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ARTICLE INFO ABSTRACT

Keywords: This study proposes a spatio-temporal machine learning framework that integrates a Long Short-Term Memory
Heat wave Risk Assessment network with the nature-inspired Hippopotamus Optimization Algorithm for Heat Wave Risk (HWR) assessment
LSTM

in Bologna, Italy, where HWR refers to the combined threat posed by the intensity, frequency, and duration of
extreme heat events and their impact on exposed and vulnerable populations. We utilized environmental,
infrastructure, and demographic data spanning from 2014 to 2023. The heat wave model was developed using 14
key factors covering hazard, exposure, and vulnerability under Representative Concentration Pathways (RCPs)
4.5, 6.0, and 8.5. Inspection of the results revealed temperature, distance to public transportation, local climate
zone, and Enhanced Vegetation Index (EVI) as critical factors influencing HWR. Performance evaluations
employing statistical indices and a confusion matrix affirm the model’s robust predictive capabilities. The
developed model accurately distinguished between risk categories, achieving class-wise accuracies of 77.76 % for
the *Very Low’ risk class and 78.72 % for the "High’ risk class, both of which were considered satisfactory. The
Partial Dependence Plot approach is employed to interpret the behavior of the developed machine learning
model, revealing that high temperatures, high relative humidity, limited vegetation cover, and increased distance
from critical services such as healthcare and public transportation strongly influence the predicted HWR.
Notably, projections under RCP 8.5 predict a significant increase in *Very High’ risk areas from 34 % in 2023 to
65 % by 2050. The study also confirms that enhancements in EVI and reduced proximities to green areas
significantly mitigate HWR. These results emphasize the importance of incorporating targeted green infra-
structure in urban planning to enhance resilience against heat waves, providing essential insights for urban
planners and policymakers.

Older Population
Machine Learning
Bologna

1. Introduction deaths have been recorded annually, with Europe bearing a dispropor-

tionate burden (Lhotka & Kysely, 2022). Notable events such as the

Heat waves, defined as prolonged periods of abnormally high tem-
peratures, have become one of the most critical and deadly manifesta-
tions of climate change. The Intergovernmental Panel on Climate
Change (IPCC, 2023) projects that urban areas in Europe may experi-
ence temperature increases between 2 and 8 °C by the end of the 21st
century. These conditions are expected to intensify the frequency,
duration, and severity of heat waves (Vicedo-Cabrera et al., 2023).
Numerous studies have demonstrated consistent associations between
heat waves and adverse health outcomes (Anderson & Bell, 2011; Gas-
parrini et al., 2015). From 2000 to 2019, nearly 489,000 heat-related
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2003 European heat wave, which caused over 70,000 fatalities
(Ballester et al., 2023), and the record-breaking temperatures in 2023
underscore the urgent need for accurate and actionable Heat Wave Risk
(HWR) assessments.

To understand the impact of heat waves on human health and well-
being, it is essential to analyze both the spatial distribution and temporal
evolution of heat waves, as these characteristics vary by region and over
time. Urban areas are particularly vulnerable to heat waves due to the
Urban Heat Island (UHI) effect, where built environments absorb and
retain heat, exacerbating temperature extremes (Gao et al., 2019). These
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effects are compounded in cities with aging populations, where residents
aged 65 and older are at greater risk due to reduced thermoregulation,
pre-existing health conditions, and mobility constraints (Woodland
et al., 2023a). Notably, older populations not only face higher exposure
but also influence policy development, as municipalities with a higher
share of elderly residents are more likely to adopt climate adaptation
measures (Yang et al., 2021). This underscores the importance of inte-
grating demographic equity into heat resilience planning. International
frameworks such as the Sendai Framework for Disaster Risk Reduction
(UNDRR, 2015), the Sustainable Development Goals (SDGs), and the
Paris Agreement emphasize the need for comprehensive risk assess-
ments that address the interconnected elements of hazard, exposure, and
vulnerability.

Despite advancements, many existing approaches remain limited by
three critical issues: (1) oversimplification of complex, nonlinear cli-
mate-urban-demographic interactions; (2) lack of interpretability in
predictive models; and (3) inadequate forecasting capacity for future
climate conditions. As a result, there is a growing demand for integra-
tive, interpretable, and dynamic models capable of supporting localized
risk reduction strategies. This study responds to that demand by pro-
posing a spatio-temporal Machine Learning (ML)-based framework that
combines a Long Short-Term Memory (LSTM) neural network with the
Hippopotamus Optimization Algorithm (HOA) to model HWR in
Bologna, Italy. Our approach integrates high-resolution environmental,
demographic, and infrastructural data across 10 years (2014-2023) and
evaluates projected risks for the year 2050 under three Representative
Concentration Pathways (RCPs): 4.5, 6.0, and 8.5.

This study is guided by three key research questions. First, it in-
vestigates the extent to which environmental, infrastructural, and de-
mographic indicators contribute to HWR in urban contexts. Second, it
explores how effectively a deep learning model, specifically LSTM,
optimized using a metaheuristic algorithm can predict HWR at a fine
spatial resolution. Third, it examines the role of green infrastructure,
particularly urban vegetation, in mitigating future HWR under different
climate change scenarios.

To address these questions, the study aims to achieve several ob-
jectives. It seeks to develop a comprehensive, data-driven HWR index
that incorporates the three dimensions defined by the IPCC: hazard,
exposure, and vulnerability. The LSTM model is trained on a ten-year
dataset and optimized using the HOA to improve prediction accuracy
and generalization. To enhance interpretability, the study applies Partial
Dependence Plots (PDPs), allowing for the assessment of each pre-
dictor’s influence on model outputs. Furthermore, the model forecasts
the spatial distribution of HWR in the year 2050 under three climate
scenarios—RCP 4.5, RCP 6.0, and RCP 8.5. Lastly, the study evaluates
the effectiveness of Nature-Based Solutions (NBS), such as green space
density and vegetation coverage, in reducing projected HWR, offering
insights for adaptive urban planning.

This study is organized as follows: Section 2 presents a concise
literature review of previous research on HWR assessment. Section 3
describes the study area and outlines the definitions of heat wave haz-
ard, exposure, and vulnerability. It also details the data preprocessing
steps, the architecture of the LSTM model, the hyperparameter optimi-
zation using the HOA algorithm, and the model validation approach.
Section 4 presents the results, including model performance, risk map-
ping, and scenario projections under different RCPs. Section 5 discusses
the key findings, as well as the strengths and limitations of the study.
Finally, Section 6 summarizes the main conclusions and suggests di-
rections for future research.

2. Literature review

Heat wave risk assessments have traditionally relied on three pri-
mary approaches: statistical modeling, process-based simulations, and
scenario-based planning.

Statistical models such as linear regression, logistic regression, and
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generalized additive models have been used to analyze historical climate
and health data (Mudelsee, 2019). These models are relatively simple
and interpretable but often fail to capture the nonlinear and spatio-
temporal complexity of heat wave impacts, especially in urban envi-
ronments. Composite indices based on Principal Component Analysis
(PCA) or the IPCC risk framework have been used to integrate variables
like temperature, age, income, and service access (Sahani et al., 2024;
Wang et al., 2023; Wu et al., 2024). These indices can effectively identify
high-risk zones but may overlook dynamic interactions between
variables.

Process-based models, including land-atmosphere coupled simula-
tions and regional climate models, offer a more physically realistic
representation of heat wave dynamics. They incorporate detailed input
parameters like land surface temperature, urban morphology, and
bioclimatic indices (Varquez et al., 2025). However, their application is
limited by high computational cost and data demands. Moreover, they
often lack integration with social or health indicators, which are critical
for vulnerability assessment.

Scenario-based planning helps in evaluating long-term adaptation
pathways under different climate, demographic, and policy scenarios
(Gordon & Glenn, 2003; Shah & Sharifi, 2025). This method is valuable
for strategic planning but lacks predictive accuracy and operational
utility. Limitations include weak integration of health data, inconsistent
indicators, and limited contextual sensitivity (Ye & Yang, 2025).

Recent advances have increasingly embraced Artificial Intelligence
(AI) and ML approaches. ML models can uncover nonlinear patterns
across large and heterogeneous datasets (Reichstein et al., 2019), of-
fering improved accuracy and granularity. In recent years, a wide range
of ML model configurations have been effectively employed for climate
risk modeling. These include neural network-based approaches such as
Convolutional Neural Networks (CNNs) (Jacques-Dumas et al., 2022),
Deep Neural Networks (DNNs) (Yadav & Thakkar, 2024), Recurrent
Neural Networks (RNNs) (Byagar et al., 2024), and LSTM networks
(Chung et al., 2020). Kernel-based models, particularly Support Vector
Machines (SVMs) (Khan et al., 2021; Pourzangbar et al., 2017a), as well
as ensemble learning techniques such as Categorical Boosting
(Pourzangbar et al., 2025; Razavi-Termeh et al., 2025), Gradient
Boosting (Ghafarian et al., 2022), and Random Forests (Kumar et al.,
2021), have also demonstrated significant success in capturing the
complex patterns associated with climate-related hazards. Yet, the per-
formance of ML models is highly sensitive to hyperparameter tuning,
which can lead to convergence issues or overfitting (Dhake et al., 2023).
To compensate for this limitation, ML models are integrated with met-
aheuristic algorithms. Various methods, including local and global
optimization techniques, are employed to tune these parameters.
Recently, various types of metaheuristic algorithms including Imperi-
alist Competitive Algorithm (Nur et al., 2022), Whale Optimization Al-
gorithm (Garcia-Nieto et al., 2021), Grey Wolf Optimizer (Rezaie et al.,
2022), Grid Search (Ahmadlou et al., 2022), Particle Swarm Optimiza-
tion (PSO) (Kumar et al., 2019), Genetic Algorithm (GA) (Karimi et al.,
2024), Differential Evolution (Zeng et al., 2022), and Grasshopper
Optimization Algorithm (Han & Vartosh, 2023) have been successfully
integrated with ML algorithms to map climate-induced hazard and risk
susceptibility. However, the application of integrated ML models in
HWR mapping is limited. Most studies have focused on isolated com-
ponents of HWR, primarily vulnerability, rather than conducting
comprehensive risk assessments.

LSTM networks are particularly well-suited for time-series analysis
due to their ability to capture long-term dependencies (Chung et al.,
2020). This has led to the adoption of metaheuristic algorithms to
enhance performance. Compared to traditional algorithms such as PSO,
which updates solutions based on swarm dynamics, and GA, which
depend on crossover and mutation operations, the HOA algorithm
achieves a more effective balance between exploration and exploitation,
reducing the risk of premature convergence and making it ideal for
optimizing deep learning models in high-dimensional, nonlinear
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problems (Pavlov-Kagadejev et al.,, 2024). Moreover, HOA’s
territory-based strategy and adaptive escape mechanisms enhance
population diversity, further improving optimization performance
(Amiri et al., 2024).

Despite these advances, model interpretability remains a key chal-
lenge (Pourzangbar et al., 2023b). Tools like layer-wise relevance
propagation (Bach et al., 2015), gradient-weighted class activation
mapping (Selvaraju et al., 2020), Shapley Additive Explanations (SHAP)
(Rasheed et al., 2022), as well as PDP (Moosbauer et al., 2021) help
reveal the contribution of each feature to the model’s predictions. Yet,
few studies have applied these techniques in HWR modeling, particu-
larly within spatiotemporal ML-based frameworks.

Therefore, this study aims to bridge these gaps by integrating LSTM
with HOA into a spatiotemporal ML-based pipeline for comprehensive
heat wave risk assessment. It further applies PDPs to make the model
interpretable and aligns the analysis with nature-based mitigation
strategies (Chausson et al., 2020; Marando et al., 2022).

3. Material and methods
3.1. Study area

Bologna (44.498955°N; 11.327591°E), located in Italy’s Emilia-
Romagna region between the Tuscan-Emilian Apennines and the Po
Valley, is particularly vulnerable to extreme heat due to its unique
geographic and climatic conditions. Its humid subtropical climate and
frequent high-pressure systems contribute to intense and prolonged
summer heat waves, as well as periods of heavy rainfall and drought
(Kottek et al., 2006). Situated within the highly polluted areas (namely,
Pianura Padana) (EEA, 2023), and characterized by significant soil
consumption, especially in the city center, Bologna presents a critical
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setting for examining the susceptibility to UHI effects, particularly
during the frequent and intense summer heat waves (Cremonini et al.,
2023).

Covering an area of 140.9 km? and home to approximately 400,000
residents, with a density of 2772 people/km?, Bologna includes a diverse
population of 330,800 Italians and 59,718 foreigners (ISTAT, 2024). The
city has been proactive in climate change adaptation (LIFEGATE, 2023),
implementing initiatives aligned with the United Nations SDGs and the
Sustainable Energy and Climate Action Plan (SECAP) (C40 Cities, 2016),
which include enhancing green spaces to mitigate heat effects (Joe et al.,
2021). Despite these efforts, Bologna continues to face significant
challenges from increasing heat wave intensity and frequency, which
disproportionately affects its aging population. The administrative
structure—comprising six districts, 18 zones, and a further subdivision
into 90 census tracts, as illustrated in Fig. 1—provides a detailed
framework for targeted HWR assessment and evaluation of urban
planning interventions. Bologna’s case underscores the urgent need for
ongoing refinement of adaptation strategies to protect its vulnerable
populations and enhance overall urban resilience against climatic shifts
(Cremonini et al., 2023).

3.2. Methodological approach

This study proposes an integrated spatio-temporal ML-based frame-
work to assess HWR in Bologna, Italy, by combining environmental,
meteorological, and socioeconomic data spanning 2014-2023. As out-
lined in Fig. 2, the methodology comprises three main stages: (1) data
collection, (2) preprocessing and model development, and (3) model
deployment. Data collection was guided by the IPCC’s risk assessment
framework, which defines risk in terms of three key components: haz-
ard, exposure, and vulnerability (IPCC, 2014a).
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Fig. 1. Boundaries of Bologna metropolitan city: capital of the Emilia-Romagna region in Italy.



A. Saber et al.

Sustainable Cities and Society 131 (2025) 106671

- Data sources:

Study area Bologna, Italy - EEA _

o ) Eall e e - Copernicus Services
2 i
e « Temperature + Local Climate Zone -ISTAT
2 Il = Relative humidity . LULC - Public Municipalities |
o o | e Wi | o - Satelite Image
(6] Ccnd[tiong | Wind speed ) ! EIVI L iEnie L ge ry ...........
= fars » Elderly population density. » Distance to green areas
a QG + Gender + Distance to healthcare services

+ Citizenship + Distance to public transportation

= Social isolation » Distance to cool places
= Feature © Multicollinearity Model ‘Deep Learning:
2 Selection Analysis —aAnOvA Development | LST™M |

- i Hyperparameter
g— Krus.k.ai WE_"!'S ' Optimization (HOA)
% Data Data r Train?;gq‘lg)ataset
=] Treatment Splitting L Confusion Matrix
Ty ki L v A
§ Normalization Testing Dataset Model St
s (30%) Validation Recall
Fl-score
l |

= Heatwave Risk ‘ RCP scenarios :
E Assesment (4.5,6.0, and 8.5) Distance to
2 T I r Greenery
o Risk Mapping 5z Heatwave risk
[=] (Focus: Older Population) ‘; © mapping in 2050 T i n
= . el . = i S — Vegetation index
° |
[=] i
= partial Dependence Plots

Fig. 2. The block diagram of the proposed methodology: the step-by-step process.

We first gathered a wide range of datasets corresponding to these
components such as temperature records (for hazard), demographic and
land-use data (for exposure), and socio-economic indicators (for
vulnerability). To assess the hazard component, we needed to identify
heat wave events. Although there is no universally agreed-upon defini-
tion of a heat wave, we adopted a widely used climatological approach:
a heat wave is defined as a period during which daily temperatures
exceed the 95th percentile of historical summer temperatures for at least
three consecutive days (Varghese et al., 2019). This definition enabled
us to objectively determine the occurrence and characteristics of heat
wave events throughout the study period.

During preprocessing, we applied feature selection to identify rele-
vant predictors and perform multicollinearity analysis to reduce
redundancy. The cleaned dataset was split into training and testing
subsets to ensure unbiased model evaluation. An LSTM network was
employed to predict HWR across spatial units in Bologna. To optimize
the model’s performance, we used the HOA, a recent metaheuristic
designed for efficient hyperparameter tuning. The effectiveness of the
developed model was assessed using both statistical metrics (e.g., class-
wise accuracy) and visual tools.

3.3. Identification of heat waves

Heat waves are defined variably across disciplines (Becker et al.,
2022), adapting to local climates and influenced by international
guidelines like those from the World Meteorological Organization
(WMO) and World Health Organization (WHO) (WMO & WHO, 2015),
which broadly characterizes a heat wave as a period where daily peak
temperatures exceed the usual maximum by at least 5 °C for five
consecutive days. These guidelines broadly define heat waves by their
duration, geographic coverage, and intensity (McCarthy et al., 2019).
Nationally, definitions vary: some regions define heat waves by a min-
imum of three consecutive nights with temperatures above 25 °C,

emphasizing the impact on human health and comfort. The United
States Environmental Protection Agency (EPA: https://www.epa.gov/)
defines a heat wave as at least three or more consecutive days when a
city’s daily minimum apparent temperature surpasses the 85th percen-
tile of typical summer values. Globally, thresholds differ, with Lisbon
recognizing temperatures above 29 °C as hazardous, whereas South
Korea and China set higher thresholds of >33 °C and >35 °C, respec-
tively (Park et al., 2020; Wang et al., 2017). Other definitions consider
exceedances of the 95th percentile of daily maximum temperatures for
at least three consecutive days (Smith et al., 2013). The Australian Bu-
reau of Meteorology describes heat waves as periods lasting at least
three days during which both maximum (daytime) and minimum
(nighttime) temperatures are unusually high for a specific location,
while Italy’s Alert System defines them as three consecutive days with
maximum temperatures over 30 °C (Nardino et al., 2022). In this study,
a heat wave is defined as a period of three or more consecutive days
during which daily temperatures exceed the 95th percentile of summer
temperatures (June, July, and August), based on a reference period from
2014 to 2023 (Varghese et al., 2019).

3.4. Components of heat wave risk assessment

Risk assessment is a structured process that evaluates the combined
influence of three key components: hazard, exposure, and vulnerability
as detailed in Fig. 3. This process involves analyzing potential hazards (i.
e., heat waves), the exposure of people and assets to these hazards, and
their vulnerability, which depends on factors such as socioeconomic
status, structural integrity, and preparedness. These elements are crucial
for developing innovative strategies to mitigate climate risks.

In this framework (as shown in Fig. 3), each map refers to a spatial
representation of a specific risk component across the study area. A
hazard map displays the geographic distribution of extreme heat events,
considering the frequency, intensity, or duration of heat waves based on


https://www.epa.gov/

A. Saber et al.

Exposure

&
dnd

Sensitivity

Risk Assessment

Vulnerability - - =4 Adaptive Capacity | =

Coping Capacity

Sustainable Cities and Society 131 (2025) 106671

Hazard Hazard

Indicators = Map
Q.
(1]

Exposure — Exposure =

Indicators Map ﬁ
14

Vulnerability Vulnerability
Indicators Map

Fig. 3. Framework for risk assessment incorporating Hazard, Exposure, and Vulnerability components.

historical or projected data. An exposure map identifies where pop-
ulations, infrastructure, or other assets at risk are located, often using
population density or land use data. A vulnerability map visualizes re-
gions with higher susceptibility to adverse impacts based on social,
economic, and demographic factors, such as age, income, or healthcare
access. These individual layers are combined to generate a risk map,
which integrates the three components to highlight areas of highest
HWR, guiding prioritization for adaptation and mitigation planning.

This study follows the IPCC’s widely accepted risk assessment
framework, which defines climate risk as a function of hazard, exposure,
and vulnerability (i.e., Risk = Hazard x Exposure x Vulnerability)
(IPCC, 2014b). This model has been effectively applied in different
urban heat risk studies (Aubrecht & Ozceylan, 2013), making it
well-suited for assessing HWR in complex urban environments. This
tripartite structure allows for a comprehensive evaluation of risk by
capturing not only the climatic hazard (e.g., heat wave intensity, dura-
tion, frequency) but also the spatial distribution of affected populations
(exposure) and their capacity to respond or adapt (vulnerability). The
specific formula adopted integrates these three components in a
normalized (scaled between 0 and 1) and multiplicative form, which
ensures that areas with high risk are those where all three dimensions
align (e.g., high hazard, high exposure, and high vulnerability). This
approach is particularly suitable for urban HWR assessment, as it
highlights systemic vulnerabilities in densely populated areas with
limited adaptive infrastructure. Moreover, the use of a data-driven
modeling approach enhanced by spatiotemporal ML-based modeling
ensures flexibility and scalability to other cities or regions.

3.4.1. Hazard

In assessing the risk associated with heat waves, the Heat wave
Hazard Index (HHI) considers several critical components (Perkins et al.,
2012): Heat Wave Intensity (HWI), Heat Wave Duration (HWD), Heat
Wave Frequency (HWF). The HWI was assessed by examining the 95th
percentile of temperatures during the summer months using a decade of
historical data from 2014 to 2023, which helps analyze the highest ex-
tremes of local temperature patterns. The HWD tracks the length of these
events, focusing on periods where temperatures exceed this threshold
for three or more days, highlighting prolonged risk periods. The HWF,
defined as the number of discrete heat wave events occurring within a
given year, was explicitly included in the calculation of the heat wave
hazard index, along with intensity and duration. This inclusion reflects
the essential role of frequency in capturing cumulative exposure. For
example, given the same intensity and duration, a location experiencing
four heat wave events annually is subject to a higher hazard than one
experiencing only two. This aligns with findings by Perkins et al. (2012)
and Vivo et al. (2022), who highlight the increasing frequency of heat
waves as a significant factor in hazard and risk assessment.

The HHI was calculated by normalizing these components to a scale
from O to 1 using min-max normalization method (c.f. Section 2.7),

ensuring equal contribution to the index regardless of their original
measurement scales. The normalized values were then multiplied to
compute the overall HHI (Eq. (1)), providing a comprehensive measure
of HWR.

HHI = HWIy x HWFy x HWDy €3]
where the subscript N denotes the normalized form of the different
components, scaled between 0 and 1.

3.4.2. Exposure

Exposure in risk assessment refers to the presence of vulnerable el-
ements like people, property, and natural resources in hazard-prone
areas (Turner et al., 2012). This study assessed exposure by focusing
on populations most affected by heat waves, analyzing their spatial
distribution and density, especially in European urban centers where the
UHI effect significantly exacerbates local temperatures, impacting dense
populations of older population residents aged 65 and over (Ellena et al.,
2023). These older population groups are considered highly exposed to
heat waves (Woodland et al., 2023). The Heat wave Exposure Index
(HEI) was calculated by integrating the density of the older population
(Eq. (2)) to identify areas where heat waves could have the most direct
impact.

HEI = 5
P,

i

@

in which E; is the number of older populations per each census tract i, P;
stands for total populations per census tract.

3.4.3. Vulnerability

In accordance with the IPCC framework, Heat wave Vulnerability
Index (HVI) in our study is defined as a function of Sensitivity (S) and
Adaptive Capacity (AC). These components were quantified using spe-
cific indicators. Sensitivity included demographic and spatial factors
such as gender imbalance, the proportion of older adults with a migrant
background, elderly individuals living alone, and Local Climate Zones
(LCZs). Adaptive Capacity was assessed through access-related in-
dicators, including the proximity to healthcare facilities, green areas,
public transportation, cooling shelters, other public cooling spaces, and
Enhanced Vegetation Index (EVI). To ensure conceptual consistency, AC
was normalized inversely, meaning that higher adaptive capacity
resulted in lower vulnerability scores. As a result, areas with strong AC
contribute to a reduction in overall vulnerability, and therefore, lower
risk when combined with hazard and exposure. The HVI calculation
normalized S and AC indicators on a scale from O to 1 for consistent
comparison across metrics. Each component was weighed equally in our
methodology to simplify the quantification of overall vulnerability,
avoiding any single factor disproportionately influencing the index. The
HVI formula combines these elements (Eq. (3)), ensuring a balanced
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assessment of heat wave vulnerability.
11 & 1 (1 &
HVL; = |- i 5 | = AG;
VI, 2<n,zls’>+2 (mkzlck> 3

HVI; is Heat wave Vulnerability Index for census tract i, S; represents
the normalized value of the j-th sensitivity indicator in tract i, ACy is
normalized value of the k-th adaptive capacity indicator in tract i, n and
m are representing the number of sensitivity indicators and the number
of adaptive capacity indicators, respectively.

3.5. Contributing parameters

The study covers a ten-year period (2014-2023), with a focus on the
peak temperature of summer months including June, July, and August in
Bologna. All variables were calculated as average values over the sum-
mer months (June-August), which correspond to the typical heat wave
season. It utilized census tracts, which represent the most detailed
spatial data available in Italy. The HWR assessment in this study
incorporated a diverse set of 14 climatological, demographic, socio-
economic, and environmental indicators. Among the hazard indicators
are temperature, representing the daily average heat stress and elevated
air temperatures exceeding regional climatic norms; relative humidity,
which affects the perceived temperature and thermal discomfort; and
wind speed, influencing the dispersion of heat and urban ventilation and
cooling effects during hot conditions. The exposure component included
older population density within each census tract, capturing the con-
centration of individuals aged 65 and above who are particularly
vulnerable to extreme heat.

Given vulnerability, the study considered both S and AC. Sensitivity
indicators included gender, the proportion of women aged 65 and over
out of the total number of people aged 65 and over, as women are
generally more physiologically susceptible to heat-related illness (Bell
et al., 2008); citizenship, which accounts for foreign-born older pop-
ulations who may face barriers to healthcare and support services
(Messeri et al., 2019); and social isolation, representing older population
individuals living alone and thus at greater risk during heat emergencies
(Cianconi et al., 2020). While foreign citizenship is not inherently
associated with social isolation, prior studies have shown that older
foreign-born populations may face structural barriers (e.g., language,
healthcare access, or weaker social networks) that elevate heat-related
vulnerability (Ellena et al., 2023). In our analysis, foreign citizenship
is treated as a potential vulnerability factor, separate from direct in-
dicators of social isolation, such as elderly individuals living alone. LCZ
indicators, which classify urban morphology and its effect on microcli-
mate and heat retention, were used to characterize urban form and land
cover features relevant to heat exposure and vulnerability. Specifically,
the sky view factor reflects urban canyon geometry, influencing radia-
tive heat trapping and therefore exposure levels. Floor area ratio and
building height serve as proxies for urban density, which can exacerbate
heat retention and reduce ventilation, increasing vulnerability. In the
context of surface characteristics, impervious surfaces (e.g., asphalt,
concrete) are associated with higher heat storage capacity and reduced
evapotranspiration, thereby increasing vulnerability. In contrast,
permeable surfaces (e.g., vegetation, soil) support cooling through
evapotranspiration and shading, and are therefore considered part of
AC. These classifications are grounded in established urban climate
studies (Stewart & Oke, 2012), which link LCZ typologies to differential
thermal behavior and urban heat risk profiles. Furthermore, Land Use
and Land Cover (LULC), which indicates the dominant surface types
such as vegetation, buildings, or water bodies that influence urban heat
dynamics is also considered a contributing parameter in the evaluation
of HWV. Indicators related to AC include the EVI, reflecting the density
and health of vegetation, which provides natural cooling; proximity to
green areas, highlighting accessibility to vegetated public spaces; dis-
tance to healthcare services, which affects emergency response and
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access to treatment; distance to public transportation, essential during
evacuation or medical needs; and distance to cool places, representing
accessibility to designated cooling centers or air-conditioned public fa-
cilities. To account for spatial heterogeneity across census tracts, prox-
imity to green spaces was calculated using buffer zones at 100 m, 300 m,
and 500 m intervals, representing varying levels of accessibility. For
other amenities such as health centers, roads, and public transport,
Euclidean distances were computed from the centroid of each census
tract to the nearest amenity. This standardization ensures consistency
across districts of different sizes and supports robust exposure modeling.
Table 1 clearly outlines the chosen indicators, developed through expert
consultations and a review of relevant literature, their spatio-temporal
resolution and concise definition. To ensure spatial consistency among
datasets obtained at varying resolutions (as outlined in Table 1), all

Table 1
List of the indicators influencing HWR, along with their Spatio-temporal reso-
lutions and data sources.

Risk Indicator Resolution Data Source
Component
Spatial/  Temporal
scale
Hazard Temperature ~2.2 Hourly ERAS downscaling (
km Copernicus Climate
Change Service,
2023);
COSMO—CLM
model (https://doi.
org/10.25
424/cmcec/era5
2km _italy)
Relative 100 m Hourly Copernicus -
humidity Climate Change
Service (C3S)
(https://climate.
copernicus.eu/)
Wind speed 100 m Hourly Copernicus -
Climate Change
Service (C3S)
Exposure Older Census Yearly Municipality of
population tract Bologna
density (https://www.co
mune.bologna.it/)
Vulnerability Gender Census Yearly Municipality of
(Sensitivity) tract Bologna
Citizenship Census Yearly Municipality of
tract Bologna
Social isolation ~ Census Yearly Municipality of
tract Bologna
LCZ 100 m Static WUDAPT (http
s://www.wudapt.
org/)
LULC 100 m 6-yearly Copernicus Land
Monitoring Service-
CORINE (https://1
and.cnpumicus.
eu/en/products/
corine-land-cover)
Vulnerability EVI 30 m 16-day Landsat 8 OLI/TIRS
(Adaptive C2 Level 2 (htt
Capacity) ps://doi.
org/10.5066
/P9OGBGM6)
Proximity to Census Static Open Street Map
green areas tract (https://www.ope
nstreetmap.org/)
Distance to Census Static Open Street Map
healthcare tract
services
Distance to Census Static Open Street Map;
transportation tract Municipality of
Bologna
Distance to Census Static Open Street Map
cool places tract
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environmental, socio-economic, and infrastructural data were harmo-
nized to the census tract level, which served as the common spatial
analysis unit. Raster datasets (e.g., temperature, vegetation indices)
were aggregated using zonal statistics to calculate mean values per tract,
while vector data (e.g., LCZs, health facilities) were spatially joined and
summarized within tract boundaries. This preprocessing step ensured
that all indicators contributing to hazard, exposure, and vulnerability
were spatially aligned for integrated modeling and analysis.
Climatological data were obtained from Copernicus (Copernicus
Climate Change Service, 2023), while demographic statistics were
sourced from the Italian National Institute of Statistics-ISTAT: https
://www.istat.it/en/. Socioeconomic data was derived from publicly
available municipal records (Open Data Comune di Bologna). Most in-
dicators, except for LULC, which is updated every six years, were
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developed at the census tract level in Bologna over a ten-year period
(2014 to 2023). The proximity indicators are largely static over a
decade. We utilized high-resolution ERA5-Land data, downscaled to
~2.2 km using the COSMO CLimate Model (COSMO—CLM) (retrieved
from https://doi.org/10.25424/cmcc/era5-2km_italy) to capture tem-
perature dynamics, relative humidity and wind speed data at 10 m
above ground (Raffa et al., 2021). Given the reliability of the down-
scaled temperature data over Bologna, we refer to the study by Raffa
et al. (2021), which provides a comprehensive validation of the Very
High Resolution Reanalysis for Italy (VHR-REA IT) dataset. This dataset
was generated using the COSMO—CLM model at a 2.2 km resolution and
evaluated against ERA5 and the E-OBS observational dataset (~11 km
resolution), covering the Bologna region. For the summer season
(June-August), which is the focus of our study, the reported statistics for

Relative Humidity
Year 2023

538 - 561
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Fig. 4. Classification map of different indicators contributing to HWR across different districts of Bologna in 2023: a) Temperature, b) Relative humidity, ¢) Wind
speed, d) Older population density, e) Gender (women), f) Citizenship (Foreign), g) Social isolation, h) LCZ, i) EVI, j) Proximity to green areas, k) Proximity to
shelters, 1) Proximity to public transportation, m) Proximity to cinemas, n) Proximity to healthcare services, o) Proximity to shopping centers, p) Proximity to public

libraries, q) Proximity to all cool places.
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Fig. 4. (continued).

Northeast Italy (including Bologna) indicate a mean bias of +2.1 °C and
a standard deviation ratio (6meq/060ps) Of 1.3. Moreover, the study shows
that COSMO—CLM outperforms ERAS in reproducing extreme summer
temperatures. These results confirm the suitability of the COS-
MO—CLM-based VHR-REA IT dataset for climate analyses and impact
assessments in Bologna, particularly during the summer season.

Land changes were analyzed using Corine Land Cover datasets for
2012 and 2018, which are provided by the Copernicus Land Monitoring
Service and coordinated by the European Environment Agency. The
urban layout was classified into 17 distinct LCZs using the World Urban
Database and Access Portal Tools (WUDAPT) to facilitate microclimate
studies. The EVI was derived by averaging Landsat 8 (OLI/TIRS C2 Level
2) images taken during the summer months (June-August), using only
scenes with <8 % cloud cover. This approach ensures that vegetation
health is assessed during the most heat wave-relevant season, while
maintaining data quality by minimizing cloud contamination.

Demographic data from Bologna’s Municipality web portal provided
insights into the distribution of the older population, focusing on age,
gender, and citizenship to assess vulnerability during heat waves. Data

on older population residents living alone was used to identify com-
munities at high risk of isolation (Kim et al., 2017). Older population
density was analyzed as an exposure metric (Morabito et al., 2015),
evaluating susceptibility to heat-related stress based on the density per
square kilometer. Additional assessments focused on the distribution of
green spaces (Gronlund et al., 2015), accessibility of healthcare facilities
(Adams et al., 2022), proximity of public transportation (Karner, 2018),
and availability of climate shelters such as public libraries, shopping
malls, and cinemas to mitigate heat-related risks during heat waves
(Bradford et al., 2015; Ellena et al., 2023). Spatial data for these ame-
nities were sourced from OpenStreetMap (OSM) (https://www.ope
nstreetmap.org/). Network analysis was used to calculate actual travel
distances along roads and pathways, providing a practical evaluation of
the accessibility of these climate shelters for residents. Fig. 4 illustrates
the spatial distribution of the intensity of various parameters contribute
to the HWR assessment across different districts of Bologna in 2023.
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3.6. Reducing redundancy: multicollinearity and feature selection

To ensure model interpretability and accuracy, we assessed multi-
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collinearity using both the correlation matrix and Variance Inflation
Factor (VIF). The correlation matrix identifies strong linear relationships
between variables (values near 1), while VIF quantifies the inflation of
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variance due to correlated predictors. A VIF above 10 indicates high
multicollinearity requiring adjustment, whereas values below 10 are
acceptable (Hair et al., 2019). VIF was calculated using Eq. (4) as below.

1

F,=——
VIE; 1-R

4

Where Rj2 represents the coefficient of determination obtained by
regressing the j-th predictor on all remaining predictors.

Feature selection is an essential phase in preprocessing ML models,
particularly useful when managing large, high-dimensional datasets
(Aksangiir et al., 2022). This process not only boosts model performance
by enhancing computational efficiency and interpretability but also
helps in mitigating overfitting and reducing computational costs. In this
study, we combined parametric and non-parametric statistical tests to
refine feature selection. Parametric methods, like the ANOVA F-test,
assume normally distributed data and identify features with strong
linear relationships to the target variable (Jamil & Khanam, 2024). In
contrast, non-parametric (distribution free) methods do not rely on
distributional assumptions, making them more flexible for diverse
datasets. We used Kruskal-Wallis test to identify key predictors in
non-normally distributed data using rank-based comparisons (Hass &
Ellis, 2019). By integrating these approaches, we selected only the most
informative features, thereby improving both the accuracy and effi-
ciency of our models. For detailed explanations of the ANOVA and
Kruskal-Wallis methods, readers are referred to Fisher (1992) and
Kruskal and Wallis (1952), respectively.

3.7. Data preparation: normalization and splitting

Effective data preparation is essential for building robust ML models.
This includes data cleaning, format conversion, and scaling techniques
such as normalization and standardization to ensure data quality and
consistency. While standardization (e.g., z-score) is often preferred for
its robustness to outliers (Pourzangbar et al., 2023a), in this study, the
min-max normalization method (Eq. (5)) was used to scale all parame-
ters between 0 and 1 to ensure comparability across features before
input into the ML models.

X — Xmin

XNn=g—""7—
N Xma.x - Xmin

(5)

where Xy is the normalized form of parameter X (scaled between 0 and
1); Ximax and X represent the maximum and minimum value of the
parameter X across the dataset, respectively.

Following normalization, the dataset was split into training and
testing subsets to optimize model learning and generalization. Specif-
ically, 70 % of the data was used for training the model, enabling it to
learn patterns and relationships, while the remaining 30 % was reserved
for testing to evaluate performance on unseen data (Coté et al., 2024).
When needed, the training set was further partitioned into a validation
subset for hyperparameter tuning and iterative refinement, helping to
prevent overfitting and enhance model reliability on new data.

To develop the LSTM model, the dataset was reshaped into a three-
dimensional structure with the format (samples, time steps, features).
In this specific case, the samples correspond to 90 distinct regions, each
identified by a unique GEOID. The time steps represent the years from
2014 to 2023, covering a 10-year period of interest. The features consist
of 14 input parameters used to characterize each region over time. The
target output is the HWR level assigned to each region, classified into
five categories—'Very Low’ (class 1), 'Low’, 'Moderate’, "High’, and
’Very High’ (class 5)— using the Natural Breaks (Jenks) classification
method (Jenks, 1963). This data-driven approach determines optimal
breakpoints by minimizing within-class variance and maximizing vari-
ance between classes, ensuring that the resulting risk classes reflect
meaningful distinctions in the spatial distribution of predicted risk
values.
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3.8. Long short-term memory

LSTM networks, introduced by Sepp and Jiirgen (1997), are a
specialized type of recurrent neural network, particularly well-suited for
sequential data modeling due to its ability to capture both short- and
long-term dependencies by retaining relevant past information through
memory cells and gating mechanisms. Unlike traditional RNNs, LSTM
incorporates a cell state and three gates including input, output, and
forget gates that regulate the flow of information, enabling the model to
learn from long sequences effectively. This architecture allows LSTMs to
preserve context over extended periods, making them highly effective in
capturing persistent extreme temperature patterns, which is critical for
the early detection and forecasting of heat wave events (Qureshi et al.,
2025). For a comprehensive overview of LSTM mechanisms and equa-
tions, readers are referred to Hochreiter and Sepp and Jiirgen (1997) and
Qureshi et al. (2025).

In this study, an LSTM neural network was employed to predict HWR
in the city of Bologna, leveraging its proven capabilities for learning
complex temporal patterns from climate time series. Specifically, the
model incorporates 14 input features, as described in Section 3.5,
including climatic variables (temperature, relative humidity, wind
speed), environmental indicators (EVI, LCZ, LULC), and socio-
demographic and spatial indicators such as elderly population density,
elderly living alone, foreigner population, and distances to key urban
amenities. Annual data were collected from 2014 to 2023, resulting in a
10-step temporal sequence for each spatial unit, which corresponds to
census tracts or districts within the study area. This data structure aligns
with the LSTM input format of (samples, time steps, features), resulting
in a model input shape of (90, 10, 14)—with 90 spatial units, 10 annual
time steps, and 14 features per time step. Among the features, temper-
ature, humidity, wind speed, and EVI varied over time and contributed
to the temporal learning capability of the model, while static or slowly
varying features like LULC and population characteristics were held
constant across time steps to provide contextual support. The LSTM
model projected a value of HWR between 0 and 1 for each spatial unit.
To make these outputs interpretable for decision-making, the projected
continuous HWR values were classified into five distinct HWR lev-
els—’Very Low’, 'Low’, "Moderate’, "High’, and *Very High’— using the
Natural Breaks (Jenks) classification method. This modeling approach
allows the integration of both dynamic and static features in a spatio-
temporal framework to effectively assess district-level HWR.

The model weights and biases during the training phase are deter-
mined using the Adam optimizer which aims to minimize the loss
function Mean Squared Error (MSE). However, before training the
model, the optimal hyperparameters are determined by the HOA (see
section 2.8.1). To further ensure robustness against overfitting, early
stopping monitors validation loss and ceases training if no improvement
is observed after 100 epochs, enhancing model performance in practical
applications. The Google Colab platform (https://colab.research.google.
com/) was employed for model development and execution, using the
Python programming language along with relevant algorithmic
libraries.

3.8.1. Hippopotamus optimization algorithm

HOA, introduced by Amiri et al. (2024), is a nature-inspired opti-
mization algorithm that mimics the behavior of hippopotamuses. It is a
population-based method where each candidate solution is treated like a
hippopotamus, representing a possible set of values to solve the prob-
lem. The algorithm is based on three main behaviors: young hippos
exploring their surroundings, adult hippos defending their territory, and
hippos escaping to water when in danger (Kudela & Matousek, 2022).
Starting with random solutions, HOA updates each one step-by-step
using rules that reflect these behaviors. This helps the algorithm
explore a wide range of possibilities (exploration) and also focuses on
improving the best solutions found so far (exploitation), leading to
better and faster results. By mimicking these natural strategies, HOA
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efficiently navigates complex, high-dimensional optimization land-
scapes, making it well-suited for fine-tuning ML models. In our case, this
resulted in improved LSTM performance for time-series forecasting,
demonstrating HOA’s robustness, adaptability, and effectiveness in
real-world optimization tasks.

The HOA relies on several key parameters that significantly influence
its performance. These include the population size, the maximum
number of iterations, the number of decision variables (dimensions), the
lower and upper bounds for each variable, and the fitness function used
to evaluate candidate solutions. In this study, the population size, rep-
resenting the number of candidate solutions or "hippopotamuses" and
typically ranges from 10 to 100 depending on the complexity of the
optimization problem, was set to 50. The maximum number of itera-
tions, which determines the total number of optimization steps and
commonly varies between 50 and 500, was set to 500 in our
implementation.

In this study, the HOA was employed to optimize key hyper-
parameters of the LSTM model. Each decision variable in the optimi-
zation process corresponds to a specific LSTM hyperparameter,
including the number of LSTM units (neurons), number of hidden layers,
learning rate, batch size, dropout rate, number of training epochs, and
the activation function used in each layer. These parameters influence
the model’s learning capacity, convergence behavior, generalization
ability, and temporal memory. The hyperparameter search space was
defined as follows: number of LSTM units: {64, 128, 256}; dropout rate:
{0.2, 0.3, 0.5}; learning rate: {0.0001, 0.001, 0.01}; batch size: {32, 64,
128}; number of epochs: {50, 100, 150}; activation functions: {tanh,
RelU, softmax, sigmoid}. The resulting optimization problem is 10-
dimensional. The performance (fitness) of each candidate solution was
evaluated using the Root Mean Squared Error (RMSE) between the
LSTM-projected values and the observed HWR values.

3.9. Validation methods

Model validation is a crucial step in assessing the accuracy and
robustness of ML models, employing a range of metrics and methods to
ensure reliability and precision. This process typically involves reserved
data to test the model using statistical metrics such as Correlation Co-
efficient (CC), RMSE, Mean Absolute Error (MAE), as well as
classification-specific measures like Accuracy, Precision, Recall, and F1-
score.

For the assessment of our model’s performance, we employed a
confusion matrix, an essential tool that provides a tabular visualization
of the model’s predictions against actual labels. This matrix facilitated
the calculation of Precision, Recall, and F1-score, key metrics that
respectively assess the Accuracy of positive predictions, the model’s
ability to identify all relevant instances, and a weighted average of
Precision and Recall. Additionally, we conducted Sensitivity Analysis
(SA) to understand how variations in input parameters affect the
model’s output. Utilizing the Average Percentage Change (APC) method
(Pourzangbar et al., 2017b), this analysis helped pinpoint the most
influential parameters, guiding precise calibration to enhance model
accuracy and stability.

Accuracy measures the proportion of all correct predictions (both
true positives and true negatives) out of the total number of predictions.
It is useful when classes are balanced. However, it can be misleading in
imbalanced datasets, where a high accuracy may be achieved by always
predicting the majority class (Eq. (6)).

TP + TN

- 6
TP + TN + FP + FN ©)

Accuracy =
Where TP is True Positives, TN is True Negatives, FP is False Posi-
tives, and FN is False Negatives.
Precision, known as positive predictive value, measures the pro-
portion of positive predictions that are actually correct. A model with
high precision makes fewer false results (Eq. (7)).
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TP

TP + FP )

Precision =

Recall measures the ability of the model to correctly identify all
relevant positive cases in the dataset. It is important when the cost of
missing a positive case is high (e.g., medical diagnoses). A high recall
means fewer false negatives (Eq. (8)).

TP

Recall = TP L FN

(8)

F1-score is the harmonic means of precision and recall, offering a
balanced measure that penalizes extreme values of either metric. F1-
score is particularly useful in imbalanced datasets where both false
positives and false negatives are significant. It provides a single metric to
balance the trade-off between precision and recall (Eq. (9)).

2 x Precision x Recall
Precision + Recall

)]

F1 — score =

The APC is used to quantify the average rate of change of a variable
over a specific period, expressed as a percentage. It is particularly useful
for analyzing trends in time-series data, such as temperature anomalies
and health outcomes (Eqg. (10)).

_ 1 - Xi - Xi—l
APC = Z <T> x 100

i=1

103

Where X; is the value of the variable at time step i, X i1 is the value at
the previous time step, and n is the total number of changes (i.e., time
intervals).

3.10. Model explainability

ML models, often described as "black boxes," lack inherent explain-
ability and interpretability, raising concerns in critical applications like
predicting heat waves. Explainability involves understanding the
model’s reasoning for specific predictions, while interpretability relates
to comprehending the implications of these predictions based on the
input data (Aydin & Iban, 2023).

In this study, we employed the PDP technique to interpret the
behavior of the machine learning model used to predict heat wave-
related risks. PDPs serve as a powerful model-agnostic tool for
explaining how individual features (or feature pairs) influence the pre-
dicted output, even when the model itself is a complex black box (Gunes,
2023). A PDP visualizes the marginal effect of one or two selected fea-
tures on the model output by averaging over the values of all other
features in the dataset. Mathematically, the PDP function for a subset of
features reads as Eq. (11) (Su et al., 2021):

Fo(xs) = Ex.[F(%s,Xc)] = /f(xs,XC) dP(Xc) an

Where Ex, represents the expected value with respect to the distri-
bution of the complementary features Xc, dP(Xc¢) is the probability
measure over the distribution of X, xg are the features of interest (subset
S), and X are the remaining features not in S, treated as random
variables.

The function f is the trained machine learning model. The goal of
PDP is to compute the marginal effect of features in xs on the model
output by integrating out the influence of all other features in X.

In this work, we applied one-way PDPs, each analyzing a single
feature at a time, on the most influential environmental, climatic, and
demographic predictors. These plots were particularly effective in
revealing nonlinear dependencies, inflection points, and critical
thresholds associated with heightened HWR. To aid interpretation, we
highlighted the region around the maximum PDP value for each feature,
as these represent the intervals where the model response is most sen-
sitive to change. Importantly, the PDP values were averaged across all
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five output classes of our multi-class classification model, providing a
global view of feature effects across the entire risk spectrum.

3.11. Model deployment

Our study reaches a pivotal stage during the deployment phase,
transitioning from theoretical models to practical applications. By
implementing the LSTM model, we assessed the HWR under various
future climate scenarios indicated by RCPs. These scenarios project
diverse future climates influenced by differing levels of greenhouse gas
emissions, pivotal for anticipating changes in climatic variables such as
temperature. We focused on RCPs 4.5, 6.0, and 8.5, each reflecting a
unique scenario of climate change impact. Each scenario underlines the
necessity for tailored adaptation strategies for urban centers like
Bologna by 2050, focusing on temperature variations and evaluating the
robustness of green infrastructure using EVI and proximity to the urban
green areas to gauge their effectiveness in mitigating HWR. The signif-
icance of green infrastructure in urban heat mitigation is increasingly
critical (Wong et al., 2021). Our use of EVI to assess the health and
robustness of urban vegetation underscores its role in enhancing urban
cooling through processes such as evapotranspiration and solar radia-
tion reflection, providing a natural counter to rising temperatures. The
health benefits of urban green spaces have been found to depend on
their availability, accessibility, visibility, and specific characteristics
(Labib et al., 2020). Proximity to green spaces (Pinto et al., 2022),
particularly within 100 to 300 m, has been associated with increased
physical activity, with effectiveness declining beyond 400 m (or 10 min
walking) (Ayala-Azcarraga et al., 2019).

Our study leveraged EVI to precisely measure these effects, aiding
urban planners in developing strategies to fortify city resilience against
anticipated climate change impacts. Meanwhile, examining the inter-
action between temperature fluctuations, the health of green spaces, and
proximity to greenery, our model assists in planning effective and tar-
geted urban adaptations. The strategic application of these nature-based
solutions help urban planners identify areas for potential green en-
hancements, such as tree plantings and the development of green roofs
as climate shelters, particularly in areas with limited canopy coverage
and high HWRs.
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4. Results and discussion
4.1. Multicollinearity analysis

Various parameters such as temperature, relative humidity, wind
speed, older population density, LULC, LCZ, EVI, and distances to
essential services contribute to HWR. Insights from the correlation ma-
trix (Fig. 5) revealed intricate relationships between these factors:
temperature and relative humidity displayed a slight negative correla-
tion (—0.13), suggesting that higher temperatures typically lead to lower
humidity levels. Older population densities showed a strong negative
correlation (—0.65) with LULC, indicating that areas with more older
population residents may lack beneficial land cover (i.e., vegetated and
water-rich surfaces such as urban parks, green roofs, and water bodies
that help mitigate heat through evapotranspiration and shading, con-
trasting with impervious surfaces that intensify heat stress (Bowler et al.,
2010)), increasing their vulnerability to heat waves. Conversely, a
strong positive correlation (0.66) between relative humidity and EVI
highlighted vegetation’s role in sustaining moisture levels, mitigating
some heat wave effects. There was a very high positive correlation
(0.82) between the older population female population and older pop-
ulation density, pointing to the significant presence of older population
women in densely populated older population areas. Moderate positive
correlations were observed between the distance to cooling places and
the distance to greenery (0.47), and between the distance to public
transportation and cooling places (0.57), showing that areas farther
from cooling resources also tended to lack green spaces and adequate
transportation, compounding their risk during heat waves.

The correlation matrix reveals that most input parameters exhibit
weak to moderate linear relationships with heat wave severity (repre-
sented by temperature), with no single parameter showing a dominant
influence. Some variables, such as wind speed, distance to cooling
centers, and distance to healthcare, display negligible correlations with
temperature. However, these variables may still capture important non-
linear or indirect effects, particularly when considering vulnerability
and exposure aspects. Therefore, all parameters will be retained for
further analysis to ensure a comprehensive representation of factors
contributing to heat wave severity.
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An inspection of the VIF analysis (Table 2) reveals that all parameters
have VIF values below the critical threshold of 10, confirming
manageable levels of collinearity and justifying their inclusion in the
model. Temperature exhibits minimal collinearity with a very low VIF of
1.34. Wind speed and LCZ show moderate multicollinearity with VIFs of
7.37 and 5.83, respectively, and the distance to greenery registers a VIF
of 3.22. Despite nearing the upper limit with VIFs around 10, parameters
such as older population density, older population living alone, and
LULC are retained due to their significant roles in enhancing the un-
derstanding of heat wave impacts.

4.2. Feature selection

Inspection of the ANOVA results reveals that distance to public
transportation is the most significant factor, contributing 14.56 % to
overall importance and emphasizing its critical role in emergency
management during heat waves. EVI and LCZ follow with 13.54 % and
12.36 %, respectively, highlighting their influence in reducing heat
wave severity. Wind speed and proximity to green spaces are also sig-
nificant, with contributions of 12.27 % and 11.39 %, respectively, due to
their roles in promoting heat dispersion and enhancing cooling effects
that mitigate the UHI effect. Access to healthcare is notably important at
11.47 %, underscoring its relevance during heat wave emergencies.
Relative humidity (6.76 %), demographic factors such as the older
population living alone (5.73 %) and non-Italian citizenship (3.05 %)
indicate specific vulnerabilities. In contrast, older population density
(3.17 %), proximity to cool places (4.15 %), LULC (0.02 %), and older
female population (0.30 %) exhibit minimal impact.

The Kruskal-Wallis results highlight temperature as the most influ-
ential factor, contributing 19.5 % to the overall importance. LCZ also
shows significant impact at 16.5 %, reflecting its role in heat distribu-
tion. Proximity to greenery is notable at 14.3 % due to its cooling effects.
Wind speed and EVI contribute to climate modification and urban
cooling, with respective importances of 14.05 % and 9.74 %. Lesser
impacts are observed from relative humidity (6.50 %), access to
healthcare (6.00 %), and the older population living alone (5.10 %).
Factors such as foreign nationalities (2.48 %), proximity to cool places
(2.16 %), older population density (1.55 %), LULC (0.83 %), older fe-
male population (0.81 %), and distance to public transportation (0.38
%) exhibit minimal influence Fig. 6.

4.3. Model configuration and hyperparameters

To fine-tune the hyperparameters of the LSTM model, we employed
the HOA, which systematically explores the hyperparameter space to
identify the most effective configuration. The sequential processing
begins with the first LSTM layer, comprising 128 units and using a tanh
activation function. The "return sequences"' parameter is enabled to
ensure that the output is passed to subsequent layers. This is followed by

Table 2

VIF values for different spatial input parameters.
Parameter VIF Remark
Temperature 1.34 Conserved
Relative Humidity 9.28 Conserved
Wind Speed 7.37 Conserved
Older population Pop Density 10.08 Conserved
LULC 9.37 Conserved
LCZ 5.83 Conserved
EVI 8.88 Conserved
Older population Alone 9.33 Conserved
Foreigner 5.46 Conserved
Older population Female 9.08 Conserved
Distance to Cool Places 4.35 Conserved
Distance to Greenery 3.22 Conserved
Distance to Healthcare 5.36 Conserved
Distance to Transportation 3.43 Conserved
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Fig. 6. Results of ANOVA and Kruskal Wallis utilized for the feature selection
of susceptibility of HWR.

a dropout layer with a rate of 0.3, which helps prevent overfitting by
randomly omitting 30 % of the units during training. A second LSTM
layer, similar in structure, maintains sequence continuity, followed by a
batch normalization layer that stabilizes and accelerates training while
improving generalization. A time-distributed dense layer is then used to
make timestep-specific predictions, applying a SoftMax activation
function suitable for multi-class classification tasks.

The initial hyperparameter search space includes the number of
LSTM units (64, 128, 256), dropout rates (0.2, 0.3, 0.5), learning rates
(0.001, 0.01, 0.0001), batch sizes (32, 64, 128), number of epochs (50,
100, 150), and activation functions (tanh, ReLU, SoftMax, and Sigmoid).
These parameters are optimized using HOA to determine the best-
performing configuration, as detailed in Table 3.

4.4. Model performance

4.4.1. Confusion matrix

The confusion matrix presented in Fig. 7 evaluates the LSTM model’s
performance in predicting HWR categories: *Very Low’, Low’, "Mod-
erate’, "High’, and *Very High’. The model demonstrates strong accuracy
in the "Very Low’ category with a correct classification rate of 77.76 %.
However, some misclassifications occur in the 'Low’, "Moderate’, and
’Very High’ categories, with rates of 5.12 %, 4.72 %, and 6.89 %,
respectively. For the "Low’ category, the model achieves 73.80 % ac-
curacy, though it occasionally confuses this class with *Very Low’ and
"Moderate’ categories. The "Moderate’ category shows a lower accuracy
of 65.31 %, with significant misclassifications into *Very Low’ and *Very
High’ categories, indicating greater uncertainty in middle-range risk
levels. In contrast, the model performs well in the 'High’ category,
attaining an accuracy of 78.72 % with minimal classification errors. The

Table 3
Optimal hyperparameters of the developed LSTM model identified via the HOA
algorithm.

Hyperparameter Description Range
Number of layers Stacked LSTM depth 2
Number of Units Number of units in each LSTM layer [128,
64]
Dropout Rate Fraction of units to drop for 0.3
regularization
Learning Rate Step size during optimization 0.01
Batch Size Size of data chunks per gradient 64
update
Number of Epochs Total iterations over the training 100
data
Sequence window length Timesteps 10
Activation function in LSTM Input, Forget, Output Gates Sigmoid
layers
Cell State (candidate values) Tanh
Final Output Layer SoftMax

13



A. Saber et al.

Confusion Matrix in Percentage

True Label

Y % e L “
Predicted Label

Fig. 7. Confusion matrix of predicted HWR classes utilizing the LSTM model.

*Very High’ category has the lowest accuracy at 63.33 %, with notable
misclassifications particularly into the "Moderate’ and "Low’ categories.
Overall, the model exhibits robust predictive performance, especially for
the *Very Low’, 'Low’, and "High’ categories, each achieving over 70 %
classification accuracy.

The comparison chart between predicted and observed classes of
heatwave-associated risk (Fig. 8) illustrates the model’s performance
across different severity levels. The model shows a close alignment with
observed values in the 'Low’ and ’Moderate’ categories, predicting
proportions of 0.199 and 0.119, respectively, compared to observed
rates of 0.208 and 0.109. This indicates effective calibration for inter-
mediate risk levels. However, the model underestimates the *Very Low’
category, with a predicted rate of 0.470 versus an observed value of
0.564. This suggests a conservative bias that reduces the likelihood of
overpredicting low-risk cases. In contrast, the model slightly over-
estimates the "High’ and "Very High’ categories, predicting 0.098 and
0.114, respectively, against observed values of 0.052 and 0.067. This
tendency reflects the model’s heightened sensitivity to higher-risk sce-
narios, which may be beneficial for precautionary public health
measures.

To better understand the model’s predictive performance, we
examined both the confusion matrix and the distribution of predicted
versus observed classes. Two key factors contribute to the observed
misclassifications. First, most errors occur between adjacent risk levels,
particularly between ‘Medium’ and "High’ or 'Medium’ and 'Low’ cat-
egories. This is likely due to overlapping environmental and de-
mographic features in transitional zones, where small variations in
parameters such as vegetation cover, green space accessibility, or
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Fig. 8. Comparison of observed and predicted HWR percentages across
different risk levels.
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population composition can lead to class ambiguity near decision
boundaries. Second, as illustrated in Fig. 8, the distribution of observed
samples is highly imbalanced, with the majority concentrated in the
Very Low’ risk class and far fewer in the 'Very High’ category. This
imbalance may have biased the model during training, resulting in
underprediction of the dominant class and overprediction of minority
ones. Together, these factors highlight the complexity of modeling HWR
and suggest that future work should consider techniques such as
resampling or class-weighted optimization to improve classification
robustness across all risk levels.

4.4.2. Performance metrics

The performance of the developed LSTM model in classifying HWR
into five distinct categories is evaluated using key metrics: Accuracy,
Precision, Recall, and F1-score. To preserve the temporal integrity of the
time series data, the model is trained and validated using K-fold cross-
validation with the TimeSeriesSplit technique, an approach based on
walk-forward validation. This method maintains the chronological order
within each fold and prevents information leakage by avoiding random
shuffling, which is essential for sequential models like LSTM. Table 4
reports the average values of the evaluation metrics across all folds (K =
10), while Fig. 9 presents violin plots to visualize their distribution
during cross-validation. The results indicate that the LSTM model per-
forms best in predicting the "Very Low’ risk class, with an Accuracy of
0.93, Precision of 0.78, Recall of 0.85, and an Fl-score of 0.75,
demonstrating high reliability. For the "Low’ class, the model maintains
consistent performance (Accuracy: 0.77; Precision: 0.74; Recall: 0.75;
Fl-score: 0.75). In the "Moderate’ class, the model achieves moderate
reliability with Accuracy at 0.60, Precision at 0.65, Recall at 0.62, and
an Fl-score of 0.75. While the "High’ risk class shows a lower Accuracy
of 0.42, it achieves a high Recall of 0.79, indicating strong sensitivity in
detecting higher-risk cases despite limited Precision. Lastly, the *Very
High’ category exhibits an Accuracy of 0.67, Precision of 0.63, Recall of
0.57, and an Fl-score of 0.75, suggesting some limitations in differen-
tiating the most severe cases, though the model remains moderately
effective overall.

4.5. Generated heat wave risk maps

The heat wave hazard index, utilizing the 95th percentile of summer
temperatures from the past decade, was utilized to measure the in-
tensity, frequency, and duration of heat waves. Heat wave events were
defined as temperatures exceeding this threshold for at least three
consecutive days. Building on this, an exposure map was developed to
identify areas where populations and physical assets are most at risk due
to varying levels of exposure. Additionally, a vulnerability map was
constructed using socio-economic and demographic indicators to reflect
the capacity of different communities to cope with and respond to heat
wave impacts. For the sake of simplicity, this section focuses solely on
the spatial distribution of HWR components for the year 2023. Fig. 10
presents the individual components such as hazard, exposure, and
vulnerability derived from observed and collected data, which were
integrated into a comprehensive risk model utilizing the risk formula

Table 4
The performance of the developed LSTM model in calculating the HWR across
different risk levels in terms of statistical indices.

Class Statistical Index
Accuracy Precision Recall F1-score

Very low 0.93 0.78 0.85 0.75
Low 0.77 0.74 0.75 0.75
Moderate 0.60 0.65 0.62 0.75
High 0.42 0.79 0.55 0.75
Very high 0.67 0.63 0.57 0.75
Full data 0.67 0.72 0.66 0.75
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technique with K = 10.
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Fig. 10. Observational spatial patterns of HWR components in 2023: (a) Hazard, (b) Exposure, (c) Vulnerability, and (d) Overall Risk Index; Classified into five

levels: Very Low, Low, Moderate, High, and Very High.

Risk = Hazard x Exposure x Vulnerability.

The spatial patterns in the observed and predicted HWR maps for
Bologna in 2023 exhibit a high degree of concordance, particularly
across the central, western, and southern districts of the city. The model
effectively identifies zones characterized by ’Very High’ and 'High’
HWR, demonstrating strong agreement with observed heat-related data.
This consistency is further reinforced by the difference map (Fig. 11), in
which the majority of spatial units are labeled as True, indicating correct
classification.

Fig. 12 highlights the differences between observed and LSTM-
predicted HWR classes. Areas marked in green indicate correct pre-
dictions where the observed and predicted classes correspond, while

areas in orange represent classification discrepancies. These deviations
are spatially constrained and affect only a minority of zones, typically
occurring along the boundaries between adjacent risk levels, such as
"Moderate’ vs. 'High’ or 'Low’ vs. "Moderate’. This suggests that the
classification errors are primarily marginal and do not substantially
affect the overall trend direction or spatial distribution patterns.
Consequently, while misclassifications are present, they are not severe
enough to compromise the model’s predictive value—particularly since
most errors fall within one risk level rather than between extremes (e.g.,
’Very Low’ erroneously classified as *Very High’).
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Fig. 11. The spatial distribution maps of HWR classes in Bologna in 2023; Observed (left) and predicted by the developed LSTM model (right).
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Fig. 12. Difference of observed and predicted maps of HWR classes
(Year 2023).

4.6. Partial dependence plots

To examine the influence of individual features on HWR levels, we
applied the PDP technique, averaged across all classes, to selected input
variables. This approach isolates the effect of a single feature on the
predicted outcome by averaging out the influence of all other variables.
A higher PDP value indicates that the model tends to predict a higher
HWR for the corresponding feature value. The PDPs reveal critical as-
sociations between temperature, relative humidity, and HWR. Specif-
ically, temperatures exceeding 29 °C and relative humidity above 48 %
correspond to increased PDP values, indicating elevated HWR under
these conditions (Sobolewski et al., 2021). This aligns with established
meteorological thresholds for heat-related health impacts. On humid
days, apparent temperature increases due to reduced evaporative cool-
ing via sweating. Since sweating is the body’s primary thermoregulation
mechanism (Baker, 2019), high humidity impairs this process,
increasing the risk of heat exhaustion, heat stroke, and related illnesses,
particularly among older populations (Sobolewski et al., 2021).

The co-occurrence of extreme heat and high humidity, as during the
1995 Chicago heat wave, has been linked to severe health impacts and
excess mortality (Sarofim et al., 2016). Recent studies report that in
regions such as the Midwestern and Eastern U.S., China, and Northern
Latin America, humidity intensifies the severity of heat waves. Pro-
jections suggest that under a 4 °C warming scenario, apparent temper-
atures exceeding 55 °C may occur biennially in some regions, surpassing
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physiological tolerance limits and underscoring the urgent need for
adaptation and mitigation (Russo et al., 2017).

HWR is also elevated in areas with low wind speeds (below 1.1 m/s),
likely due to diminished convective cooling. Urban morphology in-
dicators such as LULC and LCZ show clear peaks in PDP values, with
built-up and densely urbanized areas associated with higher HWR,
consistent with the UHI effect. Demographic features, including the
density of older female populations and the proportion of foreign na-
tionals, exhibit distinct thresholds at which vulnerability increases. For
instance, HWR peaks where the older population density approaches
0.001, reflecting elevated risk due to factors like social isolation and
reduced mobility. Environmental indices such as EVI also demonstrate
non-linear effects. Regions with low EVI values (below 1000), indicative
of sparse vegetation, are linked to higher HWR. In contrast, HWR de-
clines significantly as EVI exceeds 2000, likely reflecting the cooling
influence of vegetation and associated land surface characteristics.
Accessibility-related variables including distances to healthcare facil-
ities and public transportation show rising PDP values at greater dis-
tances (e.g., >3000 m and >1250 m), suggesting heightened
vulnerability in less accessible regions. The highlighted intervals in each
subplot of Fig. 13, centered around the peak PDP values, mark the most
critical ranges and provide actionable insights for spatially targeted
resilience planning and infrastructure upgrades.

4.7. Risk mapping under representative concentration pathways

In this study, future climate projections were based on three RCPs
(RCP 4.5, RCP 6.0, and RCP 8.5) obtained from the EURO—CORDEX
regional climate modeling initiative. Specifically, we used downscaled
outputs from the COSMO—CLM regional climate model, which provides
simulations of future climate conditions at a spatial resolution of ~2.2
km. These datasets were not derived from reanalysis products such as
ERAS, but rather from global climate models (GCMs) downscaled using
dynamical methods to produce high-resolution future scenarios. From
these RCP datasets, we extracted a key climate variable including
maximum and minimum temperature for the summer months (June,
July, August) from 2014 to 2023. These temporally-averaged parame-
ters were used as inputs to our LSTM-based HWR modeling framework.

The findings reveal a substantial shift from lower risk categories
(’Very Low’ and "Low’) to higher ones ("High’ and "Very High’), indi-
cating a rise in areas vulnerable to severe heat waves as greenhouse gas
emissions intensify. Under the worst-case scenario, RCP 8.5, areas
classified as "Very Low’ risk are projected to decline from 30 % in 2023
to 13 % by 2050, while those in the *Very High’ risk category may nearly
double from 34 % to 66 %. Even under the milder RCP 4.5, *Very High’
risk areas are expected to increase to 51 %, underscoring a notable
intensification of heat wave conditions. Interestingly, the "Moderate’
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Fig. 13. PDPs for interpreting the influence of selected environmental, climatic, and demographic factors on HWR. Highlighted regions represent the intervals of
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category shrinks under RCP 8.5, reflecting a redistribution toward more
extreme risk levels. Meanwhile, the "High’ category shows variability,
rising slightly under RCP 6.0 and then declining to 5 % under RCP 8.5.
These dynamics, detailed in Table 5 and illustrated in Fig. 14, highlight
the escalating threat posed by heat waves and reinforce the urgency of
mitigation strategies. This progression is critical for preparing urban
centers like Bologna to confront more frequent and intense heat waves
while safeguarding vulnerable populations. These insights form a
foundational basis for informed policy-making and adaptive urban
planning to bolster resilience against intensifying climate risks.

Fig. 15 presents the spatial distribution of projected HWR levels in
Bologna for the year 2050, modeled using the developed LSTM under
three RCP scenarios. The maps reveal a marked expansion of areas
classified as "High’ and ’Very High’ risk, particularly under the more
extreme emission scenarios. These projections provide critical spatial
insights, helping to identify vulnerable census tracts where targeted
adaptation and mitigation strategies will be most urgently needed.

The spatial analysis of projected 'Medium’ and 'High’ risk areas
(Fig. 10d and Fig. 15) reveals distinct geographic patterns concentrated
in central and southern Bologna. These areas are characterized by a high
frequency of historical heatwave events, confirmed by temperature
anomaly records during the summers of 2017, 2019, and 2022. Popu-
lation agglomeration is another critical factor. These zones contain
densely inhabited residential blocks with a significant proportion of
elderly individuals living alone. Furthermore, these high-risk tracts
generally exhibit reduced green space coverage and poor accessibility to
vegetated areas. As highlighted in Fig. 13, PDPs show that increasing
distance to green areas and lower EVI values are strongly correlated with
elevated HWR, underlining the importance of ecological infrastructure.
The strength of our spatio-temporal ML-based framework lies in its
ability to detect such spatial patterns and their latent drivers. By inte-
grating LSTM’s temporal learning capacity with spatially explicit in-
dicators, the model effectively captures non-linear interactions across
space and time. This enables not just classification but a form of spatial
causal inference, where spatial features (e.g., proximity to cooling
infrastructure) can be quantitatively linked to risk levels.

4.8. Influence of green infrastructure on heat wave risk

The development of green space systems has been shown to effec-
tively mitigate heat wave impacts, alleviate the UHI effect, and support
health and well-being of residents (Kabisch et al., 2016). Parks, gardens,
and urban forests significantly cool ambient temperatures through
evapotranspiration and shade, making the integration of green spaces
into urban planning a crucial strategy for building climate resilience.
This approach addresses both the immediate effects of extreme heat and
supports long-term mental and physical health in urban populations.

o Distance to greenery: the developed model demonstrates that
proximity to green areas significantly influences HWR categories ("High’
and ’Very High’). As summarized in Table 6, enhancing proximity to
greenery, reducing distance by 2.5 % to 15 %, consistently reduces HWR
across all RCP scenarios. The APC results prove the HWR decrease of
—6.07 % for RCP 4.5, —6.01 % for RCP 6.0, and —8.01 % for RCP 8.5,

Table 5
Comparison of observed HWR levels in 2023 and projected levels for 2050 under
RCP 4.5, RCP 6.0, and RCP 8.5 scenarios.

Heat wave Risk Level ~ Frequency
Observed HWR (Year 2023)  Projected HWR (Year 2050)
Actual RCP 4.5 RCP 6.0 RCP85

Very low 0.30 0.17 0.16 0.13

Low 0.15 0.12 0.08 0.08

Moderate 0.12 0.11 0.11 0.08

High 0.09 0.09 0.11 0.05

Very high 0.34 0.51 0.54 0.66
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highlighting the vital role of increased urban greenery in mitigating heat
wave impacts. The most substantial reductions occur under RCP 8.5,
indicating a higher sensitivity of HWRs to urban greenery in more severe
climate scenarios. This trend emphasizes the importance of strategically
enhancing green space proximity in densely populated areas to
strengthen urban resilience against heat waves.

e Vegetation index: the relationship between EVI improvements
and urban cooling is intricate, requiring advanced analytical
methods like ML models to discern their detailed impacts. Our
findings, detailed in Table 7, reveal that those enhancements in
vegetation quality and density lead to notable reductions in HWR
across various RCP scenarios. For example, in the RCP 4.5 scenario, a
2.5 % increase in EVI results in a 0.52 % decrease in HWR, with
further reductions reaching up to 5.62 % as EVI increases by 15 %,
averaging APC of —3.62 %. The trend is similar under RCP 6.0,
though slightly less pronounced, with reductions stabilizing around
—3.62 % for a 15 % EVI increase, and an APC of —2.79 %. RCP 8.5
shows the greatest sensitivity to EVI enhancements, starting with a
0.93 % risk reduction at a 2.5 % increase and escalating to a 7.62 %
decrease at a 15 % improvement, with an APC of —4.74 %.

Fig. 16 illustrates the boxplots distribution of changes in HWR across
varying levels of reduced distance to greenery and vegetation index
under three RCP scenarios. Each box represents the interquartile range
(IQR), with the median line indicating the central tendency of HWR
reduction. Narrower boxes suggest lower variability, while wider boxes
indicate more uncertainty in the model’s response. The results show that
under RCP 8.5, reductions in both distance to greenery and vegetation
loss yield stronger and more variable HWR decreases, emphasizing the
critical role of green infrastructure in high-emission futures. The results
indicate that greater proximity to greenery consistently leads to a
reduction in HWR, with the most substantial median and IQR range
observed under RCP 8.5. Similarly, improvements in the vegetation
index are associated with notable decreases in HWR, particularly under
higher-emission scenarios. These findings suggest that enhancing access
to green infrastructure, both in terms of spatial proximity and vegetation
density, is especially critical in high-emission futures, where heat wave
intensity and frequency are expected to escalate.

While this section highlights the importance of vegetation and green
spaces in mitigating HWR, it is important to note that such NBSs are not
the only strategies available. Urban morphology, as characterized by
LCZs, also plays a critical role in shaping microclimatic conditions and
thermal exposure. LCZs reflect key physical attributes such as building
height, spacing, surface cover, and imperviousness, which influence
heat storage, ventilation, and radiation balance. Therefore, in addition
to enhancing green infrastructure, urban planning interventions that
modify built form such as increasing surface albedo, reducing building
density, or promoting ventilation corridors can also contribute mean-
ingfully to long-term HWR reduction. Although the LCZs in this study
are considered static, their inclusion provides a structural foundation for
evaluating morphological adaptations in future assessments.

4.9. Practical considerations

This study presents a data-driven framework for assessing and
mitigating urban HWR, enhancing urban resilience. By integrating
LSTM with the HOA and employing interpretable risk mapping, it sup-
ports adaptive urban planning, informs public health strategies, and
promotes NBSs like green infrastructure to reduce vulnerability to
climate-related hazards.

Our findings reveal that high-risk zones often coincide with areas of
social vulnerability. These include elderly, socially isolated, or foreign-
born populations, as well as limited access to green infrastructure. By
incorporating fine-scale demographic indicators alongside environ-
mental variables, the model captures critical socio-environmental
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Fig. 14. Observed HWR levels in 2023 V.S. projected HWR levels in 2050 under RCP 4.5, RCP 6.0, and RCP 8.5 scenarios in Bologna.

disparities in heatwave exposure. The importance of healthcare and
transit proximity, highlighted through PDP analysis, reinforces the need
for integrated adaptation strategies such as cooling shelters and green
space investments to support equitable resilience planning in Bologna.

The generated HWR maps offer a practical tool for guiding urban
adaptation in Bologna. By identifying neighborhoods with high thermal
exposure and social vulnerability, the model supports targeted deploy-
ment of NBSs such as tree planting, green roofs, green walls, and shaded
parks. These strategies should be prioritized in high-risk areas, partic-
ularly those housing elderly or socially isolated populations, to maxi-
mize cooling benefits and public health protection. Empirical studies
underscore the effectiveness of such measures. Green infrastructure has
been shown to reduce extreme heat hours by up to 64.5 % and surface
runoff by 58 % (Pace et al., 2025). Green roofs and walls significantly
lower surface and indoor temperatures (Avila-Hernandez et al., 2023),
while dense tree canopies can reduce surface temperatures by 4 °C per
unit increase in Leaf Area Index (Rahman et al., 2020). Urban parks
larger than 10 hectares provide notable cooling benefits in terms of both
distance and intensity (Aram et al., 2019). Importantly, the effectiveness
of NBS depends on local design, vegetation type, and integration with
existing infrastructure (Debele et al., 2019; Heymans et al., 2019).
Therefore, interventions in Bologna must be tailored to its Mediterra-
nean climate and urban fabric. By aligning spatial risk patterns with
targeted adaptation strategies, our framework supports the goals out-
lined in Bologna’s SECAP and the Piano del Verde. It provides urban
planners and decision-makers with an evidence-based foundation for
equitable resource allocation, thermal comfort enhancement, and public
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health protection.
5. Limitations and future direction

This study presents a robust LSTM-HOA framework for HWR
assessment in Bologna, yet several limitations remain. First, restricted
access to high-resolution health and demographic data limited the
analysis of individual-level vulnerability, especially among the older
population. Incorporating hospital admissions and mortality data could
enhance future models. The population exposure was assessed based on
static census-based population data. While this provides a foundational
view of spatial exposure, it does not capture the dynamic nature of
population movements, such as commuting flows or daily activity pat-
terns. Due to the unavailability of high-resolution spatiotemporal
mobility data for Bologna, dynamic exposure could not be integrated
into the current model. Future studies should aim to incorporate
mobility data, including commuting and migration patterns, to enhance
the accuracy and validity of exposure assessment in urban HWR ana-
lyses. This is particularly important during the summer months, when
older populations often travel to nearby coastal regions such as Ravenna
and Rimini, potentially altering their exposure to HWR.

Second, while the analysis accounts for varying levels of exposure
and demographic vulnerability, it does not capture the full complexity of
how heat waves affect human health. Factors such as time spent indoors
versus outdoors, occupational exposure, access to cooling resources, and
the influence of medications or pre-existing conditions were not
considered, yet they may significantly modulate risk. Instead, we relied
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Fig. 15. Spatial distribution of projected HWR levels in 2050 under different RCP scenarios using the developed LSTM model: a) RCP 4.5, b) RCP 6.0, c) RCP 8.5.

Table 6

Impact of reduced distance to greenery on the variation of HWR under future climate scenarios (RCP 4.5, RCP 6.0, and RCP 8.5),.

Scenario Variation of Distance to Greenery (in %) APC
—25% —5.0% -7.5% —10.0 % -125% —15.0 %
RCP 4.5 -1.25% —2.75% —3.95 % —5.84 % —5.94 % —6.07 % —4.30 %
RCP 6.0 —1.05 % -1.92 % —2.32% —3.62 % —5.41 % —6.01 % —3.46 %
RCP 8.5 —-1.72% —2.94 % —4.06 % —-7.13% —-7.92 % —8.01 % —5.29%
Table 7
Impact of vegetation index on the variation of HWR under future climate scenarios (RCP 4.5, RCP 6.0, and RCP 8.5).
Scenario Variation percentage of EVI APC
+2.5% +5.0 % +7.5% +10.0 % +12.5% +15.0 %
RCP 4.5 —0.52% -1.94 % —3.64 % —-4.71 % -5.31% —5.62 % —3.62 %
RCP 6.0 —0.47 % -1.51 % —-212% —4.40 % -3.31% —3.62 % —2.79 %
RCP 8.5 —0.93 % —2.97 % —4.87 % —5.71 % —6.31 % —7.62% —4.74 %

on widely accepted proxies, including demographic indicators (e.g.,
proportion of elderly population), built environment characteristics (e.
g., LCZs), and population density, which are commonly used in urban
heat risk studies. While these proxies provide a meaningful approxi-
mation of population vulnerability, we recognize that they do not fully
substitute for health-tied impact data. Future studies may benefit from
integrating health surveillance or hospitalization records to further
strengthen model validation and improve the assessment of human
health impacts associated with heat waves.

Third, the model is tailored to Bologna’s urban and climatic context;
its application to other cities requires regional calibration. Additionally,
while the study highlights the importance of green infrastructure, it does
not quantify the dynamic evolution or maintenance of such spaces over
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time. The long-term effectiveness of NBSs, such as urban greening, in
reducing HWR under evolving urban growth and climate scenarios re-
mains untested.

Afterwards, to further strengthen the evaluation of model robustness,
future work should consider benchmarking the proposed LSTM-
Hippopotamus model against non-optimized LSTM and traditional ma-
chine learning classifiers, as well as conducting ablation studies to assess
the contribution of individual components. Moreover, tools from the
field of explainable AI such as SHAP (SHapley Additive exPlanations)
could enhance model interpretability and provide more granular insight
into feature importance. Evaluating the model’s performance on unseen
datasets across different temporal or spatial contexts is also recom-
mended to better assess generalizability under varying input conditions.
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tion index under different climate scenarios (RCP 4.5, RCP 6.0, and RCP 8.5).

Finally, although the model offers strong predictive performance and
interpretability, its integration into practical planning tools such as early
warning systems or urban resilience dashboards is a critical next step.
Future work should focus on broader data access, cross-city validation,
and the co-development of interactive platforms with urban planners to
translate model insights into actionable strategies.

5.1. Summary and conclusions

This study presents a novel framework for assessing Heat Wave Risk
(HWR) in Bologna, focusing on the older population as a highly
vulnerable group, using a Long Short-Term Memory (LSTM) neural
network optimized via the Hippopotamus Optimization Algorithm
(HOA). By integrating 14 spatial and temporal variables spanning haz-
ard, exposure, and vulnerability components, we offer a robust spatio-
temporal ML-based approach to predict and map HWR in Bologna, Italy.
The main findings can be summarized as follows:

o The developed LSTM-HOA model achieved strong classification
performance across five HWR categories, with class-wise accuracies
exceeding 77 % for "Very Low’ and "High’ risk classes. While class-
wise disparities were observed, the overall accuracy and stability
confirmed the model’s suitability for spatial risk mapping at the
census tract level.

Feature selection analyses identified temperature, Local Climate
Zones (LCZs), proximity to public transport, and Enhanced Vegeta-
tion Index (EVI) as critical contributors to HWR. Notably, areas with
higher temperatures, limited vegetation, and poor access to green
spaces and transportation exhibited elevated risk levels, particularly
for older population residents.

The use of Partial Dependence Plots (PDPs) improved the explain-
ability of the LSTM model, revealing nonlinear and threshold-based
relationships. High temperatures (>29 °C), low EVI (<1000), and
greater distances to healthcare and green infrastructure significantly
elevated predicted risk, underscoring the need for proximity-based
interventions.

Future risk projections under Representative Concentration Path-
ways (RCPs) 4.5, 6.0, and 8.5 indicate a substantial increase in *Very
High’ risk zones by 2050, with worst-case scenarios showing a rise
from 34 % to 66 %. These trends highlight the pressing need for
Nature-Based Solutions (NBSs), especially green infrastructure, to
buffer urban populations from escalating heat wave hazards.
Simulation of greenery proximity and vegetation enhancement sce-
narios demonstrated measurable reductions in projected risk, up to 8
% under RCP 8.5, proving tangible benefits of urban greening in
climate adaptation strategies.

]

o]

]

o]

We recommend that future studies expand this framework to other
cities and incorporate real-time health data and Internet of Things (IoT)-
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based monitoring systems to enhance model responsiveness. The pro-
posed methodology, due to its interpretability, spatial precision, and
predictive strength, suggests the benefit of localized strategies and offers
a valuable decision-support tool for urban planners, public health offi-
cials, and policymakers in designing climate-resilient and equitable
urban environments.
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