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In recent years, the dynamic coupling mechanisms between information dissemination and epidemic transmission
have garnered significant attention. Existing studies predominantly focus on the impact of individual awareness on disease
spread; however, in reality, the factors driving awareness shifts and heterogeneous perceptions of epidemics vary substan-
tially among individuals with different health statuses. Moreover, traditional pairwise interaction networks fail to capture
the complexity of social contagion processes. To address these gaps, this study proposes a three-layer hypernetwork epi-
demic model (mass media layer–information layer–epidemic layer) based on evolutionary hypergraphs, incorporating indi-
vidual heterogeneity and higher-order group interactions. The information layer employs an asthenic awareness–powerful
awareness–asthenic awareness (APA) propagation model to characterize the diffusion of epidemic awareness, integrated
with a perceived pain level metric to quantify dynamic awareness states among infected individuals. The underlying
susceptible–infected–recovered (SIR) model incorporates dual modulation factors that adjust infection and transmission
probabilities based on awareness-dependent behaviors. Model validity is verified through microscopic Markov chain ap-
proach (MMCA) numerical simulations, which identify epidemic thresholds and analyze key parameters. The key findings
reveal that susceptibility and transmission rates are critical factors determining epidemic scale; high-coverage official media
can rapidly disseminate accurate information and curb rumors; controlling pain levels and improving recovery efficiency are
crucial for reducing the infection peak and shortening epidemic duration. This study provides a systematic analytical frame-
work for understanding the interaction mechanisms among mass media, individual cognition, and epidemic transmission in
real-world scenarios.

Keywords: epidemic transmission, information transmission, individual consciousness, multilayer hypernet-
work, microscopic Markov chain
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1. Introduction

In the era of globalization, the outbreak of infectious dis-
eases has become an unprecedented threat to human society.
Pathogens can spread rapidly across countries, causing signif-
icant health, economic and social risks. The COVID-19 pan-
demic that began at the end of 2019 represents the most seri-
ous public health crisis of the 21st century, resulting in a large
number of infections and substantial loss of life worldwide.
How to characterize the dynamics of epidemic spread within
a population has long been a central concern for researchers.
Understanding the epidemiological characteristics related to
outbreak thresholds and transmission scales is crucial for for-
mulating effective prevention and control strategies.

The process of epidemic spread is usually accompanied
by the dissemination of related information, which propa-
gates rapidly through public media,[1–3] thereby reshaping
the public’s perception of the epidemic. Individuals ob-

tain varying amounts of disease-related information from so-
cial media platforms. Such information not only influences
their behavioral decisions but also ultimately affects disease
transmission.[4,5] Understanding and predicting the interac-
tion between online information dissemination and epidemic
spread remains a major challenge in network theory and is of
great significance to the social sciences.

In recent years, multilayer networks have been widely
adopted as the fundamental framework for investigating
the dynamic interaction between information dissemination
and epidemic transmission.[6–8] Granell et al.[9] proposed
the unaware–aware–unaware (UAU) susceptible–infected–
susceptible (SIS) model on multiplex networks and identi-
fied sub-critical points that can be regulated through aware-
ness diffusion. Subsequently, they extended their research
to incorporate self-awareness and media influence, reveal-
ing that the sub-critical points associated with social media
disappeared.[10] Xia et al.[11] investigated the influence of
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mass media on epidemic spreading in two-layer networks and
derived epidemic thresholds associated with the interplay be-
tween transmission dynamics and network topology. Sun et
al.[12] introduced three mechanisms of individual awareness
generation in multiplex networks and demonstrated that en-
hanced self-awareness among infected individuals not only
reduces epidemic prevalence but also elevates the epidemic
threshold.

Previous studies often assumed that all individuals in a
network possess identical attributes; however, in reality, each
individual is unique. Responses vary across different contexts
and health conditions. Therefore, further research is essential
to better understand the impact of individual heterogeneity on
epidemic spreading in multilayer networks.

Fang et al.[13] proposed two opposing viewpoints at
the awareness level, supporting physical distancing and anti-
distancing behaviors, respectively, and found that awareness
enhancement mechanisms help reduce overall epidemic preva-
lence. Han et al.[14] proposed a three-layer network epi-
demic model consisting of a mass media layer, an informa-
tion layer (UA1A2), and an epidemic layer following the SIS
model. Their results showed that increasing the dissemina-
tion of negative information while suppressing positive in-
formation can more effectively control epidemic outbreaks
and spread. Yu et al.[15] proposed a three-layer model to
analyze the co-evolution of information, immunity and epi-
demics. The findings indicated that competition between pos-
itive and negative information can trigger multi-phase tran-
sitions; enhancing positive information cognition and timely
immunization are key to reducing epidemic scale and im-
proving emergency management. Yin et al.[16] developed a
three-layer network model to analyze the collaborative dynam-
ics of information dissemination, vaccination and epidemic
evolution. Through game theory and the Markov method,
they found that controlling the cost of negative information
and improving vaccine efficacy are more effective strategies,
whereas excessive investment is unnecessary. Herd behavior
may exacerbate epidemic spread, providing a new perspec-
tive for understanding transmission dynamics. Meanwhile,
although the awareness–powerful awareness–asthenic aware-
ness (APA)-SIS model proposed by Xu et al.[17] considered
the influence of health status on awareness transformation and
deepened the understanding of multilevel communication dy-
namics, it still had several limitations: it did not incorporate
the role of official media in awareness evolution; it did not
examine the impact of awareness states on infection rates;
it overlooked post-recovery immunity; and it failed to tran-
scend traditional pairwise interaction assumptions, making it
difficult to accurately describe complex information diffusion
processes in social-media-dominated network topologies with

multi-node cooperative propagation.
Hypernetworks, with their multi-node connectivity and

hierarchical nesting characteristics, provide powerful math-
ematical tools for depicting complex real-world propagation
pathways. Wang et al.[18] proposed two evolution mechanisms
for hypernetwork models: hyperedge growth and preferential
hyperedge attachment. In 2018, Guo et al.[19] extended the
evolution process to include three mechanisms: addition of
new nodes, connection of existing nodes and link rewiring. In
2020, Wang et al.[20] constructed a dynamic hypernetwork-
based social network model and demonstrated that the hyper-
degree distribution follows a power-law form. Sun et al.[21]

proposed a susceptible–exposed–infectious–recovered (SEIR)
model of dynamic information transmission in social networks
from a hypernetwork perspective, incorporating both posi-
tive and negative interference effects. By integrating hyper-
network theory with propagation dynamics equations, they
introduced an information disturbance function to formulate
the dynamic equation of information diffusion. Xie et al.[22]

proposed a dual-layer weighted dynamic evolution network
model from a hypernetwork perspective, incorporating a het-
erogeneous rewiring rate proportional to connection strength,
and found that rewiring behavior significantly affects epidemic
control. However, in existing multilayer hypernetwork studies,
infection-related information of infected individuals is often
assumed to be fully known, neglecting the influence of health
status on awareness transformation. In particular, systematic
research is lacking on how to quantitatively characterize the
dynamic feedback between clinical symptoms and risk per-
ception.

Motivated by these gaps, this paper constructs a three-
layer hypernetwork coupling model integrating the mass me-
dia layer, the awareness dissemination layer and the infectious
disease layer, achieving advances in three key dimensions.

First, in terms of structural characterization, the model
captures multidimensional coupling relationships among the
mass media layer, information diffusion layer and infectious
disease layer, overcoming the limitations of traditional dyadic
networks that only describe pairwise interactions. Specifically,
in the mass media layer, individuals’ exposure to official me-
dia information is incorporated and linked to the information
diffusion layer; in the information diffusion layer, the APA
model is adopted to classify individuals into different aware-
ness states, and hyperdegree is used to represent the propor-
tion of neighbors with strong awareness, thereby determining
awareness transition probabilities; for infected individuals, a
suffering degree is introduced to characterize awareness evolu-
tion. In the infectious disease layer, the susceptible–infected–
recovered (SIR) model is employed to describe epidemic dy-
namics, incorporating two regulatory factors that modulate in-
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fection and transmission probabilities; additionally, a normal
distribution is used to represent recovery rates, reflecting nat-
ural variability in individual recovery speeds and enhancing
model realism. Second, regarding the dynamic mechanism, a
“pain–consciousness response function” is defined to quantify
symptom severity of infected individuals as the core regulator
of awareness states. Finally, from an analytical perspective,
a multilayer approximation framework based on microscopic
Markov chain analysis is developed to investigate the influence
of key dynamic parameters on coupled awareness–epidemic
dynamics. This framework fills the research gap in hypernet-
work propagation dynamics driven by health states and pro-
vides a novel theoretical basis for understanding the complex
interactions among media intervention, collective awareness
and disease transmission. The proposed three-layer coupling
model offers an innovative paradigm for exploring epidemic
transmission mechanisms and media effects.

The main contributions of this paper are summarized as
follows:

(i) A M-APA-SIR three-layer hypernetwork propagation
model is proposed, incorporating the influence of mass media
on awareness states during infectious disease transmission. In-
dividuals with different awareness states experience different
infection risks.

(ii) Considering the interaction between the transmission
rate of infected individuals and the infection susceptibility
of susceptible individuals facilitates more effective epidemic
control.

(iii) Numerical simulations validate the theoretical results
derived from the Markov chain analysis, further demonstrat-
ing the effectiveness and feasibility of the proposed model and
providing reliable strategies for epidemic control.

The remainder of this paper is organized as follows. In
Section 2, the proposed epidemic transmission model is de-
scribed in detail. In Section 3, microscopic Markov chain ap-
proach (MMCA) is applied to analyze the model and derive
the diffusion threshold. In Section 4, numerical simulations
are conducted for further validation and discussion. Finally,
Section 5 concludes the paper and outlines future research di-
rections.

2. Description of the model
We first introduce the concept of a hypergraph.
Let V = {v1,v2, . . . ,vn} be the finite node set of a hy-

pergraph, and let Ei =
{

vi1,vi2, . . . ,vi j
}
(vik ∈V,k ∈ N+) be

a nonempty subset of V . Denote the hyperedge set as E =

{E1,E2, . . . ,Em}, and define the hypergraph as the binary re-
lation H = (V,E). A hypergraph is a generalization of an or-
dinary graph, in which an edge connects only two vertices;
in contrast, a hyperedge can connect an arbitrary number of

vertices. The concept of hypergraphs was first proposed by
Berge.[23,24] In 2005, Estrada and Rodriguez-Velazquez[25]

stated that any network representable by a hypergraph can be
regarded as a hypernetwork, and provided a definition of hy-
pernetworks based on hypergraphs.

2.1. Dynamic evolution model

In modern society, information dissemination occurs not
only in physical space but also extensively on virtual networks
and digital platforms. The interweaving of virtual and real
communication channels shapes a complex information diffu-
sion network. In virtual space, users exhibit strong autonomy
and randomness: they can join multiple discussion groups si-
multaneously, forward diverse content and even create new
communication hyperedges. Meanwhile, interpersonal con-
tacts in physical settings also influence the scope and pathways
of information dissemination. These two channels comple-
ment each other, forming a dynamically evolving and hetero-
geneous network structure that reflects the multimodal propa-
gation mechanism of information in social systems.

Against this background, constructing a network evolu-
tion model that captures both large-scale virtual dissemina-
tion and real-world interpersonal interactions is of great sig-
nificance. The dynamic evolution process proposed in this
paper simulates real-world information diffusion scenarios by
introducing random growth mechanisms of nodes and hyper-
edges, thereby conforming to the intrinsic characteristics of
information flow in society and providing a theoretical foun-
dation for understanding information dissemination in modern
complex social networks. The specific evolution mechanism
of the model is described as follows.

Considering that individuals with strong social influence
are more likely to attract connections, a super-preferential at-
tachment mechanism, as shown in Eq. (1), is adopted for node
selection. Here, h j (t, ti) denotes the hyperdegree of the jth
node in the ith batch at time t, and ti represents the time at
which the ith batch of nodes enters the network

H j (t, ti) =
h j (t, ti)+1

∑i, j=1 h j (t, ti)
. (1)

The evolution process of the dynamic network is illus-
trated in Fig. 1. The overall procedure can be summarized as
follows:

(I) Initialization. The initial network consists of N0 nodes,
and each initial hyperedge contains N nodes.

(II) Evolution. New batches of nodes arrive according to
a Poisson process N(t) with rate λ ′. At each time step, the
network evolves according to the following rules.

(i) Add a new node batch with probability p.
When a new batch of aN(t) nodes is introduced at time t,

these nodes form hyperedges with bN(t) existing nodes. A to-
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tal of m1 hyperedges are generated, under the constraint that
duplicate hyperedges are not allowed. In the ith batch, the
probability that the jth node is selected follows H j (t, ti).

(ii) Add new hyperedges with probability q.
A node is randomly selected from the network and in-

cluded in newly created hyperedges. The selected node, to-
gether with bN(t) existing nodes, forms a new hyperedge. A to-
tal of m2 hyperedges are constructed, ensuring uniqueness and
non-repetition. The selection follows the hyperdegree prefer-
ential attachment mechanism defined in Eq. (1).

(iii) Reconnect hyperedges with probability r.
A node and one of its associated hyperedges are randomly

selected. The chosen hyperedge is removed, and the node is in-

corporated into a newly formed hyperedge together with bN(t)

reselected existing nodes. This process is repeated m3 times,
ensuring that no duplicate hyperedges are generated. The se-
lection again follows the hyperdegree preferential attachment
mechanism defined in Eq. (1).

(III) Repeat. Step (II) is repeated until the network
reaches a predefined size.

Here, aN(t) and bN(t) are positive integers drawn from
probability density functions f (a) and g(b), respectively, sat-
isfying (a =

∫
a f (a)da < ∞) and

(
b =

∫
bg(b)db < ∞

)
.

The definitions and parameter values used in constructing
the initial social network are listed in Table 1. The dynamic
evolution process of the hypernetwork is illustrated in Fig. 1.

Table 1. Definitions and parameter values of symbols used in the construction of the initial social network.

Descriptions Parameters Value
The number of seed nodes N0 35

The rate of new node batches arrivals λ ′ 2
Probability density function describing the distribution of the number of nodes per batch f (a) uniform distribution on (3,7)

Probability density function describing the distribution of the selected existing nodes g(b) Poisson process with rate 4
Probability of adding new node batches p 0.3
Probability of adding new hyperedges q 0.2

Probability of reconnecting hyperedges r 0.5
The number of new hyperedges formed in process of adding node batches m1 uniform distribution on (8,10)

The number of new hyperedges formed in adding new hyperedges m2 uniform distribution on (8,10)
The number of new hyperedges formed in reconnecting hyperedges m3 uniform distribution on (8,10)

2.2. Three-layer coupled M-APA-SIR model

In this section, we propose a three-layer hypernetwork
as a modeling framework to describe the coupled dynamic
process. This framework more explicitly captures the subtle
differences in how individuals perceive and respond to epi-
demic information, thereby enhancing our understanding of
epidemic transmission associated with awareness dissemina-
tion. As shown in Fig. 1, we assume that each node in one
layer is mapped one-to-one to the corresponding node in the
other layers. That is, the three-layer network shares an iden-
tical node set, while each layer exhibits distinct connectivity
patterns.

As shown in Fig. 1, the first layer represents the disease-
related information network, through which individuals obtain
epidemic updates from mass media. The second layer corre-
sponds to the information dissemination layer, where uncon-
scious individuals are not considered. Due to uncertainties in
information transmission and heterogeneity in individual ac-
ceptance, individuals exhibit different levels of understanding
of epidemic-related information. We classify individuals into
two categories: those with strong awareness and those with
weak awareness. The third layer is the physical contact net-
work of epidemic transmission, referred to as the epidemic
layer, which characterizes the regulatory effects of different

awareness levels on infection and transmission probabilities.

Self-awareness

Fig. 1. Schematic illustration of the multilayer structure in the proposed
M-APA-SIR model. The top layer (mass media layer) represents the
release of official information to the middle layer. The middle virtual
contact network shares the same node set as the physical contact net-
work. The middle layer corresponds to the information dissemination
layer (APA model), and the bottom layer represents the epidemic trans-
mission layer (SIR model).

In the awareness communication layer, individuals can
exist in two states: asthenic awareness (A) and powerful
awareness (P). Asthenic awareness (A) refers to individuals
with a low level of concern about the epidemic, insufficient
cognition and passive behavioral responses. Such individuals
exhibit limited awareness, lack motivation to adopt proactive
preventive measures and tend to passively receive epidemic-
related information. P refers to individuals who pay close
attention to the epidemic and possess a more comprehensive
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understanding of relevant information. These individuals are
inclined to adopt proactive preventive measures, actively seek
information and demonstrate a high level of initiative and pro-
tective behavior in response to the epidemic.

During the process of awareness transformation, individ-
uals in different health states exhibit distinct driving mecha-
nisms for state transitions. Considering that individuals may
also be influenced by conformity effects, we introduce im-
pact factors ω1 and ω2 to characterize the influence of con-
formity on susceptible and recovered individuals, respectively,
in their awareness transition probabilities. Compared with
recovered individuals who have previously experienced in-
fection, susceptible individuals are more likely to be influ-
enced by powerful-awareness neighbors, thereby changing
their awareness state in the communication layer. Therefore,
we assume that weak-awareness susceptible individuals (AS)
and weak-awareness recovered individuals (AR) transition to
strong awareness with probabilities

λ
AS
i = λ

ω1 , λ
AR
i = λ

ω2 , (ω1 < ω2) , (2)

where λ denotes the information acceptance rate. Conversely,
strongly aware susceptible and recovered individuals revert to
the weak-awareness state with probabilities τ1 and τ2, respec-
tively, and we assume that (τ1 < τ2).

Infected individuals tend to pay closer attention to their
physical condition during infection. After receiving epidemic-
related information, weak-awareness infected individuals who
experience severe symptoms are more likely to transition to
strong awareness. Conversely, strongly aware infected indi-
viduals with mild symptoms may reduce their concern and
shift to a weak-awareness state in the communication layer.
To describe this mechanism, we introduce the Heaviside step
function H(x), defined as H(x) = 1 when x > 0 and H(x) = 0
otherwise. A parameter v is introduced to represent the sever-
ity threshold of symptoms. Larger values of v correspond to
more severe symptoms, whereas smaller values indicate mild
symptoms that do not significantly attract attention.

Let i(t) denote the symptom severity of an infected indi-
vidual at time t. When i(t) > v, the perceived pain exceeds
the threshold, increasing the likelihood that a weak-awareness
infected individual transitions to strong awareness. The corre-
sponding transition probability is given by

λ
AI
i = λH [i(t)− v] . (3)

Strong-awareness infected individuals remain in their current
state when symptoms remain severe. Here, i(t) is assumed to
follow a normal distribution, namely G(i(t))∼ N (µ1,δ1).

Official media play a crucial role in the timely release of
epidemic information. Such dissemination increases public at-

tention and enhances risk awareness and preventive conscious-
ness. To model this process, we introduce an official mass me-
dia layer connected to the nodes in the virtual communication
layer, reflecting the regulatory role of authoritative media in
awareness diffusion. Since not all individuals consistently fol-
low news media in reality, we assume that the coverage rate M
of official information is limited and generates random map-
pings between media and nodes in the information dissemi-
nation layer. Let L = (l1, l2, . . . , ln) denote a partial mapping
vector. When official media release accurate information, in-
dividuals in state A who receive the news transition to state
P with probability θ . The transition probability induced by
media exposure is defined as

θi =

{
θ , li = 1,
0, li = 0.

(4)

In the underlying physical contact layer, the SIR model
is employed to describe infectious disease transmission. Indi-
viduals exist in one of three states: susceptible (S), infected
(I) or recovered (R). Susceptible individuals become infected
through contact with infected neighbors with probability β ,
while infected individuals recover with probability γ and tran-
sition to the recovered state.

Individuals with weak awareness tend to adopt fewer pro-
tective behaviors, whereas those with strong awareness are
more likely to implement preventive measures such as mask
wearing, medication use and social distancing. These behav-
iors reduce both susceptibility and transmissibility, thereby
mitigating epidemic spread. Accordingly, we introduce influ-
ence coefficients ϕ1 and ϕ2 (0 < ϕ1,ϕ2 < 1) to quantify the
reduction effects of awareness on infection transmission. For
example, a weak-awareness susceptible individual (AS) may
be infected by a weak-awareness infected individual (AI) or
a strong-awareness infected individual (PI) with probabilities
β AA and β AP, respectively. Similarly, infection probabilities
for a strong-awareness susceptible individual are denoted by
β PA and β PP. The infection rates are defined as

β
AA = αβ , β

AP = αϕ2β , β
PA = ϕ1αβ , β

PP = ϕ1αϕ2β ,

where α represents the probability that a susceptible individ-
ual is biologically susceptible to viral invasion, and β denotes
the transmission probability of an infected individual.

Regarding recovery dynamics, we consider heterogeneity
in individual health conditions and recovery capacities. The
baseline recovery probability γp is assumed to follow a normal
distribution G(γi) ∼ N (µ2,δ2), where µ2 denotes the average
recovery capacity of the population and δ2 represents variabil-
ity across individuals. Since infected individuals with stronger
awareness are more likely to seek timely treatment, we intro-
duce an influence factor ξ (0 < ξ < 1), and define the adjusted
recovery probability as γa = ξ γp.
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3. Model theoretical analysis
Based on the dynamic evolution mechanism of hyper-

networks introduced in Subsection 2.1, this section employs
mean-field theory [26,27] to analyze the hyperdegree distribu-
tion of the hypernetwork model. Assume that h j(t, ti) is a con-
tinuous real variable. The following three dynamic equations
for the hyperdegree can then be derived:

∂h j (t, ti)
∂ t

= pm1bλ
′ h j (t, ti)
∑
i, j

h j (t, ti)
, (5)

∂h j (t, ti)
∂ t

= qm2

 1
N (t)

+b
h j (t, ti)

∑
i, j

h j (t, ti)

 , (6)

∂h j (t, ti)
∂ t

= rm3

− 1
N (t)

+b
h j (t, ti)

∑
i, j

h j (t, ti)

 . (7)

Here, N(t) represents the total number of nodes in the hyper-
network at time t, and it is given by N (t) = paλ ′t.

Combining Eqs. (5)–(7), we obtain

∂h j (t, ti)
∂ t

= pm1bλ
′ h j (t, ti)
∑
i, j

h j (t, ti)

+(qm2 + rm3)b
h j (t, ti)

∑
i, j

h j (t, ti)
+

qm2− rm3

N (t)
. (8)

By Poisson process theory, we have E (N(t)) = pλ ′t. Let

x =
1

pλ ′t ∑
i, j

h j (t, ti), (9)

then we obtain

∂h j (t, ti)
∂ t

= m1b
h j (t, ti)

xt
+(qm2 + rm3)b

h j (t, ti)
xpλ ′t

+
qm2− rm3

pāλ ′t
. (10)

Given the initial condition that a node in the ith batch satis-
fies h j (t, ti) = m1 at its generation time, the solution to this
equation is

h j (t, ti) =

(
m1 +

C
D

)(
t
ti

)D

− C
D
,

j = 1,2,3, . . . ,ai. (11)

Here

C =
qm2− rm3

pāλ ′
, D =

m1b
x

+
(qm2− rm3)b

xpλ ′
,

and x satisfies the equation

x =
1

pλ ′t

∫
g(b) db

∫ [(
m1 +

B
A

)(
t
ti

)A

− B
A

]
dt. (12)

In the virtual communication layer, if there is a link be-
tween nodes vi j and vkl , then ai jkl = 1; otherwise, ai jkl =

0. In the epidemic transmission layer, if there is a link be-
tween nodes vi j and vkl , then bi jkl = 1; otherwise, bi jkl =

0. Here, vi j represents the jth node in the ith batch,
and vkl is defined similarly. Node vi j is in one of the
six states at time t with probabilities PAS

j (t, ti), PPS
j (t, ti),

PAI
j (t, ti), PPI

j (t, ti), PAR
j (t, ti), and PPR

j (t, ti), respectively.
Let Θ AS

j (t, ti), Θ AI
j (t, ti), and Θ AR

j (t, ti) denote the proba-
bilities that weakly – aware individuals in the corresponding
states at node j of the ith batch at time t do not transition
into strongly – aware individuals. Let qAS

j (t, ti) and qPS
j (t, ti)

denote the probabilities that individuals in the corresponding
states at node j of the ith batch at time t avoid infection from
their neighbors. Assuming that the transition probabilities of
each node are independent, we obtain

Θ AS
j (t, ti) = ∏

k
∏
l

[
1−ai jklPP

l (t, tk)ω j(t, ti)λ AS
j (t, ti)

]
,

Θ AI
j (t, ti) = λH[v− i(t)],

Θ AR
j (t, ti) = ∏

k
∏
l

[
1−ai jklPP

l (t, tk)ω j(t, ti)λ AR
j (t, ti)

]
,

qAS
j (t, ti) = ∏

k
∏
l

[
1−bi jklPAI

l (t, tk)ω j (t, ti)β AA
j (t, ti)

]
×
[
1−bi jklPPI

l (t, tk)ω j (t, ti)β AP
j (t, ti)

]
,

qPS
j (t, ti) = ∏

k
∏
l

[
1−bi jklPAI

l (t, tk)ω j (t, ti)β PA
j (t, ti)

]
×
[
1−bi jklPPI

l (t, tk)ω j (t, ti)β PP
j (t, ti)

]
.

(13)

(a)

(b)

(PI)

1-λAI

(PS, PR)
τ1/τ

θi

λY

SA IA RA

SP IP RP

βAA/βAP

βPA/βPP

ξγp

γp

Fig. 2. (a) Represents the probability of consciousness transformation
under different infection states and the influence of mass media; (b) rep-
resents the transformation probabilities of epidemic states under different
states of consciousness.

Considering that individuals with a larger number of
neighbors exhibit higher probabilities of receiving information
and becoming infected, we employ ω j (t, ti) — an indicator
defined based on node hyperdegree — to quantify the relative
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abundance of neighbors for node j. This metric characterizes
the influence of neighbor quantity on the node’s state transition
dynamics. Formally, ω j (t, ti) serves as a hyperdegree-based
measure that captures how neighborhood size modulates the
magnitude of neighbor-induced effects during state evolution

ω j (t, ti) =
h j (t, ti)

Max(h(t))
. (14)

According to Fig. 2(a) and Eq. (14), a state transition probabil-
ity tree is constructed to represent the transition probabilities
among the six possible states, as shown in Fig. 3.



PAS
j (t +1, ti) = PAS

j (t, ti)Θ AS
j (t, ti)(1−θ)qAS

j (t, ti)

+PPS
j (t, ti)τ1 (1−θ)qAS

j (t, ti),

PPS
j (t +1, ti) = PAS

j (t, ti)qPS
j (t, ti)

×
(
1−Θ AS

j (t, ti)+Θ AS
j (t, ti)θ

)
+PPS

j (t, ti)qPS
j (t, ti)

(
1− τ1 + τ1θ

)
,

PAI
j (t +1, ti) = PAS

j (t, ti)Θ AS
j (t, ti)(1−θ)

(
1−qAS

j (t, ti)
)

+PPS
j (t, ti)τ1 (1−θ)

(
1−qAS

j (t, ti)
)

+PAI
j (t, ti)Θ AI

j (t, ti)(1−θ)(1− γa)

+PPI
j (t, ti)Θ AI

j (t, ti)(1−θ)(1− γa),

PPI
j (t +1, ti) = PAS

j (t, ti)(1−qPS
j (t, ti))

×
(
1−Θ AS

j (t, ti)+Θ AS
j (t, ti)θ

)
+PPS

j (t, ti)(1−qPS
j (t, ti))

(
1− τ1 + τ1θ

)
+PAI

j (t, ti)(1− γp)
(
1−Θ AI

j (t, ti)+Θ AI
j (t, ti)θ

)
+PPI

j (t, ti)(1− γp)
(
1−Θ AI

j (t, ti)+Θ AI
j (t, ti)θ

)
,

PAR
j (t +1, ti) = PAI

j (t, ti)Θ AI
j (t, ti)(1−θ)γa

+PPI
j (t, ti)Θ AI

j (t, ti)(1−θ)γa

+PAR
j (t, ti)Θ AR

j (t, ti)(1−θ),

PPR
j (t +1, ti) = PAI

j (t, ti)γp
(
1−Θ AI

j (t, ti)+Θ AI
j (t, ti)θ

)
+PPI

j (t, ti)γp
(
1−Θ AI

j (t, ti)+Θ AI
j (t, ti)θ

)
+PAR

j (t, ti)
(
1−Θ AR

j (t, ti)+Θ AR
j (t, ti)θ

)
+PPR

j (t, ti)
(
1− τ2 + τ2θ

)
.

(15)

The normalization condition

PAS
j (t, ti)+PPS

j (t, ti)+PAI
j (t, ti)+PPI

j (t, ti) (16)

+PAR
j (t, ti)+PPR

j (t, ti)≡ 1, (17)

holds at any time step.
When t is sufficiently large, the probability of any state

for any node reaches a steady state; thus, we have

PAS
j (t +1) = PAS

j (t) = PAS
j ,

PPS
j (t +1) = PPS

j (t) = PPS
j ,

PAI
j (t +1) = PAI

j (t) = PAI
j ,

PPI
j (t +1) = PPI

j (t) = PPI
j ,

PAR
j (t +1) = PAR

j (t) = PAR
j ,

PPR
j (t +1) = PPR

j (t) = PPR
j .

(18)

Here, PAS
i ,PPS

i ,PAI
i ,PPI

i ,PAR
i , and PPR

i represent the probabili-
ties that individual i is in each of the six states when the system
reaches the steady state.

As the infection rate β approaches the outbreak threshold
βc from below, the probability that nodes are infected on the
epidemic spreading network tends to zero. In the steady state,
the proportion of infected individuals in the system approaches
zero, i.e.

PI
i j = εi j� 1. (19)

The two infection probabilities of a node are defined as PAI
i j =

εA
i j and PPI

i j = εP
i j, so that

PI
i j = PAI

i j +PPI
i j = ε

A
i j + ε

P
i j. (20)

From the definition, we obtain

∑
k

∑
l

bi jklεkl = ∑
k

∑
l

bi jklε
A
kl +∑

k
∑

l
bi jklε

P
kl . (21)

Dividing both sides of Eq. (21) by ∑
k

∑
l

bi jklεkl gives

1 =

∑
k

∑
l

bi jklε
A
kl

∑
k

∑
l

bi jklεkl
+

∑
k

∑
l

bi jklε
P
kl

∑
k

∑
l

bi jklεkl
. (22)

Define

fa =

∑
k

∑
l

bi jklε
A
kl

∑
k

∑
l

bi jklεkl
, fp =

∑
k

∑
l

bi jklε
P
kl

∑
k

∑
l

bi jklεkl
. (23)

Neglecting higher-order terms, the last two terms of
Eq. (13) can be approximated as



qAS
j (t, ti) = ∏

k
∏
l

[
1−bi jklPAI

l (t, tk)ω j(t, ti)αβ
]

×
[
1−bi jklPPI

l (t, tk)ω j(t, ti)αϕ1β
]

≈ 1−ηi j( fa +ϕ1 fp),

qPS
j (t, ti) = ∏

k
∏
l

[
1−bi jklPAI

l (t, tk)ω j(t, ti)ϕ2αβ
]

[
1−bi jklPPI

l (t, tk)ω j(t, ti)ϕ2αϕ1β
]

≈ 1−ηi j(ϕ2 fa +ϕ1ϕ2 fp),

(24)

where

ηi j = αβ ω j(t, ti)∑
k

∑
l

bi jklεkl . (25)
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(a) (b)

(c) (d)

(e) (f)

AS

AR AR

AI

AI AI

PS PS

AI

AS

AS AS PS PS PS PS

AS AS PS PSa

a a

p

p p p p

pp

Fig. 3. The transition probability tree for the states of the APA-SIR dynamics in the multiplex networks per time step; each node has six possible
states, including AS, PS, AI, PI, AR, and PR.

Near the steady state, PAI
i j ≈ 0, PPI

i j ≈ 0, so that
qAS

j (t, ti) ≈ 1 and qPS
j (t, ti) ≈ 1. Substituting these approxi-

mations into the first two equations of Eq. (15), we obtain{
PAS

i j = PAS
i j Θ AS(1−θ)+PPS

i j τ1(1−θ),

PPS
i j = PAS

i j (1−Θ AS +Θ ASθ)+PPS
i j (1− τ1 + τ1θ).

(26)

Substituting Eq. (26) into the third and fourth equations
of Eq. (15), the probability that the i-th batch, j-th node is
infected is

εi j = PAS
i j (1−qAS)+PPS

i j (1−qPS)

+εi j
[
1− (1−ξ )(Θ AI−θΘ

AI)γp
]
. (27)

Defining A = (1− ξ )(Θ AI − θΘ AI)γp, Eq. (27) can be
simplified as

Aεi j = PAS
i j (1−qAS)+PPS

i j (1−qPS)

= ηi j
[
PAS

i j ( fa +ϕ1 fp)+PPS
i j (ϕ2 fa +ϕ1ϕ2 fp)

]
. (28)

Summing over all neighbors and rearranging gives

∑
kl

{[
PAS

i j ( fa +ϕ1 fp)+PPS
i j (ϕ2 fa +ϕ1ϕ2 fp)

]
×αω j(t, ti)bi jkl−

A
β

ci jkl

}
εkl = 0, (29)

where ci jkl is the element of the identity matrix, ci jkl = 1 if
i j = kl, and 0 otherwise. Let 𝐹 be the matrix with elements

fi jkl = αω j(t, ti)bi jkl
[
PAS

i j ( fa +ϕ1 fp)

+ PPS
i j (ϕ2 fa +ϕ1ϕ2 fp)

]
. (30)

Then, the epidemic outbreak threshold of the model can be
expressed as

βc =
A

Λmax(𝐹 )
, (31)

where Λmax(𝐹 ) is the largest eigenvalue of 𝐹 .
This relationship indicates that the epidemic outbreak

threshold is closely related to the spread of awareness in the
upper-layer network. Other factors, such as susceptibility,
virus transmission rate, influence factor, mass media conver-
sion rate, and recovery rate γp of strongly aware infectors, also
affect the threshold.

4. Numerical simulation
In this section, we conduct extensive simulations to an-

alyze the proposed M-APA-SIR model, revealing the effects
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of different factors on the coupled dynamic network and vali-
dating the accuracy of the MMCA through Monte Carlo (MC)
simulations. The SIR model adopted in this study assumes
that recovered individuals cannot be reinfected. At the steady
state, the recovered proportion (ρR) represents the total in-
fection proportion, i.e., the final epidemic size. Therefore,
our numerical simulations and analysis primarily focus on the
steady-state value of ρR to investigate the epidemic’s evolu-

tion characteristics.

Using the MMCA framework, we sequentially examine

the impact of various parameters on the proportion of strongly

aware individuals (ρP), recovered individuals in the epidemic

(ρR), and infected individuals (ρ I). The simulation results

confirm the accuracy of the theoretical analysis and provide

insights for effective epidemic control.

Table 2. Hyperetwork parameters for initial settings.

Hypernetwork parameters Parametrization Value

The social layer has a hyperedge to select the number of nodes u1 uniform distribution on (15,25)
Physical contact layer a hyperedge selection node number u2 uniform distribution on (3,25)

Disease pain level v 0.2
The average severity of symptoms experienced by the infected person µ 0.15

The variance of the severity of symptoms experienced by the infected person σ2 0.1
Information acceptance rate λ 0.4

Influence factor of information reception rate under weak awareness state ω1 1
Influence factor of information reception rate under strong awareness state ω2 2

Probability of transition from strong to weak awareness in susceptible individuals τ1 0.2
Probability of transition from strong to weak awareness in recovery individuals τ2 0.1

Official media coverage rate M 0.6
Probability of transitioning to a strong awareness state under the influence of mass media θ 0.2

Susceptibility rate α 0.4
Virus transmission rate β 0.6

The mean recovery rate of highly conscious infected individuals µ1 0.4
The variance of the recovery rate of highly conscious infected individuals σ2

1 0.2

In the simulations, the initial number of nodes N0 in each
layer of the network is set to 35. Following the hypernetwork
evolution process, an initial social network of N = 1000 nodes
is randomly generated. The initial fractions of individuals in
the epidemic and awareness states are set as PP(0) = 0.01 and
PI(0) = 0.01, respectively.

The group unit of information dissemination in each hy-
peredge is modeled as an “information-sharing group” consist-
ing of 15 to 25 individuals, in line with Dunbar’s number[28]

and diffusion theory.[29] This ensures high-frequency interac-
tions, strong potential for diffusion, and close interpersonal
connections. Information within these groups is easily shared
and less likely to be ignored, while heterogeneity among mem-
bers promotes deeper diffusion. Consequently, the number of
nodes per hyperedge in the information propagation layer, de-
noted as µ1, is set to U(15–25).

According to information overload (IO)[30] and bounded
rationality (BR) theories,[31] individuals in modern society are
frequently exposed to excessive or conflicting health informa-
tion, which often leads to reduced information reception via
a “filtering mechanism.” The limited information processing
capacity imposed by BR causes individuals to prioritize infor-
mation related to personal interests (e.g., work, family) while
being selective about health information. Simplifying these
effects of IO and BR, the information acceptance rate is set

to λ = 0.4. The initial values for other model parameters are
summarized in Table 2.[17,22,32,33]
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Fig. 4. Comparison of the simulation results between MC and MMCA for
the M-APA-SIR model, showing the temporal evolution of the proportion
of individuals in each state over time step t.
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First, Fig. 4 illustrates the temporal variations in the pro-
portions of different states over time t, where line graphs rep-
resent the MMCA results and dot plots correspond to MC sim-
ulation outcomes. Figure 4(a) shows the evolution of individ-
uals in the weak awareness state (ρA) and the strong aware-
ness state (ρP) during information dissemination. Figure 4(b)
depicts the changes in the proportions of susceptible (ρS), in-
fected (ρ I), and recovered (ρR) individuals during the spread
of the infectious disease. The figures indicate that the MMCA
results are in close agreement with the MC simulations. There-
fore, all subsequent numerical experiments in this study are
conducted using MMCA for efficiency.

4.1. Impact of influence factors ϕ1 and ϕ2 on the epidemic
size ρR

Figure 5 illustrates the combined effects of susceptibil-
ity α and transmission rate β on epidemic propagation. Here,
α represents an individual’s susceptibility to viral infection,
with higher values indicating greater susceptibility, while β

denotes the probability of infection per contact. The results
show that increases in either parameter lead to a significant rise
in the proportion of infected individuals, facilitating epidemic
spread. Conversely, reducing individual susceptibility or lim-
iting transmission pathways can effectively mitigate epidemic
propagation. The interaction between α and β highlights a
critical threshold at which the dynamics shift from contain-
ment to widespread outbreak, underscoring the importance of
controlling these parameters to suppress epidemic transmis-
sion.

Next, we conducted a detailed analysis of the influence

coefficients ϕ1 and ϕ2, which characterize the effects of con-
sciousness states on susceptibility α and transmission rate β ,
respectively, and their impact on the epidemic size ρR. Here,
ϕ1 represents the reduced probability that susceptible individ-
uals with heightened awareness become infected, whereas ϕ2

indicates the decreased transmission rate among infectious in-
dividuals with heightened awareness.
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Fig. 5. Combined effects of susceptibility rate α and transmission rate
β on epidemic spread. Other parameters are set as follows: τ1 = 0.3,
τ2 = 0.2, M = 0.4, ϕ1 = 0.4, and ϕ2 = 0.4.

As shown in Figs. 6(a)–6(c), increasing ϕ1 from 0.2 to 0.8
significantly accelerates the transition of individuals from the
S state to the R state. The rapid dissemination of epidemic-
related information enhances public attention, prompting indi-
viduals to adopt appropriate preventive measures and partially
suppressing disease spread. This mechanism underscores the
critical role of information propagation during public health
crises and highlights its importance in controlling epidemic
escalation.
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Fig. 6. Relationship between the steady-state proportion of recovered individuals (ρR) and the opinion acceptance rate, as well as the virus
transmission rate, under different magnitudes of influence factors ϕ1 and ϕ2. In (a)–(c), ϕ2 is fixed at 0.5. In (d)–(f), ϕ1 is fixed at 0.2. Other
parameters for all insets are set as: τ1 = 0.3, τ2 = 0.2, and µ1 = 0.8.
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From Figs. 6(d)–6(f), it is also evident that the pa-
rameter ϕ2 has a significant effect on the final epidemic
size. Smaller values of ϕ2 indicate that infectious individu-
als with strong awareness take protective actions, such as self-
isolation, thereby reducing the likelihood of secondary infec-
tions. Consequently, when individuals’ protective behaviors
are strongly influenced by positive information, the collective
advantage in epidemic control becomes pronounced.

Furthermore, as shown in Fig. 6, the impact of the infor-
mation reception parameter λ on the steady-state proportion
of recovered individuals (ρR) gradually diminishes as ϕ1 and
ϕ2 increase. This occurs because a larger proportion of indi-
viduals with a comprehensive understanding of the epidemic
enhances public awareness of preventive measures, reducing
disease transmission and controlling outbreak scale. This phe-
nomenon demonstrates that thorough public understanding of
the epidemic can improve preventive awareness and effec-
tively inhibit virus spread.

These findings suggest that governments should
strengthen information disclosure and science popularization,
providing accurate, timely, and comprehensive epidemic in-
formation to enhance public understanding and response ca-
pability. Encouraging proactive preventive behaviors, dissem-
inating health knowledge through multiple channels, reducing
rumor propagation, and promoting social cooperation collec-
tively contribute to effective epidemic control.

4.2. The influence of epidemic pain degree v

Figure 7 illustrates the combined impact of the virus
transmission rate (β ) and disease pain perception (v) on the
proportion of recovered individuals (ρR). In infectious dis-
ease dynamics, the recovered proportion is closely linked to
the infected proportion, as individuals typically transition to
the recovered state after a period of infection and treatment.
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Fig. 7. Phase diagram showing the density of recovered individuals (ρR)
under varying infection rates (β ) and epidemic pain levels (v). The other
parameters are set as: µ = 0.6, τ1 = 0.3, τ2 = 0.2, and µ1 = 0.8.

From the figure, it is evident that as both β and v increase,
the recovery proportion rises significantly. Specifically, when
β is low (e.g., 0.1–0.3) and v is high (close to 1), ρR can

reach 0.6–0.8. This occurs because highly sensitive individ-
uals (high v) detect symptoms early, adopt effective preventive
measures, and thus promote recovery. In contrast, when v is
low (close to 0), infected individuals are less aware of symp-
toms, resulting in a lower recovery proportion (around 0.2–
0.4), even if the virus transmission rate is modest.

As both β and v increase further, the recovery proportion
improves substantially. When v exceeds 0.4, indicating that in-
dividuals are more sensitive to disease discomfort, ρR may ap-
proach 0.9. This suggests that heightened symptom awareness
transforms into proactive behavior, encouraging individuals to
cooperate with treatment and increasing recovery likelihood.
Moreover, when β > 0.5 (faster transmission) and v is high,
the recovery proportion remains elevated.

These observations highlight the crucial role of individual
perception and cognition of disease in controlling epidemic
spread and promoting recovery.

4.3. The influence of mass media mapping quantity M

Figure 8(a) shows the spatial distribution of public aware-
ness of infectious disease prevention under varying virus trans-
mission rates (β ) and the extent of official media coverage
(M). As β increases, public awareness of disease prevention
gradually strengthens, indicating that higher transmission rates
motivate more attention to infectious diseases, likely due to
information diffusion and heightened social concern. When
β exceeds approximately 0.2, further increases in β have a
diminishing effect on the proportion of strongly aware indi-
viduals (ρP), whereas expanding media coverage continues to
boost awareness. For instance, when media coverage is low
(around 0.2), average public awareness is about 0.76; increas-
ing coverage to nearly 1.0 raises awareness to roughly 0.89,
demonstrating that broader media dissemination can increase
public awareness by approximately 0.13. This highlights the
critical role of official media in enhancing societal awareness
and supporting epidemic mitigation.

Figure 8(b) illustrates the effect of β and M on the recov-
ery proportion (ρR). As β increases, ρR generally rises, re-
flecting more individuals becoming infected and subsequently
recovering. Higher values of M further improve recovery
rates, suggesting that widespread dissemination of official in-
formation promotes public adherence to preventive measures
and treatment guidelines. Conversely, regions with both low β

and low M exhibit lower recovery proportions, indicating that
limited viral spread coupled with insufficient media coverage
hampers effective recovery. These results underscore the im-
portance of managing both viral transmission and the reach of
information campaigns to enhance epidemic control and re-
covery outcomes, providing actionable insights for optimizing
public health interventions.
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Fig. 8. Density of strongly aware individuals and recovered individuals
under varying infection rate (β ) and mass media coverage rate (M) in full
phase diagrams. In (a), the fraction of strongly aware individuals (ρP) is
shown through MMCA analysis as a function of β and M at the station-
ary state on different multiplex networks. In (b), the fraction of recovered
individuals (ρR) is shown through MMCA analysis as a function of β and
M at the stationary state on different multiplex networks. Other parame-
ters for each inset are: τ1 = 0.3, τ2 = 0.2, µ1 = 0.8, θ = 0.6.

4.4. The influence of patient recovery rate µ1 and epidemic
pain degree

Finally, we investigate the effects of different values of µ1

and epidemic pain degree v on the peak infection ratio ρ I and
its steady-state value. The parameter µ1 represents the average
natural recovery rate of highly aware infected individuals.

Figure 9 shows that, regardless of the value of v, higher
values of µ1 result in a smaller final proportion of infected
individuals. When the recovery rate is high (µ1 > 0.4), the
infection ratio ρ I declines rapidly and eventually converges to
zero. This indicates that increasing µ1 enhances the mitigating

effect of highly aware individuals on epidemic spread, thereby
reducing the final outbreak size. This finding underscores the
crucial role of recovery speed in epidemic control: by improv-
ing individuals’ recovery capacity, the transmission chain can
be rapidly interrupted, effectively suppressing disease spread.

From Fig. 9, it is also observed that as v increases from
0.3 to 0.8, the peak infection ratio significantly rises. More-
over, when µ1 = 0.4, the time for the infection proportion to
decline to zero is delayed from around 22 to approximately
26 as v increases. This suggests that higher pain perception
accelerates the transition of individuals from a strongly aware
to a weakened state, and individuals in the weakened state ex-
hibit higher infection rates. Meanwhile, the slower recovery
of weakened infected individuals prolongs their presence in
the high-infection-rate state, delaying the decline of ρ I to zero
and further facilitating epidemic spread.

These results suggest that controlling the level of pain
and improving the overall recovery efficiency of the popula-
tion are crucial strategies for reducing the infection peak and
the duration of the epidemic. The government should adopt
multiple measures: on one hand, alleviate the pain and dis-
comfort of the infected individuals by providing medication
and psychological support, which can slow down the transi-
tion from a strong to a weakened state and reduce the number
of individuals in a weakened state with high infection rates;
on the other hand, increase medical resources, especially reha-
bilitation services, to enhance the overall recovery efficiency
of the population and shorten the duration of time spent in a
high-risk infection state. At the same time, early diagnosis
and timely treatment should be strengthened to help infected
individuals recover as soon as possible, reducing the spread
of the virus. Additionally, strict isolation and prevention mea-
sures should be implemented, especially for those in weakened
states, limiting their contact with others to block the transmis-
sion chain. Public health education should also be enhanced to
raise awareness of preventive measures and advocate for nec-
essary protective actions. By reducing the infection peak and
shortening the duration of the epidemic, effective control of
the epidemic can be achieved.
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5. Conclusion
The outbreak of infectious disease information is usually

accompanied by the rapid spread of the disease, with increas-
ing attention to the epidemic from various sectors of soci-
ety. During this rapid information dissemination, the public’s
awareness and behavior regarding disease prevention will also
respond quickly. Different individuals, based on their health
status, social environment, and the information received, make
corresponding response decisions. This study is based on a
three-layer network epidemic model (public media layer —
information layer — epidemic layer) of hypergraphs, incor-
porating individual heterogeneity and higher-order group in-
teraction effects. The model includes the variation in indi-
vidual awareness influenced by their own health status, and
the changes in individual awareness responses. It also embeds
dual influence factors to regulate the awareness dependency of
infection and transmission probabilities. Subsequently, we an-
alyzed the proposed model using the MMCA theory and vali-
dated the accuracy of MMCA through Monte Carlo numerical
simulations.

Next, we analyze the impact of key dynamic and struc-
tural parameters on the proposed coupled media-awareness-
epidemic dynamics. Previous studies mainly focused on how
the prevention awareness of susceptible individuals affects
their infection probability, but ignored the impact of the pre-
vention awareness of infected individuals on the transmission
rate.[11,15,34] We expanded our analysis to explore the inter-
action among preventive awareness, the transmission ability
of infected individuals, and the sensitivity of susceptible indi-
viduals to the virus. The media coverage rate, a factor often
overlooked in previous studies,[12,22,35,36] was simulated to ex-
amine how these factors affect the scale and duration of the
epidemic. The results indicate that susceptibility and trans-
mission rate are important factors influencing the scale of the
epidemic outbreak. Official media reports with high coverage
timely convey accurate information and effectively curb the
spread of rumors. Controlling the level of pain and improving
the overall recovery efficiency of the population are important
strategies to reduce the infection peak and the duration of the
epidemic.

The research offers meaningful guidance for epidemic
prevention and control, helping individuals to adopt appropri-
ate measures and understand the role of awareness dissemina-
tion in real-world epidemic control scenarios. The limitation
of this study lies in the lack of actual data on information dis-
semination. In addition, there are still differences from the
real model. In the future, data such as climate, transportation,
and business will be combined to improve the model’s predic-
tive ability. Meanwhile, we will conduct in-depth research on
the impact of offline interaction among urban individuals,[37]

community structure, community centers,[38] urban popula-
tion density,[39] and urbanization process[40] on information

and the spread of the epidemic, to enhance the practicality and
predictive level of the model. These will become the key di-
rections in the future.
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