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ABSTRACT

Recent few years have witnessed a growing interest in exploring the dynamical interplay between awareness and epidemic transmission
within the framework of multiplex networks. However, both local and global information have significant impacts on individual awareness
and behavior, which have not been adequately characterized in the existing works. To this end, we propose a local and global information
controlled spreading model to explore the dynamics of two spreading processes. In the upper layer, we construct a threshold model to describe
the awareness diffusion process and introduce local and global awareness information as variables into an individual awareness ratio. In
the lower layer, we adopt the classical susceptible-infected-susceptible model to represent the epidemic propagation process and introduce
local and global epidemic information into individual precaution degree to reflect individual heterogeneity. Using the microscopic Markov
chain approach, we theoretically derive the threshold for epidemic outbreaks. Our findings suggest that the local and global information can
motivate individuals to increase self-protection awareness and take more precaution measures, thereby reducing disease infection probability
and suppressing the spread of epidemics.

Published under an exclusive license by AIP Publishing. https://doi.org/10.1063/5.0092464

There has been an emerging interest on the coupled epidemic-
awareness dynamics in multiplex networks. In this paper, we pro-
pose a new epidemic-awareness coupled spreading model called
local and global information controlled spreading (LGICS) to
explore the impacts of local and global information on epidemic
propagation. In the model, the awareness diffusion process is
described by a threshold model, in which the individual awareness
ratio is controlled by the local and global awareness information.
The epidemic propagation process is modeled by the classical SIS
process, where individual precaution degree is linked to the local
and global epidemic information. Through theoretical analysis,
we obtain the expression of the epidemic threshold. In numerical
simulations, we found that both the local and global information
in the two-layer network can suppress the spreading of epidemics.
Our work may provide new ideas for the research of epidemic
modeling.

. INTRODUCTION

As the enemy of mankind, epidemics, such as smallpox,
SARS, and COVID-19, have been a major disaster threatening
human health and affecting social stability for a long time."”’
How to effectively prevent and control the outbreak of epidemics
has become an important and urgent issue in the field of pub-
lic health management.”” In this case, the research of the epi-
demic propagation process combined with complex network®’
has attracted much attention from diverse fields.""'" During the
outbreak of epidemics, disease-related awareness may be trans-
mitted by word of mouth, virtual networks, and mass media,
etc. Such awareness of the epidemic may trigger changes in
human defenses, such as wearing masks, receiving vaccination,
and reducing outside activities, thereby reducing the risk of
being infected and further significantly affecting the spread of
epidemics.''™"* Therefore, a growing interest has emerged on the
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Chaos

coupled spreading processes of awareness and epidemic in multiplex
networks.' "'

Most existing studies describe the interaction between aware-
ness and epidemic as two competitive transmission processes in a
two-layer network." =" Specifically, the spread of epidemics in the
physical network supports the emergence of aware individuals and
promotes awareness diffusion, while awareness diffusion will sup-
press the spreading of epidemics by prompting more individuals to
take precaution measures.'’~'® In related studies, the following two
problems have induced much concern. The first one is how disease-
related awareness diffuses over the whole population in the epidemic
propagation process. Earlier studies assumed that the contagion
process of consciousness is the same as that of epidemic trans-
mission and construct an unaware-aware-unaware (UAU) model
to describe it based on the susceptible-infected-susceptible (SIS)
model.”””! However, Guo et al. first found that individuals show
herd-like behaviors when responding to epidemic outbreaks, and
they construct a threshold model to depict the awareness diffu-
sion process.”” Zang considered the impact of the global awareness
information on individuals, and they proposed a global awareness
controlled propagation model.” Later, Xia et al. considered the
impact of mass media on two-layer multiplex networks and pro-
posed a coupled disease-awareness epidemic model.”” The other
problem of widespread concern is how aware individuals react
and respond to the outbreak of epidemics. Regarding this prob-
lem, most of the existing studies deemed that aware individuals will
take self-protective actions and the probability of all aware indi-
viduals being infected is the same, ignoring the heterogeneity of
individuals.”>*® Therefore, many researchers have considered the
influence of awareness diffusion on the spread of epidemics from
the perspective of individual heterogeneity.”” For example, Pan and
Yan explored the effect of three types of heterogeneity on epi-
demic propagation.”® Sun et al. take into account three types of
generation mechanisms of individual awareness to better explore
asymmetrical interaction between epidemic spreading and aware-
ness diffusion.”” Chen et al. studied the influence of heterogeneous
self-awareness distribution on the epidemic propagation and found
that the heterogeneity in the distribution of self-awareness inhibits
disease outbreaks.”

To sum up, previous studies on the coupled transmission of
awareness and disease mainly focus on the mechanism of awareness
diffusion and individual behavioral responses and still have some
drawbacks in characterizing the influence of local and global infor-
mation. On the one hand, in the information explosion era, global
information is at our fingertips and social media has an increas-
ing impact on human beings, but the existing related studies mainly
introduce global information by adding an information dissemina-
tion channel. For example, in Xia’s work,”* the mass media is only
introduced to influence the state of the entire population with a
fixed probability on the awareness layer. However, due to the herd
mentality, people tend to make judgments and adjustments based
on the majority. For example, the epidemic prevention intensity
of each region is often dynamically adjusted according to the local
disease rate. On the other hand, when faced with an epidemic out-
break, there is heterogeneity in people’s self-protection measures,
i.e., the self-protection degree of individuals are not consistent. Indi-
viduals take self-protective actions according to the disease state of
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their neighbors, that is, the individual’s self-protection measures are
closely related to the local and global epidemic situation, which, in
turn, affects the spread of infectious diseases. Henceforth, it is nec-
essary to explore the impact of local and global information on the
spreading of epidemics.

Motivated by the above analysis, we propose a local and global
information controlled model (LGICS) to explore the dynamical
interaction between awareness and epidemic. Local and global infor-
mation in the awareness and epidemic layer has a direct impact on
people’s awareness and behavior. Therefore, the awareness ratio and
the precaution degree of each individual are assumed to be asso-
ciated with the proportion of aware individuals and infected indi-
viduals, respectively. Moreover, the state transition in the awareness
layer is described by a threshold model, which is in line with real-
ity. By utilizing the microscopic Markov chain approach (MMCA),
we derive the expression of the epidemic threshold. Through exten-
sive simulations, we find that the local and global information in
the awareness layer and epidemic layer will enhance the awareness
ratio and self-precaution degree of individuals and, thus, inhibit
the spread of epidemics. The main contributions of this paper are
summarized as follows:

o In the process of information diffusion, we adopt the threshold
model to describe the transition of individual awareness states.
Anindividual’s awareness transformation ratio is determined by
the local and global awareness information;

e In the process of epidemic propagation, considering the het-
erogeneity of individuals, the self-precaution degree of each
individual is set to be related to the local and global epidemic
information;

e Considering the herd mentality of humans, the proportions
of aware individuals and infected individuals are utilized to
describe the local and global information in the two layers,
respectively.

The organization of this paper is as follows: In Sec. II, we
present a detailed description of the proposed LGICS model. Then,
in Sec. 111, we give a theoretical analysis of the model based on the
MMCA. Simulations are carried out to explore the impact of local
and global information on epidemic propagation in Sec. I'V. Finally,
we conclude the paper in Sec. V.

Il. THE LOCAL AND GLOBAL INFORMATION
CONTROLLED SPREADING MODEL

In this section, we construct the LGICS model in a two-layer
multiplex network based on the local awareness controlled conta-
gion spreading (LACS) model.”” The sketch of the LGICS multiplex
network model is shown in Fig. 1.

The upper layer describes the diffusion of awareness in a social
communication network, such as Twitter or Facebook, where links
represent the virtual relations with netizens. In this layer, there are
two possible states for each node: unaware (U) or aware (A). Mean-
while, the lower layer represents the propagation of epidemic in the
physical contact network, where links denote the realistic contacts
with neighbors. In this layer, the state of each node is susceptible (S)
or infected (I).
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FIG. 1. Sketch of the proposed LGICS model. The upper layer corresponds to the
social communication network that supports the diffusion of awareness, nodes
on this layer are either unaware (U) or aware (A). The lower layer is the physi-
cal contact network where epidemic propagation happens and nodes also have
two states: susceptible (S) or infected (). Local information is surrounded by red
curves, and global information is surrounded by blue curves. Both layers in our
model are affected by the local and global information.

In the awareness layer, the threshold model is utilized to
describe the process of awareness diffusion. An unaware individ-
ual becomes aware when his awareness ratio n exceeds the critical
awareness ratio 6. Additionally, an aware individual may forget this
disease-related awareness and be unaware state again with probabil-
ity 8. In the epidemic layer, a susceptible individual may be infected
by infected individuals with probability 8, and an infected individual
will recover with probability .

The interactions between awareness and epidemic are as fol-
lows: (1) If a susceptible individual gets infected, the individual may
change to aware state with probability «. (2) Susceptible individ-
uals will take precaution measures to avoid being infected if they
become aware in the awareness layer. Therefore, the probability of
individual i being infected is determined by the state of individual i
in the awareness layer. To be specific, if a susceptible individual i is
unaware in the awareness layer, its infection probability 8V = 8. If
an susceptible individual i is aware, the infection probability of indi-
vidual i will be reduced by the precaution degree y; and becomes
B2 = v:BY(y; € [0,1]). The individual precaution degree y; regu-
lates the probability of an aware individual i being infected. y; = 0
denotes that the aware individual i is completely immune to the
infection, while y; = 1 denotes that an aware individual i does not
take any precaution measures.

The existing studies usually assumed that unaware individuals
become aware only through the local awareness spreading process,
ignoring the influence of the global awareness information. Besides,
they also assumed that the individual precaution degree y; are the
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same across all aware and susceptible (AS) individuals. In this paper,
considering the joint influence of the local and global information,
the coupled awareness-epidemic model is extended as follows.

A. Effect of local and global awareness information

In the awareness layer, unaware individuals obtain the disease-
related information and become aware of epidemics not only from
local awareness information, but also from the global awareness
information. In this case, the individual awareness ratio 7 is jointly
influenced by the local and global awareness information. We use p;*
and ¢* to denote the aware density among individual i’s neighbors
(local awareness information) and the aware density in the whole
population (global awareness information), respectively. They can
be calculated as

DL/ AV

ki

PRV AG!
N

, (1)

where a;; denotes the connection relationship between i and j in the
awareness layer, pf‘ () denotes the probability of individual i lies in
state A at time step £, k; denotes the degree of node i, and N denotes
the total number of nodes.

In reality, when disease-related awareness becomes prevalent,
people will be more likely to become aware. Thus, we assume that
the individual awareness ratio increases with the local and global
awareness information. Then, the awareness ratio n; of individual
i is defined as

m:l—(l—upiA)(l—bQA),(OSa,bfl), (2)

where a and b represent the impact strength of local and
global awareness information on the individual awareness ratio,
respectively. In specialized situation, when b =0, n* = ap? (the
awareness ratio is entirely determined by the local awareness infor-
mation), our LGICS model will degenerate into the LACS model.”
Unlike the mass media in Xia’s paper,” In our model, the mecha-
nism for unaware individuals to become aware can be represented as
n;i>0

(Y 3)

B. Effect of local and global epidemic information

In previous works, the self-protective level y is equal across all
the individuals. However, considering the heterogeneity of individ-
uals, different aware individuals may take a different level of pre-
cautions to avoid being infected. As mentioned above, the infection
probability of an aware and susceptible individual is calculated as:

B =viBY. (4)

In reality, individuals may take more effective precaution
actions when the epidemic becomes severe and prevalent.”’ We
use p! and o' to denote the local epidemic information and global
epidemic information, respectively, which can be calculated as

N
o= h,fﬁ(t)» o = ZEB® 5)

N
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where bj; denotes the connection relationship between individual i
and j in the epidemic layer and p} (t) denotes the probability of indi-
vidual i lies in state I at time step . In real life, when the number
of patients with disease increases, it means that the disease is highly
contagious, thus increasing people’s awareness of the disease. Thus,
we assume the precaution degree y; of individual 7 increases with the
local and global epidemic information in our model. Then, it can be
defined as

vi=v (1—cp)) (1 —do"), 0<y,cd<1) (6)

where y; is the basic precaution degree for aware individuals and
c and d denote the impact strength of local and global epidemic
information on individual precaution degree.

I1l. THEORETICAL ANALYSIS BASED ON MMCA

According to our LGICS model, the N individuals can be in
these four states: unaware and susceptible (US), aware and suscep-
tible (AS), unaware and infected (UI), and aware and infected (AI).
The probabilities that individual i being in these four states at time
step ¢ can be represented as pS(#), pA5(¢), p'(t), and p'(t), respec-
tively. Obviously, each time step satisfies pS(t) + p2S(t) + pYl(#)
+p@) = 1.

J

P+ 1) =pP it [1 — g/ 0] (1 — ) 4+ p(1)s [1 —

—_
N2
Y
S
}/k
ST
T
A
S

scitation.org/journal/cha

Let A = (aj)y, y and B = (by),,  be the adjacency matrices
of the social communication network and physical contact network,
respectively. Then, we define the probability of unaware individual
i not being informed in the awareness layer as r;(¢), and the prob-
abilities of an unaware or aware individual i not being infected by
any neighbors as g7 (f) or g% (¢). Assuming the absence of dynamical
correlations between the two-layer networks, they can be calculated
as follows:

ri(®) =H[0 —nil,

a'(0 =T |1 -bipj8"],
j 7)

g0 =TT[1 - birjp*].
j

where n; denotes individual i’s awareness ratio and p} ) = ij’ )
+ pj{” (). Additionally, H(x) is the Heaviside step function. H(x) = 1
when x > 0; otherwise, H(x) = 0. Then, we can construct the tran-
sition probability trees of each state in our LGICS model, as shown
in Fig. 2. Based on the transition probability trees, we can develop
the transition equations for four possible states using the MMCA in
Eq. (8).

PP+ 1) = p0rivg] O + pi*1)8q] ) + p Oty + p (S,
P+ 1) =pB 1 =] g @ +p O = 8)gi &) + p" ) [1 — (O] e+ p' (YA = ),
4/ ®] (1 =) +p"Or® A = w1 =) +pBHSA — (1 —k),  (8)
M+ D =pPO{rn[1-q/O]c+ 1 —rOI[1 =g O]} +p {5[1 -7 O] + 1 =8) [1 — g} 1]}
+p/ O (O — i+ [1 = ()] (1 = )} + pM (1 — g + (1 = 8)(1 — ).

(b) q._7US
S US< 1—x_> Ul
1-¢q’ Ul

AS gy AS K™l
1-6 AS
I—g/ ™> Al
) u_>US
S U1< ey Ul
1—u Ul
Al

FIG. 2. Transition probability trees of four states (a) US, (b) AS, (c) Ul, and (d) Al. r;(f) denotes the probability that individuals i not being informed of the disease-related
awareness. § represents the probability that aware individuals forget the disease-related awareness. qf’(t) and qf(t) denote the probabilities that an unaware and aware
susceptible individual has not been infected, respectively. 1 represents the probability that an infected individual recovers to be susceptible. « denotes the self-awareness

generating probability.
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Theorem 1: Given that the topology A and B of two-layer
multiplex networks, the epidemic dynamics on top of them is
described in Eq. (8). Then, the threshold determining whether the
epidemics can break out is represented as

_ K
Be = A ©)

where A,y is the largest eigenvalue of the coupled matrix related to
awareness diffusion and the contact network B.

Proof. When the proportion of each state of each node
reaches a steady state as t — oo, Eq. (8) satisfies that pUS(¢+ 1)
=p M =p" PR+ D =pB® =pi  plE+1) =p(D)
= pYI and p#'(t + 1) = p?'(¢) = p. Then, we can further compute

J

+pM8(1 — Wk + (1 =8 (1 — wl.

Noting that &; = p/" + p <« 1, we get p/ = p¥S + p ~ pl,
pi = pS + piM & p*S. Therefore, Eq. (8) can be further simplified as
follows:

pi =piri+pi's,
pl=plA—r)+pt -5,
g =p; [rie + (1 —rpa]
+p [8af + (1 = o] + &1 — .

(12)

According to the first two equations in Eq. (12), we can simplify
the last equation as follows:

we; =pY [r,»aiU + 1 - ri)af‘] +pt [(SaiU + 1 - S)af‘]
= (p'ri+pid) e + [pi(1 = r) +pl (1 = &)] o]
= (! +vipl') BY D bigey. (13)
J
Substituting p” + p# = 1in Eq. (13), we can obtain

pei = (1—pt +yip) ﬁUZ bie;
j
=[1— =]V bye; (14)
i

As a further step, Eq. (14) can be transformed into

Z {[1 -1~ )’x)Pﬂ bij - %O‘ij} & = 0, (15)

j

the epidemic threshold f,. For the SIS model, the number of infected
individuals is close to 0 when B is near 8., and we can assume
Pl = & < 1. According to Eq. (6), g” and g2 are approximated as

a’ =T1[1-bipj0p"] ~ 1=V byes
j

J

gt =T1[1-vplop*] = 1= 53 by
J

j

(10)

(]

For simplicity, let of = BYY" bye; and o = p* 3, bye;.

Then, g/ ~ 1 — ! and gf ~ 1 — af. Therefore, Eq. (8) can be
transformed as follows:

p® =pn (1= o) + %8 (1 = &) + p{"Sarips + o,

pE=p A=) (=) +p° A =8) (1= o) +p" A =) +p' A = )ps,

P =pPrial (1 — k) + piSsa’(1 — k) + p!"ri(1 — (1 — k) + pH8(1 — w1 — k), (11)
Pt =p [riaic + A = ryef ]+ pi¥ [Salic + (1 = 8)a ] + p" [ri(1 — Wik + 1 = 1) (1 — )]

(

where oj is the element of the identity matrix. Let
hj; = [1 —(1 - yi)pf‘] b; be the element of matrix H. According
to Eq. (13), the epidemic threshold of the proposed model can be
described as follows:

po=pl=—" (16)

T Apa(H)’

where A (H) denotes the maximum eigenvalue of matrix H. It
can be clearly seen from Eq. (16) that B, explicitly depends on the
individual precaution degree y;, and the density of aware individ-
uals in the awareness layer p?, where p? is further determined by
the network topology, the recovery probability u, and the forgetting
probability §.

IV. NUMERICAL SIMULATION

According to the transition equations derived by MMCA in
Eq. (8), we can get the probabilities of each individual being in
different states at any time by iterations after given the initial con-
ditions. Therefore, the steady-state proportion of aware individuals
and infected individuals can be described as p* = >, p#/N and
p' =", p!/N, respectively. In Subsections [V A-1V D, we first use
Monte Carlo (MC) simulations to verify the theoretical results of
MMCA. Afterward, we investigate the effects of the critical aware-
ness ratio, the awareness information, and the epidemic information
on awareness diffusion and epidemic propagation processes using
MMCA.
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A. Comparison between MC and MMCA

In this subsection, to verify the accuracy of MMCA, we carry
out a comparison between MC simulations and MMCA computa-
tions in two-layer networks, mainly on two quantities: p# and p'.

The networks adopted in this paper are the Erdos-Rényi (ER)
random network’> and Barabasi-Albert (BA) scale free network.”
In our experiment, the networks are initialized by igraph in
R, and function erdos.renyi.game and barabasi.game are utilized
to generate the networks, respectively. For the ER random net-
work, it is constructed with a fixed edge connection probability
p = 0.01 and average degree (k) = 10. For the BA scale free network
with growth and preferential attachment mechanism, it starts from
my = 5 connected nodes and the average degree (k) = 10. In all the
experiments, the network size is fixed to be N = 1000 nodes for both
the ER and BA networks, and the upper network owns 2000 extra
random edges than the lower layer. For simplicity, we assume that
there is no correlation between the upper and lower layer. Mean-
while, the initial proportion of infected individuals I, is set to be
20%, and all the individuals are unaware of the epidemics in the
upper awareness layer.

As shown in Fig. 3, we carry out four group simulations with
different network topologies in the upper and lower layer. The net-
work topologies we use are (a) two-layer ER networks, (b) two-layer

(a) 08

0.6 -.-.-"- i

Q 04 — 'pA(MMCA) E
= phMO)
0.2 — J(MMCA)
Vo)
0'0 L 1 1
0.0 0.2 0.4 0.6 0.8 1.0
B
0.8 T T T T
© ER+BA
....‘.——.-.--h-.—"-.'l'l'
0.6 -
]
()
QL 0.4F - - _pA(MMCA) k
= pAMO)
0.2} S MMCA) ]
* M)
0.0 oot 1 1 1 1
0.0 0.2 0.4 0.6 0.8 1.0
B
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BA networks, (c) ER and BA networks, and (d) BA and ER networks.
First, we can directly find that the results of MMCA and MC simula-
tions are in good agreement in calculating the stationary proportion
of aware and infected individuals, which demonstrates the accuracy
of the MMCA method in solving the LGICS model proposed in this
paper. Then, by comparing the results of each panel in Fig. 3, we find
that the difference in network topology does not bring a great differ-
ence to the experimental results, so we can ignore the influence of
network topology. Moreover, In order to more intuitively depict the
similarity of the results gained by the two methods, we also calculate
the mean value of the relative error of Fig. 3, and the results are illus-
trated in Table I. Then, in the following simulation, we mainly use
the MMCA to analyze the current model.

B. The effect of the critical awareness ratio

In the threshold model, as an important parameter, the critical
awareness ratio determines whether individuals can transition from
unaware to aware state. Therefore, we first explore the effect of the
critical awareness ratio on awareness and epidemic prevalence. In
Fig. 4, the networks of upper and lower layers in panels (a) and (b)
are set as the same BA networks, while in panels (c) and (d), the
networks are BA-ER networks. From this figure, we find that the
difference in network topology does not bring a great difference to

0.8 T T T T
(b) BA+BA
! St
0.6 '_.. b
@,
QL 04F I 'pA(MMCA) .
= phMe)
02 JMMCcA) ]
Vo)
0.0 Y 1 1 1 1
0.0 0.2 0.4 0.6 0.8 1.0
B
0.8 T T T T
(@) BA+ER

Q04 - ‘pA(MMCA) B
= pAMO)
0.2 JMMCA)
* p(MO)
0‘0 0000: 1 1 1
0.0 0.2 0.4 0.6 0.8 1.0

B

FIG. 3. Comparison of p* and p' using the MC simulations and MMCA with the increase in 8. p* and o' indicate the proportion of aware and infected individuals at the
steady state in the upper and lower layer, respectively. The networks of upper and lower layers for each panel are set as (a) two-layer ER networks, (b) two-layer BA networks,
(c) ER and BA networks, and (d) BA and ER networks. All simulation results are performed with 50 realizations. The initial proportion of infected nodes /y = 0.2 and all nodes
is in an unaware state. The remaining parameters are 6 = 0.3,a = 0.5, b = 0.5,8 = 0.6,c = 0.5,d = 0.5, © = 0.6, o = 0.8, and « = 0.8.
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TABLE I. The mean value of the relative errors of each panel of comparison in Fig. 3.

o™ (%) p" (%)
Figure 3(a) 1.35 4.47
Figure 3(b) 2.03 3.10
Figure 3(c) 1.86 5.21
Figure 3(d) 1.89 5.28

the experimental results, so we can ignore the influence of network
topology. In addition, the BA network with a pow-law degree distri-
bution is widely observed in many real-world networks. Therefore,
it is more appropriate to utilize the BA network in the awareness
layer for simulations. The two-layer networks we adopted in the fol-
lowing experiments are the two-layer BA-ER networks. Panels (a)
and (c) show the full phase diagrams of p* with respect to 6 and
B, while panels (b) and (d) show the full phase diagrams of p’ with
respect to 6 and B. The color transition from blue to red represents
a change in the proportion from 0 to 1. When g changes from 0 to
1, p# and p! increase accordingly. This is because when S8 increases,
more susceptible individuals will be infected, which promotes the
spread of the epidemic, and p! increases accordingly. At the same
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time, the infected individual will be converted into an aware indi-
vidual with probability «, so the proportion of aware individuals p*
is also increased accordingly. As 6 changes from 0 to 1, the pro-
portion of aware individuals p# decreases, and the proportion of
infected individuals p! increases. This is because when @ increases,
it will be more difficult for disease-related awareness to spread in
the whole population, resulting in a reduction in p#. In addition, we
know that aware individuals will take self-protection measures to
avoid being infected, and a reduced proportion of aware individuals
means fewer people know the disease-related information, thus sup-
pressing the spread of epidemics. Furthermore, we also observed a
seemingly counterintuitive phenomenon that p* and p! have a sud-
den decrease with 6 increasing when the critical awareness ratio 6
lies in the medium range. This phenomenon can be attributed to the
properties of the threshold model. When 6 reaches a critical point,
the influence of global awareness information on the transforma-
tion of individual awareness state has a huge reduction, resulting in
a sudden decrease in awareness and epidemic prevalence.

Next, we study the effect of the critical awareness ratio 6 on the
threshold for epidemic to outbreak f.. In Fig. 5, we show a scatter-
plot of B. and 6 with different parameter values of a, b, and §. It can
be clearly seen from this figure that as the critical awareness rate 0
continues to increase, the value of 8. will mutate at a certain value

pI
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FIG. 4. p* and p' as a function of the infection probability 8 and the critical awareness ratio 6 at the steady state. The networks of upper and lower layers in panels (a)
and (b) are two-layer BA networks and in panels (c) and (d) are BA and ER networks. Four phase diagrams are obtained by MMCA for each point in the grid 50 x 50. The
remaining parameters are a = 0.5, b = 0.5, = 0.6,c = 0.5,d = 0.5, u = 0.6, = 0.8, x = 0.8, and [y = 0.2.
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FIG.5. B. asafunction of the critical awareness ratio 6 under different parameter
values of a, b, and 8. The remaining parameters are ¢ = 0.5, d = 0.5, i = 0.6,
0 =0.8,k=08,and p=0.2.

0.. At the same time, we find that the transition point 6, is not fixed,
it has nothing to do with §, but it will increase with the increase in
a and b. From this figure, we find that the critical awareness ratio 6
has a two-stage effect on the epidemic threshold S, (i.e., B, under-
goes an abrupt transition at a certain value of 6,). The occurrence of
this phenomenon is determined by the characteristics of the thresh-
old model. When the critical awareness rate 0 is lower than 6, of the
threshold model, disease-related awareness will easily spread to the
whole population. Most individuals will then become aware of the
epidemic and take precautions to protect themselves from infection,
leading to a sudden increase in the epidemic threshold B,. Second,
as mentioned above, a and b denote the impact strength of local and
global awareness information on individual awareness ratio. With a
bigger a or b, the individual awareness ratio * increases in Eq. (2),
making the awareness become easy to diffuse over the whole popu-
lation. That is to say, even with a relatively high 0, the awareness can
diffuse over the whole crowd easily when a and b increase, resulting
in an increase in 6.. Besides, we also find that the epidemic thresh-
old B, in the two stages is related to the impact strength a and b. For
convenience, we employ B and B to represent the B. in the higher
and lower stage. B refers to the B, when 0 is smaller than 6., and
BL refers to the B, when 6 is bigger than 6,. We can easily find that
B f and 8 CL increase with a, but decrease with b, which are consistent
with results in Sec. I11.

In reality, the critical awareness ratio 6 may be relatively big
for some common diseases like influenza, leading the awareness can
diffuse over the whole crowd very hard. In this condition, improv-
ing the impact strength a, b and decreasing the critical awareness
ratio 6 may be effective to promote awareness diffusion and sup-
press epidemic propagation. However, the critical awareness ratio 6
is too small to make the unaware individuals become aware when
faced with some serious diseases like COVID-19, which makes
the awareness very easy to diffuse over the whole crowd. In this
case, the above related measures have little impact on the issue
of controlling epidemics. Therefore, a more effective strategy in
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epidemic prevention and control is encouraging the aware individu-
als to take stronger precaution measures and reduce physical contact
with friends or neighbors.

C. The effect of the local and global awareness
information

In this subsection, we investigate the joint effect of the local
and global awareness information on the awareness and epidemic
prevalence at the steady state. As mentioned in Eq. (2), individ-
ual awareness ratio 7); increases with the awareness fraction among
neighbors p#* (local awareness information) and the whole popula-
tion o” (global awareness information). The simulation results are
shown in Fig. 6.

In panels (a) and (c), we first explore the effect of two impact
strengths a and b on the stationary awareness prevalence p*. The
result reveals that when B ranges from 0 to a certain value, increas-
ing a or b has no effect on pA. However, when B exceeds a certain
value, increasing a or b will promote the stationary awareness preva-
lence significantly, which is consistent with Eq. (2). The reason for
this phenomenon is that the infection probability B is big enough
to make most individuals become infected and aware, resulting in
the local or global awareness information having no impact on
individual awareness state.

In addition, we investigate two impact parameters of local and
global awareness information a and b on the stationary proportion
of infected individuals p’ and the epidemic threshold, respectively.
See in panels (b) and (d), one can easy to find that both the local and
global awareness information can decrease the stationary infected
proportion slightly when g is higher than a certain value. The reason
for this phenomenon is the same as panels (a) and (b). Meanwhile,
we also find that the awareness information makes no difference in
the epidemic threshold, as p’ remains unchanged when B is lower
than a certain value.

Finally, we also explored the role of the self-awareness rate «
in Fig. 7. The self-awareness rate « is the probability of acquiring
the disease-related information after becoming infected. In reality,
there are asymptomatic symptoms of infection, that is, individuals
do not know when they are infected, so it is reasonable and mean-
ingful to consider the self-awareness rate «. For example, If there
are obvious symptoms when suffering a disease, people are more
likely to find out the outbreak of the disease and take self-protective
measures, indicating that people’s awareness rate « of the disease
is high and vice versa. As shown in panel (a), when « is large, it
means that people’s awareness of the disease is at a high rate. Once
infected, it is easier for people to acquire the disease-related infor-
mation, which in turn will improve people’s self-protection level and
reduce infection density p’. In panel (b), it can be discovered that the
epidemic threshold B, is independent of the self-awareness rate «,
but increases with the recover probability w, which is corresponding
with Eq. (16).

D. The effect of the local and global epidemic
information

In this subsection, we explore how the local and global
epidemic information affects the epidemic propagation process.
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FIG. 6. Top: p* as a function of B under different parameter values of (a) a with a fixed value of b = 0.5 and (b) b with a fixed value of a = 0.5. Bottom: p' as a function of
B under different parameter values of (c) a with a fixed value of b = 0.5 and (d) b with a fixed value of a = 0.5. The four diagrams are obtained by MMCA. The remaining
parametersare § = 0.3, 5§ =0.6,¢c=0.5,d=0.5 1« =0.6, % =0.8, « =0.8,and [, = 0.2.

As mentioned above, we consider the heterogeneity of individual
responses to the outbreak of epidemics and assume that individ-
ual precaution degree y; is associated with the infected proportion
among neighbors p! (local epidemic information) and whole crowd
o' (global epidemic information).

First, we analyze the effect of the basic precaution degree y,
on the stationary infected proportion and the epidemic threshold,

(a) 08
0.6
Q 047}

0.2

shown in Fig. 8. In panel (a), we present the relationship between p!
and B for different values of yy, and it can be observed that decreas-
ing ¥, can suppress the epidemic prevalence slightly. That is because
decreasing y, will decrease the probability for aware individuals to
be infected, thus leading to a reduction of epidemic prevalence. In
panel (b), we further investigate the effect of y, on the epidemic
threshold B for different values of 6. The result obviously reveals

(b) 0.08 T T T T
_’_[l,=0 2
0.06 | p=05
: —A—u:() 8
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0.02 .
0.00 1 1 1 1
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FIG. 7. (a) o' as a function of 8 under different parameter values of « with a fixed value of & = 0.3. (b) B as a function of « under different parameter values of ..
The remaining parameters are § = 0.6,a =0.5,b = 0.5, » = 0.6,x = 0.8,and [ = 0.2.
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FIG. 8. (a) o' as a function of 8 under different parameter values of y, with a fixed value of & = 0.3. (b) 8. as a function of & under different parameter values of y;.
The remaining parameters are § = 0.6,a = 0.5,b = 0.5, « = 0.6, « = 0.8, and [y = 0.2.

that decreasing y, can augment the epidemic threshold 8 slightly
when 6 < 6., which is consistent with the theoretical result obtained
in Eq. (16). However, it can also be observed that y, has no impact on
the transition point .. The basic degree of protection is the differ-
ent degree of self-protection measures that people take when facing
diseases. In the face of different infectious diseases, people will take
different protective measures according to the difference in their
infectivity. For example, if the disease is transmitted through the
air, it can be identified as highly contagious and people will take
stronger protective measures to against it. If the disease is transmit-
ted through body fluids, it is considered to be less infectious and has
a low level of basic personal protection. A disease with a low degree
of basic protection will be more difficult to break out on a large scale,
and even if it breaks out, its steady-state infection density will be
lower. In summary, the experimental results are consistent with the
actual situation.

In addition, the effect of the local and global epidemic infor-
mation on the stationary infected proportion p’ and the epidemic
threshold B. is also explored. We mainly consider the relationship
between p! and B under different values of ¢ and d shown in Fig. 9.

(a) 0.8

0.6
Q0.4+t

0.2

0.0
0.0

(b) 0.8

It is easy to find that the stationary infected proportion p decreases
with the increase in ¢ and d, but the epidemic threshold S, remains
unchanged no matter how c and d change. The reason for the above
result can be attributed to the absence of cand din Eq. (8). When B is
near f,, the infected proportion among neighbors p! and the whole
population o will approach 0. In sum, our results demonstrate that
the local and global epidemic information contributes to the reduc-
tion of disease spreading but makes no difference in the epidemic
threshold.

In the epidemic layer, both infection probability 8 and recover
probability u are the basic parameters for the classical SIS model. In
that case, we also explore the influence of the recover probability
in Fig. 10. As shown in panels (a) and (b), we can clearly observe
that the stationary infection proportion decreases with the increase
in the recover probability . This is consistent with the reality that
when the recover rate of a disease increases, the proportion of the
infected individuals will inevitably decrease. In addition, even if the
recover rate is equal to 1, the proportion of the infected individuals
will not drop to zero, this is because the disease is still infectious and
will cause the spread of the disease to a certain degree.

FIG. 9. o' as a function of 8 under different parameter values of (a) ¢ with a fixed value of d = 0.5 and (b) d with a fixed value of ¢ = 0.5. The remaining parameters are
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V. CONCLUSION

In this paper, we take the local and global information into
consideration and propose a coupled epidemic-awareness spreading
model called LGICS in a two-layer multiplex network. Being dif-
ferent from previous research studies, our contributions are mainly
reflected in the following two points: (1) the awareness ratio of each
individual is controlled by the local and global awareness informa-
tion; (2) the precaution degree of each individual is linked to the
local and global epidemic information. Then, we derive the theoret-
ical expression of the epidemic threshold based on the MMCA and
reveal that the critical awareness ratio has a two-stage effect on the
epidemic threshold. Through simulations experiments, we find that
the local and global information in the awareness and epidemic layer
can inhibit the spread of epidemics to a certain extent.

There are still limitations in this paper. For example, we use lin-
ear relationships to formally represent the effects of local and global
information on individual awareness ratio and precaution degree.
In fact, the relationship between individual behavior and prevalence
information is complicated. In the future, we will try to use other
more appropriate forms to accurately describe their relationship.
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