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Abstract: Accurate epidemic forecasting plays a vital role for governments to develop effective
prevention measures for suppressing epidemics. Most of the present spatio-temporal models cannot
provide a general framework for stable and accurate forecasting of epidemics with diverse evo-
lutionary trends. Incorporating epidemiological domain knowledge ranging from single-patch to
multi-patch into neural networks is expected to improve forecasting accuracy. However, relying
solely on single-patch knowledge neglects inter-patch interactions, while constructing multi-patch
knowledge is challenging without population mobility data. To address the aforementioned prob-
lems, we propose a novel hybrid model called metapopulation-based spatio—temporal attention
network (MPSTAN). This model aims to improve the accuracy of epidemic forecasting by incorporat-
ing multi-patch epidemiological knowledge into a spatio-temporal model and adaptively defining
inter-patch interactions. Moreover, we incorporate inter-patch epidemiological knowledge into both
model construction and the loss function to help the model learn epidemic transmission dynamics.
Extensive experiments conducted on two representative datasets with different epidemiological
evolution trends demonstrate that our proposed model outperforms the baselines and provides
more accurate and stable short- and long-term forecasting. We confirm the effectiveness of domain
knowledge in the learning model and investigate the impact of different ways of integrating domain
knowledge on forecasting. We observe that using domain knowledge in both model construction and
the loss function leads to more efficient forecasting, and selecting appropriate domain knowledge can
improve accuracy further.

Keywords: metapopulation epidemic; epidemic forecasting; spatio-temporal features; graph
attention networks

1. Introduction

In the past few years, COVID-19 has emerged as a significant threat to both human life
and the global economy. Due to its highly contagious nature, millions of people have been
infected, leading to enormous pressure on healthcare systems and social order [1]. Thus, it
is imperative for governments and public health departments to devise effective epidemic
prevention strategies, and accurate forecasting of the outbreak’s future evolution is a critical
factor for preventing disease transmission, mitigating its impact on public health and the
economy, and enhancing the quality and efficacy of medical services [2]. Accurate forecast-
ing can provide early warnings to help relevant departments take necessary preventive
measures before an outbreak, effectively allocate medical resources, and support public
health policies and decisions, such as social distancing measures and vaccination strategies.
With the rapid development of deep learning, it has made significant advancements in
various fields such as computer vision and data mining [3,4]. Developing deep learning
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models for epidemic forecasting would provide more accurate forecasting and benefit the
efficacy of interventions during epidemics.

Traditional epidemic forecasting models use compartmental models constructed from
differential equations to simulate the potential transmission dynamics of epidemics at the
patch level, such as the SIR model [5], SEIR model [6], and their variants [7,8]. Taking the
SIR model as an example, it is used to estimate the fluctuations in the number of susceptible,
infected, and recovered individuals within a single patch to understand the dynamics of the
epidemic in a particular patch. Many traditional time-series methods can directly forecast
the temporal dependency of epidemic outbreaks, such as ARIMA [9] and SVR [10]. In recent
years, deep learning has been widely used in the field of time-series forecasting, and several
excellent models have been proposed, including LSTM [11], GRU [12], transformer [13],
and neural ODE [14]. These models are designed to effectively handle the unique properties
of time-series data, such as temporal correlation, periodicity, etc.

However, the above methods only consider the temporal dependence of the data and
ignore the spatial dependence, which may lead to insufficiently accurate forecasting results.
The reason is that the epidemic evolution of a patch is not only influenced by its own factors,
such as the scale of infection and medical resources, but also by external factors, such as
the mobility of people from other patches [15]. Therefore, it is crucial to consider spatial
dependence to improve the accuracy of epidemiological trend analysis and forecasting.
The development of graph-based algorithms provides researchers with a powerful tool
for taking epidemic forecasting as a spatio-temporal forecasting problem [16,17]. Various
methods [18-20] have been proposed for epidemic spatio—temporal forecasting. In essence,
these methods construct a graph to predict multi-patch epidemics. Each patch is represented
as a node, and each patch’s historical data, such as the infected cases, recovered cases,
hospitalizations, and ICU admissions, are used as node features. By modeling the temporal
and spatial dependencies in epidemic data, these methods can capture potential spatio—
temporal correlations to predict future trends in the epidemic spreading. With the benefit
of spatio—-temporal forecasting work in the traffic flow field, most of the spatio-temporal
models can also be directly applied to epidemic forecasting, such as [21-23].

Nevertheless, epidemiological evolutionary trends can vary considerably depending
on the timing, region, and preventive measures of the epidemic outbreak. We show the
number of active cases in the United States and Japan as recorded at different times in
Figure 1. Both of these datasets are based on COVID-19 data. The US dataset is sourced
from the Johns Hopkins University Coronavirus Resource Center [24] and covers the period
from 1 May 2020 to 31 December 2020. The Japanese dataset is obtained from the Japan LIVE
Dashboard [25] and spans the period from 15 January 2022 to 14 June 2022. As shown in
Figure 1, these two datasets show completely different epidemiological evolutionary trends.
Figure 1a indicates that the outbreak is ongoing, and Figure 1b indicates that the outbreak is
under control, where the different trends reflect the vastly different transmission dynamics
of the epidemic. Traditional spatio-temporal models only find a nonlinear mapping
between input and output data and do not consider the underlying physical information,
which also makes it difficult to provide stable and accurate forecasting in the face of complex
trends [26]. In response to this issue, [27] points out that it is not reasonable to simply
apply deep learning to epidemic forecasting. Furthermore, theory-guided data science
demonstrates that incorporating domain knowledge into data-driven models helps improve
algorithm performance [28]. Therefore, researchers have attempted to use epidemiological
domain knowledge to help models better learn the underlying dynamics of epidemics.
Some works, such as [29-31], incorporate single-patch epidemic models such as SIR and
SIRD into spatio—temporal models, providing meaningful epidemiological context for
neural networks and improving the performance of epidemic forecasting. However, they
neglect inter-patch epidemic transmission, so some researchers [32] use population mobility
data to construct a metapopulation epidemic transmission model and train the learning
model using this domain knowledge.
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Figure 1. Illustration of active cases in the US and Japanese datasets.

Although existing methods have achieved success in this field, we find the follow-
ing limitations:

(1) Most of the existing methods fail to make full use of the more reasonable epidemio-
logical domain knowledge to help model training. They utilize domain knowledge
that either ignores inter-patch interactions [29,30] or requires additional population
mobility data to construct inter-patch interactions [32]. The latter approach relies
heavily on population mobility data, but collecting population mobility data between
patches is inherently challenging and inaccurate, which can also bias the model.

(2) Most of the existing domain-knowledge-based models do not analyze the effective-
ness of domain knowledge on model training in detail. Most methods only apply
epidemiological domain knowledge to the loss function [30,32], and some works apply
epidemiological knowledge to model construction at the same time [31]. However,
these methods do not analyze in detail the effectiveness of domain knowledge on
model construction and the loss function separately for epidemic forecasting.

To address the above limitations, we propose a novel approach named metapopulation-
based spatio—temporal attention network (MPSTAN). MPSTAN employs the MP-SIR model
that considers inter-patch mobility to help spatio-temporal model training. Specifically,
the MP-SIR physical model utilizes the neural network to learn physical model parameters
both intra- and inter-patch, thus enabling adaptive construction of interactions between
patches. Furthermore, we believe that different parameters are influenced by distinct types
of information. The intra-patch parameters primarily represent the scale of the epidemic
within a given patch, which reflects the temporal variations in population size for each
state. The inter-patch parameters, on the other hand, capture the population mobility
between patches and are also influenced by spatial information. Therefore, we design
multiple parameter generators that include two fully connected layers. By separately pass-
ing embeddings containing temporal dependencies and spatio-temporal dependencies to
these two respective fully connected layers, we adaptively learn the intra- and inter-patch
parameters. In addition, we apply the physical model to model construction and the loss
function of the MPSTAN model and thoroughly analyze the effectiveness of different ways
of combining the physical model with the learning model for epidemic forecasting. Further-
more, a single physical model does not accurately represent the potential epidemiological
dynamics in various real-world environments. For more accurate forecasting, selecting
an appropriate epidemiological physical model tailored to the specific circumstances is
necessary. In summary, the main contributions of this paper are as follows:
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(1) We propose a metapopulation-based spatio-temporal attention network for epidemic
forecasting. Specifically, we propose a metapopulation epidemic model with parame-
ters adaptively learned through neural networks, which is then incorporated to guide
neural network training. This spatio-temporal model does not rely on population
mobility data, enabling it to accurately predict epidemic transmission.

(2) We design multiple parameter generators to learn the physical model parameters
for the intra- and inter-patches separately. Due to the fact that different parameters
represent different information, we utilize embedding representations containing
diverse information to feed into each parameter generator separately in order to learn
the corresponding physical model parameters.

(3) We reveal the significance of epidemiological domain knowledge in spatio—temporal
epidemic forecasting by comparing its different incorporation methods into neural
networks. Also, we emphasize the crucial importance of selecting appropriate domain
knowledge to simulate potential epidemic transmission within actual circumstances.

(4) We conduct extensive experiments to validate the performance of MPSTAN on two
datasets with different epidemiological evolutionary trends. The results show that
MPSTAN has accurate short- and long-term forecasting and has the generalization
ability for different epidemic evolutions.

The remainder of this paper is structured as follows: In Section 2, we introduce the
related work. Section 3 describes the detailed design of our proposed model. Section 4
demonstrates the experimental results and provides an analysis of the findings. Finally,
a summary of the entire work is presented in Section 5.

2. Related Work

Many methods have been proposed for epidemic forecasting and are divided into
four types of methods: traditional mathematical models, time-series models, traditional
spatio—temporal models, and domain-knowledge-based spatio—temporal models.

Traditional mathematical models: Early researchers used epidemic transmission mod-
els or traditional time-series models to predict future epidemic trends. Ref. [33] uses a
SIR model to predict epidemics and points out that a simple SIR model is not consistent
with epidemic characteristics. Refs. [8,34] propose a series of variant models based on the
SIR model to better adapt to complex and variable epidemic transmission. In addition,
traditional time-series models can be used directly for epidemic forecasting due to the
time-series nature of the data. Ref. [35] predicts the prevalence and incidence of epidemics
by ARIMA. Ref. [10] utilizes SVR to fit the epidemiological data, but the presence of nu-
merous spikes in daily data resulted in poor fitting. The advantages of these methods lie in
their simple structure and low computational cost, but this also means that it is difficult to
effectively extract potentially complex nonlinear dynamics.

Time-series models: Deep learning is widely used in time-series forecasting due to
its powerful nonlinear mapping capability, where RNN and its variants LSTM and GRU
are frequently applied to capture temporal dependence. Refs. [36,37] consider epidemic
forecasting as a time-series forecasting problem and mainly use LSTM and its variants
for epidemic forecasting, while [38] proposes a two-branch LSTM to aggregate different
levels of epidemiological information. An attention mechanism is also commonly used for
time-series forecasting, such as [39], which proposes a transformer-based model to predict
the change in influenza cases and designs a new loss function to avoid the performance
degradation of the target value. In addition, ref. [40] combines a transformer with LSTM
for effective short- and long-term epidemic forecasting. Time-series forecasting models
typically take into account only time dependence without considering spatial dependence.
However, in the case of epidemic transmission, such models ignore the effect of inter-patch
interactions on epidemic evolution. Thus, relying on temporal dependence alone can lead
to inaccurate epidemic forecasting.

Traditional spatio-temporal models: Numerous studies have indicated that graph
convolutional networks (GCNs) show superior results for processing data with spatial
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structures [41,42], and epidemic transmission can automatically be translated into a graph
structure due to its spatial nature [43,44]. Ref. [18] uses time-series data as input to a GCN
for epidemic forecasting. Ref. [19] proposes a dynamic location-aware attention mecha-
nism to capture the spatial relationships between patches. Furthermore, ref. [20] fuses
multimodal information in a spatio-temporal model to explore regional correlations in the
epidemic transmission process. Due to the inherent nature of spatio—temporal features,
models from other domains can also be applied to epidemic forecasting, such as [23], which
proposes adaptive adjacency matrices to learn the relationships between nodes in a graph;
ref. [45] chooses to model the temporal and spatial dimensions in parallel since the com-
plex mapping of serial neural network structures may cause the original spatio-temporal
relationships to change; [46] combines neural ODE with GCN and proposes a tensor-based
model that models the spatio—temporal dependencies simultaneously to avoid limiting the
model representation capability. Nevertheless, traditional spatio-temporal models lacking
physical information have difficultly fitting the potentially complex dynamics [47].

Domain-knowledge-based spatio-temporal models: Several works have incorporated
domain knowledge from epidemiology into neural networks. Ref. [29] utilizes a spatio—
temporal model to predict the infection rates and combines it with a SIR model to predict
infected cases. Ref. [30] constructs a physically guided dynamic constraint model that uses
the SIR model to constrain the propagation dynamics in neural network forecasting. This
dynamic constraint is based on the infection and recovery rates as well as the previous
moment data to recursively derive the predicted values. Moreover, ref. [31] proposes a
causal encoder-decoder structure based on the SIRD model that applies not only to the
loss function but also iteratively for model construction. However, this domain knowledge
(SIRD model) neglects the interactions between patches. Additionally, ref. [32] combines
population mobility data to construct a metapopulation epidemic transmission model and
incorporates the domain model into a neural network to help learn potential epidemic
transmission dynamics. However, it is worth noting that the accuracy and completeness of
mobility data can significantly affect its performance.

3. Methodology

In this section, we first give the problem description for epidemic forecasting. Then,
we present an overview of the proposed model and details of the modules.

3.1. Problem Description

We use the graph G(V, £) to represent a spatial network, where V denotes the set of N
patches, and € denotes the set of edges between patches. The adjacency matrix A € RN*N
represents the connections between patches. In particular, we construct the adjacency
matrix by using the gravity model [48]. The edge weight w;; between patches i and j is
defined as:

d;;
ay . wy — 4
wy = pl P, (1)

where p;(p;) denotes the population size of patches i(j), d;; denotes the distance between
patches i and j, and a1, ay, v are the hyperparameters. The equation indicates that if there
is a high population size and close distance between a pair of patches, there is a stronger
correlation of epidemic propagation between the patches. We further select the maximum
E edge weights for all patches to make the adjacency matrix sparse and thus reduce the
computational complexity. If w;; belongs to the set of maximum E edge weights of patch i,
Ajj = 1; otherwise, A;; = 0.

We use X' = [X1, X, ..., X7] € RNXTXC to denote the spatio-temporal graph feature
matrix, where X;, t € [1, T] is the graph feature matrix at time step ¢, and C is the number of
node features. Here, node features include the number of daily active cases, daily recovered
cases, and daily susceptible cases. For epidemic forecasting, our goal is to learn a function
f(+) that uses the adjacency matrix A and the node feature matrix X;_r. of historical T
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time steps as inputs to predict the number of daily active cases Y;_ 1., 1 of future T’ time
steps. The problem can be formulated as follows:

Q)
[Xt—T+1r Xt7T+2/ eeey Xt/ A} — [YH—L Yt+2--~r Yt+T’] . (2)

3.2. Model Overview

The overall framework of the MPSTAN model is shown in Figure 2. The model
consists of a recurrent architecture, and each model cell contains four modules: namely,
the spatio—temporal module, the epidemiology module, the multiple parameter generator
module, and the information fusion module. At first, we use the spatio-temporal module
to learn the spatio—temporal information from the input data. The learned spatio—temporal
information is then passed into the parameter generation module to learn the epidemi-
ological parameters for the epidemiological model. Further, the input and the learned
parameters are passed into the epidemiological module to achieve epidemic forecasting.
Finally, the learned spatio—temporal information is fused with the physical forecasting infor-
mation in the information fusion module, and the output containing the fused information
is passed to the MPSTAN cell at the next time step.
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Figure 2. The framework of the MPSTAN model.

3.3. The Spatio—Temporal Module

The spatio-temporal module uses the spatio-temporal feature matrix X € RN*TxC
and the adjacency matrix A € RN*N to learn the spatio—temporal information of the
epidemic data. This module embeds a graph attention network (GAT) into a gated recurrent
unit (GRU), which learn the spatial dependence and the temporal dependence, respectively.

3.3.1. Temporal Embedding

Initially, the GRU was widely used for time-series forecasting due to its ability to
efficiently model time series; thus, we use the GRU to learn the temporal embedding of
each patch. In the GRU, Z;, R denote the update gate and reset gate, respectively, at time
step t, H; denotes the hidden embedding at time step ¢, H;_; denotes the output of the
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MPSTAN cell at time step t — 1, and Hyemp,+ denotes the output containing the temporal
dependence at time step ¢t
Zi = o(W:X; + UzH; 1 +b2), )
Ry = c(WiX; + U Hi—1 +by), 4
H; = tanh(W;, X; + Up, (R © Hy_q) + by,), 5
Hiempt = Zt © Hi_1 + (1 — Z) @ Hy, (6)

~ ~—

where © denotes element-wise multiplication, and W,, W,, Wy, U, U,, U}, ,b;, b, by, denote
the learnable parameters.

3.3.2. Spatial Embedding

The epidemic evolution of each patch is not independent but is influenced by other
patches at the spatial level. This is similar to GAT, which combines an attention mechanism
to aggregate information from neighbor patches and update the embedding for each
patch. Therefore, we use a two-layer multi-head GAT to capture the spatial dependence
of epidemic evolution among patches. Firstly, we take the embedding of each patch as
input and use the multi-head mechanism to compute K independent attention weights.
The attention weight ei-‘]- between patch i and patch j at the k-th head is given by

k k k j k i
eij = U(Watt((wtempH;emp,t) ” (Wtempngmp,t)))' (7)

where WK, Wk

temp denote the learnable parameters of the k-th head, (- || -) denotes the vec-
tor concatenation, ¢ denotes the nonlinear activation function, and ei«‘]« omits the subscript ¢.

Then, we use the softmax function to calculate the attention scores of all the edges.
The attention score between patch i and patch j at the k-th head as ai-‘j is expressed as:

aifj = Softmax(ei-‘]-). 8)

Finally, the attention scores are used to aggregate the information from neighboring
patches and update the patch embeddings Hy; € RN*Dst, where D;; denotes the embedding
dimension of each patch. The embedding of patch i as H., is calculated as:

1 & k ok ‘
;t = E Z Z aithempH{emp,t’ ©)
k=1jeN;

where N; denotes the set of neighbors of patch i. If A;; = 1, it indicates that patch j belongs
to the set of neighbors of patch i.

3.4. The Epidemiology Module

We observe that the results of epidemic forecasting using only spatio-temporal models
are not accurate and stable, and it is also very challenging to predict for datasets with
different epidemiological evolution trends (e.g., outbreak and outbreak under control) [26].
Therefore, some works choose to use epidemiological domain knowledge to help model
training, such as [30,31]. These works mainly use compartmental models as domain
knowledge, such as the SIR model. The SIR model is the most typical model in epidemic
transmission, where S denotes the susceptible individuals, I denotes the infected individu-
als, and R denotes the recovered individuals. The model uses three differential equations
to represent the changes to the three state populations in patch i:
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das; S;
=l — _B. =L, 10
dt ﬁl lNi ( )
dl; S;
i QY ) P S 11
dt Bi lNi VYili (11)
dR;
o = il (12)

where B; and 7, denote the infection and recovery rates, respectively, of epidemic trans-
mission in patch i € [1,..., N]. However, the SIR model is limited to simulate epidemic
transmission within a single patch and neglects the inter-patch interactions. Therefore,
ref. [32] uses population mobility data to construct a metapopulation epidemic model and it-
eratively calculates the daily confirmed cases using neural networks. In addition, other
mobility change data (e.g., GPS trajectory data) can also be used to construct a metapop-
ulation epidemic model. However, accurate collection of mobility data is challenging,
and other data may not fully reflect actual population mobility patterns.

To overcome the limitation of data availability, we develop an adaptive approach to
define inter-patch interactions and construct a metapopulation epidemic model named the
metapopulation-based SIR (MP-SIR) model that does not rely on mobility data. The MP-SIR
model is based on the original SIR model with inter-patch mobility parameters to represent
the mobility of populations at each state between patches:

dSl- Si S C A\ TS

—+ = —Bili= = D;ySi+ ) P(j|i)D;s;, (13)
dt N; ! JeN; !

dr; S; S

cTtl = ﬁifiﬁ —il; = DIT; + 2 P(j | Z)D]”j' (14)

i JEN;
dR,‘ R -1 R
i vili—DfRi+ Y P(j | i)D;'R;, (15)
JEN;:

where P(j | i) denotes the mobility probability of patch j to patch i, and Df, D!, DR
denote the mobility rates of susceptible, infected, and recovered individuals, respectively,
in patch i.

Taking Equation (14) as an example, the change in the number of infected individuals
within patch i is affected by four possible events: (i) susceptible individuals S; become
infected with probability §; after contact with infected individuals [; (ii) infected indi-
viduals I; recover with probability 7;; (iii) infected individuals I; within patch i move to
other patches with the mobility rate D/; (iv) infected individuals I; from patch j move
toward patch i with the mobility rate D]l . We simply assume that the probability of a patch
migrating to other neighboring patches is equal. Formally, the mobility probability of
patch j to patch i P(j | i) is computed as follows:

1
P(jli)= m (16)
j

Equation (16) is a simplification in the absence of mobility data. If such data are
available, they can be utilized to more accurately estimate the migration probability between
patches, as in [15] and as shown in Equation (17):

P(j|i) = = (7)
] N Zle/\[j lel

where Tj; denotes the population mobility data of patch j moving to patch i, and I denotes
the neighboring patches of patch j.

We use neural networks to generate intra- and inter-patch MP-SIR model parameters
Piura = [B,7] € RN*2, Py, = [D®, DI, DR] € RN*3, and we describe them in detail in
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Section 3.5. Finally, the epidemic data and the generated MP-SIR model parameters are
used as inputs to the MP-SIR model for domain-knowledge-based epidemic forecasting:

AXphy,t = MP'SIR(Xt/ Pintra, Pinter)/ (18)
Xphy,t+1 = X¢ + Axphy,tr (19)

where AXpp, 1 € RN*3 denotes the change in the number of individuals in each state at time

step £, and Xppy 111 = | X X X } € RN*3 denotes epidemic forecasting

S I R
phy,t+17 <> phy,t+17 < phy,t4-1
at time step ¢ + 1.

This model applies to various diseases that propagate within spatio-temporal ranges,
such as influenza, COVID-19, and others. However, the model has certain data require-
ments, which involve gathering information on the cases of infected, susceptible, and re-
covered individuals across various regions impacted by the epidemic. These data serve
as the foundation for constructing a metapopulation-based epidemic transmission model

(MP-SIR) used for spatio—temporal epidemic forecasting.

3.5. The Multiple Parameter Generator Module

We use embeddings containing different information to learn intra- and inter-patch
physical model parameters P, € RN*2, Py, € RN*3 separately instead of directly
by using embeddings containing spatio—temporal information. The intra-patch physical
model parameters j, y indicate the epidemic evolution within a single patch and are mainly
affected by the temporal dependence, while the inter-patch physical model parameters
DS, D!, DR indicate the inter-patch population mobility and are mainly affected by the
spatio-temporal dependence. Therefore, we generate these two types of physical model
parameters by passing embeddings containing only the temporal dependence and the
spatio—temporal dependence to the two fully connected layers, respectively:

Pz‘ntm = Fcintm(Htemp,t)/ (20)
Pinter = Fcinter(Hst)- (21)

3.6. The Information Fusion Module

In this module, the information between neural network forecasting Hy; € RN*Dst
and physical model forecasting Xy, 111 € RN*3 is fused. First, we map Xppy 111 to
Hpypy € RN*Dst ysing a fully connected layer that aims to keep the physical forecasting
with the same dimensions as the neural network forecasting:

thy = FC(Xphy,t+1>- (22)

Next, the neural network forecasting is concatenated with the physical forecasting.
Finally, a fully connected layer is used to generate the final output H; € RN*Dsru of the
MPSTAN cell at time step ¢, where D, denotes the dimensions of the GRU:

H; = FC(Hg || thy). (23)

3.7. Output Layer

The output of the MPSTAN model is divided into two parts: neural network forecast-
ing and physical model forecasting.
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Neural network forecasting:

We use the final output Hy € RN*Dsm of MPSTAN as the input of a fully connected
layer to predict the number of infected individuals Yt € RN* T in all patches for the next
T’ time steps:

e Fcpred(HT)' (24)

Physical model forecasting;:

The input data from the last day and the final trained model parameters are used as
inputs for the MP-SIR model to recursively predict the number of infected individuals
YPy € RN*T' in all patches for the next T time steps:

AXPhy,T = MP'SIR(XTr Pintru,Tr Pinter,T)r (25)

Xphy,T—H = X1+ AXphy,T/ (26)
h I I I

Yp y == [Xphy,T+1’ Xphy,T+2’ ceey Xphy,TJrT/}' (27)

3.8. Optimization

We utilize epidemiological domain knowledge for model construction and loss func-
tions to more effectively help MPSTAN models learn the epidemiological evolution trends.
We compare the predicted values Y*, YP of neural networks and physical models with
the ground truth Y and then optimize MAE loss via gradient descent:

rhy _ 3
L(©) = N x T, 2 2 (|yse — + Y = Yie ) (28)

i=lt=

The design of this loss function is inspired by physics-informed neural networks
(PINNS) [49], which emphasize the introduction of physical information constraints during
training, enabling the model to learn with fewer data samples and to better conform to
specific physical rules within a given domain.

4. Experiments
4.1. Datasets

Our experiment mainly involves two types of data. The first type is the real COVID-19
datasets from the United States and Japan. The second type is the information data of
patches, such as population and distance, which will be used in the gravity model to
generate the graph. As shown in Table 1, the US dataset is state-level data collected from
the Johns Hopkins University Coronavirus Resource Center [24] and provides the number
of daily active cases, daily recovered cases, daily susceptible cases and total population
for 52 states from 1 May 2020 to 31 December 2020 (245 days). The Japanese dataset
is prefecture-level data collected from the Japan LIVE Dashboard [25], which provides
the number of daily active cases, daily recovered cases, daily susceptible cases, and total
population for 47 prefectures from 15 January 2022 to 14 June 2022 (151 days). In temporal
order, we divide each patch of these two datasets into training, validation, and test sets at
ratios of 60%, 20%, and 20%, respectively, and normalize all data to the range (0, 1). As
pointed out in references [50,51], epidemic forecasting often overlooks undocumented cases,
and the quality of estimated data impacts subsequent forecasting. This study primarily
focuses on analyzing model forecasting accuracy assuming that these data are ideal. Based
on the gravity model described in Equation (1), we use the population and distance data of
patches to generate adjacency matrices for each COVID-19 dataset. A simple visualization
of the interaction graphs is shown in Figure 3.
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Table 1. Statistical information of the datasets.
Dataset Data Level Data Size  Time Range Min Max Mean Std
us State-level 52 x 245 2020.5.1-2020.12.31 0 838,855 40,438 75,691
Japan Prefecture-level 47 x 151 2022.1.15-2022.6.14 104 198,011 11,458 21,188
(a) US dataset (b) Japanese dataset

Figure 3. The interaction graphs between patches from two datasets.

4.2. Experimental Details
4.2.1. Baselines

We compare our model with the following five kinds of baselines: (i) traditional

mathematical models: SIR and ARIMA; (ii) time-series models based on recurrent structure:
GRU; (iii) traditional spatio—temporal models: GraphWaveNet, STGODE, CovidGNN, and
ColaGNN; (iv) domain-knowledge-based spatio—temporal model: STAN; (v) two time-
series models based on transformers: PatchTST and Crossformer. All baseline models use
daily active cases, daily susceptible cases, and daily recovered cases as inputs to predict
future daily active cases.

M
@
®)

4)
©)
(6)
@)

®)

)

(10)

SIR [5]: The SIR model uses three differential equations to calculate the change in the
number of susceptible, infected, and recovered cases in a single patch.

ARIMA [35]: The auto-regressive integrated moving average model is widely used
for time-series forecasting. We use ARIMA to predict daily active cases for each patch.
GRU [12]: The gated recurrent unit is a variant of RNN that uses fewer parameters to
implement the gating mechanism compared to LSTM. We use a GRU for each patch
separately to predict daily active cases.

GraphWaveNet [23]: GraphWaveNet combines an adaptive adjacency matrix, diffu-
sion convolution, and gated TCN to capture spatio—temporal dependencies.
STGODE [46]: STGODE proposes a spatio—temporal tensor model by combining
neural ODE with GCN to achieve unified modeling of spatio-temporal dependencies.
CovidGNN [18]: CovidGNN uses the time-series of each patch as node features and
predicts epidemics using GCN with skip connections.

ColaGNN [19]: ColaGNN designs a dynamic adjacency matrix using an attention
mechanism and adopts a multi-scale dilated convolutional layer for long- and short-
term epidemic forecasting.

STAN [30]: STAN utilizes the gravity model to construct networks and applies epi-
demiological domain knowledge to the loss function, which specifically constructs a
dynamics constraint loss by combining with the SIR model.

PatchTST [52]: Based on the transformer, PatchTST considers the channel indepen-
dence of input features and uses a patching mechanism to extract local semantic
information from time-series data.

Crossformer [53]: Based on the transformer, Crossformer introduces a two-stage
attention mechanism to effectively capture dependencies across both the time and
feature dimensions.
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4.2.2. Settings

To verify the effectiveness of the model for short- and long-term forecasting, we set
the input time length as 5, the forecasting time length as 5 and 10 for short-term forecasting,
and the forecasting time length as 15 and 20 for long-term forecasting. For various forecast-
ing tasks on different datasets, we conduct multiple independent experiments and average
the results to reduce randomness. In the model, the dimensions of GRU and GAT are set to
64 and 32, respectively. Further, the number of heads K in GAT is set to 2. The settings of
the hyperparameters for the gravity model are based on the settings in [30], where a1 = 0.1,
ap =0.1,and r = 1 x 10*. We set the number of epochs to 50 and use the Adam optimizer
with a learning rate of 1e-3.

4.2.3. Evaluation Metrics

In this study, we choose the mean absolute error (MAE), root mean squared error
(RMSE), mean absolute percentage error (MAPE), Pearson’s correlation coefficient (PCC),
and concordance correlation coefficient (CCC) to evaluate the performance of each model,
where lower MAE, RMSE, and MAPE vales and higher PCC and CCC values indicate better
forecasting performance. The above evaluation metrics are expressed as follows:

MAE = e T, ZZ;TZ (1YL = Yi]), (29)
i=lt=

100% & I vt —Y,

MAPE — iy 31
RSy Tzl| - o1
Yit - Yt (Yie - Vi
pec = = 2l G 3 , (32)
VIO VE2E(Y, — Vi)
2
ccc = Pox%y (33)

0'% + 0’5 + (,ux - ,uy)zl

where p denotes the correlation coefficient between the two variables, i and p, denote the
mean of the two variables, (7%, o2 are the corresponding variances, and }  is an abbreviation

y
N T
Of 21:1 ZT:]

4.3. Forecasting Performance

As shown in Tables 2 and 3, we evaluate the performance of our method with all the
baselines on the US dataset and the Japanese dataset, respectively, for predicting daily active
cases, where bold and underlined indicate optimal and suboptimal, respectively, and 'Im-
provement’ denotes the improved rate of MPSTAN compared to the suboptimal forecasting
results. On the US dataset, our method achieves state-of-the-art (SOTA) performance for
both short-term (T = 5, 10 days) and long-term (T = 15, 20 days) forecasting. In particular,
our forecasting results for all the forecasting tasks show significant improvements over
the suboptimal forecasting, where MAE improves at least 4.01%, RMSE improves at least
7.64%, MAPE improves at least 4.61%, PCC improves at least 0.31%, and CCC improves at
least 0.11%. While our method may not fully achieve SOTA performance on the Japanese
dataset, it can achieve optimal or competitive forecasting results compared to other models,
demonstrating strong competitiveness, where MAE improves at least 11.43%, RMSE im-
proves at least 21.32%, MAPE improves at least 24.81%, and CCC improves at least 3.32%.
In summary, compared to all baseline models, MPSTAN can provide more accurate and
stable forecasting for different real-world epidemic datasets.
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Next, we discuss specifically the performance comparison between different mod-
els. Traditional mathematical models (e.g., SIR and ARIMA) often outperform neural
network models in short-term forecasting, but the performance becomes worse in long-
term forecasting. This may be because the predictive accuracy of traditional mathematical
models is highly dependent on the time length, and long-term forecasting requires more
historical data. Insufficient historical data can lead to forecasting errors, and the cumula-
tive effect of errors increases with longer forecasting times, resulting in worse long-term
forecasting results.

In addition, we observe that traffic flow models, particularly the STGODE, face chal-
lenges with providing stable and accurate forecasting for different tasks. This may be
attributed to the fact that epidemic data are sparser and noisier than traffic flow data, in-
creasing the likelihood of these models overfitting when applied to epidemic data. Through
observation, it is noticed that the ColaGNN model also faces difficulties with providing
accurate forecasting. The poorer performance of ColaGNN may be because the ColaGNN
model does not incorporate a domain model, which leads to its poor performance when
handling these datasets.

By comparing MPSTAN with domain-knowledge-based models (e.g., STAN), the re-
sults show that MPSTAN performs better than STAN, highlighting the effectiveness of
this integrated neural network framework in achieving more accurate forecasting by in-
troducing epidemiological domain knowledge. This framework involves two main aspects:
integrating domain knowledge into the deep learning framework and modeling metapopula-
tion transmission. Furthermore, in Section 4.4, we discuss the impact of these two aspects on
forecasting results, including the effects of integration methods and inter-patch interactions.

Table 2. Performance comparison with baseline on the US dataset.

The US dataset

T =5 days T =10 days
Model MAE RMSE MAPE PCC CCC MAE RMSE MAPE PCC CCC
SIR 5660 15,656 25.81%  99.16%  99.14% 10,608 33,766 41.94%  96.23%  96.09%
ARIMA 6475 22,095 14.01%  98.33%  98.31% 11,489 44,779 26.36%  93.66%  93.39%
GRU 18,348 32,950 21.88%  97.88%  95.63% 26,749 47,328 32.52%  95.66%  90.39%
GraphWaveNet 13,875 22,559 17.85%  99.46%  97.82% 9526 15,673 16.64%  99.21%  99.09%
STGODE 70,454 116,865  83.21%  91.95%  64.48% 53,693 83,823 63.51%  87.89%  62.19%
CovidGNN 9453 21,612 9.91% 99.07%  98.17% 16,052 37,586 15.03%  96.87%  94.00%
ColaGNN 66,005 111,622 77.57%  53.54%  41.79% 51,822 91,680 57.61%  80.18%  62.46%
STAN 10,024 19,214 17.98%  98.70%  98.65% 13,993 25,963 19.38%  97.80%  97.49%
PatchTST 5086 12,119 7.62% 99.49%  99.46% 8033 17,283 11.70%  99.02%  98.89%
Crossformer 20,469 41,348 21.99%  95.88%  93.09% 24,428 47,851 26.06%  94.64%  90.32%
MPSTAN 3960 8255 6.38% 99.80% 99.75% 7711 14,463 10.73% 99.55% 99.20%
Improvement 22.14%  31.88%  1627%  0.31% 0.29% 4.01% 7.72% 8.29% 0.34% 0.11%

T =15 days T =20 days
Model MAE RMSE MAPE PCC CCC MAE RMSE MAPE PCC CCC
SIR 16,573 60,984 57.38%  89.04%  88.26% 23,963 101,612 76.12%  76.44%  73.21%
ARIMA 17,151 74,295 43.01%  84.86%  83.59% 24,849 121,875  65.20%  69.78%  65.31%
GRU 33,968 59,804 41.21%  92.67%  83.94% 38,202 65,762 45.54%  90.44%  80.61%
GraphWaveNet 47,020 76,735 51.64%  90.76%  72.64% 48,154 82,098 51.19%  84.43%  68.47%
STGODE 72,622 117,611  107.65% 82.26%  50.75% 72,132 109,536  84.84%  85.16%  42.81%
CovidGNN 21,660 48,169 19.85%  94.68%  89.71% 26,985 57,085 24.57%  92.64%  84.95%
ColaGNN 33,419 55,424 41.36%  9243%  79.63% 47,837 77,656 52.48%  92.49%  70.90%
STAN 16,784 33,383 20.78%  96.43%  95.49% 18,679 36,180 26.81%  96.09%  94.52%
PatchTST 10,120 19,986 1539%  98.79%  98.48% 14,178 28,244 20.10%  97.67%  96.84%
Crossformer 27,084 50,297 30.01%  94.69%  88.96% 28,668 51,294 32.64%  95.10%  88.37%
MPSTAN 10,148 18,460 14.68% 99.25% 98.68% 12,728 22,923 18.68% 98.81% 97.91%

Improvement - 7.64% 4.61% 0.47% 0.20% 10.23% 18.84% 7.06% 1.17% 1.10%
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Table 3. Performance comparison with baseline on the Japanese dataset.

The Japanese dataset

T =5 days T =10 days
Model MAE RMSE MAPE PCC CccC MAE RMSE MAPE PCC CCcC
SIR 896 1572 18.89%  99.11%  97.91% 1703 2874 39.38%  97.73%  93.67%
ARIMA 1113 3137 24.33%  91.74%  91.37% 2433 8719 59.59%  6342%  57.19%
GRU 2156 3955 5891%  94.06%  89.02% 2702 5130 69.49%  9233%  83.80%
GraphWaveNet 2048 4490 39.06%  94.93%  87.35% 2744 6447 48.88%  92.64%  79.24%
STGODE 5420 13057 103.14%  83.94%  57.16% 8208 18396 158.08%  85.00%  50.91%
CovidGNN 1042 2305 18.06%  97.27%  95.71% 1887 3942 39.40%  95.77%  89.48%
ColaGNN 2566 5746 50.29%  92.17%  82.16% 5294 10,402 101.50% 86.60%  63.78%
STAN 1070 2400 2297%  95.87%  94.82% 1623 3165 34.38%  94.80%  91.97%
PatchTST 828 2987 15.90%  92.33%  91.56% 1324 2608 31.64%  95.09%  94.09%
Crossformer 1732 3826 3491%  94.82%  89.70% 2741 6161 5848%  88.98%  78.61%
MPSTAN 1016 2311 16.91%  96.74%  95.60% 1356 3016 24.34%  9338%  92.27%
Improvement - - - - - - - - - -

T =15 days T =20 days
Model MAE RMSE MAPE PCC CccC MAE RMSE MAPE PCC CCcC
SIR 2632 4373 66.60%  9522%  87.05% 3515 5883 9293%  92.08%  79.20%
ARIMA 3443 7715 86.16%  65.62%  61.39% 3757 7513 130.90%  72.79%  66.56%
GRU 2124 3758 59.84%  88.58%  87.70% 2977 5343 68.13%  71.75%  70.72%
GraphWaveNet 2828 6520 49.39%  93.62%  79.34% 2773 6547 46.11%  92.96%  79.38%
STGODE 10,330 23,345 195.76%  82.22%  38.62% 12,156 27,407 22151% 83.58%  33.33%
CovidGNN 2988 6515 66.73%  90.20%  77.42% 3990 8805 94.82%  84.97%  67.12%
ColaGNN 4192 8688 93.21%  8431%  67.68% 7195 15,400 140.32%  84.30%  50.40%
STAN 2026 3887 51.03%  93.86%  88.92% 2804 5238 7210%  90.59%  82.24%
PatchTST 1654 2984 4045%  95.61%  92.80% 2321 5102 56.56%  87.05%  81.40%
Crossformer 3575 7896 84.07%  8225%  69.05% 5237 14,458 115.39%  71.97%  47.94%
MPSTAN 1465 3104 2829%  91.84%  91.29% 1854 4014 34.67%  85.78%  84.97%
Improvement 11.43% - 30.06% - - 20.12%  21.32%  24.81% - 3.32%

Finally, we compare MPSTAN with the latest SOTA time-series models based on

the transformer (e.g., PatchTST and Crossformer). It is evident that the PatchTST model
performs well in epidemic forecasting, whereas the Crossformer model exhibits relatively
poor performance. Overall, MPSTAN consistently provides more accurate or competitive
forecasting compared to the latest transformer models.

4.4. Ablation Study

To explore the impact of epidemiological domain knowledge on epidemic forecasting

and to verify the effectiveness of the model components, we further conduct ablation
experiments on the US and Japanese datasets.

)

@)
®)

(4)

MPSTAN w/o Phy-All: Remove epidemiological domain knowledge from both model
construction and the loss function. We use only the spatio-temporal module for
epidemic forecasting.

MPSTAN w/o Phy-Loss: Remove epidemiological domain knowledge from the loss
function. We only implement the knowledge in model construction.

MPSTAN w/o Phy-Model: Remove the epidemiological domain knowledge from
model construction. We predict physical model parameters in the output layer and
implement the knowledge in the loss function.

MPSTAN w/o Mobility: Combine epidemiological domain knowledge without con-
sidering population mobility into the model—mainly by using the SIR model instead
of the MP-SIR model.
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(5) MPSTAN w/o MPG: Remove multiple parameter generators (MPGs). We generate all
the physical model parameters using a single parameter generator for embeddings
containing spatio-temporal information.

The results of the ablation experiments are shown in Tables 4 and 5, where bold
indicates better performance for the ablation model or MPSTAN. Firstly, we analyze the
effectiveness of domain knowledge in epidemic forecasting by comparing the performance
of MPSTAN with MPSTAN w/o Phy-All on two datasets. The results show that the
MPSTAN w/o Phy-All model, which lacks domain knowledge, performs extremely poorly
in epidemic forecasting, highlighting the crucial role of epidemiological domain knowledge
in epidemic forecasting.

Table 4. Ablation study on the US dataset.

Model

The US dataset

T =5 days T =10 days

MAE RMSE MAPE PCC CcCcC MAE RMSE MAPE PCC CCC

MPSTAN w /o Phy-All
MPSTAN w/o Phy-Loss
MPSTAN w /o Phy-Model

14,865 34,756  10.96% 96.19% 95.18% 22911 54,185  17.38% 91.55%  86.63%
18,908 39,201 14.62%  94.53% 92.97% 15201 27,700  16.09%  98.53%  96.57%
19,002 45,127  13.04% 94.09%  90.52% 25372 64,364 18.17% 86.59%  81.28%

MPSTAN w /o Mobility 5030 9845 7.09% 99.78%  99.65% 8147 14,895 11.17%  99.56%  99.16%

MPSTAN w /o MPG 4399 9033 6.71% 99.77%  99.70% 7640 14,456 10.70% 99.55%  99.21%

MPSTAN 3960 8255 6.38% 99.80% 99.75% 7711 14,463 10.73%  99.55%  99.20%
T =15 days T =20 days

Model MAE RMSE MAPE PCC CCC MAE RMSE MAPE PCC CCC

MPSTAN w/o Phy-All
MPSTAN w/o Phy-Loss

22,876 58,160 19.10% 88.68%  85.34% 27,659 60,632  24.83% 89.30%  83.16%
18,526 32,033  20.19%  99.15%  95.58% 22,138 37,753  24.06% 97.54%  93.59%

MPSTAN w/o Phy-Model 27,509 63,056  21.84% 88.68% 80.58% 27,425 61,194 24.36% 88.96%  82.69%
MPSTAN w /o Mobility 11,0564 20,240 15.33% 99.19% 98.39% 11,859 22,477 18.37% 98.71%  98.02%
MPSTAN w /o MPG 10441 18984  14.92% 99.25% 98.59% 13,064 23,702  18.98% 98.87%  97.75%
MPSTAN 10,148 18,460  14.68% 99.25% 98.68% 12728 22923 18.68%  98.81%  97.91%
Table 5. Ablation study on the Japanese dataset.

The Japanese dataset

T =5 days T =10 days
Model MAE RMSE MAPE PCC CCC MAE RMSE MAPE PCC CCC
MPSTAN w/o Phy-All 3326 10,410  26.59% 92.27%  66.80% 3201 9632 29.52%  92.06%  68.65%

MPSTAN w/o Phy-Loss
MPSTAN w /o Phy-Model

928 2024 15.81% 96.05% 95.90% 1196 2620 22.31% 93.70%  93.50%
3674 11,714 28.11% 91.84% 62.93% 3896 10,762  4596%  91.48%  64.93%

MPSTAN w /o Mobility 1142 2309 21.93% 98.46%  95.60% 1273 2633 27.24%  96.77%  94.33%

MPSTAN w/o MPG 1047 2339 19.18%  96.52% 95.44% 1216 2630 23.49%  94.52%  93.90%

MPSTAN 1016 2311 1691% 96.74% 95.60% 1356 3016 24.34% 93.38%  92.27%
T =15 days T =20 days

Model MAE RMSE MAPE PCC CcCcC MAE RMSE MAPE PCC CCC

MPSTAN w/o Phy-All 3435 9796 35.25% 91.37%  67.63% 3054 7736 41.09%  90.29%  74.42%

MPSTAN w/o Phy-Loss
MPSTAN w /o Phy-Model
MPSTAN w /o Mobility
MPSTAN w/o MPG
MPSTAN

1774 3941 32.28%  84.22%  83.44% 1928 4383 41.30%  86.70%  84.83%
3897 11,099  42.38% 90.35%  63.40% 4273 10,664  69.34%  86.83%  63.25%
1100 2271 24.42% 96.25% 95.31% 1319 2958 26.72%  93.80%  92.42%
1391 3379 25.48% 91.89% 90.44% 1786 4073 31.19% 87.89%  85.75%
1465 3104 28.29%  91.84% 91.29% 1854 4014 34.67% 85.78%  84.97%

To further investigate the impact on epidemic forecasting of different methods for
integrating domain knowledge, we compare MPSTAN w /o Phy-Loss and MPSTAN w /o
Phy-Model with MPSTAN. On the US dataset, MPSTAN, which applies domain knowledge
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to both model construction and the loss function, can more accurately predict epidemic
trends, as shown in Table 4. In Table 5, for short-term forecasting on the Japanese dataset,
MPSTAN performs worse than MPSTAN w/o Phy-Loss, which applies domain knowledge
only to model construction, but it still provides competitive forecasting. In long-term
forecasting, MPSTAN outperforms the other two models. Overall, incorporating domain
knowledge into both model construction and the loss function can better help the model
learn the basic dynamics of epidemic transmission and improve forecasting accuracy.
By comparing MPSTAN w /o Phy-Loss and MPSTAN w/o Phy-Model using two datasets,
we find that the former performs better in all forecasting tasks, indicating that applying
domain knowledge to model construction is more beneficial for accurate epidemic forecast-
ing than applying it to the loss function. In addition, by comparing MPSTAN w /o Phy-All
and MPSTAN w/o Phy-Model, we find that using domain knowledge to only constrain
the loss function may lead to poorer forecasting performance. Therefore, we believe that
incorporating domain knowledge into model construction is essential, and simultaneously
applying it to the loss function can improve the predictive accuracy of the model.

For the remaining model components, the effectiveness of the establishment of the
metapopulation model and multiple parameter generators can be verified by using MP-
STAN w /o Mobility and MPSTAN w /o MPG, respectively. On the US dataset, MPSTAN
outperforms MPSTAN w /o Mobility for forecasting tasks with T = 5, 10, and 15 days. How-
ever, the opposite result is observed for the T = 20 task, which may be due to the fact that
inter-patch physical parameters are no longer sufficient to define the population mobility
when the forecasting time is longer. Overall, MP-SIR, a metapopulation epidemic model
that considers population mobility, is more beneficial for model training than traditional
SIR. Additionally, comparing MPSTAN with MPSTAN w /o MPG reveals that using only
one parameter generator to generate all physical model parameters may lead to poorer
predictive performance.

On the Japanese dataset, we observe that the performance of MPSTAN w /o Mobility
and MPSTAN w/o MPG is mostly superior to MPSTAN. We believe that this is due to
the fact that these two datasets are collected at different times and locations, leading to
differences in disease control measures and public awareness. To confirm this, we randomly
select five cities from each dataset and display the normalized daily active cases of these
cities in Figure 4. The figure clearly shows that US cities experienced a surge in active cases,
while Japanese cities effectively controlled the spread of the disease, resulting in a decrease
in active cases. Moreover, we investigate the COVID-19 Community Mobility Reports [54]
from Google for the corresponding time periods of these two datasets. We observe that
the park population movement in the US is higher than the pre-epidemic baseline, while
in Japan it is lower than the baseline. Possible reasons for the above situation could be
that the data collected in the United States are from an earlier period when the COVID-19
prevention and control policies were possibly more relaxed, resulting in greater population
mobility. However, park movement does not necessarily reflect typical mobility patterns.
Moreover, the data collected in Japan are from a later period when more comprehensive
measures had been implemented, and the public may have become more aware of the
importance of self-isolation, leading to lower population mobility. Therefore, MPSTAN
may not be fully applicable to the Japanese dataset, possibly due to different restrictions at
this stage leading to a decrease in population mobility. Consequently, the traditional SIR
model is more suitable than the MP-SIR model. The multiple parameter generators (MPGs)
are essentially based on the metapopulation epidemic model, and thus, the forecasting
accuracy of MPSTAN w/o MPG is higher.

Furthermore, we recognize that no single source of domain knowledge can be uni-
versally applied to all complex epidemic data. Thus, when selecting domain knowledge
to integrate into neural networks, it is necessary to consider the actual circumstances and
choose more representative knowledge to achieve more accurate forecasting.
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Figure 4. Samples of typical cities in the US and Japanese datasets.

4.5. Effect of Hyperparameters

In this section, we study the effect of hyperparameters on performance, focusing on
the dimensions of the GRU and GAT. We vary one parameter at a time while keeping the
other parameters constant. In addition, the dimension range is set to [8, 16, 32, 64, 128],
T =5 days is selected as the task on the US dataset, while MAE, RMSE, and MAPE are
chosen as the evaluation metrics.

Figure 5 shows the effects of different dimensions of the GRU and GAT on the per-
formance. It can be seen that the forecasting performance is poor when the number of
dimensions is small, and it gradually becomes better when the number of dimensions
increases, which is because more parameters are involved in fitting the potential dynamics
of the epidemic. When the number of dimensions continues to increase, the forecasting
performance also becomes worse. The possible reason of this issue may be that the epidemic
data are sparse, and an excessive number of parameters leads to overfitting.

Figure 5. Effect of hyperparameters on performance.
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4.6. Model Complexity

We analyze the model complexity by comparing the parameter number in the neural
network and the training time consumed for all models at T = 5 days on the US dataset.
As shown in Table 6, the number of neural network parameters in MPSTAN is significantly
less than in other models. This is because MPSTAN makes extensive use of epidemiological
domain knowledge (e.g., model construction and loss functions), thus reducing the reliance
on neural networks and lowering the number of parameters. By comparing GRU and
MSPTAN, we find that the number of parameters is similar, but the former ignores the
spatial dependence and the intrinsic propagation mechanism of the epidemic, which
can only be used for temporal forecasting of a single patch, while the latter perfectly
solves the above problems and provides stable and accurate forecasting for different
trends. Although the recurrent structure of MPSTAN involves high time costs in the
iterative computation of domain models, the overall training time remains acceptable for
epidemic forecasting.

Table 6. Comparison of model complexity at T = 5 days on the US dataset.

Neural Network Parameters Training Time Consumption

GRU 32K 108 s

GraphWaveNet 270K 122's

STGODE 456 K 328s

CovidGNN 119K 20s

ColaGNN 277K 132s

STAN 949 K 1560 s

PatchTST 6310 K 390 s

Crossformer 14,774 K 1404 s

MPSTAN 24K 735s

5. Conclusions

Current spatio—temporal attention network models are primarily designed for traffic
flow forecasting, with relatively fewer efforts being made in epidemic forecasting. Existing
epidemic forecasting models have limitations in integrating domain knowledge, such as
neglecting the mobility of populations between patches or relying on population mobil-
ity data. To overcome these limitations, this paper introduces a metapopulation-based
spatio—temporal attention network (MPSTAN) for epidemic forecasting. The model uses
an adaptive approach to define interactions between patches and applies the constructed
domain model to model construction and the loss function of MPSTAN to better learn the
underlying dynamics of epidemic propagation. Experiments show that MPSTAN outper-
forms other baselines and is more stable on two real datasets with different epidemiological
evolution trends. Additionally, we further analyze the effectiveness of incorporating do-
main knowledge and find that it improves the accuracy of forecasting in the learning
model. Specifically, domain knowledge plays a more critical role in model construction
than loss functions, and applying it to both aspects can provide a better fit to potential
epidemiological dynamics. We also recognize that no single domain knowledge source
can perfectly fit epidemic forecasting in different real-world situations. Instead, we should
select domain knowledge that is more representative based on the actual circumstances to
achieve more accurate forecasting. We also discuss the impact of hyperparameters on the
model, as excessively small or large hyperparameters can lead to underfitting or overfitting,
respectively, so appropriate hyperparameters must be chosen. Finally, we analyze model
complexity and find that compared to all baselines, MPSTAN requires fewer neural network
parameters due to its greater integration of domain knowledge. Although this leads to
high time costs, the overall training time remains acceptable for epidemic forecasting.

Our model achieves state-of-the-art or competitive results in epidemic forecasting
for different epidemic trends, but there are still several aspects where performance can be
improved. Firstly, graph construction has a significant impact on the entire learning model,
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as it affects the propagation of spatial information and the inter-patch interactions of the
physical model. Therefore, a reasonable graph structure is crucial. Currently, we use the
gravity model to construct the graph structure, which relies on prior knowledge, but it may
overlook some potential information, resulting in an incomplete capture of the correct graph
information between patches. In addition, the graph information between patches changes
over time rather than being fixed. Hence, in the future, we will combine potential graph
information to construct a dynamic graph structure to better describe interactive graphs
of epidemics. Meanwhile, this model uses data from infected, recovered, and susceptible
individuals for time-series forecasting, which is often available for epidemic forecasting.
However, the size of undocumented cases is also crucial for prediction. Although these
cases are not recorded by the health department, they may significantly impact the actual
transmission rate of the disease. Therefore, incorporating these undocumented cases into
forecasting could help provide understanding of the complex effects of epidemic spread. In
addition, while our model provides a valuable foundational model, it lacks consideration
of the impacts of non-pharmaceutical interventions and vaccination, which is a limitation
of the model. It is possible to introduce the effects of vaccination, non-pharmaceutical
interventions, and other measures into our model to better capture the potential dynamics
of epidemic spread. Furthermore, in model construction, we currently simply connect
the neural network results with domain knowledge from the physical model without
considering their respective roles or weights, which may also lead to a decrease in accuracy.
Therefore, we will carefully analyze the roles of the neural network and domain knowledge
in epidemic forecasting and explore more effective methods to fuse the information of the
two, such as introducing gating mechanisms to achieve more accurate forecasting.
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