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Abstract

The emergence of infectious diseases in an urban area involves a complex interaction between
the socioecological processes in the neighbourhood and urbanization. As a result, such an urban
environment can be the incubator of new epidemics and spread diseases more rapidly in densely
populated areas than elsewhere. Most recently, the Coronavirus-19 (COVID-19) pandemic has
brought unprecedented challenges around the world. Toronto, the capital city of Ontario, Canada,
has been severely impacted by COVID-19. Understanding the spatiotemporal patterns and the
key drivers of such patterns is imperative for designing and implementing an effective public
health program to control the spread of the pandemic. This dissertation was designed to
contribute to the global research effort on the COVID-19 pandemic by conducting spatial
epidemiological studies to enhance our understanding of the disease's epidemiology in a spatial

context to guide enhancing the public health strategies in controlling the disease.

Comprised of three original research manuscripts, this dissertation focuses on the spatial
epidemiology of COVID-19 at a neighbourhood scale in Toronto. Each manuscript makes
scientific contributions and enhances our knowledge of how interactions between different
socioecological processes in the neighbourhood and urbanization can influence spatial spread
and patterns of COVID-19 in Toronto with the application of novel and advanced
methodological approaches. The findings of the outcomes of the analyses are intended to
contribute to the public health policy that informs neighbourhood-based disease intervention
initiatives by the public health authorities, local government, and policymakers.

The first manuscript analyzes the globally and locally variable socioeconomic drivers of
COVID-19 incidence and examines how these relationships vary across different
neighbourhoods. In the global model, lower levels of education and the percentage of immigrants
were found to have a positive association with increased risk for COVID-19. This study provides
the methodological framework for identifying the local variations in the association between risk
for COVID-19 and socioeconomic factors in an urban environment by applying a local
multiscale geographically weighted regression (MGWR) modelling approach. The MGWR
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model is an improvement over the methods used in earlier studies of COVID-19 in identifying
local variations of COVID-19 by incorporating a correction factor for the multiple testing

problem in the geographically weighted regression models.

The second manuscript quantifies the associations between COVID-19 cases and urban
socioeconomic and land surface temperature (LST) at the neighbourhood scale in Toronto. Four
spatiotemporal Bayesian hierarchical models with spatial, temporal, and varying space-time
interaction terms are compared. The results of this study identified the seasonal trends of COVID-
19 risk, where the spatiotemporal trends show increasing, decreasing, or stable patterns, and
identified area-specific spatial risk for targeted interventions. Educational level and high land
surface temperature are shown to have a positive association with the risk for COVID-19. In this
study, high spatial and temporal resolution satellite images were used to extract LST, and
atmospheric corrections methods were applied to these images by adopting a land surface
emissivity (LSE) model, which provided a high estimation accuracy. The methodological approach
of this work will help researchers understand how to acquire long time-series data of LST at a
spatial scale from satellite images, develop methodological approaches for atmospheric correction
and create the environmental data with a high estimation accuracy to fit into modelling disease.
Applying to policy, the findings of this study can inform the design and implementation of urban

planning strategies and programs to control disease risks.

The third manuscript developed a novel approach for visualization of the spread of
infectious disease outbreaks by incorporating neighbourhood networks and the time-series data of
the disease at the neighbourhood level. The findings of the model provide an understanding of the
direction and magnitude of spatial risk for the outbreak and guide for the importance of early
intervention in order to stop the spread of the outbreak. The manuscript also identified hotspots
using incidence rate and disease persistence, the findings of which may inform public health

planners to develop priority-based intervention plans in a resource constraint situation.
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Multiple spatial methods were used in the three manuscripts of this thesis to understand the
spatial patterns of the risk for COVID-19 in Toronto. Cohen's Kappa coefficient was computed to
evaluate the agreement in the spatial patterns of risk for COVID-19 between the methods. The
results indicated 62% agreement between Study 1 and Study 2, 61% agreement between Study 2
and Study 3, and 46% agreement between Study 1 and Study 3. Such differences are expected as
the mathematics behind computing the spatial patterns of risk differ by each method. However,
since the Bayesian approach provides a better computational algorithm and accounts for the
uncertainties related to the data, the process and model parameters; the findings provided by this
method could be considered robust in identifying the spatial risk of COVID-19 in Toronto.

Overall, this dissertation advances spatial epidemiological research focusing on the
interaction between socioecological processes in the neighbourhood and urbanization and its
impact on the spread of the COVID-19 outbreak in Toronto by i) examining the relationship of
the disease with socioeconomic and environmental factors (such as land surface temperature), ii)
identifying the sources and directions of spatial spread of the COVID-19 outbreaks, iii)
identifying spatial and temporal trends of the disease across neighbourhoods, and iv) identifying
high-risk areas using multiple methods. The findings of this dissertation could be used to design
and implement infectious disease prevention initiatives in any setting. Finally, the
methodological framework used in this research could be used in any other disease outbreak

where local-level data are available.
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Chapter 1 : Introduction

1.1. Problem and context

Infectious diseases can often lead to the destruction of lives and impose greater challenges on the
global and local public health systems. With the rise of globalization in the modern world and
the interconnected population, the recent emergence of infectious diseases involves complex
interactions (Threats et al., 2006). The world is becoming more urban, and as a result, the public
health community faces numerous challenges in facing emerging infectious diseases. In
particular, coordinated global and local approaches are required in densely populated urban areas
to prevent and control complex infectious disease issues (Balcan et al., 2010). Big cities can be
incubators for new epidemics and can spread in a more rapid manner and become great threats.
Rapid detection of emerging infectious diseases and their dynamics is key to minimizing the
illnesses, deaths and loss of economy and decreasing the burden of the disease (Neiderud, 2015).
In addition to the physical and psychological health challenges in the public health systems, the
annual global financial burden attributable to a pandemic can cost over 16 trillion US dollars
(Cutler & Summers, 2020). The human and economic costs highlight the need for advanced
approaches in infectious disease research (Armitage, 2021).

Coronavirus-19 (COVID-19) is a highly transmissible infectious disease that was first
identified in December 2019 in Wuhan, China. COVID-19 is caused by a novel coronavirus,
SARS-CoV-2, that can cause acute respiratory illnesses in humans (Bulut & Kato, 2020). Due to
the large-scale worldwide outbreak, COVID-19 was declared a global pandemic by World

Health Organization (WHO) on March 11, 2020. As of August 15, 2020, COVID-19 contributed
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to over 5.85 billion confirmed cases and over 6.4 million deaths worldwide (WHO, 2021). In
Canada, COVID-19 was the third leading cause of death in 2020, accounting for 5.3% of all
deaths that year. The COVID-19 pandemic contributed to both direct and indirect impacts on
global health and the economy across the world. In addition to the many loss of lives, countries
worldwide have experienced unprecedented impacts on the labour market (Béland et al., 2020;
Demena et al., 2022), economy (Government of Canada, 2021b), supply and demand shocks (del
Rio-Chanona et al., 2020), entertainment and tourism industry (Fotiadis et al., 2021) and
healthcare.

Infectious disease epidemiology is the study of why and how infectious diseases emerge
and spread among different populations and what strategies can prevent or contain the spread of
the disease at the population level (Payne, 2017). These infections can spread among humans by
contact with members of the households or community or by random contacts from the
population (Balcan et al., 2010). Spatial and spatiotemporal analysis of infectious disease
incidence is commonly used to understand the spreading patterns and trends and explore the
relationship between disease spread and contributing factors (Dongmei Chen et al., 2014).
Within communities in an urban area, infectious diseases have been known to be associated with
social-ecological processes of neighbourhood and urbanization (Neiderud, 2015). The key step
in infectious disease modelling and control is identifying the high-risk areas, spatial transmission
patterns and environmental risk factors. Timely detection of outbreaks is important to detect the
sources of origin and the direction of the spread patterns, as well as provide important clues to

various risk factors (Chowell & Rothenberg, 2018a; Steele et al., 2020).



Alongside the theoretical developments, there have been methodological developments
for analyzing spatial and spatiotemporal data of infectious diseases. Earlier studies have used
visual maps of cases to identify high-risk areas and associate data (Kamel Boulos & Geraghty,
2020). More recently, spatial and spatiotemporal methods has been used to identify high-risk
areas and employ quantitative methods to characterize disease patterns and estimate the
relationship between infectious disease and the environment (Kirby et al., 2017). Of particular
interest for theoretical and policy developments are the approaches to analyzing the local
variations in spatial associations between disease outcomes and sociodemographic and/or
environmental risk factors, as well as understanding trends and the spread mechanism of disease
outbreak patterns (Caprarelli & Fletcher, 2014; Clarke et al., 1996; Graham et al., 2004; C. Qi et
al., 2020; Robertson et al., 2010).

Motivated by non-uniform spatial and temporal patterns of highly infectious diseases,
events and research in the past have widely explored the relationships between transmissible
disease and the environment (D. Chen, 2014; Franch-Pardo et al., 2020; Nazia et al., 2022;
Robertson & Nelson, 2014). Historically, infectious disease epidemiology dates back to 1866,
when British physician John Snow was the first to identify that water was the mode of
transmission for the deadly disease of Cholera (Snow, 1856). Dr. John Snow observed the spatial
variations in cholera cases by plotting the deaths of Cholera on a map and identified the water
pump on Broad Street as the source of the cholera outbreak. Since then, various studies have
focused on the non-heterogeneous spatiotemporal patterns of infectious disease and clustering to
facilitate public health intervention programs (Caprarelli & Fletcher, 2014; Robertson & Nelson,

2014; Saffary et al., 2020; Scarpone et al., 2020; Zhou et al., 2020).



Public health planning for infectious disease outbreaks in urban areas traditionally has
focused on identifying areas with high spatial risk (Dummer, 2008). Relationships between the
government of urban areas and the control of infectious diseases are not a new concept. Attempts
to deal with the pandemic go back to the bubonic plague in the 14th century in Europe and other
major epidemics, smallpox, typhoid, yellow fever and Cholera (Cox & Bia, 2017). A study by S
Harris Ali and Roge Keil investigated how processes of globalization have affected the
transmission and responses to SARS in 2003 within the context of the global cities network and
argued that urban governments must be prepared to deal with infectious diseases (Keil & Ali,
2007). One important lesson from the previous SARS epidemic is that we need an efficient
global health network to cope with such unanticipated outbreaks since the security of even
developed countries depends on the capacity to identify and address potential health threats
locally (Banos & Lacasa, 2007).

The neighbourhood effects theories can be used in urban public health policies and
programs as they are responsible for working to control disease (Frieden, 2010). It can provide
the framework to help shape neighbourhood structure and socio-economic inequalities within the
urban environment and see the contexts of how policymakers should approach policy design for
current control and in future emerging diseases (Rydin et al., 2012). Limited availability of
appropriate diagnostic tests and vaccines can interfere with the large population dense for public
health efforts to prevent and control outbreaks (Binder et al., 1999). By observing neighbourhood
effects of COVID-19, such as socioeconomic inequalities and environmental processes, planning
research can inform the interpretation of disease epidemiology (Quinn & Kumar, 2014). By

focusing on population structure, such as ethnic heterogeneity, concentration of immigrants, or



lower education level within a small area, this dissertation assumes that higher concentrations of
these variables in neighbourhoods have a positive relationship with COVID-19 transmissions.
Previous research shows that an influx of immigrant population can lead to overcrowding
neighbourhoods and unsafe housing conditions that are potential health hazards and must be
taken into account for safe city planning (Harwood & Myers, 2002; Preston et al., 2009).
Focusing on the social-spatial inequality and urban change processes, research has also found
that north American cities are experiencing higher levels of income inequality, increasing levels
of segregation among low and high-income neighbourhoods (W.-H. Chen et al., 2012).

The development and application of spatial and spatiotemporal epidemiological theories
of an infectious disease can help inform, develop, and translate the epidemiological theories
applied to public health policy and planning. Infectious diseases persist and thrive depending on
how easily they are transmitted and how easily they evolve over time. In urban public health
planning, it is important to inquire about what cities must do to prepare for a major health
disaster event (Matthew & McDonald, 2006). Cities are ideal targets during the pandemic as
urbanization amplifies the infectious disease threats (Madhav et al., 2017). When an outbreak
hits a largely populated urban area, it may not be feasible to initiate an intervention in all the
areas simultaneously due to resource limitations (Alirol et al., 2011). Past studies have reviewed
the important policy implications for identifying hotspots for infectious diseases used in health-
related research from the lenses of health promotion and public health (Elliot et al., 2000;
Fletcher-Lartey & Caprarelli, 2016; Shrestha & Stopka, 2022). A systematic review published in
2015 listed 80 peer-reviewed articles that studied infectious diseases using spatial methods

ranging from respiratory infections (such as SARS and influenza) to intestinal infections (e.g.,



cholera and salmonellosis) to sexually transmitted infections (Smith et al., 2015). The review

highlighted the importance of the spatial context tied to infectious disease outbreaks in public
health planning, including connections to the origins of key sources, and identifying risk areas
and risk factors.

Community-level preparedness and timely and efficient intervention strategies are
essential to prevent and control a pandemic (Madhav et al., 2017). For initiatives for COVID-19,
it is important to ask if the high-risk areas have adequate surveillance and capacity, whether
appropriate medication or vaccines are available, and plan effective quarantine and
communication strategies (Sahu & Kumar, 2020). Adequate city planning and surveillance are
powerful in improving global health and decreasing infectious diseases (Neiderud, 2015). The
capacity of cities to prevent and manage infectious disease spread requires careful consideration.
Delays in detecting and responding in high-priority risk areas have led to overburdening local
health in many areas worldwide, while effective and timely strategies have helped lower cases in
many areas (Khanna et al., 2020). Large urban areas' medical and healthcare systems are often
overloaded, and efficient planning to prepare, plan and educate the population is important in a

major crisis, and these actions could significantly reduce COVID-19 risks (Neiderud, 2015).

1.2. Rationale

Most recently, with the recent global COVID-19 pandemic affecting both developing and
developed countries around the world (Song & Zhou, 2020), the need for theories relevant to
COVID-19 at the time of the global public health crisis has heightened to inform appropriately

timed responses. COVID-19 is a relatively new disease that has brought unprecedented
6



challenges around the world. Toronto, the most densely populated city in Canada, has been
severely impacted by COVID-19 and has become an epicentre of COVID-19 outbreaks (City of
Toronto, 2022a; Detsky & Bogoch, 2020). The local government of Toronto has adopted several
control strategies that include emergency lockdowns, stay-at-home orders, increased testing,
contact tracing capacities, and closure of in-person schools and non-essential businesses.
However, Toronto continued to experience a rise in cases, creating an enormous challenge for
public health as well as causing economic and social burdens throughout the pandemic. At least
89% population over the age of 5 years in Canada have received at least one dose (March 28,
2022) (Canada, 2021a). Despite these made by the local and provincial public health official
interventions and mitigation measures, Toronto continued to experience substantial COVID-19
incidence and hospitalization rates (CBC News, 2021; CTV News, 2021). As momentum grows
to end this global pandemic, understanding the disease trends, detecting hotspots, and
identifying important risk factors at the community level is an imperative research effort.

This dissertation was designed to contribute to the ongoing global research effort on
COVID-19 by conducting three analytical studies over the course of the pandemic to contribute
to public health sciences and to provide targeted solutions. Aligned was the need for
understanding the spread dynamics of infectious disease outbreaks in space and time for current
or future pandemic control. These areas are important for obtaining critical information to inform
policymaking and enhance public health strategies.

While various socio-environmental factors have been known to impact the spread of
highly transmissible diseases such as COVID-19, this dissertation seeks to investigate the role of

these factors in urban neighbourhoods using Toronto as a case study and explores how various



tools can be used to combat the disease in a dense urban area such as Toronto (Lombardo &
Buckeridge, 2006). From past studies, it is clear that planning-led disease prevention initiatives
focused on the spatial spread, trends, and socioenvironmental factors can influence the
mechanisms that influence infectious diseases as hypothesized by epidemiological disease
theories. Therefore, this dissertation plans to explore different spatial methods to investigate
trends of risks and outbreaks of COVID-19 in Toronto, the role of social, economic or
environmental influences on these outbreak patterns, and to assist with the implementation of
place-based pandemic prevention policies and programs (Czabanowska & Kuhlmann, 2021).
This dissertation also highlights the importance of neighbourhood-level contexts while analyzing
the local spatial and spatiotemporal parts. Additionally, motivated by the recent increase in
COVID-19 incidence in winter seasons, this dissertation scrutinizes the effect of temperature and

seasonality on COVID-19 incidence in Toronto.

1.3. Literature Review
1.3.1. Urban socioeconomic inequalities

The neighbourhood effect is defined as the processes by which living in a particular
neighbourhood influence the well-being of its residents, either collectively or individually
(Roosa & White, 2014). A growing body of research has focused on the neighbourhood effects
on infectious disease, primarily the impact of neighbourhood socioeconomic status, quality of
residence, race, immigrants ethnicity or education on infectious disease outcomes (Bermudi et
al., 2021; Bie et al., 2021, Y. Lin et al., 2020; Madhav et al., 2017; Niedzwiedz et al., 2020;

Schneider & Machado, 2018). A systematic review of 259 research articles on research on



neighbourhood effects on health in the United States between 1995-2014 identified
socioeconomic indicators were the most commonly analyzed neighbourhood variables (Arcaya et
al., 2016). The high inequities in economic, social and living conditions in a neighbourhood are
often mirrored by inequalities in health and diseases (Sharifi & Khavarian-Garmsir, 2020, 2020).
Interest in the neighbourhood effects on health has been motivated by epidemiological studies
that seek to explain the patterns of infectious diseases across geographic areas and populations
by recognizing that an individual's health is influenced by not only individual characteristics but
also by the neighbourhoods to which the individual lives (Arcaya et al., 2016). Examining
neighbourhood effects on health outcomes has a practical importance as the public health
community looks to place-based intervention plans in order to promote health and health equity
in a population (Kivimaki et al., 2021).

Overall, information about infectious diseases and how they spread in the community can
help individuals, but information about the impact of neighbourhood effects on COVID-19
outbreaks is crucial for local policymakers and public health authorities. The inequality issues in
cities often make it difficult to social distance, thereby undermining some restrictions such as
lockdown orders to contain the spread of the virus (Sharifi & Khavarian-Garmsir, 2020).
Similarly, in low economic conditions, the need for social interactions for livelihood reasons can
also make stay-at-home orders challenging, putting the entire city at risk (Sharifi & Khavarian-
Garmsir, 2020). Past studies have found that time-targeted interventions by identifying
socioeconomic inequalities may potentially have a profound effect on the population's disease

risk (Burton et al., 2010).



Historically, pandemics hit minorities and people in the lower-socioeconomic groups
disproportionately (Schneider & Machado, 2018; Wade, 2020). Big cities are often the center of
economic opportunities, which can lead to overcrowding of population density, and
consequently, neighbourhoods having unsuitably crowded housing can rapidly transmit COVID-
19 infections (Ingen et al., 2021). Population from lower socioeconomic groups often suffer from
pre-existing health conditions due to economic conditions, limited access to resources or lack of
education, increasing their vulnerability to infectious disease outbreaks (Wade, 2020). For
example, a recent study by Lo et al. (2021) of US and England adults shows that the community-
level risk of positive COVID-19 tests was much higher in ethnic minorities compared to the
white population (Lo et al., 2021). Most recently, COVID-19 pandemic studies suggest that the
incidences and death rates from COVID-19 showed some disparities among different
neighbourhoods, and demographic and socioeconomic factors often explained these variations
(Chaudhuri et al., 2021; Wachtler et al., 2020). Some of the key factors to have an influence on
the incidence or mortality rates of COVID-19 include income (Abedi et al., 2020; Chaudhry et
al., 2020; Cordes & Castro, 2020; Maiti et al., 2020; Sannigrahi, Pilla, Basu, Basu, et al., 2020a),
poverty rates (Y. Chen & Jiao, 2020a; Fielding-Miller et al., 2020; Goultte et al., 2020; Richmond
et al., 2020; Sannigrahi, Pilla, Basu, Basu, et al., 2020a), education (Abedi et al., 2020; Cordes &
Castro, 2020; Goutte et al., 2020; Y. Wu et al., 2020) ethnicity or minority status (Andersen et
al., 2021a; Y. Chen & Jiao, 2020a; Cordes & Castro, 2020; Kathe & Wani, 2020; Maiti et al.,
2020; Niedzwiedz et al., 2020; F. Sun et al., 2020a; Y. Sun et al., 2020a), immigrant population
(Borjas, 2020; Fielding-Miller et al., 2020), and unemployment rate (Goutte et al., 2020; Y. Sun

et al., 2020a).
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While socioeconomic inequalities have been found to be important contributors to
COVID-19 transmissions, substantial contextual variations exist in disease transmissions across
different spaces. COVID-19 is still a relatively new disease, and mixed evidence has been
reported on the association between COVID-19 and neighbourhood poverty level, housing
conditions, unemployment rates, and minority or immigrant status (Booth et al., 2021; Grekousis
et al., 2022; Nazia et al., 2022; Wachtler et al., 2020). Different patterns can also be seen across
different geographic settings, and factors that are found to be significant in one infectious disease
in one urban setting may not be significant in another (Neiderud, 2015).

The city of Toronto has a highly diverse population of 2.99 million (2020) with varying
socioeconomic statues across its 140 neighbourhoods (City of Toronto, 2021a). Previous studies
have emphasized that people with low socioeconomic or marginalized status might be forced to
leave their homes to maintain income or live in congregate settings, which can place them and
the neighbourhoods of their residence at a much higher risk during the pandemic (Cordes &
Castro, 2020; Y. Sun et al., 2020a; Vaz, 2021). A previous work by Vaz in 2021 (Vaz, 2021) that
uses spatial regression models using datasets of the first four months of the pandemic found the
socioeconomic vulnerability and population density to be associated with the increasing spread
and incidence of COVID-19 in Toronto. This study uses data during the reference periods of
2008, 2011 and 2014 and only observed cases during the first four months when widespread
testing options were also unavailable. Another study of Toronto neighbourhoods by Choi et al. in
2021 found that several demographic and socioeconomic factors, such as higher education rates,
and lower rates of immigrants (foreign-born residents), were significantly associated with

decreasing the number of COVID-19 infections (Choi et al., 2021). This study, however, does
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not account for the spatial relationships to help explain the factors behind

observed spatial patterns.

1.3.2. Urban land surface temperature and disease transmission
In recent years, changes in urban land use have become more common in urban cities and,

therefore, often responsible for the variations in urban land surface temperatures (LST) within
different neighbourhoods (Ejiagha et al., 2020). The urban-induced adverse environmental
impacts can cause increasing surface temperature (J. Du et al., 2019; Y. Wang et al., 2016; Y.
Zhang & Sun, 2019). A combination of factors such as the removal of vegetation, soil moisture,
infrastructure development, and concentration of population has been reported in the literature as
the drivers of the spatiotemporal changes in LST (Senanayake et al., 2013).

Past studies have found day-to-day LST variations within different neighbourhoods
within a city (Anderson et al., 2018; Buyantuyev & Wu, 2010; Rinner & Hussain, 2011; Tam et

al., 2015). A study conducted in Phoenix, Arizona and Dallas, Texas, in the United States

concluded that the urban areas that are susceptible to a high LST are primarily occupied by
vulnerable population groups (Moss & Kar, 2020). Furthermore, temperature is often a
significant risk factor for infectious diseases because a certain temperature can help the virus
evolve rapidly (Tobias & Molina, 2020). Therefore, urban communities with a higher land
surface temperature can have a relatively higher risk of infectious disease transmission.

A few studies have explored the impact of LST on COVID-19. A study by Das et al. in
Kolkata, a densely populated city in India, found LST to have an influential role in the spatial
clustering of COVID-19 in the communities (Das et al., 2020). A study in all USA counties by

Johnson et al. found a strong negative influence of nighttime land surface temperature (LST)
12



with COVID-19 using low-resolution Moderate Resolution Imaging Spectroradiometer
(MODIS) images of 2020 (Johnson et al., 2021). A study by Hassan et al. identified a strong
positive relationship between COVID-19 and LST in the most populated city in Bangladesh
(Hassan et al., 2021). This study showed that a 1°C increase in LST is linked with a 36.1%
increase in COVID-19 incidence rates. Even though these studies have attempted to understand
the relationship between urban land surface temperature and COVID-19, most of these studies
have used short temporal periods and lower-resolution images without any atmospheric
corrections. The results were contradictory in different geographic areas, leaving a gap in
understanding the impact of surface temperature on COVID-19 transmission within
neighbourhoods. To the best of my knowledge, no studies have looked into the impact of urban
temperature or LST on COVID-19 transmission in Toronto or in the Canadian context, and the
understanding of spatiotemporal variations in urban land surface temperature on COVID-19
transmissions across neighbourhoods may contribute to the understanding of COVID-19 spatial

epidemiology.

1.3.3. Outbreak spread dynamics
During an epidemic, observing the movement of outbreaks across neighbourhoods in space and

time can allow identifying possible sources and directions of the outbreaks. A few earlier studies
that mapped infectious disease outbreaks mostly involved comparing multiple maps to compare
the outbreak shifting visually. For instance, a few studies evaluated the spread of COVID-19
over space and time by visually comparing multiple maps to observe the spatial distribution of

new or cumulative cases using multiple time points during the early stages of the pandemic
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(Cuadros et al., 2020; Y. Feng et al., 2020; Gao et al., 2021; H. Yu et al., 2021). Cuadros et al.
observed the COVID-19 case burden over three temporal dates (March 30, April 20 and May 10)
in 2020 and visually compared the spread patterns and dynamics in Ohio, US (Cuadros et al.,
2020). Feng et al. visually explored the spatiotemporal spread pattern cases of COVID-19 in
China by showing the new COVID-19 cases reported each week from January 17, 2020, to
March 20, 2020 (8 temporal dates) in and around Wuhan (Y. Feng et al., 2020). A study by Gao
et al. observed the spatiotemporal distribution in Hubei province, China, by visually comparing
COVID-19 cases on four separate dates during the earliest stage of the pandemic. Similarly,
another study by Gianquintieri et al. in Lombardy, Italy, used choropleth mapping to display the
beginning of COVID-19 onset from emergency calls while not including details about the spread
mechanism (Gianquintieri et al., 2020). Spread patterns were also modelled in other infectious
diseases, such as the 2009 pandemic influenza outbreaks. A transmission model by Gog et al.
showed the spatial spread of the 2009 pandemic influenza but lacked further details about the
starting point and the direction of movement of the outbreaks (Gog et al., 2014). However, these
models lack visualizing disease outbreaks by including temporal structure, dynamics and
direction of the outbreak in a single map. Additionally, earlier studies have not assessed the
sources of infection datasets in dispersed areas.
1.3.4. Spatial and spatiotemporal heterogeneity

The hotspot is an emerging and dynamic concept that can change based on the spread of
the disease and help identify significant risk regions, especially during the COVID-19 pandemic
(Islam et al., 2021). Significant knowledge of spatial clusters can provide a baseline approach for

health researchers to understand disease occurrence and generate hypotheses about the
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etiological factors of disease (Kirby et al., 2017). A few studies have emphasized the importance
of identifying locations of hotspots which can help make emergency measures using the
available resources (Desmet & Wacziarg, 2020; S. S. Lee & Wong, 2011, 2011). Some studies
have analyzed the spatial dynamics of the COVID-19 epidemic that is experienced on a global
scale (Franch-Pardo et al., 2021; Z. Huang, 2021; Shariati, Mesgari, et al., 2020).

Facilitated by Geographic information systems, various studies in the literature found
uneven spatiotemporal patterns between COVID-19 and urban neighbourhoods (X. Chen &
Quan, 2021; Nazia et al., 2022; Paul et al., 2020; Verma et al., 2021). For instance, Kang et al.
observed the spatial spread of COVID-19 using data from January 16 to February 6, 2020, at the
regional scale in China that found the presence of spatial dispersion using Moran's | statistic
(Kang et al., 2020). Another study by Ghosh and Cartone identified strong spatial clusters in
Italy between February 24 to June 26, 2020 (Ghosh & Cartone, 2020). A systematic review by
Nazia et al. has identified that the majority of the earlier work in the area of COVID-19 spatial
epidemiology primarily focused on identifying hotspots of COVID-19 in China and the USA and
lacks spatial studies that identified spatiotemporal variations in the Canadian context (Nazia et
al., 2022). This review has also identified that most of the hotspots are conducted at a global or
regional scale, lacking community-level analysis, particularly in Canada. An earlier work using
Toronto neighbourhood datasets by Vaz in 2021 used local spatial autocorrelation methods to
find that COVID-19 cases were not uniformly distributed in Toronto neighbourhoods during the
first four months of the pandemic (Vaz, 2021). However, this study only focuses on the earliest

part of the pandemic and uses a spatial approach without taking temporal factors into account.

15



1.4 Dissertation objectives and gaps to fill

This dissertation has three primary objectives. The first objective aims to advance the
understanding of the disease epidemiology of COVID-19 in Toronto. In particular, the
dissertation investigates the COVID-19 spread patterns and the spatial correlations between
urban characteristics and COVID-19, taking into account the urban socio-environmental aspects.
The second objective is analytical and uses applied and novel spatial and spatiotemporal models
to strengthen inference of small-area level COVID-19 and risk factors, identify high-risk areas
and trends and visualize outbreak spread dynamics. The third objective is public health policy-
oriented which focuses on providing quantitative information for policies for preventing
infectious diseases with consideration of the spatial relationship between urban characteristics,
infectious disease and the management of public health. Table 1.1 describes the specific research
objectives for each of the three manuscripts of this dissertation. The details are further discussed
in the dissertation below.

Table 1.1. Specific research questions and objectives for each manuscript.

Chapter # Objective Research Questions

Chapter 3 | Analyze the spatial and 1. Where are the high-risk areas located?
spatiotemporal clusters of 2. What are the significant global socioeconomic risk
COVID-19 and identify factors of COVID-19?
globally and locally 3. What are the local neighbourhood-level variations in the
variable socioeconomic association between COVID-19 and socioeconomic risk
drivers of the COVID-19 factors?
incidences.

Chapter 4 | Analyze spatiotemporal 1. Where are the high-risk areas located?
variations of COVID-19 2. What are the important socioeconomic risk factors of
and identify temporal, COVID-19?
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spatiotemporal trends and 3. Isthere a relationship between COVID-19 and Land

identify local surface temperature (LST) while adjusting for
socioeconomic and socioeconomic and demographic factors?
environmental (LST) risk 4. What are the temporal trends of COVID-19
factors. transmission?

5. What is the spatiotemporal trend of COVID-19

transmission (e.g., stable, increasing or decreasing)?

Chapter 5 | Visualizing the 1. What are the spatiotemporal spread dynamics of
spatiotemporal spread COVID-19 outbreaks?
dynamics of COVID-19 2. Where are the high, medium and low-priority hotspots
outbreaks and prioritizing located?
risk areas.

1.4.1. Epidemiological Objectives

This dissertation asks and answers several questions that advance the understanding of
the epidemiology of COVID-19 and explains the dynamics and relationship between COVID-19
and the urban environment. The findings advise the design of the geographic models and
recommend public health prevention and intervention plans for COVID-19 (Figure 1.1).
Identifying disease clusters and understanding the driving factors for these clusters using spatial
analytical approaches can provide us with a more realistic view of the issue in Toronto compared
to the traditional simple maps (Cordes & Castro, 2020). Even though Toronto remains at
heightened risk in this pandemic, spatial studies on the burden of COVID-19 in Toronto have so
far been very limited. Understanding the impacts of neighbourhood effects on COVID-19
outcomes is essential to further advance the understanding of COVID-19 epidemiology in

Toronto and help policymakers design more appropriate protection and responses.
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Similar to other infectious diseases, COVID-19 transmission is more frequently observed
in urban areas. Across the three manuscripts, | asked a common question about where the high-
risk areas are located in the study area using multiple spatial modelling techniques. It contributes
to current knowledge on the geography of infectious diseases of how COVID-19 risks can be
heterogenous in space and space-time across urban neighbourhoods and identifies COVID-19
risk variations in Toronto.

Each of the three manuscripts has its own objectives that advance the current
understanding of the epidemiological theories of COVID-19 in Toronto (Figure 1.2). Prior
studies in infectious disease research, including COVID-19, have found urban socioeconomic
inequalities to significantly influence COVID-19 (Alirol et al., 2011; Nazia et al., 2022;
Wachtler et al., 2020). However, the results were diverse and often contradictory in different
geographic areas, leaving a gap in understanding the impact of neighbourhood-scale
socioeconomic inequalities on COVID-19 transmission in Toronto. In Chapter 3 and Chapter 4, |
study how socioeconomic inequalities across the neighbourhoods globally influence COVID-19
in Toronto. In Chapter 3, I further explore the local variations in the relationships between
COVID-19 and socioeconomic vulnerabilities across different neighbourhoods. Compared to the
prior study in Toronto by Vaz (2021), this chapter explores using a longer temporal period as
well as uses a more recent census dataset which may improve the reliability of the association
between disease risk and the socioeconomic variables (Vaz, 2021).

While prior studies on COVID-19 have primarily focused on identifying high-risk areas,
to the best of my knowledge, no study has yet identified whether spatiotemporal COVID-19

patterns are stable or show an increasing or decreasing trend over time in a small area, including
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in Toronto. This dissertation fills this gap by modelling the temporal or spatiotemporal trends of
COVID-19 in Toronto (Merow & Urban, 2020). In Chapter 4, | specifically asked what were the
temporal or seasonal trends and to what degree the spatiotemporal trends varied for each
neighbourhood. Even though in an urban environment, the land surface temperature is known to
vary (S. Wang et al., 2018), and temperature is often known to impact the transmission
mechanism of infectious diseases (Chua et al., 2022; Rohr & Cohen, 2020), only a few studies
considered the impact of urban neighbourhood variations in temperatures on the surge of
COVID-19 outbreaks (Mukherjee and Debnath 2020; Aboubakri et al. 2022; Moss and Kar
2020). To the best of my knowledge, no study has looked at the spatiotemporal impacts of LST
in Toronto. In Chapter 4, | also asked how the land surface temperature in Toronto influences
the spatiotemporal patterns of COVID-19. Identifying land surface temperature as a risk factor
provides evidence of the impact of the spatiotemporal variations in neighbourhood-level LST
temperature on COVID-19 risk. This work accounts for the theories of infectious diseases in a
Canadian urban city and extends past work of LST that has used fewer temporal points by using
weekly data on COVID-19 and land surface data over 79 weeks.

Literature and method reviews (Sections 1.3.3 and 2.3) identified that previous works in
identifying the outbreak spatiotemporal epidemiology primarily compared maps of new COVID-
19 cases from multiple time points in a spatial area to compare the outbreak progression visually
(Cuadros et al., 2020; Y. Feng et al., 2020; Gao et al., 2021; H. Yu et al., 2021). No studies at the
intra-urban scale have modelled the spatial patterns of dispersions of COVID-19 within
neighbourhoods or identified the possible source, direction and magnitude of these dispersions

within neighbourhoods. This dissertation fills this gap by analyzing the spatiotemporal modelling
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of the contagion inside cities on the neighbourhood scale, where interpersonal contact occurs
more intensely, creating complex relationships between the population and the environment
(Perles et al., 2021). In chapter 5, I asked how the spatiotemporal outbreak dynamics patterns
varied across the neighbourhoods, particularly whether a large part of the first outbreaks was
reproduced in close communities within two weeks. This work advances urban neighbourhood
scale research by displaying the spatiotemporal distributions of the contagions inside the cities
within the temporal incubation period and identifying an index or source neighbourhood that can
help effectively respond to outbreaks at the source and provide the ability to understand how to
respond to them. Additionally, this work advances the knowledge of the sources of infection in

dispersed neighbourhoods.

1.4.2. Analytical objectives

This dissertation uses one novel and several applied analytical methods to explore the
complex relationships between COVID-19 spatial epidemiology and the urban environment.
Each of the three manuscripts has its own methodological framework to each address the specific
research objectives of this dissertation (Figure 1.1). Chapter 3 employs a local and a global
spatial regression model to identify the significant socioeconomic risk factors to assess the
overall risk for Toronto. In Chapter 4, in order to identify the spatiotemporal and temporal
trends, Bayesian spatiotemporal models with a set of observed covariates and unobserved spatial
random effects, temporal random effects and three different types of space-time random effects
are explored. The weekly LST data (79 weeks) at the neighbourhood scale is corrected using an

atmospheric correction method and fitted into the model. Chapter 5 applies a novel model for
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visualizing the spatiotemporal dynamics of the outbreaks in a single map by identifying the
source and dispersion neighbourhoods, magnitude and direction of the outbreaks.

This dissertation applied several spatial models to identify high-risk areas in Toronto.
Each chapter uses different methods, such as popular test-based methods SaTScan in Chapter 3,
Bayesian spatiotemporal models to identify the area-specific relative risk in Chapter 4 and a
model that uses disease persistence and incidence rate to identify hotspots in Chapter 5. Hotspot
prioritization using outbreak duration or disease persistence has been previously used for other
infectious diseases (Debes et al., 2021; Ngwa et al., 2021) but has not been explored in the case
of COVID-19. Chapter 2 provides a more detailed discussion of the methodologies used in this
thesis. The findings from these hotspot methods are further compared and discussed in Chapter

6.

1.4.3. Public Health Planning objectives
The understanding of COVID-19 disease epidemiology in an urban environment using spatial
tools can provide information for the planning, implementation and evaluation of existing
COVID-19 prevention plans and policies. This dissertation provides information in each of the
three manuscripts that could be utilized for COVID-19 prevention, mitigation and intervention
planning and policies. The public health planning contributions of each manuscript also inform
theories and hypotheses focused on the spatial epidemiology of COVID-19.

Chapters 3 and 4 explore the relationship between urban neighbourhood socioeconomic
vulnerabilities and the impact on COVID-19 transmissions. These socioeconomic determinants
of COVID-19 may provide important clues about the spatial drivers of COVID-19 to identify the

localities and allow the policymakers to establish disease surveillance based on the significant
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socioeconomic drivers that were influencing disease risk in individual neighbourhoods. The
research findings may help develop plans for decreasing the socioeconomic inequalities in high-
risk neighbourhoods to mitigate the disease risk. In addition, the findings may help identify areas
where various health programs, such as COVID-19 awareness and education programs, improve
public knowledge and awareness of the disease.

In Chapter 4, | explore whether high LST in a neighbourhood favours the coronavirus
transmission rates. The findings can provide information to the policymakers to identify urban
surface temperature as a significant influencer and incorporate it into COVID-19 predictions in
the neighbourhoods. Chapter 4 also identifies the temporal and seasonal trends of COVID-19
that can allow public health and policies to prepare in advance for future outbreaks. Additionally,
the spatiotemporal trends in the neighbourhood may allow policymakers to further evaluate
existing strategies to focus on the neighbourhoods that show consistently increasing trends of
disease risk.

In Chapter 5, | demonstrate the spatiotemporal spread patterns within neighbourhoods,
which can be used to identify the possible sources of infection to prevent further spread. This
method can be adopted by public health officials to quickly demonstrate the spread patterns
during a pandemic. Close attention to the index and its nearby neighbourhoods could have
controlled the spread of the disease in our study area. The visualization may be useful for public
health planners to evaluate the impact of existing intervention plans, showing where intervention
efforts are successful and where they are not and, therefore, could help identify the barriers to

successful intervention programs.
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A public health program for controlling an outbreak requires targeted intervention, as
there is always a logistical concern for an untargeted intervention. The targeted intervention
requires identifying the high-risk areas where special attention is needed. In this dissertation, |
explore several spatial models (Chapters 3-5) to identify the high-risk areas for COVID-19 in
Toronto, where special spatial attention is needed for controlling the outbreaks, and the findings

and applications of the methods in public health sciences are discussed in Chapter 6.

1.5. Dissertation structure
This dissertation explores the spatial and spatiotemporal dynamics of disease risks and outbreaks

and the connections between COVID-19 and the socioeconomic and environmental factors in an
urban environment, using Toronto as a case study. The overall goal is to help understand the
spread dynamics of COVID-19 and the influencing factors of the spread, which can provide
evidence of strategies to control COVID-19 in Toronto and provide methodological frameworks
for future epidemic control. This dissertation is composed of six chapters. The introductory
chapter (Chapter 1) outlines the problem context for the work, establishes its purpose and
objectives, provides a review of the literature, and explains how the manuscripts presented in the
body address the purpose and objectives. Chapter 2 introduces and explains the methodologies
used across the three research studies to address the objectives of this dissertation.

The following three chapters (Chapters 3 to 5) each feature three manuscripts prepared
for peer-reviewed journals that have been either published or submitted for publication on the
subject of spatial and spatiotemporal epidemiology of COVID-19. Chapter 3 analyzes the
spatiotemporal clusters and the socioeconomic drivers of COVID-19 in Toronto neighbourhoods.
The focus was to explore the neighbourhood trends (i.e. how COVID-19 risk varied over the

neighbourhoods) and identify the local and global socioeconomic drivers that influence these
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trends. In addition to similar past studies, this study further explores the neighbourhood-level
variations in socioeconomic risk factors. This study sheds light on how socioeconomic
differences can amplify the COVID-19 risk in an urban area and provides policy implications for
improving intervention strategies.

Chapter 4 uses a Bayesian hierarchical spatiotemporal modelling approach to explore the
neighbourhood-specific COVID-19 risks, spatiotemporal and temporal risk trends and identify
important risk factors in an urban environment. This modelling approach quantifies the
uncertainties to predict the temporal and spatiotemporal risks of COVID-19. The study advances
the understanding of spatiotemporal variations in urban land surface temperatures and
socioeconomic conditions influencing COVID-19 risks and identifies high-risk areas where
interventions can be targeted.

Chapter 5 applies a novel method to visualize the COVID-19 spread dynamics in an
urban area and prioritizes high-risk areas for intervention. Our study offers a new approach to
advance the understanding of the spatiotemporal dynamics of infectious disease outbreaks, which
would facilitate the intervention program for controlling the spread of the outbreaks.

Chapter 6 provides a discussion and concludes this dissertation by summarizing the major
findings, comparing and commenting on the findings across the three studies, and highlighting
major contributions. The limitations of this dissertation and future research directions are also

discussed in this chapter.
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Chapter 2 Methodology

2.1. Spatial epidemiology

The current research is from the domain of spatial epidemiology, which can be defined
as the description and analysis of spatial and temporal variations in disease with the target
formulation of a hypothesis about the etiological factors of that disease (Elliott & Wartenberg,
2004). Generally, the field of spatial epidemiology can be divided into three principal areas:
disease clustering, spatial regression or geographic correlation and disease mapping methods
(Elliot et al., 2000). The disease clustering methods identify the high-risk areas for a particular
disease in a region, while the spatial regression methods analyze the relationship between
disease risk and influencing factors on a particular geographic scale. Finally, the disease
mapping methods produce descriptive maps that can provide a visual summary of disease
occurrence in a region (Elliot et al., 2000).

2.2. A review of spatial methods used for infectious disease modelling

In an urban setting, geography, neighbourhood effects and the ecological aspects of infectious
diseases describe the processes contributing to outbreaks within areas (Scott & Carrington,
2011). The neighbourhood effects in studying public health and infectious disease outbreaks are
the phenomena in that the health outcome in one space is affected by the health outcomes in its

surrounding space (Fullilove, 2003). The transmission of infectious diseases from human to
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human is a socio-spatial process, and the health outcome is spatial-dependent (C.-H. Lin &
Wen, 2022). Taking these spatial dimensions is crucial when considering the methods to
observe the epidemiology of infectious diseases (C.-H. Lin & Wen, 2022). In the following
parts of this chapter, | provide a brief review of a few geospatial methods that have been used
for infectious disease mapping, discuss the main methods adopted in the three manuscripts, and
describe the scale, datasets and case study while highlighting the applicability of using Toronto
as a case study.

A number of test-based and model-based methods are available to understand the spatial
heterogeneity, dynamics and risk factors of infectious diseases. Geospatial methods of spatial
autocorrelation, hotspot and clustering analysis using GIS can be an effective tool in spatial
epidemiology and provide a way to analyze the geographic patterns and etiology of disease.
Ecologic regression models are commonly used to assess the association between health
outcomes and risk factors at the area level. Spatial relationships in infectious disease outbreaks
and surveillance data can be analyzed through various modelling approaches to create an
informative representation of environmental processes in geographic space.

Kulldorff's spatial scan statistic method implemented in SaTScan software is the most
widely used statistical method for infectious disease high-risk areas or for cluster detection (Unkel
et al., 2012). In SaTScan, the study region is scanned using a number of circular or elliptical
windows to identify whether a group of contiguous areas has the most significant excessive risk in
the region (Kulldorff, 1999). A number of studies have used the spatial (Andersen et al., 2021b;
Benita & Gasca-Sanchez, 2021; Chakraborty, 2021; Deguen & Kihal-Talantikite, 2021; Escobar et al.,

2021; Ladoy et al., 2021; Ullah et al., 2021) and space-time scan statistic (C. Qi et al., 2020; Rosillo
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et al., 2021; Tyrovolas et al., 2021; Y. Wang et al., 2020; Xu & Beard, 2021; J. Zhang et al., 2021)
using SaTScan to identify spatial and spatiotemporal clusters of COVID-19. For example, Hohl et
al. identified weekly clusters of COVID-19 in the USA during the earlier stages of the pandemic
using the Poisson-based space-time statistic using SaTScan to facilitate disease surveillance and
to improve resource allocation (Hohl et al., 2020). Similarly, Andrade et al. used SaTScan to detect
space-time clusters of COVID-19 in Sergipe, Brazil (Andrade et al., 2020). The major advantage
of this method is that it overcomes the multiple-testing issues common to many spatial analyses
and can incorporate the heterogeneous population information and visualize both global and local
tests for clustering (Sherman et al., 2014). A study by Alkhamis et al. used Kulldorff’s
multivariable permutation scan statistic (MPSS) implemented in SatScan that accounted for
socioeconomic variables to understand the spatial and temporal patterns of COVID-19 pandemic
in Kuwait (Alkhamis et al., 2020). A limitation of this study included the fact that the method does
not account for the direct effect of the population in the analysis.

Spatial autocorrelation statistic measures the degree to which spatial features and
associated rates or values have a tendency to cluster together in space and thus exhibit similar
disease rates or are dispersed (Kirby et al., 2017). Alternatively, the local Moran's | identify
where the hotspot or cold spot clusters are occurring as well as the shape and significance of
these clusters (Anselin, 1995). These global and local Moran’s | was also widely used by many
researchers to identify the presence of spatial heterogeneity and to identify hotspots of COVID-
19 using GeoDa software packages (Bilal et al., 2020; Han et al., 2021; H. Li, Li, et al., 2020;
Saffary et al., 2020; Xie et al., 2020; Xiong et al., 2020; L. Ye & Hu, 2020). For example, Kang

et al. determined that there is a spatial dispersion with a significant global Moran’s | statistic
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suggesting the presence of spatial heterogeneity of COVID-19 between January 16 to February
6, 2020, for 31 regions in China (Kang et al., 2020). In another study, Islam et al. identified
where the risk of the COVID-19 epidemic is high with hotspots in Bangladesh using the spatial
autocorrelation analysis (Islam et al., 2021).

Spatial regression models can be fitted into GeoDa software to estimate the relationship
between the response and explanatory variables (Anselin et al., 2006). These global models include
the spatial lag model (SLM) or the spatial error model (SEM), which assumes a spatial dependency
between explanatory and response variables (Anselin et al., 2006). These spatial regression models
have been extensively used in COVID-19 studies (Feinhandler et al., 2020; Hu et al., 2020; B. Kim
et al., 2021; Kulu & Dorey, 2021; Vaz, 2021; You et al., 2020). These global spatial regression
models are implicitly based on assumptions that the relationship between dependent and
independent variables is stationary over space and the relationship does not vary over space
(Anselin et al., 2006).

Geographically weighted regression (GWR) is a local regression method that has often
been found to identify the local level association between the outcome variable of interest and
potential disease risk factors (Brunsdont et al., 1998). GWR has been extensively used for
understanding infectious disease epidemiology (C. H. Lin & Wen, 2011; F. Liu et al., 2020;
Mohammadinia et al., 2019; Nazia et al., 2022; X. Wu & Zhang, 2021; Y. Ye & Qiu, 2021; Zheng
et al., 2022). The advantage of the GWR method is that this technique will allow us to understand
the spatially varying relationship between variables by allowing regression coefficients to differ
across space. GWR also has the benefit over global methods as it accounts for spatial

autocorrelation in the residuals (Cho et al., 2009). It should be noted that it is possible for a variable
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that is not found significant from a global regression method to be found significant at the local
level using the GWR method (Cho et al., 2009).

Multi-scale Geographically weighted regression (MGWR) method was recently developed
(2017) by Fotheringham et al., which is an extension of the traditional GWR method
(Fotheringham et al., 2017). In contrast to the GWR method, the MGWR method allows for
studying the relationship between variables at different scales (H. Yu et al., 2020). The MGWR
has been applied in understanding infectious disease epidemiology (Y. Chen et al., 2021; Donsa
etal., 2021; Grillet et al., 2010; C.-H. Lin & Wen, 2022; Mansour et al., 2021; Pranzo et al., 2022;
Xie et al., 2021). The strength of the MGWR method is that it obtains a set of optimal covariate-
specific bandwidths in which each bandwidth indicates the spatial scale at which a factor impacts
the outcome variable (Fotheringham et al., 2017). Mansour et al. used the MGWR method to
observe the local effects of socioeconomic determinants on COVID-19 incidence rates in Oman
(Mansour et al., 2021). Similarly, Dutta et al. used the MGWR method to observe the role of
different factors in the outbreak of COVID-19 in India at the local level.

Generalized Linear Mixed Modeling (GLMM) provides a regression model-based
framework to model disease counts or rates using any of the exponential family of statistical
distributions (Robertson et al., 2010). GLMM combines fixed effects for explanatory variables
with a random effect that accounts for spatial dependence and provides an optimal spatial
prediction (Hefley et al., 2017). The drivers of disease emergence are often organized
hierarchically through administrative units (Auchincloss et al., 2012). The GLMM approach can
easily incorporate hierarchical effects and, therefore, an ecological relationship that is structured

hierarchically, impacting disease emergence, such as climatic factors, can be represented and
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accounted for (Robertson et al., 2010). The expected values are adjusted towards the mean where
fewer people are available in an area, accounting for the small-number problem in spatial
epidemiology (Robertson et al., 2010). GLMM models have been used in infectious disease
modelling in the past. For example, Kindi et al. used a GLMM model to observe the association
between COVID-19 cases and different demographic and socioeconomic factors of COVID-19
in Oman and predicted early incidence and infection rates (Kindi et al., 2021). Another study by
Chien et al. used a Poisson-based GLMM model with a spatial function to evaluate the impact of
weather variability using meteorological factors such as temperature, relative humidity and
precipitation on COVID-19 (Chien et al., 2021).

Bayesian hierarchical models can be used for modelling disease risk and the hierarchical
spatial and spatiotemporal relationships between disease cases and the ecological drivers.
Analysis of disease emergence in a Bayesian framework has been extensively used in many
infectious disease mapping studies (Bermudi et al., 2021; Blangiardo, Cameletti, et al., 2020;
Briz-Reddn et al., 2022; DiMaggio et al., 2020; Gayawan et al., 2020; Jalilian & Mateu, 2021;
Johnson et al., 2021; Lima et al., 2021; Millett et al., 2020; Ngwira et al., 2021; Yang et al.,
2021). Bayesian methods are centred around inference on unknown area-specific relative risks
based on the observed data and a prior distribution. The earlier works of (Besag et al., 1991),
(Clayton & Bernardinelli, 1996), and (Bernardinelli & Montomoli, 1992) have significantly
influenced a shift from frequentist to Bayesian approaches to disease mapping (MacNab, 2022).

The basic Bayesian methods can incorporate space and time dependencies. For the spatial
autocorrelation term, a conditional autoregressive (CAR) is often suggested for modelling spatial

autocorrelation. The Besag-York- Mollié (BYM) model (Besag et al., 1991), a lognormal
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Poisson model in the Bayesian framework developed for disease mapping, is more commonly
used for the spatial component of Bayesian hierarchical disease modelling (MacNab, 2022). A
BYM model includes both an ordinary random-effects component to account for non-spatial
heterogeneity and a component for spatial smoothing (Morris et al., 2019). DiMaggio et al. used
a Poisson-based Bayesian GLMM model that incorporates a spatial random effect to model the
high risk of COVID-19 in New York City while adjusting for various demographic,
socioeconomic and racial factors (DiMaggio et al., 2020).

Bayesian spatiotemporal models allow incorporating the spatial and temporal information
into analysis in ways that reflect the influences of space and time as well as the interactions of
space and time on the phenomenon of interest (Knorr-Held & Besag, 1998; MacNab, 2022).
These models are often motivated to facilitate borrowing information and to smooth risk areas
within and between space and time (MacNab, 2022). For example, a study by Jalilian and Mateu
used a Bayesian Poisson-based spatiotemporal model with spatial, temporal random effects and
temporal covariates to analyze relative risk variations of COVID-19 focusing on Spain, Italy and
Germany (Jalilian & Mateu, 2021). Another study by Bermudi et al. used a Poisson-based
Bayesian hierarchical model that incorporates a spatial structure (BYM model), a temporal
structure (Random Walk model) and a space-time interaction term proposed by Knorr-Held
(2000) to estimate the relative risk of COVID-19 mortality in the city of Sao Paulo (Bermudi et
al., 2021; Knorr-Held, 2000).

Bayesian methods are often attractive as they allow expert and local knowledge of
disease processes to be incorporated with the adding of prior distributions. Generally, a

sensitivity analysis of the priors for the model parameters is recommended (Haining & Li, 2020;
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MacNab, 2022; MacNab & Gustafson, 2007). A further complexity of Bayesian models is that
MCMC methods are required for generating posterior distributions that are computationally very
demanding (Best et al., 2005). The technical aspects of model fitting require advanced statistical
training (Best et al., 2005).

Often disease datasets contain a high number of zero counts of disease cases across
space or in space-time and show greater variability in data. A common task in applied statistics is
to choose a model to fit these excessive zero counts and overdispersion (Neelon et al., 2013).

For count data with an excess of zeros and overdispersion, zero-inflated regression models such
as zero-inflated Poisson (C.-S. Li et al., 1999) and negative binomial hierarchical models have
been used in the past. An alternative Poisson hurdle model have been developed those deals with
the excess zeros and over or under-dispersed data (Corpas-Burgos et al., 2018). Gayawan et al.
used a two-component Bayesian geo-additive hurdle Poisson model structured spatial and
Spatiotemporal effects to simultaneously analyze the zero counts and the frequency of

occurrence of COVID-19 cases in Africa (Gayawan et al., 2020).

The Bayesian Model Averaging (BMA) technique (Raftery et al., 1997) estimates all
candidate models and computes a weighted average of the estimates while taking the
uncertainties of the models into account. For example, Olmo and Sanso-Navarro applied the
Bayesian model averaging (BMA) technigue using a Poisson GLM model to model COVID-19
in the city of New York at the zip code level (Olmo & Sanso-Navarro, 2021). BMA is useful in
cases when researchers are interested in a particular parameter but uncertain about how the
parameter relates to the observations (Hinne et al., 2020). A limitation of BMA is that this

method will identify one single model as the true model and may not identify the correct model
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if the true data-generating model is not considered as one of the models (Vehtari et al., 2019;

Vehtari & Ojanen, 2012).

Geostatistical interpolation or smoothing methods such as Kriging, Thiessen polygon, or
Inverse Distance Weighted (IDW) interpolation are also used to improve the accuracy of
infectious disease rates for small area analysis (Berke, 2004). These geostatistical interpolation
methods are used to predict disease rates at an unmeasured location to create smoothed rates to
improve disease rates for small areas with fewer observations (Berke, 2004). For example, Nasiri
et al. (Nasiri et al., 2021) used the IDW method to create interpolated maps of infected COVID-
19 patients across Tehran and Ramirez, and Li (Ramirez & Lee, 2020) used the IDW algorithm
to interpolate and create COVID-19 risk surface map in USA counties at five-time points.
Similarly, Arif et al. (Arif & Sengupta, 2021) used the Thiessen polygon smoothing technique to
create polygon maps to show the spatial distribution of COVID-19 cases across Southern Indian
states. However, strong smoothing or over-smoothing of the disease mapping model can often
lead to conservative risk estimates, and therefore a small number of false-positive findings can
be common in these interpolation methods (Blangiardo, Boulieri, et al., 2020). It can involve the
idea of discontinuous geographic boundaries and hide important information about variation in
rates in a small geographic area (Blangiardo, Boulieri, et al., 2020).

Earlier spatial statistical disease mapping primarily focused on the development of
empirical Bayes models to estimate the procedures for smoothed maps of disease rates or relative
risks (Liao & Brookmeyer, 1995; Marshall, 1991; Tsutakawa et al., 1985). A number of studies
have used local empirical Bayesian smoothing technique to get spatially smoothed rates of

COVID-19 incidence in each spatial unit of analysis (Andrade et al., 2020; Castro et al., 2021;
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M. C. Ferreira, 2020; MacNab, 2022; Ramirez-Aldana et al., 2020; Raymundo et al., 2021; A. P.
de S. C. Silva et al., 2021) that estimates the prior distribution from the data (Maritz & Lwin,
2017). The main limitation of the empirical Bayes estimation is that the empirical Bayes standard
errors typically underestimate the associated estimation uncertainties (Ainsworth & Dean, 2006;
MacNab, 2022; MacNab et al., 2004).

Several new spatial tools or methods have also been recently developed for infectious
disease surveillance. For example, Geographic Monitoring for Early Disease Detection
(GeoMedd) (A. Curtis et al., 2020) is a recently developed automated clustering method through
integration of a spatial database and two types of clustering algorithms. GeoMedd uses incoming
test data to provide multiple spatial and temporal clusters by connecting cases with various spatial
and temporal thresholds. A few studies have adopted this method to investigate COVID-19
clusters. For example, Curtis et al. (A. J. Curtis et al., 2022) and Miller et al. (A. K. Miller et al.,
2022) have used this method to identify clusters of COVID-19 in the Cuyahoga County of Ohio,
USA. However, there are some limitations associated with GeoMedd as it requires an individual
with a spatial data background to look at the map and understand its dynamism (A. Curtis et al.,
2020). It has also been argued that over-automation may have lessened the effectiveness of
GeoMeDD (A. Curtis et al., 2020).

Another recently developed spatial statistical method GeoDetector has been used in a few
ecological regression studies that quantified the associations between COVID-19 disease risk and
the potential risk factors (L. Wang et al., 2021; P. Wang et al., 2021; X. Wu et al., 2020; Xie et al.,
2020). The GeoDetector method is not restricted to the assumptions of traditional statistical
methods and involves complex processes of parameter settings. Since GeoDetector only works
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with the independent variable as a categorical variable, converting continuous data to categorical
data may affect the analysis results due to the singleness of the adopted methods (W.-J. Jia et al.,
2021).

Rawat and Deb proposed a model structure in a Bayesian framework that includes a
separable Gaussian spatial-temporal process model implemented with a random error structure
and an additive mean structure and estimates the spatial relative risk of COVID-19 (Rawat &
Deb, 2021). This proposed approach would estimate the short-term and long-term predictions for
infectious disease for any geographic location, even if it were unobserved in the data. The
proposed new Bayesian method would require appropriate approximations to ensure feasible
computation.

Nazia et al. in 2022 have further provided a systematic review of the various frequentist
and Bayesian spatial and spatiotemporal methods used to model COVID-19 risks and ecological
regression (Nazia et al., 2022). This systematic review provides a detailed overview of the
common and proposed infectious disease modelling methods that have been used to model the

COVID-19 risk during the pandemic.

2.2.1. Infectious vs non-infectious disease spatial modelling

Non-infectious diseases refer to diseases not transmitted from one person to another, while
infectious diseases refer to diseases that can be transmitted from one person to another. At
present, most of these spatial epidemiological methods are primarily focused on infectious
disease surveillance (Lombardo & Buckeridge, 2006). Spatial epidemiology has become an
essential tool to fight against infectious epidemics such as malaria (Maude et al., 2014), HIV

(Kirby et al., 2017) or cholera (Nazia et al., 2018). However, it is also becoming a widely
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implemented approach for non-infectious diseases such as Asthma (V. F. Jones et al., 2004),
cancer (Sahar et al., 2019) or cardiovascular diseases (Mena et al., 2018). Infectious
(communicable) and non-infectious (non-communicable) disease spatial epidemiological
methods often share some common objectives, such as assessing the spatial distribution of
disease and identifying the health impacts of environmental risk factors that can be used to

generate public health action plans (Blangiardo, Boulieri, et al., 2020).

Methodologically, infectious disease modelling methods primarily focus on identifying
the spatial or spatiotemporal clusters of infectious agents, how the disease spreads to the
surrounding areas and the factors influencing spreading patterns as infectious diseases generally
spread from human to human via air water or vectors (Rytkonen, 2004). In contrast, non-
infectious disease modelling methods primarily focus on detecting whether certain
environmental exposures change disease outcomes in an area over space or space-time
(Blangiardo, Boulieri, et al., 2020). The statistical modelling of spatial variations in the risk of
non-infectious diseases aims to advance the etiological hypothesis (Elliott & Wartenberg, 2004).
These methods are similar to infectious disease modelling in identifying low and high-risk areas
and contributing to the process of causation that can be related to diseases (Kroll et al., 2015). A
spatial approach to disease analysis relevant to non-infectious disease is linked to potential
environmental and socioeconomic drivers and their spatial heterogeneity (Kroll et al., 2015).
Environmental factors such as increased food availability, availability of green space, air
pollution, and walkability can often be linked to non-infectious diseases and fitted into the
statistical modelling structure (Blangiardo, Boulieri, et al., 2020). In contrast, infectious disease

modelling the infectious agents such as proximity to other humans (if human to human
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infections), habitats of infectious disease agents, or socioeconomic inequalities may be fitted into

the modelling structure (C.-H. Lin & Wen, 2022).

Some of the most common methods to determine and analyze non-infectious disease
clusters are the Direction method, Kulldorff’s spatiotemporal scan statistic, Jacquez’s k-nearest
neighbour method, Grimson’s method, Knox’s Method and Mantel’s method, which have also
been used for infectious disease analysis (Blangiardo, Boulieri, et al., 2020; Nagy & Negru,
2014). Kulldorff’s scan statistic methods have been used to detect spatial and spatiotemporal
clusters for both infectious and non-infectious diseases (Blangiardo, Boulieri, et al., 2020; Kroll
et al., 2015). For instance, it has been used to identify clusters of infectious diseases such as
tuberculosis (Onozuka & Hagihara, 2007) or dengue fever (Hohl et al., 2016) as well as for non-
infectious diseases such as childhood cancer (Kreis et al., 2019) or asthma (Souza et al., 2019).
Meanwhile, a further development has been the detection of spatial variations in temporal trends
or the SVTT method for non-infectious disease modelling that extended the traditional scan
statistics to estimate the time trend using a regression-based model (Moraga & Kulldorff, 2016).
The quadratic SVTT method has been applied more specifically to cervical cancer data in
women in the USA to find areas with unusual cervical cancer trends in white females using

historical data (Moraga & Kulldorff, 2016).

Ecological niche modelling is a spatial approach that associates the occurrence location
of infectious disease with a set of environmental variables allowing for the prediction of
infection risk as an unknown location based on the environmental similarities (Z. Du et al., 2014;
P. Jiaetal., 2019). The ecological niche modelling outputs the prediction of geographic ranges

for the infectious agents (P. Jia et al., 2019). In the non-infectious disease contexts, the location
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of non-infectious disease cases or high prevalence of risk of non-infectious disease, based on
existing evidence, could be considered as the presence of data to be linked with spatial data sets
of lifestyles, behaviour, sociodemographic information and natural or build environments (P. Jia

etal., 2019).

The Bayesian hierarchical models have also been used for both infectious and non-
infectious disease modelling. In the context of non-infectious diseases, it generally includes
demographic variables such as age, sex, ethnicity and socioeconomic status (Stringhini et al.,
2018). A study by Goicoa et al. proposed a Bayesian age-space-time CAR model to study
prostate cancer, a non-infectious disease, across the 50 provinces in Spain for age groups over 25
years while accounting for all pair-wise interaction (Goicoa et al., 2016). The study used a
ranking of all provinces according to to identify the high-risk groups. The Bayesian Age-Period-
Cohort modelling and prediction (BAMP) model is another method that provides a method of
analyzing incidence and mortality data of non-communicable diseases, i.e. lung cancer (Y. Jiang
et al., 2022) using a Bayesian version of age-period-cohort model (Schmid & Held, 2007). A
hierarchical model is assumed with a binomial model in the first stage, and smoothing priors for

the age, period and cohort parameters are further selected (Havulinna, 2011).

Shared component models were originally developed for two diseases, including
common components such as common risk factors and a disease-specific one which can point
towards specific risk factors, otherwise may be masked for a single disease modelling (Ibafez-
Beroiz et al., 2011). Shared component modelling has been widely used for non-infectious
diseases such as cancer research. For example, shared component modelling was applied to male

and female lung cancer and later extended to jointly model multiple diseases on the oral cavity,
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esophagus, larynx and lung cancers in males in the 544 districts of Germany from 1986 to 1990
(Knorr-Held & Best, 2001). Recently, it was further extended to jointly model brain cancer
incidence and mortality using Bayesian age and gender-specific shared component models

(Etxeberria et al., 2018).

BaySTDetect, developed by Li et al., is a Bayesian detection method for short-time
series of small area data between two competing space-time models that is primarily applied to
detect unusual trends of non-infectious diseases (G. Li et al., 2012). The method was applied to
detect unusual trends such as asthma and chronic obstructive pulmonary disease in England
across mortality, hospital admissions and general practice drug prescription data (G. Li et al.,
2012). FlexDetect and STmix are some simulation-based mixture models that have been
primarily developed for non-infectious disease modelling. The STmix can identify areas where
anomalies are present but not the temporal points, while FlexDetect, which is computationally
more intensive, uses mixture modelling (Blangiardo, Boulieri, et al., 2020). More recently,
another prediction model was developed for the management of non-infectious diseases and
applied among older Syrian refugees during the COVID-19 pandemic in Lebanon. The outcome
variable was the self-reported inability to manage any non-infectious disease, which included the
following conditions such as cardiovascular disease, chronic respiratory disease, diabetes or
hypertension, and predictor variables such as age, sex, residence, education, smoking status and

food security was used (McCall et al., 2022).

The research methods of non-infectious diseases generally focus on detecting trends,
highlighting unusual changes and consequently assisting in outlining the emerging non-

infectious disease risk factors using statistical analysis (Robertson et al., 2010). Non-infectious
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disease research designs share common objectives with infectious diseases, such as generating
information to guide public health actions and detecting the health impact of environmental
exposures or environmentally driven disease vectors (Blangiardo, Boulieri, et al., 2020; Carroll
et al., 2014). However, methods for non-infectious have largely been based on detecting whether
the outcome of interest shows a particular behaviour in an area, period or time or in space-time
compared to the entire study region (Blangiardo, Boulieri, et al., 2020). While the research
methods and the spatial statistical modelling of infectious versus non-infectious show some
similarities and some differences, the choice of appropriate methods to model a disease
ultimately depends on various factors that may influence disease processes and, most
importantly, on the objectives of the study, data characteristics and computational resources

(Graham et al., 2004).

2.3. Methods used in the three manuscripts

Infectious diseases can spread over space and time through susceptible populations of
individuals by geographical processes (Kuebart & Stabler, 2020). Infectious Disease dispersion
can be by expansion or relocation, and the spread process is generally mapped by concentrating
on the increasing number of cases and then comparing across the neighbourhoods (Scharstrom,
2009). The spatiotemporal spread can be mapped by focusing on the changes in the total number
of cases at a space at different points in time (Gianquintieri et al., 2020). The route of
transmission or transmission path can be determined by proximity that spreads to the nearby area
or by hierarchical levels, spreading stepwise between places.

Disease mapping is one of the most common ways to visualize the dynamics of an
infectious disease in order to easily identify spatial dynamics and select areas of interest for
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future studies. Generally, infectious disease outbreaks are defined by the increased number of
cases in a local area (D. Chen, 2014). However, the movements of infectious disease outbreaks
into surrounding areas are a spatiotemporal process (Niu et al., 2020). Infectious diseases can
show heterogeneity in cases and mortality rates, while the process of contagion can disperse
from the source to the neighbouring areas (Cordes & Castro, 2020). During an epidemic, it is
important to display the outbreaks as they are happening and possible spread to the nearby
neighbourhoods to provide deeper insights into understanding the spatial epidemiology of the
disease that can allow a more effective response to outbreaks.

The first example of visualizing outbreaks is recorded from 1854 when Dr. John Snow
plotted the location of water pumps in London during a cholera outbreak and identified the
source water pump. More recently, Reyes et al. observed the spatiotemporal spread patterns of
the 1918 influenza pandemic in British India by using using a travel network and a likelihood
approach to predict the patterns of pandemic spatial spread. The output map shows the travel
network connectivity between districts using nodes across British India, and the nodes with the
high excess mortalities are marked in red to explain the spatial spread (Reyes et al., 2018).
Another study by daCosta et al. visually examines the spatiotemporal diffusion of influenza A
(H1NZ1), identifies the starting point of an epidemic, and further uses multiple maps of the time
of onset and the correlation between effective distance trees across different spatial units (da
Costa et al., 2018). A study by Cooper et al. used telehealth data to perform a spatiotemporal
spread analysis of COVID-19. This study uses SaTScan to create high-risk cluster maps from
multiple dates in the UK and then visually compares the spread using multiple dates (Cooper et

al., 2008). Jeefoo et al. mapped the adjusted incidence per 1,000 inhabitants and per year from
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1999 to 2007 (8 maps) analyze and compared visually the global spatial spread patterns of
Dengue disease in Thailand (Jeefoo et al., 2011). These studies modeling infectious diseases,
however, map does not include the direction of the spread or take temporal structures into
account.

Some work has also been done to visualize various epidemic outbreaks, including
COVID-19. For instance, Pourhasemi et al. have shown the temporal trend of the COVID-19
first outbreaks in Iran for each geographic unit using a choropleth map (Pourghasemi et al.,
2020). Another study in Lombardy, Italy, used Emergency medical services parameters to
identify the beginning of trends from emergency calls and EMS ambulances dispatches using a
choropleth map to understand the spatiotemporal diffusion trends of COVID-19 (Gianquintieri et
al., 2020). Long et al. used a spatiotemporal model that used a multifractal scaling method to
show the spatial spread pattern of COVID-19 in China (Y. Long et al., 2020). However, these
spatial transmission models do not show the origin, direction, and magnitude of the transmission
processes.

Mapping COVID-19 spatial spreads primarily consist of comparing maps of COVID-19
new or cumulative cases from multiple time points in a spatial area to compare the outbreak
progression visually (Cuadros et al., 2020; Y. Feng et al., 2020; Gao et al., 2021; H. Yu et al.,
2021). For example, Cuadros et al. mapped the cumulative number of COVID-19 cases
estimated from the spatial adjusted and non-spatial adjusted models on March 20, April 20 and
May 10 of 2020 in Ohio, US, at the country level to visually compare the spatiotemporal spread
patterns in these three months across the counties (Cuadros et al., 2020). Similarly, Feng et al.

used local Moran’s | statistic method to create ten high and low-risk cluster maps between 17
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January 2020 to 20 march 2020 and visually compared these ten maps to identify the progression
of disease across the cities in China (Y. Feng et al., 2020).

Existing spatial transmission or spread models often overlook the temporal structures, the
direction and the magnitude of the transmission processes within the surrounding neighbourhood
networks and primarily compare disease hotspot maps from multiple time points to visualize the
dispersion processes. Since the transmission process of the disease may vary geographically and
in time, it is important to investigate the transmission dynamics of the diseases using a novel
model at a local scale. These types of maps can be effective in locating the origin of an outbreak
and depicting outbreak progression over time.

In chapter 5, a novel approach was adopted for visualizing the spatial spread of the
COVID-19 outbreaks at a neighbourhood level, possibly suggesting local transmission patterns
and the direction of movements of a highly infectious disease in an urban context. In Chapter 5,
these spatiotemporal processes as well as the direction of the diseases within the neighbourhood
networks, are captured with the use of nearest neighbourhood networks with assumptions of two
weeks as a temporal incubation period and defining an outbreak as the temporal cases larger than
the study period temporal mean. Previous studies have emphasized the relevance of networks of
infections and places of infections (M. Li et al., 2022; Osei et al., 2011; Suryowati et al., 2018).
The neighbourhood network is related to the hypothesis that states that in urban spaces, infected
individuals produce a transmission network in their households and in close neighbourhoods that
will enhance the spread of the disease to new individuals in the same area or adjacent
neighbourhoods (Perles et al., 2021). This study extends past work by providing a novel

visualizing technique that incorporates the neighbourhood networks and temporal structures for
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mapping the spatiotemporal dynamics of infectious disease outbreaks in one map and identifies
the source and dispersion neighbourhoods, magnitude and direction of the outbreaks. The study
also assesses the sources of infections in dispersed neighbourhoods and identifies the primary
sources of infections in dispersed neighbourhoods.

A limitation of this method includes the reliability of the definition of the outbreak and
the incubation periods to appropriately model the spatiotemporal dynamics of outbreaks. To
address this limitation, sensitivity analyses were further performed to observe whether the
changes in the definition of the outbreaks or the 2-week incubation period demonstrate
significant variations in the spatiotemporal spread pattern.

This dissertation analyzes the spatial heterogeneity of the risk for COVID-19 at the
neighbourhood level in Toronto, Canada, in the three manuscripts (Chapters 3-5). While
traditional spatial statistical methods for identifying infectious disease hotspots use a frequentist
approach which is more common, others use Bayesian approaches (Law et al., 2015). Each of the
three manuscript chapters in this dissertation uses different methods to identify high-risk areas.
For example, the widely used test-based method SaTScan (frequentist) in Chapter 3, Bayesian
spatiotemporal models to identify the area-specific relative risk in Chapter 4 and a model that
uses disease persistence and incidence rate to identify hotspots in Chapter 5. Hotspot
prioritization using outbreak duration or disease persistence has been previously used for other
infectious diseases (Debes et al., 2021; Ngwa et al., 2021) but has not been explored in the case
of COVID-19.

Partaking different methods in the three manuscripts also allowed comparison among the

methods by exploring whether they produce comparable results and the degree of these
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similarities and dissimilarities. In Chapter 6, these differences and similarities are analyzed by
using Cohen’s Kappa Coefficients test to evaluate the degree of concordance (similarities) and
discordance (dissimilarities) among the geographic patterns of high and low-risk neighbourhoods
across the three studies. Additionally, the benefits and limitations of each of these hotspot
methods are discussed, and recommendations are provided.

The accuracy of the remotely sensed LST data may depend on multiple parameters such
as atmospheric effects, viewing angle and surface parameters. Remote sensing studies in the past
have identified that the LST retrieval process using Land Surface Emissivity (LSE) model by
Sobrino et al. (2008) (Sobrino et al., 2008), with an atmospheric correction provides a high
estimation accuracy (Z.-L. Li et al., 2013; Sobrino et al., 2008; X. Yu et al., 2014; Zhao et al.,
2009). In Chapter 4 this method was adopted while correcting the images using atmospheric
correction parameters collected by the National Aeronautics and Space Administration (NASA)
(NASA, 2021) to retrieve LST at the neighbourhood scale. To the best of my knowledge, no
previous studies on COVID-19 have adopted correction methods in the calculation of LST.
Previous regression studies that have modelled the influence of LST variations in COVID-19
studies have also only used LST data from one or two temporal dates and have used a larger
spatial unit of analysis (i.e. city, county) which may not be realistic representation of the surface
temperature or the spatiotemporal fluctuations (Das et al., 2020; Hassan et al., 2021). The
methodological framework of this dissertation improves upon existing literature by using a
higher spatial (neighbourhood-scale) and temporal (79 weeks) resolution satellite imageries in
Chapter 4, which is more spatially representative and may have provided a more accurate

estimate for using the atmospherically corrected data on LST.
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Existing spatiotemporal COVID-19 studies have predominantly used testing-based
methods to classify and identify hotspots (Nazia et al., 2022). However, in order to identify the
spatiotemporal trends, these test-based methods, such as SaTScan, cannot be assessed for a
specific small area and are stable or show increasing or decreasing patterns (Sherman et al.,
2014). Earlier COVID-19 spatial studies have not assessed the spatiotemporal trends of COVID-
19 in a study area (Franch-Pardo et al., 2021; Nazia et al., 2022). In Chapter 4, in order to
identify the spatiotemporal and temporal trends, Bayesian spatiotemporal models with a set of
observed covariates and unobserved spatial random effects, temporal random effects and three
different types of space-time random effects are explored (Knorr-Held and Besag, 1988; Knorr-
Held 2000). Chapter 4 advances past work by modelling the dynamics of the temporal and the
increasing, decreasing or stable spatiotemporal trends of COVID-19 at the neighbourhood scale
in Toronto using the Bayesian approach, which, to the best of my knowledge, has not yet been
modelled for COVID-19. The Bayesian approach also allows dealing with uncertainties related
to the data, the process and model parameters (Haining & Li, 2020) since it has the capacity to
account for missing data, measurement errors and ecological bias (Knorr-Held & Ral3er, 2000;
Law et al., 2014).

In chapter 3, the widely used spatial regression models (Spatial Error Model and Spatial
Lag model) and in Chapter 4, the Bayesian hierarchical models are applied to identify the
important socioeconomic risk factors to influence the overall COVID-19 risk for Toronto. The
findings of the important socioeconomic risk factors from these two methods are further

discussed in Chapter 6.
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Chapter 3 employs geographically weighted regression models (GWR) that overcome the
limitation of global regression models by taking spatial heterogeneity into consideration while
calculating the spatial interaction between the outcome and explanatory socioeconomic variables
in each neighbourhood (C. H. Lin & Wen, 2011; Maiti et al., 2021). In particular, the new
version of GWR, termed multi-scale geographically weighted regression (MGWR), is applied,
which is comparable to Bayesian spatially varying coefficients (SVC) models. Compared to the
classical GWR models that operate at the same spatial scale, the MGWR model potentially
provides a more flexible and scalable framework for examining the multi-scale process
(Fotheringham et al., 2017). A recent study by Fotheringham et al. compared the GWR model
and MGWR model, where the MGWR model provide more valuable information on the scale at
which different processes operate (Fotheringham et al., 2017). This study by Fotheringham et al.
also compared MGWR to the Bayesian (SVC) models (Gelfand et al., 2003) and identified that
the MGWR model provides an alternative to the SVC model that is arguably computationally
less demanding (Finley, 2011), scales more easily and, to some, is more intuitive (Fotheringham

etal., 2017).

A common issue with the traditional GWR model is the multiple testing issues leading to
an excess of false positives that may make the significance of the local parameter estimates
questionable (A. R. da Silva & Fotheringham, 2016). However, this issue is hardly taken into
account in past COVID-19 studies that adopted the GWR methods. To solve this issue, in
Chapter 3, a newly developed correction method by da Silva and Fotheringham (A. R. da Silva
& Fotheringham, 2016) is applied to the MGWR model for an effective correction to the

significance level to account for the multiple testing issues.
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2.4. Spatial and temporal Structures
While infectious disease risk may be known to vary within space, the temporal dynamics of the

disease risk also may vary locally (Lopez-Quilez, 2019). The fundamental properties of spatial
and spatiotemporal data are dependence and heterogeneity (B. Jiang, 2015; Robertson et al.,
2010). For spatial and spatiotemporal data, values that are close in space or in space-time are
likely to be dependent (Robertson et al., 2010). In spatiotemporal data, health outcome observed
in an area during an interval of time generally contains some information about the health
outcome in nearby areas within the same time. In Chapter 3, the geographies of COVID-19 risk
were analyzed by considering space and time as a lens through which we observed the outbreaks
as a process and the spatially varying regression coefficients were captured within each spatial
unit. In Chapter 4, four Bayesian spatiotemporal models were fitted with one or more sets of
random effects parameters. The first model uses spatial and temporal random effects terms,

while model 2 to 4 adds space-time interaction effects to allow space-time inseparability.

2.5. Scale, aggregation and areal unit of analysis
This study uses neighbourhood scale as the areal unit of analysis. A major challenge in mapping

infectious diseases, particularly in Canada, is the lack of access to individually geocoded or
disaggregated data to preserve participants’ privacy and confidentiality (Beenstock &
Felsenstein, 2021). Due to privacy concerns, Statistics Canada also suppresses the
socioeconomic and demographical information for the residents. Disease case information for
each individual is generally aggregated to a spatial administrative unit before they are released
to the public. The use of spatially aggregated to large areas to preserve individuals’ privacy can

sometimes lead to a modifiable areal unit problem (MAUP) which can challenge researchers to
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fully reflect the reliability of the results (Byun et al., 2021). MAUP refers that aggregating these
data to different sizes or geographical units for spatial analysis can cause in terms of accuracy,
quality, possible bias and confounding factors, particularly for a large areal unit of analysis
(Manley, 2014). One of the best methods to resolve the MAUP issues in aggregated studies is to
use data aggregated to the smallest administrative units available (high granularity). In Toronto,
the neighbourhood scale is the smallest areal administrative unit available for COVID-19 spatial
datasets that is a high-resolution geographically referenced data. This spatial scale offers an
opportunity to facilitate a small-area analysis of local geographic variations in diseases for case,
socio-economic and environmental datasets; therefore, the neighbourhood-scale was chosen as

the unit of analysis for this dissertation.

2.6. Toronto as a case study
The city of Toronto covers a large geographic area with 140 distinct neighbourhoods that allow

us to observe COVID-19 heterogeneity at a small local level (Fig. 3.1). This thesis uses the
urban city of Toronto as a case study across all three manuscripts as Toronto serves as an ideal
geographical area for an ecological study of COVID-19 using spatial and spatiotemporal
analysis of COVID-19. Toronto, the capital of Ontario, is the most densely populated city in
Canada (Statistics Canada, 2017), with over 2.9 million people living in a 630 square kilometre
land area (City of Toronto, 2020a) and has been severely impacted by COVID-19. In Canada,
the first two cases of COVID-19 in Canada were reported in Toronto on January 21, 2020.

The COVID-19 case data are also released weekly and the full dataset are publicly available,

allowing a spatiotemporal analysis of the study area.
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The availability of the spatiotemporal datasets, the large population of the City of
Toronto and high case counts can provide a suitable sample size to ensure the reliability and
stability of the results of a small-area analysis of an infectious disease. Additionally, the city of
Toronto has a diverse population with socioeconomic variances and, therefore, can effectively
capture the effects of these variances on COVID-19 incidence. Therefore, Toronto serves as an
ideal case study to represent urban areas for the primary goal of this dissertation which is to
understand the spatial epidemiology of COVID-19 in urban neighbourhoods. A limitation of this
dataset may include unreported cases, asymptomatic cases, cases missing neighbourhood
information or the availability of relevant latest datasets such as mobility and air pollution at the
neighbourhood-level. However, these missing/unreported cases may be spatially random, and
some of this missingness are also accounted for with the use of Bayesian modelling techniques in
this dissertation.

Overall, this case study provides a methodological framework for a detailed study of
infectious disease epidemiology, which can serve as an example for other research studies in
similar settings for COVID-19 or future epidemic modelling of urban infectious disease burdens

with the availability of spatial and temporal data.

2.7. Datasets
This dissertation uses open-source datasets that are publicly available with three primary

types of data: (1) Toronto neighbourhood profiles that contain census data with neighbourhood-
level population characteristics and boundary files, (2) COVID-19 cases, and (3) remotely sensed
datasets (Land surface temperature data), acquired and calculated from NASA Landsat series of
Earth Observation satellite images (USGS- Landsat, 2021). More detailed descriptions of the

data are described in Chapters 3-5.



2.7.1. Neighbourhood Profiles Dataset

The 140 neighbourhoods were defined based on Statistics Canada census tracts for the purposes

of statistical reporting (Statistics Canada, 2021). The digital data of the geographic boundaries
for these neighbourhoods were acquired from the open data portal of the city of Toronto (City of
Toronto, 2020b). In Chapters 3 and 4, variables measuring the social, economic and
demographic characteristics of the neighbourhoods were originally retrieved using the census
2016 population dataset collected and released by Statistics Canada (City of Toronto, 2017). The

full descriptions of the variables are provided in Table 4.1.

2.7.2. COVID-19 case data

The epidemiological data of COVID-19 cases were originally collected by Toronto Public Health
and extracted from the provincial Case & Contact Management System (CCM) by the city of
Toronto. The case dataset contains the demographic, geographic, and severity information for all
confirmed and probable, sporadic, and outbreak-associated cases. These data are updated on a
weekly basis. More information on these COVID-19 case datasets is published by Toronto

Public Health on https://open.toronto.ca/dataset/covid-19-cases-in-toronto/.

2.7.3. LST Data

In chapter 4, Landsat imageries (Landsat 7 and Landsat 8) were retrieved, and an atmospheric
correction was performed to calculate the weekly average land surface temperature (LST) at the

neighbourhood level for 89 consecutive weeks. Mostly Landsat 8 imageries (75) were used, and
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if the imageries for a particular week were not available in the Landsat 8, Landsat 7 imageries
were used instead. More details for the LST data are included in Chapter 4.

Nevertheless, these census and case datasets for the City of Toronto and the community-
level LST data have not yet been fully exploited for COVID-19 assessment but could advance
the understanding of community-level COVID-19 epidemiology in an urban environment and

benefit COVID-19 intervention plans.
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Chapter 3 Manuscript 1: Spatial and spatiotemporal clusters and the
socioeconomic determinants of COVID-19 in Toronto neighbourhoods, Canada:
An Observational Study*

3.1. Summary

The aim of this study is to identify spatiotemporal clusters and the socioeconomic

drivers of COVID-19 in Toronto. Geographical, epidemiological, and socioeconomic

data from the 140 neighbourhoods in Toronto were used in this study. We used local and global
Moran’s | and space-time scan statistic to identify spatial and spatiotemporal clusters of COVID-
19. We also used global (spatial regression models), and local geographically weighted
regression (GWR), and Multi-scale Geographically weighted regression (MGWR) models to
identify the globally and locally varying socioeconomic drivers of COVID-19. The global
regression model identified a lower percentage of educated people and a higher percentage of
immigrants in the neighbourhoods as significant predictors of COVID-19. MGWR shows the
best-fit model to explain the variables affecting COVID-19. The findings imply that a single
intervention package for the entire area would not be an effective strategy for controlling the

disease; a locally adaptable intervention package would be beneficial.

1 The citation for this article is Nushrat Nazia, Jane Law, Zahid Ahmad Butt, Spatiotemporal clusters and the
socioeconomic determinants of COVID-19 in Toronto neighbourhoods, Canada, Spatial and Spatiotemporal
Epidemiology, 2022, 100534, ISSN 1877-5845, https://doi.org/10.1016/j.sste.2022.100534.
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3.2. Introduction

In Canada, the coronavirus disease (COVID-19) burden is unevenly distributed spatially, while
the highest number of cases are witnessed in Toronto (COVID-19 Tracker Canada, 2021;
Detsky & Bogoch, 2020). COVID-19 is a part of a family of enveloped single-strained RNA
viruses that can cause acute and chronic communicable respiratory diseases in humans (World
Health Organization, 2020). Toronto, the most densely populated city in Canada, has been
severely impacted by COVID-19 and has become an epicentre of COVID-19 outbreaks (City of
Toronto, 2021a). COVID-19 was first reported in Wuhan, China, in December 2019 (Kang et
al., 2020; Shereen et al., 2020). As of March 7, 2022, the large-scale outbreaks of COVID-19
have contributed to over 440 million cases and 5.9 million deaths worldwide (WHO, 2021). The
World Health Organization (WHO) declared the COVID-19 outbreak a global pandemic on
March 11, 2020 (Cucinotta & Vanelli, 2020). The first two cases of COVID-19 in Canada were
reported in Toronto on January 21, 2020, from a couple who had recently returned from Wuhan,
China. The local government of Toronto has adopted several control strategies that include
emergency lockdowns, stay-at-home orders, increased testing, contact tracing capacities, and
closure of in-person schools and non-essential businesses. Despite these ongoing measures,
Toronto continues to experience a rise in cases, creating an enormous challenge for public
health as well as causing economic and social burdens.

Spatial studies in COVID-19 showed wide variances in the distribution of case and
mortality rates among different communities across space. The lower socioeconomic groups
have historically been shown to have a disadvantage in the diagnosis and mortality rates of

infectious diseases. The city of Toronto has a diverse population of 2.99 million (2020) with
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varying socioeconomic statuses across the neighbourhoods (City of Toronto, 2021a). People
with low socioeconomic or marginalized status, such as minorities and low-income individuals,
might be forced to leave their homes to maintain income or live in congregate settings, which
places them and their neighbourhoods at a higher risk during this pandemic (Cordes & Castro,
2020; Y. Sun et al., 2020a; Vaz, 2021). Identifying disease clusters and understanding the
driving factors for these clusters using spatial analytical approaches can provide us with a more
realistic view of the issue in Toronto compared to the traditional simple maps (Cordes & Castro,
2020).

Geographic Information Systems and spatial analysis have been established as important
tools in infectious disease surveillance. Proximity is an important factor in infectious disease
distribution and diffusion processes. Spatial analysis is based on Tobler's first law of geography,
stating that locations that are closer have more similar attributes than locations that are further
apart (H. J. Miller, 2004). Infectious diseases can show heterogeneity in cases and mortality
rates, while the process of contagion can diffuse from the source to the neighbouring areas
(Cordes & Castro, 2020). Spatial analytical methods using community-based datasets are
particularly important for new emerging diseases such as COVID-19 (Ali et al., 2009) to
understand disease etiology and the transmission process in the communities (Chowell &
Rothenberg, 2018b). The results can help slow disease transmission rates in the study area.

In the case of COVID-19, previous spatial studies used space-scan statistic (Acharya et
al., 2020; Alkhamis et al., 2020; Andersen et al., 2021b; Andrade et al., 2020; Arashi et al., 2020;
Azmach et al., 2020; Ballesteros et al., 2020; Benita et al., 2020; Chakraborty, 2021; Chow et al.,

2020; Cordes & Castro, 2020; Da Silveira Moreira, 2020; Desjardins et al., 2020; M. C. Ferreira,
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2020; R. V. Ferreira et al., 2020; Gomes et al., 2020; Greene et al., 2020; Han et al., 2021; Hohl
et al., 2020; Islam et al., 2021; S. Kim & Castro, 2020; Ladoy et al., 2021; Leal-Neto et al., 2020;
Masrur et al., 2020) and local Moran's | (Bilal et al., 2020; Han et al., 2021; H. Li, Li, et al.,
2020; Saffary et al., 2020; Xie et al., 2020; Xiong et al., 2020; L. Ye & Hu, 2020), MST-
DBSCAN (De Ridder et al., 2021; Ridder et al., 2020), GeoMEDD (A. Curtis et al., 2020) to
locate clusters of increased risk of COVID-19. A few studies have used global spatial regression
models (Cao et al., 2020; Demenech et al., 2020; Feinhandler et al., 2020; Sannigrahi, Pilla,
Basu, Basu, et al., 2020b; Y. Sun et al., 2020b; You et al., 2020), Geographically Weighted
Regression (GWR) (Das et al., 2020; Han et al., 2021; J. Huang et al., 2020; Islam et al., 2021,
lyanda et al., 2020; Mollalo et al., 2020; Sannigrahi, Pilla, Basu, Basu, et al., 2020b; Shariati,
Jahangiri-rad, et al., 2020; Snyder & Parks, 2020) and MGWR (Multiscale Geographically
Weighted Regression) (J. Ma et al., 2022; Maiti et al., 2020; Mansour et al., 2021; Middya &
Roy, 2021) to understand the contributing factors that may influence the risk of COVID-19.
Some studies have linked socioeconomic influences to explain the variations in COVID-19
incidences or mortality rates. Some of the key factors to have an influence on the incidence or
mortality rates of COVID-19 include income (Abedi et al., 2020; Chaudhry et al., 2020; Cordes
& Castro, 2020; Maiti et al., 2020; Sannigrahi, Pilla, Basu, Basu, et al., 2020a), poverty rates (Y.
Chen & Jiao, 2020a; Fielding-Miller et al., 2020; Goutte et al., 2020; Richmond et al., 2020;
Sannigrahi, Pilla, Basu, Basu, et al., 2020a), education (Abedi et al., 2020; Cordes & Castro,
2020; Goutte et al., 2020; Y. Wu et al., 2020) ethnicity or minority status (Andersen et al.,
2021a; Y. Chen & Jiao, 2020a; Cordes & Castro, 2020; Kathe & Wani, 2020; Maiti et al., 2020;

Niedzwiedz et al., 2020; F. Sun et al., 2020a; Y. Sun et al., 2020a), immigrant population
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(Borjas, 2020; Fielding-Miller et al., 2020), and unemployment rate (Goutte et al., 2020; Y. Sun
et al., 2020a).

Even though Toronto remains at heightened risk in this pandemic, spatial studies on the
burden of COVID-19 in Toronto have so far been very limited. A detailed assessment is critical
to identify the hotspots and the key spatial drivers for a more efficient intervention plan. This
study is to fill the gaps of earlier studies by performing a comprehensive assessment of spatial
dynamics of the COVID-19 outbreak in Toronto at the neighbourhood level. The main goal of
this study is to improve our current understanding of the disease hotspots and provide
information on the spatial association between the socioeconomic factors and COVID-19
outbreak in order for infection prevention and mitigation. The primary objective of this study is
to identify the spatial and spatiotemporal clusters of COVID-19 incidences in Toronto, and the
secondary objective is to identify globally and locally variable socioeconomic drivers of the
COVID-19 incidences.

3.3. Methods
3.3.1. Study area, study population and data

Toronto is the capital city of Ontario and the fourth largest city in North America. The city,
located on the Southwestern shores of Lake Ontario (Figure 3.1), has a population density of
4,692 people per square kilometre, making it the most densely populated city in Canada. The city
of Toronto consists of four community council areas: Etobicoke York, North York, Toronto, and
East York and Scarborough (Figure 3.1). Toronto has a very diverse population, with a 51.2% of
Toronto's population being a visible minority, and 51.2% of the population are immigrants (born

outside of Canada) (City of Toronto, 2021a). Toronto, based on the 2016 census, comprises
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immigrants from Asian (53.4%), European (23.6%), Americas (16.8%) and Africa (6.1%)
origins. 49% of the Asian immigrants have immigrated from Chinese and the Philippines, and
11.7% of Asian immigrants are from India. 37.5% of the American immigrants are of Jamaican
and Guyanese origin. 41.7% of the European immigrants are from Italy, Portuguese, and United
Kingdom. 55% of the African immigrants are from Ethiopia, Egypt, Kenya, Nigeria, Somalia
and South Africa. The city has an unemployment rate of 6.4%, and 20.2% population lives in a
low-income bracket. The direct and indirect impact of this pandemic's burdens can pose
significant threats for a densely and diversely populated city like Toronto.

The study area is comprised of 140 geographically distinct neighbourhoods in Toronto

(Figure 3.1). The neighbourhoods were defined based on Statistics Canada census tracts for the

purposes of statistical reporting (Statistics Canada, 2021). The140 neighbourhood profiles in
Toronto contain social, economic, and demographic details using the census 2016 population
dataset collected and released by Statistics Canada. Our study used a population size of 2.7

million (2016 census dataset) for analysis. Further details of these neighbourhood profiles

datasets can be found on the city of Toronto website (Neighbourhood Profiles — City of Toronto)
(City of Toronto, 2020b). The population dataset at the neighbourhood level was obtained from

an open-source (https://open.toronto.ca/dataset/wellbeing-toronto-demographics).

The epidemiological data were collected by Toronto Public Health that contained the
geographic and demographic details for all confirmed and probable cases of COVID-19.
Confirmed cases are defined by a person with confirmation of SARS-CoV-2 infection
documented by detection of at least one specific gene target by a validated laboratory-based

nucleic acid amplification test (NAAT) assay (e.g. real-time PCR or nucleic acid sequencing)
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performed at a community, hospital or reference laboratory (e.g. Public Health Ontario
Laboratory or National Microbiology Laboratory) or a validated POC NAAT has been deemed
acceptable by the Ontario Ministry of Health to provide a final result or demonstrated diagnostic
rise with a 4-week interval in viral-specific antibody in serum or plasma using a validated
laboratory-based serological assay for SARS-CoV-2. The probable cases are defined by a person
with symptoms compatible with COVID-19 and had high-risk exposure with a confirmed case of
COVID-19 or was exposed to a known cluster or outbreak and in whom a laboratory-based
nucleic acid amplification test (NAAT-based assay (e.g. real-time PCR or nucleic acid
sequencing) for SARS-CoV-2 are inconclusive or has not been completed or had SARS-CoV-2
antibody detected in a single serum, plasma, or whole blood sample using a validated laboratory-
based serological assay for SARS-CoV-2 collected within four weeks of symptom onset or had a
POC NAAT or POC antigen test for SARS-CoV-2 completed and the result is presumptive
positive or had a validated POC antigen test for SARS-CoV-2 completed and the result is
positive (Canada, 2021b).

The case datasets are extracted from the provincial Case & Contact Management System
(CCM). The epidemiological datasets are updated weekly (City of Toronto, 2020a). The case
dataset includes the episode date and neighbourhood attributes of the infected individuals. For
this study, the COVID-19 case data between January 1, 2020 — January 31, 2021, were extracted
for analysis. The cases were plotted to the centroid of the infected individual's neighbourhood.
During the study period, a total of 87,501 cases (71,940 sporadic cases and 15,561 outbreak-
associated cases) of COVID-19 were diagnosed in Toronto, including the first reported case

(January 21, 2020). Use of outbreak-associated cases, which are generally in healthcare (e.g.,
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long-term care homes, hospitals) and residential or congregate settings (City of Toronto, 2020a),
can potentially create a bias towards clustering in outbreak areas (17.71% of total cases).
Therefore, this study excluded the outbreak-associated cases to control for potential bias and
included only the community-based sporadic cases. Among the total sporadic cases, 1,185
(1.64%) cases were excluded due to missing neighbourhood information, leaving 70,755
sporadic cases for analysis.

We considered five socioeconomic covariates (2016 census) based on the literature
review and available datasets. These covariates were previously identified as potential risk
factors in some COVID-19 studies. The covariates included: i) percentage of immigrants
(individuals who were born outside of Canada) (Government of Canada, 2017a), ii) percentage
of the population aged 25-64 years with a lower level of education (not having a university
certificate, diploma or a bachelor degree)’®, iii) prevalence of low income (living in a low-
income household based on the low-income cut-off (LICO) table representing the poverty line)
(Government of Canada, 2021a), and iv) unemployment rate (population over 15 years and
unemployed) (Government of Canada, 2021c). While mortality and hospitalization rates may
differ across different age groups, there is not enough evidence that the incidence rate of
COVID-19 and transmission risks for sporadic cases vary significantly by sex or age (H. Li,
Wang, et al., 2020). Since the entire population is at risk of contracting and transmitting the

disease, we did not pursue any adjustment by age or sex.
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Figure 3.1. The study area in Toronto, Ontario, Canada.
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3.3.2. Spatial and spatiotemporal cluster analyses
3.3.2.1. The Global Spatial Autocorrelation

The global Moran's | by Anselin was first used in GeoDa, version 1.18.0, to assess whether the
COVID-19 incidence rates (per 1000 population) in Toronto neighbourhoods display a tendency
to cluster together and measure the extent of the correlation among neighbouring observations

(Anselin, 2018). Global Moran's index is used to examine the absence or presence of spatial
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autocorrelation in disease diffusion processes by comparing location and attribute similarities in
the area. The value of the global Moran's | must show a clustering distribution pattern to find
high or low-risk clusters for further analysis (Shariati, Mesgari, et al., 2020). The formula for

calculating the global Moran's | index(Anselin, 2018) is shown in Eq. 1:

Z',:Z'jW,:jZi.Zj/SO

I =
I Z%/n

(1)
where Z; and Z; represent the COVID-19 incidence rate variations in neighbourhood i and j,
respectively, w;; refers to the elements in the spatial weights matrix, neighbourhood i and j at
study period, So= 2; Xjw;; , w;;as the sum of all weights, and n represents the number of
observations.

The value of global Moran's | can range between -1.0 and +1.0, where the positive value
suggests the presence of a positive spatial correlation, while a negative value suggests a negative
correlation. The higher the value of |, the stronger the spatial autocorrelation (S. Kim & Castro,

2020). Values close to 0 indicate no spatial autocorrelation and that the distribution of data is

random (H. Li, Li, et al., 2020).

3.3.2.2. Spatial clustering by local Moran's | statistics

The local Moran's 1, a local indicator of spatial association (LISA), was used in GeoDa, version
1.18.0, to evaluate the local level of spatial autocorrelation or dependency of spatial data and to
visualize the possible high-risk or low-risk clusters (Anselin et al., 2010) based on COVID-19
incidences in different neighbourhoods across Toronto.

The formula (Anselin, 1995; H. Li, Li, et al., 2020) for calculating local Moran's index I; is

shown in Eq. 2:
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Iy = x; Xjwijx; (2)
where x; and x; represents the COVID-19 incidence rates in neighbourhood i and j
respectively, w;; is the spatial weights matrix.

The global and local Moran's | tests were run using the first-order queen's contiguity
spatial weights matrix that uses the values from all first-order neighbouring neighbourhoods in
order to determine whether the area has a higher or lower mean assessing the degree of spatial
autocorrelation. A permutation test was conducted using Monte Carlo simulations with 999
permutations to test the statistical significance of the clusters under the assumption that COVID-
19 incidence rates are randomly distributed in the study area. The local Moran's | divide the
neighbourhood polygons into four categories: high-high (hotspots), low-low (coldspots), high-
low, and low-high, based on the type of spatial autocorrelations (Anselin, 1995). The high-high
and low-low areas represent spatial clusters, and the high-low and low-high areas represent
discordant patterns. The intensity value is calculated for each point, which shows the level of
clustering of similar values around the point. The local Moran's | result showing local spatial
autocorrelation of COVID-19 incidences in the Toronto neighbourhoods were presented in the
form of cluster maps with a significance level of 0.1%, 1%, and 5%. Additionally, we have also
performed the Bonferroni bound procedure to carry out an extensive sensitivity analysis to avoid
the risk of obtaining false-positive results (Type | errors), and to check the robustness of the
findings (not ultimately presented these results). We have presented the results that best

represent the important High-High and Low-Low clusters.
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3.3.2.3. The space-time scan statistic

Kulldorff's space-time scan statistic method was used in SaTScan™, version 9.7, to identify the
space-time clusters of COVID-19 cases between January 2020 and January 2021 in Toronto
neighbourhoods. SaTScan™ software is a widely used open-source spatial scan statistic software
that utilizes Kulldorff's retrospective space-time permutation method to identify significant
clusters in a study area (Kulldorff & Information Management Services Inc, 2009). SaTScan™
uses a moving cylinder with circular or elliptical windows across a study area that locates the
spatial clusters that are significant during a specific period. A discrete Poisson probability model
was chosen for the clustering analysis with the assumption that the disease cases have a Poisson
distribution. The scan parameters with a time interval of one month ranged from January 1, 2020
—January 31, 2021. After a preliminary test, the spatial and temporal scanning windows were
restricted to include 10% of the population at risk and 50% of the study period, respectively, to
avoid a large cluster size. The clusters were tested for significance using 999 Monte Carlo
simulations, and the clusters with a p-value<0.05 are considered to be significant high-risk
clusters. The neighbourhoods within the significant high-risk clusters are identified as high-risk
neighbourhoods. The relative risk of COVID-19 for a cluster is calculated using the ratio of
observed to expected cases, comparing the risk within a cluster to the areas outside the cluster.
The relative risk (RR) (Kulldorff & Information Management Services Inc, 2009; Rao et al.,

2017) defined in Eq. 3:

_ o/e
RR = =000 ©)

Where e is the expected number of cases in the cluster, o is the total number of observed cases

within the cluster, and 0O is the total number of observed cases in the study area. The values of RR
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for a cluster greater than 1 indicate a high COVID-19 incidence rate. A spatiotemporal map with
the clusters and the relative risks (RR) of the neighbourhoods was created in ArcGIS version 10.8.1

to show the spatial variations of COVID-19 risks in the Toronto neighbourhoods.

3.3.3. Regression Analyses

We used five different global and local spatial regression models to understand the relationship
between the socioeconomic variables and COVID-19 incidence rates. The models include three
global regression models: ordinary least squares (OLS), spatial error model (SEM), spatial lag
model (SLM), and two local regression models: geographically weighted regression (GWR) and
multiscale GWR (MGWR). Before running these models, a bivariate regression analysis was
conducted to select the explanatory variables. GeoDa version 1.18.0 was used for running the
three global models. The local models were implemented in a stand-alone software MGWR
version 2.2: Spatial Analysis Research Center (SPARC), Tempe, USA

(https://sgsup.asu.edu/sparc/multiscale-gwr), developed by Fotheringham et al. (Fotheringham et

al., 2017). ArcGIS version 10.8.1 was used for the mapping of all outputs.

3.3.3.1. Global Regression Models

The COVID-19 incidence rate per 1000 population was used as the dependent variable for the
global models. Preliminary data analysis shows that the incidence rates were highly skewed,
violating the normality assumptions of spatial regression models (D. Yu et al., 2010); thus, the
log-transformed (base 10) incidence rates were used as the dependent variable in the models.
The ordinary least squares (OLS) is a regression method investigating the relationship between

the dependent and explanatory variables. OLS makes two major assumptions: the observations
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are independent and constant across the study area, and there is no correlation between the error
terms (Yandell & Anselin, 1990). A spatial error model (SEM) (Yandell & Anselin, 1990) is
based on the assumption that there is a spatial dependence in the OLS model residuals generated
from the OLS error term model. A spatial lag model (SLM) Spatial lag model (Yandell &
Anselin, 1990) is based on a spatially-lagged dependent variable. The SLM model assumes
dependency among the dependent and the independent variables. The SLM also assumes that an
independent variable can depend on another independent variable in the neighbourhood region.
The OLS model is expressed in Eq. (4) as:

yi= Potxf+eg 4)
The mathematical expression for the SEM is shown in Eq. (5) as:

Yi= Bo+ Bx; + AWiu; + ¢ (5)
The SLM model is expressed in Eq. (6) as:

Yi= Bot+xif +pWy; + ¢ (6)

Where yi is the COVID-19 incidence rate in neighbourhood i, x; is the vector of the explanatory
variable, &; is an error term, Wi is a vector of (nxn)spatial weights matrix, S is the vector of
regression parameters, f, is the intercept, u; and u; are the error terms at neighbourhood i and j,
respectively, A is the coefficient of spatially correlated errors, and p is the spatial lag parameter.
However, in the case of COVID-19 in the Toronto neighbourhoods, as supported by
SLM and SEM results shown later in the results, a spatial correlation exists between variables.
Therefore, the interactions from the OLS are omitted from the results, and the spatial models
(SEM and SLM) were considered better suited for this study. The AIC values were used in the
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final model selection process to evaluate overall model accuracy and how well the model fits the

data, and a lower AIC value indicates an improvement in model performance.

3.3.3.2. Local Regression Models (GWR & MGWR)

Two local models, GWR and MGWR, were applied to the same set of predictors used in the
global models to explore the local spatial variation in the relationships with the COVID-19
incidence rates.

The GWR model is a local spatial regression model that makes assumptions that spatial
interactions are non-stationary and that parameter estimates may spatially vary, which can not be
explained by the global regression models (C. H. Lin & Wen, 2011). GWR takes spatial
heterogeneity into consideration while calculating the spatial interaction among the dependent
and explanatory variables and produces local regression parameter estimates at each observation
location (C. H. Lin & Wen, 2011; Maiti et al., 2021). Geographically Weighted Regression
(GWR) uses a local smoothing processing method to estimate the geographical functional form
of regression coefficients non-parametrically (Nakaya, 2016). The GWR model is denoted in EQ.

(8) as:

vi= 2o Bi(nv)Xi + € (8)

where at area i, y; is the dependent variable (log of COVID-19 incidence rate), ﬁj(uj, vj) is the
jth coefficient, (u;, v;) is the vector form of x, y coordinates, X;; is the value of the jth

explanatory parameter, and ¢; is the random error term (lyanda & Osayomi, 2021).
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However, the GWR models produce a single optimal bandwidth for all variables, which
assumes that all factors affect COVID-19 rates at the same spatial scale (H. Yu et al., 2020). This
assumption is given that different processes may affect COVID-19 rates at different spatial
scales. This can result in an underestimation of the parameters, particularly in a large city such as
Toronto, with a high population density (Leong & Yue, 2017). Therefore, we have also applied
the MGWR model, which is an extension of GWR that allows for studying the relationship
between variables at different scales (H. Yu et al., 2020). MGWR obtains a set of optimal
covariate-specific bandwidths in which each bandwidth indicates the spatial scale at which a
factor impacts the outcome variable (Fotheringham et al., 2017). The MGWR model can be
formulated in Eq. (9) as:

Vi = 270 Bowi (W) v)Xi; + € 9)
where f,, ;is the bandwidth used for calibration of the jth relationship (lyanda & Osayomi,
2021), and the rest of the parameters are the same as Eq. (8).

Additionally, geographically weighted regression models generally ignore the multiple
testing issues that can lead to an excess of false positives and therefore, the significance of the
local parameter estimates may be questionable (A. R. da Silva & Fotheringham, 2016).
Therefore, we have also used the newly developed correction method by da Silva and
Fotehringham (A. R. da Silva & Fotheringham, 2016) for inference in the GWR/MGWR to solve
the multiple testing issues to obtain reliable local parameter estimates. da Silva and
Fotheringham proposed an effective correction to the significance level a to assess the significance of
local parameter estimates and avoid the proportion of false positives exceeding a. The corrected
significance level « value is calculated using Eq.(10):
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Where ¢ is the expected type | error rate before correction, ENP is the effective number of
parameters in the model, which is a function of the optimal bandwidth parameter, and P is the
number of parameters in the model (A. R. da Silva & Fotheringham, 2016).

The adaptive bisquare spatial kernel function was applied to develop both local models,
and the golden search was applied to select an optimal bandwidth (H. Yu et al., 2020). The
adaptive bandwidth is defined as the proportion of data points involved in the calibration process
of local estimates and eliminates the influence of outside the neighbourhood spatial units (H. Yu
et al., 2020). AICc was used to evaluate and compare the global model fit and performance. The
best model fit is indicated by a larger R-square and a smaller AICc value. The outputs from the
best-fitted local model were used to map the local parameter estimates, their estimated standard
errors, the significant parameter estimates (after adjusting for multiple tests), the local R-square
and the local Condition numbers. A condition number greater than 20 can affect model accuracy
and inferences, and a value less than 20 indicates no effect of multicollinearity (T. Oshan et al.,

2019).

3.4. Results
3.4.1. Descriptive Statistics

Figure 3.2 shows the distribution of the total cumulative sporadic cases of COVID-19 in Toronto
by epidemiological week. The total monthly cases started to increase in March (week 12) and
experienced a continuous decline from June 2020 (week 25) to August 2020 (week 34).
However, the numbers continued to rise exponentially in the following months, with the

maximum number of cases witnessed in January 2021 (20,506 total monthly cases).

69



Figure 3.2. Total sporadic COVID-19 cases by the epidemiological week in Toronto
between January 2020 and January 2021.
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3.4.2. Spatial and spatiotemporal cluster analyses
3.4.2.1. The Global Spatial Autocorrelation

Before implementing the spatial and spatiotemporal cluster analyses, we examined the global
Moran's | statistic results to evaluate the presence of spatial autocorrelation in the study area
(Figure 3.3). The outcome variable (incidence rate of COVID-19) demonstrated a positive spatial
autocorrelation suggesting a strong clustering pattern, with a statistically significant Moran's |
value of 0.62 (p-value=0.001, z-value =12.96). The results indicate that the distribution of the
incidence rate of COVID-19 had a positively significant correlation with the incidence rate of the
nearest neighbourhoods during the study period.

3.4.2.2. Local Moran's |

The results from the local Moran's I method show COVID-19 clusters with a significance level
of 0.1%, 1% and 5% in the Toronto neighbourhoods. The impositions of the Bonferroni bounds

result in only the low-low and high-high clusters being significant. Our goal is to understand the
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interesting locations rather than interpreting the most stringent tests(p-value=0.00012), and
therefore we have interpreted the use of the traditional p-value of 0.05, 0.01 and 0.001. The
results also show distinct clustering of statistically significant high-high clustering or 'hotspots'
in the northwestern and southeastern parts of Toronto in 29 neighbourhoods (20.71% of all
neighbourhoods) and Low-Low clustering or cold spots in 35 neighbourhoods (25% of all

neighbourhoods) in central Toronto (Figure 3.3).

Figure 3.3. Cluster and significance maps of COVID-19 incidence rates in Toronto using
the local Moran’s | approach.
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Not Significant (74)

LISA Significance Map: Sporadic
Not Significant (74)
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3.4.2.3. The space-time scan statistic

We found eight statistically significant space-time clusters of COVID-19 in different parts of
Toronto from January 2020 to January 2021 using the space-time statistic method in SaTScan™
(Figure 3.4, Table 3.1). Table 3.1 provides the space-time cluster characteristics that include the
p-values, the total population at risk, the observed and the expected number of cases, the total

number of neighbourhoods and the relative risk rates for each cluster. The high-risk clusters varied
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in terms of size, the magnitude of relative risks, the total number of neighbourhoods, and the
number of populations at risk. Forty-two neighbourhoods (30%) not within the significant clusters
were considered low/no risk (of COVID-19) neighbourhoods. The highest relative risks (RR>3.0)
were recorded in the western and eastern parts of Toronto. The temporal periods for the eight high-
risk clusters fell between October 2020 - January 2021, with cluster 1 (located in the northwestern
corner) experiencing a three-month-long clustering period.

Figure 3.4. The space-time clusters of COVID-19 in Toronto between January 2020 and
January 2021.
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Data Sources: Toronto Neighbourhood profiles: https://open.toronto.ca/dataset/neighbourhood-profiles/ s @ Space-time cluster (C.)
Covid-19 cases: Sporadic (occurring in the community) cases. Published by Toronto Public Health.
The case data are extracted from the provincial Case & Contact Management System (CCM).
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Table 3.1. The characteristics of the COVID-19 space-time clusters in Toronto between
January 2020 and January 2021.

CLUSTER P-VALUE Radius START END # of OBSERVED = EXPECTED RR
DATE DATE Neighbours
1 <0.001 6691 2020/10/1 2021/1/31 13 11690 2184.21 6.21
2 <0.001 8912 2020/11/1 2021/1/31 10 7137 1584.07 4.90
3 <0.001 3463 2020/10/1 2021/1/31 16 5967 1765.93 3.60
4 <0.001 4049 2020/11/1 2021/1/31 10 5298 1609.89 3.48
5 <0.001 3905 2020/12/1 2021/1/31 11 3447 987.09 3.62
6 <0.001 3045 2020/11/1 2021/1/31 12 3674 1206.91 3.16
7 <0.001 5643 2020/12/1 2021/1/31 15 2665 1026.03 2.66
8 <0.001 2880 2020/12/1 2021/1/31 10 1608 760.13 214

RR = Relative risk, Pop = Population at risk.

3.4.3. Regression Analyses

The results of the bivariate regression analysis show a significant positive correlation between
COVID-19 incidences and the four independent variables: percentage of immigrants (p-
value<0.0001), the prevalence of low income (p-value<0.0001), unemployment rate (p-
value<0.0001) in the neighbourhoods, whereas a significant negative correlation was observed
with the percentage of the population with a lower level of education (p-value<0.0001) in the
neighbourhood (Table 3.2). The spatial regression models were run with the four independent
variables, and the multicollinearity among predictor covariates was tested using the
multicollinearity condition number method. The model yielded a multicollinearity condition
number of 18.9. Since the multicollinearity condition number was under 30, it indicates that the
predictor variables in the regression model are not highly correlated (Anselin et al., 2006;

Yandell & Anselin, 1990). The presence of autocorrelation among the predictor variables was
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further investigated using a correlation matrix. The results indicated no strong correlation
between the four independent variables and were included in the local and global regression
models.

Table 3.2. Results of the bivariate regression analysis.

Variables Estimate (95% CI) p-value
Percentage of immigrants 0.69 (0.60, 0.77) <0.0001
Percentage of population with lower level of education 0.82 (0.75, 0.86) <0.0001
Prevalence of low income 0.30 (0.15, 0.45) <0.0001
Unemployment rate 0.64 (0.53, 0.72) <0.0001

Note: Outcome variable= log of COVID-19 incidence rate.
3.4.3.1. Global Regression Models
The results from the OLS diagnostics show that the LM lag and LM error were both statistically

significant at the 0.05 significance level, indicating that spatial models such as SLM and SEM are
more appropriate and relevant global models. The Akaike information criterion (AIC), R-square
and the log-likelihood values were compared to find the most appropriate (Yandell & Anselin,
1990) spatial regression model (SLM or SEM) that explains the global spatial relationship between
the socioeconomic variables and COVID-19 incidence rates. Table 3.3 shows that the SEM model
had the lowest AIC value and the highest R?value. Therefore, the SEM model is chosen as the
most appropriate model that successfully incorporates spatial effects in the model and can better
explain the model variability. The results from the SEM model showed a one percent increase of
the immigrants in a neighbourhood was associated with a 1% (exponentiation of the estimate of
0.0110) increase in the COVID-19 incidence rate in the neighbourhood. Moreover, a one-unit
increase in lower-educated individuals in a neighbourhood was associated with a 2%
(exponentiation of the estimate of 0.0179) increase in the COVID-19 incidence rate in the

neighbourhood. The spatial autoregressive coefficient (LAMDA) of the SEM model has a positive
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sign and is highly significant (p-value<0.05), indicating a positive spatial dependence between the
neighbourhoods (Table 3.4).

Table 3.3. Summary of the outputs from the global spatial regression models.

Index Spatial Lag Model  Spatial Error Model (SEM)
(SLM)
R? 00.79 0.81
Log-likelihood 102.67 107.60
Akaike information criterion -193.35 -205.21

Table 3.4. Regression outputs from the Spatial Error Model (SEM) model (n=140).

Variable Coefficient Std. Error z-value Probability
Constant 1.4605 0.1562 9.3487 <0.0001
Percentage of Immigrants 0.0110 0.0035 3.0842 0.0020
Percentage of population with 0.0179 0.0026 6.8249 <0.0001

lower level of education

Prevalence of low income -0.0024 0.0061 -0.3988 0.6899
Unemployment rate 0.0402 0.0255 1.5738 0.1155
LAMDA 0.4455 0.1077 4.1337 <0.0001

Dependent variable: base-10 logarithmically transformed rates of COVID-19
Akaike Information Criterion (AIC): -63.46

3.4.3.2. Local Regression Models (GWR and MGWR)

Table 3.5 shows the covariate-specific bandwidths, the effective number of parameter estimates,
critical t values, adjusted alpha, R square and AlICc values for both GWR and MGWR models.
The diagnostics of the local models indicated that the MGWR model presented the largest R-

square and lowest AICc among all models and, therefore, a better-fitted model (Table 3.5). The
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R-square value indicates that the MGWR model explains 88.4% of the variations in the COVID-
19 rates in Toronto. The summary results of the MGWR are listed in Table 3.6.

Table 3.5. GWR and MGWR Summary Statistics for the COVID-19 Data.

GWR MGWR
Diagnostic Entire Entire Intercent  Immiarants Lowe(z)rflevel Low Unemployment
Model Model P 9 . Income Rate
education
Bandwidth 71 n/a 43 65 99 43 139
Effective No.of ;) »g 21.09 6.79 3.83 1.98 7.20 1.28
Parameters
Adjusted o 0.0125 0.0018 0.007 0.013 0.025 0.006 0.039
Critical t (95%) 2.53 2.72 2.51 2.26 2.74 2.08
AlCc 158.105 149.45
R2 0.874 0.884
n=140
Table 3.6. Summary of coefficients results from the local MGWR Model.
Variables Mean STD Min Median Max
Intercept 0.019 0.195 -0.248 -0.022 0.526
Percentage of Immigrants 0.307 0.095 0.077 0.310 0.489
Lower level of education 0.505 0.048 0.437 0.492 0.609
Prevalence of low income -0.019 0.128 -0.368 0.027 0.231
Unemployment rate 0.119 0.008 0.110 0.116 0.136

The spatial associations between the socioeconomic factors and COVID-19 rates using
the outputs from the MGWR model are shown in Figures 3.5-3.8, where the local parameter
estimates and associated standard errors are mapped in (a) and (b), respectively, while (c)
indicates only the significant local parameter estimates defined based on the significance ()

value given in Table 3.4 which has been adjusted for multiple tests.
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Significant positive associations between COVID-19 incidence rates and the percentage
of immigrants were observed in all neighbourhoods in Toronto (Figure 3.5¢). The higher local
parameter estimates were observed in the northwestern and southern parts of Toronto, whereas
lower local parameter estimates were observed in the northeastern parts of Toronto. Similar to
the percentage of immigrants, a higher percentage of the population with a lower level of
education was positively associated with COVID-19 incidence rates throughout all
neighbourhoods of Toronto (Figure 3.6¢). The higher local parameter estimates were observed in
northeastern Toronto, whereas relatively lower local parameter estimates were observed in
southern Toronto.

The association between COVID-19 incidence rate and the two factors: prevalence of low
income and unemployment rate, were not found to be significant in the majority of the
neighbourhoods in Toronto (Figures 3.7c and 3.8c). The prevalence of low-income local
parameter estimates varied from positive to negative values (Figure 3.7a). However, only six
neighbourhoods in northwestern Toronto had a significant negative association with COVID-19
incidence rates (Figure 3.7c). The unemployment rate was found to be significantly associated
with COVID-19 incidence rates in only five neighbourhoods in the northeastern part of Toronto
(Figure 3.8¢c)

Figure 3.9 presents spatial variations in local R-square values in the study area and the
local condition numbers (CN) from the MGWR model for each neighbourhood. The highest
local R-square values (R2>0.86) were observed in the western and central parts of Toronto,
namely in the Etobicoke and North York regions (Figure 3.9a). The local condition number (CN)

was observed higher in the northern and central parts of Toronto. However, the overall the CN

77



value was <20 with maximum value being 9.5, suggests that there were no presence of

multicollinearity in the model (Figure 3.9b).

Figure 3.5. (a) Local parameter estimates (b) Standard errors (c) Significant local
parameter estimates (after adjusting for multiple tests) for the percentage of immigrants
variable from the MGWR model.
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Figure 3.6. (a) Local parameter estimates (b) Standard errors (c) Significant local
parameter estimates (after adjusting for multiple tests) for the lower level of education
variable from the MGWR model.
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Figure 3.7. (a) Local parameter estimates (b) Standard errors (c) Significant local

parameter estimates (after adjusting for multiple tests) for the prevalence of low-income

variables from the MGWR model.
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Figure 3.8. (a) Local parameter estimates (b) Standard errors (c) Significant local
parameter estimates (after adjusting for multiple tests) for the unemployment rate variable
from the MGWR model.
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3.5. Discussion

The results of our analysis of the COVID-19 incidences displayed non-random spatial
distribution patterns in our study area in Toronto. Both Anselin's local Moran's | and Kulldorff's
space-time statistic produced similar patterns of hotspots/clusters in the Northwestern part of
Toronto in the Etobicoke region. An assessment of the MGWR maps suggests that the higher
percentage of immigrants in the neighbourhoods may have contributed to the higher COVID-19

incidence in that part of Toronto. Additionally, in the eastern part of Toronto, the lower level of
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education of the people in the neighbourhood may have contributed to higher COVID-19
incidence.

Although there were some similarities, we also observed a few dissimilarities in the
clusters detected by the two clustering approaches. It is important to note that the local Moran's |
do not take the temporal factors into account, and the magnitude of the risk is not provided,
which is covered in the scan statistic. While the scan statistic identified clusters in the
southwestern parts of Toronto, the local Moran's | found no significant clusters in those areas.
Overall, the clusters identified by the scan statistic were more localized and covered a broader
area than that identified by the local Moran's 1. In local Moran's | method, the clusters are
identified in a strictly bounded area, where the correlation is assessed between the disease rate of
a certain neighbourhood and the average disease rate of its surrounding (first-order contiguity)
neighbourhoods (Laohasiriwong et al., 2018). Scan statistic might be a more sensitive method
(Laohasiriwong et al., 2018) and provides more elaborate details of the cluster characteristics
such as the total population at risk, radius, and relative risks compared to local Moran's I. Since
each method has its own set of strengths and limitations, we believe a combined approach to
identifying the disease clusters would provide an in-depth understanding of the disease clusters
and ensure logical consistency of the results of the analyses.

The results of the global regression yielded that the percentage of immigrants and a lower
level of educated people in the neighbourhood influenced to vary COVID-19 incidence rates in
Toronto, consistent with the previous studies (Borjas, 2020; Fielding-Miller et al., 2020; Goutte
et al., 2020). We found that a higher concentration of immigrants in the neighbourhood was

associated with the increased COVID-19 incidence in the neighbourhood, suggesting that
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COVID-19 might have disproportionately impacted the immigrant population in Toronto. This
could be attributed to immigrants living in overcrowded housing conditions, lower-income
neighbourhoods and/or working in an environment where physical distancing is often
challenging (Choi et al., 2020; CTV, 2020). It is worth noting that Asian countries account for
the majority (53%) of immigrants in Toronto, with China alone accounting for 20%.
Heterogeneity in risk factors across Asian-origin subgroups may have led to distinct patterns of
geographic disparities of risk in COVID-19.

We also found that neighbourhoods with lower levels of education had higher outbreaks
of COVID-19 in Toronto. This suggests that the least educated people may have a lower
understanding and awareness of COVID-19, highlighting the importance of knowledge to fight
this pandemic. It is also possible that the less educated people are employed in professions where
they are at higher risk of contracting COVID-19, and it is not possible for them to self-isolate at
home. However, note that the global models have some limitations since these models assume
that the interactions between the variables are stationary over space which is often not realistic
(Thayn & Simanis, 2013). A variable that is not found significant at the global scale may not be
true at a local spatial scale. The results of our study also suggest that although the prevalence of
low income and the unemployment rate were not found to be significant predictors in the global
model, the individual influences of these two predictors exhibited a significant association
(negative and positive) in the local MGWR model in a few neighbourhoods in the city. These
suggest that ignoring the locally variable indicators may not help to control disease transmission.

A major advantage of using the local regression model in this study is that it allows us to

visually demonstrate the magnitude of risk deriving from a factor at a spatial scale, which would
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allow us to know where a particular type of intervention will be required based on the different
associations between characteristics of given populations located at different places. The
intervention may also include informing on COVID protection measures using which languages
and where to ask people to stay at home and work remotely, etc. The parameter estimates and
significant maps allowed a comparison with the cluster maps to identify the socioeconomic
drivers of the clustering of the disease in neighbourhoods.

While the global models performed well, the local models provided a more parsimonious
quantitative output of the socioeconomic determinants that may influence COVID-19 rates. The
MGWR allowed the relationship between COVID-19 and explanatory variables to vary spatially
and at different scales. The MGWR has the advantage of more accurately depicting spatial
heterogeneity, diminishing multicollinearity and lessening the bias in the parameter estimates (T.
M. Oshan et al., 2019; H. Yu et al., 2020). Our findings indicated that the MGWR does not
suffer from the effect of multicollinearity and is robust as it allowed each parameter to be
processed at flexible and varying scales. The use of the correction method proposed by da Silva
and Fotheringham (A. R. da Silva & Fotheringham, 2016) allowed us to identify the significant
association with each predictor variable at a local scale for a more validated output. The MGWR
model explained 88.4% of the model variances, which is higher than the global four-parameter
SEM model (81%), SLM (79%), and the local GWR model (87.4%), suggesting that the results
of the MGWR model provided a more enhanced model accuracy. Therefore, we believe using
the MGWR approach to demonstrate the influence of socioeconomic components on COVID-19

incidence patterns in Toronto benefitted our study.
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There are several limitations to our study. First, we used a limited number of variables
based on the publicly available data at the neighbourhood level. Further study by including
additional explanatory variables may benefit our understanding of the spatial variations of the
disease incidences. Second, this study used confirmed and probable COVID-19 cases collected
from Toronto Public Health. However, COVID-19 is often known to be asymptomatic. Thus, we
could have missed the infected individuals who had mild symptoms and not visited any hospital
or testing centers and were unreported.

Furthermore, there is a possibility of misclassification and variation in the propensity to
test. However, we believe that these unreported cases could be randomly distributed and may not
have a significant impact on our analysis. Third, the scan statistic uses a circular window to
detect disease clusters and is unable to detect clusters irregular in shape (Hughes & Gorton,
2013; Kulldorff & Information Management Services Inc, 2009).

In Toronto, COVID-19 has rapidly evolved, creating a dire public health crisis. Several
ongoing preventative measures were adopted in Toronto by the government to control the spread
of COVID-19 due to the higher rates of infections among the residents. However, the number of
cases continued to rise. Spatial modelling of disease is important to assess a newly emerging
infectious disease such as COVID-19 to understand the magnitude of the risk in a densely
populated city like Toronto. Some studies have emphasized the importance of early
implementation of intervention strategies to mitigate the disease risk from COVID-19 (Pei et al.,
2020; Pellis et al., 2020). Our study has several policy implications for mitigating the risk from
COVID-19: i) it may serve as a spatial guideline for the decision-makers to formulate mitigation

strategies focusing on the hotspots across the neighbourhoods with effective and clear guidelines,
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ii) the socioeconomic determinants of COVID-19 may provide spatially explicit information
about the spatial drivers of COVID-19 to identify the localities, and the policymakers can
establish disease surveillance based on the socioeconomic drivers that were influencing disease
risk in the neighbourhoods, iii) it may help in developing plans for decreasing the socioeconomic
inequalities in the high-risk neighbourhoods to mitigate the disease risk, and iv) it may help to
identify areas where interventions will be required to improve public knowledge and awareness
of COVID-109.

Future research may focus on how the epidemics are disseminated by using diffusion
modelling techniques to display the diffusion direction, magnitude, and dynamics by taking into
account of the knowledge related to the virus, such as the incubation time and injected into

modelling to better represent the reality.

3.6. Conclusion

The use of spatial methods to model COVID-19 incidence in Toronto is warranted to improve
the current control and vaccination strategies at the postal code level. Our study adopts multiple
spatial and spatiotemporal models to provide a deeper insight into the magnitude of the risk of
COVID-19 in Toronto. We detected several high-risk clusters in different parts of Toronto, and
the socioeconomic conditions in the neighbourhoods could be the underlying factors for
clustering the cases. Addressing the socioeconomic determinants of health, such as education,
diversity, income, and unemployment status, is important in infectious disease surveillance.
People living in a lower socioeconomic condition may struggle to adhere to proper social

distancing measures. The findings of our study could allow a closer focus on the COVID-19
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incidence and the socioeconomic predictors to mitigate the disease risk and control it. The

policymakers could be beneficial from the findings of this study.
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Chapter 4 Manuscript 2: Identifying Spatiotemporal Patterns of COVID-19 and
the Drivers of the Patterns in Toronto: A Bayesian Hierarchical Spatiotemporal
Modelling?

4.1. Summary

Spatiotemporal patterns and trends of COVID-19 at a local spatial scale using Bayesian
approaches are hardly observed in the literature. Also, a study rarely used satellite-derived long
time-series data on the environment to predict COVID-19 risk at a spatial scale. In this study, we
modelled the COVID-19 pandemic risk using a Bayesian hierarchical spatiotemporal model that
incorporates satellite-derived remote sensing data on land surface temperature (LST) from
January 2020 to October 2021 (89 weeks) and several socioeconomic covariates of the 140
neighbourhoods in Toronto. The spatial patterns of risk were heterogeneous in space with
multiple high-risk neighbourhoods in Western and Southern Toronto. Higher risk was observed
during Spring 2021. The spatiotemporal risk patterns identified 60% of neighbourhoods had a
stable, 37% had an increasing, and 2% had a decreasing trend over the study period. LST was
positively, and higher education was negatively associated with the COVID-19 incidence. We
believe the use of Bayesian spatial modelling and the remote sensing technologies in this study
provided a strong versatility and strengthened our analysis in identifying the spatial risk of
COVID-19. The findings would help in the prevention plan, and the framework of this study

may be replicated in other highly transmissible infectious diseases.

2 The citation for this article is Nazia, N., Law, J. & Butt, Z.A. Identifying spatiotemporal patterns of COVID-19
transmissions and the drivers of the patterns in Toronto: a Bayesian hierarchical spatiotemporal modelling. Sci
Rep 12, 9369 (2022). https://doi.org/10.1038/s41598-022-13403-x
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4.2. Introduction

COVID-19, caused by the coronavirus SARS-CoV-2, has complex transmission dynamics
possibly generated by different risk factors such as demographic, social and environmental
factors (Cao et al., 2020; Franch-Pardo et al., 2020; Guan et al., 2020; P. Wang et al., 2021). It is
highly transmissible by either direct contact with an infected individual or transmission via
contaminated surfaces leaving the world at a halt in many aspects (Ganegoda et al., 2021). In
Canada, over 3.4 million COVID-19 cases and over 37,485 COVID-19-related deaths have been
reported, with Ontario and Quebec reporting the highest cumulative cases in the nation
(Government of Canada, 2020). Over 11.2 billion COVID-19 vaccine doses have been
administered around the world (WHO, 2021), and at least 89% population over the age of 5 years
in Canada have received at least one dose (March 28, 2022) (Canada, 2021a). In Canada,
Toronto continues to experience substantial COVID-19 incidence and hospitalization rates
despite several interventions and mitigation efforts made by local and provincial public health
officials (CBC News, 2021; CTV News, 2021).

As momentum grows to end this global pandemic, understanding the disease trends,
detecting hotspots, and identifying important risk factors at the community level is an imperative
research effort. Temperature is often a significant risk factor for infectious diseases because a
certain temperature can help the virus evolve rapidly (Tobias & Molina, 2020). A county-level
study in the USA found a strong negative influence of nighttime land surface temperature (LST)
with COVID-19 using low-resolution Moderate Resolution Imaging Spectroradiometer
(MODIS) images of 2020 (Johnson et al., 2021). Another study found LST to be an important

determining factor in the COVID-19 infection rate in Kolkata, India (Das et al., 2020). Another
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study by Hassan et al. identified a strong positive relationship between COVID-19 and LST
(Hassan et al., 2021). This study showed that a 1°C increase in LST is linked with a 36.1%
increase in COVID-19 incidence rates in Bangladesh. Many prior studies have discussed the
associations between temperature and COVID-19 (Shi et al., 2020); however, most of these
studies have used short temporal periods, lower resolution images or have not performed a small
area analysis. The results were diverse and often contradictory in different geographic areas,
leaving a gap in understanding the impact of temperature on COVID-19 transmission in a small
urban area.

Previous studies have also linked different socioeconomic and demographic factors to
explain the heterogeneity in COVID-19 rates across space. Some studies have found that areas
with low socioeconomic status, such as rate of poverty (Abedi et al., 2020; Chaudhry et al.,
2020; Cordes & Castro, 2020; Maiti et al., 2020; Sannigrahi, Pilla, Basu, Basu, et al., 2020b),
rate of education (Abedi et al., 2020; Cordes & Castro, 2020; Goutte et al., 2020; Y. Wu et al.,
2020), ethnicity status (Andersen et al., 2021b; Y. Chen & Jiao, 2020b; Cordes & Castro, 2020;
Kathe & Wani, 2020; Maiti et al., 2020; Niedzwiedz et al., 2020; F. Sun et al., 2020b; Y. Sun et
al., 2020b), immigration status (Borjas, 2020; Fielding-Miller et al., 2020; Indseth et al., 2021,
Ingen et al., 2021; Politi et al., 2021), unemployment rate (Goultte et al., 2020; Y. Sun et al.,
2020b; Yoshikawa & Kawachi, 2021), and housing conditions (Borjas, 2020; Goutte et al., 2020;
Y. Wu et al., 2020) tend to experience higher rates of COVID-19 infections and morbidity due to
the economic and health inequalities. A previous work by Vaz in 2021 (Vaz, 2021) found that
COVID-19 cases are not uniformly distributed in Toronto. Social injustice, socioeconomic

vulnerability and population density were found to be related to the increasing spread and
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incidence of COVID-19. A work by Feng in 2021 has found that neighbourhood-level population
density and low income have a significant effect on COVID-19 mortality risk (C. Feng, 2021).
Another study of Toronto neighbourhoods by Choi et al. in 2021 found that several demographic
and socioeconomic factors, such as higher education rate, and lower rates of immigrants
(foreign-born residents) were significantly associated with decreasing the number of COVID-19
infections (Choi et al., 2021). These past studies implied that these factors might
disproportionately impact COVID-19 infection rates. Finally, analyzing the spatiotemporal
trends of COVID-19 transmission to understand whether the disease risk trends show increasing,
decreasing or stable patterns over the study period has also been understudied.

In this study, we used Bayesian hierarchical spatiotemporal models to investigate the
spatiotemporal patterns of COVID-19 transmission in Toronto. The approach allows us to deal
with uncertainties related to the data, the process and model parameters (Haining & Li, 2020) since
it has the capacity to account for missing data, measurement errors and ecological bias (Knorr-
Held & RaRer, 2000; Law et al., 2014). Even though Bayesian models have a clear advantage, only
a handful of studies (Jaya & Folmer, 2021; MacNab, 2022; Rohleder & Bozorgmehr, 2021;
Saavedra et al., 2021; L. Wang et al., 2021) in COVID-19 research have adopted Bayesian
approaches to predict COVID-19 risk, identify trends and locate hotspots. Motivated by the recent
increase in COVID-19 incidence in winter, this study scrutinizes the effect of weather and
socioeconomic and demographic factors on COVID-19 using a small area analysis. Within the
scope of this study, we will answer four research questions: i) where were the hotspots of COVID-
19, ii) what were the temporal patterns of risk in the study area, iii) was there a relationship between

land surface temperature and COVID-19 while adjusting for socioeconomic and demographic
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factors, and iv) was there any spatiotemporal trend of COVID-19 transmission in Toronto (e.g.,

stable, increasing or decreasing)?

4.3. Methods
4.3.1. The Study Area

The study area is the metropolitan city of Toronto, located on the northwestern shore of Lake
Ontario at an altitude of 175m (43°42'00” N latitude and 79°24'58" W longitude). It is the capital
city of the province of Ontario in Canada, with a total land area of 630 km? and a high population
density of 4,692 persons/km?. Toronto has a well-defined urban heat island with warmer
temperatures, mostly at night and in winter, compared to the rest of the city’s surrounding
regions. The average temperature of Toronto is 21.9°C (81.3°F), and the annual rainfall is
845mm (33.3 inches), with July (17°C to 25°C/62°F to 77°F) the hottest and February (average -
4.4 °C [24.1 °F) the coldest months of the year. The map of the study area is provided in Figure

4.1.
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Figure 4.1. The study area in Toronto, Ontario, Canada.
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4.3.2. Geographic boundary, population, and case data
There were 140 geographically distinct neighbourhoods in the study area. The digital data of the

geographic boundaries for these neighbourhoods were acquired from the open data portal of the

city of Toronto (City of Toronto, 2020b). We used the COVID-19 case data originally collected
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by Toronto Public Health and extracted from the provincial Case & Contact Management
System (CCM) by the city of Toronto. The case dataset contains the demographic, geographic,
and severity information for all confirmed and probable, sporadic, and outbreak-associated cases.
We aggregated the daily case data from January 2020 to October 2, 2020, by the 89
epidemiological weeks and at the neighbourhood level. The total population for each
neighbourhood was collected from neighbourhood profiles using the census 2016 population
dataset collected and released by Statistics Canada (City of Toronto, 2017).

4.3.3. Demographic and socioeconomic variables

Previous studies have also linked different socioeconomic and demographic factors to explain
the heterogeneity in COVID-19 rates across space (Abedi et al., 2020; Andersen et al., 2021b;
Chaudhry et al., 2020; Y. Chen & Jiao, 2020b; Cordes & Castro, 2020; Das et al., 2020;
Fielding-Miller et al., 2020; Goultte et al., 2020; Hassan et al., 2021; Kathe & Wani, 2020; Maiti
et al., 2020; Niedzwiedz et al., 2020; Sannigrahi, Pilla, Basu, Basu, et al., 2020b; F. Sun et al.,
2020b; Y. Sun et al., 2020b; Y. Wu et al., 2020). Based on these past studies and data
availability, we selected 11 potential demographic and socioeconomic variables under six
categories (demographic, core housing need, race/ethnicity/minority status, education, economic
and immigration status) for our model. These data were collected from the Toronto
neighbourhood profile based on the 2016 census from Statistics Canada. The full descriptions of

the variables are provided in Table 4.1.
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Table 4.1. Descriptions of the demographic and socioeconomic covariates (2016 Census).

Category

Covariate

Covariate Description

Education

Higher education rate

Percentage of the population who are aged 25-
64 years and have a higher level of education
(having a university certificate, diploma or at
least a bachelor's degree) (Government of
Canada, 2017b).

Economic

Unemployment rate

Percentage of population in private households
who are over 15 years and not employed in the
labour force) (Government of Canada, 2017f).

Prevalence of low-income

The percentage of the population whose income
falls below the low-income cut-off (LICO) table
represents the poverty line (Government of
Canada, 2017d, 2017¢). The cut-off thresholds
represent the income levels at which these
families or persons were expected to spend 20
percentage points or more of their after-tax
income than average on food, shelter and
clothing (Government of Canada, 2017d).

Core Housing Need

Rate of unaffordable housing

Percentage of households in a neighbourhood
costs >30% of total before-tax income ton
adequate shelter (Government of Canada,
2017h).

Rate of inadequate housing

Percentage of population in the neighbourhood
not requiring any major repairs as reported by
the residents (Government of Canada, 2017h).

Rate of unsuitable housing

Percentage of population in the neighbourhood
without suitable accommodations according to
the National Occupancy Standard (NOS)
standards (Government of Canada, 2017h).

Race/Ethnicity/Minority
Status

Percentage of black population

The percentage of black population in a
neighbourhood.

Visible minority

Percentage of visible minority in a
neighbourhood. Visible minority refersto a
person who belongs to a visible minority group
as defined by the Employment Equity Act,
defining visible minorities as "persons, other
than Aboriginal peoples, who are non-Caucasian
in race or non-white in colour (Government of
Canada, 20179).

Immigrants

Percentage of the population born outside of
Canada and who is, or who has ever been, a
landed immigrant or a permanent resident
(Government of Canada, 2017c).

Demographic

Population density

The number of persons per square kilometre in a
neighbourhood.
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4.3.4. The Land Surface Temperature (LST) Data

We used Landsat imageries to retrieve the weekly average land surface temperature (LST) at the
neighbourhood level for 89 consecutive weeks (January 19, 2021 — October 2, 2022). The timing
of these imageries was approximately 4 PM (GMT). We collected mostly Landsat 8 imageries
(75), and if the imageries for a particular week were not available in Landsat 8, we used Landsat
7 imageries instead. However, no images were available for two epidemiological weeks (week
45 of 2000 and week 7 of 2021). We used the average temperature of the previous and following
weeks for these two weeks. The images were corrected using atmospheric correction parameters
collected by the National Aeronautics and Space Administration (NASA) to improve estimation
accuracy. The complete details of the LST retrieval process, image data, acquisition time, and
atmospheric parameters are summarised in Table S4.1 in Appendix 1 (Supplementary Materials).

4.3.5. Zonal Statistics

Zonal statistics were performed in ArcGIS Desktop software to calculate the average LST values
for the retrieval of spectral radiance. We applied a mask comprised of the polygons
(neighbourhood boundaries) from the map of the city of Toronto and used zonal statistics to
calculate the average LST of all pixels by neighbourhood.

4.3.6. Variable Selection

Variable selection was conducted using a two-step method to fit into the multivariable regression
model. In the first step, we performed a Pearson’s correlation and generated a correlation matrix
taking into account of all the potential risk factors to evaluate collinearity among these risk factors
(Appendix 2, Figure S4.1 in Supplementary materials). Note that the presence of collinearity

among the independent variables can result in model overfitting, unstable estimates and inaccurate
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variances, and consequently incorrect inferences about associations between explanatory and the
response variables.(Mason & Perreault, 1991; Midi et al., 2010; D. C. Wheeler, 2007; D. Wheeler
& Tiefelsdorf, 2005) We observed that the percentage of immigrants had a high correlation (>0.7)
with the percentage of the black population and the percentage of visible minorities. Since Choi et
al. in 2021, in a study conducted in our study area in Toronto, stated that the percentage of
immigrants is an important risk factor in our study area in Toronto (Choi et al., 2021), we selected
this variable over the percentage of the black population and percentage of visible minorities. The
prevalence of low income was found to be strongly correlated with the rate of unaffordable housing
and unemployment rate. Out of the three core housing need variables, the rate of unsuitable and
the rate of unaffordable housing had a strong correlation with multiple variables. Since the rate of
inadequate housing did not have a strong correlation with any other variables, we selected this
(inadequate housing) variable over other housing variables. Among the correlated factors, we
selected the prevalence of low income over the unemployment rate based on an earlier study in
our study area that found low income to be strongly associated with COVID-19 (C. Feng, 2021).
Finally, since the LST and population density did not have a strong correlation with other factors,
we kept both in the model.

In the second step, the six selected variables from the first step: Land Surface Temperature
(LST), the prevalence of low income, rate of higher education, inadequate housing, percentage of
immigrants and population density per square kilometres, were fitted in a Bayesian variable
selection method using BayesVarSel package in RStudio to select the variables that fit best in our
Bayesian hierarchical spatial model (Appendix 2 in Supplementary Materials). The approach uses

priors as proposed by Bayarri et al. (Bayarri et al., 2012), computes posterior probabilities of
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hypotheses or the models, and delivers tools in a coherent and complete analysis to properly
summarise the outputs (Garcia-Donato & Forte, 2018). This approach yielded LST, rate of higher
education and percentage of immigrant variables with higher posterior probabilities and marginal
inclusion probabilities (Appendix 2, Table S4.2), suggesting that these three variables are very
relevant, highly influential, and the best fit for our Bayesian regression models.

4.3.7. Standardization of the variables

Since the variables were in different units, such as raw values, percentages, and prevalence rates,
we used the Z-transformation technique, where the mean for all values was subtracted from each
value and was then divided by the standard deviation of the values of the variables to obtain
standardized values for the Bayesian model.

4.3.8. Bayesian Spatiotemporal Models

We performed four Bayesian hierarchical space-time models to investigate the long-term
spatiotemporal effects of COVID-19 using two frameworks: space-time separable (Haining & Li,
2020) and the space-time inseparable models.(Haining & Li, 2020; Knorr-Held, 2000) Model 1
drew the space-time separable framework, while Models 2, 3 and 4 drew the space-time
inseparable modelling frameworks.

To model each outcome value y;;, the COVID-19 case count observed in week t in the
neighbourhood i (i =1,....N and t =1,.....T), the data model takes Poisson distributions as the
likelihood in Eq. 1:

Vit~ Poisson () 1)

Specifically, Poisson mean, p;; is a product of n;, the total number of populations in
neighbourhood i, obtained from the 2016 census, is assumed to be time-variant, and 6;, the

underlying unknown COVID-19 risk in the neighbourhood i during week t. The space-time
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variability is partitioned into three components: spatial, temporal and the space-time interaction
effect. In Model 1, a space-time separable model is used that consists of the first two components
(spatial, and temporal), where the variability of data is not captured by the space-time separable
structure. Models 2,3 and 4 capture the space-time inseparable structure proposed by Knorr-held
(Knorr-Held, 2000), using three different space-time interaction effects that allow space-time
inseparability. Table 4.2. and Appendix 3 (Supplementary materials) summarise the four Bayesian
Space-Time Hierarchical models, including data, process, space-time interaction components, and
full model specifications.

Table 4.2. Summary of the four Bayesian Space-Time Hierarchical models.

Model 1 Model 2 Model 3 Model 4
Type | Type Il Type Il
Framework Space-Time Space-Time Inseparable
Separable
Yie~ Poisson (W), pie = ny. 0y
Data where Poisson mean, p;.is a product of n;, the total number of populations in neighbourhood i is
Model assumed to be time-variant, and 6;;, the underlying unknown COVID-19 rate in neighbourhood i

during week t.
log (8;;) = « +betal *

Process EDU;; + beta2 * log (6;;) = a + betal * EDU;, + beta2 * IMMI;, + beta3 * LST;,
Model IMMI;; + beta3 * +(S;+U)+v, + 6
LST;; + (S;+U;) + v,
1)
The Overall Si140~ ICAR (Wyp, 03)
Spatial U;~ N(0,0%)
Components
Overall
Temporal V1.g9~ ICAR Wgy1, 02)
Component
The space-
Time 8ie =0 i~ N(0,05) Sipir ~ RW Wirw1,08)  Siwe ~ ICAR(Wsp, 05)
Interaction
component
The o, ~ Uniform(0.0001,10), o, ~ Uniform(0.0001,10),
Parameter 0, ~ Uniform(0.0001,10), 05 ~ Uniform(0.0001,10),
Model x ~ Uniform(—oo, +00)
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Other
Vague betal ~ Normal(0,0.0001), beta2 ~ Normal(0,0.0001), beta3 ~ Normal(0,0.0001)
Priors
Where betal, beta2 and beta3 are the regression coefficients of higher education rate, percentage of
immigrants and LST, respectively.
S, is the structured, U; is the unstructured, v, is the temporal and §;; is the space-time interaction effect.
o, 0,0, 05 are the standard deviation of the spatially-structured, spatially-unstructured, temporal and space-
time random effect terms, respectively.
1/062,1/0%,1/0% 1/0% are the precision parameters

4.3.9. WinBUGS Implementation

The space-time separable and the three space-time inseparable models were fitted with Markov
Chain Monte Carlo (MCMC) with different initial values for each model with a burn-in period of
116,000 iterations and thinning rate of 10 to obtain the posterior distributions of model
parameters using WinBUGS software version 1.4. Mixings were observed using trace plots and
autocorrelation plots. Convergence was evaluated by checking the Gelman—Rubin statistic®®
(Appendix 3 and Figure S4.2). After the burn-in period, a final run of 10,000 iterations for each
chain was run to derive a final sample size of 20,000. The MCMC error of the model parameter
estimates was <5% of the corresponding posterior standard deviations suggesting that the total
20,000 iterations, 10,000 from each of the two MCMC chains, are sufficient to provide a good

approximation of the posterior distribution.

4.3.10. Model Selection

We assessed the Deviance information criteria (DIC) and the probability of direction (pD)
values from the outputs to evaluate the goodness of fit for the four Bayesian hierarchical models

and to select the best-fitted model (Meyer, 2016).
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4.3.11. Spatial, Temporal and Spatiotemporal Relative Risks (RR)

The spatial, temporal and spatiotemporal relative risk estimates were obtained from the Model 3

(selected as the best-fitted model) outputs. Spatial relative risk (RRspgtiar = exp(S; +

U;)) (Haining & Li, 2020) for neighbourhood i represents the average COVID-19 incidence rate
over 89 weeks in neighbourhood i compared to the average COVID-19 incidence rate in Toronto.
A map of the posterior means of the spatial relative risk was created using the ArcGIS Desktop
software 10.8.1. The temporal relative risk (RRremporar = €xp(v,)) (Bie et al., 2021) at week t
represents the average COVID-19 incidence rate for all neighbourhoods in week i compared to
the average COVID-19 incidence rate of the entire study period. The posterior mean of the
temporal relative risk with its corresponding 95% credible intervals was plotted using RStudio
Software version 2021.09.0. The spatiotemporal effect term & represents a change that cannot be
reflected by spatial and temporal effects only. (Bie et al., 2021) The spatiotemporal relative risk
(RRspatioremporar = €xp(8;)),(Bie et al., 2021) represent the risk of COVID incidence rate in
neighbourhood i and in time t compared to the overall incidence rate in entire study area and entire
time period.

4.3.12. Joinpoint Regression

We used the joinpoint regression using the Joinpoint software version 4.9.0.0 (Joinpoint
Regression Program, 2011; H. J. Kim et al., 2000), which uses the least-squares regression
method to find the best-fit line from the temporal (weekly) pattern of the relative risk for
COVID-19 derived from the Bayesian model. The joinpoint regression uses an algorithm that
tests whether a multi-segmented line is a significantly better fit than a straight or less-segmented

line. It involves fitting a series of joined straight lines on a log scale to the trends in the weekly
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relative risk of COVID-19. Line segments are joined at points called joinpoints. Each joinpoint
denotes a statistically significant (P = .05) change in trend. The significance test uses a Monte

Carlo Permutation method to find the best-fit line for each segment.

4.3.13. Spatiotemporal Risk Trend Analysis

The spatiotemporal trend of the relative risk over time (increasing, decreasing, or stable) in the
neighbourhoods was calculated in RStudio Software and mapped in ArcGIS. The
neighbourhoods with a negative estimated coefficient were considered to have a decreasing trend
over time, and the neighbourhoods with positive estimated coefficients were considered to have
an increasing trend over time. The neighbourhoods with zero estimated coefficients were
considered to have a stable trend over the study period.

4.3.14. Sensitivity Analysis

Given that there is no such thing as the true prior, two additional models with two alternate prior
assumptions than the original final model (Model 3) were run to perform a sensitivity analysis to
examine the final model results. The first model was run with hyperprior distributions of Gamma
(0.005, 0.005) (Cai et al., 2013) on the precision parameters (1/62,1/0%,1/62 1/0%), and the
second model was run with a uniform prior with a wider range (0.0001,1000) (Haining & Li,
2020) for the ay, 0, 0., 05 parameters (standard deviation of the spatially-structured, spatially-
unstructured, temporal and space-time random effect term, respectively). The outputs from these
two models with two different priors were compared to the outputs from the original model to
ensure that our findings were not sensitive to the original hyperprior specification.

The methodological framework for our study is shown in a flow diagram (Figure 4.2).
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Figure 4.2. The flow diagram of the methodological framework.
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4.4 Result

4.4.1 Descriptive Statistics
We had 2,731,571 population in the study area based on the 2016 census data. A total of 179,072

(22,326 outbreak-associated and 156,746 sporadic) cases were reported in the 140
neighbourhoods during the study period. To avoid potential bias towards finding the high-risk
clusters in the outbreak areas, our study excluded the outbreak-associated cases (12.4% of all
cases), generally from healthcare (e.g., long-term care homes, hospitals) or congregated settings.
We also excluded 2,423 (1.64%) cases due to missing neighbourhood information, leaving

154,323 sporadic cases for the analysis.
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We observed a sharp increase in COVID-19 cases in late December of 2000, which
declined in early January 2021 (Figure 4.3a). Again, a sharp increase in the cases was observed
in late March (week 13) of 2021, which declined in late May of the same year. The highest

number of cases (>7500 cases) were observed in April 2021.
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Figure 4.3. (a) The weekly number of COVID-19 cases (excluding the outbreak cases) (b)
Temporal Relative Risk ((RRremporat = €xp(v,)) of COVID-19 in Toronto
neighbourhoods (c) The spatiotemporal trend of the relative risks (RRspatioremporal =
exp(8;;)) in Toronto between January 21, 2020, and October 2, 2021.
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4.4.2. Model Selection
We fitted the data in four Bayesian Space-Time Hierarchical Models and compared the models

(Table 4.3). The DIC values from the space-time inseparable models (Model 2-4) are much
lower than the space-time separable model (Model 1), suggesting that the inseparable models
(Model 2, 3 and 4) are better supported by the observed data, confirming the need to incorporate
the space-time interaction component (Haining & Li, 2020). Finally, by comparing Model 2, 3
and Model 4, we found that Model 3 has the smallest pD, and DIC values, suggesting that Model
3 (space-time inseparable model with type Il interaction) is the most parsimonious and therefore
was selected as our final model.

Table 4.3 Comparison of the Four Bayesian Space-Time Models.

Bayesian Model Space-Time Space-Time
Inseparable? Interaction Type pD DIC
Model 1 No NA 246.697 | 66280.700
Model 2 Yes Type | 5017.320 | 56711.300
Model 3 Yes Type Il 3231.73 | 55479.100
Model 4 Yes Type Il 4626.760 | 57043.700

4.4.3. Regression Outputs

Between January 21, 2020, and October 2, 2021, using the parameter estimates (mean
[6;:]*1000) from the final model, the average COVID-19 rate per 1000 population per
neighbourhood in Toronto is estimated to be 6.1 (95% CI: 6.0- 6.3). Table 4.4 reports the
estimated relative risks by exponentially transforming the regression covariates associated with
the three covariates from the Model 3 regression outputs. Based on the outputs, we observed that
higher education was negatively associated (95% CI: 0.67-0.78), and LST (95% CI:1.01-1.17)
was positively associated with COVID-19 incidence. An increase of one standard deviation in

the higher education rate in a neighbourhood was associated with a 28% (95% CI. 22%-33%)
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standard deviation decrease in the COVID-19 incidence rate. An increase of one standard
deviation in average LST in a neighbourhood was associated with a 9% (95% Cl1:1%-17%)
standard deviations increase in the COVID-19 incidence in Toronto. COVID-19 incidence was
not found to be associated with the immigrants (95% CI: 0.98-1.05), as the 95% CI contains 1.
Therefore, the percentage of immigrants does not appear to be a strong risk factor for explaining
variability in the COVID-19 incidence in our study (Table 4.4).

Table 4.4. Estimated Relative Risks [exp(f))] and 95% CI.

Relate Risk Posterior Estimates of Risk (95% CI)
(RR)
RRgpy 0.72 (0.67-0.78)
(Higher
Education)
RRmmi 1.02 (0.98-1.05)
(Immigrants)
RR st 1.09 (1.01-1.17)
(LST)

Temporal Relative Risk

Figure 4.3b presents the posterior mean and 95% uncertainty band of the temporal relative risk
((RRTemporar = €xp(v,)) (Bie et al., 2021) during the study period, which shows that the highest
risk (RR>9) was observed between March 14, 2021, and April 17, 2021. A total of 46 (51%)
weeks out of the total 89 weeks experienced a relative risk of less than one during our study
period.

Joinpoint Regression Results

Figure 4.3c represents the temporal patterns of relative risk for COVID-19 from January 21,
2020, to October 2, 2021 (89 consecutive weeks). The line displays five joinpoints (6 line
segments or trends), indicating a significant change in the relative risk six times during the study

period. For instance, the relative risk of COVID-19 was increased by 77% per week from the
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beginning to the 11" week. The risk was then decreased by 11% by the 30'" week, then was
increased by 60% until the 36" week, then increased only by 4% until the 69" week, then it
decreased by 39% until the 75" week, and it again increased by 14% by the end of the study

period.

Spatial Relative Risk

The posterior means of the relative risks (spatial) of COVID-19 in the Toronto neighbourhoods
are presented in Figure 4.4a. A high risk (RR>1.5) was observed in northwestern and southern
(Neighbourhood # 77) Toronto. A moderate level of risk (RR>1.05) was observed in different
neighbourhoods in western Toronto. Eastern Toronto mostly experienced a low risk of COVID-

19.

Spatiotemporal Relative Risk Trends

While evaluating the trends of the spatiotemporal relative risks (RRspqtioremporar =

exp(6,)) (Bie etal., 2021), we observed that only three neighbourhoods (Neighbourhoods #
40,137 and 49) had a decreasing trend of the relative risk during the study period (Figure 4.4b).
A total of 84 (60%) neighbourhoods had a stable trend, and 53 (37%) neighbourhoods had an

increasing trend in the study area.
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Figure 4.4. (a) A map of the estimated overall spatial pattern based on the posterior means
of spatial relative risks (RRspqtia1 = €xp(S; + U;)) (b) The spatiotemporal trend of the

relative risks (RRspatioTemporat = €XpP(8;)) in Toronto between January 21, 2020, and

October 2, 2021.
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Sensitivity Test Results

The sensitivity test models with Gamma (0.005, 0.005) (Cai et al., 2013) priors for the precision
parameters and uniform (0.0001,1000) (Haining & Li, 2020) priors for standard deviation
parameters are equally appropriate, giving almost identical posterior distributions of the
parameters and model fit (DIC values) compared to outputs of the original model (Model 3),
presented in Appendix 4 in the supplementary materials. Therefore, we can conclude that an
apparently innocuous uniform prior that we have used in our final model is not introducing
substantial information into the model fitting.

We mapped the spatial patterns of COVID-19 cases during the post-study period
(October 3-31, 2021) to visually compare the spatial patterns of risk identified from the Bayesian
spatiotemporal model (Figure S4.3 in Appendix 5 in Supplementary materials). As observed, the
spatial risk obtained from the Bayesian model was higher in the northwestern and southern
neighbourhoods of Toronto. In these neighbourhoods, a higher number of cases were also
reported during the post-study period. The map of the spatiotemporal trend showed an increasing
pattern in the eastern, southwestern and central neighbourhoods. These neighbourhoods
experienced a higher number of cases during the post-study period. In Northwestern Toronto, the
trend was stable but observed a higher spatial risk, indicating that the area remained at higher
risk throughout the study period. This region also showed a higher number of cases during the

post-study period.
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4.5 Discussion

In our study, we observed spatial, temporal, and spatiotemporal trends of COVID-19 in Toronto
and identified the key factors associated with the transmission of the disease. Overall, the trend
and transmission patterns of the disease were heterogeneous over space and time. Only three
neighbourhoods experienced a decreasing spatiotemporal risk trend in the area. Most
neighbourhoods experienced either stable or increasing spatiotemporal risk during the study
period. We also observed several high-risk neighbourhoods in the western and southern parts of
Toronto, and the risk in those neighbourhoods remained constant throughout the study period.
Since educational status and LST were associated with the risk, we believe these factors might

have influenced to remain those areas at high risk throughout the study period.

The temporal risk was particularly high in the early spring of 2021, suggesting that the
temperature during the season could have influenced the transmission of the disease in that part
of the country. However, some other factors, such as an increase in mobility or travel patterns
during the long weekend in March 2021 (Reuters et al., 2021), could also influence the increase
of the disease in spring. The disease risk remained high for more than half of the study period.
We observed a lower risk during the early summer (June-July) of 2020 and 2021, which could be
due to an increased time spent in outdoor settings leading to a decreased COVID-19 risk (Brown
et al., 2021). We identified significant changes in the risk of COVID-19 six times across the
study period with varying trends. These changes suggest that the temporal trend of the epidemic
of COVID-19 is different from other coronavirus diseases, such as the SARS (severe acute

respiratory syndrome) epidemic in 2003, where the number of reported SARS cases has
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increased exponentially over time, and the outbreak lasted approximately six months (Boulos,
2004; CDC, 2021; Galvani et al., 2003; X. Zhang et al., 2020).

The findings of the positive association of COVID-19 with LST in our study are
consistent with the findings of an earlier study. One reason behind this could be that high LST
favours the coronavirus. Furthermore, Toronto is the most densely populated urban city in
Canada. A recent study conducted in Phoenix, Arizona and Dallas, Texas, in the United States by
Moss and Kar (Moss & Kar, 2020) concluded that the urban areas that are susceptible to a high
Urban Heat Index, as measured by LST, are primarily occupied by vulnerable population groups.
Therefore, it is possible that an excess vulnerable population in an area creates a higher LST in
the neighbourhood, resulting in an increase in the risk of COVID-19 in our study area.

Our study also finds that the higher education rate has a negative association with
COVID-19, which is in line with the findings from earlier studies (Abedi et al., 2020; Cordes &
Castro, 2020; Goutte et al., 2020; Y. Wu et al., 2020). It is likely that people with higher
education may understand and follow public health messages as well as have the option to work
remotely and maintain social distancing, resulting in lower incidences of COVID-19 in areas
with a higher number of educated people. Additionally, a study by Mondal et al. in 2021 found
that higher education levels were associated with a higher likelihood of vaccine acceptance
(Mondal et al., 2021), suggesting that intervention with health education may play a key role in
fighting this pandemic. Various public health programs, such as COVID-19 awareness and
health education programs in neighbourhoods with low education, may also help reduce the fast

transmission rates in those neighbourhoods.
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In our study, we used higher spatial and temporal resolution satellite images to extract
LST. We also used atmospheric corrections methods on these images by adopting Sobrino et al.
in 2008's Land Surface Emissivity (LSE) model (Sobrino et al., 2008), which provided a high
estimation accuracy. Our findings may advocate for maintaining disease surveillance and
planning for an effective public health program. Most of the earlier studies (Briz-Redon &
Serrano-Aroca, 2020; Y. Ma et al., 2020; H. Qi et al., 2020; Rashed et al., 2020; Runkle et al.,
2020; Tobias & Molina, 2020) explored the relationship between ambient temperature or LST
and COVID-19 at a broader spatial scale (provincial or state) and used a shorter period with a
very limited number of images to extract LST without any atmospheric corrections (Das et al.,
2020). We believe that our study filled the gap in the existing literature by using higher spatial
and temporal resolution satellite imageries at a local spatial scale, which is more spatially
representative and may have provided a more accurate estimate due to the use of the
atmospherically corrected data on LST.

The validation results of the spatiotemporal patterns of risk using the data of the post-
study period suggest that the Bayesian model could predict spatial patterns of risk for COVID-19
in our study area. Therefore, the findings of our study can be useful for increasing awareness of
the disease and preparing public health interventions aimed at targeted prevention and control of
COVID-19. Given limited resources available, efforts could focus on the high-risk
neighbourhoods, as observed in our study.

Our study has several limitations. First, we could not find data on air pollution or human
mobility patterns at the neighbourhood level, which could be important contributors to

influencing the COVID-19 incidence. Second, we had 1.6% of cases with missing
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neighbourhood information and 12.4% cases were outbreak cases, which were not included in
our analysis. Additionally, COVID-19 is often asymptomatic, under-reported (P. Wang et al.,
2022) or lacks accurate information on the onset of COVID-19, limiting the capacity of the
analysis. However, the Bayesian spatiotemporal hierarchical models allowed us to compensate
for the missing/unobserved covariates or missing data by incorporating the structured,
unstructured random effects into the model (Knorr-Held, 2000). In particular, the Type Il space-
time interaction in our final model implied that the missing covariates have smoothly varying
structures through time and have no structure over space since they are highly localized in their
effect on the outcome (Knorr-Held, 2000). Third, our study has an ecological study design where
the data were aggregated at the neighbourhood level, which may create issues such as ecological

fallacy (Sedgwick, 2015). Therefore, these results cannot be interpreted at the individual level.

Despite these limitations, our study, due to its strong versatility and complex hierarchical
modelling, is still convincing and has provided important information that may improve our
understanding of the transmission patterns of COVID-19 and the associated risk factors. Also,
our model is superior to the frequentist method that is more frequently used, as the Bayesian
approach allowed us to compensate for the missing covariates in the models in identifying spatial
patterns of risk. Therefore, we believe that using the Bayesian spatiotemporal model and the
long-time series satellite-derived environmental data for modelling disease transmission have

advanced our understanding of the disease risk in space.

4.6. Conclusion

Several conclusions can emerge from our study. First, the Bayesian analysis has shown that

Bayesian regression with spatial (structured and unstructured), temporal and spatiotemporal
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random effects provided an effective framework for understanding COVID-19 disease
transmission. Second, the spatiotemporal risk remained high for the entire study period and
constantly high for the high-risk neighbourhoods. However, the temporal risk fluctuated over
time in the study area. Third, higher education and LST played an important role in predicting
COVID-19 incidence. Therefore, it is important to take those factors into account while planning
intervention strategies. Fourth, the framework presented in this study may help make an early
warning system for COVID-19 incidence and assist public health authorities in controlling and
preventing outbreaks of similar diseases. Finally, the methodological framework applied here

can also be used in other small area-level studies on infectious diseases.
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Chapter 5 Manuscript 3: Modelling the spatiotemporal spread of COVID-19
outbreaks and prioritization of the risk areas in Toronto, Canada

5.1 Summary
Modelling the spatiotemporal spread of a highly transmissible disease is challenging. We

developed a novel spatiotemporal spread model, and the neighbourhood-level data of COVID-19
in Toronto was fitted into the model to visualize the spread of the disease in the study area within
two weeks of the onset of first outbreaks from index neighbourhood to its first-order
neighbourhoods (called dispersed neighbourhoods). We also model the data to classify hotspots
based on the overall incidence rate and persistence of the cases during the study period. The
spatiotemporal spread model shows that the disease spread to 1-4 neighbourhoods bordering the
index neighbourhood within two weeks. Some dispersed neighbourhoods became index
neighbourhoods and further spread the disease to their nearby neighbourhoods. Most of the sources
of infection in the dispersed neighbourhood were households and communities (49%), and after
excluding the healthcare institutions (40%), it becomes 82%, suggesting the expansion of
transmission was from close contacts. The classification of hotspots informs high-priority areas
concentrated in the northwestern and northeastern parts of Toronto. The spatiotemporal spread
model along with the hotspot classification approach, could be useful for a deeper understanding
of spatiotemporal dynamics of infectious diseases and planning for an effective mitigation strategy

where local-level spatially enabled data are available.
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5.2. Introduction
The novel Coronavirus-2019 (COVID-19), first reported in Wuhan, Hubei province, China, in

2019, is caused by the severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) that
causes respiratory illness in humans (Marchand-Senécal et al., 2020). As of July 15, 2022, World
Health Organization (WHO) reported over 556.9 million confirmed COVID-19 cases and 6.4
million deaths globally (WHO, 2021). The disease is highly contagious, often without symptoms
that seriously challenge the health care system (Smereka & Szarpak, 2020). COVID-19 has also
greatly impacted Canada, and the federal and provincial governments have adopted several
control strategies to control the spread (Canada, 2022). Due to its fast infection transmission
rates, large urban cities such as Toronto are often more affected than rural areas as they are more
densely populated, making it hard to control and maintain social distance in the urban areas(Paul
et al., 2020). The recommendations of policies and research programs to combat an epidemic are
generally based on the perceived standardized definitions of an outbreak. Infections can spread
among humans by contacts within the household, community or by random contacts among the
general population (Balcan et al., 2010). Timely detection of the spatial spread of infectious
disease outbreaks is important for control efforts and can provide clues to the important risk
factors (Chowell & Rothenberg, 2018a; Steele et al., 2020).

Infectious diseases rarely exhibit simple dynamics (Harapan et al., 2020). COVID-19 is
an infectious disease with spatial dimensions that have helped researchers and scientists
understand the disease epidemiology of this phenomenon. One of the most common ways to
observe outbreak dynamics is the use of visualization techniques that allow us to easily identify
spatial patterns and select areas of interest for further studies. Identifying the spatial patterns of

the outbreaks and further analysis in those areas can help researchers understand the disease
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dynamics, which may help in policy-making for controlling the outbreaks (Carroll et al., 2014).
These types of maps are often effective in locating an outbreak’s origin and depicting outbreak
progression over time.

During an epidemic, observing the movement of outbreaks across neighbourhoods in
space and time may allow identifying possible sources and directions of the outbreaks. Earlier
studies that mapped the spatiotemporal spread of infectious disease outbreaks mostly involved
comparing multiple maps to compare the outbreak shifting visually. For instance, a few studies
evaluated the spread of COVID-19 over space and time by visually comparing multiple maps to
observe the spatial distribution of new or cumulative cases using multiple time points during the
early stages of the pandemic (Cuadros et al., 2020; Y. Feng et al., 2020; Gao et al., 2021; H. Yu
et al., 2021). Standard deviation ellipse (SDE), a popular spatial statistical method, is often
implemented in outbreak studies to model the spread of disease over time to analyze the
spatiotemporal spread of an infectious disease by using the mean centre of the spatial distribution
of the geographical elements as the centre and calculates the standard deviation of SDE in the X
and Y axis (Gesler, 1986; W. Li et al., 2022; X. Wang et al., 2022). Multiple days of SDE maps
are often compared to observe the differences in directions between multiple time periods. This
method analyzes directional distributions of an outbreak; however, do not provide insights into
the magnitude of these transmissions from index to dispersed neighbourhoods.

A study by Gianquintieri et al. in Lombardy, Italy, used choropleth mapping to display
the beginning of COVID-19 onset from emergency calls while not including details about the
spread mechanism (Gianquintieri et al., 2020). Spread patterns were modelled in other infectious

diseases as well, such as the 2009 pandemic influenza outbreaks. A transmission model by Gog
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et al. showed the spatial spread of the 2009 pandemic influenza but lacked further details about
the starting point and the direction of movement of the outbreaks (Gog et al., 2014). Reyes et al.
observed the spatiotemporal spread patterns of the 1918 influenza pandemic in British India by
using a travel network and a likelihood approach to predict the patterns of pandemic spatial
spread. The output map shows the travel network connectivity between districts using nodes
across British India, and the nodes with the high excess mortalities are marked in red to explain
the spatial spread (Reyes et al., 2018). Another study by daCosta et al. visually examines the
spatiotemporal diffusion of influenza A (HLN1), identifies the starting point of an epidemic, and
further uses multiple maps of the time of onset and the correlation between effective distance
trees across different spatial units (da Costa et al., 2018). However, these existing spatial
transmission or spread models often overlook the temporal structures, the direction and the
magnitude of the transmission processes within the surrounding neighbourhood networks and
primarily compare disease hotspot maps from multiple time points to visualize the dispersion
processes. Since the transmission process of the disease may vary geographically and in time, it
IS important to investigate the transmission dynamics of the diseases using a novel model at a
local scale. These types of maps can be effective in locating the origin of an outbreak and
depicting outbreak progression over time.

Displaying the outbreaks as they are happening and possible spread to the nearby
neighbourhoods can provide deeper insights, allow a more effective response to outbreaks, and
provide the ability to understand the intricate details and plan on how to respond to them. In this
study, we developed a novel approach for visualizing the spatial spread of the COVID-19

outbreaks at a neighbourhood level that possibly suggests local transmission patterns and the
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direction of movements of a highly infectious disease in an urban context. The spatial spread of
the disease in the neighbourhoods was also classified into priority-based hotspots for facilitating
the intervention program for controlling the spread of the disease under resource-constraint
situations.

5.3. Methods
5.3.1. Study Design, Study Area and Population

This study was a retrospective observational study using existing data collected at the
neighbourhood level in Toronto (Figure 5.1). The city of Toronto is on the northern and western
shorelines of Lake Ontario in Canada, with a land area size of 630 square kilometres. Toronto is
the largest city in Canada and the fourth largest city in North America, with a high population
density (Figure 5.1) of 4,692 persons per square kilometre (City of Toronto, 2021a). Toronto
Public Health has reported the highest total number of COVID-19 cases (342,301 cases as of
July 15, 2022) and the second-highest incidence rate among all the health regions in the nation
(City of Toronto, 2020a; Government of Canada, 2020). Over 4,322 deaths have been attributed

to COVID-19 in Toronto since March 24, 2020 (City of Toronto, 2020a).

Our study area consists of 140 geographically distinct social planning neighbourhoods
with detailed demographic information for each neighbourhood, as prepared by the city's Social
Policy Analysis & Research unit from the data of the 2016 Statistics Canada Census (updated
every five years) (City of Toronto, 2020b). The neighbourhoods were defined based on Statistics
Canada census tracts for the purposes of statistical reporting (Statistics Canada, 2021). The
average population size in a neighbourhood is 19,511 persons (minimum = 6,577, maximum =

65,913) as per the 2016 census.
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Figure 5.1. The Study Area in Toronto, Ontario, Canada.
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5.3.2. Data
The total number of COVID-19 cases per neighbourhood from January 2020 to June 2021 was

retrieved from the city of Toronto's open data portal site (City of Toronto, 2020a). The dataset was
collected by Toronto Public Health that contains demographic, geographic, and severity
information for all confirmed and probable cases. We used the date of episodes as the time of case
occurrences of the disease. In the surveillance database, the date of the episode was chosen as the
first day that COVID-19 symptoms, the date of specimen collection, or the date of reporting,

whichever is the earliest (City of Toronto, 2020a).
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The dataset includes the source of infection for each case (City of Toronto, 2022a), which
was determined by the Toronto public health authority by assessing the most likely source of
infection out of various risk factors such as travel or contact. The common sources of infection
included household or close contact such as family members or roommates with confirmed or
probable COVID-19 cases, outbreaks in congregate settings such as shelters, correctional facilities,
group homes or hostels or healthcare institutions such as long-term care homes, retirement homes,
hospitals and chronic care hospitals. Other sources of infection include travel (travelling outside
of Ontario in the 14-day prior to their symptom onset or test date), outbreaks in other settings,
including workplaces, schools or daycares, and the community (individuals who did not travel
outside of Ontario and did not identify being close contact with a COVID-19 case and were not
part of a known confirmed COVID-19 outbreak) (City of Toronto, 2022a). Approximately 26% of

the total COVID-19 cases had no information on the source of infection.

The population data per neighbourhood were collected from the city of Toronto
neighbourhood profiles based on the 2016 census. According to the 2016 census used in our study,
the total population of the study area is 2,731,571. The full dataset can be found at the city of
Toronto's open data portal site (City of Toronto, 2020b). The neighbourhood-level administrative
boundary shapefile for Toronto was extracted from the same site (City of Toronto, 2020b). We
aggregated daily COVID-19 cases by the epidemiological week, resulting in a total of 76
epidemiological weeks for each of the 140 neighbourhoods in Toronto. Since this study observes

the overall burden of the disease, we included both sporadic and outbreak cases in this analysis.
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5.3.3. Research Methods

First, we created the spatiotemporal spread model that identified the index and the dispersed
neighbourhoods of COVID-19 outbreaks. We have also analyzed the sources of infections in the
dispersed neighbourhoods. Second, the priority-based hotspots were defined in the hotspot
classification model based on the two epidemiological parameters: incidence rate and disease
persistence in each neighbourhood. Sensitivity analyses were also performed for the

spatiotemporal spread model and the hotspot classification model.

5.3.3.1. The Spatiotemporal Spread Model

We developed a spatiotemporal spread model to visualize the spatial dynamics of COVID-19
across neighbourhoods. At first, the model checked the number of cases per week for each
neighbourhood. If the observed number of cases in a week in a neighbourhood was more than the
weekly average number of cases of all time points and all neighbourhoods, it was considered an
outbreak event in the neighbourhood, a commonly used approach in infectious disease
surveillance . The model then checked the time of the first outbreak in each neighbourhood. Only
the first outbreak event in a neighbourhood and the first-order neighbourhood networks sharing a
common border of non-zero length (queen contiguity) were considered in evaluating the
transmission dynamics in space and time. The index neighbourhoods were considered as the
starting point of the dispersion event, and the dispersed neighbourhoods are the neighbourhoods
where the first outbreaks happened within two weeks of the outbreak in the index

neighbourhood.
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We used the two-week temporal period, as the World Health Organization and national
and international public health sectors have widely accepted the 14-day incubation period for
COVID-19 infection spread (Quilty et al., 2021). Also, the two-week time was chosen based on
the assumption that further spread would likely be decreased two weeks after the onset of the
event. If we get a dispersed neighbourhood, we connect the neighbourhood with the index
neighbourhood to show the potential spatial spread of the disease. If there was an outbreak event
in a neighbourhood but not dispersed to any neighbourhood, then the neighbourhood was not
considered an index neighbourhood. The index and dispersed neighbourhoods were, therefore,

determined by
d = wij(0; — 0;) 1)
where 0j is the start week of the 1% outbreak event in neighbourhood i,
0j is the start week of the 1% outbreak event in neighbourhood j,

wij is @ measure of adjacency between neighbourhood i and j and is defined as (1 if i and j

are adjacent; 0 otherwise).

When d is <2 (i.e., the difference between the start week of an outbreak between the two adjacent
neighbourhoods is within two weeks), then i is the index neighbourhood, and j is the dispersed

neighbourhood of the outbreak.

Since disease outbreaks definitions are implicitly variable (Brady et al., 2015), we
performed a sensitivity test using observed cases in a week that is greater than the weekly
median number of cases but keeping the temporal period to two weeks to observe how the

outcomes of our spatiotemporal spread model fluctuate when using the other definition of an
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outbreak. We also performed another sensitivity test by changing the temporal period from two
weeks to one week but keeping the outbreak definition of the main analysis (observed cases in a
week is greater than the weekly mean number of cases) to observe the differences in the results

of the spatiotemporal model when using a shorter incubation period.

We have further divided the total study period into three temporal periods based on the
first 3 COVID-19 waves: Wave 1 (January 23 — July 17, 2020), Wave 2 (July 18, 2020 — March
4, 2021) and Wave 3 (March 5 — July 31, 2022) and ran the spatiotemporal spread model for
each of this period to understand the variations of the spatial spread of outbreaks across the three
waves.

5.3.3.2. Classification of the Hotspots

Priority-based hotspots have previously been used in various infectious disease mapping (Debes
etal., 2021; Ngwa et al., 2021). In this study, we used two epidemiological parameters to define
the priority-based hotspots: 1) overall incidence rate and ii) disease persistence, i.e., number of
weeks with cases. The incidence rate for each neighbourhood was calculated using the total
number of cases during the entire study period divided by the 2016 population (the latest
available dataset) multiplied by 1000. The disease persistence was the total number of weeks
with at least a case in the week (not necessarily the consecutive week). Based on these two
epidemiological parameters used elsewhere (Dom et al., 2010; Mwaba et al., 2020), the
neighbourhoods were classified into three categories of priority levels, as shown in Table 5.1 The
cut-offs for the thresholds were determined based on the distribution of the data. The high
priority hotspots consist of a higher incidence rate and longer persistence; the medium priority

levels hotspots experience a lower incidence rate, but longer persistence or higher incidence rate
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but shorter persistence, and the low priority hotspots consist of a lower incidence rate and shorter

persistence.

Table 5.1. Thresholds of the epidemiological parameters applied for the priority-based
mappings.

Priority type Interpretation Incidence Rate Disease Persistence
(70" percentile value) (70" percentile value)
P1 High Priority > 76.29 cases/1000 persons >65 weeks
P2 Medium Priority < 76.29 cases/1000 persons >65 weeks
P3 Medium Priority > 76.29 cases/1000 persons <65 weeks
P4 Low Priority < 76.29 cases/1000 persons <65 weeks

Since prioritizing the hotspots for intervention depends on the availability of the
resources, one may choose the cut-off of the epidemiological parameters based on the need and
logistical support. Keep that in mind, we performed sensitivity analyses using different cut-offs
of the epidemiological parameters to demonstrate how one can go with the decision-making for
prioritizing the hotspots. These cut-offs were: i) 50" percentile values for both incidence rate
and persistence (50 cases/1000 persons, 50 weeks), ii) 70" percentile value (76.29 cases/1000
persons) for incidence rate and 50™ percentile value (61 weeks) for the persistence, and iii) 50™
percentile value for incidence rate (50.37 cases/1000 persons) and 70th percentile (65 weeks)
value for the persistence.
5.3.3.3. Software
The analyses and mapping of this study were conducted using R Studio Version 1.14.1103 and
ArcGIS Desktop Version 10.8.1, respectively. We used the following R packages: lubridate,
sgldf, data.table, sqldf, rgdal, spdep for writing the codes for the spatial spread model, i.e.,

identifying index and dispersed neighbourhoods, and the resulting maps were produced using
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ArcGIS Desktop. The paths of the outbreaks were created in ArcGIS Desktop by connecting the
centres of the index and dispersed neighbourhoods. For the priority-based hotspot maps, we used
the following R packages: lubridate, sgldf, dplyr, magrittr and grid. The model outcomes were
imported into ArcGIS Desktop to create the maps. We used ggplot2 and ggrepel packages in R to
create the figures.

5.4. Results

5.4.1. Descriptive Statistics
During the surveillance period, a total of 169,985 COVID-19 cases were reported. We omitted

2,736 (1.6%) cases due to missing neighbourhood names, resulting in 167,249 (146,177 sporadic
and 21,072 outbreak-associated) cases for analysis. An average of 19 cases were observed per
week in a neighbourhood. The weekly number of cases shows that COVID-19 was reported
throughout the study period (Figure 5.2). There was a sharp increase of cases in week 16 of
2020, which declined in the following weeks. In week 45 of November 2020, the number of
cases increased markedly until the first week of 2021. Another sharp increase was observed in
week 9 (March) and continued until April 14-21, 2021. The highest number of cases (>8000

cases) were observed in the week of March 14-21, 2021 (Figure 5.2).
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Figure 5.2. The weekly total number of COVID-19 cases in Toronto between January 2020
and June 2021.
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5.4.2. The Spatiotemporal Spread Model

The resulting map from our spatiotemporal model is shown in Fig 5.3, where the black dots
represent the index neighbourhoods (62 (44%) neighbourhoods), which dispersed the outbreaks
to their bordering neighbourhood(s). The red dots represent dispersed neighbourhoods (61 (43%)
neighbourhoods), implying that the outbreak was possibly dispersed from the index
neighbourhoods, as indicated by the path. In some cases, the dispersed neighbourhoods became
the index neighbourhoods (27 (19%) neighbourhoods), potentially spreading the outbreak to
nearby neighbourhoods. The earlier onset of outbreaks was observed in the western and southern
parts of Toronto (shown in lighter blue gradient colours), whereas the later onsets were seen in
the central parts of Toronto (shown in darker blue gradient colours). In the northwestern,
northeastern, and southern parts of Toronto, several dispersed neighbourhoods became index
neighbourhoods and further spread the disease to its nearby neighbourhoods. A maximum of 4

dispersed neighbourhoods was observed bordering the index neighbourhood. During the study
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period, the last dispersion of the COVID-19 outbreak occurred between 18 and 24 April 2021.
No dispersion events were observed in 90 (64%) neighbourhoods within two weeks of the onset
of the outbreak in these neighbourhoods. Four neighbourhoods in the center of Toronto never
experienced an outbreak event, as per our definition of the outbreak.

Figure 5.3. Spatiotemporal spread dynamics of the COVID-19 outbreaks in Toronto
between January 2020 and July 2021.
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Note: The lighter the colour the earlier the onset of the first outbreak in the neighbourhood.

Some dispersed neighbourhoods, particularly in northwestern, southern and central
Toronto, had multiple index neighbourhoods, as shown in Fig 5.3. Since these neighbourhoods

were shown to have dispersed infections from multiple index neighbourhoods, we also created a
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distance-based analysis where only one neighbourhood was determined as the index
neighbourhood for a dispersed neighbourhood (Fig S3). If a dispersed neighbourhood had
multiple index neighbourhoods, only the neighbourhood that was the closest (based on the linear

distance from the centers of the neighbourhoods) was considered the index neighbourhood.

5.4.2.1. Sensitivity Analyses of the Spatiotemporal Spread Model

The results of the sensitivity analyses using the outbreak definition as the observed number of
cases greater than the median number of cases show a similar spatial spread of the disease with a
few exceptions (Fig S5.4). However, unlike the main analysis that used the mean number of
cases in the outbreak definition, all neighbourhoods experienced an outbreak event using the
median as the definition of an outbreak in the sensitivity analysis, since the median is only 9
cases, whereby the mean is 19 cases, much higher than the median number of cases. While
reducing the temporal period from two weeks (61 dispersed neighbourhoods) to one week, we

observed a lower number (31 neighbourhoods) of dispersed neighbourhoods (Fig S5.5).

5.4.2.2. Sources of Infection

To identify the sources of infection in the dispersed neighbourhoods, we included cases only for
the 1% outbreaks in the dispersed neighbourhoods. A total of 26% of the cases did not have the
source of infection in those neighbourhoods in the week of the first outbreaks, thus excluded
from the analysis. About 40% of the source of infections in the dispersed neighbourhood was
attributed to the healthcare institution (Figure 5.4). The majority of the sources of infection were
households, close contacts and communities (49%) and after excluding healthcare institution-

related outbreaks) it became 82%. Travel (1.4%), congregate settings (i.e., shelters, correctional
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facilities) (3.9%), and other settings (i.e., workplace, daycare) (5.4 %) were not the major

sources of infection in the study area.

Figure 5.4. Sources of infection of COVID-19 in the dispersed neighbourhoods in Toronto
between January 2020 and June 2021.
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5.2.3. Spatiotemporal Spreads during the First Three COVID-19 Waves
Figure S5.2 displays the spatiotemporal spread during the first three COVID-19 waves of the

pandemic. In the first wave period, 58 (41%) index neighbourhoods and 55 (39%) dispersed
neighbourhoods were observed. 23 (42%) of these dispersed neighbourhoods also became an
index neighbourhood and dispersed to surrounding neighbourhoods. Similarly, in the second
wave period, 54 (39%) index neighbourhoods and 52 (37%) dispersed neighbourhoods were

observed. 22 (42%) of these dispersed neighbourhoods also became an index neighbourhood and
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dispersed to the surrounding neighbourhoods. Out of these three waves, wave 3 experienced the
maximum number of dispersion events throughout Toronto. During this third wave, 81 (58%)
index neighbourhoods and 67 (48%) dispersed neighbourhoods were observed. 45 (67%) of
these dispersed neighbourhoods also became an index neighbourhood and dispersed to

surrounding neighbourhoods.

5.4.4. Classification of the Hotspots

The incidence rate and disease persistence of COVID-19 varied widely in the study area during
our study period (Fig 5.5). The northwestern part of Toronto had a higher incidence rate with a
long persistence. The southern part of Toronto had a relatively lower incidence rate, particularly
in the neighbourhood no. 77 (Waterfront Communities — the island) but experienced a longer
persistence of COVID-19. The spatial patterns of the incidence rate show that majority of the
neighbourhoods had an overall incidence rate between 20-90 cases/1000 persons. Only a few

neighbourhoods had an incidence rate of over 100 cases/1000 persons (Fig S5.1).

The hotspot classification chart displays how many neighbourhoods fall in each priority
category based on epidemiological criteria used to classify the hotspots (Figure 5.6b). A total of
21 (15%) neighbourhoods were classified as high-priority (P1) hotspots. These neighbourhoods
had a higher incidence rate and a higher persistence and were observed in the northwestern and
northeastern corners of Toronto (Figure 5.6a). According to the 2016 census, a total of 530,119
population lived in the P1 hotspots. In total, 16 (11.4%) were classified as medium priority (P2/P3)
hotspots. These neighbourhoods had either higher incidence rates with a shorter persistence or
lower incidence rates with a longer persistence. P2/P3 hotspots were observed in different parts of

Toronto. A large number of neighbourhoods [82 (58%)] were classified as low priority (P4)
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hotspots because the neighbourhoods experienced a lower incidence rate with a shorter persistence.

Most of these hotspots were in the central and southwestern parts of Toronto.

Figure 5.5. Spatial distribution of incidence rate and persistence of the COVID-19 in
Toronto, January 2020 — June 2021.
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Figure 5.6. Hotspots (a) and classification chart (b) of COVID-19 incidence in Toronto
between January 2020 and June 2021.
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Note: The numbers in the chart and inside the map are the neighbourhood IDs.
5.4.4.1. Sensitivity Analyses of the Hotspots

The results of the sensitivity analyses using different cut-offs of the epidemiological parameters
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show mostly similar results in identifying and classifying the hotspots, particularly in
northwestern and northeastern Toronto (Figure S5.6). However, in contrast to the main
analysis, a relatively higher number of P1 hotspots were observed mostly in the western and

eastern parts, and a lower number of P4 hotspots were observed in the central part of Toronto.

5.5. Discussion
The model for the spatiotemporal spread of the disease developed in this study helped us

visualize the spatial and temporal dynamics of COVID-19 in a densely populated urban city and
provided a deeper insight into the spread of the COVID-19 outbreaks in the neighbourhoods of
the city. This geographic model can be applied to any infectious disease to observe community-
level spread patterns by updating the local definition of an outbreak and the incubation period of
the disease for a geographic setting. This model can retrospectively observe the movement of
outbreaks across neighbourhoods in space and time to identify possible sources and directions of
the outbreaks. Understanding the spatial dynamics of the disease may help assist in planning
timely interventions. Note that control, mitigation and eventually elimination of a highly
transmissible disease such as COVID-19 require careful and comprehensive planning during the
initial stages of the epidemic so that timely and efficient intervention plans can be executed. Our
study suggests that the spread of the disease was not spatially random. Therefore, it is important
to identify the areas where the targeted inventions are essential. This kind of model helps us

identify the places where control efforts can also be initiated under resource constraint situations.

We observed that spatial dynamics of the COVID-19 outbreaks varied across the
neighbourhoods in Toronto. An index neighbourhood possibly dispersed the outbreaks to a

maximum of four neighbourhoods within two weeks. Some dispersed neighbourhoods became

135



index neighbourhoods and further dispersed the outbreaks to their nearby neighbourhoods. For
example, in the south of Toronto in the Waterfront communities-the island (#77), the outbreak
dispersed to five surrounding neighbourhoods within two weeks during the early stages of the
pandemic and further continued to spread. Waterfront communities-island has a high population
density (8943 persons per sq km), with a majority (69%) of the population at working age (24-52
years). This neighbourhood became an index neighbourhood and experienced dispersion to
surrounding neighbourhoods during all three COVID-19 waves. The same neighbourhood also
demonstrated a high disease persistence. In the northwestern part of Toronto, in the West
Humber-Clairville neighbourhood bordering the Peel region, the outbreak spread to multiple
neighbourhoods during the first wave of the pandemic. This neighbourhood with a relatively
larger spatial size has a lower population density (1,117 persons per sq km) but a high population
count of 33,112 with 82% of the population being a visible minority. Some similar
spatiotemporal spread patterns were observed across the three COVID-19 waves, primarily in the
southern, eastern and northern areas in Toronto where multiple dispersion events are observed.
While the first two waves showed similar number of index and dispersed neighbourhoods, the
third wave starting from March 5, 2021, was driven by the more transmissible Alpha

(B. 1.1. 7) and showed a much higher dispersion events throughout Toronto.

The results suggest that ecological phenomena for creating a risk for the population are
not random in space. Thus, understanding local-level variation is important for an effective
control program. In our study, the first COVID-19 outbreak dispersion occurred between March
22 and March 28, 2020, in the Morningside neighbourhood (neighbourhood#135) and then

spread to the Rouge neighbourhood (neighbourhood#131), where it became an index
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neighbourhood of another dispersion event. The Morningside neighbourhood, located in the
eastern part of Toronto, has a relatively low population density (3041 persons per sq km) and
73% of the population has a lower level of education. The northwestern and southern parts of
Toronto experienced multiple outbreak dispersions during the early stages of the pandemic.
Glenfield-Jane Heights neighbourhood (neighbourhood#25) in northwestern Toronto
experienced the spread of the outbreak to four neighbourhoods between April 5 and April 11,
2020. This neighbourhood has a high population density with over 5,864 persons per sq km,
with 76.6% of the population being a visible minority and 89% having a lower level of
education. These findings may imply that early intervention at the index and its nearby
neighbourhoods may have controlled the magnitude of the spread of the disease in the study area.

In our study, we attempted to provide an effective model for visualizing the
spatiotemporal dynamics of the outbreaks, which is different from earlier studies that visualized
infectious disease outbreaks. We believe that our model improves the traditional way of
visualizing disease outbreaks using choropleth mapping or other methods such as SDE by
including temporal structure, identifying index and dispersed neighbourhoods, dispersion
directions and magnitude of the outbreaks in a single map. This kind of map may also be useful
for evaluating the impact of an intervention, showing where intervention efforts are successful
and where they are not. This could help to identify the barriers to a successful intervention

program.

By analyzing the sources of infections of the COVID-19 outbreaks in the dispersed
neighbourhoods, we identified a few factors that played a key role at a spatial scale in the spread

of COVID-19 in Toronto. Based on the assessment of the sources of infection information from
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the COVID-19 dataset, we observed that apart from outbreaks from healthcare institutions, most
of the sources of infection in the dispersed neighbourhoods were from close contact either
through individuals or from communities. Travel or workplace outbreaks had very little to
contribute to the spread of the disease in the dispersed neighbourhoods in our study area. This
suggests that close attention to the index and its nearby neighbourhoods could have controlled

the spread of the disease in our study area.

When an outbreak hits a large area, it may not be practical to initiate an intervention in all
the areas simultaneously. For instance, several efforts have been adopted by the Toronto local
authorities to control the pandemic since the cases were reported at the Sunnybrook Health
Sciences Centre in Toronto on January 23, 2020 (Silverstein et al., 2020). According to BBC
News, on May 24, 2021, Toronto is considered to have the longest continuous COVID-19
lockdown among any major city around the world (‘Toronto Lockdown - One of the World’s
Longest?’, 2021). On March 23, 2020, the Toronto Mayor declared a citywide emergency,
restricting businesses from operating. Because of the spread of the disease, more regionally
targeted restrictions and policies were applied. These measures included lockdowns, mask
mandates, closure of schools, indoor gathering limits, limited non-essential business, limiting
shopping malls to curbside pickup, and preventing any subsequent large gatherings (J. A. Long
et al., 2021; Soucy et al., 2021). The city of Toronto prioritizes the postal code areas with high
neighbourhood-level case rates for mobile and pop-up clinic vaccinations (City of Toronto,
2021b, 2022b). Given all those efforts, there were no signs of declining the disease in Toronto.
Past studies have found that spatially targeted interventions can be highly effective for

controlling infectious disease outbreaks (Cudahy et al., 2019; Finger et al., 2018; Franch-Pardo
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et al., 2020; Khundi et al., 2021). The results of our hotspot analysis provided important data by

which one could prioritize areas for local interventions.

Along with the incidence rate, our approach includes the persistence of the cases during
the study period in defining the hotspots. In our study, the high-priority areas were observed near
the western part of Toronto, bordering the Peel region, which had reported a high COVID-19
incidence rate in Canada. It is possible that Toronto was affected by the high number of cases in
the Peel region. The central regions of Toronto near downtown observed a few dispersions but

were mostly at low risk, whereas a higher risk was observed near the outer boundaries.

In an urban area, various risk factors such as socioeconomic inequalities, demographic,
environmental factors or pre-existing health conditions in a population are often used to explain
the variations in risk and outbreak dynamics (Ingen et al., 2021; News -, 2020; Vaz, 2021).
Population density is an important factor in the spread of COVID-19 incidences (Bhadra et al.,
2021; Kadi & Khelfaoui, 2020; Pequeno et al., 2020; Sy et al., 2021). We observed that many of
the spread of outbreaks occurred in the highly densely populated areas (Central and Southern
Toronto) with a population density ranging from 6500 — 44321 persons per sq km. However, in
the northeastern and northwestern corners of Toronto, where the population density is lower
(1000-3000 persons per sq km) than in the other part of Toronto, we observed the high-risk
priority neighbourhoods and multiple dispersions, suggesting that population density alone may
not explain the increased risk of COVID-19. Targeting the high-priority hotspots first, as defined
in this study, and subsequently to medium-priority hotspots and then the low-priority hotspots

would be the most efficient strategy in controlling the disease.

139



This study is not free from limitations. We used the commonly used definition for the
outbreak. The recommendations of international policy guidelines and research agendas are
based on the perceived standardized definition of an outbreak characterized by a prolonged,
high-caseload, extra-seasonal surge. Any changes in the definition may change the dynamic
patterns to some degree. However, the results of our sensitivity analysis showed only minor
variations in the spatiotemporal dynamics of the outbreak. Second, asymptomatic cases are not

included in the analysis, as these data were unavailable for our study area.

Additionally, access to testing and testing resource allocation across neighbourhoods may
have varied over time (CBC News, 2020; Ontario, 2022). These missing numbers of cases could
potentially result in an underestimation of disease transmission. Finally, we did not have the
individual or neighbourhood-level mobility data to explain some of the disease spread processes.

However, we have seen travel contributed only a little in explaining the spread of the outbreak.

5.6. Conclusion
In a wider outbreak control effort, research agendas and subsequent policy guidelines have heavily

focused on methods to identify and predict outbreaks and how to respond appropriately by
outbreak response protocols to better plan for future outbreak occurrences using effective control
measures. With appropriate and timely control, the spread of the disease outbreak can be
minimized. Our study offers a new approach to a deeper understanding of the spatial dynamics of
infectious disease outbreaks, which would facilitate the intervention program for controlling the
spread of the outbreaks. The approach could be useful for understanding spatial dynamics of other

infectious diseases where local level spatially enabled data are available.
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Chapter 6 Discussion and Conclusion

6.1. Discussion
6.1.1. Key Findings

This dissertation is composed of three original research manuscripts exploring the spatial

epidemiology of COVID-19 outbreaks, the urban environment and public health planning using

spatial and spatiotemporal methods. The manuscripts in Chapters 3 to 5 significantly contribute

to the common theme, neighbourhood-level assessment of the spatial and spatiotemporal

epidemiology of COVID-19. The key findings and major contributions for each of the three

chapters are briefly summarized in Table 6.1, with reference to the original research objectives

and questions provided in Table 1.1 in Section 1. More details are given in the following sections

of this chapter.

Table 6.1. Key findings and major contributions of the thesis.

Chapter #

Key Findings

Major Contributions

Chapter 3
(Manuscript 1)

Risks of COVID-19
vary in space-time.
At the global scale,
lower levels of
education and the
percentage of
immigrants were
found to be
positively associated
with COVID-19
transmission rates.
At the local scale, we
found variations in
the association
between COVID-19
and various
socioeconomic risk
factors.

Provides an understanding of COVID-19
disease epidemiology in Toronto. In particular,
where are the high and low risk areas located
in Toronto, how socioeconomic inequalities in
an urban environment can influence disease
transmissions and how these associations can
vary locally.

Provides the methodological framework by
applying a local multiscale regression
modelling approach incorporated with a
correction method to identify the local
variations in the association between COVID-
19 and socioeconomic risk factors in an urban
environment.

Provides insights into hotspots and important
risk factors for strategies and interventions for
public health planning.

Chapter 4
(Manuscript 2)

LST is found to be
positively associated
with COVID-19.

Provides empirical evidence of the association
between urban land surface temperature and
COVID-19.
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A lower level of
education is
positively associated
with COVID-19.
High-risk areas or
hotspots were
identified.

Higher temporal risk
was observed during
Spring 2021.

The spatiotemporal
risk patterns
identified that 60%
of neighbourhoods
had a stable, 37%
had an increasing,
and 2% had a
decreasing trend over
the study period.

Provides an understanding of COVID-19
disease epidemiology in Toronto. In particular,
where are the high and low risk areas located
in Toronto, how socioeconomic inequalities in
an urban environment can influence disease
transmissions.

Provides a methodological framework by
applying Bayesian infectious disease
modelling technique and remote sensing
technology for deriving temporal,
spatiotemporal trends and area-specific relative
risk.

Provides insights into hotspots and risk factors
for strategies and interventions for public
health planning.

Chapter 5
(Manuscript 3)

Visualizes the spatial
spread of COVID-19
from index
neighbourhoods to
dispersed
neighbourhoods
within two weeks.
Created high,
medium and low-
priority hotspots for
COVID-19 using
disease persistence
and incidence rate.

Provides an understanding of the community-
level spatiotemporal spread patterns of an
infectious disease in Toronto, particularly how
these spread dynamics can be heterogeneous in
space and time.

Applies a novel spatiotemporal model to
visualize the outbreak spread patterns.
Provides insights into the index or origin
neighbourhoods and priority-based hotspots
for interventions and strategies for public
health planning.

The first manuscript, titled "Spatial and spatiotemporal clusters and the socioeconomic

determinants of COVID-19 in Toronto neighbourhoods, Canada: An Observational Study,"

examined if COVID-19 risks varied across space and time, identified the global socioeconomic

risk factors of COVID-19 and inquired how the associations between COVID-19 transmissions

and socioeconomic variables varied across different neighbourhoods. This study uses test-based

and model-based methods to identify the spatial patterns and risk factors in Toronto. The

multiscale geographically weighted regression with a corrected method identified these local




variations in the association between the variables. This study found lower education and
concentration of immigrants to be significant contributors to COVID-19. Additionally, even
though income and unemployment were not found to be significant contributors at the global
scale, the local regression model found these risk factors to be significant contributors in a few
neighbourhoods. The study identified several high-risk space-time clusters in the northwest and
eastern part of Toronto.

The second manuscript, titled "ldentifying Spatiotemporal Patterns of COVID-19 and the
Drivers of the Patterns in Toronto: A Bayesian Hierarchical Spatiotemporal Modelling",
quantified the area-specific risks and trends by using satellite-driven time series LST data and
socioeconomic variables to predict COVID-19 risk in a small area. The best-fitting
spatiotemporal model used spatial, temporal and type Il space-time interaction effects to show
the temporal and spatiotemporal trends of COVID-19 risk. The study found LST to be positively
associated with COVID-19. Similar to manuscript 1 (Chapter 3), education was also found to be
an important contributor to COVID-19 risk. The spatial patterns of risk were heterogeneous in
space with multiple high-risk neighbourhoods in Western and Southern Toronto. The temporal
trend analysis identified high risk was observed during Spring 2021. The spatiotemporal risk
patterns identified that 60% of neighbourhoods had a stable, 37% had an increasing, and 2% had
a decreasing trend over the study period. Most neighbourhoods experienced either stable or
increasing spatiotemporal risk during the study period.

The third manuscript, titled "Modelling the spatiotemporal spread of COVID-19 outbreaks
and prioritization of the risk areas in Toronto, Canada", mapped the spatiotemporal spread of

COVID-19 spread at the neighbourhood level using a novel modelling technique and created a
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priority scheme for the hotspots by using incidence rate and disease persistence. This study
observed several spatial spreads of the disease in Toronto within two weeks of the onset of the first
outbreaks from the index neighbourhood to its first-order neighbourhood networks. Apart from the
healthcare institutions, most of the sources of infection were from the households and communities
(82%) in the dispersed neighbourhoods, suggesting an expansion of transmission from the nearby

neighbourhoods.

6.1.2. Comparison of the findings
The three research studies conducted in this dissertation use three different methods to

identify the COVID-19 spatial risk in Toronto. | have further analyzed the similarities and
differences between the spatial risk of COVID-19 in the neighbourhoods among these three
studies (Figure 6.1, Table 6.2). Cohen's Kappa Coefficient test was also performed to assess the
degree of concordance (similarities) or discordance (differences) between the risk areas
identified in each study.

Study 1 in Chapter 3 adopted the SaTScan, a widely popular frequentist scan statistic
method, to identify the space-time risk areas. From the outputs of this study, neighbourhoods
with a significant relative risk were classified as high-risk neighbourhoods and neighbourhoods
without a significant relative risk were classified as low-risk neighbourhoods for analysis. Study
2 in Chapter 4 adopted the Bayesian hierarchical modelling technique while adjusting for
socioeconomic and LST variables to yield the area-specific relative risk. From the outputs of this
study, the neighbourhoods with an area-specific spatial relative risk >1 were classified as high-
risk neighbourhoods, and the remaining neighbourhoods were classified as low-risk
neighbourhoods for analysis. Study 3 in Chapter 5 adopted a hotspot prioritization method,

including incidence rate and disease persistence, to calculate the high, medium and low-priority
144



risk neighbourhoods. From the outputs of this study, the neighbourhoods with high or medium-
priority risks were classified as high-risk neighbourhoods, and neighbourhoods with low-priority
risks were classified as low-risk neighbourhoods for analysis. These neighbourhood-specific
spatial risks of COVID-19 were mapped in Sections 3.4.2, 4.4.3 and 5.4.3.

Figure 6.1 uses a 3-circle Venn diagram to show the similarities in high and low-risk
neighbourhoods between (i) study 1 and study 2, (ii) study 2 and study 3, (iii) study 3 and study
4 and (iv) study 1, 2 and 3. The numbers inside the Venn diagrams denote the common number
of neighbourhoods with a high/low risk between studies. Overall, 48 (34.2%) neighbourhoods
showed similar geographic patterns of risk across all three studies. These similarities can be
observed primarily in the northwestern and northeastern parts of Toronto. Cohen's Kappa
coefficients were calculated to evaluate the degree of concordance between the geographic
patterns of risk neighbourhoods across the three studies (Cohen, 1960). The Kappa coefficient
value evaluates the degree of concordance (similarities) or agreement between the

neighbourhood's risk patterns across the studies.
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Figure 6.1. Similarities in the High and Low-Risk Neighbourhoods across the three studies.

Similarities in High-Risk and Low-Risk neighbouthoods

(Total 140 Neighbourhods)
Study 1 & 2: 62.14%
Study 2 Study 2 & 3: 60.71%
37 Study 1 & 3: 45.71 %
Study 1, 2 & 3: 34.28%
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Notes: Study 1: SaTScan, Study 2: Bayesian Hierarchical Modeling, Study 3: Hotspot Prioritization.
The numbers inside the Venn diagram denote the common number of neighbourhoods with a high/low risk between
studies.

Table 6.2. Agreement and disagreement in the High/Low-Risk Neighbourhoods among the
three studies. (Study 1: SaTScan, Study 2: Bayesian Hierarchical Modeling, Study 3:
Hotspot Prioritization).

Concordance and Discordance pairs
Agreement Kappa
high/high|low/low |high/low|low/high| ~ (%0) (95% CI)
Study 1 & 2 56 31 42 11 62.14% 0.25(0.11, 0.39)
Study 2 & 3 35 50 32 23 60.71% 0.20 (0.04, 0.37)
Study 1 & 3 40 24 58 18 45.71% | -0.01(-0.15,0.12)
Study 1,2 & 3 27 21

Notes: According to the values of the Kappa coefficient, which varies between 0 and 1, the degree of concordance will be determined as follows:
poor (k <0.2), fair (0.2 <k < 0.4), moderate (0.4 <k <0.6), good (0.6 <k <0.8); excellent (k > 0.8), and perfect (k=1).
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Cohen's Kappa Coefficient test result suggests that study 1 and study 2 had 62.14%
similarities in the risk patterns with a Kappa value of 0.25 (0.11,0.39), suggesting a fair
concordance. These two studies have common high-risk areas mostly in the northwestern and
northeastern neighbourhoods of Toronto and common low-risk areas in northern and southern
neighbourhoods of Toronto. Study 2 and study 3 had 60.71% similarities in the risk patterns,
with a Kappa value of 0.20 (0.04, 0.37), suggesting a fair concordance. These two studies have
common high-risk areas mostly in the northwestern, southwestern, northeastern and southern
(neighbourhood #77) neighbourhoods of Toronto and common low-risk areas in central and
southern neighbourhoods of Toronto. Finally, study 1 and study 3 had 45.71% similarities in the
risk patterns, with a Kappa value of -0.01 (-0.15, 0.12), suggesting a poor concordance. These
two studies have common high-risk areas mostly in the northwestern and northeastern
neighbourhoods of Toronto and common low-risk areas in the central neighbourhoods of
Toronto.

The results of the hotspot comparison assessment suggest that SaTScan produces
relatively more similar risk patterns (62.14%) to the Bayesian modelling method compared to the
hotspot prioritization method (60.71%). The outputs of the SaTScan and the hotspot
prioritization methods showed a higher level of discordance (54.29% dissimilar). Various
differences were also observed among the high or low risk areas across the three studies. For
example, in the southern part of Toronto, in Neighbourhood #77, a very high spatial risk is
observed in Study 2, and a medium priority risk was observed in Study 3. However, in Study 1,

using the SaTScan method, this neighbourhood did not have a significant risk in this
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neighbourhood. Such a difference is also expected, as the mathematics behind identifying the
clusters or risk calculation is not the same in the applied methods.

A major limitation of the SaTScan method is that SaTScan can not detect non-circular or
irregular shaped clusters and, therefore, requires a circular pattern of the cluster with the
likelihood ratio statistic calculated from the number of observed and expected cases from within
and outside the clusters (J. Chen et al., 2008). It is possible that the Bayesian and the SaTScan
method have some similar performances in identifying circular hotspot clusters that can be
noticed in the northwestern and northeastern parts of Toronto. Bayesian methods are expected to
have more flexibility regarding non-circular hotspots (Lawson, 2010). The methods also differ in
terms of using the geographic locations of each neighbourhood and their neighbouring
neighbourhoods. The Bayesian method basically smooths the data compared to the SaTScan and
the hotspot prioritization methods (Lawson, 2010). The correlated component of the Bayesian
BYM model depends on the adjacent neighbourhoods regardless of the distance and population
and is, therefore a bit more flexible than SaTScan (Aamodt et al., 2006). At the same time, the
hotspot prioritization method does not factor adjacent areas into account while calculating risk.

In contrast to the Bayesian BYM model, the circular scan in the SaTScan method does
not take into account whether the neighbourhoods within the circles are neighbourhoods
(Aamodt et al., 2006). Therefore, it is possible that SaTScan may detect relatively large clusters
of high-risk areas compared to the Bayesian method and the hotspot prioritization method which
was observed in this dissertation. Furthermore, in contrast to the SaTScan and the hotspot

prioritization method, the Bayesian method adds correlated spatial random effects into the
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model, which can handle overdispersion or extra spatial variability in the data (Gschl6Rl &
Czado, 2008).

There are also differences among these methods in terms of practicalities. The SaTScan
and hotspot prioritization methods are relatively simple to implement and require relatively less
computational time than Bayesian methods (Aamodt et al., 2006). Additionally, unlike the
Bayesian method, the SaTScan and the hotspot prioritization method do not require prior, which
is often unknown for a new disease (Best et al., 2005). The SaTScan has the ability to uncover
spatial and temporal clusters using various distribution models its ability to uncover spatial and
temporal clusters using various distribution models (Coleman et al., 2009). SaTScan is geared to
identify space-time clusters, whereas the Bayesian method has space-time structures built into it
but is targeted to identify area-specific risk (Best et al., 2005; Hohl et al., 2020). Specifying the
BYM model in the Bayesian method also requires finding the adjacent neighbourhoods for all
neighbourhoods in the study area (Aamodt et al., 2006). The choice of the appropriate method to
identify high-risk areas in a study may depend on various factors. Such as: (i) computational
capacity, (ii) time, (iii) assumed shape of the risk clusters (iv) data quality and limitations, or (v)
methodological strengths and limitations.

For our case study, Bayesian methods seem more appropriate for identifying the hotspots.
In a small-area analysis, data can be sparse, and a small population can have a smaller number of
observed and expected cases, creating unstable risk estimates (Beale et al., 2008). In the study
area in Toronto, the shape, size and population of the 140 neighbourhoods in Toronto vary. Also,
a limitation of COVID-19 datasets is the absence of asymptomatic or unreported cases, which

could also be responsible for significant transmission (Alene et al., 2021). The Bayesian
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approach allows accounting for data sampling variability, parameter uncertainty, and potential
dependence structures such as spatial, temporal and spatiotemporal structures. In Bayesian
modelling, it is easier to incorporate variance components hierarchically and provide better
estimates of predictive uncertainties than the other methods discussed in this dissertation.
Therefore, a Bayesian method used in this study might have been a more reasonable option for
modelling the neighbourhood scale risk of COVID-19 in Toronto or other similar settings.

In Chapter 3, the global relationship between COVID-19 and socioeconomic factor were
identified using the widely used spatial regression models (SEM and SLM), while in Chapter 4,
the same relationships were assessed using a Poisson-based Bayesian Hierarchical model. Both
studies have identified lower levels of education to have a positive association with COVID-19
incidence. However, in Chapter 3, the non-Bayesian spatial model identified percentages of
immigrants to be positively associated with COVID-19, whereas no associations were found
from the Bayesian modelling method in Chapter 4.

It is important to note that the socioeconomic variables were selected based on the
literature review and availability of such data, specifically during the study period and at the
neighbourhood level. Unfortunately, there could be some other important covariates which were
not adjusted into the models. The robust Bayesian spatiotemporal hierarchical models used in
Chapter 4 with structured, unstructured, random effects allowed compensating for the
missing/unobserved covariates in the models, which may not be the case for the spatial
regression model in GeoDa (Knorr-Held, 2000). In particular, the Type Il space-time interaction
in the final Bayesian model in Chapter 4 implied that the missing covariates have smoothly

varying structures through time but are highly localized in their effect on the outcome and so
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have no structure over space (Haining & Li, 2020). Therefore, it is possible that not
compensating for the missing covariates may have caused a false positive association in the
GeoDa model for the percentage of immigrants in terms of overall risk. Therefore, a Bayesian
spatiotemporal model with various spatial, temporal and spatiotemporal effects using space-time
interaction terms might be a more plausible option to model the global associated risk factors

that compensate for potential missing covariates.

6.1.3. Residual Assessment of the MGWR Model
In Chapter 3, the log of the COVID-19 incidence rate was used in the M(GWR) model to satisfy

the assumption of linearity to fit the data into the model. Using the rates is crucial in ecological
studies as it controls for the size of the individual objects since using absolute values without
adjusting them with the population at risk, for instance, may lead to unrealistic correlations
(Tiefelsdorf & Kyunghee Rhyu, 2022; D. Wheeler & Tiefelsdorf, 2005). However, the varying
denominators of the rates, generally the population at risk of a geographical unit, can also make
these rates inherently heteroscedastic (Tiefelsdorf & Kyunghee Rhyu, 2022). To control for the
varying variances of the observations, the M(GWR) model standardized the data by performing a
z-transformation on the dependent and the local independent variables so that each variable has a
mean of 0 and a standard deviation of 1 (T. M. Oshan et al., 2019). Additionally, a basic
assumption of the M(GWR) models is that the error terms of the models are independent and
normally distributed (Fotheringham et al., 2017; H. Yu et al., 2020). The presence of spatial
autocorrelation of the error terms can therefore invalidate these statistical assumptions of
homoscedasticity of the error in an M(GWR) model and, ultimately, mislead the results of the

statistical performance (Brunsdont et al., 1998; Leung et al., 2003; Mei, 2004). To avoid this
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issue, testing for spatial autocorrelation among the residuals of a geographically weighted
regression is crucial (Mei, 2004). In this dissertation, a widely used Global Moran’s | test (F.
Dormann et al., 2007; Leung et al., 2003; Mei, 2004) was used to further explore the spatial
autocorrelation of the residuals obtained from the M(GWR) model (Chapter 3), and the results
are presented in Appendix C. These results imply that the assumption of the homoscedasticity of

the error residuals of the M(GWR) model was not violated.

Overall, the M(GWR) is a considerable improvement over the previous traditional GWR
methods and comparable to the Bayesian spatially varying coefficient model (Finley, 2011; T.
Oshan et al., 2019; H. Yu et al., 2020). A limitation of the M(GWR) model is that it does not
obtain the parameter estimates that project the observed response vector into the predicted
response vector (H. Yu et al., 2020). Another limitation of the M(GWR) is that it may be
difficult to refine the scale of action from a large sample, particularly when it takes a data set
larger than 10,000 observations.(Fotheringham et al., 2017; H. Yu et al., 2020). Furthermore,
geographically weighted regression models are more prone to multicollinearity. In the M(GWR)
model, multicollinearity can occur in different situations, such as one of the explanatory
variables is spatially clustered or two or more explanatory variables are highly correlated (H. Yu
et al., 2020). However, M(GWR) yields lower AIC and AICc values compared to the traditional
GWR and is less prone to multicollinearity issues, but the processing time is much longer for
M(GWR) compared to GWR, and it increases with the size of the data (Fotheringham et al.,

2017; T. M. Oshan et al., 2020).
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6.2. Contributions
As summarized in Table 6.1, this dissertation provided significant contributions, which are

detailed below. From a spatial epidemiological perspective, this dissertation sought to advance
the understanding of the relationship between a highly transmissible disease and the urban socio-
environment. From an analytical perspective, this dissertation was motivated to apply advanced
modelling techniques for analyzing COVID-19 and urban neighbourhood scale data. From a
public health policy perspective, this dissertation looked to provide information that could help
design and implement urban public health intervention policies and programs by the local public

health. The contributions of this dissertation against each objective are discussed in detail below.

6.2.1. Epidemiological contributions
Overall, this dissertation contributed to the theories in the field of infectious disease research,

and public health sciences focused on the relationship between the urban environment and
COVID-19 in three ways. First, this work measured how COVID-19 disease risk and trends
varied in space and time in Toronto to advance past research. Second, this work mapped how
outbreaks spread over space and time within neighbourhoods in Toronto. Third, this work
identifies the important socioeconomic risk factors of COVID-19 in Toronto, providing evidence
of neighbourhood effects and also asks whether variations in urban heat or land surface
temperature in Toronto can be used to predict COVID-19 risk. Across the three manuscripts, this
dissertation strengthens evidence from past neighbourhood-based research on how COVID-19
risks, patterns and trends are heterogeneous in space and over time in Toronto neighbourhoods
(Kan et al., 2021; B. Li et al., 2021; Perles et al., 2021). Each of the three research manuscripts

also makes some unique contributions.
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The first (Chapter 3) and second (Chapter 4) manuscripts support historical and
contemporary evidence of neighbourhood inequalities in a pandemic by suggesting that urban
socioeconomic inequalities across neighbourhoods were associated with increased infectious
disease risk (Bambra et al., 2020; Cordes & Castro, 2020, 2020). The first manuscript found that
higher concentrations of foreign-born immigrants are positively associated with disease
transmission rates in Toronto, which supports previous work that found that COVID-19
transmissions disproportionately impact immigrant communities (Clark et al., 2020; Hasan

Bhuiyan et al., 2021; Oluyomi et al., 2021; Strully et al., 2021).

This study hypothesized that COVID-19 disproportionately impacted the foreign-born
immigrant population, which could be attributed to immigrants living in overcrowded housing
conditions, low-income neighbourhoods or working in environments where physical distance
may be difficult (Choi et al., 2020; CTV, 2020). The first and second manuscripts both supports
and strengthens past studies on the importance of the level of education in understanding and
awareness of the risks of fighting a pandemic (Borjas, 2020; Fielding-Miller et al., 2020; Goutte
et al., 2020). The dissertation hypothesizes that lower education levels may increase COVID-19
risk indirectly through health-seeking behaviour and efficiency in navigating the health systems.
Furthermore, the first manuscript identifies the locally varying coefficients for each
socioeconomic risk factor by identifying neighbourhood-specific associations. It was observed
that the unemployment rate and poverty level were also important influencers of COVID-19
transmission in some neighbourhoods in Toronto. This builds on past studies that focused only
on global risk and overlooked how different factors may impact disease transmission differently

in each neighbourhood within a small area (Boland et al., 2021; Cao et al., 2020; Castro et al.,
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2021; Sannigrahi, Pilla, Basu, & Basu, 2020; Sannigrahi, Pilla, Basu, Basu, et al., 2020b; Y. Sun

et al., 2020Db).

The second manuscript (Chapter 4) identified land surface temperature to have positive
associations with COVID-19 transmission in Toronto. This finding supports a prior study by
Hassan et al. (Hassan et al., 2021) that found a positive association while challenging a study that
identified a negative association (Johnson et al., 2021). LSTs are also more spatially
representative compared to ambient temperature collected from the ground weather stations from
one location (do Nascimento et al., 2022), and the finding provides empirical evidence to
establish the link between temperature and the COVID-19 surge in Toronto. This study also
identifies that the temporal and spatiotemporal trends of disease risk were heterogeneous over
space and time, mostly showing stable or increasing patterns in Toronto. The temporal risk
fluctuation over time in the study area provided an understanding of how risks can vary in time
in Toronto, highlighting the importance of incorporating temporal structures in future research.
We identified significant changes in the risk of COVID-19 six times across the study period in
Toronto with varying trends. This finding suggests that the temporal trend of the epidemic of
COVID-19 is different from other coronavirus diseases, such as the SARS (severe acute
respiratory syndrome) epidemic in 2003, in which case the number of reported SARS cases has
increased exponentially over time, and the outbreak lasted a shorter period of approximately six
months (Boulos, 2004; CDC, 2021; Galvani et al., 2003; X. Zhang et al., 2020). This research
observed the spatiotemporal risk trends of COVID-19 (stable, increasing or decreasing), which

was hardly observed in prior studies. The temporal risk was particularly high in early spring and
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lowest in summer, thus advancing the understanding of the seasonal impact on disease
transmission in Toronto.

In Chapter 5, the spread mechanism of COVID-19 is visualized in a single map that
shows the spatial and temporal dynamics of COVID-19 in Toronto. The findings advanced the
understanding of the spread dynamics, magnitude and directions of COVID-19 outbreaks in
Toronto. The study provides theories for public health planning programs, highlighting the need
for early intervention programs at the neighbourhood-level targeting sources areas to stop

spreading into surrounding communities.

6.2.2. Analytical contributions
This dissertation has developed and applied advanced modelling tools that provide the

framework for the analysis of spatial and temporal data of COVID-19 at the neighbourhood scale
in Toronto. While the first manuscript (Chapter 3) adopts a multiscale geographically weighted
regression modelling framework to model urban neighbourhood scale socioeconomic
inequalities’ impact on disease rates, the second manuscript (Chapter 4) applies the Bayesian
hierarchical modelling approach using a set of observed covariates and using spatial, temporal
and multiple space-time random effects (Knorr-Held, 2000; Knorr-Held & Besag, 1998). The
third manuscript (Chapter 5) creates a novel visualization tool that extends existing work of
disease mapping that generally compares multiple maps from different time points and identifies
the spread dynamics in one map.

Chapter 3 finds that the MGWR model was the better-fitted model to explain the local
variations in associations between socioeconomic variables and COVID-19 risk. This research

overcomes the common limitations of the global regression models by taking the non-stationarity
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of spatial associations between disease rates and explanatory variables into account (Thayn &
Simanis, 2013). This study strengthens the traditional geographically weighted regression
methods by applying the merits of MGWR, which has been shown to be a viable model form that
generates different measurements of scale for different processes, is computationally less
demanding and arguably intuitive (Fotheringham et al., 2017). The MGWR method further
improves upon the majority of the studies that identified the local variations of COVID-19 by
incorporating a correction method to incorporate the multiple testing issues (A. R. da Silva &
Fotheringham, 2016).

Chapter 4 contributes to a robust methodological framework for fitting spatiotemporal
LST data into a Bayesian model and provides a framework for understanding the temporal and
spatiotemporal trends of COVID-19 risk. The presented Bayesian spatial and spatiotemporal
statistical approaches have been widely applied in spatial epidemiological research but not
necessarily in understanding spatiotemporal trends of COVID-19 (Franch-Pardo et al., 2020;
Nazia et al., 2022). This study provided a flexible analytical framework for analyzing the
neighbourhood COVID-19 risk trends to show if COVID-19 risk shows increasing, decreasing
and stable patterns across neighbourhoods. In particular, this research strengthens and stabilizes
estimation by proving a modelling approach for evaluations of spatiotemporal data of LST. This
study improves upon the existing modelling of LST spatiotemporal data from previous COVID-
19 research by acquiring satellite images using longer temporal data (79 consecutive weeks),
higher spatial resolution (100 meters) and a smaller spatial scale (neighbourhood) and applying
atmospheric corrections to control for errors in LST calculation (Das et al., 2020). We also used

atmospheric corrections methods on these images by adopting Sobrino et al. in 2008's Land
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Surface Emissivity (LSE) model (Sobrino et al., 2008), which provides a high estimation
accuracy based on previous studies (Z.-L. Li et al., 2013; Sobrino et al., 2008; X. Yu et al., 2014;
Zhao et al., 2009). This study contributes to the existing COVID-19 literature by providing a
methodological framework using higher spatial and temporal resolution satellite imageries at a
local spatial scale, which is more spatially representative and may have provided a more accurate
estimate due to the use of the atmospherically corrected data on LST.

In Chapter 5, | developed a novel geographic model that can be applied to investigate
neighbourhood or community-level spread patterns of infectious diseases by updating the local
definition of an outbreak and the incubation period to adjust for local settings (Gianquintieri et
al., 2020; R. C. Jones, 2021; Kang et al., 2020). Previous studies hardly modelled urban
neighbourhood scale spread dynamics of COVID-19. Compared to prior studies that visually
compared multiple maps, this study provides an analytical framework for neighbourhood-level
visualization of the spatiotemporal spread of infectious diseases and identifies the outbreak
source neighbourhoods (Cuadros et al., 2020; Y. Feng et al., 2020; Gao et al., 2021; H. Yu et al.,
2021). The methodological framework applied here can also be used in other urban
neighbourhood-level settings or for other infectious diseases. This research also created a
prioritization scheme that includes the disease persistence parameter which has been used in the
past for other infectious diseases but rarely used in COVID-19 research (Debes et al., 2021;
Ngwa et al., 2021).

This study also explores different methodologies to identify high-risk areas and discusses

the differences in the outputs in Section 6.2. The methodological frameworks and suggested
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recommendations may be adopted by public health planners by integrating with local knowledge

and computational capacities.

6.2.3. Public Health planning contributions
This dissertation provided evidence through epidemiological theories and analytical tools for

urban public health planners to design and implement different intervention plans and programs
in the Canadian urban context. Collectively, the three manuscripts provide four major
contributions to public health planning. First, this research identified local and global risk factors
that contributed to high risks in neighbourhoods. Second, temporal and spatiotemporal trends of
COVID-19 risks are identified, which could inform health officials about planning efforts. Third,
high-risk areas are identified where policies and more programs are necessary to decrease risks
in those areas through different plans and programs. Four, the neighbourhood-wide spread
dynamics of COVID-19 outbreaks can inform public health officials to target the source
neighbourhoods.

Focusing on the public health policy contributions, in Chapter 3, the local associations
between the four socioeconomic variables and COVID-19 are visualized in section 3.4.3.2. The
findings can allow public health officials to plan whether a particular type of intervention might
be required to address the neighbourhood's specific socioeconomic vulnerabilities. For instance,
that low-income and unemployment rates were significant in a few neighbourhoods, which could
account for public health planning in those particular neighbourhoods.

Chapters 3 and 4 identified education level as an important global determinant of the

heightened risk of COVID-19; therefore, factoring education into planning programs could be an
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important part of pandemic planning strategies in urban areas. Additionally, previous studies
have linked higher education levels with vaccine hesitancy (Mathieu et al., 2021; Suthar et al.,
2022; Watson et al., 2022). One way to address this issue is by introducing public health and
vaccine knowledge programs and vaccines in areas with a lower education level. Chapter 3 also
identifies that higher LST in a neighbourhood could influence COVID-19 risk. One way to
address this is with policy tools to address the local socioeconomic conditions and modify urban
LST through land use patterns, increased green density and urban design guidelines (Buyantuyev
& Wu, 2010; Y. Zhang & Sun, 2019).

In Chapter 4, the highest seasonal risk in Spring and the lowest in summer may inform
public health officials to prepare for peak seasons ahead. The spatiotemporal trends of the
neighbourhoods are visualized in Section 4.4.3. The neighbourhoods that show increasing
spatiotemporal risk over time could be the grounds to assess existing pandemic policies and can
be further assessed by public health planners to observe the causes of the increasing patterns
despite public health measures.

In chapter 5, the spread patterns and the sources of neighbourhood-scale outbreaks of
COVID-19 are visualized in Section 5.4.2. During an epidemic, public health planners can apply
the spatiotemporal spread to observe the movement of outbreaks across neighbourhoods in space
and time to identify possible sources and directions of the outbreak. Focusing on the source
neighbourhoods and the direction of the spread during the early stages of an outbreak could help
public health planners to spread to further neighbourhoods with limited resources (Sharifi &

Khavarian-Garmsir, 2020). This chapter also identifies the sources of the infections from the
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dispersed neighbourhoods in Section 5.4.2.2. Such information can be useful for public health
planners to understand the key sources of infections during a pandemic.

Neighbourhoods with high-risk clusters of COVID-19 in Toronto were visualized in
Sections 3.4.2, 4.4.3 and 5.4.3. Given the limited resources available, planning efforts could
focus on targeting high-risk neighbourhoods in Chapter 4 (Bayesian method), as observed in our

dissertation.

6.3. Public Health Implications

This thesis has some major public health implications. Community-level interventions can play a
significant role in reducing transmission and disease impact during an outbreak (Tiwari et al.,
2021). It is important to protect individuals, especially vulnerable individuals, from the risk of
severe disease outcomes or occupational exposure to the virus, which can reduce the probability
of future variants to arise and reduce the pressure on health systems (van Seventer & Hochberg,
2017). According to the World Health Organization infectious disease outbreak control
programs, public health efforts during an epidemic or pandemic should contain the following key
strategies. First is the early detection and quick response to contain outbreaks (Murray & Cohen,
2017). The strategy is to focus on high-risk areas through early detection, and rapid response to
contain the outbreaks is critical to reducing COVID-19 burdens (Franch-Pardo et al., 2020).
Interventions like robust community engagement, strengthening the early warning systems,
testing and vaccination capacities, health system and ready-for supplies while establishing the

response teams at the core risk areas may drastically reduce the risk (Gilmore et al., 2020).
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Several non-pharmaceutical mitigation and control strategies can be put in place at the
community level to control the spread of the virus (Alvi et al., 2020; Odusanya et al., 2020).
Non-pharmaceutical interventions are targeted to minimize the person-to-person spread of
COVID-19 and can include bans on public gatherings, isolation, mandatory stay-at-home orders,
mandating closures of schools and non-essential businesses, face mask ordinances, and
quarantine at home or designated quarantine facilities where individuals are not allowed to leave
(Hartley & Perencevich, 2020; Imai et al., 2020). These interventions can aim to prevent the viral
spread and alleviate the effect in the short term. Particularly in the earliest phases of an outbreak,
with the absence of pharmaceutical agents that are safe and effective, the public health
community may have to rely on various non-pharmaceutical interventions to reduce the disease

burdens of COVID-19 (Hartley & Perencevich, 2020).

Past studies have tested the effectiveness of these non-pharmaceutical interventions by
analyzing historical observations (Fong et al., 2020; Hatchett et al., 2007; Markel et al., 2007). A
common finding of these studies is that implementing non-pharmaceutical interventions of a
newly contagious pathogen can significantly reduce transmission. Pan et al. (Pan et al., 2020)
examined the epidemiologic outcomes following the implementation of non-pharmaceutical
interventions during the COVID-19 outbreak in Wuhan, China. The results suggested that the
series of multifaceted non-pharmaceutical interventions such as city lockdown with traffic
restrictions, home quarantine, intensified social distancing measures, centralized quarantine and
treatment, door to door and individual-to-individual community screening for symptoms in all
residents and found that it was associated with improved control of COVID-19 outbreaks in

Wuhan. The study also found that increased testing during the early phases of the outbreaks and
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shelter-at-home- policies can work more effectively to replace citywide mass quarantine. It may
be necessary to apply non-pharmaceutical interventions such as mass quarantine in the
geographic hotspots identified in this thesis to limit the spread to other neighbourhoods in
potential future waves of COVID-19. Such decisions can depend on factors such as the

availability of testing or vaccines to measure population immunity accurately.

Second, a targeted multisectoral approach to targeting the COVID-19 hotspots identified
in this study should be applied to improve prevention strategies. The spatial analytical methods
employed in this study were able to identify hotspots which can be prioritized for interventions
to reduce the COVID-19 infections identified in multiple hotspots in Toronto. The accessibility
of hotspots supports the real-time formative evaluation of public health intervention during an
ongoing pandemic (Hartley & Perencevich, 2020). Monitoring high-risk areas continuously may
effectively allow for quality improvement methods to be used to evaluate public health policies
(Butt et al., 2019). This thesis also identified some low-risk areas. From a public health
standpoint, low-risk areas are also important as they could become high-risk areas if appropriate
interventions to address the cause of the outbreak and higher transmission are not initiated in
hotspots and in the neighbourhoods with consistently higher risk over the study period (Butt et
al., 2019). Identifying high-risk neighbourhoods can enable health authorities to align their
resources to reduce the overall COVID-19 disease burden and evaluate the impact of their
prevention programmes. Over time, follow-up and surveillance of these high-risk areas are

required to assess the impact of prevention programmes and activities (Maroko et al., 2020).

Additionally, this thesis identified some socioeconomic issues, such as neighbourhoods

with a lower level of education having a higher risk of COVID-19, that may also contribute to
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COVID-19 prevention. Core areas can be examined over time through awareness and can guide
the COVID-19 public health programs. Contact tracing is another important element of the
strategy to fight COVID-19 outbreaks that could be implemented. Contact tracing involves
reaching out to close contacts of people with confirmed COVID-19 infections in the community
and isolating those who have been in contact with people who have tested positive (Althoff et al.,
2020). When public health units reach out to close contacts of confirmed cases to warn them of
potential exposure and, in turn, take appropriate action to combat virus spread. As part of
outbreak management, cases reaching a high level, public health must make a strategic shift to

case and contact management and focus on the highest-risk areas (Steinbrook, 2020).

Pharmaceutical interventions, such as community-level vaccination in high-risk
neighbourhoods, could also be an effective way to stop the infection (Milman et al., 2021). Prior
studies have found that this strategy substantially speeds up and enhances the probability of
containment (Chowell et al., 2019; Potluri et al., 2020). However, the success of this strategy
depends on the level of community accessibility and cooperation (Milman et al., 2021).
Interventions in the core risk areas, such as robust community engagement, establishing early
warning surveillance, laboratory capacities, health systems, and establishing rapid response

teams, can drastically reduce the number of deaths (Tabish, 2020).

Controlling any epidemics at the community level can require a well-implemented and
relevant education of the members of the neighbourhoods with effective surveillance strategies
integrated with the community. Furthermore, spatiotemporal spread, whether they are spreading
and growing in magnitude, can help determine whether current mitigation and isolation

techniques are effective in slowing the spread of COVID-19, suggesting that they could be used
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more widely in public health (Coccia, 2020). For instance, in Italy, Giuliani et al. modelled the
spatiotemporal spread of COVID-19 spread (Giuliani et al., 2020). The findings of the study
showed strong evidence that strict control measures implemented in high-risk areas and
monitoring the spread had effectively limited the spread to nearby areas. The spatiotemporal
spread model in this study can be used to observe and monitor the magnitude of the spread in the

neighbourhoods in Toronto to prevent future epidemics similar to COVID-109.

Finally, coordinating human, technical and financial resources in the hotspots could assist
in selecting regions for targeted interventions to focus service delivery and resource allocation
(Sarkar et al., 2020). In a pandemic such as COVID-19, the need for medical resources,
including equipment and stuff, and space can quickly exceed available resources when allocating
resources to combat this disease and to ensure that health programs and other interventions focus
on the areas of greatest need (Hempel et al., 2020). Hotspots identified in this study can provide
the basis for targeted disease control by optimizing resource allocation. An effective mechanism
would be technical support, resource mobilization, partnership with local, provincial or global
levels, supporting through human, technical, and financial resources (Djalante et al., 2020).
Prioritizing the allocation of resources by focusing on areas with the highest disease risk as they
have the greatest need for high priority in the allocation of resources that may include mobilizing

resources, skilled human power or improved access to health facilities (Daniels, 2016).

6.4. Limitations
A geographic study design can often present some statistical challenges, and ignoring these

challenges may result in potential bias in the estimated disease risk and the inference on the
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ecological relationships (D. Lee & Sarran, 2015). For instance, in a spatial regression model,
covariates as the confounding factors are often introduced to partially explain the variations in
disease rates and to explain the relationship of the variable of interest with the outcome after
adjusting for the covariates (Paciorek, 2010). However, getting all the confounding factors in the
analysis is challenging. Thus, we often perform the analysis with these limitations. Also, some
unidentified variables may also be missing, missing data patterns, or the data have been
measured with errors that may be non-ignorable and could potentially affect our analysis (Dong
& Peng, 2013). For example, the spatial patterns of travel behaviour during the pandemic may
have varied across neighbourhoods which may have an impact on COVID-19 incidences.
However, it is challenging to differentiate variations in mobility or travel patterns across the
neighbourhoods overtime during the lockdown events. A future study including reliable mobility

data at a finer spatiotemporal resolution could be explored.

The variations in healthcare provisions and unequal resource distributions may have
impacted the regional variations in disease risk over the course of the pandemic in Toronto
(Bambra et al., 2020; Clare et al., 2021) . There could also be a bias in the self-reporting
information on income, education, housing conditions and other information (Ryu et al., 2018).
A common confounding factor, such as age distribution in a small area, can sometimes have an
impact on analysis (McCandless & Gustafson, 2017). However, this may not have been the case
in this thesis as the coefficient of variation within an age group across all neighbourhoods was
low (<10%), suggesting that the rates obtained under the age group distribution across the
neighbourhoods had negligible impact on the analysis. It is also important to note that it may be

possible that some interaction effects exist but were not detected due to possible insufficiency or
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incorrectness of data or missing important confounding variables, which may act over different

spatiotemporal scales (L. Liu et al., 2021).

Another limitation is the COVID-19 testing bias. This research includes only those
individuals who did an official test which was recorded in the public health system. Unreported
or asymptomatic cases are common problems in infectious disease research, as we may never
know the true burden of the disease (Fernandez-Fontelo et al., 2020). We assumed that the
unreported and asymptomatic cases are randomly distributed across the neighbourhoods, thus, it
did not affect much in our analysis. Furthermore, in the absence of restrictive measures such as
lockdowns, travel restrictions, school openings and closing or mall closings, the entire
population in our study area would have been exposed to the virus to more active cases and
deaths (Shadmi et al., 2020). These various federal and local restrictive measures, such as the
timing of lockdowns and school and restrictions of gatherings, may have varied over time in
Toronto but may not have varied across the neighbourhoods in Toronto as the lockdowns were

mandated for all of Toronto at the same time (Dainton & Hay, 2021).

In the statistical modelling of infectious diseases, one challenge is how to control for the
spatial autocorrelation present in the data after accounting for the known covariates caused by
the unmeasured confounders (Duncan et al., 2017; D. Lee & Sarran, 2015). Second is how to
adjust the model to account for the spatial misalignment between disease and the covariates,
which can cause the within area-variations in the covariate data. It is important to address these
missing data or measurement errors and the confounders (Duncan et al., 2017; D. Lee & Sarran,
2015). For instance, if the spatially structured missing covariates are the confounders in the

relationship, it may be difficult to assess the true impact, which is known as the problem of
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spatial confounding (Paciorek, 2010). The generalized linear mixed models and Bayesian models
that have been used in the study allowed for adjustment of the spatial confounding and could
overcome the influences of these missing covariates (Jerrett et al., 2010). Spatially structured
random and spatially unstructured random effects can help to cope with the effects of missing
covariates in model specification (Haining & Li, 2020; Griffith, 2010; Law et al., 2006). It is
suggested that spatial random effects in spatial GLMM models can explain the missing
covariates and the unobserved heterogeneity in ecological analytical models (Cressie et al.,
2009). A study performed a sensitivity analysis for ecological models and showed that the area-

level random effects are a natural way to model the unmeasured confounders (Wakefield, 2003).

To account for the unobserved confounding factors and for the general missingness or
errors in data, this thesis adopted a spatial GLMM model in the Bayesian framework that
included structured and unstructured spatial and temporal random effects and a space-time
interaction effect (Haining & Li, 2020; Lowe et al., 2011). Including these random effects
introduced extra variables or a latent effect into the model and captured the impact of unknown
and unobserved confounding factors (Lowe et al., 2013). Specifically, the Type Il space-time
interaction effect proposed by Knorr-Held (2000) used in the final Bayesian model in the thesis
implied that the missing covariates have smoothly varying structures through time and have no
structure over space since they are highly localized in their effect on the outcome (Knorr-Held,

2000; Haining & Li, 2020; Knorr-Held & Besag, 1998).

Another limitation in this study is that the data are aggregated at a neighbourhood level,
thus, the results presented in this dissertation must be taken in the context of the neighbourhood

scale and cannot be generalized at the individual level or at spatial units that are smaller or larger
168



(Sedgwick, 2015). Upon data availability, future research may focus on using point data to help
addressing this limitation. Finally, the data on the other factors, such as pollution or health-
seeking behaviour at the neighbourhood level, were unavailable, which could explain some of
the complex relationships between urban environment and disease spread. One way to address
this limitation is to collect these data at the neighbourhood level in future research. Chapters 3, 4,
and 5 further addressed the specific limitations of each manuscript.

6.5. Future research

6.5.1. Continuing spatiotemporal analyses of the urban neighbourhoods
Future research can further explore the relationships between spatiotemporal COVID-19 patterns

and urban environments, building contributions of this dissertation. Other models can also be
explored to identify the spatiotemporal risk trends of COVID-19 and identify the risk factors. For
example, future research can explore the spatially varying coefficient model (Finley & Banerjee,
2020), the Bayesian equivalent to the GWR model, that considers the non-stationarity of the
coefficients, to assess the differences in findings of the results from our MGWR model and test
for model accuracies. Additionally, new studies could develop and implement new statistical
models to understand infectious disease epidemiology and spread patterns in an urban setting.
Furthermore, different countries or regions have different pandemic environments,
demographic and government measures. The quantitative output of this thesis is not applicable
equally to all countries or regions of the world. Therefore, future research is needed in other
urban settings to understand the spatiotemporal trends and risks and relationships with the risk
factors in relation to pandemic situations. Future research also needs more longitudinal studies,

possibly expanding beyond several years after the COVID-19 pandemic.
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6.5.2. Infectious disease modelling
Even after the end of this pandemic, it is necessary to continue to study COVID-19 studies to

help understand the spread of other emerging or remerging infections that may come our way
(Karmarkar et al., 2021; Nii-Trebi, 2017). Future research may apply the methodological
framework of the applied and novel tools from this dissertation and apply in other infectious
diseases. The recent COVID-19 pandemic exhibited that humans are not infallible, and
communities need to be prepared for future infectious disease outbreaks (Khanna et al., 2020). A
delay in detection and response has led to an overburdening health system in many regions
around the world (Binny et al., 2021; Khanna et al., 2020). In future, with new emerging or
remerging infectious diseases, these methods utilized in this dissertation could be incorporated
into public health research at an early stage to control rapid spread.

A more urgent need for advancing the Bayesian Spatiotemporal models maybe to
improve current methods of Bayesian estimation and inference (MacNab, 2022). INLA
(Integrated Nested Laplace Approximation) may offer a solution to computational challenges for
a large number of model parameters and provide alternative computational options for Monte

Carlo sampling methods that can be further explored (MacNab, 2022).

6.5.3. Incorporating other explanatory variables
One potential avenue for future research could involve additional explanatory variables to model

the risk of COVID-19 in urban settings. It would be insightful to collect and include socio-
behavioural variables for each neighbourhood by the local government to explain some of the
neighbourhood variations in COVID-19 transmission and trends (Bandhu Kalanidhi et al., 2021;
Zajacova et al., 2020). The analysis of urban population mobility trends has the potential
implications for future research to control COVID-19 outbreaks (Hu et al., 2021; Kraemer et al.,
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2020; Rincon Ruiz et al., 2013). With the availability of population mobility data at a local level,
future research could be studied that can provide more detailed information regarding COVID-19
transmissions and origin and further identify the most relevant mobilities associated with new
infections and outbreaks. Furthermore, neighbourhood-level urban air pollution data can be
collected by the local government and incorporated into predicting the risk of COVID-19
(Contini & Costabile, 2020; Travaglio et al., 2021).

Additionally, joint modelling of COVID-19 cases and deaths simultaneously while
adjusting for covariates using Bayesian shared component models (Dreassi, 2013) could be
useful for understanding the relationship between disease transmission and death in relation to
the associated risk factors that influence the outcomes. Another important factor worth
investigating is urban green space accessibility and use during pandemics across different
socioeconomic groups (Kabisch & Haase, 2014; Kronenberg et al., 2020). Future studies
incorporating individual or community-level data having temporal consistency with COVID-19
transmission time could produce better directives analyzing risk factors at a lower geographic

unit and finding solutions for different socio-economic groups.

6.5.4. Public Health policy studies
The results of this dissertation could be used to assess the existing public health policies in future

research. Future research can collect data related to vaccination rates, vaccine inequities, vaccine
misinformation or vaccine hesitancy and incorporate them into the increasing or decreasing
trends of COVID-19 to assess the efficacy of the vaccine programs (Mathieu et al., 2021; Suthar
etal., 2022; Watson et al., 2022). The transmission mechanism of the pandemic may
significantly differ from vaccinated to unvaccinated areas (Iftekhar et al., 2021). Future research

can compare the transmission mechanism of the disease transmission in vaccinated and
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unvaccinated areas. More studies are needed to evaluate the existing public health policy
evaluations during a pandemic. Future research should focus on developing quantitative methods
that study the effectiveness of different public health interventions, programs and policies to

combat disease transmissions and deaths during the pandemic.
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Appendices

Appendix A: (Chapter 4)
Appendix 1: Land Surface Temperature (LST) Retrieval Method

Landsat Mission

The Landsat program, hosted by the USGS Earth Resources Observation and Science (EROS)
centre, is the longest-running enterprise for the acquisition of satellite imagery of Earth (USGS-
Landsat, 2021). For our study, we have used Landsat Collection 2 level 1 dataset. Landsat 8, the
most recently launched Landsat satellite, has two sensors: the Operational Land Imager (OLI)
and the Thermal Infrared (TIR). Landsat 8 and Landsat 7 satellites have a 16-day repeat cycle
and circle the earth in a sun-synchronous, near-polar orbit at an altitude of 705 km, inclined at
98.2 degrees. The satellites circle the earth's orbit every 99 minutes with an equatorial crossing
time: 10:00 AM %15 minutes. Landsat 8 images consist of nine spectral bands with a spatial
resolution of 30 meters for Bands 1 to 7 and 9, and 10 and 11 (thermal) are collected at 100
meters (USGS- Landsat, 2021). Landsat 7 images consist of eight spectral bands with a spatial
resolution of 30 meters for Bands 1 to 7, while Band 6 (thermal) collects both high and low gain

(60/30 meters) for all scenes.
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Land Surface Temperature (LST) Retrieval Method

In the last few decades, several methodologies with improved algorithms for computing land
surface temperature using satellite-based thermal infrared (TIR) data has been developed (Coll &
Caselles, 1997; Jiménez-Murioz et al., 2014; Weng et al., 2014). A few studies comparing these
methods found that Sobrino et al. 2008's Land Surface Emissivity (LSE) model(Sobrino et al.,
2008) provided the highest accuracy for extracting land surface temperature using the Landsat
imagery (Neinavaz et al., 2020; Sekertekin & Bonafoni, 2020; Yin et al., 2020). We applied an
automated extraction toolbox in ArcGIS Desktop developed by Aliiahsan et al. (Sekertekin &
Bonafoni, 2020); that computes Land Surface Temperature (LST) using the Radiative Transfer

Equation (RTE) method based on Sobrino's LSE model (Sobrino et al., 2008).

NDVI Threshold (NDVIT™M)-Based LSE Model

We used the NDVI Thresholds method proposed by Sobrino et al. in 2008 (Sobrino et al., 2008)
to compute the Land Surface Emissivity (LSE) from NDVI threshold values considering three
different cases:1) NDVI <0.2, the pixel is considered as bare soil, and the emissivity is obtained
from the reflectance values in the red region, 2) 0.2 < NDVI > 0.5, the pixel is composed of a
mixture of bare soil and vegetation, 3) NDVI > 0.5, the pixels with NDVI values higher than 0.5
are considered as fully vegetated areas(Sobrino et al., 2008). The model is expressed in the

following equation:

aipp+ b NDVI < 0.2
€= {sv + (1 =P) +de,de=(1—e)1—P)Fe, 02 <NDVI > 0.5}
&+ de NDVI > 0.5
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&, is the soil and ¢, is the vegetation emissivity. de is the cavity effect due to surface roughness,
F is a geometrical shape factor assumed as the mean value of 0.55 (Sobrino et al., 2004), pg is
the reflectance value of the red band, a;i and b; are estimated from an empirical relationship
between the red band reflectance and Moderate Resolution Imaging Spectroradiometer (MODIS)

emissivity library.

LST calculation using radiative transfer equation (RTE)

For the RTE-based method, we have used an atmospheric correction parameter calculator
(NASA, 2021) to extract global atmospheric profiles for each image date, time and location. The
correction parameter used the NCEP (National Centre for Environmental Prediction) to simulate
atmospheric transmittance, upwelling and downwelling radiances’. Removing the effects of the
atmosphere in the thermal region is the essential step necessary to use the thermal band as
atmospheric correction allows avoiding systematic errors in the predicted surface temperature’.

With these parameters, the space-reaching radiance was converted to a surface-leaving radiance’.
LTOA = TSLT + Lu + (1 - S)Ld

Where T is the atmospheric transmission, ¢ is the emissivity of the surface, Ly is the radiance of
a blackbody target of kinetic temperature T, L,, is the upwelling or atmospheric path radiance, L,

is the downwelling or sky radiance, and L1, is TOA radiance measured by the instrument.

LST was retrieved using a single TIR band with the inversion of the radiative transfer equation
sen

(RTE) according to the following equation where L5*™ (W-m2-sr 1-um™?) is at-sensor registered

radiance of the related thermal band, B; (W-m2-sr -um™) is the blackbody radiance.
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L5 = [eBy(Ts) + (1 — ) Ly]t + L}

Blackbody radiance (B;) at a temperature of can be obtained by inverting the previous equation:

LS — L) — (1 — &)L}

TE

B (Ts) =

Land Surface Temperature T can be obtained by inverting Planck's Law as:

K.
TS - 2
K,
+1
L — L —t(1— e)L}
TE

where K, and K, are calibration constants for Landsat data reported.

Retrieval of spectral radiance and Brightness temperature (T) retrieval

The Top of Atmosphere (TOA) spectral radiance value is calculated for Landsat 7 using the
following equation:
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. LMAX, — LMIN,
1= [ocarmax — ocaLmin] ™

[Qca. — QCALMIN] + LMIN,

where L, is TOA spectral radiance (Watts/(m?srad-um)), Q4; is the quantized calibrated pixel
value in DN, LMIN, (Watts/(m?srad-um)) is the spectral radiance scaled to QCALMIN,
LMAX; (Watts/(m?srad-um)) is the spectral radiance scaled to QCALMAX, QCALMIN is the
minimum quantized calibrated pixel value in DN and QCALMIN is the maximum quantized
calibrated pixel value in DN. LMIN,, LMAX,, QCALMIN, and QCALMAX values are obtained

from the metadata file of Landsat 7 data(Sekertekin & Bonafoni, 2020).
The TOA spectral radiance value is calculated for Landsat 8 using the following equation.
Ly = My .QcaL+ 4,

where L, is the TOA spectral radiance (Watts/(m?-srad-um)), M, is the band-specific
multiplicative rescaling factor from the metadata, A; is the band-specific additive rescaling factor

from the metadata, Q.4; is the quantized and calibrated standard product pixel values (DN).

The brightness temperature T can be generated by the following equation:

K>

T=— 2
(&4 1)
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where T refers to the effective at-satellite brightness temperature in Kelvin,
K, (Watts/(m?srad-um)) and K, (Kelvin) are the calibration constants and Ljis the spectral

radiance.
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Table S4.1. Parameters for the Land Surface Temperature (LST) calculation.

Atmospheric Correction Parameter Calculator

(https://atmcorr.gsfc.nasa.gov/cgi-bin/atm_corr.pl)

Week Date Scene Landsat  Sun Elevation  Atmospheric ~ Upwelling  Downwellin Solar Zenith Earth-Sun
of Center (From Transmission radiance g radiance Angle Distance
image Time Metadata) (For Landsat (From
(GMT) 7 metadata)
1 24-Jan-20  16:03:55 Landsat 8 24.35807661 0.91 0.54 0.91
2 01-Feb-20 15:43:06 Landsat 7 24.49170863 0.92 0.38 0.64 65.5082914 0.9853188
3 02-Feb-20 15:57:41 Landsat 8 26.50548037 0.92 0.43 0.74
4 09-Feb-20  16:03:50 Landsat 8 28.49063776 0.94 0.29 0.5
5 18-Feb-20  15:57:38  Landsat 8 31.37765848 0.91 0.52 0.88
6 25-Feb-20  16:03:47 Landsat 8 33.8380565 0.89 0.59 1
7 05-Mar-20  15:57:32  Landsat 8 37.19903778 0.96 0.21 0.37
8 12-Mar-20  16:03:40 Landsat 8 39.91607 0.91 0.55 0.93
9 21-Mar-20 15:57:25 Landsat 8 43.46096552 0.98 0.1 0.17
10 28-Mar-20  16:03:31 Landsat 8 46.2074895 0.79 1.36 2.2
11 29-Mar-20  15:33:52  Landsat 7 44.12493545 0.69 2.15 3.35 45.8750646 0.9985865
12 06-Apr-20 15:57:16 Landsat 8 49.64471163 0.94 0.34 0.59
13 13-Apr-20  16:03:24  Landsat 8 52.19555246 0.74 1.73 2.79
14 22-Apr-20  15:57:09 Landsat 8 55.24010206 0.97 0.15 0.26
15 29-Apr-20  16:03:16 Landsat 8 57.37985022 0.76 1.62 2.63
16 08-May-  15:57:00 Landsat 8 59.7895888 0.96 0.22 0.38
17 15-?\2ay- 16:03:12 Landsat 8 61.35021213 0.63 2.55 3.97
18 23-$\§I)ay- 15:36:46  Landsat 7 59.21636685 0.7 2.15 3.4 30.7836332 1.0126091
19 24-$\5l)ay- 15:57:03 Landsat 8 62.90624602 0.63 2.8 4.36
20 31-?\2ay- 16:03:17 Landsat 8 63.75394942 0.92 0.52 0.9
21 09-J2u?1-20 15:57:12  Landsat 8 64.37367127 0.71 2.37 3.79
22 16-Jun-20  16:03:27 Landsat 8 64.50220934 0.86 1.05 1.76
23 25-Jun-20  15:57:21 Landsat 8 64.24295184 0.78 1.58 2.62
24 02-Jul-20  16:03:35 Landsat 8 63.74261212 0.65 2.83 4.48
25 11-Jul-20  15:57:28 Landsat 8 62.75393472 0.51 3.78 5.7
26 18-Jul-20  16:03:41 Landsat 8 61.73733148 0.64 2.99 4.68
27 Data Unavailable
28 27-Jul-20  15:57:32  Landsat 8 60.14323089 0.47 4.33 6.37
29 03-Aug-20 16:03:45 Landsat 8 58.6961457 0.63 2.82 44
30 12-Aug-20 15:57:36  Landsat 8 56.58795429 0.83 1.36 2.27
31 19-Aug-20  16:03:50 Landsat 8 54.76228155 0.83 1.22 2.02
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32 28-Aug-20 15:57:44  Landsat 8 52.2044129 0.7 2.32 3.68
33 04-Sep-20  16:03:58 Landsat 8 50.06588993 0.83 1.2 2
34 12-Sep-20  15:29:52  Landsat 7 44.03172077 0.72 19 3.04 45.9682792 1.0062831
35 13-Sep-20  15:57:51 Landsat 8 47.1568631 0.69 2.42 3.82
36 20-Sep-20  16:04:04 Landsat 8 44.79112835 0.9 0.67 1.13
37 29-Sep-20  15:57:55 Landsat 8 41.67289377 0.84 1.13 1.89
38 06-Oct-20  16:04:07 Landsat 8 39.21883602 0.79 1.4 2.3
39 15-Oct-20  15:57:57 Landsat 8 36.08716502 0.78 1.43 2.35
40 22-Oct-20  16:04:07 Landsat 8 33.70881838 0.71 1.98 3.13
41 31-Oct-20 15:57:56 Landsat 8 30.80408106 0.95 0.27 0.47
42 Data Unavailable
43 08-Nov-20 15:19:57 Landsat 7 25.8407203 0.89 0.83 1.37 64.1592797 0.9906193
44 16-Nov-20 15:57:54 Landsat 8 26.28530259 0.94 0.34 0.59
45 23-Nov-20 16:04:07 Landsat 8 24.66576502 0.92 0.44 0.76
46 02-Dec-20  15:57:58 Landsat 8 22.99062118 0.96 0.21 0.36
47 09-Dec-20  16:04:09 Landsat 8 22.03707882 0.9 0.54 0.92
48 18-Dec-20  15:57:57 Landsat 8 21.30569479 0.96 0.19 0.33
49 25-Dec-20  16:04:06 Landsat 8 21.14419286 0.94 0.31 0.52
50 02-Jan-21  15:22:10 Landsat 7 18.13418977 0.92 0.48 0.79 71.8658102 0.9833016
51 03-Jan-21  15:57:52 Landsat 8 21.47295072 0.89 0.6 1.02
52 10-Jan-21  16:04:00 Landsat 8 22.14366309 0.95 0.27 0.47
53 19-Jan-21  15:57:45 Landsat 8 22.14366309 0.95 0.22 0.39
54 26-Jan-21  16:03:56 Landsat 8 24.96601689 0.91 0.46 0.78
55 04-Feb-21  15:57:44 Landsat 8 27.25849939 0.96 0.18 0.32
56 11-Feb-21  16:03:53 Landsat 8 29.34081589 0.97 0.12 0.21
57 20-Feb-21  15:57:39 Landsat 8 32.3300296 0.97 0.16 0.28
58 Data Unavailable
59 28-Feb-21  15:11:48 Landsat 7 30.49313654 0.87 0.75 1.25 59.5068635 0.9906971
60 08-Mar-21  16:04:09 Landsat 8 22.03707882 0.91 0.52 0.88
61 15-Mar-21  16:03:38 Landsat 8 41.00473898 0.97 0.14 0.24
62 24-Mar-21  15:57:25 Landsat 8 4455284896 0.88 0.7 1.18 45447151 1.0058369
63 31-Mar-21 16:03:34 Landsat 8 47.28224338 0.87 0.76 1.27
64 09-Apr-21  15:57:20 Landsat 8 50.67232025 0.74 1.8 2.89
65 16-Apr-21  16:03:28 Landsat 8 53.16767185 0.87 0.74 1.24
66 24-Apr-21  15:13:30 Landsat 7 49.52985399 0.88 0.7 1.18 40.470146 1.0058369
67 25-Apr-21  15:57:13 Landsat 8 56.11881991 0.92 0.49 0.83
68 02-May-  16:03:19 Landsat 8 58.16904696 0.74 1.75 2.84
69 11-2I\/1Iay- 15:57:09 Landsat 8 60.45369328 0.92 0.44 0.76
70 18-2|\iay- 16:03:25 Landsat 8 61.89629835 0.81 145 241
21
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71 27-May-  15:57:19 Landsat 8 63.29413436 0.9 0.62 1.07
72 O3-J2uln-21 16:03:33  Landsat 8 64.01577194 0.67 2.44 3.83
73 12-Jun-21  15:57:26 Landsat 8 64.47412564 0.72 2.14 3.42
74 19-Jun-21  16:03:39 Landsat 8 64.48534021 0.76 1.88 3.09
75 20-Jun-21  15:02:34 Landsat 7 56.08455683 0.69 2.26 3.55 33.9154432 1.0162019
76 28-Jun-21  15:57:30 Landsat 8 64.09149511 0.52 3.79 5.72
77 05-Jul-21  16:03:42 Landsat 8 63.49402232 0.62 3.07 4.77
78 14-Jul-21  15:57:31 Landsat 8 62.38916443 0.67 2.67 4.19
79 21-Jul-21  16:03:45 Landsat 8 61.29353932 0.84 1.19 1.99
80 30-Jul-21  15:57:39  Landsat 8 59.60748559 0.86 0.98 1.65
81 06-Aug-21  16:03:53 Landsat 8 58.08933179 0.72 2.24 3.61
82 14-Aug-21  15:04:00 Landsat 7 48.01591965 0.78 1.57 2.54 41.9840804 1.0129154
83 15-Aug-21  15:57:45 Landsat 8 55.89414317 0.84 1.26 2.1
84 22-Aug-21  16:03:58 Landsat 8 54.01089576 0.53 3.66 5.59
85 31-Aug-21  15:57:50 Landsat 8 51.38469741 0.77 1.75 2.84
86 07-Sep-21  16:04:03  Landsat 8 49.19662115 0.79 1.62 2.66
87 16-Sep-21  15:57:54 Landsat 8 46.23729378 0.79 1.58 2.6
88 23-Sep-21  16:04:05 Landsat 8 43.84762947 0.77 1.66 2.68
89 02-Oct-21  15:57:59 Landsat 8 40.7113483 0.74 1.99 3.22
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Appendix 2 : BayesVarSel Method
Figure S4.2. Correlation Matrix of the independent variables.
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Table S4.2. Inclusion Probabilities from the BayesVarSel Method.
Incl.prob. HPM MPM
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Rate_Edu
Rate_inade

1

0.0318

*
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Appendix 3 : Spatiotemporal Model Specifications

Prior distributions were assigned for all model parameters. A vague uniform prior (0, 0001,
1000) was assigned independently to the standard deviations of the spatial, temporal and space-
time random effect terms o, 0, 0., 5, respectively. The intercept o< has the improper uniform
prior. The overall spatial random effect component was modelled using the Besag York Mollié
(BYM model)*2. The BYM model is a convulsion of a spatially structured random effect and a
spatially unstructured random effect following a Gaussian distribution. The conditional
autoregressive (CAR) prior with a spatial adjacency matrix W of Size N x N, where w;; = 0, and
the off-diagonal entries w;; = 1, if areas i and j share common boundary lines and otherwise®,
The CAR prior to the spatial random effects implies that adjacent neighbourhoods tend to have
similar overall COVID-19 risks. The overall temporal component was modelled using the RW1
model by Fahrmeir and Lang (2001) to describe the overall time trend common to all
neighbourhoods. The RWL1 is a temporal adaptive process that represents a one-dimensional
analogue of the ICAR, and the parameter at the first time point t, is assigned a vague/diffuse
prior. A noninformative prior Normal(0,0.0001) is assigned to the three regression coefficients
(betal, beta2 and beta3).

In Model 2, a Type | space-time dependent structure was used where all parameters are similar
to where they are in the "the space-time cube". In Model 3, a Type Il space-time dependent
structure was used where the temporal parameters in each neighbourhood i, are temporally
smooth. The time trend pattern represented by the temporal parameters in area j (i # j) sis not
assumed to be dependent similar to each other, even in the case i and j are spatially contiguous®".

In Model 4, a Type Il space-time dependent structure was used where the area-specific
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parameters are spatially smooth at each time point t. However, the spatial pattern represented by
the area-specific parameters at time point t and the spatial pattern represented by the area-
specific parameters at time point g (t # g) is not assumed to be dependent on or similar to each

other, even in the case where t and g are close.
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WINBUGS Code (Model 3: Space-time inseparable model with Type Il interaction effect).

for (i in 1:N) {

for (tin 1:T) {

y[i,t] ~ dpois(muli,t]) # response variable Poisson likelikhood for the covid case count in #neighbourhoods i in time
t

mu[i,t] <- popl[i]*theta[i,t] ## Population is assumed to be constant over time.
log(theta[i,t]) <- alpha + betal*EDUJi,t] + beta2*LST]i,t] + beta3*IMMI[i,t] + S[i] + U[i] + v[t] + delta [it]
RRYi,t] <- exp(delta[i,t]) ## Spatiotemporal Relative Risk

} #close the for-loop over T
} #close the for-loop over N

for (i in 1:N) {
delta[i,1:T] ~ car.normal(tm.adj[],tm.weights[],tm.num[],prec.delta)

}

for (iin 1:N) {
U[i] ~ dnorm(0,prec.U)
}

S[1:N] ~ car.normal(sp.adj[], sp.weights[], sp.num[], prec.S)
V[1:T] ~ car.normal(tm.adj[],tm.weights[],tm.num[],prec.v)

# priors:

alpha ~ dflat()

betal ~ dnorm(0, 0.00001)
beta2 ~ dnorm(0, 0.00001)
beta3 ~ dnorm(0, 0.00001)

### set prior on standard deviation scale

sigma.S ~ dunif(0.0001,10) ## Standard Deviation
sigma.U ~ dunif(0.0001,10) ## Standard Deviation
sigma.v ~ dunif(0.0001,10) ## Standard Deviation
sigma.delta ~ dunif(0.0001,10) ## Standard Deviation

### convert standard deviations to precision as required by WinBUGS

prec.S <- pow(sigma.S,-2)
prec.U <- pow(sigma.U,-2)
prec.v <- pow(sigma.v,-2)
prec.delta <- pow(sigma.delta,-2)

sd.S <- sd(S[1:N]) # unconditional SD of the spatially structured random effects
var.S <- pow(sd.S,2) # unconditional variance of the spatially-structured random effects
sd.U <- sd(U[1:N]) # SD of the spatially-unstructured random effects
var.U <- pow(sd.U,2) # variance of the spatially-structured random effects variance partition coefficient/spatial
fraction
sd.v <- sd(v[1:T])
267



var.v <- pow(sd.v,2) # variations of the temporal random effects

sd.delta <- sd(delta[1:N,1:T])

var.delta <- pow(sd.delta, 2)

vpc.SP <- (var.S + var.U)/(var.S + var.U + var.v + var.delta) ### VPC of spatial effects
vpc.TM <-var.v/(var.S + var.U + var.v + var.delta) ### VPC of temporal effects

vpc.SPTM <- var.delta/(var.S + var.U + var.v + var.delta) ### VPC of spatiotemporal effects

### the average COVID-19 rate per 1000 population per week in toronto
Toronto.average <- mean(theta[,])*1000

# Temporal Relative Risk

for (tin1:T) {
temporal.RR[t] <- exp(Vv[t])
}

# Spatial Relative Risk

for (i in 1:N) {

spatial.RR[i] <- exp(S[i]+U[i])
¥

}

Figure S4.3. Trace plot (top left), autocorrelation plot (top right), and Gelman-Rubin plot
(bottom left) for checking of convergence, and density plot of the posterior distribution (bottom
right) of the standard deviation of spatio-temporal interaction effects (6,,)

zd.delta chains 2:1 zd.delta chains 1:2
1.0F
III.E--I
ook III.III .-
051
-1.0
T T T T T T
1053850 105800 105550 0 20 40
iteration lag
sd.delta chains 1:2 sd.delta chains 1:2 sample: 20000
1.5F 600
1.0 meane 40,0
05F 200
0.of 0.0f
T T T T T T T T T
106051 102000 110000 0375 04 0.425 0.475

start-iteration

268



Appendix 4: Sensitivity Analysis Results

Table S4.3. Comparison of the DIC outputs from the sensitivity test.

Dbar Dhat pD DIC
Model 3 with 52247.4 490156 323173 55479.1
Uniform Prior (0.01,10)
Sensitivity Test

Model with Gamma Prior 52263 49014.2  3249.63 55513
(0.005,0.005)

Model with Uniform Prior 52265.6  49013.2 325241 55518
(0.01,1000)

Table S4.4. Comparison of the parameter estimates from the sensitivity test.

Model 3 with Model with Model with
Parameters Uniform Prior Gamma Prior Uniform Prior
(0.01,10) (0.005,0.005) (0.01,1000)
alpha -8.556 -8.557 -8.556
betal -0.3258 -0.3283 -0.3282
beta2 0.01516 0.0148 0.01552
beta3 0.08472 0.08279 0.08244
var.S 0.04108 0.05567 0.0573
var.U 0.05079 0.0368 0.03744
var.delta 0.1834 0.1833 0.1838
var.v 3.481 3.454 3.48
sd.S 0.2001 0.2345 0.2381
sd.U 0.2237 0.1891 0.1909
sd.delta 0.4282 0.428 0.4286
sd.v 1.865 1.858 1.865
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Appendix 5: Map validation

Figure S4.4: Comparison of the resulting Spatiotemporal trends and risk maps with the 4-week
post cumulative new cases. (a) map of spatiotemporal trend, (b) spatial risk derived from the
Bayesian models, (c) cumulative number of new cases during the post-study period.
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The maps were generated using 4rcGIS Desktop (Version 10.8.1).
Esri Inc. https:/www.esri.com/en-us/arcgis/products/arcgis-desktop/overview.
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Appendix B: (Chapter 5)

Fig S5.1. Frequency distribution of the incidence rate/1000 persons in the neighbourhoods
of Toronto.

No. of neighbourhoods

20 30 40 50 60 70 80 90 100 110 120 130 140
Incidence rate/1000
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Fig S5.2. Spatiotemporal spreads of COVID-19 during the first three COVID-19 infection
waves in Toronto.

Wave 1 (January 23 - July 17, 2020)

®  IndexNeighbourhood
®  Dispersed Neighbourhood
—»— Path

Note: The lighter the colour the earlier the onset of the first outbreak
in the neighbourhood.
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Fig S5.3. Spatiotemporal spreads of COVID-19 with a single index (source) neighbourhood
using nearest distance method in Toronto, January 2020 - July 2021.

®  IndexNeighbourhood

@®  Dispersed Neighbourhood
—»— Path

Note: The lighter the colour the earlier the onset of the first outbreak in the neighbourhood.
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ry 2020 - July 2021.

Fig S5.4. Spatiotemporal spreads of COVID-19 using the median to define the outbreaks in
nto, Janua

Toro

eighbourhood.

Note: The lighter the colour the earlier the onset of the first outbreak in the n



Fig S5.5. Spatiotemporal spreads of COVID-19 using one week gap between the index and

dispersed neighbourhoods.
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Fig S5.6. Hotspot maps using the epidemiological parameters.

a) 50" percentile values for both incidence rate and persistence (50 cases/1000 persons, 50 weeks)
b) 70" percentile value (76.29 cases/1000 persons) for incidence rate and 50" percentile value (61
weeks) for persistence

c) 50" percentile value for incidence rate (50.37 cases/1000 persons) and 70™ percentile (65 weeks)
persistence.

Note : The numbers in the chart and in the map are the neighbourhood IDs.
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Appendix C: (Chapter 6)
Fig S6.1 Assessment of spatial patterns of the residuals obtained from the M(GWR) model.
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Global Moran’s | was performed to test for the presence of spatial autocorrelation among the residuals
obtained from the M(GWR) model (Chapter 3). GeoDa (v1.18.0) was used to perform this analysis. For
the Global Moran’s | statistic, the null hypothesis states that the residuals being analyzed are randomly
distributed among the geographic units in the study area, and the spatial processes promoting the observed

pattern of values are random in space.

The results of the Global Moran’s | test are presented in Figure S6.1. In the left figure, the
residuals are on the x-axis, and their spatially lagged counterparts are displayed on the y-axis. The slope
of this line corresponded to Moran’s | and its value (-0.044). A negative Moran’s | value implies that the
residuals do not show the presence of clustering and that the data is dispersed. A randomization with 999
permutations (generally sufficient for yielding a reliable inference) was selected, and a histogram was
generated (right figure). The result of the pseudo-p-value (0.246) rejects the alternative hypothesis

implying that the residuals of the MGWR model are not spatially clustered. Therefore, we can conclude
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that the assumptions of normality of the errors of the M(GWR) model were met, and the assumption of

the homoscedasticity of the error residuals was not violated.
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