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Resource support between individuals is of particular importance in controlling or mitigating epidemic spreading, especially
during pandemics. However, there remains the question of how we can protect ourselves from being infected while helping others
by donating resources in fighting against the epidemic. To answer the question, we propose a novel resource allocation model by
considering the awareness of self-protection of individuals. In the model, a tuning parameter is introduced to quantify the reaction
strength of individuals when they are aware of the disease. And then, a coupled model of resource allocation and disease spreading
is proposed to study the impact of self-awareness on resource allocation and its impact on the dynamics of epidemic spreading.
+rough theoretical analysis and extensive Monte Carlo simulations, we find that in the stationary state, the system converges to
two states: the whole healthy or the completely infected, which indicates an abrupt increase in the prevalence when there is a
shortage of resources. More importantly, we find that too cautious and too selfless for the people during the outbreak of an
epidemic are both not suitable for disease control. +rough extensive simulations, we locate the optimal point, at which there is a
maximum value of the epidemic threshold, and an outbreak can be delayed to the greatest extent. At last, we study further the
effects of the network structure on the coupled dynamics. We find that the degree heterogeneity promotes the outbreak of disease,
and the network structure does not alter the optimal phenomenon in behavior response. Based on the results of this study, a
constructive suggestion is that in the face of a global pandemic, individuals or countries should strengthen mutual support and
cooperation while doing their own prevention to suppress the epidemic optimally.

1. Introduction

Controlling the outbreak of epidemic is one of the most
important topics in human history. During the past decades,
the onset of several major global health threats such as the
2003 spread of SARS, the H1N1 influenza pandemic in 2009,
and the western Africa Ebola outbreaks in 2014 have de-
prived tens of thousands of lives all around the world [1–3].
In 2019, a novel coronavirus causing severe acute respiratory
disease (COVID-19) emerged. By the end of April 2020,
there have been more than two million confirmed COVID-
19 infections reported all over the world [4]. +e surge in
infections has led to a severe shortage of medical resources.

+ousands of confirmed and suspected cases await treat-
ment [5]. Facing the rapid outbreak of the disease, the
contribution of resources from healthy individuals is nec-
essary, but the self-protection of the susceptible individuals
cannot be ignored. +us, the immediate problem is how can
we protect ourselves from being infected while helping
others in fighting against the epidemic.

A large number of researchers from various disciplines
have made efforts to study the topic of optimal resource
allocation in disease suppressing in the past years [6–10]. For
example, Preciado et al. [11] studied the problem of the
optimal distribution of vaccination resources to control
epidemic spreading based on complex networks.+ey found
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the cost-optimal distribution of the vaccination resource
when different levels of vaccination are allowed through a
convex framework. Further, they studied the optimal allo-
cation of the preventive and corrective resources to achieve
the highest level of containment when the budget is given in
advance or finding the minimum budget required when the
budget is not specified [12]. Chen et al. [13] solved the
problem of optimal allocation of a limited medical resource
based on mean-field theory. +e above works considered the
problem from a mathematical perspective, and were solved
from the premise that both the number of resources and the
spreading state of the epidemic are fixed.

However, the real scenario is more complicated than a
static mathematical problem. Multiple dynamical processes
always interact and coevolve [14, 15], forming a more realistic
starting point. For example, during the outbreak of an epi-
demic, the quantity of available resources is largely affected by
the propagation of the disease, and in turn, the dynamical
change of the necessary resources influences the dynamical
property of the epidemic spreading. +e coevolution of
multiple dynamical processes has attracted extensive research
in recent years [16]. Böttcher [17] studied the coevolution of
resource and epidemics, and they found a critical recovery
cost that if the cost is above the critical value, epidemics spiral
out of control into “explosive” spread. Chen et al. [18] studied
the effects of social support from local connections on the
spreading dynamics of the epidemic. +ey proposed a co-
evolution spreading model on multiplex networks and found
a hybrid phase transition on networks with heterogeneous
degree distribution. In this multiplex network framework,
Chen et al. [19] further studied the impact of preferential
resource allocation on the social subnetwork on the spreading
dynamics of the epidemic.

In addition to the physical resources that can directly
mitigate or control the epidemic spreading, the awareness of
the epidemic in populations is another type of resource. +e
public can perceive the threat of the epidemic social network
through a platform andmassmedia and then takemeasures to
protect themselves. +erefore, the interplay between aware-
ness diffusion and epidemic spreading is another topic that
have attracted extensive research [20–22]. A mass of works
addressed the problem from different perspectives consid-
ering, for example, the risk perception and behavioral changes
[23–25]. Granell et al. [14] studied the interplay between the
processes of epidemic spreading and awareness diffusion on
top of multiplex networks and found a metacritical. Wang
et al. [26] studied the coevolution mechanisms using both real
online and offline data. Based on the empirical analysis, they
proposed a coupled model on a multiplex network to study
the coupled dynamics of these two processes.

Although a mass of works on the coevolution of
awareness diffusion and disease spreading have been carried
out, a question that needs to be addressed is how does
awareness affect the behavior of resource donation in
populations. To answer this question, a novel resource al-
location model that incorporates the influence of the
awareness is proposed in this paper. We further consider
that the healthy individuals in an outbreak of disease are
providers of essential resources, and they can not only

produce resources, but also donate them to those who need.
+e donation behavior in turn leads to less resource for self-
protection and a more significant probability to be infected.
+us, when the healthy individuals are aware of the threat of
the disease and refuse to donate resources, they would have
more resources for self-protection and a lower probability of
being infected; however, this is not conducive to the overall
prevention and control of the disease. +us, we are faced
with a game-like problem between resource contribution
and self-protection [27]. To solve the problem optimally, we
should study the complex dynamic mechanisms among self-
awareness, resource donation, and epidemic spreading.
+us, a coupled dynamical model on top of the complex
networks is proposed, and a dynamic message-passing
method is adopted for the theoretical analysis in this paper.

Based on the model, we first investigate the influence of
awareness on the coupled dynamics of resource allocation and
disease spreading on scale-free networks. To quantify the
awareness for self-protection, a parameter α is assigned to each
individual. +rough theoretical analysis and numeric simu-
lations, we find that the system has only two stationary states,
namely, the absorb state and the globe outbreak state.With the
increase of α, the epidemic threshold first increases and then
decreases, which indicates that there is an optimal value of α.
Further, we locate the optimal value αopt through extensive
simulations, under which the disease can be suppressed to the
greatest extent. +en, we explain qualitatively the optimal
phenomenon. And then, we investigate the impact of degree
heterogeneity on the coupled dynamics and find that the
degree heterogeneity does not alter the optimal phenomenon
and the abrupt increase in prevalence with a shortage of re-
source. At last, we find that the epidemic threshold increases
with the decrease in degree heterogeneity, which suggests that
network heterogeneity promotes the outbreak of disease.

2. Model Description

2.1. Epidemic Model. A resource-based epidemiological
susceptible-infected-susceptible model (r-SIS) is proposed to
describe the coupled dynamics of epidemic spreading and
resource allocation on a complex network. Individuals are
represented by nodes in the network, and an adjacency
matrix A is introduced to represent the connection between
nodes. If there is an edge between nodes i and j, the element
aij � 1, otherwise aij � 0. According to this scheme, any
individual can be in two different states: susceptible (S) and
infected (I). +e infection propagates between each pair of
I-state and S-state neighbors with an infection rate λ in one
contact, which is assumed to depend on whether the S-state
nodes donate resources, see the details in Section 2.2. At any
time t, each I-state node i recovers with a recovery rate ri(t).
Resources including medical, funds, and food can promote
recovery of patients from disease [28, 29]. +us, we define
the recovery rate of each I-state node as a function of the
resource quantity received from healthy neighbors in this
paper. As each I-state node may get a different amount of
resource, the recovery rate varies from node to node.
Consequently, the recovery rate of any node i at time t can be
defined as

2 Complexity



ri(t) � 1 − (1 − μ)
εωi(t)

, (1)

where ωi(t) is the resource quantity of node i received from
healthy neighbors at time t and μ is the basic recovery rate. A
parameter ε ∈ [0, 1] is introduced in our model to represent
the resource utilization rate [30]. Since in the real scenario,
there is the common phenomenon of the waste on resource
[31, 32] in medical and other service systems, implying the
resource received from healthy neighbors may not be fully
utilized on curing and recovery. Without loss of generality,
we set ϵ � 0.6 throughout this work, i.e., only 60% of the
resources received are used.

For the r-SIS model, the value ρi(t) is defined as the
probability that any node i is in the infected state. +e
fraction of infected nodes in a network of size N at time t can
be calculated by averaging the overall N nodes:

ρ(t) �
1
N



N

i�1
ρi(t). (2)

Further, we define the prevalence of the disease in the
stationary state as ρ ≡ ρ(∞).

2.2. Resource Allocation Model Based on Behavior Response.
In the real scenario, healthy individuals can produce re-
sources. For simplicity, we consider that each individual
(node) in the network can generate one unit resource at a
time step. During an outbreak of a disease, the susceptible
individuals can perceive the threat of the disease intuitively
by acquiring the information from neighbors. Generally, the
more infected neighbors of an individual, the deeper he/she
is aware of the disease [33, 34]. People aware of the disease
may have different reactions [33]. Also, to quantify the
reaction strength of an individual to the local information of
disease, a tuning parameter α is introduced. Based on the
description above, we can define the probability that a
healthy individual with m infected neighbors donates re-
source as

q(m) � q0(1 − α)
m

, (3)

where q0 is a basic donation probability. When α � 0, all
healthy nodes have the same donation probability q0. Be-
sides, we consider that a healthy node can donate one unit
resource equally to its I-state neighbors at a time. Based on
the resource allocation scheme, the amount of resource
ωj⟶i that node j with m infected neighbors donate to one of
its I-state neighbor, i, can be expressed as

ωj⟶i � q(m)
1
m

. (4)

When disease breaks out in the human population,
people aware of the disease in their proximity can take
measures to reduce their susceptibility, leading to a re-
duction in the effective rate of infection [14, 35]. We con-
sider that if an individual is aware and refuses to donate
resource for self-protection, it reduces its infectivity by a
factor c. +e basic infection rate is denoted as λ, and the

annealing infection rate is denoted as λ, which can thus be
expressed as

λ �
λ, if distribute the resources,

cλ, else.
 (5)

If a healthy individual donates resource to infected
neighbors, the individual has a larger probability to be in-
fected; on the contrary, if the individual does not donate
resource, there is a relatively smaller probability to be in-
fected. +e annealing infection rate of any node i can also be
expressed as a function of q:

λi � q(m)λ +[1 − q(m)]cλ. (6)

3. Dynamic Message-Passing Method

In order to theoretically analyze the dynamic processes, we
develop a generated dynamic message-passing method
(GDMP) [36, 37]. In this method, the message θj⟶i is
defined on the directed edges of a network to carry causal
information of the flow of contagion, which can only
transfer one way along directed links. θj⟶i represents the
probability that node j is infectious because it was infected
by one of its neighbors other than node i. In computing
θj⟶i, we only take into account the contributions to ρj that
come from the neighbors other than i. +e higher order
process of j being infected by i and then passes the infection
back to i is neglected. Combining θj⟶i and equation (3) for
resource allocations, the resources ωi(t) that an infected
node i receive from its healthy neighbors can be expressed as

ωi(t) � 
j

aij 1 − θj⟶i(t) 
q mj(t) 

mj(t)
, (7)

where mj(t) is the expected number of I-state neighbors of
node j at time t, which is expressed as

mj(t) � 
h≠i

ajhθh⟶j(t) + 1, (8)

where the plus one takes into account that node i is infected
at this moment. +e factor (1 − θj⟶i(t)) in equation (7)
stands for the probability that node j is susceptible at time t.
With the definition above, the discrete-time version of the
evolution of ρi(t) in a time interval Δt reads [38]

ρi(t + Δt) � 1 − ρi(t)(  1 − Ωi(t)(  + 1 − ri(t)Δt ρi(t),

(9)

whereΩi(t) is the probability that the node is not infected by
any neighbor with the product being over the set Ni of the
neighbors of node i. +e expression of Ωi(t) is as follows:

Ωi(t) � 
j∈Ni

1 − Δtλi(t)θj⟶i(t) .
(10)

Note that the first term on the right-hand side of
equation (9) stands for the probability that node i is in
S-state and infected by at least one of its neighbors. +e
second term is the probability that node i is in I-state and
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does not recover. Similarly, we can get the time evolution of
θj⟶i(t) as

θj⟶i(t + Δt) � 1 − θj⟶i(t)  1 − ϕj⟶i(t)  + 1 − rj(t)Δt θj⟶i(t),

(11)

where ϕj⟶i(t) is the probability that node j is not infected
by any of its neighbors excluding node i, which can be
expressed as

ϕj⟶i(t) � 
ℓ∈Nj\i

1 − Δtλj(t)θℓ⟶j(t) .
(12)

+e product in equation (12) is over the set Nj\i of the
neighbors of j excluding i. Further, by setting Δt � 1 and
considering situation in a stationary state, equations (9) and
(11) become

ρi � 1 − ρi(  1 − Ωi(  + 1 − ri( ρi, (13)

θj⟶i � 1 − θj⟶i  1 − ϕj⟶i  + 1 − rj θj⟶i. (14)

+rough numerical iteration, we can compute the in-
fection probability of any node at any time ρi(t) and
prevalence ρ in the stationary state for different values of α
and λ. However, the equations can only be solved numer-
ically, except for the trivial solutions of ρi � 0 and θj⟶i � 0,
for all i � 1, . . . , N, which leads to an overall ρ � 0 phase of
an all-healthy population.

Due to nonlinearities in equations (7)–(12), they do not
have a closed analytic form, and this disallows obtaining the
epidemic threshold λc for fixed values of α, such that ρ> 0 if
λ> λc and ρ � 0 when λ< λc. +e calculation of λc can be
performed by considering that when λ⟶ λc, ρi⟶ 0 and
θj⟶i⟶ 0, and the number of infected neighbors of any
healthy node is approximately zero in the thermodynamic
limit. +en, prior to reaching λc, the expression
(1 − θj⟶i)⟶ 1 is valid. We can get a physical picture that
the isolated infected nodes are well separated and sur-
rounded by healthy nodes, and any infected node i can
receive all the resource from each of its neighbors. By adding
these assumptions to equation (7), resource ωi becomes
ωi � kiq0(1 − α). By linearizing equation (1) and neglecting
the second-order terms for small μ, we obtain

ri(t) ≈ ϵμωi(t)

� ϵμkiq0(1 − α).
(15)

Equation (15) suggests that the recovery rate is pro-
portional to the node degree and inversely proportional to α
when λ⟶ λc. For the sake of clarity, the basic recovery rate
is set at μ � 0.01 in this paper. Further equations (10) and
(12) can also be linearized using θj⟶i ≈ 0 as

qi ≈ 1 − λi 

N

j�1
ajiθj⟶i, (16)

ϕj⟶i ≈ 1 − λj 
l⟶ h∈VE

Mj⟶i,l⟶hθl⟶h,
(17)

where VE is the set of directed edges andM is the |VE| × |VE|

nonbacktracking matrix [39] of the network with the ele-
ments labelled by the edges:

Mj⟶i,l⟶h � δjh 1 − δil( , (18)

with δil being the Dirac delta function. Substituting equation
(17) into equation (14) and ignoring the higher order terms
of θj⟶i give

 − δljδihrj + λjMj⟶i,l⟶h θl⟶h � 0. (19)

Finally, considering that mj � 1 when λ⟶ λc, equation
(6) becomes

λ ≡ λj � (1 − c)q0(1 − α) + c λ. (20)

To estimate the epidemic threshold, we calculate the
average recovery rate as

〈r〉 � ϵμ〈k〉q0(1 − α). (21)

By inserting equations (20) and (21) into equation (19),
we get

 − δljδih〈r〉 + λMj⟶i,l⟶h θl⟶h � 0. (22)

+e system of equations in equation (22) has a nontrivial
solution if and only if 〈r〉/λ is an eigenvalue of the matrix M

[38]. +e lowest value λc is then given by

λc �
〈r〉

Λmax
, (23)

where Λmax is the largest eigenvalue of M [15, 37, 40].

4. Numerical Verification and
Simulation Results

In this section, we study systematically the effects of self-
awareness and the network structure on the coupled dy-
namics of resource allocation and disease spreading, re-
spectively, through numerical verification and Monte Carlo
simulations. In the simulation, the synchronous updating
method [41, 42] is applied to the disease infection and re-
source allocation processes. Within each time increment Δt,
where Δt � 1 in this paper, infection propagates from any
I-state node j to S-state node i with probability λiΔt and any
I-state node j recovers to S-state with a probability rjΔt.
With the spreading of disease, the resource allocation
process co-occurs. +e dynamics terminate once it enters a
steady state in which the number of infected nodes only
fluctuates within a small range. Note that, we fix the factor c

at a constant value c � 0.05 throughout the paper, such that
if any healthy individual j chooses to reserve their resource,
the probability that they are infected in one contact with an
infected neighbor reduces to λj � 0.05λ.

4.1. Effects of Self-Awareness on the Spreading Dynamics.
In this section, we investigate the effects of awareness for
self-protection on the spreading dynamics. We consider that
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the coupled processes of resource allocation and disease
spreading takes place on a scale-free network, as many real-
world networks have skewed degree distributions [43–46].
To build the network, we adopt the uncorrelated configu-
ration model (UCM) [47, 48], according to a given degree
distribution P(k) ∼ k− c with maximum degree kmax �

��
N

√

[49] and minimum degree kmin � 3, which assures no degree
correlation of the network when N is sufficiently large. To
avoid the influence of the network structure on the result,
the degree exponent is set at c � 2.4, the network size is set at
N � 10000, and the average degree is set at 〈k〉 � 8 in the
simulations. In addition, we leverage the susceptibility
measure χ to determine the epidemic threshold through
simulations [50], which is expressed as

χ � N
〈ρ2〉 − 〈ρ〉2

〈ρ〉
, (24)

where 〈. . .〉 represents the ensemble average over all real-
izations. +e epidemic threshold can then be determined
when the value of χ exhibits diverging peaks at the certain
infection rate [50, 51].

We first investigate the effects of self-awareness on the
spreading dynamics using Monte Carlo simulations. Ini-
tially, a fraction of ρ(0) � 0.1 nodes are selected randomly as
seeds, and the remaining nodes are in the susceptible state.
To present different reaction strength of individuals when
they are aware of a certain disease from local information, we
select eight typical values of α from α � 0.1 to α � 0.9 in the
simulation. In Figures 1(a) and 1(c), we plot the prevalence ρ
in the stationary state as a function of basic infection rate λ
for different α. Symbols in Figures 1(a) and 1(c) represent
the results obtained by Monte Carlo simulations, and lines
are the theoretical results obtained from numeric iterations,
respectively. From the curves in Figures 1(a) and 1(c), we
observe that the system converges to two possible stationary
states: either the whole population is healthy, or it becomes
completely infected for any α, which tells us that when there
is a shortage in resource, the disease breaks out abruptly.

Besides, we can observe from Figures 1(a) and 1(b) that
with the increase of α from α � 0.1 to α � 0.5, the epidemic
threshold increases gradually, see the peaks of χ for the
corresponding α. It reveals that the stronger the individual’s
sense of self-protection, themore delayed the outbreak of the
disease within this parameter interval (see the right arrow).
On the contrary, we observe from Figures 1(c) and 1(d) that
when α increases from α � 0.6 to α � 0.9, the threshold
decreases gradually, which reveals that the disease breaks out
more easily with a stronger sense of self-protection within
this parameter interval (see the left arrow).+e phenomenon
suggests that too cautious or too selfless for the people
during the outbreak of an epidemic are both not suitable for
disease control, and there is an optimal value of the reaction
strength, at which an epidemic outbreak is postponed to the
greatest extent.

We further study systematically the effects of behavior
response and the basic infection rate on the spreading dy-
namics. In Figure 2, we exhibit the full phase diagram (α −

λ) of the coupled dynamics of resource allocation and

disease spreading. Colors in Figure 2(a) encode the fraction
of infected nodes ρ in the stationary state. +e epidemic
threshold λc, marked by red circles, rises monotonically until
it reaches the maximum at αopt (indicated by the blue dotted
line) and then falls gradually with the increase of α. Besides,
we observe that there are only two possible stationary states:
the whole healthy (marked by blue color) and the whole
infected of the population (marked by yellow color).

Figure 3(a) plots the time evolution of ρ(t) for six typical
values of α when the basic infection rate is fixed at λ � 0.04.
We find that when the value of α is small, the system
converges to a stationary state rapidly, such as ρ(∞) � 1.0
for α � 0.1. With the increase of α, it takes a longer time for
the system to reach a stationary state. Further, to exhibit the
effects of α on the dynamics more intuitively, we plot the
fraction of infected nodes at a fixed time t � 200 as a
function of α in Figure 3(b), which is denoted as ρ(α) for the
sake of clarity. We observe that the value of ρ(α) decreases
continuously with α until reaching the minimum value at
αopt ≈ 0.48 (marked by red circle in Figure 3(b)) and then
increases gradually with α.

Next, we qualitatively explain the optimal phenomena by
studying the time evolution of the critical quantities.

We begin by studying the case when α is small, for
example, α � 0.1. We observe in Figure 4 that in the initial
stage, the donation probability for α � 0.1 is the highest (see
the blue line in the top panel of Figure 4(a)) since a smaller
value of α means a higher willingness of healthy individuals
to allocate resources. Although the resource of healthy in-
dividuals can improve the recovery probability of infected
neighbors to a certain extent, it also makes themselves more
likely to be infected. We can observe in Figures 4(b) and 4(c)
that the average recovery rate 〈r〉 and the infection rate 〈λ〉

is the highest for α � 0.1; meanwhile, there is a lowest value
of the effective infection rate 〈λ〉/〈r〉, as shown in
Figure 4(d). However, with the high probability of being
infected for the healthy nodes, the number of infected in-
dividuals increases at a high rate (see the blue line in the
bottom pane of Figure 4(a)). When people are aware of the
increment of the infected neighbors, they reduce their do-
nation willingness, which leads to a reduction in infection
rate 〈λ〉, as shown in Figures 4(a) and 4(b). Consequently,
with less resource received from healthy neighbors, the
recovery rate of infected nodes reduces accordingly, see
Figure 4(c), which leads to an increase of the effective in-
fection rate 〈λ〉/〈r〉 [15].+e increase in 〈λ〉/〈r〉 has led to a
further increase in the number of infected nodes. +en,
people become more aware of the threat of disease and thus
reduce the probability of resource donation further, which
leads to a further decrease in the infection rate 〈λ〉 and the
recovery rate 〈r〉 and finally the increase of the effective
infection rate 〈λ〉/〈r〉.

Specifically, we observe from Figure 4(d) that when it
surpasses a critical time t∗, indicated by the dotted line in the
figure, the value of 〈λ〉/〈r〉 proliferates, which suggests that
in this stage, the infection of healthy individuals is much
faster than the recovery of infected individuals. With more
newly infected nodes, the donation probability 〈q〉 and the
infection rate 〈λ〉 decrease further, which results in less
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Figure 1: Effects of self-awareness on the dynamics of disease spreading on a scale-free network. (a) and (c) +e prevalence ρ in the
stationary state as a function of basic infection rate λ for varieties of reaction strength α. Symbols represent the results obtained fromMonte
Carlo simulations, and lines represent the results of the GDMPmethod. (b) and (d)+e corresponding susceptibility measure χ as a function
of λ. Data are obtained by averaging over 500 independent simulations.
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Carlo simulations. Red circles connected by dotted lines represent theoretical predictions of epidemic threshold λc. +e blue dotted line
indicates the location of optimal value αopt. Data are obtained by averaging 50 Monte Carlo simulations for each point in the grid 200 × 200.
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t � 200 and infection rate λ � 0.04. +e results of the simulations are obtained by averaging over 300 realizations.
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resources donated to support the recovery of infected nodes.
+us, the recovery rate of infected nodes 〈r〉 drops abruptly,
which in turn promotes the increases of the effective in-
fection rate 〈λ〉/〈r〉 further, and then more and number of
infected nodes appear. Consequently, the cascading failure
of the entire system occurs.

Based on the above analysis for a small value of α, i.e.,
α � 0.1, we can reasonably explain why people are more
willing to contribute a resource while the disease is more
likely to break out.

Secondly, we study the case when α is significant, for
example, α � 0.9. As a larger value of α means more sensitive
of the individuals to the disease and a lower willingness to
allocate resources. +us, we observe from Figure 4(a) that,
initially, there is a smallest value of 〈q〉 (see the green stars in
top pane of Figure 4(a)) and the infection rate 〈λ〉. Conse-
quently, the infected nodes receive the lowest value of the
resource to recover, which leads to the smallest value of the
recovery rate 〈r〉, as shown by the green stars in Figure 4(c).
+en, the recovery of infected nodes is delayed leading to a
high effective infection rate. We can observe in Figure 4(d)
that, when α � 0.9, there is a highest value of 〈λ〉/〈r〉. +e
high effective infection rate leads to a rapid increase in the
number of infected nodes. We can observe in the bottom pane
of Figure 4(a) that, in the early stage, there is a second largest
value of 〈m〉 for α � 0.9, as denoted by the green stars. +e
large value of 〈m〉 can further reduce the willingness of re-
source donation for the healthy individuals; thus, we can
observe a continuous decline in 〈q〉 and 〈λ〉. +e worse thing
is that the recovery rate of infected nodes keeps declining with
less and less resource (see the curve in Figure 4(c)), which leads
to a rapid growth of 〈λ〉/〈r〉 (see the curve in Figure 4(d)).

+us, we can explain the reason why a higher sense of
self-protection of the population cannot suppress the disease
effectively.

At last, we observe in Figure 4 that, when the value of
α is around the optimal value αopt, there is a relatively
lower value of 〈q〉 comparing to the case of α � 0.1 in the
initial stage, which results in a lower value of 〈λ〉 (see the
yellow squares in Figures 4(a) and 4(b)). +e lower
willingness of resource donation induces to a relatively
smaller value of the recovery rate 〈r〉, as shown in
Figure 4(c). However, we can observe from Figure 4(d)
that the effective infection rate 〈λ〉/〈r〉 keeps the lowest
value in the early stage, which suggests that the disease
propagates slowly in the population, and the number of
infected nodes increases slowly, which is verified by the
curve in the bottom pane of Figure 4(a). Further, the
small value of 〈m〉 promotes the increase of 〈q〉 (see the
curve in the top pane of Figure 4(a)), which results in the
increase of the recovery rate 〈r〉. And finally, the effective
infection rate 〈λ〉/〈r〉 decreases further, as shown in
Figure 4(d). +us, the disease can be suppressed to the
greatest extend.

+rough the three steps, we explain the optimal phe-
nomena in the coupled dynamics of resource allocation and
disease spreading.

Finally, we further verify our explanation by studying the
critical quantities as the function of parameter α at a fixed
time t and basic infection rate λ. Figures 5(a) to 5(d) plot the
values of 〈q〉, 〈m〉, 〈λ〉, 〈r〉, and 〈λ〉/〈r〉 as a function of α
when t � 200 and λ � 0.04. For the sake of clarity, we denote
the local minimum and maximum value as XLmin and Xmax
and the global minimum and maximum value as Xmin and
Xmax, respectively, where X ∈ [〈q〉, 〈m〉, 〈λ〉, 〈λ〉/〈r〉]. We
observe that although when α is around αopt, there is a local
maximum of 〈q〉Lmax and 〈λ〉Lmax.+e recovery rate reaches
maximum 〈q〉max, and the effective infection rate reaches the
lowest (〈λ〉/〈r〉)min, which indicates that the disease can be
optimally suppressed at this point.
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Figure 4: Plots of the critical parameters versus t for typical values of α. (a) Top pane: time evolution of the average donation rate 〈q〉.
Bottom pane: the evolution of average number of infected neighbors of all nodes 〈m〉. (b) Time evolution of the average infection rate 〈λ〉.
(c) +e complete evolution of the average recovery rate 〈r〉. (d) Log-log plots of the average effective infection rate 〈λ〉/〈r〉. Basic infection
rate is fixed at λ � 0.04. +e results of the simulations are obtained by averaging over 300 realizations.
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4.2. Effects of Network Structure on Spreading Dynamics.
In this section, we investigate the effects of the network
structure on the coupled dynamics of resource allocation
and disease spreading. To avoid the impact of reaction
strength on the result, the parameter α is fixed at α � 0.5.
In addition, we adopt the UCM model to generate scale-
free networks with different degree distributions
P(k) ∼ k− c. As the degree heterogeneity decreases with
the increase of the power exponent c [52, 53], it ap-
proaches to random regular networks (RRNs) when
c⟶∞ [18].

Figure 6 plots the prevalence ρ in the stationary state as a
function of the basic infection rate c for networks with four
typical values of c: c � 2.4 (blue circles), c � 2.8 (upper
triangles), c � 3.2 (purple squares), and c⟶∞ (red
rhombus). We observe that there are only two stationary
states of the system: all healthy or completely infected for all
networks, which implies that the network structure does not
alter the first-order transition of ρ. Besides, we find that, with
an increase of c, the outbreak of disease is delayed gradually.
It suggests that the degree heterogeneity enhances the dis-
ease spreading, which is consistent with the existing research
conclusions [54].
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Figure 5: Plots of the critical parameters versus α at fixed time t � 200 and basic infection rate λ � 0.04. (a) Top pane: the average donation
rate 〈q〉 as a function of α. Bottom pane: the average number of infected neighbors of all nodes 〈m〉 as a function of α. (b) +e average
infection rate 〈λ〉 as a function of α. (c) +e average recovery rate 〈r〉 as a function of α. (d) Plots of average effective infection rate 〈λ〉/〈r〉

as a function of α. +e results of the simulations are obtained by averaging over 300 realizations.
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fixed at α � 0.5.
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In the end, we study the effects of behavior response on
the spreading dynamics systematically. Figure 7 is the phase
diagram in the parameter plane (α − λ) on RRNs. Colors
encode the prevalence in the stationary state ρ. We find that
there is also an optimal value αopt, at which the epidemic
threshold reaches the maximum, indicated by the blue
dotted line in Figure 7. +e results suggest that the network
structure does not alert the optimal phenomenon in be-
havior response.

5. Discussion

In this paper, we have focused on the problem of how can we
protect ourselves from being infected while helping others
by donating resources during an outbreak of an epidemic. To
answer this question, we have proposed a novel resource
allocation model in controlling the epidemic spreading by
considering the following two facts, namely, the healthy
individuals are the providers of essential resources and there
is a kind of game between individual’s self-protection and
resource contribution. To quantify the awareness for self-
protection, a parameter α has been assigned to each indi-
viduals in the model. Besides, to study the coupled dynamics
of resource allocation and disease spreading, a resource-
based SIS model has been proposed. First of all, we have
theoretically analyzed the model by using a generated dy-
namic message-passing method and then carried out ex-
tensive Monte Carlo simulations on both scale-free and
random regular networks. +rough theoretical analysis and
simulations, we have found that the coupled dynamics
converges to two stationary states: the whole infected or all
healthy, which indicates that a shortage of resource can
induce an abrupt outbreak of the epidemic. More impor-
tantly, we have found that too cautious or too selfless for the
people during the outbreak of an epidemic are both not
suitable for epidemic containment. +ere is an optimal

(balance) point where the epidemic spreading can be con-
trolled to the greatest extent. It also suggests that one can
donate resource appropriately to support the people in need,
but at the same time, they should reserve the right amount of
resources for self-protection. Further, we have located the
optimal point. At last, we have investigated the effects of the
network structure on the coupled dynamics and found that
the degree heterogeneity promotes the outbreak of disease,
and the network structure does not alter the optimal phe-
nomenon in behavior response.

Our research is of practical significance in the context of
the global outbreak of COVID-19. It will guide us to make
the most reasonable choice between resource contribution
and self-protection when perceiving the threat of disease and
also have a direct application in the development of strat-
egies to suppress the outbreaks of epidemics. Moreover, our
suggestions that in the face of a global pandemic, individuals
or countries should strengthen mutual support and cooper-
ation while doing their own prevention are consistent with
the current measures taken by most individuals and
countries in combating the epidemic. At present, not only
the individuals but also the nations are donating resources to
support each other while ensuring its own prevention and
control needs. For example, when the outbreak in China is
effectively contained, it announces assistance to many
COVID-19 countries by donating medical resources, such as
respirator, mask, nucleic acid testing reagent, and sending
the medical staffs [55].

+ere is still much more work need to be done. For
example, the SIS model adopted in this work has its own
limitations, and it cannot fully describe the characteristics of
most real epidemics. As we all know that there is an in-
cubation period in COVID-19, so an SEIR model may be
more suitable. Moreover, in some other epidemics, the re-
covered individuals would obtain a short acquired immune
and then turn into the susceptible state again, so the SIRS
model is more suitable. +erefore, the research of the dy-
namical properties when the present mechanisms are ap-
plied in various epidemic models would be the future
directions.
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