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Abstract – Human mobility serves as a fundamental component in shaping the contact net-
works through which infectious diseases propagate during pandemics. It significantly influences
the spatial and temporal patterns of disease transmission among individuals. Traditional epi-
demic models often struggle to capture the complexity of these heterogeneous contact patterns.
In contrast, models incorporating human mobility, which account for the movement of individuals
across regions, offer a detailed perspective on micro-level interactions and their impact on disease
spread. The discussion highlights four types of epidemic models that integrate human mobil-
ity, including compartment models, complex network models, agent-based models and machine
learning models, emphasising their crucial roles in epidemic prediction and control. Additionally,
it provides insights into the broader implications of human mobility on dynamic-modelling and
decision-making within the context of epidemics.
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Introduction. – In line with the definition from WHO,
a disease outbreak occurs when the incidence of a disease
exceeds what is typically expected in a defined community,
geographical area, or season [1]. Outbreaks are sustained
by infectious agents that spread either directly between
people, through exposure to an animal reservoir or en-
vironmental source, or via insect or animal vectors [2].
Figuring out the origins of infectious diseases and moni-
toring their spread among individuals has historically been
challenging [3,4]. Epidemic models, as useful methods
to depict the process of pandemics and reveal the inher-
ent mechanism of epidemic spread, can effectively address
these issues [5,6].

Over the centuries, epidemic modelling began with the
use of mathematical approaches to understand disease
dynamics (e.g., assessing the impact of smallpox vac-
cination) [7], then has since evolved significantly. A
milestone occurred with the development of the SIR
(Susceptible-Infected-Recovered) model [8], which simpli-
fied the complex dynamics of disease spread by cate-
gorizing populations into specific compartments. This
model, along with its variations like SIS (Susceptible-
Infected-Susceptible) and SEIR (Susceptible-Exposed-
Infected-Recovered), has become fundamental in epidemic
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research, particularly in studies of outbreaks like SARS [9],
EBOV [10], and coronavirus disease [2]. The widespread
occurrence of epidemics has often coincided with peri-
ods of increased human mobility, such as during World
Wars and large-scale migrations, as well as advances in
the transportation technology. The growing speed and fre-
quency of human movement, facilitated by modern trans-
portation systems, have further amplified the risk of rapid,
large-scale disease transmission [11]. Traditional epidemic
models that do not account for human mobility struggle to
capture the complex, large-scale, and heterogeneous trans-
mission patterns observed across space and time [12].

Taking into account the roles of local healthcare sys-
tems, vaccination rates, and socio-economic variables, pre-
vious studies have shown that human mobility data is
a more effective predictor of epidemic transmission than
traditional indicators like search indices [13], population
size [14], or city GDP [15]. For example, different human
mobility patterns (e.g., short ties, long ties, strong ties,
and strong long ties, as shown in fig. 1 exhibit different
kinds of influence on the spread of the COVID-19 pan-
demic [16]. Beyond COVID-19, H1N1 [17], cholera [18],
dengue [19], MPOX [20], and Ebola [21] have also demon-
strated the significance of mobility patterns in shaping
infection dynamics. Accurately measuring and leveraging
mobility data has become increasingly critical as human
mobility behaviours significantly influence the rate and
extent of epidemic spread. Fortunately, developments in
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Fig. 1: The distribution of different human mobility patterns with Moran’s indices η. The linewidth represents the strength of
the connection [16].

modern tracking technologies have greatly enhanced the
precision, comprehensiveness, and real-time observations
of human movement, leading to substantial improvements
in human mobility data collection [22].

This review aims to explore the effective incorpora-
tion of human mobility information into risk assessment
and epidemic modelling. Specifically, we examine widely
adopted epidemic models that incorporate human mobility
and introduce four distinct types of models: compartment
models, complex network models, agent-based models,
and machine learning models. By leveraging mobility
data, these models accurately and promptly capture the
dynamics of epidemic spread, thereby enhancing predic-
tion accuracy and supporting targeted control strategies.

Compartment models. – Compartment models are
mathematical frameworks that divide a population into
groups based on individual states to simulate and predict
the spread of epidemics [2,12,23]. These models assume
people mix homogeneously, i.e., that each individual in
the population has an equal chance of interacting with oth-
ers, as exemplified by the SI, SIS, SIR, SEIR, and SEIRS
(Susceptible, Exposed, Infected, and Recovered) models.
Hitherto, the compartment models are among the most
prevalent mathematical frameworks utilized for epidemic
modelling [24]. However, the assumption of homogeneous
mixing does not accurately represent real-world situations.
Human mobility exhibits strong heterogeneity for both
the number and types of contacts, making it impossible
for individuals to engage in uniform contact across pop-
ulations [25]. To account for mobility, researchers often
use metapopulation models, where each population with

specific attributes is treated as a separate compartment,
and movement between these compartments is modelled
explicitly [26,27].

Considering the exposure and contamination rate, a
metapopulation SIR model that integrates human mobil-
ity can be defined as follows [28]:

dSi

dt
= μ(Hi − Si) − Fi(t)Si + ρRi,

dIi
dt

= Fi(t)Si − (γ + μ+ α)li, (1)

dRi

dt
= γIi − (ρ+ μ)Ri,

where Si(t), Ii(t), and Ri(t) represent the number of
susceptible, infected, and recovered individuals at node
i over time. The parameter Hi denotes the population
size at node i, while μ represents the natural mortality
rate. Infected individuals recover at rate γ or die at rates
μ (natural mortality) and α (disease-induced mortality).
Temporary immunity is lost at rate ρ, returning individu-
als to the susceptible pool.

The contact rate Fi(t) (eq. (2)) includes both local inter-
actions and mobility-related transmission, influenced by
the contamination rate β, the half-saturation constant K,
and mobility patterns defined by a connection matrix Qij

(eq. (3)),

Fi(t) = β

⎛
⎜⎜⎝(1 −m)Bi

K +Bi
+
m

n∑
j=1

QijBj

K +Bj

⎞
⎟⎟⎠ . (2)
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The human mobility patterns are defined as an OD
(Origin-Destination) matrix in which individuals leave
their original node (say i) with a probability m, reach
their target location (say j) with a probability Qij , and
then come back to node i.

Qij =
Hie

− dij
D

N∑
k �=i

Hke− dik
D

, (3)

where dij is the shortest-path distance between node i and
j, and D is the deterrence cutoff distance.

Subsequently, Oi(t) is introduced to account for the ef-
fects of the increase in exposure and contamination rate
due to the increased population density [26], which can be
represented by the following:

Oi(t) = exp

(
ω

Hi

N∑
i=1

Mij(t)Hj

)
. (4)

This increase is modelled as an exponential function with
the exponent involving parameter ω and the calibrated hu-
man mobility matrix Mij(t), derived from the base matrix
Qij(t) [26].

While effective for basic epidemic modelling, compart-
ment models face limitations when incorporating human
mobility, as they often assume homogeneous mixing within
compartments and overlook complex interaction patterns
between individuals across different locations. These mod-
els may fail to capture the intricate dynamics of disease
spread facilitated by varying mobility behaviours, social
structures, and high-connectivity hubs, such as transport
centres or densely populated urban areas.

Complex network models. – Compared with com-
partment models, complex network models offer a more
nuanced approach by representing populations as inter-
connected nodes and links, capturing heterogeneous con-
tact patterns and mobility flows. A complex network
model is a mathematical framework that represents in-
dividuals or subpopulations as networks of nodes con-
nected by edges (representing interactions or movements).
Specifically, the transmission dynamics of infectious dis-
eases are normally elucidated through two interconnected
types of complex network models. The first is the mo-
bility network model, with nodes representing subpopula-
tions or distinct geographic locations, and edges denoting
the amount or probabilities of individuals moving between
them [29]. The second is the contact network model, tak-
ing individuals as nodes, and edges as the interaction be-
haviours (contact frequency or rates) which facilitate the
spread of epidemics [30].

Mobility network models leverage OD matrices to anal-
yse and quantify the impact of individuals’ movements
on spatial interactions and population dynamics. For in-
stance, by incorporating human mobility data from airline
networks, such models can predict how an epidemic prop-
agates internationally through air travel connections [31].

These models assume that individuals within the same
area are homogeneously mixed and transition between dis-
ease states based on predefined dynamics. To simplify the
modelling process, the population at each location is as-
sumed to remain stable over time, with disease transmis-
sion occurring primarily within local communities. The
movement of individuals between subpopulations is con-
ceptualised as a diffusion process and can be described
as [32]

dNi

dt
= −

K∑
j=1

fi,jNi +
K∑

j=1

fj,iNj , (5)

where Ni counts the number of individuals currently lo-
cated at location i, and the constant fi,j represents the
rate at which individuals located at i travel to j, where
fi,j = 0 for all i.

Contact network models focus on the design of con-
tact patterns by integrating human mobility with epidemic
spread, providing a finer level of resolution. These micro-
scopic and granular models capture detailed interactions
between individuals, thereby enhancing the accuracy of
infection rate estimations and strengthening predictive ca-
pabilities through the incorporation of precise human mo-
bility data. Regarding the human contact behaviours as
discrete-time Markov processes [33,34], a contact network
model in heterogeneous networks with recurrent mobility
patterns can be modelled as eq. (6). It assumes that in-
fected individuals are uniformly distributed in residence
i and the number of infected neighbours for each node is
kin

i ,
kin

i (p, infected) = kin
i (1 − p)ψi(t). (6)

Similarly, the number of infected neighbours across lo-
cations for individuals in residence i can be calculated as

kout
i (p, infected) =

∑
Kij(1 − p)ψj(t), (7)

where Kij is the average number of edges coming from
individuals in location i to location j.

Both mobility and contact network models are increas-
ingly utilized in epidemiology to understand the intricate
patterns of disease spread, which provide a fine-grained
and non-linear representation of disease spread by ex-
plicitly modelling the contact structure between individ-
uals [35]. Complex network models capture the diverse
and heterogeneous nature of human interactions, provid-
ing deeper insights into the roles of different individuals
and groups in transmitting infectious diseases. However,
these models also present challenges. Accurate modelling
requires detailed data on contact patterns and interac-
tions, which can be challenging. Additionally, complex
network models can be computationally intensive, espe-
cially when dealing with large populations and multiple
layers of interactions. Validating these models is also
tricky due to the dynamic and multi-faceted nature of real-
world contact networks.
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Agent-based models. – Compartmental models sim-
plify human behaviour by assuming uniformity within
compartments or by weakening individual behaviour pat-
terns. These approaches lead to a predominant focus on
global state changes and transitions, often neglect the nu-
anced interactions between individuals. The human mo-
bility behaviour is inherently random, unpredictable, and
diverse. Ignoring individual autonomy, preferences, and
aversions in movements limits the ability of models to
simulate the spread of infectious diseases accurately. In-
complete knowledge of human interactions and mobility
processes hinders the ability to describe disease spread
fully [36]. Agent-based models (ABMs) emphasise the
dynamics of epidemic spreading by focusing on human
behaviours such as movement, staying, and interactions.
This granular approach allows ABMs to capture the com-
plexities of human behaviour and mobility more effectively
than aggregate models, leading to more accurate and re-
alistic predictions of epidemic spreading [37].

ABMs simulate the contact behaviours following spe-
cific ways in a more detailed dimension, and the mobil-
ity patterns determine the likelihood of contact between
agents [38,39]. In general, artificial society models simu-
late interactions between agents based on predefined rules,
focusing on emergent behaviours such as resource allo-
cation, information diffusion, or crowd dynamics. They
are rule-driven and ideal for studying cause-effect rela-
tionships in social systems [40]. Each agent is assigned
a mobility trajectory dictating their daily routines, in-
teractions, and movements between locations. Agents’
decisions to visit public places or stay home will influ-
ence their exposure risk. Population ABMs focus on de-
mographic structures and dynamics, analysing variables
like age, birth rates, and mortality to predict population
trends and evaluate policy impacts [15]. Additionally, this
model also includes an individual profile for each agent,
defining the main social characteristics and health condi-
tions used during interactions [41].

From other perspectives, geographic models integrate
spatial data to examine how location, distance, and move-
ment influence human behaviour, often applied in urban
planning, disaster response, and epidemiology [40]. These
models rely on GIS (Geographic Information System) for
spatial precision and link mobility patterns to environ-
mental constraints [42]. Finally, grid computing serves
as the backbone for large-scale simulations [43], distribut-
ing computational tasks across multiple machines to han-
dle the high demands of complex models like artificial
societies or geographic simulations, making it essential
for scaling up and integrating data-intensive processes.
Together, these ABMs provide a comprehensive toolkit
for analysing and simulating complex human mobility
systems.

Machine learning models. – With advancements in
computational and statistical technologies, machine learn-
ing (ML) methods have been extensively explored and

applied in epidemic modelling. These models can han-
dle large, complex datasets to enhance the predictive and
real-time response capabilities. Interpretable ML models,
such as Bayesian [44] and Autoregressive Integrated Mov-
ing Average (ARIMA) [45], provide clear insights into the
human mobility factors influencing disease transmission.
In contrast, black-box models like Deep Neural Network
(DNN) [46], Graph Neural Network (GNN) [47], and Long
Short-Term Memory (LSTM) [48], perform remarkably
in epidemic prediction tasks with the non-linear function
mechanism. Usually, the non-interpretable models focus
more on the inherent relevant patterns between human
mobility data. Therefore, it usually performs better than
interpretable models in most sub-stream tasks in the con-
text of epidemics. However, how to balance the equilib-
rium between accuracy and interpretability is always the
challenge that scholars have faced for a long time.

Interpretable ML models leverage historical mobility
data embedded in inherent human mobility patterns to
forecast disease outbreaks and assess the impact of inter-
ventions such as vaccination and travel restrictions. The
Bayesian method is used to model the mobility change,
where the prior distribution represents our initial view of
the parameter in the absence of data, and the posterior
distribution combines the observed data and prior infor-
mation to estimate the model’s parameters. By treating
mobility patterns as probabilistic inputs, these models can
assess the likelihood of spreading disease between regions
or populations. For example, a conditional Bayesian spa-
tial modelling framework was proposed to assess perceived
infection risk [44]. Conditional on the selected covariates,
the percentage in mobility is assumed to follow a Beta
distribution:

E[y|x] ∼ B(μ(x), φ), (8)

where x is the set of fixed covariates, given by the se-
lected principal component constructed in PCA (Principal
Component Analysis) and the epidemiological covariate;
φ is the precision parameter of the Beta distribution and
μ(x) is the mean. This integration enables the Bayesian
method to reveal how each covariate affects mobility and,
in turn, disease transmission risk. This probabilistic treat-
ment not only improves the accuracy of identifying trans-
mission pathways and outbreak hotspots but also allows
for quantifying uncertainty, making it a valuable tool for
policy-making.

ARIMA models are time-series forecasting techniques
that capture human mobility data trends, cycles, and sea-
sonality. In the Autoregressive Integrated Moving Aver-
age with Exogenous Inputs (ARIMAX) method, human
mobility data serve as the exogenous input [45]. The
parameters of the ARIMAX model are: p, the number of
autoregressive terms; d, the number of non-seasonal dif-
ferences needed for stationary; q, the number of lagged
forecast errors in the prediction equation; n, the num-
ber of exogenous variables; η, a constant; and, φi, for
i = 1, . . . , p, θj , for j = 1, . . . , q, and ζl, for l = 1, . . . , n.
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Fig. 2: The process of transforming a contact network to embedding vectors for downstream tasks [47,49].

Mathematically, this model can be formulated as

Wt = η +
p∑

i=1

φiWt−i −
q∑

j=1

θjet−j +
n∑

l=1

ζlYl, (9)

where Wt and Wt−i for i = 1, . . . , p, are the predicted
values of the time series; Yl, for l = 1, . . . , n, stands for
the exogenous variables of human mobility; and et−j , for
j = 1, . . . , q, represents the error terms.

Non-interpretable ML models are becoming increasingly
prevalent in epidemic modelling with the development
modern artificial intelligence. A basic neural network
model consists of layers of interconnected neurons, where
each neuron processes information by applying weighted
inputs and a non-linear activation function. These models
are well-suited for handling complex, non-linear problems,
offering powerful tools for understanding and predicting
disease dynamics in ways that traditional ML methods
may struggle to achieve. For example, a DNN (IPSO-
DNN) model is proposed [46] to predict the effect of social
distancing during epidemics, which have been constructed
to evaluate people’s mobility pattern changes. Human mo-
bility data is scaled and split into training and testing
sets, ensuring features are normalized to improve learn-
ing effect, and then the optimized DNN model predicts
the impact of social distancing. This model explains how
keeping appropriate social distancing helps flatten infec-
tious diseases.

The GNNs can receive the graph-structured human mo-
bility data such as the OD matrix and contact matrix,
making them ideal for modelling the interconnectedness
of individuals. A Deep Graph Diffusion Infomax (DGDI)
was proposed to address the problems caused by lim-
ited human mobility data [47]. This model computes
the relevance score between a diffusion and a location
from the micro perspective of mobility modelling. Fig-
ure 2 demonstrates the comprehensive workflow for con-
verting a contact network into embedding vectors, which
are essential for various downstream tasks such as high-
risk area identification, epidemic spreading prediction, and

community intervention control. Another GNN model ad-
dresses the changes in spatiotemporal travel mobility and
community structure detection induced by the pandemic,
which is based on the premise of normalized prepared-
ness [50]. This method integrates graph learning and op-
timization in an end-to-end training process, constructing
dynamic travel networks that uncover shifts in user mo-
bility patterns and explore correlations between different
travel modes. These GNNs capture the spatial and rela-
tional dependences in mobility networks, learning com-
plex patterns of disease spread through interconnected
communities.

LSTMs specifically address the challenges of tempo-
ral dependences in the context of pandemics. This
feature makes LSTM effective for rapidly probing and
quantifying the effects of government interventions (e.g.,
lock-down [22] and re-opening strategies [2]). During
COVID-19, a LSTM model based on graph learning and
optimization was proposed to uncover changes in user mo-
bility patterns [48]. This model was trained on Google
and Uncast mobility data, and the experiment results
suggested that there was a significant trip volume and
connectivity reduction during the pandemic, while post-
pandemic recovery showed a shift towards more polycen-
tric travel patterns. By capturing temporal patterns and
trends in human movement, LSTMs can model the non-
linear relationships between past mobility behaviours and
current infection levels, providing critical insights even
when dealing with complex, time-dependent data.

Conclusion and perspectives. – Human mobility
plays a pivotal role in understanding, predicting, and con-
trolling the spread of epidemics. By leveraging real-time
mobility data, models such as metapopulation models,
complex network models, and agent-based models (ABMs)
provide a more detailed and granular representation of
epidemic transmission dynamics across diverse geograph-
ical regions. Furthermore, advanced machine learning
techniques have revolutionised predictive capabilities
by efficiently processing large-scale human mobility
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datasets, uncovering the underlying mechanisms that
drive epidemic propagation with unprecedented depth and
precision.

The integration of human mobility data into epidemic
models has transitioned from theoretical exploration to
practical necessity for global health security. This ap-
proach offers crucial insights into disease dynamics and
human interactions, bridging the gap between theoretical
models and real-world applications. To fully realize this
potential, future research and development should focus
on several key areas:

1) Advancing high-resolution digital contact tracing.
Digital contact tracing has demonstrated its effectiveness
in the public response to the COVID-19 pandemic by en-
abling rapid identification and isolation of high-risk in-
dividuals. To maximize its utility, challenges related to
data accessibility and privacy must be addressed. Tech-
niques like differential privacy, federated learning, and
multi-source data harmonization can safeguard individual
anonymity while ensuring data reliability, making digital
contact tracing more robust and universally applicable.
Besides, the authorities should consider the data owner-
ship and informed consents to provide legal ways to enact
high-resolution digital contact tracing.

2) Enhancing large-scale computational capacity. The
scalability and predictive power of epidemic models are
directly linked to computational resources. Leveraging
parallel and grid computing, coupled with advanced ar-
tificial intelligence techniques, is essential for handling the
complex datasets generated by human mobility tracking.
Large-scale simulations, powered by these technologies,
can provide critical insights into outbreak scenarios and
identify high-risk areas. Investment in robust computa-
tional infrastructure is therefore paramount.

3) Integrating real-time human mobility into epidemic
models. This integration enables models to dynami-
cally reflect current movement patterns, enhancing their
ability to identify emerging hot spots and evaluate the
effectiveness of intervention strategies. However, incorpo-
rating real-time data presents challenges such as ensuring
data accuracy, managing the high velocity of incoming in-
formation, and maintaining seamless data flow between
mobility sources and epidemiological frameworks. Lever-
aging advanced machine learning techniques and robust
data processing pipelines can address these challenges
by enabling efficient real-time data assimilation, improv-
ing model responsiveness, and ensuring the reliability of
predictions.

4) Establishing open and accessible data repositories.
Establishing open and accessible data repositories is vi-
tal for fostering global collaboration and accelerating
research. These platforms should prioritize transparency,
reproducibility, and equitable access to high-quality hu-
man mobility data. Standardized data formats, clear
metadata documentation, and robust data governance
frameworks are essential for ensuring data interoperability
and facilitating data sharing.

5) Addressing data biases. Human mobility data is sus-
ceptible to various biases stemming from factors such as
demographic representation, data collection methodolo-
gies, and geographic coverage. Robust statistical methods
and rigorous validation techniques are crucial for mitigat-
ing these biases and ensuring model reliability. Specific
statistical approaches should be employed to correct for
sampling bias, measurement error, and other data imper-
fections. Careful consideration of these biases is essential
for generating accurate and reliable model outputs.

6) Translating models into actionable policies. The ul-
timate goal of epidemic modelling is to inform effective
public health interventions. Translating model outputs
into actionable policies requires clear communication and
collaboration between researchers, policymakers, and pub-
lic health officials. Models should be designed to pro-
vide concrete recommendations for interventions such as
targeted lockdowns, resource allocation, and vaccination
campaigns.

By focusing on these key areas, we can unlock the full
potential of human mobility data in epidemic modelling,
leading to more effective strategies for preventing and mit-
igating future outbreaks and strengthening global health
security.
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