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Abstract

Many countries implemented strict social distancing measures to reduce infections, hospitalizations,
and deaths during the coronavirus disease 2019 (COVID-19) pandemic. We developed an age-
structured deterministic compartmental model and parameterized it with recent COVID-19 estimates
to evaluate the effect of self-isolation and stay-at-home orders on infections, hospitalizations, and
deaths. The findings show that a 5-month stay-at-home order targeting older individuals ( 50
years) had the greatest reduction in hospitalizations (over 47%) and deaths (over 55%). A 5-month
stay-at-home order for individuals 65 years had the most hospitalizations (over 0.0087) and
deaths (0.0027) averted per-person practising the stay-at-home order. School closures reduced
the outcomes of interest if implemented for a longer duration. Due to the increase in infections
post-lockdown (shown in scenario 2), the strategies tested in this study can be used to strategically
lift lockdown orders and minimize the burden on healthcare systems until herd immunity is achieved

(through vaccination).
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Chapter 1

Introduction

1.1 Modelling infectious diseases

Despite state of the art pharmaceutical technologies and advances in disease control measures,
emerging diseases still inflict substantial morbidity, mortality, and socioeconomic upheavals world-
wide. Often, the unpredictable nature of the etiologic agent of the novel pathogen poses significant
challenges for all nations to protect the populations at risk. Without any public health interventions,
novel diseases may lead to catastrophic outcomes, such as economic woes, societal disruption,
long-term illnesses and sequelae, hospitalizations, deaths, and a strain on the healthcare systems.
In times of such crisis, preventing these devastating outcomes is a major public health priority
which places great pressure on public health professionals and decision-makers to respond rapidly
under substantial uncertainty while relying on the best available information. However, this is
challenging as there is limited knowledge about the emerging disease during the initial stages of
the outbreak. Specifically, there is significant uncertainty regarding the optimality and outcomes
of the decisions. This uncertainty is further compounded by the increasingly complex mobility
and interaction patterns of modern civilization. The ease of global travel in the modern world
combined with the emergence of a highly contagious virus can cause many unwanted illnesses,
hospitalizations, and deaths. Although it is difficult to prevent the emergence of novel infectious

agents, the existence of powerful tools for generating knowledge, including mathematical and
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computational modelling, can help mitigate the impact of emerging diseases and minimize health
burden.

Mathematical modelling and simulation methods provide useful and inexpensive decision support
tools to generate new knowledge, especially for infectious diseases[1-3]. These tools are widely
used to investigate the uncertainties about complex real-world phenomena and provide information
about their underlying mechanisms. In the context of emerging infectious diseases, modelling and
simulation methods can be useful in exploring different disease characteristics (i.e., reproduction
number, transmission probability, disease burden) and projecting the possible outcomes of public
health decisions along with their impact on disease spread. Modelling predictions about the potential
course of the disease allow public health professionals to make informed decisions and prepare for

all possible outcomes, including the unintended consequences of suboptimal interventions.

1.2 The novel coronavirus disease 2019 (COVID-19)

In December 2019, a novel coronavirus SARS-CoV-2 emerged in Wuhan, China [4]. Within days
of its initial detection, the virus spread rapidly to many countries, causing the most devastating
pandemic in modern times [4]. Individuals from all age-groups and ethnic descents were susceptible
to this novel disease, with symptoms ranging from mild to severe [5]. As new information emerged,
data suggested that older adults and individuals with underlying medical conditions were at an
increased risk for adverse clinical outcomes [6].

The toll of COVID-19 varies across different populations, but has caused many infections, hospital-
izations, and deaths worldwide. For countries experiencing severe outbreaks, there is a significant
burden on the healthcare system to manage the incoming number of patients, often exceeding the
healthcare system capacity[7]. To control the rapid spread of COVID-19 and limit the burden on
healthcare systems, most affected countries have resorted to traditional methods (i.e. social distanc-
ing policies, stay-at-home orders) as immediate control measures to reduce the daily interactions
between individuals in the society. Many countries, including Canada, implemented nation-wide

stay-at-home orders, referred to as lockdown, cancelled non-essential travel and closed non-essential
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businesses and activities [8]. A news article reported that over 50% of the global population was
requested or placed under some type of social distancing order (e.g., curfew, lockdown, and/or

school closure) due to the pandemic by April 2020 [9].

1.3 Motivation for research and objectives

Modelling outcomes have played an important role in guiding pandemic response and implementa-
tion of control measures during COVID-19 outbreaks. Early findings suggested that without social
distancing measures, the disease would be catastrophic; with a rapid and high rise to peak of disease
incidence, surge of cases would demand hospitals to manage the incoming number of patients, and
many COVID-19 related deaths. Therefore, these social distancing measures became a crucial step
to flatten the outbreak curve and reduce the daily number of infections, hospitalizations, and deaths
caused by COVID-19. However, optimizing the implementation of these measure at the early stages
of COVID-19 may not have been the primary objective of disease control in the midst of a rapidly
spreading disease. As of June 2020, there were very limited studies that evaluated the optimality of
stay-at-home orders and potential outcomes. This thesis aims to address this knowledge gap and
determine the optimal scenarios per capita under which the maximum reduction of disease burden
(in terms of total infections, hospitalizations, and deaths) can be achieved.

In this thesis, I propose to evaluate and analyze the impact of stay-at-home orders and self-isolation
measures on disease dynamics, with COVID-19 as a case study. Specifically, using recent estimates
of COVID-19 characteristics [10], I will determine the effect of these measures and identify which
age-groups are most affected under any specific intervention. Understanding the impact of these
non-pharmaceutical interventions will provide important information to public health professionals
about potential control measures that can be used to minimize burden on healthcare systems and

effectively reduce disease spread.
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Background

2.1 Timelines of COVID-19 pandemic events

On December 31, 2019, a cluster of pneumonia cases were reported in the city of Wuhan in the
province of Hubei, China [4]. In the subsequent days, health authorities confirmed that these
pneumonia cases were caused by a novel coronavirus [4], with symptoms including fever, dry cough,
pneumonia, and sometime leading to respiratory failure [11]. At this time, there was not enough
information, such as evidence for human-to-human transmission, about the disease to implement
important travel restrictions [4]. As a result, infected individuals were able to travel outside of
Wuhan, China, without adequate screening or restrictions [12]. By January 16, 2020, the first
cases of this novel coronavirus were reported in neighboring countries, including Thailand, South
Korea and Japan [4, 11]. Evidence for human-to-human transmission was not announced by health
officials until January 19 [4], and this time period between the confirmation of index cases and
identification of the main transmission route combined with global travel patterns (i.e., around
30,000 people leave the city of Wuhan everyday [13]) created a window of opportunity for the virus
to establish itself with global spread. By January 23, the alarming increase in disease incidence and
deaths led to strict quarantine orders and travel restrictions for citizens of Wuhan, that is the home

to around 11 million people [11, 13].
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Within one month since the first cases were reported, The World Health Organization (WHO)
declared an international public health emergency as over 9000 cases of the novel coronavirus were
reported in 19 countries around the world [4, 11]. On February 11, 2020, the disease was named
COVID-19 (Coronavirus Disease 2019) [4]. In the subsequent days, Italy became one of the “worst
hit” countries in Europe, and to control the rising number of COVID-19 cases, government officials

enacted lockdown in the northern region and quarantined 16 million people by March 8,2020 [7, 11].

On March 11, WHO confirmed that “COVID-19 could be characterized as a pandemic” [4] . By
April 2020, this pandemic had left no alternatives but to enforce lockdown orders and travel re-
strictions in over 100 countries [11, 14]. By September 2020, more than 27.5 million cases and
over 900,000 deaths were reported for COVID-19 [15]. From mid-June to August 2020, many
countries implemented re-opening plans, risking the surge of cases and potential for a second wave
of the pandemic as lockdown orders were lifted [16]. In many countries, the re-opening phases
were associated with enhancing other control measures, such as frequent screening and testing,
contact tracing to identify infected individuals, and use of face masks that limit disease spread in the
population. The risk of a second peak arose as interactions increased towards normal functioning
and movements in the population, and some countries (i.e., the United States) experienced a sec-

ond and more devastating wave of the COVID-19 with continual rising of cases in Fall 2020 [16, 17].

2.2 Overview of timelines for COVID-19 in Canada

In Canada, the first confirmed case of COVID-19 was reported on January 27, 2020 in a man who
returned from Wuhan, China prior to the city’s lockdown [8]. In March, a number of cases started
to appear throughout the country, including the first community case and COVID-19 related death
reported in British Columbia [18]. By March 16, 2020 Canada closed the border for individuals
who were not Canadian citizens or permanent residents, with some exceptions, and urged Canadians

to avoid non-essential travel [18]. The following day, 4 provinces, including Ontario declared a
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state of emergency, banned large gatherings, and closed places such as, community centres, schools,
libraries, and theatres [18]. By March 23, 2020 the Public Health Agency of Canada confirmed that
community spread was responsible for around 50% of the COVID-19 cases, and thereby highlight-
ing the need for strict stay-at-home orders to control disease spread [18]. From mid-June to July
2020, after the decline of the first pandemic wave, provinces in Canada begun to ease restrictions
and progress through the different stages of re-opening plans. Due to the unpredictable nature of
SARS-CoV-2, there was still significant uncertainty regarding the timing and extent of the second
peak as restrictions were lifted. Acting vigilantly, provinces also prepared for possible surge in

COVID-19 cases in Fall 2020.

On September 28, 2020, the province of Ontario recorded 700 new COVID-19 cases, which sur-
passed the previous high of 640 cases in April, 2020 [19]. At the time, modelling projections
suggested the second wave peak incidence to occur in mid to late October for Ontario [19]. During
the initial stages of the second wave, majority of the COVID-19 cases were reported in individuals
under 40 years of age. Even though these age-groups reported fewer hospitalizations compared
to older age-groups, there was a risk of younger age-groups spreading the infection to older and
at-risk individuals [19]. Therefore, many health officials recommended a return to Stage 2 [19]. On
October 235, the province of Ontario reported its highest daily incidence since the emergence of
the virus, which was 1042 cases [20]. The highest number of non-ICU and ICU hospitalizations
reported in a single day in Ontario were 1043 cases and 264 cases respectively, during the first
wave [19, 20]. In Ontario, as the most populated province in Canada, there are approximately 2000
intensive care unit (ICU) beds, of which about 60% are generally occupied by non-COVID-19
related causes [19]. Researchers estimated that 475 beds are available for non-emergency surgeries
and COVID-19 cases combined, and about only 100 of these beds are available for COVID-19 cases
when surgeries are performed as scheduled [19], posing a significant strain on hospital capacity to

manage COVID-19 patients.

In Canada, a number of provinces, including Ontario, Quebec, and Alberta, released their modelling



CHAPTER 2. BACKGROUND

outcomes for the pandemic trajectory, which suggested the outbreak could last between 18 months
to 2 years [18]. For Ontario, modelling results suggested that over 100,000 COVID-19 related
deaths could have occurred in the absence of any control measures; however, with control measures,
this estimate reduced to around 3,000 to 15,000 COVID-19 related deaths[18]. Understanding the
optimality of different stay-at-home orders will provide valuable insight on future management of
COVID-19 and provide critical information about strategies that not only are effective, but also

efficient at controlling disease spread.

2.3 Natural history of COVID-19

Clinical and epidemiological studies of COVID-19 indicate that the course of disease includes two
distinct pathways of asymptomatic and symptomatic infection [21]. During asymptomatic infection,
individuals present no symptoms of the disease, become infectious after the (non-infectious) latent
period, and can transmit the disease during their infectious period. Identification of asymptomatic
cases using symptom-based screening is impractical, and requires laboratory testing. In the symp-
tomatic pathway, infected individuals proceed to a highly infectious stage of pre-symptomatic
infection after the latent period. The onset of symptoms in these individuals will mark the end
of the incubation period. Infected cases who experience the symptomatic path are able to trans-
mit the disease during both pre-symptomatic stage and the remaining duration of their infectious
period after the onset of symptoms (2.1). Recent study suggest that the peak of infectiousness in
symptomatic cases occur -0.9 (i.e. pre-symptomatic stage) to 0.9 days from the onset of symptoms
[22], indicating the potential for significant disease transmission during the incubation period in the
pre-symptomatic stage [23]. Since asymptomatic and pre-symptomatic cases do not display any

symptoms, they are referred to as the ‘silent infection’.

The duration of incubation period varies among COVID-19 cases before developing symptom:s.
Early estimates were consistent on the incubation period having a lognormal distribution with

an average of 5.2 days [10, 24]. A recent study, using a statistical method for addressing the
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Figure 2.1: Latent and infectious stages of COVID-19.

recall-bias, shows that the incubation period can be as long as 8.29 days on average [25]. The start
of infectiousness during the incubation period marks the beginning of the course of disease in which
transmission can occur. The onset of infectiousness varies in infected individuals and could be as
long as 12.3 days on average before symptom onset, but for most cases it occurs 5 to 6 days prior to
symptom onset [22]. This time period corresponds to the pre-symptomatic stage. It is estimated
that the peak of infectiousness may occur 1 day before to 1 day after start of symptomatic stage
[22]. After the peak, infectiousness declines monotonically over the course of symptomatic disease

while symptoms are resolved. [22].

Silent transmission is a major contributor to the overall COVID-19 disease transmission [23, 26,
27]. The COVID-19 outbreak on Diamond Princess cruise ship found that 17:9% of individuals
were asymptomatic [26], while another study estimated the asymptomatic proportion of cases to be

30:8% [27]. A modelling study investigated the impact of silent infections on disease spread and
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concluded that during an outbreak, transmission from asymptomatic and pre-symptomatic cases may
account for over 50% of the total incidence (i.e., the overall attack rate of an outbreak) [23]. The
study further explains that even with immediate self-isolation of symptomatic individuals, this level
of transmission would be sufficient to sustain the outbreak [23]. The study findings indicate that
for 17:9% and 30:8% of asymptomatic proportions estimated in previous studies, 48% and 47% of
transmission were caused during the pre-symptomatic stage, respectively [23] . The corresponding
transmission rates by asymptomatic infections were estimated to be 3:4% and 6:6%, respectively
[23]. Given these findings, bringing the attack rate to below 1% would require screening protocols

that can detect at least 33% of silent infections [23].

Individuals with symptomatic disease (presenting symptoms such as fever, cough, sneeze) may
recover without the need for hospitalization. However, severe symptoms may occur (e.g., difficulty
in breathing), which may require hospitalization, and in some cases with critical condition, may
necessitate the use of intensive care and ventilator [5]. A modelling study in the context of the
United States population projected the number of intensive care unit (ICU) beds that would be
required during the peak of the COVID-19 outbreak to be 3.8 times more than the total available
ICU beds if interventions such as self-isolation of mildly symptomatic cases were at low rates (<
20%) [28]. Strikingly, even with the self-isolation of 20% of symptomatic individuals within 24
hours of symptom onset, the projected number of required ICU beds still exceeded the existing
number of ICU beds in United States [28]. Their results highlighted the impact of COVID-19 on the
healthcare systems along with the need to expand the critical care capacity for disease management

[28, 29].
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COVID-19 Modelling Framework

This chapter outlines the methods used in this research work. A detailed description of the
compartmental model is provided in section 3.1, and the model assumptions are listed in section
3.2. This research work uses an age-structured Susceptible-Exposed-Infected-Recovered (SEIR)
modelling framework to model the transmission dynamics of COVID-19. Based on major modelling
outcomes on COVID-19 [23, 28, 30], the model was extended to incorporate compartments of
hospitalization, silent infections, and self-isolation, with the inclusion of stay-at-home strategies in
different age groups. Section 3.3 shows the next generation method which is a widely used approach

to theoretically calculate the reproduction number (Ry).

3.1 Model description

The description of each model compartment is given in Table 3.1. The population was divided
into five age-groups: 0 4,5 19,20 49,50 64, and 65+ years. With this age-structure,
age-specific control strategies can be tested in this modelling work. The community and household
contact rates between individuals in age-group a and age-group C are denoted by M, and M.,
respectively. Figure 3.1 shows the schematic diagram of the model structure.

For simplicity, let SyX and S,y represent the community transmission and household transmission

(infection transmission by infected individuals in self-isolation) between susceptible and infectious

10
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Variable | Description
Sa Susceptible individuals in age group a
Ea Exposed and latent individuals in age group a
A, Asymptomatic individuals in age group a
Pm:a Pre-symptomatic cases who will develop mild symptoms in age group a
Im:a Symptomatic mild cases in age group a
Qm:a Symptomatic mild cases who practise self-isolation in age group a
Ps:a Pre-symptomatic cases who will develop severe symptoms in age group a
ls:a Symptomatic severe cases in age group a
Qs:a Symptomatic severe cases who practise self-isolation in age group a
Ha Hospitalized individuals for age group a
Ca Individuals admitted to ICU for age group a
Ra Recovering individuals for age group a
Da Infected individuals who died for age group a
Na Population size for age group a
Ma.c Community contact rate between individuals in age group a and individuals in age group
Ma.c Household contact rate between individuals in age group a and individuals in age group

Table 3.1: Description of important model variables

individuals, where

X (Pm:j + Ps;j + mlm;j + sls;j + Aj)
aj

X = M, ;
— X ( QO:j + SQS:j).
y= Ma;j N- -
i=1 !

3.1.1 Susceptible and exposed individuals

Individuals in S, are susceptible to COVID-19. Upon infection, individuals move from the suscepti-

ble class (S;) of age-group a to the exposed class (E;) of age-group a. Infected individuals in the

exposed class (E,) become infectious after an average latent period of 1= days. These dynamics

are described by the equations:

ds

dta = S.X S
dE

dta = SaX + Say Ea:
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3.1.2 Asymptomatic individuals

A proportion p, of infectious individuals enter the asymptomatic class (A,) presenting no symptoms.
These individuals remain infectious for an average duration of 1= days and recover at the end of

their infectious period, as described by

dAa
dt

=pa Ea A,

3.1.3 Pre-symptomatic, symptomatic, and self-isolated individuals with mild]

illness

A proportion (1 pa)Qa of highly infectious individuals enter the pre-symptomatic class (Pn.q) after
the latent period. These individuals do not show any symptoms for an average pre-symptomatic
period of 1= days, after which they enter the symptomatic stage (In.a) with mild illness. These
cases remain infectious for an average period of 1= days before recovery. We assume that a
proportion T, of mildly symptomatic individuals self-isolate within 1= days of symptom onset
and enter the self-isolation class (Qm:a). Self-isolated individuals will recover after an average
infectious period of ( )= .The remaining proportion (1 ;) of symptomatic individuals will

be infectious for 1= days until recovery. These dynamics are described by

dPy
dr:,a = (1 pa)Qa Ea Pma
dl
dntw,a = Pma (1 fa) Im:a fa Ima
d .
(glr:,a =1, Ima — Qm;a

12
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3.1.4 Pre-symptomatic, symptomatic, and self-isolated individuals with se-

vere illness

A proportion (1  pa)(1  ga) of highly infectious individuals enter the pre-symptomatic class for
severe illness (Ps:5) after the latent period. These individuals do not show any symptoms for an
average pre-symptomatic period of 1= days, after which they enter the symptomatic class (ls.a). A
proportion g, of individuals exhibiting severe symptoms self-isolate and enter the class (Qs:5) until
their recovery. The infectious period for these individuals from the start of isolation is ( )=
We assumed that a proportion h, of severely ill individuals will require hospitalization after 1=
days following symptom onset. The remaining proportion (1 ga, hy) of severe cases will be

infectious for 1= days until recovery without hospitalization. These dynamics are described by:

dP..

d;,a =1 pa)(1 ¢ga) Ea Ps:a

dl..

d?a: Psa (1 ga ha) lsa Ga lsa ha lsa
dO..

gi'a =0a lsa Qsia

3.1.5 Hospitalized individuals

A proportion h, of severe symptomatic cases (ls.5) require hospitalization. For hospitalized cases,
only a fraction C, of them are admitted to the ICU (C,) while the remaining fraction (1  C,) remain
hospitalized (H,) until recovery without ICU admission. Proportions d; and m, of non-ICU and
ICU cases, respectively, die after 1= days. The remaining proportions (1 dy) and (1 m,) of
hospitalized patients recover after 1= days and 1= days of non-ICU and ICU hospitalization,

respectively. These dynamics are described by:

dH,
dt

=1 cihalsa (da +(1 da) )Ha

13
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dt

=Cha lsa (Mg +(1 my) )C,

3.1.6 Recovered and dead individuals

Infected individuals enter the recovered class (R,) after the end of their infectious period. Individuals

who die during hospitalization enter the dead class (D). These dynamics are described by:

dR
dta = Aat —— (Qsa+Qma)+ (1 da) Ha+ (1 my) Cy
+ (1 fa.) Im,a + (1 ga ha) Is;a.
dD
dta =d;s Ha+my Cy

In summary, the model dynamics (represented by a schematic diagram in Figure 3.1)

consists of the following equations for each age-group:

ddSta = Sx Sy

d(ia = SaX+Szy Ea

dcfta = P B A

T2 = 1 pde B2 P

dldnt1;a = Pma (1 f)lna falna

d?irt“ia = falma  —— Quma

oo = (1 pIU @ Ea P

dclls';a = Psa (I da ha) lsa Ga lsa halsa
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dQs;a
dt
dHa,

dt

dt

dt

dD4
dt

Ja lsa — Qsa (3.9)
(1 cCadhalsa (da +(1 da) )Ha (3.10)
Caha lsa (My + (1 my) )Ca (3.11)
Aat+ —— (Qsa*+Qma)+ (1 da) Ha+ (1 my) Co (3.12)
(1 f) Imat (@ G2 ha) lsa

da Ha+m, Cy (3.13)

Silent Symptomatic eente) Measu:xres: Hospitalized
st st 1) Self-Isolation -
ages EEES 2) Stay-at-home g

— )
(e )~ )—(a)

s )-Ce JrCe)-Cn) ——

L)
H

(R

o

(R )

e
R

Figure 3.1: A schematic diagram of the model dynamics. There are 13 age-specific compartments
in this model that include susceptible (S;), exposed (E;), asymptomatic (A,), pre-symptomatic
for mild illness (Pm:a), pre-symptomatic for severe illness (Ps.5), symptomatic with mild illness
(Im:a), symptomatic with severe illness (ls.5), self-isolated with mild illness (Qm.a), self-isolated
with severe illness (Qs.a), non-ICU hospitalized (H,), admitted to ICU (C,), recovered (R,), and

dead (D) classes.

3.2 Model assumptions

Key assumptions made in this modelling framework are listed below:
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» Asymptomatic individuals do not self-isolate and do not require hospitalization.
» Mild symptomatic cases do not require hospitalization.

» Severe cases who do not require hospitalization would self-isolate until recovery.
» Infected individuals who self-isolate remain in isolation until recovery.

» Contact rates of individuals practising stay-at-home order or self-isolation are determined by

the household contact matrix.

» Hospitalized individuals do not contribute to disease transmission as they are considered

perfectly isolated due to infection control measures in the hospital.

» Disease transmission occurs only through contact between susceptible and infectious individ-

uals (i.e., infection through other modes are not considered in this model).

» Recovered individuals gain adequate immunity and are no longer susceptible to the disease

for the duration of simulations.

3.3 Basic reproduction number (Ry)

The basic reproduction number (Ry) is "the number of secondary cases generated by a single
infected individual during his or her entire infectious period, in a population which is entirely
susceptible" [31]. This important quantity in epidemiology determines whether the epidemic will
occur (if Ry > 1) or die out (if Ry < 1) in the population [31]. Estimates of this quantity can help
determine the possibility of a large outbreak, and identify the type and intensity of interventions

required for control or mitigation.
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3.3.1 Disease free equilibrium (DFE)

The DFE is a fixed point that represents the state of the population free of infection. For model

(3.1)-(3.13), the DFE is given by

[Sa; Ea; Aa; Pmia; Imia; Qmia; Psia; Is;a; Qsia; Ha; Ca; Ra; Da] = [Spre; 0; ;0]

where

Sore = [N1; N2; N3; Ng; Ns]

and N, represents the total population of age group a. In order to obtain Ry, we use the next

generation method at the DFE as described in the following section.

3.3.2 Next generation matrix (NGM)

To apply the NGM technique, the compartments of model (3.1)-(3.13) were divided into two
categories: (i) compartments of infected individuals that do not include any control measure, and (ii)
remaining compartments of infected and uninfected individuals. The first category is included in a
vector X (30 1 dimension), and the second category is included in a vector Y (35 1 dimension)

as expressed by:

X = Ea; Aa; Pmas Im:a; Psa; Is:a

Y = S, Qma; Qs:ai Ha; Ca; Ra; Da

The equations for X can be written as [32, 33]:

P = fi0 =R Vi) G.14)

Here, Fj(X) represents the new infection rates, while V;(X) represents the rates of transfer

between classes [32, 33]. We made the assumption that both functions are twice continuously
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differentiable for each vector variable [32, 33]. The vector Vj(X) represents rates of transfer in
compartment i: Vi(x) =V,  V;", were V; includes the rates of transfer for individuals leaving
the compartment i and V;" represents the rates of transfer for individuals entering the compartment
I

Since we are calculating the basic reproduction number in the absence of any control
measures, the parameters associated with self-isolation (T, and g5) and hospitalizations (h, and cj)

were set to zero. For the model (3.1)-(3.13), functions F and V are given by:

O 1 O P 1
1§ S; ?:1 MlJ(PmJ+PSJ+ mlm’ sl * Aj)
) s ) S Pj5=1 Ms; (Pm:j+Ps:j+ m|mj+ slsj+ Aj)
F = =
Te 0
0] 1
Vi E:
Ve

pp E1+ Ag
(1 p)ar Ex+ Pma
Pmi+ Ima
Va1

1 p)@ q) Ex+ Psa

Vg IDs;l + Is;l

V3o I:)5;5 + Is;5

The Ry expression can be expressed using Lemma 1 and equation 4 from [32].
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Lemma 1 [32]: If X, is a DFE (Disease Free Equilibrium) of 3.14 and f;(X) satisfies (A1) - (AS),

then the derivatives DF (Xo) and DV (Xo) are partitioned as DF(Xo) = § 9 and DV(Xo) =

Y, . where Fand V are dimension m by m defined by F = ((dD; ‘)) (Xo) and V = %(Xo), with
1 i;j  m. Further, F is non-negative, V is a non-singular M-matrix and all eigenvalues of Jg4

have positive real parts.

To find matrix F and V, we need to calculate the Jacobian of (3.1)-(3.13) around the DFE:

- _ dF(OFE).
dX; '
, — QVi(DFE)
dX;
with 2 3
0O AP Iy P I
00 0 0 0O
0O 00O 0O 0 O
F = (315)
0O 00O 0O 0O
00 0 0 0O
00 0 0 0O
Matrices A, P, I, and | are described by:
2 3
Ml'lm_i Ml-zm—; M1;3H—; |V|1-4m—f1 M1'5“_é
Ma1RZ  Mao2  Mas(? MaaR?  Masi?
A= M3-1H—i Ms-z“—z M3;3H—2 M3-4m—j M3-5H—2
M, 1“-‘1‘ My 2“-‘2‘ |\/|4;3H—‘31 M44m—j M45“—;‘
Ms 1H—i Ms 2H—2 Ms;am—i Ms 4m—i Ms 5H—§
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Mllm

2
L N1
Mz;lm_i
P = M3;1“_i

Na
'V|4;1N_1

N
Ms;1 2

li;lm_i
mMZ;lm_i
Im - mM3;1H_i
mlv|4;1m_‘l1

Ns
mMS;l N1

and, for lg, replace , in I, with

Similarly, V is the matrix:

with

o O O o

0 0O
00

0 0

00

0 00O
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Ml;ZH_; Ml;SH_; l\/|1;4“_‘11
MZ;Z“_i M2;3m_§ I\/|2;4“_£21
Ma2R?  Maad  MaaRd
IV|4;2H_;1 M4;3m_g l\/|4;4m_f1
MS;ZH_E MS;SH_Z I\/|5;4H_‘51
li;Zm_; li;Sm_;
mMZ;Zm_z mM2;3m_§
mM3;2“_z mM3;3m_z
mM4;2“—‘2‘ mM4;3m_g
mMS;ZH_i mMS;Sm_z
2
vi 0 0O O O
Vo V3 0 0 0
V = vs O Vs 0 0
0 O Vs Vg 0
v, 0 0 0 Vg
0 0 0 O

Vs

o O o o

Ml;SH_;
MZ;Sm_g
Ma;s 12
I\/|4;5m_;1

N
Ms;s 2

Ny
ml\/|1;4N_4

N
ml\/|2;4N_f1

N
mMaa 2

N
ml\/|4;4N_;1

N
ml\/|5;4N_‘51

o O O o

Vs

3

N1
ml\/ll;SN_5

N
mMZ;SN_z

N
mMa;s 52

Ny
m|\/|4;5N—5

N
mMS;SN_:

(3.16)
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2 3
m 0 0 0 0
O p O 0 0
v2=8 0 0 ps 0O 0
O 0 0 p, O
o 0 0 0 ps
2 3
0 00O
0 0 0O
V=0 0 00
0 0O 0
0 00O
2 3
q(l  p1) 0 0 0 0
0 Gl p2) 0 0 0
V4E 0 0 ds(1  ps) 0 0
0 0 0 Ga(l  pa) 0
0 0 0 0 5(1  ps)
2 3
0 00O
0 00O
Vs =90 0 00
0 0O 0
0 00O
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Vg =

SO00000000 N
o o o o

o O O o
o
o

For simplicity, let Zz = (1 0a)(1 pa), where a = 1;2; 3;4;5. Now using Z, V7 is

written as: 2 3
zz 0 0 0 O
0 zz 0 0 O
vi=@0 0 zz 0 O
0 0 0 zo O
0 0 0 0 zs

Multiplying F and V !, we obtain the NGM (denoted by G) [32]. "The entries of G give
the rate at which infected individuals in X; produce new infections in Xj, times the average length
of time an individual spends in a single visit to compartment j" [31]. The largest eigenvalue in

magnitude (i.e., the spectral radius) of G is defined as the basic reproduction number [32]:

Ro= (FV Y (3.17)

For model (3.1)-(3.13), G is expressed by:

2 3
Kl K2 K3 K4 K5 K6
o 0 0 o0 0 ©0
o o o0 O 0 o
G= (3.18)
o 0 0 0o 0 ©0
o 0 0 o0 0 O
o o o0 O 0 o
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with
K1= Mf\il:jDSi p@) , 1 pG) , (PG) DC@E) 1 ma@)
K2 = MN(jl;J)Si
K3=% Lym
K4 = ml\l<:j(|;.|)si
K5:% 1, s
KG = sl\ﬁlfl;J)Si

The general form of the characteristic polynomial [34] of (3.18) is given by:
f()= " ( D" H(G) " L+ +( 1)"det(G) (3.19)
Here, tr(G) and det(G) are:
@)= S MGEDS pM) 1 p@) , GG D@6 D mIl@)

i=1 J

det(G) =0

The dominant eigenvalue of equation 3.19 is defined as R (equation 3.17). Due to the

complexity of this polynomial, it is difficult to explicitly state the Ry expression.

3.3.3 Herd immunity

Herd immunity is reached when a sufficient proportion of the susceptible population is immune
(either through natural infection or vaccination) [35]. As the proportion of susceptible population

fall below a certain threshold (the level of herd immunity), disease transmission declines and disease
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approaches extinction [35]. In simple homogeneous models, the herd immunity threshold is only

dependent on thR o value and can be mathematically expressed as [35]:

Herd Immunity Thresholé 1 Ri (3.20)
0

However, in models with heterogeneity of population demographics (e.g., age) and contact
patterns, the herd immunity threshold may differ [36, 37]. Using equd8&0) the herd immunity
threshold i50%for Ry = 2:5. However, in heterogeneous settings, the herd immunity may be
lower than50% but may also vary when considering real-world behavioral aspects (e.qg., “super

spreader events”) [38, 39].
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Chapter 4

Model parameterization and

Implementation

In this chapter, details of parameter values and distributions are provided in 4.1. The contact
rates of different age-groups within the community and household are described in section 4.2. A
non-standard nite difference method is used to simulate the m@dg)- (3.13)and is shown in

section 4.3. The model calibration and implementation are detailed in sections 4.4 and 4.5.

4.1 Model parameterization

To parameterize the model, we rely on recent estimates of COVID-19 characteristics, which were
used in similar modelling studies [30]. The incubation period was sampled from a log-normal
distribution with mean and standard deviatiorbd® days and:1 days, respectively[10]; this period

was truncated between 4 to 7 days. The pre-symptomatic pdrodifys) was sampled from a
gamma distribution with mean of 1.73 days (shapk:058days and scale 2:174days) [22]; this

period was also truncated between 0.8 to 3 days. The latent pérodléys) was calculated by
subtracting the pre-symptomatic period from the incubation period, which ranges from 1 to 6.2
days. The infectious period for asymptomatic individuals was sampled from a gamma distribution

with mean of 5 days (shape5 days and scale 1 day) [40, 41]. We parameterized the infectivity
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in symptomatic and asymptomatic stages of infection relative to the pre-symptomatic stage. The
relative infectivity werell1%[21], 44%[21, 22], and39%[21, 28, 42] for asymptomatic, mild
symptomatic, severe symptomatic stages as compared to pre-symptomatic stage. The infectious
period following the onset of symptoms was sampled from a gamma distribution with mean of 3.67
days (shape 2:768and scale= 1:1563days) [41]. The duration of hospitalization for non-ICU

and ICU cases was sampled from a gamma distribution with mean of 11.75 days and 13.76 days
respectively [43, 44]. The time period from hospitalization to death was sampled from a gamma
distribution with a mean of 10.82 days[43, 44]. We assumed that individuals who recovered after
the infectious period were no longer susceptible to the disease. Tables 4.1 and 4.2 summarize the

parameter values.

4.2 Population mixing patterns

The population was subdivided into ve age-groups: 4,5 19,20 49 50 64,and 65

years. To account for the age-speci ¢ mixing patterns of individuals, two contact matrices were
used: (i) the community contact matriki() ,and (ii) household contact matrikK). These contact
matrices were taken from a similar modelling study [30], and were derived from a study on contact
patterns in urban populations [46] and during lockdown [47]. As summarized in table 4.3, the total
number of daily contacts for each age-group was sampled from a negative binomial distribution
for both non-isolated and isolated individuals. These were multiplied by the proportion of daily
contacts for each age-group to distribute the number of contacts per-day between and within the

different age-groups.

4.3 Non-standard method for numerical solutions

A simple rst-order non-standard nite-difference method was used to obtain the numerical solutions
of the deterministic compartmental mod8l1). This method preserves the positivity of solutions

which is a requirement for this epidemic model [48]. To develop the method, the time interval was
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Table 4.1: The parameter values and distributions of this model. The transmission probability was
calibrated to obtain 80%herd immunity for the baseline scenario.

Age-Groups
Description Variable | 0 4 |5 19|20 49|50 65| 65 | Reference
Transmission probabi
ity per contact dur 0:0473 Calibrated

ing pre-symptomatiq

period toRy =25

[10, 45]

Relative transmis
sibility of  mild
symptomatic  case . 0:44 [21, 22]
compared to pre
symptomatic cases

Relative transmis
sibility of severe
symptomatic  case s 0:89 [21, 28, 42]
compared to pre
symptomatic cases

Relative transmissibil
ity of asymptomatic

0:11 [21]
cases compared to pr
symptomatic cases
Proportion of asymp 03 | 031 | 029 029 | 018 | [26,27]
tomatic cases
Fitegeien e milg) o 095 | 09 | 085 0:6 02 | [28,42]
Symptomatlc cases

Proportion of mild
symptomatic  case fa 0:2 Assumed
that self-isolate
Proportion of severgq

symptomatic cases thg Oa 1.0 Assumed
self-isolate

Proportion of non-ICU 0:09 | 0:09 | 0:09 019 | 0:235
cases

Fepeien @ kel o 001 | 002 | 005 | 0197 | 026
cases

Proportion of non-1ICU

cases that result i dy 0:0002| 0:0007 | 0:0035 | 0:04275| 0:2895
death

Proportion of ICU

cases that result i ma 0:0002| 0:0007 | 0:0035 | 0:04275 | 0:2895
death
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discretized between 0 to 500 days with a xed step-size of 1 day. For each vaXiafle., one

of the epidemiological states of the system) that is approximated, there were three rules that were
applied [48]. First, a negative term ¥f; was written at the advanced time-step [48]. Second, if
order ofX; is n, wheren is an integer greater than 1, th&r' was split into two components, such
asX? Xi(n 2 [48]. Here, X ! was written at the advanced time-step émﬁ' Y was written at the
current time-step [48]. Third, all other variabl¥s, wherej 6 i are written at current time step

[48]. The numerical solutions of (3.1) can then be described by:

X (P () * P+ mlmj D+ sl (D) + A (1)

t) = M.
X(t) . y N
y(t) — Ma;j ( QO;j (t)N"T st;j (t))
j=1 j
_ Sa(t)
St+rh) = 77 hx(t) + hy(t)
Eut+h) = b hSlaELt)r(]X(t)+ y(®)
Aa(t + h) = Aa(t)1++ T]pa E a
Pmia (t+h) = Pmia (1) +(1h-('-1h )pa)qa Ea
- Im;a(t) + h P m;a(t)
Ima(t+h) = T+h( f.) + M,
m;a hfa m;a
I
po(t+h) = sl h((11+r:?)§1 %) Ea
_ Is;a(t) + h Pga(t)
lsa(t+ h) = 1+ h(l g hy) +hg +hh,)
s,a h a sS;a
Qualt+h) = (1t)++h ?_I) ®
_ Ha(t)+ h(l  c)hal salt)
Hat+h) = = qa +ha )
Cat+ hy = cal)* Mtahalsa(V

l+hc, +hl <)
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Ra(t+ h) = Ru(t)+ h( A () + —— (Qsa(t) + Qmia(t))
+1 da)Ha(t)+ (1 my) Ca(t)+(1  fa) I malt)
+1 G2 ha)l salt))

Da(t+ h) = Dga(t)+ h(dy H a(t) + my C 4(1))

whereh is the time-step.

4.4 Estimating andRg

The value was varied until the herd immunity 80%was achieved for the baseline scenario (no
intervention measure) and parameteysga, C,, andh, were set to zero. To nd the herd immunity,
the average number of recovered individuals over a 500 day period for 1000 simulations was divided
by the total population (10,000 individuals). Using this approach,0:0473

The averag® o value was calculated using= 0:0473 parameter values from tables
4.1 and 4.3, and the next generation method shown in section 3.3. The alyagkie was
approximately2:48 (IQR: 2.46 to 2.50) and is shown in gure 4.1. This calculatiorRaf averaged
the results of 2000 simulations and used bootstrap sampling to obtain the median and interquatrtile

range (IQR), with 1000 replicates for average of reproduction number.

4.5 Model implementation

Monte-Carlo simulations were used to derive a range of possible outcomes and account for the
uncertainty in the parameter values. For each simulation, one exposed individual was introduced
into each age-group and the model was simulated for 500 days. The results of 1000 simulations were
averaged for the outcomes of interest (infections, hospitalizations, and deaths). Bootstrap sampling
was used to obtain the median and interquartile range (IQR), with 500 replicates for the mean of
cumulative infections, hospitalizations, and deaths. The numerical methods was implemented in
MATLAB ©.
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Figure 4.1: The average reproduction number (R0O) calculated using the next generation method
(NGM).
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Chapter 5

Scenarios and ef ciency analyses

5.1 Scenarios

We simulated the model to evaluate the outcomes of six scenarios including, self-isolation of
infected individuals and age-speci ¢ stay-at-home orders. Scenario 1 (S1) includes self-isolation
of infected individuals, while scenarios 2 to 6 combine S1 with stay-at-home orders for particular
age-groups. Scenario 3 to 6 were designed to target age groups oth20th&9 years old. It is
important to note that scenarios S2 to S6 have self-isolati@0%fmild cases and00%severe

cases from the start to end of simulations, and the stay-at-home order starts on day 30. Summary of

scenarios are provided in Table 5.1, with the following details considered in simulations:

1. Base Scenario (S0)This includes no intervention measure, implying that interactions be-
tween susceptible and infectious individuals was governed by the community contact matrix,

without self-isolation of infected individuals.

2. Scenario (S1) The only intervention measure was self-isolatior20%omildly symptomatic
cases and00%of severe cases for the entire duration of the infectious period. This included
all age-groups and the percentage of the population practising self-isolation would vary for

each simulation depending on the number of cases with mild and severe illness.
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. Scenario (S2) There were two intervention measures considered: (i) self-isolation of mild
(209% and severel(00%) cases, and (ii) stay-at-home orders for all age-groups for a duration

of: a) 90 days, and b) 150 days, corresponding to lockdown scenarios.

. Scenario (S3) Similar intervention measures as S2 were considered, while stay-at-home
order was targeted only to individuals 65 years of age. The stay-at-home order was

practised byl 7%of the total population.

. Scenario (S4) Similar intervention measures as S2 were considered, while stay-at-home
order was targeted to individuals 50 years and older. The stay-at-home order in this scenario

was practised bg7%of the total population.

. Scenario (S5) Similar intervention measures as S2, with the difference that the stay-at-home
order was targeted to individuals 19years for a duration of: (a) 30 days, (b) 60 days, (c)
120 days, and (d) 240 days. This is the school closure scenario which targets cHilten (

of the total population).

. Scenario (S6) A combination of intervention measures from scenario 4 and scenario 5 were
considered. In general, the two main intervention measures were: (i) self-isolation of mild
(2099 and severel(00% cases, and (ii) stay-at-home orders for individuals @ged 9years
and individuals 50years. Since stay-at-home order targeted three age-groups, this scenario
accounted fob4%of the total population.

(a) individuals 50years stay-at-home for 90 days and school closure for 30 days

(b) individuals 50years stay-at-home for 90 days and school closure for 60 days

(c) individuals 50years stay-at-home for 90 days and school closure for 120 days

(d) individuals 50years stay-at-home for 90 days and school closure for 240 days

(e) individuals 50years stay-at-home for 150 days and school closure for 30 days

() individuals 50years stay-at-home for 150 days and school closure for 60 days

(9) individuals 50years stay-at-home for 150 days and school closure for 120 days
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(h) individuals 50years stay-at-home for 150 days and school closure for 240 days

5.2 Efciency

The approach used to calculate ef ciency of stay-at-home scenarios is proposed in [30] and utilizes

the following ef ciency formula:

a Cumulative number of outcomes averted
The proportion of the population following stay-at-home order

Es

This ratio determines the number of outcomes such as infections, hospitalizations, or
deaths averted per individual practicing stay-at-home order. Since the disease dynamics are affected
by the implementation of different interventions, the number of outcomes averted during the entire

simulation timelines were used rather than just the time-period of the stay-at-home order.
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Chapter 6

Results

This chapter details the results of scenarios de ned in the previous chapter. These results are
presented as the average of 1000 simulations for each scenario in a synthetic population of 10,000
individuals. The strati cation of model population is based on the demographics of Ontario, Canada.
Simulations were run for 500 days, with a time-step of one-day. Outcomes were derived for the

incidence of infection (i.e., daily number of new infections), hospitalizations, and deaths.

6.1 Baseline scenario, SO

In the absence of any intervention measure, the peak of incidence occurs on day Blinfgctions.
Age-group20 49years had the highest cumulative infections, 268 (Interquartile range, IQR:
25071 to 25493) infections. Individuals in age-groups 50years had the most hospitalizations
and deaths. The total incidence of hospitalizations peaked o®2jayith 2:5 non-ICU cases
andO0:7 ICU cases per 10,000 populations. The highest cumulative hospitalizations were seen in
age-group 65years, with1067 (IQR: 1050 to 1083) non-ICU cases and87:5 (IQR: 36:8 to

381) ICU cases. This age-group (65years) also had the most number of deaths, w@H (IQR:

45.6 to 47.0) cumulative deaths per 10,000 population. The peak incidence of deaths occurred on

day 105with 0:6 deaths per 10,000 population. The results of this scenario are shown in gure 6.1.
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Figure 6.1: The average projected curves for daily incidence of infections (A), non-ICU cases (C),
ICU cases (E), and deaths (G) for the baseline scenario, SO. In addition, the cumulative incidence
(B), cumulative non-ICU cases (D), cumulative ICU cases (F), and cumulative deaths (H) over a
500 day period are shown for the baseline scenario. For graphs B,D,F, and H, the bars show the
mean values and the boxplots show the median and IQR values. These estimates and projections
are per 10,000 population.
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6.2 Scenario S1

As 20%of mild cases and00%of severe non-hospitalized cases were self-isolated after one day
of symptom onset, the peak incidence reduced36 infections ( 37%reduction at the peak
compared to S0) per 10,000 population. The highest cumulative incidence was found in age-group
20 49years old, with18873 (IQR: 18633 to 19108) infections per 10,000 population. The
number of hospitalized cases peaked on day 99 (delayed by one week as compared to 83), with
non-ICU cases an@1 ICU cases per 10,000 population. This corresponded 84#%reduction at

the peak of hospitalizations as compared to SO. Age-gro6p years had the most hospitalizations,
with 19:8 (IQR: 195 to 20:1) non-ICU cases ané:9 (IQR: 6:8 to 7:0) ICU cases per 10,000
population. The peak incidence of deaths was delayed by one week td8agnd reduced to

0:1 (corresponding to 84%reduction compared to SO) deaths at the peak per 10,000 population.
Age-group 65years still had the highest cumulative deaths, Bith(IQR: 8:5 to 8:8) deaths per

10,000 population. The results of this scenario are shown in gure 6.2.

6.3 Scenario S2

Lockdown orders were effective in reducing the total peak incidence of infections, hospitalizations,
and deaths. Disease incidence declined signi cantly during the entire lockdown period and was
followed by a surge in infections, hospitalizations, and deaths after the lockdown was relaxed. For
scenario S2a, the peak incidence occurred or2d@120days after lockdown ended) wift#:1
infections, while for S2b, the peak incidence occurred on3#(165days after lockdown ended)

with 16:6 infections per 10,000 population. This corresponded ®7%and 77%reduction in

peak incidence for S2a and S2b, respectively, as compared to the baseline scenario S87&nd

and 64%reduction in peak incidence for S2a and S2b, respectively, as comp&séd otably,

the incidence curves for age-groups 19years old and0 64years old were almost identical

after the lockdown period ended for both scenarios S2a and S2b. For S2a, hospitalizations peaked
at0:2 non-ICU cases an@05ICU cases, whereas for S2b, the peak in hospitalized cases further

declined td0:1 non-ICU cases an@04 ICU cases, respectively, per 10,000 population. The number

39



CHAPTER 6. RESULTS

Figure 6.2: The average projected curves for daily incidence of infections (A), non-ICU cases
(C), ICU cases (E), and deaths (G) for S1. In addition, the cumulative incidence (B), cumulative
non-ICU cases (D), cumulative ICU cases (F), and cumulative deaths (H) over a 500 day period are
shown for S1. For graphs B,D,F, and H, the bars show the mean values and the boxplots show the
median and IQR values. These estimates and projections are per 10,000 population.
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of deaths peaked &05( 92%reduction compared to S0) for S2a am@3( 94%reduction
compared to SO) for S2b per 10,000 population. For both scenarios, the epidemic continued past
500 days, which implied that the cumulative infections, hospitalizations, and deaths would increase

and may be higher than shown in gure 6.3. The results of this scenario are shown in gure 6.3.

6.4 Scenario S3

This scenario targeted individua@$ years and older for a stay-at-home order for 3 months and 5
months. Although extending the stay-at-home order from 3 months (S3a) to 5 months (S3b) did not
have a signi cant effect on reducing the peak incidence, it reduced the cumulative hospitalizations
and deaths, especially amongst the targeted age group. Speci cally, a 3-month and a 5-month
stay-at-home order reduced the peak incidené( 7%reduction as compared to S1) a4?i0
( 8%reduction as compared to S1) infections, respectively per 10,000 population. For a 3-month
(S3a) stay-at-home order, the cumulative incidence, hospitalizations, and deaths for individuals
agedé5and older wer&783 (IQR: 3742 to 3825) infections, 133 (IQR: 131 to 134) non-ICU
cases4.7 (IQR: 4:6 to 4:7) ICU cases, ané:8 (IQR: 5:7 to 5:8) deaths, per 10,000 population.
Extending the stay-at-home order to 5 months (S3b) for individuals @§add older reduced the
cumulative outcomes of interest 2§25 (IQR: 2693 to 2751) infections,9:5 (IQR: 9:39t0 9:7)
non-ICU cases3:3 (IQR: 3:3to 3:4) ICU cases, and:12 (IQR: 4:06to 4:16) deaths.

Notably, hospitalizations for S3a displayed two peaks; the rst peak:26 non-ICU
cases and 0:06ICU cases at the peak per 10,000 population) occurred during the stay-at-home
period which was followed by a second peak @:23 non-ICU cases and 0:06 ICU cases per
10,000 population) after the stay-at-home period ended, as shown in gure 6.4. In contrast, a
5-month stay-at-home order only resulted in a slight increase in the number of hospitalizations
after the stay-at-home period ended, where the magnitude of this second peak was signi cantly
less compared to the rst peak in hospitalizations. These results suggest that a 3-month duration
may be sub-optimal due to the emergence of a second peak in hospitalizations and deaths. A

similar trend is observed for the daily number of deaths for S3a and S3b. For S3a, the number of
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Figure 6.3: The average projected curves for daily incidence (A and B), non-ICU cases (D and E),
ICU cases (G and H), and deaths (J and K) for S2a and S2b. The vertical bars in A and B show the
start and end of the stay-at-home order for each scenario. The cumulative incidence (C), cumulative
non-ICU cases (F), cumulative ICU cases (I), and cumulative deaths (L) are shown for S2a and S2b.
For graphs C,F,l, and L, the bars show the mean values and the boxplots show the median and IQR
values. These estimates and projections are per 10,000 population.

deaths peaked during the second wave onltywith 0:05 deaths per 10,000 population after
the stay-at-home order ended. For S3b, the number of deaths peakedX6eath 0.04 deaths
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per 10,000 population during the stay-at-home period, which corresponds to approxididtely
reduction as compared S3a. For S3b, there was an increase in the number of deaths after the
stay-at-home period ended, but second peak was signi cantly lower in magnitude with less than
0:02deaths per 10,000 population. We found that S3b outperformed S3a in reducing the cumulative
hospitalizations and deaths, as well as peak incidence of hospitalized cases and deaths. The results

of these scenarios are shown in gure 6.4.

6.5 Scenario S4

By targeting the age-group 50-64 years old in addition to tié&sgears and older for a stay-at-home
order, the peak incidence fell below 30 infections for both S4a and S4b. Speci cally, extending
the stay-at-home order from 3 months (S4a) to 5 months (S4b) reduced the peak incidence from
29( 36%reduction) infections t@7:9 (  39%reduction) infections per 10,000 population, as
compared to S1. Notably, both scenarios resulted in an immediate rise in disease incidence after
the stay-at-home period ended, where the magnitude of the second peak in Siafections)

was greater than the magnitude of the second peak in S4hirffections). The hospitalization
dynamics of these scenarios were very similar to S3a and S3b. For this scenario, the highest
number of hospitalized cases for S4a occurred during the second peak (after the stay-at-home period
ended) with0:2 ( 46%reduction compared to S1) non-ICU cases @b (  43%reduction
compared to S1) ICU cases per 10,000 population. In contrast, for S4b, the highest number of
hospitalized cases occurred during the rst peak (within the stay-at-home period):d8k 67%
reduction compared to S1) non-ICU cases @8 ( 73%reduction compared to S1) ICU cases

per 10,000 population. For S4a, the number of deaths peaked at6@ayith 0:05 deaths per

10,000 population, while S4b had two peaks in the number of deaths, both were le@92deaths

per 10,000 population. Overall, S4b outperformed S4a as it reduced hospitalizations and deaths
(both cumulative and peak incidence), especially for age-grog0 years. A key observation was

that the duration of a stay-at-home order affected the magnitude of the peak incidence of infections,

hospitalizations, and deaths, as shown in gures 6.4 and 6.5.
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Figure 6.4: The average projected curves for daily incidence (A and B), non-ICU cases (D and E),

ICU cases (G and H), and deaths (J and K) for S3a and S3b. The vertical bars in A and B show the
start and end of the stay-at-home order for each scenario. The cumulative incidence (C), cumulative
non-ICU cases (F), cumulative ICU cases (I), and cumulative deaths (L) are shown for S3a and S3b.
For graphs C,F,l, and L, the bars show the mean values and the boxplots show the median and IQR
values. These estimates and projections are per 10,000 population.

6.6 Scenario S5

School closure represents a stay-at-home order for individuals aged 5-19 years, was effective at

reducing peak incidence when it was implemented for a duration longer than 4 months in S5c and
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Figure 6.5: The average projected curves for daily incidence (A and B), non-ICU cases (D and E),
ICU cases (G and H), and deaths (J and K) for S4a and S4b. The vertical bars in A and B show the
start and end of the stay-at-home order for each scenario. The cumulative incidence (C), cumulative
non-ICU cases (F), cumulative ICU cases (I), and cumulative deaths (L) are shown for S4a and S4b.
For graphs C,F,l, and L, the bars show the mean values and the boxplots show the median and IQR
values. These estimates and projections are per 10,000 population.

8 months in S5d. The longest delay in outbreak peak was observed for a 2-month school closure,

where peak incidence occurred on day 117 888 ( 21%reduction compared to S1) infections
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per 10,000 population. Extending the school closure from 1 month to 8 months reduced peak
incidence fromd3( 6%reduction compared to S1) infectionsa86 ( 48%reduction compared

to S1) infections. The cumulative infections for each scenario in age-grouf® years was: (i)

9598 (IQR: 9485 to 9698) infections in Sba, (iiP298 (IQR: 9206 to 9414) infections in S5b,

(i) 7371 (IQR: 7297 to 7458) infections in S5¢, and (V1734 (IQR: 467.2to 4794) infections in

S5d. These results highlight that a 1-month or 2-month school closure under-performed in reducing
the outcomes of interest. An important aspect to consider for a 4-month or 8-month school closure
is the emergence of a second peak after the school closure period ended, where the magnitude of the
second peak was reduced by approximal€lgndl16infections per 10,000 population, respectively,

as compared to the rst peak. Although extending school closures to 4 months and 8 months
reduced infections, it under-performed in reducing hospitalizations and deaths, especially compared
to scenarios S3 and S4. This is in part explained by the fact that individuals in agesgrol®

years have fewer hospitalizations and mostly interact with individuals from their own age-group.
Among all scenarios simulated here, an 8-month school closure exhibited the lowest number of
hospitalized cases at the outbreak peak, @i#{ 44%reduction as compared to S1) non-ICU
cases an@:.06( 41%reduction compared to S1) ICU cases per 10,000 population on day 107.
This scenario further reduced the cumulative hospitalizations in those 65 years and older, which
is the age-group associated with the highest hospitalization and death rdtge6,I®QR: 14:6 to

16:10) non-ICU cases an8t6 (IQR: 5:5to0 5:6) ICU cases per 10,000 population. The lowest peak
incidence of deaths was observed for S5d, Widb ( 43%reduction compared to S1) deaths

per 10,000 population. Furthermore, an 8-month school closure reduced the cumulative deaths for
age-group 65years t06:8 (IQR: 6:7 to 6:9) deaths per 10,000 population, which was the lowest
cumulative deaths amongst all scenarios. The results for this scenario are shown in gure 6.6.

To evaluate the effectiveness of school closure as compared to only self-isolation of
infected individuals (S1), the percent reduction in cumulative infections, hospitalizations, and deaths
for S5 was analyzed ( gure 6.7). These results indicate that a shorter duration of school closure (i.e.,
1 month or 2 months) under-performs in reducing the outcomes of interest. As shown in gure 6.7,

an 8 month school closure was most effective, with @&4% reduction (IQR22:0%to 23.7%) in
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infections,20:7% reduction (IQR:19:0%to 222%) in hospitalizations, an@1:2% reduction (IQR:
194%t0 229%) in deaths.

6.7 Scenario S6

Combining a stay-at-home order for individualss0 years with school closure reduced the peak

of incidence belowB2 infections for all scenarios. Combining an 8-month school closure with a
stay-at-home order for age-group50years for 3 months (S6d) and 5 months (S6h) resulted in the
lowest outbreak peak, with3.4 (  54%reduction compared to S4a) infections drids( 59%
reduction compared to S4b) infections per 10,000 population, respectively. Notably, extending the
stay-at-home order for age-group50years from 3 months (S6a) to 5 months (S6e) in addition

to a 1-month school closure was the most effective at reducing the cumulative infections in older
age-groups, leading 8332 (IQR: 527310 5391) infections for age-group0 64years an®963

(IQR: 2928 to 2999) infections for age-group 65years per 10,000 population. Furthermore, S6e

had the lowest cumulative hospitalizations and deaths in age-grdafpyears, with10:2 (IQR:

10:1to 10:3) non-ICU cases3:6 (IQR: 3:5to0 3:6) ICU cases, and:4 (IQR: 4:3to 4:5) deaths, per

10,000 population. Extending school closures to 8 months (S6d and S6h) resulted in the emergence
of second or third wave in infections and the cumulative infections, hospitalizations, and deaths
shown for S6d and S6h were an underestimate as the epidemic continued past 500 days. The results
of this scenario are shown in gure 6.8 and gure 6.9.

To evaluate the effectiveness of S6 as compared to S4, the percent reduction in cumulative
infections, hospitalizations, and deaths was calculated and is shown in gure 6.10. These ndings
indicate that S6 under-performed as compared to S4. In gure 6.10, both scenarios S6d and S6h
resulted in a percent decrease in infections as compared to S4, because the cumulative infections
were underestimated due to the continued outbreak past 500 days. Although a stay-at-home
order for individuals 50years (S4a and S4b) effectively reduced hospitalizations and deaths,
it under-performed when it was combined with a school closure. Amongst all scenarios, S6g (a

5-month stay-at-home order for individuals50years and a 4-month school closure) performed
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the poorest, with ove4(0:7% (IQR: 385%to 43:5%) increase in hospitalizations abd: 7% (IQR:
51:8%to 57:7%) increase in deaths per 10,000 population, as compared to scenario S4b (a 5-month

stay-at-home order for individuals aged 50 and older).

6.8 Impact of scenarios

In general, all strategies reduced the number of infections, hospitalizations, and deaths at the
outbreak peak as compared to the baseline scenario (S0). With self-isolaBi0%oohild and100%
severe cases,26:1% (IQR: 24:9%to 27:3%) reduction in total infections was observed, along with
at leasi81%reduction in hospitalized cases and deaths. Clearly, S1 was not the optimal scenario
as disease burden could be further reduced with the inclusion of other stay-at-home orders. The
lockdown scenario (S2) reduced disease incidence signi cantly, especially during the lockdown
period as compared to S1. However, a complete lockdown has two major drawbatkR€%ipf
the population must practice stay-at-home order, which would impact the socioeconomic well-being
of the population, and (ii) the sudden rise in disease incidence after the lockdown period ended if
the disease not eliminated. Figure 6.11 shows that although S2 effectively reduced infections, it
under-performed in reducing hospitalizations and deaths as compared to S3 and S4.

For a 3-month or 5-month stay-at-home order that targeted individuals aged 65 and older
(S3), the reduction of hospitalizations whg9% (IQR: 16:4%t0 19:5%) and29:1% (IQR: 27:8%
to 30:2%), respectively. A 3-month and 5-month stay-at-home order that targeted individuals aged
50 and older further increased the reduction of hospitalizatio28.5% (IQR: 27:0%to 29:7%)
and47.5% (IQR: 46:5% to 484%), respectively. For stay-at-home orders that targeted younger
individuals 6 19years old), only an 8-month school closure (S5d) had somewhat comparable
results to S3a, witR0:7% (IQR: 19:0%to 222%) reduction of hospitalizations as seen in gure 6.7.
These results indicated that S4 out-performed other strategies3®2% (IQR: 33:0%to 35.4%)
and55.0% (IQR: 54:1%to 56.0%) reduction of deaths for 3 months and 5 months stay-at-home
orders, respectively, as compared to S1. The second highest reduction in deaths was observed in

stay-at-home orders that targeted individuals aged 65 and dldesdf the population), witt80:7%

48



CHAPTER 6. RESULTS

(IQR: 293%to 31:9%) and485% (IQR: 47:3%to 49:2%) reduction of deaths for 3 months (S3a)

and 5 months (S3b) stay-at-home order, respectively. In terms of reducing deaths, school closure
was not as effective because even an 8 month school closure (S5d) only res@list4rlQR:

194%to 229%) reduction in deaths (seen in gure 6.7), which was signi cantly lower than what
was achieved in strategies S3 and S4. Furthermore, section 6.7 explained that S4 out-performed S6
in terms of reducing infections, hospitalizations, and deaths. Overall, it is evident that S3 and S4 are
most effective strategies for reducing hospitalizations and deaths and target a lower proportion of

the population for stay-at-home order as compared to lockdown scenarios.

6.9 Ef ciency of scenarios

The strategy ef ciency (for S2-S5) was analyzed based on the number of infections, hospitalizations,
and deaths averted per-person practicing the stay-at-home order. For a 3-month or 5-month stay-at-
home order, S4 (in whicB7%of the population practising the stay-at-home order) was ef cient in
reducing infections, while S3 (in which7%of the population practising the stay-at-home order)
was ef cient in reducing hospitalizations and deaths. Speci cally, for a 3-month stay-at-home order,
S4a had:14 (IQR: 0:12to 0:16) infections averted per person, and S3a 68D53(IQR: 0:0048to

0:0058 hospitalizations an@:0017deaths ( IQR0:0016to 0:0018 averted per-person. Extending

the stay-at-home order to 5 months showed similar results, with S4b a2 QR: 0:24to 0:28)
infections averted per person, and S3b leading@087(IQR: 0:0082to 0:0092 hospitalizations
and0:0027(IQR: 0:0026to 0:0028 deaths averted per-person. In comparison with other scenarios,
Sb5a and S5b were the least ef cient even though they have the same proportion of individuals
practising the stay-at-home order as S3a and S3b. We explicate that the variation in strategy
ef ciency for S3 and S5 is due to the dynamics of age-groups that are targeted for the stay-at-home
order. For instance, S5 targets individuals in age-g®upl9years who have less hospitalizations

and deaths compared to individuals in age-grou@5years in S3. Overall, stay-at-home orders

that target older age-groups (individuals50years) have the highest strategy ef ciency. Although

a longer duration of school closure (S5c and S5d) showed the highest number of infections averted
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per-person, it had lower hospitalization and deaths averted per-person as compared to S3 and S4. S2
was the least ef cient as it had the lowest number of infections, hospitalizations, and deaths averted

per-person practising the stay-at-home order.
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Figure 6.7: A,B, and C are the reduction in cumulative infections, cumulative hospitalizations, and
cumulative deaths compared to S1 (self isolatior2@¥omild cases and00%severe cases). The
bars show the mean values and the boxplots show the median and IQR values.
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