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Abstract

Many emerging diseases have several common features in terms of their natural history;
however, they differ in their quantifiable characteristics, such as transmissibility, the incu-
bation period, and infectiousness profile. These characteristics are crucial in determining
whether there will be a local outbreak of the disease or if it has the potential to evolve into a
global pandemic. Understanding these characteristics and how they differ among diseases
is thus critical in devising public health policies to prevent the spread of infection in the
population and mitigate the evident repercussions that can result from a novel disease such
as what was observed during the COVID-19 pandemic. This thesis delineates a general
modelling framework for transmission dynamics of two respiratory infections, influenza
and SARS-CoV-2, to investigate the effect their characteristics on intervention outcomes.
Reflecting the novelty of the objectives in this thesis, the results indicate that increasing
the severity of interventions (i.e., from isolation only, to school closure, to lockdown)
leads to different outcomes for the two disease. Performing simulations and sensitivity
analysis, we show that the length of infectious period, and infectiousness profile during
various stages of illness have a remarkable influence on the outcome of interventions. Our
findings indicate that the difference in school closure outcomes between SARS-CoV-2
and influenza may be due to longer and more infectious pre-symptomatic stage in the
former disease compared to the latter. This is further demonstrated by the results from
our sensitivity analysis, indicating that the pre-symptomatic and symptomatic periods
consistently exhibit a negative linear correlation with the relative reduction in attack rate

(i.e., the proportion of the population infectious throughout the outbreak), regardless of

il



the disease or the type of intervention.
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Chapter 1

Introduction

1.1 Modeling Infectious Diseases

Mathematical modeling has become an important approach in the field of epidemiology
and public health, enabling researchers and policymakers to better understand the dynam-
ical behavior of infectious diseases and the effect of control measures in a population.
After the development of the Kermack-McKendrick classical epidemic model, this general
framework was widely adapted in the twentieth century describing the interplay between
susceptible (S), infected (/), and recovered (R) individuals in a population [1]. Kermack
and McKendrick expressed that the level of susceptibility in a population must exceed a
certain threshold for an epidemic to occur [|1]. The susceptible-infected-recovered (SIR)
is a fundamental framework still being used for studying infectious disease dynamics,
including diseases such as influenza and Severe Acute Respiratory Syndrome (SARS),
and COVID-19.

The general SIR model is a highly adept model that can be modified to offer important
information on the spread of infectious disease, with a goal of advising public health
policy to mitigate the effects of an epidemic [2]. It is common to include an exposed (E)
class, representing individuals who are infected but not infectious yet, for infections such

as influenza or COVID-19. More important is the possibility of an infected individual



1.2 QUANTIFIABLE DISEASE-SPECIFIC CHARACTERISTICS

becoming infectious without manifesting any signs (or symptoms) of the disease, often
classified by terms of pre-symptomatic or asymptomatic infection. Individuals in these
stages can transmit the disease before the onset of symptoms, or without ever developing
any symptoms. In addition to evaluating the ability of a pathogen to spread within a
population, epidemiological models are useful in assessing the effects of various control
strategies and interventions [3]]. The significance of epidemiological models was evident
over the course of the COVID-19 pandemic. Control measures such as testing and isolation,
school closures, lockdowns, and vaccination have been implemented, but understanding the
degree to which such interventions contribute to the controllability of different infectious
diseases with similar characteristics and natural history is still nascent. This thesis aims to

improve this understanding using mathematical modelling.

1.2 Quantifiable Disease-Specific Characteristics

Many emerging diseases have several common features in terms of their natural history;
however, they differ in their quantifiable characteristics, such as transmissibility (at
different stages of disease; e.g., pre-symptomatic, symptomatic, and asymptomatic), the
incubation period, and infectiousness profile [3]]. These characteristics, being defined in
Chapter 2, are crucial in determining whether there will be a local outbreak or if the disease
has the potential to evolve into a global pandemic. Understanding these characteristics and
how they differ among diseases is thus imperative in preventing the spread of infection
in the population and mitigate the subsequent socioeconomic repercussions, which were
evident during the COVID-19 pandemic.

Implementations of public health measures depend vitally on the aforementioned
disease characteristics, which can determine the type and intensity of interventions, and
their outcomes. For example, an intervention such as school closure has been proven
effective in slowing the spread of the influenza virus [4, |5]; however, recent studies

provide data-driven evidence that this intervention has largely been ineffective for blunting



1.3  MOTIVATION

community transmission of COVID-19 [6, 7]. This has been speculated to be due to the
longer incubation period for SARS-CoV-2. Further, some diseases, such as Ebola, are
only transmissible when the infected individual becomes severely ill after the onset of
symptoms [8], while disease transmission can occur even prior to the onset of symptoms
in several diseases like influenza, respiratory syncytial virus (RSV), and COVID-19.
Understanding the degree to which such disease characteristics influence the effectiveness

of interventions remains elusive.

1.3 Motivation

Despite the vast literature on disease modelling, the interplay between disease characteris-
tics, infection dynamics, and the effectiveness of various interventions (e.g., lockdowns,
school closure, social distancing, self-isolation, use of personal protective equipment
(PPE), and vaccination) has not been fully investigated. Existing literature has largely
evaluated the effect of interventions for a particular disease, without a systematic analysis
of diseases with similar characteristics. Reflecting the novelty of this thesis, it is of
utmost importance to evaluate why some intervention measures are effective in slowing
the spread of particular diseases while being ineffective or less effective against others,
and more specifically, how the characteristics of a disease affect intervention outcomes.
The focus of this work will be on two major respiratory infections caused by SARS-CoV-2
and influenza to identify what interventions are most effective, and quantify their effec-
tiveness in reducing the burden of disease based on similarities and differences in their

epidemiological characteristics.



Chapter 2

Disease Characteristics and

Interventions

2.1 Natural History

Diseases are characterized based on their natural history, which refers to the natural
evolution/progression of a disease in an individual over time in the absence of treatment
or other intervention. This progression starts from the time of exposure of a susceptible
individual to the disease (and occurrence of infection), pathogenic changes occur in the
individual and the disease is in the clinical or subclinical stages (Figure[2.1)). Diseases with
similar biology and epidemiology to Influenza (like COVID-19) may represent both states
where a pre-symptomatic stage is followed by the symptomatic stage after the onset of
symptoms, where most diagnosis takes place. During this stage, a number of outcomes are
possible such as hospitalization (if the illness is severe or critical), death, or improvement
towards recovery [9]]. The amount of time spent in each stage is critical in determining
if there will be an outbreak, and how interventions should be implemented. To further
evaluate the risk of an outbreak, characteristics such as the transmissibility, incubation
period, pre-symptomatic period, symptomatic period, and the ratio of asymptomatic to

symptomatic cases are important epidemiological parameters [9]]. Differences in these



2.1.1 Infectiousness Profile 2.1 NATURAL HISTORY

17 Incubation period —1

Exposure Start of Start of End of
(infection) infectiousness symptoms infectiousness
Susceptible Latently infected Pre-symptomatic Symptomatic Stage of recovery

Asymptomatic

Figure 2.1: Natural history of a disease with similar characteristics to influenza and COVID-19.

parameters among different respiratory diseases would allow us to optimally implement

interventions to mitigate the effects of a pandemic.

2.1.1 Infectiousness Profile

For majority of respiratory infections, there are mainly two different stages of disease
in which individuals are infectious. First, there is asymptomatic infection, which occurs
when an infected individual renders no symptoms. These individuals may be able to
transmit the disease to other susceptible individuals [10]. For diseases such as influenza
and COVID-19, many asymptomatic cases go unknown [[10]]. However, mass and random
testing can often identify these cases similar to the scenario observed during the COVID-
19 pandemic. Similar to asymptomatic infection is pre-symptomatic infection, which
refers to the stage in which infection can be detected, but symptoms of the disease are not
yet developed. The pre-symptomatic stage is often infectious and disease transmission
can occur[/11]. For a disease such as COVID-19, the number of asymptomatic cases
greatly affects the pandemic potential and control in the population. Further, the length of
the pre-symptomatic period in individuals also dictates the trajectory of an outbreak as
well as the effect of interventions [12,|13]]. A prolonged pre-symptomatic period makes
the uncontrolled transmission more likely. Investigation of COVID-19 indicates that the
pre-symptomatic stage is the most infectious stage of disease [[14]. Combined with its

longer duration compared to pre-symptomatic stage in influenza [2]], the controllability of
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COVID-19 appears more challenging [7]].

Second, there is symptomatic infection, during which the individuals manifest symp-
toms of the disease and the likelihood of disease detection increases. In this case, testing
with positive identification of disease can prompt immediate isolation after the onset of
symptoms to minimize and potentially eliminate onward transmission of the pathogen
[L1].

The infectiousness profile of a given disease has a considerable impact on its spread in
the population. Thus, it is important to consider these parameters in an effort to mitigate
the burden of a disease. SARS-CoV-2 has a high infectiousness level immediately before
the onset of symptoms, highlighting the necessity for early detection and isolation, or
quarantine of individuals exposed to known cases of disease, as well as the use of personal

protective equipment (such as masks) to limit transmission [15]].

2.2 Influenza

Influenza is a viral disease with recorded existence of many centuries [16], but most
documentation on influenza is from the last century. The first pandemic of the last century
occurred during World War I'in 1918 [17]. Influenza virus was thought to have killed nearly
200,000 Americans during the 1918 pandemic [18] and millions of people worldwide [19,
20]. Over the course of a century, there have been three additional influenza pandemics,
including HIN1, H2N2, and H3N2 [21]. It was not until the influenza virus was isolated in
a laboratory in the 1930s that a vaccine was developed [16]. Presently, seasonal influenza
epidemics are common annually in most countries and outbreaks are widely unpredictable
[16]. However, there are a few key trends that we perceive. Influenza epidemics are more
likely to occur during colder months of any geographic region. Moreover, these epidemics
occur largely due to viral mutations, referred to as antigenic drift and/or shift, escaping
pre-existing immunity. This necessitates the generation of new vaccines every year based

on the expected virus to spread [16, 21]. Influenza viruses cause significant morbidity and
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mortality, and pose great social and economic burden. Given that influenza viruses infects
20 to 40 percent of the population per annum, ongoing research is needed to reduce the
associated risk factors and prevent excess mortality [21]].

Although vaccines become available prior to the start of annual seasonal epidemics,
vaccination coverage is suboptimal, especially among younger age groups who have
lower risk of severe outcomes, but contribute to disease transmission more significantly
compared to older adults.. Epidemiological studies suggest that with a lack of avoidance
behaviour, including monitoring contacts and social distancing, influenza can spread and

evolve into an epidemic even in vaccinated populations [22].

2.2.1 Influenza Types

There are four types of influenza virus: influenza A, B, C, and D [[16]]. Of these, influenza
A and B cause infections during seasonal influenza, and influenza A is the only type
known to have caused pandemics in the human population. The main source of influenza
epidemics in human history is from the HIN1, H2N2, and H3N2 strains, which are
subtypes of influenza A. Another type, although not common, is the Avian flu which has
led to infections, hospitalizations, and death in humans. Influenza A subtypes induce
symptoms such as fever, chills, achiness, drowsiness, sneezing, coughing, and sore throat

[23].

2.3 SARS-CoV-2

In late 2019, SARS-CoV-2 caused a local outbreak in Wuhan, China, that within a few
weeks resulted in a global pandemic, known as COVID-19 [23]. SARS-CoV-2, like
influenza, is a contagious respiratory illness with similar symptoms. However, SARS-
CoV-2 has been estimated to be significantly more transmissible than influenza. A
distinguishable feature of SARS-CoV-2 is the lengthy incubation period in comparison to

that of other diseases, such as influenza or ebola virus [7]]. Recent studies have shown that
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COVID-19 is highly infectious before symptom onset [[15]], and it was found that most
transmissions occur as a result of contacts with individuals who are infectious, but do not

manifest symptoms [2} [15].

2.3.1 Variants of SARS-CoV-2

SARS-CoV-2 can mutate and generate new variants that may be more transmissible or
cause more severe disease. In the context of SARS-CoV-2, the World Health Organization
(WHO) defined both a variant of concern (VOC) and variant of interest (VOI) [24]]. A
VOC is defined as a variant which has increased transmissibility with an increased number
of resulting fatalities and a decrease in vaccine effectiveness. A VOI is thought to affect
factors such as transmissibility, disease severity, immune escape, and diagnostics [23} 24].

Over the course of COVID-19 pandemic, a number of VOCs have emerged in different
geographic locations, and spread worldwide. For instance, the Alpha variant (B.1.1.7),
was first identified in the United Kingdom in September 2020 and reached Canada by
April 2021. Its transmissibility was estimated to be 50% greater than that of the original
wild-type Wuhan-I virus [25, 26]. By June 2021, Alpha was responsible for more than
50% of recorded SARS-CoV-2 cases in Canada [23]].

Following Alpha, the Delta variant (B.1.617.2) emerged, initially detected in India in
October 2020 during a period of low vaccine coverage [27]]. Naturally, the emergence
of this highly invasive variant resulted in significant hospitalizations and deaths, with an
estimated 30% increase in transmissibility compared to the Alpha variant 28} [29]. The
final VOC considered in this thesis, and the most transmissible variant, was Omicron,
which was estimated to be 35% more than transmissible than the Delta variant [|30].

In addition to the VOC variants, a number of VOI variants emerged during the COVID-
19. For example, the Beta variant (B.1.351) was first identified in South Africa in May of
2020 with an increased transmissibility compared to the original Wuhan-I virus. Although
the Beta variant also resulted in hospitalizations and deaths, these outcomes were not

nearly as significant as those occurred during infection waves of the Alpha and Delta
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variants [23[]. Another VOI is the gamma variant (P.1) that was first reported in Brazil in
November of 2020. Although it was estimated to be 1.7-2.4 times more transmissible than
the original strain of SARS-COV-2 [31]], the gamma variant did not become as prevalent

as the Alpha or Delta variants [23].

2.4 Non-Pharmaceutical Interventions

The primary goal of public health, in the event of an epidemic, is to prevent disease
spread in the population, and mitigate severe outcomes such as hospitalization and death.
In recent studies, it was found that over the course of the COVID-19 pandemic, the
implementation of public health policies including the use of masks and other PPE, social
distancing, quarantine and isolation, school and workplace closures, and lockdown proved
effective, albeit in varying degrees, in preventing the spread of COVID-19 [4]. In this

thesis, we focus on the three key non-pharmaceutical measures outlined below.

2.4.1 Quarantine and Isolation

A common means of reducing disease spread is quarantine, which is recommended for
individuals who have had contact(s) with known infectious cases. Isolation is another
measure that is recommended for individuals who are identified to be infected with, or
show symptoms of the disease. Recent studies indicate that it is critical for infected

individuals to quarantine or self-isolate to prevent onward transmission [32-34]].

2.4.2 School Closure

Given that school children aged 5-18 are highly socially active with other individuals
in the same age group and family members, school closures are often considered an

important measure to decrease contact and mitigate disease transmission.



2.4.3 Lockdown 2.4 NON-PHARMACEUTICAL INTERVENTIONS

2.4.3 Lockdown

A lockdown is a much stricter intervention measure, which includes both isolation, closure
of schools and businesses, and may restrict movements of individuals and direct contacts.
This intervention was implemented in many affected countries during the early stages of

COVID-19 pandemic [35-37].

10



Chapter 3

Epidemiological Parameters: Influenza

and SARS-CoV-2 Variants

There are five key characteristics that significantly affect the dynamical behavior of disease
spread in a population [3]. We often discuss infectious disease dynamics in terms of their
transmissibility, incubation period, pre-symptomatic period, symptomatic period, and ratio
of asymptomatic to symptomatic cases. Mathematically, transmission of any respiratory
disease can be characterized by the basic reproduction number (Ry), defined as the average
number of new infections caused by an infectious individual in a totally susceptible
population [3]]. Essentially, this number measures the potential for a disease to spread
through a population. The incubation period of a disease refers to the period between the
time of infection and the onset of symptoms. The pre-symptomatic period of a disease
is the time-interval between the start of infectiousness and the onset of symptoms in
an infected individual. The symptomatic period refers to an infectious period during
which symptoms are present. In a modelling context, often the symptomatic period and
infectious period are used interchangeably after the onset of symptoms. However, in
a clinical context, there are two distinct concepts, possibly representing two different
durations. Here, we consider the infectious period after the onset of symptoms. Finally,

the proportion of infected individuals that develop symptomatic disease varies across

11



3.2 SARS-COV-2

Table 3.1: Estimates of the epidemiological parameters of influenza A/HIN1.

Influenza A/HIN1

Characteristic Estimate Reference
Reproduction number 1.27 [38]
Incubation period 1 —2 days (39, 40]
Pre-symptomatic period 0—1 days [41]]
Infectious period 4 —7 days [42]]

Asymptomatic proportion of infections 4 —28%, 33 —50%, [43-45]
44%

different diseases.

3.1 Influenza

3.1.1 HIN1

One of the most common strains of influenza A that spread through the human population
is HIN1, with an estimated reproduction number between 1.2—1.8 [22] 38]. For the
incubation period, a consistent mean of 1 — 2 days has been reported [39, 40]. The pre-
symptomatic period for HIN1 has a range of 0 — 1 days [41]. The symptomatic period
varies from 4 — 7 days [42]. The ratio of asymptomatic for the HINT1 strain has been
estimated to vary between 4 — 50% [43-435]]. Estimates of these parameters are provided

in Table

3.2 SARS-CoV-2

3.2.1 Original Wuhan-I Strain

In comparison to HIN1, SARS-CoV-2 is more transmissible. The original strain was

estimated to have a reproduction number in the range 2 — 3.5 [46]. Further, SARS-CoV-2
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3.2.2 Alpha Variant 3.2 SARS-COV-2

Table 3.2: Estimates of the epidemiological parameters of the original SARS-CoV-2 strain.

SARS-CoV-2: Original strain

Characteristic Estimate Reference
Reproduction number 3.36 [301]
Incubation period 5.2 days (47, 48]
Pre-symptomatic period 2.3 days [2:47]
Infectious period 3.2 days [2,_47]
Asymptomatic proportion of infections 30.8%, 35.1% [4;50]

original strain was found to have a longer incubation period than HIN1, with a mean of
5.2 days [47, 48||]. The pre-symptomatic period and infectious periods after the onset of
symptoms also differed from those of HIN1, with the mean of 2.3 days and 3.2 days,
respectively [2, 47]]. The proportion infections being asymptomatic ranged between 30%

to 35.1% [49,50].

3.2.2 Alpha Variant

The Alpha variant was more transmissible than the original strain, with a reproduction
number of 4.8 [51]]. The incubation period of the Alpha variant was estimated to be 5.0
days [52]. The pre-symptomatic period had the mean in the range 3.94 —4.65 days [53]].
The infectious period of the Alpha variant was estimated to be 5.1 days on average [54].

Finally, the proportion of infections being asymptomatic was approximately 16.7% [55].

3.2.3 Delta Variant

The Delta variant was even more transmissible than the Alpha variant, with reproduction
numbers of 5.37 and 5.94 [51, |57|]. Furthermore, the Delta variant had an incubation
period of 4.41 days [52]. The pre-symptomatic period of this variant varied in the range
3.49 —3.93 days [53]]. After the onset of symptoms, the infectious period may be up to

8.89 days [58]. The proportion of infections being asymptomatic was found to be between

13



3.2.4 Omicron Variant 3.2 SARS-COV-2

Table 3.3: Estimates of the epidemiological parameters of the the SARS-CoV-2 Alpha variant

SARS-CoV-2: Alpha variant

Characteristic Estimate Reference
Reproduction number 4.8 [51]
Incubation period 5 days [52]
Pre-symptomatic period 3.94 —4.65 days [53]]

1 —4 days [56]
Infectious period 5.1 days [54]
Asymptomatic proportion of infections 16.7% [55]

8.4% and 13.7% among all age groups [359, 60].

3.2.4 Omicron Variant

The most transmissible variant (at the time of this thesis) was Omicron, with a reproduction
number of 9.5 [[62]. The incubation period is the shortest among all variants, with
an average of 3.41 days [52]]. The pre-symptomatic period of the Omicron variant is

approximately 2 days [63]]. The infectious period for this variant is estimated to be 6.87

Table 3.4: Estimates of the epidemiological parameters of the the SARS-CoV-2 Delta variant

SARS-CoV-2: Delta variant

Characteristic Estimate Reference
Reproduction number 5.94 [51]]

5.37 (157]
Incubation period 4.41 days [52]]
Pre-symptomatic period 3.49 —3.93 days (53]

2 days [61]
Infectious period 8.89 days (58]
Asymptomatic proportion of infections 8.4%, 13.7% (59, 60]
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3.2.4 Omicron Variant 3.2 SARS-COV-2

Table 3.5: Estimates of the epidemiological parameters of the the SARS-CoV-2 Omicron variant

SARS-CoV-2: Omicron variant

Characteristic Estimate Reference
Reproduction number 9.5 [62]
Incubation period 3.41 days [152]

3.33 days [[65]]
Pre-symptomatic period 2 days [63]
Infectious period 6.87 days (58]
Asymptomatic proportion of infections 32.4% (64]

days [58]. Finally, the proportion of infections being asymptomatic is estimated around

32.4% [64].
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Chapter 4

General Modelling Framework

This chapter provides details of the model structure used to quantify the effect of inter-
ventions for influenza A/HIN1 and SARS-CoV-2 variants. We discuss an age-structured
model with the inclusion of contact patterns, and how interventions are implemented using
contact matrices. Age structure was incorporated in the model because of its importance
in the population dynamics for the spread of infection. We introduce an extended version
of the susceptible-exposed-infectious-recovered (SEIR) compartmental model with added
compartments to differentiate the infectiousness at various stages of the disease, isolation
of infectious individuals, and waning immunity. In addition to deriving the reproduction
number of the model analytically, we simulate the deterministic model where key parame-
ters were sampled from their respective distributions. A sensitivity analysis was performed
using partial rank correlation coefficients (PRCC) to determine the relative importance of

each parameter in determining the effectiveness of interventions.

4.1 The Model

The model incorporated several age groups to capture the effects of contact patterns related
to school closure, isolation, and lockdown interventions. The age groups considered in the

model are 0—4, 5-18, 19-49, 50-64, and 65+ years old. Compartments for asymptomatic

16



4.1 THE MODEL

and pre-symptomatic stages are also included, given their importance in the natural history
of infection for both influenza and SARS-CoV-2. Since reinfection may occur in these
respiratory diseases, waning immunity is included in the general framework. Finally,
since individuals can be reinfected, an additional exposed class is included to capture the
decreased level of susceptibility of those who have been previously infected, and are less
likely to become symptomatic due to pre-existing immune responses.

Using the variables described in Table {.1] the dynamics of disease spread and control

can be expressed by the following system of differential equations:

Sa=—SaVa
E, =S, #a—OE,
A, = pOE,+ p,OE . — Vala
F,=(1=p)oE;+ (1 —p;)OE,.— 0P,
I,=(1-q)0P,— 7, (4.1)
0, =q0P,— yQ,
R, = YaAa+YQu+ Yla— VR,
W,=VR,—W, ¥

Er,a = Wa/ - GEr,a

where _#, describes the force of infection, and is defined by the following equation

5 5
oA+ CPi+xl; KQ;
Ja=BY Mg | ——— ) +B Y M| )
—= N; = N;
Jj= j=
The parameter 3 represents the transmission rate, Mf is the matrix describing regular

contact patterns of age group j with any other age group, M§ is the matrix describing

contact patterns of isolated individuals in age group j with any other age group, and N; is

17



4.1 THE MODEL

Table 4.1: Description of the model variables.

Sa Susceptible individuals in age group a

E, Exposed (and infected) individuals in age group a

Ag Asymptomatic individuals in age group a

P, Pre-symptomatic individuals in age group a

I, Symptomatic individuals in age group a

Q. Isolated symptomatic individuals in age group a

R, Recovered individuals in age group a

W, Individuals in age group a whose immunity has waned
Er, Re-exposed (and reinfected) individuals in age group a

the total number of individuals in age group j, given by:

Ni=S;+Ej+Aj+Pi+1;+Q;+R;j+W;+E,;

The force of infection describes how a susceptible individual in age group a will
become infected through contacts with either asymptomatically, pre-symptomatically,
or symptomatically infected individuals. Naturally, these individuals go through the
exposed stage first with a an average duration of 1/0. A proportion p of the infected
individuals will become asymptomatic and the remaining proportion proceeds to the
pre-symptomatic stage. After an average duration of 1/6, pre-symptomatic individuals
will develop symptoms, and a proportion g of them will be identified and isolated. All
infected individuals, whether asymptomatic or symptomatic, recover after an average
infectious periods of 1/y4 and 1/7, respectively. We assume that isolation of symptomatic
individuals starts immediately following the onset of symptoms. Recovered individuals
lose their immunity over time. We represent the average duration of protection in recovered
individuals with 1/v. Loss of immunity may result in re-infection. Reinfected individuals

will follow a similar natural history as those primary infected individuals, but a proportion

18



4.1.1 Modelling with Interventions 4.1 THE MODEL

N pto ana O ed
d e O
(1—q)oP, 1Qa
(1 - P)UEa
Sa/a to vl
Susceptible posed . ° Recovered
poE,
vala
(1 - pr)UEr,a
ProE,, <
Wa/a ©
Waned Immunity |«
vR,

Figure 4.1: Schematic diagram depicting the general model dynamics represented in )

pr of whom may develop symptoms. Due to the effect of pre-existing immunity, the
proportion p, may be different from the proportion p assumed for the primary infected
individuals. The dynamics of model is schematically represented in Figure {.1] In this
thesis, the focus will be on the model outcomes in the absence of waning immunity or

re-infection.

4.1.1 Modelling with Interventions

Compartments can be added to the general model (4.1)) to capture the effects of imple-
menting an intervention, such as isolation. For interventions such as school closures and
lockdowns, the effect is captured using the contact patterns observed and are represented
in contact matrices. For the general model, isolation is the only intervention. Note that a
lockdown includes both isolation and school closures. For the baseline scenario, regular
contact patterns in the population were assumed. Further to the baseline scenario, we
considered three scenarios with different intervention strategies, assuming that isolation is

part of all these scenarios.
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4.1.2 Baseline with Regular Contact Patterns (S1) 4.1 THE MODEL

4.1.2 Baseline with Regular Contact Patterns (S1)

With regular contact patterns in the population and no individuals self-isolation, the force

of infection is described as follows

5

0A;+CPi+«l;

sb=py i (S
j=1 J

where Mf represents the contact matrix for regular, normal sociala activities.

4.1.3 Regular Contact Patterns with Isolation (S2)

This corresponds to the general framework described before with the force of infection

defined by

5 5
B_gYy R aAj+CPj+'<fj> MI(KQJ)
=g (SR ) gy ().

where MR and M! represent contact matrices for non-isolated and isolated individuals,

respectively.

4.1.4 School Closure (S3)

We assume that school closure is implemented for the age group 5-18. In this intervention,
other age groups have their regular contacts. The force of infection is then described by

the equation

OA:+CP;+ ki ; 5 KO
si=p X b (ST oy (52

OCAj—l-CPj—FKIj
Nj

where MR, M!, and M? represent contact matrices for non-isolated, isolated individuals,

and school children age group, respectively.
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4.1.5 Lockdown (S4) 4.1 THE MODEL

4.1.5 Lockdown (S4)

The lockdown intervention includes both isolation and school closure. The force of

infection is defined by

5 5
L_gy ul aAj+CPj+KIj) MI(KQJ‘)
< B_,; “( N; +ﬁ_,~;1 AN

where ML and M! represent contact matrices for non-isolated, and isolated individuals,

respectively under the lockdown intervention.

4.1.6 Contact Patterns

Contact matrices were derived using data from the period of time (2018-2019) before and
during (2020-2021) the early stages of COVID-19 pandemic in the province of Quebec
[66]. These matrices were obtained based on a survey of 1,291 Quebecers participating in
both time periods. The assumption was that a contact is defined as a two-way conversation
at a distance of less than 2 meters apart and without the use of a mask or other PPE.
Poisson distributed, weighted generalized linear regression models were used to compare
the mean number of social contacts over time, characterized by socio-demographic factors
documented in the surveys [66]. The resulting matrices represent the average number of
daily contacts of an individual in a specific age group with individuals in any other age

groups. The matrices corresponding to interventions are:

1. Regular contacts

21



4.1.6 Contact Patterns 4.1 THE MODEL

0—4 5-18 19-49 50— 64 65+ Age
(245 184 429 112 051]0-4

034 989 469 134 0.50|5-18
MR=1041 221 855 193 0.69|19—409,
023 124 540  3.04 135|50—64

1 0.16  0.88 3.20 176 2.00 | 65+

2. Contacts of isolated individuals

0—4 5-18 19-49 50— 64 65+ Age
(069 052 120 031 0.14|0-4

0.09 277 132 038 0.14|5-—18
M'=1012 062 239 054 0.19]19—49,
006 035 151 085 0.38|50—64

1004 0.25 0.90 0.49  0.56 65+

3. Contacts during school closure

0—4 5-18 19-49 50— 64 65+ Age
(245 184 429 112 051]0-4
034 380 469 134 050|518
MS= 041 221 855 193 0.69|19—49,
023 124 540  3.04 135]50— 64

10.16  0.88 3.20 1.76  2.00| 65+

4. Contacts during lockdown
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4.3 DERIVATION OF THE BASIC REPRODUCTION NUMBER

0—4 5-18 19-49 50— 64 65+ Age
(174 078 199 063 0.19]0-4

031 410 288 070 031|5-18
MF= 1051 192 660 183 0.87|19—49,
034 1.03 394 241 1.52]50— 64

1006 0.23 0.98 0.80  1.63 |65+

4.2 Model Parameterization

We assumed a population of 100,000 individuals with an age distribution resembling the
province of Ontario. The age distribution is 4.8% (0—4 years old), 16.4% (5-18 years
old), 40.8% (19-49 years old), 20.4% (50-64 years old), and 17.6% (65+ years old). The

general modelling framework assumes that

¢ Individuals who are isolated are infectious and can transmit the virus, but at a lower

rate due to reduced contacts

* Asymptomatic individuals do not self-isolate, and assumed to follow their regular,

normal social activities, unless lockdown intervention is implemented

We initiated simulations with 1 exposed individual in each age group. Thus, S,(0) =
N, — 1. All other variables were initially set to 0. The initial values for different age

groups are summarized in Table [4.2]

4.3 Derivation of the Basic Reproduction Number

The basic reproduction number (Ry) of the general model (4.1]) can be derived theoretically
using several different methods, including the Next Generation Matrix method or Fixed

Point method [[67, 68]].
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4.3 DERIVATION OF THE BASIC REPRODUCTION NUMBER

Table 4.2: Initial conditions for different age groups at the start of simulations.

Initial Conditions

Age group Na Ea(0) Sa(0)
04 4,800 1 4,799
5-18 16,400 1 16,399
19-49 40,800 1 40,799
50-64 20,400 1 20,399
65+ 17,600 1 17,599
Total 100,000 5 995,000

In the absence of any interventions, the model reduces to the following system of

differential equations:

Sty =—Sa_Ya,

E,=Sa fa— OE4,

A, = pOE, — A,

P, =(1-p)OE,— 0P,
I, = 6P, —¥l,,

R; = YAAG + ’yIaa

where the force of infection ¢, is

5
oA+ P;+xl;
/a:ﬁE,M§< J+ J+ !
J=1

N;

4.2)

We use the method presented by van den Driessche and Watmough, which implements

a variation of the Next Generation Matrix method [69]. The five age groups can be

grouped into n homogeneous compartments and separated based on whether they are

infectious or non-infectious. Consider a vector x = (x1, ..., X, )" where x; > 0 is the number

of individuals in each compartment. The first m compartments are designated for the
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4.3 DERIVATION OF THE BASIC REPRODUCTION NUMBER

infected individuals, which we clearly define based on the interpretation of our model.
Let X, ={x>0]|x;=0,i=1,...,m} be the set of all disease-free states. To derive Ry
using this method, it is crucial to distinguish new infections among other changes in
the population. Let .# and ¥ denote column vectors for the infected and uninfected
components of our model, respectively. We consider any exposed, asymptomatic, pre-
symptomatic, or symptomatic individual as our ‘infected’ population.

First, we linearize at the disease-free equilibrium (DFE), (S,(0),0,0,...,0), to

obtain

5
OA; P+ xl;
E£,=Bsa<o>ZM51,-( i+ ’)—cEa
i=1

N;
Al = poE, — A4
P,=(1—p)oE,— 6P,

I, =0P,—vl,

Then we defined the following matrix [[69]]:

(MF1851(0) MPS1(0) MP3S1(0) MF.S1(0) MFsS1(0)]
Ny N N3 Ny Ns
M5 82(0)  M5,82(0) M5382(0) M5,52(0) M5585(0)
Ny N N3 Ny Ns
K M5 83(0)  MF,S5(0)  ME385(0) ME,S3(0) M5sS3(0)
Ny N, N3 Ny Ns
M3 54(0)  MP,S4(0)  M384(0) ME,S4(0)  MZ5S4(0)
Ny N, N Ny Ns
Ms5,55(0)  M5,85(0)  M53S5(0)  Ms,S5(0)  MsisSs(0)
Y Ny N3 Ny Ns
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4.3 DERIVATION OF THE BASIC REPRODUCTION NUMBER

Thus, matrices F5p«20 and Vogx20 can be expressed by:

E,
Aq
F0%20 =
P,
I,
and
E,
Ay
Va0x20 =
P,
I,

fora=1, 2, 3, 4, 5, which gives

Ea Aa Pa I(l
[0lsxs Ba [Krlsxs BC [Kilsxs Bx [Ki]sxs
0555 0555 [0]55 [0]5x5
[0sxs  [O]sxs [0]5x5 [0]5x5
[O]sxs  [0lsxs [0]5xs [0]sxs |

Ea Aa Pa Ia
IV IENE 055 [0]5x5 [0]5x5-
—pol]sys Yalllsxs  [Olsxs  [0]sxs
—(1=p)oll]sxs [Olsxs  O[sxs [0]5xs
[0]55 [0lsxs  —6Ulsxs Yll]sxs ]
E, A, P, 1
Ll Dl Oses [Oss
p 1
a[l]ws Z[I]sm [0]5xs5  [O]5xs
a ;p)0[1]5x5 055 é[l]:ﬁxs 055
_ U=p) Ulsxs  [0]sxs %,[1]5x5 %,[I]sw_

Multiplying F and V~!, we obtained the following matrix
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4.4 DERIVATION OF THE CONTROL REPRODUCTION NUMBER

E, Aq Py Iy
Eo | BIKsxsD BlKses (£) BlKlss (5+5) BlKlses (5)
Aa|  [0]sxs [0]sxs [0]sxs [0]5xs
Py| [O]sxs [0]55 [0]5x5 [0]55
Io|  [O]sxs [0]55 [0]55 [Osxs |

where

_(ap  E(1—p) k(1—p)
D_(YA+ o Y )

Then the spectral radius of FV~!, defined as the reproduction number, is given by Ry =

BIK:]s5xsD.

4.4 Derivation of the Control Reproduction Number

We now calculate the effective reproduction, R, for the model without re-infection. In this
case, we include isolation in the model. Without re-infections, R, for the age structured
model in (4.3) can be derived in a similar manner to Ry. In this case, the infected

compartments are E, A, P, I, and Q, leading to matrices of size 25 x 25.

S, =—Sa %4

E,=S, ¥4—OE,

A}, = pOE, — VaAq

P,=(1—p)oE,— 0P, (4.3)
I =(1—q)0P,— 7,

Q= 40P —¥Qq

R; = '}/AAa + '}/Qa + '}/Ia
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4.4 DERIVATION OF THE CONTROL REPRODUCTION NUMBER

with

5
QA+ P+« 0;
_ MR AR ARy 8]
/a ﬁ Z a ( NJ + a NJ
Linearizing (4.3) about the DFE, (S,(0),0,0,...,0) gives

5
QA; + (P + Kl :
E, ZBSa(O)ZM§i< S l) +My, (%) — Ok,
i=1

N;
A}, = pOE, — VaAq
P,=(1—p)oE,— 6P,
Iy =(1-q)0P,—¥l,

0., = qOP,— Y0,

where RR and M' are the regular and isolation contact matrices. Let us define:

[ M{,51(0) Mj,81(0) Mj351(0) Mj,S1(0) MisSi(0)]
Ny N, N3 Ny N5
M3 1$2(0) M3,85(0) Mj38:(0) M 4$2(0) Mjs5:(0)
Ny N N3 Ny N5s
M} 1S3(0) Mj,83(0) Mi3S3(0) ME,S3(0) M3 5S3(0)
Ny N, N3 Ny N;s
M;1S4(0)  Mj,S4(0) M;384(0) Mj,4Sa(0) My sS4(0)
N N, N3 Ny N;s
M{,S5(0)  ML,Ss5(0) ME,S5(0) M5 ,Ss(0) Mg 5Ss5(0)

)

Nj N, N3 Ny N5
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4.4 DERIVATION OF THE CONTROL REPRODUCTION NUMBER

Then the matrix, F>575 becomes

E, A, P, A Oa
Eo|Olsxs Bar[Klses BlKlscs BK[Kscs Br [Kilss]
Aq|[0]sxs  [O]sxs [0]5x5 [0]55 [0]5x5
F25x25 = Py |[0]sxs  [0]sxs [0]5s [0]55 [0sxs
Io [ [0]sxs  [O]sxs [0]5x5 [0]55 [0]55
Qa [[05xs  [O]sxs [0]5x5 [0]5x5 [0]5x5
and we have
E, Aq Py Io Qu
Eol olllss  Olses  Dsxs [Olses [Olsas)
Ag|  —polllsxs  alllsxs [0]5 [0sxs  [0]sxs
Vasxas = Py | —(1—p)o[Ilsxs  [0]5xs 0[5 [0]sxs  [0]sxs
Iy [0]5x5 [0]sxs  —(1—=q)0[l]sxs Yl]sxs [O]sxs
Qa|  [Olsxs [0]5 —q0[l]sxs  Y]sxs |

It then follows that
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4.4 DERIVATION OF THE CONTROL REPRODUCTION NUMBER

E, Aq P, Iy Qa
E.| é[1]5x5 [0]5x5 [0]5x5 [0]sxs5  [0]sxs ]
p 1
Aq a[l]ws y—A[1]5x5 [0]5x5 [0]sxs  [0]sxs
Viskos = Pu a ;p)0[1]5x5 [0]5x5 %[l]sw [0]sxs  [0]sxs
(I-p)(1—¢q) (1-9q) 1
I, — Isxs  [0]sxs v ]5x5 y[1]5x5 [0]5x5
(1-p)g q 1
Qu i y ]5x5 [0]5x5 y[l]sxs [0]5x5 ,}/[I]SXS_

Calculating FV~!, the control reproduction number R, in the presence of only isolation is

expressed by

_afor E(-p) k(l-p)(l1—q) kq(1—p)
R.=p ( " +=a ” ) [Kr]5xs5+ B (—7 ) [Kyl5xs

in which we take the maximum eigenvalues of the matrices K, and K.
A similar approach can be taken to calculate the control reproduction number for the
general model @) Using Eg, E;q, Aa, Pa, I, and Q, as infected compartments, and

linearizing (4.1]) around the DFE (S,(0),W,(0),0,0,...,0,0), we obtain

5
E;:ﬁsaw)ZMéii(“ AR ’+"’)+Mé,,- (9>—0Ea
i=1

N; N;
5
0A; + (P + KI; 0;
i, (S g (0)
i=1 i i

AZ; = pOE,+ prOE; s — YaAa
Pé - (1 _p)GEa+ (1 _pr)Er,a —0F,
Ialz = (1 _Q)Opa —Yla

0., = q0P,— Y0,
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4.4 DERIVATION OF THE CONTROL REPRODUCTION NUMBER

Let us define:

31

MF51(0) MT,51(0) MF381(0) MT,S81(0) MfsS1(0)
Ny N N3 Ny Ns
M5 5:(0)  MF,8(0)  M5382(0) ME,S2(0) M5582(0)
Ny N N3 Ny N5s
M5 83(0)  ME,85(0) ME,S5(0) ME,S3(0) M55S3(0)
Ni Ny N3 Ny Ns
M3 154(0)  MP,S4(0)  M3S4(0) ME,S4(0)  MZ5S4(0)
Ny N, N Ny Ns
Ms5,55(0)  M5,85(0)  M55S5(0)  Ms,S5(0)  MsisSs(0)
. M N> N3 Ny Ns |
Mi1S1(0)  M{,51(0) M{381(0) M],S1(0) M sS1(0)]
N N> N; Ny Ns
M3 18:(0) Mj,5:(0) Mj382(0) M3,S2(0) Mj5S:(0)
N N N; Ny Ns
M5 ,83(0)  M§,S3(0) Mi;S3(0) Mj,S3(0) M3 5S3(0)
Ny N, N3 Ny N5s
M£,154(0) let,254(0) M£,3S4(0) M£,4S4(0) MAIL,SS4(O)
Ny Ny N3 Ny N5
M5, S5(0)  M5,85(0) M{3S5(0) M5,Ss5(0) MssS5(0)
| M N> N3 Ny Ns |
ME Wi (0) MP,Wi(0) MPWi(0)  MEF,Wi(0)  MEWi(0)
Ny N> N3 Ny N5
M W>(0)  MF,Wa(0) MF Wa(0) MF,Wa(0)  M3'sWa(0)
Ny N> N3 Ny N5
M5 Ws5(0)  ME,W5(0)  ME;W5(0)  ME, W3(0)  MEsWs(0)
N N N3 Ny N5
ME Wa(0)  MF,Wa(0)  MEWa(0)  MEWa(0)  MEsWa(0)
Ny Ny N3 Ny Ns
M§1W5(O) M§2W5(0) M§3W5(O) M§4W5(O) M§5W5(0)

I N N3 Ny Ns




4.4 DERIVATION OF THE CONTROL REPRODUCTION NUMBER

_M{,l Wi (0) M{72W1 (0) M{,3W1 (0) M{,4W1 (0) M{75W1 (0) ]
Ny N, N Ny Ns
ML WA0) MEWA(0) MLWAO) MELWAO) ML ()
Ni N N3 Ny N5
Koy = M5 W5(0)  M{,W3(0) Mj3W3(0) M5 W3(0) M5 sWs(0)
Ny N N3 Ny Ns
My Wa(0) M Wa(0) My Wa(0) My Wa(0) My sWa(0)
Nj N N3 Ny N5
M5 Ws(0) M5, Ws(0)  M53Ws(0) M5 Ws(0) M5 sWs(0)
M N, N3 Ny Ns |
Then F30x30 1s given by
E.  E Aq P, I 0,
Eq|[0]sxs [Osxs Bou[Krslsxs B [Krslsxs  BK[Krs|sxs B [Kgs|sxs
E..|[0]sxs5 [0]sxs Ba [Kwlsxs B [Kwlsxs Bk [Kwlsxs Bk [Kyw]sxs
Ag|[0]sxs  [O]sxs [0]s5xs [0] 55 055 [0]55
0P | [0]sxs  [0]5xs [0]5s [0]5s 055 [0]5s
1o |[O]sxs [O]sxs [0]5xs [0]55 055 [0]55
Qa | [O]sxs  [0]sxs [0]s5xs [0] 55 [0]5xs [0]5x5
and V330 1s
E, Erq Aq Py 1
E, o l]sxs [0]5s [0]5s [0]55 [0]5s
Erq [0]5xs o(I]sxs 055 [0]5x5 [0]5x5
Aa|  —poll]sxs —prolllsxs  Yalllsxs [0]5xs [0]5x5
Po|—(1=p)olllsxs —(1—pr)oll]sxs [0]sxs 0[1]5xs [0]5x5
P [0]5xs [0]5x5 [0]sxs  —(1—q)0l]sxs V[l]sxs
Qa|  [Olsxs [0]55 [0]5s —q0l]5xs
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4.5 DETERMINISTIC IMPLEMENTATION

Calculating FV~! gives

Fv'=
Cc D
where
A= B (% + C(le_p) + k(l _p’})/(l _Q)) [Krs]5><5 +ﬁ (@) [qu]5><57
A
C(1—p)  k(1—p)(1—g) kq(1—p)
B= ﬁ (@ + + ) [Krs]5><5+ﬁ (—) [qu]5><57
7\ 6 Y Y
c(1—p)  k1-p)(1—q) kq(1—p)
C= B (@ + + ) [Krw]5><5 +ﬁ <—) [qu]5><5>
YA 6 Y Y
. apr g(l_pr) k(l_pr)(l_Q) K‘I(l_pr)
D_ﬁ ( Y% + 0 + y > [Krw]5><5+ﬁ ( y ) [qu]5><5

Thus, the control reproduction number is given by the spectral radius of this matrix.

4.5 Deterministic Implementation

For the deterministic model (4.3, 200 simulations were run where independent samples
were drawn from parameter distributions associated with infectious periods in different
stages of the disease, while fixing the parameters 8, p, ¢, o, {, and k. The fixed
parameters were obtained from the literature. The other parameters in the model, o, V4, 7,
and 6 were sampled 200 times from their distributions derived from the published studies.
Tables [4.3|and [4.4]includes the model parameters. The baseline model without isolation
was calibrated to an attack rate of 55% [70] to obtain the transmissibility, 3, for both
Influenza (A/HINI strain) and SARS-CoV-2 original strain. For the Alpha variant, 8
was determined using the estimated relative transmissibility, which is ~ 1.5 times more
transmissible than SARS-CoV-2 original strain 25} |26]. Further, the Delta variant was
estimated to be 1.3 times more transmissible than the Alpha variant [28, 29]. Finally, the
Omicron variant was estimated to be 1.35 times as transmissible as the Delta variant [30].

The forward Euler method was used with a step size of 0.05 to simulate the model in

Matlab®. The incidence, cumulative incidence, and attack rate (i.e., the proportion of pop-
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4.5 DETERMINISTIC IMPLEMENTATION

Table 4.3: Model parameters that are fixed in simulations.

Influenza SARS-CoV-2 Varinats

Parameter HIN1 Original Alpha Delta Omicron Reference
B 0.029 0.032 0.048 0.0624 0.08424 —
p 0.50 0.351 0.351 0.351 0.351 (43, 49,
50]
q 0.50 0.50 0.50 0.50 0.50 —
o [11]
0.50 0.26 0.26 0.26 0.26
¢ (1]
0.80 1.00 1.00 1.00 1.00
K [11]
1.00 0.89 0.89 0.89 0.89

ulation infected over the simulation time interval) were plotted for temporal observations
in the 20 different scenarios considered. Further, the relative reduction (RR) in the attack
rate for each intervention was plotted to determine which intervention resulted in the
largest impact on disease control. Note that interventions are implemented at the start of
simulation and maintained through the entire simulation period of 365 days. Uncertainty
ranges were computed by bootstrapping the simulation outcomes for the overall and
age-specific attack rates using the mean function, with 500 replications of the same sample
size (200) that were randomly generated. The bias corrected and accelerated percentile
method [71]] involves a zg factor computed using the proportion of bootstrap values that
are less than the original sample value. To produce reasonable results when the sample is
lumpy, 7z is computed by including half of the bootstrap values that are the same as the
original sample value. This method corrects for bias and skewness in the distribution of
bootstrap estimates when scaled from the per capita to the entire population. The baseline
scenario was used as a reference for the relative reduction in the attack rate. The general

formula describing the vector calculation of the RR is expressed by

RR — Total Incidence paseline) — Total Incidence iniervention)

Total Incidence paseline)
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4.5.1 Sensitivity Analysis 4.5 DETERMINISTIC IMPLEMENTATION

4.5.1 Sensitivity Analysis

To determine which parameters have the greatest influence on the relative reduction
in attack rate, a sensitivity analysis was performed using the sampled simulations to
determine the Partial Rank Correlation Coefficient (PRCC). These were computed and
plotted for each type of infection and intervention. R version 3.5.3 was used to conduct
the sensitivity analysis. PRCCs were computed using the epiR package (v2.0.56; Stevens

et al. 2023) and the sensitivity package (v1.6-1; Pujol, looss, & Janon 2013) [[72, 73]
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Table 4.4: Model parameters sampled from their respective distributions truncated within estimated ranges.

Infection Parameters [Truncation]

Influenza (o] Ya Y 0 Reference

HINI1 U(1,2) logN(1,0.4356)  logN(1,0.4356)  1logN(—0.775,0.16) [74]
[1,2] 3,7] 3,7] [0.2,0.8]

SARS-CoV-2

Original N(2.2,0.4) G(5,1) G(2.768,1.1563)  G(1.058,2.174) [63]
[1,3] 3,7] [2,5] [0.8,3.0]

Alpha N(2.2,0.4) G(5,1) G(2.768,1.1563) G(1.058,2.174) [63]
[1,3] 3,7] [2,5] [0.8,3.0]

Delta logN(1.249,0.649) G(5,1) G(2.768,1.1563) G(1.015,1.975) [63]
3.5,7] 3,7] [2,5] [0.8,2.2]

Omicron logN(0.99,0.64) G(5,1) G(2.768,1.1563) G(1.015,1.975) [63]
3,7] 3,7] [2,5] [0.8,2.2]

logN: LogNormal distribution
N: Normal distribution
U: Uniform distribution

G: Gamma distribution
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4.6 STOCHASTIC IMPLEMENTATION

4.6 Stochastic Implementation

To implement the model stochastically, the Markov Chain Monte Carlo (MCMC) algorithm
was applied. For the model (4.1)), there were twelve possible events for each of the five
age groups, resulting in a total of sixty possible events at each step of the random process.
The MCMC algorithm uses a random number between 0 and 1 to determine which event
will occur.

Considering time ¢ as a continuous variable, we define the following random vector
forr € [0,00):

)?(t) = [SavEmAaaPa»Iaa QaaRmWa’Er,a] (t)7

and let AX (1) = X (t + Ar) — X(r). Thus, the transition probability associated with the
movement of individuals between the model compartments during the time interval Az is

defined as

=

P[AX (1) = (©(Sa), O(Eq), ©(4a), O(Fs), O(1a),©(Qu), O(Ra), O(Wa), O () ) [X (1)),

where

(

—1 decrease in class (-)

©() =140  nochange in class (-)

+1 increase in class(+)
\

The function O(-) describes the change in the status of an individual in the population
by moving from one class to another during the time interval Az. It is assumed that Az is
sufficiently small to allow for the occurrence of at most one change in every state of the
model. Thus, the corresponding continuous time Markov chain model is fully described

through the possible transition rates as described below.
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4.6 STOCHASTIC IMPLEMENTATION

. A susceptible individual becomes infected:

[S,E,A,P,I,Q,RW.E,| —»[S—1,E+1,A,P,I,Q,R,W,E,]|

. An infected individual moves to the pre-symptomatic stage:

[S,E,A,P,I,Q,RW.E,] — [S,E—1,A,P+1,1,Q,R,W,E,]

. An infected individual moves to the asymptomatic stage:

|:S?E7A7P7]7Q7R7W7Er] _> [S7E_ 17A+ 17P717Q7R7W7Er]

. An individual in the pre-symptomatic stage moves to the symptomatic stage:

[S7E7A7P717 Q,R,W,Er] —> [S7E7A?P_ 17I+ 17Q7R7W7Er]

. A pre-symptomatic, infectious individual self-isolates:

[S7E7A7P717 Q,R,W,Er] —> [S7E7A7P_ 17I’Q+ 17R7W7Er]

. An asymptomatic individual recovers:

[SaEvA;PaLQvRvW)Er] — [S7E5A_ 17P7[7Q5R+ 17W5Er]

. A symptomatic individual recovers:

[SvaAaPaI7Q7R7W7E1’] — [S7E3A7P71_ 17Q3R+ 17W5Er]
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8. An isolated individual recovers:

[S,E,A,P,I,Q,RW.E,| — [S,E,A,P,I,Q—1,R+1,W,E,]

9. Immunity of a recovered individual wanes:

[S7E7A7P7I7Q7R7W7Er] —> [S7E7A7P7I7Q7R_ 17W+ I,Er]

10. An individual with loss of immunity becomes reinfected:

[S7EaA7P717Q7R7W7Er] - [SvE7A7P7I>Q7RaW_ laEr+ 1]

11. A reinfected individual moves to the pre-symptomatic stage:

[S7E7A7P7I7 Q,R,W,Er] —> [S7E7A?P+ I,I,Q,R,W,Er_ 1]

12. A reinfected individual moves to the asymptomatic stage:

[SvaAaPaLQvR7W7E1’] — [S7E3A+ 11P7]7Q3R7W7Er_ 1]

These twelve events can occur for any age group, giving a total of sixty probabilistic

events for all 5 age groups.

4.6.1 Stochastic Parameterization

The fixed parameter values in Table .3| were used for the stochastic simulations. However,
for other parameters varied in the deterministic model, we used the mean values provided
in Table Similar to the deterministic model, the baseline stochastic model was
calibrated to an attack rate of 55% [70]] on a population size of N = 1,000 to obtain the

transmissibility, 3, for Influenza (A/HIN1 strain) and SARS-CoV-2 original strain. The
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4.6 STOCHASTIC IMPLEMENTATION

Table 4.5: Mean of model parameters from their respective distributions shown in Tableand the calibrated transmissibilities.

Mean Values of Parameters

Influenza 3 (o} Ya Y 6
HIN1 0.0435 1.5 3.0 3.0 0.46
SARS-CoV-2

Original 0.033 2.2 5.0 3.2 2.3
Alpha 0.0495 2.2 5.0 3.2 2.3
Delta 0.06435 4.3 5.0 3.2 2.0
Omicron 0.08687 3.3 5.0 3.2 2.0

assumptions on transmissibilities of the Alpha, Delta, and Omicron variants relative to the

original Wuhan-I strain were applied [25, 26, 28-30]. These values are included in Table

4.1
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Chapter 5

Results

In this chapter, we present the results from the deterministic simulations using the sampling
method provided in Chapter 4 for scenarios of baseline without any interventions, baseline
with only isolation (S1), school closure (S2), and lockdown (S3). For each disease, the
incidence and cumulative incidence are presented for the overall population, as well as
the attack rates by age group. We also present the results of sensitivity analyses using the
PRCC for the deterministic model using sampled parameters. Finally, 10,000 MCMC
simulations for each of the scenarios are performed to illustrate the results of the stochastic
model for influenza HIN1, SARS-CoV-2 original strain, SARS-CoV-2 Alpha variant,

SARS-CoV-2 Delta variant, and SARS-CoV-2 Omicron variant.

5.1 Deterministic Simulations

5.1.1 Influenza: HIN1

Assuming an attack rate of 55% in a totally susceptible population, the baseline trans-
mission rate B = 0.029 was derived in the calibration of the baseline model. Using fixed
parameter values in Table 4.3 and sampled infection parameters, Figure [5.1]illustrates the
simulations for incidence and cumulative incidence derived for each scenario. Clearly,

as the intensity of interventions, affecting contact patterns in the population, increases,
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5.1.1 Influenza: HIN1 5.1 DETERMINISTIC SIMULATIONS
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Figure 5.1: Simulated incidence of infection in the population for influenza HINI for scenarios of the baseline without any interventions
(A); isolation only (B); school closure (C); and lockdown (D). The corresponding cumulative incidence over a period of 365 days for
each intervention scenarios are illustrated in panels E-H.
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Figure 5.2: Age-specific incidence of infection for influenza HIN1 for scenarios of the baseline without any interventions (A); isolation
only (B); school closure (C); and lockdown (D). The corresponding overall and age-specific attack rates over a period of 365 days for
each intervention scenarios are illustrated in panels E-H.

the average daily incidence reduces, flattening the curve of infection with further delay in

the peak time of the outbreak. This also results in a lower cumulative incidence, and thus

reduces the overall attack rate.

We observed a similar trend in the daily incidence of infection among different age

groups (Figure [5.2). Not surprisingly, the age group 19-49 has the greatest incidence

(due to their larger number of daily contacts) and 0—4 has the smallest number of incident
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Figure 5.3: Simulated incidence of infection in the population for SARS-CoV-2 original strain for scenarios of the baseline without
any interventions (A); isolation only (B); school closure (C); and lockdown (D). The corresponding cumulative incidence over a period
of 365 days for each intervention scenarios are illustrated in panels E-H.

infections. The barplots in Figure illustrate the attack rate in different age groups,
and quantify the effect of interventions on the reduction of the infection in the overall

population and among age groups.

5.1.2 SARS-CoV-2: Original Wuhan-I strain

Assuming an attack rate of 55% For the original strain of SARS-CoV-2 in a totally
susceptible population, the baseline transmission rate 8 = 0.032 was derived in the
calibration of the baseline model. Simulations show that there is a similar trend to what
was exhibited for influenza for both incidence and attack rates; however, the reduction
in the daily and cumulative incidences is lower than that observed for influenza (Figure
[5.3). Even with the same attack rate as influenza in the absence of interventions, SARS-
CoV-2 results in a higher overall incidence and attack rates among different age groups
with interventions (Figure [5.4), indicating that the characteristics of the disease influence

intervention outcomes.
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Figure 5.4: Age-specific incidence of infection for SARS-CoV-2 original strain for scenarios of the baseline without any interventions
(A); isolation only (B); school closure (C); and lockdown (D). The corresponding overall and age-specific attack rates over a period of
365 days for each intervention scenarios are illustrated in panels E-H.

5.1.3 SARS-CoV-2: Alpha Variant

For the Alpha variant, the baseline transmission rate was increased by 50% to 8 = 0.048.
Figure[5.5|shows that the effect of interventions is markedly reduced compared to influenza
or SARS-CoV-2 original strain. For example, even in the most restrictive measure of
lockdown, the overall attack rate is approximately 40%, while it remained below 5% for
both influenza SARS-CoV-2 original strain (Figures [5.2]and [5.4). This is notwithstanding
the fact that successively more restrictive measures reduces the incidence among different
age groups and delays the peak of incidence during the outbreak. However, this delay is
significantly shorter compared to the scenarios of influenza and SARS-CoV-2 original
strain. For example, the peak of incidence is delayed by about 8 weeks in lockdown
compared to baseline (Figure [5.5), while this delay can exceed 200 days for influenza and
150 days for SARS-CoV-2 original strain (Figures[5.1] [5.3). The peak of daily incidence
occurs about 110 days into the simulations, with approximately 500 cases for the Alpha
variant with lockdown measure (Figure @, whereas there were less than 10 cases at

the peak of incidence for both influenza and SARS-CoV-2 original strain with the same

intervention (Figure [5.1] [5.3).
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SARS-CoV-2: Alpha Variant

5.1

DETERMINISTIC SIMULATIONS

5000 4000 3500 2500
3000
4000 3000 2000
8 8 8 2500 8
q:) 3000 q:_) q:) 2000 q:) 1500
] -8 2000 3 oo ]
© 2000 Q Q © 1000
£ £ £ oo £
1
1000 000 500
500
0 0 . 0 0
0 100 200 300 0 100 200 300 0 100 200 300 0 100 200 300
Time (days) Time (days) Time (days) Time (days)
x10* x10* x10° x10°
10 10 10 o? ‘
[ [ © 8
2 2 2 = |
o 8 o 8 o 8 7] |
b b b 9° |
o s} [} o |
£ 6 £ 6 £ 6 k=
) [9) ) o4
> > > =
= 4 = 4 = 4 =
L & kS k)
=} > =} 32
E > E2 g2 g
=) 3 ] =
o o o o |
0 0 0 0
0 100 200 300 0 100 200 300 0 100 200 300 0 100 200 300
Time (days) Time (days) Time (days) Time (days)

Figure 5.5: Simulated incidence of infection in the population for SARS-CoV-2 Alpha variant for scenarios of the baseline without
any interventions (A); isolation only (B); school closure (C); and lockdown (D). The corresponding cumulative incidence over a period
of 365 days for each intervention scenarios are illustrated in panels E-H.
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Figure 5.6: Age-specific incidence of infection for SARS-CoV-2 Alpha variant for scenarios of the baseline without any interventions
(A); isolation only (B); school closure (C); and lockdown (D). The corresponding overall and age-specific attack rates over a period of
365 days for each intervention scenarios are illustrated in panels E-H.
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Figure 5.7: Simulated incidence of infection in the population for SARS-CoV-2 Delta variant for scenarios of the baseline without any
interventions (A); isolation only (B); school closure (C); and lockdown (D). The corresponding cumulative incidence over a period of
365 days for each intervention scenarios are illustrated in panels E-H.

5.1.4 SARS-CoV-2: Delta Variant

The transmission rate of the Delta variant was assumed to be 30% higher than the Alpha
variant, thus giving B = 0.0624. Compared to the Alpha variant, the effect of intervention
was further reduced (Figure [5.7)and [5.§)), and the overall attach rate under the lockdown
intervention exceeded that of influenza and SARS-CoV-2 original strain in the baseline
scenario without any interventions. The timelines for the peak of incidence for different
interventions were largely similar to those observed for the Alpha variant; however their

magnitudes were increased.

5.1.5 SARS-CoV-2: Omicron Variant

As the most transmissible variant considered in this thesis, the transmission rate for
Omicron was set to 8 = 0.08424. In addition to a precipitous surge of infections and a
significant increase in the peak incidence of disease compared to previous variants (Figure
[5.9), the delay in the outbreak peak was minimal with at most 5 weeks delay in lockdown
intervention compared to the baseline without any intervention. These simulations indicate

that in the absence of other preventive measures such as vaccination, non-pharmaceutical
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Figure 5.8: Age-specific incidence of infection for SARS-CoV-2 Delta variant for scenarios of the baseline without any interventions
(A); isolation only (B); school closure (C); and lockdown (D). The corresponding overall and age-specific attack rates over a period of
365 days for each intervention scenarios are illustrated in panels E-H.

measures would have limited impact on reducing the attack rate of highly transmissible

variants (Figure [5.10).

5.1.6 Relative Reduction in Attack Rate

The relative reduction (RR) in attack rate was calculated for interventions of isolation,

school closure, and lockdown compared to the baseline without any interventions using
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Figure 5.9: Simulated incidence of infection in the population for SARS-CoV-2 Omicron variant for scenarios of the baseline without
any interventions (A); isolation only (B); school closure (C); and lockdown (D). The corresponding cumulative incidence over a period
of 365 days for each intervention scenarios are illustrated in panels E-H.
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Figure 5.10: Age-specific incidence of infection for SARS-CoV-2 Delta variant for scenarios of the baseline without any interventions
(A); isolation only (B); school closure (C); and lockdown (D). The corresponding overall and age-specific attack rates over a period of
365 days for each intervention scenarios are illustrated in panels E-H.

sampled parameters. The RR reaches nearly 100% when lockdown was implemented
for influenza. Overall, each intervention had the greatest impact on influenza, with
comparatively decreasing effects on variants of SARS-CoV-2 as the transmissibility
increased. The lowest impact was observed on the SARS-CoV-2 Omicron variant. Based
on the two top plots, it is evident that using school closure as an intervention has the largest
impact on children aged 5-18 years old with approximately 2-fold increase compared
to isolation only. However, the increase in RR among other age groups is significantly
lower, at approximately 20%. The implication is that, overall, isolation on its own is fairly

effective for a disease such as SARS-CoV-2 in comparison to influenza.

5.2 Sensitivity Analysis

The PRCC was computed for each of the sampled parameters o, Y4, ¥, and 6 using the
RR in attack rate as the response variable. This process was completed for influenza and
the variants of SARS-CoV-2 studied here, and for each intervention scenario of isolation,
school closure, and lockdown. Barplots and scatter plots are presented in Figures[5.12}{5.16]

to illustrate the results from this analysis. The parameters with large PRCC values (close

48



5.2 SENSITIVITY ANALYSIS

A
1 I (nfluenza
I COoVID WT
[ covID Alpha
(I COVID Detia
c 0.8 [—__1coVID Omicron
Q
S
S 0.6
O]
x
204
<
(O]
X 0.2
0
All 0-4 5-18 19-49 50-64 65+
Age Groups
B
1 I Influenza
I CoVID WT
[T coVID Alpha
[ COVID Delta
[___1CcoVID Omicron
c
9
3]
>
e}
(O]
o
(]
=
ke
(O]
nd
All 0-4 5-18 19-49 50-64 65+
Age Groups
C
1 I (nfluenza
I covID WT
] CcovID Alpha
[ coviD Delta
c 0 8 [___1CoVID Omicron
9
3]
306
(O]
o
(]
204
)
(O]
X 0.2
0
All 0-4 5-18 19-49 50-64 65+
Age Groups

Figure 5.11: Relative reduction of the overall and age-specific attack rates achieved for influenza and variants of SARS-CoV-2 with
different interventions of isolation (A); school closure (B), and lockdown (C).

49



5.2.1 Influenza: HIN1 5.2 SENSITIVITY ANALYSIS

to 1 or -1) and their corresponding p-values smaller than the significance level (0.05) have

the greatest influence on the model outcomes [[75]].

5.2.1 Influenza: HIN1

PRCCs were computed for the four key parameters of o, Y4, 7, and 0 for each scenario of
interventions (Figure[5.12). There is a negative linear correlation between the infectious
period, 7, and the RR in attack rate for scenarios isolation, and school closure; however,
no strong correlation is apparent between any of the parameters and the intervention of

lockdown.

5.2.2 SARS-CoV-2: Wild Type

PRCCs were computed in a similar manner for the original strain of SARS-CoV-2 (Figure
[5.13). There is a negative linear correlation between the infectious period, ¥, and the
RR in attack rate. Furthermore, there is a negative linear relationship between the pre-
symptomatic period, 0, and the RR in attack rate for scenarios of isolation and school

closure; however, for the scenario of lockdown, the relationships are comparatively weaker.

5.2.3 SARS-CoV-2: Alpha Variant

PRCCs were computed for SARS-CoV-2 Alpha variant (Figure [5.14). In contrast to
the original strain of SARS-CoV-2, there is a negative linear correlation between the
infectious period, 7y, and the RR in attack rate when a lockdown is implemented. There are
no significant correlations between other parameters and scenarios of isolation or school

closure.

5.24 SARS-CoV-2: Delta Variant

PRCCs were computed for SARS-CoV-2 Delta variant (Figure[5.15)). There is a moderate,

negative linear relationship between the infectious period, ¥ and the RR in attack rate;
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5.2 SENSITIVITY ANALYSIS
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Figure 5.12: PRCC values with scatter plots for simulations using sampled parameters for influenza HIN1 with isolation (A), school
closure (B) and lockdown (C) interventions.
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the pre-symptomatic period, 0, and the RR in attack rate for all three scenarios isolation,

school closure, and lockdown.

5.2.5 SARS-CoV-2: Omicron Variant

Finally, PRCCs were computed for SARS-CoV-2 Omicron variant (Figure [5.16). The
result is nearly identical to that of the Delta variant. There are moderate negative, linear
relationships between both the infectious period, 7, the pre-symptomatic period, 6, and
the RR in attack rate for all three intervention scenarios of isolation, school closure, and

lockdown.

5.3 Stochastic Simulations

We simulated the stochastic model to derive the overall daily and cumulative incidence,
daily incidence by age, and attack rate for each intervention scenario using a Gillespie-like
algorithm, in which the transition rates between model compartments were converted to
the probability of its associated event. The baseline scenario (S1) without any interventions
for influenza and the original strain of SARS-CoV-2 were calibrated to 55% attack rate in
a totally susceptible population. The relative reduction (RR) in attack rate was calculated
for interventions of isolation, school closure, and lockdown and were compared to the

baseline for all viruses.

5.4 Influenza: HIN1

A transmission rate of B = 0.0435 was derived in the calibration of the baseline stochastic
model. Using the fixed parameter values from Tables [4.3|and 4.5] Figure illustrates
the simulations for the overall incidence, cumulative incidence, age-based incidence, and
attack rate. Due to a higher transmissibility compared to the determinsitic model (with the

same baseline attack rate), the incidence peaks around 30 days (Figure Based on[5.17). In

54



54

INFLUENZA: HIN1

<
-
. 4
()
5 9 |
E o
|9
o
8 4
<
‘TI T T
o YA
Parameter
PRCC=-0.1127, p-val=1.12e-01 PRCC=-0.8348, p-val=3.20e-53 PRCC=-0.9359, p-val=1.13e-91 PRCC=-0.9689, p-val=4.91e-122
5 N
S o o o [e~a s o
= N N g5t I
& o [S) o | [S)
[
= 4
T v 0 ITo) 3 0
¢ Q < Q A . <
o o T 1 1 T T 11T o o T T T T T T T o T T T T T T T T
35 45 55 65 20 3.0 40 50 08 12 16 20
(o} Y 0
S
-
= 4
Q
5 o |
E o
Q
o
38 4
S
T‘ T T
o Ya Y 0
Parameter
PRCC=-0.1224, p-val=8.41e-02 PRCC=-0.8325, p-val=1.15e-52 PRCC=-0.9414, p-val=2.22e-95 PRCC=-0.9684, p-val=2.53e-121
- o)
S o lefyse. T ey o o o
BNEE e T, I I N
%o_.._.;n..... o o o
> ‘oa&'....c T e s, o]
2 1 1RERS 0P w0
Elecat i 2 2
o Tt o o o T
35 45 55 65 08 12 16 20
(o} Y 6
<
-
= 4
()
g5
£ o
[
o
38 4
S
‘Tl T T
[¢) Ya Y 0
Parameter
PRCC=-0.0341, p-val=6.32e-01 PRCC=-0.7840, p-val=7.22e-43 PRCC=-0.9762, p-val=2.10e-133 PRCC=-0.9567, p-val=4.43e-108
s o] o] e . ) o
g O | o ] S e et o ] o ]
o - - . - -
=]
o - - - .
c @ | © | © | © |
© O | oS | oS | oS |
g A . . ‘s .
T ™ | @ | @ . @ r
o o o 7 T T T T o T T T T T T T o 7 T T T T T T T
3 3 4 5 6 7 20 3.0 40 50 08 12 16 20
[} Ya Y <]

Figure 5.15: PRCC values with scatter plots for simulations using sampled parameters for SARS-CoV-2 Delta variant with isolation
(A), school closure (B) and lockdown (C) interventions.
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Figure 5.16: PRCC values with scatter plots for simulations using sampled parameters for SARS-CoV-2 Omicron variant with isolation
(A), school closure (B) and lockdown (C) interventions.
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5.5 SARS-COV-2: ORIGINAL WUHAN-I STRAIN

the absence of interventions, the attack rate is highest in the 5-18 and 1949 age groups.

5.5 SARS-CoV-2: Original Wuhan-I strain

For the SARS-CoV-2 original strain, the baseline transmission rate of f = 0.033 was
derived in the stochastic model calibration. Based on the parameter values from Tables 4.3|
and [4.5] Figure [5.18]illustrates the incidence (daily and cumulative) and attack rates. The
peak incidence occurs later than what was displayed in Figure around 50 days, likely
due to the lower a transmissibility. The attack rate in the context of SARS-CoV-2 original

strain is still highest among the socially active age groups 5—-18 and 19-49 years old.
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Figure 5.17: Stochastic simulations for influenza HIN1 without interventions representing daily incidence (A); cumulative incidence
(B); age-stratified daily incidence (C); and age-stratified attack rates (D).

57



5.7 SARS-COV-2: DELTA VARIANT
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Figure 5.18: Stochastic simulations for SARS-CoV-2 original strain without interventions representing daily incidence (A); cumulative
incidence (B); age-stratified daily incidence (C); and age-stratified attack rates (D).

5.6 SARS-CoV-2: Alpha Variant

For the Alpha variant, the baseline transmission rate of f = 0.0495 was derived, which is
50% higher than the original strain. using the fixed parameter values from Tables |4.3|and
K.5] Figure[5.19]illustrates the outcomes of simulations. With the increased transmissibility
of this variant relative to the original strain, the peak incidence occurs earlier (Figurd5.19),
around 30 days. The attack rate increases substantially compared to that observed for
the original strain, with all attack rates greater than 70% in all age groups without any

intervention.

5.7 SARS-CoV-2: Delta Variant

For the Delta variant, the baseline transmission rate of f = 0.06435 was derived, being

30% higher than the Alpha variant. Based on the fixed parameters from Tables [4.3] and
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Figure 5.19: Stochastic simulations for SARS-CoV-2 Alpha variant without interventions representing daily incidence (A); cumulative
incidence (B); age-stratified daily incidence (C); and age-stratified attack rates (D).

M4.3] Figure [5.20]illustrates the daily and cumulative incidences, and the attack rate. Given
its high transmissibility, the incidence peaks around the same time as the Alpha variant
observed in Figure[5.19; however, the magnitude of incidence increases. The attack rate
also increased compared to that observed for the Alpha variant, with all age-specific attack

rates being 80% or greater.

5.8 SARS-CoV-2: Omicron Variant

Finally, for the most transmissible SARS-CoV-2 variant, Omicron, a baseline transmission
rate of 35% higher than the Delta variant was assumed, giving 3 = 0.08687. Using the
fixed parameters from Tables and[4.5] Figure [5.21]illustrates that the incidence peaks
rapidly around 20 days with comparatively highest attack rates of 90% and greater among

all age groups.
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5.9 RELATIVE REDUCTION (RR) IN ATTACK RATE
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Figure 5.20: Stochastic simulations for SARS-CoV-2 Delta variant without interventions representing daily incidence (A); cumulative
incidence (B); age-stratified daily incidence (C); and age-stratified attack rates (D).

5.9 Relative Reduction (RR) in Attack Rate

The RR in attack rate was computed in a similar manner to that of the deterministic
model for the interventions of isolation, school closure, and lockdown, considering the
baseline of no interventions as the reference with the fixed parameters from Tables 4.3
and[4.5] Similar to the deterministic model, the RR increases as stricter interventions are
implemented (Figure[5.22); however, the overall and age-specific RRs are lower than those
observed in the deterministic model. For example, the RR reaches approximately 90%
when lockdown was implemented in the stochastic model for influenza, while it nearly
eliminated the disease in the deterministic model. Overall, each intervention had the
greatest impact on influenza, with comparatively decreasing effects on variants of SARS-
CoV-2 as the transmissibility increased. In general, this was observed in the deterministic
simulations as well, however, the effects are less pronounced in the stochastic simulations.

The lowest impact was observed on the Omicron variant. Comparing the RRs in Figure
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Figure 5.21: Stochastic simulations for SARS-CoV-2 Omicron variant without interventions representing daily incidence (A);
cumulative incidence (B); age-stratified daily incidence (C); and age-stratified attack rates (D).

[5.22)A and[5.22B, it is evident that the intervention of school closure has the largest impact

on children 5-18 years old with approximately 2-fold increase compared to isolation only.
However, the increase in RR among other age groups is significantly lower. Compared
to influenza, the overall and age-specific RR for all variants of SARS-CoV-2 are lower.
The results presented here imply that isolation as a single intervention is more effective
than school closure for a disease with similar characteristics to SARS-CoV-2 compared
to influenza. As expected, a lockdown results in the highest RR in attack rate for all
scenarios, however, the impact is lower for SARS-CoV-2 original strain and its variants

compared to influenza.
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5.9 RELATIVE REDUCTION (RR) IN ATTACK RATE
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Chapter 6

Discussion

Exploring the interplay between disease characteristics and intervention outcomes is an
important step towards developing effective public health policies and interventions to
combat emerging infectious diseases. Understanding how these characteristics differ
between diseases, for example influenza and SARS-CoV-2 variants is essential to ensure
the utilization of strategies that have the maximum impact on preventing future epidemics
or pandemics, and reducing the socioeconomic consequences. The objective of this
thesis was to understand the effect of these characteristics in the presence of several
interventions that were implemented during the COVID-19 pandemic. This work is useful
in highlighting optimal interventions based on the disease in question and quantifying the
effect of type and intensity of interventions.

The results indicate that the effect and potency of intervention measures depend
immensely on the characteristics of a given disease. It is clear that increasing the severity
of interventions (i.e. isolation, to school closure, to lockdown) has an impact on all
diseases, especially in the event of a lockdown. We observe a more flattened curve as
more strict interventions are implemented, however; it is clear that the impact of each
intervention is different between influenza and SARS-CoV-2.

A key result from both the deterministic and stochastic simulations is the differences

in the impact on influenza and SARS-CoV-2 when using a school closure. This type of
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6.1 LIMITATIONS

intervention has proven to prevent transmission in the population through young children,
but its effect is minimal for a disease such as SARS-CoV-2. The implication is that when
we consider a disease which has a longer and more transmissible pre-symptomatic period,
age-specific interventions (like school closure) may have limited effects on curbing the
transmission dynamics. Furthermore, it is evident that the length of the symptomatic
period and infectiousness during the symptomatic period has a remarkable influence
on the outcome of interventions. The difference in school closure outcomes between
influenza and SARS-CoV-2 may be due to the differences in their respective infectiousness
profiles and duration of the pre-symptomatic and symptomatic periods. This idea is
further established by the results from the sensitivity analysis, which showed that the pre-
symptomatic and symptomatic periods consistently exhibit a negative linear relationship
with the RR in attack rate, regardless of the disease or intervention. Overall, the simulation
results from both the deterministic and stochastic models indicate that isolation as a single
measure has a greater effect on reducing disease incidence than school closure alone

(without isolation).

6.1 Limitations

This study has several limitations that merit further research. Despite including age
groups and using age-specific contact patterns derived from data collected during the
COVID-19 pandemic, the model is homogeneous by nature; and does not include many
factors that could affect disease dynamics and intervention outcomes. Additionally, we
used parameters values and distributions associated with the diseases natural history;
however, sampled parameters were applied at the population level for simulating the
model. Realistically, sampling should be conducted at the individual level; a feature
that is not attainable under the compartmental modelling structure employed in this
work. For example, the incubation, pre-symptomatic, and infectious periods may be

different between individuals. Naturally, an extension of this structure to an agent-based
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6.1 LIMITATIONS

model would allow for the inclusion of various heterogeneities and individual-level
sampling from distributions. Furthermore, the effect of interventions were captured
in contact patterns without taking into consideration other important factors, such as
measures that may be mandated by public health during a lockdown. As well, intervention
scenarios were evaluated in the context of a fully susceptible population. If the population
has pre-existing immunity (due to prior infection or vaccination), the effect of these
interventions may be altered depending on the level of population immunity in different
age groups. Interventions were assumed to be implemented at the start of simulation after
the introduction of the disease into the population, which may not be completely realistic.
Interventions are usually implemented once some threshold of infection in the population
is reached. However, the timing of interventions does not affect the comparative results
in terms of the relative reduction of attack rates. Finally, we assumed that recovery
from infection provides relatively long protection, and thus omitted re-infection in the
model. However, as we have seen during the COVID-19 pandemic, re-infection with the
same or different variants can occur. To further investigate the effects of immunity on
intervention outcomes, the general modelling framework which includes waning immunity
and re-infection should be analyzed.

Although our results highlight the importance of disease characteristics on intervention
outcomes, there are various factors that could simultaneously influence interventions such
behavioural responses, the health status of individuals, and immunity in the population,
which are not considered in our model and require more comprehensive (e.g., agent-based)

models. Addressing these limitations remain a future task beyond the scope of this thesis.
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