out-degree centrality of the core nodes
in the eastern coastal region is as high as 0.78, forming
an absolute high-potential spillover center for financial re-
sources. Further network edge weight attribution analysis
shows that the digital financial momentum transmitted from
these high-level nodes to adjacent central and western nodes
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through the topological network contributes 41.2% to the
incremental industrial upgrading index of the receiving
nodes, and the spatial decay coefficient of this spillover
effect remains stable at 0.024 per 100 kilometers. This
series of matrix operations and topology reconstruction steps
accurately captures the nonlinear spatial evolution trajectory
of financial elements diffusing from high gradients to low
gradients, verifying the objective existence of the spatial
network topology mechanism at the algorithm level, and
effectively solving the technical defects of regional isolation
in traditional macro panel data modeling.

As shown in Figure 7, red nodes represent high-potential
core nodes, while gray nodes represent other provinces. The
color of the connecting lines is gradient-mapped according
to the spillover intensity, with red indicating strong spillover
and blue indicating weak spillover. The spatial distribution
pattern reveals that eastern coastal provinces such as Beijing,
Shanghai, Guangdong, Zhejiang, Jiangsu, and Shandong
form signif icant core radiation clusters, with densely
connected nodes and warmer colors, indicating that these
regions are exporting high-intensity digital finance spillover
momentum to surrounding and central-western regions. In
contrast, the node connections in western and northeastern
provinces are sparser and cooler in color, reflecting their
primary position as receivers in the spatial network. This
visualization result highly matches the weighted degree cen-
trality measurement data, intuitively verifying the gradient
diffusion characteristic of digital inclusive finance—*strong
in the east, weak in the west”—from a geospatial perspec-
tive, providing empirical evidence at the spatial topology
level for the differentiated policy formulation of regional
collabo rative development strategies.

E. HETEROGENEITY AND MODEL ROBUSTNESS
TESTING

To examine the spatial evolution differences and heterogene-
ity of core driving paths under different regional economic
bases, this paper decouples the global spatiotemporal graph
network into three independent local topological subgraphs:
eastern, central, and western. Measurements of the core
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TABLE 3. Topological characteristics and quantitative measurement of cross-regional spillover network for digital inclusive finance

Indicator Category Core Evaluation Indicator

Calculated Value / Range

Algorithm and Underlying Calculation Logic

Global Network Topology Total Effective Cross-Regional Spillover
Edges

Global Network Topology Evolution of Global Spatial Network Density

Regional Node Status Average Weighted Out-Degree Centrality of

Eastern Core Nodes
Spillover Effect Quantification Contribution of the East to Industrial Up-
grading Increment in the Central and Western
Regions
Spillover Effect Quantification Spatial Decay Coefficient of the Spillover Ef-
fect

428 edges

0.024 / 100 km

Extract the optimal spatial adjacency matrix of the model
and perform truncation filtering by setting an edge weight
threshold of > 0.05.

(2011)—0.39  Calculate the ratio of the actual number of effective edges in

(2022) a specific period to the theoretical maximum number of edges

in the network, N(N — 1).

Normalize and sum the weights of topological edges directed
outward from core nodes (e.g., Yangtze River Delta and Pearl
River Delta).

41.2% Sever the edge weights for cross-regional feature propagation

between the East and West, and perform a feature attribution
measurement based on the decline amplitude of the model’s
receiving-end output.

Calculated by executing an exponential regression fit on the
cross-regional edge weight tensor extracted by the model
alongside the spherical geographic distance matrix.
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FIGURE 7. Spatiotemporal network topology diagram of Chinese provincial-level administrative regions based on GCN feature
extraction

path classification task performed on each subgraph show
significant regional heterogeneity in the extraction of driving
paths: in the highly financialized and digitalized eastern
sub-network, the characteristics of dominant transmission
paths such as “technological innovation” are most fully
activated, with the harmonic mean index (F1) for this
path peaking at 94.0%; in the central region, due to the
decrease in factor flow density, this index converges to
91.4%; while in the western region, because it is still in
the early stages of inclusive finance filling the credit gap,
the connectivity of the underlying financial infrastructure
is weak, resulting in relatively sparse path transmission
signals, with an F1 of 88.7%. The aforementioned cross-
sectional subset verification not only quantitatively confirms
the spatial diminishing returns of efficiency driven by digital
finance, but also profoundly reveals the heterogeneous na-
ture of the transmission path—namely, the eastern region
has firmly established an advanced path of “dual-engine
drive of innovation and consumption,” while the western re-
gion still heavily relies on the basic path of “easing financing
constraints.” Despite this heterogeneity, the model’s global
weighted mean still accurately approximates the baseline,
demonstrating that the architecture possesses excellent high-
dimensional feature mapping generalization ability when
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facing complex economic bases.

To address the unavoidable statistical accounting biases
and exogenous structural shocks in macroeconomic panel
data series, adversarial perturbations are further injected into
the input of the underlying graph data to conduct stress tests.
Specifically, Gaussian white noise with a standard deviation
of 0.1 is randomly super imposed on the input discrete
node feature matrix to simulate data measurement errors;
simultaneously, a random discard operation is performed on
up to 15% of the topological connections within the spatial
adja cency matrix to replicate the scenario of financial factor
transmission disruption under extreme conditions. Under
this stringent interference constraint, the forward propaga-
tion and backward verification processes are restarted. The
core driving node classification accuracy of the global noise
test group remains stable at 90.4%, and the model prediction
performance does not experience gradient divergence or a
precipitous collapse. The performance evaluation of node-
driven path classification in different regions and the results
of the noise stress test are shown in Figure 8.

Figure 8 shows the F1 score distribution ranges for the
four categories: Eastern, Central, Western, and Global Noise
test groups. The scatter plots reflect the specific performance
dispersion of the samples from each province. The Eastern
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FIGURE 8. Box plot and scatter plot of F1-Score performance evaluation for node-driven paths in different regions

region has the highest and most compact box position, with
an average of nearly 94.0%, indicating that the model has
the strongest recognition stability in economically developed
areas. The Central and Western regions have progressively
lower box positions, with averages at 91.4% and 88.7%
respectively, visually demonstrating the heterogeneity of
driving efficiency decreasing with geographical gradient.
Notably, although the global noise test group has a slightly
lower box position than the Eastern region, its average
remains high at 90.4%, with fewer outliers. This structural
degradation stress test confirms from the underlying physical
mechanism of the algorithm that the composite spatiotem-
poral coupled network can effectively filter and absorb un-
structured economic noise through multi-level neighborhood
aggregation and long-term smoothing operations, effectively
ensuring the robustness of the path recognition model in
complex realworld environments.

V. CONCLUSION

This paper addresses the challenges of spatiotemporal dy-
namic evolution complexity and the black-box nature of
transmission mechanisms in the process of digital inclusive
finance driving industrial upgrading. It proposes and con-
structs a spatiotemporal graph convolutional neural network
recognition model that integrates a multi-head attention
mechanism. In terms of algorithm execution, this research
first overcomes the limita tions of traditional isolated panel
data by fusing geographical and economic distance matrices
to reconstruct discrete regional macroeconomic indicators
into a multi-dimensional dynamic spatiotemporal graph net-
work topology. Second, it combines graph convolutional
networks and temporal convolutional networks to deeply
aggregate the spatial spillover effects of cross-regional
financial element flows and the nonlinear temporal lag
characteristics of long economic cycles. Finally, it embeds
a spatiotemporal multi-head attention mechanism into the
top-level architecture to achieve dynamic quantification and
high-dimensional stripping of core inter mediate transmis-
sion paths, completing the leap from underlying data fea-
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tures to “white-boxed” economic logic. Empirical testing
based on long-term panel data from Chinese provincial
levels fully verifies the effec tiveness and superiority of this
architecture. The experimental results are mainly reflected in
four aspects: first, in terms of fitting accuracy, the ASTGCN
model successfully eliminates spatiotemporal fragmentation
errors, with its root mean square error and mean abso-
lute percentage error decreasing significantly by 18.4%
and 21.2% respectively compared to the benchmark LSTM
model. Second, in terms of path deconstruction, the model
accurately quantifies “technological innovation” as the core
mediating transmission path (with a weight of 38.6%), and
reveals the fundamental shift in the driving force from “cap-
ital factor-driven” to “innovation technology-driven” around
2017 through temporal evolution tracking. Third, spatial
topology reconstruction intuitively confirms the strong fi-
nancial spillover effect from high-energy nodes in the
eastern coastal areas to the central and western regions.
Fourth, in heterogeneous region classification and noise
stress testing, the model demonstrates strong robustness
and generalization ability. This research provides reliable
algorithmic support for regional coordinated development
and precise digital finance policy implementation.
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