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Abstract

Spatiotemporal pattern analysis provides a new dimension for data interpre-
tation due to new trends in computer vision and big data analysis. The main
aim of this study was to explore the recent advances in geospatial technologies
to examine the spatiotemporal pattern of COVID-19 at the Public Health Unit
(PHU) level in Ontario, Canada. The spatial autocorrelation results showed that
the incidence rate (no. of confirmed cases per 100,000 population-IR/100K) was
clustered at the PHU level and found a tendency of clustering high values. Some
PHUs in Southern Ontario were identified as hot spots, while Northern PHUs
were cold spots. The space-time cube showed an overall trend with a 99%
confidence level. Considerable spatial variability in incidence intensity at dif-
ferent times suggested that risk factors were unevenly distributed in space and
time. The study also created a regression model that explains the correlation
between IR/100K values and potential socioeconomic factors.

Keywords

Spatial Epidemiology, Spatiotemporal Analysis, Space-Time-Cube, Spatial
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1. Introduction

Spatial epidemiology examines disease and its geographic variations based on
demographic, environmental, behavioural, socioeconomic, genetic, and infectious
risk factors [1] [2]. Spatial epidemiology dates back to John Snow’s Cholera map
of Soho, London, in the 1800s [2]. The map showed a concentration of deaths
around one water pump, serving as the closest water source for affected houses.

Snow’s map was a visual and iconic representation and confirmed his theory about
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Cholera as a waterborne disease rather than the belief that Cholera was airborne
[3]. Later, different aspects of spatial epidemiology were tested on this map. Al-
though Snow’s contribution is a remarkable milestone in spatial epidemiology,
the study didn’t incorporate the population at risk and disease surveillance or
the spatiotemporal spread of the disease into the analysis [2] [4]. However, the
population at risk and disease surveillance are two essential factors in understand-
ing the causes influencing the spatial pattern and disease spread rate over time
[2] [3] [4]. Over the decades, with the development of computer science and big
data analysis, Geographic Information Systems (GIS) and geospatial technologies,
new opportunities were created to improve traditional reporting of disease on a
global, national, and local scale. Also, spatial epidemiology became a rapidly ad-
vancing field that pushed GIS and geospatial technologies to measure, monitor
and map disease occurrences at spatiotemporal scales [5].

Spatial epidemiology can be divided into three main areas: 1) disease mapping,
2) clustering and surveillance, and 3) geographical correlation studies or spatial
regression [1]. Compared to tabular data, disease maps provide underlying pat-
terns and an easy-to-understand visual data summary in the data. Disease maps
allow recognizing, understanding, and monitoring incidences and prevalence
until outbreak patterns occur ([6], p. 5). They can be used for descriptive analy-
sis, especially highlighting areas with apparent high risk, creating underlying
hypotheses, and managing resources—medicine, food, other aids distribution,
and studying specific clusters in-depth. For example, Shannon [7] studied sever-
al early maps (the yellow fever maps of Seaman in 1786 and 1797 and the Pasca-
lis map of cases in 1819) that were produced to derive theories of local origin
and the non-contagious nature of yellow fever. Meselson et al [8] investigated
the unusual anthrax epidemic in Sverdlovsk, Union of Soviet Socialist Republics,
in April and May 1979. The investigation found that most victims worked or lived,
and livestock died in a narrow zone extending from the military facility to the
southern city limit. Based on the geographic locations and whereabouts of vic-
tims, the study confirmed the reason for the outbreak—the escape of an aerosol
of anthrax pathogen at the military facility [8].

Disease clustering and surveillance studies—an unusual concentration of in-
cidences and prevalence or greater than expected incidences identified in a group
of people living or working in the same area is called a disease cluster ([9], p.
150). A common definition of a cluster is a “geographically bounded group of
occurrences of sufficient size and concentration to be unlikely to have occurred
by chance” [10]. Spatial cluster analysis answers many public health questions,
such as whether there are unusual clusters of public health events, where an un-
usually high or low prevalence of diseases, where the risk is high and low, etc. ([9],
p- 150). Moreover, cluster analysis includes the population at risk to conclude. Re-
gardless of the geographic location, all health data are initially dealt with by indi-
viduals (as point data) and released to the public by aggregating to administra-

tive units (as polygon data) due to privacy and confidentiality. Hence, the spatial
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resolution of the cluster analysis is always limited to the aggregated unit such as
a county, public health unit, census division, postal code, etc. ([9], Chapter 2).

Many epidemiology studies employing spatial cluster analysis can be found in
the literature; for example, Acharya et al [11] analyzed the spatiotemporal pat-
tern of dengue fever in Nepal from 2010 to 2014. The study identified the Chit-
wan district as the most likely cluster and the Jhapa district as the first secondary
dengue cluster. Another study in Ethiopia found the clustering of Smear-positive
tuberculosis cases in certain parts of Dabat, Ethiopia only [12]. Sloan et al [13]
studied the spatial and temporal clustering of patients hospitalized with influen-
za across the United States and identified many local clusters. It was further con-
firmed that socioeconomic factors strongly impacted the patient’s hospitaliza-
tion. The study on HIV-associated mortality in rural West Kenya, specifically the
Kombewa health and demographic surveillance systems’ population, showed sig-
nificant hot spots and clusters [14].

The third aspect of spatial epidemiology— geographical correlation studies (or
spatial regression) aims to analyze the exposure measures between environmen-
tal (relates to air, water or soil), behavioural (smoking, diet, exercise; socioeco-
nomic), demographic (race and income), genetic, infectious risk factors and health
outcomes ([1] [10]). Regression analysis allows modelling and exploring spatial
relations and explaining the factors behind those spatial patterns. For example,
in the early days of COVID-19 spread in New York City, Cordes & Castro [15]
identified clusters with less testing and a low proportion of positive tests among
the majority of the white population with higher income and education. Ac-
cording to Sloan ef al. [13], there is a relationship between census tract-level so-
cioeconomic factors and clusters of laboratory confirmed influenza hospitaliza-
tions in the United States—areas of high poverty were the clusters with higher
than expected cases.

Spatiotemporal pattern analysis—one of the emerging research areas with the
development of computer sciences and big data analysis is spatiotemporal pat-
tern analysis, which provides a new dimension for data interpretation. Clusters only
occur relatively to specific space and time intervals; thus, time is essential in spatial
cluster analysis. The most recent example is the COVID-19 pandemic—health
professionals are investigating unusual concentrations of disease occurrences in
space and time. A spatiotemporal analysis is widely used in other applications, such
as in the domains of biology, ecology, meteorology, medicine, transportation and
forestry. The most novel space-time analysis method, a space-time cube, shows
how phenomena change over time within a given geographic space. During the
global pandemic of COVID-19, the spatiotemporal pattern of COVID-19 spread
in China was analyzed and evaluated using a space-time cube [16]. Cordes & Ca-
stro [15] identified clusters of testing rates, positivity rates and proportions of tests
that were positive to understand test access and thus evaluated contextual factors
associated with found COVID-19 clusters in New York City. Mattera [17] de-
veloped a fuzzy clustering model to identify the geographical clustering of COVID-
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19 in Italy. According to Boudou et al [18], there was an apparent clustering of
laboratory confirmed symptomatic COVID-19 in the urban areas of the Repub-
lic of Ireland. The study demonstrated the level of risk in densely populated
areas at the early stage of a pandemic. Yang et al [19] investigated socioeconomic
factors affecting the regional spread of COVID-19 in China and confirmed that
different combinations of socioeconomic factors affect different stages of the epi-
demic. However, the spatiotemporal analysis is not limited to the COVID-19
studies. Gurjav et al [20] analyzed spatial and temporal variations of multidrug-
resistant tuberculosis (MDR-TB) in Mongolia. They indicated a border-cross
spread of MDR-TB along the Trans-Siberian Railway line.

COVID-19 Infectious Disease—Social interactions between individuals in
human and animal populations tend to spread various infectious diseases. These
diseases are a threat to public health and socioeconomic status. The most recent
public health threat is the Coronavirus (COVID-19) disease caused by the
SARS-CoV-2 virus [21]. To prevent infection or slow transmission, the recom-
mended way is to stay at least one meter apart from others, wear a properly fit-
ted mask, and wash your hands or use an alcohol-based rub frequently [21]. In
general, mild to moderate respiratory illnesses was experienced by most people,
while some people were affected seriously and required special treatments. The
later section was mostly older people with underlying medical conditions like
cardiovascular disease, diabetes, etc. However, according to the World Health
Organization, anyone can get sick and become seriously ill or die at any age [21].
Therefore, mapping spatial occurrences of the disease, exploring the variation in
the geographic space and predicting future occurrences are important. As a re-
sult, since the beginning of the pandemic, there have been many resources for
public awareness, from various news items to scientific research outcomes. Most
of them are visually appealing and intuitive; however, it is also important to
analyze such variations over geographical space. It is crucial to explore emerging
technologies, especially geospatial technologies, at a two/three/four-dimensional
scale within this context. Therefore, the main aim of this study was to utilize
state-of-the-art spatiotemporal pattern analysis tools and examine the spread of
COVID-19 at the Public Health Unit (PHU) level in Ontario province, Canada.
The specific objectives were to 1) analyze the spatial variation of the total num-
ber of confirmed cases from April 4, 2020, to December 31, 2021; 2) explore the
spatial outliers and clusters at the PHU level; 3) investigate the spatiotemporal
trend of the pandemic using a space-time cube; and 4) employ spatial regression
techniques to explore the socioeconomic and demographic factors that affect

such trends.

2. Data and Method
2.1. Study Area

The study was conducted in the province of Ontario, Canada. The smallest spa-

tial unit considered for analysis was a Public Health Unit (PHU), formed by
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grouping several urban and rural municipalities [22]. Figure 1 shows 34 PHUs
in Ontario, color-coded based on the total population and the total number of
confirmed positive cases from April 4, 2020, to December 31, 2021. A higher
number of cases appeared in the densely populated PHUs; in contrast, most

larger spatial units have fewer confirmed cases.

2.2.Data

This study used daily COVID-19 pandemic data published by the Government
of Ontario from April 4, 2020, to December 31, 2021, for individual PHUs [23].
The end of the period was based on Ontario’s updated eligibility for Polymerase
Chain Reaction (PCR) testing and contact management guidance [24]. The down-
loaded health data file (*.csv) included active cases, resolved cases, and deaths as
daily cumulative values; thus, the daily confirmed number of positive cases was
calculated. When calculating daily cases, there were some issues with a few PHU .
For example, Simcoe Muskoka, Thunder Bay, Toronto, Windsor-Essex got mi-

nus values for daily confirmed cases for several days. These days were counted as

PHU D
Algoma 1
Brant County 2
Chatham-Kent 3
Durham 4
Eastern Ontario 5
Grey Bruce 6
Haldimand-Norfolk 7
Haliburton, Kawartha, Pine Ridge 8
Halton o
Hamilton 10
Hastings and Prince Edward 11
Huron Perth 12
Kingston, Frontenac, Lennox and Addington | 13
Lambton 14
Leeds, Grenville and Lanark 15 |¢
Middlesex-London 16
Niagara 17
North Bay Parry Sound 18
Northwestern 19
Ottawa 20
Peel 21
Peterborough 22
Porcupine 23 B Population (2016)
Renfrew County 24
Simcoe Muskoka 25 Cases (Dec 31, 2021)
Southwestern 26 High -
Sudbury 2T
Thunder Bay 28 Low
Timiskaming 29 Low High
Toronto 30
IWateroo , . 125 250 500 km
Wellington-Dufferin-Guelph L7 AN I N I U A T | N 4
Windsor-Essex 33 Esri, USGS, Province of Ontario, Esri, HER\ET’GEme, FAO, NOAA, USGS, EPA, NRCan, Parks Canada
York Region 34

Figure 1. The total population and total number of confirmed positive cases in each Public Health Unit (PHU) in Ontario.
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zero. Some PHUs had very accurate data sets, for example, Peel Region PHU got
minus values for two days only.

The demographic and socioeconomic data were extracted from the Census
Profile 2016 published by Statistics Canada [25]. At that time, there were 36 PHUs
in Ontario. In 2018, Elgin-St Thomas Health Unit and Oxford County Health
Unit were amalgamated to create Southwestern PHU [25]. In 2020, Huron County
Health Unit and Perth District Health Unit were combined as Huron Perth PHU
[26]. Census data (2016) were manipulated accordingly to represent the status of
PHUs [25]. The vaccine data was downloaded from the Ontario Data Catalogue
and calculated the number of people having the first dose only and the number
of fully vaccinated (double dose) people for each PHU [28].

2.3. Method

The study explored all three categories of spatial epidemiology (disease mapping,
clustering and surveillance, and geographic correlation). Figure 2 explains the

overall workflow of the analysis.

2.3.1. Data Exploration and Disease Mapping

The incidence rates per 100,000 population (hereafter denoted as “IR/100K”)
were calculated for each PHU using Equation (1). Although age-adjusted stan-
dardized rates are most suitable for comparing different populations [29], age-

specific data were unavailable under the Ontario Open Data license agreement.

[ COVID-19 Daily Cases] [Population of each PHUJ
Y A4
Incidence rate per 100,000 Socio-economic Variables
population for each PHU of each PHU (29 variables) . .
Space-time Analysis
v
Spatial Autocorrelation Spatial Regr.ession
Analysis

[ Cluster/Outlier Analysis ]

A4

[ Hot Spot Analysis J

Figure 2. The workflow diagram of spatial epidemiology analysis in the province of Ontario, Canada.
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Total number of confirmed cases,,,,

Total Population of PHU ()

(IR/lOOK)PHU(X) :[ j*lOO, 000 (1)

According to the literature and data availability, 12 categories that influenced
the spread of COVID-19 were identified. Each category was divided into sub-
categories and used as exploratory variables in the spatial regression analysis
(geographic correlation) (Table 1). All values were converted into “cases per
100,000 population” to bring all data into one scale. The IR/100K and explora-
tory variables were linked to each PHU polygon in the GIS environment for

further analysis.

2.3.2. Disease Mapping and Spatial Autocorrelation

The spatial distribution of the IR/100K map was prepared, and the distribution
trends were noted at the PHU level. The mean, median and standard deviation
of the distribution were calculated. ArcGIS Pro software was used to analyze
further the IR/100K data [30].

The statistical concept used to evaluate the clustering pattern is spatial auto-
correlation, which considers attributes and locations. Spatial autocorrelation re-
fers to the dependency or a measure of similarities between nearby observations
or spatial units ([31] [32], p. 3). Statistics generally rely on observations being
independent of one another; however, in spatial statistics, if autocorrelation ex-
ists in a dataset, this violates the fact that observations are independent of one
another and indicates evidence of an important underlying spatial process or

clustering [32]. Hence, the conceptualization of spatial relationships is essential.

Table 1. Demographic, socioeconomic and behavioural variables for each public health unit.

Criteria Exploratory variable

Less than 18 yrs. old; 18 - 39 yrs., 40 - 69 yrs., 70 - 79 yrs.,

Age characteristics
over 80 yrs.

. Less than 5K, 5K - 20K, 40K - 60K, 60K - 80K, 80K - 100K,
Household income

over 100K
Education No certificate, up to College, Bachelor or higher
Vaccination One dose over 18 yrs. old, fully vaccinated over 18 yrs. old
Family composition Two persons or less; two-five persons; more than five

. Less than two persons living in one house; two to five
Household composition L
persons living in one house; five or more

. Single and never married; married or common; divorced,
Marital status .
widowed, separated

Health conditions Overweight, obese, high blood pressure

Health behaviours Occasionally smoking, daily smoking, heavy drinking
Well-being Perceived good physical health, good mental health, life stress
Citizenship Canadian, non-Canadian

Confirmed case density

Number of confirmed cases per square km
for each PHU
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The measure of spatial autocorrelation depends on the method used to con-
ceptualize the spatial relation of units and the degree of dependence on observa-
tions. The spatial relation is distance-dependent; thus, the strength reduces as
distance increases ([33], p. 265). This study conceptualized the spatial relation-
ship (the interaction between different PHUs) based on K nearest neighbours.
This option was selected because some features are far from other features, and
thus feature densities vary across the province. By choosing this option, it can be
ensured that each PHU is evaluated based on at least its nearest eight neighbours
[34].

Moran [35] developed a method to decide whether events in neighbouring
counties are independent and the number of counties possessing a random ar-
rangement. This statistical measure is called Moran’s Index, which is positive
when nearby counties are similar in attributes (clustered), negative when they
are dissimilar (dispersed), and approximately zero when attributes are arranged
independently of location (random) ([34] p. 16; [35]). In this study, Moran’s In-
dex calculated the spatial autocorrelation—the degree of influence employed by
confirmed cases of one PHU over its neighbouring PHUs. K nearest neighbour

method was used to select neighbouring polygons for PHUs.

2.3.3. Cluster and Outlier Analysis
Once the spatial pattern was identified, Local Indicators of Spatial Association
(LISA) was performed to determine the spatial cluster of PHUs with high and
low IR/100K. According to Anselin [36], LISA provides the strength of cluster-
ing similar values (positive autocorrelation-Local Moran’s I (Equation (2) & (3))
of each observation and identifies outliers. For example, positive I of a PHU in-
dicates the PHU is similar to neighbouring PHUs that form a cluster. When the
PHU is an outlier, the I is negative, meaning dissimilarity [37]. A p-value should
be statistically significant to decide on a cluster or outlier.

=5 Zn: w5 (% - X) 2)

2
ST i

where ¥, is an attribute for feature ;, X is the mean of the corresponding

attribute, w;

. is the spatial weight between feature 7and j and;

Siz _ Zj—l,j:(—);-j - X) (3)

where nis the total number of features.

2.3.4. Hot and Cold Spot Analysis

Getis-Ord Gi* statistics was used to find out statistically significant spatial clusters
of PHUs with either high (hot spots—statistically significant positive z-score) or
low (cold spots—statistically significant negative z-score) values ([38] [39]). For
example, a hot spot is a PHU with a high IR/100K value surrounded by other
PHUs with high values. The spatial relationship was conceptualized based on K

nearest neighbors.
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2.3.5. Space-Time Cluster Analysis

The most common way to analyze spatial and temporal data trends is to divide
the data set into time snapshots and explore each separately. Although this works
well for trend analysis, the question is how to decide on breakpoints, for exam-
ple, daily, weekly or monthly. Space-time results are traditionally visualized us-
ing heat maps [40]. However, the incorporation of information about the tem-
poral dimension is questionable. 3D visualization that uses time as the third di-
mension is more suitable for point features which can be extruded to reflect
temporal progression [40].

When there are time-stamped data, they can be aggregated spatially (aggrega-
tion polygons) as a grid cube structure to understand spatiotemporal patterns.
The grid cube structure contains rows (x) and columns (y) that define the spatial
extent of the cube and time step (9 to determine the temporal extent (Figure 3).
Each bin has a fixed location in space (x, y) and time (#). In each cube bin, num-
ber of occurrences will be counted, and summary statistics and the trend for bin
values across time at each location will be calculated [16] [40] [41].

A space-time cube was prepared by aggregating the number of positive cases
for one week (time-step interval) of space-time bins and converting it into a
netCDF data structure to be compatible with ArcGIS Pro software [30]. This
grid cube contains row, column and time steps (Figure 3(a)). Each grid cube is
called a “spatial bin,” which has a fixed location in space (X, Y) and in time (2
(Figure 3). In this study, the centre of each PHU was selected as the (X, Y) of the
bin. Then, a unique “LOCATION_ID”, time-step-ID, and COUNT were assigned
to each PHU [42]. Since the LOCATION_ID is unique to each bin, the value of “t”
will change as time progresses at each time-step interval (Figure 3(b)).

Once the time-space-cube was created, significant clusters and outliers were

identified. These results provided time periods with unexpectedly high rates of

BIN TIME SERIES

A LOCATION A LOCATION

LOCATIONS OVER TIME  WITH DATA

NOwW

TIME SLICE

vauasd
e

THEN

<
<

(@) (b)

Figure 3. (a) The grid cube structure of the space-time cube; (b) each bin has a location in space (X, Y) and in time () and
LOCATION_ID, time_step_ID, COUNT value and other values as calculated (source: [22]).
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disease outbreaks across Ontario. After that, statistically significant hot and cold
spots over time were determined. The “Emerging Hot Spot Analysis” tool in Arc-
GIS Pro software identifies trends at four stages—new, intensifying, diminishing,
and sporadic hot and cold spots [43]. The conceptualization of spatial relation-
ships was used as the earlier steps. The emerging hot spots for each month were

analyzed and compared with Public Health Ontario data [44].

2.3.6. Spatial Regression
A global model of regression—Ordinary Least Squares (OLS), a multiple linear
regression method that fits a linear equation to a model, is the starting point of
most spatial regression analyses [45]. It provides reliable statistics for examining
linear relationships at the point level or regions (polygons) representing spatial
units [33]. This study used an OLS regression for the dependent variable (IR/100K)
and 40 explanatory variables (Table 1) to create an equation that estimates val-
ues for the dependent variable. All possible combinations of the model were eva-
luated first using exploratory regression. The report included redundancy, com-
pleteness, significance, bias and performance combinations. Variables exhibiting
multicollinearity were selected based on their significance to the model. All va-
riables with less than 10% significance to the model were eliminated from the
second iteration. That means there were 24 variables only for the second itera-
tion. The process was repeated and obtained 14 variables only for the third itera-
tion. Finally, seven (7) selected variables were used for OLS regression. The
model performance was evaluated against the six statistical tests, and the spatial
autocorrelation of model residuals was tested.

Ordinary Least Squares (OLS) Regression

When estimating the model with two independent variables, Equation (4)
shows the OLS equation used. The OLS calculates its estimates to minimize the
sum of squared residuals as described in Equation (5) ([33] [45]). Generally,
Equation (4) can be extended to kindependent variables and estimates &£+ 1 will

be selected to minimize the sum of squared residuals.
Y~:ﬂ~o +B1X1+Bzxz 4)

where Y is the dependent variable; X;; 7= 1, 2 are independent variables; ﬂ~, ;

i=0, 1,2 are the estimates of /3.
~ ~ ~ 2
Zin:l(Yi =B~ BXy _ﬂzxiz) (5)

where given n observations on y; x and Xz,{(xil,XiZ,Yi):i =1,2,---,n}; ,Bi 1=
0, 1, 2 are the estimates of f3, .

Exploratory Regression

Finding the best OLS regression model is iterative, mainly when many poten-
tial exploratory variables exist. Exploratory regression, similar to the stepwise
regression that iteratively examines the statistical significance of exploratory va-
riables in the linear regression model, can be used to find the best possible com-

bination of the potential exploratory variable best to explain the dependent va-

DOI: 10.4236/jgis.2023.155027

549 Journal of Geographic Information System


https://doi.org/10.4236/jgis.2023.155027

M. K. Heenkenda

riable [46]. The advantage of using exploratory regression over stepwise regres-
sion is that exploratory regression evaluates the OLS model performance in six

different ways than just adjusted R? value [46].

3. Results
3.1. Data Exploration and Disease Mapping

Figure 1 shows each PHU’s total population and number of confirmed cases.
Most Southern Ontario PHUSs showed a high population and high no. of cases,
while Northern Ontario had a low population and low no. of cases. However, the
spatial extent of Northern Ontario PHUs is higher than others.

Figure 4 shows the IR/100K values of each PHU. North Bay Parry Sound
PHU had the lowest IR/100K value (1408.4962). Peel Region PHU had the high-
est IR/100K value (9367.003). The mean, median and standard deviations were
3960.3, 4013.416 and 1816.19, respectively.

3.2. Spatial Autocorrelation

The spatial pattern indicated was unlikely to have occurred due to a random
chance—Moran’s Index (0.2935) and z-score (7.2779) were positive; the p-value
was almost zero. Therefore, it was worth investigating the underlying clustering

pattern at a local scale.
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Figure 4. Incidence rates (IR/100K) of the confirmed cases in each Public Health Unit (PHU) ((IR/100K = Total no. of confirmed
cases/total population) * 100,000).
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3.3. Cluster and Outlier Analysis

These results were focused on the neighbourhood-level relationship between
IR/100K values. The Observed General G value was greater than the Expected G
value, and the z-score (4.062) was positive (High/Low clustering report). This
indicated that PHUs with high IR/100K tend to cluster together. However, this
statistic didn’t show spatial locations of concentration of values, and only high
values tend to occur near each other. The next step was to find locations in the
study area that were statistically different from their neighbours in space (cluster
and outlier analysis). Most PHUs showed a statistically insignificant pattern
(Figure 5(a)). For example, Northwestern, Thunder Bay, Porcupine and Algoma
PHUs were statistically not significant. Timiskaming and Sudbury PHUs that
showed low values were clustered with previously mentioned insignificant PHUs
(Figure 5(a)). High values were clustered with another high value for 13 PHUs
(Chatham-Kent, Middlesex-London, Haldimand-Norfolk, Niagara Region, Ham-
ilton, Brant County, Region of Waterloo, Halton Region, Wellington-Dufferin-
Guelph, Peel, Toronto, York Region, Durham Region PHUs) in the southern
Ontario. Three PHUs (Grey Bruce, Huron Perth, and Southwestern) with low

values were clustered with surrounding high values (Figure 5(a)).

3.4. Hot Spot Analysis

Significant spatial clusters of high and low values of PHUs in the geographic
space were identified. Most of the Northern PHUs showed cold spots with a 99%
or 90% confidence level. Five PHUs in southern Ontario (Eastern Ontario, Ot-

tawa, Leeds, Grenville and Lanark District Health Unit, Kingston, Frontenac and

High-High cluster
I High-Low outlier
B Low-High outlier

Low-Low cluster

Not significant

0 200 400 km
I I E—

Cluster and Outlier Analysis (IR/100K)

Hot Spot Analysis (IR/100K)

=z

Hot spots and cold spots
I Cold Spot with 99% Confidence
[ cold Spot with 95% Confidence
Cold Spot with 90% Confidence
Not Significant
Hot Spot with 90% Confidence
[ Hot Spot with 95% Confidence
(@) I Hot Spot with 99% Confidence (b)

Figure 5. (a) Cluster and Outlier analysis results; (b) Hot spot analysis (PHU names are available in Figure 2) (please refer to

Figure 1 for PHU names).
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Lennox and Addington, and Hastings and Prince Edwards Counties) had a cold
spot with a 90% confidence level (Figure 5(b)). A few PHUs had statistically in-
significant IR/100K values. A hot spot with 99% confidence level included seven
PHUs (York Region, Toronto, Peel, Wellington-Dufferin-Geulph, Halton Re-
gion, Hamilton and Niagara Region). North Bay Parry Sound PHU got the low-
est IR/100K value and was part of a cold spot. The highest value was from Peel
Region PHU and was part of a hot spot identified at 99% confidence level
(Figure 5(b)).

3.5. Temporal Pattern Analysis

The space-time cube was created with 92 time steps (weekly from April 1, 2020
to December 31, 2021). The Mann-Kendall trend test was performed on each
PHU as an independent bin time-series test [22]. The overall increasing data
trend was identified. Figure 6(a) showed a statistically significant trend for all
PHUs except Peel and Toronto. However, the temporal aggregation didn’t find
an overall trend direction; the overall trend direction was statistically not signif-
icant (p-value = 0.2181).

Unlike local cluster and outlier analysis in space (Figure 5(a)), the local clus-
ters and outliers in space and time were analyzed. All northern Ontario PHUs
showed a similar pattern—low confirmed no. of cases clustered with neighbour-
ing low confirmed no. of cases. However, southern Ontario PHUs showed mul-
tiple clustering patterns in space and time. The dates of different waves pub-
lished by Public Health Ontario aligned with the change in mean shift dates of
each PHUs. For example, Figure 7 and Figure 8 show that the mean value of

I Up Trend - 99% Confidence
[ uUp Trend - 95% Confidence

Space-time trend in 2D

Emerging hot spots N

E New Hot Spot

Sporadic Hot Spot

Up Trend - 90% Confidence
No Significant Trend No Significant Trend d&
&
0 100 200 400 km '
(@) I N S T (b)
Figure 6. (a) Visualizing space-time trend in 2D; (b) Emerging hot spots.
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Change Type: Mean shift
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Figure 7. Change in the mean shift for each week: Ottawa PHU.

Change Type: Mean shift
20,000
18,000
16,000

14,000

12,000

10,000

8,000

6,000

DAILY _CASES_SUM_ZEROS

4,000

2,000

May 2020 Aug 2020

Nov 2020 Feb 2021 May 2021 Aug 2021 Nov 2021

-+ Original Value ® Change Points — Segment Mean Values

Figure 8. Change in the mean shift for each week: Toronto PHU, during this period, the mean was shifted 15 times.

IR/100K shifted several times from September 1, 2020 to February 28, 2021, the
official second wave published by Public Health Ontario.

During the second wave, Toronto PHU shifted the mean five times. Ottawa
and York Region PHUs indicated the uptrend with 95% confidence level. After
that, the shift in the mean of confirmed no. of cases for each week was detected.
Ottawa PHU showed the following pattern (Figure 7). There were ten times the
mean value shifted and number of cases increased or decreased.

Only three PHUs (North Bay Parry Sound, Haliburton, Kawartha, Pine Ridge,
and Peterborough) had 5 - 6 mean change points, while others had more time
locations where the mean shifted. Toronto, Timiskaming and Leeds, Grenville
and Lanark PHUs had the highest change points (14 - 16). For example, Figure
8 shows Toronto PHU mean shift variation.

A Space-time cluster indicates an elevated confirmed number of cases pre-
sented inside a PHU in a specific time period compared to the PHUs in the same
period. All northern PHUs didn’t show a statistically significant pattern when
analyzing the emerging hot spots. However, there were many new hot spots and

sporadic hotspots in the Southern Ontario (Figure 6(b)). Hastings and Prince
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Edward Counties and Southwestern PHUs were the only two PHUs that didn’t

show statistically significant emerging hot spots in Southern Ontario.

3.6. Spatial Regression

After exploratory regression (testing several combinations of potential explora-
tory variables to model the IR/100K (dependent variable)), the following model
was identified as the best model explaining the IR/100K variation over the geo-
graphic space (Table 2). The household income, vaccination, citizenship, and
health behaviour criteria were not statistically significant to explain the depen-

dent variable.

OLS Model Performance

The model was assessed against six different criteria. First, the strength and type
of relationship that the explanatory variable has to the dependent variable was
checked. The T test was used to identify statistically significant explanatory va-
riables. For example, if one of the model coefficients is zero, the associated ex-
planatory variable is not representing the model. Most of the exploratory va-
riables were statistically significant, indicating an excellent contribution to the
model except population 18 - 39 years old and bachelor’s degree or higher edu-
cation levels. Next, the model stationarity was tested using Koenker statistics.
The null hypothesis for this test was that the model was stationarity. That means
the explanatory variables in the model have a consistent relationship to the de-
pendent variable throughout the study area. Since the Koenker statistics were
not statistically significant, the null hypothesis cannot be rejected and provided a
stationary model.

The second test is to check the signs of the model coefficients. The sign indi-
cates the positive or negative relation to the model, that is, an increase or de-
crease of the influence of the variable, respectively. Most of these signs were as
expected; for instance, the IR/100K values density per sq.km was positive, while
the population 60 - 80 yrs old and married or common law status showed a neg-
ative relationship.

Next, the redundancy of the explanatory variables was checked. The Variance

Table 2. Exploratory variables and their OLS model coefficients.

Exploratory variable Coefficient

Intercept 8611.8

Population (18 - 39 yrs old) 0.067

Population (60 - 80 yrs old) —-0.621
Married or common law —-0.210

Family of five or more 1.378

Bachelors degree or higher 0.021

Life stress 0.210

Density of IR/100K per square km 4.301
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Inflation Factor (VIF) calculates the variance of the estimated regression coeffi-
cient because of collinearity. VIF of all explanatory variables were less than 7.5,
and thus there were no redundant variables in the model [47]. When the model
is defined correctly, the model residuals should be normally distributed. The de-
gree of model biasness was assessed using Jarque-Bera statistics. The null hypo-
thesis for this test was the model residuals were normally distributed. At a 90%
confidence level, the Jarque-Bera statistics were not statistically significant. The
model is not biased.

The fifth test was to look at any evidence of missing key explanatory variables.
If there are missing variables, then the model residuals should exhibit a spatial
pattern; therefore, the spatial autocorrelation of model residuals were checked to
see whether they were randomly distributed than clustering. The Moran’s Index
(0.027539), positive z score (0.519773) and p-value (0.6032) indicated a statisti-
cally not significant performance. Therefore, the model residuals were randomly
distributed over the study area, and there were no missing key variables.

Finally, the model’s performance was assessed using the adjusted coefficient of
determination (R?). This explains the percentage of the variation of the depen-
dent variable explained by the explanatory variables. The adjusted R*value (0.76)

showed a strong model.

4. Discussion

4.1. Data Exploration and Disease Mapping

Spatial epidemiology studies are susceptible to the type of data available, their
quality and the spatial relationships between data. For instance, Ontario data
were aggregated to PHUs due to privacy concerns rather than their actual spatial
locations as point data. Point data provides a localized exposure on a disease
map, while area data will generalize or smooth away some of the true variability.
Small areas may capture the underlying pattern of the incidences at fine-grained
variation over space, especially when there are variable sizes of spatial aggrega-
tion units ([11] [46]). However, when the extent of aggregation units differs in
the risk population, the data might suffer small number problem ([11] [46]). The
province of Ontario also suffers from the small number problem; for instance,
Thunder Bay District Health Unit is larger in size and less in population; in con-
trast, Toronto PHU has a smaller extent and larger population. Hence, although
Figure 1 compares the number of confirmed cases and risk population, the un-
derlying spatial pattern cannot be uncovered correctly. For instance, Figure 1
shows Thunder Bay and Sudbury had moderate population and no. of con-
firmed cases, but cluster and outlier analysis identified Thunder Bay as statisti-
cally not significant and Sudbury as a part of a low-low cluster. This study con-
sidered the incidence rate per 100,000 population (Equation (1)) instead of the
confirmed number of cases for further analysis to minimize these effects. How-
ever, the main issue of the spatial distribution of this rate map is that when the

population of the spatial unit is smaller, the influence from random variability is
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higher [10]. Therefore, instead of disease maps, this study statistically evaluated
the spatial pattern of crude rates statistically. Although the best solution is to as-
sess age-adjusted standardized rates, it was difficult due to a lack of data [10]
[29] [48].

The mean and median IR/100K values were approximately equal, and IR/100K
data were normally distributed (Figure 4). Normally distributed data will pro-
vide unbiased results when conceptualizing the spatial relations between neigh-
bouring PHUs. When calculating daily confirmed cases from the COVID-19 da-
ta, there were some discrepancies, and some PHUs got negative values, which
were considered zero in the analysis (Simcoe Muskoka, Toronto, Thunder Bay,
and Windsor-Essex PHUs). The other issue is that the recent publicly available
demographic and socioeconomic data related to the Census 2016 were outdated.
Although we wouldn’t expect huge differences between recent statistics, some

variations might exist.

4.2. Spatial Pattern Analysis

Spatial analysis in GIS considers two distinct types of data: attributes of spatial
features and their locations ([32], p. 03). Although many GIS analysis tasks are
limited to attribute analysis only, the influence from the location is indirect; for
example, in its simplest form, the locations define whether the attributes are re-
lated to the study area. Spatial relations sometimes misperceive the understand-
ing of spatial data. According to the first law of geography—"Everything is re-
lated to everything else, but near things are more related than distant things,”
spatial effects have an interrelated meaning [49]. Hence, the analysis of both
attributes and locations is essential. Once the spatial resolution of pattern analy-
sis is defined, the conceptualization of spatial relationships based on the model-
ling of how features interact in space should be determined [34]. Results may
vary with the selection of the spatial conceptualization method. Contiguity, or ad-
jacency that describes whether the geographic units share boundaries and proxim-
ity and the distance between spatial units, are the common approaches for de-
fining spatial weights in GIS ([9], p. 159). The adjacency finds spatial units that
share common boundaries as “neighbours” using inverse distance, travel time,
fixed distance, K nearest neighbours and contiguity [36]. This study used K
nearest neighbours to ensure that each PHU is evaluated based on at least eight
neighbours due to the varying PHU densities across the province [36].

Spatial autocorrelation provides similarities between attributes and locations
and is unavailable from another form of statistical analysis ([32], p. 5). An in-
sight into Ontario’s pandemic spatial distribution was noticed—IR/100K values
were clustered at the PHU level; however, the tendency was to cluster high val-
ues together. 7he most Northern PHUs with less population and enormous land
mass show a low-low clustering pattern. Huron Perth, Grey Bruce and South-
western had low values but clustered with surrounding PHUs with high values.
Most Southern Ontario PHUs had high population densities and IR/100K values
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and exhibited hot spots in the analysis. Here, we would notice the influence of
neighbouring PHUs well; however, when the distance between PHUs increased,

the influence diminished as explained in the Tobler’s first law of geography [49].

4.3. Spatiotemporal Pattern Analysis

With the recent advancement of computer technology and big data analysis al-
gorithms, GIS has changed the map-making process and plays an essential role
in public health and epidemiology [50]. Traditionally maps were used to com-
municate information; however, today’s mapping process includes data visuali-
zation in two-dimensional (2D) or three-dimensional (3D) space, exploration,
and analysis. Given that GIS transforms how we describe and study the earth,
rapid diffusion of this technology to various applications is evident. For exam-
ple, there is a growing interest in applying GIS to public health; thus, spati-
otemporal pattern analysis of disease.

The pandemic trend and distribution of the outbreak were tested using thematic
maps, line graphs and space-time-cube. The mean shift line graphs showed the
temporal variation, but spatial variation cannot be pinpointed since the data was
aggregated into polygons. Main shift line graphs are useful for longitudinal analy-
sis—to differentiate different waves and their slopes, although a comprehensive
space-time analysis was difficult. The spatiotemporal weekly cluster and outlier
analysis at PHU level showed an uneven distribution. All northern PHUs (six)
and Lambton PHU exhibited a low-low clustering pattern only throughout the
period, while the remaining southern PHUs showed multiple-type clustering. The
weekly emerging hot spot analysis identified IR/100K value trends based on the
space-time cube. There were several new hot spots emerged toward the end of
the period (December 31, 2021) (Figure 6(b)). This is comparable with the
“Weekly COVID-19 intervention timeline,” published by the Canadian Institute
for Health Information [51]. Also, the overall space-time positive up trend indi-

cates the same results (Figure 6(a)).

4.4. Spatial Regression

The study selected 40 exploratory variables from 12 categories representing de-
mographic, socioeconomic, and behavioural variations. This comprehensive se-
lection was entirely based on factors positively affecting disease transmission and
data availability. The performance of the regression model was relatively high,
and the adjusted R?value was 0.76. The regression model’s most contributing
explanatory variables were the IR/100K density per square km and family of five
or more people living in one household. These results matched the COVID-19
prevention guidelines published by various health authorities during the pan-
demic. The 60 to 80-year-old population and the social status of married or
common-law partners negatively affected the model as these groups can be more
socially responsible, taking more precautions and following guidelines to mi-

nimize the spread. The population group—older than 60 is identified as more
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vulnerable to the disease than other age groups [52]. Persons who perceived life
stress (well-being) and those with a bachelor’s or higher degree (education) also
positively contributed to this regression model. There was no evidence that the
model results varied from PHU to PHU, as model results were stationary.

Vaccination statistics were included as explanatory variables (one dose over
18 years old and fully vaccinated over 18 years old) initially; however, they didn’t
contribute to the model performance. Health condition, health behaviour and
citizenship data didn’t significantly influence the model. Although tobacco use
increases the risk of many pulmonary diseases, there is no reliable evidence that
COVID-19 infection among them is high. The study conducted by Jordan et al
[53] didn’t find a statistically significant correlation between the high risk of se-
vere COVID-19 disease progression and former smokers. Further, although the
amount of alcohol consumption weakens the immune system, no studies con-
firm the correlation between alcohol use and COVID-19 infection rates [53].
The impact on those in different population groups might vary.

The spatial aggregation of IR/100K values at the PHU level leads to the loss of
fine-grained spatial variation in the number of confirmed cases. Hence, the
study recommends a sensitivity analysis to assess how different levels of spatial
aggregation impact the investigation, for example, at the census division and
census sub-division levels; however, this might not be possible for the entire

province due to a lack of data.

5. Conclusions

Spatiotemporal pattern analysis is one of the emerging trends in Geographic In-
formation Systems due to the recent development of computer vision and big
data analysis. The spatiotemporal analysis provides a new dimension for data
interpretation. The main aim of this study was to explore the recent advances in
geospatial technologies to examine the spatiotemporal pattern of COVID-19 at
the Public Health Unit (PHU) level in Ontario province, Canada. To minimize
the small number problem, the confirmed number of cases was converted into
the incidence rates (no. of confirmed cases per 100,000 population—IR/100K).
The spatial autocorrelation results indicated that IR/100K was clustered at the
PHU level. The high/low clustering results showed that the high IR/100K values
have a higher tendency to cluster high IR/100K values. A few PHUs in Southern
Ontario were identified as hot spots, while northern PHUs were cold spots.

The weekly space-time-cube showed an overall up trend—individual PHU trend
graphs matched with different COVID-19 waves published by Public Health
Ontario. The COVID-19 distribution was uneven throughout the province. Some
PHUs shifted the IR/100K mean value very frequently during the study period
(e.g. Ottawa and Toronto), indicating intermediate waves. Considerable spatial
variability in incidence intensity at different times suggests that risk factors were
unevenly distributed in space and time. Hence, the study also explored various

socioeconomic factors influencing COVID-19 distribution, and a regression model
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was established. The study demonstrated the high-risk level in densely populated
areas in Ontario. Although the study showed a complete spatial analysis of con-
firmed no. of COVID-19 case distribution within a geographic space and time,
these results should be used with caution due to limitations associated with the
data. For example, incident data (points) were aggregated into polygons, and
some variations might be smoothed away. There are some large PHUs with low
populations and small PHUs with high populations. The results can be used as a
foundation to pursue further studies on COVID-19 distribution in Ontario and
improve them to make management decisions. Also, the study demonstrated the
details that geospatial technologies could uncover in spatial epidemiology. For
example, the space-time-cube can be used for longitudinal analysis of disease inci-
dences—to divide data into different waves and identify their slopes, etc. Geospa-
tial technologies can also be useful for uncovering different phenomena asso-
ciated with data such as understanding the spatial variations based on per popu-

lation density or per area density.
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