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This paper integrates the Barabasi-Albert network model and the Susceptible-in-
fectious-recovered-susceptible (SIRS) model to explore epidemic spread modeling
in heterogeneous networks. Notwithstanding the simplifying assumptions inherent
in the model and the absence of empirical verification, the proposed approach pro-
vides a theoretical foundation for comprehending multi-scale epidemic transmis-
sion. The Barabasi-Albert subnetworks and SIRS-based simulation method are de-
scribed in detail, and they can be used to create a realistic network environment
for further analysis. Subsequent research endeavors will center on the implementa-
tion of this framework in relation to authentic data and the integration of more in-
tricate elements, such as human behavior and environmental factors.
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Introduction

In the contemporary era of accelerated economic globalization and increasing popu-
lation mobility, the global propagation of infectious diseases has reached a distressingly rapid
pace. Notable examples of this phenomenon include the SARS outbreak of 2002-2003 and the
H1N1 influenza pandemic, which have vividly demonstrated the high vulnerability of popula-
tions with extensive interconnections to novel pathogens [1]. The etiology of diseases is typi-
cally localized in a specific region before rapidly disseminating worldwide, initially affecting
densely populated urban areas and subsequently spreading to peripheral regions [2]. For in-
stance, the cholera epidemic of the 19" century, which originated in India, rapidly disseminat-
ed globally. A parallel can be drawn to the SARS epidemic that emerged in Guangdong Prov-
ince, China, from 2002 to 2003. That epidemic rapidly propagated to major cities such as Bei-
jing and Guangzhou, ultimately impacting 37 countries [3].

Urban areas, characterized by their high population density and extensive network of
inter-city transportation connections, function as pivotal nodes in the disease transmission
network. These urban hubs not only facilitate the rapid local spread of diseases but also serve
as important gateways for the dissemination of diseases to surrounding areas [2, 3]. Conse-
quently, the construction of models and the undertaking of exhaustive research on the propa-
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gation of diseases within such interconnected urban networks is of paramount importance for
global public health.

The utilization of mathematical models in the depiction of epidemic transmission
patterns has a long-standing history [4-6]. The utilization of mathematical models in the field
of epidemiology can be traced back to the 18" century research on smallpox [1]. In the early
20" century, Kermack and McKendrick [2, 7] introduced the SIR model. This model posited a
compartmental perspective on epidemic spread, inspiring the development of derivative mod-
els such as SEIR, SIRS, and SIRV. However, these early models frequently assumed homo-
geneous mixing among individuals, which resulted in the neglect of the complex structures
that exist in real-world social networks [8].

In the domain of modern epidemiology, complex network theory has emerged as a
robust framework for modeling social and biological interactions [9]. The study of complex
networks can be traced back to the seminal work of Erdos and Renyi on random graphs [10].
Subsequently, Watts and Strogatz [11] expanded upon this concept, applying it to small-world
networks. In a similar vein, Barabasi and Albert proposed scale-free networks [12]. The Ba-
rabasi-Albert (BA) network model is particularly pertinent to the field of epidemic modeling.
This is due to the fact that the model contains hubs, which are analogous to the super-spre-
aders observed in real-life epidemic situations [13].

The objective of this paper is to establish a methodological foundation for multicity
epidemic analysis. The text commences with an exposition of the BA network structure, fol-
lowed by a delineation of the SIRS model. The following discussion will elucidate the meth-
odology by which BA subnetworks can be utilized to represent individual urban centers and
the manner in which their interconnections can simulate population mobility between cities.
Furthermore, a simulation method based on the SIRS model will be discussed. It is imperative
to acknowledge the significance of incorporating network heterogeneity in order to accurately
model realistic epidemic dynamics. However, it should be noted that although the proposed
models and methods have certain theoretical significance, the BA network's construction rules
and the SIRS model's assumptions may not fully reflect the complexity of real-world scenari-
o0s. To illustrate, the preferential attachment rule in the BA network may be overly simplistic
in its representation of the complex relationships between cities in reality. Similarly, the SIRS
model may not fully account for all the influencing factors in real-life epidemic situations. Fu-
ture research endeavors must address these limitations to enhance the accuracy and practicali-
ty of the models.

The Brabasi-Albert network

Network structure

The development of the BA network is characterized by an iterative growth process.
The process begins with the formation of a modest initial network comprising m nodes. As
the network evolves, new nodes are added sequentially. The attachment of each newly intro-
duced node to existing nodes is governed by a probability that is directly proportional to the
degree of the existing nodes. This mechanism is known as preferential attachment [12].

Mathematically, this process gives rise to a power-law degree distribution:

P(k) ~ k7

where y > 0. This distribution suggests the coexistence of a small number of high-degree hub
nodes and a large number of low-degree nodes [9, 10]. In the context of epidemiology, these
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hub nodes are of particular significance. It has been posited that these entities may act as su-
per-spreaders, a term used to describe the propagation of a disease from one infected individ-
ual to a disproportionately large number of other nodes within a network [13].

This characteristic distinguishes the BA network from other types of networks
[14-16]. To illustrate, in the context of random networks, the degree distribution typically ex-
hibits a Poisson-like pattern. In such networks, the probability of connection between nodes is
relatively uniform, and the presence of distinct hub nodes is not observed. Conversely, small-
world networks prioritize the minimization of average path lengths between nodes. Although
these networks manifest certain distinctive characteristics with regard to information diffusion
and disease propagation, they do not demonstrate the heavy-tailed degree distribution that is
hallmark of scale-free networks, such as the BA network.

Comparison with other models

Random Networks (Erdos—Renyi). Random networks are predicated on the assump-
tion that the probability of an edge existing between any two nodes is uniform. This simplicity
results in a paucity of hub structures. Consequently, the propagation dynamics of diseases in
random networks differ considerably from those in BA networks. In random networks, the
propagation of an epidemic is more uniformly dispersed, and the impact of individual nodes
on the overall diffusion is comparatively more balanced. Nevertheless, in actual, real-world
scenarios in which the presence of super-spreaders (hub nodes) can significantly influence ep-
idemic development, the random network model may not accurately reflect the true nature of
epidemic spread [10].

Small-World Networks (Watts-Strogatz). The concept of small-world networks is
predicated on the observation that these networks are characterized by short average path
lengths. The consequence of this property is that information or diseases can spread quickly
across the network. However, a distinguishing feature of scale-free networks is the presence
of a heavy-tailed degree distribution, which is absent in this case. This suggests that, in con-
trast to BA networks, there is an absence of dominant hub nodes in small-world networks.
Despite the capacity of small-world networks to elucidate certain phenomena associated with
rapid transmission over brief distances, they may lack the comprehensive capability to entire-
ly justify the function of highly connected nodes in expediting epidemic propagation [11].

Scale-Free Networks (Barabasi-Albert). A distinguishing characteristic of scale-free
networks, such as the BA network, is the presence of highly connected nodes that follow a
power-law distribution. This property is of significant importance in the context of epidemic
spread. In the context of large-scale Bayesian networks, the epidemic threshold frequently ap-
proaches zero. This finding suggests that even a limited number of initial infections has the
potential to trigger a large-scale epidemic, thereby underscoring the rapid and far-reaching na-
ture of disease propagation within such networks [13]. It is imperative to comprehend these
discrepancies to ascertain the most suitable network model when investigating epidemic dy-
namics in various real-world scenarios.

The SIRS model

Model description

The SIRS model is a compartmental model that categorizes individuals within a
population into three distinct states: susceptible, S, infectious, I, and recovered, R. In this
model, the transition of individuals between these states is governed by specific rates.



Luo, Z., et al.: Epidemic Spread Modeling in Heterogeneous Networks ...
902 THERMAL SCIENCE: Year 2026, Vol. 30, No. 2A, pp. 899-906

Susceptible individuals are those who are vulnerable to the disease and can contract
it upon coming into contact with infectious individuals. The rate at which this occurs is denot-
ed as the infection rate . When a susceptible individual interacts with an infectious one, there
is a probability determined by $ that the susceptible individual will become infected.

Infected individuals, on the other hand, are carriers of the disease. They can spread
the infection to susceptible individuals in their vicinity. However, over time, infected individ-
uals recover at a rate a.. Once they recover, they enter the recovered state, R.

An important aspect of the SIRS model is that recovered individuals do not neces-
sarily have lifelong immunity. At a rate y, they can lose their immunity and revert back to the
susceptible state. This feature makes the SIRS model suitable for representing diseases where
immunity wanes over time, such as certain seasonal flu strains.

The dynamics of the SIRS model can be mathematically described by the following
system of differential equations:

ds di dr
—=—pSl+yR, —=pSl-al, —=al-yR 1
o pSl+y o p o Y @)
where S, I, and R are the number of individuals in the susceptible, infectious, and recovered
states, respectively, and t — the time. These equations provide a quantitative way to analyze
how the proportion of individuals in each state changes over time as the epidemic progresses.

Application in epidemnic studies

Temporary immunity. A considerable number of prevalent infectious diseases do not
engender lifelong immunity in those who recover. For instance, the common cold virus can
infect an individual multiple times due to the gradual dissipation of immunity acquired from
prior infections. The SIRS model is an appropriate framework for the analysis of immune-
related transitions. By adjusting the value of the rate y, researchers can model how quickly
immunity is lost and how this affects the overall epidemic dynamics. When set to a relatively
high value, y suggests that individuals who have recovered lose their immunity rapidly, which
results in a larger pool of susceptible individuals over time. This phenomenon potentially in-
creases the likelihood of future outbreaks.

Public health policy. The SIRS model is a valuable tool for policymakers. By ob-
serving the alterations in the infection curve (which represents the number of infectious indi-
viduals over time) under varying values of the infection rate, £, and recovery rate, a, policy-
makers can estimate the effectiveness of various public health interventions. For instance, so-
cial distancing measures aim to reduce the value of the parameter b by minimizing contact be-
tween individuals. The implementation of social distancing is supported by evidence derived
from simulations utilizing the SIRS model, which demonstrate that a substantial decrease in
the parameter S results in a notable flattening of the infection curve. Conversely, vaccination
programs can be modeled by adjusting the rates in the SIRS framework. Vaccination can be
conceptualized as a strategy to diminish the population of susceptible individuals (by transi-
tioning them to a vaccinated, protected state, which can be integrated as an extension of the
SIRS model) or augment the recovery rate, o, if vaccinated individuals exhibit a more expedi-
tious recovery from the disease.

Combined models. The SIRS model can be extended into various variants to incor-
porate additional factors relevant to epidemic spread. For instance, the SEIRS model incorpo-
rates a latent state, E, to account for the period between infection and the onset of infectious-
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ness. This is of particular importance for diseases with a substantial incubation period, such as
the novel coronavirus (SARS-CoV-2). Another extension is the SIRV model, which incorpo-
rates vaccination. In this model, a new category is introduced for vaccinated individuals, and
the model parameters are adjusted to reflect the impact of vaccination on the spread of the
disease. Furthermore, the development of models that incorporate behavioral changes within
the population is a potential avenue for further research. As an epidemic progresses, there is a
possibility that individuals will modify their behavior. This modification may take the form of
a reduction in non-essential travel or an increase in hand-washing frequency. The modeling of
these behavioral changes can be achieved by adjusting the values of f, a, or y in the SIRS
framework. This adjustment allows for a more realistic representation of real-world epidemic
scenarios.

Epidemic simulation method

Creation of Barabasi-Albert subnetworks

In order to accurately simulate a realistic urban system, it is essential to generate
multiple BA subnetworks of varying scales. The process commences with the formation of a
small, connected network comprising m nodes. This initial network serves as the foundation
upon which the larger subnetworks are built.

Subsequently, new nodes are iteratively incorporated into the network. For each new
node addition, a crucial step is executed based on the preferential attachment rule. This rule
stipulates that the probability of a new node connecting to an existing node is directly propor-
tional to the degree of that existing node. In practical terms, nodes with a higher number of
connections (i.e., higher-degree nodes) are more likely to attract new connections. This phe-
nomenon is analogous to real-world scenarios in which well-connected entities, such as large
cities with extensive transportation and social networks, tend to attract a greater number of
new connections or interactions.

The iterative addition of nodes persists until each subnetwork attains the desired
size. The formation of heterogeneous networks is achieved by creating subnetworks with var-
ying numbers of nodes. This heterogeneity is a pivotal element, as it more accurately reflects
the intricacies and variations inherent in actual urban centers. For instance, certain cities may
possess a substantial population and exhibit a high degree of connectivity, while others may
be smaller and less connected. The resulting BA subnetworks can serve as representations of
these differences, thereby providing a more realistic basis for epidemic simulation.

Interconnection of subnetworks

Following the successful creation of the BA subnetworks, the subsequent critical
step involves the interconnection of these networks to simulate the relationships between dis-
parate cities. The interconnection process has been meticulously designed to emulate the au-
thentic interactions that transpire between urban centers in the real world.

For each subnetwork, a node is selected at random. This selected node is then con-
nected to nodes in other subnetworks, following a preferential attachment strategy. In practi-
cal terms, this phenomenon is analogous to the stronger connections that some cities establish
with other cities due to factors such as population flow, economic activities, and cultural ex-
changes. For instance, major economic hubs such as New York and London have extensive
connections with numerous other cities around the world through international flights, trade
routes, and business partnerships.
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This connection method ensures that the resulting comprehensive network captures the
complex relationships between cities. Consequently, it offers an optimal platform for conduct-
ing epidemic simulations. This interconnected network facilitates a more realistic modeling of
the spread of an epidemic, taking into account the potential for disease transmission within a
single city (represented by a subnetwork) and be-
tween different cities (through the connections be-
tween subnetworks). As illustrated in fig. 1, the in-
terconnected network structure can be conceptual-
ized. This visualization facilitates comprehension of
the spatial and structural characteristics of the net-
work, which are imperative for the analysis of epi-
demic spread patterns.

The SIRS model simulation

Within the context of the simulation, a prede-
termined percentage of nodes within the entire net-
work, which is interconnected, are arbitrarily as-
signed as initially infected. These infected nodes
Figure 1. Simulated community network function as th(_e primary origin of the epidemic‘s
of Wuhan propagation within the network. The remaining

nodes are designated as susceptible, indicating their
vulnerability to infection.

At each time step of the simulation, the states of the nodes are updated in accordance
with the rules of the SIRS model. When a susceptible node comes into contact with an infect-
ed node, there is a probability, determined by the infection rate, £, that the susceptible node
will become infected. Conversely, infected nodes exhibit a probability of recovery at each
time step, determined by the recovery rate, a. Upon the recovery of an infected node, it transi-
tions to a recovered state. However, it should be noted that recovered nodes are not necessari-
ly immune for life. According to the specified rate, y, the subjects can undergo a loss of im-
munity and revert to a state of susceptibility.

During the simulation, it is imperative to collect data on the number of nodes in each
state (susceptible, infectious, and recovered) at every time step. This data collection facilitates
a thorough examination of the epidemic's propagation patterns. By observing the temporal
dynamics of infected nodes, researchers can ascertain the epidemic peak, its rate of spread,
and its rate of subsidence. Furthermore, an analysis of the fluctuations in the number of sus-
ceptible and recovered nodes offers insights into the epidemic overall dynamics, including the
development of herd immunity and the potential for future outbreaks. This data-driven ap-
proach facilitates a more profound comprehension of the epidemic and can inform the devel-
opment of effective intervention strategies.

Conclusions

This article has established a substantial foundation for the study of epidemic spread
in heterogeneous networks. Integration of the BA network model and the SIRS model, along
with the refinement of the epidemic simulation method, has yielded a substantial theoretical
framework and a pragmatic approach.

The BA network structural characteristics, including its power-law degree distribu-
tion and the presence of hub nodes, offer a crucial perspective on the rapid spread of diseases
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in a networked population. It has been demonstrated that these hubs, akin to super-spreaders
in the real world, have the capacity to exert a substantial influence on the progression of an
epidemic. Conversely, the SIRS model effectively captures the dynamic states of individuals
within the population, accounting for the loss of immunity over time, a common phenomenon
in many infectious diseases.

The detailed simulation method delineated in this paper facilitates the creation of a
realistic network environment. The generation of BA subnetworks with different scales and
their interconnection based on preferential attachment rules has been demonstrated to mimic
the complexity of real-world urban systems. The SIRS model can be applied to this network
to analyze the factors that affect epidemic spread, such as the initial infection rate, recovery
rate, and the rate of immunity loss.

However, it is imperative to acknowledge the limitations of this study. The BA net-
work model offers a simplified approach to the formation of real-world networks, while the
assumptions inherent in the SIRS model may not fully capture the complexities inherent in ac-
tual epidemic situations. To illustrate, the preferential attachment rule in the BA network may
not take into account all the factors that influence node connections in real-world social or ur-
ban networks. The SIRS model is predicated on the assumption that the constant rates of in-
fection, recovery, and immunity loss accurately represent the complex and time-varying na-
ture of these processes in reality. However, this may not be the case.

Future research endeavors should prioritize the identification of these discrepancies
and seek to develop effective interventions that address these gaps. Firstly, it is imperative to
apply this framework to real-world data. The utilization of authentic epidemiological data,
network connectivity data, and other pertinent information enables the validation and refine-
ment of models, thereby enhancing their accuracy and applicability. Secondly, exploring more
sophisticated models that incorporate additional factors is crucial. Human behavior, including
shifts in social distancing measures over time, and environmental factors, such as weather
conditions that influence virus survival, can exert a substantial influence on the propagation of
epidemics. The incorporation of these factors into the model will result in a more comprehen-
sive understanding of epidemic dynamics and better-informed decision-making in public
health.

In summary, while this study signifies a significant advancement in the comprehen-
sion of epidemic propagation in heterogeneous networks, there is ample opportunity for re-
finement and expansion. By addressing the limitations and expanding the scope of research,
we can enhance our ability to predict and control epidemics more effectively in the future.
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