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Appendix

I) Attributes for analyzing Covid-19 simulation models (codebook)

Article: The study includes only simulation models for which a (scientific) article has been
published or made available. Criteria for the systematic review (identification of articles in
online literature databases) as well as for the inclusion and exclusion of articles were applied.

ID Name Description Coding

1 1 | Authors The full names of the authors in | Free text
the order of the authorship

1 2 | Date Published | When the latest version of the | For articles that were uploaded
article was  published. Only | to open-access archives
articles that were published | (e.g. arxiv.org or medrxiv.org)
before October 1* are considered. | the upload date of the latest
For each preprint, we checked | version is provided (no later
whether a peer-reviewed | than December 1%, 2020). For

publication exists. These | articles that were uploaded to an
publications were then included | online archive and
in the review instead of the | published with peer-

preprint. This applied even when | reviewed afterwards

the publication date was after | (e.g., journal publication) the
October 1+ as long as the preprint | date of the peer-
was uploaded before. reviewed publication is given.

1 3 | Peer-reviewed | Whether the publication has been | x: article has been peer-
peer-reviewed prior to | reviewed

publication.
no marking: article has not been
peer-reviewed

Purpose: Simulation of temporal spread of the virus under specific conditions. What the model
has been used for in the article or what the authors claim the model can be used for.

1D Name Description Coding
2 1 | NPI The model can be used to | x: model supports simulation of
Introduction simulate how the introduction of | NPI introduction
NPIs affects the dynamics of the
disease spread or pandemic. no marking: model does not
support simulation of NPI
introduction
2 2 | NPI Adaptive | The model can be wused to | x: model supports simulation of
Management simulate  how the adaptive | NPI adaptive management




management of NPIs affects the
dynamics of the disease spread or | no marking: model does not
pandemic. Adaptive support simulation of NPI
management  describes  the | adaptive management
dynamic introduction  and
removal of NPIs depending on
specific indicators.

2 3 | NPIRemoval | The model can be used to | x: model supportssimulation of
simulate how the removal of | NPIremoval (exit strategies)
NPIs (exit strategies) affects the
dynamics of the disease spread or | no marking: model does not
pandemic. support simulation of NPI
removal (exit strategies)

2 4 | Pl Introduction | The model can be used to | x: model supports simulation of
simulate how the introduction of | PI introduction
Pls affects the dynamics of the

disease spread or pandemic. no marking: model does not
support simulation of PI
introduction

2 5 |PI  Adaptive | The model can be wused to | x: model supports simulation of
Management simulate how the adaptive | PI adaptive management
management of Pls affects the
dynamics of the disease spread or | no marking: model does not
pandemic. Adaptive support simulation of PI
management  describes  the | adaptive management

dynamic introduction  and
removal of PIs depending on
specific indicators.

2 6 | PIRemoval The model can be used to | x: model supports simulation of
simulate how the removal of Pls | PI removal (exit strategies)
(exit strategies) affects the
dynamics of the disease spread or | no marking: model does not
pandemic. support simulation of PI
removal (exit strategies)

Non-pharmaceutical interventions (NPI) and pharmaceutical interventions (PI):
Interventions whose effects can be simulated with the model.

1D Name Description Coding
3 1 | Lockdown Requirement for all individuals | +: Experiments show that the
(NPI) to stay at a specific location (e.g., | intervention can reduce the

at home) with exceptions for | spread of the disease.
certain activities, e.g., buying | o: Experiments do not show
food, or for certain groups, e.g., | that the intervention affects the
essential workers. spread of the disease.




-: Experiments show that the
intervention negatively affects
the spread of the disease.

x: The intervention can be
analyzed, however, no
experiments were conducted.

3 2 | Curfew (NPI) | Requirement for all individuals | see 3 1
to stay at a specific location (e.g.,
at home) at a certain time of the
day (e.g., during night between
0:00 and 6:00).

3 3 | Limitation of | Limitation on how many people | see 3 1
public may meet at public gatherings or
gatherings events (e.g., max. 50 individuals
(NPI) at public gatherings like sport

events, concerts, entertainment).

3 4 | Limitation of | Limitations on how many people | see 3 1
private may meet in a private context
gathering (e.g., max 2 households in private
(NPI) gatherings at  home,  at

ceremonies like weddings or
funerals, or at celebrations).

3 5 | Quarantine /| Requirement for certain | see 3 1
Isolation (NPI) | individuals or groups of

individuals to stay at a specific
location (e.g., those that are
(potentially) infected or in a risk
group stay at home).

3 6 | Social /| Requirement to keep a certain | see 3 1
physical distance from other individuals.
distancing
(NPI)

3 7 |Face  masks | Requirement to wear protective | see 3 1
(NPI) equipment (e.g., face mask, face

shield, or similar).

3 8 | Closure of | Closure of educational | see 3 1
schools (NPI) | institutions for children, e.g.,

schools and preschools.

3 9 | Closure of | Closure of educational | see 3 1
universities institutions for students, e.g.,

(NPI) universities.

3 10 | Closure of all | Closure of all workplaces, with | see 3 1
workplaces possible exception for essential
(NPI) workers. Individuals will not go

to their workplaces.

3 11 | Closure of | Closure of all office workplaces. | see 3 1

offices (NPI) Individuals that can work from

home will not go to their
workplaces (home-office).




treatment that cures the infection.

3 12 | Closure of | Closure of non-essential /|see3 1
leisure (NPI) recreational facilities (e.g., gyms
or theaters).
3 13 | Closure of | Closure of (non-essential) shops | see3 1
shopping (NPI)
3 14 | Mobility Limitation of movement between | see 3 1
restrictions /| regions, can be temporary.
travel bans
(NPD)
3 15 | Contact tracing | Contacts of infected individuals | see 3 1
(NPI) are traced manually or by the use
of an app.
3 16 | Testing (NPI) | Individuals are tested for an | see3 1
infection and, for instance,
isolated in case of an infection.
3 17 | Vaccination Individuals are given a|see3 1
(PI) vaccination that prevents
infections. Must be applied
before the infection occurs.
3 18 | Treatment (PI) | Infected individuals are given | see3 1

Input: Data that is used as input of the model, not counting global parameters (e.g., R, values).
Real-world datasets that are used for generating a more realistic population of individuals,
realistic environments, or realistic behavior.

used for representing for instance
distances or buildings (e.g., land
register data or street networks)

ID Name Description Coding

4 1 | Census data Socio-demographic data on a | x: Census data is used.
population of individuals that
describes individual traits (e.g., | no marking: No census data is
age, gender, household). used.

4 2 | Mobility data | Data on movement patterns or | x: Mobility data is used.
habits of individuals (e.g.,
cellphone data or travel data). no marking: No mobility data is

used.
4 3 | GIS data Spatial data ofan areathat is | x: GIS data is used.

no marking: No GIS data is
used.

Output: Performance measures that are used in the article and analyses that are provided,
which can be used for assessing the dynamics of the virus spread.

ID

Name

Description

Coding

51

#infections

Number of individuals that have
been infected (number of cases).

x: The number of infected
individuals is provided.




no marking: The number of
infected individuals is not
provided.

5 2 | #deaths Number of deceased individuals. | x: The number of deceased

individuals is provided.

no marking: The number of
deceased individuals is not
provided.

5 3 | #hospitalized | Number of individuals that | x: The number of hospitalized
require medical care due to an | individuals is provided.
infection.

no marking: The number of
hospitalized individuals is not
provided.

5 4 | Infection It can be reconstructed how the | x: Infection chains can be

chains infection has been passed | analyzed.
between individuals.
no marking: Infection chains
cannot be analyzed
5 5 | Economic The economic consequences of | x: Economic effects can be
effects the pandemic can be investigated | analyzed.
(e.g., loss of earnings due to
lockdown). no marking: Economic effects
cannot be analyzed.

Transmission model:
between individuals and that are used to determine whether or not an infection event will occur.

Factors which  affect

the transmission  probability

ID

Name

Description

Coding

6 1

Progress of
disease: state

An individual’s current state of
the disease affects the likelihood
to infect others (e.g.,
symptomatic  individuals are
more likely to infect others than
asymptomatic individuals).

x: The disease state affects the
individual likelihood of being
infected.

no marking: The disease state
does not affect the individual
likelihood of being infected.

62

Progress of
disease: time
since infection

The period of time since the
infection has occurred affects the
likelihood to infect others (e.g.,
an individual that has been
infected 2 days ago is less
contagious than an individual
that has been infected 4 days

ago).

x: The time since infection
affects the individual
likelihood of being infected.

no marking: The time since
infection does not affect the
individual likelihood of being
infected.

6 3

Age or age
group

The age or age group of an
individual has an effect on the
likelihood of being infected (e.g.,
elderly people are more likely to

x: The age or age group affects
the individual likelihood of
being infected.




be infected wunder identical
circumstances  compared  to
children).

no marking: The age or age
group does not affect the
individual likelihood of being
infected.

6 4

Location

The likelihood of being infected
depends on the current location
(e.g., an individual is more likely
to be infected when meeting a
person inside a building than
outside a building).

x: The location of the contact
affects the individual
likelihood of being infected.

no marking: The location of the
contact does not affect the
individual likelihood of being
infected.

65

Distance

The distance between individuals
affects the likelihood of being
infected (e.g., when standing 1m
apart, the risk of being infected is
greater compared to 2m).

x: The distance between
individuals affects the
individual likelihood of being
infected.

no marking: The distance
between individuals does not
affect the individual likelihood
of being infected.

6 6

Density

The number of (infected) people
in relation to the space affects the
likelihood of being infected
(e.g., when 5 people are present
on 20m? the likelihood of being
infected is greater compared to
only 2 people being present on
20m?).

x: The density affects the
individual likelihood of being
infected.

no marking: The density does
not affect the individual
likelihood of being infected.

6 7

Contact or
exposure time

The time individuals spend
together or have contact affects
the likelihood of being infected
(e.g., contacts under 15min are
riskless).

x: The contact time affects the
individual likelihood of being
infected.

no marking: The contact time
does not affect the individual
likelihood of being infected.

6 8

Protection

The factthatan individual is
wearing protective equipment
affects the likelihood of being
infected (e.g., those wearing face
masks are less likely to be
infected under similar
conditions).

x: The wearing of protective
equipment affects the
individual likelihood of being
infected.

no marking: The wearing of
protective equipment does not
affect the individual likelihood
of being infected.

69

Other

Other factors that affect the
likelihood of being infected
(e.g., pathogen level
or aerosols in air).

Free text: What other factor
affects the individual
likelihood of being infected.




Attributes of individuals: Traits that are used to describe an individual. It is not considered
whether these attributes affect the outcome of the simulation in terms of transmission likelihood
or behavior.

1D Name Description Coding
7 1 | Age or age | Age of individual or to what age | x: Each individual is assigned
group group he or she belongs (e.g., 15 | an age or age group.

years or group “children”).
no marking: Individuals are not
assigned an age or age group.

7 2 | Gender Gender of individual (e.g., | x: Each individual is assigned a
female or male). gender.

no marking: Individuals are not
assigned a gender

7 3 | Workplace Individuals are assigned to a | x: Each individual is assigned a
specific ~ workplace  and/or | workplace.

workplace contacts.

no marking: Individuals are not
assigned a workplace.

7 4 | Profession The type of work an individual | x: Each individual is assigned a
performs and that, for instance, | profession.

determines whether this
individual is qualified for home- | no marking: Individuals are not
office (e.g., essential workers or | assigned a profession.

those who can work from home).

7 5 | Household Individuals live together with | x: Each individual is assigned a
others (e.g., family or shared | household.
apartment).

no marking: Individuals are not
assigned a household.

7 6 | Location Individual is capable of moving | x: Each individual is assigned a
between locations or points and is | current location.

at any point in time at a specific
location (e.g., from home to work | no marking: Individuals are not
to shopping). A location is either | assigned a current location.
abstract, e.g. “home”, or
specified using geographical
coordinates.

7 7 | Contacts A network of other individuals | x: Each individual is assigned a
which a specific individual is in | contact network.

contact with.

no marking: Individuals are not
assigned a contact network.

7 8 | Contact rate A factor indicating the (average) | x: Each individual is assigned a
number of contacts an individual | contact rate.

has in a given period of time
(e.g., 5 encounters per day). no marking: Individuals are not
assigned a contact rate.




7 9 | Protection Individuals can wear | x: Each individual has an
wearing protective  equipment | individual status of wearing
against the virus (e.g., face | protective equipment.
masks).
no marking: Individuals do not
have an individual status of
wearing protective equipment.
7 10 | Health status Risk factors, which makes an | x: Each individual is assigned a
individual (compared to | health status.

others) more prone to being
infected (e.g., due to a weak | no marking: Individuals are not
immune system or a disability) or | assigned a health status.

which results in more severe
infections (e.g., due to obesity).
7 11 | Other Other traits or attributes that are | Free text.
different between individuals
(e.g., owning a car).

Disease states: Different states that are used for describing the presence, progress, treatment,
or outcome of an infection.

ID Name Description Coding

8 1 | Susceptible The individual is neither infected | x: There are susceptible
nor has any immunity against the | individuals in the model.
virus. no marking: There are no

susceptible individuals in the
model.

8 2 | Exposed The individual has been infected | x:  There are  exposed
but is not infectious (incubation | individuals in the model.
period). no marking: There are no

exposed individuals in the
model.

8 3 | Infected The individual has been infected | x:  There  are  infected

and is infectious without any | individuals in the model.
specification of symptoms. (This | no marking: There are no
attribute can be further specified | infected individuals in the

by 8 4and 8 5.) model.
8 4 | Infected The individual has been infected, | x:  There are  infected
without is infectious, and does not show | individuals with symptoms in
symptoms symptoms (asymptomatic). (This | the model.

attribute further specifies 8 3.)
no marking: There are no
infected  individuals  with
symptoms in the model.

8 5 | Infected with | The individual has been infected, | x: There are infected
symptoms is infectious, and shows | individuals without symptoms
symptoms. (This attribute further | in the model.

specifies 8 3.)




no marking: There are no
infected individuals without
symptoms in the model.

8 6

Severely ill

The individual needs to be
hospitalized.

x: There are severely ill
individuals in the model that
require treatment in a hospital.
no marking: There are no
severely ill individuals in the
model that require treatment in
a hospital.

8 7

Critically i1l

The individual needs ICU care /
ventilator.

x: There are critically ill
individuals in the model that
require ICU treatment.

no marking: There are no
critically ill individuals in the
model that require ICU
treatment.

8 8

Dead

The individual has been infected
and did not recover.

x: Individuals can die due to an
infection.

no marking: Individuals cannot
die due to an infection

89

Recovered

The individual has been infected,
has recovered, and is now
immune.

x: Individuals can recover from
an infection.

no marking: Individuals cannot
recover from an infection.

Model characteristics: Attributes that describe the simulation model.

1D Name Description Coding
9 1 | Name of the | How the authors refer to the | Free text
model model.
9 2 | Number of | The largest number  of | Number
individuals individuals that was simulated in

the article. (If no experiments
were conducted, the number of
individuals that can be simulated
according to the authors.)

9 3 | Region The region(s), cities, or countries | Free text
used in the article to demonstrate
the model.

9 4 | Framework The simulation framework or | Free text
programming language that has
been used to build the model.

9 5 | Accessibility The model is freely available and | Free text
can be accessed or downloaded.

9 6 | Agentbehavior | A description of how the | 1. Random (no social
behavior of the individuals is network, no spatial
modelled. How do they decide network)




what actions to perform in a
particular situation?

Random (spatial network
but no social network)
Random (social network
but no spatial network)
Random (Social and spatial

network)
Fixed  behavior (e.g.,
schedule, behavioral
patterns)
Dynamic  or  adaptive

behavior (e.g., based on
needs or utility)

no marking: Not described

9 7 | Validation How was the model validated? | 1. Real-world data (e.g.,
reports, surveys, epidemic

What approaches were applied to factors)
validate the model and against | 2. Comparison with other

what data was the model models
validated? 3. Systematic testing (e.g.,

test cases)

4. Assessment of conclusions
5. Validation of soundness by

experts
no marking: Not described / not

conducted
9 8 | Calibration Was the model calibrated? Due to | x: the calibration of the model

the heterogeneity of approaches
for  calibrating simulation
models, we only analyzed
whether the calibration of the
model was  presented or
discussed in the article.

was mentioned in the article; it
was described what parameter
was calibrated or what methods

wEre

used

no marking: Not described / not
conducted




IT) Analysis of included simulation models

For resolving the article IDs, please refer to the reference list provided in part III of this Appendix.

II-1) Article and model settings

Article Model settings
Arlt]l)de pu]b)l?stfle d relw)f?:vl;f-e d Name of the model in dlj‘l;l d(:lfals Region Framework Accessible
1 2020-07-24 X 10 000 | Ontario, Canada Julia X
2 2020-07-30 2 500 | Kuwait
3 2020-04-12 10 000 | Hubei, China; South Korea; Iran; Spain
4 2020-06-09 USA X
5 2020-06-09 COVAM Dane Country, Milwaukee, NYC, USA
6 2020-08-05 X 85 000 | Boston, USA R
7 2020-07-27 103 000 | Glasgow, UK
8 2020-05-28 UK On request
9 2020-08-19 1 000 000 | New York, USA
10 2020-08-21 2000 | USA
11 2020-04-22 Ontario, Canada TreeAge Pro
12 2020-11-08 X 472 319 | Bengaluru, India
13 2020-09-17 9 000 000 | Austria ABT/Java
14 2020-07-01
15 2020-03-06 China
16 2020-06-04 X 4 000 R X
17 2020-04-12 Episim 114 346 | Nelson Mandela Bay Municipality, South Africa MATSim, EpiSim
18 2020-06-04 X 250 | Ttaly; China C++
19 2020-09-10 X 500 Netlogo
20 2020-05-01 X
21 2020-06-24 NetLogo
22 2020-07-02 ?
23 2020-11-11 X ACEMod 24 000 000 | Australia AceMod (C++)
24 2020-08-12 Taiwan
25 2020-04-11 Corvid 563 484 | Seattle, USA FLuTE (C++), R




26 2020-09-18 COVOID 100 000 | Sydney, Australia R, EpiModel

27 2020-07-25 Belgium

28 2020-10-31 1 000 X
29 2020-05-20 1000 | Indoors

30 2020-09-25 1 150 | University Buildings

31 2020-07-29 SABCoM 100 000 | Cape Town, South Africa Python X
32 2020-06-15 ASSOCC 2 500 NetLogo X
33 2020-10-07 Denmark

34 2020-09-02 45 000 | Illinois, USA

35 2020-09-14 6 732 000 | Indiana, USA FRED

36 2020-02-25 354 | Diamond Princess

37 2020-03-16 UK; USA

38 2020-06-07 100 000

39 2020-08-07 470 | Haslemere, UK X
40 2020-04-15 10 090 000 | Sweden X
41 2020-05-18 Slovakia X
42 2020-09-24 COMOKIT 10 600 | Son Loi, Vietnam GAMA

43 2020-04-18 20 000 | Germany ?

44 2020-09-13 10 000 000 | Lombardy, Italy MATLAB X
45 2020-05-27 GERDA 10 000 | Gangelt+Heinsberg, Germany; UK; Sweden Python X
46 2020-04-22 INFEKTA 1001 | Bogota, Colombia AnyLogic X
47 2020-04-24 100 000 | Bengaluru, India Python

48 2020-06-28 55 000

49 2020-08-03 2000 | Campuses

50 2020-05-06 1 000

51 2020-08-07 1000 | San Francisco

52 2020-02-28 Singapore; Wuhan, China R

53 2020-06-07 CRISP 10 000 Python/C++ X
54 2020-05-27 1 000 000

55 2020-10-12 10 000 Python

56 2020-09-22 OpenABM-Covid19 UK X
57 2020-04-28 500 000 | New York City, USA C++, SAS github
58 2020-08-25 Hospitals X
59 2020-09-22 HSEM 509 000 | King County, USA GAMA X
60 2020-06-26 CoV-ABM 1 000 000 | Delaware, USA Python

61 2020-09-01 3 700 | Diamond Princess EpiModel

62 2020-04-21 200 | UK X




63 2020-07-24 1 000
64 2020-10-29 X 10 000
65 2020-09-29 X Ontario, Canada
66 2020-04-28 10 000
67 2020-04-15 100
68 2020-05-15 Covasim 200 000 Python
69 2020-04-26 X 35 000 | Copacabana, Brasil AnyLogic
70 2020-07-13 10 000
GeoDEMOS-R,
71 2020-03-23 X FLuTE Singapore
72 2020-07-16 X Netherlands
73 2020-04-29 X 25 000 | UK
74 2020-06-23 X 10 000
75 2020-06-17 X UK
76 2020-07-14
77 2020-08-28 Areas in Germany; Switzerland
78 2020-07-30 X 750 000 | Urmia, Iran NetLogo
79 2020-06-16 10 000
80 2020-08-20 X FACS 330 795 | London, UK Python
81 2020-04-02 X 5000 NetLogo
82 2020-09-29 EPISIM 84 110 | Sioux Falls, South Dakota Matsim, Episim
83 2020-07-24 2000
84 2020-05-28 X 2 000
85 2020-09-08 6 | Hospital bays
86 2020-04-23 X 10 000
87 2020-04-06 500 000 R
88 2020-03-23 272 409 | Newcastle, Australia
89 2020-05-27 X Python
90 2020-03-30 Germany
91 2020-09-22 X 10 000 C++, Python
92 2020-06-05 China; Italy; Spain; USA Python
93 2020-09-28 548 323 | Telangana, India AnyLogic
94 2020-07-24 X CEACOV 6 900 000 | Massachusetts, USA
95 2020-08-19 Taiwan
96 2020-09-14 X 100 000 | Canada AnyLogic
Epidemology
97 2020-08-05 Workbench 132 000 | Urbana + Champaign, USA Python




98 2020-05-20
99 2020-10-14 4400 | Piedmont, Italy Netlogo
100 2020-08-16 Ontario, Canada
101 2020-09-14 1 000 000
102 2020-08-21 5000 Netlogo
103 2020-06-10 23 000 | Cincinnati, USA Python
104 2020-05-05 10 000 Python
105 2020-07-09 24 000 000 | Australia
106 2020-09-29 1 017 720 | North Carolina, USA
107 2021-02-15 COmplexVID-19 Brazil
108 2020-07-07 COVID-ABS 300 | Brazil Python
109 2020-07-29
110 2020-06-08 2 100 000 | Perth, Australia Python
111 2020-06-15 2 171 000 | Daegu, South Korea
112 2020-07-13 ABM-SEIR 25 000 000 | Australa, New Zealand
113 2020-04-10 75 000
114 2020-04-17 REINA 1 600 000 | Finland Python
115 2020-09-10 300 000 | Kenya
116 2020-07-26 COVID-19 ABM 200 000 | Salzburg, Austria GAMA
117 2020-03-27 2 000 NetLogo
118 2020-04-29 10 000
119 2020-09-10 700 000 | Southwestern Wales, UK

Hubei, China; Lombardy, Italy; New York City,
120 2020-09-24 58 500 000 | USA
121 2020-07-06 STRIDE 11 000 000 | Belgium C++ R
122 2020-06-18 8 000 | Indoors
123 2020-05-07 60 000 000 | Wuhan, China; Toronto, Canada; Italy
124 2020-06-12 10 000 | Portland, USA
125 2020-07-02 13 000 000 | Shenzhen, China
126 2020-03-27 Italy; USA




I1-2) Purpose of the simulation

Purpose / (Temporal simulation of ...)

NPI

PI

Article

Introducing

Adaptive
management

Removing
(exit)

Introducing

Adaptive
management

Removing
(exit)
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I1-3) Non-pharmaceutical interventions (NPI) and pharmaceutical interventions (PI)
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11-4) Inputs and Outputs

Article Inputs Outputs
Article Infection Economic
1D Census data | Mobility data GIS data #infections #deaths #hospitalized #contacts chains effects
1 X X
2 X
3 X
4 X X X X X X
5 X X X X
6 X X X X
7 X X
8 X X X
9 X X X
10 X
11 X X X
12 ? ? X X
13 X X
14 X X
15 X
16 X
17 X X X X
18 X X X X
19 X
20 X X X X X
21 X
22 X X
23 X X X
24 X X X
25 X X
26 X X X
27 X X
28 X
29 X
30 X
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II-5) Transmission model input

Article

State
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infection

Age

Location /
place
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Density
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I1-6) Attributes of individuals

Age / Contact
Article age Gender | Work- rate / Pro-
ID group / Sex place | Profession | Household | Location | Contacts | probability | tection | Health status
1 X X
2 X
3
4 X X X X X X
5 X X
6 X X X X X
7 X X X
8 X X
9 X X X
10
11
12 X
13 X X X X X
14 X
15 X
16 X X X X
17 X X X X
18 X X X
19
20 X
21
22 X
23 X X X X X X X
24 X
25 X X X
26 X
27 X
28 X
29 X
30 X X
31 X X X
32 X X X X X
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I1-7) Disease states

Disease states

infected
Article infected with without

1D susceptible exposed infected symptoms symptoms severely ill critically ill dead recovered

1 X X X X X X X X X
2 X X X X

3 X X X
4 X X X X X X X X X

5 X X X X X X X

6 X X X X X X X X

7 X X X X X X X X

8 X

9 X X X X X X
10 X X X X X X
11 X X X X X X
12 X X X X X X X
13 X X X X
14 X X X X X X
15 X X X
16 X X X X
17 X X X
18 X X X X X X
19 X X X X X X X
20 X X X X
21 X X X X
22 X X X X
23 X X X X X X
24 X X X X
25 X X X X X X
26 X X X X X X X
27 X X X X X X X X
28 X X X X X
29 X X X
30 X X X X

31 X X X X X X X X
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11-8) Agent behavior, validation, and calibration

Article
ID Agent Behavior Validation Calibration
1 random (social network but no spatial network) X
2 random (spatial network but no social network)
3 random (spatial network but no social network)
4 random (social network but no spatial network) X
5 random (no social network, no spatial network) real-world data (e.g., reports, survey data, or epidemic factor) X
6 random (social and spatial network) X
7 random (social network but no spatial network) real-world data (e.g., reports, survey data, or epidemic factor) X
8 random (social and spatial network) X
9 random (social and spatial network) real-world data (e.g., reports, survey data, or epidemic factor) X
10 fixed behavior (e.g., schedule or behavioral patterns)
11 dynamic or adaptive behavior (e.g., based on needs or utility) real-world data (e.g., reports, survey data, or epidemic factor) X
12 random (spatial network but no social network) X
13 random (social and spatial network) X
14 random (spatial network but no social network) X
15 random (spatial network but no social network)
16 random (social network but no spatial network) X
17 random (social network but no spatial network) X
18 random (spatial network but no social network)
19 random (social network but no spatial network)
20 dynamic or adaptive behavior (e.g., based on needs or utility) X
21 random (spatial network but no social network)
22 random (social network but no spatial network) X
23 fixed behavior (e.g., schedule or behavioral patterns) X
24 random (no social network, no spatial network)
25 X




26 random (no social network, no spatial network)

27 random (social network but no spatial network) real-world data (e.g., reports, survey data, or epidemic factor) X
28

29 random (spatial network but no social network)

30 random (social network but no spatial network) comparison with other models X
31 dynamic or adaptive behavior (e.g., based on needs or utility) X
32 random (spatial network but no social network) X
33 random (social network but no spatial network) X
34

35 random (social network but no spatial network) real-world data (e.g., reports, survey data, or epidemic factor) X
36

37 random (social and spatial network) X
38

39 random (social network but no spatial network)

40 random (social network but no spatial network) real-world data (e.g., reports, survey data, or epidemic factor) X
41 random (social and spatial network)

42 fixed behavior (e.g., schedule or behavioral patterns) X
43 random (no social network, no spatial network) X
44 random (spatial network but no social network)

45 random (spatial network but no social network)

46

47 fixed behavior (e.g., schedule or behavioral patterns)

48 random (social and spatial network)

49 random (spatial network but no social network)

50 fixed behavior (e.g., schedule or behavioral patterns) real-world data (e.g., reports, survey data, or epidemic factor) X
51 random (social network but no spatial network) X
52 random (social network but no spatial network) real-world data (e.g., reports, survey data, or epidemic factor)

53 random (no social network, no spatial network)

54 random (no social network, no spatial network)

55 random (social network but no spatial network)




56 random (social network but no spatial network)
57 random (social network but no spatial network) systematic testing (e.g., test cases or sensitivity analysis)
58 random (social and spatial network) real-world data (e.g., reports, survey data, or epidemic factor)
59 random (no social network, no spatial network)
60 fixed behavior (e.g., schedule or behavioral patterns) real-world data (e.g., reports, survey data, or epidemic factor)
61 dynamic or adaptive behavior (e.g., based on needs or utility)
62 random (social network but no spatial network)
random (spatial network but no social network) +
63 random (social network but no spatial network) assessment of conclusions
64 dynamic or adaptive behavior (e.g., based on needs or utility)
65 dynamic or adaptive behavior (e.g., based on needs or utility)
66 random (spatial network but no social network)
67 random (social network but no spatial network)
68 random (spatial network but no social network)
69 random (social network but no spatial network)
70 fixed behavior (e.g., schedule or behavioral patterns)
71 random (social network but no spatial network)
72 random (social network but no spatial network)
73 random (no social network, no spatial network)
74 random (social network but no spatial network)
75 random (social network but no spatial network)
76 random (social network but no spatial network)
77 random (spatial network but no social network)
78 fixed behavior (e.g., schedule or behavioral patterns) real-world data (e.g., reports, survey data, or epidemic factor)
79 random (social network but no spatial network) real-world data (e.g., reports, survey data, or epidemic factor)
80 fixed behavior (e.g., schedule or behavioral patterns) validation of soundness by experts
81 fixed behavior (e.g., schedule or behavioral patterns)
82
83 random (social network but no spatial network)
84 random (social network but no spatial network)
85 random (social network but no spatial network)




86

random (social network but no spatial network)

87

random (no social network, no spatial network)

88

fixed behavior (e.g., schedule or behavioral patterns)

89

random (no social network, no spatial network)

real-world data (e.g., reports, survey data, or epidemic factor)

90

random (social and spatial network)

91

real-world data (e.g., reports, survey data, or epidemic factor)

92

random (social network but no spatial network)

93

random (social network but no spatial network)

94

random (no social network, no spatial network)

real-world data (e.g., reports, survey data, or epidemic factor)

95

random (no social network, no spatial network)

96

97

random (spatial network but no social network)

98

random (no social network, no spatial network)

99

fixed behavior (e.g., schedule or behavioral patterns)

100

random (social network but no spatial network)

101

random (no social network, no spatial network) +
random (social network but no spatial network)

comparison with other models

102

random (no social network, no spatial network)

103

fixed behavior (e.g., schedule or behavioral patterns)

104

random (social network but no spatial network)

105

fixed behavior (e.g., schedule or behavioral patterns)

real-world data (e.g., reports, survey data, or epidemic factor)

106

random (social network but no spatial network)

real-world data (e.g., reports, survey data, or epidemic factor)

107

random (social network but no spatial network)

real-world data (e.g., reports, survey data, or epidemic factor)

108

fixed behavior (e.g., schedule or behavioral patterns)

109

random (spatial network but no social network)

110

random (social network but no spatial network)

111

random (social network but no spatial network)

112

random (spatial network but no social network)

comparison with other models

113

random (social network but no spatial network)

comparison with other models

114

random (no social network, no spatial network)

systematic testing (e.g., test cases or sensitivity analysis)




115

random (no social network, no spatial network)

116

fixed behavior (e.g., schedule or behavioral patterns)

validation of soundness by experts

117

random (spatial network but no social network)

systematic testing (e.g., test cases or sensitivity analysis)

118

random (social network but no spatial network)

119

random (no social network, no spatial network)

120

random (no social network, no spatial network)

real-world data (e.g., reports, survey data, or epidemic factor)

121

random (social network but no spatial network)

122

random (spatial network but no social network)

123

random (social network but no spatial network)

124

random (social network but no spatial network)

125

fixed behavior (e.g., schedule or behavioral patterns)

126

random (social network but no spatial network)

real-world data (e.g., reports, survey data, or epidemic factor)




IIT) References of included models

1.

10.

11.

12.

13.

Abdollahi E, Haworth-Brockman M, Keynan Y, Langley JM, Moghadas SM. Simulating
the effect of school closure during COVID-19 outbreaks in Ontario, Canada. BMC
Medicine. 2020 Jul 24; 18(1):230.

Ahmed DA, Ansari AR, Imran M, Dingle K, Ahmed N, Bonsall MA. Mechanistic
modelling of coronavirus infections and the impact of confined neighbourhoods on a
short time scale. medRxiv. 2020 Jul 30; Available from:
https://www.medrxiv.org/content/10.1101/2020.07.28.20163634v1

Akay H, Barbastathis G. Markovian Random Walk Modeling and Visualization of the
Epidemic Spread of COVID-19. medRxiv. 2020 Apr 17; Available from:
https://www.medrxiv.org/content/10.1101/2020.04.12.20062927v1

Akbarpour M, Cook C, Marzuoli A, Mongey S, Nagaraj A, Saccarola M, et al.
Socioeconomic Network Heterogeneity and Pandemic Policy Response. National Bureau
of Economic Research; 2020 Jun. Report No.: w27374. Available from:
https://www.nber.org/papers/w27374

Alagoz O, Sethi A, Patterson B, Churpek M, Safdar N. Impact of Timing of and
Adherence to Social Distancing Measures on COVID-19 Burden in the US: A Simulation
Modeling Approach. medRxiv. 2020 Jun 9; Available from:
https://www.medrxiv.org/content/10.1101/2020.06.07.20124859v1

Aleta A, Martin-Corral D, Pastore y Piontti A, Ajelli M, Litvinova M, Chinazzi M, et al.
Modelling the impact of testing, contact tracing and household quarantine on second
waves of COVID-19. Nat Hum Behav. 2020 Sep; 4(9):964-71.

Almagor J, Picascia S. Exploring the effectiveness of a COVID-19 contact tracing app
using an agent-based model. arXiv:200807336. 2020 Nov 3; Available from:
http://arxiv.org/abs/2008.07336

Alsing J, Usher N, Crowley PJ. Containing Covid-19 outbreaks with spatially targeted
short-term lockdowns and mass-testing. medRxiv. 2020 May 28; Available from:
https://www.medrxiv.org/content/10.1101/2020.05.05.20092221v2

Azzimonti M, Fogli A, Perri F, Ponder M. Pandemic Control in ECON-EPI Networks.
National Bureau of Economic Research; 2020 Aug. Report No.: w27741. Available
from: https://www.nber.org/papers/w27741

Bahl R, Eikmeier N, Fraser A, Junge M, Keesing F, Nakahata K, et al. Modeling COVID-
19 Spread in Small Colleges. arXiv:200809597. 2020 Aug 21; Available from:
http://arxiv.org/abs/2008.09597

Barrett K, Khan YA, Mac S, Ximenes R, Naimark DM, Sander B. Potential magnitude
of COVID-19-induced healthcare resource depletion in Ontario, Canada. medRxiv. 2020
Apr 22; Available from:
https://www.medrxiv.org/content/10.1101/2020.04.19.20071712v1

Bhattacharyya C, Vinay V. Suppress, and Not Just Flatten: Strategies for Rapid
Suppression of COVID19 Transmission in Small World Communities. J Indian Inst Sci.
2020 Oct 1;100(4):849-62.

Bicher MR, Rippinger C, Urach C, Brunmeir D, Siebert U, Popper N. Agent-Based
Simulation for Evaluation of Contact-Tracing Policies Against the Spread of SARS-



14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

CoV-2. medRxiv. 2020 Sep 17; Available from:
https://www.medrxiv.org/content/10.1101/2020.05.12.20098970v3

Bisin A, Moro A. Spatial-SIR with Network Structure and Behavior: Lockdown Policies
and the Lucas Critique. 2020. Available from: https://s18798.pcdn.co/albertobisin/wp-
content/uploads/sites/16384/2020/08/write-33.pdf

Biswas K, Sen P. Space-time dependence of corona virus (COVID-19) outbreak.
arXiv:200303149. 2020 Mar 6; Available from: http://arxiv.org/abs/2003.03149

Block P, Hoffman M, Raabe 1J, Dowd JB, Rahal C, Kashyap R, et al. Social network-
based distancing strategies to flatten the COVID-19 curve in a post-lockdown world.
Nature Human Behaviour. 2020 Jun;4(6):588-96.

Bossert A, Kersting M, Timme M, Schroder M, Feki A, Coetzee J, et al. Limited
containment options of COVID-19 outbreak revealed by regional agent-based
simulations for South Africa. arXiv:200405513. 2020 Apr 11; Available from:
http://arxiv.org/abs/2004.05513

Bouchnita A, Jebrane A. A hybrid multi-scale model of COVID-19 transmission
dynamics to assess the potential of non-pharmaceutical interventions. Chaos, Solitons &
Fractals. 2020 Sep; 138:109941.

Braun B, Taraktas B, Beckage B, Molofsky J. Simulating phase transitions and control
measures for network epidemics caused by infections with presymptomatic,
asymptomatic, and symptomatic stages. PLOS ONE. 2020 Sep; 15(9):e0238412.

Brootherhood L, Kircher P, Santos C, Tertilt M. An Economic Model of the COVID-19
Epidemic: The Importance of Testing and Age-Specific Policies. 2020 May. Available
from: https://www.iza.org/publications/dp/13265/an-economic-model-of-the-covid-19-
epidemic-the-importance-of-testing-and-age-specific-policies

Buhat CAH, Lutero DS, Olave YH, Torres MC, Rabajante JF. Transmission of
Respiratory Infectious Diseases between Neighboring Cities using Agent-based Model
and Compartmental Model. medRxiv. 2020 Jun 24; Available from:
https://www.medrxiv.org/content/10.1101/2020.06.24.20138818v1

Cencetti G, Santin G, Longa A, Pigani E, Barrat A, Cattuto C, et al. Digital Proximity
Tracing in the COVID-19 Pandemic on Empirical Contact Networks. medRxiv. 2020 Jul
2; Available from: https://www.medrxiv.org/content/10.1101/2020.05.29.20115915v2

Chang SL, Harding N, Zachreson C, Cliff OM, Prokopenko M. Modelling transmission
and control of the COVID-19 pandemic in Australia. Nat Commun. 2020
Dec;11(1):5710.

Chang M-C, Kahn R, Li Y-A, Lee C-S, Buckee CO, Chang H-H. Variation in human
mobility and its impact on the risk of future COVID-19 outbreaks in Taiwan. medRxiv.
2020 Aug 12; Available from:
https://www.medrxiv.org/content/10.1101/2020.04.07.20053439v2

Chao DL, Oron AP, Srikrishna D, Famulare M. Modeling layered non-pharmaceutical
interventions against SARS-CoV-2 in the United States with Corvid. medRxiv. 2020 Apr
11; Available from: https://www.medrxiv.org/content/10.1101/2020.04.08.20058487v1

Churches T, Jorm L. Flexible, Freely Available Stochastic Individual Contact Model for
Exploring COVID-19 Intervention and Control Strategies: Development and Simulation.
JMIR Public Health Surveill. 2020 Sep 18;6(3):e18965.



27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

Coletti P, Libin P, Petrof O, Willem L, Steven A, Herzog SA, et al. A data-driven
metapopulation model for the Belgian COVID-19 epidemic: assessing the impact of
lockdown and exit strategies. medRxiv. 2020 Jul 25; Available from:
https://www.medrxiv.org/content/10.1101/2020.07.20.20157933v1

Cremonini M, Maghool S. The Unknown of the Pandemic: An Agent-Based Model of
Final Phase Risks. JASSS. 2020;23(4):8.

Cuevas E. An agent-based model to evaluate the COVID-19 transmission risks in
facilities. Computers in Biology and Medicine. 2020 Jun 1; 121:103827.

D’Orazio M, Bernardini G, Quagliarini E. A probabilistic model to evaluate the
effectiveness of main solutions to COVID-19 spreading in university buildings according
to proximity and time-based consolidated criteria. 2020 Sep 25; Available from:
https://www.researchsquare.com/article/rs-82941/v1

Davids A, Rand GD, Georg C-P, Koziol T, Schasfoort JA. SABCoM: A Spatial Agent-
Based Covid-19 Model. medRxiv. 2020 Aug 1; Available from:
https://www.medrxiv.org/content/10.1101/2020.07.30.20164855v1

Dignum F, Dignum V, Davidsson P, Ghorbani A, van der Hurk M, Jensen M, et al.
Analysing the Combined Health, Social and Economic Impacts of the Coronavirus
Pandemic Using Agent-Based Social Simulation. Minds & Machines. 2020
Jun;30(2):177—

Eilersen A, Sneppen K. Cost-benefit of limited isolation and testing in COVID-19
mitigation. medRxiv. 2020 Oct 7; Available from:
https://www.medrxiv.org/content/10.1101/2020.04.09.20059790v4

Elbanna A, Wong GN, Weiner ZJ, Wang T, Zhang H, Liu Z, et al. Entry screening and
multi-layer mitigation of COVID-19 cases for a safe university reopening. medRxiv.
2020 Sep 2; Available from:
https://www.medrxiv.org/content/10.1101/2020.08.29.20184473v1

Espana G, Cavany S, Oidtman RJ, Barbera C, Costello A, Lerch A, et al. Impacts of K-
12 school reopening on the COVID-19 epidemic in Indiana, USA. medRxiv. 2020 Sep
14; Available from: https://www.medrxiv.org/content/10.1101/2020.08.22.20179960v2

Fang Z, Huang Z, Li X, Zhang J, Lv W, Zhuang L, et al. How many infections of COVID-
19 there will be in the “Diamond Princess”-Predicted by a virus transmission model
based on the simulation of crowd flow. arXiv:200210616. 2020 Feb 24; Available from:
http://arxiv.org/abs/2002.10616

Ferguson N, Laydon D, Nedjati Gilani G, Imai N, Ainslie K, Baguelin M, et al. Report
9: Impact of non-pharmaceutical interventions (NPIs) to reduce COVID19 mortality and
healthcare demand. Imperial College London; 2020 Mar. Available from:
http://spiral.imperial.ac.uk/handle/10044/1/77482

Fiore VG, DeFelice N, Glicksberg BS, Perl O, Shuster A, Kulkarni K, et al. Containment
of future waves of COVID-19: simulating the impact of different policies and testing
capacities for contact tracing, testing, and isolation. medRxiv. 2020 Jun 7; Available
from: https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7302294/

Firth JA, Hellewell J, Klepac P, Kissler S, Kucharski AJ, Spurgin LG. Using a real-world
network to model localized COVID-19 control strategies. Nature Medicine. 2020
Oct;26(10):1616-22.



40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

Gardner JM, Willem L, Wijngaart WVD, Kamerlin SCL, Brusselaers N, Kasson P.
Intervention strategies against COVID-19 and their estimated impact on Swedish
healthcare capacity. medRxiv. 2020 Apr 15; Available from:
https://www.medrxiv.org/content/10.1101/2020.04.11.20062133v1

Gasparek M, Racko M, Dubovsky M. A stochastic, individual-based model for the
evaluation of the impact of non-pharmacological interventions on COVID-19
transmission in  Slovakia. medRxiv. 2020 May 18; Available from:
https://www.medrxiv.org/content/10.1101/2020.05.11.20096362v1

Gaudou B, Huynh NQ, Philippon D, Brugi¢re A, Chapuis K, Taillandier P, et al.
COMOKIT: A Modeling Kit to Understand, Analyze, and Compare the Impacts of
Mitigation Policies Against the COVID-19 Epidemic at the Scale of a City. Front Public
Health. 2020 Sep 24; 8:563247.

German R, Djanatliev A, Maile L, Bazan P, Hackstein H. Modeling Exit Strategies from
COVID-19 Lockdown with a Focus on Antibody Tests. medRxiv. 2020 Apr 18;
Available from: https://www.medrxiv.org/content/10.1101/2020.04.14.20063750v1

Giacopelli G. A full-scale agent-based model of Lombardy COVID-19 dynamics to
explore social networks connectivity and vaccine impact on epidemic. medRxiv. 2020
Sep 14; Available from:
https://www.medrxiv.org/content/10.1101/2020.09.13.20193599v1

Goldenbogen B, Adler SO, Bodeit O, Wodke JA, Korman A, Bonn L, et al. Geospatial
precision simulations of community confined human interactions during SARS-CoV-2

transmission reveals bimodal intervention outcomes. medRxiv. 2020 May 27; Available
from: https://www.medrxiv.org/content/10.1101/2020.05.03.20089235v2

Gomez J, Prieto J, Leon E, Rodriguez A. INFEKTA: A General Agent-based Model for
Transmission of Infectious Diseases: Studying the COVID-19 Propagation in Bogota -
Colombia. medRxiv. 2020 Apr 22; Available from:
https://www.medrxiv.org/content/10.1101/2020.04.06.20056119v2

Gopalan A, Tyagi H. How Reliable are Test Numbers for Revealing the COVID-19
Ground Truth and Applying Interventions? arXiv:200412782. 2020 Apr 24; Available
from: http://arxiv.org/abs/2004.12782

Grauer J, Lowen H, Liebchen B. Strategic Spatiotemporal Vaccine Distribution Increases
the Survival Rate in an Infectious Disease like Covid-19. arXiv:200504056. 2020 Jun 29;
Available from: http://arxiv.org/abs/2005.04056

Gressman PT, Peck JR. Simulating COVID-19 in a university environment.
Mathematical Biosciences. 2020 Oct; 328:108436.

Gutin G, Hirano T, Hwang S-H, Neary PR, Toda AA. The Effect of Social Distancing
on the Reach of an Epidemic in Social Networks. arXiv:200503067. 2020 Nov 23;
Available from: http://arxiv.org/abs/2005.03067

Head JR, Andrejko K, Cheng Q, Collender PA, Phillips S, Boser A, et al. The effect of
school closures and reopening strategies on COVID-19 infection dynamics in the San
Francisco Bay Area: a cross-sectional survey and modeling analysis. medRxiv. 2020 Aug
7; Available from: https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7418765/

Hellewell J, Abbott S, Gimma A, Bosse NI, Jarvis CI, Russell TW, et al. Feasibility of
controlling COVID-19 outbreaks by isolation of cases and contacts. The Lancet Global
Health. 2020 Apr 1; 8(4):e488-96.



53.

54.

55.

56.

57.

38.

59.

60.

61.

62.

63.

64.

65.

66.

67.

Herbrich R, Rastogi R, Vollgraf R. CRISP: A Probabilistic Model for Individual-Level
COVID-19 Infection Risk Estimation Based on Contact Data. arXiv:200604942. 2020
Jun 9; Available from: http://arxiv.org/abs/2006.04942

Hernandez-Orallo E, Manzoni P, Calafate CT, Cano J. Evaluating How Smartphone
Contact Tracing Technology Can Reduce the Spread of Infectious Diseases: The Case of
COVID-19. IEEE Access. 2020; 8:99083-97.

Herrmann HA, Schwartz J-M. Why COVID-19 models should incorporate the network
of social interactions. Phys Biol. 2020 Oct 13;17(6):065008.

Hinch R, Probert WIM, Nurtay A, Kendall M, Wymatt C, Hall M, et al. OpenABM-
Covid19 - an agent-based model for non-pharmaceutical interventions against COVID-
19 including contact tracing. medRxiv. 2020 Sep 22; Available from:
https://www.medrxiv.org/content/10.1101/2020.09.16.20195925v1

Hoertel N, Blachier M, Blanco C, Olfson M, Massetti M, Limosin F, et al. Facing the
COVID-19 epidemic in NYC: a stochastic agent-based model of various intervention
strategies. Public and Global Health; 2020 Apr. Available from:
http://medrxiv.org/lookup/doi/10.1101/2020.04.23.20076885

Huang Q, Mondal A, Jiang X, Horn MA, Fan F, Fu P, et al. SARS-CoV-2 transmission
and control in a hospital setting: an individual-based modelling study. medRxiv. 2020
Aug 25; Available from:
https://www.medrxiv.org/content/10.1101/2020.08.22.20179929v1

Jackson ML. Low-impact social distancing interventions to mitigate local epidemics of
SARS-CoV-2. Microbes and Infection. 2020 Nov 1;22(10):611-6.

Jalayer M, Orsenigo C, Vercellis C. CoV-ABM: A stochastic discrete-event agent-based
framework to simulate spatiotemporal dynamics of COVID-19. arXiv:200713231. 2020
Jul 26; Available from: http://arxiv.org/abs/2007.13231

Jenness SM, Willebrand KS, Malik AA, Lopman BA, Omer SB. Dynamic Network
Strategies for SARS-CoV-2 Control on a Cruise Ship. medRxiv. 2020 Oct 6; Available
from: https://www.medrxiv.org/content/10.1101/2020.08.26.20182766v2

Kai D, Goldstein G-P, Morgunov A, Nangalia V, Rotkirch A. Universal Masking is
Urgent in the COVID-19 Pandemic: SEIR and Agent Based Models, Empirical
Validation, Policy Recommendations. arXiv:200413553. 2020 Apr 22; Available from:
http://arxiv.org/abs/2004.13553

Kano T, Yasui K, Mikami T, Asally M, Ishiguro A. An agent-based model for
interrelation between COVID-19 outbreak and economic activities. arXiv:200711988.
2020 Jul 22; Available from: http://arxiv.org/abs/2007.11988

Karaivanov A. A social network model of COVID-19. PLOS ONE. 2020 okt;
15(10):¢0240878.

Karatayev VA, Anand M, Bauch CT. Local lockdowns outperform global lockdown on
the far side of the COVID-19 epidemic curve. PNAS. 2020 Sep 29;117(39):24575-80.

Karin O, Bar-On YM, Milo T, Katzir I, Mayo A, Korem Y, et al. Cyclic exit strategies
to suppress COVID-19 and allow economic activity. medRxiv. 2020 Apr 28; Available
from: https://www.medrxiv.org/content/10.1101/2020.04.04.20053579v4

Kartha M, Pathan H. Simulation Study on Effect of Lockdown and Recovery Time on
Spread of COVID-19 in High and Low-Density Areas. Rochester, NY: Social Science



68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

Research Network; 2020 Apr. Report No.: ID 3572697. Available from:
https://papers.ssrn.com/abstract=3572697

Kerr CC, Stuart RM, Mistry D, Abeysuriya RG, Hart G, Rosenfeld K, et al. Covasim: an
agent-based model of COVID-19 dynamics and interventions. medRxiv. 2020 May 15;
Available from: https://www.medrxiv.org/content/10.1101/2020.05.10.20097469v1

Kloh VP, Silva GD, Ferro M, Aratijo E, Melo CB, Lima JRP de A, et al. The virus and
socioeconomic inequality: An agent-based model to simulate and assess the impact of
interventions to reduce the spread of COVID-19 in Rio de Janeiro, Brazil. BJHR.
2020;3(2):3647-73.

Kolumbus Y, Nisan N. On the Effectiveness of Tracking and Testing in SEIR Models.
arXiv:200706291. 2020 Jul 13; Available from: http://arxiv.org/abs/2007.06291

Koo JR, Cook AR, Park M, Sun Y, Sun H, Lim JT, et al. Interventions to mitigate early
spread of SARS-CoV-2 in Singapore: a modelling study. The Lancet Infectious Diseases.
2020 Jun;20(6):678-88.

Kretzschmar ME, Rozhnova G, Bootsma MCJ, Boven M van, Wijgert JHHM van de,
Bonten MJM. Impact of delays on effectiveness of contact tracing strategies for COVID-
19: a modelling study. The Lancet Public Health. 2020 Aug 1;5(8):e452-9.

Kucharski AJ, Klepac P, Conlan AJK, Kissler SM, Tang ML, Fry H, et al. Effectiveness
of isolation, testing, contact tracing, and physical distancing on reducing transmission of

SARS-CoV-2 in different settings: a mathematical modelling study. The Lancet
Infectious Diseases. 2020 Oct 1;20(10):1151-60.

Kwon O, Son W-S, Kim JY, Kim J-H. Intervention effects in the transmission of COVID-
19 depending on the detection rate and extent of isolation. Epidemiol Health. 2020 Jun
23;42. Available from: http://www.e-
epih.org/journal/view.php?doi=10.4178/epih.e2020045

Leng T, White C, Hilton J, Kucharski A, Pellis L, Stage H, et al. The effectiveness of
social bubbles as part of a Covid-19 lockdown exit strategy, a modelling study. Wellcome
Open Res. 2020 Sep 10; 5:213.

Li X, Cai Y, Ding Y, Li J, Huang G, Liang Y, et al. Discrete simulation analysis of
COVID-19 and prediction of isolation bed numbers. medRxiv. 2020 Jul 14; Available
from: https://www.medrxiv.org/content/10.1101/2020.07.13.20152330v1

Lorch L, Kremer H, Trouleau W, Tsirtsis S, Szanto A, Scholkopf B, et al. Quantifying
the Effects of Contact Tracing, Testing, and Containment Measures in the Presence of
Infection  Hotspots.  arXiv:200407641. 2020 Oct 26; Available from:
http://arxiv.org/abs/2004.07641

Mahdizadeh Gharakhanlou N, Hooshangi N. Spatio-temporal simulation of the novel
coronavirus (COVID-19) outbreak using the agent-based modeling approach (case study:
Urmia, Iran). Informatics in Medicine Unlocked. 2020; 20:100403.

Maheshwari P, Albert R. Network model and analysis of the spread of Covid-19 with
social  distancing.  arXiv:200609189. 2020 Jun 16; Available from:
http://arxiv.org/abs/2006.09189

Mahmood BM, Dabdawb MM. The Pandemic COVID-19 Infection Spreading Spatial
Aspects: A Network-Based Software Approach. AL-Rafidain Journal of Computer
Sciences and Mathematics. 2020 May 1;14(1):159-70.



81.

82.

83.

84.

85.

86.

87.

88.

9.

90.

91.

92.

93.

94.

Mahmood I, Arabnejad H, Suleimenova D, Sassoon I, Marshan A, Serrano-Rico A, et al.
FACS: a geospatial agent-based simulator for analysing COVID-19 spread and public
health measures on local regions. Journal of Simulation. 2020 Aug 20;0(0):1-19.

Manout O, El-Megzari I, Ciari F. Modeling the COVID-19 pandemic: a sensitivity
analysis on input data using agent-based transportation simulation. 2020 Sep; Available
from: https://trid.trb.org/view/1749284

Manzo G, van de Rijt A. Halting SARS-CoV-2 by Targeting High-Contact Individuals.
JASSS. 2020;23(4):10.

Marquioni VM, de Aguiar MAM. Quantifying the effects of quarantine using an IBM
SEIR model on scalefree networks. Chaos, Solitons & Fractals. 2020 Sep 1; 138:109999.

Martos DM, Parcell B, Eftimie R. Modelling the transmission of infectious diseases
inside hospital bays: implications for Covid-19. medRxiv. 2020 Sep 8; Available from:
https://www.medrxiv.org/content/10.1101/2020.09.04.20188110v1

McCombs A, Kadelka C. A model-based evaluation of the efficacy of COVID-19 social
distancing, testing and hospital triage policies. PLOS Computational Biology. 2020
okt;16(10):e1008388.

Michaels JA, Stevenson MD. Explaining national differences in the mortality of Covid-
19: individual patient simulation model to investigate the effects of testing policy and
other factors on apparent mortality. medRxiv. 2020 Apr 6; Available from:
https://www.medrxiv.org/content/10.1101/2020.04.02.20050633v2

Milne GJ, Xie S. The Effectiveness of Social Distancing in Mitigating COVID-19
Spread: a modelling analysis. medRxiv. 2020 Mar 23; Available from:
https://www.medrxiv.org/content/10.1101/2020.03.20.20040055v1

Mohsen A, Alarabi A. The impact of community containment implementation timing on
the spread of COVID-19: A simulation study. F1000Res. 2020 May 27; 9:452.

Miiller SA, Balmer M, Neumann A, Nagel K. Mobility traces and spreading of COVID-
19. medRxiv. 2020 Mar 30; Available from:
https://www.medrxiv.org/content/10.1101/2020.03.27.20045302v1

Nadini M, Zino L, Rizzo A, Porfiri M. A multi-agent model to study epidemic spreading
and vaccination strategies in an urban-like environment. Appl Netw Sci. 2020
Dec;5(1):1-30.

Nande A, Adlam B, Sheen J, Levy MZ, Hill AL. Dynamics of COVID-19 under social
distancing measures are driven by transmission network structure. medRxiv. 2020 Jun
5;2020.06.04.20121673.

Narassima MS, Jammy GR, Pant R, Choudhury L, R A, Yeldandi V, et al. An Agent
Based Model for assessing spread and health systems burden for COVID-19 in

Rangareddy  district,  Telangana  state, India. = medRxiv. 2020  Oct
19;2020.06.04.20121848.

Neilan AM, Losina E, Bangs AC, Flanagan C, Panella C, Eskibozkurt GE, et al. Clinical
Impact, Costs, and Cost-Effectiveness of Expanded SARS-CoV-2 Testing in
Massachusetts.  Clin  Infect Dis. 2020 Sep 18; Available from:
https://academic.oup.com/cid/advance-article/doi/10.1093/cid/ciaal418/5908298



95.

96.

97.

98.

99.

100.

101.

102.

103.

104.

105.

106.

107.

Ng T-CV, Cheng H-Y, Chang H-H, Liu C-C, Yang C-C, Jian S-W, et al. Effects of case-
and population-based COVID-19 interventions in Taiwan. medRxiv. 2020 Aug 19;
Available from: https://www.medrxiv.org/content/10.1101/2020.08.17.20176255v1

Ng V, Fazil A, Waddell LA, Bancej C, Turgeon P, Otten A, et al. Projected effects of
nonpharmaceutical public health interventions to prevent resurgence of SARS-CoV-2
transmission in Canada. CMAJ. 2020 Sep 14; 192(37):E1053—64.

Nuiez-Corrales S, Jakobsson E. The Epidemiology Workbench: a Tool for Communities
to Strategize in Response to COVID-19 and other Infectious Diseases. medRxiv. 2020
Aug 5; Available from:
https://www.medrxiv.org/content/10.1101/2020.07.22.20159798v2

Peak CM, Kahn R, Grad YH, Childs LM, Li R, Lipsitch M, et al. Individual quarantine
versus active monitoring of contacts for the mitigation of COVID-19: a modelling study.
The Lancet Infectious Diseases. 2020 Sep 1; 20(9):1025-33.

Pescarmona G, Terna P, Acquadro A, Pescarmona P, Russo G, Terna S. The Contagion
Sequences of the Epidemic S.I.s.a.R. Model: A Source of Suggestions for Intervention
Policies. 2020 Oct p. 39. Available from: terna.to.it/simul/contagionSequences.pdf

Phillips B, Browne D, Anand M, Bauch C. Model-based projections for COVID-19
outbreak size and student-days lost to closure in Ontario childcare centres and primary
schools. medRxiv. 2020 Aug 16; Available from:
https://www.medrxiv.org/content/10.1101/2020.08.07.20170407v2

Pollmann TR, Pollmann J, Wiesinger C, Haack C, Shtembari L, Turcati A, et al. The
impact of digital contact tracing on the SARS-CoV-2 pandemic - a comprehensive
modelling study. medRxiv. 2020 Sep 14; Available from:
https://www.medrxiv.org/content/10.1101/2020.09.13.20192682v1

Rajabi A, Mantzaris AV, Mutlu EC, Garibay I. Investigating dynamics of COVID-19
spread and containment with agent-based modeling. medRxiv. 2020 Aug 21; Available
from: https://www.medrxiv.org/content/10.1101/2020.08.18.20177451v1

Rechtin M, Feldman V, Klare S, Riddle N, Sharma R. Modeling and Simulation of
COVID-19 Pandemic for Cincinnati Tri-State Area. arXiv:200606021. 2020 Jun 15;
Available from: http://arxiv.org/abs/2006.06021

Reich O, Shalev G, Kalvari T. Modeling COVID-19 on a network: super-spreaders,
testing and containment. medRxiv. 2020 May 5; Available from:
https://www.medrxiv.org/content/10.1101/2020.04.30.20081828v1

Rockett RJ, Arnott A, Lam C, Sadsad R, Timms V, Gray K-A, et al. Revealing COVID-
19 transmission in Australia by SARS-CoV-2 genome sequencing and agent-based
modeling. Nat Med. 2020 Sep;26(9):1398-404.

Rosenstrom E, Aglar BO, Ivy JS, Keskinocak P, Mayorga M, Swann JL. High-Quality
Masks Can Reduce Infections and Deaths in the US. medRxiv. 2020 Sep 29; Available
from: https://www.medrxiv.org/content/10.1101/2020.09.27.20199737v1

Scabini LFS, Ribas LC, Neiva MB, Junior AGB, Farfan AJF, Bruno OM. Social
interaction layers in complex networks for the dynamical epidemic modeling of COVID-
19 in Brazil. Physica A: Statistical Mechanics and its Applications. 2021 Feb 15;
564:125498.



108.

109.

110.

111.

112.

113.

114.

115.

116.

117.

118.

119.

120.

121.

Silva PCL, Batista PVC, Lima HS, Alves MA, Guimaraes FG, Silva RCP. COVID-ABS:
An agent-based model of COVID-19 epidemic to simulate health and economic effects
of social distancing interventions. Chaos, Solitons & Fractals. 2020 Oct 1; 139:110088.

Situngkir H. The Pandemics in Artificial Society: Agent-Based Model to Reflect
Strategies on COVID-19. medRxiv. 2020 Jul 29; Available from:
https://www.medrxiv.org/content/10.1101/2020.07.27.20162511v1

Small M, Cavanagh D. Modelling strong control measures for epidemic propagation with
networks -- A COVID-19 case study. arXiv:200410396. 2020 Jun 8; Available from:
http://arxiv.org/abs/2004.10396

Son W-S, Team Risewid. Individual-based simulation model for COVID-19
transmission in Daegu,Korea. Epidemiol Health. 2020 Jun 15; €2020042.

Thompson J, McClure R, Blakely T, Wilson N, Baker M, Wijnands JS, et al. Modelling
the estimated likelihood of eliminating the SARS-CoV-2 pandemic in Australia and New
Zealand under public health policy settings: an agent-based-SEIR approach. Rochester,
NY: Social Science Research Network; 2020 Apr. Report No.: ID 3588074. Available
from: https://papers.ssrn.com/abstract=3588074

Topirceanu A, Udrescu M, Marculescu R. Centralized and decentralized isolation
strategies and their impact on the COVID-19 pandemic dynamics. arXiv:200404222.
2020 Apr 10; Available from: http://arxiv.org/abs/2004.04222

Tuomisto JT, Yrj6ld J, Kolehmainen M, Bonsdorff J, Pekkanen J, Tikkanen T. An agent-
based epidemic model REINA for COVID-19 to identify destructive policies. medRxiv.
2020 Apr 17; Available from:
https://www.medrxiv.org/content/10.1101/2020.04.09.20047498v2

Wagner M, Kombe IK, Kiti MC, Aziza R, Barasa E, Nokes DJ. Using contact data to
model the impact of contact tracing and physical distancing to control the SARS-CoV-2
outbreak in Kenya. Wellcome Open Res. 2020 Sep 10; 5:212.

Wallentin G, Kaziyeva D, Reibersdorfer-Adelsberger E. COVID-19 Intervention
Scenarios for a Long-term Disease Management. Int J Health Policy Manag. 2020 Jul
26;1.

Wang Q, Shi N, Huang J, Cui T, Yang L, AiJ, et al. Effectiveness and cost-effectiveness
of public health measures to control COVID-19: a modelling study. medRxiv. 2020 Mar
27; Available from: https://www.medrxiv.org/content/10.1101/2020.03.20.20039644v2

Wells K, Lurgi M. COVID-19 containment policies through time may cost more lives at
metapopulation  level.  medRxiv. 2020  Apr  29;  Available from:
https://www.medrxiv.org/content/10.1101/2020.04.22.20075093v1

Wells K, Lurgi M, Collins B, Lucini B, Kao RR, Lloyd AL, et al. COVID-19 control
across urban-rural gradients. medRxiv. 2020 Sep 10; Available from:
https://www.medrxiv.org/content/10.1101/2020.09.07.20189597v2

Wilder B, Charpignon M, Killian JA, Ou H-C, Mate A, Jabbari S, et al. Modeling
between-population variation in COVID-19 dynamics in Hubei, Lombardy, and New
York City. PNAS. 2020 Oct 13;117(41):25904-10.

Willem L, Abrams S, Libin PJK, Coletti P, Kuylen E, Petrof O, et al. The impact of
contact tracing and household bubbles on deconfinement strategies for COVID-19: an



122.

123.

124.

125.

126.

individual-based modelling study. medRxiv. 2020 Nov 18; Available from:
https://www.medrxiv.org/content/10.1101/2020.07.01.20144444v4

Xiao Y, Yang M, Zhu Z, Yang H, Zhang L, Ghader S. Modeling indoor-level non-
pharmaceutical interventions during the COVID-19 pandemic: a pedestrian dynamics-
based microscopic simulation approach. arXiv:200610666. 2020 Jun 18; Available from:
http://arxiv.org/abs/2006.10666

Xue L, Jing S, Miller JC, Sun W, Li H, Estrada-Franco JG, et al. A data-driven network
model for the emerging COVID-19 epidemics in Wuhan, Toronto and Italy.
Mathematical Biosciences. 2020 Aug 1; 326:108391.

Yang S, Senapati P, Wang D, Bauch CT, Fountoulakis K. Targeted Pandemic
Containment  Through Identifying Local Contact Network Bottlenecks.
arXiv:200606939. 2020 Jun 12; Available from: http://arxiv.org/abs/2006.06939

Zhang N, Cheng P, Jia W, Dung C-H, Liu L, Chen W, et al. Impact of intervention
methods on COVID-19 transmission in Shenzhen. Building and Environment. 2020 Aug
1; 180:107106.

Zhao PJ. A Social Network Model of the COVID-19 Pandemic. medRxiv. 2020 Mar 27;
Available from: https://www.medrxiv.org/content/10.1101/2020.03.23.20041798v1



