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Abstract 

Introduction  Epidemic modeling is crucial for understanding and predicting infectious disease spread. To capture 
the complexity of real-world transmission, dynamic interactions between individuals with spatial heterogeneity must 
be considered. This modeling requires high-dimensional epidemic parameters, which can lead to unidentifiability; 
therefore, integrating various data types for inference is essential to effectively address these challenges.

Methods  We introduce a novel hybrid framework, Multi-Patch Model Update with Graph Attention Network 
(MPUGAT), that combines a multi-patch compartmental model with a spatio-temporal deep learning model. MPUGAT 
employs a GAT (Graph Attention Mechanism) to transform static traffic matrices into dynamic transmission matrices 
by analyzing patterns in diverse time series data from each city.

Results  We demonstrate the effectiveness of MPUGAT through its application to COVID-19 data from South Korea. By 
accurately estimating time-varying transmission rates, MPUGAT outperforms traditional models and aligns with actual 
policies such as social distancing.

Conclusion  MPUGAT offers a novel approach for effectively integrating easily accessible, low-dimensional, non-
epidemic-related data into epidemic modeling frameworks. Our findings highlight the importance of incorporat-
ing dynamic data and utilizing graph attention mechanisms to enhance accuracy of infectious disease modeling 
and the analysis of policy interventions. This study underscores the potential of leveraging diverse data sources 
and advanced deep learning techniques to improve epidemic forecasting and inform public health strategies.

Keywords  Deep learning, Multi-patch model, Epidemic modeling, Compartment model, Transmission matrix, 
Contact pattern

Introduction
Infectious diseases have been a recurring and persistent 
threat throughout human history, causing immense eco-
nomic and human losses. COVID-19 pandemic, with 
its millions of cases and millions of deaths, underscores 
this stark reality. In an increasingly interconnected and 

complex world, the emergence and global spread of 
infectious diseases have been accelerating [1]. Modeling 
these outbreaks is crucial for proactive prevention and 
mitigation. Epidemic dynamic models enable the timely 
implementation of public health interventions and the 
efficient allocation of resources [2]. Since the seminal 
work by Kermack and McKendrick in 1927 [3], infectious 
disease modeling has significantly evolved to analyze a 
wide array of infectious diseases.

The transmission of many infectious diseases is 
driven by human contact, where the transmission rate 
is influenced by the frequency of contacts and the 
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cumulative transmission risk over time. Thus, the way 
contact patterns are incorporated into epidemiological 
models greatly influences their predictive accuracy [4–
6]. Early models assumed a homogeneous population 
with uniform transmission within well-mixed com-
partments [7]. However, real-world transmission pat-
terns often depend on social structure [8, 9], age [10], 
spatial distribution [11], time [12], and among other 
factors. Specifically, the spatial dependency of disease 
transmission is evident through spatial autocorrelation, 
where nearby regions exhibit similar patterns of disease 
incidence. For example, analyses of COVID-19 trans-
mission in South Korea demonstrated significant spa-
tial clustering around outbreak locations [13, 14]. This 
spatial pattern underscores the importance of incor-
porating geographic heterogeneity into epidemiologi-
cal models. Consequently, incorporating heterogeneity 
into models is essential for improving their predictive 
and explanatory power. Several mathematical models 
have been utilized to capture spatial heterogeneity in 
disease spread. There are three main approaches-math-
ematical models, data-driven models, and hybrid mod-
els that integrate both.

Mathematical models, particularly multi patch mod-
els (meta population models), provide a powerful frame-
work to capture heterogeneity in disease transmission [15, 
16]. Dividing heterogeneous individuals into well-mixed 
patches-based on regions [17, 18] or other criteria [19, 
20]-allows these models to capture diverse contact patterns 
and transmission rates between patches through a trans-
mission matrix. Additionally, Agent-Based Models (ABMs) 
[21] and network modeling [18] represent cities as nodes 
connected by geographical links, accounting for structure 
variations. Previous studies have derived epidemic param-
eters, such as transmission matrices for multi-patch models 
and network structures for ABMs and network modeling, 
using data from traffic, air travel, distance, and popula-
tion [21–24]. Additionally, statistical techniques, such as 
inverse methods and least-squares approaches, have been 
employed for parameter estimation [25]. While mathemati-
cal models provide valuable insights into disease dynamics 
and inform policy decisions, constructing epidemic param-
eters remains a complex task. Obtaining spatial-temporal 
high-dimensional data is difficult [26, 27], and the quality 
of this data significantly impacts the accuracy of the epi-
demic parameters [28, 29]. When statistical methods are 
employed to infer epidemic parameters, the high dimen-
sionality can lead to unidentifiability, where different 
parameter values yield similar observational dynamics [30, 
31]. This underscores the need for integrating diverse data 
sources for reliable inference.

Data-driven models offer flexible frameworks that 
can better fit data and integrate diverse sources without 

the need for obtaining epidemic parameters. With the 
increasing availability of data, deep learning models 
have gained significant attention among data-driven 
approaches [32]. In spatial epidemic modeling, many 
methods utilize Graph Neural Networks (GNNs), where 
cities are represented as nodes and inter-city connec-
tions as edges. These models are often combined with 
temporal deep learning techniques, such as Long Short-
Term Memory (LSTM) networks, to capture sequential 
dependencies [33–35]. However, their black-box nature 
makes interpretation difficult and can sometimes pro-
duce results that contradict established epidemiological 
principles. To overcome these limitations, recent studies 
have focused on hybrid models that integrate mathemati-
cal models with deep learning approaches. One of the 
most prominent hybrid models, Physics-Informed Neu-
ral Networks (PINNs), incorporates physical constraints 
into the loss function of neural networks to solve ordi-
nary differential equations (ODEs). While PINNs have 
been extensively studied in single-patch settings [36–38], 
their computational cost increases exponentially with 
model complexity, limiting their applicability to multi-
patch scenarios. Given that epidemic data is typically col-
lected on a daily basis, many studies have utilized deep 
learning models to predict daily epidemic parameters 
and integrate them into traditional mathematical models. 
Due to their computational efficiency and ease of imple-
mentation, this approach has been widely applied in both 
single-patch [39–41] and multi-patch [42–45] models.

Mathematical, data-driven, and hybrid models have 
significantly contributed to epidemic modeling. However, 
there are still challenges in estimating the high-dimen-
sional epidemic parameters required to build interpreta-
ble spatial epidemic models. To address these challenges, 
we propose the Multi-Patch Model Update with Graph 
Attention Network (MPUGAT), a hybrid framework for 
inferring dynamic infectious disease transmission from 
diverse data sources. This model leverages the attention 
mechanism of Graph Attention Networks (GATs), which 
dynamically learn node connections through attention 
scores (weighted edges) rather than relying on predefined 
links. Previous studies have utilized GATs to enhance 
spatiotemporal pattern recognition and long-term fore-
casting [35, 45]. However, these approaches primarily 
focus on prediction rather than inferring high-dimen-
sional spatiotemporal epidemic parameters. Notably, 
[43] introduced an interesting method that updates the 
transmission matrix using GNNs based on multiple time 
series data. However, static traffic data can only infer a 
static transmission matrix, and the deep learning model 
size increases quadratically with the number of cities.

Our key innovation lies in MPUGAT’s ability to gener-
ate a dynamic transmission matrix by utilizing the graph 
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attention mechanism with traffic and various time series 
data. It also maintains model size efficiency even as the 
number of cities increases. MPUGAT achieves this by 
building a multi-patch compartment model that distin-
guishes between populations based on residency status 
and current location [17], along with guiding attention 
scores in a desired direction [46]. To the best of our 
knowledge, this is the first application of a graph atten-
tion mechanism for inferring and extending epidemic 
parameters. Figure 1 provides an overview of MPUGAT. 
The model takes time series data from each city, along 
with static either dynamic traffic data, as input. The deep 
learning component, which incorporates Long Short-
Term Memory (LSTM) and the Graph Attention Mech-
anism (GAT), processes this data to estimate a dynamic 
transmission matrix, which is subsequently used to solve 
the ODE of the multi-patch SEIQ model. This framework 
provides valuable insights into epidemic dynamics and 
enables the analysis of various policy interventions.

The remainder of this paper is organized as follows. 
The Methods section details the methodology, including 
the multi-patch SEIQ model, the spatio-temporal deep 
learning model, and then proposes our hybrid frame-
work integrating these two models. The Case Study sec-
tion presents a case study using COVID-19 data from 
South Korea to demonstrate the efficacy of MPUGAT. 
Finally, the Conclusion and Discussion section discusses 
the findings, limitations, and future research directions.

Methods
Multi‑patch SEIQ compartment model
We employ a mathematical compartment model to inte-
grate heterogeneous transmission patterns into the epi-
demic modeling. Specifically, we propose a multi-patch 
SEIQ model by incorporating an exposed compartment 
and adapting the patch structure to represent geographi-
cal regions (Fig. 2A).

In the model, the compartments include Susceptible S 
(individuals who can be infected), Exposed E (individuals in 
the latent period of infection), Infected I (individuals who 
are currently infected and can infect others), and Quar-
antine and Recovered Q (individuals who are quarantined 
and then recovered). The total population size, denoted by 
N  , remains constant and is given by N :=S + E + I + Q . 
Furthermore, the population is geographically distributed 
across multiple cities, as indicated by subscripts, based on 
residential registration. This classification is used because 
most data is reported according to residents’ registered 
addresses. Thus, we need to infer the exact contact pat-
terns between residents of different cities. As shown in 
Fig. 2B, residents of city l and city k can interact in city j , 
and similarly, residents from any city can interact without 
restrictions on location. This interaction is captured by the 
contact matrix Clk(t) , which is used in the model as a com-
ponent of the transmission matrix. Through this contact 
matrix, the dynamics of infectious diseases among the cit-
ies are interconnected and influenced by one another. The 
dynamics of this multi-patch SEIQ model, incorporating 

Fig. 1  Overview of the proposed MPUGAT. The time series data from each city is processed through a deep learning model, updating traffic data 
into a dynamic transmission matrix within a multi-patch compartment model
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the contact matrix between residents, can be described by 
the following Eq. (1) and the description of the parameters 
is provided in Table 1.

We assume a homogeneous transmission rate per 
contact β(t) across all cities, reflecting the absence of 

(1)

Ṡi(t) = −β(t)
j

Cji(t)Ij(t)

Nj

Si(t)
Ni(t)

Ėi(t) = β(t)
j

Cji(t)Ij(t)

Nj

Si(t)
Ni(t)

− αEi(t)

İi(t) = αEi(t)− qIi(t)

Q̇i(t) = qIi(t)

discernible differences based on registered residence. 
The transmission matrix T  is defined as the product of 
the time-varying transmission rate β(t) and the contact 
matrix Cij(t) as follows:

Here, each element of the matrix T (t) denotes the 
transmission rate from residents in city i to residents in 
city j at time t.

Decomposition of contact patterns
The ability of individuals to interact across cities without 
locational constraints introduces complexity in inferring 

Tij(t) = β(t)× Cij(t)

Fig. 2  A Diagram of the multi-patch SEIQ compartment model. Solid lines indicate state change within a city, while dashed lines represent 
influences between cities. B Residents can contact each other regardless of city boundaries. C The movement data Mij reflects the strength 
of interaction (movement) between residents traveling from City i  to City j  , encompassing various residents

Table 1  Compartment and parameter descriptions

1 The transmission rate β(t) is time-dependent to reflect changes in public health measures and social behavior
2 Cij(t) represents the contact matrix that captures spatial interaction between cities

Description

Compartment

  Si(t) Number of susceptible residents in city i  at time t

  Ei(t) Number of exposed residents (latent period) in city i  at time t

  Ii(t) Number of infected residents in city i  at time t

  Qi(t) Number of quarantined and then recovered residents in city i  at time t

  Ni Total population of city i

Parameter

  β(t) 1 Transmission rate per contact at time t

  Cij(t) 2 Adequate contacts between residents of city i and residents of city j at time t

  1/α Latent period

  1/q Mean duration of case confirmation
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the contact matrix Cij . While this matrix is often inferred 
from a single data source, such as movement data (as dis-
cussed in the introduction), it is crucial to recognize, as 
illustrated in Fig. 2C, that the volume of movement Mij 
from city i to city j differs from the contact Cij ; the move-
ment Mij also encompasses interactions between resi-
dents from various cities, not just city i and city j.

To improve the accuracy of the inference of the 
dynamic transmission matrix from static movement 
data, we propose a decomposition of the contact matrix 
C(t) into a resident ratio matrix A(t) and a movement 
matrix M . The matrix Aij(t) represents the ratio of resi-
dents from city i among the population in city j at time 
t , capturing the residential distribution dynamics. On the 
other hand, Mij denotes the movement data that quanti-
fies the volume of movement from city i to city j.

The contact between residents of city i and city j can 
be described as the sum of decomposed contacts across 
all cities k . According to the mass action principle, this 
is expressed as the product of the number of residents 
from i and j present in each city k . To calculate the num-
ber of residents from city i present in city k at time t , 
we decompose the contact matrix using the movement 
data. The number of residents from i in city k is repre-
sented as the sum of residents from i moving into city k 
from various cities, including city i itself. Our assump-
tion is that the mobility between cities is proportionally 
distributed based on the residency composition of each 
city. For example, if 30% of the current population in a 
city consists of residents originally from another city, we 
assume that 30% of movements originating from that city 
are attributed to residents from the other city. To formal-
ize this, we introduce Aij(t) , which denotes the propor-
tion of residents from city i within the population of city 
j at time t . This matrix satisfies the condition 

∑

i Aij = 1 . 
Using this, the expression for Cij can ultimately be repre-
sented as follows:

In this context, the movement matrix M can be either 
static or dynamic. Considering cases where obtaining 
high-dimensional data may be difficult, we assumed that 
the resident ratio matrix A(t) is time-dependent and the 
movement matrix M is constant. If a dynamic movement 
matrix M(t) is used, we expect more accurate inferences 
to be possible. We infer the resident matrix A(t) using 
various types of time series data from each city. A higher 

(2)
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∑

k

((

Number of residents from city i in city k
)

×

(

Number of residents from city j in city k
))
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∑
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∑
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(Ail(t)Mlk)×
∑

l

(
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)
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Aij(t) indicates significant population mixing between 
city i and city j. If cities are homogeneous, their simi-
larity can be shown in non-epidemic data in each city, 
such as mobility patterns, social media, and card usage 
information [47–49]. However, this relationship is non-
linear and involves highly complex, hidden patterns that 
may manifest as both causes and outcomes across vari-
ous datasets. To estimate these hidden similarities, we 
employ the graph attention mechanism introduced in the 
Introduction. The decomposition of the contact matrix 
into a resident ratio matrix and movement matrix offers 
two key advantages. First, by leveraging static movement 
data, we can simultaneously infer the dynamic Aij(t) 
using deep learning across diverse datasets. Second, 
rather than inferring Cij(t) , which lacks an upper bound, 
we can simultaneously and efficiently estimate A(t) and 
β(t) , both of which are constrained within the unit inter-
val, 0 ≤ A(t),β(t) ≤ 1.

Spatio‑temporal deep learning model
We infer the epidemic parameters for a future period 
h using a spatio-temporal deep learning model. This 
approach is adopted because, during the MPUGAT 
training process, we leverage a multi-patch com-
partment model to predict the future state value, 
state(t) = {Si(t),Ei(t), Ii(t),Qi(t)} . We estimate 
the β(t) ∈ R and A(t) ∈ R

(C×C) using time-series 
data x(t) ∈ R

(F×C) , where C represents the num-
ber of cities and F  corresponds to the number of 
input features. Importantly, this time-series data is 
not restricted to epidemic-related variables but can 
include any datasets that capture the distinctive char-
acteristics of each city. The input data is represented 
as a graph G(t) = (N(t),E (t)) , where the nodes 
N(t) ∈ R

(F×C×w) consist of time-series data over an 
input window w , constructed using a sliding window 
algorithm. Each node corresponding to city i , denoted 
as Ni(t) = {xi(t), xi(t − 1), . . . , xi(t − w + 1)} ∈ R

(F×w), 
contains the time-series data specific to city i . The edges 
E (t) ∈ R

(C×C) capture the connectivity between cities, 
with the initial edge weights set to one.

While the use of deep learning to predict epidemic 
parameters has been widely explored [39–45], we extend 
their application further. Specifically, we aim to infer 
resident ratio matrix, A(t) ∈ R

(C×C) from the time series 
data of each city, x(t) ∈ R

(F×C) . Directly predicting A 
from data in the form of (C × C × T ) presents two main 
challenges. First, acquiring such high-dimensional data is 
often impractical. Second, inferring higher-dimensional 
structures from lower-dimensional datasets offers greater 
flexibility and practicality for real-world applications. 
To address this dimensionality problem, we adopt the 
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attention mechanism inherent in the Graph Attention 
Network (GAT) architecture (see Fig. 3).

Initially, node N(t) is employed to predict future node 
dynamics using an LSTM over a fixed period h . We 
employ LSTM for temporal modeling, given its proven 
effectiveness in handling sequential data, such as city-
level time series. In the context of epidemics, the initial 
information is crucial, and the LSTM memory cell ena-
bles the model to propagate information related to the 
early stages of the epidemic over long distances. The 
LSTM replaces the GAT in node embedding. Next, we 
learn a function to compute the attention score values, 
which capture the specific similarity between the LSTM 
embedding vectors of two nodes. At this stage, the atten-
tion score function is trained such that the attention 
scores represent the resident ratio matrix A(t) , which 
quantifies the proportion of residents from city i within 
the population of city j . The attention mechanism ena-
bles dynamic learning of relationships as the model 
adapts to new information, thereby enhancing its ability 
to reflect changes in the epidemic’s dynamics over time. 
These coefficient values assign weights to each node’s 
information, allowing for the aggregation of node data. 
Through this aggregated information, we estimate addi-
tional epidemic parameters, β . Importantly, the LSTM 
focuses on the temporal patterns within each city’s data, 
while the GAT handles the spatial dependencies between 
cities. By combining LSTM and GAT, our model effec-
tively captures both temporal and spatial dependencies, 
leveraging the strengths of each architecture. Our model 
can be summarized as shown in Fig. 4.

The detailed algorithm of the deep learning model 
can be found in Algorithm 1. To evaluate our approach, 
we developed several models, which can be reviewed 
in Table 4. The Deep Learning Model uses only LSTM 
and MLP to derive the state . In contrast, the MPUGAT, 
MPGAT, and Simple Hybrid Model utilize both LSTM 

and GAT to extract the epidemic parameters β(t) and 
A(t) of the multi-patch compartment model. These epi-
demic parameters are then employed in the compart-
ment model to derive the state values. The next section 
will address this aspect in detail.

Algorithm 1 Detailed Algorithm for Deep Learning Model 
with LSTM and GAT​

Training algorithm
Leveraging the availability of daily confirmed case data 
for each city, we reformulate our multi-patch SEIQ 
model into a time-dependent mathematical model by 
applying finite difference methods. The resulting dis-
cretized system of equations, derived from Eq. (1), is 
presented as follows:

Fig. 3  A step-by-step visualization of how graph neural networks process city data. We learn the attention score matrix to become the resident 
ratio matrix A such that Aij = aij
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In this discretization scheme, �t denotes the tem-
poral increment between successive iterations, which 
is set to unity when utilizing daily reported case data. 
This iterative approach facilitates the prediction of 
future compartmental values based on the current sys-
tem state and prevailing epidemiological parameters. 
Furthermore, by solving Eq. (4) in conjunction with 
the constraint Ni = Si(t)+ Ii(t)+ Qi(t)+ Ei(t) , we can 
deduce the actual values of the epidemic states from 
the confirmed cases:

(4)
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Ii(t +�t) = Ii(t)+�t · [αEi(t)− qIi(t)]

Qi(t +�t) = Qi(t)+�t · qIi(t)

where Qi(t) is obtained from cumulative confirmed cases 
data provided by dataset [50]. The predicted future com-
partment value, denoted as ˆstate(t + h) , is computed 
using the true current compartment value state(t). First, 
Eq. (5) is used to calculate state(t), and then, using the 
prediction parameters βi(t) and Cij(t) obtained from the 
deep learning model, ˆstate(t + 1) is computed. The pre-
diction is then recursively performed until ˆstate(t + h) is 
obtained, following Eq. (4). This process is illustrated in 
Fig. 5. We have set h = 3 to train the model based on the 
compartment state values two days ahead. This choice 
is made based on the fact that when h = 1, 2 , using Eq. 
(4) to compute ˆstate(t + h) from the true values yields 

(5)







Si(t) = N − Qi(t)− Ii(t)− Ei(t)

Ei(t) =
Ii(t)(q+1)−Ii(t−1)

α

Ii(t) =
Qi(t)−Qi(t−1)

q

Fig. 4  This figure illustrates the detailed structure of the deep learning algorithm in MPUGAT. The model infers a dynamic contact matrix 
and transmission rate, which are used to update static traffic data with time series data from each node (city)
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state(t) values that are nearly identical to the actual val-
ues. Conversely, for larger values of h, the focus shifts 
from inferring parameters to addressing the prediction 
problem.

Case study
Data
This study employs the proposed model to estimate the 
dynamic transmission matrix of COVID-19 in South 
Korea. In this study, the term “city” is used as a gener-
alized representation of geographic regions. For the case 
study, we use data aggregated at the provincial level, this 
is conceptually equivalent to the “city” level in the con-
text of our model. We utilize daily confirmed case data 
for 16 provinces, obtained from the Korea Disease Con-
trol and Prevention Agency (KDCA) [50]. The data spans 
the period from March 1, 2020, to November 23, 2021, 
preceding the emergence of the Omicron variant. It is 
assumed that individuals undergo testing within their 
respective provinces of residence. Due to data limita-
tions, Sejong, a city with limited movement data, is 
incorporated into the calculations for Chungnam prov-
ince. Utilizing Eq. (5), we compute the daily number of 
individuals in each compartment (Susceptible, Exposed, 
Infectious, and Quarantined). Epidemiological param-
eters are set as follows: the latent period ( α ) is fixed at 6.5 
days, consistent with findings from Alene et al. [51], and 
the duration from infection to case confirmation (q) is set 
to 4 days, based on the analysis by [52].

The model requires two data inputs: time series data for 
each province and static inter-provincial movement data. 
Notably, the time series data need not be directly related 
to infectious disease transmission. In this case study, 
we utilize daily confirmed COVID-19 cases [50] and 
Facebook movement data [53] as proxies for provincial 

dynamics. Specifically, we employ a population weighted 
sum of the “Change in Movement” and “Stay Put” met-
rics from the Facebook movement data, capturing shifts 
in mobility before and after the onset of the COVID-19 
pandemic. These metrics allow us to quantify changes in 
movement patterns during lockdown periods. ’Change in 
Movement’ measures the overall reduction in mobility 
compared to the two-year pre-pandemic baseline, while 
’Stay Put’ represents the percentage of people remain-
ing within confined areas. Factors such as unregistered 
residents, visitors, or temporary relocations during the 
pandemic could cause the measured ’Stay Put’ population 
to exceed the official registered population count, result-
ing in percentages above 100%. This data source has been 
widely adopted in studies investigating human mobility 
patterns during pandemics [43, 54, 55]. Daily confirmed 
cases serve as a prominent indicator of epidemic dynam-
ics within each city, with variations in these dynamics 
intrinsically reflecting underlying differences in inter-
city mobility. From the daily confirmed cases, we calcu-
lated the state for each city. These state values, along with 
the “Change in Movement” and “Stay Put” metrics from 
Facebook movement data, were used as input features for 
the model.

To capture the static inter-provincial movement pat-
terns, we utilize traffic Origin-Destination (OD) data 
procured from the Korea Transport Institute [56]. This 
dataset, collected in 2018, encompasses major modes of 
transportation between cities, with origins and destina-
tions determined based on stays exceeding 25 minutes. 
The deliberate selection of pre-pandemic traffic data 
enables us to assess the model’s adaptive capacity to 
update and refine its estimates by incorporating infor-
mation from the COVID-19 period. Based on the afore-
mentioned time series data for each city, we aim to infer 

Fig. 5  Workflow of the MPUGAT’s hybrid method, combining the multi-patch compartment model and neural network. Solid lines represent data 
input, dashed line represents model training, and gray squares indicate preprocessed data
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the dynamic transmission matrix by updating this static 
inter-city movement data. This approach allows us to 
investigate how mobility patterns during the pandemic 
influence disease transmission dynamics. Figure  6 pro-
vides a visual representation of the data.

Detailed demographic and geographic information 
about the provinces in Korea as of November 2021 is 
shown in Fig. 7 and Table 2.

Korea exhibits substantial spatial heterogeneity across 
its 16 administrative regions. Notably, the Seoul metro-
politan area, encompassing Seoul and Gyeonggi, stands 
out due to its high cumulative infection count, as it 
accommodates more than half of the country’s popu-
lation. As shown in Fig.  6A, Seoul and Gyeonggi (rep-
resented by the blue and gray lines) follow a similar 
infection trajectory. This correlation is further corrobo-
rated by Fig. 6C, which illustrates the high intercity traffic 
volume between Seoul and Gyeonggi, excluding intra-
city movement (diagonal elements). This high intercity 

mobility attributed to Gyeonggi’s geographical position 
encircling Seoul, necessitating travel through Gyeonggi 
when moving from Seoul to other cities. Figure 6C also 
reveals that intra-city mobility (diagonal elements) gen-
erally exceeds intercity traffic. Since Fig. 6C presents raw 
(non-normalized) values in relation to population, the 
observed traffic patterns generally correlate with city 
populations. However, tourist destinations such as Jeju 
Island exhibit disproportionately high intra-city mobility 
relative to their population size.

Setting
To preprocess the data, a 14-day moving average filter is 
applied to mitigate short-term fluctuations and accen-
tuate longer-term trends. This 14-day duration aligns 
with the conservative incubation period of COVID-
19, capturing the potential delay between infection 
and symptom onset. The inputs were normalized using 
min-max scaling, which rescales each feature to a range 

Fig. 6  Model Inputs A Facebook movement data: Stay ratio, Change in Movement (Time × City) B State data for 16 provinces (Time × City) C Traffic 
data (rows : origin, columns : destination) (City × City)

Fig. 7  Population density, Population, and Cumulative Infection Rate data
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between 0 and 1. The movement matrix was reformed 
to be symmetric and scaled by the learned deep learn-
ing parameter b. Subsequently, a rolling 15-day win-
dow approach is employed to construct the training 
dataset. While this 15-day window size is empirically 
supported, alternative durations could be explored in 
future research.

•	 X(t − 16),X(t − 15), . . . ,X(t − 2) → N (t − 1)

•	 X(t − 15),X(t − 14), . . . ,X(t − 1) → N (t)

The model was trained using the Adam optimizer with 
the mean absolute error (MAE) as the loss function, 
defined as follows:

where statei represents the true values of number of 
each compartment, and ˆstatei denotes the corresponding 
predicted values for city i. To enhance the model’s gen-
eralization performance, two strategies are employed: 
hyperparameter tuning and early stopping. Hyperpa-
rameter tuning and early stopping were performed on 
the validation dataset using Bayesian Optimization, 
as detailed in Table  3. The dataset is divided into train-
ing, validation, and test sets, with 80% (481 data points) 
used for training, 10% (60 data points) for validation, and 

(6)

MAE =
1

C · T

C
∑

i=1

T
∑

t=1

∣

∣statei(t + h)− ˆstatei(t + h)
∣

∣

Table 2  Demographic and infection statistics for cities in Korea (source: [57])

City Population (1000) Area(km2) Population Density Cumulative Infections Infection 
Rate (%)

Seoul 9,618 605 15,891 168,281 1.75

Busan 3,356 770 4,358 17,505 0.52

Daegu 2,414 883 2,733 19,648 0.81

Incheon 2,951 1,065 2,770 26,791 0.91

Gwangju 1,480 501 2,952 6,530 0.44

Daejeon 1,492 540 2,764 9,362 0.63

Ulsan 1,139 1,062 1,072 5,791 0.51

Gyeonggi 13,452 10,199 1,319 143,644 1.07

Gangwon 1,519 16,878 90 9,396 0.62

Chungbuk 1,631 7,414 220 9,288 0.57

Chungnam 2,525 8,706 290 15,527 0.61

Jeonbuk 1,806 8,062 224 6,802 0.38

Jeonnam 1,793 12,366 145 4,727 0.26

Gyeongbuk 2,652 19,079 139 12,014 0.45

Gyeongnam 3,340 10,536 317 15,862 0.47

Jeju 669 1,853 361 3,905 0.58

Table 3  Hyperparameter tuning and early stopping settings

Hyperparameter space

  lr [0.0001, 0.01] Learning rate for model optimization

  hidden_unit [2, 5] Number of hidden units in the LSTM layers

  n_head [1, 2] Number of attention heads in the GAT model

  lstm_layer [1, 2] Number of stacked LSTM layers

Bayesian Optimization Settings (seed : 0)

  Utility Function EI Expected Improvement

  ξ 0.01 Controls trade-off; lower values favor exploitation

  α 1e−4 Adds Gaussian noise to avoid overfitting in GP

  init_points 10 Number of randomly sampled initial points

  n_iter 20 Number of iterations for optimization

Early Stopping Settings

  Patience 10 epochs Stops if val loss does not decrease for 10 epochs



Page 11 of 19Lee et al. BMC Public Health         (2025) 25:1884 	

10% (61 data points) for testing. Additionally, the data-
set is divided into sequential mini-batches of 30 data 
points. According to Algorithm 1, the maximum number 
of parameters that need to be trained in the deep learn-
ing model is 552, which is less than the number of data 
points in the model.

While previous studies have estimated the spatial 
transmission matrices by assigning weights based on 
traffic data or by assuming travel patterns proportional 
to population size [21, 24, 42, 58], we derive a dynamic 
transmission matrix TMPUGAT(t) , directly from the pro-
posed MPUGAT model. To validate the efficacy of this 
transmission matrix, we compare it with the four mod-
els listed in Table 4. The first model, the Simple Hybrid 
Model (SHM), predefines a movement matrix as a con-
tact matrix and estimates the transmission rate ( β ). 
In other words, the contact matrix is not dynamically 
learned but is fixed by applying a symmetric transforma-
tion to movement values. Only the transmission rate is 
inferred using the same spatio-temporal deep learning 
model as MPUGAT. While SHM utilizes a predefined 
static contact matrix, MPUGAT dynamically infers the 
contact matrix from a static movement matrix. Since 
MPUGAT estimates a greater number of epidemic 
parameters than SHM, we introduced MPGAT, which 
employs a static contact matrix derived by averaging the 
dynamic contact matrices inferred from MPUGAT. This 
ensures that both SHM and MPGAT infer β(t) using the 
same methodology with predefined contact matrices. 
All three models can infer dynamic transmission matrix 
values.

For β(t) , it is inferred differently depending on the type 
of contact matrix, C, to align the dynamics with the pre-
defined C values. Additionally, we include a compart-
ment model that simply uses values from h days ago and 
a deep learning model as baselines. The deep learning 

(7)

T̃SHM(t) = C̃SHM

N
× β̃SHM(t) = M

N
× β̃SHM(t)

T̄MPGAT (t) =
C̄MPGAT

N
× β̄MPGAT (t) =

Mean(CMPUGAT )
N

× β̄MPGAT (t)

TMPUGAT (t) =
CMPUGAT (t)

N
× βMPGAT (t)

models share the same LSTM architecture as MPUGAT 
but incorporate an additional MLP to predict state(t) for 
16 cities, considering only temporal correlations. Fur-
thermore, in deep learning models, min-max normali-
zation is applied to both the input and output, whereas 
other models normalize only the input.

Results
To quantitatively assess the validity of the estimated 
parameters, we compare the fitting accuracy using the 
three types of inferred C and β(t) values and deep learn-
ing, compartment model. Bayesian optimization is 
employed to identify the best-performing hyperparam-
eters, and the models are tested with over 30 different 
seeds, from seed 1 to 30 to evaluate stability. The fitting 
results for I(t) from the state(t) forward 3-day predic-
tions made by the MPUGAT model are illustrated and 
summarized in Fig. 8.

Despite the differences in dynamics and sizes of I(t) 
across various cities, it is visually evident that the model 
fits well. As mentioned in the Training Algorithm sec-
tion, our model employs a hybrid approach; instead of 
directly predicting the incidence numbers for each city, 
as typically done in deep learning models, we estimate 
epidemic parameters for a multi-patch compartment 
model. Consequently, even in areas with low incidence 
numbers, our model can accurately fit the values without 
any issues. This can be confirmed in Fig. 9 and Table 5, 
which compare the five models in terms of both compu-
tational efficiency and prediction accuracy. The model 
computational time refers to the total time required to 
run the training set until the predefined stopping criteria 
(e.g., epoch stop condition) are met. As shown, all three 
hybrid models-MPUGAT, MPGAT, and SHM-outper-
form the other models, including the deep learning and 
compartment models. The deep learning model per-
forms the worst in predicting incidence across 16 cities 
in 4 states. While a larger model could improve results, 
we ensured a fair comparison by using the same LSTM 
structure as MPUGAT.

In this research, the primary objective is to infer reli-
able epidemic parameters from the given data rather 

Table 4  Models used for comparison and their descriptions

Model name Model description Model output Parameter 
inference

MPUGAT​ TMPUGAT (t) = CMPUGAT (t)× βMPUGAT (t) β(t), C(t) O

Simple Hybrid Model (SHM) T̃SHM(t) = C̃SHM × β̃SHM(t) , where C̃SHM = M (Movement matrix) β̃(t) O

MPGAT​ T̄MPGAT (t) = C̄MPGAT × β̄(t) , where C̄MPGAT = Mean(CMPUGAT (t)) β̄(t) O

Deep Learning Model ˆstate(t + h) predicted using LSTM networks ˆstate(t) X

Compartment Model ˆstate(t + h) = state(t) , delay model None X
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than to build a prediction model with strong gener-
alization performance. To achieve this, we selected the 
parameter with optimized performance on training and 
validation datasets. It is worth noting that test dataset 
performance, which measures generalization on unseen 

data, is considered a secondary measure. In our experi-
ments, MPUGAT and MPGAT demonstrated superior 
performance. However, the difference was not substan-
tial. This highlights the challenge of parameter uniden-
tifiability, as both models describe epidemic dynamics 

Fig. 8  Fitting results. We conducted 30 iterations to compute the 90% confidence interval for the fitting results. The gray line divides the train, test, 
and validation datasets

Fig. 9  Comparison of fitting accuracy across models with different transmission matrices. The figure displays the three error metrics-Mean Squared 
Error (MSE), Root Mean Squared Error (RMSE), and Mean Absolute Error (MAE)-as mean values and standard deviations calculated over 30 iterations. 
The gray bars represent the baseline errors
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Table 5  Comparison of model performance

Hardware Specifications: Intel® Core™ i7-1165G7 (2.80GHz), 16GB RAM, Intel® Iris™ Xe Graphics

Model Mode MSE RMSE MAE

Mean Std Mean Std Mean Std

MPUGAT​ Train 1325.88 123.98 36.37 1.69 13.04 0.37

Validate 9216.55 1674.45 95.66 8.22 44.62 2.50

Test 80052.10 17540.79 281.27 31.13 97.65 5.91

Hyperparameters: lr: 0.009263, hidden_unit : 4, n_head : 1, num_lstm_layer : 1

Computational Time(s): Training Time: 24.62 ± 7.78 (mean ± std)

MPGAT​ Train 1477.28 82.80 38.42 1.09 13.61 0.17

Validate 9427.09 792.22 97.02 3.93 45.68 1.42

Test 84676.34 10266.65 290.43 18.41 101.69 2.99

Hyperparameters: lr: 0.003896, hidden_unit : 5, n_head : 2, num_lstm_layer : 2

Computational Time(s): Training Time: 7.10 ± 2.08

SHM Train 9471.56 16273.11 78.63 58.32 26.43 19.91

Validate 104031.30 194508.10 247.37 210.52 117.13 102.53

Test 231090.50 314476.20 416.54 244.07 154.81 99.32

Hyperparameters: lr: 0.000269, hidden_unit : 2, n_head : 2, num_lstm_layer : 1

Computational Time(s): Training Time: 68.58 ± 20.25

Deep Learning Train 3727870.00 2677651.00 1811.98 678.18 598.59 231.01

Validate 21988539.00 18955683.00 4379.90 1703.46 1533.61 636.69

Test 150557345.29 80179206.00 11757.15 3570.98 3879.69 1247.46

Hyperparameters: lr: 0.00717, hidden_unit : 4, num_lstm_layer : 1

Computational Time(s): Training Time: 6.99 ± 2.84

Compartment Train 19626.11 - 140.09 - 42.56 -

Validate 229660.90 - 479.23 - 190.62 -

Test 782140.70 - 884.39 - 304.11 -

Fig. 10  Comparison between the average values of the transmission matrixs over the entire period obtained from MPUGAT and SHM
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despite estimating different parameters. Therefore, our 
subsequent analysis focuses on qualitative results. As 
illustrated in Fig.  10, the comparison of transmission 
matrices derived from SHM and MPUGAT highlights 
key differences in how these models represent disease 
transmission patterns.

The transmission matrix T  is normalized by the row, Ni 
for computational convenience in the model. This means 
that Tij can be interpreted as the probability that a resi-
dent of city j is infected by one infected resident of city 
i . The first distinct aspect is the diagonal elements of the 
transmission matrices, which represent the probability of 
infection due to contact among residents of the same city. 
Since intra-city contact and movement are higher, the 
diagonal elements have relatively larger values. In Fig. 10, 
T̄SHM shows uniformly strong diagonal values, whereas 
TMPUGAT on the right demonstrates more diverse pat-
terns. Specifically, Jeju Island, a major tourist destination 
in South Korea, experiences overestimated movement 
per resident due to external tourists. Jeju residents have 
a lower population density and more geographically 
separated urban centers. Consequently, TSHM overesti-
mates the within-resident transmission rate for Jeju while 
underestimating the rate in the Seoul metropolitan area 
based solely on movement. In contrast, TMPUGAT cap-
tures the transmission inferring lower diagonal values 
for Jeju and estimating higher values for Seoul, Gyeonggi, 
and Busan, which are regions with extremely high popu-
lation densities and strong interconnections between city 
centers.

The second aspect is the non-diagonal elements of 
these matrices. As mentioned above, since Seoul and 
Gyeonggi account for more than half of the total popu-
lation, we can observe that infected individuals from 
these regions have a significant impact on other cities. 
Additionally, Seoul and Gyeonggi have strong influ-
ence on other proximity areas (i.e., Incheon, Gangwon, 
Chungbuk). This demonstrates that MPUGAT consid-
ers geographical characteristics in inferring transmission 
matrices. This pattern is also observed in other similarly-
related areas such as Busan-Gyeongnam and Gyeongbuk-
Daegu. Exceptionally, Jeju is highly influenced by Seoul 
even though they are geographically separated, likely due 
to the air route between them being one of the busiest air 
routes in the world. In the Gyeonggi-Seoul relationship, a 
Gyeonggi resident has a stronger influence per capita on 
Seoul residents than vice versa, reflecting the concentra-
tion of workplaces in Seoul while Gyeonggi serves more 
as a residential area.

The following examines how the transmission matrix 
changes over time. We compare the β values inferred 
from the contact matrix C (or C(t) ) by the three mod-
els: MPUGAT, MPGAT, and SHM. β represents the 

probability of infection per contact, applied uniformly 
nationwide, as shown in Fig. 11.

The inferred βMPUGAT and β̃MPGAT show similar trends. 
And when compared with the nationwide infected cases 
I(t), We observe that the β values increase until the I(t) 
peak is reached, followed by a brief decrease. In contrast, 
SHM appears to be difficult in deriving meaningful inter-
pretations from its inferred β values. Despite similar fit-
ting accuracy, the epidemic parameters inferred by the 
two models differ significantly.

To further investigate the impact of external factors, 
we compare the inferred β(t) values with the nationwide 
social distancing intensity. Following the methodology 
of [60, 61], we examine the relative changes in social dis-
tancing intensity during two specific periods, each exhib-
iting three levels of intensity. Although social distancing 
policies were implemented at different times, our focus is 
on the periods analyzed in the cited studies. Our analysis 
confirms that β(t) values are lower during periods with 
stricter social distancing measures and higher during 
periods with less stringent measures, as shown in Fig. 11. 
However, an interesting observation arises between 
December 23, 2020, and February 14, 2021. During this 
period, although social distancing was relatively strong, 
the β(t) values decreased initially and then increased. 
This phenomenon can be explained by the nation-
wide movement data, which shows that, despite strict 
social distancing, the actual movement intensity did not 
decrease significantly during this time. Furthermore, our 
analysis of the inferred β(t) values suggests that, among 
the seven input data sources, the contact-based infection 
probability is most strongly correlated with the popula-
tion-weighted sum of the change in movement data.

We analyzed the MPUGAT transmission matrix dur-
ing the three waves of the COVID-19 pandemic in South 
Korea, as defined in [62]. We visualized the proportion 
of infections resulting from contact between residents 
of the same city (without considering the location of the 
infection) by decomposing the transmission matrix into 
diagonal and non-diagonal components. The figure illus-
trates the percentage of such infections within the total 
infections in residents of each city. The results were visu-
alized in Fig. 12.

Different patterns were observed across the three 
waves. According to [62], the first wave formed two clus-
ters: Gyeongnam, Gyeongbuk, and Daegu in one, and 
Seoul and Gyeonggi in another, each with distinct out-
break origins. Our map highlights high intra-resident 
transmission in Seoul, Gyeonggi, Daegu, Gyeongbuk, and 
Busan. During the second wave, major infections emerged 
in Seoul and Gyeonggi, rapidly spreading to Busan. Our 
visualization supports this, showing decreased intra-
resident transmission in Daegu, while Seoul, Gyeonggi, 
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and Busan maintained high transmission. The third 
wave saw nationwide virus spread, reflected in our map 
by increased intra-resident transmission across many 
regions. Additionally, the Daejeon-Chungnam and Jeon-
nam-Gwangju pairs exhibited distinct transmission pat-
terns that evolved independently across the three waves, 
consistent with prior findings.

Conclusion and discussion
In this study, we presented MPUGAT, a novel hybrid 
framework that integrates a multi-patch compartmen-
tal model with a spatio-temporal deep learning model to 
dynamically estimate the transmission matrix of infec-
tious diseases. We decomposed the transmission matrix 

into movement data and resident ratio matrices, fol-
lowing the mass action principle. And then, By utilizing 
readily available data through the attention mechanism, 
MPUGAT generates a dynamic transmission matrix. 
While GAT is used for predicting the dynamics of 
graph-structured data, this study leverages the attention 
mechanism to expand the dimensionality of data. This 
approach addresses the limitations related to data avail-
ability and the identifiability problem often encountered 
in prior modeling studies. Moreover, this framework 
enables the integration of diverse data types beyond tra-
ditional epidemiological metrics, enhancing model flex-
ibility without incurring high-dimensional complexity. In 
light of the growing volume of available data, MPUGAT’s 

Fig. 11  (Upper figure) Comparison of β values from three models (MPUGAT, MPGAT, SHM) with nationwide confirmed cases, I(t) . (Lower 
figure) MPUGAT β with social distancing intensity in South Korea and movement data. The social distancing intensity during Time Interval 1 
and Time Interval 2 was assessed using different criteria for each period. The movement data come from two sources: (1) Facebook Movement, 
nationwide aggregated Change in Movement from [53], and (2) SKT movement data, which collects movement counts from SKT users (a major 
telecommunications company in Korea) from [59]
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adaptability in incorporating multiple time-series sources 
suggests numerous possibilities for future research. 
Future research could explore incorporating data sources 
such as social media trends, news reports, and economic 
indicators to further enrich MPUGAT’s predictive capac-
ity. In our case study, we employed actual movement data 
of each city in South Korea, enabling MPUGAT to pro-
vide a more accurate and dynamic representation of dis-
ease spread. While MPUGAT currently focuses more on 
analysis than real-time prediction, it could be extended to 
applications beyond epidemic modeling to include real-
time processing of traffic information and other domains. 
In such extensions, computational efficiency could be 
further enhanced by implementing tensor decomposi-
tion-based spatial-temporal information compression 

techniques as proposed by [63] or parallel deep reinforce-
ment learning computing structures [64].

Our case study using COVID-19 data from South Korea 
demonstrated the effectiveness of MPUGAT in capturing 
temporal variations in transmission dynamics and pro-
viding a more nuanced understanding of disease spread 
compared to traditional methods. The model successfully 
captured the expected high contact rates within densely 
populated metropolitan areas and identified changes in the 
infection characteristics of cities during different epidemic 
periods. Furthermore, comparing the estimated transmis-
sion rates from MPUGAT with actual policies, such as 
social distancing, confirms that stricter measures corre-
spond to lower transmission rates. Likewise, nationwide 
mobility data exhibits a similar relationship with β.

Fig. 12  Proportion of infections from same-resident contact relative to total infections in residents across three COVID-19 waves in South Korea. 
(Upper panel): Choropleth maps showing the ratio of within-resident transmission for each province during the first wave (March 1 - April 20, 
2020), second wave (July 28 - October 12, 2020), and third wave (November 3, 2020 - February 1, 2021). Darker red indicates higher proportions 
of same-resident transmission. (Lower panel): Time series showing the number of infected people nationwide with highlighted wave periods
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Accurate inference of the transmission matrix, 
reflecting city characteristics, is crucial for develop-
ing tailored public health policies. The transmission 
matrices derived from the MPUGAT and SHM mod-
els exhibit significant differences. For instance, apply-
ing uniform guidelines to all cities may be less effective 
than implementing targeted approaches based on 
city-specific contact patterns. In this context, the two 
transmission matrices highlight different areas of con-
cern-MPUGAT emphasizes Seoul and Gyeonggi, while 
SHM focuses on Jeju. Moreover, the β values inferred 
by the two models show substantial differences in their 
interpretability, leading to significant discrepancies 
in epidemic scenario analyses. While SHM achieves 
good epidemic fitting, its transmission matrix fails to 
produce meaningful insights. In contrast, the β val-
ues from MPUGAT and MPGAT meaningfully reflect 
social distancing measures, nationwide mobility trends, 
and the number of confirmed cases. Furthermore, the 
epidemic parameters provided by MPUGAT in Fig. 12 
indicate that the cities requiring careful attention vary 
over time. This adaptability enables timely public health 
interventions and the efficient allocation of limited 
healthcare resources. By capturing temporal varia-
tions in transmission patterns, MPUGAT can support 
policymakers in implementing targeted interventions, 
optimizing resource distribution, and assessing the 
effectiveness of different strategies.

While MPUGAT offers a promising approach for infec-
tious disease modeling, this study has certain limitations. 
First, the accuracy of MPUGAT depends on the avail-
ability and quality of data. Inaccurate or incomplete data 
may lead to biased estimations and misleading conclu-
sions. In particular, to effectively utilize the transmission 
matrices in public health applications, proper valida-
tion is essential. Specifically, since there is no predefined 
ground truth for transmission matrices, validating the 
inferred values requires additional external epidemiologi-
cal analysis. Second, inherent variability in deep learn-
ing models, stemming from their probabilistic nature, 
can influence results. When inferring high-dimensional 
parameters, the model identifies the parameter set that 
maximizes the probability given the data, which may 
not always yield consistent outcomes. Thus, conducting 
multiple model iterations, as demonstrated in this study, 
is essential to ensure the robustness and validity of the 
results. Third, while our case study focused on COVID-
19 in South Korea, the generalizability of MPUGAT to 
other infectious diseases and geographical settings needs 
further investigation. Furthermore, the SEIQ model used 
in this study is a simplification of the complex dynamics 
of infectious disease transmission. More complex com-
partmental models could be incorporated to account for 

factors such as vaccination, asymptomatic infections, and 
different levels of disease severity.

Despite these limitations, MPUGAT provides a valu-
able tool for understanding hidden epidemiological pat-
terns and supporting public health decision-making by 
estimating more reliable transmission matrices. Its abil-
ity to dynamically estimate transmission parameters 
and incorporate diverse data sources, while maintaining 
a small model size independent of the number of cities 
analyzed, enhances its potential for understanding and 
predicting disease spread. By addressing the limitations 
identified in this study and further refining the model, we 
can enhance its accuracy, generalizability, and applicabil-
ity to a wider range of public health challenges.
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