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Abstract: For viruses that can be transmitted by contacts of people, efficiently screening infected
individuals is beneficial for controlling outbreaks rapidly and avoiding widespread diffusion, espe-
cially during the early stage of a pandemic. The process of virus transmission can be described as
virus diffusion in complex networks such as trajectory networks. We propose a strategy formulation
framework (SFF) for generating various screening strategies to identify influential nodes in networks.
We propose two types of metrics to measure the nodes’ influence and three types of screening modes.
Then, we can obtain six combinations, i.e., six strategies. To verify the efficiencies of the strategies,
we build a scenario model based on the multi-agent modelling. In this model, people can move
according to their self-decisions, and a virtual trajectory network is generated by their contacts.
We found that (1) screening people will have a better performance based on their contact paths if
there is no confirmed case yet, and (2) if the first confirmed case has been discovered, it is better to
screen people sequentially by their influences. The proposed SFF and strategies can provide support
for decision makers, and the proposed scenario model can be applied to simulate and forecast the
virus-diffusion process.

Keywords: viral pandemic; screening strategy; scenario model; public health

1. Introduction

During the early stage of a pandemic, a new virus could be spreading quickly because
of unprecedented events, limited knowledge of the virus, the lack of a vaccine or specific
medicine, and limited resources [1]. In a situation with limited knowledge of a virus,
discovering all infected cases in a timely and rapid manner during the early stage of a
pandemic is the safest measure for protecting individuals. It can minimize potential risks,
such as containing outbreaks and reducing the peak pandemic size so that health care
systems do not become overwhelmed [2–4], and buy time for research on viral vaccines.
Normally, some nonpharmacological interventions are adopted to prevent disease diffusion
during the early stage of the pandemic. For example, China implemented the principle of
early detection, early reporting, early isolation, and early treatment to control COVID-19
and achieved some excellent results. Early detection is the key component for guiding
the efficient prevention and control of an epidemic. The basic rules of nonpharmacolog-
ical interventions primarily consist of three aspects: (1) removing virus sources, such as
quarantining an infected person; (2) interrupting diffusion channels, such as maintaining
social distance; and (3) protecting uninfected people, such as through home quarantine [5].
Identifying infected persons as quickly as possible is key to removing virus sources and
further reducing the spread of the virus.

Screening people based on a detection rule is a general measure for identifying infected
people. China’s nonpharmacological interventions for controlling COVID-19 during the
early stage have shown that screening can efficiently support pandemic control efforts [2,6].
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Some researchers have also illustrated the beneficial effects of screening measures, such as
routine and early testing [7]. Screening is especially efficient for identifying asymptomatic
persons who are infected. Research shows that 15% to 81% of cases of COVID-19 come
from pre-symptomatic transmission [8]. Many cases cannot be detected by symptom-based
testing due to the incubation period [9]. These infected persons will not go to the hospital
or perform self-tests at home for diagnosis because they are unaware of their exposure to
the disease.

Some screening strategies are adopted to identify infected cases early and have proven
efficient, but they are considered conditional, slow-paced, and costly in specific scenarios.
For example, paying more attention to high-risk people is a general screening strategy in
the fight against COVID-19, such as health care workers [10], travelers [11], workers in
airports or public areas, taxi drivers, and obstetric patients [12]. In China, the first infected
person among 62.5% of COVID-19-diffusion emergencies from 2019 to April 2022 was
discovered by proactive screening based on our rough estimation. The precondition of this
type of proactive screening strategy is that the risks of this virus are clear; otherwise, some
infected individuals may not be detected in a timely manner because of unknown risks.
Thus, this strategy relies on knowledge of the virus. In addition, close contact tracing is
also a screening strategy, and it has been shown to be efficient in many countries. However,
close contact tracing requires the commitment of time and manpower. The accuracy and
time span of traced histories for infected people are limited. Some scholars have indicated
that close contact tracing is limited because only the contacts from a 2-day period before
the onset of symptoms in the confirmed index case could be traced in most countries [13].
Some scholars believe that the contact tracing period should be extended to two weeks [8].
Moreover, generally, only the clustered family, travel or residence history, and contacts
with infected persons are primary factors considered during close contact tracing [14].
Because of these features of close contact tracing, the efficiency of this approach is reduced
when the infectivity of the virus is higher. In addition, mass screening has attracted the
attention of many scholars. Random weekly mass testing was indicated to be effective in
reducing the total number of infected people compared to no mass testing [15]. However,
many papers have revealed that mass screening lacks sustainability, and they have stressed
economy [5,16]. These measures are unlikely to be achievable in most countries around the
world. The best strategy must be to detect the maximum number of asymptomatic cases
early at minimal cost.

Although current screening strategies have worked, their weaknesses are apparent.
Some authors expected 10–15% of cases to generate at least one unidentified secondary case
that would need to be detected by other means [13]. Big data applications can efficiently
close a gap in current screening strategies and can win time and manpower. Over the
course of fighting COVID-19 in recent times, individuals with space–time intersections
have been screened based on trajectory data. These persons refer to those who have in-
tersections in space and time with infected persons during a specific time period. This
strategy can efficiently support pandemic control work, and it also supports the significance
and necessity of individual trajectory data. Many countries and regions have used peo-
ple’s social interactions in movement tracking and potential infection screenings [17–22].
However, this strategy is another type of close contact tracing method, and it also de-
pends on the appearance of symptoms in the confirmed index case. The difference is that
the application of trajectory data improves the screening rate and efficiency of detecting
asymptomatic persons.

To improve the screening efficiency, the features of network structures and dynamic
transmissions can be used to develop efficient screening strategies. In this paper, we propose
a strategy formulation framework (SFF) for developing efficient screening strategies based
on trajectory networks. The essential idea behind the SFF is to identify the influential nodes
in networks and utilize the influences of these nodes to find more infected individuals.
SFF includes (1) rules for identifying influential persons according to network structures
and dynamic diffusion features, (2) rules for setting screening priorities, and (3) rules for
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setting screening numbers. Based on the SFF, we propose two types of metrics to measure
the influences of nodes and three types of screening modes to find more infected persons
based on influential nodes. Then, we obtain six combinations based on the two metrics and
three screening modes. That is, we propose six screening strategies according to SFF.

Moreover, to analyze evolutionary scenarios using different screening strategies, sce-
nario simulation is adopted. Some scholars have developed and calibrated agent-based
simulations to model COVID-19 outbreaks [23–25], and some studies have presented deci-
sion analysis tools to support policy makers by simulating different measure application
scenarios [26]. To examine the efficiencies of the proposed strategies, we build a scenario
model based on multi-agent modelling. According to the multi-agent modelling, the be-
havior state chart of persons needs to be designed, and we design three types of behavior
state charts for simulating the normal life, information spreading, and virus diffusion of
persons. According to behavior state charts, people have self-decisions, and they will
move according to their decisions. A connection is generated if the distance between two
persons is within the range of the infectious distance. That is, a virtual trajectory network
is generated according to the contacts of people. This virtual trajectory network is used to
calculate the influences of people.

To improve the reliability of our scenario model, most parameters are designed as
interval values, and we use the Monte Carlo method to conduct our experiments to reduce
the impact of randomness. We create two types of scenarios to examine our strategies,
i.e., starting to screen when there is no confirmed case emergence yet and starting to screen
after the first confirmed case has been discovered. The performances of the strategies in
different scenarios are different although they all perform better than the scenario without
any screening. The experimental results indicated that (1) when there is no confirmed case
emerging yet, the persons who have more newly added contacts should have more attention
(such as influential persons with the NCi metric; more details can be seen in Section 2.2),
and screening persons according to their contact paths will have better performances.
(2) When the first confirmed case has been discovered, the persons who have more contacts
should be concerned with priorities (such as the influential persons with Mi metric; more
details can be seen in Section 2.2), and the sequential screening mode is more suitable to be
used in this scenario. Further details are provided in the following sections.

2. Materials and Methods
2.1. Proposed Strategy Formulation Framework (SFF)

As shown in Figure 1, during a screening period, three questions need to be solved in
a screening strategy: (1) Who will be screened based on which priorities? (2) How many
people need to be screened? (3) How is the efficiency of a screening strategy evaluated?

2.1.1. The First Question: Who Will Be Screened Based on Which Priorities?

The first step is to determine who is influential in virus diffusion. Individual people’s
contacts spread the virus, while people’s activities generate new contacts [27,28]. People’s
trajectory data present their activities and can be used to create a contact network [29,30].
In this network, nodes represent persons, and edges represent their contacts [31]. Because
people’s activities are dynamic, this contact network is dynamic as well. Theoretically, a
person with more contacts has a greater possibility of being infected or infecting others, and
this person is influential in a crowd. Equivalently, there are influential nodes in a contact
network [31]. Stronger influences increase the likelihood of virus diffusion. As a result,
influential persons should be given more consideration when selecting screening objects.
In addition, the structure and dynamic diffusion features of contact networks both affect
people’s influences. Then, the second step is to define screening priorities according to the
individual infection risk and diffusion influence. The former refers to the risk of a person
becoming infected, and the latter refers to infected persons’ influence on others, such as the
cluster influence (a local influence in a network) or the multiple order influence (a global
influence in a network).
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2.1.2. The Second Question: How Many People Need to Be Screened?

The first step is to define the base screening value. Normally, the larger the screening
number, the greater the chance of detecting infected cases, and the more helpful it will
be in controlling the outbreak [32]. However, the limited resources available during the
early stage of a pandemic restrict the number of people who can be screened. Sensibly,
the screening number is associated with the number of newly confirmed people and the
average number of infections by an infected person. More screenings are required to
control the pandemic if the number of newly confirmed persons or the average number
of infections by an infected person is higher. Moreover, the number of infected persons
who have been screened during the previous period also has an impact on the screening
number for the current period. Then, the screening number can be determined by (1) the
number of newly confirmed persons, (2) the average number of infections by an infected
person, and (3) the screened number of infected persons in the previous period.

The second step is to consider the floating value. The detected number of screening
strategies and the number of newly confirmed cases are key reference indicators.

2.1.3. The Third Question: How Is the Efficiency of a Screening Strategy Evaluated?

The scenario we are discussing in this paper is the pandemic scenario during the
early stage, when people know very little about the virus. From the safest perspective,
discovering all infected cases rapidly and in a timely manner is the best outcome. Of
course, reducing the pressure of providing medical treatments or reducing the peak value
of infected cases are also feasible approaches [33]; however, during the early stage, the
evolution and cognition of the virus are not quite clear. Comparably, discovering all infected
cases during the early stage is the least influential and safest approach. Therefore, in this
paper, we use the cumulated confirmed number as an evaluation metric for a screening
strategy.

In future work, more factors, such as the peak disease case number, the disease
diffusion time, the cured number, and the costs, will be synthetically considered to present
the control efficiency.
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2.2. Proposed Screening Strategy
2.2.1. Two Metrics for Identifying Influential People

According to the complex network structure, there are primarily three typical influ-
ences of nodes, i.e., (1) first-order influence, as measured by degree centrality, etc.; (2) hub
influence, as measured by betweenness centrality, etc.; and (3) the multiple order influence,
k-shell, etc. The influence of (1) is local for a node, and the influences of (2) and (3) are
global for a node. Normally, local influences are more important than global influences
for most virus diffusion in the short term. This is because the secondary infection rate
and severity decrease with the increase of transmission generation. [34]. First-order and
second-order infected persons usually receive more attention. Thus, the value of the k-shell
can be assumed to be 2. Furthermore, considering that the infected possibility is affected by
the contact frequency, the impact of the contact frequency should also be considered.

Then, this research proposes two metrics to evaluate the influences of people, i.e., Mi
and NCi.

(1) Mi Metric
The Mi metric, which is calculated using Equation (1), expresses the activity level of a

person during a screening period. This activity level is measured by using the number and
frequency of a person’s contacts and the number of his or her secondary contacts (i.e., the
first-order and second-order influences of the person). In Equation (1), person i has contact
with No. 1, No. 2, . . . . . . , and No. n. The contact number of person i is n; i.e., the degree of
person i is n.

Mi =
c1

240 × N1 +
c2

240 × N2 + . . . cn
240 × Nn

Period
(1)

The meanings of the parameters in Equation (1) are as follows:
(a) c1 expresses the contact frequency between person i and No. 1;
(b) N1 expresses the contact number of No. 1 within a screening period (i.e., the degree

of No. 1 in the contact network);
(c) c1

240 expresses the degree to which the contact time between person i and No. 1 is
up to 4 h. c1

240 will be smaller than 1 if the contact time is less than 4 h. (Some countries
define a person as a contact who has spent four or more hours with a confirmed COVID-19
case [35]. Therefore, the time of 4 h is designed to measure the intimate degree of contact
for the proposed strategies.);

(d) c1
240 × N1 indicates the activity level of person i after contacting No. 1. If person i

is frequently in contact with No. 1, and No. 1 is also an active person who touches many
people, then c1

240 and N1 are relatively larger. Then, person i has a higher risk because of the
higher activity level;

(e) By that analogy, the overall activity level of person i can be determined by counting
all their contact people. Period expresses the screening period, and Mi expresses the average
activity level of person i.

(2) NCi Metric
The NCi metric is calculated according to the contact numbers of a person before and

during the current screening periods, as shown in Figure 2, and NCi expresses the new
contact numbers of a person during the current screening period. The contact persons i1m
and i22 are the new contact people of the two individuals i1 and i2, respectively, and both
NCi values of the two people are 1.

NCi presents the dynamic features of the contact network. A person has a larger NCi
if they have contact with more new people, which means that this person has a dynamic
hub influence. Similar to the attribute of betweenness centrality, this person has a larger
possibility of contacting uninfected people.
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in the current screening period. The person i1m and i22 are two newly added contacts of person i1
and i2.

2.2.2. Setting Screening Priorities for Influential People
Setting Screening Priorities Based on Individual Infection Risk

In the SSF, people’s influences (i.e., metric values) are used to present their infection
risks. Normally, individuals who have higher infection risks should be screened and
detected with priority. The screening mode using this logic is named the sequential
screening mode. This mode only considers the activity levels and new contact numbers of
the subjects and ignores the characteristics of the contact network structure.

Setting Screening Priorities Based on the Individual Diffusion Influence

The diffusion influences of individuals on others should also be considered for pan-
demic control. There are two types of individual diffusion influences, i.e., the local diffusion
influence (cluster influence) and the global diffusion influence (multiple order influence).

(1) Cluster influence
Cluster influence is one type of typical local influence in a complex network, and it is

significant in virus diffusion. The cluster coefficient is used to evaluate the aggregation of
nodes [36]. The essential idea behind the cluster coefficient is to calculate the number of
triangles consisting of nodes and edges. Family members are in contact with each other,
and a family is usually a cluster of family members. Moreover, the degree centrality also
represents the local influences of nodes. People with more connections have larger local
influences. Thus, having more family members means more family connections, which
further implies having a higher cluster influence and a higher infection risk. This paper
exploits family relationships to present the cluster influence of a person, and this screening
mode is named the family cluster screening mode.

Families with more members were screened first. For example, a family with five
members has priority for screening compared to a family with two members. In addition,
to improve the cooperation of the family cluster screening mode with other screening
strategies efficiently, only one person would be screened in a family, and the screened
person would be selected according to the ranking of family members based on individual
infection risks. If there is a situation in which multiple individuals have the same individual
infection risk, this paper assumes that the ranking of these individuals would be determined
by experimental randomness.

(2) Multiple order influence
The nodes’ global influence can be presented by their effects on multiple order nodes.

Similarly, the global influence of an infected person is higher if the person can infect more
individuals through multiple connections [37]. Based on this idea, we propose the long-line
screening mode. As shown in Figure 3, the essential idea behind the long-line screening
mode is to select the connected person who has the largest individual infection risk at
each connection level. First, we should determine which contact line should have priority
selection. All people are sorted according to individual infection risks, and the person with
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a larger individual infection risk will be selected as the source person (i1) of the screening.
Then, the next person (i2) will be selected from the contact persons of the source person (i1).
The contact person who has the most noncommon neighbors with the source person (i1)
will be selected. The contact person who has the most non-common neighbors could infect
more people who are not in contact with the source person (i1); this type of contact person
has a higher hub influence on the source person (i1) and the neighbors of the contact person
(i2). The next selected person (i3) will be selected in the same way until there is no next
contact person to be selected in this contact line. The priority is to detect the above-selected
people in multiple connections.
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Figure 3. Illustration of the long-line screening mode. The yellow nodes are selected persons who are
screened, and the yellow lines between nodes expresses the contact path between persons.

We designed a rule to coordinate the application of multiple screening strategies
efficiently. That is, if people are selected using the above three modes, their families will
not be selected since the families will be detected by close contact tracing once the selected
individuals become confirmed cases.

In summary, according to the aforementioned metrics and modes, six combinations
are generated:

(a) Sequential screening by Mi value of people in a screening period (Seq-M for short);
(b) Long-line screening by Mi value of people in a screening period (LL-M for short);
(c) Family cluster screening by Mi value of people in a screening period (Fam-M

for short);
(d) Sequential screening by NCi value of people in a screening period (Seq-NC

for short);
(e) Long-line screening by NCi value of people in a screening period (LL-NC for short);
(f) Family cluster screening by NCi value of people in a screening period (Fam-NC

for short).

2.2.3. Screening Number in a Screening Period

According to the SSF, we designed a base screening value and a floating value for the
screening number in a screening period. In addition, we assume that the upper limit of the
screening number is 20% of the population.

The Base Screening Value in a Screening Period

The base screening value Ndetection depends on the number of newly confirmed cases
and R within a screening period. As shown in Equation (2), Ndetection equals the product
of the number of newly confirmed cases and R in the current period. As presented in
Equation (3), R is the average number of infections by a confirmed person, and R is dynamic.
During the initial screening period, R and the number of newly confirmed cases cannot be
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known immediately; thus, we assume that Ndetection equals the number of newly confirmed
cases if R is unknown, or R is smaller than 1 (see Equation (2)), and Ndetection equals 5%
of the people size if the number of newly confirmed cases is zero (see Equation (2)). The
settings of “5%” and “20%” are assumptions, and the values of these two parameters can be
designed to fit various real-world scenarios. In our experiments, these parameters’ settings
cannot affect the experimental results and conclusions because they are controlled variables
when conducting the compared experiments.

Ndetection =


NnewCases R = in f inity | | R < 1 1©
N × 5% NnewCases = 0 2©
NnewCases × R R ≥ 1, NnewCases > 0 3©

(2)

where N denotes the number of people, and NnewCases expresses the number of newly
confirmed cases in the current screening period.

R =
∑i

Nin f ected
Nin f ectious

i

Nin f ected
(3)

where Nin f ected expresses the current total number of infected people, Nin f ectious
i denotes

the number of infections by infected person i, and ∑i
Nin f ected

Nin f ectious
i expresses the total

number of infections by all infected people.

The Screening Floating Value in a Screening Period

The screening floating value is used to adjust the screening number in a screening
period dynamically. If the detected confirmed number from the previous screening period
by screening strategies is smaller than the number of newly confirmed cases, then the
screening number in the current screening period will increase by 1% of the population
size within the upper limit. If the confirmed number detected by screening strategies in
the previous period exceeds the number of newly confirmed cases in the current period,
the screening number will remain Ndetection. We expect that the settings of the screening
floating value will efficiently screen more infected persons.

2.3. Proposed Model

To simulate the pandemic process and deduce the efficiencies of screening strate-
gies, this paper builds and proposes a scenario model based on multi-agent modeling.
This model incorporates people’s activity features and typical behaviors, in which some
constructed settings are as follows: people have their family members, family addresses,
and workplaces. In addition, there are some gathering areas, such as malls, markets, and
clubs. Using their various behaviors, activity states, and interactions, we simulate people’s
heterogeneity and further obtain their trajectory data from the simulation process.

Three modules are designed to describe the activity features and behaviors of people:
(1) normal life, (2) disease diffusion, and (3) information spreading. In each module, we
design a state chart to simulate the typical behaviors of one person, and different people
may be located in different states at the same time during a simulation, and people’s
behaviors are affected by others. That is, this is a nonlinear system including various
interactions of people. According to this characteristic, crowd features emerge.

2.3.1. The Activity Features and Behaviors of People in Normal Life

In our model, people who do not have symptoms of infection would continue their
normal life. In the normal life of one person, three typical characteristics are designed: (a) a
person may leave home in the morning or choose to stay home; (b) a person will go home
in the evening if this person is outside; and (c) the daily travel range of a person includes
workplaces, gathering areas, and residential zones. The flowchart of a person living their
normal life is illustrated in Figure 4.
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Figure 4. Flow chart of a person living a normal life.

2.3.2. Activity Features and Behaviors of People during Disease Diffusion

In our model, we designed a mechanism for people’s decisions during the pandemic
process, which involves the fields of working, moving, infecting, isolating, and curing.
Based on this mechanism, two people may generate infections if they choose to move and
are located in the same space region at the same time, which means that this infection is
created by their own decisions. In our model, the microscopic mechanism is designed, and
the macroscopic features emerge through people’s interactions.

As shown in Figure 5, we designed the flow chart of disease diffusion. In the beginning,
all the people are uninfected, and the first infected person emerges when exposed to the
virus from areas outside of this crowd or when in contact with an infectious source in
the environment. The infected person must experience an incubation period before the
disease symptoms appear. During this period, the infected person has the potential to
diffuse the virus to contact persons. When an infected person is viewed as a suspected case
after developing disease symptoms or as a close contact person through epidemiological
investigation, this person would be and needs to be detected. Hypothetically, infected
people could be discovered and listed as confirmed cases once they are detected, and they
would start to be treated and would be cured or would die after a treatment period.

Additionally, there are some asymptomatic individuals in the crowd because they do
not exhibit any disease symptoms all the time. Some of these asymptomatic people can
be discovered through close contact tracing or screening strategies. Figure 5 shows that
the people who have been selected will be directly detected by using screening strategies;
i.e., the infected persons among them, regardless of whether they are asymptomatic or
in the incubation period, will be discovered. Moreover, these people are discovered in
advance, and accordingly, their curability could be higher. Therefore, people’s curability is
associated with the duration between the time they are infected and confirmed.
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Figure 5. Flow chart of disease diffusion. The states of people will change when the transition
conditions are met. The transition named “diffusion” indicates that the virus would be diffused by
infected persons when they are active in the state of “incubation period”. Moreover, (1) to use as few
resources as possible, only contacts of confirmed cases would be detected by close contact tracing in
this mode; (2) we assume that people will have permanent immunity after being infected with the
virus in this model, i.e., considering only the situation of one round of virus diffusion.

In addition to the above features, we also assume that the observed, suspected, and
confirmed individuals would be isolated in fixed places until they have no proven infection.
Hypothetically, there is no more infection in the fixed isolations. Furthermore, considering
that the incubation period of an individual is related to the person’s immunity, we assume
that the incubation period will be longer if the person’s immunity is stronger, and an
infected person can be asymptomatic if his or her immunity is strong enough.

Moreover, in this model, we indicate that an infected person could infect a contact
person if the distance between the two is within a range of possible transmission. Clearly,
as everyone knows, there is no infection if two people have an adequately safe distance.
According to this design, prevention measures for maintaining social distancing can also
be designed during the pandemic process.

2.3.3. Activity Features and Behaviors of People during Information Spreading

The implementation of some prevention measures, such as maintaining social dis-
tance, can be effective only if people consciously execute them. In our model, we exploit
information spreading among people to improve their awareness. People who believe
warnings would have high consciousness about maintaining a safe social distance.

As illustrated in Figure 6, a flow chart of information spreading among people was
designed. In the beginning, all the people are uninformed. Then, several persons in a crowd
receive a warning when pandemic control starts, and this warning delivers the information
that people should have the consciousness to prevent disease diffusion. We assign a value
to the warning, which ranges from 0 to 1 (i.e., Vin f or). A warning with a higher value is
more likely to be trusted. Moreover, a person can receive information spread by different
persons. Thus, the values of information received by a person can be cumulated (i.e., Cin f or).
Whether people believe the warning depends on them. Cognition about the disease and
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the current disease diffusion situation, such as the currently confirmed number, jointly
affect people’s decisions. As presented in Equation (4), people make decisions through the
comparison of Twarning and Cin f or.

Twarning =
(
1− Pcognition

)
× (1−

Ncurrentlycon f irmed

N
) (4)

where Pcognition expresses the cognition of a person about the disease; Pcognition is larger if
a person prefers to prevent and control the disease diffusion, and people differ in their
values of Pcognition. Ncurrentlycon f irmed denotes the currently confirmed number, and N is
the number of people. A person has a higher possibility of believing this warning if
he has a higher cognition of the disease, or the currently confirmed number is larger,
i.e.,

∣∣∣Cin f or

∣∣∣ ≥ Twarning&& Cin f or > 0 (Cin f or > 0 denotes that this information is a warn-
ing). Hypothetically, in this model, individuals who have been warned will randomly
spread warnings to contact persons, and subsequently, the contact persons will receive
warnings and decide whether to believe the warnings.
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Figure 6. Flow chart of information spreading. The states of people will change when the transition
conditions are met. Some transitions are described as equations.

In addition, there are rumor disseminators during warning spreading, and people
can receive warnings and rumors simultaneously. Similarly, a person who has received a
rumor decides whether to believe it, and the decision depends on the person’s cognition
and the current disease diffusion situation. As indicated in Equation (5), people will believe
the rumor if

∣∣∣Cin f or

∣∣∣≥ Trumor && Cin f or < 0 (Cin f or < 0 denotes that the information is
a rumor); otherwise, people will not. People who believe rumors will disseminate them
to others.

Trumour = Pcognition ×
Ncurrentlycon f irmed

N
(5)

where Trumour denotes the threshold for making decisions.
Cin f or of a person will add value if this person receives a warning with the value. By

contrast, a value will be subtracted from Cin f or if this person receives a rumor. The symbols
“plus” and “minus” indicate that the information someone has received is a warning or a
rumor, respectively. A person may not believe any information if the warnings and rumors
that he has received are almost even. During this process of intermingling warnings and
rumors, people’s degree of belief in the information they receive is dynamic. People who
have believed the warning may also receive rumors, and they can also be affected to believe
the rumor. In the same way, a person who has believed the rumor can also be affected to
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believe a warning after he receives warnings. Of course, with the influence of rumors and
warning dissemination, people may believe neither rumors nor warnings.

Moreover, the value of information may change during the process of information
spreading because of various interpretations of information by different people. The
value of information may increase when people exaggerate the information’s meaning,
and the value of information may decrease when people do not completely express the
information’s meaning.

Furthermore, in this paper, people spread warnings or rumors through the contact
network, and the online spreading network has not been considered in the current scenario
model. In the future, we will continue to expand our model to a double-level network,
which includes a contact network to support disease diffusion and an online social network
to support information spreading.

2.4. Experimental Designations

We want to build a scenario of a pandemic caused by a virus that was not previously
known. In this scenario, the pandemic of this virus happens for the first time. All the pa-
rameters and their values in the model are listed in Table 1. According to the self-similarity
of the complex system, a population size of 2890–3100 (1000 families) is designed in our
model and experiments to improve the computational efficiency as much as possible. The
compared experiments will present the optimal screening strategy for disease prevention
and control. In this model, an infected person is assumed to infect their contact people
according to a rate (a possibility value conforms to the uniform distribution of 0–1) per
minute. We use the Poisson or normal possibility distributions to set the parameters of our
model to perform various decisions and behaviors of individuals. In real life, most people’s
decisions conform to bell-shaped possibility distributions [38,39]; i.e., most people make
nearly the same decisions, and only a few people display extremely different decisions
or behaviors.

Table 1. The parameters in the scenario model. Some parameters are designed as probability
distributions, including the discrete uniform distribution (uniform_discr), Poisson distribution, and
normal distribution.

No. Parameters Value Remark

1 Family size 1000
2 Population size 2890–3100

3 Personnel density 23,885 people per square
kilometer The personnel density of a city in China.

4 Initial infected person 1 There is 1 infected person at the beginning of
the simulation.

5 Initial warning/rumor
spreaders uniform_discr (10, 20) 10–20 people are warned at the beginning of

the simulation.

6 Initial infected persons in
a day Poisson (1)

Before the control, 0–4 new initially infected people
(whose distribution conforms to the Poisson

distribution) may appear in the crowd every day.

7 New spreaders of
warning/rumor in a day Poisson (5)

After the control, 0–15 initial warning or rumor
spreaders (whose distribution conforms to the Poisson
distribution) may be generated in the crowd every day.

8 Detection reagents adequate Assumption.

9 Immunities of people abs (normal (0.1, 0.7))
People’s immunities are in the range of 0.2–1.2, which

conforms to the normal distribution, and the
asymptomatic peoples’ immunities exceed 0.9.

10 Incubation duration this.immunity * 10
People’s incubation durations are in the range of

2–12 days, which conform to the normal distribution,
and the middle value is 7 days.
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Table 1. Cont.

No. Parameters Value Remark

11 Infectious distance abs (normal (1.2, 6))
The distances that can create infections are in the
range of 2–12 m. People can be infected if the real

distance is smaller than this parameter.

12 Infectious rate One time per 1 min People can diffuse the virus every minute if they
have contacts.

13 Mortality
uniform (0.002, 0.003) *

(confirmed time -infected
time)

Mortality is related to the time when the infected
person is confirmed. We assume that mortality is

approximately 0.03–0.05.

14 Treatment duration abs (normal (1, 10))
The treatment durations of confirmed people are in

the range of 6–14 days, which conforms to the normal
distribution.

15 Detection duration abs (normal (0.2, 1))
The detection durations of people are in the range of
0–2 days, which conforms to the normal distribution,

and the middle value is 1 day.
16 Close contact tracing rate 2 h More details as follows.

* indicates the multiplication sign in the code language.

Most parameters are designed as ranges to present the heterogeneity of individual
people. We randomly assign individuals the number of family members, each of which is
one to five persons. In our experiments, hypothetically, the detection reagents are adequate.
Within an infectious distance, two people may generate an infection connection and create
an infection.

The parameter, “Initial infected persons in a day”, indicates that newly infectious
sources (such as initially infected persons) always appear in the crowd before prevention.
We assume that the virus source in the environment will be discovered and controlled once
the related prevention and control measures start to be executed. That is, in the case of
starting to perform preventions, initially infected persons no longer appear.

The parameter, “New spreaders of warning/rumor in a day”, expresses that new
warnings or rumor spreaders always appear in the crowd after warnings and rumors
start to be diffused in the crowd. These new spreaders may receive information from
online networks, radios, TV, information delivery platforms, or other channels outside of
the crowd.

Moreover, the mortality of an infected person is associated with the time when this
person is confirmed. Thus, the mortality of an infected person is lower if their infection is
discovered and confirmed earlier. In addition, the incubation duration of an infected person
is related to their immunity. Specifically, an infected person who has higher immunity
will have a longer incubation duration if the infection is not discovered in time. If the
immunity of an infected person exceeds 0.9, then this infected person is designated as an
asymptomatic person (this is an assumption).

In addition, our model simulates some random decision behaviors (such as whether to
go out, where to go today, and whether or not an infection is created between two contact
persons), and we use random functions, such as normal possibility distributions of 0–1, to
implement these behaviors.

In addition, the parameter, “Close contact tracing rate”, expresses the time interval
of people’s memory in close contact tracing. During close contact tracing, an investigated
person needs to remember and describe his or her contact history. We designed the time
interval of his or her memories to be 2 h. Therefore, the person needs to describe his or
her contact history with others every 2 h in the past. Then, how many days need to be
remembered? In this model, we assume that a person can remember the contact history
of all the simulation times. For example, a person is investigated to determine whether
they have had contact with an infected person, and the simulation time is 10 h. Then, that
individual can remember and describe their contact history at the 8th hour, 6th hour, 4th
hour, and 2nd hour. They cannot describe their contact memories from other times. In



Trop. Med. Infect. Dis. 2023, 8, 78 14 of 23

this case, the efficiency of close contact tracing depends on the close contact tracing rate.
Of course, close contact tracing would be more accurate if the rate were designed to be
1 min. However, 1 min is ideal and does not conform to real situations. On the basis of this
designation, some infected cases could not be picked up by close contact tracing.

As shown in Table 2, 16 experiments are designed, and the experimental scenes include
the following:

Table 2. Design of the experiments conducted in this paper.

Application Scenario Application Strategy

/ No action
/ Only keeping social distance

After the first confirmed case appears (which is named the
1st scenario)

Keeping social distance and the random screening strategy
Keeping social distance and the Seq-M
Keeping social distance and the LL-M

Keeping social distance and the Fam-M
Keeping social distance and the Seq-NC
Keeping social distance and the LL-NC

Keeping social distance and the Fam-NC

Before the first confirmed case appears (which is named
the 2nd scenario)

Keeping social distance and the random screening strategy
Keeping social distance and the Seq-M
Keeping social distance and the LL-M

Keeping social distance and the Fam-M
Keeping social distance and the Seq-NC
Keeping social distance and the LL-NC

Keeping social distance and the Fam-NC

(1) Disease diffusion with no application of any screening strategy (i.e., no action);
(2) Disease diffusion in which only the preventive measure of maintaining social

distancing is used;
(3) Disease diffusion in which the random screening strategy is applied based on

social distancing;
(4) Disease diffusion in which different proposed screening strategies are applied

based on maintaining social distance.
The simulation time is designated as 91 days. According to our preliminary ex-

periments, disease diffusion can evolve throughout the rising, plateau, declining, and
post-pandemic periods over 91 days. To reduce the impact of randomness, the Monte Carlo
method is used in the experiments. In a Monte Carlo experiment, the parameter settings of
all simulations are the same, and the only difference is the random number. We can gener-
ate various evolutionary scenes with the same initial settings by using different random
numbers. Each simulation will be repeatedly conducted 20 times with 20 random numbers
in a Monte Carlo experiment. In addition, according to the SSF, the cumulated confirmed
number is used to represent the efficiency of the applied disease control measures.

To observe efficiencies using different screening strategies in different scenarios, we
apply these proposed screening strategies to two scenarios: (1) the first scenario is ap-
plied after the first confirmed case appears (i.e., using strategies only for an emergency),
and (2) the second scenario is applied before the first confirmed case appears (i.e., using
strategies during a normal situation and an emergency).

3. Results

In this section, we present the experimental results of the two experimental scenar-
ios. According to the SSF, the cumulated confirmed case number is used to evaluate the
screening strategy in this paper. In a Monte Carlo experiment, 20 simulations will generate
20 cumulative confirmed cases. The relative frequency distribution of the 20 confirmed
numbers is used to illustrate the efficiencies of the screening strategies.
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3.1. Experiment Results of the 1st Scenario

As shown in Figure 7, which is a stacked area figure, the applied screening strategy
is more efficient when the x-value of the peak point is smaller, and the applied screening
strategy is more efficient with a larger y-value for the peak point when the x-values are
the same.
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Figure 7. The relative frequency of cumulated confirmed cases using various strategies in the
1st scenario. The x-values of the peak values express the cumulative confirmed number with the
highest probability.

Figure 7 shows the following:
The order of x-values for the peak points obtained by using different measures from

small to large is Seq-M (1850) = Fam-M (1850) < LL-M (1950) = Seq-NC (1950) = LL-NC (1950)
= Fam-NC (1950) < Keeping Social Distance (2150) < Random (2150, 2350) < No Action
(2850). This order indicates that compared to the result without any measure, using the
proposed strategies can reduce the number of confirmed cases by at least 31.58%, and it can
reduce confirmed cases by at most 35.09% with the largest probability. Maintaining social
distance can reduce confirmed cases by 24.56% with the largest probability. Additionally, the
random screening strategy performs worse than the measure of maintaining social distance.

Seq-M and Fam-M have the same x-value for the peak points, and the stacked y-value
of the peak point obtained by using Fam-M (45%) exceeds that obtained by using Seq-M
(40%). The order of y-values for peak points obtained by using other proposed strategies
from large to small is Seq-NC (50%) > Fam-NC (42.1%) > LL-M (35%) = LL-NC (35%).

Although the stacked y-value of the peak point obtained by using Fam-M exceeds that
obtained by using Seq-M, Seq-M is the most efficient strategy. As shown in the red circle of
Figure 7, the stacked area before the peak point obtained by using Seq-M is larger than that
obtained by using Fam-M. More simulation results are distributed to the left of the peak
point obtained by using Seq-M. As shown in Figure 8, when Seq-M is used, the cumulative
percentage with the 1850 x-value is larger than that when Fam-M is used.
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Figure 8. The cumulative frequency of cumulated confirmed cases using various strategies in the 1st
scenario. The x-value of the dash line is 1850.

In addition, 20 cumulative confirmed numbers for each strategy are statistically ana-
lyzed in Figure 9, which shows the following:

(a) The means and medians are approximately 1900 when Seq-M and Fam-M are used,
and the mean and median are slightly smaller when Seq-M is used. Moreover, the means
and medians are larger than 1900 when other strategies are used. In addition, when the
long-line screening mode is used (i.e., LL-M and LL-NC are used), the means and medians
are approximately 1950, which are the largest;

(b) The order of standard variances obtained by applying different strategies from
large to small is Seq-NC (115.95) > Seq-M (114.13) > LL-M (107.16) > Fam-M (95.17) >
LL-NC (91.35) > Fam-NC (85.95).
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3.2. Experiment Results of the 2nd Scenario

In the 2nd scenario, the experimental results are illustrated in Figures 10–12. As shown
in Figure 10, the peak points of four screening strategies are distributed around an x-value
of 1850, and only two strategy peak points are distributed around an x-value of 1850 in
Figure 7.
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Figure 10. Relative frequency of cumulated confirmed numbers using different strategies in the
2nd scenario. The x-values of the peak values express the cumulative confirmed number with the
highest probability.
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Figure 12. Statistical analysis of cumulated confirmed numbers using different strategies in the 2nd
scenario. The red lines express the standard variances of cumulated confirmed numbers.

Figures 10–12 show the following:
(a) In Figure 10, the order of x-values for peak points by using different strategies from

small to large is LL-M (1850) = Seq-NC (1850) = LL-NC (1850) = Fam-NC (1850) < Seq-M
(1950) = Fam-M (1950) < Keeping Social Distance (2150) < Random (2350) < No Action
(2850). The strategy order of y-values for peak points with the 1850 x-value from large to
small is LL-M (50%) > LL-NC (42.1%) > Seq-NC (36.8%) > Fam-NC (33.33%);

(b) In Figure 11, the y-value is almost 70% with the 1850 x-value when LL-NC is used,
and the y-value is almost 60% with the 1850 x-value when LL-M is used;

(c) Unlike the results in Figure 9, in Figure 12, the strategy order of means and
medians from small to large is LL-NC < LL-M < Seq-M < Fam-NC < Seq-NC < Fam-M.
The performance of LL-NC and LL-M is better. The strategy order of standard variances
from large to small is LL-NC (109.12) > Fam-NC (102.33) > LL-M (100.38) > Fam-M (99.97)
> Seq-NC (96.4) > Seq-M (73.86).

4. Discussion

In this section, we discuss the performances of different screening strategies for pan-
demic prevention and control according to the experimental results.

4.1. Seq-M Is the Most Efficient Strategy in the 1st Scenario

Figures 7 and 10 show that our proposed screening strategies are efficient during the
pandemic.

In the 1st scenario, compared to the situation in which no measure is used, disease
diffusion can be controlled very well by using any measure, and the results show that
disease diffusion can be mitigated further by using the proposed screening strategies on the
basis of maintaining social distance, especially Seq-M and Fam-M, which are more efficient
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and can reduce the number of confirmed cases. The result of Figure 8 indicates that Seq-M
is the most efficient because more simulation results are distributed to the left of the peak
point obtained by using Seq-M, thus indicating that the control efficiency is more likely to
be better by using Seq-M.

Figure 9 shows the results of 20 cumulative confirmed numbers for each strategy. The
results also confirm that Seq-M is the most efficient because Seq-M has the smallest mean
and median.

4.2. LL-NC Is the Most Efficient Strategy in the 2nd Scenario

First, from the results of Figures 7 and 10, it can be concluded that disease diffusion
can be further efficiently controlled when these screening strategies are used before the first
confirmed case appears.

In the 2nd scenario, Figure 10 indicates that LL-NC can further reduce the cumulated
confirmed number (the stacked y-value of the peak point is 42.1%), and Figure 11 demon-
strates that more results are distributed to the left area of the peak point of LL-NC (the
cumulative percentage is 70% with the 1850 x-value). Therefore, LL-NC is the most efficient
strategy in the 2nd scenario. The result of Figure 12 also supports this conclusion; i.e.,
LL-NC has the smallest mean and median of cumulated confirmed numbers.

4.3. Long-Line Screening Mode Does Not Perform Well in the 1st Scenario and Performs Well in
the 2nd Scenario

In the 1st scenario, as shown in Figure 9, compared to other screening strategies, the
means and medians obtained by using LL-M and LL-NC are larger. In Figure 8, major
simulation results are distributed to the right of the peak point obtained by using LL-M
and LL-NC (i.e., the cumulative percentages are approximately 30% with the 1850 x-value.)
Therefore, it can be concluded that the long-line screening mode does not perform well in
the 1st scenario.

Why do LL-M and LL-NC perform poorly? In the 1st scenario, screening strategies
are applied after the first case appears, thus indicating that the virus has been diffused for
some time, and some diffused lines have been formed. In this situation, the individuals
screened using the long-line screening mode may have already had their first infections,
and the effects of infecting others have already occurred. In this situation, avoiding more
infections from them is the primary concern [40]. However, the contact lines screened by
using the long-line screening mode are limited, and it is difficult to screen all diffused lines
that have formed. As shown in Figure 13d, more bifurcated diffused lines are formed from
the original diffused lines. Some infected people may not be screened, which leads to poor
efficiency in extracting more infected cases in advance.

In contrast, in the 2nd scenario, LL-NC and LL-M have great performance. When
screening strategies are applied before the first confirmed case appears, the diffused lines
have not yet formed, their lengths lines are short, and their number is small. In this
situation, determining the infected persons by following the contact lines is efficient and
precise, and more infections by the contact individuals can be avoided in advance [41].
Furthermore, it is possible to discover most infected people using this approach because of
the small number and short lengths of diffused lines. This is especially true when using the
NCi metric. The people who will diffuse the virus to other small clusters can be identified
in advance by the NCi metric, and these people may speed up the growth of the diffused
lines. Identifying these people early can efficiently interrupt diffusion and reduce diffused
lines. As shown in Figure 13c, compared to the result in Figure 13d, there are fewer or
shorter bifurcated diffused lines.

4.4. Seq-M and Fam-M Perform Well in the 1st Scenario and Do Not Perform Well in the
2nd Scenario

In the 1st scenario, from Figures 7 and 10, it was observed that Seq-M and Fam-M are
the most efficient, and in contrast, Seq-M and Fam-M perform the worst in the 2nd scenario.
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The only difference between the two results is the different applied scenarios. Accord-
ing to our above discussions, some diffused lines have grown for a while in the 1st scenario,
which means that more people have been infected. Then, the infected individuals in the
diffused lines would extend their diffusion in the local range. The increase in infectious
edges in the diffused network depends on having more contacts with infected peoples.
The individuals screened by Seq-M and Fam-M have more local contact with others, and
they have more possibilities of contacting infected people or infecting others. Screening
people according to the larger Mi metrics or larger families provides higher accuracy. As
shown in Figure 13b, compared to the results in Figure 13a–d, there are fewer red nodes
in diffused lines (the red node has larger infections with others), which indicates that the
infected individuals did not extend the virus over a wider range, and the people with larger
numbers of contacts have been screened before they infect others when applying Seq-M in
the 1st scenario.
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In the 2nd scenario, initially, diffused lines have not formed. The growth of diffused
lines does not depend on the local contacts but on multiple contacts. However, the Mi metric
only expresses a local influence. Therefore, screening people by Mi metrics could have
lower accuracy. As shown in Figure 13a, the initially formed diffused lines primarily rely
on the nodes with smaller-degree nodes and not larger-degree nodes. (The smaller-degree
denotes fewer infections with others, and the light-colored nodes have a smaller degree.)

Moreover, when using Mi metrics, if a screened person is infected, initially, the infected
person may not infect others yet, but many contact persons of the screened person need
to be traced by close contact tracing. They are isolated in a fixed place. Although there is
no more infection in isolation, they could be infected when they are moving to isolation.
(According to our design, the traced individuals are required to move into isolation.) Thus,
as shown in Figure 13a, compared to the result in Figure 13b, there are more red nodes in
the diffused lines. We believe that this is the reason why Seq-M performs more poorly in
the 2nd scenario than in the 1st scenario, and the performance of Fam-M conforms to the
same logic.

4.5. The Stabilities of the Screening Strategies That Perform Well Are Not Good

From the results in Figures 9 and 12, it was observed that the standard variances of
confirmed numbers obtained by using Seq-M and LL-NC are apparently larger. Therefore,
although the overall effects are better, Seq-M and LL-NC cannot always maintain the best
performance. This is a shortcoming of our proposed strategies, and we will continue to
research the potential reasons for this phenomenon.

5. Conclusions

To improve the screening efficiency and avoid larger diffusions during the early stage
of the epidemic, we propose an SSF to generate different strategies based on the trajectory
network. According to the SSF, we propose using six types of screening strategies that
include the identification of influential persons and the screening modes. To examine the
efficiency of our proposed screening strategies, we built a scenario model that involves
the general behaviors of people in normal life, the typical behaviors of people during the
pandemic, and information spreading among individuals. In addition, the Monte Carlo
method was used to conduct our experiments. Two types of scenarios were designed: the
1st is screening people after the first confirmed case appears, and the 2nd is screening people
before the first confirmed case appears. The experimental results demonstrate that (1) our
proposed screening strategies can be used to improve the efficiency of controlling disease
diffusion, and (2) Seq-M (i.e., sequential screening by Mi value of people in a screening
period) is the most efficient in the 1st scenario, with LL-NC (i.e., long-line screening by
NCi value of people in a screening period) being the most efficient in the 2nd scenario.
Thus, after the first confirmed case appears, it is important to pay more attention to people
who have larger contact numbers and contact frequencies with others, such as disease
control officers, and we should screen them sequentially by their contact metrics. During
regular screening, individuals who always contact different people should be preferentially
concerned, such as travelers, and we should screen them according to their contact lines.
Moreover, we found that the stabilities of Seq-M and LL-NC were not very comparable, and
research on the potential reasons for this phenomenon and improvement of these screening
strategies needs to be conducted in the future.

Author Contributions: Conceptualization, S.W., Y.Z. and Q.Z.; methodology, S.W., Y.Z. and Q.Z.;
software, S.W.; validation, S.W.; formal analysis, S.W.; investigation, S.W.; resources, S.W.; data
curation, S.W.; writing—original draft, S.W., Y.Z. and Q.Z.; writing—review and editing, S.W., Y.Z.
and Q.Z.; project administration, Y.Z.; and supervision, Q.Z., Q.L., C.L. and F.Y. All authors have read
and agreed to the published version of the manuscript.

Funding: This research did not receive any specific grant from funding agencies in the public,
commercial, or not-for-profit sectors.



Trop. Med. Infect. Dis. 2023, 8, 78 22 of 23

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: The data presented in this study are available on request from the
corresponding author. The data are not publicly available due to privacy restrictions.

Acknowledgments: We acknowledge the useful insights of the anonymous referees.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Lu, H.; Stratton, C.W.; Tang, Y.-W. Outbreak of pneumonia of unknown etiology in Wuhan, China: The mystery and the miracle.

J. Med. Virol. 2020, 92, 401–402. [CrossRef]
2. Liu, Y.; Morgenstern, C.; Kelly, J.; Lowe, R.; Jit, M. The impact of non-pharmaceutical interventions on SARS-CoV-2 transmission

across 130 countries and territories. BMC Med. 2021, 19, 40. [CrossRef]
3. Desforges, M.; Gurdasani, D.; Hamdy, A.; Leonardi, A.J. Uncertainty around the Long-Term Implications of COVID-19. Pathogens

2021, 10, 1267. [CrossRef]
4. Sohrabi, C.; Alsafi, Z.; O’Neill, N.; Khan, M.; Kerwan, A.; Al-Jabir, A.; Iosifidis, C.; Agha, R. World Health Organization declares

global emergency: A review of the 2019 novel coronavirus (COVID-19). Int. J. Surg. 2020, 76, 71–76. [CrossRef]
5. López Seguí, F.; Estrada Cuxart, O.; Mitjà i Villar, O.; Hernández Guillamet, G.; Prat Gil, N.; Maria Bonet, J.; Ara del Rey, J. A

cost-benefit analysis of the COVID-19 asymptomatic mass testing strategy in the north Metropolitan area of Barcelona. Int. J.
Environ. Res. Public Health 2021, 18, 7028. [CrossRef]

6. Niu, Y.; Rui, J.; Wang, Q.; Zhang, W.; Chen, Z.; Xie, F.; Zhao, Z.; Lin, S.; Zhu, Y.; Wang, Y.; et al. Containing the Transmission of
COVID-19: A Modeling Study in 160 Countries. Front. Med. 2021, 8, 1322. [CrossRef]

7. Stratil, J.M.; Biallas, R.L.; Burns, J.; Arnold, L.; Geffert, K.; Kunzler, A.M.; Movsisyan, A. Non-pharmacological measures
implemented in the setting of long-term care facilities to prevent SARS-CoV-2 infections and their consequences: A rapid review.
Cochrane Database Syst. Rev. 2021, 9. [CrossRef]

8. Zhang, Y.; Muscatello, D.; Tian, Y.; Chen, Y.; Li, S.; Duan, W.; Ma, C.; Sun, Y.; Wu, S.; Ge, L.; et al. Role of presymptomatic
transmission of COVID-19: Evidence from Beijing, China. J. Epidemiol. Community Health 2020, 75, 84–87. [CrossRef]

9. Niehus, R.; De Salazar, P.M.; Taylor, A.R.; Lipsitch, M. Quantifying bias of COVID-19 prevalence and severity estimates in Wuhan,
China that depend on reported cases in international travelers. medRxiv 2020.

10. Black, J.R.; Bailey, C.; Przewrocka, J.; Dijkstra, K.K.; Swanton, C. COVID-19: The case for health-care worker screening to prevent
hospital transmission. Lancet 2020, 395, 1418–1420. [CrossRef]

11. Gostic, K.; Gomez, A.C.; Mummah, R.O.; Kucharski, A.J.; Lloyd-Smith, J.O. Estimated effectiveness of symptom and risk screening
to prevent the spread of COVID-19. Elife 2020, 9, e55570. [CrossRef]

12. Hoyler, M.M.; Abramovitz, S.; Aaronson, J.; White, R.S. The importance of COVID-19 screening and testing in the obstetric patient
population. J. Clin. Anesthesia 2020, 66, 109938. [CrossRef]

13. Keeling, M.J.; Hollingsworth, T.D.; Read, J.M. Efficacy of contact tracing for the containment of the 2019 novel coronavirus
(COVID-19). J. Epidemiol. Community Health 2020, 74, jech-2020-214051. [CrossRef]
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