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Awareness of epidemics can influence people’'s behavior and further trigger
changes in epidemic spreading. Previous studies concentrating on the coupled
awareness-epidemic dynamics usually ignore the multi-type information and
the heterogeneity of individuals. However, the real-world cases can be more
complicated, and the interaction between information diffusion and epidemic
spreading needs further study. In this article, we propose an individual-based
epidemics and multi-type information spreading (IEMIS) model on two-layered
multiplex networks considering positive and negative preventive information
and two types of heterogeneity: 1) heterogeneity of aware individual's state
which leads to differences in aware transmission capacity and 2) heterogeneity
of individual's node degree which affects the epidemic infection rate. Based on
Micro-Markov Chain approach (MMCA), we derive the theoretical epidemic
threshold for the proposed model and validate the results by those obtained
with Monto Carlo (MC) simulations. Through extensive simulations, we
demonstrate that for epidemics with low infectivity, promoting the diffusion
of positive preventive information, enhancing the importance ratio of neighbors
who are aware of positive information, and increasing social distance among
individuals can effectively suppress epidemic spreading. However, for highly
infectious diseases, the influence of these factors becomes limited.

KEYWORDS

epidemic spreading, information diffusion, multiplex networks, individual
heterogeneity, multi-type information

Introduction

Pandemics are major threats to human society Morens et al. [1]. Recently, during the
COVID-19 pandemic, epidemic-related information diffused by official media, mass
media, or relatives and friends has aroused public awareness. Crisis awareness or negative
emotions may propagate among individuals. Such awareness can further influence
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people’s decision-making or behavior, for e.g., wearing masks,
reducing physical contact with others, and receiving the
vaccination, and as a result, may trigger changes in epidemic
spreading Ferguson [2]; Wang et al. [3]; Funk et al. [4]; Funk et al.
[5]; Ruan et al. [6]. Therefore, it is necessary to understand the
interaction between information diffusion and epidemic
propagation, and this topic has gained much attention in
recent studies Arefin et al. [7]; Kabir and Tanimoto [8];
Nadini et al. [9]; Hota and Sundaram [10]; Li and Li [11].

Recent studies on the coupled awareness-epidemic dynamics
usually used two asymmetrical networks to represent two spreading
processes Wang et al. [12]; Jia et al. [13]; Guo et al. [14]; Zhan et al.
[15]; Wang et al. [16], Wang et al. [17]. For example, Kabir et al. [18]
constructed a two-layer SIR-UA (susceptible-infected-recovered/
unaware-aware) model to study the interaction between physical
contact and information diffusion on epidemic spreading. Xia et al.
[19] considered the influence of mass media in information
diffusion in the awareness-epidemic model and derived the
epidemic threshold which is correlated with the multiplex
network topology. Guo et al. [20] incorporated three types of
heterogeneity with the coupled awareness-epidemic spreading
model and pointed out that the heterogeneity has two-stage
effects on the epidemic threshold. Li et al. [21] used a temporal
multiplex network to study the spatial-temporal properties of
multiplex networks to the epidemic spreading. Jia et al. [13]
proposed a multi-layer activity-driven network that investigates
disease diffusion with self-protection awareness. Their results
indicate the impact of network structure and propagation
parameters on the epidemic threshold. Kabir et al. [22] presented
a susceptible —vaccinated- infected-recovered (SIR/V) with the
unaware-aware (UA) epidemic model to study the impact of
vaccination on epidemic dynamics. Based on their model, they
studied the vaccination game with different types of strategy
updating rules and different network topologies.

In the real world, the prevalence of public discussion on
epidemics varies and does not always bring about a positive effect
on the epidemic spreading Depoux et al. [23]; Ahmad and Murad
[24]. For instance, individuals may become vigilant or scared and
take protective measures when they receive information
regarding the pandemic through official media. That is, a
positive correlation between the protective measures taken by
individuals and the spread of awareness could be built. However,
based on the diversification of information, individuals may be
affected by misdirected information regarding the disease
spreading on social media and thus become irrational to the
epidemic. Irrational behaviors including irrational antimicrobial
prescribing Parveen et al. [25], irrational beliefs Teovanovic et al.
[26], and panic buying Arafat et al. [27] can facilitate the
propagation of epidemics by individuals’ improper protective
measures. Hence, information diffusion can also lead to a
negative correlation between information diffusion and the
spread of the epidemic. The issue how the interaction of
different types of information influences epidemic propagation
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has been further studied. To distinguish the impact of different
types of information on disease spread, Zhang et al. [28]
introduced a nonlinear dependence of the epidemic infection
rate representing the effect of different forms of dependence on
the coevolving dynamics. In addition, Wang et al. [29] studied
the impact of positive and negative epidemic-related information
on disease spread. These studies pointed out the significance of
information diversity on the propagation of epidemics. However,
assumptions for multiple preventive information are still limited
and do not consider the individual heterogeneity in the diffusion
of information.

Early studies usually assume that individuals are treated
equally, namely, individuals have the same response to
epidemics after being aware of the protective measures, and
each infected or aware individual has the same influence on
their neighbors. In fact, the individual differences lie in its
characteristics and relationship with the affected neighbors
(e.g., number of contacts, states, and intimacy with infected
neighbors) Wang et al. [17]; Liu et al. [30]; Guo et al. [31];
Zhang et al. [32]. For instance, highly connected individuals (hub
nodes) have higher infectious rates compared with those lowly
connected individuals (weak nodes). In other words, individuals
who have large social circles are more likely to affect others or be
affected by their neighbors. In recent years, there has been an
increasing focus on the study of the influence of individual
heterogeneity on epidemic dynamics. Guo et al. [33] described
the heterogeneity by using degree and k-core measures in three
models based on different assumptions. Results showed a
difference in the final epidemic size between the k-core
measure and the degree measure. Chen et al. [34] proposed a
resource-epidemic co-evolution model in order to study the
influence of allocation of individual resources on the dynamic
of an epidemic. Also, they came to the conclusion that the
heterogeneity of self-awareness distribution suppresses the
outbreak of an epidemic. Pan and Yan [35] incorporated the
heterogeneity of individual response to disease, the heterogeneity
of influence in the epidemic network, and the heterogeneity of
influence in the information network in a coupled awareness-
epidemic spreading model in multiplex networks. Although
studies mentioned previously highlight the necessity of
considering individual heterogeneity in the information-
epidemic multiplex network-based model, such heterogeneity
is simple compared to the reality. Therefore, the issue how
the
epidemics spreading and awareness diffusion requires further

individual heterogeneity —impacts interplay between
study.

Motivated by the aforementioned considerations, we propose
an individual-based epidemics and multi-type information
spreading (IEMIS) model upon multiplex networks. To
investigate the impact of multi-type information, we introduce
two types of information: 1) positive and 2) negative preventive
information. The diffusion of awareness can reduce or increase

the risk of infection depending on its type. Considering that the
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FIGURE 1

Structure of the individual-based epidemics and multi-type information spreading model (IEMIS) in a two-layered network. Nodes in the
information network (the upper layer) have three possible states: unaware(U), aware of positive prevention (A,), or aware of negative prevention (A,).
Nodes in the epidemic network (the lower layer) have two possible states: susceptible (S) or infected (I). The description of key parameters is listed in

Table 1.

diffusion speed of awareness is also related to the information
type and the epidemic dynamics, the transmission rate of
different types of information varies. Moreover, to explore the
influence of individual heterogeneity on the interaction between
information and disease, two types of heterogeneity are
considered: 1) heterogeneity of aware individuals’ states
(health state and information type) which contributes to
different aware transmission capacities and 2) heterogeneity of
individual’s node degree which influences the epidemic infection
rate. In this study, we aim to answer the following questions: 1)
how do two classes of information affect epidemic spreading
when considering individual heterogeneity? 2) how do the two
types of individual heterogeneity affect epidemic spreading? and
3) how do the other disease-related or information-related
parameters influence the individual heterogeneity?

The remainder of this article is organized as follows. In
Section 2, we describe the individual-based epidemics and
multi-type information spreading model. In Section 3, we
analyze the proposed model by MMCA and derive the
analytical expression of the epidemic threshold. In Section 4,
we compare the results simulated by MMC and MC methods,
validate the accuracy of the MMC method, and investigate the
impact of different types of information and individual
heterogeneity. In Section 5, we present some concluding
remarks for our findings.
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Model description

In this article, we proposed an individual-based epidemics
and multi-type information spreading model (IEMIS) by two-
layered multiplex networks, as presented in Figure 1. The upper
layer represents the information diffusion based on the
information network, where links represent connections with
information spreaders such as friends on Twitter or Facebook,
while the lower layer supports the propagation of epidemics,
where links denote physical contacts among individuals, e.g.,
contacts among family members, classmates, or colleagues. Each
layer can be represented as a graph G = (V, E), where V and E
denote individuals and their links, respectively. The link set X and
Y represent the adjacency matrices of epidemic and information
networks. The description of key parameters is listed in Table 1.
The the and the
corresponding propagation regulations are as follows:

interactions between two processes

Propagation rules

1. Information diffusion. In the upper layer, nodes are separated
into three types: unaware (U), aware of positive prevention
(A)), and aware of negative prevention (A,). Individuals in
state U do not have any awareness about the epidemic
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TABLE 1 Definitions of key parameters.

Parameter

&
S,
A
Lo
h
L

P> p2, and ps
1—e kil 2k

prevention. Here, individuals in A; and A, are both aware of
the disease but take different precautions toward the disease.
Individuals in state A; can take effective precautions toward
the disease and have lower infection rates than unaware
individuals. On the contrary, individuals in state A, tend to
take irrational preventive measures which lead to higher
infection rates than unaware individuals. The unaware
individuals can get awareness through contact with
neighbors in state A; (A,) with probability A, (1,). Also,
individuals in state A; and A, may forget the awareness
with probabilities §; and J,, respectively. Moreover, in
terms of the awareness-related impact on the epidemic
spreading, susceptible individuals whose states are A; and
A, can influence the probability of being infected by
multiplication factors f; (0 < f; < 1) and f, (1 < f, < 2),
respectively. The lower the multiplication factor is, the lower
the probability of individuals being infected is, especially
when f; = 0, individuals are fully immune to the infectious
disease.

. Epidemic propagation. In the lower layer, there exist two

different health-related states: susceptible(S) and infected (I).
Susceptible individuals may be infected with the probability
by infected (I) neighbors when they are unaware of epidemics.
The susceptible individuals who are in state A; and A, may be
infected with probabilities f,8 and f,f3, respectively. Also, the
infected (I) individuals recover with the probability of u.

. Heterogeneity of aware individuals’ states. Aware individuals

in different states (health state and information type) have
different aware transmission capacities. It is known that, in
many cases, awareness spread by infected individuals can be
more persuasive than healthy people. Neighbors of those
infected individuals tend to be more alert to the infectious
disease and more willing to take protective measures. In
addition, individuals in A; and A, states also play different
roles in awareness diffusion. We assume that unaware people
are more likely to acquire positive preventive information
rather than the negative one. Compared with the former
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Description

Probability of getting infected by infected neighbors for susceptible individuals
Probability of being recovered for infected individuals

Probability of being unaware of disease for A;S

Probability of being unaware of disease for A,S

Probability of being aware of positive information for US

Probability of being aware of negative information for US

Positive awareness perception factor

Negative awareness perception factor

Health-related factors for aware neighbors to spread awareness

Node degree-related factors for infected neighbors to spread disease

FIGURE 2

Sketch map of the awareness diffusion between unaware
individuals and their aware neighbors. u, v, and w denote the
number of A;S, Ail, and A,S, respectively. p;, po, and pz are the
health-related factors.

studies Wang et al. [29], Wang et al. [17], which assume
that aware neighbors have the same contribution on
awareness spreading (important ratio of aware individuals
AiS: Ail: A, = L 1 1), we believe that aware neighbors have
different  importance based their
AiS: Ail: AyS =3+ Ap;: 2+ Apy: 14+ Apy = pi py: ps(Apy

+ Apy + Aps = 0). p1, pa, and p; are the health-related factors

ratios on state

that represent different importance ratios of awareness
spreading for individual in different states. Figure 2
presents a sketch map of the awareness diffusion between
an unaware individual and its aware neighbors.

. Heterogeneity of individual’s node degree. The degree

distribution of the epidemic network contributes to the
heterogeneity of infection rate for susceptible individuals.
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FIGURE 3
Disease transmission regulation among susceptible
individuals and their infected neighbors. m represents the number

of a susceptible individual's infected neighbor. 1 - e 9/ Yk denotes

the node degree related to the impact of the infected
neighbor j.

The infected individuals with a large node degree mean that
they have frequent social activities and are highly connected
with their neighbors. Such hub nodes are more likely to be the
virus carrier. Hence, the node degree k; is used to represent the
impact of infected node i, and k;/Yk is regarded as the
influence weight where Yk is the total degree of the
infected neighbors. Figure 3 shows the disease transmission
regulation between a susceptible individual and its infected
neighbors. Here, 1 - e/ Lk quantifies the probability of
being infected by the infected neighbor i.

Awareness-epidemic-based dynamics

Here, we assume that once an individual is infected, the
individual would be aware of the positive preventive
information. Considering the combination of health states
and awareness states, there are four possible states in our
model: 1) US (susceptible individual who is unaware of
epidemic), 2) A;S (susceptible individual who is aware of
A,S
negative

information), 3)
of
information), and (4) A,I (infected individual who is aware

positive preventive (susceptible

individual who is aware preventive
of positive preventive information). The possible state
transition procedures are presented in Figure 4. It should
be noted that Figure 4 only indicates the state transitions of
individual i by its neighbor j who has a transmission capacity
of disease or information after a possible epidemic or
information spread. That is, Figure 4 only presents changes

in the state of individual i. Also, it does not denote a transition
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FIGURE 4
Schematic of awareness diffusion procedures and disease
spreading procedures.

in a time step for both the state in epidemic, and information
networks of individual i would change in a time step. For
example, a susceptible individual who is unaware of the
epidemic (US) would be informed by its neighbor j who is
in state A;S with a certain probability related to A; and p;. In
addition, we assume that in the upper layer once the unaware
the
individual will not be able to accept other information at

individual receives a certain kind of information,

this time step.

Analytical results based on MMCA

In this section, the proposed epidemic model is analyzed, and
the epidemic threshold f3. is given by MMCA. The probabilities
that one individual be in one of the four states at time ¢ can be
given as PIUS (1), PiAls (1), szs (t), and PiAll (), respectively.
Restriction P,[-]S (t) + PiA‘S (t) + PiAZS (t) + P?‘I (t) =1 should be
satisfied at each time step t.

Let x;; and y;; be the adjacency matrices of the epidemic
and information network, respectively. If a link exists between
nodes i and j in the epidemic (information) network, then x;;
(yij) = 1. Otherwise, x;; (y;j) = 0. Assuming that the possibilities
of becoming infected or aware by neighbors are independent,
we define the probability of individual i not being aware of
positive or negative information at time ¢ by r;; () and r;; (¢). In
addition, gV is denoted as the probability that the susceptible
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FIGURE 5
Transition probability trees for four states (US, A;S, A5S, A4l).

individual who is not aware of the infectious disease will not
be infected at time . Similarly, /' (g/*) is denoted as the
probability that the susceptible individual who is aware of the
infectious disease by positive (negative) information will not
be infected at time . The expressions for r,,(t), i1 (£), ¢V, q;",
and g/ are as follows:

7 () = [T [1 = xa P25 (0A,]

u

[1[1 - x,PY ()M]

v

rio (8) = [T [1 = %Py (HA,]"

w

1+<1—eikf/zk>
g (0 =TT [1 - y;P}" (0 f1f]

J

2

o

1+(1—eik”/zk>
g (6) =TT [1 - yP}" () f2B]

j

1+(1—eik"/zk>
a4’ (1) =[] [1- yiP?" ()B]

J

Here, u represents the number of neighbors of individual i in
state A;S, v represents the number of neighbors in state A1, and
w represents the number of neighbors in state A,S. Based on the
definition of each state, transition probability trees for the four
states (US, A;S, A,S, AI) are presented in Figure 5. As shown in
Figure 5, each individual will transmit its states according to the
transition trees and its current state in each time step. Individuals
who are aware of the positive (negative) information tend to
forget the information with probability &; (§,). 4 denotes the
probability of being recovered for an infected individual.
According to the transition trees, transition equations for
individual i by using MMCA are listed in Eq (2):
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A;S
5, 16,
Us A, S
qv 1-qY 1_qA qu
Uus Aql Aql AS
A,S
5, 1-6,
Uus A,S
a’ 1-qY 1-q* q*
Uus Aql Aql A,S
PP (t+1) = PMS(1)6i1q] (1) + PP° ()67 (1) + P (t)ria () (D] (£)
P (t+1)= PS8 [1-q" (O] + 1 -8)[1-g" (O]} + PES(0){6:[1-q7 ()]+

(1-8,)[1-g O]} + P 0)fra (Do (1)[1 - ¢7 1)+
(1= () = (1= ra ()L =ra (DI[1- g (B)]+
[1-ra®1[1-g* O]} +PA () (1 - p)
PES(6)(1=8)g (1) + P () (1 - 8+

P (0)[1 -7 (t) = (1= 7 () (1= 72 (1)) (2)

P (8) (1= 82)g (1) + PV (O[1 = rip (D)™ (1)

., ()
PAS(t+1) =

PAS(t+1) =

where PYS(t+1), P (t+1),PAS(t+1) and PM¥(t+1)
represent the possibility that individual i will be in states US,
AL A,S, and A,S at the next time step.

When t — o0, the model will lead to a steady state and the
probabilities for individuals being in each state will be
fixed. The solution for Eq 2 should satisfy the following
equations:

PYS(t+1) = PYS(t) = PVS
PY(t+1) = PN (1) = PN
PAS(t+1) = PMS(t) = pAS
P8 (t+1) = PRS(t) = PS5

3

where PVS, P, PS and P25 represent the probabilities of an
individual to be in states US, A,I, A;S, and A,S at the steady state.
In terms of an SIS epidemic model, the number of infected
individuals would be next to nil at the steady state when f3 is close
to B otherwise, the infectious disease transmission will persist in
the population for some time. Hence, we assume that
PM =g <« 1. Also, the high-order terms in Eq 1 can be
ignored, and the approximation of g",q” and q' can be
expressed as:

P
q'{% =1 —fzﬂzj<2 —e’kf/zk>yijé‘j
q = 1—ﬁzj<2—e*kf/zk>yn€j

4)
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We define Eq 5 to simplify Eq 2. Here,
gt =1-a,q" ~1-a and ¢’ =~ 1-aV. Eq 2 can further
be transformed as Eq 6:

ol = 1 ZJ(Z - e*"f/ Zk>yij51
= 1%, (2= 2 e ®
al = ﬁzj(2 - e_kf/zk>y,-jsj

Ignoring the high-order items, Eq 6 can further be transformed
into Eq 7:

PYS = PAS§ (1-af) + P58, (1 - ) + PYSryrn (1 - o)
P?‘I = P{“S[(?ltxf] +(1- 61)o¢f“] JrP,.A25 [620157 +(1-8)a”]

+P,Us [7’117’1‘1065] + (rp — rimz)OtiA' €1 - Tiz)"‘iAz] + PiAll(l _‘u)’P’A]S
:P,.Als (1-6)(1- lxlA') + P,All (1-8)u+ Pf/s(riz —rari)(1- “?1 )’P‘Azs
=PP5(1-8,)(1-af) + PP (1 1) (1-af), ©
P = B8, 8, + B,
PAS = S (1-8y) + P (1= 80+ PYS (rip = rar)
PS5 = PRS (1= 8y) + PP (1= 1)
=P [Bial+ (1= )] + P [ + (1= 8)a]
+PP [rarpa + (ro — rarp)ad + (1 - rip)a”]
+¢; (1 - :“)
(7)

Eq 7 can further be reduced to Eq 8 by substituting the first
three equations into the fourth one. At the steady state, we
assume that P;A‘s + Pf“ = P;Al,P;AZS = Pf‘z. Owing to
P =g <1, PS4 PSS = ph g P, and
PYS = 1— (P + P{). Then, substituting the aforementioned
equations into Eq 8, we get Equation 9:

(e = PASah + P 1 PUSqY
_ pAS _ -kj/zk e
=P flﬁz 2-e Yij€jt
J
P f1B Z(Z - efk"/zk>yij5f+
J
Pfjsﬁz<2‘efkj/zk>%j€j
7
= (PiAlsfl+P1-A25f2+P?s)ﬁz<2‘eik1/zk>)’iﬁj
7
(8)
{u- - e - el 2y L

=0.

)

Here, 7; is the element of the identity matrix. We define a matrix H
whose element is
By = 11— (1= fOP = (1= [)PE]2 =™ ZE)yi ApunlHD
denotes the maximum eigenvalue of H. The epidemic threshold
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B is the minimum value of f3 that satisfies Eq 9. The expression of
epidemic threshold S, is
¢
= . 10

P R D) 1o
Eq 10 shows that the epidemic threshold is related to the recovery
rate y, the positive (negative) awareness perception factor f; (f,),
and the probability of being in state A; (A,). It should be noted
that P and P;* are further determined by the epidemic-related
parameters (epidemic network structure, epidemic transmission
rate Ay, A,, and recovery rate y).

Results

In this section, we apply the MMCA and the MC method to
analyze the interaction between information diffusion and
disease spreading Lyubartsev et al. [36]. For the results of
MMCA, the stationary fraction of individuals in states I, A;,
and A, are calculated as pl = Y,PMN,
pM = [Y, (P + PAHN, and p* = ¥,P°/N, where N is
the total number of nodes and P{'', P, and P/° are the
probabilities that node i is at the state A;I, A;S, and A,S,
respectively. Also, for the results of MC simulations,
pI :NAII/N> [JA1 = (NA11+NA15)/N, and pAZ ZNAls/N,
where N4 1, Na,s, and Na,s denotes the number of nodes in
Al A;S, and A,S, respectively. The simulation results are based
on 30 independent realizations with 1,000 nodes (N = 1,000). The
information network is generated with the Erdés-Rényi (ER)
model Erdos and Rényi [37] with an average degree of 5, while
the epidemic network is created with the BarabdsiAlbert (BA)
scale-free model Barabasi and Albert [38] which starts from
5 connected nodes. The number of new edges for a new node
added to the existing nodes is 5. The initial fraction of p', p!, and
p™ is set to be 0.01. The default values of parameters are set to be
B=03,u=0521=1=06,0=56,=03,/,=09,£=11,p, =
0.7337, p, = 1.3557, p5 = 0.9107 (Supplementary material Table
S1). We analyze the impact of information diversity and different
types of heterogeneity on the awareness-epidemic multiple
AiS | o

B.. It should be noted that the proportion of p2° is not studied in

networks through the statistical results of p4!, p , and
our work for it reaches 0 at the steady state. This can be attributed
to our model assumption that people are more willing to receive
positive awareness and people being infected can also be aware of
positive information.

We first test the accuracy of MMCA in solving our proposed
model by comparing the output with the result of the MC
method. Then, we study the impact of multi-type information,
heterogeneity of aware individuals® states, and heterogeneity of
individual’s node degree, respectively. Also, the parameters
mentioned in the following sections are all used for illustration.
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Model validation and the impact of

Figure 6 presents comparisons between MMCA and MC
simulation under different network structures. It shows the
proportions of pAil, pAS, and pAS by MMCA and MC
simulation as functions of the probability of being infected(f).
As a result, a good agreement between the two methods can be
seen, verifying the accuracy of MMCA used in our awareness-
disease multiplex networks. Considering the impact of infection
rate f3, the tendency of the curves can be divided into three
phases. When f is lower than . (first phase), few infections
would be witnessed and the disease would not be spread to a wide
range. With the increase of S(second phase), the proportion of
infectious disease (p') and the positive awareness(p*'S) grow
vigorously, while the proportion of negative awareness (p*>°)
falls. This can be explained by the fact that with the increase
of infections, the number of positive awareness spreaders
increases, holding back the spread of negative awareness. In
other words, people would raise their vigilance toward disease
and tend to take more preventive measures when the epidemic
becomes serious. However, after pAzs reduces to 0, pAls also
decreases with the increase of f. This is attributed to the
individuals’ state transition from A,S to AL In reality, due to
the limited protective capability that preventive measures can
provide, people would be vulnerable to infectious disease when
the infection rate is too high.

In addition, the epidemic is more possible to outbreak in the
BA-ER networks comparing the epidemic threshold (f3.) between
Figures 6A, B. However, the difference between the results of two
network structures decreases with the increase of f. The
comparisons indicate that the structure of the multiplex
network influences the final epidemic size but can be
negligible when the infectious rate () is large, playing a
dominant role in the dynamic of awareness-disease spreading.
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-e- p*(MC)
—e— p*(MMCA)
PAS(MC)
P4:5(MMCA)
—%- PAS(MC)
—— P*S(MMCA)

0.4 06 0.8 10

Comparison between MMCA and MC simulation. Result shows the proportions of p*, e

information and physical layers are the BA and ER networks, respectively. (B) Networks in the information and physical layers are both ER networks. All
results are averaged by 50 realizations.

. and p*2° with the increase of B. (A) Networks in the

Impact of multi-type information

Considering the impact of information diversity on the
epidemic spreading, fi, f5, A;, and A, are studied in this section,
especially f; and f, denote the degree of influence of positive or
negative information on epidemic spreading, respectively, while A,
and A, represent the probability of positive or negative information
diffusion. To investigate the role of f; and f,, Figure 7 presents the
heat map of the proportions of p! and p*:5 by MMCA and MC
simulation with a wide range of f; and f,, while Figure 9 shows the
proportions of p (a) and . (b) by MMCA as functions of f; and f;.
Results in Figures 7A,B are obtained by the MC method, and results
in Figures 7C, D are obtained by MMCA. It is shown that the results
obtained by MMCA are well agreed with the results obtained by MC
simulation. Results of Figures 7C, D show that the proportions of
™! and p'S are more sensitive to the variation of f; than f,. This

425 §s small,

can be interpreted by the fact that the proportion of p
and the negative awareness does not play a dominant role in the
epidemic spreading. As for f;, decreasing f; can effectively suppress
the spread of disease (p*1 decreases with the decrease of f; in Figure
C). That is, expanding the influence of positive awareness on
epidemic spreading can help reducing the final epidemic size.
Moreover, for a fixed f; < 0.4, there is an obvious decrease in
pMI. When f, > 0.4, a slowdown in the decrease of epidemic size can
be seen. The result indicates that the positive awareness should be
effective enough to suppress the disease spreading; otherwise, the
awareness diffusion would play a little role in epidemic spreading.

Figure 7E presents the impact of f; on the awareness
spreading. When f; < 0.2, p increases as f; decreases. When
fi =02, ph decreases as f; decreases. p*! reaches a maximum
when f
contributed to the interplay between disease spreading and

0.2 approximately. This phenomenon can be

awareness diffusion. The variation of f; affects the dynamic of
awareness-epidemic spreading in two ways: (a) the infection
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simulation and MMCA, respectively. (B,D) pAlS obtained by MC simulation and MMCA, respectively. (E,F) p’“l and B obtained by MMCA. Other

parameters are the same as the default values.

probability increases with the increase of f; and promotes the
epidemic spreading. (b) The increase of f, also accelerate the
spread of positive awareness for those being infected will
automatically become aware of positive information and hold
up the disease spreading in turn. Hence, when f; is at a low level
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(fi <0.2), the diffusion of positive awareness plays a dominant
role in the awareness-disease spreading dynamic and contributes
to the decrease of p1!. Otherwise, when f, is at a high level (f; >
0.2), the effect of promoting awareness diffusion is overwhelmed
by the influence of promoting epidemic spreading, leading to an
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Other parameters are the same as the default values.

increased epidemic size. In Figure 7F, when f is lower than 0.1,
the epidemic threshold 3, increases obviously with the decrease
of fi. The results indicate that positive awareness has a
pronounced inhibitory effect on epidemic spreading when
fi <0.1

As for A; and A, (the impact of awareness diffusion rate for
positive and negative preventive information), Figures 8A-D
present their influence on the proportion of A;I, A;S, A;, and f3,,
respectively. As shown in Figure 8A, for the fixed A,, the final
epidemic size decreases with the increase of A,. Also, increases in
positive awareness transmission and epidemic threshold are
shown in Figures 8C, D, respectively. The result can be
explained that the decrease of A; promotes the spread of
positive awareness. Moreover, it suppresses the spread of
disease for more individuals by taking preventive measures
toward the disease, thus decreasing the probability of being
infectious. In addition, for the fixed A,, there is little influence
on the epidemic spreading with the variation of A,, which can be
contributed to the same reason as little variation on f,. However,
the results do not indicate that the negative awareness-related
parameters (e. g. Ay, f,) have little impact on the interplay
between epidemics spreading and awareness diffusion under
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all conditions. In “Supplementary Material S1”, we reset the
default values of parameters and incorporate additional
simulations to investigate the role of negative awareness-
related parameters. In general, based on our model
assumption, promoting the diffusion of positive preventive
information can help suppress epidemic spreading as well as

the epidemic outbreak.

Effect of heterogeneity of aware
individuals’ states

Apart from multi-type information, heterogeneity of aware
individuals’ states (health state and information type) which
contributes to different aware transmission capacities is also
considered. In the information network, aware neighbors with
different health states or different awareness states play different
roles in awareness diffusion. p;, p,, and p; are proposed,
representing the importance degree of aware neighbors in A;S,
AyI, and A,S, respectively. Figure 9 shows the impact of p;, p,,
and p; on pAil, pAiS| pA1 and .. It should be noted that the
“relative growth rate” is the relative difference rate compared
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(Supplementary material Table S2).

with the result obtained from the basic condition (p, = p, = p; =
1). The basic condition represents the case that the aware
neighbors are equally important and share the same
information spreading rate. Results show that with the
increase of p,, p™t! decreases while p:5, pAi, and B, increase.
In addition, we find that the proportions vary greatly with the
increase of p, in case IV, which indicates that the importance
ratios p, and p; play important roles in epidemic spreading when
the recovery rate (4) and forgotten rate (6; and d,) are relatively
large. This can be explained that, in this case, few individuals are
aware of epidemics, and promoting the importance of aware
neighbors can affect the coupled awareness-epidemic dynamics
obviously. Compared with case IV, the proportion in case V has a
lower increase. The reason is that with the increase of A; (A,), the
influence of 1; (1,) on the dynamics of epidemic spreading
overwhelm the importance ratio p;, p,, and p;. Similarly, the
proportion in case II also has a lower increase than that in case
IV, which indicates that with the increase of forgotten rate(y), the
dynamic of epidemic spreading could be more sensitive to
heterogeneity in the information diffusion.

Moreover, we also study the result with a higher infection
rate (f3). However, the variations of p, and p; have little impact on
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the awareness-disease dynamics in such cases. Therefore, for
epidemics with low infectivity (B is small), the importance ratio
related to the heterogeneity of information diffusion can have an
obvious impact on disease dynamics. To be specific, promoting
the importance of A;I neighbors in awareness diffusion while
reducing the importance of A,S neighbors can help suppress the
epidemic spreading, especially when the recovery rate(u) and
forgotten rate (§; and §,) are relatively large. On the contrary, for
epidemics that are highly infectious like SARS or COVID-19, the
influence of heterogeneity on the importance ratio of awareness
neighbors is limited, making little difference for controlling
epidemics.

Effect of heterogeneity of the individual
degree

Another aspect of individual heterogeneity taken into
account in the proposed model is the individual degree. In the
physical layer, infected neighbors with different node degrees
have different disease transmissibility. Factor 1—e %/ PN
introduced, representing the capacity of spreading virus of the
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o (AB), "+ (C,D), p*2° (E,F), and . (G,H) as functions of g with the different node degree and different network structure. (A,C,E,G) are based

on the ER-BA network (the upper layer and the lower layer are BA and ER networks, respectively), and (B,D,F,H) are based on the ER-ER network (both
the upper and lower layer are the ER network). Other parameters are the same as the default values.

infected neighbor j. Figure 10 and Figure 8 present pil, pAiS, network (the upper layer and lower layer are BA and ER
p™25, and B, as functions of B with different node degree (k) and networks, respectively) and the subfigures on the right side
different network structure. Also, the subfigures on the left side (Figures 10B, D, F, H) are the results based on the ER-ER

(Figures 10A, C, E, G) are the results based on the ER-BA network (both the upper and lower layers are the ER
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network). In terms of the results based on the ER-BA network,
with a fixed 3, the proportion of infected individuals increases
with the increase of average node degree (k). The differences of

Al
p

when f becomes larger (8 > 0.15), gaps among these cases

among these five cases increase when 8 < 0.15; however,

become narrow. When f is close to 1, the gaps become
neglectable. This phenomenon can be explained by two
aspects: 1) with the increase of average node degree (k), the
infected individuals can have a large range of daily activities and
are more likely to transmit the virus to their neighbors, resulting
in a larger epidemic size. 2) When the infection rate () is at a low
level, the node degree plays an essential role in the dynamics of
epidemic spreading. However, with the further increase of 3, the
impact of increasing the node degree would fade. That is, when
the epidemic is highly infectious, the degree of connectivity does
not play a dominant role in the epidemic spreading.
Comparing the results obtained from the ER-BA network with
the results obtained from the ER-ER network, the trends for pA‘I R
ph 4,8

considering the impact on the epidemic threshold f,, the variation

S and p with the increase of f. are similar. However,
of B is obvious. The differences can be explained that the node degree
distribution of the BA network is not uniform; once those hub nodes
become infected, their high probability of infection raises the severity
of their neighbors perceiving infectious disease and further leads to a
severe outbreak. Therefore with the increase of average node degree,
the number of hub nodes also raises up, resulting in a lower f3.. In
general, a network with a low node degree can help slow down the
spread of disease, and the final epidemic size is also related to the
network structure. It is possible to suppress the epidemic spreading by
increasing individual’s social distance during the outbreak.

Conclusion

In this article, we propose an individual-based epidemics and
multi-type information spreading (IEMIS) model, mainly
considering two factors that can significantly affect the
coupled awareness-epidemic spreading but have been rarely
studied. The first factor is the multi-type information. The
second factor is the individual heterogeneity (including the
heterogeneity in awareness diffusion and the heterogeneity in
epidemic spreading). Based on MMCA, we give out the analytical
epidemic threshold of the proposed model and analyze the
impact of information type and individual heterogeneity on
the interplay between awareness and epidemic. The results
show that the diffusion of positive awareness can help to
suppress the epidemic spreading, while the influence of
negative awareness is limited for the high proportion of
infections leading to an overwhelming propagation of positive
information. As for individual heterogeneity, enhancing the
importance ratios of aware neighbors who receive positive
information can elevate positive awareness spreading and
further promote epidemic prevalence. Moreover, lowering the
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average node degree can effectively suppress epidemic
propagation, that is, cutting back social activities or increasing

social distances can help control the disease.
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