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Abstract
In the wake of the novel coronavirus, SARS-CoV-19, the world has undergone a critical situation in which
grave threats to global public health emerged. Among human populations across the planet, travel restraints,
border enforcement measures, quarantine, and isolation provisions were implemented in an attempt to
control and limit the spread of the contagion. Decisions on how to implement and enforce various control
policies should be determined based on available real-world evidence and theoretical prediction. In this
study, we propose a novel exportation- importation epidemic model associated with the quarantine and
hospitalized-isolation policies by considering the two-body system: a source country of a contagious disease
and a neighboring country that is initially disease-free. The model is first applied to the original COVID19 data in China, Italy, and the Republic of Korea (ROK) and observed through consistent fitting results
with equivalent goodness-of-fit. Then, the data are estimated per the fitting parameters. Driven by these
parametric settings and considering the normalized population, the numerical analysis, and epidemiological
exploration, this work further elucidates the substantial impact of quarantine policies, healthcare facilities,
and the public counter-compliance effect.
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Introduction
The novel coronavirus, termed SARS-CoV-2, incites the COVID-19 disease and is a serious endemic virus
first found in Hubei, China, on December 31, 2019 [1–8]. Its rapid emergence and terrestrial diffusion
caused major global concerns, as the world has seen 2.3 million confirmed cases with 0.16 million total
deaths in the previous four months (January–April 2020) [9]. Yet, to date, no vaccination, preventive
medication, or effective treatment against the disease exist. Nevertheless, researchers are working on the
development of medicine, and few clinical trials are ongoing [10]. Further, the human mobility aspect plays
a critical role in the spread of transmissible diseases by travelers from one region to another [11–14]. To
mitigate the epidemic and preclude the persistence of the disease in the human population worldwide, some
major prevention and incentive strategies were undertaken, such as social distancing, forced quarantine,
rapid isolation, state emergency, strict lock-downs, and mobility restrictions [15,16]. Moreover, resistance
against prevention policies, the role of global exportation- importation [17] on transmission, and medical
resources can account for the spread of the disease. In this paper, a new export-importation SEIQJR
(susceptible-exposed-infected-quarantine-isolation-removed) epidemic mathematical model is formulated
to present the current COVID-19 situation by including mobility restrictions, medical resources, and public
counter-compliant aspects.
A number of mathematical models with a compartmental mean-field approach were used to model the
transmission dynamics of a novel coronavirus-carrying disease and to evaluate prevention policies for
disease intervention. A theoretical epidemiological approach could contribute to analyzing real data,
recognizing epidemic patterns, and estimating the uncertainty for the transmittable diseases. Recently,
researchers incorporated the susceptible-exposed-infected-recovered (SEIR), or modified SEIR, epidemictheoretical framework [18–21] into the dynamic analysis to further explore the incidence, control strategies,
and tracing factors of the COVID-19 disease. Moreover, notable works include Arenas et al. [22] for their
presentation of a spatiotemporal COVID-19 epidemic model, Teles et al. [23] for their representation of the
evolution of COVID-19 in Portugal using an adaptive SIR model, Chen et al. [24], for their study of the
time-dependent SIR mode, Xia et al. [25] for their study of the epidemic SEIR model in the Middle East
and South Korea, and Canabarro et al. [26] for their success in establishing an age-structure COVID-19
model in Brazil.
As an active vaccine or treatment drug for CODIV-19 is not expected to become available for months to
years, we must rely on commonly implemented control measures, such as isolation and quarantine policy.
The term isolation has come to specify a period of separation in which human contact is minimal, and those
under treatment, or self-isolation as carriers of the disease, refrain from spreading the infection to others.
Conversely, quarantine can be defined as an enforced restriction of movement and physical separation of
an individual who may have been exposed to a contagious disease. Previously, several mathematical
epidemic models of the outbreak were used to evaluate the impact of isolation and quarantine on the spread
of infectious diseases [27–29]. Recently, Alam et al. [30] extensively investigated the epidemic vaccination
game model alongside isolation and quarantine policies in repeated seasons. Aside from the quarantineisolation based all-purpose epidemic model, researchers focused on studying the theoretical epidemic model
to control and predicting the infections trends of the novel COVID-19 by introducing isolation, quarantine,
and treatment strategies [31, 32]. To identify quarantine and social-distancing schemes in developing
countries, Chowdhury et al. [16] used a SEQIR model to describe the spread of the novel coronavirus. As
cited above, quarantine policies can be a public-based control measure where the authorities enforce social
isolation, regardless of the intention of each individual. Isolation can be said to be an ultimate remedy that
depend on existing medical facilities/resources, such as testing-kits, ventilation, capacity, equipment, and
medical staff. To implement a realistic isolation-quarantine based epidemic model for COVID-19, in the
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present study, we presumed individual cooperation resistance against forced quarantine, as well as the
limitations of medical resources that were commonly observed in the current situation.
The current nCoV-19 disease outbreak marks the highest emergence in the 21st century, as it demonstrated
rapid global spread as a result of the prevalence of travel mobility [33, 34]. Traveling people can be
responsible for the introduction and spread of infection to new areas, whether travel occurs at international
levels through air or sea travel or at a more local level between different cities in the same county. Thus,
understanding and restricting the spread of contagious disease through border control measures, such as
airport screenings and travel restrictions, are pressing concerns when dealing with the risk of infection. To
assess intricate human mobility as a whole, referred to above as a metapopulation migration aspect [35–
40], we model the concept of the exportation- importation epidemic model, which can enumerate the
spreading of infectious diseases via travelers. To understand the spread of COVID-19 from China to other
countries, we chose Italy and the Republic of Korea (ROK) as the initially disease-free countries and China
as the source country. We highlight the connected dynamics between an origin country and a neighboring
country, although our general model presumes multi-neighboring countries. The two-body problem can
provide a foundation for a complex multi-body problem without the loss of substances. We used day-today COVID-19 incidence data for China, Italy, and ROK, starting from January 22, 2020, to statistically
estimate the parameter settings that correspond to our proposed export- importation SEIQJR epidemic
model. As expected, we found a significant correlation between the real reported data and the simulated
data of the global exportation- importation event for three countries. To make the analysis more profound
and trackable, we presume the normalized population (the total population is 1) by supposing a well-mixed
and infinitely large population described in previous works [41–43]. Motivated by the COVID-19 disease,
the present mathematical epidemic model is the first to envision complex exportation-importation traveling
dynamics by introducing quarantine and hospitalized-isolation control measures, which also explore the
ideas of public counter-compliant factor and healthcare resources.
In this study, our focus is on the two-body problem in the spread of COVID-19, which relates to the
interaction traffic between country A (epidemic origin) and country B (one of the neighboring countries).
The timing of mutual traffic closing-down influences how COVID-19 spreads in country B, which is
controlled by the parameter 𝐼0 . Moreover, we are concerned with whether the following aspects recognize
the influence of the epidemic dynamics occurring in each country, depending on the local condition of each
country: the number of people compliant with the government instructions on self-quarantine, how strongly
the government imposes the self-quarantine instruction, and how adequate the government is in detecting
infectious people who become isolated. Further, moving away from the real-word scenario, with China as
country A and either Italy or the ROK as country B, we are concerned with the sensitivity of the study per
the aforementioned focal point. In the sensitivity study below, we vary the focal parameters systematically
so that the results be presented in a series of two-dimensional (2D) heat-maps.
Model and Method
General export- importation epidemic spreading model
A modified exportation-importation SEIR epidemic model is suggested to present the impact of travel,
quarantine, hospitalized-isolation, medical resources, and public behavior toward government decisions, as
well as uncover the trends of COVID-19 in various countries. To model the SEIR epidemic dynamic, a
metapopulation for several groups (islands or countries), called subpopulations, was used. In each
subpopulation, the population is divided into six compartments: susceptible (𝑆𝑘 ), exposed (𝐸𝑘 ), quarantined
(𝑄𝑘 ), infected (𝐼𝑘 ), hospitalized-isolation (𝐽𝑘 ), and removed (𝑅𝑘 ), where k represents the number of
countries or subpopulation: 𝑘 = 1, 2, 3,…, n, and n is the maximum number of subpopulations (Figure 1).
The mean-field compartmental aspect is presumed to develop the theoretical system inside each
subpopulation for SEIQJR, in which traveling and mobility are only permitted for those who are susceptible
3

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 14 May 2020

doi:10.20944/preprints202005.0242.v1

or exposed. We begin with the so-called mean-field approximation method for 𝑛 − subpopulations that can
be inscribed as a set of non-linear dynamic equations:
𝑛

𝑆𝑘̇ = −𝛽𝑘 𝑆𝑘 (𝐼𝑘 + 𝑞𝑘 𝑄𝑘 ) − 𝑚𝑘 𝑆𝑘 + ∑ 𝑚𝑗 𝑆𝑗

(1.1)

𝑗≠𝑘
𝑛

𝐸̇𝑘 = 𝛽𝑘 𝑆𝑘 (𝐼𝑘 + 𝑞𝑘 𝑄𝑘 ) − 𝛼𝑘 𝐸𝑘 − 𝜇𝑘 𝐸𝑘 + ∑ 𝜇𝑗 𝐸𝑗

(1.2)

𝑗≠𝑘

𝐼𝑘̇ = 𝛼𝑘 (1 − 𝜂𝑘 )𝐸𝑘 − (𝛾𝑘 + 𝑟𝑘 + 𝑑𝑘 )𝐼𝑘

(1.3)

𝑄̇𝑘 = 𝛼𝑘 𝜂𝑘 𝐸𝑘 − 𝛿𝑘 𝑄𝑘

(1.4)

𝐽𝑘̇ = 𝑟𝑘 𝐼𝑘 − 𝑤𝑘 𝐽𝑘

(1.5)

𝑅̇𝑘 = 𝛿𝑘 𝑄𝑘 + 𝛾𝑘 𝐼𝑘 + 𝑑𝑘 𝐼𝑘 + 𝑤𝑘 𝐽𝑘

(1.6)

The model described above defines a set of population compartments in 𝑛 − subpopulations. A susceptible
individual can be exposed through active contact with an infected person and a quarantined person at the
contact rate 𝛽𝑘 . Further, we used 𝑞𝑘 ϵ[0,1] to define the public counter-compliant factor, and 0 (zero)
reflects all people of respective countries who are supportive of government instruction by self-isolating.
However, 1 implies the worst-case situation in which quarantine is nominal. Moreover, an exposed person
can be considered a suspected person, or a low-level virus carrier, as they may be otherwise healthy while
still harboring and transmitting the infection. The transition rate of exposed to infected individuals and
exposed to quarantined individuals are denoted by 𝛼𝑘 (1 − 𝜂𝑘 ) and 𝛼𝑘 𝜂𝑘 , respectively. Here, the proportion
of becoming quarantined is denoted by 𝜂𝑘 , which stipulates how many exposed individuals assumed the
quarantine policy declared by the government. The proportion of non-quarantined exposed individuals who
become infected is reflected as 1 − 𝜂𝑘 . Quarantined individuals stay home, in safe places, or are forcefully
removed from contact with those who were suspected and were not tested or treated. An infected person is
symptomatic and tested positive for the COVID-19 disease, whereas an isolated person is hospitalized and
denoted by 𝐽. Such a person is under medical-custody to restrict contact with those susceptible to the disease.
The testing rate, diagnostic rate, or transferring rate of infected individuals to receive hospitalized-isolation
is denoted by the isolation rate as 𝑟𝑘 , which relies on available medical resources, indicated by 𝐽0 . Finally,
a recovered individual is either coming from the natural recovery process (from 𝐼), quarantine (from 𝑄), or
hospitalized-isolation (from 𝐽 ). The recovery period for compartments infected, quarantined, and
hospitalized-isolation are symbolized by 1/𝛾𝑘 , 1/𝛿𝑘 , and 1/𝑤𝑘 , respectively, and the parameter 𝑑𝑘
indicates the COVID-19 death rate. The compartment R represents recovered or removed individuals. In
order to perform the exportation-importation epidemic model, we presumed a constant mobility rate 𝑚𝑘
from the susceptible (in country A) to susceptible (in country B) moving and the conditional 𝜇𝑘 from the
exposed (in country A) to exposed (in country B) traveling and vis-a-vis.
Basic reproduction number, 𝑅0 :
Based on the equations of our model (equations 1.1–1.6), we can determine the disease-free equilibrium
point as (𝑃𝑘 ; 0; 0; 0; 0), where the variables are organized in the same way as the equation in the system.
For each country, we supposed certain conditions: 𝑆𝑘 (0) = 𝑃𝑘 , 𝑚𝑘 ≅ 0, and 𝜇𝑘 ≅ 0, where 𝑃𝑘 implies the
total number of population in 𝑘 𝑡ℎ country (𝑘 = 1, 2, 3, … 𝑁. ).
The disease-free equilibrium leads to the following matrices 𝐹 and 𝑉:
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0 𝑃𝑘 𝛽𝑘
0
0
𝐹=[
0
0
0
0

𝑃𝑘 𝛽𝑘 𝑞𝑘
0
0
0

0
0
]
0
0

doi:10.20944/preprints202005.0242.v1

𝛼𝑘
0
−𝛼𝑘 (1 − 𝜂𝑘 ) 𝑟𝑘 + 𝛾𝑘 + 𝑑𝑘
𝑉=[
−𝛼𝑘 𝜂𝑘
0
0
−𝑟𝑘

0
0
𝛿𝑘
0

0
0
]
0
𝑤𝑘 + 𝑑𝑘
(2.1)

The invert of 𝑉 yields:

𝑉

−1

1
0
0
𝛼𝑘
(1 − 𝜂𝑘 )
1
0
𝑟𝑘 + 𝛾𝑘 + 𝑑𝑘
𝑟𝑘 + 𝛾𝑘 + 𝑑𝑘
=
𝜂𝑘
1
0
𝛿𝑘
𝛿𝑘
𝑟𝑘 (1 − 𝜂𝑘 )
𝑟𝑘
0
[(𝑟𝑘 + 𝛾𝑘 + 𝑑𝑘 )(𝑤𝑘 + 𝑑𝑘 ) (𝑟𝑘 + 𝛾𝑘 + 𝑑𝑘 )(𝑤𝑘 + 𝑑𝑘 )

0
0
0
𝑟𝑘
(𝑟𝑘 + 𝛾𝑘 + 𝑑𝑘 )(𝑤𝑘 + 𝑑𝑘 )]
(2.2)

The next-generation matrix is given by:

𝐹𝑉 −1

𝑃𝑘 𝛽𝑘 (1 − 𝜂𝑘 ) 𝑃𝑘 𝛽𝑘 𝑞𝑘 𝜂𝑘
+
𝑟𝑘 + 𝛾𝑘 + 𝑑𝑘
𝛿𝑘
=
0
0
[
0

𝑃𝑘 𝛽𝑘
𝑟𝑘 + 𝛾𝑘 + 𝑑𝑘
0
0
0

𝑃𝑘 𝛽𝑘 𝑞𝑘
𝛿𝑘
0
0
0

0
0
0
0]
(2.3)

Thus, the basic reproduction number 𝑅0 is the spectral radius 𝜌(𝐹𝑉 −1 ) as follows:
𝑅0𝑘 =

𝑃𝑘 𝛽𝑘 (((𝑟𝑘 + 𝛾𝑘 + 𝑑𝑘 )𝑞𝑘 − 𝛿𝑘 )𝜂𝑘 + 𝛿𝑘 )
(𝑟𝑘 + 𝛾𝑘 + 𝑑𝑘 )𝛿𝑘

; 𝑘 = 1,2,3, … , 𝑛.

(3)

The stability of the system can be concluded by the following theorem.
Theorem: (i) If 𝑅0𝑘 ≤ 1, the disease-free equilibrium is locally stable. (ii) If 𝑅0𝑘 > 1, the disease-free
equilibrium is unstable.
Two-body export- importation epidemic spreading model
To explore the proposed exportation-importation SEQIJR epidemic model for COVID-19, we consider the
two-body epidemic system: country A and country B (𝑛 = 2), defined by:
Country A:
𝑆1̇ = −𝛽1 𝑆1 (𝐼1 + 𝑞1 𝑄1 ) + 𝑞1 𝑆1 − 𝑞2 𝑆2

(4.1)

𝐸̇1 = 𝛽1 𝑆1 (𝐼1 + 𝑞1 𝑄1 ) − 𝛼1 𝐸1 + 𝜇1 𝐸1 − 𝜇2 𝐸2

(4.2)
5
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𝐼1̇ = 𝛼1 (1 − 𝜂1 )𝐸1 − (𝛾1 + 𝑟1 + 𝑑1 )𝐼1

(4.3)

𝑄̇1 = 𝛼1 𝜂1 𝐸1 − 𝛿1 𝑄1

(4.4)

𝐽1̇ = 𝑟1 𝐼1 − 𝑤1 𝐽1

(4.5)

𝑅̇1 = 𝛿1 𝑄1 + 𝛾1 𝐼1 + 𝑑1 𝐼1 + 𝑤1 𝐽1

(4.6)

Country B:
𝑆2̇ = −𝛽2 𝑆2 (𝐼2 + 𝑞2 𝑄2 ) − 𝑚1 𝑆1 + 𝑚2 𝑆2

(5.1)

𝐸̇2 = 𝛽2 𝑆2 (𝐼2 + 𝑞2 𝑄2 ) − 𝛼2 𝐸2 − 𝜇1 𝐸1 + 𝜇2 𝐸2

(5.2)

𝐼2̇ = 𝛼2 (1 − 𝜂2 )𝐸2 − (𝛾2 + 𝑟2 + 𝑑2 )𝐼2

(5.3)

𝑄̇2 = 𝛼2 𝜂2 𝐸2 − 𝛿2 𝑄2

(5.4)

𝐽2̇ = 𝑟2 𝐼2 − 𝑤2 𝐽2

(5.5)

𝑅̇2 = 𝛿2 𝑄2 + 𝛾2 𝐼2 + 𝑑2 𝐼2 + 𝑤2 𝐽2

(5.6)

The first sub-model, country A, applies to those that live in the epidemic originating county, whereas the
second sub-model, country B, indicates individuals that live in an initially disease-free country. Meanwhile,
the term importation refers to a traveler who lives in a disease-free country and then visited an endemic
country, only to return carrying the infection and potentially introducing the disease to their disease-free
country. The term exportation indicates the situation where individuals residing in an epidemic country
travel to a disease-free country, where they could also introduce the infection in the visited disease-free
country. In both scenarios, susceptible and exposed individuals are permitted to travel randomly from one
country to another. Moreover, the exposed individuals could be in a latent stage (asymptomic) and trigger
disease outbreaks in disease-free regions.
Mobility and isolation rate
In the current exportation-importation framework, we can classify two types of bidirectional mobility in
terms of moving individuals from susceptible (Country A/B) to susceptible (Country B/A) and exposed
(Country A/B) to exposed (Country B/A) state as 𝜇∗ (= 𝜇1 = 𝜇2 … = 𝜇𝑛 ) and 𝑚∗ (= 𝑚1 = 𝑚2 … … = 𝑚𝑛 ),
respectively. In the present study, we assume that the susceptible and exposed people who travel always
follow a binary decision aspect, defined as:
𝜇∗ = {

𝜇0
0

𝑚
𝑚∗ = { 0
0

𝑖𝑓 𝐼1 (𝑡) < 𝐼0
𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
𝑖𝑓 𝐼1 (𝑡) < 𝐼0
𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

(6.1)
(6.2)

Here, the mobility rate (𝜇∗ , 𝑚∗) satisfies the inequality 𝐼1 (𝑡) < 𝐼0 , indicating that the individual cannot be
allowed to travel (due to mobility restrictions) if the number of infected cases remaining in the country of
origin reached or overflowed at certain threshold values, 𝐼0 .
To evaluate the clinical demand and hospital capacity against epidemic spreading, we presume the
conditional isolation rate 𝑟𝑘 , defined as:
6
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𝑟0 𝑖𝑓 𝐽𝑘 (𝑡) < 𝐽0
0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

(7)

where 𝑟0 is the constant transmission rate that the infected individuals, who were confirmed to be highly
infected, become isolated or hospitalized, depending on hospital capacity, which is denoted by 𝐽0 . Therefore,
𝐽𝑘 (𝑡) < 𝐽0 . However, if the hospitals are overcrowded, some of those individuals would be temporarily
delayed from entering the hospital due to a lack of vacancies (𝐽0 = 0).
Parameter estimation and prediction
In order to estimate the parameter setting, to perform the fitting, we use the daily original COVID-19
positive case data for China, Italy, and the ROK from January 22, 2020, to March 31, 2020 [9]. A linear
regression polynomial fit technique is used to evaluate the parameter values. This parameter identification
process premises that each of the focal countries is stand-alone, meaning 𝜇0 = 𝑚0 = 0. Mobility lesssignificantly influences the identification of the global model parameters for each country as long as an
appropriate initial infectious number is assumed. Figure 2 displays the comparison between the reported
cases with the numerically simulated results for China (panel A), the ROK (panel B), and Italy (panel C).
The estimated parameter values for the three countries are presented in Table 1. Here, 𝑃𝑘 denotes the total
population in each country. The linear regression analysis suggests that our model fit well compared with
the reported cases with adjusted 𝑅 2 values for China (𝑅 2 = 0.3470), Italy (𝑅 2 = 0.9594), and the ROK
(𝑅 2 = 0.8749) (see Appendix). Thus, we demonstrate approximately 34%, 96%, and 87% accuracy to
track the original confirmed COVID-19 cases for China, Italy, and ROK, respectively. However, due to a
jump observed in China’s data on the 20th day, the level of accuracy indicates unsatisfactory results.
Table 1: Estimated parameters for the SEIQJR epidemic model for China, Italy, and the Republic of
South Korea except for the total population.
Parameter
𝑷𝒌
𝜷𝒌
𝒒𝒌
𝜶𝒌
𝜼𝒌
𝜸𝒌
𝒓𝒌
𝜹𝒌
𝒘𝒌
𝒅𝒌

Description
Total population
Transmissibility rate
Public counter-compliant factor
Incubation rate to be infective
Forced quarantine rate
Recovery rate (natural)
Incubation rate to be isolation
Recovery rate after quarantine
Recovery rate after isolation
Death rate

China
1.2301 × 109
2.1231 × 10−9
1.0
1.0
0.5
0.1
0.02
0.01
0.02
0.07

Italy
3.0481 × 108
4.4271 × 10−8
0.9
0.28
0.25
0.45
0.02
0.1
0.02
0.38

ROK
4.1260 × 108
2.5113 × 10−8
0.9
0.81429
0.5
0.1
0.02
0.1
0.02
0.07

Normalized settings
In our export-importation SEIQJR epidemic model, the total population is divided into two subpopulations,
country A and country B. If the total human population for country A and B are 𝑃1 and 𝑃2 , respectively,
and remain constant, then we presume that the total population of the epidemic system is 𝑃1 + 𝑃2 = 1, and
the rate change of total human populations is zero. The normalized system of the dynamical model is
obtained from equations (4 & 5) by dividing the total population 𝑃1 + 𝑃2 , where 𝑆1 (𝑡) + 𝐸1 (𝑡) + 𝐼1 (𝑡) +
𝑄1 (𝑡) + 𝐽1 (𝑡)+ 𝑅1 (𝑡) = 𝑃1 and 𝑆2 (𝑡) + 𝐸2 (𝑡) + 𝐼2 (𝑡) + 𝑄2 (𝑡) + 𝐽2 (𝑡)+ 𝑅2 (𝑡) = 𝑃2 . Using all the
assumptions, including a basic reproduction number formulated in equation (3) and Table 1, we estimated
the set of values for infinite and normalized dynamical systems, as summarized in Table 2.
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Table 2: Parameters of the normalized epidemic dynamics and their estimations for country A and
country B.
Parameter
𝑷𝒌
𝜷𝒌
𝒒𝒌
𝜶𝒌
𝜼𝒌
𝜸𝒌
𝒓𝒌
𝜹𝒌
𝒘𝒌
𝒅𝒌

Description
Total population
Transmissibility rate
Public counter-compliant factor
Incubation rate to be infective
Forced quarantine rate
Recovery rate (natural)
Incubation rate to be isolation
Recovery rate after quarantine
Recovery rate after isolation
Death rate

Country A (China)
0.6
2.612
1.0 (Varied)
1.0
0.5 (Varied)
0.1
0.02 (Varied)
0.01
0.02
0.07

Country B (Italy)
0.4
3.39
0.9 (Varied)
0.28
0.25 (Varied)
0.45
0.02 (Varied)
0.1
0.02
0.38

Numerical procedure
To numerically solve the impact of the implemented model stated in equations (4–7), we used the explicit
finite difference method. Initially, we assumed the initial conditions for all simulations as 𝑆1 (0) = 𝑃1 =
0.6, 𝐸1 (0) = ≅ 0(0.00001), 𝐼1 (0) ≅ 0(0.00001), 𝑄1 (0) = 0, 𝐽1 (0) = 0, and 𝑅1 (0) = 0 for country A
and 𝑆2 (0) = 𝑃2 = 0.4, 𝐸2 (0) = 0, 𝐼2 (0) = 0, 𝑄2 (0) = 0, 𝐽2 (0) = 0, and 𝑅2 (0) = 0 for country B. The
parameters used are taken from Table 2, which defined as a default where setting countries A and B are
reflected for the estimated parameters coming from evaluated values for China and Italy (Table 1). We
know the [9] actual population fractions of China and Italy are not 0.6 and 0.4. The following exploration
presumes that for two hypothetical countries (country A and country B), our focus is to quantify the
sensitivity per the following parameters. Although we do not show detail, we confirmed that the population
fraction does not exhibit significant sensitivity to the results obtained below. Unlike the fixed constant
parameters, throughout our numerical experiments, we presumed the public counter-compliant factor (𝑞𝑘 ),
force quarantine rate (𝜂𝑘 ) , and incubation rate to be hospitalized-isolation (𝑟𝑘 ) as the controlling
parameters. Also, in the present study, we presumed the mobility rate as 𝜇0 = 𝑚0 = 0.00001.
Results and discussion
Time series analysis
To explore the impact of government enforcement, disease prevalence, public perception, and healthcare
facilities on the epidemic dynamics of COVID-19, we used an exportation-importation SEIQJR
compartmental model and performed a time series simulation according to three key parameters: forced
quarantine rate (panel A), 𝜂, public counter-compliant factor (panel B), 𝑞, and incubation rate to be isolated
or isolation rate (panel C), 𝑟, as seen in Figure 3. The baseline system values, defined as the default, for
each of the parameters are taken from Table 2. While constructing the plots, we took 𝜂2 = 0.25 (default),
𝜂2 = 0.1, 𝜂2 = 0.5, and 𝜂2 = 0.9 for panel A; 𝑞2 = 0.9 (default), 𝑞2 = 0.1, and 𝑞2 = 0.5 for panel B; and
𝑟2 = 0.02 (default), 𝑟2 = 0.1, and 𝑟2 = 0.5 for panel C. In addition, sub-panels (a), (b), and (c) indicate the
fraction of infected, quarantined, and hospitalized-isolation individuals, respectively. The set of graphs
offered in Figure 3 demonstrates the three principal findings: (i) the rate of change in quarantine, 𝜂,
inversely correlated with the fraction of the infected and hospitalized-isolation individuals, where
increasing the values of 𝜂2 reduces the number of infected as well as hospitalized individuals. Contrarily,
the fraction of the quarantined population shows a positive association with 𝜂2 , which is natural. In general,
a higher rate of quarantine impending from the governmental declaration or decree boosts the fraction of
the quarantined population, which helps to reduce the disease spreading together with hospitalized-isolation.
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(ii) A similar tendency exists between the rate of public counter-compliancy and infection prevalence
observed that is among lower 𝑞2 values, where infected densities are less. This phenomenon can be
explained by the fact that people disobeyed orders to stay home and to avoid dense places for higher values
of 𝑞2. (iii) Finally, we found that the rate of change in incubation to hospitalized-isolation inversely linked
with the fraction of infected and hospitalized-isolation densities. Indeed, the isolation rate, 𝑟2 , depends on
the available resources or facilities of the healthcare system. Therefore, depending upon the parameter 𝑟2 ,
healthcare resources would be interesting to investigate. Taken together, these outcomes strongly suggest
an interaction between the disease’s prevalence and the impact of the controlling parameters of the
normalized COVID-19 epidemic model.
Phase portrayed
To focus on the 2D phase diagrams, Figure 4 displays several phase portraits presenting the cumulative
fraction of infected individuals in an epidemic season for (A) a default case (using Table 2), (B) the varying
isolation acquired rate for country A, 𝑟1 (= 0.3 & 0.8), and (C) the varying isolation acquired rate for
country B, 𝑟2 (= 0.3 & 0.8) in a steady-state position within the (𝜂, 𝑞) − parameter plane, i.e., 0 ≤ 𝜂1 =
𝜂2 = 𝜂 ≤ 1,0 ≤ 𝑞1 = 𝑞2 = 𝑞 ≤ 1 . Accordingly, sub-panels (a/a-*), (b/b-*), and (c/c-*), respectively,
specify the full-scale phase portrayed by country A, country B, and the total of A + B deliberated under the
varying parameters of 𝑟1 (panel B) and 𝑟2 (panel BC). Notably, all the presented phases portrayed the
disease-free equilibrium for the zone colored in deep blue.
Figure 4(A) defined, as the default case elucidates, what occurs in both countries if we allow exposed
mobility of those that are infected from country A (China) to country B (Italy) and the government-initiated
quarantine practice to forcefully control the disease pandemic. First, we see that a higher 𝜂 value reduces
the number of infectious individuals, as it leads an individual to follow the quarantine policy to avoid
disease transmission (white-dotted box in sub-panel (a) and (b)). Interestingly, country A (sub-panel (a))
displays no-sensitivity along 𝑞. This is due to the contribution from hospitalized-isolation controlled by 𝑟1
being low, which keeps many people stay at the infected compartment (I); if a large number of incoming
flux to infected is imposed (depending on 𝜂). Thus, relatively speaking, the sensitivity from 𝑞 inevitably
becomes smaller than that from 𝜂. As 𝜂 directly controls the number of infected individuals, q is only able
to indirectly control infected individuals. However, country B (sub-pane (b)) is unlike country A,
demonstrating sensitivity to both directions. However, a 𝑞 that is too high does not change color along 𝑞.
Observing country B closely, we note that the condition with higher quarantine rates and less public
counter-compliant factors function well and help to significantly to reduce the spread of the disease (whitedotted box and half-oval). This implies that if people are aware and cooperative in adhering to quarantine
policy, a tendency towards reducing the spread of the disease is observed in the infected fraction of
individuals (country B). Subsequently, observing the fraction of the total of A + B (infected individuals of
country A+ country B) in sub-panel (c) shows a similar effect.
Then, we observed how the incubation rates to be isolated for country A, 𝑟1 (Figure 4(B)) and country B,
𝑟2 (Figure 4(C)) affect epidemic spreading and how that rate influences the (𝜂, 𝑞) − phase space. These
two crucially important parameters were introduced here to show the impact of the hospitalized-isolation
compartment to reduce infectious disease. The lower isolation rate (𝑟1 and 𝑟2 ) signifies limited healthcare
resources in the respective countries. As a whole, by comparing Figure 4(a) and 4(b), it can be observed
that the default and Figure 4(b) present similar outcomes in which 𝑟1 exhibits less impact. Conversely, a
different propensity was found for Figure 4(c), when compared with the previous two cases, ensuring that
𝑟2 exhibits substantial impact. A reduction in the incidence of infection in country B is observed for a higher
isolation rate, 𝑟2 . The phase diagram can be analyzed by the varying isolation rate. First, if we presume
𝑟1 = 0.3 (*-i) and 𝑟1 = 0.8 (*-ii), as can be seen from Figure 4(B), increasing the 𝑟1 caused the disease to
lessen in country A only for lower values of 𝑞 (yellow-dotted region). Nevertheless, country B in Figure
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4(B) shows non-sensitivity along 𝑟1 . Yet, when the isolation rate, 𝑟2 , is reasonably high, the fraction of
infected individuals in country B presents an interesting phenomenon (white-dotted region) that requires
further exploration (Figure 4(C)). If the acquired isolation rate 𝑟2 is large, the parameter 𝜂2 is futile. This is
theoretically possible, as a higher isolation rate absorbs more isolated people from the infected state, where
an individual undergoing hospitalized-isolation reduces further spread. Thus, it appears that a higher
isolation rate at the inferior quarantine rate demonstrated lower infected individuals, which, in turn, reduced
the risk of the incidence of infection.
Travel restriction
The necessity of modeling an importation-exportation epidemic framework can be understood from the
phase diagram for infected individuals in Figure 5. For this purpose, we present line diagrams for infected
densities over time in panel A and total infected individuals in an epidemic season (at equilibrium) as a 2D
heat-map along with (𝜂, 𝑞) − phase space in panel B. Here, the sub-panel (a) presents the portion of infected
individuals living in country A, which is entirely independent of 𝐼0. Sub-panels (b)–(d) show the infected
individuals staying in country B for 𝐼0 = 0.0, 0.0001, and 0.1, respectively. If no traffic between two
countries occurs, the neighboring country (country B) has fully shut out infectious disease from the country
of origin. Notably, the none zero 𝐼0 at some point incurs a breakout (sub-panel (a)) despite some time-delay
being possible. Our results illustrate that travel restrictions cannot be anticipated to control the global
expansion of COVID-19 but may delay the rate of infection if adopted during the initial stages of the
epidemic spreading (panel A, Figure 5). In the analysis of the phase diagram presented in panel B, we can
realize from sub-panel (b) that the fraction of infected individuals in country B presents a completely
disease-free equilibrium for 𝐼0 = 0.0. However, with respect to sub-panels (c) and (d), we can confirm that
introducing even small amounts of 𝐼0 values (0.0001 & 0.1) leads to a pandemic situation in country B.
Correspondingly, panel B directly supports the results depicted in panel A. Thus, unless functioning ideally,
travel restrictions with a non-zero threshold are ineffective in suppressing an outbreak. However, it may
still bring some time delay to an emerging outbreak. The more the threshold for the restriction is introduced,
the more time an emerging outbreak can be observed, which can be useful in preparation for an epidemic.
Healthcare resources
Here, we assess the impact of the availability of medical resources to reduce the transmission of COVID19. In this sense, let us remark that the threshold value of 𝐽0 allows us to change the level of isolation rate
(see equation 7) while considering epidemic spreading shown in Figure 6. Panel A represents the line graph
of (a) infected individuals and (b) isolated individuals for 𝐽0 = 0.0, 0.001, 0.01, 0.05, 0.1, and 0.5. In
addition, panel B indicates the 2D phase diagram along (𝜂, 𝑞) −space for (i) 𝐽0 = 0.0, (ii) 𝐽0 = 0.01, and
𝐽0 = 0.1. Throughout, we can see from Figure 6 (panels A and B) that the fraction of infected individuals
decreased as the threshold values of 𝐽0 increased. This refers to a well-organized and highly facilitated
healthcare system implemented by health authorities being crucial in controlling infectious disease.
Surprisingly, through close observation of panel B in Figure 6, in the case of a lower 𝜂 and a lower 𝑞, a
disease-free equilibrium is detected (dotted area). This can be explained as follows. If the medical resources
denoted by 𝐽0 become affluent (reaching infinity as an extreme though unrealistic), i.e., 𝐽0 = 0.1, the
parameter 𝜂 is counterproductive. This means that quarantine becomes meaningless. It would be
conceivable, as sufficiently large medical resources can easily absorb a large number of infected individuals
to place in hospitalized-isolation, which is the best approach for suppressing disease transmission in the
local community, as patients are not allowed to demonstrate contact with those susceptible to the disease.
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Conclusion
Motivated by the ongoing COVID-19 outbreak, we propose the export-importation SEIQJR epidemic
model to analyze the impact of quarantine and hospitalized-isolation strategies on the control and preclusion
of contagious diseases. Model research and numerical simulations were carried out, considering human
mobility effects along with several parameters, such as travel restrictions, medical resources, and public
counter-compliancy. We applied the epidemic model to the validation and projection of the propagation of
COVID-19 in China, Italy, and the ROK. Through mathematical analysis, we found that the system exhibits
two equilibrium points: disease-free for 𝑅0 < 1 and an epidemic state for 𝑅0 > 1, where 𝑅0 is the basic
reproduction number. Aside from the two-body system, the most important contribution is that our model
can easily be extended to a general 𝑛 −subpopulations model for other countries.
The present work that utilized natural infectious cases, statistical analysis, theoretical analysis, normalized
numerical examination, and the risk of disease importation-exportation to systematically explore the aspects
of the COVID-19 epidemic incidence beyond what was previously reported. We observed an established
quarantine and hospitalized-isolation policy introduced by the government to be crucial to reducing the
spread of the disease when active vaccines or proper treatment is unavailable. Additionally, we found that
if the medical resources are severely limited, possible active-provisions to control epidemic transmission
are to either quarantine or people’s compliance. Also, we observed that although travel restrictions are
useful in the early stage of the outbreak when it is still somewhat confined, its benefit may be less effective
once the transmission is more widespread. Lastly, we expect that this study will bring attention to the
adoption of further controlling strategies by policymakers and constituents.
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Figure 1. Schematic diagram of (A) the SEIQJR epidemic model and (B) the exportation- importation
mechanism.
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Figure 2. Comparison of the results for each country (A) China, (B) Italy, and (C) the Republic of Korea
(ROK) of the SEIQJR epidemic model. The line colored with red corresponds to simulated data, and blue
indicates real cases reported [9].
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Figure 3. The time sequences of the (a) infected, (b) quarantined, and (c) hospitalized-isolation
individuals. Here, panels A, B, and C show the time series of varying parameters 𝜂, 𝑞, and 𝑟, respectively.
Other parameter settings are described in Table 2 (the default case). Other values are as follows: 𝐼0 =
0.02, and 𝐽0 is infinitely large.
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Figure 4 (A). Two-dimensional phase diagram of the infected individuals defined as the “default case”
along with the quarantine acquired rate, 𝜂1 = 𝜂2 = 𝜂, and the public counter-compliant factor, 𝑞1 =
𝑞2 = 𝑞. Here, (a), (b), and (c) present the infected incidence of country A, country B, and the total of (A
+ B), respectively. Table 2 is used to build the phase portrayed per the parameter settings with the
exclusion of 𝜂1 (𝜂2 ) and 𝑞1 (𝑞2 ). Other values are as follows: 𝐼0 = 0.02, and 𝐽0 is infinitely large.
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Figure 4 (B). Two-dimensional phase diagram of infected individuals for parameter space 𝑟1 = 0.3
and 𝑟1 = 0.8 along the quarantine acquired rate, 𝜂1 = 𝜂2 = 𝜂 , and the public counter-compliant
factor, 𝑞1 = 𝑞2 = 𝑞. Here, (a), (b), and (c) present the infected incidence of country A, country B, and
the total of (A + B), respectively. Table 2 is used to build the phase portrayed per the parameter settings
with the exclusion of 𝜂1 (𝜂2 ) and 𝑞1 (𝑞2 ). Other values are as follows: 𝐼0 = 0.02, and 𝐽0 is infinitely
large.
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Figure 4 (C). Two-dimensional phase diagram of infected individuals for parameter space 𝑟2 = 0.3
and 𝑟2 = 0.8 along the quarantine acquired rate, 𝜂1 = 𝜂2 = 𝜂 , and the public counter-compliant
factor, 𝑞1 = 𝑞2 = 𝑞. Here, (a), (b), and (c) present the infected incidence of country A, country B, and
the total of (A + B), respectively. Table 2 is used to build the phase portrayed per the parameter settings
with the exclusion of 𝜂1 (𝜂2 ) and 𝑞1 (𝑞2 ). Other values are as follows: 𝐼0 = 0.02, and 𝐽0 is infinitely
large.
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(𝒂)

(𝒄)

𝑪𝒐𝒖𝒏𝒕𝒓𝒚 𝑩 (𝐼0 = 0.0001)

𝑪𝒐𝒖𝒏𝒕𝒓𝒚 𝑨

(𝒃)

(𝒅)

Panel A
𝑪𝒐𝒖𝒏𝒕𝒓𝒚 𝑩 (𝐼0 = 0.0)

𝑪𝒐𝒖𝒏𝒕𝒓𝒚 𝑩 (𝐼0 = 0.1)

Panel B
Figure 5. Panel A consists of graphs indicating infected individuals over time where the variation of
critical infected densities are 𝐼0 = 0, 0.0001, 0.001, 0.02, and 0.1. Panel B indicates the phase diagram
of infected individuals for (a) country A (default), (b) country B with 𝐼0 = 0.0, (c) country B with 𝐼0 =
0.0001, and (d) country B with 𝐼0 = 0.1 along 𝜂 and 𝑞. All parameters are chosen from Table 2, and 𝐽0
is infinitely large.

18

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 14 May 2020

(𝒂)

doi:10.20944/preprints202005.0242.v1

(𝒃)

Panel A

(i)

(ii)

(iii)

Country B

𝑱𝟎 = 𝟎. 𝟎

𝑱𝟎 = 𝟎. 𝟎𝟏

𝑱𝟎 = 𝟎. 𝟏

Panel B
Figure 6. Panel A consists of line graphs indicating (a) infected and (b) isolated individuals over time
where the variation of critical 𝐽0 are 0.0, 0.001, 0.01, 0.05, 0.1, and 0.5. Panel B presents the phase
diagrams of infected individuals for country B with (i) 𝐽0 = 0.0, (ii) 𝐽0 = 0.01, and (iii) 𝐽0 = 0.1 along
𝜂 and 𝑞. Rather, all parameters are chosen from Table 2, and 𝐼0 = 0.02.

19

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 14 May 2020

doi:10.20944/preprints202005.0242.v1

Appendix

Fitting of parameters for China
Model: 524.96 + 1.3991535 × 𝑣 − 0.24155837 × 10−4 − 4 × 𝑣 2
Table A1. Table of fitted parameters for China
Estimate
Standard error
Parameter 1
524.9571
568.7250
Parameter 2
1.3992
0.4389
Parameter 3
0.0000
0.0000
Here, 𝑅 2 = 0.3470 and adjusted 𝑅 2 = 0.3252

t-statistic
0.9230
3.1881
− 0.6686

p-value
0.3597
0.0023
0.5063

Fitting of parameters for Italy
Model: −75.941 + .71518307 × 𝑣 − .67329540 × 10−4 − 4 × 𝑣 2
Table A2. Table of fitted parameters for China
Estimate
Standard error
Parameter 1
−75.9411
66.8979
Parameter 2
0.7152
0.1043
Parameter 3
0.0001
0.0000
2
2
Here, 𝑅 = 0.9594 and adjusted 𝑅 = 0.9580

t-statistic
−1.1352
6.8601
3.4648

p-value
0.2608
0.0000
0.0010

Fitting of parameters for the Republic of Korea (ROK)
Model: −11.744 + 1.5036764 × 𝑣. 53895667 × 10−3 − 3 × 𝑣 2
Table A3. Table of fitted parameters for the ROK
Estimate
Standard error
Parameter 1
−11.7445
16.3013
Parameter 2
1.5037
0.1734
Parameter 3
−0.0005
0.0002
Here, 𝑅 2 = 0.8749 and adjusted 𝑅 2 = 0.8708

t-statistic
−0.7205
8.6740
−2.1972

p-value
0.4740
0.0000
0.0319
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