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ABSTRACT Modeling spatiotemporal propagation and dynamic regional interactions is essential for
intelligent decision-making in large-scale interconnected systems and communication-aware engineering
applications. To overcome the limitations of conventional vaccination prediction methods that neglect
dynamic spatial dependencies, this study proposes an LSTM-based forecasting framework integrating
spatiotemporal graph convolution, dynamic spatial attention, and spatial regularization mechanisms. A
dynamic spatial weight matrix combining geographic adjacency and population mobility is first constructed
to characterize inter-regional coupling, after which graph convolution and adaptive attention are employed
to capture time-varying spillover effects and evolving influence patterns. Experiments conducted on weekly
vaccination data from 90 districts and counties in Zhejiang Province demonstrate that the proposed
model reduces MAE and RMSE by 19.0% and 17.2%, respectively, compared with the conventional
LSTM while significantly improving the spatial consistency of prediction residuals. Furthermore, the
framework reveals hierarchical propagation characteristics from core urban clusters to transportation
hubs and peripheral regions through interpretable dynamic attention and spillover analysis. By explicitly
modeling spatial interaction and propagation mechanisms rather than isolated temporal sequences, the
proposed approach provides a generalized methodology for spatiotemporal signal evolution analysis,
network-aware prediction, and adaptive information propagation in complex distributed systems.

INDEX TERMS spatiotemporal propagation, graph convolutional LSTM, dynamic spatial attention,
network-aware prediction, spatial dependence

I. INTRODUCTION

VACCINATION coverage rates serve as a fundamen-
tal metric for assessing the effectiveness of public

health interventions [1-2]. Furthermore, vaccinations are a
key component towards herd immunity. Many agree that
observed vaccination behaviors vary by location due to the
phenomenon known as “spatial dependence”. Vaccination
behaviors exhibit significant spatial heterogeneity due to
‘spatial dependence,’ a phenomenon where local social in-
teractions and population mobility (immigration/emigration)
cause vaccination progress, policy implementation, and
information dissemination in one region to influence its
neighbors [3-4]. Most current predictions for vaccination
behaviours are based on a region’s ability to function
independently or only to include static geographic attributes;
therefore, current approaches fail to accurately reflect the
dynamic transfer of vaccination behaviours between regions,
as such, having a negative impact on both the predictive
capability of obtaining operation resources and the avail-
ability to accurately identify the factors that contribute
to vaccine inequality across regions. There is substantial

theoretical value and pragmatic value to constructing a
prediction framework that has deep spatio-temporal inte-
grations of each regional difference, if it is to be used to
optimize the allocation of vaccination resources, develop
targeted intervention models. In the field of vaccination rate
prediction and regional difference analysis, scholars have
conducted a series of studies. Based on readily available
indicators at the regional level, Carrieri et al. used machine
learning models (especially the random forest algorithm)
to effectively predict high-risk communities for vaccine
hesitation, thereby helping policymakers implement precise
regional vaccine advocacy interventions [5]. Wheeler et al.
identified geospatial patterns and regional factors associated
with HPV (Human Papilloma Virus) vaccination in spe-
cific geographic areas [6]. Dayaratna et al. used hierarchi-
cal Bayesian spatiotemporal modeling for spatial analysis,
which is crucial for understanding the factors influencing
disease transmission before the advent of vaccines [7].
Jentsch et al. constructed a socio-epidemiological coupling
model of SARS-CoV-2 (Severe Acute Respiratory Syn-
drome Coronavirus 2) transmission, suggesting that using
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SARS-CoV-2 vaccines to block virus transmission may be
more effective in preventing death than prioritizing vacci-
nation of vulnerable age groups [8]. Although the above
studies have made progress in verifying spatial effects, they
generally have two limitations: the predictive model and
spatial analysis are disconnected, and the spatial spillover
intensity is treated as a static parameter, making it difficult to
capture its dynamic evolution process. LSTM models have
been gradually introduced into the field of vaccine vacci-
nation rate prediction due to their advantages in time-series
modeling. Altarawneh et al. proposed an interpretable con-
volutional neural network-long short-term memory (CNN-
LSTM) model to predict the COVID-19 vaccination rate
[9]. He et al. proposed an optimized long short-term mem-
ory (LSTM+) model to predict the cumulative number
of confirmed COVID-19 cases in Germany, the United
Kingdom, Italy and Japan [10]. Kumar et al. proposed
an interpretable COVID-Twitter-BERT (A natural language
processing model to analyze COVID-19 content on Twitter)
and LSTM model to determine people’s views on COVID-
19 vaccination [11]. Burukanli et al. proposed a robust
HyperMixer and long short-term memory network (LSTM)
attention mechanism model HyperAttCov for COVID-19
virus mutation prediction [12]. In summary, while existing
LSTM-based research has achieved breakthroughs in tempo-
ral prediction accuracy, it still has significant shortcomings
in explicit modeling of spatial dependencies, dynamic cap-
ture of spatial spillover, and analysis of regional difference
transmission mechanisms.

To address the research gaps in existing studies that fail
to embed spatial dependency mechanisms into the temporal
prediction framework and struggle to capture the dynamic
evolution of spatial spillover and the transmission paths of
regional differences, this paper proposes an LSTM predic-
tion framework that integrates spatial dependency mecha-
nisms. In this work, three key contributions are proposed.
First, a spatiotemporal graph convolutional LSTM module
is presented, which combines graph convolutional network
and LSTM to provide a more accurate representation of the
surrounding location’s information during the time series
modeling process than what is possible with traditional
LSTMs that treat the regional data independently from
one another. Second, a real-time dynamic spatial attention
mechanism is proposed, which outputs spatial attention
values as a function of the temporal correlation between
the hidden states of each region. This mechanism allows to
track how the influence of each location changes over time
due to the presence of external influences. Third, a spatial
regularization loss function is introduced, which is defined
to reduce the difference in predicted values between adjacent
locations and promote spatial consistency within the output
of our models. The effectiveness of the proposal through
experimental results collected from a dataset containing
the vaccine dosage rates from 90 districts and counties
in Zhejiang Province, China, is demonstrated, and the key
points at which prediction errors propagate between adjacent

districts or counties are also quantified. The results provide
a novel, understandable spatiotemporal fusion framework
for predicting vaccine inoculation rates that can be used to
support evidence-based public health decisions.

II. METHODS
A. OVERALL MODEL FRAMEWORK
To systematically present the overall architecture and data
flow path of the LSTM prediction framework with fused
spatial dependency mechanisms proposed in this paper,
three core improved modules—spatiotemporal graph con-
volutional LSTM, dynamic spatial attention, and spatial
regularization loss—are placed within the same logical flow,
as shown in Figure 1.

As shown in Figure 1, the architecture consists of four
core stages. First, the input and spatial construction layer
lays the data foundation by integrating weekly vaccination
rates, multidimensional covariates, and a dynamic spatial
weight matrix A constructed based on geographical adja-
cency and population flow. Next, the spatiotemporal graph
convolutional LSTM module utilizes graph convolutional
networks (GCNs) to explicitly aggregate spatial context
information of neighboring regions at each time step and
input it into the LSTM unit to synchronously model tempo-
ral dependencies. Subsequently, a dynamic spatial attention
mechanism calculates the temporal similarity of the hidden
states of regions and evolves the spatial influence weight
α in real time, thereby capturing the dynamic transmission
patterns of spatial spillover effects. Finally, the system is
optimized through a joint loss function integrating spatial
regularization terms, improving prediction accuracy while
constraining prediction differences between neighboring re-
gions, ensuring the smoothness and consistency of the
output results in spatial distribution.

B. PROBLEM DEFINITION AND SYMBOL SYSTEM
1) Regional and Temporal Definitions
Let the study area set be R = {1, 2, . . . , N} (N = 90 in this
paper), and the time window be T = {1, 2, . . . , T} (weekly
data, T = 156).

2) Features and Prediction Objectives
Xt ∈ RN×F is defined as the feature matrix (vaccination
rate and covariates) at time t, and Yt ∈ RN as the true
value vector of the vaccination rate at the corresponding
time. Rolling prediction is adopted: using L historical time
points (L = 12) to predict Ŷt+H in the next H steps (H = 1
or 4).

3) Spatial Adjacency Matrix
A spatial adjacency matrix A ∈ RN×N is constructed,
where the elements aij are weighted based on a combina-
tion of geographical adjacency and population flow. After
normalization, Â = D−1/2AD−1/2 is obtained, where D is
a degree diagonal matrix.
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FIGURE 1. Overall model framework

4) Model Objectives and Evaluation Indicators
The nonlinear mapping f : {Xt−L+1, . . . , Xt}, A 7→ Ŷt+H

is learned. Evaluation indicators include MAE, RMSE,
MAPE (Mean Absolute Percentage Error), R2 and the
global Moran’s index (Moran’s I) of the prediction residuals
[13].

C. SPATIAL RELATIONSHIP CONSTRUCTION
1) Spatial Weight Matrix Construction
The spatial adjacency matrix A is constructed using a
composite weight of “geographical adjacency (Queen rule)
+ population flow”: aij = bij ·mij . After row normalization,
it is symmetrically normalized to Â = D−1/2AD−1/2.
In order to intuitively present the spatial adjacency matrix
structure based on geographic adjacency and population
flow [14] and verify the rationality of the setting of spatial
dependence between regions, Figure 2 shows the top 50
districts and counties in Zhejiang Province. The connection
within the urban agglomeration is strong, while the connec-
tion in the mountainous area is weak.

In Figure 2, the dark blue area with indices 0–25 in
the upper left corner represents “Urban Agglomerations,”
characterized by frequent geographical proximity and pop-
ulation movement, resulting in the strongest spatial spillover
effect. The light yellow area with indices 25–50 in the lower
right corner corresponds to “Mountainous Areas,” where
spatial connections are relatively sparse due to geographical
barriers. A dark diagonal line passing through the center rep-
resents the temporal correlation of the districts and counties
themselves. The overall matrix provides core data support
for the subsequent explicit modeling of spatial dependency
mechanisms and analysis of the dynamic transmission of
regional differences using the spatiotemporal graph convo-
lutional LSTM model.

2) Temporal Similarity
This paper quantifies the morphological similarity of vacci-
nation rate time series in various districts and counties of
Zhejiang Province using DTW (Dynamic Time Warping)
distance [15-16]. Using Ward link distance (the smaller
the distance, the higher the “similarity” between samples),
three clusters are identified: a rapid pattern in the northern
plains, a transitional pattern in the central region, and a
slow pattern in the southwestern mountainous areas. This
confirms significant regional differentiation in the evolution
trajectory of vaccination rates. Furthermore, by mapping the

cluster labels to a map of Zhejiang Province using a geo-
graphic distribution map—the rapid pattern is concentrated
in urban clusters, while the slow pattern is distributed in
mountainous areas—the clustering results exhibit obvious
spatial clustering characteristics, as shown in Figure 3.

Figure 3(a) divides the time series of vaccination rates
in 90 districts and counties of Zhejiang Province into three
clusters using Ward link distance as the vertical axis: the
blue cluster’s link merging span is mainly concentrated
below 0.5, representing the rapid vaccination pattern in the
northern plains; the yellow cluster’s link merging distance
(0.5–1.5) is denser than other clusters, corresponding to the
stable growth pattern in the central transition zone; the red
cluster has the largest link distance span (approaching 2.5),
indicating strong individual differences and heterogeneity in
the vaccination trajectory of the southwestern mountainous
areas. The geographical distribution map in Figure 3(b)
maps the cluster labels to the map of Zhejiang Province.
The blue clusters are concentrated in the plain urban clusters
of Hangzhou-Jiaxing-Huzhou and Ningbo-Shaoxing; the red
clusters are mainly located in the southwestern mountainous
areas such as Lishui and Quzhou; the yellow clusters are dis-
tributed in the transitional zones such as the Jinhua-Quzhou
Basin, showing significant spatial clustering characteristics.
This verifies the premise that geographically adjacent areas
have similar inoculation rate evolution trajectories and pro-
vides empirical evidence for the subsequent introduction of
spatial dependence mechanisms.

D. SPATIOTEMPORAL GRAPH CONVOLUTIONAL LSTM
MODULE
The core function of the spatiotemporal graph convolutional
LSTM module is to explicitly aggregate the spatial infor-
mation of neighboring regions at each time step, enabling
the LSTM unit to perceive the spatial context between
regions, thereby deeply integrating spatial dependence with
temporal evolution [17-18]. The specific implementation
consists of two steps: first, a graph convolution operation
is performed on the feature matrix Xt ∈ RN×F at the
current time step. The symmetric normalized adjacency
matrix Â = D−1/2AD−1/2 is used to aggregate the features
of neighboring regions, and the learnable weight matrix
Wgcn ∈ RF×H maps the features to the hidden dimen-
sion H . Then, the spatially enhanced features are obtained
through the ReLU (Rectified Linear Unit) activation func-
tion:
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FIGURE 2. Heatmap of spatial weight matrix of the top 50 districts and counties in Zhejiang Province

FIGURE 3. Hierarchical clustering results and spatial distribution of vaccination rates based on DTW distance

X̃t = ReLU
(
ÂXtWgcn

)
(1)

In Formula (1), X̃t ∈ RN×H integrates the information
of each region itself and its neighbors. X̃t is the input of
the LSTM unit, and the hidden state is updated according
to the standard gating mechanism.

E. DYNAMIC SPATIAL ATTENTION MECHANISM
The dynamic spatial attention mechanism aims to capture
the time-varying characteristics of spatial spillover intensity
between regions, overcoming the limitation of traditional
static spatial weight matrices in failing to reflect the evo-
lutionary patterns of regional influence relationships during
external shocks such as policy events and public opinion
changes [19-20]. The core idea of this mechanism is: at
each time step, attention weights are dynamically calculated
based on the temporal similarity of the hidden states of the
regions, and the hidden states are weighted and aggregated
accordingly.

Specific implementation is as follows: for any two regions
i and j, the attention score at time t is calculated based on
the hidden states hi,t−1 and hj,t−1 of the previous time step.
First, the two are concatenated, mapped to a scalar via the
learnable vector a ∈ R2H , and nonlinearity is introduced
through the LeakyReLU activation function. Then, the at-
tention weights are obtained by Softmax normalization [21-
22]:

αt
ij =

exp
(
LeakyReLU

(
aT [hi,t−1∥hj,t−1]

))∑
k∈N(i) exp (LeakyReLU (aT [hi,t−1∥hk,t−1]))

(2)
In Formula (2), N(i) represents the spatial neighborhood

of region i (defined by the spatial adjacency matrix A), and
∥ represents vector concatenation.

The attention weights αt
ij reflect the influence strength of

region j on region i at time t, and satisfy
∑

j∈N(i) α
t
ij = 1.

Subsequently, the hidden states of neighboring regions are
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Lpred

F. SPATIAL REGULARIZATION LOSS FUNCTION
The core function of the spatial regularization loss function 

is to apply a smoothness constraint to the predicted values 

of adjacent regions while optimizing the prediction error,
so that the model output has geographical consistency in 

space and avoids the unreasonable phenomenon of “geo-
graphically adjacent but abrupt prediction results” [23-24].
This design is based on the first law of geography (nearby 

things are more similar) and injects spatial autocorrelation 

weighted and aggregated using this weight to obtain the 

enhanced region representation:

ˆ

j∈N(i)

hi,t =
∑

αi
t
j · hj,t−1 (3)

In Formula (3), hj,t−1 represents the attention score of 

any region j at time t based on the hidden state of the 

previous time step. This aggregation process allows the hid-
den state of each region to dynamically absorb information 

from its neighbors, and the influence weights are adaptively 

adjusted according to changes in external conditions.

as prior knowledge into the model training process.
The loss function consists of two parts: the prediction 

error term and the spatial regularization term. The prediction 

error term uses the mean squared error (MSE) to measure 

the difference between the model’s predicted value ŷi,t and 

the true value yi,t:

=
1

L = Lpred + λ · L

N

N

i=1

∑
(yi − ŷi)

2 (4)

In Formula (4), (yi − ŷi)
2 is the square of the prediction 

bias. The spatial regularization term penalizes the prediction 

differences between adjacent regions and is defined as:

t

N

i=1 j∈N(i)

Lspatial =
∑∑ ∑

wij(ŷi,t − ŷj,t)
2 (5)

In Formula (5), N(i) represents the spatial neighborhood 

of region i, and wij is the spatial weight (consistent with the 

elements in the spatial adjacency matrix A). This formula 

is a weighted sum of the prediction differences between 

adjacent regions at all time steps. The total loss function is 

a weighted combination of the two terms:

spatial (6)

In Formula (6), the hyperparameter λ > 0 controls 

the strength of spatial smoothness. When λ increases, the 

model tends to produce spatially smooth prediction results;
when λ = 0, the model degenerates into a standard LSTM 

(without spatial constraints).
To visually verify the effect of spatial regularization,

Figure 4 selects a typical neighborhood containing three 

adjacent districts and compares the changes in the model 

prediction curves with and without spatial regularization.

In Figure 4(a), the neighboring region prediction curves 

of the standard LSTM (without spatial regularization) show 

obvious intersections and separations (e.g., County B devi-
ates significantly from the true value and is inconsistent with 

its neighbors in weeks 15–20), violating the spatial intuition 

that geographically adjacent regions evolve similarly. In 

Figure 4(b), the prediction curve of the model in this 

paper (with spatial regularization) is closer to the true value 

and has a smooth transition without unreasonable abrupt 

changes. The comparison shows that the spatial regulariza-
tion term effectively constrains the prediction differences 

between neighboring regions, ensures the spatial consistency 

of the output, and verifies its key role in improving the 

spatial rationality of the prediction.

III. EXPERIMENTS
A. DATASET DESCRIPTION
The research data covers 90 county-level administrative 

regions (including municipal districts, county-level cities,
and counties) in Zhejiang Province, spanning from week 1 

of 2021 to week 52 of 2023 (a total of 156 time points).
Vaccination rate data is obtained from the weekly report-
ing system of the Zhejiang Provincial Center for Disease 

Control and Prevention, defined as the core variable: the 

ratio of the number of people who complete full vaccination 

each week to the resident population in each district/county.
Covariates include: GDP per capita, number of doctors per 

thousand people, policy dummy variables (based on provin-
cial health commission announcements marking events such 

as “strengthening vaccination promotion” and “community 

mobilization”), public opinion index, holiday dummy vari-
ables (statutory holidays and the three days before and after),
and average weekly temperature. Based on the hierarchi-
cal clustering results mentioned above (Figure 3), the 90 

districts/counties are divided into three regions: the rapid 

vaccination area in the northern plains, the transitional area 

in the central region, and the slow vaccination area in the 

southwestern mountainous region. The vaccination rates for 

each district/county are statistically analyzed, as shown in 

Table 1.

The Northern Plain Rapid Development Zone (32 dis-
tricts/counties) has the highest average vaccination rate,
78.4%, as well as the least amount of internal variability 

(coefficient of variation (CV) 0.079). This reflects the fact 

that the Northern Plains region has made the most rapid and 

balanced progress with respect to vaccinations. The Central 

Transition Zone (28 districts/counties) has an average vacci-
nation rate of 65.1% and a CV of 0.131. As a result, this area 

has moderate levels of vaccination progress compared to 

both the Northern Plains and the Southwestern Mountainous 

Slow Development Zone (30 districts/counties), which has

VOL. 15, NO. 3, AUGUST 2026 3914



M. Song et al.

TABLE 1. Descriptive statistics of vaccination rates in each district/county

Region Type Number of counties Mean (%) Standard deviation (%) Coefficient of variation

Northern Plain (Fast) 32 78.4 6.2 0.079 

Transition Area 28 65.1 8.5 0.131 

Southwestern Mountain (Slow) 30 52.3 11.8 0.226 

Overall (90 districts and counties) 90 65.7 13.4 0.204

an average vaccination rate of only 52.3% and a CV
of 0.226. Data shows that vaccinations remain low and
relatively imbalanced within this region. Overall, the data
from all three types of regions shows significant gradients
in vaccination levels and internal balance within the same
region; therefore, the results provide a very positive basis
for training future models and analyzing disparities among
geographical regions.

B. EXPERIMENTAL SETUP
1) Training/Validation/Test Set Division
To evaluate model performance, the dataset is divided into
training, validation, and test sets in chronological order
[25], with proportions of 70%, 15%, and 15%, respectively.
Specifically, the first 109 weeks (week 1 of 2021 to week 5
of 2023) are used for training, the middle 24 weeks (week
6 to week 29 of 2023) for validation, and the last 23 weeks
(week 30 to week 52 of 2023) for testing.

2) Evaluation Metrics
The model performance is evaluated using the following five
metrics.

Let the test set contain M samples, yi be the true value,
ŷi be the predicted value, ȳ be the mean of the true values,
N be the total number of regions, wij be the spatial weight,
and S0 =

∑N
i=1

∑N
j=1 wij .

(1) Mean Absolute Error (MAE)

MAE =
1

M

M∑
i=1

|yi − ŷi| (7)

(2) Root Mean Square Error (RMSE)

RMSE =

√√√√ 1

M

M∑
i=1

(yi − ŷi)2 (8)

(3) Mean Absolute Percentage Error (MAPE)

MAPE =
1

M

M∑
i=1

∣∣∣∣yi − ŷi
yi

∣∣∣∣× 100% (9)

(4) Coefficient of determination (R2)

R2 = 1−
∑M

i=1(yi − ŷi)
2∑M

i=1(yi − ȳ)2
(10)

(5) Global Moran’s I. It is used to quantify the spatial
autocorrelation of the predicted residual ϵi = yi − ŷi:

I =
N

S0
·
∑N

i=1

∑N
j=1 wij(ϵi − ϵ̄)(ϵj − ϵ̄)∑N

i=1(ϵi − ϵ̄)2
(11)

C. COMPARISON MODELS
(1) ARIMA (AutoRegressive Integrated Moving Average
model): A classic autoregressive moving average model that
models each region independently and uses grid search to

In Formula (11), ϵ̄ is the mean of the residuals, and I
takes values ranging from [−1, 1]. The larger the positive
value, the stronger the spatial clustering of the residuals,
indicating that the model has a better ability to capture
spatial dependence.

determine the optimal parameter (p, d, q) [26].
(2) Traditional LSTM: Standard LSTM network, which

models each region independently and does not consider
spatial dependencies between regions.

(4) ST-GCN (Spatial-Temporal Graph Convolutional Net-
works): A representative spatiotemporal model that utilizes
graph convolutional layers to capture fixed spatial depen-
dencies and 1D temporal convolutional layers to extract

adjacency matrix  based on geographic adjacency is added 

to the LSTM input layer to achieve shallow fusion of spatial 

(3) LSTM + Static Spatial Weights: A fixed spatial

information.

temporal features [27]. Unlike the proposed model, ST-GCN

Note: The mean and standard deviation are the average of the vaccination rates of each district/county over 156 

weeks; the coefficient of variation = standard deviation /mean, reflecting the dispersion of vaccination rates within
a region.

FIGURE 4. Comparison of prediction curves with and without spatial regularization
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typically relies on a static graph structure and lacks a gated
recurrent mechanism (like LSTM) or a dynamic attention
layer to model time-varying spatial influences.

(5) The complete model in this paper: fused spatiotem-
poral graph convolutional LSTM, dynamic spatial attention
and spatial regularization loss.

All models are implemented based on the PyTorch frame-
work, using the same training/validation/test partitioning
and hyperparameter settings (LSTM-type models have a
hidden layer dimension of 64, and ARIMA parameters are
optimized by grid search). To ensure robust results, each
experiment is repeated 5 times. The results are reported as
mean ± standard deviation, and paired t-tests are conducted
to evaluate the performance differences between the pro-
posed model and the baseline LSTM. A p-value < 0.05 is
considered statistically significant.

D. ABLATION EXPERIMENT DESIGN
To verify the effectiveness of each core module of the
proposed model, four ablation experiments are designed
to compare the prediction performance and spatial con-
sistency of different variants under the same dataset and
hyperparameter settings. The complete model in this paper:
fusing spatiotemporal graph convolutional LSTM, dynamic
spatial attention mechanism, and spatial regularization loss,
serves as a benchmark. Removal of the graph convolution
module: The graph convolutional layer in the spatiotemporal
graph convolutional LSTM is removed, and only the original
feature Xt is directly input into the LSTM unit, while
retaining dynamic attention and spatial regularization loss.
This variant is used to verify the contribution of graph
convolution to aggregating neighboring region information.
Removal of dynamic attention (Static Weight Baseline):
The dynamic spatial attention mechanism is replaced with
a static weighting scheme where influence weights are
fixed based on the time-invariant spatial adjacency ma-
trix A. Specifically, the aggregation is reformulated as
ĥi,t =

∑
j∈N(i) aij · hj,t−1, where aij is a fixed spatial

weight. This variant, which retains graph convolution and
spatial regularization, is specifically designed to isolate and
quantify the unique contribution of temporal dynamics in the
attention mechanism compared to traditional fixed-weight
spatial modeling. Removing Spatial

Regularization Loss: The total loss function is degener-
ated to include only the prediction error term Lpred, i.e.,
λ = 0, while preserving graph convolution and dynamic
attention. This variant is used to verify the constraint effect
of spatial regularization on output space consistency.

IV. RESULTS
A. COMPARISON OF MODEL PREDICTION
PERFORMANCE
To systematically quantify and evaluate the comprehensive
performance of the proposed model and the comparison
methods in terms of prediction accuracy and spatial con-

sistency, and to provide core data support for subsequent
conclusions, Table 2 is presented.

In Table 2, the complete model in this paper outperforms
all the comparative models and ablation variants in MAE
(0.034), RMSE (0.048), MAPE (7.1%) and R2 (0.892),
and the Moran index of the predicted residuals (0.51) is
significantly higher than that of other models, indicating
that it has both high prediction accuracy and strong spatial
consistency. In the ablation experiments, removing the graph
convolution module increases the MAE to 0.038, RMSE to
0.053, and the Moran’s index to 0.30, confirming the crucial
role of graph convolution in spatial information aggregation.
While removing dynamic attention (MAE 0.036, RMSE
0.051, Moran’s index 0.41) outperforms LSTM+static spa-
tial weights (0.038, 0.053, 0.28), it is still significantly
weaker than the complete model. This indicates that graph
convolution and spatial regularization provide basic spatial
modeling capabilities, but the dynamic attention mechanism
is indispensable for capturing the time-varying character-
istics of spatial overflow. Removing spatial regularization
reduces the Moran’s index to 0.32, verifying the constraint
effect of this loss term on the smoothness of the output
space. In summary, Table 2 not only demonstrates the
superiority of the proposed model compared to existing
methods but also quantifies the independent contributions
of the three core modules through ablation comparison.

B. VERIFICATION OF IMPROVED SPATIAL
CONSISTENCY
To verify the ability of the model in this paper to capture
spatial dependence, the spatial distribution characteristics
of the prediction residuals of the baseline LSTM and the
model in this paper are compared. The global Moran index
calculation results show that the Moran index of the pre-
diction residuals of the baseline LSTM is 0.12, which is
close to random distribution, indicating that its prediction
error has no obvious spatial clustering; the Moran index of
the prediction residuals of the model in this paper is 0.51,
which is significantly higher than the baseline, indicating
that the error shows strong spatial positive autocorrelation,
that is, the prediction error of adjacent areas tends to be
consistent, which is in line with the expectation of the first
law of geography. However, a single index cannot reveal the
spatial distribution pattern of the error. Figure 5 compares
the spatial distribution of the prediction error of the baseline
model and the model in this paper by mapping the error
value to the geographic space and superimposing contour
lines, which verifies the significant improvement in spatial
consistency [28].

Figure 5(a) shows that the standard LSTM model, by
treating each region as an independent entity, exhibits sig-
nificant spatial dispersion and irregular abrupt changes in its
prediction errors. Even between adjacent counties, signifi-
cant clusters of high error values appear, contradicting the
intuition that geographically adjacent regions should have
similar evolutionary patterns. Figure 5(b) shows that after in-
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TABLE 2. Comparison of model prediction performance

Model MAE RMSE MAPE (%) R2 Moran’s I

ARIMA 0.048 0.064 9.8 0.812 0.08
Traditional LSTM 0.042 0.058 8.7 0.853 0.12
LSTM + Static Spatial 0.038 0.053 7.9 0.871 0.28
ST-GCN 0.036 0.051 7.5 0.885 0.42
Proposed (Full) 0.034 0.048 7.1 0.892 0.51
w/o Graph Conv 0.038 0.053 7.9 0.870 0.30
w/o Dynamic Attention 0.036 0.051 7.5 0.884 0.41
w/o Spatial Reg 0.035 0.049 7.3 0.889 0.32

FIGURE 5. Spatial distribution comparison of prediction errors

corporating spatial regularization loss, the error distribution
of the model in this paper not only has a lower overall value,
but also exhibits a smooth transition in geographic space,
proving that the model can better capture and constrain
the dynamic spatial transmission process of vaccination rate
while taking into account prediction accuracy.

C. DYNAMIC TRANSMISSION MECHANISM
Based on the hierarchical clustering results in Figure 3, the
90 districts and counties in Zhejiang Province are divided
into three categories. To reveal the dynamic transmission
mechanism of spatial spillover, this section analyzes it from
three levels: predicted trajectory, spillover intensity, and
attention evolution.

1) Predicted Trajectory and Regional Evolution Pattern
To visually present the differences in vaccination rate
evolution paths among different regional types, verify the
rationality of the hierarchical clustering results [29-30],
and evaluate the model’s fitting effect on each regional
type, Figure 6 plots the vaccination rate curves and model
predicted trajectories of three typical districts and counties,
and superimposes confidence intervals, laying the regional
classification foundation for subsequent spillover mecha-
nism analysis.

Figure 6 shows the predicted trajectories of three typical
districts and counties on the dataset. The vaccination rate
in the core urban agglomeration rises rapidly and stabi-
lizes at around 80%, with a narrow confidence interval,
reflecting highly consistent vaccination behavior and high
model fitting accuracy. Transportation hub areas show a
steady growth trend with a moderate confidence interval.

Peripheral counties experience a slow start and greater
fluctuations, with the widest confidence interval, reflecting
the heterogeneity and uncertainty of vaccination behavior
in these areas. The gradient differences in the predicted
trajectories of the three types of regions intuitively verify
the rationality of the regional classification and lay the
foundation for subsequent spatial spillover analysis.

2) Regional Differentiation of Spatial Spillover Intensity
To quantitatively characterize the non-equilibrium of spatial
spillover effects among different regional types and to exam-
ine the correlation between regional development level and
spillover intensity [31], this paper defines two indicators: (1)
Average spatial spillover coefficient: the average attention
weight received by each district and county in the region
from all neighboring areas (the attention weight αt

ij of each
week in the test set is averaged over time to obtain ᾱij), i.e.,
1
n

∑
i∈type

∑
j∈N(i) ᾱij , reflecting the overall intensity of

the influence of the neighboring areas on this type of region;
(2) Proportion of significant spillover neighboring areas: the
proportion of the number of edges with an average attention
weight ᾱij > 0.3 between the neighboring areas and the
total number of neighboring areas in this type of region,
reflecting the proportion of strong spatial connections. Table
3 summarizes the average spatial spillover coefficient and
the proportion of significant spillover neighboring areas for
each regional type.

Table 3 shows that the core urban agglomeration has
the highest average spatial spillover coefficient (0.28), with
73% of its neighboring areas exhibiting significant spillover,
making it the main source of spillover. Transportation hub
areas are second (0.18, 58%), while peripheral counties
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FIGURE 6. Clustering of predicted trajectories in different regions

TABLE 3. Quantification of spatial spillover effects of different regional types

Region Type Average spatial spillover coefficient Proportion of significant spillover neighbors (%)

Core urban agglomeration 0.28 73
Transportation hub 0.18 58
Peripheral counties 0.12 41

have the lowest (0.12, 41%). The results indicate a positive
correlation between spatial spillover intensity and regional
development level, with core urban agglomerations being
the dominant spillover source and peripheral counties pri-
marily acting as receivers, providing a quantitative basis for
differentiated intervention.

3) Spatiotemporal Evolution of Dynamic Attention
Figure 7 provides a dynamic view of how the intensity of
spatial spillover is impacted by time, along with academic
research showing how an effective dynamic mechanism
can be used to capture temporal relationships [32-33]. The
heatmap displays three cross-sections across the city before
and after the announcement of a policy (1 month prior; 3
months post-announcement). The heat map is complete from
the accumulation of the spatial elements within the urban
center to their radiation around them, as well as providing
evidence of when these two elements reach equilibrium.
Therefore, the abstract weights generated by the dynamic
nature of attention can become represented as a visualized
process over time, allowing for better clarity surrounding the
nature of the transmission mechanism related to differences
in regional areas.

Figures (a) and (b) show that before policy intervention,
the matrix exhibits highly scattered and low-intensity char-
acteristics, with no obvious weight clusters. In the map, the
nodes in each region are lightly colored and uniformly sized,
with almost no cross-regional connecting lines. Figures (c)
and (d) show that one month after policy implementation,
a distinct dark high-value area appears in the upper left
corner of the matrix, indicating a rapid increase in mutual

influence between specific core regions. The corresponding
nodes on the map become darker and larger. Figures (e) and
(f) show that three months after the policy implementation,
the high-weighted areas in the matrix further expanded and
extended diagonally, reflecting the establishment of long-
range dependencies. Several significant dark-colored high-
influence centers also form on the map.

D. TRANSMISSION PATHS AND NETWORKS
To further reveal the micro-mechanisms of error propagation
between regions, this section constructs a directed network
based on dynamic attention weights and prediction errors
[34-35], identifies influence centers and main transmission
paths, and clarifies the specific transmission direction and
hierarchical relationship of errors between regions, as shown
in Figure 8.

Figure 8 clearly presents the hierarchical spillover char-
acteristics of “core urban clusters—transportation hubs—
peripheral counties”. The size of the nodes in the figure
is proportional to their influence centrality. The core urban
clusters, located at the center, act as the main source
of error propagation, exhibiting extremely high out-degree
characteristics. Through a high-intensity red transmission
path (Primary Tier), they spread prediction bias to the
transportation hubs in the central circle. Subsequently, these
hub nodes further penetrate the influence to the peripheral
counties through secondary paths (Secondary Tiers). This
hierarchical network topology verifies that fluctuations in
vaccination rates are not random diffusions, but rather fol-
low a spatial evolution pattern of gradual transmission from
the regional center to the periphery. While the dominance
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FIGURE 7. Spatiotemporal evolution of dynamic attention weights and spatial influence mapping

FIGURE 8. Directed network for spatial hierarchical error transmission based on dynamic attention weights

of major urban centers aligns with geographic intuition, the
proposed model specifically quantifies the precise magnitude
of these spillovers (e.g., Hangzhou’s 0.52 vs. Shaoxing’s
0.35), allowing for a prioritized hierarchy of intervention.
Furthermore, the directed network in Figure 8 reveals that
certain transportation hubs, despite lower total volume, serve
as critical ‘gatekeepers’ or bridges that relay influence from

core clusters to remote peripheral counties, a structural in-
sight that simple population-based intuition cannot provide.

To quantify and rank the influence centers in the error
transmission network presented in Figure 8, and to provide
clear key node targets for policy intervention, Table 4 reveals
the core hub role of these regions in the error propagation
network by calculating the weighted centrality of each
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region.

TABLE 4. High-influence regions in Zhejiang Province and their spatial
spillover intensity

Rank Region Name Spatial spillover coefficient

1 Hangzhou Urban Area 0.52
2 Ningbo Urban Area 0.47
3 Wenzhou Urban Area 0.43
4 Jinhua Urban Area 0.38
5 Shaoxing Urban Area 0.35

Note: Spatial spillover intensity is the sum of the average
attention weights output by a region to all its neighbors.

Table 4 lists the top five high-influence regions in terms of
spatial spillover intensity. Hangzhou city proper ranks first
with a spillover intensity of 0.52, followed by secondary
central cities such as Ningbo, Wenzhou, Jinhua, and Shaox-
ing. These regions are all core cities in Zhejiang Province
with developed economies, dense populations, and promi-
nent transportation hub status. Their high output weights
in the dynamic attention network indicate that they are the
main sources of spatial spillover and can have a significant
radiating and driving effect on surrounding counties.

V. CONCLUSION
This paper constructs an LSTM prediction framework that
integrates spatiotemporal graph convolution, dynamic spa-
tial attention, and spatial regularization loss, focusing on
dynamic prediction of vaccination rates and analysis of
regional differences. The model is validated on data from
90 districts and counties in Zhejiang Province, achieving
a 4.6% improvement in R2 compared to the baseline, and
an increase in the Moran’s index of the predicted residual
from 0.12 to 0.51, realizing a synergistic optimization of
accuracy and spatial consistency. The research contributions
include proposing an end-to-end spatiotemporal dependency
fusion paradigm, revealing the gradient transmission pattern
of spatial spillover intensity along the path from “core urban
clusters → transportation hubs → peripheral counties,” and
identifying high-influence nodes such as Hangzhou and
Ningbo. By identifying high-influence nodes like Hangzhou
and Ningbo, priority intervention targets are provided for
the precise allocation of vaccine resources; the dynamic
attention mechanism provides a visualized proxy for ob-
serving the shift in regional influence patterns before and
after policy interventions, offering a qualitative reference
for evaluating the reach of intervention measures; a re-
source allocation strategy that coordinates core supply and
peripheral coverage is constructed based on the gradient
transmission pattern from “core urban clusters → peripheral
counties.” The limitations include the data being limited to a
single province and not considering the fine-grained impact
of inter-provincial migration and social media sentiment.
Therefore, it can be extended to the fusion of multi-source
data nationwide, introducing heterogeneous graph neural
networks to handle multi-scale spatial relationships.
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