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A B S T R A C T   

Objective: Ambient extreme temperatures have been associated with mental and behavior disorders (MBDs). 
However, few studies have assesed whether vulnerability factors such as ambient air pollution, pre-existing 
mental health conditions and residential environmental factors increase susceptibility. This study aims to 
evaluate the associations between short-term variations in outdoor ambient extreme temperatures and MBD- 
related emergency department (ED) visits and how these associations are modified by vulnerability factors. 
Methods: We conducted a case-crossover study of 9,958,759 MBD ED visits in Alberta and Ontario, Canada made 
between March 1st, 2004 and December 31st, 2020. Daily average temperature was assigned to individual cases 
with ED visits for MBD using gridded data at a 1 km × 1 km spatial resolution. Conditional logistic regression was 
used to estimate associations between extreme temperatures (i.e., risk of ED visit at the 2.5th percentile tem
perature for cold and 97.5th percentile temperature for heat for each health region compared to the minimal 
temperature risk) and MBD ED visits. Age, sex, pre-existing mental health conditions, ambient air pollution (i.e. 
PM2.5, NO2 and O3) and residential environmental factors (neighborhood deprivation, residential green space 
exposure and urbanization) were evaluated as potential effect modifiers. 
Results: Cumulative exposure to extreme heat over 0–5 days (odds ratio [OR] = 1.145; 95% CI: 1.121–1.171) was 
associated with ED visits for any MBD. However, cumulative exposure to extreme cold was associated with lower 
risk of ED visits for any MBD (OR = 0.981; 95% CI: 0.976–0.987). We also found heat to be associated with ED 
visits for specific MBDs such as substance use disorders, dementia, neurotic disorders, schizophrenia and per
sonality behavior disorder. Individuals with pre-existing mental health conditions, those exposed to higher daily 
concentrations of NO2 and O3 and those residing in neighborhoods with greater material and social deprivation 
were at higher risk of heat-related MBD ED visits. Increasing tree canopy coverage appeared to mitigate risks of 
the effect of heat on MBD ED visits. 
Conclusions: Findings provide evidence that the impacts of heat on MBD ED visits may vary across different 
vulnerability factors.   

1. Introduction 

Climate change is a significant public health concern globally. It 
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adversely affects health by influencing weather, ecosystems and human 
systems (Ebi et al., 2021a; Romanello et al., 2021). Extreme heat events 

are likely to become more frequent and intense, bringing prolonged 
periods of extreme high temperatures (i.e., heat) compared to regional 
averages (Ebi et al., 2021b). Ambient extreme temperatures have been 
found to be significantly associated with total and cause-specific mor
bidities (Ye et al., 2012; Xu et al., 2020). A growing number of studies 
have also reported associations between extreme temperatures and the 
psychotic exacerbation of core symptoms for many mental and behavior 
disorders (MBDs). In fact, several studies have demonstrated increases in 
self-reported adverse mental health outcomes, including emergency 
department (ED) visits and hospital admissions, during periods of 
extreme temperatures (Bundo et al., 2021; Carlsen et al., 2019; Mullins 
and White, 2019; Niu et al., 2020; Nori-Sarma et al., 2022; Qiu et al., 
2022; Yoo et al., 2021a, 2021b; Wang et al., 2014). 

The adverse effects associated with extreme temperatures do not 
affect people and communities equally. Individual sociodemographic 
factors, including age, sex, and socio-economic status, may modify the 
effect of heat on health (Romanello et al., 2021; Ho et al., 2018). 
Additionally, environmental and contextual factors, such as the level of 
urbanization, access to green space and neighborhood deprivation, have 
been found to modify the relationship between heat and health (Ye et al., 
2012; Henderson et al., 2022; Jay et al., 2021; Son et al., 2022; Heo 
et al., 2021; Sera et al., 2019a). However, there is limited evidence 
regarding whether specific individual-level factors such as age, sex and 
pre-existing mental health conditions increase susceptibility to MBDs 
when individuals are exposed to extreme ambient temperatures. In 
addition, little evidence exists on whether specific environmental factors 
can amplify (e.g. higher levels of ambient air pollution, level of depri
vation, urbanization) or attenuate (e.g. access to green space) the effects 
of extreme temperatures on MBDs (Hwong et al., 2022). In fact, very few 
evidence exists on whether associations between extreme ambient 
temperatures and MBDs can be modfied by levels of ambient air pollu
tion (Qiu et al., 2022). Moreover, fewer studies have assessed the impact 
of extreme low temperatures (i.e., cold) on MBDs. 

The general objective of this study was to test the hypothesis that 
short-term variations in extreme temperatures increase the risk of ED 
visits for MBDs. We also hypothesized that the association between 
short-term variations in temperatures and MBD ED visits is modified by 
vulnerability factors related to individual-level and residential envi
ronmental factors. 

2. Methods 

2.1. Study design 

We conducted a case-crossover study across 40 health regions in the 

provinces of Alberta and Ontario in Canada where associations between 
daily fluctuations in ambient temperatures and MBD ED visits were 
evaluated. In a case-crossover study, cases are their own control, which 
is an appropriate study design for short term exposures (Maclure, 1991). 
Specifically, the exposure on the day of admission to the ED for MBD is 
compared to control periods, which are identified through a 
time-stratified approach (Janes et al., 2005; Bateson and Schwartz, 
2001; Jaakkola, 2003; Navidi and Weinhandl, 2002). These control 
periods are identified using the same day of the week on which the ED 
visit for MBD occurred, but using those other days during the same 
month and year as the ED visit. The ends up capturing 3 or 4 referrent 
control periods. For instance, if an ED visit for MBD occurred on the first 
Monday of January 2020, the control periods would be identified during 
those other Mondays during the month of January 2020. Therefore, this 
approach of matching the case and control periods adjusts for any in
fluence from the day-of-the-week and month. This study design is also 
less prone to bias from time trends since it accounts for any seasonal 
effect and also accounts for individual-level confounders (e.g. smoking 
status) that are not expected to vary on a short term basis (Janes et al., 
2005; Levy et al., 2001; Schwartz, 2004). Ethics approval for this study 
was granted through a data sharing agreement between Health Canada 
and the Canadian Institute for Health Information (CIHI). 

2.2. Health outcomes and data 

We extracted all ED admissions for MBD from the National Ambu
latory Care Reporting System (NACRS) database administered by CIHI 
that occurred between March 1st, 2004 and December 31st, 2020 in 5 
health regions in the province of Alberta and 35 health regions in the 
province of Ontario (Gibson et al., 2008). We included ED visits 
regardless if these resulted or not in subsequent hospital admission. We 
did not have data for the other Canadian provinces due to under
reporting of ED visits (i.e. not all hospitals are reporting the ED data) to 
the NACRS database and that only Alberta and Ontario had mandated 
reporting. The universal health care coverage in Canada ensures that the 
NACRS database contains all ED admissions in those two provinces. We 
used the International Classification of Diseases [ICD]-10th revision 
codes in order to capture specific diagnoses of MBDs (Bundo et al., 2021; 
Nori-Sarma et al., 2022; Yoo et al., 2021b; Wang et al., 2014): any MBD 
(F00–F99), psychoactive substance use (F10–F19), schizophrenia 
(F20–F29), mood disorder (F30–F39), neurotic disorder (F40–F59), 
personality behavior disorder (F60–F69), developmental disorder 
(F80–F98) and dementia (F00–F03). We also extracted information on 
the following pre-existing mental health conditions in order to evaluate 
whether those conditions increase susceptibility for MBD ED visits 
during periods of extreme temperatures: schizophrenia, mood disorder, 
neurotic disorder, personality behavior disorder, developmental disor
der and dementia. We used a determinitic linkage using encrypted 
health card numbers in order to link the NACRS database with the 
Discharge Abstract Database (DAD), a database capturing hospital ad
missions (Lavigne et al., 2014). One hospitalization or ED visit in the 
year prior to the index MBD ED visit in either the DAD or NACRS for the 
medical condition under consideration was considered for identifying a 
pre-existing condition. Demographic informations were extracted from 
the NACRS database which included age, sex, and postal code of resi
dence. We excluded cases with missing information on postal code, 
those that resided outside of Alberta and Ontario in order to reduce 
exposure measurement error and readmissions within 30 days following 
the index event were excluded (i.e., if the same person was re-admitted 
to an ED within 30 days, only the first visit was included). 

2.3. Weather data 

We extracted data on daily average ambient temperature and water 
vapour pressure from the Daymet dataset at a 1 km × 1 km grid spatial 
resolution across Canada (Thornton et al., 2021). The mean daily 

Abbreviations 

AIC Akaike Information Criterion 
BLUP best linear unbiased predictions 
DLNM distributed lag non-linear models 
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NDVI normalized difference vegetation index 
OEDT optimal ED visit temperature 
OR odds ratio 
95%CI 95% confidence interval  
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relative humidity was derived from the Bolton equation (Williams and 
Ambaum, 2021). Statistics Canada’s population ecumene boundary was 
used to retrieve the weather parameters only above inhabited land 
(Statistics Canada, 2017). Case and control periods (described below) 
with postal codes within each grid of the surfaces were assigned expo
sures accordingly. The final result is the mean of all the grid cells within 
each postal code. 

2.4. Environmental and contextual factors 

Health-region level information were captured in order to reduce 
and explain levels of heteregoneity that may exist across health regions. 
These were subsequently used in a meta-regression model (explained 
below). These factors, derived from census data, included information 
on population density, percent of the population in the health region 
with income less than the low-income cutoff (LICO) in Canada, percent 
of the population in the health region self-identified as Black and percent 
of the population in the health region living in an urban area (Stieb et al., 
2020). We also captured information on the percent of the population in 
the health region who rate their health as fair or poor, derived from 
2018 Canadian Community Health Survey (CCHS) (Statistics Canada, 
2021). Finally, we derived variables classifying the health region’s 
climate using the long term mean temperature and temperature range 
(Cakmak et al., 2018). 

Cases’ 6-character postal codes were used to link potential residen
tial environmental effect modifiers (neighborhood deprivation, resi
dential green space exposure, and urbanization). The data was obtained 
from the Canadian Urban Environmental Health Research Consortium 
(CANUE) (Brook et al., 2018). The neighborhood deprivation was 
characterized using the Material and Social Deprivation Index (MSDI) 
derived from Canadian census data (Pampalon et al., 2012; CanMap 
Postal Code Suite v2015, 2015). Three indicators describe the material 
component of this index which are the proportion of people aged 15 or 
older without a secondary school diploma (or equivalent), the propor
tion of people who are emplyed aged 15 or older and the average income 
of people aged 15 or older. Three indicators also characterize the social 
component: the proportion of people aged 15 or older living alone, the 
proportion of people aged 15 or older separated, divorced or widowed, 
and the proportion of single-parent families. The neighborhood quintiles 
for each province from 2006, 2011 and 2016 censuses were obtained 
and were converted into five deprivation categories using (Gamache 
et al., 2019): (1) materially and socially privileged; (2) average material 
and social deprivation; (3) materially privileged but socially deprived; 
(4) materially deprived but socially privileged and (5) materially and 
socially deprived. The neighborhood deprivation category from the 
closest census year was linked to the MBD ED visit. 

We extracted hourly ambient air pollution concentrations using 
fixed-site monitors located in each of the 40 health regions and managed 
by the National Air Pollution Surveillance Program of Environment and 
Climate Change Canada (ECCC). (Environment Canada, 2022). Hourly 
concentrations of fine particulate matter less than 2.5 μm (PM2.5), ni
trogen dioxyde (NO2) and ozone (O3) were averaged to create daily 
averages and we averaged all daily values across all monitoring stations 
for each health region. We then assigned ambient concentrations of air 
pollution by residential postal code for case and control periods. 

The other residential environmental factors, residential green space 
and urbanization, were assessed by extracting their levels using buffers 
from centroid coordinates of residential postal codes. 

The normalized difference vegetation index (NDVI) using the 
maximal annual value of the growing season was extracted from Landsat 
(30 m × 30 m) (Spatial Inc, 2015; Gorelick et al., 2017; USGS Landsat 5 
TM TOA, 1984; USGS Landsat 8 TOA Reflectance, 2013) in order the 
characterize exposure greenness in the residential environment. Barren 
surfaces are usually characterized by NDVI values less than 0.2, grass
lands by values from 0.2 to 0.4 and values greater than 0.4 indicate 
increasingly lush vegetation (Robinson et al., 2017). Long term tree 

canopy coverage was also obtained as a measure of exposure to green
ness (Gorelick et al., 2017; DMTI Spatial Inc, 2010; Sexton et al., 2013). 
Tree canopy is defined as area of vegetation (including leaves, stems, 
branches, etc.) of woody plants estimated by the percent of pixels 
covered by vegetation greater than 5 m in height. Both greenness met
rics were available for buffer areas ranging from 100 to 1000 m, but we 
used a buffer of 100 m for tree canopy coverage and 250 m for NDVI, 
based on preliminary analyses. Finally, we extracted the percent of area 
characterized as urban, based on CANUE’s Local Climate Zone data 
(Spatial Inc, 2015; Bechtel et al., 2015). We categeorized the environ
mental factors in tertiles in order to evaluate their modifying effects. 

2.5. Statistical analysis 

The statistical analyses were conducted in two stages. We first used 
conditional logistic regressions separately for each health region in 
order to assess the associations between daily flucturations in ambient 
temperatures ED visits for MBDs. Then, we pooled the overall estimate 
using multivariate meta-regression models. We used the R software 
(version 4.1.1)50 with packages survival, dlnm and mixmeta. 

2.6. First stage modeling 

Odds ratios (ORs) and their 95% confidence intervals (CIs) were 
obtained by fitting conditional logistic regression models in order to 
apply the case-crossover analysis (Maclure, 1991). Models were first 
fitted by considering a lag period of up to 5 days (i.e. lag 0 to lag 5) 
before the ED visit or the control period consideing single lag day effects 
and cumulative effects (i.e. effects over 0–5 days). All lag periods were 
described with distributed lag non-linear models (DLNMs) in order to 
account for both the temperature-ED visit relationship as well as the 
potential delayed/lagged response (Gasparrini, 2014). The lag period 
selection was based on prior literature evaluating daily fluctuations in 
ambient temperatures on MBD ED visits (Nori-Sarma et al., 2022; Yoo 
et al., 2021b) and by conducting preliminary analysis (see supplemen
tary material, Figure S1). We combined our conditional logistic regres
sion models with DLNMs (Gasparrini, 2014). Temperature-ED visit 
non-linear exposure-response association was accounted for using 
quadratic B-splines with three internal knots placed at the 10th, 75th 
and 90th percentiles of each health region’s specific temperature dis
tributions. We also accounted for the non-linearity in daily relative 
humidity exposure-response function using natural cubic splines with 
three degrees of freedom (Gasparrini et al., 2015). The different de
cisions for knot selections and degrees of freedom were based on Akaike 
Information Criteria (AIC) as well as visual inspections of preliminary 
findings. 

2.7. Second stage modeling 

The ORs for each health region evaluating impacts of ambient tem
peratures on MBD ED visits were pooled into a multivariate meta- 
regression (Sera et al., 2019b). The pooling of the effect allowed to 
derive and improve estimates of temperature-MBD ED visit associations 
by using best linear unbiased predictions (BLUP). Information across the 
health region level are borrowed in order to improve estimates. The 
meta-analysis was repeated for each sub-categories of MBDs. In this 
study, we reported the ORs of ED visits for MBDs relative to the refer
ence temperature, hereafter referred to as optimal ED visit temperature 
(OEDT). The OEDT was obtained by identifying the temperature related 
to minimal risk of MBD ED visit by scanning across the 5th and 95th 
percentile of the temperature distribution in each health region (Yoo 
et al., 2021b). This approach has been previously used to identify the 
OEDT ensuring that extreme values would be excluded from the minimal 
temperature risk (Yoo et al., 2021b). The effect of heat was calculated as 
the risk of ED visit at the 97.5th percentile temperature for each health 
region and the effect of cold as the effect at the 2.5th percentile 
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temperature for each health region. Meta-regression models were fitted 
with and without health-region level information in order to evaluate 
whether these factors explained heterogeneity of temperature-MBD as
sociations. Multivariate Wald test were used to evaluate the significance 
of health region level factors along with and Cochran’s Q-test and I2 

statistic. 

2.8. Subgroup analysis 

We conducted stratified analyses within the first- and second-stage 
modeling domains described above in order to obtain ORs by pre- 
defined categories of age (<18, 18–29, 30–49 & ≥ 50), sex, neighbor
hood deprivation, air pollution, tree canopy, NDVI, urbanicity area and 
pre-existing mental health conditions. We divided the air pollutants into 
three levels: low (≤ health region-specific 10th percentile value), me
dium (between the health region-specific 10th and 90th percentile 
values) and high (≥ health region-specific 90th percentile value). Effect 
modification by those characteristics were evaluated in temperature-ED 
visit associations. The statistical significance was tested using a multi
level meta-regression model using the individual-level characteristics 
multivariate outcomes sharing the same health region random effect. 
We subsequently applied a Wald test to evaluate the significance of ef
fect modification (Sera et al., 2019b). We evaluated the effect modifi
cation when considering each modifier as a categorical variable using a 
common reference category (Xu et al., 2021) and assessed the potential 
modifer as a continuous predictor in order to evaluate whether a trend 
exists in the effect modification. 

3. Results 

In total, there were 9,958,759 ED visits for MBDs in Alberta and 
Ontario between March 1st, 2004 and December 31st, 2020. Most cases 
were observed in Ontario, were 30–49 years of age (33.8%) and were 
females (53.2%). Characteristics of the study population are shown in 
Table 1. Table 2 shows the descriptive statistics for weather and envi
ronmental variables. The average daily mean temperature was 5.95 ◦C, 
varying from − 34.85 to 31.61 ◦C (interquartile range of 16.26 ◦C). The 
average tree canopy coverage within 100 m of the centroid of postal 
codes was 19.6% and the average NDVI within 250 m of the centroid 
was 0.36. In Supplementary Table S1, we found weak correlations be
tween ambient air pollutant variables and tree canopy coverage and 
NDVI. 

Table 3 shows the associations between daily average temperature 

and ED visits for MBDs. Statistically significant associations were 
observed between the cumulative effect of heat over 0–5 days and ED 
visits for overall MBDs (OR = 1.145; 95% CI: 1.121–1.171). We also 
found heat to be associated with ED visits for specific MBDs, with the 
strongest effects observed for substance use disorders (OR = 1.289; 95% 
CI: 1.244–1.334) followed by dementia (OR = 1.157; 95% CI: 
1.067–1.255), neurotic disorders (OR = 1.153; 95% CI: 1.120–1.186), 
schizophrenia (OR = 1.152; 95% CI: 1.104–1.202) and personality 
behavior disorder (OR = 1.109; 95% CI: 1.042–1.181). The pooled cu
mulative exposure-response curves on ED visits for overall MBDs and 
subcategories of MBDs support the impact of heat on MBD ED visits and 
the lower risk associated with extreme cold temperatures (Fig. 1). We 
also found that accounting for population density, location-specific 
mean temperature and temperature range as meta-predictors in the 

Table 1 
Number of emergency department visits for mental and behavior disorders 
across 40 health regions in Alberta and Ontario, Canada between March 1st, 

2004 and December 31st, 2020 by specific characteristics.  

Variable Number of ED visits (%) 

Age (in years) 
<18 1,430,690 (14.7) 
18–29 2,466,071 (24.8) 
30–49 3,368,557 (33.8) 
≥50 2,693,674 (27.1) 

Sex 
Male 4,659,061 (46.8) 
Female 5,298,976 (53.2) 

Combined material and social deprivation index 
Materially and socially privileged 1,831,645 (18.4) 
Average material and social deprivation 2,312,281 (23.2) 
Materially privileged but socially deprived 1,950,637 (19.6) 
Materially deprived but socially privileged 2,046,954 (20.6) 
Materially and socially deprived 1,817,475 (18.3) 

Province 
Alberta 3,775,811 (37.9) 
Ontario 6,182,948 (62.1) 
Total ED visits 9,958,759 (100.0) 

ED, emergency department. 

Table 2 
Descriptive statistics of environmental variables.  

Variable Mean (SD) Median IQR Range 

Temperature (o C) 5.95 (10.91) 6.81 16.26 − 34.85–31.61 
Relative humidity (%) 62.42 

(16.90) 
65.31 20.17 12.11–99.32 

PM2.5 (μg/m3) 10.00 (6.71) 8.47 6.55 0.06–141.60 
NO2 (ppb) 13.86 (7.80) 12.08 10.40 0.25–63.68 
O3 (ppb) 40.63 12.31 17.00 1.01–107.10 
Tree canopy within 100 m 

(%) 
19.57 (8.22) 19.50 11.52 1.50–41.03 

NDVI within 250 m 0.36 (0.08) 0.35 0.10 0.02–0.68 
Percent of urban area (%) 0.41 (2.15) 0.04 0.22 0.0–37.16 

SD, standard deviation; IQR, interquartile range. 

Table 3 
Odds ratios (ORs)a and 95% CIs for the associations between the cumulative 
effects of daily average temperature over 0–5 days and mental and behavior- 
related emergency department visits in 40 health regions across Alberta and 
Ontario, Canada (2004–2020).  

Diagnosis Heatb Coldc I2 (p-value for 
heterogeneity)4 

Any mental health 
condition 

1.145 
(1.121–1.171) 

0.981 
(0.976–0.987) 

I2 = 61.7% (<0.01) 

Substance use 
disorders 

1.289 
(1.244–1.334) 

0.972 
(0.963–0.981) 

I2 = 68.8% (<0.01) 

Schizophrenia 1.152 
(1.104–1.202) 

0.981 
(0.972–0.989) 

I2 = 34.3% (<0.01) 

Mood disorders 0.995 
(0.973–1.016) 

0.985 
(0.959–1.011) 

I2 = 56.8% (<0.01) 

Neurotic disorders 1.153 
(1.120–1.186) 

0.979 
(0.972–0.986) 

I2 = 51.7% (<0.01) 

Personality 
behavior disorder 

1.109 
(1.042–1.181) 

0.971 
(0.942–1.000) 

I2 = 42.1% (<0.01) 

Developmental 
disorder 

0.992 
(0.978–1.006) 

1.013 
(0.919–1.118) 

I2 = 42.5% (<0.01) 

Dementia 1.157 
(1.067–1.255) 

0.984 
(0.956–1.014) 

I2 = 0.0% (0.58) 

I2: The variance due to heterogeneity estimated by the I2-statistic for the pooled 
models. In parentheses, the p-values for the statistical significance of hetero
geneity are reported. 

a Models adjusted for daily mean relative humidity and health region-specific 
mean temperature and temperature range as meta-predictors. Models represent 
pooled health region-specific estimates derived using two-stage random effects 
meta-analysis and meta-regression incorporating population density, location- 
specific mean temperature and temperature range as meta-predictors. 

b Defined as the 97.5th temperature percentile for each health region 
compared to the percentile of optimal ED visit temperature, where the minimum 
risk was identified between the 5th and 95th percentiles of temperature at the 
health region level. 

c Defined as the 2.5th temperature percentile for each health region compared 
to the percentile of optimal ED visit temperature, where the minimum risk was 
identified between the 5th and 95th percentiles of temperature at the health 
region level. 
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Fig. 1. Odds ratios (ORs) (Ebi et al., 2021a) and 95% CIs for the exposure-response associations between the cumulative effects of daily average temperature over 
0–5 days and mental and behavior-related emergency department visits in 40 health regions across Alberta and Ontario, Canada (2004–2020). 

Fig. 2. Odds ratios (ORs) (Ebi et al., 2021a) and 95% CIs for the associations between the cumulative effects of daily average temperature over 0–5 days and mental 
and behavior-related emergency department visits in 40 health regions across Alberta and Ontario (2004–2020) stratified by selected characteristics. 
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meta-regression models further reduced the between-location hetero
geneity, but the between-health region heterogeneity remained statis
tically significant, except for dementia. 

The results of the stratified analyses examining the relationship be
tween the cumulative effects of temperature over 0–5 days and MBD ED 
visits across individual-level and environmental and contextual char
acteristics are shown in Fig. 2 and Supplementary Table S2. When 
stratifying analyses by age, we found that the effect of heat on ED visits 
for any MBDs was highest among those aged 30–49 years (OR = 1.183; 
95% CI: 1.150–1.216) and lowest among those aged less than 18 years 
(OR = 0.966; 95% CI: 0.911–1.024) (p-value for effect modification 
<0.01). We also found slightly higher effect estimates for the impact of 
heat on MBD ED visits among males (OR = 1.145; 95% CI: 1.113–1.177) 
compared to females (OR = 1.139; 95% CI: 1.113–1.166). There was a 
trend suggesting that impacts of heat are at their lowest among those 
who resided in materially and socially privileged neighborhoods (OR =
1.042; 95% CI: 0.971–1.119) and highest among those who lived in 
materially and socially deprived neighborhoods (OR = 1.181; 95% CI: 
1.129–1.231) (p-value for trend = 0.02). Greenness exposure in the 
residential environment also appeared to attenuate impacts of heat on 
MBD ED visits, specifically increasing tree canopy coverage (p-value for 
trend = 0.01) while the evidence for NDVI and percent of urban area was 
not as clear. Finally, we found that the effect of heat on MBDs increased 
in a linear manner across categories of NO2 and O3 (p-values for trend 
≤0.04). For instance, we found that effect estimates for the impact of 
heat on MBDs were highest when exposure to NO2 (OR = 1.182; 95% CI: 
1.137–1.227) and O3 (OR = 1.178; 95% CI: 1.127–1.229) were also 
highest. We did not find any evidence of effect modification by levels of 
PM2.5, although there was an increasing trend of the effect estimates 
through increasing categories of PM2.5. 

Stratum-specific estimates by pre-existing mental health condition 
showed that those with prior diagnosis of mood disorders, neurotic 
disorders, personality behavior disorders and developmental disorders 
had an increased risk for impacts of heat compared to those without 
those conditions (p-values for effect modification ≤0.05) (Fig. 3 and 

Supplementary Table S3). There were also no clear patterns observed for 
exposures to cold temperatures. In sensitivity analyses, we found that 
the temperature effects on MBD ED visits were similar when using 
different maximum lag days, different values for the degrees of freedom 
for temperature and humidity and additional adjustment for ambient air 
pollutants (Supplementary Table S4). 

4. Discussion 

Using individual-level data, this study showed that exposure to 
extreme heat was associated with overall MBD ED visits and ED visits for 
subcategories of MBDs. We also found that the associations between 
extreme heat and MBD ED visits were stronger among those aged 30–49 
years and among those with the highest level of neighborhood depri
vation. Residential exposure to increasing tree canopy coverage 
appeared to play a beneficial role in mitigating the effect of exposure to 
extreme heat while higher daily levels of NO2 and O3 appeared to 
enhance the risk of heat on MBD ED visits. Individuals with pre-existing 
MBDs appeared to be at highest risk of exposure to heat and the exac
erbation of MBDs. 

We found that exposure to extreme heat, but not extreme cold, was 
associated with increased risk of ED visits for overall MBDs and sub
categories of MBDs. The fact that we did not observe increased risk for 
MBD ED visits during extreme cold temperatures is consistent with 
previous evidence (Yoo et al., 2021b; Wang et al., 2014; Hansen et al., 
2008; Zhang et al., 2020; Lee et al., 2018). Previous studies have also 
found associations between exposure to extreme heat and ED visits for 
MBDs (Bundo et al., 2021; Carlsen et al., 2019; Mullins and White, 2019; 
Niu et al., 2020; Nori-Sarma et al., 2022; Qiu et al., 2022; Yoo et al., 
2021a, 2021b; Wang et al., 2014), although the evidence for the impact 
on subcategories of MBDs remains to be clarified. In particular, our 
findings for the impact of extreme heat on specific subcategories of 
MBDs corroborate previous studies that have also found impacts on 
substance use disorders (Niu et al., 2020; Nori-Sarma et al., 2022; Yoo 
et al., 2021b; Wang et al., 2014), schizophrenia (Nori-Sarma et al., 2022; 

Fig. 3. Odds ratios (ORs) (Ebi et al., 2021a) and 95% CIs for the associations between the cumulative effects of daily average temperature over 0–5 days and mental 
and behavior-related emergency department visits in 40 health regions across Alberta and Ontario, Canada (2004–2020) stratified by selected comorbid mental 
health and behavioral conditions. 
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Qiu et al., 2022; Yoo et al., 2021b; Wang et al., 2014; Zhang et al., 2020; 
Yi et al., 2019), and neurotic disorders (Nori-Sarma et al., 2022; Qiu 
et al., 2022; Wang et al., 2014; Zhang et al., 2020). We also found a 
positive impact of extreme heat on ED visits for personality behavior 
disorders for which associations had been non-statistically significant in 
previous studies (Bundo et al., 2021; Nori-Sarma et al., 2022). Our 
findings also agree with the evidence of exacerbation of dementia during 
periods of high temperatures (Hansen et al., 2008; Lee et al., 2018; 
Linares et al., 2017; Ma et al., 2020; Wei et al., 2019). One thing to note 
is the heterogeneity in the magnitude of effects found in this study in the 
associations between extreme heat and specific subcategories of MBDs. 
For instance, substance use disorders had the highest OR. This could 
highlight the fact that extreme heat can induce psychological distress in 
those with mental health conditions which can lead to alcohol and 
substance abuse (Cianconi et al., 2020). Cognitive impairment could 
also be responsible for impacts on outcomes such as schizophrenia, 
neurotic disorders and dementia making these individuals more sus
ceptible to environmental factors (Cianconi et al., 2020). 

In terms of the age group that was most susceptible to exacerbations 
to heat on MBD ED visits, we found that those aged 30 to 49 were at the 
highest risk, which corroborates previous evidence that also found 
middle-aged adults to be at higher risk (Nori-Sarma et al., 2022; Yoo 
et al., 2021a), although heterogeneity of effect across age groups is still 
not clear (Nori-Sarma et al., 2022). Similar to previous studies, we did 
not find significant effect modification by sex (Bundo et al., 2021; 
Nori-Sarma et al., 2022; Yoo et al., 2021b). 

The evaluation of residential environmental factors represents an 
important avenue in identifying those most vulnerable to the impact of 
extreme heat on MBD ED visits. For instance, we found that increasing 
neighborhood deprivation was associated with higher risk of MBD ED 
visits. Those living in areas that were more urbanized were also at higher 
risk. We also found that a higher exposure to greenness in the residential 
environment, in particular tree canopy, mitigated the impact of heat on 
MBD ED visits to some extent. Although this requires further research, 
increasing tree coverage may represent an important urban planning 
measure to reduce the burden of the impact of heat on mental health 
outcomes. There may be multiple explanations for this emerging 
finding. One is that trees may indeed act as a modifier in the 
temperature-MBD relationship. Another one could be related to heat 
exposure differences that this study was not able to capture with 
ambient temperature estimates alone. For instance, in neighborhoods 
with the same ambient temperature estimated by our grid cells, those 
with more trees would have lower indoor temperatures due to shading 
than those with fewer trees. In other words, perhaps trees are capturing 
a temperature differential we cannot get using the current temperature 
data. The evidence is scarce for the potential moderating effect of 
greenness on the association between ambient temperature and mental 
health. One study reported that green space diminished the association 
between increasing temperatures and aggression in children and ado
lescents (Younan et al., 2018). Other studies have found that urban 
greenness was associated with improved mental health outcomes 
(Abraham Cottagiri et al., 2022). Recently, an ecological study found 
that increasing tree density and tree crown volume was associated with 
reductions in mood disorder medication sales in Brussels, Belgium (Chi 
et al., 2022). 

Our findings that individuals with pre-existing mental health con
ditions are more likely to be at risk of MBD ED visits may help to explain 
potential pathways by which extreme heat may exacerbate MBDs. For 
instance, inherent conditions related to MBD and effects of psychiatric 
medications can affect impairment capacities and thermoregulatory 
control systems (Hwong et al., 2022; Hansen et al., 2008). Studies have 
shown that specific neurotransmitters related to thermoregulation may 
be affected during periods of extreme temperatures which affect dopa
minergic transmissions and increase exacerbations of schyzophrenic 
episodes (Hasegawa et al., 1985; Sung et al., 2011). Psychotropic 
medications can also disrupt thermoregulatory processes and increase 

vulnerability among individuals with MBDs (Shiloh et al., 2000; Conti 
et al., 2005). Specific medications that have been previously shown to 
affect thermoregulatory processes include anticholinergics, antidepres
sants, antihistamines (H3), mood stabilizers, antipsychotics, sedatives 
and antiepileptics (Martin-Latry et al., 2007). The inherent natural of 
MBDs can also affect individuals cognitive capacities during periods of 
extreme heat where people can neglect appropriate prevention measures 
such as staying hydrated, removing extra clothing and avoiding going 
outside (Hansen et al., 2008; Martin-Latry et al., 2007). 

We also found that the impact of heat on MBD ED visits appeared 
highest when daily concontrations of NO2 and O3 were highest. Very few 
studies have investigated this issue. In a recent study in the U.S., Qiu 
et al. did not find any statistically significant interactions between 
different pollutant and warm temperature exposures (Qiu et al., 2022). 
Several studies have however found interactions between temperature 
and air pollutant exposures on cardiorespiratory morbidity and mor
tality outcomes (Anenberg et al., 2020). The mechanisms by which 
combined exposures to heat and air pollution exacerbates MBDs is not 
well understood. However, air pollutants have been previously shown to 
induce neuro-inflammatory responses which could trigger or worsen 
psychiatric conditions (Brun et al., 2012; Chu et al., 2019). Exposure to 
air pollution might also trigger MBDs by increasing glucocorticoid ac
tivity and stress hormone cortisol concentrations (Thomson et al., 2013; 
Tomei et al., 2003). Therefore, we hypothesize the combined exposures 
to mechanisms outlined above for heat with those of air pollution 
exposure might enchance the risk of MBDs. Further work is required in 
this area. 

This study has several strengths. The case-crossover study design is 
well suited for assessing the effects of transient risk factors (Maclure, 
1991). We performed individual-level analyses of the associations be
tween extreme temperatures and MBD ED visits. We took advantage of 
the postal code-linked ED visit data in order to assess neighborhood 
deprivation and residential environmental factors as effect modifiers. 

This study has several limitations. First, we restricted our case se
lection to those receiving medical assistance for MBDs at the ED. 
Consequently, our findings cannot be generalized to cases not seeking 
care through the ED. Second, we identified pre-existing mental health 
conditions based on prior hospitalizations and ED visits which may only 
identify those individuals with more severe conditions. Some exposure 
misclassification is possible in this study if the cases did not spend time 
at the vicinity of their homes before the ED visit. Finally, we did not have 
individual-level data on race and socio-economic status (SES). Without 
these data, modification of the effect of extreme temperature by these 
individual-level factors could not be examined. 

5. Conclusions 

In summary, this case-crossover study provided evidence of an 
increased risk of ED visit for MBDs associated with short-term exposure 
to extreme heat. We also found differential effects according to neigh
borhood deprivation, residential greenness coverage, air pollution 
exposure and pre-existing mental health conditions. Additional research 
regarding the relationships between acute exposure to ambient tem
perature and MBD ED visits is needed, in particular in clarifying dis
parities in risks. 
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