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In recent years, the impact of information diffusion and individual behavior adoption patterns on epidemic trans-
mission in complex networks has received significant attention. In the immunization behavior adoption process, different
individuals often make behavioral decisions in different ways, and it is of good practical importance to study the influence of
individual heterogeneity on the behavior adoption process. In this paper, we propose a three-layer coupled model to analyze
the process of co-evolution of official information diffusion, immunization behavior adoption and epidemic transmission
in multiplex networks, focusing on individual heterogeneity in behavior adoption patterns. Specifically, we investigate the
impact of the credibility of social media and the risk sensitivity of the population on behavior adoption in further study
of the effect of heterogeneity of behavior adoption on epidemic transmission. Then we use the microscopic Markov chain
approach to describe the dynamic process and capture the evolution of the epidemic threshold. Finally, we conduct ex-
tensive simulations to prove our findings. Our results suggest that enhancing the credibility of social media can raise the
epidemic transmission threshold, making it effective at controlling epidemic transmission during the dynamic process. In
addition, improving an individuals’ risk sensitivity, and thus their taking effective protective measures, can also reduce the
number of infected individuals and delay the epidemic outbreak. Our study explores the role of individual heterogeneity in
behavior adoption in real networks, more clearly models the effect of the credibility of social media and risk sensitivity of
the population on the epidemic transmission dynamic, and provides a useful reference for managers to formulate epidemic
control and prevention policies.

Keywords: multiplex network, epidemic transmission, behavior

PACS: 64.60.aq, 87.23.Kg, 87.23.Ge DOI: 10.1088/1674-1056/acea65

1. Introduction
The impact of infectious diseases has posed many serious

threats to the security of society throughout human history.
The development of human society has often been accompa-
nied by the threat of sudden epidemics, which hinder social
development. In recent years, the highly contagious COVID-
19 virus has had a deleterious effect on people’s normal pro-
ductive lives.[1–3] What’s more, the COVID-19 pandemic has
seen the emergence of many new transmission characteristics
that have never occurred before, posing a major obstacle to
epidemic prevention and control.[4–6] For this reason, studying
the intrinsic transmission patterns of epidemics and exploring
the transmission dynamics of the epidemic has received atten-
tion from many scholars.

Some traditional studies of epidemic transmission in
monolayer networks have provided an important basis for
studying the dynamic mechanisms.[7] Bailey proposed the tra-
ditional SIS model to describe the transmission process of
epidemics.[8] Grabowski extended the SIR model by consid-
ering immune individuals.[9] Based on these models, many
scholars have studied the mechanisms underlying the spread
of epidemics.[10–14] However, traditional studies of diffusion
phenomena in single-layer networks often fail to provide
a deeper understanding of the coupled effects on complex

worlds. For example, epidemic transmission is often accom-
panied by epidemic-related information diffusion, and differ-
ent information often affects the strength of the immunization
measures in the face of the epidemic. A single exposure net-
work analysis often does not provide a more complete picture
of these intricate relationships.[15,16]

In recent years, with the development and popularity of
multilayer networks, individuals have become increasingly
aware that epidemic transmission is not just simple transmis-
sion at the physical contact layer but is also accompanied
by epidemic-related information, hence making the study of
multilayer networks a popular topic for many scholars.[17–19]

The multi-layer network modelling approach has proved to
be a better representation of the intricate coupling of rela-
tionships in real situations.[20,21] Therefore, it is significant to
study epidemic transmission on multi-layered networks. Epi-
demic transmission is often accompanied by the diffusion of
epidemic-related information, and different information often
affects individuals’ levels of self-protection at the physical
contact layer. Therefore, research on information–epidemic
coupling effect has great significance for the prevention and
control of epidemics. Granell et al.[22] proposed a UAU–SIS
model that couples a multilayer network with the epidemic
transmission process. Later[23] they introduced mass media
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to further analyze the influence of local versus global infor-
mation on epidemic transmission. Wang and Xia[24] investi-
gated the coupling effect of multiple messages and epidemics
on a two-layer network under the influence of mass media
and discussed the dynamic effects of different competing mes-
sages. Li and Hui[25] studied epidemic transmission in multi-
relational networks. Peng et al.[26] investigated the effect of
messages on a multi-layer network for two competing views
on how to influence the scale of epidemic transmission. Guo
et al.[27] proposed a threshold model, arguing that individuals’
behavior adoption usually depends on the state of their neigh-
bors, which can be simply understood by what we describe
as the crowd effect, or the standing ovation effect. For exam-
ple, when the number of neighborhoods around an individual
reaches a certain value, the individual tends to accept the mes-
sage or adopt the same behavior. Xu et al.[28] used two thresh-
old models to explore the effects of local versus global aware-
ness on epidemic transmission separately and also considered
the heterogeneity of individual responses to risk. Some schol-
ars have also worked on human mobility and spatio-temporal
interactions, which are crucial for spreading epidemics. Li et
al.[29] proved that a local basic reproductive number greater
than unity is neither necessary nor sufficient for epidemic out-
breaks. Li et al.[30] also studied how low population density
hinders epidemics. Liu et al.[31] revealed general collective
patterns behind spatiotemporal interactions between residents
and proved that physical contact eventually drives epidemic
transmission.

In addition, individuals’ behavior patterns are usually in-
fluenced by information, resulting in different propagation
effects.[32–37] Liu et al.[38] argued that individuals’ behavior
adoption patterns are a nonlinear Markovian process, influ-
enced by time effects and social reinforcement of the number
of times they receive information. Moreover, Gao and Tian[39]

discussed the pattern of adoption of green behaviors under the
combined effect of self-awareness and policies, where coer-
cive policies only act on specific negative individuals. Zhang
et al.[40] proposed a coupled model of rumor and behavior to
study the effect of internode attraction on propagation dynam-
ics. In addition, the behavioral model of vaccination has re-
ceived much attention,[41–43] especially during the COVID-19
outbreak. Wang et al.[44] investigated the impact of multiple
vaccination strategies and further discussed the effect of vac-
cine failure on epidemic transmission. Dai et al.[45] discussed
the effect of vaccine availability on epidemic transmission in
the presence of information. Yin et al.[46] proposed a three-
level coupled network model to analyze the effect of negative
information and vaccination behavior on epidemic transmis-
sion dynamics, and considered the combined effect of vacci-
nation cost and flock psychology on the choice of vaccination
behavior. Furthermore, higher-order networks provide meth-

ods for studying propagation dynamics from the perspective
of network heterogeneity. Li et al.[47] proposed the coevolu-
tion of epidemic–infodemic dynamics on the simplicial com-
plex. Li et al.[48] also proposed a competing spread model
for two simplicial irreversible epidemics on higher-order net-
works, and later discussed the immunization strategies for a
simplicial irreversible epidemic on the simplicial complex.[49]

Other scholars have focused on the effect of individual het-
erogeneity on dynamics. Nie et al.[50] proposed a dynam-
ics model with a homophily effect and heterogeneous popu-
lations.

In most cases, these scholars have tended to consider the
direct effect of information on the epidemic. In fact, individu-
als are heterogeneous and usually make different choices when
faced with different situations. However, few scholars have
discussed the impact of information and an epidemic on be-
havior adoption patterns under the influence of individual het-
erogeneity and have assumed that individuals’ responses are
homogeneous. However, individual behavior adoption pat-
terns are influenced by a combination of information diffu-
sion and epidemic transmission. When individuals select be-
havior adoption they are often influenced by both epidemic-
related information and the epidemic transmission environ-
ment. In the dynamic process of epidemic transmission, of-
ficial information posted on social media often guides in-
dividuals to adopt the correct immunization behavior to re-
duce the probability of infection. However, individual be-
havior adoption is a complex process that is influenced not
only by the credibility of social media but also by the risk
sensitivity of the population. For example, when individuals
learn about immunization-related official information they of-
ten make judgments about the information rather than imme-
diately adopt immunization behaviors; this is often influenced
by the credibility of social media. If the credibility of social
media is low, even if individuals know the official informa-
tion they will not adopt the immunization behavior. On the
other hand, individuals’ immunization behavior adoption pro-
cesses are also influenced by the risk sensitivity of the popula-
tion. Individuals who are more sensitive to epidemic risk are
more likely to adopt immunization behaviors to protect them-
selves. For example, during the COVID-19 epidemic some
social media sources had lower credibility and individuals pre-
ferred not to adopt immunization behaviors, which tended to
increase the individual epidemic infection rate. Not only that,
when an epidemic is not severe individuals may be less will-
ing to get vaccinated, but when an epidemic is severe most
individuals tend to choose to be vaccinated. Thus, the im-
munization behavior adoption process is not determined by a
single adoption process, but by multiple aspects. Based on
this phenomenon, we proposed a three-layer coupled model
of information–behavior–epidemic to discuss the interaction
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effect of information diffusion, individual behavior adoption
and epidemic transmission. In particular, we focus on the ef-
fect of credibility of social media and risk sensitivity of the
population on heterogeneity of behavioral adoption. Our re-
sults can provide a reference for exploring the intrinsic con-
nections between official information, immunization behavior
and epidemics in multiple ways.

The framework of this paper is as follows: we describe
our three-layer coupled model with related assumptions in
Section 2. In Section 3, we apply a microscopic Markov chain
approach and derive the threshold of epidemic transmission.
In Section 4, extensive simulations are performed to demon-
strate our theoretical analysis. Finally, in Section 5, our con-
clusions and outlook are summarized.

2. The three-layer coupled model
During the COVID-19 outbreak, social media played an

important role in epidemic control by releasing official infor-

mation in a timely manner. However, even though some in-
dividuals were aware of the official information, they still re-
fused to adopt immunization behaviors. For example, social
media emphasized the importance of vaccines and encouraged
people to get vaccinated in a timely manner, but some individ-
uals do not think that social media can be trusted and thus were
reluctant to adopt immunization behaviors.[51–54] If individu-
als are more sensitive to epidemic risk, they are more likely
to adopt immunization behaviors. In fact, individuals’ behav-
ior adoption is not only influenced by the credibility of social
media but also by individual risk sensitivity to the severity of
the epidemic. To better describe this phenomenon, shown in
Fig. 1, in this section, we propose a three-layer coupled model
including official information diffusion, immunization behav-
ior adoption and epidemic transmission, in which an individ-
ual’s immunization behavior adoption process is determined
by both the credibility of social media and risk sensitivity of
the population to the epidemic.

the credibility of social media

Individual′s risk sensitivity

HERD EFFECT

U individuals

A individuals

 D individuals

K individuals

S individuals

I individuals

(c) Epidemic transmission layer

(b) Immunization behavior adoption layer

(a) Official information diffusion layer 

Fig. 1. Structure of the three-layer UAU–DKD–SIS propagation network framework. In the information transmission layer, the purple circles
represent individuals U who do not know the official information and the yellow circles represent individuals A who know the official information.
In the immunization behavior adoption layer, the blue circles represent individuals D who do not adopt the immunization behavior and the green
circles represent individuals K who adopt the immunization behavior. In the epidemic transmission layer, the pink circles represent susceptible
individuals S and the orange circles represent infected individuals I.

The model assumptions in this paper are given below.
Assumption 1: Official information diffusion process

In the official information diffusion layer, we consider offi-
cial information diffusion represented by social media. In
this layer, the nodes include two states, U (unaware) and A
(aware). When an individual in state U who does not know
the official information comes into contact with a neighbor in
state A who is aware of the official information, the individual
in state U will be informed about the official information with
probability λ , transform to state A, and start to disseminate the
official information. While an individual in state A will forget
the official information or lose interest in the official informa-
tion with probability δ .

Assumption 2: Immunization behavior adoption pro-
cess In the immunization behavior adoption layer, we mainly
consider the adoption of immunization behavior. In this layer,
nodes include two states, K (not adopted) and D (adopted).
We refer to the wearing of masks, getting vaccinated and tak-
ing proper protective measures collectively as immunization
behaviors. Considering the impact of the credibility of social
media and risk sensitivity of the population to the epidemic
on immunization behavior adoption, we define the probability
that individual i in the state K decides to adopt immunization
behavior as

xi(t) = ζ αi(t)+(1−ζ )θi(t), (1)
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where αi(t) is the rate of behavior adoption considering social
media at moment t and θi(t) is the rate of behavior adoption
considering the sensitivity of the epidemic at moment t. We
assume joint influence of the credibility of social media and
risk sensitivity of the population to the epidemic on the im-
munization behavior adoption process. Thus, we use ζ to rep-
resent the number of individuals influenced by the credibility
of mass media in the immunization behavior adoption process
and ζ ∈ [0,1] and 1−ζ to represent the number of individuals
influenced by risk sensitivity of the population to the epidemic
in the immunization behavior adoption process. A larger ζ in-
dicates a greater tendency to be influenced by the credibility
of social media in changing behavior, while a smaller ζ indi-
cates a greater tendency to be influenced by risk sensitivity of
the population to the epidemic in changing behavior. We in-
troduce the Heaviside step function to characterize the effect
of αi(t) and θi(t) on the immunization behavior adoption pro-
cess, and the specific explanations for αi(t) and θi(t) are given
in Assumption 4. As illustrated above, individuals in state D
who have not adopted immunization behavior will adopt im-
munization behavior with probability xi(t). It is worth noting
that in the immunization behavior adoption process, we only
consider an individual’s decision to adopt, and do not consider
behavior transmission between neighbors. In addition, an in-
dividual who adopts immunization behaviors will face immu-
nization failure with probability η .

Assumption 3: Epidemic transmission process In the
epidemic transmission layer, nodes include two states, S (sus-
ceptible) and I (infected). The epidemic transmission process
follows the classical SIS model where a node in state S comes
into contact with a node in state I and will be infected with
probability β , while a node in state I will be cured and return
to state S with probability µ .

Based on Assumptions 1–3, we can conclude that there
are eight node states coupled in the three-layer network,
namely UDS, UDI, UKS, UKI, ADS, ADI, AKS and AKI.
Here, we assume that once a node receives an infection, it
will be informed of the official information as a result of the
treatment and communications of the hospital and then adopt
immunization behaviors. The individuals with three states,
UDI, UKI, AKI, will be transformed into ADI individuals with
probability 1. As a result, we can obtain five valid states: UDS,
UKS, ADS, AKS and ADI.

Assumption 4: Influence of official information diffu-
sion and epidemic transmission on immunization adoption
behavior considering the credibility of social media and
risk sensitivity of the population to epidemic In this paper,
we focus on the heterogeneity of individuals when engaging in
adoption behavior based on the coupled influence of informa-
tion and the epidemic. The credibility of social media and risk
sensitivity of the population to the epidemic are mainly consid-

ered. Here, we consider a Heaviside step function to describe
the immunization behavior adoption process, i.e., F(x) = 0, if
x≥ 0, and F(x) = 1, if x < 0.

We hypothesize that individuals’ behavior adoption is
firstly related to the credibility of social media. In real life,
many individuals often choose to disbelieve official informa-
tion because of the lower credibility of social media. For ex-
ample, in the early stages of the COVID-19 epidemic, many
social media sources promoted the importance of immuniza-
tion, but there were still individuals who refused to adopt im-
munization behaviors due to the lower credibility of social me-
dia. Also, when the credibility of social media is low, individ-
uals tend to worry about unknown negative impacts of immu-
nization behaviors on health, which also affects individuals’
adoption of immunization behaviors. In addition, due to herd
mentality, individuals are often reluctant to adopt immuniza-
tion behaviors when they are surrounded by fewer neighbors
who choose to adopt. Therefore, considering the credibility of
social media, we calculate the behavior adoption rate αi(t) as

αi(t) = α0F

[
m−

∑
N
j=1 ai jPA

j (t)

k1
i

]
, (2)

where ∑
N
j=1 ai jPA

j (t)/k1
i denotes the proportion of individuals

who know the official information among the neighbors j of
node i at moment t, m represents the credibility of social me-
dia, m ∈ [0,1], with a larger m indicating lower credibility of
social media, α0 is the initial behavior adoption rate under the
influence of the diffusion process of official information, αi j

are the adjacency matrices that support the official information
diffusion process, k1

i denotes the degree of node i in the offi-
cial information diffusion layer and PA

j (t) is the probability
that individual j is in state A at moment t. When m = 1, social
media is completely untrustworthy, and at this point no matter
how many neighbors around the individual believe the official
information, the individual will not adopt the immunization
behavior. When m = 0, social media is completely trustworthy
and at this point individuals will adopt immunization behavior
with probability α0. When 0 < m < 1, as the proportion of
individuals’ neighbors who believe the official information in-
creases and reaches a certain adoption threshold m, individuals
will choose to adopt immunization behavior with probability

α0. Specifically, F [m− ∑
N
j=1 ai jPA

j (t)

k1
i

] = 0, if m− ∑
N
j=1 ai jPA

j (t)

k1
i

≥

0, and F [m− ∑
N
j=1 ai jPA

j (t)

k1
i

] = 1, if m− ∑
N
j=1 ai jPA

j (t)

k1
i

< 0.
In addition, we hypothesize that an individual’s behav-

ior adoption is also related to risk sensitivity of the population
to the epidemic. When individuals have a high sensitivity to
the severity of the epidemic they tend to stay alert and will
adopt immunization behaviors. In contrast, individuals with a
low sensitivity to the epidemic’s severity are more likely not
to adopt immunization behaviors by ignoring the prevalence
of the epidemic. Therefore, considering the risk sensitivity of
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the population to the epidemic, we surmise that the behavior
adoption rate θi(t) is

θi(t) = θ0F

[
π−

∑
N
j=1 ci jPI

j(t)

k2
i

]
, (3)

where π represents the risk sensitivity of the population to
the epidemic, π ∈ [0,1], which is used to describe the macro-
scopic perception of the epidemic by individuals at the level
of society, rather than the heterogeneity of perception of the
epidemic by different individuals. A larger π indicates that
individuals are more sensitive to epidemic severity and less
likely to adopt rumor-related behaviors. ci j are the adja-
cency matrices that support the epidemic transmission process,
∑

N
j=1 ci jPI

j(t)/k2
i denotes the proportion of infected individu-

als among the neighbors j of node i at moment t, θ0 is the
initial rate of behavior adoption under the influence of the epi-
demic transmission process, k2

i denotes the degree of node i
in the epidemic transmission layer and PI

j(t) is the probabil-
ity that individual j is in state I at moment t. When π = 0,
the individual is completely insensitive to the risk of the epi-
demic, and the individual does not adopt immunization be-
havior regardless of the number of neighbors around the in-
dividual who are infected. When π = 1, individuals are ex-
tremely sensitive to the risk of an epidemic, and at this point
individuals will adopt immunization behavior with probability
θ0. When 0 < π < 1, as the proportion of infected individuals
in an individual’s neighborhood increases and reaches a cer-
tain adoption threshold of risk awareness π , individuals will
choose to adopt immunization behaviors with probability θ0.

Specifically, F [π− ∑
N
j=1 ci jPI

j(t)

k2
i

] = 0, if π− ∑
N
j=1 ci jPI

j(t)

k2
i

≥ 0, and

F [π− ∑
N
j=1 ci jPI

j(t)

k2
i

] = 1, if π− ∑
N
j=1 ci jPI

j(t)

k2
i

< 0.

Assumption 5: Coupling effect of the immunization
behavior adoption layer on the epidemic transmission
layer We hypothesized that an individual’s infection rate in
the epidemic transmission layer is influenced by the joint in-
fluence of the official information diffusion layer and the im-
munization behavior adoption layer.

Individual behavioral patterns often play a major role in
infection rates in epidemics. Individuals who do not adopt im-
munization behaviors tend to have a higher infection rate. In
addition, when individuals know the official information, they
tend to take certain precautions to prevent themselves from
getting infected more often than people who do not know the
official information. Therefore, we assumed that the infection
rates of UKS and AKS individuals is β UKS and β AKS, respec-
tively, are

β
UKS = γUKSβ , β ∈ [0,1],

β
AKS = γAKSβ , β ∈ [0,1],

where γUKS and γAKS represent the influence of the UKS and
AKS individuals on the infection rate and β is the underlying
infection rate independent of other factors.

In addition, we assume that UDS individuals have a lower
infection rate than UKS and AKS individuals because they
adopt immunization behaviors. Therefore, we assume that the
infection rate of UDS individuals is β UDS AKS individuals is
β UKS and β AKS, respectively, are

β
UDS = γUDSβ , β ∈ [0,1],

where γUDS characterizes the influence of the UDS individuals
on the infection rate.

Finally, we hypothesized that ADS individuals tend to re-
inforce some self-protection due to their knowledge of official
information, and their infection rate at the epidemic level is
relatively lower than that of UDS individuals. Therefore, we
hypothesized that the infection rate of ADS individuals would
be

β
ADS = γADSβ , β ∈ [0,1],

where γADS represents the influence of the ADS individuals on
the infection rate.

We assume that the infection rate of an individual is
mainly influenced by behavior adoption and, to a lesser extent,
by the receipt of information, thus γUDS ≤ γAKS, and that both
the adoption of immunization behavior and knowledge of of-
ficial information reduces the risk of infection at the epidemic
transmission layer, thus γAKS ≤ γUKS. Specifically, an individ-
ual has the smallest infection rate if s/he adopts immunization
behavior and is aware of official information, while s/he has
the highest infection rate if s/he neither adopts immunization
behavior nor is aware of official information. Moreover, since
behavior has a greater effect on the infection rate than informa-
tion, we consider that individuals who know the official infor-
mation but do not adopt immunization behavior have a higher
infection rate than those who do not know the information but
adopt immunization behavior. In summary, the influencing pa-
rameters satisfy γADS ≤ γUDS ≤ γAKS ≤ γUKS. In addition, in
this paper, we argue that an individual’s state in the immuniza-
tion behavior adoption layer has a direct effect on the epidemic
transmission process, while an individual’s state in the infor-
mation diffusion layer influences their immunization behavior
adoption process and then affects the epidemic transmission
process indirectly. Therefore, to simplify the model, we let
γAKS = γUKS = 1, γUDS = ϕ and γADS = ϕ2, and then we have
β A = ϕβU = ϕ2β K = ϕ2β . The simplified parameters are as
follows:

β
X =


β , X = UKS and AKS,
ϕβ , X = UDS,
ϕ2β , X = ADS,

(4)
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where X ∈ {UKS,AKS,UDS,ADS}. ϕ is used to characterize
the attenuation factor of the infection rate in individuals with
different status, ϕ ∈ [0,1].

Based on the above discussion, we can obtain the propa-
gation model of the three-layer network as follows:

(i) Official information diffusion

UDS λ−→ ADS, UKS λ−→ AKS,

ADS δ−→ UDS, AKS δ−→ UKS.

(ii) Immunization behavior adoption

UDS
xi−→ UKS, ADS

xi−→ AKS,

UKS
η−→ UDS, AKS

η−→ ADS.

(iii) Epidemic transmission

UDS
ϕβ−→ ADI, UKS

β−→ ADI,

ADS
ϕ2β−→ ADI, AKS

β−→ ADI, ADI
µ−→ ADS.

3. The theoretical analysis
3.1. Probability transition tree and equations

Let ai j, bi j and ci j denote the adjacency matrices that
support the official information diffusion process, immu-
nization behavior adoption process and epidemic transmis-
sion process, respectively. Any individual has five over-
all states (UDS, UKS, ADS, AKS, ADI) and the probabil-
ity of node i being in the five states at time t is assumed
to be PUDS

i (t), PUKS
i (t), PADS

i (t), PAKS
i (t), and PADI

i (t), re-
spectively, satisfying the normalization condition PUDS

i (t) +
PUKS

i (t)+PADS
i (t)+PAKS

i (t)+PADI
i (t) = 1. We use ri(t) to

represent the probability of node i not being informed by any
neighbor at time t, αi(t) to represent the probability of node i
not adopting immunization behavior at time t due to the credi-
bility of social media, θi(t) to represent the probability of node
i not adopting immunization behavior at time t due to the risk
sensitivity of the population to epidemic, xi(t) to represent the
probability of node i not adopting immunization behavior at
time t, qU

i (t) to represent the probability of a UDS node not
being infected by any neighbor at time t, qK

i (t) to represent
the probability of a UKS and AKS node not being infected by
any neighbor at time t and qA

i (t) to represent the probability
of a ADS node not being infected by any neighbor at time t,
respectively. We obtain the following:

ri(t) = ∏
j

[
1−a jiPA

j (t)λ
]
, (5)

αi(t) = α0F

[
m−

∑
N
j=1 ai jPA

j (t)

k1
i

]
, (6)

θi(t) = θ0F

[
π−

∑
N
j=1 ci jPI

j(t)

k2
i

]
, (7)

xi(t) = ζ αi(t)+(1−ζ )θi(t), (8)

qU
i (t) = ∏

j

[
1− c jiPADI

j (t)β U], (9)

qK
i (t) = ∏

j

[
1− c jiPADI

j (t)β K], (10)

qA
i (t) = ∏

j

[
1− c jiPADI

j (t)β A], (11)

where PA
j (t) = PADS

j (t)+PAKS
j (t) and PI

j(t) = PADI
j (t).

According to the scheme in Fig. 2, the microscopic
Markov chain approach[55,56] for each state can be proposed
as follows:

PUDS
i (t +1) = PUDS

i (t)ri(t)xi(t)qU
i (t)+PUKS

i (t)ri(t)ηqU
i (t)

+PADS
i (t)δxi(t)qU

i (t)+PAKS
i (t)δηqU

i (t), (12)

PUKS
i (t +1) = PUDS

i (t)ri(t)[1− xi(t)]qK
i (t)

+PUKS
i (t)ri(t)(1−η)qK

i (t)

+PADS
i (t)δ [1− xi(t)]qK

i (t)

+PAKS
i (t)δ (1−η)qK

i (t), (13)

PADS
i (t +1) = PUDS

i (t)[1− ri(t)]xi(t)qA
i (t)

+PUKS
i (t)[1− ri(t)]ηqA

i (t)

+PADS
i (t)(1−δ )xi(t)qA

i (t)

+PAKS
i (t)(1−δ )ηqA

i (t)+PADI
i (t)µ, (14)

PAKS
i (t +1) = PUDS

i (t)[1− ri(t)][1− xi(t)]qK
i (t)

+PUKS
i (t)[1− ri(t)](1−η)qK

i (t)

+PADS
i (t)(1−δ )[1− xi(t)]qK

i (t)

+PAKS
i (t)(1−δ )(1−η)qK

i (t), (15)

PADI
i (t +1) = PUDS

i (t)ri(t)

×
{

xi(t)[1−qU
i (t)]+ [1− xi(t)][1−qK

i (t)]
}

+PUDS
i (t) [1− ri(t)]

×
{

xi(t)[1−qA
i (t)]+ [1− xi(t)][1−qK

i (t)]
}

+PUKS
i (t)ri(t)

×
{

η [1−qU
i (t)]+(1−η)[1−qK

i (t)]
}

+PUKS
i (t) [1− ri(t)]

×
{

η [1−qA
i (t)]+(1−η)[1−qK

i (t)]
}

+PADS
i (t)δ

×
{

xi(t)[1−qU
i (t)]+ [1− xi(t)][1−qK

i (t)]
}

+PADS
i (t)(1−δ )

×
{

xi(t)[1−qA
i (t)]+ [1− xi(t)][1−qK

i (t)]
}

+PAKS
i (t)δ

×
{

η [1−qU
i (t)]+(1−η)[1−qK

i (t)]
}

+PAKS
i (t)(1−δ )

×
{

η [1−qA
i (t)]+(1−η)[1−qK

i (t)]
}

+PADI
i (t)(1−µ). (16)
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Fig. 2. The probability transmission trees for five possible states (including UDS, UKS, ADS, AKS, and ADI).

3.2. Critical epidemic threshold of the system

Using the transformation equations derived from the
probability transmission tree above, we can summarize the
epidemic threshold βc of the model. When the system tends
to a steady state, we can obtain that Pi(t + 1) = Pi(t) = Pi

holds for any node i and all possible states. The number of
infected individuals in the system approaches 0 near the epi-
demic threshold, that is, PI

i = PADI
i = εi � 1. Accordingly,

equations (9), (10) and (11) can be approximated as

qU
i (t)=∏

j
[1−c jiPADI

j (t)β U]≈1−β
U
∑

j
c jiε ji=1−ϕσi, (17)

qK
i (t)=∏

j
[1−c jiPADI

j (t)β K]≈1−β
K
∑

j
c jiε ji=1−σi, (18)

qA
i (t)=∏

j
[1−c jiPADI

j (t)β A]≈1−β
A
∑

j
c jiε ji=1−ϕ

2
σi, (19)

where

σi = β ∑
j

c jiε ji, (20)

and equation (16) in the steady state becomes

εi = (1−µ)εi +PUDS
i

{
ri [xiϕσi +(1− xi)σi]

+(1− ri)
[
xiϕ

2
σi +(1− xi)σi

]}
+PUKS

i (t)
{

ri [ηϕσi +(1−η)σi]

+(1− ri)
[
ηϕ

2
σi +(1−η)σi

]}
+PADS

i (t)
{

δ [xiϕσi +(1− xi)σi]

+(1−δ )
[
xiϕ

2
σi +(1− xi)σi

]}
+PAKS

i (t)
{

δ [ηϕσi +(1−η)σi]

+(1−δ )
[
ηϕ

2
σi +(1−η)σi

]}
. (21)

This is equivalent to

µεi = PUDS
i ϕσi +PADS

i ϕ
2
σi +

(
PUKS

i +PAKS
i

)
σi. (22)

Since PI
i = PADI

i = εi� 1, similarly, removing O(εi) terms in
the stationary state of Eqs. (12)–(15) we get

PUDS
i = PUDS

i rixi +PUKS
i riη +PADS

i δxi +PAKS
i δη , (23)

PUKS
i (t +1) = PUDS

i ri (1− xi)+PUKS
i ri(1−η)

+PADS
i δ (1− xi)+PAKS

i δ (1−η), (24)

PADS
i = PUDS

i (1− ri)xi +PUKS
i (1− ri)η

+PADS
i (1−δ )xi +PAKS

i (1−δ )η , (25)

PAKS
i = PUDS

i (1− ri)(1− xi)+PUKS
i (1− ri)(1−η)

+PADS
i (1−δ )(1− xi)+PAKS

i (1−δ )(1−η). (26)

Substituting PUDS
i (t)+PUKS

i (t)+PADS
i (t)+PAKS

i (t) = 1 into
Eq. (19) leads to

εi = (1−µ)εi +PUDS
i ϕσi +PADS

i ϕ
2
σi +

(
PUKS

i +PAKS
i

)
σi

= (1−µ)εi

+
[
PUDS

i ϕ +PADS
i ϕ

2 +
(
PUKS

i +PAKS
i

)]
β ∑

j
c jiε ji, (27)
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which can be written as

∑
j
{[1−PUDS

i (1−ϕ)−PADS
i (1−ϕ

2)]c ji−
µ

β
}ε j = 0. (28)

Let h ji = [1−PUDS
i (1−ϕ)−PADS

i (1−ϕ2)]c ji, and C = [c ji],
so

h ji = [1−PUDS
i (1−ϕ)−PADS

i (1−ϕ
2)]C, (29)

where the maximum eigenvalue of matrix H is a non-
microscopic solution of Eq. (28) and the threshold of the epi-
demic is determined by the maximum eigenvalue of matrix H,

β
U
c =

µ

Λmax(H)
, (30)

where Λmax(H) is the maximum eigenvalue of matrix H, and
matrix H depends on the solutions of Eqs. (23) and (25), which
are also solved by iteration.

4. The numerical simulations
In this section, we perform a number of simulations to

validate the applicability of our proposed model. We mainly
describe the role of different parameters by discussing the epi-
demic outbreak threshold βc and the final number of infected
individuals ρ I. Here, we assume a three-layer scale-free net-
work including 3000 nodes in each layer, where the number of
edges to attach from a new node to existing nodes is 6. Each
point in the figures of size 40× 40 is obtained by 50 simu-
lations. For simplicity, we assume θ0 = α0. In addition, the
initial numbers of nodes A, K, and I were each assumed to be
0.1. In order to make the simulation data more reliable, the
parameter settings in this paper are based on the references
shown in Table 1.

Table 1. Definition of parameters and related references.

Parameter Definition References

λ The rate of diffusion of official information [22,26,28]
δ The rate of forgetting official information [22,24–26]

α0
The initial behavior adoption rate under the

[32–34,46,57]
influence of the diffusion of official information

θ0
The initial behavior adoption rate under the

[32–34,46,57]
influence of the epidemic transmission process

m The credibility of social media [32,34,37]

π
The risk sensitivity of the population

[33,34,39]
to the epidemic

The weight of individuals influenced
ζ by the credibility of mass media in the [41–43]

immunization behavior adoption process

η The immunization failure rate [41–43,46]
β The epidemic transmission rate [22–25]
ϕ The attenuation factor of the infection rate [22,24,27]
µ The epidemic recovery rate [22–25]

We first discuss the effect of the credibility of social me-
dia m on the final number of infected individuals ρ I for dif-
ferent information diffusion rates λ in Fig. 3. As we hypothe-
sized in Eq. (2), a larger m indicates a lower credibility of so-
cial media. Therefore, we can see from the figure that the final
number of infected individuals increases as m increases, while
the epidemic threshold βc exhibits a two-stage change as m in-
creases. When m is small, changing m has little effect on the
epidemic threshold, and when m is large the epidemic thresh-
old gradually decreases as m increases. It is worth noting that
at this point only two variables, m and β , are available and all
other variables are fixed. In addition, the epidemic threshold
βc increases and the final number of infected individuals ρ I

decreases as the information diffusion rate λ increases. In real
life, the phenomenon of social governance chaos caused by the
public’s loss of trust in social media occurs from time to time.
Therefore, in the prevention and control of an epidemic, social
media should build a credible social image and at the same
time increase efforts to publish and diffuse the official infor-
mation, which increases the epidemic transmission threshold
and effectively reduces the chances of epidemic outbreaks.
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Fig. 3. The influence of β and m on ρ I. λ is set as follows: (a) λ = 0.2,
(b) λ = 0.5, (c) λ = 0.8. Other parameters are set to be α0 = 0.4, δ = 0.6,
η = 0.4, µ = 0.8, ϕ = 0.5, π = 0.5, ζ = 0.5.
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Fig. 4. The ρ I as a function of β for different values of m. Other param-
eters are set as follows: λ = 0.5, α0 = 0.4, δ = 0.6, η = 0.5, µ = 0.8,
ϕ = 0.5, π = 0.5, ζ = 0.5.
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In Fig. 4, we further discuss the effect of the credibility of
social media on the epidemic threshold βc. The trend between
the different lines similarly illustrates that that for smaller m
(high credibility of social media), the epidemic threshold in-
creases significantly and the final number of infected indi-
viduals decreases, which is consistent with our conclusion in
Fig. 3. It is worth noting that increasing trust in social media
can be effective in curbing epidemic transmission. For β > βc,
when epidemic transmission is out of control, as β increases
the credibility of the media has little impact on the final num-
ber of infected individuals. At this moment, the government’s
control policy should focus more on control of physical con-
tact rather than the diffusion of information via social media.
Therefore, in the embryonic stage of disease transmission, in-
creasing the credibility of social media is to a certain extent
important for controlling epidemic transmission.

In Fig. 5, we analyze the effect of risk sensitivity of the
population to the epidemic on the final number of infected in-
dividuals ρ I for different information diffusion rates λ . As we
can see in Fig. 5(a), as the risk sensitivity of the population
π increases, the epidemic threshold βc decreases and the final
number of infected individuals ρ I increases. It is worth noting
that at this point only two variables, π and β , are available and
all other variables are fixed. Similarly, the same can be ob-
served in Figs. 5(b) and 5(c). The reason for this phenomenon
is that as π increases, individuals become more sensitive to
risk and therefore are more likely to be aware of the threat of
the epidemic and thus adopt immunization behaviors. More-
over, by comparing the different subplots, we find that the final
number of infected individuals keeps increasing as the infor-
mation diffusion rate decreases, especially for smaller π . This
shows that increasing the awareness of the population about
the importance of taking precautions and always maintaining
good immunization behaviors can facilitate the epidemic con-
trol process.

To more clearly illustrate the impact of risk sensitivity of
the population to the epidemic on the epidemic threshold, we
show the changes of ρ I under different β and π in Fig. 6. We
can observe a more pronounced two-stage effect: increasing
π has a strong effect on raising the epidemic threshold, while
for β > βc the impact of increasing risk sensitivity of the pop-
ulation to the epidemic on the epidemic threshold gradually
diminishes and increasing π still reduces the final number of
infected individuals. For the different colored lines in Fig. 6,
the variables are also only π and β . This likewise suggests
that, within the controllable range of epidemic transmission,
increasing risk sensitivity of the population to the epidemic
facilitates raising the epidemic threshold. Therefore, the gov-
ernment should strengthen science education and raise the risk
sensitivity of the population to the epidemic, which plays an
essential role in epidemic control. In addition, it is important

for individuals to maintain a state of moderate tension in the
face of epidemic transmission so that they can take effective
measures to reduce their risk.

1.0

0.8

0.6

0.4

0.2

0

π

(a) λ=0.2 ρI

0.8

0.6

0.4

0.2

0
0 0.2 0.4 0.6 0.8 1.0

β

1.0

0.8

0.6

0.4

0.2

0

π

(b) λ=0.5 ρI

0.8

0.6

0.4

0.2

0
0 0.2 0.4 0.6 0.8 1.0

β

1.0

0.8

0.6

0.4

0.2

0

π

(c) λ=0.8 ρI

0.8

0.6

0.4

0.2

0
0 0.2 0.4 0.6 0.8 1.0

β

Fig. 5. The influence of β and π on ρ I. λ is set as follows: (a) λ = 0.2,
(b) λ = 0.5, (c) λ = 0.8, from left to right. Other parameters are set to be
α0 = 0.4, δ = 0.6, η = 0.6, µ = 0.8, ϕ = 0.5, m = 0.5, ζ = 0.5.
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Fig. 6. The ρ I as a function of β for different values of π . Other param-
eters are set as follows: λ =0.5, α0 = 0.4, δ = 0.6, η = 0.6, µ = 0.8,
ϕ = 0.5, m = 0.5, ζ = 0.5.

Subsequently, we focus on exploring the effect of differ-
ent epidemic attenuation factors ϕ on the final number of in-
fected individuals. By comparing Figs. 7(a)–7(c) we can see
that the reduction of ϕ has a beneficial effect on epidemic con-
trol. As ϕ decreases, the adoption of immunization measures
intensifies, which in turn reduces the infection rate. There-
fore, during epidemic transmission people should strengthen
their self-protection, raise their awareness of self-prevention
and take more effective measures to prevent disease, measures
which have a high inhibitory effect on the spread of infectious
diseases.

Next, we demonstrate the impact of different epidemic at-
tenuation factors ϕ on the epidemic threshold in Fig. 8. Unsur-
prisingly, increase in ϕ will lead to expansion of the epidemic,
the same conclusion as in Fig. 7. What’s more, the influence of
ϕ on the final number of infected individuals is gradually de-
creasing. Therefore, the government can control the epidemic
by encouraging people to adopt good protective measures.
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Fig. 7. The influence of β and π on ρ I. ϕ is set as follows: (a) ϕ = 0.2,
(b) ϕ = 0.5, (c) ϕ = 0.8. Other parameters are set to be λ = 0.5, α0 = 0.4,
δ = 0.6, η = 0.5, µ = 0.8, m = 0.5, ζ = 0.5.
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Fig. 8. The ρ I as a function of β for different values of ϕ . Other param-
eters are set as follows: λ = 0.5, α0 = 0.4, δ = 0.6, η = 0.4, µ = 0.8,
m = 0.5, π = 0.5, ζ = 0.5.

In Fig. 9, we investigate the effect of behavior adoption
preference on the final number of infected individuals, where
a larger ζ represents a greater tendency for individuals to be
influenced by the information layer and choose to adopt immu-
nization behavior. As can be seen from Fig. 9, the epidemic
threshold increases and the final number of infected individu-
als decreases as ζ increases. The reason for this phenomenon
is that for larger ζ individuals adopt immunization behavior
when there are sufficient neighborhoods that know the offi-
cial information, while for smaller ζ individuals only adopt
immunization behavior when the epidemic outbreak reaches
a certain level. Thus, when ζ is small individuals pay more
attention to effects originating from the information diffusion
layer, and when ζ is large individuals pay more attention to ef-
fects originating from the epidemic transmission layer. In this
regard, relevant managers should aim to diffuse official infor-
mation in a timely manner at the early stage of the epidemic to
raise individuals’ awareness, and also make a great effort af-
ter the outbreak to increase people’s perception of danger and
encourage them to adopt immunization behaviors, which is a

good reference for epidemic control. Furthermore, by com-
paring Figs. 9(a)–9(c), we can see that epidemic transmission
is well suppressed with increasing α0. Therefore, when faced
with immunization behavior, individuals should also maintain
good self-judgment, improve their own hygiene and actively
choose to adopt the right behavior, which is also conducive to
the control of the epidemic.
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Fig. 9. The influence of β and ζ on ρ I. α0 is set as follows: (a) α0 = 0.2,
(b) α0 = 0.5, (c) α0 = 0.8. Other parameters are set to be λ = 0.2,
δ = 0.6, η = 0.5, µ = 0.8, ϕ = 0.5, m = 0.5, π = 0.5.

1.0

0.8

0.6

0.4

0.2

0

m

ρI

0 0.2 0.4 0.6 0.8 1.0

π

.

.

.

.

.

.

.



Fig. 10. The influence of π and m on ρ I. Other parameters are set to be
λ =0.5, α0 =0.4, δ =0.6, η = 0.5, µ = 0.8, ϕ = 0.5, β = 0.5, ζ = 0.5.

Finally, to investigate the joint effect of the credibility
of social media m and risk sensitivity of the population to
epidemic π on the final number of infected individuals ρ I,
we perform the simulations shown in Fig. 10. We explore
the effect of individual heterogeneity in the information diffu-
sion layer and individual heterogeneity in the epidemic trans-
mission layer on adoption of immunization behavior. When
the effect of the credibility of social media is not considered
(m = 0), the two-stage effect of π occurs at about 0.225. As
m increases (credibility of social media decreases), the epi-
demic threshold gradually decreases. In addition, when the
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risk sensitivity of the population to the epidemic is not consid-
ered (π = 1) the two-stage effect of m occurs at around 0.425.
As π decreases (an individual’s risk sensitivity decreases), the
epidemic threshold gradually decreases. What’s more, the re-
sults show that increasing π makes a more significant contri-
bution to epidemic control than decreasing m. In reality, fac-
ing limited resources for fighting epidemics, should put more
effort into epidemic control rather than a single propaganda
source for official information.

5. Conclusion
In this paper we propose a three-layer coupled model that

considers the influence of official information diffusion and
adoption of immunization behavior on epidemic transmission.
Behavior adoption by individuals is influenced by both the of-
ficial information diffusion layer and the epidemic transmis-
sion layer, and individual heterogeneity in behavior adoption
is related to the credibility of social media and the risk sensi-
tivity of the population to epidemic. We investigated the in-
fluence of the factors described by the model, focussing on
epidemic transmission dynamics and the epidemic threshold,
by using the microscopic Markov chain approach. At the same
time, we conducted a large number of simulations to demon-
strate the feasibility and realism of our model. Through this
research we found that increasing the credibility of social me-
dia can raise the epidemic transmission threshold, which has
an important impact in increasing the epidemic transmission
threshold and effectively reducing the chances of epidemic
outbreaks. In addition, increasing the risk sensitivity of the
population to an epidemic is equally beneficial in epidemic
prevention and can reduce the number of infected individuals
and delay epidemic outbreak. At this stage of COVID-19 de-
velopment, due to low risk sensitivity of the population to the
epidemic and lack of knowledge about COVID-19, many peo-
ple may simply regard some symptoms as a common cold and
not choose to go for further treatment, which in turn hinders
epidemic control. Therefore, increasing the ability of individu-
als to perceive risks and encouraging them to adopt immuniza-
tion behaviors can reduce the size of an epidemic. The optimal
control of an epidemic can be achieved by understanding the
coupling effects of multiple factors.
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