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Abstract: The diseases dissemination always brings serious problems in the economy and livelihood
issues. It is necessary to study the law of disease dissemination from multiple dimensions. Information
quality about disease prevention has a great impact on the dissemination of disease, that is because
only the real information can inhibit the dissemination of disease. In fact, the dissemination of
information involves the decay of the amount of real information and the information quality becomes
poor gradually, which will affect the individual’s attitude and behavior towards disease. In order to
study the influence of the decay behavior of information on disease dissemination, in the paper, an
interaction model between information and disease dissemination is established to describe the effect
of the decay behavior of information on the coupled dynamics of process in multiplex network.
According to the mean-field theory, the threshold condition of disease dissemination is derived. Finally,
through theoretical analysis and numerical simulation, some results can be obtained. The results show
that decay behavior is a factor that greatly affects the disease dissemination and can change the final
size of disease dissemination. The larger the decay constant, the smaller final size of disease
dissemination. In the process of information dissemination, emphasizing key information can reduce
the impact of decay behavior.
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1. Introduction

Disease dissemination has a great impact on social stability and human life [1]. Studying and
mastering the law of disease dissemination can provide strategies for controlling disease dissemination,
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which is of great significance to maintain social stability and people’s happy life. Under the
background of COVID-19, some scholars have used the epidemic dissemination models to predict the
development of the local epidemic situation, so as to provide theoretical support for the government
to grasp the development of the epidemic [2,3].

The study of disease transmission has a long history. Different from the research methods in many
other fields, the experiments related to epidemic dissemination cannot be carried out in human groups.
Therefore, when studying the dissemination of epidemic, scholars prefer to establish some theoretical
models to describe the dissemination process of epidemic. McKendrick et al. divided the population
into three categories according to the infection: susceptible, infected and removed. The famous SIR
model is constructed [4]. And they put forward the SIS compartment model and the threshold theory
to distinguish whether the disease is epidemic or not. In view of the differences in dissemination
mechanisms, scholars expanded the classical models and established SEIR, SEIS and other models,
which laid a foundation for the study of infectious disease dynamics.

As a typical dynamic process on complex networks [5], epidemic dissemination has attracted
extensive attention with the development of complex network theory [6—10]. With the emerging social
media such as Twitter, Facebook and WeChat in the past few years, the dissemination dynamics of
information such as news and rumors on online social networks has aroused much attention [11]. Based
on the development of network science, a large number of efforts have been devoted to the study of
information dissemination on complex social networks [12—15]. But most complex systems in the real
world are coupled by multiple single networks with different structures and functions. The single
network is a subnetwork in the whole multiple network, and there are many connections and
interactions between the subnetworks. In a multiple network, each layer has a different structure, and
the nodes in all layers are the same [16,17]. Understanding the dissemination dynamics on multiple
networks will help to formulate more effective strategies to control or make full use of these dynamic
processes. A large number of scholars have studied the coupling between information and disease [18—
22]. For example, Granell et al. through studying the relationship between disease transmission and
infection awareness, found that the critical point for the onset of the epidemics has a critical value
(metacritical point) defined by the awareness dynamics and the topology of the virtual network, from
which the onset increases and the epidemics incidence decreases [23]. After that, them presented an
extended analysis of a generalization of a model of competing spreading processes on multiplex
networks. The results reveal that existence of a metacritical point is rooted in the competition principle
and holds for a large set of scenarios [24]. Shang through studying the effects of three forms of
awareness on the spread of a disease in a random network, found that awareness can raise the epidemic
thresholds [25]. Wang et al. investigated the asymmetrical interplay between the two types of spreading
dynamics and found that information spreading can effectively raise the epidemic threshold [26].
Zhang et al. studied the impact of individual behavioral response to disease information and found that
the behavioral response brought by the number of infected people in adjacent nodes will reduce the
scale of disease transmission [27].

Moreover, many scholars have coupled the unaware-aware-unaware(UAU) model with the
infectious disease model to study the interaction between information and disease. Nie et al. introduced
the inhibition intensity by taking the number of node neighbors as a reference. It was found that the
infection threshold increased with the increase of inhibition intensity, and reached saturation when the
inhibition intensity was large enough [28]. Fan et al. introduced the individual behavior state to each
node in the multiple network. Through threshold analysis and numerical simulation, the research found
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that the disease dissemination can be reduced by reasonably controlling the information transmission
and individual behavior [29]. Hu et al. studied the impact of individual behavior on information
dissemination on the basis of timeseries coupling network, and found that communication behavior
will have a two-stage impact on information dissemination [30].

In the above multiplex network model, individuals are only divided into aware and unaware states.
However, Rich et al. set up experiments to correct the behavior of people with different amounts of
information, and concluded that implied misinformation is more difficult to correct than explicitly
provided misinformation [31]. So, in the process of dissemination, the amount of real information is
variable. Individuals with different amounts of information have different attitudes towards diseases.
Elly et al. explained the problem of “why people accept information of different nature” from multiple
psychological perspectives, such as emotionality, motivated reasoning and cognitive reasoning,
including false news, misinformation and disinformation [32]. Shang studied a discrete-time epidemic
dynamics with the presence of three forms of individual awareness and found that awareness can raise
the epidemic thresholds [33]. People will change their behavior when they are aware of the existence
of a disease [34,35].

Previous studies believe that the quality of information is invariable in the process of disease
dissemination. In this paper, we will consider the impact of the quality of information about disease
owned by individuals on disease dissemination. Decay behavior will lead to the loss of real information
amount related to disease. When the amount of information is reduced through decay behavior, the
disease prevention measures taken by individuals will be weakened, which will increase the probability
of disease dissemination. Multiple decay eventually leads to the fact that the information has little
inhibitory effect on the disease dissemination. Studying this factor can be closer to the actual situation,
grasp the impact mechanism of information dissemination on disease dissemination and explore the
strategies to inhibit disease dissemination. Based on the principle of dissemination and multiple
networks, the paper connects the decay behavior of information with the disease dissemination model,
and constructs the coupling network model of the information layer and physical contact layer. Based
on the model, the threshold condition of disease dissemination in the coupled network is derived, and
the numerical simulation is carried out to further analyze the decay constant, information spreading
rate and conversion rate and other key factors affecting the spread of disease. Finally, some suggestions
on the inhibitory effect of information dissemination on the spread of disease are given.

The rest of this paper is organized as follows. This paper introduces the multiplex networks model
and analyzes the spreading threshold in Section 2. In Section 3, we perform numerical simulations.
Finally, the conclusions and suggestions are given in Section 4.

2. Disease dissemination model on multiplex network
2.1. Model assumptions

The dissemination of disease and information is interactive. The physical contact between people
makes the disease spread, and the dissemination process of disease is affected by the dissemination of

relevant information. We construct a two-layer network to express and simplify the dissemination
mechanism (see Figure 1).
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Information Layer

Physical Contact Layer

Figure 1. The coupled spreading process on a multiplex network with two layers.

The information dissemination process takes place in the upper network, in which the individuals
have three states: the individuals with original information (V0), the individuals with second-hand
information (¥7) and the individuals with uncertain information (72). The disease dissemination
process occurs in the lower network, in which the individuals have two states: susceptible (S) and
infected (/). We construct a two-layer multiplex network that shares the same individuals in two layers,
each node in one layer will be solely mapped into the corresponding node in the other layer.

One network (the upper network) is the information layer, and the other network (the lower
network) is the physical contact layer. The number of nodes in the two layers is exactly the same. Since
information can be spread through many ways, while disease can only be spread through physical
contact, the degree of nodes in the two layers is different, where the degree of a node in the information
layer (the physical contact layer) is denoted as ki(k2). The joint degree distribution P(kl,kz)
represents the proportion of nodes whose information layer degree is k, and physical contact layer
degree is k2. The average degrees of information layer and physical contact layer are
(k,) :Zk, kP(k,,k,) and (k,)= Zkz k,P(k,,k,). Let’s explain the dissemination mechanism in the

two-layer network. We assume the multiplex dissemination process according to the following rules.
Assumption 1: Disease layer. In the physical contact layer, SIS model is used to explain the

dissemination process of the disease, where each individual is either susceptible state (S) or infected

state (/). If the susceptible individual contacts with the infected individuals, it will become infected

Mathematical Biosciences and Engineering Volume 20, Issue 3, 4516-4531.



4520

with probability £ and 0< S <1. The infected individuals will be cured with a certain probability
4 and transformed into healthy individuals, 0 <z <1.

Assumption 2: Information layer. With the popularization of informatization and the diversified
development of official media, in addition to traditional media such as news and newspapers, the
government has also registered official accounts of major content platforms, so the coverage of
information is very wide and most people will get the original information. Others will get information
in other ways. As the information is passed from person to person, it loses its quality. In other words,
original information about a disease case will lead to a much more determined reaction than
information that has passed through many people before arriving at a given individual. Similar views
have been mentioned in [35]. This phenomenon can be interpreted as the decay behavior of the amount
of information. Decay behavior will lead to the loss of real information amount related to disease. In
2020, some experts pointed out that 75% of alcohol can kill COVID-19. However, the news of
“drinking high alcohol to fight the coronavirus” had spread widely. Although relevant elements are
retained in the information, the amount of information has deteriorated. An individual obtains original
information, which is the most authoritative and authentic. We name it original information and mark
it with V. Individuals get information from Vo, we name it second-hand information and mark it with
Vi. Individuals get information from Vi, we name it third-hand information and mark it with V2.
According to this law, individuals get information from V,-;, we name it nth-hand information and
mark it with V. Although information can be spread many times, in order to facilitate research, we
only divide information into three categories: Vorepresents the original information; V; represents the
second-hand information; V> represents the uncertain information (information is spread many times,
the decay behavior of information quality will lead to a large loss of real information, and will bring a
lot of false information). Uncertain information is not all false information, but the amount of real
information possessed by this state is relatively minimal. People with more real information tend to be
more persuasive in communication and can update the information of people with less real information.
Multiple decay eventually leads to the fact that the information has little inhibitory effect on the disease
dissemination. We think that the role of individuals who obtain uncertain information and those who
do not have information is similar in the multiplex network.

Assumption 3: According to the model, the node has six states, v, S, V,S, V,S, V,I, VI,
V,I . After the node is infected with the disease, it will take the initiative to find the most real

information. We assume that once the individual is infected it becomes the infected state with original
information immediately, thatis, ¥/ and V,/ become V, I immediately. So individuals have four
states: VS represents susceptible individuals with original information; VS represents susceptible
individuals with second-hand information; V,S represents susceptible individuals with uncertain
information; V,/ represents infected individuals with original information. In order to make the

paper more concise, weuse S,, S,, S, and I, insteadof ¥V, S, VS, V,S and V,I respectively.

Assumption 4: The disease prevention measures taken by individuals with different amount of
information are different, so their dissemination probabilities are different, which can be explained as
follows: Individuals with more real information have relatively sufficient preventive measures for the
disease, and the probability of contacting infected persons will be smaller, which can more effectively
inhibit the dissemination of the disease. In order to vividly describe the impact of the decay behavior
of the amount of information, we introduce the decay constant p, 0< p <1, so that the disease

dissemination probability increases with the loss of information quality, whichis g = ,B(l— p”l), i=0,
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1, 2. B, represents the probability of infection of individuals with original information V,. £
represents the probability of infection of individuals with second-hand information V, . p,
represents the probability of infection of individuals with uncertain information V,. In other words,
with the continuous loss of real information about disease, the decay constant governs how much the

tendency to act is reduced with decreasing quality of information [35]. The inhibitory effect of
information on disease dissemination will disappear if information is not refreshed.

2.2. Dissemination process

The specific dissemination process of the information is shown in Figure 2. Assumption 2
mentions that the more individuals have real information, the greater their influence. So individuals
with original information are the most authoritative and authentic. Individuals with second-hand
information or uncertain information will be transformed into individuals with original information
with a certain probability 4 when they communicate. Individuals with uncertain information will be
transformed into individuals with second-hand information with a certain probability 1 when they
communicate. A represents information spreading rate and 0 < A < 1. Due to decay or other factors,
the quality of information will be reduced with a certain probability 5. & represents information
conversion rate and 0< 9o <1.

Figure 2. Dissemination process of information layer.
The specific dissemination process of the disease is shown in Figure 3. When individuals

S.(i=0,1,2) contacts 7, , S, will become 7, with a certain probability g, = ﬂ(l— p”‘).
Individuals 7, will be cured with a certain probability x to convert the S,.

Figure 3. Dissemination process of physical contact layer.
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The dissemination rules are as follows:

S, +8, —2>8 +85, (1)
S, +8,—2>58,+38, )
S, +1,—2—>8,+1, (3)
S +8, —2>8,+8S, 4)
S +1,—2>8,+1, 5)
Sy +1,—Los T, +1, (6)
S, +1,—L—1,+1, (7)
S,+1,—L—1,+1, (8)

S, —2> S, 9)

S, —>8, (10)

I,—> S, (11)

2.3. Dynamic model

Let p,fl‘jkz , p,il’kz , ,O,fikz , ,0,{107,{2 be the fractions of nodes within degree compartment (k1>k2) in the
So So(kl’kz) Sy _Sl(kl’kZ) S5 _Sz(kl’kz)

states S, , S, , S, , I, , respectively. Pk, == P Sy Pk =y
" ’ N(kl’kZ) N(kl’kZ) N(kl’kZ)
,2“’,(2 :M, k, and k, are different node degrees of the same node in the information layer

N(k. k)
and the physical contact layer respectively. They satisfy the normalization condition
p,flo’kz + p,‘: T p,‘: T p,ff’kz =1, for each set of (k,k,). A heterogeneous mean-field (HMF) theory
could be developed for the evolution of these fractions as follows:

SO
dp;’s,

= ﬂ’klelpliz,kz + ﬂ’klelplil,kz - ﬂok203plflo,kz + /lpk{f,kz - 5,01510,1(2 (12)
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dp)
o ﬂk192p1iz,k2 - ﬂ'klelplil,kz - ﬁlkzesp/i],kz + 5/7/510,/(2 - 5p/fll,k2 (13)
Wik k005, — 2bops. — fokBips. + 805 14
7 = —AGO Pk, — MO Pk, L 3Pk, TPk, (14)
dplo
% = k,0, (ﬂoplio,kz + ﬁlplfll,kz + ﬁZpliz,kz )_ :upklln,kz (15)

where 6, = L Z k,P(k,, k, )[p L p;l{ " ] denoting the possibility that a randomly chosen link in the

<k1> ky e

1 >k Pk, k,)p;, —denoting the possibility that a

(k) %

information layer will reach 4, state node, 0, =

randomly chosen link in the information layer will reach 4,  state node, and

o, :—Z kzP(kl,k2 )P;ff,kz denoting the possibility that a randomly chosen link in the physical

contact layer will reacha 7, state node.

Condition (12) describes the change process of S, state node. In the information layer, the
probability of connecting an S, node with a degree of &, to an S, node or an /, node is
1

6, =<k—>z klP(kl,k2 )[p,fl‘ik2 + p,;”’kz]. Similarly, the probability of connecting an S, node with a
1 k1

degree of &, to an S, node or an J, nodeis 6 = LZklP(kl,k2 )[ps0 + 01 ] Therefore, the

<k1 > K o

number of S, nodes increased by information exchange is Ak,6, p,fl ", TG p/i '+, - Due to the decay

of information quality, the number of S, nodes reduced is 5p,flsz . In the physical contact layer, the

probability of connecting an S, node with a degree of &, to an [, node is

0, = ﬁz ke, Pk, , k, )plifl. ., - Therefore, the number of §, nodes reduced by disease dissemination is
2 kz

Bk,0, ,O,fl ., - Due to disease recovery, the number of S, nodes increased is ,Ll,D,fl"J(2 . Corresponding to

Eqgs (13)—(15), §,,S, and 7, will also be affected by the information layer and the physical contact

layer, so as to change their own state.

2.4. Threshold on heterogeneous networks

S

dpzio,kz ~0 dpk,,kz ~0 dplf,z,kz ~0 dp,ﬁl",kz

dt dt dt dt

Order that

=0, the steady-state solution of Eq

Mathematical Biosciences and Engineering Volume 20, Issue 3, 4516-4531.
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(15) iS plo ZI—L.
wk T gy *ny—,)

= Sl 1k — A6y — i, 93)[25+/1k191 +fk0; 5— k.0, J (16)

5 k0, + 2k,0, + B,k 0,
1, = (=6, — k6, — B,k,0,) (17)
7, = (~(u+ Ak )6~ 2k6, ~ fik,6,)+ 8+ . 6,)) (18)
My = 8= k0, (a+ s, ) + 5+ Bk ))) (19)

when 6, =0, it means that all nodes are in the susceptible state. Therefore, only 6, > 0 can the

disecase be prevalent. Considering the equation 6, =ﬁzkl,kz kzP(k],lg),o,f:’,k2 = 1(6,,6,,6,) and
2

£(6,,6,,6,) is strictly monotonically increasing function, the existence condition of non-zero

solution for 6, 1is {M} > 1. Then, we can get
;=0

00,
<k22> (52ﬁ2 + ﬂkl (5ﬁ1 (91 + 02 )+ ﬁ001 (5 + ﬂ’kl (01 + 92 )))) >1 (20)
(k,) (S + Ak,6, )3 + Ak, (6, + 6,))

here, <k22> =kzzkz kzp(kpkz),ﬂo =B(-p).B = ,3(1—/02),,32 _ ,B(l—p3)' Therefore, the threshold of

the model is

(ky) (8 + Ak,6, )& + Ak, (6, + 6,))

(k) (02(1= )+ 2k, (5(1= p* )6, + 6, )+ (1- p)6y (5 + 24, (6, + 6,)))) p. 21

£,
y7,

we get the epidemic threshold g, , above which epidemics are possible, but below which epidemics
cannot occur. As can be seen from Eq (21), the threshold A, is determined by 6, and 6,. The
number of infected nodes is almost zero when [ approaches the threshold g, . Therefore, the nodes
in the multiplex network reflect the dissemination process of information. When f is close to the
threshold S, 6, and @, are irrelevant to the epidemic dissemination. Obviously, when 6 =6, =0,

the inhibition of information layer disappears, and the situation in the physical contact layer returns to

| k) 1 o |
the single layer. we can get . = < k22> m, which is the critical threshold of disease only under the

influence content of the decay behavior of information. As p increases, g decreases and the

disease becomes more easily transmitted. Therefore, decay behavior is an important factor in the
(k)
()

Mathematical Biosciences and Engineering Volume 20, Issue 3, 4516-4531.

disease dissemination. when p=0, we can get j = , which is consistent with the threshold of



4525

the traditional SIS model.
3. Numerical simulation

In this paper, a multi-layer network model is constructed by using the scale-free network
generation algorithm, which is composed of 5000 nodes. The new nodes added in each iteration of the
information layer have 6 edges, and the new nodes added in each iteration of the disease layer have 3
edges. Each simulation takes the average of 50 iterations as the output of the result.

Figure 4. Stationary state and critical thresholds of the disease with different spreading rates.

The color maps represent the prevalence levels of disease. Dynamical parameters: information
layer conversion rate & = 0.4 , physical contact layer recovery rate ©=0.6, p=0.5(a), p=0.8(b).

Each point in the grid 40 x 40 of the figure is obtained by averaging 50 numerical simulations.
As depicted in Figure 4, an increase in £ can promote an epidemic. In the single subgraph of

Figure 4, when the system is not affected by the information layer, the dissemination threshold is

(k)

B.=7—F , which is the solid line part in the Figure 4. When the information layer will affect
)=

the dissemination of disease, the critical threshold shifts significantly, as shown in the dotted line. From
Figure 4 (a),(b), we can find that the decay constant increases, the dissemination threshold of disease
becomes larger and the dissemination scale of disease becomes smaller. And the change is obvious.
The main reason for this result is that the greater the decay constant, the smaller the impact on the
individual receiving information and taking precautionary measures.

We can see the final size of 7, with the influence of information dissemination (see Figure 5).

Under the same decay constant p, the final size of 7, will increase with the increase of disease
spreading rate . Under the same disease spreading rate [, the final size of 7, will decrease with
the increase of decay constant p . When the decay constant p varies from 0.2 to 0.4, the final size
of 1, does not change greatly. When the decay constant p varies from 0.4 to 0.8, the final size of
1, has decreased significantly. It shows that the inhibitory effect on disease has an incremental trend
with the increase of decay constant p . With the increase of decay constant, the threshold of disease

increases and the transmission scale decreases. From the above description, it can be concluded that
the decay constant p , as the control parameter of decay intensity, has a great impact on the

Mathematical Biosciences and Engineering Volume 20, Issue 3, 4516—4531.
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dissemination of disease. Therefore, the government needs to improve official credibility and strive to
cultivate people’s cognitive ability to reduce the decay of information quality, which will effectively
curb the dissemination of disease.

0.8

0.6 1

lo

0.4

0.0 1

Figure S. The final size of spreading dynamics 7, with different disease spreading rate
f and decay constant p . Dynamical parameters: information layer spreading rate
A =0.5 and conversion rate & = 0.4, physical contact layer recovery rate 1 =0.6.

0.55 1

0.50 1

0.45 1

lo

0.40 1

0.35 1

Figure 6. The final size of spreading dynamics 7, with different information spreading
rate A and decay constant p . Dynamical parameters: information layer conversion rate
0 = 0.4, physical contact layer spreading rate [ =0.5 and recovery rate ¢ =0.6.
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Figure 6 shows the impact of different information spreading rates and decay constants on disease
dissemination. Under the same decay constant p , the final size of spreading dynamics 7, will

decrease with the increase of information spreading rate 1. However, this change is not obvious,
indicating that the impact of information spreading rate is limited. Under the same information
spreading rate 1, the final size of spreading dynamics /, will decrease with the increase of decay
constant p . When the change of decay constant p is very small, the change of the final size of I,

is still obvious, which further explains the importance of decay behavior. Therefore, in the process of
controlling the dissemination of disease, improving the information quality may be more effective and
cost-effective than expanding the dissemination channels of information and increasing the probability
of information acquisition.

Figure 7 reflects the impact of the information layer on disease dissemination. Under the same
information spreading probability, the final size of 7, will increase with the increase of conversion

rate. This change is relatively obvious, so the information needs to be repeated in the process of
dissemination to reduce the conversion rate. Under the same conversion rate, the final size of 7, will

decrease with the increase of information spreading rate. When A is between 0-0.4, the final size
change of infected nodes is obvious, and when it is between 0.4—1, the change is not so obvious. In
other words, in order to suppress the dissemination of disease, it is necessary to increase the spread of
information, but when the information spreading rate increases to a certain value, the inhibitory effect
is not so obvious. Therefore, when the government takes relevant measures to curb the dissemination
of the disease, it should not simply expand the dissemination of information. Considering the cost, it
is time to take other measures after the dissemination of information reaches a certain intensity, which
can not only achieve a good suppression result and reduce the cost of spreading information, but also
further suppress the spread of the disease through other means.

!

0.42 1

(e}
n B oW

0.40

}

1

<&
o oo o

=)

0.38 1

0.36 1

lo

0.34 4

0.32 1

0.30 1

0.28 *~ T T T T T

Figure 7. The final size of spreading dynamics /, with different information spreading

rate 4 and conversion rate §. Dynamical parameters: physical contact layer disease
spreading rate =0.5, recovery rate £ =0.6 and decay constant p=0.5.
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4. Conclusions

In this paper, the decay constant is introduced to build a multiplex network model of interaction
between information and disease. Through mathematical analysis and numerical simulation, the
influence of information dissemination on disease dissemination was finally concluded. Compared
with the single study of information dissemination or disease dissemination, it is more practical and
persuasive. Through the simulation analysis of the model, we concluded that the information layer has
a certain inhibitory effect on the dissemination of disease. The influence of information spreading rate
and conversion rate is relatively small, but the reduction of information quality caused by decay
behavior will greatly affect the spread of disease.

Therefore, the government should pay attention to the dissemination of disease-related
information during epidemic prevention and control. Our suggestions are as follows:

(1) In addition to expanding the intensity of information dissemination, we need to take timely
measures to curb the dissemination of diseases, for example, the government issued masks, restricted
travel and so on during the period of COVID-19. Because after the information spreading rate increases
to a certain value, its inhibitory effect on diseases decreases to a great extent.

(2) The government should emphasize the importance of key information to minimize the impact
caused by information decay behavior. For example, the conditions and environment of disease
dissemination should be repeatedly emphasized for many times. Individual grasping key information
can reduce the impact of decay behavior.

This paper directly considers the influence of information decay behavior on disease
dissemination. In the future, we hope to build a multi-layer network model containing individual
behavior to study the impact of information on behavior and the impact of behavior on disease
dissemination, which will be closer to reality. In addition, the active state of individuals at different
times is different. It is also a good choice to discuss temporal networks with decay behavior.

Acknowledgments

The authors are very grateful to the anonymous referees for their valuable comments and
suggestions, helping them to improve the quality of this paper. This work was partially supported by
the Project for the National Natural Science Foundation of China (72174121, 71774111), the Program
for Professor of Special Appointment (Eastern Scholar) at Shanghai Institutions of Higher Learning,
and the Project for the Natural Science Foundation of Shanghai (21ZR1444100), and Project soft
science research of Shanghai (22692112600).
Contflict of interest

The authors declare there is no conflict of interest.
References
1. W. Li, L. Deng, J. Wang, The medical resources allocation problem based on an improved

SEIRmodel with sharing behavior, Mod. Phys. Lett. B, 35 (2021), 2150517.
https://doi.org/10.1142/S0217984921505175

Mathematical Biosciences and Engineering Volume 20, Issue 3, 4516-4531.



4529

10.

11.

12.

13.

14.

15.

16.

17.

18.

N. Petford, J. Campbell, Covid-19 mortality rates in Northamptonshire UK: Initial sub-regional
comparisons and provisional SEIR model of first wave disease spread, Open Public Health J., 14
(2021), 218-224. https://doi.org/10.2174/1874944502114010218

T. Kano, K. Yasui, T. Mikami, M. Asally, A. Ishiguro, An agent-based model of the interrelation
between the COVID-19 outbreak and economic activities, Proc. R. Soc. A, 477 (2021), 20200604.
https://doi.org/10.1098/rspa.2020.0604

W. O. Kermack, A. G. McKendrick, Contributions to the mathematical theory of epidemics. II.—
The problem of endemicity, Proc. R. Soc. London Ser. A, 138 (1932), 55-83.
https://doi.org/10.1098/rspa.1932.0171

S.  H. Strogatz, Exploring complex networks, Nature, 410 (2001), 268-276.
https://doi.org/10.1038/35065725

W. Wang, M. Tang, H. F. Zhang, H. Gao, Y. Do, Z. H. Liu, Epidemic spreading on complex
networks with general degree and weight distributions, Phys. Rev. E, 90 (2014), 042803.
https://doi.org/10.1103/PhysRevE.90.042803

R. Pastor-Satorras, A. Vespignani, Epidemic dynamics and endemic states in complex networks,
Phys. Rev. E, 63 (2001), 066117. https://doi.org/10.1103/PhysRevE.63.066117

R. Pastor-Satorras, A. Vespignani, Epidemic spreading in scale-free networks, Phys. Rev. Lett., 86
(2001), 3200-3203. https://doi.org/10.1103/PhysRevLett.86.3200

R. Pastor-Satorras, C. Castellano, P. Van Mieghem, A. Vespignani, Epidemic processes in complex
networks, Rev. Modern Phys., 87 (2015), 925-979. https://doi.org/10.1103/RevModPhys.87.925
M. E. J. Newman, Spread of epidemic disease on networks, Phys. Rev. E, 66 (2002), 016128.
https://doi.org/10.1103/PhysRevE.66.016128

J. Fan, Q. Yin, C. Xia, M. Perc, Epidemics on multilayer simplicial complexes, Proc. R. Soc. A,
478 (2022), 20220059. https://doi.org/10.1098/rspa.2022.0059

Z. K. Zhang, C. Liu, X. X. Zhan, X. Lu, C. X. Zhang, Y. C. Zhang, Dynamics of information
diffusion and its applications on complex networks, Phys. Rep., 651 (2016), 1-34.
https://doi.org/10.1016/j.physrep.2016.07.002

X. Qiu, L. Zhao, J. Wang, X. Wang, Q. Wang, Effects of time-dependent diffusion behaviors on
the rumor spreading in social networks, Phys. Lett. A, 380 (2016), 2054-2063.
https://doi.org/10.1016/j.physleta.2016.04.025

R. J. Mei, L. Ding, X. M. An, P. Hu, Modeling for heterogeneous multi-stage information
propagation networks and maximizing information, Chin. Phys. B, 28 (2019), 028701.
https://doi.org/10.1088/1674-1056/28/2/028701

Y. Liu, B. Wang, B. Wu, S. Shang, Y. Zhang, C. Shi, Characterizing super-spreading in microblog:
An epidemic-based information propagation model, Phys. A4, 463 (2016), 202-218.
https://doi.org/10.1016/j.physa.2016.07.022

P. J. Mucha, T. Richardson, K. Macon, M. A. Porter, J. P. Onnela, Community structure in time-
dependent, multiscale, and multiplex networks, Science, 328 (2010), 876-878.
https://doi.org/10.1126/science.1184819

F. Battiston, V. Nicosia, V. Latora, Structural measures for multiplex networks, Phys. Rev. E, 89
(2014), 032804. https://doi.org/10.1103/PhysRevE.89.032804

C. Zheng, C. Xia, Q. Guo, M. Dehmer, Interplay between SIR-based disease spreading and
awareness diffusion on multiplex networks, J. Parallel Distrib. Comput., 115 (2018), 20-28.
https://doi.org/10.1016/j.jpdc.2018.01.001

Mathematical Biosciences and Engineering Volume 20, Issue 3, 4516-4531.



4530

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

C. Xia, Z. Wang, C. Zheng, Q. Guo, Y. Shi, M. Dehmer, Z. Chen, A new coupled disease-
awareness spreading model with mass media on multiplex networks, /nf. Sci., 471 (2019), 185—
200. https://doi.org/10.1016/j.ins.2018.08.050

R. Zhao, L. Zhao, Effects of official information and rumor on resource-epidemic coevolution
dynamics,  J. King  Saud Univ. Comput. Inf. Sci., 2022 (2022).
https://doi.org/10.1016/j.jksuci.2022.09.003

Q. Guo, Y. Lei, C. Xia, L. Guo, X. Jiang, Z. Zheng, The role of node heterogeneity in the coupled
spreading of epidemics and awareness, PloS One, 11 (2016), e0161037.
https://doi.org/10.1371/journal.pone.0161037

X. L. Peng, Y. D. Zhang, Contagion dynamics on adaptive multiplex networks with
awarenessdependent rewiring, Chin. Phys. B, 30 (2021), 058901. https://doi.org/10.1088/1674-
1056/abelab

C. Granell, S. Gomez, A. Arenas, Dynamical interplay between awareness and epidemic spreading
in multiplex networks, Phys. Rev. Lett., 111 (2013), 128701.
https://doi.org/10.1103/PhysRevLett.111.128701

C. Granell, S. Gémez, A. Arenas, Competing spreading processes on multiplex networks:
awareness and epidemics, Phys. Rev. E, 90 (2014), 012808.
https://doi.org/10.1103/PhysRevE.90.012808

Y. Shang, Modeling epidemic spread with awareness and heterogeneous transmission rates in
networks, J. Biol. Phys., 39 (2013), 489-500. https://doi.org/10.1007/s10867-013-9318-8

W. Wang, M. Tang, H. Yang, Y. Do, Y. C. Lai, G. W. Lee, Asymmetrically interacting spreading
dynamics on  complex layered networks, Sci. Rep., 4 (2015), 5097.
https://doi.org/10.1038/srep05097

H. F. Zhang, J. R. Xie, M. Tang, Y. C. Lai, Suppression of epidemic spreading in complex
networks by local information based behavioral responses, Chaos Interdiscip. J. Nonlinear Sci.,
24 (2014), 043106. https://doi.org/10.1063/1.4896333

X. Nie, M. Tang, Y. Zou, S. Guan, J. Zhou, The impact of heterogeneous response on coupled
spreading dynamics in multiplex networks, Phys. A, 484 (2017), 225-232.
https://doi.org/10.1016/j.physa.2017.04.140

C. Fan, Y. Jin, L. Huo, C. Liu, Y. Yang, Y. Wang, Effect of individual behavior on the interplay
between awareness and disease spreading in multiplex networks, Phys. A, 461 (2016), 523-530.
https://doi.org/10.1016/j.physa.2016.06.050

P. Hu, D. Geng, T. Lin, L. Ding, Coupled propagation dynamics on multiplex activity-driven
networks, Phys. A, 561 (2021), 125212. https://doi.org/10.1016/j.physa.2020.125212

P. R. Rich, M. S. Zaragoza, The continued influence of implied and explicitly stated
misinformation in news reports, J. Exp. Psychol. Learn. Mem. Cognit., 42 (2016), 62-74.
https://doi.org/10.1037/xIm0000155

E. Anastasiades, M. Argyrides, M. Mousoulidou, Misinformation about COVID-19:
Psychological insights, Encyclopedia, 1 (2021), 1200-1214.
https://doi.org/10.3390/encyclopedial 040091

Y. Shang, Discrete-time epidemic dynamics with awareness in random networks, Int. J. Biomath.,
6 (2013), 1350007. https://doi.org/10.1142/S1793524513500071

Mathematical Biosciences and Engineering Volume 20, Issue 3, 4516-4531.



4531

34. S. Funk, V. A. A. Jansen, The talk of the town: modelling the spread of information and changes
in behavior, in Modeling The Interplay Between Human Behavior And The Spread Of Infectious
Diseases, Springer New York, (2013), 93—102. https://doi.org/10.1007/978-1-4614-5474-8 6

35. S.Funk, E. Gilad, C. Watkins, V. A. A. Jansen, The spread of awareness and its impact on epidemic
outbreaks, Proc. Natl. Acad. Sci., 106 (2009), 6872-6877.
https://doi.org/10.1073/pnas.0810762106

©2023 the Author(s), licensee AIMS Press. This is an open access

AIMS AJMS Press article distributed under the terms of the Creative Commons
Attribution License (http://creativecommons.org/licenses/by/4.0)

Mathematical Biosciences and Engineering Volume 20, Issue 3, 4516—4531.



