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Abstract—On the premise that both susceptible and exposed
individuals in incubation period are asymptomatic, in this
paper, we establish epidemic models with compulsory
testing or voluntary testing to study the impact of
susceptible and exposed individuals’ testing rate on the
emerging infectious diseases. Results show that when
compulsory testing is performed on individuals, sometimes
the testing rate of susceptible and exposed individuals can
be increased to prevent epidemic from spreading among the
population. Sometimes both the testing rate of susceptible,
exposed and symptomatic infected individuals need to reach
a certain level, and sometimes it can be achieved by
increasing the testing rate of symptomatic infected
individuals. When individuals take voluntary testing, if
individuals think the risk of epidemic is low, increasing the
individual’s trust in medical treatment is conducive to
increasing the testing number of exposed individuals.
However, if individuals think the risk is high, the change in
medical trust can not affect the testing number of exposed
individuals. Comparing these two models, it is interesting to
note that the epidemic size corresponding to average testing
rate of voluntary testing is almost the same as the epidemic
size corresponding to the same testing rate of compulsory
testing, reflecting the effectiveness of voluntary testing.
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I. INTRODUCTION

Emerging infectious diseases refer to infectious
diseases that have emerged in the past 20 years, including
infectious disecases caused by newly discovered
pathogens or pathogens that infect new groups, as well as
re-emerging infectious diseases [1]. Human beings lack
awareness of emerging infectious diseases and natural
immunity, which causes harm to human health and brings
economic losses to society. Therefore, research
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institutions have strengthened research on emerging
infectious diseases. So far, major emerging infectious
diseases that have occurred around the world include
AIDS, Severe Acute Respiratory Syndrome (SARS),
influenza A HINI1, Ebola virus, and Middle East
Respiratory Syndrome (MERS).

Take COVID-19 as an example, exposed individuals
do not show symptoms and are infectious, which makes
epidemic prevention and control more difficult. The
current research on such emerging infectious diseases
with incubation period is mainly focused on the impact of
some prevention and control measures such as closing the
city and restricting personnel contact on the epidemic [2—
7]. Susceptible and exposed individuals can be confirmed
by testing, and their testing behavior can be government-
driven compulsory behavior or individual-driven
voluntary behavior. Compulsory behavior is testing a
fixed percentage of susceptible and exposed individuals.
Voluntary behavior means that you need to bear the cost
for testing, but you will not get timely treatment without
testing. Therefore, susceptible and exposed individuals
will make a comprehensive judgment to determine
whether to test or not. The method of comprehensive
judgment is to use the game model to calculate the
average payoff and use the Fermi equation to give the
judgment result. By studying the impact of compulsory
testing and voluntary testing on emerging infectious
diseases with infectiousness in the incubation period, this
paper hopes to provide suggestions and theoretical
support for the government to effectively prevent and
control such infectious diseases.

II. LITERATURE REVIEW

The compartment model is a powerful mathematical
framework for understanding the complex dynamics of
epidemic. According to the disease state, the SIS model
can be defined, that is, infected individuals who have
recovered are at risk of becoming infected again [8].
Authors of Refs. [9—11] established the SIR model, which
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has been widely used in epidemiology. Based on this,
various epidemic models have been proposed, such as
SEIR [12, 13], SEIQR [14], and MSEIR [15] models.

As a tool for optimizing individual behavior, game
theory has been applied in many fields such as biology to
study the reasons why cooperative behavior appears in
nature [16-21]. Recently, researchers have combined the
game process with the spread of epidemic and discussed
issues such as voluntary vaccination [22-27]. It takes
time and money for vaccinators so that they are free from
disease with a large likelihood. Self-interested individuals
try to benefit from herd immunity while avoiding
vaccination. Consequently, such hitchhiking leads herd
immunity is inevitably disturbed [28—37]. The application
of evolutionary game theory in vaccination research not
only provides a mathematical means to explain
epidemiological dynamics, but also explains the
voluntary vaccination behavior of individuals [38—42].
Fu et al. [43] studied the role of individual imitation
behavior and population structure in vaccination. Kabir
and Tanimoto [44] explored how the spread of contagious
disecases can be reduced with intermediate defense
measures taken up with two strategy-update rules:
individual based or strategy based.

At present, few scholars analyze the influence of
individual testing behavior on emerging infectious
diseases from the perspective of game theory. In order to
study this problem, this paper establishes the compulsory
testing model and the voluntary testing game model
respectively, and compares the results of epidemic
transmission based on the two models.

III. MATERIALS AND METHODS

A. Epidemic Model of Compulsory Testing

Consider the emerging infectious diseases with
infectiousness in the incubation period, such as COVID-
19. The individuals in a population can be classified into

susceptible (S ), exposed ([, ), symptomatic infected
individuals (1 s )> hospitalized ( H ), recovered ( R ),

and death ( D). Exposed individuals in the incubation
period will not show symptoms, but can spread the virus.
Susceptible will be infected with probability [ in

contact with the exposed individuals or the symptomatic
infected individuals. Exposed individuals are less
infectious than symptomatic infected individuals, let 77
be the decreasing proportion of infectivity in the
incubation period [5]. The incidence rate of exposed
individuals is & , and then become symptomatic infected
individuals. Both the susceptible and exposed individuals
have no symptoms. It is impossible to distinguish the
epidemiological status of these individuals without
medical means. Furthermore, the exposed individuals can
infect the susceptible, it is particularly important to test
susceptible and exposed individuals, and to isolate those
who are infectious. Since the test behavior of susceptible
individuals have no effect on the spread of infectious
diseases, there is no need to reflect the test process of
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susceptible individuals. Compulsory testing is a
government-driven behavior, a fixed rate of susceptible
and exposed individuals will be tested, and those who are
diagnosed as infected must be hospitalized for isolation.
Suppose the testing rate of susceptible and exposed
individuals is 7, and the testing rate of symptomatic
infected individuals is % . The self-healing rate of

symptomatic infected individuals is Ty and the mortality
rate is d I; - The recovery rate of hospitalized is 7, and

the mortality rate is d,, . Use the compartment model to

describe the spread of infectious diseases. The
transformation relationship of populations is shown in
Fig. 1.

Fig. 1. Diagram of population transformation.

Based on the above transformation diagram, the
differential equation model can be established as follows:

S=-pS(nl, +I),
I,=8SmI,+1)-ml,—al,,
js =al, —ul _(’”15 +d15)15>

)
H=ml,+ul;,—(r, +d,)H,
RerSIS+rHH,
D=d, I +d,H.
Initial values are S(0)=N,=8x10" , 1,(0)=1,

1,(0)=0, H(0)=0, R(0)=0, D(0)=0.

B.  Epidemic Model of Voluntary Testing

When the testing behavior of susceptible and exposed
individuals is individual-driven voluntary behavior,
individuals make decisions without knowing whether
they are infected or not. It often depends on certain
psychological factors, such as testing cost, the necessity
of timely treatment, and so on. In the following, we will
use evolutionary game theory to describe this problem.

Since neither the susceptible nor the exposed
individuals exhibit symptoms, they can choose test (C')
or not test ( D). Individuals who choose strategy C need
to bear the testing cost € (¢ €[0,1]). The susceptible
who chose strategy D have no loss. The exposed
individuals who adopt strategy C need to pay the testing
cost, and meanwhile receive the benefit 7 from the

treatment opportunity, which is called the cure benefit.
The exposed individuals who adopt strategy D will face
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the harm of aggravated illness and cause damage to the
health, which is represented by the risk cost ¢ . The
corresponding payoff structure are listed in Table I.
Assuming that the testing cost is less than the benefit of
treatment opportunities, and less than the risk of
aggravating the disease.

TABLE I. PAYOFF STRUCTURE

Strategy Payoff
Cy e
< A —c+r
DS 0
by, -d

Here, we only consider the voluntary behavior of
susceptible and exposed individuals, and the symptomatic
infected individuals still maintain compulsory behavior.
Susceptible and exposed individuals cannot distinguish
their epidemiological identity. They can obtain the
cumulative testing number of susceptible and exposed

individuals Cg, 1, and the cumulative diagnosed number

of exposed individuals C 1, - From this, susceptible and

exposed individuals can estimate the average payoff of
strategy C and D, respectively.

e =0 & )(=¢) o (r=c)
=(l-—)()+—=—(r~-c )
¢ CS+1A CS+1A
M, =-d— 3)
S+1,

Susceptible and exposed individuals determine the
behavior according to the payoff, assuming that the
testing rate of susceptible and exposed individuals is:

1 . 1(0)£0,
m=3l+exp(Il, -11.)/ K (4)
0, 1(t)=0.

where K > 0.
IV. RESULT AND DISCUSSION

A.  Result of Compulsory Testing

Eq. (1) has two disease-free equilibrium points. One
corresponding  to PO1 = (Sé,(),(), 0)=(4,,0,0,0) ,
epidemic will not break out. Another corresponding to
case in which the epidemic has ended, which is recorded
as P} =(S;,0,0,0).

We use the next generation matrix method to calculate
the basic reproduction number of model (1). A
represents the matrix of emerging infected diseases, }

represents the transition matrix between the epidemic
equations. It can be obtained from model (1):
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ﬁS(U1A+1S) m1A+aIA
. 0 . uIS+(r[S+dIS)IS—aIA |
g BS(BI (+1)
I (rH+dH)H—mIA—uIS |

The Jacobian matrix of & and )/ at the disease-free
equilibrium point are:

F{ﬂ&ﬁ ﬂSo}V: mea 0
0 0 —a  u+rn +d;
Then the next generation matrix is:
BSm(u+r, +d, )+ pSa BS,
FV'= (m+a)u+rn +d, ) u+rn +d;
0 0

According to the literature [45], the maximum spectral
radius is known, that is, the basic reproduction number is:

L BSputr, +d,)+ B
Ry=plEV )= (m+a)u+r, +d, ) '

Take the parameters of model (1) as shown in Table II.

TABLE II. THE PARAMETERS OF MODEL (1)

Parameter Define Value

B

infection rate [2><10_9 ,5><10_9]

decreasing
proportion of
infectivity

(0.1]

incidence rate [0.1]

testing rate of
susceptible and
exposed individuals
testing rate of
u symptomatic
infected individuals
self-healing rate of
symptomatic
infected individuals
mortality rate of
symptomatic
infected individuals
recovery rate of
hospitalized
mortality rate of
hospitalized

(0.1]

(0.1]

0.027

0.003

0.049

0.001

The effect of the testing rate of susceptible and
exposed individuals 7 and the testing rate of
symptomatic infected individuals % on the basic
reproduction number is shown in Fig. 2.
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Fig. 2. The effect of testing rate of susceptible and exposed individuals

m and the testing rate of symptomatic infected individuals » on the
basic reproduction number.

In Fig. 2, there is a curve that divides the # — M space
into two parts, namely R, >1 (Area I) and R, <1 (Area

IT). Epidemic will break out, if (m2,u%) is in Area I. The

combination of (7,u) in Area II will prevent epidemic

from breaking out. The specific values correspond to
various emerging infectious diseases. Fig. 2(a) shows that
when u <0.029 , no matter what the value of M is,
epidemic can break out. When u >0.529 , no matter
what the value of 7 is, the epidemic will not break out.
With the increase of M , the critical value of U that
enables epidemic break out gradually decreases. In other
words, in order to prevent the spread of the disease,
increasing the testing rate of symptomatic infected
individuals can tolerate a smaller testing rate of
susceptible and exposed individuals. Considering that the
number of symptomatic infected individuals is much
smaller than the total number of susceptible and exposed
individuals, increasing the testing rate of symptomatic
infected individuals is an effective measure to prevent the
spread of the epidemic. Fig. 2(b) shows that when
m>0.898 , no matter what the value of U is, the
epidemic cannot spread. When m <0.057 , no matter
what the value of U is, epidemic can spread. This reveals
that even if all symptomatic infected individuals are
tested, if susceptible and exposed individuals are
negatively tested, there is no guarantee that the epidemic
can be controlled. Fig. 2(c) shows that when m < 0.047,
no matter what the value of U is, epidemic can break out.
When u <0.065, no matter what the value of M is,
epidemic can break out. This means that under this set of
parameters, even if all the susceptible and exposed
individuals are tested, if the symptomatic infected
individuals are negatively tested, the epidemic cannot be
controlled. Fig. 2(d) shows that when u>0.77 , no
matter what the value of M 1is, no epidemic will be
spread. When m > 0.505, no matter what the value of U
is, no epidemic will be spread. This indicates that when
the testing rate of symptomatic infected individuals is
large, even if susceptible and exposed individuals are not
tested, the epidemic can be controlled. Similarly, when
the testing rate of susceptible and exposed individuals is
large, even if symptomatic infected individuals are not
tested, it can also control the epidemic.

The incidence rate of exposed individuals, the testing
rate of susceptible and exposed individuals will directly
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affect the number of exposed individuals, thus affecting
the transmission process of infectious disease. Therefore,
in the following, the influence of the incidence rate & ,
the testing rate of susceptible and exposed individuals 77
on the basic regeneration number is studied. The results
are shown in Fig. 3.

1
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I
3
Ry<1
04
02
[}
04 06 08 1

. -9 .
Fig. 3. When (B,7) = (3.3x10 ,0.5), the effect of incidence rate of
exposed individuals « , the testing rate of susceptible and exposed
individuals m on the basic reproduction number.

In Fig. 3, there is also a curve that divides the & —m
space into two parts, namely R, >1 and R, <1. When

a>0.66 , no matter what the value of M is, the
epidemic cannot break out. The higher the incidence of
exposed individuals, the shorter the transition time from
exposed individuals to symptomatic infected individuals.
The short incubation period makes it possible for
individuals to be detected and isolated in time after
infection, thus reducing the epidemic size. It can be seen
that emerging infectious diseases with a long incubation
period are difficult to control, while emerging infectious
diseases with a short incubation period are easy to control.

When R, >1, its value will affect the epidemic’s final
size. Let £=33x10"2.7=0.5, =025, u=03,
m € {0.0099,0.0265,0.05,0.0697} , time courses of the
epidemic size (N, —§) is shown in Fig. 4.

7
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—e—m=0.0265
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N,-5=14909547
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R,=1.0385

p
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1500
Time
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Fig. 4. Time courses of the epidemic size, when u=0.3 ,
me{0.0099,0.0265,0.05,0.0697} .

From Fig. 4, we can find that the greater the testing
rate of susceptible and exposed individuals, the smaller

the value of Ro , the slower the spread of epidemic. And

the time for the epidemic size to reach stable value is later,
the epidemic final size is smaller. Therefore, increasing
the testing rate of susceptible and exposed individuals can
delay the peak period of epidemic and reduce the
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epidemic size, but it will prolong the duration of the
epidemic.

By testing susceptible and exposed individuals,
exposed individuals hidden in social environments can be
screened out. The cumulative testing number of exposed

individuals is recorded as C 1, - We show the C 1, Versus
the testing rate of susceptible and exposed individuals

under different values of ¥ in Fig. 5.

g %108

—+—u=0.25
—&—u=0.3
u=0.35

—=—u=04

™,

0

0

0.05 0.15 0.2

Fig. 5. When #€{0.25,0.3,0.35,0.4} | CIA versus the testing rate of

susceptible and exposed individuals.

It can be seen from Fig. 5 that for each given value of
U , there is a testing rate m: that can achieve the

maximum cumulative testing number of exposed

individuals. When m <m: , it can be considered

insufficient testing, so that there are more exposed
individuals in the population. We can screen out more
exposed individuals by increasing the testing rate. When

*
m>m

., » it can be considered over-testing. At this time,
the testing rate of exposed individuals is high, but the
proportion of exposed individuals in the population is
small. Therefore, by increasing the testing rate, no more
exposed individuals will be screened out. It can also be

seen from Fig. 5 that as the value of U increases, the
value of m: decreases. We can say that when the testing

rate of symptomatic infected individuals is high, the
testing rate of susceptible and exposed individuals can be
reduced to screen out the maximum number of exposed
individuals.

B.  Result of Voluntary Testing

Let K=0.1, CS+14 0)=1, CIA (0)=0, Fig. 6 shows
the time courses of vérious compartments and testing rate
m(t) when ﬂ=3.3x10_9, n=05,a=025,r=35,
d=10,¢=0.5,u=0.3.

It can be seen from Fig. 6(a) that the susceptible

individuals gradually decrease with time, and finally
reach a stable state. In Fig. 6(b), there are peaks in the

number of /,, I, and [ . The peak times of these

three groups are relatively close. We assume that the
epidemic ends when there are no exposed and
symptomatic infected individuals in the population.
Therefore, under this set of parameters, the epidemic
lasted for 676 days. Fig. 6(c) shows that the number of
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recovered and deaths individuals gradually increase to a
stable state as the epidemic spreads. In Fig. 6(d), the
testing rate m(f) of susceptible and exposed individuals
goes up from 0.0067 and then drops after reaching its
maximum value. When the epidemic is over, stop testing,
m(t) =0 . Therefore, we can calculate the average testing
rate of susceptible and exposed individuals during the
transmission cycle of epidemic is 7 = 0.0099. It can be
seen that even if the testing cost is very low, the testing
rate of susceptible and exposed individuals is always
within a very low value range.
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Fig. 6. When ¢=0.5, u=0.3 | the evolution of various compartments and
the testing rate of susceptible and exposed individuals.

To study the effects of testing cost on the epidemic, we
examine the changes of m(f) and N, —S(¢) in Fig. 7.
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Fig. 7. When u=0.3 | the evolution of testing rate m(¢) and epidemic
size Ny—=S(1) .

The numerical results in Fig. 7(a) show that the lower
the testing cost, the higher the testing rate of susceptible
and exposed individuals, and the longer the duration of
the epidemic. Fig. 7(b) shows that the smaller the testing
cost, the smaller the epidemic size. The effect of
adjusting testing rate can be achieved by adjusting the
value of €. By comparing Fig. 7(b) and Fig. 4, it is
interesting to find that the epidemic size corresponding to
the average testing rate of voluntary testing is almost the
same as the epidemic size corresponding to the same
testing rate of compulsory testing. Epidemic can be
controlled through voluntary testing.

When u €{0.25,0.3,0.35,0.4} , the evolution of the

cumulative testing number of exposed individuals C I3

with respect to testing cost € is shown in Fig. 8.
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Fig. 8. The evolution of the cumulative testing number of exposed

individuals €7 4 Wwith respect to testing cost .

As can be seen from Fig. 8, when the testing cost is
small, the testing rate of susceptible and exposed
individuals is high, so that the epidemic cannot spread.
With the increases of C, the testing rate decreases, so the
epidemic can spread in the system. Exposed individuals
can be tested within this parameter range, so the
cumulative testing number of exposed individuals

increases. When ¢ = c; , the maximum number of
exposed individuals can be tested. However, when
c> C: , the situation changes. Although the fraction of

exposed individuals in the system is large, the testing rate
is too small because of the high testing cost. And that’s
what makes the cumulative testing number of exposed
individuals go down. In addition, it can be seen that the

* . . .
value of ¢, increases with the increases of % .

In the following, the results of the testing rate m(¢) are
shown in Fig. 9.
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(b) r=5

Fig. 9. The results of the testing rate m(¢) when ﬂ:3,3><10_9 , 1=0.5,
a=0.25,¢=0.5, u=0.3 .

The numerical examples presented in Fig. 9 indicate
that in the early stage of the epidemic, neither the cure
benefit nor the risk cost has an impact on the testing rate
of susceptible and exposed individuals. When the
epidemic is in a phase of rampant spread, cure benefit,
and risk cost will have effects. The greater the cure
benefit and risk cost, the higher the testing rate of
susceptible and exposed individuals. In other words, the
optimistic expectation of being cured and a high risk
awareness of the epidemic will increase the testing rate of
voluntary testing and put the prevention and control of
the epidemic in a proactive state. High cure benefit is a
manifestation of trust in medical treatment. The high risk
cost reflects the risk awareness of emerging infectious
diseases.
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When 7 €{2,4,6,8} | the value of C I,
the change of d , as shown in Fig. 10.
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Fig. 10. The value of CIA corresponding to the change of 4 .

In Fig. 10, under different cure benefits, the cumulative
testing number of exposed individuals increases with the
risk cost, and then stabilizes at a higher level. When the
risk cost is low, the higher the cure benefit, the more the
cumulative testing number of exposed individuals. When
the risk cost is higher, the value of the cure benefit does
not affect the cumulative testing number of exposed
individuals. Therefore, we can say that when individual’s
risk awareness of emerging infectious diseases is in a low
range, the trust in medical treatment is high, which is
conducive to increasing the testing number of susceptible
and exposed individuals and testing more exposed
individuals. However, when the risk awareness of
emerging infectious disease is in a high range, the change
of the trust in medical treatment does not affect the
testing number of exposed individuals.

V. CONCLUSION

For emerging infectious diseases with infectiousness in
incubation period, it is an effective way to screen out
exposed individuals in time. The testing behavior of
susceptible and exposed individuals may be government-
driven compulsory behavior and test a fixed percentage
of susceptible and exposed individuals. In this paper, we
propose the epidemic model of compulsory testing.
Results show that corresponding to  different
characteristics of emerging infectious diseases, the value
range of the testing rate of symptomatic infected
individuals, and the value range of the testing rate of
susceptible and exposed individuals that enables
infectious diseases to be controlled are different. In order
to prevent the spread of the epidemic, sometimes the
testing rate of susceptible and exposed individuals can be
increased to prevent the epidemic from spreading among
the population. Sometimes both the testing rate of
symptomatic infected individuals, susceptible and
exposed individuals need to reach a certain level, and
sometimes it can be achieved by increasing the testing
rate of symptomatic infected individuals. The common
feature is that, in order to keep the epidemic from
spreading, increasing the testing rate of symptomatic
infected individuals can tolerate lower testing rate of
susceptible and exposed individuals. The study found that
increasing the testing rate of susceptible and exposed
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individuals could delay the peak of the epidemic and
reduce the epidemic size, but prolong the duration of the
epidemic. For each testing rate of symptomatic infected
individuals, there is a testing rate of susceptible and
exposed that can test the maximum number of exposed
individuals.

The testing behavior of susceptible and exposed
individuals can also be individual-driven voluntary
behavior. This article assumes that susceptible and
exposed individuals will determine the testing intention
based on the comprehensive judgment of some factors
such as the testing cost, the possibility of being cured,
and so on. Calculate the testing rate according to the
payoff. Based on this rate, the epidemic model of
voluntary testing is established. Results show that
reducing the testing cost can improve the testing rate of
susceptible and exposed individuals, reduce the
transmission speed of the epidemic, and reduce the
epidemic size. In addition, for each given testing rate of
symptomatic infected individuals, there is a testing cost

that can test the maximum number of exposed individuals.

When the risk awareness is low, it is beneficial to
increase the testing number of exposed individuals by
increasing the trust in medical treatment. However, when
the risk awareness is high, the change of the individual’s
trust in medical treatment does not affect the testing
number of exposed individuals.

Comparing these two models, we find that the
epidemic size of compulsory testing is comparable to the
voluntary testing. It shows that voluntary testing is an
effective measure to curb the spread of epidemic.

This article focuses on the testing behavior of
susceptible and exposed individuals. Currently,
compulsory testing and voluntary testing are considered
separately. In actual epidemic prevention and control
work, it is often more reasonable for close contacts to
take compulsory testing measure, while take voluntary
testing measure for non-close contacts. This will be
studied in the subsequent work.
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