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Abstract—The effects of the local-information-driven 

awareness on the resource-epidemic coupled dynamics is 

studied in this paper. The double-layer multiplex 

networks are adopted to depict the coupled dynamics of 

the resource allocation and epidemic spreading, and a 

coupled model based on the modified SIS model is 

proposed. Through extensive Monte Carlo simulations, 

we find that on a network without inter-layer degree 

correlation, there is a cross point of the basic infection 

rate, when the value of the basic infection rate is lower 

than the cross point, the breakout of the epidemic can be 

postponed with the decrease of the level of awareness, 

while when it is larger than the point, the spread size of 

the epidemic can be reduced with the increase of the level 

of awareness. In addition, we also find that the inter-layer 

degree correlation can reduce the final spread size of the 

epidemic.  

Keywords—multiplex networks; local information; 

awareness; resource-epidemic spreading 

I. INTRODUCTION 

With the great progress made in the theory of 
complex networks, nearly all of the natural phenomena 
can be described by the language of the complex 
networks, in which the individuals can be abstracted by 
nodes and relationships between individuals can be 
represented by edges [1]. Typical examples include the 
social network, technological network and 
transportation network [2]. Based on this, we can not 
only research the evolution law of the natural 
phenomena by studying the structure feature of the 
networks, but also model the spreading dynamics of 
information, disease etc. taking place on the networks. 
To model the diffusion of information or the spreading 
of disease on the networks, there are two basic 
mathematic models, namely the susceptible-infected-
susceptible (SIS) and susceptible-infected-
recovered(SIR) models [3]. In the SIS model, the nodes 
are divided into two subsets according to the node state, 
namely the susceptible and infected states. The virus 
transmits from the infected nodes to their susceptible 
neighbors with rate   at each time step, and at the same 

time the infected nodes recover to the susceptible state 

with recovery rate  . While, in the SIR model, there 

are three subsets of nodes in the network, namely the 
nodes may be in one of the three states, susceptible, 
infected and recovered. The only difference between the 
SIS and SIR model is that the infected nodes recovery 
to the recovered state at each time step. 

In recent years, with the acquisition of big data and 
the great improvement made in computing power, the 
research on complex network has developed from 
single-layer to multi-layer and temporal networks [4]. 
Accordingly, the research of the spreading dynamics 
has also evolved from the single dynamics on single 
networks to coupled dynamics on multiplex networks 
and temporal networks [5]. For the coupled dynamics 
on multiplex networks, the typical represents are the 
coevolution of information and disease [6]. 

The ultimate goal of studying the epidemic 
spreading on complex networks is suppression the 
spread of the disease. Consequently, the immunization 
strategies based on the theory of complex networks 
have been studied extensively. Among them, the typical 
research representatives include the targeted 
immunization [8], acquaintance immunization [9] and 
the information-driven vaccination [10]. Recently, the 
research of the immunization strategies from the aspects 
of resource allocation have been a hotspot in the fields 
of complex networks [12]. Such as, Preciado et al. [13] 
studied the strategy of dynamical resource allocation on 
disease suppression. Based on the mechanism of a real-
time feedback of the epidemic, they solved the problem 
of optimal resource allocation for the control of disease. 
In addition, Chen et al. [14] investigated the influence 
of the self-awareness on the coupled dynamics of 
resource allocation and disease spreading on complex 
networks, they found an optimal heterogeneity of self-
awareness for epidemic control. In addition, they also 
studied the interplay between resource allocation and 
epidemic spreading from the aspects of individual 
resource support [15]. 

In this paper, we study the effects of the awareness 
on the spreading dynamics of the epidemic by 
considering that the awareness of self-protection of the 
individuals is stimulated by the local information of the 
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epidemic. Intuitively, during a pandemic, the 
information about the state of the epidemic obtained 
from neighbors will make a more impressive 
impression on a person. Consequently, the fraction of 
the infected neighbors is adopted to represent the local 
information about the epidemic in this work. We 
assume that each person will have an initial probability 
of resource allocation, and with the increase of the 
infection density of neighbors, the probability of 
resource allocation decreases. Furthermore, we assume 
that as long as an individual allocates resources to help 
others, its own risk of infection will increase, i.e., the 
effective rate of transmission will increase. Finally, to 
mimic the resource allocation process and epidemic 
spreading, the double-layer multiplex networks are 
adopted in this research, and a modified SIS model is 
used to model the process of the epidemic. By adopting 
extensive Monte Carlo simulations, we find that on a 
network without inter-layer degree correlation, there is 
a cross point of the basic infection rate, when the value 
of the basic infection rate is lower than the cross point, 
the breakout of the epidemic can be postponed with the 
decrease of the level of awareness. While when it is 
larger than the point, the spread size of the epidemic can 
be reduced with the increase of the level of awareness. 
In addition, we also find that the inter-layer degree 
correlation can reduce the final spread size of the 
epidemic. 

II. MODEL DESCRIPTION 

 

Fig. 1. (Color online) Schematic plot of a typical multiplex network 

that is composed of two layers. Layer A is the network of social 

relationships among individuals, and layer B is the physical contact 
among individuals. The blue and red circles indicates the healthy and 
infected nodes respectively. Resources are allocated from the healthy 

nodes to the infected nodes in layer A indicates by the arrows in the 

figure, q stands for the resource quantity. Virus transmits from the 

infected nodes to the susceptible ones in layer B. There is one-to-one 
correspondence between the interlayer nodes. 

In this section, the double-layer multiplex networks 
are built. As shown in Fig. 1, layers A and B  represent 
the social and contact subnetworks, respectively. Each 
node in two layer represents an individual in real world, 
and an edge in social (contact) layer depicts the 
friendship (contact relationship) between each pair of 
individuals. There is one-to-one correspondence 
between the nodes in social and contact subnetworks. 

The total nodes in the network is indicated as N . In the 

construction process of the multiplex network, the 
uncorrelated configuration model [16] is used. To build 
a double-layer network without inter-layer degree 
correlation, we follow the following steps: first of all, 
the network size is set as 10000N  , and two degree 

sequences are generated from two degree distributions 

 AP k  and  BP k , respectively. Note that, in this paper, 

we only focus on the networks with heterogeneous 

degree distribution, thus we have     ~A B kP k P k  . 

Next, in each subnetwork, two pair of nodes (the degree 
number of each node must larger than 1) are selected 
randomly, and an edge is assigned to this pair of nodes, 
meanwhile the degree number of the two nodes 
decreases by one. This process continues until the 
degree number of all are zero. 

For the process of the resource allocation, each node 
in the social layer is assumed to generate one unit 
resource during one time step, and then it allocates the 
resource to its infected neighbors based on its 
awareness. As shown in Fig. 1, the green arrow 
indicates the allocation directions. The quantity of 
resource allocation is dependent on the fraction of 

infected neighbors i , which is expressed as: 

i
i

i

m
 


 ,                         (1) 

where im  and i represent the number of infected 

neighbors and the set of neighbors respectively.  
Initially, each healthy node has a uniform probability of 

resource allocation, which is denoted as 0q . With the 

evolution of the epidemic spreading, the allocation 
willingness of each individual is affected by the 
information of the epidemic state. We consider the local 
information of the fraction of infected neighbors in this 
paper. The quantity of resource that a healthy node i 
allocates to its infected neighbors at time t can be 
written as: 

     0 1 i

i iq t q t


   ,             (2) 

where  represents the awareness level of the 

individuals, and  i t is the total quantity of resources 

of node i at time t. For the sake of simplicity and 

without loss of generality, the value of  i t  is set 

as   1i t  . In addition, we assume that the healthy 

nodes allocated resources evenly to all infected 
neighbors. Thus the resource quantity that a healthy 
node i can allocate to an infected neighbor j  is: 

   
1

i j it q t
m

   ,              (3) 

In the contact subnetwork, the spreading process of 
the epidemic is modeled by a modified SIS model. In 
this model, the effective infection rate between a pair of 

1666
Authorized licensed use limited to: University of Electronic Science and Tech of China. Downloaded on November 14,2023 at 09:38:54 UTC from IEEE Xplore.  Restrictions apply. 



susceptible and infected nodes is affected by the 
resource quantity that the susceptible node allocates out. 
The more resources a node allocates, the more likely it 
is to be infected. We define the basic infection rate of 
the epidemic as  , and the effective infection rate of a 

susceptible node as  . Then, we have the following 

expression: 

i iq  ,                              (4) 

For the recovery process of the epidemic, each infected 
node recovers to the susceptible state with a basic rate 

  at each time step. Since resources can promote the 

recovery rate of the infected nodes, we consider that the 

actual recovery rate  i t  of node i is a function of the 

resource quantity that it receives at time t. Consequently, 

 i t  can be written as: 

   
  1

1 1 i t

i t


 


   ,             (5) 

where the parameter represents the resource utilization 

rate. In the stationary state, the fraction of infected 
nodes can be calculated as: 

1

1 N

i

iN
 



   .                         (6) 

III. RESULTS 

We explore the effects of the local information on the 

coupled dynamics of the resource allocation and disease 
spreading on multiplex networks by performing 

extensive Monte Carlo simulations. Note that, to 

determine the threshold of the epidemic, we adopt the 

susceptibility measure [17] that is defined as: 

    

22

N
 





                   (7) 

where  represents the average of all simulation 

realizations. 

A. Results on networks without inter-layer degree 
correlation 

First of all, we carry out the research on the networks 
without inter-layer degree correlation. The degree 
distributions of the two subnetworks are identical, 

namely     ~A B kP k P k   is the power exponent 

that is set to be 2.4   in this section. The other 

parameters of the network structure are as follow: the 
average degrees of the two subnetworks 

are 10A Bk k k   , and the maximum and 

minimum degrees of the network are maxk N  

and maxk N , respectively. 

 

Fig. 2. (Color online) Influence of the local information driven 
awareness on the coupled dynamics on networks without inter-layer 

degree correlation. (a) The fraction of infected nodes   as a function 

of the infection rate   for 0.2  , 0.4  , 0.6   and 0.8   

respectively, the arrow indicates the critical value * . Inset shows the 

enlarged information around the cross point. (b) The value of   as a 

function of  . Each point in the figure is obtained by averaging over 

500 independent simulations 

Figure 2 exhibits the fraction of infected nodes at the 
steady state for four typical values of awareness. To 
perform the simulations, the other parameters are as 
follow: the basic recovery rate is set as 0.1  , the 

resource utilization is 0.6  and the initial willingness 

of resource allocation is 0 0.8q  . To reduce 

fluctuations due to experimental errors, each data in the 
figure is obtained by averaging over 500 independent 
realizations. From figure 2 (a), we find that there is a 
critical value of the basic infection rate 0.037   on 

the parameter plane that the where all the curves 

intersect. Specifically, when *  , the epidemic 

threshold decreases c  with the increase of  . As 

shown in figure 2 (b), the peaks of the curves indicate 

the location of c . While, when *  , the fraction of 

infected nodes   decreases with . The results in this 

section suggest that when there is a relatively small 
value of infection rate, individuals should not be too 
cautious and afraid of the epidemic, and they should be 
encouraged to increase the mutual assistance of 
resources to control the large-scale spread of the disease 
to the greatest extent. While when there is a relatively 
large value of infection rate of the disease, the disease 
spreads rapidly through the network, and there are a 
high proportion of infected nodes in the network. Under 
this circumstance, individuals should be on high alert 
for disease, and they should keep the resources for self-
protection. 
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B. Results on networks with inter-layer degree 
correlation 

 
Fig. 3. (Color online) The impact of the inter-layer degree correlation 

on the coupled dynamics. (a) The fraction of infected nodes   as a 

function of   for four typical values of  , the inter-layer degree 

correlation is 0.8d  . (b) The relationship between the susceptibility 

measure   and the basic infection rate  . Data is obtained by 

averaging the results of 200 independent simulations. 

Next, we study the effects of the inter-layer degree 
correlation on the results. First of all, we construct the 
correlation networks by the following steps: first of all, 
two degree sequences are generated from the degree 
distribution defined in the previous section. And then, 
the two sequences are sorted in ascending order for a 
network with positive correlation, or one of the 
sequences is sorted in ascending order and the other one 
is sorted in descending order for a network with 
negative correlation. Next, one of the sequences is 
randomly selected and shuffled with probability p. At 
last, the nodes are connected as the previous section. 
Following the above steps, a double-layer network with 

a certain degree correlation d  is obtained. 

In figure 3 (a), we display the fraction of infected 
nodes at the steady state   as a function of basic 

infection   when the two layer correlated positively, 

i.e. 0.8d  . We find that the cross phenomenon almost 

disappears, and the epidemic threshold are nearly 
identical for all values of , as shown in figure 2 (b). 

Moreover, we also find that when there is a relatively 
large infection rate  , the fraction of infected nodes 

 decreases with the increase of  , which is 

accordance with the results obtained on the networks 
without inter-layer degree correlation. 

Next, we explore the effects of the negative degree 
correlation on the results. As shown in figure 4, the 

degree correlation is set to be 0.8d   . We find that 

the phenomena are similar with the results obtained on 
networks without degree correlation. There is also a 

critical point * . When *  , the epidemic threshold 

increases with the decrease of , while when *  , 

the spread size   decreases with the increase of . 

 

Fig. 4. (Color online) (Color online) The impact of the inter-layer 
degree correlation on the coupled dynamics. (a) The fraction of 

infected nodes   as a function of   for four typical value of , the 

inter-layer degree correlation is 0.8d   . (b) The relationship 

between the susceptibility measure   and the basic infection rate  . 

Data is obtained by averaging the results of 200 independent 
simulations. 

At last, we study systematacially the effects of the 
inter-layer degree correlation on the coupled dynamics 
by exploring the relationship between the values of 

 and d . As shown in figures 5 (a) and (b), the values 

of the basic infection rate are set to be 0.03   and 

0.06   respectively. We find that under the two 

infection rates, the fraction of infected nodes   

decreases monotonously with the increase of the value 

of d . In addition, there is a boundary for each 

subfigure that is denoted by the dotted line, when the 

value of d  exceeds the value indicated by the 

boundary, the fraction of infected nodes drops sharply. 
The result obtained in this section indicates that a more 
positive inter-layer degree correlation is more 
conducive to the containment of the epidemic. 

IV. CONCLUSIONS 

In summary, we have studied the effects of the 
information-driven awareness on the resource-epidemic 
dynamics on the multiplex networks. We have 
considered that during the pandemic, the awareness of 
the individuals is stimulated by the information about 
the epidemic, which alters the behavior of the 
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individuals. Specifically, the awareness of the 
individuals affects the mutual assistance of resources, a 

 

Fig. 5. (Color online) The fraction of infected nodes   as a 

function of inter-layer degree correlation 
d  for 0.03   (a) and 

0.06   (b) respectively. The vertical dotted lines in the two 

subfigures split the parameter pane into two parts. 

lower level of awareness indicates a higher level of 
resource allocation, on the contrary, a lower level of 
resource allocation. In addition, we have focused on the 
local information that is represented by the fraction of 
infected neighbors. To depict the coupled dynamics, the 
double-layer multiplex networks that are composed of 
the social and contact layers are adopted in this paper. 
The spread of the epidemic has been modeled by a 
resource based SIS model, in which the probability of 
being infected of a susceptible node is affected by the 
resource quantity allocated by it. Based on Monte Carlo 
simulations, we have found that on the networks 
without inter-layer degree correlation, there is a cut-off 

point *  at which the dynamics of the two sides are 

completely opposite. When *  , with the decrease 

of the level of awareness, the epidemic threshold 
increases, which suggests that when the infection rate is 
low, the individuals should be encouraged to increase 

the mutual assistance of resources. While when *  , 

the fraction of infected nodes decreases with the 
increase of awareness, which indicates that under this 
circumstance, individuals should be on high alert for 
disease, and they should keep the resources for self-
protection. Moreover, we have also studied the inter-
layer degree correlation on the results and found that, a 
more positive inter-layer degree correlation is more 
conducive to the containment of the epidemic. The 
conclusions obtained in this paper is of practical 
significance for the development of control strategies 
for the outbreak of epidemics. 
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