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The perceived infection risk changes individual behaviors, which further affects the disease
dynamics. This perception is influenced by social communication, including surveying
their social network neighbors about the fraction of infected neighbors and averaging their
neighbors’ perception of the risk. We model the interaction of disease dynamics and risk
perception on a two-layer random network that combines a social network layer with a
contact network layer. We found that if information spreads much faster than disease, then
all individuals converge on the true prevalence of the disease. On the other hand, if the two
dynamics have comparable speeds, the risk perception still converges to a value uniformly
on the network. However, the perception lags behind the true prevalence and has a lower
peak value. We also study the behavior change caused by the perception of infection risk.
This behavior change may affect the disease dynamics by reducing the transmission rate
along the edges of the contact network or by breaking edges and isolating the infectious
individuals. The effects on the basic reproduction number, the peak size, and the final size
are studied. We found that these two effects give the same basic reproduction number. We
find edge-breaking has a larger effect on reducing the final size, while reducing the
transmission rate has a larger effect on reducing the peak size, which is true for both scale-
free and Poisson networks.

© 2023 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi
Communications Co. Ltd. This is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Individuals may change their behavior during an epidemic in response to their perception of disease infection risks
(Ferguson, 2007). This phenomenon has been observed in many disease outbreaks, including the behavior change during the
historical plague outbreaks (Riva et al., 2014), the HIV epidemic (Akwara et al., 2003; Howard, 2006), and the recent COVID-19
pandemic (Magnan et al., 2021; Savadori & Lauriola, 2022). These behavior changes affect the dynamics of the disease
outbreak.

There has been a large body of research on modeling behavior change and disease outbreaks. However, most of these
researchers assume that the awareness of disease infection risk is related to the precise disease prevalence information.
unications Co., Ltd.

by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This is an open access article under the CC
ses/by-nc-nd/4.0/).
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Bagnoli et al. (2007) investigated the effects of risk perception in a simple model of epidemic spreading. They assumed that
the perception of the infection risk depends on the fraction of ill neighbors. Likewise, Wang et al. (2009) assumed that the
perception of the risk of being infected relies on the fraction of infected neighbors. Li et al. (2020) considered two kinds of
awareness: the local one represented by the fraction of infectious neighbors, and the global one represented by the preva-
lence of the disease in the population.

The assumption that the awareness of disease infection risk depends on the precise information about disease prevalence
maybe realistic when extensive surveillance for the prevalence has been given. However, during the beginning of an outbreak,
such information is generally unavailable or not precise. During such an initial phase of an epidemic, individuals rely on social
communication to obtain such information. Also, existing research has found that most available information comes not from
physical contact or mainstream media but from social networks (Chew & Eysenbach, 2010; Ginsberg et al., 2008). In-
formation's spread speed is increasing with the development of science and technology. People can quickly assess and
communicate the situation of infectious diseases (Stieglitz & Linh, 2013). Therefore, studying the information we get from
social networks is increasingly important.

There is a large body of research on the diffusion of information on the social network, including both small networks and
large random networks. For a small network, a finite-dimensional adjacency matrix generally represents the relationship
between different nodes (Gomez et al., 2013; Granell et al., 2013; Xiao et al., 2019). For a large network which adjacency
matrix is not readily available, a random network is usually used, which network connections are usually expressed by
probability (Gallos et al., 2008; Ball et al., 2010).

A common research focus for information dissemination is about the spread of rumors, knowledge, and word of mouth,
which are usually represented by discrete states for the nodes. For instance, Zhao et al. (2012) extended the classical
Susceptible-Infected-Removed (SIR) rumor spreading model by introducing a new type of individual called “Hibernators”,
which led to the establishment of the SIHR model. The researchers discussed the spreading threshold and established a
relationship between the final size of the rumor and two probabilities. Furthermore, they found that the direct link from
ignorants to stiflers advanced the rumor terminal time and reduced the maximum rumor influence. Wang et al. (2014)
expanded the SIR model by introducing latent nodes to represent offline users who can receive but not spread informa-
tion. This led to the development of the SEIR model. Based on the SEIR model, the researchers explained the information
transmission mechanism of Social Networking Services (SNS) and established a dynamic model for SNS information trans-
mission. The study of continuous information transmission is similar to the study of material flow because mass change is
typically continuous. For example, Zhang and Padrino (2017) investigated purely diffusive transport in network systems and
derived a mass balance equation. They calculated the closures for the ensemble-averaged mass transport equation by
considering one-dimensional diffusion in the channels. Other scholars have studied the effects of network structure or certain
parameters on information transmission. For example, Han et al. (2014) analyzed the mechanisms of rumor propagation and
the topological properties of large-scale social networks. They proposed a novel model based on physical theory and found
that rumor propagation is greatly influenced by various factors, including a rumor's attraction, the initial rumormonger, and
the sending probability. Zhang et al. (2021) established a network public opinion diffusionmodel and confirmed that the scale
of the network influences the time it takes to reach its peak. Additionally, they found that the number and degree of initial
infection were negatively correlated with the size of the final infection.

The communication of disease infection risk on a social network is a particular type of the diffusion of information on a
network, which has been extensively studied. Ferguson (2007) demonstrated that when people are aware of the outbreak of
infectious diseases, they sometimes change their behavior to reduce the risk of infection, and this human response will
significantly impact the spread of diseases. In 2009, Funk et al. (2009) studied the spread of awareness and its impact on the
epidemic outbreak. They proved that the spread of awareness not only reduced the incidence of disease but also prevented
the large-scale outbreak of the epidemic in some cases. Many scholars have combined research on information transmission
with infectious disease transmission. For example, Peng et al. (2022) investigated a model for the competition between
disease and awareness processes in a homogeneous network with natural birth and death processes. They found that the
model dynamics were distinguished from simple SIS dynamics by a threshold value of the population birth rate. This
threshold produced intriguing competing dynamics between awareness and epidemic spreading. There has been a lot of
research on multi-layer networks as well. For instance, Massaro and Bagnoli (2014) developed a two-layer network to
examine the interaction between epidemic transmission and risk perception in the UAU-SIR model. One layer represents the
information networks, while the other represents the physical networks. Their research showed that the possibility of
stopping an infection for a high precaution level is determined by the similarity between the physical and information
networks. If the networks are too dissimilar, it is impossible to prevent epidemics. Granell et al. (2013) used a microscopic
Markov chain approach to reveal the phase diagram of epidemics incidence and captured the evolution of the epidemic
threshold depending on the topological structure of the multiplex and its interrelation with the awareness process. Inter-
estingly, the critical point for an epidemic is defined by the awareness dynamics and the topology of the virtual network.

In this paper, we combine the dynamics of information spread on a random social network with the dynamics of disease
spread on a contact network and study the effect of disease awareness on disease spread.

In Section 2, we establish a two-layer network, setting an infection risk perceptionmodel, and discuss two cases according
to the speed of information spread. In Section 3, we consider the impact of risk perception on disease, mainly considering the
impact on the basic reproduction number R0, peak size, and final size. Conclusions are given in Section 4.
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2. The interaction of information spread and disease dynamics

In this section, we study the dynamics of perceived disease infection risk on a two-layer random network. The first layer is
a social network on which individuals communicate and evaluate disease infection risk, and the second layer is a contact
network onwhich the disease spreads. Each node has two types of edges, namely the social network contacts and the contact
network contacts. For each type, the edges form a network according to the configuration model. Specifically, for each node
and each network type, a random degree is drawn from a degree distribution, and the same number of stubs (half-edges) are
attached to the nodes. Two randomly selected stubs of the same type are connected to form an edge. Such edge forming
procedure is repeated until no new edges can be formed. Self-loops, multiple edges and remaining stubs (if any) are dropped.
Clustering and degree correlation of the configuration network are negligible (Rizzo et al., 2014). For simplicity, we assume
that the degrees of the two networks are independent of each other.

We assume that individuals update their perception of the disease infection risk via contacts on the social network. In-
dividuals communicate with their neighbors and take an average of their neighbors’ perception risk, and then update their
perception proportional to the difference between this average and their ownperception. In addition, they survey the fraction
of infectious neighbors on the social network, and update their perception proportional to the difference between this
fraction and their own perception.

Because the degree distribution is the only characterizing statistics of the network, we classify the nodes by their degree
on the social network. Lets K be the maximum degree of the social network, and L ¼ PK

k¼1kNk be the total number of stubs,
where Nk represents the number of nodes with degree k. Each individual (node) on the social network has a perception of the
risk of disease infection. Let rk be the perceived risk of infection by nodes with degree k.

Let v be the information spread rate on the social network. For a degree-k node on the social network, the average
perception of its neighbors is

PK
q¼1pqjkrq, where pq|k is the probability that a neighbor of the degree-k node has a degree q on

the social network. The infected proportion of its neighbors is
PK

q¼1pqjkJq, where Jq is the proportion of infected with a degree
q on the social network. Thus, the model construction in this section is as follows:

_rk ¼ vð �rk þ
XK
q¼1

pqjkrq
|fflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflffl}

update from average neighbors’ perception

�rk þ
XK
q¼1

pqjkJq

|fflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflffl}
update from infected neighbors

Þ:
For simplicity, here, we re-scale time so that v ¼ 1. In Section 2.2, we will discuss the situation of vmore specifically. Thus,
the above equation can be simplified as

_rk ¼ �rk þ
XK
q¼1

pqjkrq � rk þ
XK
q¼1

pqjkJq: (1)
Because a configuration network has negligible degree correlation, we get

pqjk ¼
qNq

L
: (2)
The evolution of infectious disease should be considered on the contact network, so we use a joint degree distribution f(kc,
q), which is the probability that a random node has a degree kc on the contact network and a degree q on the social network.
Thus, the conditional probability f(kc|q) that a random node with a degree q on the social network has a degree kc on the
contact network can be calculated as

f ðkcjqÞ ¼ f ðkc; qÞ
pq

¼ f ðkc; qÞP
kc f ðkc; qÞ

; (3)

where pq represents the degree distribution of the social network.
To calculate the probability Jq, note that a node has a degree kc on the contact network and q on the social network is

infectious with probability Ikc . Thus,

Jq ¼ Ekc ½Jqjkc� ¼
X
kc

Ikc f ðkcjqÞ;
where Ekc means taking the mean of kc. We assumed that the degrees on the social network and the contact network are
independent, i.e.,
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f ðkc; qÞ ¼ pkcpq; and thus f ðkcjqÞ ¼ pkc ;

where p represents the degree distribution of the contact network. Thus,
kc

Jq ¼
X
kc

Ikcpkc ¼ I: (4)
Substituting (4) into (1), and combining with (2), we get

_rk ¼ �rk þ
XK
q¼1

pqjkrq � rk þ
XK
q¼1

pqjkJq

¼ �2rk þ
XK
q¼1

pqjkrq þ
XK
q¼1

pqjkJq

¼ �2rk þ
1
L

XK
q¼1

qNqrq þ
XK
q¼1

Ipqjk

¼ �2rk þ
1
L

XK
q¼1

qNqrq þ I; k ¼ 1;2;…;K:
This model can be rewritten in a matrix form:

_x!¼ �2 x!þ 1
L
N x!þ I, 1

!¼
�
� 2E þ 1

L
N
�
x!þ I, 1

!
; (5)

where
x!¼ ðr1; r2/ ; rK ÞT ; 1
!¼ ð1;1;…;1ÞT ; (6)

0
N1 2N2 / KNK

1

N ¼ BB@N1 2N2 / KNK

« « 1 «
N1 2N2 / KNK

CCA; (7)

and E is the unit matrix. Let
M ¼ �2E þ 1
L
N; (8)

then (5) becomes
_x!¼ M x!þ I 1
!
: (9)
To study the interaction between the information dynamics and disease dynamics, we consider the following two cases.
The first is when information spreads much faster than disease spreads, and the second is when the two spread have
comparable speed.

2.1. Information spreads much faster than disease

When information spreads much faster than disease spreads, I(t) can be viewed as a constant relative to rk(t). Thematrix N
has a rank 1, and thus�1 is an eigenvalues ofMwith an associated eigenvector 1

!
, while the other eigenvalues ofM are all�2.

Thus,

x!ð∞Þ ¼ I 1
!
:

That is, eventually every node has the same risk perception I, the true prevalence.
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2.2. Disease and information dynamics have comparable speed

When the spread of disease and the spread of information have comparable speed, we need to consider the information
transmission speed v on the social network. Like the derivation of equation (9), we can derive the following equation

_x!¼ vðM x!þ IðtÞ 1!Þ: (10)

!

Since the largest eigenvalue of M is �1 with the associated eigenvector 1 and the others are all �2, the solutions of (10)

decay faster along the eigenspace corresponding to the eigenvalue �2. Thus, eventually solutions approach the eigenspace
corresponding to the eigenvalue �1. For simplicity, we only consider the dynamics in the eigenspace, i.e.,
r1(t) ¼ r2(t) ¼ / ¼ rK(t) ¼ r(t), that is, x! ¼ r, 1

!
. Then (10) becomes

_r 1
!¼ vðMr 1

!þ I 1
!Þ ¼ vð�rþ IÞ 1!:

Thus, (10) is simplified to
_r ¼ vð�rþ IÞ: (11)
We now couple (11) with the disease model on the contact network by extending the following Miller-Volz (Volz, 2008;
Miller, 2011) SIR epidemic model

_q ¼ �l4; (12)

_4 ¼
�
� l� gþ l

g
00 ðqÞ

g0ð1Þ
�
4; (13)

_I ¼ l4g0ðqÞ � gI; (14)

S ¼ gðqÞ ¼ P
kc
pkcq

kc ; (15)

where l is the disease transmission rate along a random edge, and g is the recovery rate of an infected node. q(t) is the
probability that a random neighbor of a susceptible node has not transmitted disease by time t. A degree-kc node is sus-
ceptible if none of its neighbors have transmitted the infection. This occurs with a probability of qkc . 4(t) is the probability that
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Fig. 1. The blue curves show the dynamics of the proportion of infected individuals I(t), and the other curves are the risk perception r(t), corresponding to the
information transmission speed v ¼ 0.5, 1, 2, respectively. The network is a scale-free network with a degree distribution pk f k�2 for k ¼ 1, 2, /, 60. We consider
three infection rates, l ¼ 0.3, 0.6, 1.2. The recovery rate g ¼ 1. The initial conditions are q0 ¼ 1, 40 ¼ I0 ¼ r(0) ¼ 0.01.
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an edge has not transmitted infection (q edges) but can cause infection (i.e., connected to an infectious node). g(q) is the
probability generating function of the degree distribution pkc , so the fraction of nodes that are susceptible is S ¼ g(q).

Our aim is to study the behaviour change caused by the perception of infection risk, and the influence of information
transmission speed v and infection rate l on the dynamics of disease.We give the disease curves and risk perception curves by
numerical simulation and show the results on scale-free network and Poisson network respectively. The result of scale-free
network is shown in Fig. 1, in each little picture, the blue curve represents the dynamics of the proportion of infected persons
I(t), and the other three curves are the dynamics of risk perception r(t), corresponding to different information transformation
speed v¼ 0.5,1, 2. Fig.1 shows that the dynamics of risk perception lags behind the prevalence I(t). In addition, the peak of risk
perception is lower than the peak of the prevalence. As the infection rate increases, the gap between the peaks increases. The
faster information spreads, the closer the risk perception is to the prevalence itself. The qualitative results on a Poisson
network are the same, which is not shown here.

3. The effect of infection risk perception on disease dynamics

In this sectionwe consider the impact of perception of infection risk on the disease dynamics. We consider two networks:
the scale-free network and Poisson network. We consider two kinds of awareness: the initial awareness, and the awareness
arised after the disease has begun to spread in the study area. We denote the initial reduction factor of awareness by e�b, and
the reduction factor of infection risk perception by e�ar, where b and a are the corresponding reduction coefficients of
awareness. Let's first consider the models proposed by Li et al. (2020), which use the prevalence I as disease awareness. This
model considers the effects of awareness on disease transmission in the following two cases:

Case 1 in Li et al. (2020) Awareness reduces infection rates. The corresponding model is

_q ¼ �le�b�aI4; (16)

�b�aI
�
g

00 ðqÞ �

_4 ¼ le

g0ð1Þ � 1 4� g4; (17)

_I ¼ le�b�aI4g0ðqÞ � gI: (18)
Case 2 in Li et al. (2020) Awareness breaks infectious edges. The corresponding model is

_4 ¼ l

�
g

00 ðqÞ
g0ð1Þ � 1

�
4� gebþaI4; (19)

_q ¼ �l4; (20)
_I ¼ l4g0ðqÞ � gI: (21)
Similarly, we also consider these two effects of awareness on disease transmission, but our models use the risk perception
r as disease awareness. The specific models are as follows.

Case 1. Awareness leads to a decrease in infection rates. We assume that the infection rate is le�b�ar. Like Li et al. (2020), we
substitute this infection rate into the Miller-Volz model (Volz, 2008; Miller, 2011), then we get.

_q ¼ �le�b�ar4; (22)

�b�ar

�
g

00 ðqÞ �

_4 ¼ le

g0ð1Þ � 1 4� g4; (23)

_I ¼ le�b�ar4g0ðqÞ � gI: (24)
Case 2. Awareness breaks infectious edges. Like Li et al. (2020), the change of 4 edge can be written as.

_4 ¼ l

�
g

00 ðqÞ
g0ð1Þ � 1

�
4� gebþar4; (25)
the other equations are the same, i.e.,
637
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_q ¼ �l4; (26)

_I ¼ l4g0ðqÞ � gI: (27)
In the following subsections, we will examine the effects of awareness on the basic reproduction number, peak size and
final epidemic size in these two cases.

3.1. The basic reproduction number

Weuse the next generationmatrix method (Dreessche&Watmough, 2002) to compute the basic reproduction number R0.
As for awareness leads to a decrease in infection rates, note that the dynamics of I is determined by 4, sowe only need to study
equation (23) at the disease-free equilibrium (4 ¼ 0, I ¼ 0, r ¼ 0, q ¼ 1), that is

_4 ¼ le�b
�
g

00 ð1Þ
g0ð1Þ � 1

�
4� g4 ¼ �ðle�b þgÞ4þ le�bg

00 ð1Þ
g0ð1Þ 4: (28)
The new infection matrix is

F ¼ le�bg
00 ð1Þ
g0ð1Þ; (29)

and the transition matrix is
V ¼ le�b þ g: (30)
Thus

R0 ¼ FV�1 ¼ le�b

le�b þ g

g
00 ð1Þ
g0ð1Þ: (31)
In a similar way, we consider the awareness breaking infectious edges. The R0 shows the same value. The results are the
same as that in Li et al. (2020). That means, we can get the following conclusions, first of all, two types of awareness reducing
effects produce the same basic reproduction number. Second, the basic reproduction number has nothing to do with the risk
perception coefficient a, but is related to the initial awareness coefficient b, and R0 decreases with the increase of the initial
awareness coefficient b. Third, when the initial awareness coefficient is zero, the value of R0 is equal to the value inMiller-Volz
(Volz, 2008; Miller, 2011) model.

3.2. Epidemic peak and final size

Here we will study the influence of infection risk perception on the final epidemic size and peak size of the disease in the
scale-free network and Poisson network. The final epidemic size is Z ¼ 1 � S(∞) ¼ 1 � g(q(∞)). We consider the risk
perception coefficient a and the speed of information transmission v. Among them, the a is reflected in e�ar, the v is reflected
in equation (11).

We consider the dynamic procedure on the scale-free network and Poisson network. We change the risk perception
coefficient a, the infection rate l, and the speed of information transmission v, and then draw the dynamic curves by nu-
merical simulation to study the effect of these parameters.

In Figs. 2e5, we consider the scale-free network. The ordinate is peak or final epidemic size which are the function of the
speed of information transmission v. The blue curves correspond to using risk perception r as disease awareness, while the
red curves correspond to using the prevalence I as disease awareness. As for r as awareness, we use models (22)e(27) and
(11). As for I as awareness, we use models (16)e(21) and (11). We can get some conclusions. Firstly, we find that increasing the
speed of information transmission v can decrease the peak and final size of disease with r as awareness, but does not change
the peak and final size of disease with real disease I as awareness. Then as the speed of information transmission v increases,
the peak and final size of the disease generated by r as awareness are getting closer and closer to the peak and final size of I as
awareness. In addition, fixing risk perception coefficient a, an increasing in the infection rate l can increase the peak and final
size of the disease. Third, when we fix the infection rate l, as the risk perception coefficient a increasing, both the peak and
final size of the disease become smaller.

We also consider the Poisson network, the conclusions of awareness effect on peak size are the same as scale-free network.
So, here, we don't put the numerical simulation results of awareness effects peak size on Poisson network. As for awareness
effects final size, there are some differences from the scale-free network. Still, the final size increases with the rise of infection
rate l; the final size decreases with the rise of risk perception coefficients a. Still, as the speed of information transmission v
638
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increases, the final size of the disease generated by the I as awareness don't change, but, as the speed of information
transmission v increases, the final size of the disease generated by r as awareness maybe continue to decrease until it ap-
proaches the final size of I as awareness, or maybe decrease lower below the final size of I as awareness, then gradually
increase and do not exceed it, the specific case depends on the choice of parameters. The results are presented in Figs. 6 and 7,
also, there are two types of curves, the blue curves correspond to using risk perception r as disease awareness, while the red
curves correspond to using the prevalence I as disease awareness.

In addition to that, we juxtaposed the two awareness reducing effects: awareness reduces infection rate and awareness
breaks infectious edges, we compared the effects on the peak and final size. The result figures are showed in Figs. 8 and 9.

From Figs. 8 and 9, which consider the scale-free network, we can conclude that for reducing the final size, the effect of
breaking contact network infectious edges is larger, for reducing the peak size, the effect of reducing the infection rate is
larger. We have verified that the same conclusions are also true for Poisson networks. The figures for Poisson networks are not
shown here.

4. Conclusion

Wemodel the interaction of disease dynamics and risk perception on a two-layer random network that combines a social
network layer with a contact network layer. We assume that individuals update their perception of infection risk via two
means by communicate with their neighbors on the social network, including surveying their social network neighbors about
the fraction of infected neighbors, and averaging their neighbors’ perception of the risk.We found that, if information spreads
much faster than disease, then all individuals converge on the true prevalence of the disease. On the other hand, if the two
dynamics have comparable speed, the disease perception still converges to a value uniformly on the network, but the
perception lags behind the true prevalence, and has a lower peak value.

To couple the disease and perception dynamics, we follow the idea in Li et al. (2020) to model the disease dynamics using
the Miller-Volz model (Volz, 2008; Miller, 2011) on the contact network, and study the behavior change caused by the
perception of infection risk. This behavior change may affect the disease dynamics either by reducing the transmission rate
along the edges of the contact network, or by breaking edges and isolating the infectious individuals. Either effect is assumed
to be influenced by the risk perception.

Our model uses the risk perception as disease awareness. Comparing to the results of Li et al. (2020) and similar models
that use the disease prevalence as disease awareness, when the disease and information spreads have comparable speed, the
lag of the risk perception in our model has complex influence on disease dynamics. On a scale-free network, both the peak
size and the final size in our model are slightly larger than the results of the other models, implying that the lag slightly
reduces the effect of behavior change caused by disease awareness. The difference is more pronounced when the information
spread is slower. On a Poisson network, this is still true for peak size. This is because the lag in the disease perception results in
less behavior change, and thus results in a higher peak.

On a Poisson network, the final size is also larger when the information spread is slow. However, as information spread
speeds up, the final size of our model may become smaller than that of Li et al. (2020). This is because, for some intermediate
information spread speed v, the higher peak in our model results in a perceived risk that is eventually larger than the
prevalence when the prevalence passed its peak and declines. This causes a much stronger behavior change in our model that
causes the prevalence to decrease faster than in the Li et al. (2020) model.

For both networks, as the speed of information spread increases towards infinity, the risk perception approaches the
disease prevalence, and our results approaches the results of Li et al. (2020).

As Li et al. (2020), we consider two effects of disease awareness on disease dynamics: reducing the transmission rate along
a random edge on the contact network, or breaking the edges of infectious nodes on the contact network.

We find that these two effects gives the same basic production number. This is because the basic reproduction number
considers the disease dynamics near the disease-free equilibrium, when the prevalence is very small and the effect of disease
awareness is negligible. Edge-breaking has a larger effect on reducing the final size, while reducing the transmission rate has a
larger effect on reducing the peak size. This is true for both scale-free networks and Poisson networks.

For simplicity, our study does not consider the degree correlation between the contact network and the social network,
even though our model can incorporate the correlation. Such correlation may have a significant effect on our results, and its
effect is an interesting future research direction.
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