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Individuals’ preventive measures, as an effective way to suppress epidemic transmission and to protect themselves
from infection, have attracted much academic concern, especially during the COVID-19 pandemic. In this paper, a re-
inforcement learning-based model is proposed to explore individuals’ effective preventive measures against epidemics.
Through extensive simulations, we find that the cost of preventive measures influences the epidemic transmission process
significantly. The infection scale increases as the cost of preventive measures grows, which means that the government
needs to provide preventive measures with low cost to suppress the epidemic transmission. In addition, the effective pre-
ventive measures vary from individual to individual according to the social contacts. Individuals who contact with others
frequently in daily life are highly recommended to take strict preventive measures to protect themselves from infection,
while those who have little social contacts do not need to take any measures considering the inevitable cost. Our research
contributes to exploring the effective measures for individuals, which can provide the government and individuals useful

suggestions in response to epidemics.

Keywords: epidemic simulation, complex networks, reinforcement learning, preventive measures
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1. Introduction

Epidemic disease has become one of the most concerned
threats to human society. According to statistics of Johns Hop-
kins University, by 19 June 2020, over 200 countries or terri-
tories have reported COVID-19 cases and over 8.46 million
confirmed cases and 453 thousand deaths had been reported
globally.[' In addition, only in the United States, it is esti-
mated that there are 31.4 million outpatient visits due to sea-
sonal influenza. Apart from large-scale infections, epidemics
can also cause huge economic losses and social panic.>™ Ac-
cording to the International Monetary Fund (IMF), the global
economy is projected to contract sharply by —3 percent in
2020 due to the COVID-19 pandemic, much worse than that
during the 2008-2009 financial crisis.?! The economic burden
caused by seasonal influenza in the United States is estimated
to be $87.1 billion. !

Aiming to relieve the severe consequences caused by
epidemics, scholars and the government have increasingly
paid attention to preventive measures against epidemics. It
is shown that preventive measures taken by individuals play
a crucial role in suppressing the epidemic transmission. 30!
On the one hand, some scholars concerned medical measures,
such as vaccination!”'! and antiviral drugs.!'>~'>! For exam-
ple, Keeling et al.!”l reported that mass prophylactic vacci-
nation could reduce the potential for a major epidemic sig-
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nificantly. By comparing the direct and indirect losses, Sar-
tore et al.!® found that vaccination could reduce the overall
costs associated with avian influenza epidemics. Ferguson et
al.""31 modeled the effects of antiviral drugs on influenza and
found that antiviral drugs would be useful for epidemic elim-
ination. On the other hand, researchers also paid attention to
nonmedical measures.!'3-2%! Scott e al.!!”! revealed that peo-
ple voluntarily can quarantine themselves to avoid infection
when the plague occurs. During the influenza pandemic, indi-
viduals tend to stay away from congregated places.!'®! Lau ez
al.'"® discovered that wearing face masks were widespread in
severe acute respiratory syndrome (SARS) affected areas. Ma
et al.”! reported that limiting individuals’ movement to high-
layer nodes which mean large cities can suppress the epidemic
transmission.

Given different preventive measures, scholars also con-
cern individuals’ selection process of these measures. Bauch
et al.'*?! proposed a game theory-based model and found that
if individuals decide whether to vaccinate according to self-
interest, the epidemic transmission cannot be suppressed ef-
fectively. They further indicated that there exists a conflict
between self-interest and group interest.>>) Researchers also
found that individuals are not always rational and they may
make decisions by imitating others.>*->’] For example, Shi
et al.®*! explored individuals’ voluntary vaccination behav-
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ior considering bounded rationality. Other factors influenc-
ing individuals’ vaccination behavior, such as individuals’
adaptability!?®! and human contact structure,?*=! were also
investigated previously. Besides the selection process of vacci-
nation, Reluga!®?! studied the game process of social distanc-
ing in response to epidemics and found that social distancing
is most beneficial to individuals for basic reproduction num-
bers around 2. Boven et al.?3 analyzed individuals’ selection
process when people took antiviral drugs to response to epi-
demics.

In those previous studies, only one preventive measure
was incorporated at one time and individuals decided whether
or not to take this measure. However, in real world, when epi-
demics happen, an individual may choose to get vaccinated,
as well as wear face masks or take antiviral drugs. Therefore,
new models need to be proposed to bridge the gap. In this
paper, we introduce effective contact rate (ECR) to represent
these different preventive measures. Specifically, the smaller
ECR refers to the less effective contact process between indi-
viduals, which corresponds to stronger preventive measures.
For example, when an individual choose to get vaccinated as
his/her epidemic preventive measure, his/her social contacts
with others will be ineffective because he/she will not get in-
fected through the contacts. However, if wearing face masks
is adopted by an individual, the contact process will still work
while the efficiency will be reduced. As a result, we can set
ECR as 0 and 0.8 (or other values between 0 and 1) to repre-
sent getting vaccinated and wearing face masks respectively.

In epidemic scenarios, especially for epidemics that hap-
pen repeatedly such as seasonal influenza, individuals’ learn-
ing behavior plays a key role in the selection process of pre-
ventive measures. Individuals will learn from their historical
experience and choose epidemic preventive measures adap-
tively, which is seldom studied by previous research. There-
fore, in this paper, a reinforcement learning-based (RL-based)
model is proposed to explore the effective preventive measures
for different people. Through reinforcement learning process,
individuals try to obtain the most effective preventive measure
for themselves. In Section 2, we present the RL-based model
in detail. Extensive simulations are conducted and the results
are described in Section 3. Discussion and conclusions are in
Sections 4 and 5.

2. Method

In this section, we propose a reinforcement learning-
based (RL-based) model to investigate individuals’ selection
process of preventive measures against flu-like seasonal epi-
demics. Through reinforcement learning process, each indi-
vidual eventually obtains the most effective preventive mea-
sure in response to epidemics. Specifically, the model includes

two stages. In the first stage is the reinforcement learning pro-
cess where individuals decide which preventive measure to
take before an epidemic season begins. The second stage is
the epidemic transmission process on complex networks. In
the following subsection, the two stages are presented in de-
tail.

2.1. Reinforcement learning process

In this paper, different values are assigned to ECR to
represent different epidemic preventive measures. We set
S =10,0.2,0.4,0.6,0.8,1.0] to describe individuals’ decision
space. The smaller value refers to stronger preventive mea-
sures. For example, S = 0 describes that the contact process
between individuals is absolutely ineffective, which means
that strict prevention measures like vaccination or isolation are
taken; while § = 1.0 indicates that the contact process is effec-
tive, representing no preventive measures are taken. Each in-
dividual will select a prevention measure from decision space
S before an epidemic season begins.

Considering the impact of historical experience, re-
inforcement learning mechanism is introduced to ex-
plore individuals’ effective preventive measures against epi-
demics. Specifically, reinforcement learning with €-greedy
algorithm!®#! is adopted where individuals choose a preven-
tion measure randomly with probability € and choose the pre-
vention measure with highest playoff with probability 1 — €.
The process can be expressed as follows:

s|s€S, with probability €,
Si(n)= . . o ()
argmax,Q;(n— 1), with probability 1 — €,

where S;(n) is preventive measure adopted by individual i in
season n; and s refers to a random measure in decision space S,
representing a random prevention measure taken by individu-
als. Qf(n— 1) indicates the average playoff of measure s taken
by individual i until season n — 1, and € is the reinforcement
learning parameter.

Once an individual selects his/her preventive measures,
he/she must afford cost for the preventive measure, as well as
obtains reward. The cost includes not only the money to pay
but also side effects that the preventive measure caused, and
the reward refers to the reduction of infection risk. For exam-
ple, if a person decide to vaccinate in advance, he/she must pay
for the vaccination and accept the possible side effects caused
by vaccination. At the same time, he/she will hardly get in-
fected when the epidemic season ends. Moreover, the stronger
the preventive measures are, the more cost an individual has
to afford. One has to balance the cost and the reward to make
proper decisions. As soon as the epidemic season ends, in-
dividuals will evaluate the efficiency of their preventive mea-
sures and obtain the playoff in this season. The playoff of an
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individual can be expressed as

1 —c¢(1—S;i(n)), ifindividual i is not infected,
Ui(n) = { (= Silm) ’ @)

0—c(1—S;(n)), ifindividual i is infected .
Here U;(n) is the playoff of individual i in season n; ¢ repre-
sents the relative cost of strict preventive measures over infec-
tion. If strict preventive measures are adopted by individuals,
they will not get infected. Considering the strong preventive
measures indicate high cost, ¢(1 —S;(n)) is used to describe
the relative cost of preventive measure taken by individual i in
season n. Individuals will obtain reward 1 if they do not get
infected. Instead, there is no reward when they are infected.
At the end of the epidemic season, individuals will update
the playoffs of different preventive measures,
Qi(n—1) (ki =1)+Ui(n)
k} ’
if s is taken in season 7,

Q;(n) = 3)
Qf(l’l - 1)7

where Qf(n) is the average playoff of measure s taken by in-

if s is not taken in season n,

dividual i until season n; and k; refers to the times of measure
s chosen by individual i until season n and U;(n) means the
playoff of individual i in season n. Algorithm 1 demonstrates
individuals’ selection process based on reinforcement learning
mechanism.

nothing
happens

Algorithm 1 The reinforcement learning algorithm ( )
Input: Ui(n), ki, O (n— 1), relative cost c, €
Output: individuals’ preventive measures S;(n)

. fori=1-— Ndo //for N individuals

1

2 if a random number <& then
3 Si(n) <+ randomly choose a prevention measure from S;

4 else // choose the prevention measure with the highest playoft;
5. Si(n) <« argmax,Qf(n—1);

6 end if

7. end for

8. Simulate epidemic spread process; // presented in 2.2 in detail

9

. Update Q}(n) based on Egs. (2) and (3)

2.2. Epidemic spread model

In this paper, the susceptible-infected-recovered (SIR)
model.[>3 is adopted to simulate the epidemic spread pro-
cess. Individuals can be one of the three states: susceptible
(S), infected (I) and recovered (R). Individuals in state S are
not infected while those in state I are infected and will cause
further infections through contacts with others. The individu-
als in state R will not infect others and cannot be infected in
the current epidemic season. In addition, complex networks
are generated to represent the human contact structure where
nodes represent the individuals and edges refer to social con-

tacts among individuals.

effective
contact with

individual i infected

ineffective
contact with
individual i

not infected

Fig. 1. Diagrammatic description of the epidemic spread process. When susceptible individual j contacts with an infected individual 7, the
contact process can be effective or ineffective depending on the prevention measure taken by individual j. If the contact process is effective,

individual j will get infected with probability A.

Initially, an individual is randomly selected as the infec-
tion source (i.e., set it as state I). At each time step, nodes in
state I contact with their neighbors, which represents the in-
dividuals’ social contacts with others in daily life. In the epi-
demic season, individuals will take different preventive mea-
sures in response to the epidemic, which impacts the efficiency
of the contact process. Specifically, when an infected individ-
ual i contacts with individual j, nothing happens if individual
Jj is not in state S. Otherwise, according to the preventive mea-
sure adopted by individual j, the contact process works with a
probability S;(n), that is, the stronger preventive measure in-
dicates that infection will spread through the contact with a
lower probability. It will lead to further infections only when
the contact process is effective. Then, individual j may get
infected with a probability A. All infected individuals also
recover with a probability u at each time step. The whole

process evolves until there are no infected individuals. The

epidemic spread process is shown in Fig. 1.

3. Results and discussion

In this section, a series of epidemic simulations on dif-
ferent networks are conducted to explore individuals’ effec-
tive preventive measures against epidemics. Studies have re-
vealed that social networks have the characteristics of power-
law degree distribution and high clustering.3*-3% Therefore,
in this paper, scale-free (SF) networks*"! and small-world
(WS) networks!*!! are used to depict the population contact
structure, on which the epidemic spreads. The formers show
the power-law degree distribution, while the latter ones char-
acterize high clustering. At the same time, we also generated
the Holme—Kim (HK) network,?! which has both the charac-
teristics of power-law degree distribution and high clustering.
Specifically, the concerned parameters are set as follows.

Network parameter Each network has 10000 nodes,
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The scale-free (SF) net-
works are generated based on the uncorrelated configuration

representing 10000 individuals.

model,[*”) where the degree distribution follows power-law
p (k) = @k~7 and we set ¥y = 3.0 in our simulations. We also
generate small-world (WS) networks with p,, = 0.2 accord-
ing to the model proposed by Watts and Strogatz.[*!l HK net-
works are generated by the algorithm proposed by Holme and
Kim,!*?! and we set m =4 and p = 0.5.

Reinforcement learning parameters  Similar to
Ref. [24], the parameter of e-greedy algorithm is set as
€ =0.05. Initially, individuals’ playoffs are set as Qf(0) =0,
which means that at the beginning, individuals have no his-
torical experience about the epidemic and will choose an epi-
demic preventive measure randomly. In the following seasons,
the playoffs of different measures are updated according to
Egs. (2) and (3).

Epidemic spread parameters We set epidemic infec-
tion rate A = 0.6 and recover rate u = 0.2 to guarantee the
epidemics can spread all over the networks.

Simulation parameters For each scenario, we carry out
simulations for 5000 seasons and the epidemic infection scale
and individuals’ selection data are averaged over the last 200
seasons when epidemic transmission process and individuals’
selection process are stable enough. Moreover, we randomly
generate 50 SF, WS and HK networks respectively and all the
results are averaged over the 50 networks.

3.1. The final infection scale

We first investigate the effect of relative cost ¢ on the final
infection scale. Relative cost c refers to the cost that individu-
als must afford when taking epidemic preventive measures. It
not only includes money to pay but also physical, mental or so-
cial effects. For example, when a person decides to vaccinate
in advance, he/she must pay for the vaccination and accept
the possible side effect of the vaccination, as well as the time
he/she spends to go to hospitals. As shown in Fig. 2, our sim-
ulation results indicate that epidemic infection scale increases
as the relative cost ¢ becomes larger. The difference between
simulations on different networks is small. When ¢ is small
(¢ < 0.5), the results obtained on SF, WS and HK networks
are almost the same. The difference gets larger as ¢ contin-
ues to increase. With a fixed cost ¢ (except ¢ = 1.0), the final
infection scale on SF network is the largest and that on HK
network is the smallest.

The phenomena stated above can be explained as follows.
The clustering coefficient of HK network is the largest and that
of SF network is the smallest. Higher clustering coefficient
means that there are more local communities on the networks,
where the epidemic transmission process will be limited con-
sidering that after people in these communities are infected,
social contacts are ineffective and cannot cause more infec-

tions. Therefore, the infection scale is the smallest on HK

networks and the largest on SF networks. According to the
results, we can see that there are two ways to suppress the epi-
demic transmission: increasing clustering coefficient of net-
work or reducing relative cost c. In real world, individuals’
contact structure (network structure) can hardly change, which
means that it is not realistic to control epidemics by changing
human contact structure. Fortunately, the spread of epidemics
can also be suppressed by reducing the cost of preventive mea-
sures, regardless of the human contact structure. The results
suggest that the government can prevent epidemic infections
by providing preventive measures with low lost or reducing
the cost of preventive measures, such as making vaccines safer
and lowering the price.

1.0} —— SF network
—— WS network
—— HK network
o 0.8f
=
Q
2 0.6F
=
L
S o0.4f
&
5
0.2}
0 L

0 02 04 06 08 10
Relative cost ¢

Fig. 2. The infection scale as a function of relative cost c¢. The infection
scale increases as the relative cost ¢ grows. With the same relative cost
¢ (except ¢ = 1.0), the infection scale is the largest on SF networks and
the smallest on HK networks.

3.2. The fractions of different preventive measures

In this subsection, we try to figure out why the infection
scale gets larger when relative cost ¢ increases. We calcu-
late the fractions of individuals adopting different preventive
measures with different relative cost ¢, which is presented in
Fig. 3. From Fig. 3(b), on the WS networks, the number of
individuals adopting strict preventive measure (ECR=0) de-
creases sharply and then remains stable when c increases from
0. However, if ¢ continues to increase (¢ > 0.8), the num-
ber quickly dwindles to 0. On the contrary, the number of in-
dividuals taking no measures (ECR=1) always increases as
¢ becomes larger. However, on SF and HK networks [see
Figs. 3(a) and 3(c)], the fractions fluctuate when the relative
costc is large. Even though the exact values of the fractions
are different in SF, WS and HK networks, the trends of the
fractions are the same. We also find that after reinforcement
learning, individuals tend to take either strict preventive mea-
sures (ECR =0) or no measures (ECR =1). Intermediate mea-
sures (ECR= 0.2-0.8) are seldom adopted especially when
relative cost are large.

When an individual chooses a preventive measure, he/she
must afford the cost of the measure. Therefore, once the cost
of preventive measure exceeds the threshold that an individual
can afford, he/she tends to take no measures. As a result, more
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individuals are exposed to the infections, leading to a larger
infection scale as shown in Fig. 2. The reason for individu-
als’ preference to strict preventive measures (ECR =0) and no
measures (ECR=1) can be explained as follows. If a person
adopts an intermediate preventive measure, such as ECR =0.6,
he/she still has a possibility to get infected through social con-
tacts. The stronger the preventive measures, the smaller the
possibility and the higher the cost. Consequently, he/she has
to suffer the risk of infection and must afford the cost of the
measure. However, if individuals take strict preventive mea-
sures (ECR =0), they just afford the cost of the measure. Sim-

ilarly, there is only risk of infection when nothing is done
(ECR=1). During the COVID-19 pandemic, people’s pre-
ventive measures against the infectious disease also tend to be
polarized. For example, in some East Asian countries such as
China, people tend to adopt very strict measures to avoid get-
ting infected, such as wearing facial masks and self-isolation
at home. However, in some countries, although the number
of confirmed cases is already very large, people still refuse to
wear masks and even hold large parties as usual, which is con-

sistent with the results obtained by our simulation.

1.0 1.0 1.0
(2) (b) (©)
0.8 0.8 0.8
2 2 z
506 506 306
g S5(ECR = 0) I S5(ECR = 0) G S5(ECR = 0)
£ 04 SZ(ECR;M) £ 04 S4(ECR = 0.2) E 0.4 S4(ECR =0.2)
R S3(ECR—0.4) | M S3(ECR = 0.4) S3(ECR = 0.4)
0.2 S2(ECR = 0.6) 0.2 S2(ECR = 0.6) 0.2 S2(ECR = 0.6)
: S1(ECR = 0.8) . S1(ECR = 0.8) : S1(ECR =0.8)
SO(ECR =1) SO(ECR =1) SO(ECR =1)
. _ " " " ' 0
00 02 04 06 0.8 1.0 00 0.2 04 06 08 1.0 0 0.2 04 06 08 1.0

Ralative cost ¢

Ralative cost ¢

Ralative cost ¢

Fig. 3. The fractions of individuals adopting different preventive measures with different relative cost c. Here (a), (b) and (c) show the results
on SE, WS and HK networks respectively. As relative cost c increases, more individuals choose not to take measures.

Interestingly, on SF and HK networks, the number of in-
dividuals taking strict preventive measures fluctuates slightly
when c is larger than 0.7, which does not exist on WS net-
works. Due to the heterogeneity of networks, SF and HK net-
works have more hub nodes which can facilitate the spread
process but also can be infected easily. When c is large, many
individuals tend to take no measures, which makes the hub
nodes get infected more easily. Therefore, more hub nodes
take strict preventive measures again, leading to a slight in-
crease when ¢ continues to grow. However, if the cost contin-
ues to increase, these hub nodes will also choose not to take
preventive measures. Consequently, the number of individuals
adopting strict preventive measures decreases. Specifically, if
the relative cost increases to 1, that is, the consequences of in-
fection are comparable to the cost of preventive measures, all
individuals choose to take no measures regardless of the net-
work structure as shown in Fig. 3. The fluctuations in the frac-
tion of taking measure S5 in Fig. 3(c) are meaningful, which
indicates that in some cases, although the cost of preventive
measures increases, the fraction of taking preventive measures
in the population will rise. For example, although the price of
facial masks rose rapidly in China, many people still chose to
wear facial masks in response to COVID-19.

3.3. The performance of different individuals

We further explore the effective preventive measures of
different individuals against the epidemic. Figure 4 demon-
strates the selection behaviors of different individuals on SF,

WS and HK networks.
relative cost ¢, more and more individuals do not take mea-

From Fig. 4, with the increase of

sures (SO) [see Fig. 4(a)], while fewer and fewer individuals
take strict preventive measures (S5) [see Fig. 4(b)], no matter
whether the degree of individuals is high or low. However,
the behaviors of individuals with high or low degree are quite
different. The fraction of individuals taking strict preventive
measures among high degree individuals is much greater than
that among low degree individuals as shown in Fig. 4(b). Sim-
ilarly, compared to low-degree individuals, fewer individuals
among high-degree individuals choose not to take measures
[see Fig. 4(a)]. Moreover, when c is smaller than 0.1, the frac-
tions of individuals taking no measures and strict preventive
measures among low degree individuals change faster than
that among high degree individuals, which means that low-
degree individuals are more sensitive to the cost of preventive
measures compared to high-degree individuals.

The results on SF, WS and HK networks are similar.
However, the changing process of the fractions is quite dif-
ferent on the HK network. For example, on HK networks,
the fraction of taking measure SO among high degree individ-
uals first increases slowly and then rapidly as ¢ grows [see the
square curve in Fig. 4(a)], but it first increases rapidly and then
slowly on SF and WS networks [see the triangle and circle
curves in Fig. 4(a)]. At the same time, compared with the SF
and WS networks, on the HK networks, more individuals take
strict measures no matter whether the degree is high or low.

This can be explained as follows. On the HK networks, there
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are more communities. When infectious disease spreads to a
community, individuals in this community have large prob-
abilities to get infected due to the frequent social contacts.
Thus, individuals in HK networks are not only affected by its
neighbors but also individuals in their communities. In order
to protect themselves from getting infected, more individuals
choose to take strict preventive measures. However, on SF and
WS networks, individuals are mainly affected by their neigh-
bors and the infection probability is relatively low, so more
people do not take measures.

To further understand the selection process of different
individuals, we calculate the fractions of individuals with the
same degree who take different preventive measures as shown

—4— high degree(SF) —4— low degree(SF)
—e— high degree(WS) —o— low degree(WS)
1.0F—=— high degree(HK) —o— low
F 0.8r
o
o
g 0.6
o
2
3]
Lg 0.4f
0.2f
of cm—
0 0.2 0.4 0.6 0.8 1.0

Ralative cost ¢

in Figs. 5 and 6. With the degree increases, more and more in-
dividuals adopt strict preventive measures (S5) and fewer and
fewer individuals take no measures (S0). Specifically, among
the individuals with degree larger than 16, almost all of them
choose to take strict preventive measure. We also discover that
measures SO and S5 are the most frequently adopted by indi-
viduals. As shown by the dashed lines in Fig. 5, the fraction of
individuals taking measures SO or S5 is up to 80% or more as
the degree of individuals increases. Moreover, when the cost
of preventive measures changes, only the specific fraction val-
ues change, but the principle of individuals’ selection behavior

remains the same [see Fig. 6].
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Fig. 4. The performance of individuals with high and low degree on SF, WS and HK networks. Here (a) and (b) show the fraction of individuals
taking no measures (SO) and strict preventive measures (S5), respectively.
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Fig. 5. The individuals’ selection behavior changes with individuals’ degree. Here (a), (b) and (c) present the simulations on SF, WS and HK
networks respectively. The larger the degree of the individuals, the more likely to take strict preventive measures. We set relative cost ¢ = 0.2.
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Fig. 6. The individuals’ selection behavior under different relative cost c. Here (a), (b) and (c) present the simulations on SF, WS and HK
networks respectively. The relative cost ¢ has slight effects on the whole trend.
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We explain the aforementioned phenomena as follows.
Individuals with high degree refer to people who contact with
others frequently in daily life. As a result, these individuals are
more likely to be infected when epidemics spread. Learning
from the historical experience and balancing the risk of infec-
tion and the cost of preventive measures, individuals with high
degree tend to take strict preventive measures while individu-
als with low degree prefer not to take measures because they
are seldom infected. Based on reinforcement learning mech-
anism, in our simulations, each individual learns from his ex-
perience and tries to obtain the best preventive measure in re-
sponse to epidemics. The results are useful for individuals to
deal with epidemics in real world. Individuals with higher de-
gree who contact with others more frequently in daily life are
highly recommended to take stronger preventive measures to
protect themselves from infection. However, individuals who
have little social contact with others can take certain measures
or no measures considering the cost of the preventive measures
cannot be ignored.

4. Discussion

In this paper, reinforcement learning is introduced to ob-
tain the most effective preventive measures for each individ-
ual. The effective contact rate (ECR) is proposed to repre-
sent different epidemic preventive measures. The epidemic
transmission has also been simulated on different complex net-
works. This research contributes to understanding individuals’
selection process of preventive measures, which can help the
government and individuals better cope with the epidemics.

In previous research, individuals’ historical experience
was seldom studied, which is very important for dealing
with epidemics, especially the seasonal influenza-like in-
fectious diseases. Some researchers used game theory to
study whether a preventive measure would be adopted by
individuals,[?>2332.331 byt the situation in which people may
take various measures in real life is insufficiently consid-
ered. This paper proposes a reinforcement learning-based
(RL-based) epidemic transmission model to simulate individ-
uals’ selection process of different preventive measures based
on their historical experience. Through the reinforcement
learning process, the most effective preventive measures for
each individual can be obtained, which is very useful for the
government and individuals in response to epidemics. More-
over, most of the previous studies only focused on one kind of
epidemic preventive measures, such as vaccination, antiviral
drugs, isolation, and so on.[81317) However, in real life, the
measures that individuals can take are varied and even com-
bined measures can be adopted at the same time. Considering
these preventive measures are essentially affecting the contact
process between individuals, in this paper, the effective con-

tact rate (ECR) is proposed to represent the different measures.
The stricter the measures, the lower the effective contact rate.

In this paper, seasonal influenza-like epidemics are the
main concern considering this kind of epidemics occur every
year and take away countless lives. However, for a new type of
epidemics, such as COVID-19, reinforcement learning mech-
anism may not be appropriate due to the lack of coping expe-
rience. Under this circumstance, how to predict individuals’
effective preventive measures against epidemics needs further
study. In this paper, it is assumed that whether an individ-
ual chooses a preventive measure depends on its benefits and
costs. If the playoffs of the measure is large, individuals pre-
fer to take that measure. Therefore, the results we obtained are
smooth and monotonic. However, in real life, there may be a
threshold for individuals® perception of the cost of the preven-
tive measures. For example, when the cost is lower than a cer-
tain value, it may be considered negligible, and when the cost
is greater than a certain value, it cannot be tolerated. In this
scenario, the simulation results may not be linear and smooth.
This threshold is too difficult to determine, so we consider in-
troducing it into the further model. In addition, there are many
other factors that affect people’s choice of preventive mea-
sures. For example, in some East Asian countries like China,
Japan and South Korea, almost everyone wears face masks,
but in some developed countries, people generally resist wear-
ing facial masks. This phenomenon is similar to the findings
in this article, that is, individuals either take strict preventive
measures or no measures in response to seasonal influenza-like
epidemics. Nevertheless, its determinants may be more com-
plicated, which remains to be studied further. In short, how to
predict individuals’ selection process of preventive measures
is of great significance to predict the epidemic trend.

5. Conclusions

Individuals’ historical experience plays an important role
in coping with epidemics, which has rarely been paid attention
to in previous studies. In real life, individuals may choose dif-
ferent preventive measures in response to epidemics, but most
of the previous studies only focused on one preventive mea-
sure at one time. Therefore, aiming to bridge the gaps above,
this paper proposes effective contact rate (ECR) to represent
different preventive measures. Reinforcement learning mech-
anism is also introduced to study the effects of individuals’
historical experience and explore individuals’ effective pre-
ventive measures against epidemics. Through extensive nu-
merical simulations, we find that:

(i) In addition to the effect of network structure, the cost
of preventive measures impacts the epidemic transmission pro-
cess significantly. When the cost of preventive measures is
lower than the threshold that an individual can afford, the in-

048901-7



Chin. Phys. B Vol. 30, No. 4 (2021) 048901

dividual’s initiative to take preventive measures is enhanced,
thus effectively inhibiting the spread of epidemics.

(i1) After reinforcement learning, individuals tend to take
either strict preventive measures (S5) or no measures (S0). In-
termediate measures are seldom adopted especially when the
cost preventive measures are large. Regardless of the degree
of individuals, the fraction of individuals taking SO or S5 is up
to 80% or more.

(iii) Individuals with high or low degree perform quite
differently in the epidemic spreading process. Individuals with
high degree prefer strict epidemic preventive measures while
those with low degree tend to take no measures. The will-
ingness of an individual to take strict preventive measures gets
stronger as the degree of the individual grows because individ-
uals with higher degree are more likely to be infected during
the epidemic transmission. As a result, they are more inclined
to take strict measures to protect themselves from infection.

The preventive measures adopted by individuals play a
crucial role in suppressing the epidemic transmission. In this
paper, it is assumed that people choose different preventive
measures based on the costs and benefits of the measures.
Some other cultural and social factors are not considered. Al-
though our model is a simplification of the real world, the re-
sults of the model still have important significance, consid-
ering that most people still balance the benefits and costs to
choose different measures. It is the premier goal for the gov-
ernment to get individuals to take preventive measures when
epidemics occur. In this research, the government is rec-
ommended to provide low-cost preventive measures because
more individuals will choose to take preventive measures after
balancing the risk of infection and the cost of the measures,
leading to a small infection scale. In addition, in this paper,
each individual tries to learn from his/her historical experience
to obtain the best preventive measure by reinforcement learn-
ing mechanism, which is useful for individuals in response to
epidemics. Individuals who have frequent contacts with others
in daily life are highly recommended to take stronger preven-
tive measures to protect themselves from infection. In sum-
mary, our research contributes to exploring the effective mea-
sures for individuals, which can provide the government and
individuals useful suggestions in response to epidemics.
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