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SPECIAL TOPIC — Computational programs in complex systems

Impact of message fatigue and individual behavioral responses on
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Health information spreads rapidly, which can effectively control epidemics. However, the swift dissemination of
information also has potential negative impacts, which increasingly attracts attention. Message fatigue refers to the psy-
chological response characterized by feelings of boredom and anxiety that occur after receiving an excessive amount of
similar information. This phenomenon can alter individual behaviors related to epidemic prevention. Additionally, recent
studies indicate that pairwise interactions alone are insufficient to describe complex social transmission processes, and
higher-order structures representing group interactions are crucial. To address this, we develop a novel epidemic model that
investigates the interactions between information, behavioral responses, and epidemics. Our model incorporates the impact
of message fatigue on the entire transmission system. The information layer is modeled using a static simplicial network
to capture group interactions, while the disease layer uses a time-varying network based on activity-driven model with
attractiveness to represent the self-protection behaviors of susceptible individuals and self-isolation behaviors of infected
individuals. We theoretically describe the co-evolution equations using the microscopic Markov chain approach (MMCA)
and get the epidemic threshold. Experimental results show that while the negative impact of message fatigue on epidemic
transmission is limited, it significantly weakens the group interactions depicted by higher-order structures. Individual be-
havioral responses strongly inhibit the epidemic. Our simulations using the Monte Carlo (MC) method demonstrate that
greater intensity in these responses leads to clustering of susceptible individuals in the disease layer. Finally, we apply the
proposed model to real networks to verify its reliability. In summary, our research results enhance the understanding of
the information–epidemic coupling dynamics, and we expect to provide valuable guidance for managing future emerging
epidemics.

Keywords: Monte Carlo simulation, microscopic Markov chain approach, message fatigue, information–
epidemic coupled spreading, simplicial complex
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1. Introduction

Throughout history, infectious diseases have persistently
impacted human societies, posing significant threats to life and
property.[1] Notable examples include the smallpox virus,[2]

the Spanish flu,[3] and the recent corona virus disease 2019
(COVID-19) pandemic.[4] These public health crises have en-
dangered lives and impeded socioeconomic development.[5]

Consequently, understanding disease transmission patterns
and their influencing factors is crucial to mitigating the dam-
age caused by such emergencies. The transmission dynam-
ics of epidemic represent a highly complex system, necessitat-
ing substantial computational efforts to investigate the mecha-
nisms of transmission and the various influencing factors. Nu-
merous studies have identified various factors affecting epi-
demic transmission, such as network topology,[6] specific in-
fection schemes,[7,8] policy interventions,[9] and immuniza-
tion strategies.[10]

Among these, the coupled spreading of information–
epidemics has garnered substantial research interest both do-

mestically and internationally. At first, Funk et al.[11] de-
veloped a mathematical model to explore the impact of in-
formation diffusion on disease transmission, revealing that
disease-related information spreading can reduce disease in-
cidence and sometimes prevent outbreaks entirely. A sub-
stantial body of research indicates that epidemic spreading
and information diffusion are interconnected processes: in-
formation diffusion can curb the spread of epidemic, while
epidemics can drive the dissemination of information. The
multi-layer network framework provides a more comprehen-
sive representation of cooperative transmission systems for
both information and diseases. Consequently, Granell et
al.[12] introduced the unaware–aware–unaware-susceptible–
infected–susceptible (UAU-SIS) model based on multilayer
network theory to discuss the coupling effect of information–
epidemic coupling spreading, determining the epidemic out-
break threshold using the MMC method. Other researchers
have also delved into the interaction between information dif-
fusion and disease transmission from various angles, including
network structure,[13] resource allocation,[14] vaccination,[15]
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attitude tendencies,[16] and mass media.[17]

In previous research on complex networks, interactions
between pairs of nodes have often been assumed to be funda-
mental to the connections between system units. However,
a thorough explanation of many complex systems necessi-
tates further refinement of network system structural model-
ing. Group interactions necessitate improved network system
formulations.[18,19] Some researchers have demonstrated that
higher-order structures, such as simplicial complexes, are ef-
fective frameworks for representing the organization of var-
ious social, biological, and other systems involving interac-
tions among three or more components.[20] Iacopini et al.[21]

initially proposed a complex simplicial model for social con-
tagion to account for interactions among groups of different
sizes. This model integrates both pairwise and group inter-
actions, effectively combining the core elements of simple
and complex contagion processes. The research conducted
by the authors establishes a foundational basis for subsequent
investigations into the propagation dynamics within higher-
order networks. The process of epidemic transmission oc-
curs through the physical contact network, where variations
in contact frequency and contact preferences among individ-
uals significantly influence the dynamics of spread. There-
fore, Wang et al.,[22] within the framework of multilayer net-
works, described the synergistic reinforcement of group inter-
actions through simplicial complex structures on the informa-
tion layer and constructed a temporal network with memory
effects in the disease layer. They found that the synergistic
reinforcement of higher-order interactions helps to inhibit the
epidemic spread. The spatial distribution of the population
and the community structure of the network significantly in-
fluence the coupled spreading dynamics of information dis-
eases. Zhang et al.[23] developed a two-layer metapopulation
network model. The information layer considers individual
self-awareness, neighboring awareness, and group awareness,
while the lower layer handles the spatial dynamics of epidemic
spread. Fan et al.,[24] based on the UAU-SIS model, specifi-
cally used a Gaussian-like threshold model to describe the in-
formation diffusion process. Their study found that threshold
models based on random simplicial networks may still lead to
abrupt changes in epidemic thresholds.

When an epidemic occurs, people adjust their behavior
based on epidemic-related information to mitigate infection
risk, and these individual behavioral changes significantly in-
fluence the spread of the epidemic. Recently, researchers have
begun to focus on the relationship among information, behav-
ior, and epidemics. Wu et al.[25] developed an information–
behavior–epidemic coupling model to study how government
policies influence the co-evolution of information diffusion,
vaccination behavior, and epidemic spreading. Their findings
show that when government policies effectively coordinate
across these areas, infection rates are minimized, resulting in

optimal disease control. Huo et al.[26] examined how individu-
als’ self-awareness and physical fitness influence information–
behavior–epidemic coupling dynamics within a multiplex net-
work environment. They used the threshold model to analyze
how the behavior adoption process affects spreading across
layers and assumed that variations in recognition ability and
physical fitness follow a Gaussian distribution. Nevertheless,
the majority of these studies have primarily concentrated on
the co-evolutionary dynamics of information dissemination
and epidemic spread within static multilayer networks. In re-
ality, both network structures and individual interactions are
subject to temporal changes; the contact relationships among
individuals are not fixed but rather fluctuate over time. Conse-
quently, numerous researchers have commenced utilizing the
temporal network framework within the disease layer to de-
lineate alterations in the physical contact network. For ex-
ample, Pozzana et al.[27] explored disease transmission in an
activity-driven model with attractiveness and discovered that a
negative correlation between activity and attractiveness could
raise the outbreak threshold. Huo et al.[28] proposed a three-
layer coupled model to analyze the dynamic process of offi-
cial information diffusion, protective behavior adoption and
epidemic spreading in multiplex networks, focusing on in-
dividual heterogeneity in behavior adoption patterns. Xu et
al.[29] introduced a multilayer activity-driven network model
with heterogeneous personal edge activation to examine the
impact of varied behaviors. Xie et al.[30] considered power-
law distributions to examine the impact of asymmetric activ-
ity levels on information–epidemic coupling system, revealing
a mapping relationship among partial nodes within the net-
work. Peng et al.[31] developed a highly integrated effective
degree approach to modeling epidemic and awareness spread-
ing processes on multiplex networks coupled with awareness-
dependent adaptive rewiring. This approach keeps track of the
number of nearest neighbors in each state of an individual. In
the aforementioned studies, the evolution of the network and
the propagation process are treated as independent phenom-
ena. However, in real-world scenarios, individuals frequently
modify their behavioral responses in reaction to the spread of
epidemics. Consequently, it is essential to examine the inter-
play between the evolution of network structure and the dy-
namics of propagation in related research.

During the spread of an epidemic, individuals’ accu-
rate comprehension of disease-related information and height-
ened awareness of epidemic prevention can effectively de-
crease their risk of infection and halt further spread of the
epidemic.[32,33] However, the adverse effects of information
dissemination are frequently disregarded, and message fatigue
has started to garner scholarly attention. Message fatigue is
prevalent during the epidemic transmission phase; it is a psy-
chological reaction to repetitive information, typically result-
ing in the avoidance of similar information. This societal
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phenomenon undeniably influences individual behavior and,
consequently, the progression of the epidemic. Koh et al.[34]

were the first to identify that the dissemination of epidemic-
related information during the COVID-19 outbreak could re-
sult in message fatigue. They suggested that individuals, due
to exposure to alarming health news, may experience short-
term anxiety, especially after repeated presentation of such in-
formation, leading to weariness. This phenomenon of mes-
sage fatigue may cause individuals to adopt other unhealthy
behaviors. The phenomenon of message fatigue significantly
contributes to aversion towards social media, resulting in be-
haviors such as social media distancing and the avoidance of
information.[35] Then, Guo et al.[36] examined how informa-
tion irrelevance and overload contribute to social media fatigue
and its link to information avoidance behavior. The study
revealed that social media fatigue may mediate the relation-
ship between information overload and avoidance behavior.
Furthermore, the impact of message fatigue is not limited to
the COVID-19. Walker et al.[37] investigated the acquired
immune deficiency syndrome (AIDS) risk awareness among
South African youth in 2020 and found that the extensive dis-
semination of AIDS-related content has led to increasing in-
difference to health information. Message fatigue can lead to
extreme behaviors and emotional responses, resulting in a fail-
ure to correctly perceive the severity of the epidemic and af-
fecting individual behavioral responses. In the era of informa-
tion globalization, the phenomenon of message fatigue may
be challenging to circumvent. This phenomenon places sig-
nificant pressure on government and societal efforts to control
epidemics. Thus, it is significant to consider message fatigue
in dissemination dynamics models and examine its impact on
the evolution of epidemic transmission.

Inspired by the aforementioned studies, we consider the
factor of message fatigue and propose a new information–
epidemic coupling model (UAF-SIS) based on a two-layer net-
work framework to describe information–epidemic coupling
spreading. Given that online social relationships among users
are generally stable,[38] we construct a higher-order static net-
work in the information layer using a 2-simplicial complex
structure to represent the complex information dissemination
process. Additionally, we account for the heterogeneity of in-
dividual behavioral changes by constructing a disease layer
based on an activity-driven network model with attractiveness
to represent the epidemic spread process. We then use the
microscopic Markov chain approach (MMCA) to character-
ize information–epidemic coupling spreading and get the epi-
demic outbreak threshold. We also perform Monte Carlo (MC)
simulations to model changes in network topology. Finally, we
apply the proposed model to a typical real-world network and
find that the results are consistent with those obtained from ar-
tificial networks, validating the reliability of our model. Our
study yields the following findings.

(i) Self-protective and self-isolation behaviors adopted by
individuals significantly suppress the spread of epidemics.

(ii) Self-protective behavior reduces the average degree of
the disease layer network, increases the number of low-degree
nodes, and decreases the proportion of high-degree nodes.

(iii) Self-protective and self-isolation behaviors lead to
the clustering of susceptible nodes in the disease layer net-
work.

(iv) Message fatigue can, to some extent, hinder the pro-
cess of information dissemination, thus facilitating the spread
of epidemics.

(v) Higher-order interactions of information dissemina-
tion can, to some extent, facilitate the information dissemina-
tion process, thereby inhibiting the spread of epidemics.

The paper is structured as follows: Section 2 details
the dynamics and interaction mechanisms of the information–
epidemic coupling transmission model on higher-order tempo-
ral networks. Section 3 uses the MMCA to analyze the model
and derive an analytical expression for the epidemic threshold.
Section 4 explores the impact of various parameters on epi-
demic spread through simulations on artificial networks, using
the MC method to simulate changes in the disease layer net-
work’s topology. Section 5 applies our model to real-world
networks to verify its reliability. Finally, Section 6 concludes
the study.

2. UAF-SIS model description
We first construct a multi-layer network with two lay-

ers: the upper information layer and the lower disease
layer. Both layers have the same set of nodes but differ-
ent topological structures. The information layer is a 2-
simplicial complex, where epidemic information spreads ac-
cording to the unaware–aware–fatigue (UAF) process, con-
sidering group interactions. Meanwhile, the physical con-
tact layer is modeled as a time-varying network built using
an attractive active-driven model and features a susceptible–
infectious–susceptible (SIS) model. Figure 1 illustrates a sim-
ple schematic of the UAF-SIS model. For simplicity, we
assume that both two-layer networks are undirected and un-
weighted, with a one-to-one correspondence between their
nodes. The model details are described as follows.

First, the information layer network is generated us-
ing a random simplicial complex algorithm, producing 2-
dimensional simplicial complexes. The process involves the
following steps: (i) Start with N nodes. Connect any two nodes
i, j ∈ V with a probability p| ∈ [0,1], resulting in an average
degree of (N− 1)p|. (ii) For any i, j,k ∈ V , add a 2-simplex
(i, j,k) with a probability p∆ ∈ [0,1]. At this stage, each node
has an average of 〈k∆〉 = (N − 1)(N − 2)p∆/2 2-simplices,
which contributes to the node’s degree. This method allows
for generating simplicial complexes with the desired average
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degrees
〈
k|
〉

and 〈k∆〉.
p| =

〈
k|
〉
−2〈k∆〉

(N−1)−2〈k∆〉
,

p∆ =
2〈k∆〉

(N−1)(N−2)
.

(1)

According to the literature,[36] message fatigue anxiety trig-
gered by alarming health news can lead to fatigue after re-
peated exposure to such information. In epidemic research,
message fatigue can lead to individuals becoming less respon-
sive or even resistant to epidemic-related information, which
can affect their epidemic prevention behaviors. In the pro-
posed model, it is assumed that individuals in the aware state
might experience fatigue. This means that when individuals
experience excessive exposure to epidemic information, lead-
ing to reduced sensitivity to the information, message fatigue
may occur. Message fatigue can make people react negatively
to epidemic prevention measures, affecting their ability to en-
gage in effective preventive behaviors.
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Fig. 1. Schematic of the coupled UAF-SIS model. The upper layer is
a static simplicial network, with nodes in three states: gray for unaware
(U), light blue for aware (A), and green for fatigue (F). The lower layer
is a temporal network using an active-driven model with attractiveness,
with nodes in two states: yellow for susceptible (S) and red for infected
(I). Circles represent inactive nodes, and squares represent active nodes.
The parameter m is set to 2.

Therefore, nodes can be categorized into three states in
the upper information layer: (i) unaware (U); (ii) aware (A);
(iii) fatigued (F). The information diffusion process is as fol-
lows: Nodes in the A state are aware of information about
epidemic, and they can diffuse disease-related information to
their neighbors and take preventive measures to prevent being
infected. The nodes in the U state are unaware of the epidemic-
related information, do not disseminate it, and do not adopt
any protective measures. Nodes in the F state are individu-
als who have become fatigued by the epidemic information;
they no longer spread disease-related information but will still

take appropriate preventive behavior. The UAF state transi-
tion diagram is shown in Fig. 1. In the UAF model, nodes in
the U state can transition to the A state through three mech-
anisms: First, if a node is infected, it automatically moves to
the A state. Second, a node i can become aware by interact-
ing with an A state neighbor with probability λ|, representing
edge transmission. Third, due to synergistic reinforcement, if
both of the other nodes in a 2-simplex are in the A state, node
i will be informed with probability λ∆, representing higher-
order transmission.

Additionally, individuals in the A and F states may forget
epidemic-related information with probabilities σA and σF, re-
spectively. Moreover, considering that in the real world, peo-
ple are more likely to experience message fatigue when the
threat of the epidemic is low, and are less likely to become
fatigued when the threat is high, our model reflects this by in-
corporating the following behavior: the aware node may tran-
sition to the fatigue node with probability τ(t). To account for
the impact of the disease’s scale on the transition of A individ-
uals to the F state, we design the following formula:

τ(t) = π
ρ I(t). (2)

Here, π ∈ [0,1] is defined as the modulation factor that regu-
lates the transition of all aware (A state) nodes to fatigued (F
state) nodes. This means that when the epidemic is not active,
ρ I(t), and τ(t) = 1, which indicates that over time, individuals
may perceive the epidemic as posing no threat and quickly be-
come fatigued with the epidemic-related information. Specif-
ically, we assume that individuals infected with the disease
will not forget the epidemic-related information before they
recover.

In real world, many temporal interactions cannot be ex-
plained and encoded through local action mechanisms. For ex-
ample, in social networks, people often interact with influen-
tial users with higher probabilities, reflecting their impact and
popularity. This behavior results from global influences rather
than local mechanisms. Therefore, we introduce an attractive-
ness feature bi for each node, which affects the way that active
nodes choose their interaction partners through global effects.

Our disease layer network is generated using an activity-
driven network model with attractiveness.[39] The essence of
the activity-driven model with attractiveness is to assign each
node two attributes: activity ai and attractiveness bi. The ac-
tivity level ai represents the probability that node i will acti-
vate and form new interactions at each time step, reflecting its
tendency to interact. Conversely, the attractiveness level bi in-
dicates the probability that node i will attract active nodes to
connect with it at each time step. Additionally, during an epi-
demic, infected individuals reduce their activity and attractive-
ness by isolating themselves and taking protective measures.
Therefore, we introduce parameters ω and η to represent the
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factors that adjust the activity and attractiveness of infected in-
dividuals, respectively. These parameters correspond to self-
protection behaviors such as maintaining safe social distances
and self-isolation. The introduction of the behavior change
mechanism into the attractive active-driven model can be de-
scribed as follows:

Step 1 Given the joint probability distribution H( f ,g) ∝

f−γag−γb , (ε ≤ fi ≤ 1,ε ≤ gi ≤ 1), assign the activity potential
fi and attractiveness potential gi to each node i. Each node’s
activity level and attractiveness are represented by ai = ζ fi and
bi = ζ gi, respectively.

Step 2 At each discrete time step t, a node i in state
X ∈ {S, I} becomes active with probability ai,X ∆t and creates
m edges with other nodes in the network Gt . Active nodes con-
nect to target nodes based on their attractiveness b j,X ∆t, with
the probability of choosing one node being proportional to its
attractiveness.

Step 3 Epidemic dynamics occur on the network Gt .
Step 4 At the next time step t +∆t, all edges in the net-

work Gt are removed, and the process returns to Step 2.
We utilize the classical SIS epidemic model to depict the

epidemic spreading in the lower disease layer. For a suscepti-
ble node, its infection rate in the disease layer depends on its
state X in the upper information layer. Specifically, if a node
is in state X ∈ {U,A,F}, the infection rate is β X = βθX (t).
Moreover, an infected state node can recover with a probabil-
ity of µ . Without effective treatments and with limited medi-
cal resources, individuals may increasingly depend on the in-
formation they receive to guide their behaviors and prevent
infection. While existing models often assume constant be-
havioral responses, the reality is more complex, as individual
behaviors can shift with changing information. Therefore, it
is crucial to examine the interplay between information and
behavioral responses. We connect protective behaviors to the
scale of information diffusion and define θX (t) as follows:

θX (t) = 1− (1−σX )
ρA(t), X ∈ {U,A,F}, (3)

where σX ∈ (0,1] represents the strength of the behavioral re-
sponse, indicating how effectively the information influences
behavior. θX (t) is proportional to the global amount of aware-
ness ρA(t). When no information is available ρA(t) = 0,
θX (t) = 0, meaning individuals do not engage in protective
behavior, and the infection rates remain β U = β A = β F = β .
When information is fully diffused ρA(t) = 1, individuals will
engage in protective behavior with probability σX .

3. Analytical results based on MMCA
The microscopic Markov chain is a specific type of

Markov chain model utilized to characterize the behavior and
state transitions of individuals or particles within complex sys-
tems. At the microscopic level, individuals or particles can oc-
cupy various states, and these states may evolve over time. The

microscopic Markov chain delineates the transitions between
these states by establishing the state space and the associated
state transition probabilities. In our model, r|i(t) represents
that node i does not received disease-related information by
its pairwise neighbors Γi. r∆

i (t) means that node i does not
received disease-related information by its 2-simplicial neigh-
bors ∆i. The probabilities qU

i (t), qA
i (t) and qF

i (t) respectively
represent the likelihood that susceptible node i in unaware (U),
aware (A), or fatigued (F) state is not infected by its neighbors.
Thus, based on the proposed UAF-SIS model description, the
formulas are as follows:

r|i(t) = ∏
j∈Γi

[
1−λ|PA

j (t)
]
,

r∆
i (t) = ∏

j,k∈∆i

[
1−λ∆PA

j (t)P
A
k (t)

]
,

ri(t) = r|i(t)r
∆
i (t),

qU
i (t) = ∏

j

{
1−β

m
N

[
ηaib jPI

j(t)+ωa jbiPI
j(t)
]}

,

qA
i (t) = ∏

j

{
1−β [1−θA(t)]

m
N

×
[
ηaib jPI

j(t)+ωa jbiPI
j(t)
]}

,

qF
i (t) = ∏

j

{
1−β [1−θF(t)]

m
N

×
[
ηaib jPI

j(t)+ωa jbiPI
j(t)
]}

.

(4)

Based on the state transition tree in Fig. 2, we can derive
the following UAF-SIS state evolution equations using the
MMCA method:
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Fig. 2. State transition tree of the UAF-SIS model.
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

PUS
i (t +1) = PUS

i (t)ri(t)qU
i (t)+PAS

i (t)δAqU
i (t)

+PFS
i (t)δFqU

i (t)+PAI
i (t)δAµ,

PAS
i (t +1) = PUS

i (t) [1− ri(t)]qA
i (t)+PAS

i (t)(1−δA)

× [1− τ(t)]qA
i (t)+PAI

i (t)(1−δA)µ,

PFS
i (t +1) = PAS

i (t)(1−δA)τ(t)qF
i (t)

+PFS
i (t)(1−δF)qF

i (t)

+PAI
i (t)(1−δA)τ(t)µ,

PAI
i (t +1) = PUS

i (t)ri(t)
[
1−qU

i (t)
]

+PUS
i (t) [1− ri(t)]

[
1−qA

i (t)
]

+PAS
i (t)δA

[
1−qU

i (t)
]

+PAS
i (t) [1−δA] [1− τ(t)]

[
1−qA

i (t)
]

+PAS
i (t) [1−δA]τ(t)

[
1−qF

i (t)
]

+PFS
i (t)δF

[
1−qU

i (t)
]

+PFS
i (t) [1−δF]

[
1−qF

i (t)
]
+PAI

i (t)(1−µ),

(5)

when t→ ∞, the system reaches a steady state, at which point
we can obtain

PUS
i (t +1) = PUS

i (t) = PUS
i ,

PAS
i (t +1) = PAS

i (t) = PAS
i ,

PFS
i (t +1) = PFS

i (t) = PFS
i ,

PAI
i (t +1) = PAI

i (t) = PAI
i ,

(6)

when β approaches the outbreak threshold, the probability of
a node being infected approaches 0. Thus, we can assume
PI

i = εi� 1, and εi > 0. Additionally, PA
i =PAS

i +PAI
i ≈PAS

i P,
and neglecting higher-order terms O(εi), we simplify Eq. (5)
to 

PU
i = PU

i ri +PA
i δA +PF

i δF,

PA
i = PU

i (1− ri)+PA
i (1−δA)(1−αi),

PF
i = PF

i (1−δF)+PA
i (1−δA)αi,

εi = εi(1−µ)+PU
i (1−qU

i )+PA
i (1−qA

i )+PF
i (1−qF

i )

≈ mβ (ηaiϕb +ωbiϕa)
[
1−θAPA

i −θFPF
i
]

= mβ

{
η
[
ai− (1−θAPA

i −θFPF
i )
]

ϕb

+ω
[
bi− (1−θAPA

i −θFPF
i )
]

ϕa

}
, (7)

where Φa =
1
N ∑

N
j=1 a jεi and Φb =

1
N ∑

N
j=1 b jεi. Then, by av-

eraging over all nodes, equation (7) can be further simplified
to

µεi = mβ

{
η
[
〈a〉− (1−θAPA

i −θFPF
i )
]

Φb

+ω
[
〈b〉− (1−θAPA

i −θFPF
i )
]

Φa

}
. (8)

By multiplying both sides of Eq. (8) by ai and taking the aver-
age, we can obtain

µεi = mβ

{
η
[〈

a2〉− (1−θAPA
i −θFPF

i )〈a〉
]

ϕb

+ω
[
〈ab〉− (1−θAPA

i −θFPF
i )〈a〉

]
ϕa

}
. (9)

By multiplying both sides of Eq. (8) by bi and taking the aver-
age, we can obtain

µεi = mβ

{
η
[
〈ab〉− (1−θAPA

i −θFPF
i )〈b〉

]
ϕb

+ω
[〈

b2〉− (1−θAPA
i −θFPF

i )〈b〉
]

ϕa

}
. (10)

Therefore, we can express Eqs. (8)–(10) in matrix form as

H

 εi
ϕa
ϕb

=
µ

mβ

 εi
ϕa
ϕb

 , (11)

where

H =

 0 ω
[
〈b〉− (1−θAPA

i −θFPF
i )
]

η
[
〈a〉− (1−θAPA

i −θFPF
i )
]

0 ω
[
〈ab〉− (1−θAPA

i −θFPF
i )〈a〉

]
η
[〈

a2
〉
− (1−θAPA

i −θFPF
i )〈a〉

]
0 ω

[〈
b2
〉
− (1−θAPA

i −θFPF
i )〈b〉

]
η
[
〈ab〉− (1−θAPA

i −θFPF
i )〈b〉

]
 , (12)

when the network system reaches equilibrium, we have εi
ϕa
ϕb

 6= 0, (13)

when an epidemic breaks out in the network system, the epi-
demic threshold can be determined as the value of βC that
satisfies Eq. (11), such that µ/(mβ ) equals Λmax(H), where
Λmax(H) is the largest eigenvalue of matrix H

βC =
µ

mΛmax(H)
. (14)

Therefore, from Eq. (14), we can conclude that the threshold
is affected by µ , the density of aware nodes ρA and fatigued
nodes ρF. Meanwhile, the network structures of the infor-
mation and disease layers are also very close to the epidemic
threshold according to Eq. (14).

4. Application on artificial networks

In this section, we apply the UAF-SIS model to artifi-
cial networks to examine how different parameters affect the
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spread dynamics. The network consists of N = 500 nodes,
with an initial infection ratio ρAI(0) = 0.1. In the iterative cal-
culations of the micro-Markov chain, the infected nodes can
be represented as ρAI(t) = 1/N ∑i ρAI

i (t). In the information
layer, we apply the random simplicial complex algorithm to
construct a second-order simplicial complex network. The
disease layer is created using an activity-driven model with
attractiveness. In the subsequent experiments, the default pa-
rameter values are set as follows: γa = γb = γ , ζ = 4,

〈
k|
〉
= 8,

〈k∆〉= 3, µ = 0.2, σA = σσF = σ2 = 0.25, δA = δF = 0.6.
In Fig. 3, we illustrate a comparative experiment of the

information diffusion and epidemic spreading processes be-
tween the UAF-SIS and the UAU-SIS model. In Fig. 3, the
blue and orange lines illustrate the information propagation
scale of the classical model and the proposed model, respec-
tively. It is evident that the proposed model accounts for the
influence of message fatigue, resulting in a significant number
of conscious individuals becoming fatigued. Consequently,
the proportion of conscious individuals within the system is
greatly diminished. The green and red lines represent the
scale of epidemic spreading in both models. Individual ac-
tions taken in response to epidemic spreading lead to a sub-
stantial reduction in the scale of epidemic spreading and an
increase in the outbreak threshold. Therefore, taking into ac-
count the message fatigue factor and individual behavioral re-
sponses can help mitigate the scale of information–epidemic
spreading.

0.8

0.8 1.0

0.6

0.6

0.4

0.4

0.2

0.2

0

0

ρ

β

Base model(UAU-SIS)-ρA

Base model(UAU-SIS)-ρI

Proposed model(UAU-SIS)-ρA

Proposed model(UAU-SIS)-ρI

Fig. 3. Comparison of information–epidemic coupled spread in UAU-SIS
model and UAF-SIS model. The blue dashed line represents the epidemic
outbreak threshold. The parameters are set as follows: λ| = 0.2, λ∆ = 0.3,
ω = 0.8, η = 0.6, m = 4.

First, we illustrate in Fig. 4 the impact of the self-
protection factor ω and self-isolation factor η on the final scale
of epidemic spread. The smaller the values of ω and η , the
more pronounced the behavioral changes in infected nodes.
As ω and η increase, the final infection size of the epidemic
grows. A smaller ω implies that infected nodes are less likely
to become active nodes during network construction and are
less likely to establish connections with other individuals, mir-
roring the real scenario where infected nodes actively main-
tain safe social distances. A smaller η indicates that infected

nodes encounter more difficulty in establishing connections
with active susceptible nodes, reflecting the measures taken
by infected nodes to self-isolate and prevent further epidemic
spreading.
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Fig. 4. Effects of self-protection factor ω and self-isolation factor η on
the final infection size at steady state.

Next, we use the Monte Carlo (MC) numerical simu-
lation method to simulate the network changes during the
information–epidemic coupling spreading. MC numerical
simulation method, often referred to as the statistical simu-
lation method, is a stochastic simulation technique grounded
in probability and statistical theory. This method employs ran-
dom numbers, or more frequently, pseudo-random numbers,
to address a variety of computational challenges.

We illustrate the impact of the self-protection factor ω

and self-isolation factor η on the average degree 〈k〉 of the
lower disease layer network in Fig. 5. Infection results in a
decrease in an individual’s activity and attractiveness, signifi-
cantly influencing the network’s structural characteristics. As
depicted in Fig. 5(a), the decrease in the self-isolation factor ω

has a minor effect on the network’s average degree 〈k〉 when
β is samll, as individuals do not change their behavior with-
out infections. However, with an increase in β , the decline
in the disease layer network’s average degree 〈k〉 due to the
self-protection factor η becomes more noticeable. The rise in
infections leads to a decrease in the system’s average activ-
ity, reducing active nodes and consequently lowering the net-
work’s average degree 〈k〉. The higher the infection rate, the
more pronounced the suppressive effect of the self-protection
factor ω on the average degree. In Fig. 5(b), the increase in
the self-isolation factor η does not impact the network’s av-
erage degree 〈k〉. The alteration in the average degree solely
relies on the average activity level and the contact capability
of active nodes, aligning with the findings in Ref. [27].

We will explore the impact of ω and η on the network
edges in Fig. 6. When β is small, the impacts of ω and η on
network edges are minimal because, in the absence of infected
individuals, individuals do not alter their behavior. However,
as β increases, the number of infected individuals in the net-
work rises. Two behaviors can lead to a decrease in the average
activity level and average attractiveness level in spreading sys-
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tem, causing active susceptible nodes to be more likely to in-
teract with other susceptible individuals, increasing the edges
between susceptible nodes and resulting in clustering of sus-

ceptible nodes. Additionally, as the infection rate β increases,
the impact of ω and η on the disease layer network edges be-
comes more pronounced.
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Fig. 5. The effects of (a) the self-protection factor ω and (b) self-isolation factor η on the average degree 〈k〉 of the disease layer network at steady state.
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Fig. 6. The effects of (a), (c) the self-protection factor ω and (b), (d) self-isolation factor η on the edges of the disease layer network at steady state.

Additionally, in Fig. 7, we discuss the impact of ω and
η on the evolution of the cumulative degree distribution in the
temporal disease layer network. We examine the effects of ω

and η by comparing the cumulative degree distribution of the
network at the initial time with that at the final time. When
ω and η are small, the response behavior of infected individ-

uals is relatively strong in the comparison between Figs. 7(a)
and 7(i). At equilibrium, the network has more small-degree
nodes and fewer large-degree nodes, resulting in a decrease in
the overall average degree of the network, which is consistent
with the conclusion of Fig. 5(a). In Figs. 7(a)–7(c), with a
fixed self-protection factor ω , as the self-isolation factor η in-
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creases, the cumulative degree distribution of the disease layer
network changes only slightly. However, in Figs. 7(a), 7(d),
and 7(g), with a fixed η , as ω increases, the cumulative degree
distributions of the network at the initial time and the final time

become increasingly similar. Therefore, the self-protection
factor ω significantly influences the evolution of the network’s
cumulative degree distribution, whereas the self-isolation fac-
tor η has a smaller impact.
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Fig. 7. The impact of the self-protection factor ω and self-isolation factor η on the degree distribution of the time-varying disease layer network.
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Fig. 8. The impact of message fatigue factor π on the final infection size
at steady state.

Next, we discuss the impact of message fatigue on dis-
ease spreading in Fig. 8. The dashed blue line represents the
threshold for an epidemic outbreak. In the inset, we have en-
larged the curve depicting the changes in the final epidemic
size for β ranging from 0.2 to 0.4 to emphasize the impact of
the information fatigue factor π . As the message fatigue factor
increases, the steady-state magnitude of the epidemic spread
expands. This is due to a higher message fatigue factor π ac-
celerating the rate at which conscious nodes are fatigued by the
information, diminishing their response intensity and conse-

quently heightening the risk of individual infection. Moreover,
taking into account the effect of epidemic scale on message
fatigue, when β is samll, the influence of message fatigue on
the epidemic becomes more pronounced. At this juncture, the
epidemic scale is smaller, and individuals are more susceptible
to experiencing fatigue from health information. Conversely,
when β is large and the epidemic spreading reaches a larger
scale, individuals in such a perilous scenario do not encounter
fatigue from health information, resulting in a minimal impact
of message fatigue under high infection rates.

In Fig. 9, we examine the effects of information spread
rate λ|, λ∆, with β on the final infection size ρ I. Clearly, when
λ| and λ∆ are fixed, the final infection size ρ I increases with β .
Additionally, increases in both the information spread rate λ|
and λ∆ lead to a decrease in the final infection size ρ I , though
high-order information spread rates λ∆ have much less impact
on the final infection size ρ I compared to lower-order rates.
For example, when β = 0.5 and λ| = [0.25,0.5,0.75], the final
infection size ρ I = [0.0818,0.0705,0.0668] in Fig. 9(a). How-
ever, when both β = 0.5 and λ∆ = [0.25,0.5,0.75], the final in-
fection size ρ I = [0.1038,0.1008,0.0962] in Fig. 9(b). Clearly,
the epidemic’s spread size increases with β and decreases with
increases in λ| and λ∆. Thus, enhancing the disease-related
information spreading can, to some extent, help suppress the
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epidemic spreading.
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Fig. 9. Final infection scale at steady state with variations in information
transmission rate λ|, λ∆ and infection rate β .
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Fig. 10. The effects of node activity heterogeneity γ and the contact abil-
ity of active nodes m on the final infection size at steady state.

Finally, we examine the impact of node activity hetero-
geneity γ and the contact ability of active nodes m on the fi-
nal infection size of the epidemic, as shown in Fig. 10. In
Fig. 10(a), as the node activity heterogeneity γ increases, the
final infection size decreases. This is because lower node ac-
tivity heterogeneity implies the presence of highly active and
attractive nodes in the disease layer network, which frequently
establish connections and facilitate epidemic spread. There-
fore, increasing node activity heterogeneity effectively inhibits
the epidemic spreading. In Fig. 10(b), as the contact abil-
ity of active nodes m increases, the final infection size ex-
pands. Clearly, an increase in node contact ability results in
more edges, increasing the probability of infected individuals
connecting with susceptible nodes and thereby expanding the
scale of epidemic spread.

5. Application on real networks
In this section, we apply the proposed framework to real-

world networks to validate its applicability. Simulating the
coevolution of disease and information using both physical
contact and social network data offers a more realistic ap-
proach. However, acquiring data from both virtual and phys-
ical networks is challenging, as linking individual awareness
and connections across these spaces is difficult. Real world
data connecting virtual social networks to physical contact
networks is scarce, so we opted for a representative dataset:
the face-to-face contact network from the “Infectious Dis-
ease: Keep Away” exhibition held at the Science Gallery in
Dublin in 2009.[40] This dataset includes N = 410 nodes and
17298 time-varying edges representing the interactions lasting
at least 20 seconds. We use this dataset as the disease layer
and as a basis to construct the high-order network for the in-
formation layer.

For the construction of the information layer, interactions
in the face-to-face contact network are measured in 20-s in-
tervals. We first aggregate the real data using a time window
of ∆t = 5 min and compute all the cliques that appear. Since
our study is limited to cases involving D = 2, we need to gen-
erate a simplicial complex consisting of 1- and 2-simplices.
Therefore, we consider all 2- and 3-cliques and weigh them
based on their frequency. Note that while higher-dimensional
cliques are not included in the final simplicial complex, their
sub-cliques with a maximum size of 3 are considered in the
count. We retain 80% of the most frequently occurring sim-
plicial complexes. The constructed information layer network
has N nodes in total. Additionally, the first-order average de-
gree is

〈
k|
〉
= 13.45, and the second-order average degree is

〈k∆〉= 6.75.
To construct the disease layer and characterize individual

activity and attractiveness, we evaluate the activity ai of node i
as the percentage of active connections per unit time. It is de-
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fined as ai = ei,out/∑
N
j e j,out, where ei,out represents the total

active intensity of node i over the entire period. Similarly, at-
tractiveness bi is the proportion of passive contacts per unit
time, calculated as bi = ei,in/∑

N
j e j,in, where ei,in represents

the total passive intensity of node i over the same period.
We analyze the distributions of activity and attractiveness

in the face-to-face contact network data, as shown in Fig. 11.
Real-world networks typically exhibit truncated distributions
for both activity and attractiveness (F(a) and F(b)), which
we fit using a truncated power-law distribution.[41] The fit-
ting results reveal that both activity and attractiveness distri-
butions show relatively low heterogeneity. Figure 11 demon-
strates that the distribution of node activity and attractiveness
aligns well with a truncated power-law distribution. This anal-
ysis suggests that the real-world dataset accurately reflects the
activity characteristics of nodes, making the face-to-face con-
tact network time-series suitable for studying the impact of
information–epidemic coupling spread in real scenarios.

(a) Activity cumulative distribution function (CDF)

(b) Attractiveness cumulative distribution function (CDF)
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Fitted activity CDF F↼a↽
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Fig. 11. Activity and attractiveness distributions of the face-to-face con-
tact network. The blue solid circles represent the real data, and the red
curve indicates the fitting result of the truncated power-law distribution
F(x) = cx−d e−hx. (a) Fitting result of the activity distribution F(a),
c = 0.4126, d = 0.3015, h = 202. (b) Attractiveness distribution F(b),
c = 0.4256, d = 0.1254, h = 301.

Finally, we examine the effects of individual behavioral
responses in the real-world network. In Fig. 12(a), we find
that as the self-protection factor ω decreases, the infection size
ρ I increases. The experimental results indicate that adopting
self-protection measures can effectively suppress the epidemic
spreading, which is consistent with the simulation results in
the synthetic networks from Section 4. In Fig. 12(b), as the
self-isolation factor η decreases, the infection size also ρ I in-
creases. The experimental results show that self-isolation mea-
sures similarly suppress the epidemic spread, corroborating
the findings from the synthetic network simulations in Sec-
tion 4 and demonstrating the effectiveness of our model in
real-world networks.
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Fig. 12. The impact of (a) self-protection factor ω and (b) self-isolation
factor η on epidemic spread in the face-to-face contact network.

6. Conclusion and perspectives
In situations with limited treatment options and scarce

medical resources, individuals obtain information about epi-
demics through social behavior and adopt certain behavioral
responses to prevent being infected, which helps in control-
ling the spread of the disease. Therefore, this paper con-
siders factors such as message fatigue, higher-order interac-
tions, and individual behavioral responses to epidemics. Un-
der a two-layer network framework, a new UAF-SIS model is
proposed to characterize the information–epidemic coupling
spreading. Specifically, the virtual information layer is com-
posed of a 2-simplicial complex structure, where individu-
als not only exchange information through direct interactions
but also through group interactions facilitated by higher-order
structures. Additionally, during the information dissemination
process, individuals often experience fatigue from excessive
information, leading to decreased vigilance towards the epi-
demic.

On the disease layer, an activity-driven model with at-
tractiveness is utilized to describe changes in individual activ-
ity and attractiveness, reflecting various behavioral responses
to the epidemic. Using this approach, we use the MMCA on
the proposed model in order to get the state transition equa-
tions of the entire spread system and derive the epidemic out-
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break threshold analytically. Subsequently, we explore the ef-
fects of different parameters on epidemic spread and utilize
MC method to assess the influence of individual behavioral
responses on the topology of the disease layer network.

The experimental results indicate that higher-order struc-
tures, which describe group reinforcement effects, facili-
tate information diffusion, thereby suppressing the epidemic
spread. Message fatigue partially inhibits the information dis-
semination process, promoting the development of the epi-
demic. Individual self-protection and self-isolation behaviors
help delay the epidemic outbreak and are highly effective in
controlling its spread. Self-protection behaviors increase the
number of low-degree nodes and decrease the proportion of
high-degree nodes, leading to a reduction in the average degree
〈k〉 of the disease layer. Both self-protection and self-isolation
behaviors contribute to the clustering of susceptible nodes in
the disease layer network. Finally, we apply the model to real-
world networks to verify its reliability and applicability.

Our work provides valuable insights for epidemic pre-
vention efforts and offers useful recommendations for gov-
ernments and social groups to develop effective measures for
managing public health emergencies. When disseminating
epidemic-related information, it is crucial to consider individ-
uals’ sensitivity to information to prevent fatigue, which could
otherwise exacerbate the epidemic’s spread. Future work
will focus on the dynamics of information–epidemic coupling
spreading, recognizing that individual behavioral responses
are not static but adapt based on the surrounding infection en-
vironment. Additionally, while we have addressed some fun-
damental real-world features (e.g., contact heterogeneity, indi-
vidual activity, and attractiveness, behavioral changes), other
important aspects such as population age structure and prefer-
ential contacts remain unexplored.

Program availability
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[19] Benson A R, Gleich D F and Leskovec J 2016 Science 353 163
[20] Huang S, Chen J, Li M Y, et al. 2024 Chin. Phys. B 33 030205
[21] Iacopini I, Petri G, Barrat A, et al. 2019 Nat. Commun. 10 2485
[22] Wang H, Zhang H F, Zhu P C, et al. 2022 Chaos 32 083110
[23] Zhang K, Hong X, Han Y, et al. 2024 Chaos, Solitons & Fractals 180

114490
[24] Fan J, Zhao D, Xia C, et al. 2022 Chaos 32 113115
[25] Wu B and Huo L 2024 Chaos, Solitons & Fractals 180 114522
[26] Huo L A and Yu Y 2023 Chaos, Solitons & Fractals 169 113229
[27] Pozzana I, Sun K and Perra N 2017 Phys. Rev. E 96 042310
[28] Huo L A and Yu Y 2023 Chin. Phys. B 32 108703
[29] Xu H, Xie W and Han D 2023 Chaos 33 013110
[30] Xie X X, Huo L A, Dong Y F, et al. 2024 Chin. Phys. B 33 038704
[31] Peng X L and Zhang Y D 2021 Chin. Phys. B 30 058901
[32] Huo L, Liu B and Zhao X 2024 Chin. Phys. B 33 128903
[33] Feng M, Liu L, Chen J, et al. 2024 Chaos, Solitons & Fractals 183

114858
[34] Koh P, Chan L L and Tan E K 2020 Arch. Med. Res. 51 716
[35] Liu H, Liu W, Yoganathan V, et al. 2021 Technol. Forecast. Soc.

Change. 166 120600
[36] Guo Y, Lu Z, Kuang H, et al. 2020 Int. J. Inf. Manage. 52 102067
[37] Walker G R 2022 AIDS Edu. Prev. 34 17
[38] Jhun B, Jo M and Kahng B 2019 J. Stat. Mech. 2019 123207
[39] Alessandretti L, Sun K, Baronchelli A, et al. 2017 Phys. Rev. E 95

052318
[40] Panzarasa P, Opsahl T and Carley K M 2009 J. Am. Soc. Inf. Sci. 60

911
[41] Clauset A, Shalizi C R and Newman M E J 2009 SIAM Rev. 51 661

038703-12

https://doi.org/10.57760/sciencedb.17567
http://dx.doi.org/10.1038/nature06536
http://dx.doi.org/10.1016/j.lpm.2022.104117
http://dx.doi.org/10.1016/j.lpm.2022.104127
http://dx.doi.org/10.1016/j.jadr.2023.100479
http://dx.doi.org/10.1038/s41591-020-1038-6
http://dx.doi.org/10.1137/S003614450342480
http://dx.doi.org/10.1103/PhysRevE.65.036104
http://dx.doi.org/10.1088/1674-1056/ad757b
http://dx.doi.org/10.1007/s11071-023-08581-w
http://dx.doi.org/10.1093/nsr/nwaa229
http://dx.doi.org/10.1016/j.jtbi.2010.02.032
http://dx.doi.org/10.1103/PhysRevLett.111.128701
http://dx.doi.org/10.1016/j.chaos.2024.114586
http://dx.doi.org/10.1016/j.chaos.2022.112734
http://dx.doi.org/10.1016/j.chaos.2022.112734
http://dx.doi.org/10.1109/TCYB.6221036
http://dx.doi.org/10.1016/j.ins.2018.08.050
http://dx.doi.org/10.3390/e26030248
http://dx.doi.org/10.1126/science.aad9029
http://dx.doi.org/10.1088/1674-1056/ad147f
http://dx.doi.org/10.1038/s41467-019-10431-6
http://dx.doi.org/10.1063/5.0099183
http://dx.doi.org/10.1016/j.chaos.2024.114490
http://dx.doi.org/10.1016/j.chaos.2024.114490
http://dx.doi.org/10.1063/5.0125873
http://dx.doi.org/10.1016/j.chaos.2024.114522
http://dx.doi.org/10.1016/j.chaos.2023.113229
http://dx.doi.org/10.1103/PhysRevE.96.042310
http://dx.doi.org/10.1088/1674-1056/acea65
http://dx.doi.org/10.1063/5.0125969
http://dx.doi.org/10.1088/1674-1056/ad1176
http://dx.doi.org/10.1088/1674-1056/abe1ab
http://dx.doi.org/10.1088/1674-1056/ad7df5
http://dx.doi.org/10.1016/j.chaos.2024.114858
http://dx.doi.org/10.1016/j.chaos.2024.114858
http://dx.doi.org/10.1016/j.arcmed.2020.06.014
http://dx.doi.org/10.1016/j.techfore.2021.120600
http://dx.doi.org/10.1016/j.techfore.2021.120600
http://dx.doi.org/10.1016/j.ijinfomgt.2020.102067
http://dx.doi.org/10.1521/aeap.2022.34.1.17
http://dx.doi.org/10.1088/1742-5468/ab5367
http://dx.doi.org/10.1103/PhysRevE.95.052318
http://dx.doi.org/10.1103/PhysRevE.95.052318
http://dx.doi.org/10.1002/asi.v60:5
http://dx.doi.org/10.1002/asi.v60:5
http://dx.doi.org/10.1137/070710111

	1. Introduction
	2. UAF-SIS model description
	3. Analytical results based on MMCA
	4. Application on artificial networks
	5. Application on real networks
	6. Conclusion and perspectives
	References

