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Abstract

Background Coronavirus disease (COVID-19) quickly spread around the world after its initial identification in Wuhan,
China in 2019 and became a global public health crisis. COVID-19 related hospitalizations and deaths as important
disease outcomes have been investigated by many studies while less attention has been given to the relationship
between these two outcomes at a public health unit level. In this study, we aim to establish the relationship of counts
of deaths and hospitalizations caused by COVID-19 over time across 34 public health units in Ontario, Canada, taking
demographic, geographic, socio-economic, and vaccination variables into account.

Methods We analyzed daily data of the 34 health units in Ontario between March 1, 2020 and June 30, 2022. Associa-
tions between numbers of COVID-19 related deaths and hospitalizations were explored over three subperiods accord-
ing to the availability of vaccines and the dominance of the Omicron variant in Ontario. A generalized additive model
(GAM) was fit in each subperiod. Heterogeneity across public health units was formulated via a random intercept

in each of the models.

Results Mean daily COVID-19 deaths increased quickly as daily hospitalizations increased, particularly when daily
hospitalizations were less than 20. In all the subperiods, mean daily deaths of a public health unit was significantly
associated with its population size and the proportion of confirmed cases in subjects over 60 years old. The propor-
tion of fully vaccinated (2 doses of primary series) people in the 60+ age group was a significant factor after the avail-
ability of the COVID-19 vaccines. The deprivation index, a measure of poverty, had a significantly positive effect

on COVID-19 mortality after the dominance of the Omicron variant in Ontario. Quantification of these effects was pro-
vided, including effects related to public health units.

Conclusions The differences in COVID-19 mortality across health units decreased over time, after adjustment

for other covariates. In the last subperiod when most public health protections were released and the Omicron vari-
ant dominated, the least advantaged group might suffer higher COVID-19 mortality. Interventions such as paid sick
days and cleaner indoor air should be made available to counter lifting of health protections.
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Background

Coronavirus disease (COVID-19) is an infectious dis-
ease caused by the severe acute respiratory syndrome
coronavirus 2 (SARS-CoV-2). The virus was initially
identified in Wuhan, China in December 2019 and
quickly spread around the world. Hospitalizations and
deaths are important outcomes that quantify the sever-
ity of COVID-19 [1, 2]. Many studies have investigated
the association of certain risk factors with COVID-19
mortality and hospitalizations or in-hospital mortal-
ity [3-7]. However, the relationship between COVID-
19 deaths and hospitalizations remains insufficiently
explored. Understanding this relationship can provide
valuable insights into healthcare system capacity and
disease progression. For example, a disproportionate
number of deaths compared to hospitalizations may
indicate overwhelming hospital burdens; a rise in hos-
pitalizations may serve as an early warning on a poten-
tial increase in deaths. This study can bridge the gap in
the literature. Furthermore, the association of deaths
with hospitalizations likely varies over time and is
dependent upon multiple factors such as public health
policy and implementation [8—10], population immu-
nity from vaccination and previous infection [11, 12],
material deprivation [13], and characteristics of vari-
ants of concern [14, 15].

Ontario is the southernmost and most populous
province in Canada. There are 34 public health units
in Ontario, which provide the corresponding regions
with health education, disease control and other related
services [16]. Public Health Ontario, a government
organization, offers publicly accessible COVID-19 data
summarized by public health unit and date. During the
pandemic, similar platforms have provided open-access,
real-time aggregate data to track disease spread across
regions [17, 18]. Aggregate COVID-19 data have shorter
reporting time compared to individual-level data, mak-
ing them more practical and efficient for timely decision-
making [19]. Thus, it is essential to develop appropriate
statistical methods to analyze aggregate data. In litera-
ture, some studies have been conducted based on aggre-
gate COVID-19 data [8, 20-23].

This study aims to establish the relationship of counts
of COVID-19 related deaths and hospitalizations across
the 34 public health units in Ontario over different time
periods, using publicly available aggregate data. During
the study period between March 1, 2020 and June 30,
2022, there were a total of 13,435 deaths and 49,805 hos-
pitalizations in Ontario; Toronto, the most populous city
in Ontario, contributed the most with 31.8% of the deaths
and 29.4% of the hospitalizations. Approximately 91.9%
of the deaths and 67.3% of the hospitalizations occurred
in people over 60 years old.

Page 2 of 15

We apply generalized additive models [24] over differ-
ent subperiods to provide great flexibility in modeling.
A generalized additive model (GAM) can be regarded
as a generalized linear model (GLM) whose systematic
component is replaced by a sum of unspecified smooth
functions of covariates. The smooth functions can cap-
ture nonlinear covariate effects on a response. GAMs
are a commonly used tool for analyzing the effect of air
pollution or other exposures on health outcomes such as
hospitalizations and mortality [25, 26]. Different GAM
models have been applied to predict COVID-19 related
mortality risk in Toronto, Canada. For example, Feng,
Kephart, and Wagner [27] compared the predictive per-
formance of a GAM with some tree-based (e.g., random
forest and extreme gradient boosting) and regression-
based (e.g., LASSO) machine learning methods, finding
comparable predictive performance for GAM, LASSO,
logistic regression, and extreme gradient boosting. Feng
[28] proposed a spatial-temporal GAM to model the
COVID-19 mortality rate in Toronto, Canada, using a
tensor product smoother of geographic location and
time, to deal with the potential spatial correlation over
time. Izadi [29] considered GAMs with smooth func-
tions of weekly, biweekly, and monthly indices to explore
the corresponding patterns of death rates in Canada and
three Canadian provinces separately.

Methods

Our study goal is to establish the relationship of deaths
and hospitalizations caused by COVID-19 over time
across 34 public health units in Ontario, Canada while
taking demographic, geographic, socio-economic, and
vaccination variables into consideration. Our statistical
analysis is undertaken at the level of public health unit.

Study population

Ontario, the most populous province and the second
largest by area in Canada, had a population of approxi-
mately 13.4 million living in a total land area of 908,699
square kilometres in 2016 [30]. Geographically, Ontario
shares its southern border with the United States and
is the home to both the nation’s capital, Ottawa, and
the largest city, Toronto. According to the 2016 Census
[30], the average age of Ontario’s population is 41.0 years
(median: 41.3 years), with 18.9% of residents aged 65 or
older. Females constitute 51.2% of the population. In the
labour force, leading occupational categories are sales
and service occupations (22.9%) and business, finance,
and administration occupations (15.7%).

Ontario is divided into 34 public health units, each
defined by specific geographical boundaries. The health
units offer health programs and disease prevention infor-
mation and services to their respective populations [16].
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The units vary dramatically in population density and
geographic size. For example, Toronto Public Health, the
most populous health unit, has nearly twice the popula-
tion of the next largest unit, Peel Public Health [30].

Data and data source

We extracted the COVID-19 data between March 1, 2020
and June 30, 2022 from the COVID-19 Data Tool [31].
The tool provided daily COVID-19 outcomes (counts and
rates of confirmed cases, hospitalizations, and deaths)
and vaccination data (total numbers of individuals get-
ting fully vaccinated, receiving the first and the second
booster doses, and more). These data were summarized
by sex (female and male), age groups (0—4, 5-11, 12-19,
20-39, 40-59, 60-79, and 80+), and public health units.

In the dataset, deaths were recorded as COVID-19
mortality only if the individual had not fully recovered
from COVID-19 before death and the death occurred
within the follow-up period. Consequently, the deaths
in our dataset might be under-reported. Daily new hos-
pitalizations were grouped by episode date, representing
the estimated date of disease onset. Since the number of
deaths on a given day was likely associated with the hos-
pitalizations in the preceding days, we utilized a surrogate
for this lagged effect, the average of daily hospitalizations
over the last 14 days (including the current day, referred
to as 14 day.rolling.average.hospitalizations). Addition-
ally, the 2020 population size for each health unit (popu-
lation) was obtained from Statistics Canada [30]. Using
the available COVID-19 data, we derived several daily
covariates, including the proportions of confirmed cases
in males (proportion.cases.male) and in subjects over
60 years old (proportion.cases.over60yrs), as well as the
proportions of fully vaccinated subjects (i.e., receiving
two doses, labelled as proportion.of.fully.vaccinated.over-
60yrs), subjects with 1 booster dose (proportion.of.1st.
booster.over60yrs), and subjects with 2 booster doses
(proportion.of.2nd.booster.over60yrs) in the over 60-year-
old population. We focused on people aged 60 and older
since they accounted for the majority of COVID-19 hos-
pitalizations and deaths. Moreover, we included the 2016
marginalization index from Public Health Ontario [32] as
a constant measure for each health unit. Since some mar-
ginalization index scores were correlated, we only used
the deprivation index (deprivation), an economic meas-
ure reflected by indicators of income, quality of housing,
family structure, and education level [33].

In the following analysis, we considered the daily count of
COVID-19 deaths as the response variable and all the vari-
ables with italicized covariate names as potential predic-
tors. Given prior studies highlighting associations between
COVID-19 outcomes and demographic, vaccination, and
socioeconomic factors [11-13, 23], we applied forward

Page 3 of 15

selections to allow the data to identify the important covar-
iates included in the final models.

Statistical analysis
We divided the entire study period into three subperiods
according to the availability of COVID-19 vaccines and
the dominance of the Omicron variant: March 1, 2020
to December 13, 2020 (before the availability of COVID-
19 vaccines), December 14, 2020 to December 14, 2021
(after vaccine availability but before at least 50% of sam-
pled genomes identified as Omicron), and December
15, 2021 to June 30, 2022 (after the dominance of the
Omicron variant). For each subperiod, we fitted a GAM
with the daily number of deaths as the response vari-
able; the potential explanatory variables were the 14-day
rolling average of hospitalizations, days from March 1,
2020, population size of each health unit in Ontario, the
daily proportions of reported cases in males and in sub-
jects over 60 years old, the deprivation index, the daily
proportions of people getting fully vaccinated, receiv-
ing 1 booster dose, and receiving 2 booster doses in the
60+ age group. In the models, we also included random
intercepts to account for the heterogeneity across the 34
health units. The Akaike information criterion (AIC) was
used to implement a forward variable selection among
those explanatory variables in each GAM. The initial
model in the variable selection contained the random
intercept for health units, and a logarithm of the popula-
tion size. In the forward selection, each selected covari-
ate was involved in the model as a smooth function or
a linear/parametric term; which one to use depended
on whether the smooth function had a significant
(p-value<0.05) effect on the response. The number of
basis functions in each spline smoothing could be chosen
by adjusted R-square/AIC. The forward selection stopped
if including more explanatory variables did not signifi-
cantly improve the model and no more explanatory vari-
ables had significant impacts on COVID-19 mortality.
Let Y, denote the number of deaths due to COVID-19
in health unit s on day ¢, where s =1, -- -, 34, for three
subperiods indexed by p where t =1, ---,288 (1 =1
denotes March 1, 2020) for p=1, t = 289, ---, 654 for
p=2,and t = 655, - - -, 852 for p=3. Since the deaths are
over-dispersed with respect to a Poisson distribution, we
assume that Y;; follows a negative binomial distribution
with mean E[Y|Xs, Zgt] = W o X5 and Zg represent the
covariates in parametric/linear terms and smooth func-
tions, respectively. The selected GAM for subperiod p
can be expressed as

Jp Kp
IOE(M st) =B o(p) + bs(p) + Z B/‘(p)xjst + ka(p)(zksz)v
j=1 k=1
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where the random intercept ,» N(O,a 127) forp=1, 2, 3,

() represents a smooth function, and 8 o® and B j(”)
denote the fixed components of the intercept and the
regression. The counts /, and K, are respectively the
numbers of linear terms and smooth functions in the
model for subperiod p. We assume that all the health
units are independent with each other, and the observa-
tions over time within a health unit are independent con-
ditional on the random intercept. We will discuss this
assumption later. Details on implementation of the GAM
in R (Version 4.0.2) are given in Appendix 1.

Results

Figure 1 [34] shows a map of the regional health units,
colour-coded by the death rate per 100,000 population
over the entire study period. The highest death rates are
seen in Toronto (TOR, with the largest population in
Ontario) and in many health units that contain border
crossings with the United States and their neighbours.
The busiest land border crossings in Ontario are in Wind-
sor (WEC), Sarnia (LAM), and Fort Erie (NIA; [35]).

Death Rate

25.1-51.4
51.5-66.2
66.3-77.8
77.9-86.4
86.5-149.5

| Jujulal |

[
Fig. 1 Death rates of Ontario health units during the study period (per 100,000 population)
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Figure 2 presents the daily numbers of COVID-19
deaths and hospitalizations in Ontario throughout the
study period, with dominant virus variants identified.
The shaded regions represent three subperiods and the
blue dashed lines indicate the approximate dates when
specific variants became dominant (>50% of cases). We
observed the largest daily increase in hospitalizations
occurred during the dominance of the Omicron vari-
ant, whereas the largest daily deaths were observed dur-
ing the dominance of the ancestral strain. Additionally,
about 80.4% of the daily deaths were zeros over the whole
study period. In subperiod 1, the average daily deaths and
hospitalizations in Ontario were 14.06 (median: 6.00)
and 31.14 (median: 24.00), respectively; in subperiod 2,
the average deaths increased to 15.91 (median: 8.00) per
day and the average hospitalizations doubled (average:
63.36; median: 40.50). As the Omicron variant spread in
Ontario (in subperiod 3), the average daily deaths and
hospitalizations further grew to 17.98 (median: 11.50)
and 89.13 (median: 64.00).

The rest of the section is organized as follows. In the
first three subsections, we present results corresponding

Code Name
ALG Algoma District

BRN Brant County

CHK Chatham-Kent

DUR Durham Regional

EOH Eastem Ontario

GBO Grey Bruce

HAL Halton Regional

HAM City of Hamilton

HON  Haldimand-Norfolk

HKP Haliburton-Kawartha-Pine Ridge District
HPE Hastings and Prince Edward Counties
HPH Huron Perth TOR City of Toronto

KFL Kingston-Frontenac and Lennox and Addington TSK _ Timiskaming

LAM Lambton WAT Waterioo

LGL Leeds-Grenville and Lanark Distict WDG Wellington-Dufferin-Guelph
MSL Middlesex-London WEC Windsor-Essex County
NIA  Niagara Regional Area YRK York Regional

e Name
NPS North Bay Parry Sound District
NWR Northwestern

OTT City of Ottawa

OXE Oxford Elgin StThomas

PEL Peel Regional

PQP Porcupine

PTC Peterborough County-City
REN Renfrew County and District
SMD Simcoe Muskoka District

SUD Sudbury and District

THB Thunder Bay District
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Fig. 2 14-day rolling averages of daily deaths and hospitalizations in Ontario, 2020-2022

to each of the three subperiods, separately. Then, we con-
trast and summarize those results in the last subsection.

Results for Subperiod 1 (March 1, 2020 to December 13, 2020)
The final selected model for subperiod 1 is of the form

However, data were sparse at higher numbers of hospi-
talizations (indicated by the rug along the X-axis of the
plot). Figure 3 (b) shows the change in the average daily
mortality over time after accounting for the other vari-
ables. Specifically, the mean daily deaths rose after March

log(ps) = ﬁél) +h§1> +,8§1) log(populations)+f1(l) (14day.rolling.average.hospitalizationsst) +f2(1) (t) +f3( L (proportion.cases.over60yrsg; ),

wheres =1, ---, 34andt =1, ---, 288. Table 1 shows
the estimated linear effects in this selected model. The
population size had a positive effect on average daily
deaths. When the population size of a health unit dou-
bled in subperiod 1 with other covariates fixed at certain
values, the average daily mortality increased by 60.7%.
Figure 3 shows the estimated smooth functions with
95% pointwise confidence intervals (Cls); the smooth
functions visualize how the logarithm of mean daily
COVID-19 mortality changes as one covariate increases
with others fixed at certain values. In Fig. 3 (a), the aver-
age daily number of COVID-19 deaths initially increased
quickly with increasing hospitalizations and levelled
off when daily hospitalizations were greater than 15.

Table 1 GAM Analysis for subperiod 1

1, 2020 and peaked around April 24, 2020; thereafter, the
count gradually decreased until August 27, 2020, and
then began to increase beyond the end of subperiod 1
(December 13, 2020). As illustrated in Fig. 3 (c), the aver-
age daily deaths grew quickly as the daily proportion of
confirmed cases in subjects over 60 years old, until it
reached 0.4, and then levelled off with increasingly sparse
data for the proportion greater than 0.6.

We did not detect obvious violations of model assump-
tions. See some further model diagnostics in Appen-
dix 2 Fig. S1. We plotted the fitted and observed values
of daily deaths in Fig. 4 and found the selected GAM fit
the data fairly well for the health units with many daily
deaths, such as Toronto and York units, identified in

Terms Estimate Estimated Standard Error P-value
Linear Effect
log(population) 0.684 0.164 <0.001
Model Adjusted R-square Deviance explained AIC
0.843 81.1% 7277.096
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Estimated smooth function

(b) Time

(c) Proportion of people over 60 years old in cases
Fig. 3 Estimated smooth functions with 95% pointwise confidence intervals (Cls) for subperiod 1

Fig. 4 (a) & (b). In health units with small populations
and/or few daily deaths, the model did not fit the data
very well, but even so the non-zero death counts (such 1
and 2) occurred at those times near the peak of the fitted
values (shown in Fig. 4 (c) & (d) for Sudbury & Districts
and Hastings Prince Edward health units). These findings
were consistent across all the subperiods.

Results for Subperiod 2 (December 14, 2020 to December
14,2021)
The form of the selected model for subperiod 2 is

log(1us:) = 85"

the population size of a health unit doubled. When other
covariates remained the same and the proportion of
reported cases in subjects over 60 years old rose by 0.2,
the average daily deaths also increased by 11.0%.

Figure 5 shows the estimated smooth functions in sub-
period 2. Figure 5 (a) & (b) can be interpreted similarly
to the plots in subperiod 1. However, the X-axis of Fig. 5
(a) acknowledges more daily hospitalizations in subpe-
riod 2 compared with subperiod 1. COVID-19 vaccines
became available in Ontario during this subperiod. Fig-
ure 5 (c) shows the trend in average daily mortality as

+bs(2) + ﬂ{z)log(populations) + B 52)proportion.Cases.over60yrsst

+ f1(2) (14day.rolling.average.hospitalizationsst) + f2(2) @®)

+ f;z) (proportion.of.fully.vaccinated.over60yrsst),

wheres =1, ---, 34and ¢t = 289, -- -, 654. Table 2 pre-
sents the estimated linear effects in subperiod 2. Both the
population size and the proportion of reported cases in
people over 60 years old had positive effects on the aver-
age daily deaths. With other covariates unchanged, the
mean daily COVID-19 mortality increased by 11.0% if

the proportion of fully vaccinated people in the 60+ age
group increases. Before June 2021, this proportion was
below 0.2 in most health units. By July and August 2021,
the proportion dramatically increased to more than 0.8.
This accounts for the observed narrow confidence inter-
vals in the low and high proportions in Fig. 5 (c). No
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Fig. 4 Fitted and observed values of daily deaths for selected health units in subperiod 1
Table 2 GAM Analysis for subperiod 2
Terms Estimate Estimated Standard Error P-value
Linear Effects
log(population) 0.150 0.071 0.034
proportion.cases.over60yrs 0.521 0.153 <0.001
Model Adjusted R-square Deviance explained AIC
0.793 71.2% 12970.03
notable violation of the model assumptions was detected where s=1, ---, 34 and ¢ =655, ---, 852. Table 3

in Appendix 2 Fig. S2. Figure 6 presents the fitted and
observed values of daily deaths for selected health units.

Results for Subperiod 3 (December 15, 2021 to June 30, 2022)
In subperiod 3, the final selected GAM is of the form

log (I’L st)

shows the estimated linear effects in subperiod 3. In
addition to the population size and the proportion of
confirmed cases in people over 60 years old, deprivation
(from the marginalization index) had a positive effect on
the average daily mortality. When the deprivation score

=8 63) + b§3) + ﬂ{?’)log(populations) +pB (3)proportion.cases.over60yrsst + ﬂég)deprivations

+1 @ (14day rolling.average. hospltahzatlonsst) + £ @) )

) @ (proportlon.of.fully.vaccmated.over60yrss,) ,




Chen et al. BMC Public Health (2025) 25:148

0 20 40 60 80

Estimated smooth function

(a) Hospitalization

Estimated smooth function
0
|

(c) Proportion of fully vaccinated people (60+)

Page 8 of 15

Estimated smooth function
04 00 04

(b) Time

Fig. 5 Estimated smooth functions with 95% pointwise confidence intervals (Cls) for subperiod 2

increased by 0.2, the daily deaths rose by 12.7% on aver-
age. Other linear effects can be interpreted as previously.
In the dataset, the Halton Region Public Health had the
lowest deprivation level at —0.72 (least deprived) and
Timiskaming Health Unit had the highest level at 0.55.
Statistics Canada [36] described Timiskaming Health
Unit as a sparsely populated mix of urban and rural citi-
zens and a moderately high proportion of the population
receiving government transfer income. In Timiskaming,
17.3% of total income of private households in 2015 came
from government transfers and 21.7% of the population
was 65 or older compared to the provincial average of
16.7% [30]. Halton on the other hand had a mainly urban
population with a moderate to high population density
and a high employment rate [36]. Only 14.9% of the Hal-
ton population was aged 65 or older, and 6.7% of total
income of private households in 2015 came from gov-
ernment transfers, compared to the provincial average of
11.1% [30]. We will discuss deprivation further in Overall
results and Conclusions.

Figure 7 presents the estimated smooth functions in
the model of subperiod 3. The smaller magnitude of the
Y-axis in Fig. 7 (a) suggests that the daily hospitalizations

had a smaller effect on average daily mortality in sub-
period 3 compared with those in subperiods 1 & 2.
The trend shown in Fig. 7 (b) is consistent with that in
Fig. 2. In Fig. 7 (c), the average daily deaths fluctuated
as the fully vaccinated proportion in the 60+ age group
increased. Since this proportion lies mainly between
0.93 and 0.99 (given most people were already fully vac-
cinated), we could consider a linear term of the propor-
tion in the model. In the new model, the linear effect of
the proportion was not significant. The plots of fitted and
observed values of daily deaths and the model diagnoses
are shown in Appendix 2 Figs. S3 & S4-.

Overall results

Figures 3(a), 5(a) and 7(a) show the relationship between
the logarithm of mean daily deaths and daily new hos-
pitalizations (14-day rolling average) over the three sub-
periods. In subperiod 1, the mean daily deaths increased
by approximately 21 times when the daily hospitaliza-
tions increased from 0 to 10 holding other covariates at
fixed values. Under the same condition, the mean daily
deaths had a 46-fold increase in subperiod 2 and a 4.7-
fold increase in subperiod 3. The deprivation had a
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Fig. 6 Fitted and observed values of daily deaths for selected health units in subperiod 2
Table 3 GAM Analysis for subperiod 3
Terms Estimate Estimated Standard Error P-value
Linear Effects
log(population) 0515 0.068 <0.001
proportion.cases.over60yrs 0.728 0.207 <0.001
deprivation 0.596 0.201 0.003
Model Adjusted R-square Deviance explained AIC
0.655 50.4% 9989.852

significantly positive effect on the mean daily deaths only
in subperiod 3. There were more public health protec-
tions in place during subperiods 1 and 2, which might
have reduced the variability in COVID-19 mortality
between the advantaged and less advantaged population.

Figures 8, 9 and 10 illustrate the random intercepts for
health units in each of the three subperiods. The estimated
variance of the random intercepts in subperiod 1 is larger
than those in subperiods 2 & 3 since the random intercepts

in Fig. 8 are more spread out. Possible reasons for the dif-
ferent variances are provided in Discussion. A positive
random intercept indicates higher average daily deaths in
a specific health unit, given other covariates are fixed. The
size of the circle indicates the population size of each health
unit. Health units with a large population usually have a
random intercept close to zero. We should avoid over-
interpreting the rank of the random intercepts, as their
order may vary with the model selected for each subperiod.
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Fig. 7 Estimated smooth functions with 95% pointwise confidence intervals (Cls) for subperiod 3

Discussion

This study provided regional-level insights into the effects
of certain risk factors on COVID-19 related mortality in
Ontario, with a focus on the changing dynamics over the
three subperiods. The findings reveal heterogeneity in
outcomes across regions, driven by various demographic,
geographic, socio-economic, and health-related factors.
One striking outcome was the continued increase in the
average daily deaths and hospitalizations across subpe-
riods, despite the introduction of vaccines. In the early
part of subperiod 1, deaths were already high, especially
in the large urban centres. Even with the rollout of vac-
cines in subperiod 2 and the widespread administration
of booster does in subperiod 3, we observed that average
daily deaths and hospitalizations continued to rise, par-
ticularly as the Omicron variant became dominant. This
suggests that, while the availability of vaccines reduced
severe outcomes, the sheer transmissibility of Omicron
contributed to the increasing hospitalizations and deaths
especially in the most vulnerable populations such as
individuals over 60 years old. The proportion of con-
firmed cases in people over 60 years old is included as a
smooth function only in the selected model of subperiod

1. The linear effect in subperiod 3 is larger than that in
subperiod 2, likely due to widespread transmission after
lifting of most public health interventions. The effect of
population size on mean daily deaths was significant,
particularly in subperiod 1, where health units with
larger populations experienced higher mortality rates.
This aligns with global patterns, where urban centres
with larger, denser populations faced higher transmis-
sion rates and consequently worse outcomes. The degree
of socio-economic marginalization likely exacerbated the
burden in the larger cities, highlighting that underlying
health inequities made some populations more suscepti-
ble to severe outcomes.

Examining specific health units, the highest mortal-
ity rates were observed in Toronto and in health units
with the busiest border crossings to the United States.
Prior to vaccine availability, there was a greater variance
in the health units, as shown in Fig. 8, suggesting that
some characteristics of the administrative health regions
might influence outcomes. This may warrant further
investigation. The random intercepts in Figs. 8, 9 and 10
show a changing pattern across the subperiods, with the
most variation in subperiod 1 and the least in subperiod
3. This reduced variation in subperiod 3 may be due to
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consistency of policies across health units, the lifting
of health protections, and the rising level of population
immunity from both vaccination and prior infections.
Some points that stand out from Figs. 8, 9 and 10 include
that Haldimand Norfolk (HDN) had the largest random
intercept in subperiod 1, remaining the largest through-
out the study period. Four health units - HDN, Huron
Perth (HPH), Lambton (LAM), and Haliburton Kawartha
Pine Ridge (HKPR) - maintained consistently positive
random intercepts across all three subperiods. Many
factors may contribute to a higher random intercept for
deaths; however, we note that all four units have a nota-
bly larger proportion of population aged 65+, exceeding
the provincial average of 16.7%, with HKPR having the
largest at 26.4%, and all units exceeding 20%. In con-
trast, eight health units consistently ranked with nega-
tive random intercepts, including Peel (PEL), Hastings

Prince Edward (HPE), Northwestern (NWR), Toronto
(TOR), North Bay Parry Sound (NBPS), Kingston Fron-
tenac Lennox and Addington (KFLA), Waterloo (WAT),
and Renfrew (REN). Of these, four units (PEL, NWR,
TOR, and WAT) have a lower proportion of population
over aged 65 compared to the provincial average. The
remaining health units (HPE, NBPS, KFLA, and REN)
are sparsely populated, mainly rural (with some rural-
urban mix) regions, with populations aged 65+ ranging
from 20 to 23% [30]. The availability of vaccination could
help reduce differences in COVID-19 related mortal-
ity between health units. However, despite vaccination,
when public health protections were removed, the least
advantaged might suffer higher COVID-19 mortality.
Interventions such as paid sick days and cleaner indoor
air should be made available to counter lifting of health
protections.
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Limitations

In this study, the data are presented at the level of pub-
lic health unit, which can vary dramatically in population
density, geographic size, and urban vs. rural composition.
There is also much variation within each health unit. The
data may not be granular enough for meaningful con-
clusions at the unit-level. The GAMs performed well in
regions with higher daily death counts, such as Toronto
and York, but they struggled in smaller health units with
low daily death counts (<2). This likely reflects the chal-
lenges involved in modeling sparse and zero heavy data.
Future research could explore alternative approaches to
better capture this variability in regions with low mortal-
ity rates and small population size.

We applied a GAM to quantify the association of
deaths with hospitalizations across the 34 public health
units in Ontario in each subperiod, while taking other
covariates into account. The daily count of COVID-19

deaths in each health unit was overdispersed and had
a large proportion of zeros. We tested both a negative
binomial family and a zero-inflated Poisson family and
found that the model in a negative binomial family had a
smaller AIC value and a larger adjusted R-square and/or
deviance explained. We assumed that observations were
independent in time and geographic locations, however
the number of deaths was potentially temporally and spa-
tially correlated. A future investigation taking the spatio-
temporal correlation into account would work better
with individual-level COVID-19 data.

Conclusions

We have shown that a GAM is a valuable method for
examining risk factors associated with COVID-19 mor-
tality. We found that it was important to stratify time over
the study period since there were different public health
policies in place, with variability in implementation, as
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well as different variants of SARS-CoV-2 circulating.
We focused on the confirmed cases and the vaccination
rates in the 60+ age group, where most deaths occurred.
Extending our analysis to all age groups did not result in
a significant improvement in the model fit. However, this
finding may change with a longer follow up period, as
vaccination coverage expanded across all age groups.

The overall pattern of daily deaths in Ontario closely
follows daily hospitalizations throughout all three sub-
periods (Fig. 2). The increase in overall average daily
deaths and hospitalizations in Ontario over the last two
subperiods is likely due to a combination of the lifting of
many public health protections along with the increased
transmissibility of the Omicron variant [37]. Additionally,
a low death rate among infected individuals and a high
infection rate with the advent of Omicron can lead to an
increase in the number of COVID-19 deaths. The overall
effect of hospitalizations on deaths becomes smaller in

subperiod 3, as indicated by the smaller magnitude of the
Y-axis in the estimated smooth function for subperiod 3
(Fig. 7(a)) compared to subperiods 1 and 2.
The deprivation measure from the marginalization
index is a measure of poverty — the higher deprivation
score, the worse economic situation. This measure has a
significantly positive effect on mortality only in subpe-
riod 3, which suggests that the least advantaged are most
affected by COVID-19-related mortality when the fewest
protections are in place. The lack of significance in sub-
periods 1 and 2 could be related to broadly applied pub-
lic health interventions on the least deprived population
during these two subperiods. These broad public health
measures helped protect disadvantaged groups or groups
affected by higher levels of deprivation, which might
have limited their access to vaccines. Keep in mind that
deprivation levels vary within each health unit; the dep-
rivation scores in our dataset provide an overall picture
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of each health unit in Ontario. This finding does high-
light the importance of targeted interventions in more
deprived areas during a public health crisis. The signifi-
cant effect of deprivation on mortality in subperiod 3
suggests that as broad protections were reduced, socioec-
onomic disparities became more pronounced. Long-term
solutions require addressing underlying social determi-
nants of health to ensure equitable outcomes across all
communities.

Differences in COVID-19 mortality between subpe-
riods may be associated with several factors not cap-
tured in our models, such as stringency of public health
interventions, travel and border restrictions, and fea-
tures of viral variants. In subperiod 1, public health
interventions were stronger and consistent across all
health units. In subperiod 2, public health interven-
tions were allowed to vary by health unit for the first
half of the subperiod. In subperiod 3, public health pro-
tections initially in place were consistent across health
units. However, health protections were lifted by the
end of February 2022, with mask mandates ending in
March 2022; during the bulk of subperiod 3, there were
few public health protections in place besides wearing
masks by personal choice and in health care settings.
Our findings emphasize the need for targeted inter-
ventions in densely populated and socio-economically
marginalized areas. These regions may benefit from
ongoing surveillance and resource allocation in terms
of public health campaigns to better protect vulner-
able populations. Additionally, the overall increase in
deaths and hospitalizations during the Omicron period
suggests that vaccines alone may not be sufficient to
fully mitigate the impact of highly transmissible vari-
ants. Continued booster campaigns and public health
protections such as masking and cleaner indoor air
may still be necessary. Ongoing vigilance and adaptive
public health strategies will be essential to address the
upcoming challenges posed by new variants and con-
tinuing disparities in health outcomes.
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