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Abstract During epidemic outbreaks, there are var-

ious types of information about epidemic prevention

disseminated simultaneously among the population.

Meanwhile, the mass media also scrambles to report

the information related to the epidemic. Inspired by

these phenomena, we devise a model to discuss the

dynamical characteristics of the co-evolution spread-

ing of multiple information and epidemic under the

influence of mass media. We construct the co-evolution

model under the framework of two-layered networks

and gain the dynamical equations and epidemic crit-

ical point with the help of the micro-Markov chain

approach. The expression of epidemic critical point

show that the positive and negative information have

a direct impact on the epidemic critical point. More-

over, the mass media can indirectly affect the epidemic

size and epidemic critical point through their interfer-

ence with the dissemination of epidemic-relevant infor-

mation. Though extensive numerical experiments, we

examine the accuracy of the dynamical equations and

expression of the epidemic critical point, showing that

the dynamical characteristics of co-evolution spread-
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ing can be well described by the dynamic equations

and the epidemic critical point is able to be accurately

calculated by the derived expression. The experimen-

tal results demonstrate that accelerating positive infor-

mation dissemination and enhancing the propaganda

intensity of mass media can efficaciously restrain the

epidemic spreading. Interestingly, the way to acceler-

ate the dissemination of negative information can also

alleviate the epidemic to a certain extent when the pos-

itive information hardly spreads. Current results can

provide some useful clues for epidemic prevention and

control on the basis of epidemic-relevant information

dissemination.

Keywords Epidemic spreading · Information

dissemination · Two-layered networks · Mass media ·

MMC approach

1 Introduction

Varieties of information dissemination channels make

it easier for people to obtain the information. In addi-

tion to the traditional way of disseminating informa-

tion by word of mouth, we can also get information

from online social networks, news websites and tele-

vision stations, to name only a few. The dissemination

of information has an increasingly profound impact on

human society. In general, the epidemic spreading can

trigger epidemic-relevant information to disseminate

among the population [1]. People often make some
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responses to reduce the possibility of infection after

gaining information about the epidemic, such as wash-

ing hand frequently and staying at home. As an exam-

ple, for the COVID-19 (Coronavirus Disease 2019)

[2–6], which is currently spreading globally, a con-

siderable number of people chose to take some self-

protective actions against the epidemic after receiving

the related information [7–9]. Therefore, the dissem-

ination of epidemic-relevant information can have a

certain degree of influence on the epidemic spreading

[10–13]. It is of high importance to explore the char-

acteristics of the co-evolution of epidemics and their

related information in theory and practice [14].

The complex network theory proposed at the end of

the twentieth century provides a brand new avenue to

investigate the epidemic spreading and information dis-

semination [15–18], and a great quantity of researches

on propagation dynamics have been gained under the

framework of complex networks [19–23], but most

of them have studied information dissemination and

epidemic spreading separately [24–26]. For example,

Pastor-Satorras and Vespignani discovered that critical

threshold strikingly approaches zero when the network

size of scale-free networks grows increasingly [27]; Liu

et al. pointed out that networks with community struc-

tures are more conducive to epidemics outbreak than

random networks [28]; Gross et al. indicated that the

dynamic interaction of epidemic spread and network

topology in adaptive networks can increase the epi-

demic threshold [29]. Moreover, Lü et al. concluded

that small-world networks are more favorable for the

information diffusion than random networks under the

effect of social reinforcement [30]; Liu et al. presented

that allowing the information to be diffused among the

wider neighborhood can promote the dissemination of

information [31].

In reality, human self-protective actions gener-

ated by epidemic-relevant information may greatly

change the behavior of epidemics spreading, which has

attracted extensive attention from researchers [32–38].

Funk et al. introduced the effect of epidemic-relevant

awareness in the research of epidemics spreading,

which suggests that the epidemic-relevant awareness is

able to moderate the scale of the infectious disease [39].

Kiss et al. presented an improved SIRS (Susceptible-

Infected-Recovered-Susceptible) model considering the

related information dissemination, in which the effects

of contact-based and population-based information dif-

fusion as well as information attenuation on epidemic

propagation are discussed [40]. It is worth noting

that the network topologies of information dissemina-

tion and epidemic spreading are often different. For

instance, in addition to word of mouth, information

can also be disseminated through online social media,

television, newspapers and so on. Hence, Granell et

al. firstly constructed a two-layered multiplex net-

works to analyze the dynamics of the co-evolution of

epidemic and its related information, which reveals

that information dissemination can suppress the spread

and outbreak of epidemics among the population

[41].

Based on the framework of multi-layered networks,

huge quantities of works have been carried out in recent

years [42–48]. Considering the diversity of informa-

tion communication channels, Granell et al. further dis-

cussed the inhibitory impact of information dissemi-

nation on the spread of SIS-type epidemics under the

influence of mass media [49]. As a further step, Xia

et al. discussed the role of mass media in the spread

of SIR-like epidemics under the framework with two-

layered networks [50]. It is worth noting that both of

the aforementioned research efforts believed that only

one type of epidemic-relevant information is spread

among the population, which means that all individu-

als have the identical view on the prevention of epi-

demics. In practice, however, there is often more than

one point of view on epidemic prevention among the

population, and people may adopt different effects of

self-protective actions based on their views when they

realize the existence of epidemic. Take the COVID-19

as an example, a considerable number of individuals

consider that this epidemic is quite serious and need to

wear masks and maintain a social distance, but some

still think that these self-protective actions are unnec-

essary. Meanwhile, people also often share their opin-

ions with others based on their views on prevention

of COVID-19 through social networks. Furthermore,

during the outbreak of the epidemic, news related to

the epidemic are also the focus of mass media cover-

age. Many people are informed about the epidemic for

the first time through the mass media, but they could

hold different views on these reports and take self-

protective actions with different effects. On one hand,

these reports on the epidemic can prompt individuals to

adopt more effective self-protective actions against the

epidemic. On the other hand, related reports may ren-

der to people think that the media are too much nervous

and it is not necessary to take such serious measures to
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cope with epidemics. The aforementioned differences

in the individual perception of the severity of the epi-

demic and epidemic-relevant reports in the mass media

may change the spreading behavior of the epidemic.

Thus, it is very significant to deeply explore how the

dissemination of multiple epidemic-relevant informa-

tion and the mass media reports affect the epidemic

spreading. In this work, we investigate the dynami-

cal characteristics of the co-evolution spreading of epi-

demics and two types of epidemic-relevant information

under the influence of mass media under the framework

of multiplex network. The main contribution of the cur-

rent work can be summarized as follows.

(1) Based on the two-layered networks framework, we

construct a co-evolution model for the co-evolution

spreading of epidemics and two related information

under the influence of mass media.

(2) We express the proposed co-evolution model into

a mathematical form through micro-Markov chain

(MMC) approach and analytically obtained the

dynamical equations and the expression of the epi-

demic critical point.

(3) We examine the accuracy of the dynamical equa-

tions as well as the epidemic critical point expres-

sion, and discuss some dynamical characteristics of

the proposed co-evolution model through a great

quantity of simulation experiments.

The rest of this paper is structured as follows. Firstly,

the proposed co-evolution model is constructed by

using a framework of two-layered networks in Sect. 2.

Then, the dynamical equations and the epidemic criti-

cal point expressions is analytically obtained with the

help of MMC approach in Sect. 3. Next, though a great

quantity of simulation experiments, the accuracy of the

theoretical results is examined and some dynamical

characteristics of the proposed co-evolution model are

discussed in Sect. 4. Finally, some concluding remarks

are provided in Sect. 5.

2 Model description

In the proposed co-evolution model, we consider the

impact of both two types of epidemic-relevant infor-

mation and the related reports in the mass media on

the epidemics spreading. It should be noted that these

two types of epidemic-relevant information contain

two different views about epidemic prevention. One

Fig. 1 Sketch of the proposed co-evolution model. The informa-

tion dissemination layer indicates the potential information dis-

semination paths, while the epidemics can spread through these

edges in the epidemic propagation layer. In the information dis-

semination layer, there are three states of U (blue dots), V P

(purple dots) and V N (yellow dots). In the epidemic spreading

layer, there are two states of S (green dots) and I (red dots).

(Color figure online)

view is that individuals need to take highly effective

self-protective actions against the epidemic, and we

term the information containing this view as positive

information. Another view is that it is sufficient for

individuals to take self-protective actions with poor

effect against the epidemic, and we name the infor-

mation containing this view as negative information.

Meanwhile, the epidemic spreading can prompt indi-

viduals to take highly effective self-protective actions

against the epidemic and disseminate positive informa-

tion. With the help of the framework of two-layered net-

works, we constructed the co-evolution model as shown

in Fig. 1, which contains three parts: mass media, infor-

mation dissemination layer and epidemic spreading

layer. Before explaining each part of the proposed co-

evolution model in detail, we enumerate the definitions

of some symbols used in the proposed co-evolution

model in Table 1.

As Fig. 1 shows, in the information dissemina-

tion layer, the network topology indicates the poten-

tial information dissemination paths related with epi-

demics (e.g., word of mouth or online social networks).

We make use of an improved SIS epidemic model to

characterize the epidemic-relevant information dissem-

ination, which is called U V P V N U model. There are

three states U , V P and V N in the information dissemi-

nation layer. The state U means that individuals do not

know the epidemic-relevant information, while indi-
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Table 1 Definitions of some symbols used in the proposed co-evolution model

Symbol Definition

N Total number of individuals in the proposed co-evolution model

A Adjacency matrix of the network in the information dissemination layer

B Adjacency matrix of the network in the epidemic spreading layer

ai j Elements of the adjacency matrix A

bi j Elements of the adjacency matrix B

m Probability of an individual with state U S receiving epidemic-relevant information through mass media

η Probability of an individual with state U S taking highly effective self-protective actions due to mass media

κ Probability of an individual with state V N S changing his view on epidemic prevention due to mass media

λP Probability of an individual with state U S receiving positive information from one of his neighbors with state V P S

or V P I

λN Probability of an individual with state U S receiving negative information from one of his neighbors with state V N S

ξ Probability of an individual with state V N S changing his view on epidemic prevention due to one of his neighbors

with state V P S or V P I

δP Forgetting rate of positive information

δN Forgetting rate of negative information

β Epidemic infection rate

ŴP Attenuation factor of β in case of taking highly effective self-protective actions

ŴN Attenuation factor of β in case of taking self-protective actions with poor effect

βU Probability of an individual with sate U S being infected by one of his neighbors with state V P I , βU = β

βP Probability of an individual with sate V P S being infected by one of his neighbors with state V P I , βP = ŴPβ

βN Probability of an individual with sate V N S being infected by one of his neighbors with state V P I , βN = ŴN β

μ Recovery rate of infected individuals

ω Preference of individuals with state U S for negative information, 0 ≤ ω ≤ 1

viduals in states V P and V N represent the dissemina-

tors of positive and negative information, respectively.

These two types of information are often in a com-

petitive relationship in the process of dissemination,

that is, an individual can only recognize one of them

at a time. We assume that when an individual receives

two types of information at the same time, he will give

priority to self-protective actions with poor effect to a

certain extent due to the higher cost of the highly effec-

tive self-protective actions (e.g., time or money). The

possible transitions among three states in the informa-

tion dissemination layer are illustrated in panel (a) of

Fig. 2.

In addition, individuals can also gain epidemic-

relevant information through relevant reports in the

mass media. In general, epidemic-relevant reports

include the severity of the epidemic and some rec-

ommended protective measures. After receiving these

reports about epidemics from the mass media, an indi-

vidual with state U will take appropriate self-protective

Fig. 2 Possible state transitions in the proposed co-evolution

model. Panel a shows the possible state transitions in the infor-

mation dissemination layer. Panel b shows the influence of mass

media on the individual states in the information dissemination

layer. Panel c shows the possible state transitions in the system

when information dissemination and epidemic dissemination are

considered together. In panel c, X S, Y S ∈ {U S, V P S, V N S}
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actions against the epidemic based on their views on

the severity of the epidemic, and further become a dis-

seminator of positive or negative information. More-

over, enhancing the propaganda intensity of the mass

media can encourage individuals with states U to learn

about the epidemics. The individuals with states V N

may also change their views to take highly effective

self-protective actions and become the disseminators of

positive information due to the mass media’s empha-

sis on highly effective prevention. The possible state

transitions of individuals in information dissemination

layer under the caused by mass media are illustrated in

panel (b) of Fig. 2.

In the epidemic propagation layer, the edges between

different nodes represent the mutual contact of indi-

viduals in the real world, and epidemics can spread

through these edges. Each pair of nodes connected by

dotted lines indicate that the same individual is in a

different network. Meanwhile, we assume that all indi-

viduals are involved in epidemic spreading and infor-

mation dissemination. We mainly concentrate on the

impact of different kinds of epidemic-relevant infor-

mation on SIS-type epidemics in the proposed co-

evolution model. Therefore, there are two states in

the epidemic spreading layer: S (Susceptible) and I

(Infected). Moreover, considering the coupling effect

of epidemic spreading and corresponding information,

the individuals in the proposed co-evolution model can

be further divided into four states: V P S, V N S, V P I

and U S. In addition, it is assumed that a susceptible

is infected, he will immediately realize the necessity

of taking highly effective self-protective actions and

become a disseminator of positive information, that is,

the epidemic spreading can prompt positive informa-

tion dissemination by this means. Accordingly, we do

not take the states V N I and U I into account in the

proposed co-evolution model since an infected indi-

vidual will not forget the positive information before

he is cured. The possible state transitions in the epi-

demic spreading layer under the influence of two

types of information are illustrated in panel (c) of

Fig. 2.

3 Dynamical equations and epidemic critical point

Referring to some previous researches, we make use

of MMC approach to further analyze the dynam-

ics of the co-evolution spreading with two types of

epidemic-relevant information and epidemics in this

section. First, the dynamical equations of the proposed

co-evolution model are gained by means of MMC

approach. Then, the epidemic critical point is analyti-

cally acquired by dealing with the dynamical equations.

3.1 Dynamical equations

According to the previous description in Sect. 2, the

state of an individual i may be one of U S, V P S, V N S

and V P I at each time step t , and the correspond-

ing probabilities at these states are set to be PU S
i (t),

PV P S
i (t), PV N S

i (t) and PV P I
i (t), respectively.

Considering that there may be more than one dis-

seminator of positive or negative information among

all neighbors of an individual, we use 1 − r P
i (t) and

1 − r N
i (t) to denote the probability that an individual

with state U S receives positive and negative informa-

tion, respectively, where r P
i (t) and r N

i (t) can be repre-

sented as
⎧

⎪

⎨

⎪

⎩

r P
i (t) =

∏

j

[

1 − a j i (PV P I
j (t) + PV P S

j (t))λP

]

r N
i (t) =

∏

j

[

1 − a j i PV N S
j (t)λN

] .(1)

It is worth noting that an individual will only accept

one view when he receives both positive and negative

information. Therefore, we further introduce 
P
i (t)

and 
N
i (t) to express the probability that an individ-

ual with state U S agrees with the views in positive and

negative information, respectively. Moreover, 
U
i (t)

is used to represent that an individual with state U S

does not receive both types of information. Henceforth,


U
i (t), 
P

i (t) and 
N
i (t) can be defined as

⎧

⎪

⎨

⎪

⎩


U
i (t) = r P

i (t)r N
i (t)


P
i (t) = 1 − r P

i (t) − ω(1 − r P
i (t))(1 − r N

i (t))


N
i (t) = 1 − r N

i (t) − (1 − ω)(1 − r P
i (t))(1 − r N

i (t))

.

(2)

An individual with status V N S can be affected by

the disseminators of positive information in his neigh-

bors to change his view of epidemic prevention and take

highly effective self-protective actions, and the corre-

sponding probability can be written as

s P
i (t) =

∏

j

[

1 − a j i (PV P I
j (t) + PV P S

j (t))ξ
]

. (3)

Similarly, in the epidemic spreading layer, all infec-

tive neighbors of a susceptible individual may spread
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Fig. 3 State transition trees for the proposed co-evolution model.

The root and leaf nodes of each tree represent the possible states

of an individual at present and next time step, respectively. The

parameters marked on the branches of each tree indicate the tran-

sition probabilities. In each panel, the first layer and the second

layer represent the role of mass media and epidemic-relevant

information dissemination in the states transition, and the third

layer indicates the state transitions in the epidemic transmission

layer under the influence of two types of epidemic-relevant infor-

mation

the epidemic to him. Hence, the probabilities that indi-

viduals with states V P S, V N S and U S are not infected

by all their neighbors with states V P I are represented

as
⎧

⎪

⎪

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎪

⎪

⎩

q P
i (t) =

∏

j

[

1 − b j i PV P I
j (t)βP

]

q N
i (t) =

∏

j

[

1 − b j i PV P I
j (t)βN

]

qU
i (t) =

∏

j

[

1 − b j i PV P I
j (t)βU

]

. (4)

In order to depict the transitions between each state

more clearly, we establish the state transition trees for

the proposed co-evolution model in Fig. 3. In each panel

of Fig. 3, the root node of a state transition tree char-

acterizes the individual state at the present time step

t , and the leaf nodes represent their possible states at

the next time step. Afterwards, we can construct the

dynamical equations for each individual in the pro-

posed co-evolution model in light of the state transi-

tion trees as Eq. (5). Obviously, there are total 4 ∗ N

equations in Eq. (5). All these equations are used to cal-

culate the probability that individual i may be in each

state at the next time step (PV P I
i (t + 1), PV P S

i (t + 1),

PV N S
i (t +1), PU S

i (t +1)), which are based on the cur-

rent state (PV P I
i (t), PV P S

i (t), PV N S
i (t), PU S

i (t)) and

the corresponding probability.
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⎪

⎪

⎪

⎪

⎩

PV P I
i (t + 1) = PU S

i (t)
{


U
i (t)

[

(1 − m)(1 − qU
i (t))

+ mη(1 − q P
i (t))

+ m(1 − η)(1 − q N
i (t))

]

+ 
P
i (t)

[

1 − q P
i (t)

]

+ 
N
i (t)

[

κ(1 − q P
i (t))

+ (1 − κ)(1 − q N
i (t))

]

}

+ PV P S
i (t)

{

δP

[

(1 − m)(1 − qU
i (t))

+ mη(1 − q P
i (t))

+ m(1 − η)(1 − q N
i (t))

]

+ (1 − δP )
[

1 − q P
i (t)

]

}

+ PV N S
i (t)

{

δN

[

(1 − m)(1 − qU
i (t))

+ mη(1 − q P
i (t))

+ m(1 − η)(1 − q N
i (t))

]

+ (1 − δN )
[

1 − s P
i (t)

][

1 − q P
i (t)

]

+ (1 − δN )s P
i (t)

[

κ(1 − q P
i (t))

+ (1 − κ)(1 − q N
i (t))

]

}

+ PV P I
i (t)

{

δP

[

(1 − m)(1 − μ)

+ mη(1 − μ) + m(1 − η)(1 − μ)
]

+ (1 − δP )(1 − μ)

}

PV P S
i (t + 1) = PU S

i (t)
[


U
i (t)mηq P

i (t)

+ 
P
i (t)q P

i (t) + 
N
i (t)κq P

i (t)
]

+ PV P S
i (t)

[

δP mηq P
i (t)

+ (1 − δP )q P
i (t)

]

+ PV N S
i (t)

[

δN mηq P
i (t) + (1 − δN )

[1 − s P
i (t)]q P

i (t)

+ (1 − δN )s P
i (t)κq P

i (t)
]

+ PV P I
i (t)

[

δP mημ + (1 − δP )μ
]

PV N S
i (t + 1) = PU S

i (t)
[


U
i (t)m(1 − η)q N

i (t)

+ 
N
i (t)(1 − κ)q N

i (t)
]

+ PV N S
i (t)

[

δN m(1 − η)q N
i (t)

+ (1 − δN )s P
i (t)(1 − κ)q N

i (t)
]

+ PV P S
i (t)

[

δP m(1 − η)q N
i (t)

]

+ PV P I
i (t)

[

δP m(1 − η)μ
]

PU S
i (t + 1) = PU S

i (t)
U
i (t)(1 − m)qU

i (t)

+ PV P S
i (t)δP (1 − m)qU

i (t)

+ PV N S
i (t)δN (1 − m)qU

i (t)

+ PV P I
i (t)δP (1 − m)μ

i ∈ {1, 2, . . . , N }

(5)

123



Co-evolution spreading of multiple information and epidemic 3045

⎧

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎩

PU S
i = PU S

i 
U
i (1 − m)(1 − τU

i )

+ PV P S
i δP (1 − m)(1 − τU

i )

+ PV N S
i δN (1 − m)(1 − τU

i )

+ ǫiδP (1 − m)μ

PV P S
i = PU S

i

[


U
i mη(1 − τ P

i )

+
P
i (1 − τ P

i ) + 
N
i κ(1 − τ P

i )
]

+ PV N S
i

[

δN mη(1 − τ P
i )

+ (1 − δN )(1 − s P
i )(1 − τ P

i )

+ (1 − δN )s P
i κ(1 − τ P

i )
]

+ PV P S
i

[

δP mη(1 − τ P
i )

+ (1 − δP )(1 − τ P
i )

]

+ ǫi

[

δP mημ + (1 − δP )μ
]

PV N S
i = PU S

i

[


U
i m(1 − η)(1 − τ N

i )

+
N
i (1 − κ)(1 − τ N

i )
]

+ PV N S
i

[

δN m(1 − η)(1 − τ N
i )

+ (1 − δN )s P
i (1 − κ)(1 − τ N

i )
]

+ PV P S
i

[

δP m(1 − η)(1 − τ N
i )

]

+ ǫi

[

δP m(1 − η)μ
]

ǫi = PU S
i

{


U
i

[

(1 − m)τU
i

+ mητ P
i + m(1 − η)τ N

i

]

+ 
P
i τ P

i

+
P
i

[

κτ P
i + (1 − κ)τ N

i

]

}

+ PV P S
i

{

δP

[

(1 − m)τU
i

+ mητ P
i + m(1 − η)τ N

i

]

+ (1 − δP )τ P
i

}

+ PV N S
i

{

δN

[

(1 − m)τU
i

+ mητ P
i + m(1 − η)τ N

i )
]

+ (1 − δN )(1 − s P
i )τ P

i

+ (1 − δN )s P
i

[

κτ P
i + (1 − κ)τ N

i

]

}

+ ǫi

{

δP

[

(1 − m)(1 − μ)

+ mη(1 − μ) + m(1 − η)(1 − μ)
]

+ (1 − δP )(1 − μ)

}

(6)

3.2 Critical point of the epidemic model

The probabilities PV P I
i (t), PV P S

i (t), PV N S
i (t), PU S

i (t)

for each individual i are updated with time step t

in accordance with Eq. (5). When t is large enough,

we can obtain stable solutions to 4 ∗ N equations in

Eq. (5), and they can be denoted as PV P I
i , PV P S

i ,

PV N S
i and PU S

i (i ∈ {1, 2, . . . , N }). Similarly, 
U
i (t),


P
i (t), 
N

i (t), s P
i (t), q P

i (t), q N
i (t) and qU

i (t) are rep-

resented as 
U
i , 
P

i , 
N
i , s P

i , q P
i , q N

i and qU
i at steady

state, respectively. The stable solutions of Eq. 5 can be

employed to further derive the epidemic critical point

for the proposed co-evolution model. Since the number

of infective individuals in steady state is extremely few

when β is near the epidemic critical point, it can be

supposed that PV P I
i = ǫi ≪ 1. Correspondingly, q P

i ,

q N
i and qU

i can be approximated as follows,

⎧
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⎨
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⎪
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q P
i ≈ 1 − βP

∑

j

b j iǫ j = 1 − τ P
i

q N
i ≈ 1 − βN

∑

j

b j iǫ j = 1 − τ N
i

qU
i ≈ 1 − βU

∑

j

b j iǫ j = 1 − τU
i

, (7)

where τ P
i = βP

∑

j b j iǫ j , τ N
i = βN

∑

j b j iǫ j and

τU
i = βU

∑

j b j iǫ j .

According to Eqs. (5) and (7), we can get the dynam-

ical equations at steady state when β is near epidemic

critical point βc, which can be expressed as Eq. (6). In

the light of the definitions of ǫi , τ
P

i , τ N
i and τU

i , the first

three terms in Eq. (6) can be approximated as follows,
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PU S
i

= PU S
i


U
i

(1 − m) + PV P S
i

δP (1 − m)

+ PV N S
i

δN (1 − m)

PV P S
i

= PU S
i

(
U
i

mη + 
P
i

+ 
N
i

κ)

+ PV P S
i

[

δP mη + (1 − δP )
]

+ PV N S
i

[

δN mη + (1 − δN )(1 − s P
i

)

+ (1 − δN )s P
i

κ
]

PV N S
i

= PU S
i

[


U
i

m(1 − η) + 
N
i

(1 − κ)
]

+ PV P S
i

δP m(1 − η)

+ PV N S
i

[

δN m(1 − η) + (1 − δN )s P
i

(1 − κ)
]

(8)

Therefore, with the help of Eq. (8), the last equation

in Eq. (6) can be simplified as
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μǫi = PU S
i τU

i + PV P S
i τ P

i + PV N S
i τ N

i

= βU (PU S
i + PV P S

i ŴP + PV N S
i ŴN )

∑

j

b j iǫ j

(9)

Let PV P

i = PV P S
i + PV P I

i ≈ PV P S
i and PV N

i =

PV N S
i , then Eq. (9) can be expressed as

μǫi = βU

[

1 − (1 − ŴP )PV P

i

−(1 − ŴN )PV N

i

]

∑

j

b j iǫ j (10)

There is no self-loop in the network of the epidemic

spreading layer, that is, bi j = 0 when i = j . Addition-

ally, let [ci j ] be an identity matrix with N ∗ N elements.

Hence, moving all the items on the right side of Eq. (10)

to its left side, we can get

∑

j

ǫ j

{

[

1 − (1 − ŴP )PV P

i − (1 − ŴN )PV N

i

]

b j i

−
μ

βU
c j i

}

= 0 (11)

Then, the expression of the epidemic critical point can

be represented as follows

βc =
μ


max(M)
, (12)

where 
max(M) is the greatest eigenvalue of the matrix

M = [m j i ] and m j i =
[

1 − (1 − ŴP )PV P

i − (1 −

ŴN )PV N

i

]

b j i .

Consequently, from the expression of the analyzed

epidemic critical point, we can find that both posi-

tive and negative information have a direct impact on

the epidemic critical point. Although the role of mass

media is not reflected in the expression of the epidemic

critical point, it can act indirectly on the epidemic crit-

ical point through the information dissemination layer.

Furthermore, PV P

i and PV N

i in Eq. (12) can be cal-

culated by Eq. (5) when the epidemic spreading does

not interfere with the dissemination of the two types of

epidemic-relevant information.

4 Numerical simulations

The simulation experiments for the proposed co-

evolution model are carried out under the framework

of two-layered multiplex networks. In order to simulate

the behavior of epidemic spreading, the BA (Barabási–

Albert) model is employed to generate the network

characterizing the interaction between individuals. The

size and average degree of scale free networks are

10000 and 6, respectively. Moreover, considering the

diversification of information dissemination pathways

(e.g., word of mouth and social media), we place addi-

tional 3000 edges into the generated BA network to

represent the topology of the information dissemina-

tion network. The experimental results are gained by a

multitude of Monte Carlo (MC) simulations and MMC

calculations. Let ρ I , ρV P
, and ρV N

denote the densities

of individuals with states I , V P and V N in the epidemic

spreading layer and information dissemination layer,

respectively. Furthermore, we suppose that the initial

density for each realization is ρ I = ρV P
= ρV N

=

0.01. To be specific, for each realization of MMC cal-

culations, the initial value of each node in each state are

PU S
i (t) = 0.98, PV P S

i (t) = 0, PV N S
i (t) = 0.01 and

PV P I
i (t) = 0.01 when t = 0, respectively. In addition,

at the beginning of each realization of MC simulations,

we randomly select 200 nodes and initialize their states

to V P I and V N S, respectively. In other words, the ini-

tial number of nodes in states U S, V P S, V N S and

V P I are 9800, 0, 100 and 100, respectively. It should

be noted that all the experimental results acquired by

MC simulations in this section are the average of the

results of 50 realizations. In this section, the accuracy of

dynamical equations obtained by MMC is examined at

first; afterwards, the effects of epidemic-relevant infor-

mation and mass media on epidemics spreading are dis-

cussed; and finally, the derived epidemic critical point

is examined and analyzed.

4.1 Comparison between MMC and MC

We make use of MC simulations and MMC calcula-

tions to obtain the densities ρ I , ρV P
and ρV N

under the

same conditions, respectively, when the system tends to

be steady. Afterwards, the accuracy of MMC calcula-

tions is evaluated by means of comparing two types of

results, where the densities ρ I , ρV P
and ρV N

acquired

through two different methods are illustrated in Fig. 4.

The comparison of each group of ρ I , ρV P
and ρV N

shows that there are subtle differences between two

methods. When β exceeds the epidemic critical point,

the dissemination of positive information can be further
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(a) (b)

(c) (d)

Fig. 4 Comparison of ρ I , ρV P
and ρV N

gained by MMC and

MC in the case of different infection rare (β). The higher con-

sistency between the solid and hollow lines of the same color

indicates the higher accuracy of the dynamical equations. In

panel a–d, the parameters (μ, ŴP , ŴN ) are set to (0.3, 0, 0.5),

(0.6, 0, 0.5), (0.3, 0.3, 0.8) and (0.6, 0.3, 0.8), respectively.

Other parameters in each panel are set as λP = λN = 0.5,

δP = δN = 0.3, m = 0.4, ξ = 0.2, κ = 0.2, η = 0.3 and

ω = 1. (Color figure online)

promoted by persistent infective individuals, while the

dissemination of negative information that competes

with the positive information is suppressed to a certain

extent. Moreover, the differences of ρ I in each panel of

Fig. 4 also demonstrate that the effectiveness of treat-

ment and self-protection actions can play an important

role in epidemic control. In addition, for the purpose of

further validations, we also show the comparison of the

density ρ I in the case of more parameters in Figs. 5 and

6. In order to more intuitively depict the similarity of the

results gained by two methods, we calculate the mean

value of the relative error of each group of comparison

from Figs. 4, 5, 6, and they are illustrated in Tables 2

and 3. Accordingly, all these data in Tables 2 and 3

clearly prove that the dynamical equations based on

MMC shown in Eq. (5) can well describe the dynam-

ical characteristics of co-evolution spreading of epi-

demics and two types of related information under the

influence of mass media in the proposed co-evolution

model.

4.2 The effect of information and mass media on

epidemics spreading

In addition to verifying the correctness of the results

obtained by MMC, Figs. 5 and 6 also show the impact

(a) (b)

(c) (d)

Fig. 5 Effect of λP and λN on density ρ I . Each panel shows

the epidemic size in the system under different combinations of

λP and λN . The results in panel a and panel c are calculated by

MMC calculations. The results in panel b and panel d are gained

by MC simulations. The consistency between the densities ρ I

gained by the two means shows that the dynamical equations

have higher accuracy. κ is equal to 0.2 in panel a and b, while

it is 0.6 in panel c and d. Other parameters in each panel are set

to be β = 0.3, μ = 0.5, δP = δN = 0.6, m = 0.2, ξ = 0.2,

η = 0.3, ω = 1, ŴP = 0 and ŴN = 0.5

of two types of information dissemination and mass

media on the epidemic size (i.e., the density ρ I ) at the

steady state. We first focus on the influence of two infor-

mation dissemination rates on epidemic size shown in

Fig. 5. Taking panel (a) of Fig. 5 as an example, on

the one hand, the density ρ I shows a downward trend

as λP increases little by little when λN is fixed to any

value in [0, 1]. This is due to the fact that larger λP can

trigger the rapid dissemination of positive information,

while the dissemination of negative information that

competes with the positive information is suppressed

to a certain extent. Accordingly, the proportion of indi-

viduals who can recognize the view of positive infor-

mation will be higher at the steady state when λP is a

larger one, and more individuals taking highly effective

self-protective actions can greatly reduce the epidemic

size.

On the other hand, the influence of λN on the density

ρ I can be divided into two different situations accord-

ing to the value of λP in panel (a) of Fig. 5. When λP

is less than 0.07, the density ρ I does not increase with

the increase of λN but shows a downward trend. There

are two chief causes for this situation. One is that pos-

itive information is difficult to disseminate when λP is

small (λP < 0.07), and the infected individuals rarely

distribute the positive information to their susceptible
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(a) (b)

(c) (d)

Fig. 6 Effect of m and β on density ρ I . Each panel shows

the epidemic size in the system under different combinations

of β and m. The results in panel a and panel c are calculated

by MMC calculations. The results in panel b and panel d are

gained by MC simulations. The consistency between the den-

sities ρ I gained by the two means shows that the dynamical

equations have higher accuracy. η is equal to 0.3 in panel (a)

and (b), while it is 0.6 in panel (c) and (d). Other parameters

in each panel are μ = 0.3, λP = λN = 0.5, δP = δN = 0.3,

κ = 0.2, ξ = 0.2, ω = 1, ŴP = 0 and ŴN = 0.5. The gray

area in each panel indicates that ρ I = 0. The red line with the

symbol represents the epidemic critical point calculated from

Eq. (12). The changing trend of the red lines with the symbol

demonstrate that the epidemic critical point can be accurately

calculated from the derived expression. (Color figure online)

neighbors even if they agree that individuals need to

take highly effective self-protective actions against the

epidemic. That is, the epidemic spreading is scarcely

influenced by positive information on condition that λP

is less than 0.07. The other one is that more and more

individuals with states US become conscious of tak-

ing self-protective actions with poor effect against the

epidemic as λN increases little by little. Although the

self-protective actions with poor effect taken by these

individuals are not effective enough, they can still sup-

press the epidemic spreading to a certain extent when

positive information is difficult to disseminate. Nev-

ertheless, when λP is greater than 0.07, the inversion

phenomenon appears, in which density ρ I increases

with λN . In particular, this phenomenon becomes more

obvious when λP is larger because the larger λN cre-

ates a greater obstacle to the dissemination of positive

information that competes with negative information.

On the whole, increasing λP and decreasing λN are two

considerable means to effectively control the epidemic.

Table 2 The mean value of the relative errors of each group of

comparison in Fig. 4

ρ I (%) ρV P
(%) ρV N

(%)

Figure 4a 6.05 0.67 4.93

Figure 4b 6.51 0.71 3.52

Figure 4c 1.69 0.24 1.99

Figure 4d 1.92 0.19 1.35

Table 3 The mean value of the relative errors of each group of

comparison in Fig. 5 and Fig. 6

Panel (a) versus

panel (b) (%)

Panel (c) versus

panel (d) (%)

Figure 5 4.01 4.44

Figure 6 6.78 8.11

In panel (c) of Fig. 5, the change trend of density

ρ I with λP and λN is similar to that in panel (a) of

Fig. 5. The difference, however, is that density ρ I in

panel (c) of Fig. 5 is smaller than that in panel (a) of

Fig. 5 for any given set of λP and λN . For instance,

when λP = 0.5 and λN = 0.6, the corresponding

values of density ρ I in panel (a) and panel (c) of Fig. 5

are 0.2555 and 0.2309, respectively. This difference

can be attributed to the impact of mass media on the

spread of epidemics to some extent. The epidemic will

be able to be further controlled when more and more

disseminators of negative information realize the need

for highly effective self-protective actions through the

mass media.

Next, the effects of β and m on the density ρ I are dis-

cussed. In panel (a) of Fig. 6, the larger m can reduce the

density ρ I when β exceeds the epidemic critical point.

In particular, this situation is more apparent when the

probability of epidemic spreading is relatively high.

We can explain this situation from the perspective of

the influence of mass media on the total number of indi-

viduals who are conscious of the existence of epidemic.

When β is fixed at a value greater than the epidemic

critical point, the sum of ρV P
and ρV N

is positively

correlated with m. Although the effectiveness of self-

protective actions with poor effect is lower than that

of highly effective self-protective actions, the increase

in the sum of ρV P
and ρV N

under the influence of
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mass media can still reduce the density ρ I . Therefore,

enhancing the propaganda intensity of the mass media

is an effective means to alleviate the epidemic. More-

over, by analyzing the difference between panel (a) and

panel (c) in Fig. 6, we can find that the density ρ I in

panel (c) is relatively lower under the same conditions.

As a consequence, more and more individuals real-

ize the importance of highly effective self-protective

actions under the influence of mass media, which is

greatly conductive to the epidemic control.

4.3 Discussion on epidemic critical point

The epidemic critical point is one of the key quanti-

ties in epidemic propagation dynamics. In light of the

expression in Eq. (12), we further discuss the epidemic

critical point (βc) of the proposed co-evolution model.

For the purpose of verifying the accuracy of the epi-

demic critical point expression, we compare the results

calculated by Eq. (12) with those obtained by MMC cal-

culations and MC simulations in Fig. 6. The red lines

with symbol in each panel of Fig. 6 represent the epi-

demic critical points calculated by Eq. (12) in which

m takes different values. Moreover, the gray area in

each panel of Fig. 6 means that ρ I = 0, and the other

color areas indicate that ρ I > 0. Taking together, β

corresponding to the boundary between the gray area

and other color areas can be regarded as βc. Accord-

ing to panel (a) and (c) of Fig. 6, it can be observed

that βc calculated by Eq. (12) is consistent with the

βc obtained by the MMC calculations. In addition,

although there is a slight difference between the results

calculated by Eq. (12) and those obtained by MC sim-

ulations, the change trend of these two results is con-

sistent.

Based on Fig.6a and c, it can be found that a larger

m will result in a larger βc, particularly when η = 0.6

(the results in panel (c)). Similarly, this situation is also

shown in Fig. 7. In each panel of Fig. 7, βc is posi-

tively correlated with m no matter what value μ takes,

and the influence of m on βc becomes more and more

obvious as μ increases. The aforementioned variations

in βc with m demonstrate that increasing the propa-

ganda intensity of the mass media and highlighting the

importance of taking highly effective self-protective

actions in publicity can play a positive role in the pre-

vention of outbreaks. Meanwhile, these results also

demonstrate that the mass media can indirectly influ-

(a)

(b)

Fig. 7 Effect of m and μ on the epidemic critical point βc. The

epidemic critical point can be raised by enhanced the propaganda

intensity of the mass media and recovery rate. In panel a, ŴP and

ŴN is set to 0 and 0.5. In panel b, ŴP and ŴN is set to 0.3

and 0.8. Other parameters in each panel are λP = λN = 0.3,

δP = δN = 0.5, ξ = 0.2, κ = 0.2, η = 0.3 and ω = 1

ence the epidemic critical point through the informa-

tion dissemination layer. Additionally, as illustrated in

Fig. 7, βc is in direct proportion to μ for each value of

m. This proportional relationship between βc and μ is

owing to the fact that the value of 
max(M) is fixed

when the parameters other than μ are unchanged in

Fig. 7. The change of βc with μ in Fig. 7 also illus-

trates that easily cured epidemics are less likely to

have large-scale outbreaks. Furthermore, βc in panel

(b) is lower than that in panel (a) under the same con-

ditions of m and μ, which shows that the epidemic

that can be effectively prevented is more easily con-

trolled.

5 Conclusion

In summary, through abstracting the interaction between

the epidemic spreading and its related information dis-

semination in the real world, we devise a co-evolution

model of epidemic considering two types of infor-

mation under the influence of mass media based on

two-layered networks. These two types of information

related to epidemic prevention are positive and nega-
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tive information. The positive information guides indi-

viduals to take highly effective self-protective actions

against the epidemic, while the view of negative infor-

mation believes that individuals take the self-protective

actions with poor effect is sufficient. Moreover, the

influence of mass media on the dissemination of pos-

itive and negative information is also introduced into

the proposed co-evolution model. Meanwhile, the epi-

demic spreading can promote the positive information

dissemination, which allows more individuals to take

highly effective self-protective actions against the epi-

demic.

To be specific, we firstly design a co-evolution

model under the framework of two-layered networks

to depict the co-evolution spreading of epidemics and

two related information under the influence of mass

media. Then, with the help of MMC, we construct

the dynamical equations of the proposed co-evolution

model and obtain the expression of the epidemic criti-

cal point through detailed derivations. The expression

of the epidemic critical point indicates that the density

of positive and negative information in the information

dissemination layer at the steady state have a direct

impact on the epidemic critical point. Nevertheless, the

mass media can indirectly affect the epidemic critical

point through its impact on information dissemination.

Finally, we employ a multitude of experimental results

gained by MMC calculations and MC simulations to

examine the accuracy of the dynamical equations as

well as expression of epidemic critical point, and then

discuss the impact of mass media and two types of

epidemic-relevant information on epidemic spreading.

The experimental results demonstrate that accelerat-

ing positive information dissemination can greatly alle-

viate the epidemic size. When positive information

hardly spreads, the way to accelerate the dissemina-

tion of negative information can also alleviate the epi-

demic to a certain extent. However, the dissemination of

negative information gradually become an obstacle to

epidemic control along with the dissemination of posi-

tive information becomes easier. Additionally, enhanc-

ing the propaganda intensity of the mass media and

highlighting the need for taking highly effective self-

protective actions in their epidemic-relevant reports are

also the effective means to prevent and control the epi-

demic.

The current study can offer a deeper understanding

of the dynamical characteristics of the co-evolution of

multiple information and epidemics under the influence

of mass media. Furthermore, the results of this study

also provide some useful reference for epidemic pre-

vention and control on the basis of epidemic-relevant

information dissemination, which can help individu-

als formulate appropriate measures to comprehend the

roles of information dissemination and mass media in

epidemic prevention and control under the realistic sce-

narios.
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