
 

 

 

Dynamics of information diffusion and disease transmission in time-varying multiplex 

networks with asymmetric activity levels 

Xiao-Xiao Xie(谢笑笑), Liang-An Huo(霍良安), Ya-Fang Dong(董雅芳), and Ying-Ying Cheng(程英英) 

Citation:Chin. Phys. B, 2024, 33 (3): 038704.   DOI: 10.1088/1674-1056/ad1176 

Journal homepage: http://cpb.iphy.ac.cn; http://iopscience.iop.org/cpb  

 

What follows is a list of articles you may be interested in  

 

Studying the co-evolution of information diffusion, vaccination behavior and disease 

transmission in multilayer networks with local and global effects 

Liang'an Huo(霍良安) and Bingjie Wu(武兵杰) 

Chin. Phys. B, 2024, 33 (3): 038702.   DOI: 10.1088/1674-1056/ad0114 

Impact of individual behavior adoption heterogeneity on epidemic transmission in 

multiplex networks 

Liang'an Huo(霍良安) and Yue Yu(于跃) 

Chin. Phys. B, 2023, 32 (10): 108703.   DOI: 10.1088/1674-1056/acea65 

Bio-inspired environmental adaptability of swarm active matter 

Yangkai Jin(金阳凯), Gao Wang(王高), Daming Yuan(袁大明), Peilong Wang(王培龙), Jing Wang(王璟), 

Huaicheng Chen(陈怀城), Liyu Liu(刘雳宇), and Xingjie Zan(昝兴杰) 

Chin. Phys. B, 2023, 32 (8): 088703.   DOI: 10.1088/1674-1056/acd688 

Continuous non-autonomous memristive Rulkov model with extreme multistability 

Quan Xu(徐权), Tong Liu(刘通), Cheng-Tao Feng(冯成涛), Han Bao(包涵), Hua-Gan Wu(武花干), and Bo-Cheng 

Bao(包伯成) 

Chin. Phys. B, 2021, 30 (12): 128702.   DOI: 10.1088/1674-1056/ac2f30 

Fitness of others' evaluation effect promotes cooperation in spatial public goods game 

Jian-Wei Wang(王建伟), Rong Wang(王蓉), and Feng-Yuan Yu(于逢源) 

Chin. Phys. B, 2021, 30 (12): 128701.   DOI: 10.1088/1674-1056/ac05ae 

 

-------------------------------------------------------------------------------------------------------------------- 

 

 

https://cpb.iphy.ac.cn/EN/10.1088/1674-1056/ad1176
https://cpb.iphy.ac.cn/EN/10.1088/1674-1056/ad1176
https://doi.org/10.1088/1674-1056/ad1176
http://cpb.iphy.ac.cn/
http://iopscience.iop.org/cpb
https://cpb.iphy.ac.cn/EN/10.1088/1674-1056/ad0114
https://cpb.iphy.ac.cn/EN/10.1088/1674-1056/ad0114
https://doi.org/10.1088/1674-1056/ad0114
https://cpb.iphy.ac.cn/EN/10.1088/1674-1056/acea65
https://cpb.iphy.ac.cn/EN/10.1088/1674-1056/acea65
https://doi.org/10.1088/1674-1056/acea65
https://cpb.iphy.ac.cn/EN/10.1088/1674-1056/acd688
https://doi.org/10.1088/1674-1056/acd688
https://cpb.iphy.ac.cn/EN/10.1088/1674-1056/ac2f30
https://doi.org/10.1088/1674-1056/ac2f30
https://cpb.iphy.ac.cn/EN/10.1088/1674-1056/ac05ae
https://doi.org/10.1088/1674-1056/ac05ae


Chin. Phys. B 33, 038704 (2024)

Dynamics of information diffusion and disease transmission in
time-varying multiplex networks with asymmetric activity levels
Xiao-Xiao Xie(谢笑笑)1, Liang-An Huo(霍良安)1,2,†, Ya-Fang Dong(董雅芳)1, and Ying-Ying Cheng(程英英)3

1Business School, University of Shanghai for Science and Technology, Shanghai 200093, China
2School of Intelligent Emergency Management, University of Shanghai for Science and Technology, Shanghai 200093, China

3School of Management, Henan University of Science and Technology, Luoyang 471023, China

(Received 20 September 2023; revised manuscript received 22 October 2023; accepted manuscript online 1 December 2023)

While the interaction between information and disease in static networks has been extensively investigated, many
studies have ignored the characteristics of network evolution. In this study, we construct a new two-layer coupling model
to explore the interactions between information and disease. The upper layer describes the diffusion of disease-related
information, and the lower layer represents the disease transmission. We then use power-law distributions to examine
the influence of asymmetric activity levels on dynamic propagation, revealing a mapping relationship characterizing the
interconnected propagation of information and diseases among partial nodes within the network. Subsequently, we derive
the disease outbreak threshold by using the microscopic Markov-chain approach (MMCA). Finally, we perform extensive
Monte Carlo (MC) numerical simulations to verify the accuracy of our theoretical results. Our findings indicate that the
activity levels of individuals in the disease transmission layer have a more significant influence on disease transmission
compared with the individual activity levels in the information diffusion layer. Moreover, reducing the damping factor can
delay disease outbreaks and suppress disease transmission, while improving individual quarantine measures can contribute
positively to disease control. This study provides valuable insights into policymakers for developing outbreak prevention
and control strategies.

Keywords: information diffusion, disease transmission, asymmetric activity levels, quarantine strength
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1. Introduction

As is well known, infectious diseases shape the trajectory
of human societies, often exerting more profound and compre-
hensive influences than wars or revolutions. Effective preven-
tion and control of these diseases has thus become an essen-
tial and urgent priority in public health. Consequently, experts
from various fields have turned their focus to dynamic disease
propagation modeling.[1–3]

The study of disease transmission has a long history. Ker-
mack and McKendrick introduced the well-known “compart-
ment model” and derived a threshold for disease transmission
that set the basis for subsequent studies on the dynamics of
disease transmission.[4] Building on this, scholars have estab-
lished classical mathematical models to describe disease trans-
mission, such as susceptible–infected–recovered (SIR) model
and susceptible–infected–susceptible (SIS) model.[5,6] Exten-
sive research has been undertaken to extend these classical
models, aiming to better understand the features of disease
transmission. In recent years, various mathematical models
have been employed to analyze various infectious diseases,
leading to rapid advances in the field of global infectious dis-
ease dynamics.[7,8] At the end of the 20th century, the com-
plex networks[9,10] have been extensively studied, providing
a fresh perspective on disease transmission studies.[11] Com-

plex network frameworks have proven valuable for description
numerous real-world systems.[12–16] In recent years, many re-
searchers have concentrated on studying infectious diseases
within complex networks, yielding intriguing findings.[17–21]

For example, Jagtap et al. explored the effects of different
network topologies on optimal disease management strategies
by using a degree-based SIR compartmental model.[22] Huang
and Chen investigated disease transmission in interconnected
metapopulation networks by incorporating the human mobil-
ity pattern, known as the radiation model, into movement-
interaction-return models.[23] Zhu et al. proposed a gener-
alized SIR model including infection threshold heterogene-
ity and neighboring resource support.[24] These studies have
demonstrated that the emergence of complex networks has
provided valuable reference for analyzing the infectious dis-
eases.

The rapid advances in communication technology have
made the diffusion of information easier than ever. Dis-
ease outbreaks often involve the diffusion of relevant infor-
mation, including risk alerts, rumors, and fear. This type of
information prompts individuals to take self-protection mea-
sures, such as social distancing and vaccinations, thereby ex-
erting a significant influence on disease transmission.[25–31]

Researchers have increasingly focused on the relationship be-
tween information and disease, and have achieved gratifying
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results. For instance, Funk et al. investigated the influence of
information on dynamic disease transmission, revealing that
information can regulate the magnitude of infectious disease
outbreak.[32] Granell et al. investigated the dynamic interplay
between information propagation and disease spread, finding
that both information and network topology can influence the
critical threshold for disease transmission.[33] Some scholars
have proposed a new unaware–aware–unaware–susceptible–
infected–susceptible (UAU-SIS) model that combines in-
formation awareness process and disease transmission pro-
cess, revealing that information awareness can help sup-
press disease transmission.[34] For instance, Ma et al. built a
novel unaware–aware–unaware–exposed–infected–recovered
(UAU-SEIR) model to investigate the effects of information
diffusion caused by individuals and mass media on disease
transmission.[35] Zhang et al. explored the influences of local
and global information on disease transmission by analyzing
a novel coupled disease-awareness propagation model called
local and global information-controlled spreading.[36] These
studies highlight the importance of information diffusion and
its influence on disease dynamics, providing insights into ef-
fective strategies for controlling and preventing diseases. The
MMCA is a stochastic process that describes the evolution of
a series of random events, where the state of each event de-
pends on the state of the previous event. Hence, the MMCA
has been widely used in many fields.[37,38] Most scholars have
adopted the MMCA approach to study the dynamic process
of coupled information-disease transmission and have drawn
some interesting conclusions. For example, Yang et al.[39] an-
alyzed the dynamic process of disease transmission based on
the MMCA approach, demonstrating that stronger heterogene-
ity in individual activities and smaller contact capability in the
communication layer can promote inhibition. Considering the
influence of information on disease transmission, Li et al.[40]

established dynamic equations and derived disease outbreak
thresholds by using the MMCA approach to study the dynamic
mechanism and indicated that negative, local and global infor-
mation can hinder the transmission of outbreaks under certain
conditions. Similarly, Li et al.[41] also employed the MMCA
approach to establish a dynamic process to study the cou-
pled disease and information propagation in higher-order net-
works. Gao et al.[42] proposed a nonlinear information-disease
coupling model and theoretically analyzed the dynamic pro-
cess of the intra-layer well-layers by using MMCA approach.
The outcomes of the study showed that enhancing informa-
tion communication, reducing information forgetting, and ac-
celerating the healing process of disease can prevent diseases.
These studies have further emphasized the key role of MMCA
approach in studying the coupled information-disease interac-
tion process.

Previous studies on information-disease propagation

models have primarily focused on static networks, neglect-
ing the influence of time-varying characteristics inherent to
individual connections on disease transmission. In fact, both
information diffusion and disease transmission are not static
but change with time.[39] To capture a more realistic portrayal
of disease transmission dynamics in the real world, it is es-
sential to consider time-varying networks when building dis-
ease transmission models. Subsequently, researchers have at-
tempted to depict the coupled information-disease propaga-
tion process within an activity-driven time-varying network.
Most of scholars have explored coupled information-disease
interaction models based on symmetry individual activity lev-
els. For instance, Kotnis and Kuri established a new model
to explore how individual activity levels affect disease trans-
mission, revealing that disease propagation can be signifi-
cantly suppressed by regulating the activity levels of infected
individuals.[43] Fan et al. explored the dynamic process of
coupled information-disease transmission by considering dif-
ferent activity levels of the same individuals across multiple
networks, finding that an individual’s activity levels can af-
fect disease transmission thresholds.[44] However, in reality,
individuals often exhibit varying activity levels in different
environments.[45,46] For instance, older individuals may be
less active online, resulting in lower activity levels in the vir-
tual information diffusion layer; however, they are frequently
active in face-to-face interactions, leading to higher activity
levels in the physical contact layer. Furthermore, quarantined
patients are typically prohibited from physically contacting but
maintain an active online. Therefore, it is important to ana-
lyze the influence of asymmetric individual activity levels on
disease transmission. Moreover, most of scholars typically as-
sumed a one-to-one mapping relationship between nodes in
the network. However, during actual outbreaks, some infected
individuals might withhold disease-related information from
others due to panic and fear.[47] Conversely, some individuals
with access to disease-related information might fail to take
effective and timely preventive measures. In these cases, a
clear mapping relationship between network nodes may not
exist.[48]

Motivated by the discussion above, we utilize power-law
distributions to characterize individual activity levels in each
layer. This approach enabled us to explore the effects of asym-
metric activity levels on disease transmission within time-
varying multiplex networks. In this investigation, we construct
a novel coupled propagation model. The upper layer of this
model focuses on the diffusion of disease-related information,
while the lower layer concentrates on disease transmission.
Additionally, we consider the influence of partial node map-
ping relationships within the network on the dynamics of dis-
ease transmission. Subsequently, we analytically derive the
critical thresholds for disease transmission in the model by us-

038704-2



Chin. Phys. B 33, 038704 (2024)

ing the MMCA. Finally, we perform MC numerical simula-
tions to verify the accuracy of our theoretical analysis.

The remainder of this paper is organized as follows.
In Section 2, we propose the UAU–susceptible–infected–
quarantined–susceptible (UAU–SIQS) model to explore the
dynamic interplay between information and disease propaga-
tion in time-varying multiplex networks. In Section 3, we de-
rive the disease-outbreak threshold by using the MMCA. In
Section 4, numerical simulations are performed to validate our
theoretical predictions. Finally, in Section 5, some conclusions
are drawn from the present study and the future perspectives
are also presented.

2. Model description
The influence of information on disease transmission is

largely dependent on individual behavior. Once individuals re-
ceive disease-related information, they are likely to promptly
adopt effective preventive measures to reduce their risk of in-
fection. Individual behavior is primarily influenced by activity
levels, which can vary in different environments. Individu-
als with higher activity levels are more likely to disseminate
disease-related information, but they are less likely to take pro-
tective measures. The existence of asymmetric activity levels
within the same individual across different networks indicates
that individuals may be highly active in the disseminating in-
formation in the virtual layer, they may not exhibit the same
level of activity in the physical contact layer. Furthermore, an
individual’s activity level can affect the probability of infor-
mation propagation, consequently indirectly influencing the

dynamic process of disease transmission.
To capture the nuances of this phenomenon, we propose

a novel two-layer UAU–SIQS model as shown in Fig. 1. The
upper layer serves as the information diffusion layer, in which
nodes exist in two states: U (unaware) and A (aware), denoted
in blue and red, respectively. Individuals in state U are un-
aware of disease-related information, whereas those in state A
are aware of it and have the ability to transmit it. The lower
layer focuses on disease transmission and includes three states:
susceptible (S), infected (I), and quarantined (Q), denoted in
yellow, green, and purple, respectively. Individuals in state S
are uninfected, those in state I are infected and can transmit the
disease, and those in state Q are quarantined and cannot trans-
mit the disease. We introduce power-law distributions to rep-
resent the influence of asymmetric activity levels on the prop-
agation dynamics within each layer. According to the anal-
ysis, we classify the nodal states as six categories: unaware-
susceptible state (US), unaware-infected state (UI), unaware-
quarantine state (UQ), aware-susceptible state (AS), aware-
infected state (AI), and aware-quarantine state (AQ). We as-
sume that once an individual is quarantined, they invariably
become aware of disease-related information. Consequently,
UQ individuals transition to AQ status with a probability of
one as indicated in the model:

UQ 1−→ AQ. (1)

The proposed model identifies five valid nodal states: US, UI,
AQ, AS, and AI. This model operates under the following as-
sumptions.

φ

(a) T/t

AU

φ

(a) T/t⇁

QS I

The upper layer

The lower layer

The upper layer

The lower layer

Fig. 1. Schematic diagram of information-disease interaction propagation in time-varying multiplex networks. The virtual link between the
upper layer and lower layer represents mapping relationship between nodes. In the network, nodes are represented by circles with varying
colors indicating different states of nodes, and nodal size corresponding to their respective activity levels.

Assumption 1: Individual activity levels
Nodes have different activity levels in a two-layer net-

work, denoting the likelihood of a node becoming activated
to establish connections with other nodes at each time step
t. We let ai = ηvxi and bi = ηpyi denote the activity lev-
els of individuals in the upper layer and lower layer, respec-
tively, where ηv and ηp are the rescaling factors. Addition-

ally, xi and yi are obtained from the power-law distributions
Fv(x) ∝ x−γv

i and Fv(y) ∝ y−γp
i , respectively. Let ε ≤ xi ≤ 1

and ε ≤ yi ≤ 1, where ε is the minimum value of xi and yi, and
ε = 5× 10−4.[49] Furthermore, γν and γ p are both defined as
individual activity index. Importantly, we assume that the ac-
tivity levels of quarantined individuals are zero in the disease
transmission layer. The network’s dynamic evolution unfolds
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as follows: there are N nodes in the upper layer and lower
layer of the network, although they are not necessarily in one-
to-one correspondence. First, in the time step t, all nodes are
independent and unconnected. Second, time step t +1, nodes
are activated with a probability of ai (bi) and form random
connections with neighboring nodes. Notably, nodes become
immediately aware of disease-related information upon infec-
tion. Subsequently, all the connections among nodes are re-
moved. This cycle repeats until the system stabilizes.

Assumption 2: Influence of information diffusion on dis-
ease transmission

When a disease outbreak occurs, information related to
the outbreak disseminates rapidly. As individuals become in-
formed, they spontaneously adopt preventive measures, influ-
encing the disease transmission dynamics. Consequently, the
probability of an individual in S-state becoming infected can
be categorized into βU and β A. Here, the individuals in U
state and A-state get infected with probabilities βU and β A,
respectively, where βU = β and β A = φβU . We introduce a
damping factor φ (0≤ φ ≤ 1) to describe how information af-
fects disease dynamics. The smaller the value of φ , the more
pronounced the influence of information diffusion on disease
dynamics is. In particular, φ = 0 indicates that the aware node
is completely immune to the disease, and φ = 1 indicates that
the information has no effect on the disease. Hence, we define
the probabilities as

βi =

{
β A, node i is aware,
βU , node i is unaware. (2)

Assumption 3: Node mapping assumption.
In this section, we specify the partial node mapping in

a two-layer network framework. As shown in Fig. 1, we as-
sume that the N nodes exit in both the upper layer and lower
layer. We employ the vector L = [l1, l2, . . . , lN ] to characterize
the mapping relationships between these nodes. Specifically,
li = 1 and li = 0 indicate the presence and absence of a map-
ping relationship between corresponding nodes, respectively.
For instance, when li = 1, the information related to the dis-
ease disseminates immediately once a US individual becomes
infected. On the contrary, when li = 0, individuals either re-
main unaware of the disease-related information or fail to take
preventive measures.

Assumption 4: Influence of the activity levels of individ-
uals on propagation rate

Most of scholars have neglected the influence of individ-
ual activity levels on propagation rate, which is a crucial factor
for understanding the underlying mechanisms of disease trans-
mission. Therefore, in this section, we focus on the influence
of individual activity levels on the propagation rate to explore
the dynamic process of disease transmission. The two primary
aspects of this study are summarized as follows.

First, the influence of individual activity levels on the rate
of disease transmission is explored. According to previous
studies,[50,51] the probability of a node being infected during
disease transmission depends on two key factors: the “sus-
ceptibility” of nodes and the “transmission ability” of infected
nodes. We investigate the role of disease transmission by in-
troducing the admission rate (Ei) and transmission rate (Tj).
The admission rate (Ei) is the probability that a susceptible
node admits infection through contacting an infected node,
and characterizes “susceptibility” of nodes. We deem it to be
affected by the individual’s activity level. For simplicity, we
take Ei = bi. The transmission rate (Tj) is the probability that
an infected node transmits disease through contacting a sus-
ceptible node, and characterizes “transmission capability” of
nodes. We take Tj = β . Since the infection rate is not constant,
different infection edges may have different infection rates. If
we use Mi j to denote the infection rate of the edge between
node i and node j, then according to the meaning of Ei and Tj,
we have

Mi j =

 EiTj, node i is susceptible and node j is infectious;
TiE j, node i is infectious and node j is susceptible;
0, otherwise.

(3)

Thus, we can obtain Mi j = biβ .

Table 1. Definitions of key parameters.

Symbol Definition

N number of nodes
Λ rate of node mapping
λ information diffusion rate
δ information forgetting rate
β disease transmission rate
µ disease recovery rate

Mi j Infection rate of the edge between node i and node j
Hi j Informing rate of the edge between node i and node j
ai activity level of node i in information diffusion layer
bi activity level of node i in disease transmission layer
ηv rescaling factors in information diffusion layer
ηp rescaling factors in disease transmission layer
βU rate that node i in state U is infected
β A rate that node i in state A is infected
mv number of links established by active nodes on information

layer
my number of links established by active nodes on transmission

layer
φ damping factor

ri(t) rate that node i is not be informed at time t
τ node quarantine strength

qU
i (t) rate that node i in state U is not infected at time t

qA
i (t) rate that node i in state A is not infected at time t

We then investigate the influence of individual activity
levels on the rate of information diffusion. we find that the in-
formation diffusion is limited by the ability of the receiver to
accept the information rather than the ability of disseminator
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to disseminate it. We investigate the role of information diffu-
sion by introducing the reception rate (Ri) and dissemination
rate (K j), which is a major finding of this study. The reception
rate (Ri) is the probability that an unaware node receives the
information through an edge connected to an aware node, de-
pending on the activity level of the individuals. For simplicity,
we adopt Ri = ai. The dissemination rate (K j) is the probabil-
ity that an aware node disseminates the information through an
edge connected to an unaware node in the absence of external
influences. We take K j = λ . Since the dissemination rate is
not constant, different dissemination edges may have different
dissemination rates. If we use Hi j to denote the informing rate
of the edge between node i and node j, then according to the
meaning of Ri and K j, we have

Hi j =

 RiK j, node i is unaware and node j is aware;
KiR j, node i is aware and node j is unaware;
0, otherwise.

(4)

Thus, we obtain Hi j = aiλ .
To illustrate the proposed model in more detail, we out-

line the key parameter definitions in Table 1.

3. Analytical analysis
Understanding the outbreak thresholds for infectious dis-

eases outbreak is essential for the prevention and control, and

also for protection public health. In models of disease trans-
mission, there exists a threshold βc above which the disease
starts to break out (β > βc); otherwise, the outbreak disap-
pears or fails to escalate. In this section, the MMCA is used to
calculate this threshold for disease transmission.

Let PUS
i (t), PUI

i (t), PAS
i (t), PAI

i (t), and PAQ
i (t) indicate

the probabilities that an individual i is in a particular state at
time t, and PUS

i (t)+PUI
i (t)+PAS

i (t)+PAI
i (t)+PAQ

i (t)= 1. We
consider the scenario where an individual i does not receive in-
formation from any neighbors. This probability is denoted as
ri, and is expressed as follows:

ri(t) = ∏
j
(1−Hi j

mν

N
(aiPA

j (t)+a jPA
j (t))), (5)

where PAS
j (t)+PAI

j (t)+PAQ
j (t) = 1, Hi j denotes the inform-

ing rate of the edge between node i and node j (see Eq. (4)),
and (mν/N)(aiPA

j (t) + a jPA
j (t)) expresses the probability of

the individual j being a neighbor of individual i. Here, the
first part, (mν/N)aiPA

j (t), reflects the probability that the in-
dividual i becomes activated and connects to the individual j,
The second part, (mν/N)a jPA

j (t), reflects the probability that
the individual j receives activation from individual i, and mν

denotes the number of links established by active nodes on the
information layer.

(a) (b)

(e)

τ

US

AS

AI

UI↩δ

δ

↩τ

↩τ



↩δ

qAi

(c)

δ

(d)

τ

↩τ

↩τ


ri

θ

↩θ

AQ

τ↼-li↽

↩ri

τli

↩qA

↼↩qU↽↼↩li↽

qU

↼↩qU↽li

qA

↩ri
↩qA

↼↩qU↽↼↩li↽

ri

qU

↼↩qU↽li τli

τ↼-li↽

i

i

i

i

i

i

i

i

i

Fig. 2. Schematic diagram of transition probability trees for five states (US, UI, AS, AI, AQ) per time step t.

Likewise, let qU
i (t) and qA

i (t) denote the probabilities of

unaware and aware individuals not infected by any neighbors,

respectively, as follows:

qU
i (t) = ∏

j
(1−Mi j

my

N
(biPI

j (t)+b jPI
j (t))), (6)

qA
i (t) = ∏

j
(1−Mi j

my

N
(biPI

j (t)+b jPI
j (t))), (7)

where PUI
j (t) + PAI

j (t) = 1, Mi j denotes the infection rate
of the edge between node i and node j (see Eq. (3)),
(my/N)(biPI

j (t)+b jPI
j (t)) expresses the probability of the in-

fected neighbor j of an individual i, and my denotes the num-
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ber of links established by active nodes on the disease layer.
From Eqs. (5)–(7) and Fig. 2, we can deduce the state

transition probability for individuals as follows:

PUS
i (t +1) = PUS

i (t)riqU
i (t)+PAS

i (t)δqU
i (t),

PAS
i (t +1) = PUS

i (t)(1− ri)qA
i (t)

+PAS
i (t)(1−δ )qA

i (t)+PAQ
i (t)µ,

PAI
i (t +1) = PUS

i (t)ri(1−qU
i (t))li +PUS

i (t)(1− ri)

×(1−qA
i (t))+PAS

j (t)(1−δ )(1−qA
i (t))

+PAS
j (t)δ (1−qU

i (t))li

+PAI
i (t)(1−δ )(1− τ)+PUI

i (t)(1− ri)(1− τ),

PUI
i (t +1) = PUS

i (t)ri(1−qU
i (t))(1− li)

+PAS
i (t)δ (1−qU

i (t))(1− li)

+PAI
i (t)δ (1− τ)+PUI

i (t)ri(1− τ),

PAQ
i (t +1) = PAI

i (t)δτli +PAI
i (t)(1−δ )τ +PUI

i (t)riτli

+PUI
i (t)(1− ri)τ +PAQ

i (t)(1−µ). (8)

Theorem 1 Considering the topology of a two-layer mul-
tiplex network, the dynamic transmission in the lower layer is
expressed by Eqs. (6) and (7). Subsequently, the threshold for
disease outbreaks is expressed as

βc =
τ

bimyΛmax(H)
, (9)

where Λmax(H) represents the maximum eigenvalue of matrix

H. The matrix H is going to be
[

ZA
b T A

ZA
b2 ZA

b

]
, where

ZA
b =

1
N

N

∑
i=1

bi(1− (1−φ)PA
i ),

T A =
1
N

N

∑
i=1

(1− (1−φ)PA
i ),

ZA
b2 =

1
N

N

∑
i=1

b2
i (1− (1−φ)PA

i ).

Proof When the system reaches a steady state, Pi(t+1)=
Pi(t) = Pi is valid for any node and states. Subsequently, the
disease outbreak threshold is calculated. Near this threshold,
the number of individuals in AI state and AQ state approaches
zero, such that PAI

i � 1 and PAQ
i � 1, leading to approxima-

tions in Eq. (6):

qU
i (t) = ∏

j

(
1−Mi j

my

N
(biPI

j (t)+b jPI
j (t))

)
≈ 1−∑

j
biβ

U my

N
(biPI

j (t)+b jPI
j (t))

= 1−biβ
U my(biρ

I(t)+θ
I
b)

= 1−biβmy(biρ
I(t)+θ

I
b), (10)

where

ρ
I =

1
N

N

∑
j=1

PI
j , θ

I
b =

1
N

N

∑
j=1

b jPI
j .

Similarly, equation (7) can be expressed as follows:

qA
i (t) = ∏

j

(
1−Mi j

my

N
(biPI

j (t)+b jPI
j (t))

)
≈ 1−∑

j
biβ

A my

N
(biPI

j (t)+b jPI
j (t))

= 1−biβ
Amy(biρ

I(t)+θ
I
b)

= 1−φbiβmy(biρ
I(t)+θ

I
b). (11)

Using these equations, the steady-state expression of Eq. (8)
can be obtained as follows:

PUS
i = PUS

i ri(1−biβmy(biρ
I(t)+θ

I
b))

+PAS
i δ (1−biβmy(biρ

I(t)+θ
I
b)),

PAS
i = PUS

i (1− ri)(1−φbiβmy(biρ
I(t)+θ

I
b))

+PAS
i (1−δ )(1−φbiβmy(biρ

I(t)+θ
I
b)),

εi = ε j(1− τ)+(PUS
i ri +PAS

i δ )(biβmy(biρ
I(t)+θ

I
b))

+[PUS
i (1− ri)+PAS

i (1−δ )]

×(φbiβmy(biρ
I(t)+θ

I
b)), (12)

where PI
i = PAI

i + PUI
i = εi � 1. We assume that PU

i =

PUI
i +PUS

i ≈ PUS
i , and PA

i = PAI
i +PAS

i +PAQ
i ≈ PAS

i . By re-
moving the higher-order term O(εi), equation (12) can be sim-
plified as follows:

PU
i = PU

i ri +PA
i δ ,

PA
i = PU

i (1− ri)+PAS
i (1−δ ),

εi = ε j(1− τ)+(PUS
i ri +PAS

i δ )(biβmy(biρ
I(t)+θ

I
b))

+[PUS
i (1− ri)+PAS

i (1−δ )](φbiβmy(biρ
I(t)+θ

I
b))

= ε j(1− τ)+PU
i biβmy(biρ

I(t)+θ
I
b))

+PA
i φbiβmy(biρ

I(t)+θ
I
b))

= ε j(1− τ)+(PU
i +PA

i φ)biβmy(biρ
I(t)+θ

I
b)). (13)

Owing to PU
i +PA

i = 1, we can reconstruct the last term
in Eq. (13) as follows:

τPI
i = biβmy(biρ

I +θ
I
b)(1− (1−φ)PA

i ), (14)

where

ρ
I =

1
N

N

∑
j=1

PI
j

is the calculated infection density.
Therefore, equation (14) can be reshaped into the follow-

ing form:

τρ
I = biβmy(ρ

IZA
b +θ

I
bT A). (15)

The following equation can be obtained by multiplying both
sides of Eq. (15) by bi and by averaging all the nodes:

τθ
I
b = biβmy(ρ

IZA
b2 +θ

I
bZA

b ), (16)

where

ZA
b =

1
N

N

∑
i=1

bi(1− (1−φ)PA
i ),
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T A =
1
N

N

∑
i=1

(1− (1−φ)PA
i ),

ZA
b2 =

1
N

N

∑
i=1

b2
i (1− (1−φ)PA

i ).

Therefore, we can rewrite Eqs. (15) and (16) into the matrix
form as follows:

H
[

ρ I

θ I
b

]
=

τ

bimyβ

[
ρ I

θ I
b

]
, (17)

where

H =

[
ZA

b T A

ZA
b2 ZA

b

]
. (18)

When the system turns into a state of disease prevalence, we
have [

ρ I

θ I
b

]
6= 0. (19)

When the disease transmission stabilizes, βc is the mini-
mum value satisfying Eq. (16), and the maximum eigenvalue
Λmax(H) of the matrix H is expressed as follows:

Λmax(H) =
√

ZA
b2T A +ZA

b . (20)

Therefore, the disease transmission threshold can be described
as

βc =
τ

bimyΛmax(H)
, (21)

where Λmax(H) denotes the maximum eigenvalue of matrix H.
We can observe from Eq. (21) that the value of βc depends on
the information diffusion process, quarantine strength τ , indi-
vidual activity, damping factors φ , and node mapping rate Λ .

4. Numerical simulations
In this section, we validate the theoretical analysis by us-

ing an extensive MC simulation experiment conducted in a
Barabási–Albert (BA) scale-free network. The average degree
of each layer in the proposed model is set to 〈k〉= 6. The num-
ber of nodes is set to N = 1000. Based on Assumption 5: we
obtain the node-mapping rate Λ = (∑i li)/N, where li ∈ L. To

reduce fluctuations caused by randomness, all the simulations
are run 50 times on average. We set the initial conditions of
the model as follows: 10% of the nodes are infected, 10% of
the nodes are quarantined, and the remaining nodes are sus-
ceptible at time t = 0. Additionally, because the AQ state can-
not transmit diseases, we assume that only the AI state in the
system can transmit diseases. We allow the iterative interac-
tion dynamics to evolve in a two-layer network according to
the process shown in Fig. 1. We explore the influences of the
damping factor, node mapping rate, node activity index, and
node quarantine strength on the final disease scale by using
various parameters.

4.1. Influence of information diffusion on disease trans-
mission

First, we characterize the influence of information on dis-
ease transmission by employing a damping factor φ . As illus-
trated in Fig. 3, we observe the proportion of infected individu-
als ρ I with the factors β and λ in the system’s steady state and
note that the value of ρ I decreases as λ increases. This phe-
nomenon can be attributed to the fact that with higher value of
λ , information diffusion in the upper layer inhibits the scale
of disease transmission in the lower layer. This trend is con-
sistent with the observation that as individuals become more
aware of disease-related information, they are more effective
in curbing disease transmission. Thus, enhancing the diffu-
sion of disease-related information is vital for disease con-
trol. By strengthening public awareness and understanding,
we can better contain the disease. Furthermore, by comparing
Figs. 3(a)–3(c), we find that the value of ρ I becomes larger
as the damping factor φ increases, while the value of βc de-
creases. This phenomenon can be attributed to the fact that
a larger value of φ suggests that information diffusion has not
significantly affected disease outbreaks, and the public is more
vulnerable to misinformation, which may lead people to take
incorrect actions, thus facilitating the transmission of diseases.
Therefore, the importance of information cannot be ignored in
disease transmission control. The provision of accurate, reli-
able and transparent information helps the public to better un-
derstand diseases and take appropriate measures to curb their
transmission.
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Fig. 3. Maps of ρ I as a function of infection probability β and information diffusion probability λ in steady state of system. All the results of MC simulations
are averages of 50 independent iterations. Different colors in panels indicate different ρ I values, with darker colors indicating higher values of ρ I . Parameter
φ is set as follows: (a) φ = 0.3, (b) φ = 0.6, and (c) φ = 0.9.
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Fig. 4. (a) Maps of ρ I as a function of infection probability β and damp-
ing factor φ in steady state of system. (b) Plots of ρ I versus infection
probability β at different values of damping factor φ in steady state of
system. All the results of the MC simulations are averages of 50 inde-
pendent iterations. Different colors in panel indicate different values of
ρ I , with darker colors indicating larger ρ I values.

We analyze the influence of φ on both the disease out-
break threshold βc and the proportion of infected individuals
ρ I , and the results are shown in Fig. 4. From Fig. 4(a), it is ev-
ident that ρ I varies with damping factor φ and infection proba-
bility β . When β ∈ [0,1] is constant, the value of ρ I increases
with φ . Evidently, in the case of high φ , fewer individuals
receive disease-related information, thus accelerating disease
transmission. This demonstrates the critical role in enhancing
public understanding of disease-related information in order
to delay the outbreak. Figure 4(b) illustrates the maps of ρ I

as a function of β at different damping factors φ the steady
state of system. Notably, the value of ρ I becomes larger as
φ increases. In summary, during a pandemic outbreak, public
health departments must disseminate timely and accurate in-
formation to ensure that the public is promptly informed. Si-
multaneously, they should provide scientific interpretations of
disease-related information and communicate effectively with
the media, experts, and other relevant departments.

4.2. Influence of mapping of partial nodes on disease
transmission

Figure 5 shows the effects of Λ on disease transmission,
examining varying values of the node mapping rate Λ and
the proportion of infected individuals ρ I as a function of β

and λ in the steady state of system. We also consider the
cases of (a) Λ = 0.3, (b) Λ = 0.6, and (c) Λ = 0.9. When
λ ∈ [0,1] is constant, the value of ρ I increases as β increases.
However, when Λ increases from 30% to 90%, the increas-
ing tendency becomes less prominent. This occurs because
a higher mapping rate implies that more individuals become
familiar with disease-related information and take preventive
measures. Consequently, the disease transmission threshold
increases. Simultaneously, the value of ρ I decreases as λ in-
creases, although this effect is not significant. For example,
in the cases of Λ = 0.3 and β = 0.5, the value of ρ I changes
from 0.3923 to 0.3729 when λ changes from zero to one, and
declines from 0.2864 to 0.2045 when Λ = 0.9 and β = 0.5.
In addition, increasing the value of λ has a smaller effect on
ρ I than changing the value of Λ . Furthermore, the effect of
increasing λ on ρ I is smaller than that of changing the value
of Λ . For example, at different values of λ = 0.2, 0.4, 0.6, and
0.8, when we fix the infection rate β = 0.5 (see Fig. 5(a)), the
values of ρ I are 0.3752, 0.3719, 0.3711, and 0.3599, respec-
tively. However, when ρ I are 0.3486 and 0.2976, as shown in
Figs. 5(b) and 5(c), λ = 0.4 and β = 0.5, respectively, show-
ing that the increase in the mapping rate of Λ has a greater
influence on disease transmission than that in λ during an out-
break.
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Fig. 5. Maps of ρ I with infection probability β and information diffusion probability λ in steady state of system. All results of the MC
simulations are obtained as averages of 50 independent iterations. Different colors in panels indicate different values, with darker colors
indicating higher values. Λ values are set as follows: (a) Λ = 0.3, (b) Λ = 0.6, and (c) Λ = 0.9.

To provide a more intuitive representation of our exper-
imental results, we further investigate the influence of Λ on
the disease outbreak threshold βc and the proportion of in-
fected individuals ρ I as shown in Fig. 6. It is evident that

the value of ρ I increases with Λ increasing butturns constant
in Fig. 6(a). A larger Λ value indicates a greater awareness
of disease-related information among the populations, leading
to increased precautions and a reduced risk of infection. Addi-
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tionally, figure 6(b) illustrates the variation of ρ I with mapping
rate Λ and infection rate β . We set Λ = 0.3, Λ = 0.5, Λ = 0.7,
Λ = 0.9, and Λ = 1, respectively. Results in Fig. 6(b) are con-
sistent with those in Fig. 6(a), thereby confirming the accuracy
of our results.
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Fig. 6. (a) Map of ρ I as a function of infection probability β and nodal
mapping rate Λ in steady state of system. (b) Plot of ρ I versus infection
probability β at different values of node mapping rate Λ in steady state of
system. All results of the MC simulation are averages of 50 independent it-
erations. Different colors of the panel indicate different values, with darker
colors indicating higher values.

4.3. Influence of node activity level on disease transmission

This subsection delves into the influence of node activity
level on the disease outbreak threshold βc and the proportion
of infected individuals ρ I . Figure 7(a) illustrates the influence
of upper-layer node activity level on βc and ρ I . Let γv take
different values. Interestingly, we find that upper-layer node
activity levels have little influence on disease transmission.
For instance, values of ρ I are 0.6368, 0.6287, 0.6196, 0.6070,
and 0.5981, when γv varies from 4 to 12 with β = 0.6. This
contrasts with previous study,[47] where information diffusion
probability depends on the “receiving ability” of unaware in-
dividuals and the “disseminating ability” of aware individuals.
In our model, enhancing the activity levels does not particu-
larly inhibit transmission. Subsequently, figure 7(b) shows the
influences of activity levels of lower layer nodes on βc and
ρ I . Assuming that γp has different values, we find that the
changes in activity levels significantly affect both ρ I and βc in
the steady state of system. We observed that the activity levels
of nodes in the lower layer possess a significant effect on dis-

ease transmission. For instance, the values of ρ I are 0.0114,
0.0620, 0.1163, 0.2448, and 0.3290 when γp ranges from 4
to 12 with β = 0.6. This phenomenon suggests that higher
activity levels increases social interactions, thereby increasing
the disease transmission rate. Therefore, reducing real-life ac-
tivities during an outbreak, such as minimizing social outings
and adhering to mask protocols, proves effective in controlling
disease transmission.
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Fig. 7. (a) Plots of ρ I versus infection probability β at different values
of γv in steady state of system. (b) Plots of ρ I versus infection proba-
bility β at different values of γp in steady state of system. All results of
the MC simulations are averages of 50 independent iterations.

4.4. Influence of quarantine strength on disease transmis-
sion

Finally, we analyze the effects of τ (quarantine strength)
on disease transmission, and the results are shown in Fig. 8.
As λ increases, ρ I decreases. This trend can be attributed
to the role of disease-related information in enhancing pub-
lic awareness and instigating preventive measures, thereby en-
hancing public awareness of the disease. We consider the
cases of τ = 0.3, τ = 0.5, and τ = 0.7 in Figs. 8(a), 8(b),
and 8(c), respectively. Comparisons of Figs. 8(a)–8(c) show
that as ρ I decreases and βc increases the quarantine strength
τ increases. This indicates the important role of quarantine
strategies in disrupting transmission chains, thus lowering the
disease transmission rate. Therefore, during outbreaks, quar-
antine measures are a vital and effective means in protecting
public health, providing invaluable support for outbreak con-
trol and response measures.
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Fig. 8. Maps of ρ I with infection probability β and information diffusion probability λ in steady state of system. All results of the MC
simulations are averages of 50 independent iterations. Different colors of the panels represent different values, with darker colors denoting
higher values. Parameter τ was set as follows: (a) τ = 0.3, (b) τ = 0.5, and (c) τ = 0.7.

5. Conclusions
In this study, we proposed a two-layer UAU–SIQS model

in a time-varying network to investigate the interplay between
information diffusion and disease transmission. The upper
layer focuses on the diffusion of disease-related information,
while the lower layer deals with the dynamics of disease trans-
mission. We adopted power-law distributions to describe the
asymmetric individual activity levels. Utilizing the MMCA,
we derived the disease outbreak threshold and validated our
theoretical results by using the extensive MC simulations. The
key findings of this study are as follows. First, the diffusion
of disease-related information reduces the outbreak threshold,
enabling departments to effectively control the scale of dis-
ease transmission. Second, lifestyle modifications such as
mask-wearing and minimizing outdoor activities can effec-
tively lower the outbreak threshold. While enhancing activity
levels in virtual networks can somewhat inhibit disease trans-
mission, the influence is relatively low. Third, increasing the
quarantine intensity is critical in containing and controlling the
transmission of a disease. Finally, a high-mapping rate can re-
duce the scale of disease transmission in a two-layer network.

This study presents valuable insights into disease preven-
tion and control. Moreover, the disease transmission dynamics
are affected not only by pairwise interactions between nodes,
but also by high-order interactions. Furthermore, incorporat-
ing community structure offers a more accurate description of
the processes involved in disease transmission. In the future,
we intend to extend our model to analyze the effects of these
additional factors.
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