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Abstract

Large-scale decisions can significantly impact the health, security, and economic well-
being of a society, making it essential to provide appropriate tools and data for informed
decision-making. However, in situations of uncertainty as witnessed with COVID-19, it is
prudent to utilize simulation tools that can project future scenarios and assess their effects
on a population. With the computational capabilities available today, population
simulations can closely mimic real-world dynamics. By setting parameters and observing
their impact, decision-makers can evaluate different scenarios and assess their

consequences on the population.

In this study, we present an Epidemic Simulation Framework to replicate the spread of
infectious diseases within a population using the Susceptible-Infectious-Recovered (SIR)
model on a 2D plane, supported by a software application tool. This tool serves as a
valuable resource for researchers, policymakers, and the general public by allowing them
to create and manipulate populations with varying sizes and characteristics, incorporating
parameters such as vaccination, quarantine, and infection rates. By utilizing this tool,
users can proficiently introduce infectious individuals and closely monitor the subsequent
dynamics of disease spread. The tool not only offers real-time data concerning the
distribution of individuals across different disease stages but also presents informative

graphs and charts that vividly depict the progression of the epidemic.

To evaluate the accuracy of this framework, we gathered authentic data on the
dissemination of COVID-19 in Algeria. By comparing this data with the simulation
results generated by the tool, we observed a noteworthy correlation between the two. This
substantiates a strong correspondence between the simulation outcomes and the actual

advancement of the disease.
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Introduction

The Covid-19 pandemic has underscored the importance of epidemiology in
comprehending and managing infectious diseases [1]. Consequently, researchers have
developed simulation tools such as Covidsim to study and control Covid-19 outbreak in
137 low and middle-income countries (LMICs). The tool was developed by Imperial’s

MRC Centre for Global Infectious Disease Analysis, London [2].

This report presents a framework supported by a simulation tool that employs the SIR
(Susceptible, Infectious, Recovered) model to simulate epidemic scenarios, categorizing
the population into susceptible, infectious, and recovered individuals. By simulating the
spread of epidemics and analyzing their long-term impact, this tool assists public health
officials, policymakers, and researchers in understanding disease transmission patterns,
evaluating control measures, and devising preventive strategies [3][4][5]. The user-
friendly interface of the interactive simulation tool enables individuals with limited
knowledge of epidemiology to explore various scenarios, experiment with intervention

strategies, and observe real-time outcomes.

This approach not only provides valuable insights for decision-making and research but
also raises awareness about the importance of adhering to regulations and intervention
methods among diverse users. Ultimately, the tool contributes to the promotion of public
health by enhancing the understanding of disease dynamics and supporting well-informed

decision-making to effectively mitigate the impact of future outbreaks [6][7][8].

Our primary objectives focused on two main areas of investigation. Firstly, we aimed to
understand the dynamics of virus propagation within a population, taking into account
factors such as its potency, contagiousness, and population attributes such as density.
Secondly, we aimed to examine the impact of various intervention methods, including

vaccination and social distancing, on disease transmission.

The Covid-19 pandemic has underscored the significance of epidemic modeling and
simulation as essential tools for understanding disease dynamics. Simulation models offer
valuable insights into the spread of infectious diseases, enabling the development of
effective strategies for outbreak mitigation and informed intervention measures.
Furthermore, the integration of an interactive tool not only educates but also engages the

public, fostering proactive participation in public health initiatives. In summary, this



project aims to enhance preparedness and response capabilities, ultimately minimizing the

impact of future epidemics.

The simulation tool will facilitate the exploration of diverse epidemic scenarios and allow
for the analysis of different parameters and intervention strategies to comprehend their

impact on epidemic dynamics. The specific objectives of this report are as follows:

e Definition of a Framework that describes the guidelines of the simulation of a
specific disease.

e Development of a Simulation Model: The first objective is to develop a simulation
model based on the SIR (Susceptible-Infectious-Recovered) model.

e Implementation of an Interactive Tool: Users will have the ability to interact with
the tool seamlessly, modify parameters in real-time, and observe the resulting
effects on disease spread.

e Evaluation of Intervention Strategies: This objective entails assessing the
effectiveness of various interventions, such as vaccination campaigns and
quarantine policies, through rigorous experimentation within the simulation.

e Validation with Real-World Data: The final objective is to validate the simulation
model by comparing its outputs with real-world data on the spread of infectious

diseases.

The report is organized into three main chapters. The first chapter, Literature Review,
provides a theoretical background and a comprehensive review of relevant literature in
epidemiology. It establishes the project's foundation by discussing key concepts and
theories. The second chapter, known as the Methodology, concentrates on the
technologies and techniques employed to develop the interactive epidemic simulation
tool. It outlines the specific methodologies and approaches used in the development
process. Finally, the third chapter, Results, Analysis & Discussions, presents the
application tests and analyzes the effects of various parameters. It also compares real-
world data with the simulation output, facilitating a comprehensive understanding of the

project's findings and insights.
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Chapter 1: Literature Review

1.1 Overview

Epidemiology is the study of the distribution and determinants of diseases and health
conditions in populations [9][10]. Epidemics can occur when an infectious disease
spreads rapidly through a population, causing significant illness and mortality. The
impact of epidemics can be devastating, both in terms of public health and the economy
[11]. Understanding how epidemics spread and the factors that contribute to their
transmission is crucial for public health officials and policymakers to make informed
decisions. There are different types of epidemics, including outbreaks, epidemics, and
pandemics [12]. Outbreaks are localized epidemics that occur in a specific geographic
area or population. Epidemics occur when an infectious disease spreads rapidly through a
population, affecting a large number of people. Pandemics are global epidemics that
affect multiple countries and continents [12]. This chapter lays the groundwork for the
research project by providing a theoretical background and a comprehensive examination
of relevant literature in the field of epidemiology. It discusses important concepts and

theories, offering a clear understanding of the existing knowledge in this area of study.

1.2 Epidemiology Terms

In this section, we will define important terms that are essential for understanding and
explaining the results. By providing straightforward explanations of these terms, we aim
to ensure that readers have the necessary knowledge to discuss and interpret the findings

accurately.
1.2.1 Incubation Period

The incubation period of a disease is the time between when a person is infectious and
when they start showing symptoms. The incubation period is important because it affects
the transmission dynamics of the disease. Diseases with a longer incubation period can
spread more easily because infectious individuals may not know they are sick and can

unknowingly spread the disease to others [13][14].
1.2.2 Virulence

Virulence in epidemiology refers to the severity of disease caused by a pathogen,
indicating its ability to harm or cause illness in infected individuals. It encompasses

factors such as the pathogen's genetic makeup, virulence factors, and the host's immune
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response, influencing the overall impact and potential complications of the infection.
Understanding virulence is crucial for assessing the severity of outbreaks and guiding

appropriate public health measures [15][16][17].
1.2.3 Basic Reproduction Number (Ry)

The basic reproduction number (Ro), also known as “R naught” or “R zero” serves as a
measure of how contagious or easily a disease can spread among individuals. It is a
commonly used metric in the fields of epidemiology and public health, and is often
discussed in both academic literature and popular media. Ro holds significant importance
as a fundamental tool for studying the dynamics of infectious diseases. When referring to
a specific disease outbreak, Ry is typically represented by a single numeric value or a
range of values, indicating the potential for the outbreak to continue or subside. In
general, Ro of an epidemiological model represents the average number of new infections
caused by a single infectious individual [18][19] (Figure 1) in a population that is entirely

susceptible to the disease.
RO=3

’
ee— % of

2 infectious initially infect 3 on average

Figure 1 - Basic Reproduction Number Demonstration

The basic reproduction number serves as a valuable indicator to predict whether a disease
will persist or disappear. According to established references in mathematical
epidemiology, when Ry is less than 1, the number of infectious individuals decreases over
time, leading to the elimination of the disease. Under certain additional assumptions, the
population eventually reaches a state where there are no infectious individuals, known as
a disease-free equilibrium. On the other hand, when Ry is greater than 1, the number of
infectious cases increases, reaches a peak, and then declines to zero in the case of
epidemic models. In the case of endemic models, Ro causes the disease to stabilize at a

certain level, known as an endemic equilibrium [20][21].



The measurement and modeling of R0, along with its application, should be approached
with caution due to its indirect nature, dependence on model structures and assumptions
[20]. In the context of the simulation, the basic reproduction number (Ro) is computed

using Equation 1.

number of infections today

(1)

Ry = - .
O number of infections two days ago

1.3 Epidemiology

Epidemiology is a scientific discipline that focuses on studying the distribution and
determinants of health-related events, particularly diseases, within populations. It
encompasses the investigation of patterns, causes, and effects of diseases, as well as the
development of strategies for disease control and prevention. Epidemiologists collect and
analyze data to understand the frequency and distribution of diseases, identify risk factors,
and assess the impact of interventions. By studying the epidemiology of diseases,
researchers can gain insights into disease transmission dynamics and guide public health

policies and practices [22][23].

1.4 Phases of Disease Transmission
1.4.1 Epidemic

An epidemic occurs when the occurrence of cases of a particular disease exceeds what is
normally expected within a given population, geographic area, or time period [24].
During an epidemic, there is a rapid and substantial increase in the number of cases,
resulting in a significant burden on healthcare systems and potentially leading to severe
morbidity and mortality. Epidemics can arise from various factors, such as the
introduction of a new pathogen, changes in pathogen virulence or transmissibility, and
environmental or social factors that promote disease spread. Understanding the dynamics
of an epidemic is crucial for implementing timely and effective control measures

[24][25][26].
1.4.2 Endemic

Endemic refers to the constant presence or usual prevalence of a disease within a specific
population or geographic area. Unlike an epidemic, where there is a sudden surge in
cases, endemic diseases persistently occur at a relatively steady level, often with periodic
fluctuations. Endemic diseases are often influenced by factors such as host susceptibility,

pathogen persistence, environmental conditions, and human behavior. Monitoring and

6



managing endemic diseases require ongoing surveillance, targeted interventions, and
public health strategies to minimize the disease burden and maintain control over time

[24][27].
1.4.3 Eradication

Eradication refers to the complete elimination of a disease from a specific population or
the global population. Eradicating a disease involves permanently reducing the incidence
of infection to zero through deliberate efforts. Successful eradication efforts have been
demonstrated in the case of diseases like smallpox, which was declared eradicated in
1980 [28]. Eradication requires a combination of robust surveillance systems, effective
vaccines or treatments, widespread public health interventions, and global coordination.
Achieving eradication is a significant milestone and represents the highest level of disease

control, offering long-term protection against the disease [5][29].

1.5 Compartmental Models

Compartmental models are a common technique used in mathematical modeling,
especially when studying infectious diseases. These models divide the population into
different groups, like "Susceptible," "Infectious," or "Recovered". Each compartment

represents a distinct stage of infection or disease progression [30][31].
1.5.1 SIR Model

The SIR model is a type of compartmental model that is widely used due to its simplicity
and versatility. Many derivative models are built upon this basic form, which comprises
three compartments: S, I, and R. The S compartment represents the number of susceptible
individuals, i.e., those who have not yet been infectious with the disease but can become
infectious upon contact with an infectious individual. The I compartment represents the
number of infectious individuals, i.c., those who have been infected with the disease and
can transmit it to susceptible individuals. The R compartment represents the number of
recovered or deceased individuals, who have either recovered from the disease and
entered the recovered compartment or died. It is assumed that the number of deaths is
negligible with respect to the total population. This compartment may also be referred to
as "removed" or "resistant". The SIR model is widely used in the study of infectious
diseases that are transmitted from human to human, like measles, mumps, and rubella. A
spatial SIR model simulation can be used to model the spread of disease across a

population. The S, I, and R variables represent the number of people in each compartment



at a specific time, and their values can vary over time due to changes in the number of
susceptible, infectious, and recovered individuals. The model is dynamic, which means

that the numbers in each compartment can fluctuate over time [32][33][34].
1.5.2 SIRV Model

The Susceptible-Infectious-Recovered-Vaccinated (SIRV) model is an expanded variant
of the well-established Susceptible-Infectious-Recovered (SIR) model, designed to
incorporate the impact of vaccination on the susceptible population. The SIRV model is a
widely-used tool for modeling infectious disease dynamics and evaluating the potential
effects of vaccination programs on disease transmission. By considering the effects of
vaccination in conjunction with the traditional SIR compartments, the SIRV model allows
for a more comprehensive understanding of the dynamics of infectious diseases and the

potential impact of vaccination interventions [32][35][36].

1.6 Probability

Probability, in general, refers to the measure of the likelihood or chance of an event or
outcome occurring. It is a mathematical concept used to quantify uncertainty and provide
information about the chances of different outcomes in a given situation. Probability is
expressed as a value between 0 and 1, where 0 represents impossibility (an event will not

occur) and 1 represents certainty (an event will definitely occur).

In the context of epidemiology, probability plays a crucial role in understanding the
relationship between exposures and the risk of health effects. Probability calculations
involve considering various factors, including the prevalence and incidence of diseases,
exposure levels, demographics, and other relevant variables. By analyzing these factors
and applying probability theory, researchers can estimate the probability of disease
occurrence within a population or specific groups, evaluate the impact of different risk

factors, and develop strategies for disease prevention and control.

Probability in epidemiology allows researchers to quantify the likelihood of disease
outcomes, understand the magnitude of associations between exposures and health
effects, and assess the effectiveness of interventions. It helps in identifying individuals or
populations at higher risk, informing public health policies and guidelines, and evaluating

the impact of preventive measures on disease burden [37][38].



1.6.1 Uniform Distribution

Uniform distribution, also known as rectangular distribution, refers to a probability
distribution in which all outcomes within a given range have equal probability. In other

words, each value within the range has the same likelihood of occurring [39].

In a uniform distribution, the probability density function (PDF) is constant over the
entire range of possible values, resulting in a rectangular shape when plotted on a graph.
The PDF assigns equal probabilities to all values within the range and is typically

represented as shown in Equation 2

1
for a<x<b

fexy =10 - a) )
0 for x<aorx>b

where a and b represent the lower and upper limits of the range, respectively[40].

The cumulative distribution function (CDF) of a uniform distribution is a linear function,
increasing steadily from O to 1 over the range from a to b. When the value is below the
starting point ‘a’, the probability is 0, meaning it cannot occur. On the other hand, when
the value is beyond the ending point ‘b’, the probability is 1, indicating it is certain to

happen as summarized in equation (3 [40]

0forx<a
xX—a
f(.X'): meTaSXSb (3)
1forx>b

The uniform distribution is often used in situations where each outcome has an equal
chance of occurring, such as in random number generation, simulations, certain sampling
techniques and in epidemiology [41]. It provides a simple and symmetric probability

model in which all values are equally likely.

1.7 Mathematical Disease Modeling

The utilization of mathematical models in examining the transmission of infectious
diseases has been a subject of investigation for many years. Among the various models
developed, the SIR (Susceptible-Infectious-Recovered) model introduced by Kermack
and McKendrick in 1927 as demonstrated in Equations 4, 5 and 6

ds
= = —BsI (4)



dl
— = BSI vl (5)

dR
=] 6
at 7 (©)
Where [ is the transmission coefficient and y is the recovery rate. Adding the three

equations together implies that the total population N = S + I + R is constant [42][43].

The SIR model was initially designed to depict the spread of diseases like measles,
smallpox, and influenza [42]. Over time, it has been widely employed to simulate the
transmission dynamics of different infectious diseases, including HIV, Ebola, and Covid-

19 [44][45][46].

Due to its simplicity, the SIR model has certain limitations. For instance, it assumes a
homogeneous mixing of the population, which may not accurately represent the true
social and spatial structure of a population [47]. Additionally, the model assumes uniform
susceptibility and infectivity among individuals, which may not hold true in reality.
Consequently, more complex models have been developed to address these limitations
and account for population heterogeneity, such as the SEIR (Susceptible-Exposed-

Infectious-Recovered) model [48].

Despite these limitations, the SIR model has proven to be a valuable tool for studying the
transmission of infectious diseases and informing public health policies. For example, the
model was instrumental in simulating the spread of SARS in Hong Kong, aiding the
government in implementing effective control measures [49]. Similarly, the model was
utilized to simulate the spread of HIN1 influenza in Mexico, assisting in the development

of vaccination strategies [50].

Numerous studies have employed the SIR model to investigate the impact of various
control measures on disease transmission. For instance, Kucharski et al. [51] utilized the
SIR model to assess the impact of school closures and social distancing measures on the
spread of COVID-19 in the United Kingdom. Their findings demonstrated that a
combination of school closures and social distancing measures significantly reduced the

number of infections.

Rosella et al. explored the influence of viral load on disease transmission. The authors
propose a novel epidemic model that considers the viral load of individuals as a
determining factor. Through microscopic and macroscopic analysis, the authors highlight
the significance of viral load in understanding epidemic dynamics [52].
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Another study evaluates the usefulness of early-stage Susceptible-Infected-Recovered
(SIR) modeling in public health, using COVID-19 as an example. The researchers
develop a modified SIR model using Markov chain simulations to estimate the number of
beds needed in Wuhan during the early stages of the epidemic. By comparing eight
scenarios to real-world data, they find that the model performs better when updated data
is used. The study concludes that early-stage SIR modeling can provide valuable

information for public health systems and accurately predict epidemic trends [53].

Authored by Ian Cooper, Argha Mondal, and Chris G. Antonopoulos, another article
explores the effectiveness of the Susceptible-Infectious-Recovered (SIR) model for
studying the spread of COVID-19 in different communities. The SIR model allows for an
increase in the number of susceptible individuals during surge periods and provides
insights and predictions beyond recorded data alone. By analyzing diverse populations
and significant parameters, the authors demonstrate the importance of modeling the
spread of COVID-19 using the SIR model. Mathematical models, such as SIR, play a
crucial role in estimating disease transmission and guiding effective intervention

strategies [54].

Additionally, an article discusses a comparative study of mathematical models for
epidemic diseases and their application to strategic management. The authors focus on the
SIR (Susceptible-Infectious-Recovered) model and its parameters in Saudi Arabia during
a 275-day period. They estimate the parameters from recorded data and use them to
predict values for subsequent periods. The study highlights the effectiveness of lockdown
and social distancing measures in controlling the spread of the disease. The maximum
number of daily active infected cases is determined, and the authors emphasize the

importance of mathematical models in developing strategies to combat epidemics [55].

In summary, the SIR model has played a crucial role in understanding and managing the
spread of infectious diseases. While it has certain limitations, its simplicity and
effectiveness have made it a valuable tool in informing public health policies. Recent
advancements, such as incorporating spatial heterogeneity, integrating machine learning
techniques, and considering dynamic network structures, have further improved the
accuracy and predictive capabilities of the SIR model, enabling more effective epidemic

control strategies.
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1.8 Conclusion

In conclusion, epidemiology plays a vital role in understanding and addressing the spread
of infectious diseases. The utilization of mathematical models, particularly the SIR
model, has been extensive in simulating disease dynamics and guiding public health
interventions. Despite SIR model's limitations, recent research have improved its
accuracy, enabling more effective control strategies. Our study will employ the SIR
model, hence in the subsequent chapter, we will present our work, which expands upon it

to develop a disease spread simulation tool.
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Chapter 2: Methodology

2.1 Overview

The methodology chapter focuses on describing the development process of an epidemic
simulation framework capable of simulating disease spread in a two-dimensional (2D)
plane using the SIR (Susceptible-Infectious-Recovered) model under three different
scenarios: Basic, Community, and Central Place. The simulation tool incorporates various
adjustable parameters, such as population size, infection radius, initial number of
infectious individuals, and quarantine policies, enabling users to experiment with
different values through a user-friendly graphical interface. This flexibility allows for a
wide range of simulations with diverse outcomes. The chapter elaborates on the
methodology's steps, including the functions of the physics engine governing individuals'
movement within the simulation space, the design and implementation of the core SIR
model, the integration of each parameter and its associated functionalities, and the data
collection processes for both storage and real-time visualization. Furthermore, the chapter
addresses the challenges encountered during the development process and discusses the
solutions that were implemented to overcome them. This chapter provides an

encompassing framework for the development of an interactive epidemic simulation tool.

2.2 Software Tools
2.2.1 Python Programming Language

The Python programming language, known for its high-level and general-purpose nature,
was employed as the primary tool for developing the project at hand. Its design principles
prioritize code legibility through the utilization of significant indentation via the off-side
rule. Python can support various programming paradigms, including procedural, object-
oriented, and functional programming. Owing to its vast set of libraries and large, active

community.

Guido van Rossum initiated the development of Python in the late 1980s, as a successor
to the ABC programming language. The first version, Python 0.9.0, was launched in
1991. Subsequently, Python 2.0 was released in 2000, followed by a major revision,
Python 3.0, in 2008. However, Python 3.0 was not entirely backward-compatible with
prior versions. Despite this transition, Python continues to rank as one of the most widely

used programming languages according to various rankings and surveys [56].
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2.2.2 Pymunk

Pymunk is a 2D physics library for Python, built on top of the Chipmunk 2D physics
library. It provides an easy-to-use interface for incorporating 2D rigid body physics into

Python-based applications such as games, simulations, and demonstrations.

Pymunk has been in active development for over 15 years and has been utilized in various
successful projects, including three Pyweek game competition winners, multiple scientific
papers, and a self-driving car simulation. Its effectiveness and versatility make it an
essential resource for developers seeking to implement 2D physics simulation in various

applications [57].
2.2.3 Pygame

Pygame is a Python module that enables the creation of video games and multimedia
programs with added functionality using the SDL library. It is highly portable and runs on
multiple platforms and operating systems. Pygame is free and open source. Pygame's
versatility and ease of use make it a valuable tool for building prototypes and simulations,
particularly in the fields of computer graphics, human-computer interaction, and game
studies. With optimized C and Assembly code for core functions, Pygame is fast and can
easily be used on handheld devices, game consoles, and computers. It is modular,
allowing developers to use specific parts of the library as needed. These features make

Pygame a suitable tool for building an epidemic simulation tool [58].

2.3 Assumptions for SIR Model

It is important to note that the SIR model used in this report make several assumptions

about the population:

e The population is fixed, meaning that no one is born or dies during the duration of
the model.

e [Each disease has an incubation period of zero, meaning that as soon as a person is
infected with the disease, they can immediately spread it to others.

e The time of being infectious is equal to the length of the disease, meaning that the
recovery time of the disease is fixed for all individuals.

e The population is homogeneous, meaning that each individual is assumed to have

the same health conditions, age, social status, and other characteristics.
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2.4 Approach & Design

The tool built in this project is based on simulating people as particles in a 2D space
using physics. Each person will be in one of 3 main states (Susceptible, Infectious or
Symptomatic and Recovered) in a basic scenario. Two other states (Asymptomatic,

Vaccinated) will be presented further with more complex simulations.

g e

Susceptible Symptomatic

Recovered

Vaccinated Asymptomatic

Figure 2 - The Five States of the Population

The concept involves simulating a population in a two-dimensional plane, where each
individual is represented as a point with specific position and velocity. The primary factor
influencing disease transmission is the distance between an infectious individual and a

susceptible individual.

i 1 t t } t
t t ot B Walls
t t t i i Simulation Space
t t t t Susceptible
L " t t Infectious
to bt

Figure 3 - Visual Representation of the Simulation Space

In a simulation that involves 500 individuals, calculating the distance between each
person can quickly become a resource-intensive task. This challenge can significantly
affect the simulation's performance, hindering its accuracy. To overcome this challenge,

we came up with an innovative approach that involved using collisions as an indicator of
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disease spread. By making use of the collisions between individuals, we could determine
whether an infection should be transmitted or not. We used a larger transparent physical
object that is attached to a smaller visible shape (Figure 4). This approach creates the
impression that only the distance between two objects could lead to an infection while the
real physical objects collided. This novel solution significantly improved the simulation's
efficiency and accuracy, providing a more realistic representation of the spread of

infectious diseases.

The disease could spread when

Physical object (Transparent)
@ visible object
@ Visible object
\ Distance between the objects

How it appears in the

. . Actual objects
simulation

Figure 4 - Visualization of the True Physical Object

The foundational component of our simulation involved the creation of a two-
dimensional space to serve as the environment for our simulation. This space was
populated with individual "people" objects, each assigned a random initial position and
velocity. The people objects were modeled to have two key physical attributes: position
and velocity; The later were updated over time randomly to make the people’s path
curved and random avoiding straight directions or sudden direction changes. To facilitate
this process, we leveraged Pymunk body class to efficiently manage the objects in the
simulation, as well as the computations necessary for updating their positions. Pymunk
also has a well optimized collision handling functions that are used to simulate the
physical contact or interaction between two individuals. This approach allowed us to
create a dynamic and flexible simulation environment, capable of modeling complex

interactions and behaviors of the people objects in the two-dimensional space.

Pymunk utilizes the collision type attribute to track each object, enabling the
identification of individuals involved in collisions. This information is crucial in
determining whether to transmit the disease to a specific person, based on a designated
probability of infection. This is done in the callback function generated by the collision. If

the callback generates an infection, it will take a specific duration specified interactively
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before the person enters to the recovered state. Throughout this duration, if an infected
individual comes into contact with other susceptible individuals, there is a possibility of
disease transmission occurring. During the simulation, we add any features depending on
the scenario. Then, we calculate and record multiple statistics like the practical

probability of infection and RO in order to further analyze the results.

The simulation comprises of three distinct scenarios, namely Basic, Community, and
Central Place. In the subsequent sections, we will delve deeper into each scenario and

provide a detailed analysis.

2.5 Simulation Scenarios
2.5.1 Basic

The Basic scenario is the simplest simulation model in which a single compartment
represents the entire population. Individuals interact randomly with each other when
moving around inside the 2D space. The simulation assumes that each individual has an
equal chance of being infected and the virus transmission rate is uniform throughout the
population. This scenario provides a baseline for the other scenarios and helps in

understanding the basic dynamics of virus transmission in a closed population.
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Figure 5 - Spatial Arrangement of Elements in the Basic Scenario Simulation

2.5.2 Community

In this scenario, the population is divided into nine distinct communities, each with a
random population size distributed in a 3x3 grid. Individuals can travel between
communities, and the simulation considers more factors such as whether the traveling
between communities is allowed or not and more importantly the traveling rate between
communities which indicates how many individuals travel from a community to another

per week. This scenario is more complex than the Basic scenario and provides insights
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into the role of community structure in virus transmission and can inform whether closing

the borders between these different communities is a reliable intervention method.
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Figure 6 - Spatial Arrangement of Elements in the Community’s Scenario Simulation

2.5.3 Central Place

In a real world, there are places in a community with higher density of population like

universities or markets and are potential hotspots for virus transmission. Which is why we

developed this scenario that represents places within a community that have high

population density. The simulation forces the center to have higher population density by

picking random individuals to travel to it. This scenario provides insights into the impact

of central places on the spread of the virus within a community. The output of this

simulation is more representative to the real world and can help in developing targeted

interventions to control the spread of the virus in high-density areas.
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Figure 7 - Spatial Arrangement of Elements in the Central Place Scenario Simulation

2.6 Simulation Parameters

To facilitate experimentation with the different scenarios previously outlined, a Graphical

User Interface (GUI) was developed. This GUI provides users with the capability to
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dynamically adjust simulation parameters and observe their impact on the spread of the

virus in real-time.
The parameters are categorized into the following four groups:

e Population Parameters
e Disease Parameters
e Control Measures Parameters

e Settings Parameters

2.6.1 Population Parameters

Population Size

This parameter represents the total number of individuals in the simulated population.
The size of the population can have a significant impact on the spread of the virus, as

larger populations can lead to more extensive outbreaks.
2.6.2 Disease Parameters

Infection Radius

The infection radius parameter represents the radius of the circle around the person within

which infection can occur. It is calculated in Equation 7.
Infection Radius = 2 X R (7)
R: Radius of physical object in Figure 4

This parameter is essential in determining the likelihood of virus transmission between

individuals, as individuals outside of the infection radius are not at risk of infection.

Initially Infectious

The Initially Infectious parameter represents the number of individuals who are infectious
at the beginning of the simulation. This parameter can be used to model different

scenarios, such as a single index case or a larger outbreak at the start of the simulation.

Infection Duration

Infection Duration represents the duration of time that an individual remains infectious. It
is implemented by incrementing a specific counter attributed to each person individually.
The duration of infection can vary between different viruses, and longer durations of

infection can lead to more extensive outbreaks.
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Infection Probability

This parameter represents the probability of an infectious individual transmitting the virus
to others. Programmatically, assuming that the infection probability is equal to 20%, at
each interaction between a susceptible and infectious person, a random number is
generated from a uniform distribution between 0 and 1. Subsequently, the generated
number is compared with the infection probability of 20% to determine whether an
infection will occur. Notably, If the generated number is less than 0.2 meaning that the
value falls within the 20% range, an infection occurs. On the other hand, if the generated
number is greater than 0.2 which happens approximately 80% of the time, no infection

takes place.

The probability of transmission is subject to various factors that can significantly impact
the spread of the virus. These factors include the virulence of the disease, the use of
protective measures such as hygiene and masks, and other host and environmental factors.
Therefore, accurate modeling and estimation of the probability of transmission require
careful consideration of these factors to ensure effective control and prevention of

infectious diseases.
2.6.3 Control Measures Parameters

Quarantine

The Quarantine parameter allows users to enable or disable quarantine within the
simulation. Quarantine is a common public health intervention used to control the spread
of infectious diseases, and the simulation of quarantine can provide insights into its
effectiveness. The tool simulates quarantine by isolating infectious people from the rest of

the population.

Quarantine After

The Quarantine After parameter defines the time interval between the onset of infection
and the initiation of quarantine for an individual. This parameter is a critical factor in
modeling various quarantine policies, including prompt quarantine of all symptomatic
individuals or delayed quarantine due to a lack of public cooperation or awareness.
Understanding the effects of quarantine policies on the epidemic's spread requires
examining the impact of these policies under different quarantine timing conditions.

Therefore, adjusting the quarantine after parameter in the epidemic simulation tool allows
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researchers to explore the interplay between timing and quarantine policies in curbing

epidemic outbreaks.

Symptoms Probability

The Symptoms Probability parameter represents the probability of an individual
displaying symptoms after being infected. The same logic used to handle Infection

probability is used to handle Symptoms probability.

Notably, the Symptoms probability parameter is particularly relevant in modeling the
impact of asymptomatic transmission. This is because asymptomatic individuals can
transmit the virus without displaying any symptoms and may be missed in quarantine
efforts. Therefore, the accurate estimation and modeling of the Symptoms probability

parameter are crucial in controlling and preventing the spread of infectious diseases.

Traveling

The Traveling parameter is used only in Community’s scenario where it allows users to
enable or disable traveling between communities within the simulation. When Traveling
is enabled, a random individual is selected to travel to a different community every time
interval specified by the Traveling rate parameter. This simulation of traveling provides
valuable insights into the role of mobility in the spread of infectious diseases.
Furthermore, it allows for an examination of the effectiveness of travel restrictions as a

public health intervention.

Overall, the Traveling parameter is a useful tool in modeling and analyzing the spread of
infectious diseases in complex social networks. By incorporating the mobility factor, the
simulation can better capture the real-world dynamics of disease transmission, and

facilitate the development of effective control and prevention strategies.

Traveling Rate

The Traveling Rate parameter represents the frequency at which individuals travel
between communities per week. This parameter can be used to model different travel

patterns, such as regular commuting or occasional travel for social or cultural events.

Vaccination

The vaccination parameter allows users to enable or disable the simulation of a
vaccination program. The implementation of the Vaccination parameter is based on the

concept that the Infection probability of a vaccinated individual is reduced proportionally
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to the Vaccine Efficiency parameter. This enables the simulation to reflect the impact of
vaccination on disease transmission, and provides valuable insights into the effectiveness

of different vaccination strategies.

Vaccination is widely regarded as one of the most effective ways to control the spread of
infectious diseases. Therefore, incorporating the Vaccination parameter into the
simulation enables the exploration of different vaccination scenarios and their potential

impact on disease control.

Vaccine Efficiency

The Vaccine Efficiency parameter represents the effectiveness of the vaccine in
preventing virus transmission. This parameter can be used to model different types of

vaccines, such as those with varying levels of efficacy.

To simulate the impact of a vaccine in reducing the transmission of the virus, the
Infection Probability of a vaccinated person is modified using a formula that takes into

account the Vaccine Efficiency value. As shown in Equation 8.

New Infection Probability = 0ld Infection Probability = (1 — Vaccine Ef ficiency) (8)
Since Vaccine Efficiency is a percentage, it takes values between 0 and 1.
2.6.4 Settings Parameters

Simulation Speed
The simulation speed parameter allows users to control the speed of the simulation.

2.7 Data Generation

The interactive epidemic simulation tool offers a convenient way to save the data
generated during each simulation. Users can simply click a button in the user interface
(GUI) to save the data in a CSV file format (Figure 8). This allows for easy analysis and
exploration of the data using popular tools and software. By providing this option, the
simulation tool enhances its usability and provides valuable insights into epidemic

dynamics and effective intervention strategies.
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Figure 8 - Example of data generated by a simulation
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2.8 Graphical User Interface (GUI)

A practical Graphical User Interface (GUI) was designed specifically for the Interactive
Epidemic Simulation Tool. This Graphical User Interface assumes a fundamental role as
a conduit between end-users and the simulation tool, serving to facilitate a user-friendly
and coherent interaction with the underlying simulation model. Figure 9 demonstrates the

GUL

e 0 Epidemic Simulation Tool

Save Simulation

Figure 9 - Interactive Epidemic Simulation Tool Graphical User Interface

2.9 Epidemic Simulation Framework Flowcharts

In order to visually depict the simulation and its various processes, a series of flowcharts
have been developed to outline the key steps and components of the simulation. Figure 10
specifically demonstrates the main program flow of the simulation. This flowchart serves
as a visual representation of the sequence of processes that take place within the

simulation's main program.

The presented flowchart depicted in Figure 10 illustrates the program's setup and main
loop. It commences with the initialization of the graphical user interface (GUI) and
establishment of default values for simulation parameters. Upon loading the GUI, the
simulation enters a paused state. User interaction with the tool involves modifying

parameters and starting the simulation. During the simulation's execution, an initial step
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involves updating the velocity of each individual that leads to randomized curved paths.
Subsequently, a population-wide iteration is performed to process each person
individually. Following the population processing phase, various statistics are computed,
such as the total number of infected individuals and the current day... Furthermore,
additional functionalities are incorporated based on specific scenarios and parameters,
such as community-based travel or increased population density for a central location.
Moreover, the implementation of a vaccine campaign may be included. Finally, the
physics engine calculates the new positions of each individual, with a frame rate limit set
at 30 frames per second to ensure smooth animation. The main loop is then repeated to

generate the next frame.

\/
Initialise Variables
Initialise the application
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Yes

v

Fill background
Fill Interactive tools
Fill Labels
Draw graph

If not paused NO—————— Draw population —
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Yes ¢
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Add scenarios to
Process person simulation
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Process vaccination

NO———| Calculate statistics

\

Calculate the new positions of
every person
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Limit FPS to 30

Figure 10 - Flowchart of Main Program
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The flowchart depicted in Figure 11, illustrates the subroutine known as 'Process Person'.
This subroutine is designed to operate on each individual in a given population, and
execute appropriate actions based on the individual's current state (Susceptible,

Infectious, Recovered and Vaccinated).

If the person is infectious, a counter for the number of infectious individuals and the
duration of infection is incremented. If quarantine is enabled and the duration of infection
passes the threshold of illness duration before getting detected and quarantined, the
individual is moved to quarantine. Finally, the person is drawn as a red or yellow circle

whether its state is symptomatic or asymptomatic respectively.

For the three other states namely: susceptible, recovered and vaccinated; Each individual

is drawn as a light green, blue or dark green circle respectively.

Every susceptible person in the simulation has a counter for the number of times it has
interacted with an infectious individual. The values of each counter are summed in the

aim to be used later for calculating the practical probability of infection.

Process person

Reset count of each state
Reset total interactions count

f person f person If person -

Yes Yes Yes

I Draw the person in blue ’ Draw the person in dark green l I Susceptible count ++ ]

! !

[ Increment duration of infection I I Removed count ++ I I Vaccinated count ++

Infected count ++

I I

If

Yes If person is o
¥ traveling
If symptomatic = true o— Draw the person in Yes
yellow ¥
Yes
¥

[ Continue to destination I

[ Draw the person in red l

total interactions += person
interactions

If infection
ion >
threshold

T
Yes

Move to q i ]

Figure 11 - Process Person Flowchart

The flowchart in Figure 12 titled 'Calculate Statistics' is designed to compute and store
various statistics related to the simulation. These statistics include the total number of
susceptible, infectious or recovered individuals, the practical probability of infection, and
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the basic reproduction number (R0O) value. The calculations are made every day to avoid
unnecessary operations that will cause the system to be slow. This subroutine processes

data generated during the simulation to compute these values to help analyze the results.

In the initial step, the precise number of individuals who are infectious is determined for
each time frame in order to provide accurate data and ensure real-time updates.
Subsequently, the remaining calculations are conducted on a daily basis within the
simulation, commencing with the recording of the total number of cases using the formula
in Equation 9. After that, the practical probability of infection is computed according to
the formula denoted as Equation 10. Following this, the value of Ry is determined in
accordance with Equation 1. It is important to note that precautions are taken to prevent
division by zero in the last two calculations. Finally, the day counter is incremented, and
all the accumulated data is appended to an array. In the event that the count of infected
individuals reaches zero, the simulation is paused automatically indicating the eradication

of the disease.

total cases = infectious count + recovered count 9

cal babilit ) i total cases (10)
ractical probability of infection =
p p y of inf total interactions
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Figure 12 - Calculate Statistics Flowchart

The 'Add Scenarios to Simulation' flowchart is designed to implement different actions
based on the scenario being simulated, specifically the Community or Central Place
scenarios. The flowchart in Figure 13 describes the steps involved in adding scenarios to

the simulation and incorporating the appropriate actions.
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For the community scenario, if traveling between communities is enabled, a random
person is picked every specific duration defined by the frequency of traveling and moved

to a different community.

For the central place scenario, the same thing is applied with the destination being the
center of the simulation space in order to have a higher population density mimicking

markets and other crowded spaces.

As the selection of individuals is determined randomly, a constraint is established to
prevent the code from interrupting the displacement of individuals who are already in the

process of traveling.
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A
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Figure 13 - Add Scenarios to Simulation Flowchart
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The last flowchart demonstrated in Figure 14 is responsible for processing the
vaccination. By vaccinating a random susceptible person at every frame, the new

probability of infection will be reduced according to formula in Equation (8).

Process
vaccination

Y

vaccinate a random person

\
New probability of infection = old
probability of infection * (1 -
vaccine effectiveness)

\

Figure 14 - Process Vaccination Flowchart

2.10 Conclusion

In summary, this chapter presents a methodology for designing and implementing an
interactive epidemic simulation framework. The tool, developed using Python with
Pymunk and Pygame libraries, includes three scenarios to explore different population
structures and virus transmission. It utilizes collision detection to calculate distances
between individuals and offers adjustable parameters that affect the outcomes of the
simulation through a GUI. The tool enables data storing and visualization, facilitating the
study of epidemic dynamics and intervention strategies. This methodology provides a
comprehensive framework for developing an interactive tool to understand and control
infectious disease outbreaks. Which leads to the next chapter where the impact of each
parameter is demonstrated and discussed. Furthermore, the framework is validated by

simulating the early stages of Covid-19 in Algeria.
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Chapter 3: Results, Analysis & Discussions

3.1 Overview

This chapter provides an in-depth evaluation of the epidemic simulation framework and
its effectiveness in modeling the spread of infectious diseases under different scenarios
and parameter values. To demonstrate the impact of every parameter, two simulations are
implemented with the same setup and different values for the parameter at focus. The
generated data is then visualized, analyzed and discussed accordingly. The Real-World
Application section validates the epidemic simulation framework by interpreting the
results of a simulation compared to the early stages of Covid-19 in Algeria and discussing
their implications for public health policy and future research. The chapter concludes by
summarizing the main findings and discussing the usefulness of the simulation tool for

modeling the spread of infectious diseases.

3.2 Results and Analysis

3.2.1 Population Parameters

Population Size

When comparing the outcomes of epidemic simulations with varying population sizes, it
is crucial to take into account the influence of population density on disease transmission.
A higher population size typically indicates a denser community with more interactions

between people, which can lead to increased disease transmission. This can be verified by

the results of simulations 1 and 2 with the corresponding parameters in Table 1.

Table 1 - Parameters for Simulations with Different Population Size

Simulation 1 Simulation 2
Population Size 300 1000
Infection Radius 10 pixels 10 pixels
Initially Infectious 1% 1%
Infection Duration 10 days 10 days
Infection Probability 7% 7%

Figure 15 show the results of Simulations 1 and 2 respectively:
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Figure 15 - Data Visualization for Simulations with Different Population Size

The results of the two epidemic simulations indicate that population size has a significant
impact on disease transmission. In simulation 1, with a population size of 300, the spread
of the disease is flat and stable (Figure 15), and the total number of infections is low. The
disease is eradicated within 120 days, with a total of 177 infections. This suggests that a
smaller population size may limit the spread of the disease, as there are fewer
opportunities for infectious individuals to come into contact with non-infectious

individuals.

In contrast, simulation 2, with a population size of 1000, shows a steep increase in
infections (Figure 15), with 80% of the population being infectious simultaneously by day
15. Additionally, 99% of the population is infected during the 40 days of the simulation.
These results demonstrate that a larger population size can significantly increase the
spread of the disease. The increased population density and interactions between
individuals may facilitate the rapid spread of the disease and make it more difficult to

control.
3.2.2 Infection Parameters

Infection Radius

The objective is to investigate the effect of the Infection Radius on the propagation of the

disease by conducting two simulations with varying Infection Radius values. Specifically,
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the second simulation will utilize triple the Infection Radius which will represent a more
socially engaged society with more total interactions between people. The infection radius
could also be attributed to the disease characteristics and whether it could be spread by air

or by direct contact like touching. The simulation parameters are outlined in Table 2.

Table 2 - Parameters for Simulations with Different Infection Radius

Simulation 3 Simulation 4
Population Size 200 200
Infection Radius 8 pixels 24 pixels
Initially Infectious 1% 1%
Infection Duration 10 days 10 days
Infection Probability 14% 14%

The simulations yielded the results demonstrated in Figure 16:
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Figure 16 - Data Visualization for Simulations with Different Infection Radius

In the first simulation, with an infection radius of 8 pixels, the disease transmission
progresses steadily and peaks at 24 simultaneous infections by day 67. This indicates that
the disease spreads over a relatively short distance and may be more easily controlled

through interventions that limit contact between infectious and non-infectious individuals.

In contrast, in the second simulation, with an infection radius of 24 pixels, the disease
spreads at a faster rate, with 25% of the population experiencing simultaneous infections
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by day 29. This suggests that the disease can spread over longer distances and may be

more difficult to control through traditional interventions.

Interestingly, the differences in infection radius and the rate of disease transmission, both
simulations ultimately result in a different number of infections. Simulation 3 experienced
just over 75 cases. However, Simulation 4 with the infection radius of 24 noticed a
relatively higher number of cases with a total of 150. It is also noteworthy to highlight
that the time frame for infection is slightly different, with the first simulation taking 93

days and the second simulation taking 65 days.

Infection Duration

The duration of infection can be attributed to two potential factors. On one hand, the
infection may be classified as acute, which means that the virus typically causes
symptoms that develop quickly and last for a relatively short period of time. On the other
hand, early intervention and treatment may enable individuals to recover from the
infection promptly, leading to a reduced duration of illness. In order to visualize the
impact of infection duration, we conducted two simulations with the parameters outlined

in Table 3.

Table 3 - Parameters for Simulations with Different Infection Duration

Simulation 5 Simulation 6
Population Size 500 500
Infection Radius 10 pixels 10 pixels
Initially Infectious 1% 1%
Infection Duration 5 days 15 days
Infection Probability 7% 7%

The data generated is as follows in Figure 17:
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Figure 17 - Data Visualization for Simulations with Different Infection Duration

Figure 17 consists of two line-plots that investigate the impact of Infection Duration on
disease transmission. The first plot, located on the top, presents the results of a simulation
with an infection duration of 5 days. The plot displays a steady and limited transmission
rate due to the short duration of illness, leading to the transfer of individuals from the
infectious category to the recovered one. This shift reduces the likelihood of further
interactions that could result in infection, and ultimately, less than 200 infections were

recorded in the 63-day simulation period.

In contrast, the second plot in Figure 17 presents the results of a simulation with an
infection duration of 15 days. The plot indicates a rapid increase in infection cases, with a
peak of 300 simultaneous infections recorded by day 30. The epidemic persists for a more

extended period, approximately 80 days, and reaches a staggering 97% of the population.

The presented results illustrate the significant impact of infection duration on disease
transmission rates. A more extended infection duration leads to a higher transmission rate,
resulting in a more extensive spread of the disease. These findings emphasize the need for
timely intervention measures to reduce the duration of the infection and, consequently,
the transmission rate. Such measures include early diagnosis, prompt treatment, and

preventive strategies such as quarantine.
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Infection Probability

In order to evaluate the impact of the primary parameter in the simulation, namely
'Infection Probability,' two simulations were conducted with distinct sets of parameters.
Lowering the probability of infection may be attributed to a multitude of factors, such as
adherence to improved hygiene practices, enhanced respiratory etiquette as better cough
protection, and decreased frequency of facial contact. The parameters utilized in the

simulations are outlined in Table 4.

Table 4 - Parameters for Simulations with Different Infection Probability

Simulation 7 Simulation 8
Population Size 500 500
Infection Radius 10 pixels 10 pixels
Initially Infectious 1% 1%
Infection Duration 10 days 10 days
Infection Probability 5% 10%

Figure 18 displays the results for simulations 7 and 8 respectively:
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Figure 18 - Data Visualization for Simulations with Different Infection Probability

The presented graphs in Figure 18 illustrate the influence of Infection Probability on
disease transmission. The first graph, representing a simulation with an infection

probability of 5%, displays a slow increase in the number of simultaneous infections over
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the initial 40 days. The disease reaches a maximum of nearly 100 simultaneous infections
before gradually declining and eventually eradicating in 80 days, resulting in
approximately 60% of the population being infectious. Conversely, the second graph
shows a simulation with an infection probability of 10%, demonstrating a significantly
higher transmission rate, with almost 95% of the population being infectious in less than
45 days. The disease spread at an accelerated rate, with 300 simultaneous infections

recorded on day 20.

The presentation of RO, or the basic reproduction number, is a valuable opportunity to
expound upon the relationship between this parameter and the transmission rate of
infectious diseases. Figure 19 provides a graphical representation of RO as a function of
time, enabling a more comprehensive understanding of how this value influences the

spread of diseases.
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Figure 19 - RO for simulations with Different Infection Probability

The basic reproduction number (Ro) serves as a fundamental parameter in assessing the
potential for the transmission of infectious diseases. Specifically, Ro is defined as the
expected number of individuals who will become infectious by a single infectious
individual, within a population where all individuals are susceptible to the disease.
Notably, an Ro value greater than 1 suggests that the disease has a high potential for rapid
spread throughout a population; this is demonstrated in Figure 19 when Ro value was
greater than 1.5 when the virus transmission rate was growing exponentially in simulation
8. While an Ry value of 1 indicates that the number of cases will remain constant.
Conversely, an RO value below 1 suggests that the disease is in the eradication phase.
Thus, a clear understanding of this parameter is paramount in developing effective

strategies for mitigating disease transmission.
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The results of these simulations highlight the critical role of infection probability in
disease transmission. Increased infection probability leads to a faster and more extensive
spread of the disease, resulting in a higher number of infectious individuals within a
shorter duration. Consequently, it underscores the need for public health interventions
aimed at reducing infection probability, such as social distancing measures and the use of

personal protective equipment.
3.2.3 Control Measures Parameters

Quarantine

Quarantine, a widely recognized and essential method of intervention in infectious
disease control, involves the isolation and restriction of movement for individuals who
have been exposed to an infectious disease. Its importance lies in its ability to disrupt the
transmission chain by separating potentially infectious individuals from the general
population. By effectively limiting contact during the disease's incubation period,
quarantine mitigates the risk of further spread within the community. Furthermore, it
allows for early identification, close monitoring, and timely intervention for potentially
infectious individuals, ensuring prompt medical care and reducing strain on healthcare
systems. Notably, quarantine also serves to safeguard vulnerable populations, such as the
elderly or immunocompromised, who are at heightened risk of severe illness.
Additionally, its implementation communicates the gravity of the situation, instilling
public awareness and fostering a sense of collective responsibility in adhering to

preventive measures.

To assess the impact of quarantine, we conducted two simulations building upon the
scenario presented in Figure 15, specifically Simulation 2. In the following simulations,
we implemented a quarantine measure once the number of infections reached a
predetermined threshold of 100. By introducing quarantine at this point, we aimed at
observing its effect on the subsequent progression of the epidemic. The parameters for

simulations 9 and 10 are shown in Table 5.
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Table 5 - Parameters for Simulations with Different Quarantine Policies

Simulation 9 Simulation 10
Population Size 1000 1000
Infection Radius 10 pixels 10 pixels
Initially Infectious 1% 1%
Infection Duration 10 days 10 days
Infection Probability 7% 7%
Quarantine After 5 days 3 days

The results of the simulations are demonstrated in Figure 20:
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Figure 20 - Data Visualization for Simulations with Different Quarantine Policies

Figure 20 illustrates the impact of Quarantine and timely intervention on disease spread
within a population. Simulation 9 shows that quarantining infectious individuals after 5
days of illness results in a slightly improved situation compared to Simulation 2 (without
quarantine), with slower disease progression and 25% fewer maximum simultaneous
infections. However, the overall reduction in total infections is only 20%. In Simulation
10, where individuals are quarantined after 3 days of illness, there is a significant
decrease of 70% in the number of simultaneous cases, and only half of the population
becomes infectious before the disease is eradicated by day 40. These findings emphasize
the crucial role of early detection, swift response, and effective implementation of
quarantine measures in mitigating the spread of infectious diseases. Swift and efficient

intervention measures are vital to protect public health and limit the impact of outbreaks.
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Symptoms Probability

To account for the complexities of real-world disease dynamics, where individuals can
carry infections without displaying symptoms, we incorporated the parameter of
Symptoms Probability into our simulations. To further investigate the influence of
varying asymptomatic rates on disease transmission, we conducted Simulation 11 and
Simulation 12, both based on the framework of Simulation 10. In Simulation 11, we
assumed a symptomatic rate of 80%, implying that 80% of infectious individuals would
remain symptomatic. Conversely, Simulation 12 featured a reduced symptomatic rate of
40%, indicating a higher proportion of asymptomatic cases. By analyzing the results of
these simulations, we aimed to gain insights into how the presence or absence of
symptoms affects the spread and severity of the disease. This investigation underscores
the significance of considering symptoms probabilities in epidemic modeling and

informing effective intervention strategies.

Table 6 - Parameters for Simulations with Difterent Symptoms Probability

Simulation 11 Simulation 12
Population Size 1000 1000
Infection Radius 10 pixels 10 pixels
Initially Infectious 1% 1%
Infection Duration 10 days 10 days
Infection Probability 7% 7%
Quarantine After 3 days 3 days
Symptoms Probability 80% 40%

Figure 21 visualizes the results for simulations 11 and 12 respectively
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Figure 21 - Data Visualization for Simulations with Different Symptoms Probability

Simulation 11 represents an intermediate scenario between quarantining the entire
infectious population and taking no action at all, resulting in 400 simultaneous infections
by day 20. Approximately 80% of the population is infected within the 63 days of the
simulation. This outcome suggests that implementing quarantine measures for a
population with a few missed cases has a partial but limited impact on reducing the
number of simultaneous infections. In contrast, Simulation 12 closely resembles a
scenario where quarantine fails to be effective, with over 95% of the population becoming
infectious in less than 40 days. This failure is primarily attributed to a significant
proportion (60%) of asymptomatic individuals who continue to spread the disease,
evading detection and undermining quarantine efforts. These results underscore the
crucial role of symptomatic presentation and successful implementation of quarantine
measures in controlling disease transmission. Comprehensive strategies incorporating
early detection, timely isolation, and awareness of asymptomatic cases are essential for

effective containment of infectious diseases.

These results underscore the crucial role of public awareness and collective collaboration
in effectively implementing quarantine measures. The success of quarantine relies heavily
on individuals' understanding of the need to isolate themselves when experiencing
symptoms. Public education campaigns, clear communication of guidelines, and fostering
a sense of responsibility among the population play a pivotal role in ensuring widespread
compliance with quarantine protocols. By cultivating a culture of awareness and active
participation, communities can enhance the effectiveness of quarantine measures, leading
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to a more successful containment of infectious diseases. These findings highlight the
significance of asymptomatic cases and emphasize the essential role of individual
behavior and societal cooperation in mitigating disease transmission through effective

quarantine practices.

Traveling

In the context of the community’s scenario, the traveling parameter plays a significant
role in shaping the dynamics of disease spread. To illuminate the influence of traveling
rate on the transmission of the disease, we conducted a series of simulations specifically
tailored to this scenario. These simulations, denoted as Simulation 13 and Simulation 14,
were designed to explore the effect of varying traveling rates on the epidemic's
progression. Simulation 13 focused on a higher traveling rate, reflecting a scenario where
individuals frequently move between communities. Conversely, Simulation 14 examined
a lower traveling rate, representing a scenario where mobility between communities is
limited. By comparing the outcomes of these simulations, we aimed to discern the impact
of traveling rate on the spread of the disease and assess its role in facilitating or inhibiting

transmission between different communities.

Table 7 summarizes the corresponding parameters of the two simulations.

Table 7 - Parameters for Simulations with Different Traveling Rate

Simulation 13 Simulation 14
Population Size 500 500
Infection Radius 16 pixels 16 pixels
Initially Infectious 1% 1%
Infection Duration 10 days 10 days
Infection Probability 7% 7%
Traveling Rate 14 per week 4 per week

The data generated in the two simulations are visualized in Figure 22.
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Figure 22 - Data Visualization for Simulations with Different Traveling Rate

The analysis of Simulation 13 and Simulation 14 reveals contrasting outcomes regarding
the spread of the disease in different communities, influenced by the traveling rate
between them. In Simulation 13, the number of infections fluctuates over time, remaining
below 100 cases without surpassing this threshold. This behavior can be attributed to the
higher traveling rate, which facilitates the transmission of the disease between
communities. Consequently, seven communities become compromised, resulting in a

total of 366 infections by day 105.

In contrast, Simulation 14 presents a different pattern of disease spread. Initially, there is
an increase in infections within the first two communities. However, due to the lower
traveling rate between communities, the disease fails to spread beyond these initial areas.
As a result, the infection is effectively contained, and the disease is eradicated by day 57
with a total of 171 infections. The distinct outcomes observed in these simulations can be
explained by the role of traveling rate in disease transmission. In Simulation 13, the
higher traveling rate allows for increased interaction and contact between communities,
facilitating the spread of the disease across multiple areas. This results in a higher overall
number of infections and the involvement of a larger number of communities in the
outbreak. In Simulation 14, the lower traveling rate acts as a limiting factor for disease

transmission. The reduced movement between communities restricts the spread of the
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infection beyond the initial areas, ultimately leading to containment and eradication

within a shorter timeframe.

These findings emphasize the significance of considering the interplay between traveling
rate and disease spread in assessing the effectiveness of containment strategies.
Implementing measures to regulate or restrict travel between communities can be an
effective strategy to mitigate disease transmission, as observed in Simulation 14. This
highlights the importance of comprehensive approaches that account for various factors,
such as population movement patterns, in designing interventions and control measures to

effectively manage and contain infectious diseases.

Vaccination

In order to examine the effects of vaccination within the SIRV model, an additional
category, "Vaccinated," was introduced to the classic Susceptible-Infectious-Recovered
framework. Simulations 15 and 16 were based on simulation 6 to showcase the impact of
vaccination on disease dynamics. Vaccination in these simulations was initiated once the
number of infections surpassed a predetermined threshold of 100. Simulation 15
simulated a scenario with low vaccination efficiency, reflecting a situation where vaccine
is ineffective for the different people in the population. In contrast, Simulation 16
represented a scenario with higher vaccination efficiency, aiming to evaluate the potential
of vaccination in reducing disease spread and mitigating its impact. Through these
simulations, we investigated the influence of vaccination on the overall trajectory of the

epidemic, including its ability to reduce infections and limit the severity of the outbreak.

Table 8 demonstrates the different parameters used in the two simulations.

Table 8 - Parameters for Simulations with Difterent Vaccine Efficiency

Simulation 15  Simulation 16

Population Size 500 500
Infection Radius 10 pixels 10 pixels
Initially Infectious 1% 1%
Infection Duration 15 days 15 days
Infection Probability 7% 7%
Vaccine Efficiency 40% 90%

The obtained data is visualized in Figure 23 and Figure 24
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Figure 23 - Data Visualization for Simulations with Different Vaccine Efficiency

Simulations 15 and 16 implemented a vaccination program, commencing on days 13 and
14 respectively. In Simulation 15, all individuals who had not contracted the disease were
vaccinated by day 23. However, despite this intervention, the vaccine exhibited low
efficacy, resulting in 88% of the population becoming infectious over the course of the
73-day simulation period. In contrast, Simulation 16 demonstrated a significant reduction
in the number of infections, with only 46% of the population contracting the disease
compared to the original simulation (Simulation 6), where 96% were infected.
Remarkably, the virus was eradicated in a mere 54 days. The predefined vaccine
effectiveness of 90% in this simulation elucidates the critical role of vaccination as an
effective intervention strategy against epidemics. These findings underscore the
importance of high vaccine efficacy in achieving substantial control over disease
transmission. The results also underscore the importance of rigorous vaccine testing and

ensuring its effectiveness to ensure a successful intervention against infectious diseases.

One of the gathered data from running a simulation is the practical probability of

infection; Figure 24 visualizes the effect of the vaccination on this metric.
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Practical Infection Probability for Simulations 15 and 16
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Figure 24 - Practical Infection Probability for Simulations with Different Vaccine Efficiency

This graph illustrates the effect of vaccination on the likelihood of individuals contracting
the disease in real-world scenarios. The data clearly shows that simulation 6 with higher
vaccination efficiency exhibit significantly reduced practical probabilities of infection,
indicating the effectiveness of vaccination in lowering the risk of contracting the disease.
Conversely, simulation 15 with lower vaccine efficiency demonstrate notably higher

probabilities of infection.

Central Place

Within the Central Place scenario, which emulates real-world dynamics by incorporating
a central location with a higher population density, we conducted two simulations to
examine the impact of a central place compared to a basic simulation environment.
Building upon simulations 3 and 4, simulations 17 and 18 were specifically designed to
explore the effects of the central place in terms of disease spread dynamics.
Hypothetically, we expected that the presence of a central place would result in a more
rapid and extensive transmission of the disease, given the higher population density and
increased interactions within this central hub. Through the analysis of these simulations,
we aimed to assess whether the central place indeed influences the spread of the disease,
providing valuable insights into the role of densely populated central locations in

epidemic scenarios.
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Table 9 - Parameters for Simulations in Central Place Scenario

Simulation 17 Simulation 18
Population Size 500 500
Infection Radius 8 pixels 24 pixels
Initially Infectious 1% 1%
Infection Duration 10 days 10 days
Infection Probability 7% 7%

Figure 25 visualizes the obtained results
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Figure 25 - Data Visualization for Simulations in Central Place Scenario

Figure 25 illustrates the results of Simulations 17 and 18, which reveal a higher
transmission rate compared to Simulations 3 and 4, respectively. In both Simulations 17
and 18, a slightly larger number of infections is observed, with over 98% of the
population being infectious. The use of a central place in these simulations implies a
higher population density; Hence, more interactions that results in more infections,
confirming the findings from Simulations 1 and 2. The denser population in the central
place in Simulations 17 and 18 contributes to a faster transmission rate and a greater
number of infections. These results provide further evidence supporting the correlation
between community density and disease transmission, emphasizing the significance of
accounting for crowded locations when formulating strategies to effectively manage and

mitigate the propagation of infectious diseases.
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3.3 Real-World Application

To further validate the effectiveness of our interactive epidemic simulation tool, we
conducted an in-depth analysis of a dataset capturing the daily progression of the Covid-
19 pandemic. By some investigation and data collection about Covid-19 and leveraging
the capabilities of our developed tool, we performed a simulation that closely mirrored
the observed rate of transmission, reproducing the propagation patterns of the virus and
aligning them with empirical data. This empirical validation not only demonstrated the
efficacy of our tool but also provided a deeper understanding of the underlying

mechanisms governing the spread of Covid-19.

Dataset Description

The COVID-19 Daily Progression dataset, sourced from the World Health Organization
(WHO) [59], provides a concise and reliable overview of the daily progression of
COVID-19 in 237 countries. It serves as a valuable resource for researchers, analysts, and
policymakers seeking up-to-date and credible information to track the global impact of

the pandemic and inform decision-making processes. The dataset is organized as shown

in Table 10

Table 10 - Description of Variables in Covid-19 Dataset

Field name Type Description
Date reported Date Date of reporting to WHO
Country code String ISO Alpha-2 country code
Country String Country, territory, area

Regional Office for Africa (AFRO), Regional Office for
the Americas (AMRO), Regional Office for South-East
Asia (SEARO), Regional Office for Europe (EURO),
Regional Office for the Eastern Mediterranean
(EMRO), Regional Office for the Western Pacific
(WPRO)

WHO _region String

New confirmed cases. Calculated by subtracting
New_cases Integer  previous cumulative case count from current cumulative
cases count

Cumulative cases Integer  Cumulative confirmed cases reported to WHO to date

New confirmed deaths. Calculated by subtracting
New_deaths Integer  previous cumulative deaths from current cumulative
deaths

Cumulative deaths  Integer = Cumulative confirmed deaths reported to WHO to date
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Data Preprocessing & Assumptions

In order to focus our analysis on a specific country, namely Algeria, we filtered the
extensive dataset comprising Covid-19 statistics from 237 different countries. Our
objective was to extract the daily progression of the pandemic within Algeria and
compare it with the simulated outcomes generated by our tool. To facilitate this
comparison, we required the values for three key variables: susceptible, infectious, and
recovered individuals. By employing appropriate feature engineering techniques on the
available "Cumulative cases" data and under the assumptions that the duration of
infection for Covid-19 is 15 days [60] and the total susceptible population in Algeria
during the early stages of the virus is approximately 20,000 individuals. We successfully

derived these essential variables using the formulas in Equations 8, 9 and 10.

Infectious = Cumulative cases — Cumulative cases (shifted by 15 days) (11)
Recovered = Cumulative cases (shifted by 15 days) (12)
Susceptible = 20000 — (Infectious + Recovered) (13)

As the simulation tool does not support over 1000 individuals. A population size of 500
individuals was selected for similar population density. We sliced the first 100 days after

the first Covid-19 case in Algeria. The obtained results are shown on Figure 26.

Simulation

To simulate the breakthrough of Covid-19 in Algeria, the following parameters in Table

11 were used.

Table 11 - Parameters for Simulation of Covid-19 Outbreak in Algeria

Covid Simulation

Population Size 500
Infection Radius 5 pixels
Initially Infectious 1%
Infection Duration 15 days
Infection Probability 3%

The results of the simulation are shown in Figure 26
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Real World Data of Covid-19 Outbreak in Algeria
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Figure 26 - Data Visualization for Real World and Simulation of Covid-19 Outbreak in Algeria

The findings presented in Figure 26 demonstrate a remarkable similarity between the rate
of transmission of Covid-19 in Algeria, as observed in real-world data, and the outcomes
derived from a simulation model. Notably, both scenarios depict a gradual and consistent
progression of transmission throughout a 100-day period. Moreover, the final tally of
infections in both instances approximates slightly less than 50% of the total population.
These similar patterns provide compelling evidence to support the assertion that our
simulation tool possesses the capacity to effectively emulate the spread of actual diseases
when equipped with appropriate parameters and informed assumptions as foundational
elements. This validation of the simulation tool's efficacy offers researchers and
policymakers a valuable resource for forecasting and assessing disease dynamics, thereby

contributing to enhanced preparedness and response strategies.

3.4 Conclusion

In conclusion, the 'Results, Analysis & Discussions' chapter provided a comprehensive
evaluation of an epidemic simulation framework and its effectiveness in modeling the
spread of infectious diseases. Through the implementation of various simulations and

analysis of the generated data, several key findings emerged.

Firstly, population size was found to have a significant impact on disease transmission.

Simulations showed that a larger population size led to a faster and more extensive spread
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of the disease, highlighting the importance of population density and interactions between

individuals.

Secondly, the infection radius parameter played a crucial role in the propagation of the
disease. Simulations demonstrated that a larger infection radius resulted in a faster spread
of the disease over longer distances, making it more difficult to control through traditional

interventions.

Thirdly, the duration of infection was found to be a critical factor in disease transmission
rates. Simulations showed that a longer infection duration led to a higher transmission
rate and a more extensive spread of the disease, emphasizing the need for timely

intervention measures to reduce the duration of infection.

Fourthly, the infection probability parameter had a significant impact on disease
transmission. Higher infection probability resulted in a faster and more extensive spread
of the disease, highlighting the importance of public health interventions aimed at
reducing infection probability, such as social distancing measures and the use of personal

protective equipment such as hygiene and facemasks.

Additionally, the effectiveness of control measures was evaluated. Simulations showed
that early detection and swift response, along with effective implementation of quarantine

measures, played a crucial role in mitigating the spread of infectious diseases.

Furthermore, the presence or absence of symptoms had a considerable impact on disease
spread and severity. Simulations demonstrated that a significant proportion of
asymptomatic cases could undermine quarantine efforts and lead to a higher overall

transmission rate.

Lastly, the role of public awareness and collective collaboration in implementing control
measures was highlighted. The success of interventions such as quarantine relied on
individuals' understanding and adherence to guidelines, emphasizing the need for public

education campaigns and clear communication.

Overall, the findings from this chapter underscore the complex dynamics of disease
transmission and the importance of various parameters and control measures in shaping
the spread of infectious diseases. The simulation framework proved to be a valuable tool
for modeling and analyzing the impact of different scenarios, providing insights that can

inform public health policy and future research efforts.
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Conclusion

This project aimed at proposing and evaluating an Interactive Epidemic Simulation
Framework for modeling the spread of infectious diseases based on SIR model. The tool
successfully provided a platform for simulating various scenarios and manipulating
parameter values to analyze the impact of population and infection parameters on disease

transmission dynamics.

The simulations conducted using the tool highlighted the crucial role of population size in
disease propagation. Larger populations were found to facilitate a rapid spread of
infections due to higher population densities and increased interactions between
individuals. Conversely, smaller populations exhibited limited disease spread, indicating
that reduced opportunities for contact between infectious and non-infectious individuals

can help contain outbreaks.

Moreover, the investigation into infection parameters underscored the significance of the
infection radius. Simulations with smaller infection radii demonstrated more controlled
spread, while larger radii resulted in a substantial escalation of infections. These findings
emphasize the importance of interventions that limit contact between infectious and

susceptible individuals in curbing the spread of infectious diseases.

The Interactive Epidemic Simulation Tool proved to be an effective resource for
modeling disease dynamics and analyzing epidemic trends. By providing the ability to
simulate different scenarios and manipulate parameter values, the tool facilitated a deeper
understanding of the complex relationship between population dynamics, infection
parameters, and disease transmission patterns. This enhanced understanding has practical

implications for public health policy and intervention strategies.

However, it is important to acknowledge the limitations of the tool and the study. The
simulations were based on specific assumptions and simplifications, and real-world
scenarios may involve additional complexities and factors. Future improvements could
explore the incorporation of more realistic parameters and consider the impact of other
variables, such as vaccination rates, mobility patterns, and behavioral factors, to further

enhance the tool's accuracy and applicability.

In conclusion, this project successfully developed and evaluated an Interactive Epidemic
Simulation Tool that demonstrated its effectiveness in modeling the spread of infectious

diseases. The tool's capability to simulate various scenarios and manipulate parameter

53



values provided valuable insights into the impact of population and infection parameters
on disease transmission. This project contributes to the field of public health by offering a
practical tool for designing effective strategies to prevent and control epidemics. By
further refining and expanding upon simulation tools like this, we can improve our
preparedness and response to future disease outbreaks, ultimately safeguarding public

health and well-being.

54



References

[1] S. A. Rasmussen and R. A. Goodman, “Field epidemiology and COVID-19:
always more lessons to be learned,” Int. J. Epidemiol., p. dyaa221, Dec. 2020, doi:
10.1093/ije/dyaa221.

[2] N. Ferguson, G. Nedjati Gilani, and D. Laydon, “COVID-19 CovidSim
microsimulation model,” Apr. 2020, Accessed: Jun. 11, 2023. [Online]. Available:
http://spiral.imperial.ac.uk/handle/10044/1/79647

[3] A. Prost, “[The role of epidemiology in the process of decision-making],” Sante

Montrouge Fr.,vol. 7, no. 1, pp. 61-64, 1997.

[4] O. Morgan, “How decision makers can use quantitative approaches to guide
outbreak responses,” Philos. Trans. R. Soc. B Biol. Sci., vol. 374, no. 1776, p. 20180365,
Jul. 2019, doi: 10.1098/rstb.2018.0365.

[5] G. Bailey, “How mathematical epidemiology informs public health decision
making,” Riskaware, Jun. 16, 2020. https://www.riskaware.co.uk/insight/mathematical-

epidemiology-informs-public-health/ (accessed Jun. 11, 2023).

[6] S. Funk, E. Gilad, C. Watkins, and V. A. A. Jansen, “The spread of awareness and
its impact on epidemic outbreaks,” Proc. Natl. Acad. Sci., vol. 106, no. 16, pp. 6872—
6877, Apr. 2009, doi: 10.1073/pnas.0810762106.

[7] Z. Wang, Q. Guo, S. Sun, and C. Xia, “The impact of awareness diffusion on SIR-
like epidemics in multiplex networks,” Appl. Math. Comput., vol. 349, pp. 134—147, May
2019, doi: 10.1016/j.amc.2018.12.045.

[8] J. S. Weitz, S. W. Park, C. Eksin, and J. Dushoff, “Awareness-driven behavior
changes can shift the shape of epidemics away from peaks and toward plateaus,
shoulders, and oscillations,” Proc. Natl. Acad. Sci., vol. 117, no. 51, pp. 32764-32771,
Dec. 2020, doi: 10.1073/pnas.2009911117.

[9] “What Is Epidemiology?,” Columbia University Mailman School of Public
Health, Oct. 21, 2020. https://www.publichealth.columbia.edu/news/what-epidemiology
(accessed Jun. 11, 2023).

[10]  “Principles of Epidemiology | Lesson 1 - Section 1,” Dec. 20, 2021.
https://www.cdc.gov/csels/dsepd/ss1978/lessonl/sectionl.html (accessed Jun. 11, 2023).

55



[11] “The Economic Risks and Impacts of Epidemics - IMF F&D Magazine - June
2018 | Volume 55 | Number 2,” IMF.
https://www.imf.org/en/Publications/fandd/issues/2018/06/economic-risks-and-impacts-

of-epidemics-bloom (accessed Jun. 11, 2023).

[12] “Outbreaks, epidemics and pandemics—what you need to know,” APIC.
https://apic.org/monthly alerts/outbreaks-epidemics-and-pandemics-what-you-need-to-

know/ (accessed Jun. 11, 2023).

[13] J. Lessler, N. G. Reich, and D. A. T. Cummings, “Outbreak of 2009 Pandemic
Influenza A (HINT1) at a New York City School,” N. Engl. J. Med., vol. 361, no. 27, pp.
2628-2636, Dec. 2009, doi: 10.1056/NEJM0a0906089.

[14] H. Nishiura, “Determination of the appropriate quarantine period following
smallpox exposure: An objective approach using the incubation period distribution,” Int.
J. Hyg. Environ. Health, vol. 212, no. 1, pp. 97-104, Jan. 2009, doi:
10.1016/5.1jheh.2007.10.003.

[15] “Virulence,” Biology Articles, Tutorials & Dictionary Online, Oct. 07, 2019.

https://www.biologyonline.com/dictionary/virulence (accessed Jun. 07, 2023).

[16] “Definition of virulence - NCI Dictionary of Cancer Terms - NCL,” Feb. 02, 2011.
https://www.cancer.gov/publications/dictionaries/cancer-terms/def/virulence (accessed

Jun. 07, 2023).

[17] “Virulence,” Wikipedia. Jun. 06, 2023. Accessed: Jun. 07, 2023. [Online].
Available: https://en.wikipedia.org/w/index.php?title=Virulence&oldid=1158871399

[18] C.L.Shaw and D. A. Kennedy, “What the reproductive number RO can and
cannot tell us about COVID-19 dynamics,” Theor. Popul. Biol., vol. 137, pp. 2-9, Feb.
2021, doi: 10.1016/.tpb.2020.12.003.

[19] S. Dharmaratne, S. Sudaraka, I. Abeyagunawardena, K. Manchanayake, M.
Kothalawala, and W. Gunathunga, “Estimation of the basic reproduction number (R0) for
the novel coronavirus disease in Sri Lanka,” Virol. J., vol. 17, no. 1, p. 144, Oct. 2020,

doi: 10.1186/512985-020-01411-0.

[20] P. L. Delamater, E. J. Street, T. F. Leslie, Y. T. Yang, and K. H. Jacobsen,
“Complexity of the Basic Reproduction Number (RO) - Volume 25, Number 1—January
2019 - Emerging Infectious Diseases journal - CDC”, doi: 10.3201/eid2501.171901.

56



[21] “Basic Reproduction Number - an overview | ScienceDirect Topics.”
https://www.sciencedirect.com/topics/agricultural-and-biological-sciences/basic-

reproduction-number (accessed Jun. 06, 2023).

[22] D. L. Schriger, “Annals of Emergency Medicine,” Ann. Emerg. Med., vol. 52, no.
4, p. 480, Oct. 2008, doi: 10.1016/j.annemergmed.2008.06.461.

[23] “Chapter 1. What is epidemiology? | The BMJ,” The BMJ | The BMJ: leading
general medical journal. Research. Education. Comment. https://www.bmj.com/about-
bmj/resources-readers/publications/epidemiology-uninitiated/1-what-epidemiology

(accessed Jun. 07, 2023).

[24] “Epidemic, Endemic, Pandemic: What are the Differences?,” Columbia University
Mailman School of Public Health, Feb. 19, 2021.
https://www.publichealth.columbia.edu/news/epidemic-endemic-pandemic-what-are-

differences (accessed Jun. 07, 2023).

[25] T.R. Vetter and C. A. Jesser, “Fundamental Epidemiology Terminology and
Measures: It Really Is All in the Name,” Anesth. Analg., vol. 125, no. 6, pp. 2146-2151,
Dec. 2017, doi: 10.1213/ANE.0000000000002554.

[26] “epidemic.” https://education.nationalgeographic.org/resource/epidemic (accessed

Jun. 07, 2023).

[27] J. M. Samet, H. Wipfli, E. A. Platz, and N. Bhavsar, “A Dictionary of
Epidemiology, Fifth Edition: Edited by Miquel Porta,” Am. J. Epidemiol., vol. 170, no.
11, pp. 1449-1451, Dec. 2009, doi: 10.1093/aje/kwp322.

[28] “Smallpox | CDC,” Feb. 19, 2019. https://www.cdc.gov/smallpox/index.html
(accessed Jun. 07, 2023).

[29] egpafadmin, “HIV 101: The Difference Between Control, Elimination, and
Eradication - EGPAF,” Elizabeth Glaser Pediatric AIDS Foundation, Feb. 18, 2015.
https://www.pedaids.org/2015/02/18/hiv-101-the-difference-between-control-elimination-
and-eradication/ (accessed Jun. 07, 2023).

[30] “Compartmental Models in Epidemiology.” https://encyclopedia.pub/entry/37822
(accessed Jun. 07, 2023).

[31] F. Brauer, “Compartmental Models in Epidemiology,” in Mathematical
Epidemiology, F. Brauer, P. van den Driessche, and J. Wu, Eds., in Lecture Notes in

57



Mathematics. Berlin, Heidelberg: Springer, 2008, pp. 19-79. doi: 10.1007/978-3-540-
78911-6 2.

[32] “Compartmental models in epidemiology,” Wikipedia. Apr. 15, 2023. Accessed:
Apr. 28, 2023. [Online]. Available:
https://en.wikipedia.org/w/index.php?title=Compartmental models in_epidemiology&ol
did=1150020798

[33] “SIR Model - an overview | ScienceDirect Topics.”

https://www.sciencedirect.com/topics/mathematics/sir-model (accessed Jun. 07, 2023).

[34] J. Tolles and T. Luong, “Modeling Epidemics With Compartmental Models,”
JAMA, vol. 323, no. 24, pp. 2515-2516, Jun. 2020, doi: 10.1001/jama.2020.8420.

[35] R. Schlickeiser and M. Krdger, “Analytical Modeling of the Temporal Evolution
of Epidemics Outbreaks Accounting for Vaccinations,” Physics, vol. 3, no. 2, pp. 386—
426, May 2021, doi: 10.3390/physics3020028.

[36] T.T.Marinov and R. S. Marinova, “Adaptive SIR model with vaccination:
simultaneous identification of rates and functions illustrated with COVID-19,” Sci. Rep.,

vol. 12, no. 1, Art. no. 1, Sep. 2022, doi: 10.1038/s41598-022-20276-7.

[37] S. Selvin, “1Measures Of Risk: Rates And Probabilities,” in Statistical Analysis of
Epidemiologic Data, S. Selvin, Ed., Oxford University Press, 2004, p. 0. doi:
10.1093/acprof:0s0/9780195172805.003.01.

[38] “Probability.” https://www.iwh.on.ca/what-researchers-mean-by/probability#
(accessed Jun. 07, 2023).

[39] “Uniform Distribution,” Investopedia.

https://www.investopedia.com/terms/u/uniform-distribution.asp (accessed Jun. 07, 2023).

[40] “Continuous uniform distribution,” Wikipedia. Mar. 13, 2023. Accessed: Jun. 07,
2023. [Online]. Available:
https://en.wikipedia.org/w/index.php?title=Continuous_uniform_distribution&oldid=114
4473074

[41] M. Lachiany and Y. Louzoun, “Effects of distribution of infection rate on
epidemic models,” Phys. Rev. E, vol. 94, no. 2, p. 022409, Aug. 2016, doi:
10.1103/PhysRevE.94.0224009.

58



[42] W.O. Kermack and A. G. McKendrick, “A Contribution to the Mathematical
Theory of Epidemics,” Proc. R. Soc. Lond. Ser. Contain. Pap. Math. Phys. Character,
vol. 115, no. 772, Art. no. 772, 1927.

[43] H. Wang and X.-S. Wang, “Traveling Wave Phenomena in a Kermack—
McKendrick SIR Model,” J. Dyn. Differ. Equ., vol. 28, no. 1, pp. 143—-166, Mar. 2016,
doi: 10.1007/s10884-015-9506-2.

[44] “Vaccination and herd immunity to infectious diseases | Nature,” Jun. 07, 2023.

https://www.nature.com/articles/318323a0 (accessed Jun. 07, 2023).

[45] P.E. Lekone and B. F. Finkenstddt, “Statistical Inference in a Stochastic Epidemic
SEIR Model with Control Intervention: Ebola as a Case Study,” Biometrics, vol. 62, no.
4, Art. no. 4, 2006, doi: 10.1111/j.1541-0420.2006.00609.x.

[46] Z. Wuand J. M. McGoogan, “Characteristics of and Important Lessons From the
Coronavirus Disease 2019 (COVID-19) Outbreak in China: Summary of a Report of

72 314 Cases From the Chinese Center for Disease Control and Prevention,” JAMA, vol.
323, no. 13, Art. no. 13, Apr. 2020, doi: 10.1001/jama.2020.2648.

[47] Modeling Infectious Diseases in Humans and Animals. 2007. Accessed: May 30,
2023. [Online]. Available:
https://press.princeton.edu/books/hardcover/9780691116174/modeling-infectious-

diseases-in-humans-and-animals

[48] H. W. Hethcote, “The Mathematics of Infectious Diseases,” SIAM Rev., vol. 42,
no. 4, pp. 599-653, Jan. 2000, doi: 10.1137/S0036144500371907.

[49] S.Riley et al., “Transmission Dynamics of the Etiological Agent of SARS in
Hong Kong: Impact of Public Health Interventions,” Science, vol. 300, no. 5627, Art. no.
5627, Jun. 2003, doi: 10.1126/science.1086478.

[50] V. Colizza et al., “Estimate of Novel Influenza A/HIN1 cases in Mexico at the
early stage of the pandemic with a spatially structured epidemic model,” PLoS Curr., vol.

1, p. RRN1129, Nov. 2009, doi: 10.1371/currents. RRN1129.

[51] A.J. Kucharski ef al., “Early dynamics of transmission and control of COVID-19:
a mathematical modelling study,” Lancet Infect. Dis., vol. 20, no. 5, Art. no. 5, May 2020,
doi: 10.1016/S1473-3099(20)30144-4.

59



[52] R. Della Marca, N. Loy, and A. Tosin, “An SIR model with viral load-dependent
transmission,” J. Math. Biol., vol. 86, no. 4, p. 61, Apr. 2023, doi: 10.1007/s00285-023-
01901-z.

[53] T.Liuetal., “A real-world data validation of the value of early-stage SIR
modelling to public health,” Sci. Rep., vol. 13, no. 1, Art. no. 1, Jun. 2023, doi:
10.1038/s41598-023-36386-9.

[54] L Cooper, A. Mondal, and C. G. Antonopoulos, “A SIR model assumption for the
spread of COVID-19 in different communities,” Chaos Solitons Fractals, vol. 139, p.
110057, Oct. 2020, doi: 10.1016/j.chaos.2020.110057.

[55] I K. Youssef and M. H. M. Hassan, “A Comparative Study for Some
Mathematical Models of Epidemic Diseases with Application to Strategic Management,”
Appl. Sci., vol. 12, no. 24, Art. no. 24, Jan. 2022, doi: 10.3390/app122412639.

[56] “Python (programming language),” Wikipedia. Apr. 01, 2023. Accessed: May 01,
2023. [Online]. Available:

https://en.wikipedia.org/w/index.php?title=Python (programming_language)&oldid=114
7632985

[57] “Pymunk — Pymunk 6.4.0 documentation.” http://www.pymunk.org/en/latest/
(accessed May 01, 2023).

[58] “About - pygame wiki.” https://www.pygame.org/wiki/about (accessed May 01,
2023).

[59] “WHO Coronavirus (COVID-19) Dashboard | WHO Coronavirus (COVID-19)
Dashboard With Vaccination Data.” https://covid19.who.int/data (accessed Jun. 12,
2023).

[60] A. Benisek, “Coronavirus Recovery,” WebMD.

https://www.webmd.com/covid/covid-recovery-overview (accessed Jun. 08, 2023).

60



