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ARTICLE INFO ABSTRACT

Keywords: Climate change has significantly increased the frequency, intensity, and magnitude of heatwaves, leading to

Heat vulnerable index numerous deaths in recent decades. While environmental parameters are known contributors to heat-related

geatx}zlvave. mortality, the specific impacts of socioeconomic factors remain less clear. This study introduces a new Build-
ver. Eﬂtlﬂg

ing Heat Vulnerable Index (BHVI) to assess and map urban overheating mortality risk during heatwaves at the
building level. Using data from the 2018 Montreal heatwave, we employed penalized logistic regression (PLR) to
analyze the correlation between heat-related mortality and both environmental and socioeconomic parameters
across Montreal. The City Building Energy Model (CityBEM) was used to simulate indoor overheating conditions,
providing detailed exposure data. Socioeconomic variables were collected from Censusmapper and Geoportail
Quebec. Our analysis revealed that “dwelling density” and “average income” are the most significant factors
affecting heat-related mortality. Utilizing the BHVI, we generated a detailed heat vulnerability map identifying
risk regions across Montreal, highlighting vulnerable areas with high dwelling density and low average income.
Additionally, we thoroughly evaluated the impacts of increasing air conditioning (AC) capacity on mitigating
heat vulnerability through bootstrap simulations. The results demonstrated that enhancing AC capacity signif-
icantly reduces heat-related mortality risk, particularly in high and critical risk areas. The findings underscore
the importance of integrating socioeconomic factors and building-level data into heatwave mortality risk as-
sessments. They suggest that targeted interventions, such as improving AC accessibility in vulnerable neigh-
borhoods, can effectively mitigate heat-related health risks. This study provides valuable insights for
policymakers to implement effective heat mitigation strategies in urban environments facing escalating climate
challenges.

Heat mortality
Logistic regression

1. Introduction is urban overheating, evidenced by more frequent and severe heatwaves

(Zou et al., n.d.-b; Khan et al., 2021; Machard et al., 2024; Yang et al.,

The frequency of extreme weather events, such as heatwaves, floods,
and droughts, has significantly increased in recent years due to global
warming (Zou et al., n.d.-a; Change, 2001; Hamdy et al., 2017; Liu et al.,
2021; Yau & Hasbi, 2013; Zou et al., 2022; Zou et al., 2023). These
events exert substantial societal pressure on the economy, health, energy
utilization, and infrastructure (Edenhofer, 2015; Yan, Wang, et al.,,
2022; Yan, Xiong, et al., 2022; Yang et al., 2023; Yau & Hasbi, 2013;
Zou, Liu, et al., 2021; Zou, Yu, et al., 2021). A major impact of this trend

2024), which adversely affect citizens’ lives and the environmental
quality of cities (Mortezazadeh et al., 2022; Santamouris, 2020; Xie
et al., 2021). Regions in cold climates are particularly vulnerable to
heatwaves, often being unprepared for such events. For example, the
2003 European heatwave caused 30,000 deaths (Briicker, 2005; Luter-
bacher et al., 2004), and the 2021 heatwave in Canada resulted in 500
deaths (MPNRC, 2021). Projections of future climate indicate that by
2100, approximately half of the global population will be affected by
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deadly heatwaves (Mora et al., 2017). Therefore, identifying heat-
vulnerable communities and populations is crucial for implementing
effective mitigation strategies (Zou et al., 2023). This involves evalu-
ating factors contributing to heat-related deaths, considering both
environmental and socioeconomic components, particularly among the
poor, elderly, and minority groups in urban neighborhoods.

In recent years, multi-dimensional heat-related indicators, known as
heat vulnerable index (HVI), have been proposed to account for climatic
hazards and socioeconomic vulnerabilities (Niu et al., 2021) by a com-
posite of socioeconomic status, physical environment, and climate-
related factors (Cheng et al., 2021). These indicators can be divided
into two conceptual frames: population vulnerability to environmental
hazards (Cutter et al., 2003; Field & Barros, 2014) and risk triangle
(Crichton, 1999; Field & Barros, 2014). For the former, vulnerability is
calculated by the sum of sensitivity, exposure, and adaptive capacity.
Here, sensitivity is defined as sociodemographic factors (Field & Barros,
2014), exposure refers to climatic and environmental factors (Zuhra
et al., 2019), and adaptive capacity represents the accessibility of miti-
gation strategies (Mallen et al., 2019; Zuhra et al., 2019). The risk tri-
angle states that risk is a function of hazard, exposure, and vulnerability,
and these three elements must be spatially coincident for a risk to exist
(Tomlinson et al., 2011). Hazard refers to severe extreme events (Hu
et al., 2017), exposure represents the elements at risk (Hua et al., 2021),
and vulnerability is the lack of material to mitigate impacts (Ho et al.,
2015).

According to the literature on heat vulnerability (Bao et al., 2015;
Inostroza et al., 2016; Johnson et al., 2012; Méndez-Lazaro et al., 2018;
Nayak et al., 2018; Tomlinson et al., 2011), quantifying the severity of
heat-related climate impacts is the key element of the exposure layer in
population vulnerability or the hazard layer in the risk triangle. The
outdoor environmental parameters are typically utilized, such as land
surface temperature (Buscail et al., 2012; Zheng et al., 2020) from sat-
ellite images with a resolution of 60 m ~ 1 km, daily and nighttime
maximum and minimum air temperature (Hu et al., 2017; Kim et al.,
2017) from weather stations, and daily or nighttime exceedance tem-
perature (Hu et al., 2017; Kim et al., 2017). Besides, heat indices such as
wet bulb global temperature (Zheng et al., 2020) and humidex
(Aminipouri et al., 2016; Krstic et al., 2017) were also used to assess
extreme heat impacts.

However, most heat-related exposure is likely to occur indoors as
Canadians spend about 90 % of their time indoors (E. a. C. C. C. (ECCC),
2022). Based on our former study (Katal et al., n.d.), no strong spatial
correlation was established between outdoor heat stress and mortality,
and mortalities were often found due to the incapability of buildings to
shelter occupants against harsh outdoor conditions (Hamdy et al., 2017;
Hamdy & Hensen, 2015; Rosenthal et al., 2014; Uejio et al., 2011).
Therefore, a better understanding of indoor heat vulnerabilities at the
building level is necessary, whereas the conventional approach based on
outdoor analysis falls short. This has been enabled by the recent
advancement of Urban Building Energy Models (UBEMs).

Moreover, social and economic vulnerabilities have been reported to
contribute significantly to heat-related morbidity and mortality during
extreme heat events. The study by Johnson et al. (Johnson et al., 2005)
specifically quantified the impact of the 2003 heat wave in England,
reporting a 17 % increase in overall mortality with a staggering 59 %
increase in the over 75 age group in London due to elevated tempera-
tures combined with high ozone and particulate matter concentrations.
Similarly, Stafoggia et al. (Stafoggia et al., 2006) analyzed multiple
Italian cities using a case-crossover design, finding increased odds of
mortality at higher temperatures, especially among women, the elderly,
and those with psychiatric or cardiovascular conditions. They high-
lighted the compounded vulnerability of these groups under extreme
heat conditions, suggesting that individual predispositions interact with
socioeconomic factors to enhance risk.

Research by Santamouris and Kolokotsa (Santamouris & Kolokotsa,
2015) provided evidence of urban overheating impacting low-income
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populations by increasing energy consumption and degrading indoor
environmental conditions, which disproportionately affects their health
outcomes. Smoyer (Smoyer, 1998) reinforced these findings, indicating
that heat-related mortality rates were generally higher in disadvantaged
urban areas than in more affluent parts of cities, with spatial analysis
pinpointing specific neighborhoods in St. Louis where these disparities
were most pronounced. This place-based approach identified the com-
bination of physical and social characteristics of locations that contrib-
uted to higher mortality rates during heat waves.

Despite the recognized importance of addressing urban overheating
and its impacts on heat-related mortality, there remains a significant gap
in evaluating heat vulnerability accounting for building-specific factors
across an entire city. While the development of HVIs and UBEMs rep-
resents a significant advancement, previous studies have predominantly
focused on broader district or city levels (Bell et al., 2008; Johnson et al.,
2012; Reid et al., 2009; Rosenthal et al., 2014; Stafoggia et al., 2006;
Uejio et al., 2011), with the availability of social-economic and climatic
data at the same scale. This oversight limits our understanding of how
building-specific factors, e.g., indoor overheating conditions, air con-
ditioning accessibility, building age, value, and materials, contribute to
indoor heat exposure and vulnerability. The motivation for emphasizing
the building-scale factors is that people spend most of their lives indoors,
and urban heat-related mortality is associated primarily with over-
heating conditions indoors, particularly in mild and cold climates. The
ability to assess heat vulnerability comprehensively with building-scale
factors encompassing the entire urban fabric is essential for pinpointing
vulnerability hotspots and implementing precise, equitable in-
terventions across diverse urban communities. The etiology of heat-
related mortality is inherently complex and is influenced by an array
of factors, including climatic conditions, socioeconomic vulnerabilities,
and urban infrastructure. Traditional regression methods often fall short
in handling the intricacies of these relationships due to limitations such
as sparsity, non-linearity, and multicollinearity among predictors. Ma-
chine Learning (ML) techniques, such as random forests, present a
robust alternative capable of addressing these challenges by uncovering
non-linear relationships and interactions that traditional methods might
miss. These techniques have been noted for their enhanced predictive
accuracy, as evidenced in recent studies (Hirano et al., 2021). However,
the interpretability of such models often remains limited, posing chal-
lenges for understanding the underlying etiological relationships and for
the development of empirical indices. In contrast, methods like the Least
Absolute Shrinkage and Selection Operator (LASSO) not only bolster
predictive performance but also enhance model interpretability and
prevent overfitting. The interpretability afforded by LASSO facilitates
the creation of plasmode simulations, which use real data to define
synthetic data-generating equations. This approach is crucial for eval-
uating assumptions under realistic conditions and for assessing the
effectiveness of interventions, such as the promotion of air conditioning
to mitigate heatwave mortality, thereby informing policy decisions
(Bhatnagar et al., 2020; Greenwood et al., 2020). Despite these ad-
vancements, the application of ML models to explore the multifaceted
impacts on heat-related mortality is still underrepresented in the liter-
ature. Furthermore, the considerable imbalance in data sets, such as the
disparity between the few heat-related deaths and the numerous non-
death cases during heat waves, significantly complicates the develop-
ment of effective ML models for such evaluations (Krawczyk, 2016).
Addressing these challenges through advanced ML methodologies could
lead to more accurate and dynamic risk assessment tools, thus enabling
policymakers and urban planners to better prioritize interventions in
response to escalating climate challenges.

To bridge existing knowledge gaps and support more targeted urban
heat mitigation planning, this study aims to address three interrelated
scientific questions. First, it investigates the most influential environ-
mental, socioeconomic, and building-specific factors contributing to
heat-related mortality during the 2018 heatwave in Montreal. Second, it
seeks to spatially identify and quantify the extent of heat vulnerability
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across the city at the building level, thereby highlighting the urban areas
most at risk. Third, the study evaluates the feasibility and effectiveness
of potential mitigation strategies in reducing mortality risk during
extreme heat events.

This study contributes a novel high-resolution vulnerability mapping
method—the Building Heat Vulnerability Index (BHVI)—which in-
tegrates building-specific indoor overheating data with socioeconomic
and environmental indicators using a penalized regression framework.
Unlike traditional HVIs, this method leverages building-scale simulation
and statistical modeling to enable fine-grained risk analysis. Although
this study uses the 2018 Montreal heatwave as a case, the BHVI meth-
odology is transferable to other urban settings, providing a replicable
tool for policymakers and planners to evaluate and mitigate heat
vulnerability at the building level.

In this paper, Section 2 describes our methodology, starting with the
study area during the 2018 Montreal heatwave (Section 2.1), intro-
ducing the City Building Energy Model (CityBEM) simulations for indoor
overheating data (Section 2.2), and detailing the socioeconomic vari-
ables (Section 2.3). This section also discusses the Building Heat
Vulnerable Index (BHVI) that integrates diverse variables (Section 2.4)
and explains the application of penalized logistic regression (PLR)
models to analyze and predict heat-related mortality (Section 2.5).
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Section 3.1 evaluates the performance of our machine learning models,
and Section 3.2 highlights the significant variables influencing heat-
related mortality. Section 3.4 examines the spatial distribution of heat
vulnerability in Montreal, identifying high-risk areas and discussing
their socioeconomic and environmental characteristics. Section 3.4 an-
alyzes the impacts of various air conditioning enhancement scenarios on
heat risk mitigation, providing quantitative assessments of their poten-
tial to reduce vulnerabilities in identified high-risk areas.

2. Methodology
2.1. Study area and time period

Montreal, located on the Island of Montreal at the confluence of the
Saint Lawrence and Ottawa Rivers, is distinguished by Mount Royal, a
central, significant green space that serves as a natural landmark
(Encyclopedia, 2022). The city encompasses multiple boroughs and
neighborhoods, each with distinct characteristics. Notably, the Plateau
Mont-Royal is recognized for its artistic flair and historic architecture,
while Downtown serves as the economic hub with high-rise buildings,
and Old Montreal is celebrated for its historic buildings and cobblestone
streets. Home to over 1.7 million residents, making it the second-most
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Fig. 1. Map of the Island of Montreal and heat-related death location (top), Ambient air temperature and wind speed weather station data (bottom), and a schematic
of Surface Prediction System (SPS) data interpolation on the building center point (top left).
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populous city in Canada, Montreal exhibits a wide range of income
levels across neighborhoods. Affluent areas like Westmount and Out-
remont contrast sharply with the historically working-class neighbor-
hood of Hochelaga-Maisonneuve. Housing within the city varies
extensively, from high-rise apartments to single-family homes, reflecting
its socioeconomic diversity.

The 2018 heatwave in Montreal, Canada with over 70 deaths in
Quebec, was selected with the study period, from 00:00 EST June 30,
2018 to 00:00 EST July 5, 2018 (Oved, 2019; Press, 2018). In Fig. 1
(top), the white location symbols indicate the locations of heat-related
mortality. Fig. 1 (bottom) also provides the weather conditions during
the heatwave. The average temperature was around 28 °C with a peak of
35°C and a low of 20 °C, and the heatwave was declared then for a daily
maximum exceeding 31 °C on five consecutive days (Ding & Qian, 2011;
Hemraj et al., 2020). Specifically, during the period from June 30 to July
8, 2018, extreme heat conditions led to 66 confirmed heat-related deaths
on the Island of Montreal. The surveillance system’s data collection by
the Institut national de santé publique du Québec (INSPQ) focuses on
mortality and morbidity associated with extreme heat events, providing
valuable insights into the health impacts of such occurrences.

2.2. CityBEM simulations

2.2.1. CityBEM simulation coupling with surface prediction system (SPS)

Transient weather data serves as a crucial input dataset for CityBEM
(Katal et al., 2022), employed to compute the thermal-energy perfor-
mance of buildings. To bolster the precision of these simulations, it is
imperative to utilize local climate data specific to each building. In this
study, CityBEM is seamlessly integrated with SPS in a one-way config-
uration, with no feedback loop from CityBEM to SPS (Milbrandt et al.,
2016). This process entails the extraction and subsequent interpolation
of SPS data onto each building for CityBEM simulation. Key specifica-
tions include the city boundaries (latitude and longitude), along with all
SPS grid points situated within the delineated domain.

In Fig. 1 (top left) Red circles represent the grid points of High-
Resolution Deterministic Prediction System (HRDPS) weather data and
the gray circle represents the SPS grid point (Kehler et al., 2016). Then,
atmospheric elements required for building energy simulation (outdoor
air temperature, solar radiation, wind speed, wind direction, and dew
point temperature) are extracted for all SPS grid points inside the
domain. Finally, four SPS grid points around each building are selected,
and weather data are interpolated on the center of the building based on
the distance between the building center point and grid points, assuming
a linear interpolation 1.

The City Building Energy Model (CityBEM) is used to simulate indoor
overheating degree hours during the 2018 heatwave for each building,
capturing the physical exposure component of heat vulnerability. This
exposure indicator, along with socioeconomic and building-related
variables, forms the input dataset for the Penalized Logistic Regression
(PLR) model. PLR is then used to quantify the relationship between these
predictors and the probability of heat-related mortality. The trained PLR
coefficients are subsequently applied to calculate the Building Heat
Vulnerability Index (BHVI), ensuring that the index reflects statistically
validated risk weights. Together, CityBEM and PLR operate within a
unified framework—where CityBEM generates high-resolution exposure
data, and PLR identifies and quantifies key mortality predictors—to
support interpretable, spatially explicit vulnerability assessments at the
building level.

2.2.2. Overheating hours

The severity of the indoor overheating risk in Montreal was evalu-
ated by overheating degree hour (Lei et al., 2022; Porritt et al., 2012; Xie
et al., 2022; Yaqubi et al., 2022) to better evaluate the severity of the
overheating than using the number of overheating hours over threshold
temperatures since it quantifies the extent of exceedance from the
thresholds.
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DHipon = »  (Th — To)H M

where DH;,oy = overheating degree hour (°C-hr), Tj, = the hourly indoor
temperature (°C), Ts; = the threshold temperature (°C), H = the time step
of interest (hr), i.e., one hour in this study. Here, 26 °C (CIBSE, 2005;
CIBSE, 2013; Goncalves et al., 2021; Zou et al., 2022) is chosen as the
value of threshold temperature for the worst scenario in each building
(Zou et al., n.d.-a; Zou et al., 2022).

2.3. Social and economic data

Social and economic vulnerabilities are significant subcomponents of
BHVI (Bell et al., 2008; Cheng et al., 2021; Harlan et al., 2006; Rana
et al., 2017; Reid et al., 2009). In this study, eight social economic
subcomponents were considered. Normalized social-economic sub-
components extracted from Censusmapper, Geoportail Quebec, and
CityBEM are shown in Fig. 2 (https://censusmapper.ca; https://www.
inspq.qc.ca/geomatique/geoportail).

The population or population density is one of the most frequently
mentioned subcomponents in the former heat vulnerability studies (Bao
et al., 2015; Bell et al., 2008; Briicker, 2005; Harlan et al., 2006; Inos-
troza et al., 2016; Rosenthal et al., 2014; Stafoggia et al., 2006). It is
normally defined as the density of inhabitants per living block or per
square meter/km. The density of the heat-vulnerable population is
quantified by assessing the prevalence of chronic diseases among in-
dividuals within a geographic area, typically measured in administrative
divisions. Chronic diseases, such as cardiovascular conditions, diabetes,
respiratory issues, and mental disorders, heighten individuals’ suscep-
tibility to heat (Kenny et al., 2010; Kjellstrom et al., 2010; Meade et al.,
2020). High-density regions particularly face exacerbated risks under
extreme heat events. Understanding the distribution of these vulnerable
groups is crucial for implementing effective interventions and mitigating
the impacts of heat waves. The second most considered component is the
average income of the impoverished population (Cheng et al., 2021). It
has been demonstrated that this subcomponent is associated with
increased heat stress levels and heat-related mortality (Chen et al., 2022;
Cheng et al., 2021; Oved, 2019), due to multiple reasons such as less
affordability of mitigation methods and social services.

For the building aspect, according to Taylor et al. (Taylor et al.,
2015), the dwelling density is one of the main factors of the
population-attributable burden of heat death. Besides, it could be found
that most heat-related death during the historical heatwave happened in
the dwellings (Liu et al., 2017; Mitchell & Natarajan, 2019; Rinner et al.,
2010). Normally, a house with high market value tends to equip with
better heat stress resistance strategies (Harrington, 2014; Soriano,
2008). On the other hand, according to Hatvani-Kovacs et al. (Hatvani-
Kovacs et al.,, 2018), the heat stress resistance of the building will
significantly affect the dwelling value in the market. Thus, the high-
value buildings will be less heat vulnerable than the low-value build-
ings during the heatwave. Moreover, the building age could be an
important criterion to predict its ability to heat resilience as well as its
accessibility to heat mitigation methods (Cheng et al., 2021). Older
buildings tend to lack thermal insulation and AC systems, while the
external wall of modern buildings could reflect more sunshine and
absorb less heat (Laouadi et al., 2020). The percentage of air condi-
tioning (AC) distribution across different areas is vital in assessing the
adaptive capacity of communities to cope with heat waves. Areas with
low AC penetration are generally more vulnerable to heat-related ill-
nesses and mortality, particularly during prolonged periods of high
temperatures (Peplinski et al., 2023; Sailor et al., 2019; Sarofim et al.,
2016). Policymakers can use this information to prioritize infrastructure
upgrades and subsidies for AC units in underserved communities,
thereby reducing heat vulnerability.
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2.4. Building heat vulnerable index (BHVI) trained coefficients, as illustrated in Fig. 3.
Eq. 2 defines building heat vulnerable index (BHVI) of specific
The main risk assessment method of BHVI follows the concept of the building n in the figure:

risk triangle (Crichton, 1999; Field & Barros, 2014; Gwilliam et al., s
2006; Pidgeon & Butler, 2009). Instead of assuming equal contributions BHVI, = Z biXin
from each risk component as in the traditional risk triangle (Crichton, =1
1999), the actual contributions are determined using machine learning

methods. These contributions are then combined into the BVHI using the

@

where X;, for the Min-Max normalized subcomponents X; (Normalized
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Fig. 3. Flowchart of calculating Building heat vulnerable index.

method is described in Section 2.5, information of X; are shown in Fig. 2)
for building n, b; is the trained coefficient by PLR model for X;. The
overheating degree hour and building age were generated by CityBEM
(Section 2.2), and the socioeconomic components were collected from
Censusmapper and Geoportail Quebec (Section 2.3).

2.5. ML method for processing data

For the analysis and predictive modeling in this study, we employed
the R Statistical Software (R. R Core Team, 2013), which facilitated the
application of several advanced statistical techniques. For analyses that
required PLR, the glmnet package was utilized, which implements reg-
ularization paths for generalized linear models as developed by Fried-
man et al. (Friedman et al., 2010).

2.5.1. Data pre-processing

The dataset was initially subjected to several pre-processing steps:
Each variable was standardized using min-max standardization to allow
for direct comparison of the magnitudes of the coefficients in the PLR
model, and complete cases (i.e., all variables were non-missing) were
retained for further analysis. Outliers, defined as observations lying
more than plus or minus five standard deviations from the mean, were
removed to enhance the generalizability and stability of the models.
Although three standard deviations are commonly used for normally
distributed data (per the empirical 68-95-99.7 rule), in high-
dimensional and non-Gaussian datasets, especially where predictors
span different scales and distributions, more stringent thresholds (e.g.,
+56) have been adopted in prior literature to avoid loss of informative
extreme values (Aggarwal, 2016; Iglewicz & Hoaglin, 1993; Singh &
Upadhyaya, 2012).

The standardization formula applied was:

Xi — Ximin

Xin=c—7—"7 3
o Xi,ma.x - Xi.min

where X;, is normalized subcomponents X;, Xjmq and Ximin are the
maximum and minimum values of subcomponents X;.

Additionally, the Variance Inflation Factor (VIF) was calculated to
assess multicollinearity. The results of VIF are shown in Table 1.

Table 1

Results of VIF.
Variable VIF
X1: Dwelling density 5.24
X2: Dwelling value 1.15
X3: Population density 1.33
X4: Average income 5.38
X5: Building construction year 1.19
X6: Overheating degree hour 1.03
X7: Density of heat-vulnerable population 1.28
X8: Percentage of AC distribution 1.08

Although high VIF values were noted for X1 and X4, variables were not
removed due to the primary focus on prediction and the resilience of the
chosen analytical method (PLR) to multicollinearity (Dormann et al.,
2013; Neter et al., 1996).

2.5.2. Penalized logistic regression (PLR)

PLR was chosen over more complex machine-learning algorithms for
three reasons. First, PLR simultaneously performs feature selection and
yields easily interpretable coefficients, facilitating construction of the
Building Heat Vulnerability Index (BHVI) and enabling direct policy
insights. Second, regularization mitigates multicollinearity, which is
common among socioeconomic and environmental covariates. Third,
logistic models are less prone to overfitting on highly imbalanced data
and require fewer resampling heuristics than ensemble or kernel
methods.

. 13
logit(P) = log (m> =a+bX; +bXo +... + b, X, 4
where, P is the probability of heat-related death occurrence for the
building, a is the intercept (constant) term, b; is the coefficient associ-
ated with the predictor variable X;.

LASSO penalty is shown as

8
L(b) =2 |bi| 5)
i=1

where, L(b) is the LASSO penalty, 4 is the regularization parameter that
controls the strength of the penalty (A = in this study).

The log-likelihood of PLR use LASSO penalty (Eq. 5) is shown as
follow:

n

logL,(y : b) = Z - [y,log(pj) + (1 —yj)log<1 —pj)] +/1§: |bi (6)

Jj=1

where logL,(y : b)is the log-likelihood of the penalized logistic regres-
sion model with the LASSO penalty, y; is the actual binary outcome (1 if
there is mortality, 0 if there is no mortality) for the j-th observation, p; is
the predicted probability of mortality occurring for the j-th observation,
n is the number of observations.

The model performance is assessed by conducting a 10-fold cross-
validation to ascertain the optimal penalty parameter 1, ensuring a
balance between the model’s complexity and its predictive accuracy.
This cross-validation process was crucial for determining the appro-
priate level of regularization to avoid overfitting while maintaining a
robust model performance. The threshold for decision-making was
optimized based on the ROC curve, and both the sensitivity and speci-
ficity of the model were evaluated. The cutoff point determined by ROC
curve is 0.4 for PLR, as shown in Fig. 4. This cutoff point was chosen to
achieve a balance between sensitivity and specificity, as it yielded the
highest Youden’s Index during model evaluation (Fan et al., 2006). The



J. Zou et al.

Cities 169 (2026) 106558

Receiver Operating Characteristic (ROC) Curve

1.0 7
’/
//
,/
,/
/,,
0.8 R
/l
,/
’/
,/
~ 0.6 e
2 P
= .
8 -
£ 041 P
,/
,/
’/
//
/,,
v P 4
0.2 o
//
//,
,/’ ROC curve (AUC = 0.821)
0.0 £~ ; ; : :
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

Fig. 4. Receiver operating characteristic (ROC) curve of PLR.

model’s performance will be illustrated in Section 3.1.
3. Results and discussion
3.1. Performance of penalized logistic regression

The PLR was used to model the same dataset with k-fold (k = 10)
cross-validation. The optimal threshold for classification determined
based on ROC curve was found to be 0.39. The PLR model’s performance
metrics is assessed as shown in Table 3.

In the evaluation of the PLR, the model demonstrated a high sensi-
tivity of 96 %, which effectively identified the most positive cases.
However, specificity was lower at approximately 59 %, indicating a
considerable rate of false positives. The Positive Predictive Value (PPV)
was notably low at 0.202 %, suggesting that a large proportion of pos-
itive predictions were incorrect. Given the goal of predicting heatwave
mortality, a less-than-optimal specificity and PPV do not pose a major
concern. Conversely, the Negative Predictive Value (NPV) was
extremely high at nearly 100 %, confirming the reliability of negative
predictions. Despite these strengths, the model’s overall accuracy, re-
flected by the Balanced Accuracy, was around 78. This performance
indicates some limitations in the PLR approach for this dataset, pri-
marily due to the high number of false positives.

Although PLR has relatively lower accuracy, it still holds significant

Table 3

Performance of PLR.
Index Value
Sensitivity 0.96
Specificity 0.593401
Pos Pred Value 0.002024
Neg Pred Value 0.999942
Prevalence 0.000858
Detection Rate 0.000824
Detection Prevalence 0.407074
Balanced Accuracy 0.776701

advantages. The interpretability of its coefficients, which allows a
detailed understanding of each predictor’s impact on the outcome, is
crucial in areas where elucidating the influence of variables is as
important as predictive accuracy. This model inherently performs
feature selection by applying an L1 penalty, which not only simplifies
the model by eliminating non-contributive features but also enhances its
generalizability. Additionally, the parsimony of logistic regression
makes it easier to explain and validate, which is particularly important
in settings where stakeholders require clear and understandable model
mechanics. Finally, unlike more complex models, PLR facilitates statis-
tical inference, enabling hypothesis testing and providing confidence
intervals for estimates. These attributes justify its use in scenarios where
the depth of insight into variable significance outweighs the need for the
highest possible accuracy.

3.2. Variable importance predicted by Penalized Logistic Regression

The results from the PLR offer a quantitative assessment of the
impact of various predictors on the likelihood of outcomes in the dataset
as shown in Fig. 5. Notably, the variable ‘dwelling density’ has a sub-
stantial positive coefficient of approximately 16.0 indicating a signifi-
cant increase in the outcome’s likelihood with each unit increase in
‘dwelling density’. This suggests that factors related to housing density
or quantity significantly elevate the probability of the outcome being
studied. Conversely, ‘Average income’ presents substantial negative
coefficient of —12.7 indicating that higher average incomes is associated
with a reduced likelihood of the outcome. This reflects the potential
mitigating effect of higher socioeconomic status on the risks associated
with the outcomes.

Further analysis reveals that ‘AC percentage’ and ‘Dwelling value’
also have notable negative impacts on the outcome, with coefficients of
—3.6 and — 3.3, respectively. These findings imply that improvements in
living conditions, such as better-quality housing and increased access to
air conditioning, significantly decrease the likelihood of the outcome.
The variable ‘Population’ shows a positive coefficient of 1.9, which
suggests that larger populations correlate with an increased probability
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Fig. 5. Coefficient of social-economic parameters predicted by PLR.

of the outcome, possibly due to the amplification of risk factors in more
densely populated areas. The model also indicates a slight negative trend
over time with the ‘year’ variable showing a coefficient of —1.1, sug-
gesting gradual improvements or adaptations over the years that reduce
the likelihood of the outcome.

It should be noted that ‘overheating degree hour’ presents a negative
coefficient of —3.4, indicating that a higher overheating degree hour
leads to a lower probability of mortality occurrence, which is against the
expected response. However, in the current study, all buildings were
assumed to be naturally ventilated because the AC schedules and setting
information were unavailable. So, the distribution of air conditioning
was not implemented when calculating overheating hours, subject to
strong uncertainties. Considering that the contribution of AC percentage
is greater than the overheating degree hour, the analysis of building
performance factors is therefore considered acceptable.

L0

3.3. BHVI development and map of heat risk

BHVI is calculated through Eq. (2), with the values shown in Table 4.
Then, the BHVI is normalized with Max-Min method, getting the
following correlation:

logit(P) = log (%) = —6.6+15.1nBHVI @

The above equation could be transformed into:

1
p= 1 + e (-6.6+15.1nBHVI) ®

A correlation between nBHVI and probability of heat-related mor-
tality occurrence, also known as relative heat risk (P) could then be
shown in Fig. 6. Based on ROC curve of PLR, the optimal cut off point is
determined as 0.4, shown as the red dash line inside the figure, which
suggests that the building with predicted mortality probability larger
than 0.4 is estimated to have mortality-risk by PLR, while the building

Graph of Predicted Death Probability vs nBHVI

— P= :

1+ e—(—66+ 15.1- nBHVI)
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0.0 0.2 0.4

T T

0.6 0.8 1.0
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Fig. 6. Correlation between nBHVI and heat-related mortality probability predicted by PLR.
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change under 50 % AC increase; (d) Map of risk level change in 100 % AC increase.

with probability lower than 0.4 does not have risk of heat-related
mortality.

Utilizing a cutoff point of 0.4 in the PLR model, the attached map
(Fig. 7 a) delineates areas of varying heat risk. The legend categorizes
the predicted mortality probabilities into four distinct heat risk levels:
“Low risk” for probabilities ranging from O to 0.4, indicating minimal
likelihood of heat-related mortality; “Moderate risk” for probabilities
from 0.4 to 0.6, suggesting a low danger; “High risk” for probabilities
from 0.6 to 0.8, reflecting a threat of heat-related mortality; and “Crit-
ical risk” for probabilities from 0.8 t01.0, signifying a high likelihood of
adverse outcomes due to heat.

The central and eastern parts of Montreal, including densely popu-
lated boroughs such as Ville-Marie, Sud-Ouest, and Plateau-Mont-Royal,
are identified as critical-risk areas (Red, probability 0.8-1.0). These
zones are characterized by high urban density, which includes tall
buildings, narrow streets, and minimal tree cover. This urban configu-
ration exacerbates the urban heat island effect, where heat is trapped
between buildings and hard surfaces like asphalt and concrete, signifi-
cantly increasing temperatures. Additionally, industrial areas in bor-
oughs like Saint-Léonard and Anjou also fall within this category due to
their extensive impervious surfaces and heat emissions from industrial
activities, which contribute further to local temperature increases.

High-risk areas (Orange, probability 0.6-0.8) are typically transi-
tional zones that bridge densely populated urban centers with suburban
outskirts. Neighborhoods such as Rosemont-La Petite-Patrie and Cote-
des-Neiges are examples of high-risk areas. These regions possess a mix
of residential and commercial developments with varying levels of green
spaces and tree canopies. While these areas have better ventilation and
less dense infrastructure than high-risk zones, they still retain enough
urban characteristics to sustain elevated temperatures, albeit at a lesser
intensity than the central boroughs.

The Moderate-risk areas (Yellow, probability 0.4 to 0.6) are pre-
dominantly found in suburban regions of Montreal like Pierrefonds-
Roxboro and Pointe-Claire. These areas benefit from modern urban

planning that often includes better building insulation standards, more
prevalent air conditioning usage, and a substantial amount of green
spaces and tree coverage. The urban sprawl in these areas is less intense,
allowing for more open spaces and effective heat dissipation, which
contributes to a cooler local climate compared to more urbanized
regions.

Low-risk areas (Blue, probability O to 0.4) are primarily located on
the outskirts of Montreal and near large bodies of water, such as L’ile-
Bizard, Sainte-Anne-de-Bellevue, and along the shores of Verdun. These
neighborhoods are characterized by low population density, extensive
natural landscapes, and proximity to water bodies that provide signifi-
cant cooling effects. The open spaces and abundant vegetation help in
reducing the overall temperature, making these areas ideal for miti-
gating the urban heat island effect.

3.4. Impacts of AC percentage increase on mitigating heat risk

Enhancing air conditioning (AC) capacity within urban areas
significantly affects the distribution of heat risk levels, thereby
improving thermal comfort across different zones. To evaluate the
impact of AC improvements on heat-related mortality risk, we employed
a Predictive Logistic Regression (PLR) model. This model predicts the
probability of heat-related mortality under various AC scenarios. To
estimate the uncertainty associated with these predictions, we utilized a
bootstrap simulation method. This method is advantageous as it does not
make any assumptions about the underlying data distribution. Specif-
ically, the bootstrap method involved conducting 1000 simulations,
each drawing a 5 % subsample from the complete dataset using stratified
sampling with replacement. This sampling approach was critical to
maintain the original proportion of mortality and non-mortality cases in
each subsample.

While the bootstrap method is robust for estimating empirical dis-
tributions without assuming a normal distribution, it has limitations.
Firstly, the accuracy of bootstrap estimates can be compromised if the
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original sample is not representative of the population, or if outliers
heavily influence the results. Additionally, bootstrap methods can be
computationally expensive, especially with a large number of simula-
tions and complex models like PLR. These factors need to be considered
when interpreting the results, as they might affect the generalizability
and precision of the findings.

During each simulation iteration, three synthetic datasets were
generated to represent potential real-world scenarios with incremental
AC capacity increases of 25 %, 50 %, and 100 %. For instance, increasing
a building’s AC capacity by 50 % from an initial setting of 0.5 results in
an adjusted AC level of 0.75. A maximum value of 100 % will be applied
if the adjusted value is above 100 %. The impact of these adjustments on
heat risk was then analyzed by computing 95 % confidence intervals for
each risk category, both before and after the AC enhancements. This
provided a quantifiable measure of statistical uncertainty.

The AC increases illustrated in Fig. 7 are relative to the original AC
levels of each building as shown in Fig. 4 (X8). The data consistently
reveal that increments in AC capacity leads to a significant rise in the
areas classified as “Low risk” while concurrently reducing the extent of
areas under higher risk categories. With the original AC settings (Fig. 7
a), a majority (60.35 %) of the area falls into the “Low risk” category,
demonstrating that current AC levels are already mitigating heat-related
risks to a substantial extent. However, as AC capacity is increased by 25
% (Fig. 7 b), the areas under “Low risk” rise to 65.71 %, indicating
improved cooling efficacy. This enhancement in AC efficiency further
reduces the “Moderate risk” and “High risk” categories by small margins
and slightly lowers the “Critical risk” areas to 3.24 %. A more pro-
nounced effect is seen with a 50 % increase in AC capacity (Fig. 7 c),
where “Low risk” areas escalate to 70.54 %. Here, “High risk” and
“Critical risk” categories experience more significant reductions, sug-
gesting that moderate increases in AC are particularly effective at
mitigating higher levels of thermal discomfort. The most dramatic shift
is observed when AC capacity is doubled (100 % increase, Fig. 7 d), with
“Low risk” areas covering 78.85 % of the surveyed zone. This scenario
highlights a drastic reduction in all forms of heat risk, most notably with
“Critical risk” areas plummeting to just 1.23 %.

The series of maps (Fig. 7) depicting various scenarios of AC capacity
increases across Montreal offers a comprehensive view of how en-
hancements in cooling infrastructure impact urban heat risk distribu-
tion. Initially, under the original AC settings, critical-risk areas are
predominantly located in densely populated and industrially active
districts like Ville-Marie, Sud-Ouest, Plateau-Mont-Royal, Rosemont,
and Mercier, characterized by high building density. These regions show
a stark contrast in heat risk distribution compared to the peripheral and
less densely populated areas, which exhibit lower risk levels.

As AC capacity is increased by 25 %, there is a noticeable expansion
of “Low risk” zones with a general reduction of predicted death proba-
bility around 5 %, particularly in less urbanized areas such as Verdun
and parts of Saint-Laurent, transitioning from moderate-risk statuses.
This indicates that even modest increases in AC capacity can signifi-
cantly enhance thermal comfort, especially in residential zones with
lower building densities. Concurrently, central areas such as Ville-Marie
and Sud-Ouest show a reduction in high-risk zones, suggesting improved
conditions, though these areas continue to experience significant heat
stress due to their urban makeup.

The impact of AC capacity increases becomes more pronounced with
a 50 % enhancement. Critical and high-risk areas see a substantial
decline with reduction of predicted death probability of 20 %, especially
in transitional zones like Lachine and Lasalle, moving towards lower risk
categories. This trend is more marked with a 100 % increase in AC ca-
pacity, where central zones around Montreal Downtown such as Ville-
Marie, Mercier, and Rosemont witness a dramatic reduction in high-
risk areas (with reduction up to 30-40 %), nearly eliminating them.
Peripheral regions like Pierrefonds-Roxboro and Pointe-Claire largely
transition to low-risk statuses, showcasing the potential of extensive AC
deployment in mitigating urban heat risks effectively.
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This progressive decrease in higher heat risk categories with
increasing AC capacity underscores the critical role of adequate cooling
systems in urban heat management, particularly under the escalating
challenges posed by climate change. These findings advocate for policies
that support the expansion and enhancement of AC systems, especially
in densely populated or highly urbanized areas prone to severe heat
stress. However, it is essential to balance this approach with consider-
ations for energy consumption and environmental sustainability,
potentially integrating renewable energy sources and improving build-
ing insulation to offset the increased energy demands of higher AC
usage.

3.5. Discussion

Our study’s building-level analysis of heat-related mortality risk in
Montreal shares common ground with several recent works on urban
heat vulnerability but extends them through finer spatial resolution and
integration of indoor overheating data. For instance, Igbal et al. (Igbal
et al., 2023) assessed human heat vulnerability across different Local
Climate Zones (LCZs) in Lahore, highlighting lower vulnerability in
compact urban zones due to better socioeconomic conditions and access
to services. Similarly, our study identified “dwelling density” and
“average income” as the two most influential factors affecting heat-
related mortality. While compactness in Igbal et al. (Igbal et al., 2023)
corresponded to reduced vulnerability due to better infrastructure, our
findings show that high dwelling density in socioeconomically disad-
vantaged neighborhoods can amplify risk—underscoring that
compactness alone does not determine vulnerability unless coupled with
equitable resource access.

Other studies have focused on environmental mitigation strategies
such as urban greening. Analyzed the cooling effect of urban parks in
Xi’an and found that factors like park area, vegetation, and surrounding
building density significantly influenced temperature reduction. While
our study does not directly examine urban greenery, the spatial patterns
identified in our Building Heat Vulnerability Index (BHVI) can inform
city planners where green interventions, such as parks or vegetated
buffers, may be most needed to alleviate heat risks. Similarly, the work
of Hui et al. (2024), which showed that building-integrated vegetation
can reduce aerodynamic wind loads and surface pressures, supports the
broader implication from our findings that building-level characteristics
should be a focus for future design-based heat mitigation strategies.

From a methodological standpoint, our approach also aligns with
recent efforts to combine socioeconomic, environmental, and spatial
data for localized vulnerability assessment. Rana et al. (2022) developed
a heatwave vulnerability index for formal and informal settlements in
Lahore and found informal communities to be more at risk due to lower
coping capacity. This mirrors our finding that lower-income areas in
Montreal show elevated mortality risk. Moreover, Nassar et al. (2024)
employed GIS-integrated modeling to assess regenerative strategies for
slums in Egypt, while Rahman (2024) applied machine learning to
predict climatic trends like evapotranspiration. These studies reinforce
the growing importance of using integrated, data-driven approaches for
climate risk assessment. Our use of penalized logistic regression (PLR)
adds to this toolkit by providing both interpretability and predictive
capacity, particularly valuable in data-scarce settings. Altogether, our
study contributes a scalable, high-resolution framework that combines
statistical modeling with spatial mapping to inform localized and so-
cially equitable heat mitigation strategies.

4. Conclusions

This study critically addresses urban heat vulnerability by focusing
on three core objectives: identifying key climatic and socioeconomic
variables contributing to heat-related mortality, pinpointing potential
heat-vulnerable regions in Montreal during heatwaves, and assessing the
impact of AC enhancements on mitigating heat risks.
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Firstly, a machine learning model, PLR, is utilized in this study to
analyze and quantify the influence of various climatic and socioeco-
nomic factors on heat-related mortality. According to PLR, the variable
‘dwelling density’ has a substantial positive coefficient of approximately
15.995, indicating a significant increase in the outcome’s likelihood
with each unit increase in ‘dwelling density’. Conversely, ‘Average in-
come’ presents substantial negative coefficient of —12.735, indicating
that higher average incomes is associated with a reduced likelihood of
the outcome. This reflects the potential mitigating effect of higher so-
cioeconomic status on the risks associated with the outcomes.

Secondly, the study identified and mapped heat-vulnerable regions
across Montreal by employing predictions from our machine-learning
models. These predictions enabled us to delineate areas with varying
levels of heat risk, from critical to low risk, based on a composite index
developed from the analyzed variables. This spatial analysis revealed
critical hotspots, particularly in densely populated or socio-
economically disadvantaged areas, where interventions might be most
needed to mitigate the effects of heatwaves.

Thirdly, the impact of AC modifications on heat vulnerability was
thoroughly evaluated. Our findings demonstrated that increasing AC
capacity significantly lowers the risk of heat-related mortality, with
more pronounced benefits observed in high-risk areas. This was evi-
denced by a marked decrease in areas categorized as critical risk when
AC capacity was increased, suggesting that strategic enhancements in
cooling infrastructure could be a vital component of urban planning and
public health initiatives aimed at reducing heat stress during extreme
temperature events.

In conclusion, this study provides a comprehensive framework for
understanding and addressing heat vulnerability in urban settings. By
integrating climatic data, socioeconomic factors, and building-specific
characteristics within a machine-learning context, we offer actionable
insights for urban planners and policymakers. These insights facilitate
targeted interventions, such as the optimization of AC systems and the
development of cooling centers, particularly in identified vulnerable
regions. While the study establishes a strong foundation, future research
should aim to incorporate real-time environmental monitoring and
consider the heterogeneity of AC distribution to refine the predictions
further. This ongoing research will be crucial in enhancing urban resil-
ience against the growing threat of heatwaves in the face of climate
change.
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