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A B S T R A C T   

Most of the existing epidemiological studies have investigated adverse health effects of multiple air pollutants for 
a limited number of cities, thus the evidence of the health impacts is limited and it is challenging to compare 
these results because of different modeling approaches and potential publication bias. In this paper, we expand 
the number of Canadian cities, with the use of the most recent available health data. A multi-pollutant model in a 
case-crossover design is used to investigate the short-term impacts of air pollution on various health outcomes in 
47 Canadian main cities, comparing three age groups (all-age, senior (age 66+), non-senior). The main findings 
are that a 14 ppb increase of O3 was associated with a 0.17%–2.78% (0.62%–1.46%) increase in the odds of all- 
age respiratory mortality (hospitalization). A 12.8 ppb increase of NO2 was associated with a 0.57%–1.47% 
(0.68%–1.86%) increase in the odds of all-age (non-senior) respiratory hospitalization. A 7.6 μgm− 3 increase of 
PM2.5 was associated with a 0.19%–0.69% (0.33%–1.1%) increase in the odds of all-age (non-senior) respiratory 
hospitalization.   

1. Introduction 

Air pollution remains an important worldwide public health concern. 
The World Health Organization (WHO, 2021) reports that 99% of the 
world’s population was living in places where the WHO air quality 
guidelines levels were not met in 2019, and that ambient (outdoor) air 
pollution in both cities and rural areas was estimated to cause 4.2 
million premature deaths worldwide in 2016. Tracking backwards, the 
health impacts of air pollution exposure has been widely recognised 
since the 1950’s, as a result of the London smog in December 1952, 
which was estimated to have resulted in more than 3000 excess deaths 
compared with previous years (Bell and Davis, 2001). Recently, Di et al. 
(2017) studied the association of short-term exposure to air pollution 
with mortality in older adults and found that fine particulate matter 
(PM2.5) and ground-level ozone (O3) were linked to higher risk of pre
mature death among the elderly in the United States. In summary, the 
adverse human health effects associated with exposure to air pollutants 
have been well documented. For example, mortality from respiratory 
and heart diseases was significantly related to the level of air pollution 
(see e.g., Hodgson, 1970), while all-cause mortality was found to be 

significantly associated with O3 levels (see e.g., Anderson et al., 1996; 
Huang et al., 2022). 

According to the existing literature in epidemiological studies, the 
adverse effects on health associated with air pollution exposure can be 
considered in two ways, the long-term and short-term effects. When 
estimating long-term effects, either cohort or spatio-temporal ecological 
designs can be used (see e.g., Pope et al., 2002; Hoek et al., 2001; 
Haining et al. 2010; Lawson et al., 2012; Rushworth et al., 2014). For 
estimating short-term effects, one of the traditional methods is the 
overdispersed Poisson time series models based on an ecological study 
design (see e.g., Stieb et al., 2008; Liu et al., 2019; Du et al., 2020), 
which usually analyze city-level associations and then pool them to 
represent national associations. Another competing method for such 
studies is the case-crossover analysis (see e.g., Gasparrini et al., 2015; H. 
Chen et al., 2016; Huang et al., 2022). In a case-crossover model, the 
environment on the date of each health outcome (case day) is contrasted 
with the environment on one or more ‘control days’, therefore the 
individual-level covariates (e.g., age, sex, socioeconomic status, 
pre-existing health conditions) are not confounders as they remain 
constant on both case and control days. 
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Most of the existing epidemiological studies in Canada have inves
tigated the air pollution health effects for a limited number of cities, 
either just a specific city/area or a few of them at once. Thus, the evi
dence of the health impacts is limited and it is challenging to compare 
these results because of different modeling approaches. For example, 
Stieb et al. (2008) used a time-series model to analyze the association 
between air pollution and daily mortality in 12 Canadian cities, based on 
which the authors proposed a new air quality health index (AQHI). They 
reported a 1.69% change in daily mortality associated with a 12.8 μgm− 3 

increase of PM2.5; a 2.08% change in daily mortality associated with a 
33.6 ppb (parts per billion) increase of nitrogen dioxide (NO2); a 1.82% 
change in daily mortality associated with a 29.9 ppb increase of O3. 
Huang et al. (2022) used a case-crossover design to investigate how the 
short-term simultaneous exposure to multiple pollutants (PM2.5, NO2 
and O3) related to daily mortality in 4 big Canadian cities. Their results 
suggested a 3.88% increase in daily mortality and a 0.76% increase in 
daily morbidity associated with a 10 ppb increase of O3, and a 2.13% 
increase in circulatory morbidity associated with 10 ppb increase of 
NO2. In Liu et al. (2019), the author analyzed the daily data on mortality 
and air pollution in 652 cities from 24 countries or regions, among 
which, 25 Canadian cities were included. The study suggested a 1.7% 
change in all-cause mortality per 10 μgm− 3 increase in 2-Day moving 
average concentrations of PM2.5 in Canada. These existing results are not 
directly comparable due to their different modeling approaches and 
relative risks related to various increasing units of pollutants. In this 
paper, we expand the number of Canadian cities, with the use of most 
recent available health data (mortality from 2001 to 2015 and hospi
talization from 2001 to 2018). Specifically, we apply a multi-pollutant 
model in a case-crossover design to investigate the short-term impacts 
of air pollution on health in 47 Canadian Census Divisions (CDs), each of 
which has population larger than 40,000, covering about 60% of total 
Canadian population. The health outcomes include three types of age 
groups (all-age, senior (age 65+), non-senior) of three causes (all-cause, 
respiratory, circulatory) of mortality and hospitalization, which turn out 
to be a total of 18 health outcomes. The findings in the paper could 
potentially provide information for making future modifications to the 
AQHI in Canada. 

The remainder of this article is organized as follows. Section 2 in
troduces datasets and statistical methods used in this study, while Sec
tion 3 presents the main results, including the city-specific and national 
health effects of air pollution. Section 4 is a concluding discussion. More 
results in detail are reported as Supplementary Materials. 

2. Materials and methods 

2.1. Data source and summary 

The study population included 47 CDs in nine provinces across 
Canada as shown in Fig. 1, covering about 60% of the target population 
(total Canadian population). The 47 CDs were selected mainly based on 
population size (at least 40,000 residents) and data availability of air 
pollution measured by the ground-monitoring stations. For each CD, 
daily data of health outcomes, air pollution concentrations, and tem
perature were collected. 

There were two types of health outcome data: mortality from 2001 to 
2015 and hospitalization from 2001 to 2018. Both data sets included 
information on age and cause classified by the International Classifica
tion of Diseases 10th Revision (ICD-10): by age group (all-age, non- 
senior (between 1 and 65, inclusive), and senior (over 65)); and by 
cause (non-accidental all-cause (A00-R99), circulatory (ICD-10, 
I00–I99) and respiratory (ICD-10, J00-J99)). Note that the all-cause 
hospitalization data are available from April 1st, 2001 rather than 
January 1st, 2001. Daily counts of mortality were obtained from the 
Canadian Vital Statistics Death Database managed by Statistics Canada, 
and hospitalization data were obtained from the Canadian Institute for 
Health Information (source: Hospital Morbidity Database and Discharge 
Abstract Database). For hospitalization data, we included only acute 
hospital admissions, which would effectively exclude all other types of 
admissions such as inpatient rehab, day surgery, etc. Taking age group 
and cause together, this study provides age-cause-specific health risk 
estimates. 

Three-hour maximum concentrations (3hMax) of PM2.5, NO2 and O3 
were obtained from 2001 to 2018 for each CD. All air pollution data 
were obtained with a low missing rate from the National Air Pollution 

Fig. 1. The 47 study Census Divisions in Canada with population above 40,000.  
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Surveillance (NAPS) monitors, maintained by Environment and Climate 
Change Canada (ECCC, https://www.canada.ca/en/environment- 
climate-change.html). For those CDs with multiple NAPS monitors, 
average values were calculated. It is worth noting that the 3hMax con
centration is a common report concentration for O3 but not for PM2.5 or 
NO2 (the WHO guidelines and national standards are given in terms of 
daily averaged values for PM2.5 and NO2). In this study, we focused on 
their combined effects, thus the same metric for all of them better rep
resents our study goal (constructing AQHI in Canada) and provides 
easier interpretation. 

In addition to air pollution, daily mean temperature was obtained 
from the National Climate Data and Information Archive of ECCC for 
2001–2018. Like air pollution, for those CDs with multiple weather 
stations, their averages were used to account for the effect of tempera
ture on health outcomes. Table 1 shows summary statistics over the 47 
CDs on average daily counts of mortality and hospitalization, 3hMax 
concentrations of the three air pollutants, and temperature during study 
period, while those for each CD are summarized in Supplementary 
Materials (Tables S1 and S2). Table 1 shows that the seniors account for 
most of the mortality (all-cause, circulatory, and respiratory), while non- 
seniors account for all-cause hospitalization. On the other hand, the 
concentrations of O3 are much higher than the other two pollutants. 

2.2. Statistical analyses 

2.2.1. Case-crossover design for city-specific health risks 
The case-crossover study design has been widely used, in particular, 

for short-term exposure to air pollution (see, e.g., Huang et al., 2022; Di 
et al., 2017; Wing et al., 2017). It is employed in this study to estimate 
the associations between short-term exposure to air pollutants and 
health outcomes. We consider a multi-pollutant model to reflect con
current exposures to PM2.5, NO2, and O3 in relation to mortality (or 
hospitalization). For subject i in a given CD, the hazard regression model 
is: 

λi(t) = Λi(t)exp
{

X(t)Tβ
}
, (1)  

where Λi(t) is the baseline hazard function for subject i at time t, X(t) is a 
vector of covariate of interest, and β is a vector of regression coefficients. 
Λi(t) is defined as the probability of experiencing the health outcome of 
interest, when all other covariates equal zero, and the covariates are 
expected to have effects on the health outcome. 

Case-crossover analyses involve choosing control days such that each 
subject’s baseline hazard is similar to that on the case day, Λi(t0) ≈ Λi(tj), 
where t0 represents the case day and tj, j ∈ (1,…, J) represent the con
trol days (Janes et al., 2005). This assumption requires the control days 
be close to the case day in many ways. In this study, for the same subject, 
we use a time-stratified design with control days sharing the same 
weekdays and calendar month as the case day. Note that the number of 
control days might be different for different cases. Any other 
individual-level covariates (e.g., age, sex, and socioeconomic status) are 
not considered to be confounders in case-crossover models, as they 
remain constant on both case and control days. 

Under this assumption, the hazard ratio takes the form as follows: 
λi(t0)/λi(tj) = exp[{X(ti0) − X(tij)}Tβ]. For a conditional logistic model 
for case-crossover data, we denote Pi as the probability that subject i 
experiences case at time 0 and control times at time j = 1,…, J as 
follows: 

Pi =
exp
{

X(ti0)
Tβ
}

∑J

j=0
exp
{

X
(
tij
)Tβ
} , (2) 

where the predictors at time j for subject i, X(tij), include concen
trations of PM2.5, NO2, O3 and the natural spline functions of tempera
ture. Since people are exposed to multiple pollutants simultaneously and 
the pollutants are correlated with each other, this 3-pollutant health 
model is a proximity of the complex multi-pollutant exposures and thus 
a suitable model used to investigate their health impacts simultaneously. 
To capture potential non-linear confounding effects of temperature, the 
spline functions for temperature are generated with 4 degrees of 
freedom, and the reference comfortable temperature is set to 18 ◦C. 

2.2.2. Hierarchical model for national health risks 
A Bayesian hierarchical model is used to combine the health effects 

across CDs to obtain a national estimate of adverse health effects of air 
pollution exposures (Huang et al., 2022). For CD k, we denote the 
pollution and health data as Yk and Hk, respectively, the coefficients for 
the three pollutants in model (1) as βk = {βkp} for p = 1, 2, 3 and k = 1,
…,K (K = 47 in this study), and the national health risk as β. According 
to (2), we build a hierarchical model: 

Table 1 
Summary statistics of average daily health counts and exposures across 47 study Census Divisions.   

Cause Age-group Mean Min 1st Qu. Median 3rd Qu. Max 

Mortality All-cause All-age 6.9 0.2 2.1 3.6 8.6 42.8 
Non-senior 1.4 0.1 0.4 0.8 1.7 8.5 
Senior 5.4 0.1 1.7 2.9 6.8 34.3 

Circulatory All-age 2.2 0.1 0.7 1.2 2.7 13.1 
Non-senior 0.3 0 0.1 0.2 0.4 1.8 
Senior 1.9 0 0.6 1 2.4 11.3 

Respiratory All-age 0.6 0 0.2 0.3 0.8 3.7 
Non-senior 0.1 0 0 0 0.1 0.3 
Senior 0.6 0 0.2 0.3 0.7 3.4 

Hospitalization All-cause All-age 72.8 6.2 23.8 39.8 83.5 424 
Non-senior 46.2 4.6 14.3 23.6 50.9 257.5 
Senior 26.6 1 9.9 16.4 31.2 166.5 

Circulatory All-age 10.8 0.7 4.3 6.8 13.9 67.1 
Non-senior 3.9 0.3 1.5 2.4 5 22.7 
Senior 6.9 0.2 2.7 4.3 8.6 44.4 

Respiratory All-age 6.9 0.6 2.5 4.2 8.1 38.6 
Non-senior 3.4 0.4 1.3 2.2 4.1 17.2 
Senior 3.5 0.2 1.3 2.1 4 21.5 

PM2.5 (μgm− 3) 12.3 9 11.2 12.1 13.5 19.1 
NO2 (parts per billion, ppb) 16.7 7.1 12.9 16.9 19.5 30 
O3 (ppb) 35.8 28.5 33.3 34.8 38.9 43.6 
Temperature (◦C) 6.4 0.3 4.4 6.9 8.5 10.5 

Note: the quintiles correspond to daily average values of each CD. 
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[

Hk|Yk, βk

]

∼
∏

i
Pik

βk ∼ N(β, ​ Σ).
(3) 

For each city we fit the case-crossover design and conditional logistic 
model to obtain the maximum likelihood estimation of βk, denoted by 
β̂k. By Taylor expansion, we construct a normal approximation to the log 
likelihood, l (βk) = log[Hk|Yk,βk], by using a second order expansion as 
follows (note that ∂l (βk)

∂βk
∣
βk=β̂k

= 0): 

l (βk) ≈ l (β̂k) −
1
2
(βk-β̂k)

T Σ̂
− 1
k (βk-β̂k)

Σ̂
− 1
k = −

∂ 2l (βk)

∂β2
k

|
βk=β̂k

,

(4) 

where Σ̂
− 1
k is obtained from the case-crossover design and condi

tional logistic model as well. This implies that (β̂k, Σ̂k) is a sufficient 
statistic for Hk. Therefore, instead of modeling (3), we model (5) which 
is implemented in Stan (Carpenter et al., 2017) with a prior, β ∼ Half −
Normal

(
0, 0.0012I

)
. 

β̂k ∼ N(βk, Σ̂k)

βk ∼ N(β, Σ).
(5) 

This is a weakly informative prior, representing our belief that air 
pollution can not have protective effects on public health, and the 95th 
percentile of the magnitude of the effect associated with a 10 unit in
crease of pollutant is assumed to be about 2% relative increase in daily 
case rate. We choose this prior based on the estimated air pollution 
health effects reported in the existing literature. For example, Di et al. 
(2017) reported that each short-term increase of 10 μgm− 3 in PM2.5 and 
10 ppb in warm-season ozone were statistically significantly associated 
with a relative increase of 1.05% and 0.51% in daily mortality rate, 
respectively. Liu et al. (2019) reported that an increase of 10 μgm− 3 in 
the 2-day moving average of PM10 concentration was averagely associ
ated with increases of 0.44% in daily all-cause mortality, 0.36% in daily 
cardiovascular mortality, and 0.47% in daily respiratory mortality. 

For comparison, we also present the results from a non-informative 
prior β ∼ Normal

(
0,1002I

)
. This second analysis is equivalent to a 

conventional random-effects meta-analysis commonly used in air 
pollution studies (see e.g., Liu et al., 2019), albeit using Bayesian rather 
than Frequentist inference. A fixed effect meta-analysis is a special case 
of model (5) with Σ = 0, a model that was ruled out as it produces 
unreasonably small standard errors. For prior distributions, we decom
pose Σ = diag(σ)WWTdiag(σ), where W is the lower-triangular Cholesky 
factor of a correlation matrix, and the standard parameter σ ∼

exp(scale = 0.005), following the advice of Simpson et al. (2017) that the 
standard deviations are encouraged to be small and the data must pro
vide evidence for random effects to stray from zero. We chose the prior 
W ∼ LKJ(1) which is suggested by the Stan users guide (https://mc- 
stan.org/). The LKJ( ⋅) is a method used to generate random correla
tion matrices, proposed by Lewandowski et al. (2009). 

2.2.3. Implementation 
For all the analysis in this study, we exclude data on common holi

days in Canada to avoid any potential bias, including Good Friday, 
Easter Sunday, Easter, Easter Monday, Canada Victoria Day, Canada 
Labour Day, Canada Thanksgiving Day, Canada Civic Provincial Holi
day, Canada Day, Christmas and New Year holidays. We have run 
models with different exposures, including 0-day lag, 1-day lag, and the 
average of 2-day lag (0–1 day), and found the averaged 2-day lag model 
generally returned a higher effect than the other two. Therefore, we use 
a 2-day moving average for pollution concentrations throughout this 
study, which is a commonly used exposure in the existing literature, 
such as by Liu et al. (2019); Di et al. (2017); Chen et al. (2017). We 
present the main results of city-specific in terms of odds ratio, OR =

exp(IQRpβp), while presenting national estimates for each pollutant in 
terms of odds ratio in percentage (%) calculated as OR(%) =

100⋅[exp(IQRpβp) − 1], where βp is the log odds ratio of pollutant p, and 
the IQR (Interquartile range) values were calculated using all the 
exposure values during 2001–2018 across all 47 CDs (7.6 μgm− 3, 12.8 
ppb, 14 ppb for PM2.5, NO2, and O3, respectively). For national esti
mates, we also show the combined risk from the 3 pollutants, 

ORcombined(%) = 100⋅

[

exp

(
∑

p
0.33IQRpβp

)

− 1

]

. Since people were 

exposed to multiple pollutants simultaneously, this combined risk 
roughly represents the practical risk of exposure to these three 
pollutants. 

Furthermore, apart from the analysis of each city and the national 
model, we also categorized the 47 CDs into 3 groups based on their 
population sizes: S-group of 11 small cities (<100,000); M-group of 24 
medium cities (100,000 to 500,000) and L-group of 12 large cities 
(>500,000). This is to see if the most influential pollutant for each 
outcome is consistent for all sizes or if the national signal is simply 
dominated by the biggest cities. 

The case-crossover model had been implemented using the condi
tional logistic regression function in R, while the hierarchical model for 
combining city-specific effects had been implemented in Stan (Carpenter 
et al., 2017) based on R interface. The Stan code and R script are publicly 
shared on Github (https://github.com/cghr-toronto/public/tree/maste 
r/PollutionHealth47CDs). 

3. Results 

3.1. City-specific health effects of air pollution 

The odds ratios for each city on all-age and -cause mortality and 
hospitalization associated with an IQR-unit increase in each pollutant 
are shown in Fig. 2, while those from senior and non-senior all-cause 
results are presented in Supplementary Materials B to save space. In 
Fig. 2, Ontario (the most populous province in Canada) CDs are indi
cated in red to show homogeneity (e.g., PM2.5 effects on hospitalization, 
Fig. 2b) or heterogeneity (e.g., PM2.5 effects on mortality, Fig. 2a) 
among these 21 Ontario CDs. The length of line represents the 95% 
confidence interval (CI) while the dark vertical line represents the 
estimated national effect with 95% HDI (highest density interval) as 
dashed lines. It is shown that the 95% CIs of odds ratios from hospital
ization are in general much narrower than those from mortality, which 
is mainly because of the larger daily counts of hospitalization. Fig. 2 also 
shows that NO2 was the main pollutant affecting all-age and -cause 
mortality and hospitalization, because most of the lines (95% CIs) in 
Fig. 2c and d have higher middle points (posterior medians) than the 
neutral effect 1. For both PM2.5 and O3, they presented their important 
impacts in most of the cities in all-age and -cause mortality, but not for 
all-age and -cause hospitalization. In addition, we compare the odds 
ratios (across 47CDs) between mortality and hospitalization on all-age 
and -cause health outcomes (see Fig. S1 in Supplementary Materials 
B), and it is found that in cities where the pollution effect on mortality is 
large (higher OR), the effect on hospitalization is generally also slightly 
large. 

Similarly, the odds ratios for each city on all-age respiratory mor
tality and hospitalization associated with an IQR-unit increase in each 
pollutant are shown in Fig. 3, while the circulatory related results are 
presented in Fig. 4. The former shows that all three pollutants were 
significantly affecting all-age respiratory hospitalization, since the lower 
95% HDI of their national combined effects were obviously higher than 
neutral effect 1. O3 was the main pollutant affecting all-age respiratory 
mortality as well, while the impact of NO2 was more uncertain because 
the lower 95% HDI of its national combined effect is very close to the 
neutral effect. 

In Fig. 4, NO2 was the main pollutant affecting all-age circulatory 
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mortality. Both PM2.5 and O3 seemed to affect all-age circulatory mor
tality but with more uncertainty, and this is also the case for the impact 
of NO2 on all-age circulatory hospitalization. For the estimated odds 
ratios on mortality, there is more uncertainty in respiratory compared to 
circulatory, since those 95% CIs in Fig. 3 (left panel) are generally much 
wider than those from Fig. 4 (left panel). More health results from 
different age groups are presented in Supplementary Materials B: 
Figs. S2–S4 for seniors, and Figs. S5–S7 for non-seniors. 

3.2. National health effects of air pollution 

For national health effects of air pollution, we consider the excess of 
odds ratios in percentage (%, calculated as 100 ⋅ 

[
exp
(
IQRpβp

)
− 1

]
for 

each pollutant, where βp is the log odds ratio) associated with an IQR- 
unit increase in pollutant p. Table 2 summarizes the estimated na
tional air pollution effects and their HDI for 6 cause-specific health 

outcomes attributable to the three air pollutants with each having three 
age groups, all-age, senior, and non-senior. The last column indicates the 
combined effects (in %) of the three air pollutants together with per 
IQR/3 unit increase in each pollutant. 

Table 2 clearly shows that O3 has an effect on respiratory conditions, 
both mortality and hospitalization. For all-age group, it is likely to have 
a 0.17%–2.78% increase in the odds of all-age respiratory mortality for 
every 14 ppb increase of O3, while it is 0.62%–1.46% for all-age respi
ratory hospitalization. NO2 is the main pollutant affecting both all-age 
and -cause mortality and hospitalization, and it seems that NO2 
affected respiratory hospitalization rather than circulatory hospitaliza
tion. For all-age group, it is likely to have 0.57%–1.47% increase in the 
odds of respiratory hospitalization for every 12.8 ppb increase of NO2. 
Table 2 also shows that respiratory hospitalization is notable that all 
three pollutants have an effect on all-age and non-senior groups, and is 
the only analysis where PM2.5 is significantly important (the lower of 

Fig. 2. Odds ratio associated with an IQR-unit increase for each pollutant on all-age and -cause mortality from 2001 to 2015 (left) and hospitalization from 2001 to 
2018 (right), with Ontario CDs being in red. The length of line represents the 95% CI of the estimated odds ratio, while the dark vertical line represents estimated 
national effect with 95% HDI as dashed lines. 
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95% HDI is much higher than 0%), with 7.6 μgm− 3 increase of PM2.5 
causing 0.19%–0.69% (0.33%–1.1%) increase in the odds of all-age 
(non-senior) respiratory hospitalization. In addition, PM2.5 also 
affected mortality conditions (all-age and -cause, senior all-cause, senior 
respiratory, all-age circulatory, non-senior circulatory) but with more 
uncertainty. It is also noted from Table 2 that the seniors account for 
most of the mortality effects. For example, the estimated OR (%) of 
PM2.5 on all-age and -cause mortality is 0.31%, while it is 0.42% on 
seniors but 0.01% on non-seniors; the estimated OR (%) of NO2 on all- 
age and -cause mortality is 0.64%, while it is 0.91% on seniors but 
0.17% on non-seniors. Among the 6 cause-specific health outcomes in 
Table 2, the pollutant-combined effects of the all-age group are higher 
for both respiratory mortality and hospitalization where the non-senior 
groups give higher relative risk than the senior groups. 

In addition, we present the national health effects from a non- 
informative prior β ∼ Normal

(
0, 1002I

)
used in (5), shown as Table S3 

in Supplementary Materials C. Similar to the results from Table 2, NO2 is 
the main pollutant affecting respiratory hospitalization, while O3 is 
affecting both respiratory mortality and hospitalization. For PM2.5, it has 
a negligible adverse effect across various health outcomes (except for 
all-age and senior all-cause mortality, and all-age and non-senior res
piratory hospitalization). 

National health risks are compared with three population-sized 
groups: L-group of 12 large cities (>500,000), M-group of 24 medium 
cities (100,000 to 500,000), and S-group of 11 small cities (<100,000). 
The comparison results for PM2.5, NO2 and O3 are presented in Sup
plementary Materials D (Figs. S9–S11). Overall, the health effect size 
(point estimate) is comparable among the three groups, whereas the 
uncertainty in the 95% HDI for the adverse health effects is generally 
narrower for the L-group but wider for the S-group. The combined ef
fects from the L-group and M-group are generally more consistent with 
the national combined effects than those from the S-group. 

Fig. 3. Odds ratio associated with an IQR-unit increase for each pollutant on all-age respiratory mortality from 2001 to 2015 (left) and hospitalization from 2001 to 
2018 (right), with Ontario CDs being in red. The length of line represents the 95% CI of the estimated odds ratio, while the dark vertical line represents estimated 
national effect with 95% HDI as dashed lines. 
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4. Discussion 

This study investigated the short-term effects of three main air pol
lutants (PM2.5, NO2, and O3) on mortality and hospitalization based on 
47 Census Divisions in Canada with each having more than 40,000 
population, which covers more than 60% of the population in Canada. 
Due to differing data availability, the study periods were 15 years 
(2001–2015) for mortality and 18 years (2001–2018) for hospitaliza
tion. We employed a case-crossover multi-pollutant model to investigate 
the short-term effects of the three air pollutants simultaneously. Among 
the three air pollutants, we found that NO2 is the main pollutant 
affecting both all-age and -cause mortality and hospitalization, and it 
seems that NO2 affected respiratory hospitalization rather than circu
latory hospitalization. O3 has an effect on respiratory conditions, both 
mortality and hospitalization. PM2.5 has an important effect on all-age 
and non-senior respiratory hospitalization and a slight effect on 

mortality conditions. 
A number of studies have been conducted worldwide to investigate 

the impact of air pollution on human health. Our findings are generally 
consistent with existing research worldwide and in Canada. For 
example, our finding of significant O3 effects on mortality is consistent 
with an earlier study (1996–2012) of four cities in Canada by Huang 
et al. (2022) and a nationwide study in 272 Chinese cities by Yin et al. 
(2017). Our findings of PM2.5 impact are comparable to those findings 
from a national Chinese study by R. Chen et al. (2017) where the PM2.5 
pollution conditions were much more serious. Specifically, we found 
that 10 μgm− 3 increase in the 2-day moving average of PM2.5 concen
trations was associated with a 0.31% (equivalently, 0.24% for a 7.6 
μgm− 3 increase of PM2.5) increase of all-age circulatory mortality while 
it was 0.27% from the study by R. Chen et al. (2017); a 0.41% (equiv
alently, 0.31% for a 7.6 μgm− 3 increase of PM2.5) increase of all-age and 
-cause mortality while it was 0.22% from the study by R. Chen et al. 

Fig. 4. Odds ratio associated with an IQR-unit increase for each pollutant on all-age circulatory mortality from 2001 to 2015 (left) and hospitalization from 2001 to 
2018 (right), with Ontario CDs being in red. The length of line represents the 95% CI of the estimated odds ratio, while the dark vertical line represents estimated 
national effect with 95% HDI as dashed lines. 
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(2017). On the other hand, another recent worldwide study by Liu et al. 
(2019) also reported a 0.41% increase of all-cause mortality associated 
with a 10 μgm− 3 increase of 2-day moving PM2.5 concentrations for the 
Chinese cities, however, it was 1.7% (much higher) for Canadian cities. 

The case-crossover model we used here is somewhat less commonly 
used than Poisson time series analysis for studies of short-term effects of 
air pollution. The relationship between the two methods is well under
stood, and relates to assumptions made about the baseline hazard 
functions (Lu and Zeger, 2007). We have chosen the case-crossover 
model as any individual-level covariates (e.g., age, sex, race) are auto
matically adjusted for, as are day-of-week effects. Also, any risk factors 
changing slowly in time are cancelled out (i.e. seasonal effects). The 
case-crossover analysis is as a consequence simpler than the Poisson 
time series analysis, as the time trend does not need to be modelled, and 
is potentially less prone to model misspecification. 

When pooling the odds ratios across CD’s, we used a half-normal 
prior distribution for the national-average health effects of the three 
air pollutants which restricts the effects to be non-negative, which re
flects our belief that air pollution should only have the adverse effects (if 
any) on human health rather than a protective effect. We note that the 
normal priors, which allow negative values, have been commonly used 
for pooling odds ratios across cities, however, the use of half-normal 
priors here is the statistically rigorous way of reflecting our knowl
edge that air pollution is not protective (although for one or more pol
lutants in some cities the adverse effect may be negligible). For the 
purpose of comparison, we have presented the pooling results from 
using normal priors in Supplementary Materials C which shows similar 
results to our findings. 

In order to further analyze any temporal and spatial variation of the 
health effects of pollutants, we have run additional analyses, including 
the results of the three groups of cities (L-group, M-group, and S-group) 
and the results of all-age and -cause mortality and hospitalization using 
only the most recent 10 years data (see Fig. S8 in Supplementary Ma
terials B). It is found that the combined effects from the L-group and M- 
group are generally more consistent with the national combined effects 
than those from the S-group. By comparing Fig. 2 and S8, we found that 
the results from the most recent 10 years of data are very similar to those 
using the whole time period (2001–2015 for mortality and 2001–2018 

for hospitalization). 
Finally, we acknowledge that controlling for potential confounders is 

crucial in epidemiological research, and in our study the potential 
confounding effect of holidays was controlled by restriction (restricted 
to non-holidays). Although holidays can be included as part of the 
variables in the adjusted models, we chose to eliminate them to further 
control for any potential confounding effects. As Canada has relatively 
few holidays, it is possible that this restriction did not significantly 
impact the general results. 
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Table 2 
National risk (%) with 95% HDI per IQR-unit increase in each pollutant (7.6 μgm− 3, 12.8 ppb, 14 ppb for PM2.5, NO2, O3, respectively).  

Outcome PM2.5
b NO2

b O3
b Combineda 

Mortality, all-cause 
All-age 0.31 (0.06, 0.51) 0.64 (0.15, 0.74) 0.31 (0.01, 0.61) 0.42 (0.24, 0.50) 
Senior 0.42 (0.03, 0.63) 0.91 (0.16, 1.01) 0.34 (0.00, 0.78) 0.43 (0.27, 0.63) 
Non-senior 0.01 (0.00, 0.48) 0.17 (0.00, 0.79) 0.22 (0.01, 1.08) 0.31 (0.07, 0.56) 
Hospitalization, all-cause 
All-age 0.03 (0.00, 0.13) 0.30 (0.11, 0.46) 0.00 (0.00, 0.08) 0.13 (0.06, 0.18) 
Senior 0.02 (0.00, 0.11) 0.53 (0.22, 0.86) 0.02 (0.00, 0.19) 0.24 (0.11, 0.33) 
Non-senior 0.09 (0.01, 0.15) 0.22 (0.01, 0.30) 0.02 (0.00, 0.12) 0.08 (0.04, 0.15) 
Mortality, respiratory 
All-age 0.06 (0.00, 0.75) 1.09 (0.02, 1.29) 1.93 (0.17, 2.78) 1.02 (0.39, 1.29) 
Senior 0.24 (0.00, 0.91) 0.20 (0.00, 1.37) 1.96 (0.21, 2.71) 0.71 (0.22, 1.28) 
Non-senior 0.02 (0.00, 1.08) 0.24 (0.01, 2.39) 1.02 (0.01, 3.10) 0.95 (0.21, 1.68) 
Hospitalization, respiratory 
All-age 0.52 (0.19, 0.69) 0.97 (0.57, 1.47) 0.87 (0.62, 1.46) 0.83 (0.65, 1.02) 
Senior 0.14 (0.00, 0.39) 0.66 (0.02, 1.13) 1.21 (0.61, 1.74) 0.68 (0.38, 0.88) 
Non-senior 0.71 (0.33, 1.10) 1.38 (0.68, 1.86) 0.88 (0.18, 1.59) 0.91 (0.66, 1.26) 
Mortality, circulatory 
All-age 0.24 (0.01, 0.62) 0.81 (0.13, 1.44) 0.35 (0.00, 1.10) 0.50 (0.26, 0.81) 
Senior 0.09 (0.03, 0.69) 1.21 (0.16, 1.53) 1.06 (0.05, 1.23) 0.79 (0.26, 0.86) 
Non-senior 0.17 (0.00, 0.79) 0.50 (0.00, 1.70) 0.46 (0.01, 2.32) 0.61 (0.15, 1.22) 
Hospitalization, circulatory 
All-age 0.02 (0.00, 0.19) 0.38 (0.06, 0.66) 0.08 (0.00, 0.24) 0.14 (0.06, 0.29) 
Senior 0.02 (0.00, 0.28) 0.55 (0.02, 0.79) 0.06 (0.00, 0.31) 0.23 (0.08, 0.37) 
Non-senior 0.01 (0.00, 0.23) 0.10 (0.00, 0.62) 0.06 (0.00, 0.41) 0.12 (0.05, 0.32)  

a The last column shows 100 ⋅ [exp(
∑

p 0.33IQRpβp) − 1] as the combined risk from the 3 pollutants. 
b Three columns 2–4 show 100 ⋅ 

[
exp
(
IQRpβp

)
− 1

]
for each pollutant, where βp is the log odds ratio of pollutant p.  
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Appendix A. Supplementary data 

Supplementary data to this article can be found online at https://doi. 
org/10.1016/j.envres.2023.115598. 
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