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Abstract 

Background  Accurate and timely monitoring of influenza prevalence is essential for effective healthcare interven-
tions. This study proposes a graph neural network (GNN)-based method to address the issue of cross-regional connec-
tivity in predicting influenza outbreaks, aiming to achieve real-time and accurate influenza prediction.

Methods  We proposed a GNN-based approach with dual topology processing, capturing both geographical 
and socio-economic associations among counties/cities. The model inputs consist of weekly matrices of influenza-
like illness (ILI) rates at city level, along with geographical topology and functional topology. The model construction 
involves temporal feature extraction through 1-dimensional gated causal convolution, spatial feature embedding 
through graph convolution, and additional adjustments to enhance spatiotemporal interaction exploration. Evalua-
tion metrics include four commonly used measures: root mean square error (RMSE), mean absolute percentage error 
(MAPE), mean absolute error (MAE), and Pearson correlation (Corr).

Results  Our approach for predicting influenza outbreaks achieves competitive performance on real-world datasets 
(Corr = 0.8202; RMSE = 0.0017; MAE = 0.0013; MAPE = 0.0966), surpassing established baselines. Notably, our approach 
exhibits excellent capability in accurately and timely capturing short-term influenza outbreaks during the flu season, 
outperforming competitors across all evaluation metrics.

Conclusion  The incorporation of dual topology processing and the subsequent fusion mechanism allows the model 
to explore in-depth spatiotemporal feature interactions. Demonstrating superior performance, our approach shows 
great potential in early detection of flu trends for facilitating public health decisions and resource optimization. 
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Introduction
Influenza poses a serious and enduring global public 
health concern. Each year, a substantial number of indi-
viduals suffer from severe cases of influenza, ranging 
from 3 to 5 million. The associated mortality is estimated 
to reach from 2.9 to 6.5 million deaths [1]. The influenza 
viruses have the capacity to instigate both epidemics and 
pandemics, leading to the explosion of infections in sus-
ceptible communities and eventually culminating in sig-
nificant socio-economic burdens for families and society 
[2–4]. Ensuring accurate and timely influenza prediction 
is of urgent necessity, as it empowers health departments 
to formulate effective strategies for influenza-related 
endeavors.

In recent years, machine learning and statistical meth-
ods have been extensively applied in influenza predic-
tion due to their simplicity and efficiency [5, 6]. External 
variables, such as internet search data, weather records, 
and holiday information, have been validated as corre-
lated factors with influenza prevalence [7]. Least absolute 
shrinkage and selection operator (LASSO), support vec-
tor machine (SVM) and tree-based methods enable inte-
grating these external variables to enhance the accuracy 
of influenza predictions [6, 8, 9]. Nevertheless, procur-
ing these external factors can pose challenges, and there 
may exist the potential influence of “data hubris” [10]. 
Additionally, autoregressive integrated moving average 
(ARIMA), along with other sequence-based approaches, 
offer a flexible framework capable of capturing tempo-
ral patterns [11, 12]. However, unforeseen patterns may 
occasionally emerge in low-latitude regions characterized 
by volatile influenza activity [6]. Relying solely on tem-
poral patterns can not fully address the complex task of 
accurately predicting influenza outbreaks.

Deep learning techniques, along with novel meth-
ods derived from real-world data, have garnered sig-
nificant attention [13–15]. The advancement of these 
technologies has paved the way for their application 
in predicting influenza outbreaks. By leveraging deep 
learning algorithms such as convolutional neural net-
works (CNNs), recurrent neural networks (RNNs), and 
graph neural networks (GNNs), it becomes possible 
to extract temporal and spatial patterns that facilitate 
the prediction of cross-regional influenza dynamics 
[16–22]. Among them, GNNs excel in capturing and 
propagating information across graph connections, 
enabling efficient handling of irregular or dynamic links 
between entities [23]. While CNNs are typically suited 
for grid-like data and RNNs for sequential data [24, 
25], they might not match the performance of GNNs 
in effectively capturing spatial and temporal depend-
encies. GNNs have been widely applied across diverse 

domains. In social networks, they support community 
detection and behavior prediction [26, 27]. In biology 
and chemistry, GNNs aid molecular property predic-
tion, drug discovery, and protein design, as exemplified 
by ProteinMPNN, which encodes protein structures as 
graphs [28]. Additionally, GNNs enhance recommen-
dation systems, traffic forecasting, and tasks in natural 
language processing involving structural representa-
tions [29–31]. Moreover, current research also incor-
porates the self-attention mechanism to investigate the 
spatiotemporal correlations in influenza [32, 33]. How-
ever, self-attention might not sufficiently encompass 
the relationships among diverse regions, potentially 
restricting its effectiveness in handling a broad spec-
trum of cross-regional interactions.

Spatial patterns play a vital role in shaping the distri-
bution of influenza. For instance, the interplay of popula-
tion density and regional connectivity frequently serves 
as a critical framework for elucidating the dynamics of 
disease transmission [34]. High degrees of correlations 
in influenza activity are observed among geographically 
adjacent areas, aligning with Tobler’s first law of geogra-
phy (TFL):“Everything is related to everything else, but 
near things are more related than distant things” [35]. 
In general, as the distance between infected and suscep-
tible cities increases, influenza transmission weakens 
sharply. However, the modern highly developed trans-
portation networks have mitigated the dominant role of 
this geographical distance. As a result, there still exists 
the persistence of remote transmission events because 
of factors like work commuting and air traffic [36]. Exist-
ing influenza spatiotemporal prediction approaches pre-
dominantly deal with the spatial features in geographical 
aspect, neglecting the functional spatial factors [16, 21]. 
Figure  1 illustrates the scenario where central cities A, 
B, C, and D have close connections with geographically 
surrounding cities (indicated by blue dashed lines). Addi-
tionally, there are active functional interactions among 
these central cities in terms of transportation, economy, 
trade, tourism and so on (indicated by red dashed lines). 
Therefore, capturing the functional interconnections 
between regions is crucial for accurately modeling the 
transmission dynamics of influenza, as it can rapidly 
spread to regions that may appear geographically distant. 
Moreover, integrating geographical spatial dynamics with 
functional socio-economic factors enhances the predic-
tive performance by incorporating diverse aspects of 
transmission dynamics and regional interactions.

To address the aforementioned limitations of the 
existing models for influenza prediction, we propose a 
GNN based approach to examine the innovative tem-
poral-geospatial-functional spatial correlations. This 
study presents the following key contributions:
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•	 Alongside the geographical topology, we construct 
the additional functional topology by calculating 
the threshold correlation coefficient matrix among 
node sequences. This functional topology serves as 
a concentrated reflection of both functional socio-
economic effects on influenza and co-occurrence 
patterns of influenza prevalence, expanding spatial 
feature dimensionality and providing valuable infor-
mation.

•	 By incorporating dual-channel parallel spatio-tem-
poral graph convolutional modules, the developed 
model facilitates the simultaneous learning of both 
temporal-geographical and temporal-functional spa-
tial feature interactions. The comprehensive fusion of 
these interactions information enhances the predic-
tive performance of our model.

•	 We validate our model on real-world influenza sur-
veillance datasets, and the results emphasize the 
critical importance of introducing functional topol-
ogy. Particularly, during the initial phases of rapid 
influenza transmission escalation in the flu season, 
our model demonstrates the exceptional capability 
of capturing and responding to data fluctuations and 
trends.

•	 Our model’s simple and flexible structure, along with 
its proven robustness, highlights its strong applica-
tion potential.

The remaining sections of this paper are organized as fol-
lows: Related works  section presents a comprehensive 

review of related research on the influenza prediction 
approach. In Methods section, we outline the implemen-
tation of the proposed model. The results of our evalu-
ation scheme and comparison with classical influenza 
prediction approaches are presented in Experiments and 
Results  sections. External validation  section presents 
the model’s prediction results on another dataset to vali-
date its generalization ability. Discussion  section offers 
a detailed discussion. Finally, Conclusion  section con-
cludes the paper with key remarks.

Related works
Previous research works have developed various mod-
eling methods for influenza forecasting. ARIMA and 
seasonal ARIMA models are commonly employed when 
the influenza data have a clear trend and seasonality. For 
instance, He et al. utilized ARIMA to predict the positive 
rates of various types of influenza viruses in children [8]. 
Influenza follows cyclical and seasonal patterns, with its 
peak in cases consistently occurring during the winter 
season, typically from December to March in temperate 
or subtropical regions of the northern hemisphere [37, 
38]. ARIMA is adept at capturing the trends, seasonality, 
and cyclic variations in influenza activity, thus facilitating 
accurate and timely predictions of influenza outbreaks 
[11]. However, its linear assumptions constrain adapt-
ability to non-linear and abrupt variations, posing chal-
lenges in handling sudden changes and incomplete data 
due to its strong dependence on historical information.

Exogenous data, such as internet search query volumes, 
have been combined with machine learning techniques 
to improve influenza prediction accuracy. For instance, 
Google Flu Trends (GFT), introduced in 2008, utilized 
Google search queries related to influenza to monitor 
ILI [39]. However, the reliability of GFT’s predictions was 
compromised by changes in Google’s search algorithms 
and user behavior [10]. More recently, researchers have 
explored diverse data sources, including Baidu Index for 
influenza search patterns in China [40], and integrated 
Google search trends, weather information, electronic 
health records (EHR), and social media data for short-
term influenza forecasting in France [41]. Despite these 
advancements, the majority of these studies have pri-
marily operated at a broader scale, and there may exist 
limitations in their applicability for meticulous influenza 
monitoring at the city/county level.

The fusion of spatial interdependencies and tempo-
ral patterns has demonstrated improved efficacy in 
cross-regional influenza prediction, surpassing tradi-
tional sequence-based prediction approaches [16]. Rapid 
advancements in deep learning algorithms have allowed 
for innovative investigations on spatiotemporal interac-
tions, expanding prediction capabilities. For instance, 

Fig. 1  Spatial Interactions and Influences Between Cities. A, B, C, 
and D are the central cities in each of the respective regions. Blue 
dashed lines represent geographical adjacency interactions, while red 
dashed lines represent cross-regional long-distance functional 
interactions
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He et al. [16] employed the spatiotemporal residual net-
work (ST-ResNet) algorithm for influenza nowcasting. 
This approach transformed the ILI data for each region 
into a format that resembles a picture, using information 
about the region’s shape. By combining time-series data 
with geographical information, the ST-ResNet algorithm 
improved the accuracy for cross-regional influenza fore-
casts. Similarly, Wang et  al. [42] utilized convolutional 
operations to extract spatial neighborhood information. 
These spatial features were then combined to form a new 
time series, and RNNs were employed to capture tempo-
ral patterns. However, these spatiotemporal prediction 
approaches primarily focus on geographical spatial infor-
mation, neglecting the valuable functional spatial infor-
mation that arise from various socio-economic factors.

Exploring the correlations among regions, which share 
similar attributes but geographically distant, is crucial for 
understanding the spread of influenza [43]. We term the 
connectivity driven by socio-economic factors, extend-
ing beyond geographical links, as “functional topology”. 
Zhou et  al. [44] incorporated international air trans-
portation data and diverse internet-sourced informa-
tion into a multi-modal Hidden Markov Model. This 
approach aimed to predict influenza outbreaks across 
106 countries and regions worldwide, considering global 
travel patterns and diverse data sources. Similarly, Guo 
et  al. [45] examined spatial correlations among ten U.S. 
regions through historical influenza data’s correla-
tion coefficients, employing multiple regression analy-
sis to explore connections between ILI data in different 
regions. This analysis helped discover dependencies and 
patterns that contribute to a better understanding of 
influenza transmission. However, the study of functional 
topology in influenza prediction, as well as the combina-
tion of functional and geographical topologies, remains 
a relatively new and unexplored area. There is a pressing 
need for more comprehensive and meticulous research in 
integrating these two topologies.

Additionally, recent research has also brought up 
regional influenza prediction models using self-atten-
tion mechanisms. Jung et  al. [32] and Moon et  al. [33] 
employed self-attention mechanisms to identify similari-
ties among influenza patterns across regions. Although 
the self-attention mechanism is proficient at capturing 
similarity and correlation, its reliance on local informa-
tion restricts its potential to explore spatiotemporal 
associations across regions. Moreover, interpretability is 
crucial for reliable and convincing influenza predictions, 
but the self-attention mechanism, while effective in cap-
turing statistical patterns, lacks interpretability. In con-
trast, GNNs excel with explicit graph structure (spatial 
information) and interpretability in spatiotemporal con-
volutional interactions.

Methods
ILI data reported by CDC is usually at the county/city 
level, limiting the availability of meticulous spatial dis-
tribution information at finer granularity. This inherent 
limitation is a primary factor restricting the predic-
tive performance of many spatiotemporal prediction 
models. However, from a macro perspective, various 
counties/cities are interconnected nodes with specific 
influence and correlation in space. Therefore, it is more 
appropriate to utilize graph neural networks at this 
coarser level of spatial information granularity. In this 
section, we elaborate on the process of data preparation 
and model construction.

Notations
Indicator of influenza prevalence intensity: The 
influenza-like illness rate (ILI_Rate) [46] refers to the 
proportion of outpatient and inpatient visits attributed 
to flu-like symptoms. It serves as an ideal indicator for 
assessing the intensity of influenza prevalence within a 
specific temporal and spatial scope. For ILI surveillance 
data reported at the county/city level with weekly inter-
vals, we calculate the ILI_Rate to evaluate the influenza 
intensity. This calculation is depicted in (1).

where t denotes the week number, k denotes the county/
city; N ILI

t,k  and NVisits
t,k  represent the total number of 

patients diagnosed with ILI, the total number of out-
patient and inpatient visits within county/city k during 
week t, respectively.

Problem definition
ILI_Rate nowcasting task: The ILI_Rate nowcasting 
task involves learning a mapping function f (·) to pre-
dict the county/city-level ILI_Rate for a specific week. 
This prediction is based on the historical ILI_Rate 
sequences spanning M weeks, as well as consideration 
of the geographical relationships ( Ggeo ) and functional 
connectivity ( Gfunc ) among counties/cities. This process 
is illustrated in (2).

where Y represents the predicted ILI_Rate for specific 
week, X = {X1,X2, . . . ,XM} denotes the historical ILI_
Rate sequences for the past 1 to M weeks, and Ggeo and 
Gfunc refer to the geographical and functional topologies 
defined in Model inputs section.

(1)ILI_Ratet,k =
N ILI
t,k

NVisits
t,k

(2)Y = f (X,Ggeo,Gfunc)
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Model inputs
The overall architecture of our proposed Dual-Topol-
ogy Spatio-temporal Graph Convolutional Networks 
(Dual-Topo-STGCN) is illustrated in Fig.  2. For the 
task of influenza spatiotemporal nowcasting, the inputs 
include historical weekly ILI_Rate data for each node, 
a graph representing geographical relationships and 
another graph representing functional connectivity.

Input 1
ILI_Rate matrix XT×N .

The ILI_Rate matrix is denoted as XT×N  , where T is 
the length of the historical ILI_Rate sequence and N 
is the number of nodes which correspond to counties 
or cities; Xt

i  represents the ILI_Rate of node i during 
week t; Xi represents the historical ILI_Rate sequence 
of node i; Xt collectively characterizes the ILI_Rate for 
all nodes during week t across the entire country or 
region.

Input 2
Geographical topology Ggeo.

It is crucial to understand how the interactions between 
geographically adjacent counties/cities impact on influ-
enza pravelence. We describe the geographical adjacency 
of counties/cities as a graph Ggeo = (V ,Ageo,Egeo).
V = {v1, v2, . . . , vN } represents the set of nodes char-

acterizing various counties/cities, where N denotes the 
number of nodes in the graph. Egeo represents the set 
of edges, where an edge eij exists between node vi and 
node vj if they are geographically adjacent. Ageo ∈ R

N×N 
denotes the adjacency matrix of the counties/cities net-
work topology graph. In the adjacency matrix Ageo , 
elements with edges are represented as 1, while non-adja-
cent elements are represented as 0.

Input 3
Functional topology Gfunc.

Another much more crucial aspect of spatial relation-
ships involves close intercity mobility, which is driven by a 

Fig. 2  Illustration of the architecture of the Dual-Topo-STGCN model. Xt−M , . . . , Xt−1 represent the input graph-structured and normalized ILI_rate 
feature matrices. Functional topology and Geographical topology refer to the normalized adjacency matrices representing functional spatial 
relationships and geographical connections, respectively. 1D-Conv denotes the one-dimensional causal convolution operation with a gating 
mechanism, and Graph-Conv represents the graph convolution operation. Fusion refers to the integration of dual-channel features, which 
can involve operations such as selecting the maximum or minimum value, averaging, weighted averaging, or concatenation, depending 
on the application scenario. Output layers are fully connected layers that perform step-by-step dimensionality reduction on the fused features
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multitude of functional socio-economic factors. Similarly, 
to describe this functional connectivity, we develop a graph 
denoted as Gfunc = (V ,Afunc,Efunc).

Same as Ggeo , V denotes the set of N nodes in the graph. 
Afunc ∈ R

N×N represents the similarity matrix of these 
nodes. In the construction of Afunc , we calculate the cor-
relation coefficient matrix of individual nodes using the 
aforementioned ILI_Rate matrix. This correlation rela-
tionship serves as a summary of the influenza fluctuation 
patterns and co-occurrence characteristics among nodes. 
To maintain the sparsity of Gfunc , a threshold is estab-
lished. Elements exceeding the threshold are considered 
significant and are preserved as edges, while those below 
are set to 0. This sparsity constraint helps reduce compu-
tational complexity and allows for more efficient analysis 
and modeling of the functional topology. Depending on the 
sparsity setting, this threshold changes accordingly. Efunc 
denotes the set of edges in the functional topology Gfunc . 
In this context, an edge eij exists between nodes vi and vj 
if their similarity in terms of influenza prevalence exceeds 
the aforementioned threshold, indicating a potential strong 
connectivity between these nodes.

Feature extraction
To capture the spatiotemporal interactions of influenza 
data, we utilize a 1D causal convolution with gating for 
temporal feature extraction and a graph convolutional layer 
for incorporating spatial information. These two operations 
are represented as “1D-Conv” and “Graph-Conv” in the 
model architecture diagram (Fig. 2).

Temporal dependence modelling
To extract temporal features, we employ a 1-dimensional 
(1D) causal convolution with a gated mechanism. This 
method consists of three parallel convolutional layers, each 
utilizing a 1x3 kernel. For each node’s sequence, the first 
layer performs a standard convolution operation, while 
the second layer applies a sigmoid activation function to 
its convolutional output. The output of the second layer 
then serves as weight to be combined with the result of the 
first layer, implementing gated linear units (GLU). Subse-
quently, this combined output is added to the result of the 
third layer before applying a Rectified Linear Unit (ReLU) 
activation function. This entire process results in the final 
output of the temporal convolution.

The definition of temporal gated convolution is illus-
trated in (3).

where Ŵ denotes temporal convolutional kernel, ∗T  
denotes temporal convolution, and Xin is the input time 

(3)
XT = Ŵ ∗T Xin

= ReLU(P ⊙ σ(Q)+H) ∈ R
(M−Kt+1)×Co

series of nodes. P, Q and H are the outputs of the three 
stacked convolutional layers. P and Q serve as the inputs 
of gates in GLU, respectively, while H represents the 
residual connections; ⊙ denotes the element-wise Had-
amard product. The sigmoid gate σ(Q) controls which 
input P of the current states plays a key role in time 
series. M is the length of time series, Kt is the size of con-
volutional kernel and Co denotes the number of channels 
in the output features.

Spatial feature embedding
Following the extraction of temporal features, we employ 
a graph convolutional layer to capture the spatial infor-
mation between nodes. Each node is influenced to vary-
ing degrees by its connected nodes, encompassing both 
geographical adjacency and cross-regional socio-eco-
nomic interactions. For each individual node, we aggre-
gate information from its neighborhood nodes, and then 
fuse it with its own intrinsic features. These synthesized 
features are then transformed by a learnable weight 
matrix, ultimately yielding updated features enriched 
with spatial information. The graph convolution is shown 
in (4).

where � denotes the graph convolutional kernel, a learn-
able parameter matrix used for convolving input features; 
∗G denotes graph convolution; XT  is the input feature 
matrix for graph convolution, which is also the output 
feature matrix of temporal convolution. D− 1

2AD− 1
2 signi-

fies the symmetric normalized adjacency matrix, which is 
multiplied with the input temporal feature matrix XT  to 
embed the spatial feature.

Model construction and loss
As shown in Fig. 2, for a given set of sequences, we have 
two distinct topologies: Ggeo and Gfunc , each represent-
ing different spatial relationships. A single-pathway net-
work encounters challenges in simultaneously capturing 
the interactions between temporal features and multiple 
types of spatial features. To address this issue, we adopt a 
strategy of duplicating the data processing pathways and 
connecting them in parallel. Each pathway is responsible 
for handling its own spatiotemporal convolutions and 
feature extraction.

Within each pathway, a sequence of operations forms a 
spatiotemporal feature extraction block, including gated 
temporal convolution, graph convolution, and another 
gated temporal convolution. After concatenating several 
of these spatiotemporal convolution blocks, the extracted 
features are fused through a specific mechanism. 

(4)
XST = � ∗G XT

= ReLU(D− 1
2AD− 1

2 · XT ·�)



Page 7 of 16Luo et al. BMC Public Health          (2025) 25:408 	

Subsequently, these fused features pass through a final 
gated temporal convolution layer, then being input to the 
output layer. This output layer is composed of a series of 
fully connected layers with dimension reduction, map-
ping the extracted features to ILI_Rate predictions for a 
future week.

In this study, we evaluate our model’s performance 
using the L2 loss. The loss function for ILI_Rate predic-
tion is defined as shown in (5).

where X̂t denotes the predicted ILI_Rate and Xt corre-
sponds to the ground truth.

Experiments
Data source
In this study, we employed real-world ILI datasets to 
validate our developed prediction model. The ILI sur-
veillance data [47], including ILI cases at county/city 
level from Centers for Disease Control, Taiwan province, 
China (Taiwan CDC) has been published on a weekly 
basis since 2008, providing researchers with a wealth of 
continuous, comprehensive, and reliable data for studies. 
Additionally, Taiwan’s geographical characteristics make 
it an interesting case for this research. The main island 
of Taiwan is surrounded by the sea, which minimizes 
the influence of cross-border land transportation on the 
spread of diseases. The island’s scattered counties/cities 
can each be regarded as a node, and the hubs of mari-
time and aerial transportation are primarily some key 
nodal cities. This distribution characteristic is a typical 
represent of the clustering of developed-underdeveloped 
urban areas in most regions. Such generality assures the 
generalization capability of functional topological infor-
mation in influenza transmission.

The dataset covers a 12-year period, from week 14, 
2008, to week 10, 2020, spanning from the initiation of 
ILI reporting in Taiwan (19 counties/cities of the main 
island) to the commencement of control measures 
against COVID-19.

Data preprocessing and model implementation
Data collection & normalization
Weekly county/city-level ILI data from the Taiwan CDC 
website were downloaded. ILI case counts for different 
age groups and total emergency department visits were 
aggregated. The ILI_Rate was then calculated using Equa-
tion (1).

The ILI_Rate dataset was normalized for each county/
city, and the two input adjacency matrices were also 
normalized.

(5)L = �X̂t − Xt�
2

Sample generation
The dataset includes 624 weeks (12 years) of continu-
ous ILI_Rate monitoring data. The normalized data 
were split along the time axis into training, validation, 
and test sets with a ratio of 8:2:2. Specifically, the first 8 
years (416 weeks) were used as the training set, the next 
2 years (104 weeks) as the validation set, and the last 2 
years (104 weeks) as the test set. There was no overlap 
between the datasets to prevent information leakage.

In each dataset, input sequences and corresponding 
labels were generated using a sliding window approach. 
The input sequence length (window size) was set to 
52 weeks, and the corresponding label was for 1 week 
(predicting the next week). The window slid forward 
by 1 week each time (step size = 1), and the extracted 
“sequence + label” pair formed one sample. This pro-
cess resulted in 364 samples for the training set, 52 for 
the validation set, and 52 for the test set.

Model implementation and parameter setting
Learning Rate: The initial learning rate (LR) was set 
to 0.003. During training, a LR scheduler dynamically 
adjusted the LR based on the model’s performance. The 
main parameters of the scheduler were: mode=’min’ (to 
minimize the validation loss), factor=0.2 (LR adjust-
ment ratio, i.e., the new LR = previous LR × 0.2), and 
patience=5 (the LR would be reduced if there was no 
improvement in validation performance for 5 consecu-
tive iterations).

Early Stopping Mechanism: To prevent overfitting, 
an early stopping scheme [48] was employed. Dur-
ing each iteration, the validation loss was monitored 
to determine when to stop trainings. Specifically, the 
patience threshold was set to 20. After each iteration, 
the current validation loss was compared with the pre-
vious iteration’s loss. If the validation loss decreased, it 
indicated that the model was improving, and the cur-
rent model parameters were saved as the best model 
with counter=0. If the validation loss increased, indi-
cating overfitting risk, the previous best model param-
eters were retained, and the counter was incremented. 
When the counter exceeded the patience threshold 
after several consecutive iterations with increased vali-
dation loss, training stopped, and the previously saved 
best model was used for testing.

Other Hyperparameters: The number of spatiotem-
poral convolution blocks was set to 2, which provided 
the best performance. The batch size was 26, with a 
maximum of 1000 iterations. For the graph convolu-
tion, the number of spatial feature channels was set to 
16, and the output feature channels were set to 64.
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Ablation study
To investigate the impact of geographical and functional 
topologies, we conducted a series of ablation experiments 
introducing variations of our model. These variations 
include a model utilizing only geographical topology, 
referred to as Geo-STGCN, and a model focusing on 
functional connectivity, denoted as Func-STGCN. Each 
variant aims to assess the impact of specific topologi-
cal information on the predictive performance. In these 
experiments, separate models were trained using either 
geographical or functional topology, and their perfor-
mance was compared to our comprehensive Dual-Topo-
STGCN model, which integrates features from both 
topologies.

Models for comparison
We conducted comparative analyses by comparing the 
proposed model to various well-established prediction 
approaches. To ensure the fairness of the comparison, 
consistent data preprocessing procedures were employed 
for all considered models. These procedures included uti-
lizing identical dataset partitioning methods and ensur-
ing uniform sliding window sizes.

Autoregressive integrated moving average (ARIMA)
The most commonly used ARIMA [49] model with 
parameters p, d, and q was considered as the first base-
line. In practice, the differencing order d was determined 
through the Augmented Dickey-Fuller (ADF) [50] test, 
and the optimal p and q values were selected by minimiz-
ing the corrected Akaike Information Criterion (AIC) 
[51] in a stepwise method. Once the model was fitted 
with these parameters, we applied it for nowcasting.

Long short‑term memory (LSTM)
Influenza surveillance data commonly exhibit seasonal 
and periodic trends [52]. Recurrent Neural Networks 
(RNNs) establish iterative relationships between hidden 
layers at different time steps, effectively capturing influ-
enza’s temporal dynamics. LSTM networks [53], as a var-
iant of RNNs, excel in influenza prediction by preserving 
short-term and long-term memory chains through inter-
active updates.

Convolutional long short‑term memory (Conv‑LSTM)
Conv-LSTM [54] is a hybrid architecture that com-
bines the strengths of Convolutional Neural Networks 
(CNNs) and LSTM networks. In this framework, each 
LSTM cell is fed with input represented as images or 
two-dimensional matrices encompassing spatial features. 
The integration of spatial information derived through 

convolutional operations with temporal sequence data 
enables the model to capture both spatial and temporal 
dependencies.

Graph attention network (GAT)
Graph Attention Networks (GAT) [55] leverage the self-
attention mechanism to assign different importance 
weights to each neighboring node, enabling the model to 
capture complex, heterogeneous relationships in graph-
structured data. Unlike traditional Graph Neural Net-
works, GAT dynamically computes attention coefficients, 
allowing the model to focus more on relevant neigh-
bors and effectively handle irregular graph structures. 
For influenza prediction task, GAT can model spatial 
dependencies between regions or cities.

Evaluation metrics
After applying the aforementioned models, we obtained 
the county/city level predictions for the last 52 weeks 
(from week 11 in 2019 to week 10 in 2020) in the test set. 
To evaluate the predictive performance of each model, 
four metrics were employed: the root mean square error 
(RMSE), mean absolute percentage error (MAPE), mean 
absolute error (MAE), and Pearson correlation coefficient 
(Corr).

where ŷi and yi indicate the value of predicted ILI_Rate 
and actual ILI_Rate respectively.

Results
We evaluate the predictive performance of each model 
using previously mentioned various metrics. For the pur-
pose of fair comparison, we calculate the average values 
of these metrics for each model across the 19 counties/
cities. Additionally, we analyze the prediction results 
in more granular time periods to compare their perfor-
mance in these meaningful and distinct intervals. The 
results are summarized in Table 1.
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Model performances during the entire time period
The “Entire Time Period” section in Table 1 presents the 
predicted results of our model (Dual-Topo-STGCN) and 
baselines over the continuous 52 weeks. It can be easily 
observed that our model exhibits outstanding perfor-
mance across all evaluation metrics, with an average Corr 
of 0.8202, RMSE of 0.0017, MAE of 0.0013, and MAPE of 
0.0966. It is worth mentioning that the attention mecha-
nism is considered effective in capturing spatial depend-
encies between nodes, so the prediction performance 
of GAT is promising. However, the results show that its 
performance even falls short of traditional models, and 
it is outperformed by ARIMA. The classical deep learn-
ing algorithms LSTM and Conv-LSTM demonstrate 
relatively similar predictive performance. This suggests 
that gridded spatial information, primarily geographical 
aspect, has a limited effect on influenza transmission. It 
appears that LSTM and Conv-LSTM are not significantly 
worse than our Dual-Topo-STGCN in average perfor-
mance; however, in  situations where influenza spreads 
rapidly, their performances become inadequate.

Model Performances during the Flu Season
According to the introduction of Taiwan CDC [56], 
influenza prevalence in Taiwan typically shows a notice-
able temporal pattern, which begins in late November, 
reaching its peak at the end of the year or the start of the 
following year, and stabilizing in February and March. 

This period is referred to as the flu season each year. We 
extract the test results of this period (week 36–50) to cal-
culate the aforementioned metrics, and the results are 
presented in the “Flu Season” section of Table  1. It can 
be observed that, in comparison to the baseline models, 
our model exhibits the best predictive performance dur-
ing the flu season by reaching the highest Corr and the 
lowest RMSE, MAE and MAPE on average. This superior 
performance across all evaluation metrics demonstrates 
the effectiveness of our model in accurately forecasting 
flu trends.

Similarly, from the visualization of different models’ 
prediction curves (example of Miaoli County as shown 
in Fig.  3), we can distinctly observe that as the flu sea-
son approaches, the number of cases rapidly increases. 
Conventional models heavily rely on historical data from 
previous weeks to make predictions, which leads to an 
apparent delay in responding to the rapid fluctuations 
of data. In contrast, our model demonstrates a remark-
able ability to capture the early-stage upward trends of 
influenza prevalence and promptly respond to such ris-
ing trends, surpassing all baseline models by a signifi-
cant margin. This highlights its relevance in addressing 
emerging phenomena. All 19 cities’ visualization in flu 
season is shown in Fig. 4.

Model Performances during the Non‑Flu Season
In contrast to the flu season, the non-seasonal influenza 
season is characterized by a concealed state of influenza 
prevalence with a small number of cases. From the com-
parison of prediction curves in “non-flu season” period 
in Fig.  3, the curves are intertwined, making it difficult 
to determine which model performs better from visual 
judgement. This intertwined situation is also evident in 
other cities. We calculated the evaluation metrics during 

Table 1  Aggregated nowcasting results for 19 counties/cities on 
average in different time periods

Time Period / Model Corr RMSE MAE MAPE

Entire Time Period (week 1 - 52)

     ARIMA 0.7281 0.0019 0.0013 0.1017

     LSTM 0.7932 0.0018 0.0013 0.1019

     Conv-LSTM 0.7678 0.0019 0.0013 0.1004

     GAT​ 0.5994 0.0026 0.0020 0.1565

     Dual-Topo-STGCN 0.8202 0.0017 0.0013 0.0966
Non-Flu Season (week 1 - 35)

     ARIMA 0.5302 0.0013 0.0010 0.0785

     LSTM 0.6793 0.0012 0.0010 0.0752

     Conv-LSTM 0.6756 0.0011 0.0009 0.0696
     GAT​ 0.3809 0.0020 0.0016 0.1276

     Dual-Topo-STGCN 0.6569 0.0012 0.0010 0.0793

Flu Season (week 36 - 50)

     ARIMA 0.6336 0.0028 0.0022 0.1423

     LSTM 0.7086 0.0027 0.0021 0.1436

     Conv-LSTM 0.7324 0.0029 0.0023 0.1467

     GAT​ 0.6181 0.0035 0.0029 0.1968

     Dual-Topo-STGCN 0.8024 0.0024 0.0019 0.1294

Fig. 3  Comparison of prediction by different models in Miaoli 
County (Shaded area indicates flu season, our model captures 
and responds to data fluctuations most rapidly and accurately 
during the surge of influenza cases)
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the non-flu season (weeks 1–35), and the results are pre-
sented in the “Non-Flu Season” section of Table 1. Con-
trary to the flu season, many conventional models, such 
as the commonly used ARIMA, demonstrate relatively 
good predictive performance during the non-flu season. 
This may be because the data fluctuations are smaller 
during the non-flu season, benefiting models that rely on 
historical data averages for predictions. However, such 
smoothing is ineffective in responding to urgent situa-
tions of rapid influenza transmission. Cities with a larger 
short-term increase in ILI_Rate, as shown in Fig.  4, are 
more likely to experience excessively smooth predictions 
from Conv-LSTM, demonstrating this point.

Ablation results
Table 2 provides a comparative analysis of predictive out-
comes for several cities in the ablation experiments dur-
ing the entire time period. It can be noted that for nearly 
all cities, the performance of single-topology model uti-
lizing functional topology is consistently better than that 
of model using geographical topology. This underscores 
the significant influence of functional connectivity on the 
transmission of influenza.

However, this better-performed model still exhibits 
relatively high levels of errors and a low Corr overall, 
with no significant advantage over the baseline mod-
els (average results for Func-STGCN: Corr=0.7345, 
RMSE=0.0021, MAE=0.0016, MAPE=0.1310). When 
combining both topologies, the performance of the 
combined model (Dual-Topo-STGCN) was signifi-
cantly improved. Through the integration of these two 
types of spatial features and the implementation of thor-
ough information fusion, the Dual-Topo-STGCN model 

achieves a noteworthy reduction of errors and enhance-
ment of Corr.

External validation
To verify the generalization ability of the model in other 
regions, we applied our model to the ILI_Rate data-
set [57] from the United States and compared it with 
other models. The CDC’s influenza surveillance net-
work divides the 48 contiguous states of the U.S. into 10 
regions based on geographic areas. After obtaining and 
organizing the regional-level ILI_Rate data, we selected 
data from Week 40 of 2004 to Week 11 of 2020, cover-
ing a total of 15.5 years (806 weeks). The data was divided 
along the timeline into training, validation, and test sets 
in a ratio of 11.5:2:2. All other operations were consistent 
with the data from Taiwan province. The average results 
of various metrics in the 10 regions are shown in Table 3.

From Table 3, we can observe that our model achieves 
optimal results across all evaluation metrics on the test 
set, whether for the entire year or during the flu season 
and non-flu season. This suggests that its predictive per-
formance outperforms the other baseline models.

To visually observe the performance differences among 
models, we selected the prediction results of Region 2, 
which has the highest population density, for visualiza-
tion. As shown in Fig. 5, it can be observed that, during 
the non-flu season, the performance differences among 
the models are not very noticeable. However, when the 
flu season arrives, ARIMA, LSTM, and our Dual-Topo-
STGCN are all able to sensitively capture the upward 
trend in the data and respond accordingly. LSTM loses its 
ability to accurately predict after following the first small 
peak, while ARIMA’s ability to identify peaks is some-
what weaker, often overestimating the peak value. In con-
trast, our model not only stays closely aligned with the 
ground truth throughout, but also demonstrates stronger 
responsiveness and adaptability to complex data fluctua-
tions. This robustness in continuous prediction highlights 
the model’s ability to learn sufficiently rich information 
from historical data and spatial patterns.

Discussion
Functional topology and its geographical relevance
In this study, it is validated that the influence of func-
tional socio-economic factors on influenza prevalence 
is rooted in and extends beyond geographical features. 
By visualizing the functional topology structure, we can 
observe information consistent with the geographical 
topology, as depicted in Fig. 6. Specifically, a high degree 
of connectivity among adjacent counties/cities exists 
in the geographical topology (Fig.  6a), while this close 
interrelationship among local regions is similarly evident 
in the functional topology (Fig.  6b). This indicates that 

Fig. 4  Visualization of the prediction results of 19 counties/
cities in Flu Season. The dashed line represents the boundary 
between the non-flu season and the flu season
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the functional topology encapsulates key geographical 
information.

On the other hand, the interconnections between 
counties/cities within the functional topology cor-
respond well to real geographical characteristics, 
population, economy, and other factors. For example, 
population density is one of the most significant factors 
influencing the transmission of influenza. Regarding 
population distribution, Taiwan has a predominantly 
concentrated population on its western side and sparser 
population in the central and eastern regions due to the 
presence of numerous mountains (Fig. 6c). In the func-
tional topology, denser connections and co-occurrences 

are observed on the western side of the Taiwan island. 
Conversely, the four eastern counties - Yilan, Hualien, 
Taitung, and Pingtung - with sparse population and 
geographical isolation, exhibit very limited interac-
tions with each other and with other counties/cities. 
This intercity connectivity precisely corresponds to the 
population distribution pattern. These findings indicate 
that the impact of functional socio-economic factors is 
consistent with geographical characteristics.

Furthermore, from the results in Table  2, we can 
observe that the spatial patterns depicted by the func-
tional topology play a crucial role in improving the 
performance of the influenza prediction model. In fact, 
this effect is not limited to our proposed Dual-Topo-
STGCN model. In the GAT model used for comparison, 
we also attempted to replace the input geographical 
topology with the functional topology. The prediction 
results showed a significant improvement in GAT’s per-
formance, which further supports the view that “func-
tional topology can provide more useful information”.

Synergizing geographical and functional spatial features
The individual interactions of temporal-geographical 
or temporal-functional spatial features were not able to 
effectively enhance the predictive performance of the 
model. Spatial patterns revealed by a single topology tend 
to be one-sided, resulting in an inadequate characteri-
zation of real-world spatial features and an insufficient 
clarification of spatial relationships between regions. 
Furthermore, during the extraction of spatiotemporal 
interaction features, the presence of non-patterned and 
irrelevant information in the single topology can con-
taminate the extracted features, thereby weakening the 
model’s predictive capability. The challenges faced by 
the single-topology model lie in its struggle to distin-
guish between true spatiotemporal patterns and other 
irrelevant information, leading to suboptimal predictive 
performance.

In fact, considering only a single spatial pattern is unde-
niably narrow, especially in the geographical aspect. This 
limitation is why the suboptimal outcomes were observed 
in many studies that solely focus on geographical spatial 
features and apply convolutional operations [16, 21]. The 
improvements in their model’s performance are primar-
ily driven by innovations in exploring temporal patterns, 
with spatial features playing a secondary role. Moreover, 
the highly anticipated combination of the (multi-head) 
attention mechanism and GNNs-specifically the GAT 
model-has failed to show competitive results across 
multiple datasets. One reason for this is that it does not 
explicitly handle the temporal dependencies within the 
features. More importantly, it only considers a single type 

Table 3  Aggregated Nowcasting Results for the 10 Regions of 
the U.S. in Different Time Periods

Time Period / Model Corr RMSE MAE MAPE

Entire Time Period (week 1 - 52)

     ARIMA 0.9497 0.0068 0.0037 0.1184

     LSTM 0.9606 0.0073 0.0045 0.1579

     GAT​ 0.9436 0.0115 0.0080 0.3036

     Dual-Topo-STGCN 0.9688 0.0053 0.0032 0.1028
Non-Flu Season (week 1 - 35)

     ARIMA 0.9657 0.0023 0.0015 0.1023

     LSTM 0.9715 0.0022 0.0017 0.1407

     GAT​ 0.8792 0.0052 0.0040 0.3034

     Dual-Topo-STGCN 0.9796 0.0018 0.0013 0.0889
Flu Season (week 36 - 50)

     ARIMA 0.7686 0.0116 0.0085 0.1569

     LSTM 0.7974 0.0120 0.0099 0.1860

     GAT​ 0.8173 0.0175 0.0153 0.2906

     Dual-Topo-STGCN 0.8332 0.0085 0.0067 0.1271

Fig. 5  Comparison of prediction by different models in Region2 
of the U.S. (Shaded area indicates the flu season). Compared 
to the baseline models, our model consistently stays close 
to the Ground Truth
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of spatial relationship between nodes, without account-
ing for multiple spatial patterns simultaneously.

However, in our proposed dual-topo model, the fusion 
of two types of spatiotemporal interaction features ena-
bles us to leverage the synergistic or complementary 
nature of these features. This integration helps mitigate 
the impact of unrelated variations by capturing more 
robust and meaningful patterns, ultimately enhancing 
the model’s predictive accuracy. The results of the abla-
tion experiments shown in Table 2 perfectly validate this 
statement.

Additionally, through our exploration of geographical 
topology, we discovered that introducing the surround-
ing background area, such as the ocean or open land, 
as a new node to delineate the positional relationships 
of the target nodes, led to a significant improvement in 
model performance. The same performance improve-
ment was also evident in Geo-STGCN and even Dual-
Topo-STGCN. Before introducing the background node, 
the average performance metrics of Dual-Topo-STGCN 
across the 19 counties/cities were: Corr = 0.6849, RMSE 
= 0.0022, MAE = 0.0017, MAPE = 0.1362. After the 
introduction, they improved to: Corr = 0.8202, RMSE = 
0.0017, MAE = 0.0013, MAPE = 0.0966, showing a signif-
icant performance boost. This exciting discovery suggests 
that exploring spatial features introduces a new perspec-
tive, namely, seeking background information beyond the 

target nodes to assist and enhance the characterization of 
spatial relationships within the target area.

Critical timeliness in flu season response
By forecasting influenza outbreaks with high accuracy 
and precision, the model enables timely and effective 
intervention strategies, optimizing resource allocation 
and mitigating cross-regional transmission risks. During 
the non-flu season, certain conventional models exhibit 
considerable predictive performance with minimal vari-
ation. Compared to the flu season, they consistently 
exhibited significantly lower errors. The reason is that 
conventional models can conveniently generate stable 
and balanced predictions based on relatively unchanged 
historical observations when the flu tends to remain 
latent or spreads at a low level.

However, we should be cautious of the inertia caused 
by excessive stability and balance. It is more important 
to focus on early warnings for the onset of influenza 
during the flu season. With the flu season approaching, 
there will be a rapid surge in cases within a short period, 
thereby imposing a quick and substantial impact and 
threat to public health. Therefore, if we can make accu-
rate and reliable predictions, we will be better equipped 
to handle the epidemic calmly. Additionally, having a pre-
cise determination of the peak timing will enable us to 
regulate the allocation of healthcare resources effectively, 
thereby averting unnecessary waste.

Fig. 6  Illustration of the two types of topologies. The geographical topology focuses more on depicting the adjacency relationships 
between counties/cities (a), while the functional topology illustrates the functional connections between counties/cities (b), which more closely 
align with the actual population distribution (c)
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Achieving the objective of accurate prediction is not 
easily accomplished by conventional models, as they 
exhibit limited sensitivity to the fluctuating variations in 
data. Conversely, our model performed exceptionally well 
for this task. It demonstrated rapid responsiveness during 
the initial stages of the influenza outbreak, maintaining 
close conformity to the ground truth in its predictions. 
Moreover, it effectively captured the subsequent declin-
ing trend following the peak.

Model complexity, robustness, and application potential
For a predictive model, it is crucial to consider both the 
model’s complexity and robustness. While keeping the 
size of the validation and test sets constant, the U.S. data-
set has more training samples and fewer nodes compared 
to the Taiwan dataset. Under the same preprocessing and 
model architecture, the prediction results of the GAT 
model on these two datasets are strikingly different: it 
performs relatively well on the U.S. dataset but performs 
poorly on the Taiwan dataset (as shown in Tables 1, 3 and 
Figs.  3, 5). This is because GAT uses multi-head atten-
tion, which not only increases model complexity but also 
introduces greater randomness due to multiple randomly 
initialized weight matrices. As a result, it requires a suf-
ficiently large training sample size, and the increase in 
the number of nodes further amplifies the need for more 
samples. In contrast, our Dual-Topo-STGCN model has 
a simpler and more flexible structure, requiring fewer 
samples while being capable of simultaneously capturing 
temporal dependencies and various complex spatial pat-
terns. It achieves very stable prediction results on both 
datasets.

This highlights its potential for applications: in regions 
where infectious disease surveillance systems are estab-
lished later and available historical data is limited, leading 
to fewer training samples, our model can provide relia-
ble predictions. Moreover, its computational overhead is 
very low (training typically completes within a few min-
utes on an A6000 GPU). The lightweight nature of the 
model and its low computational resource requirements 
also facilitate deployment in underdeveloped regions.

Conclusion
In this study, we propose a novel approach based on 
graph neural networks with dual topology for spatiotem-
poral ILI_Rate prediction. Our model is independent of 
external variables, features a simple architecture with 
high computational efficiency, and demonstrates strong 
performance. We comprehensively explore the various 
factors influencing influenza transmission among cities, 
including temporal effects, geographical relationships, 
and functional topological connectivity. By employing 
two parallel spatiotemporal interaction pathways, our 

model extracts valuable information from historical data 
and spatial features. The subsequent feature fusion yields 
integrated high-level features, leading to a significant 
improvement in predictive performance.

Our approach shows advantage in promptly detect-
ing upward trends during the critical initial stage of flu 
season, outperforming all the compared methods. The 
results are of significant importance for health decisions, 
individual protection, and maintaining public health. 
By accurately forecasting influenza trends, our model 
can assist in timely deployment of healthcare resources, 
thereby mitigating the impact of flu outbreaks. Further-
more, accurately assessing the post-peak decline can 
minimize healthcare resource cost, avoid excessive pre-
ventive measures, and expedite the return to normalcy 
for both society and individuals. Moreover, the robust-
ness and flexibility of our model make it especially val-
uable in regions with limited historical data, ensuring 
reliable predictions even in challenging scenarios.

Although our model has shown promising results, it is 
important to acknowledge its limitations. Currently, the 
model relies solely on ILI data and two topologies, with-
out considering external variables such as transportation 
data, passenger flow, and population dynamics, which 
could enhance its predictive power. In the future, we 
plan to refine the model by incorporating additional data 
sources, exploring more complex topologies, and enabling 
real-time updates to enhance its utility in public health 
decision-making. To further improve scalability and accu-
racy, we will apply advanced optimization techniques such 
as adaptive learning and reinforcement learning. Addition-
ally, we aim to enhance the model’s interpretability through 
visualization tools and feature importance analysis, thereby 
increasing trust and usability in real-world healthcare 
applications. By addressing these limitations, we aim to 
further improve the model’s robustness and applicability to 
various infectious diseases in dynamic settings.
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