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Abstract

This study developed a spatially constrained clustering (SCC) framework for identifying urban heat-risk zones by integrating en-
vironmental heat hazard, population exposure, socio-demographic vulnerability, and mitigation indicators. Heat risk was concep-
tualized as a multidimensional framework, and SCC was applied to derive geographically contiguous zones in Sofia, Bulgaria.
The results revealed a dominant urban—peripheral gradient in heat risk, with the urban core characterized by the co-occurrence of
elevated thermal stress, high population density, and reduced mitigation capacity. While the SCC approach successfully identified
spatially coherent and interpretable risk zones, the findings also suggest that additional variables and higher-resolution data are
required to capture more detailed intra-urban differences. Overall, the proposed framework demonstrates the potential of integrat-
ing multidimensional geospatial data with the SCC approach to support urban heat-risk assessment and inform climate adaptation

strategies.

1. Introduction

Urbanization and climate change are intensifying heat-related
risks in cities worldwide. Europe is warming at approximately
twice the global average rate, resulting in more frequent and
severe heatwaves (World Meteorological Organization, 2022).
Urban areas are particularly vulnerable because the urban heat
island effect amplifies thermal stress through dense built sur-
faces, increased anthropogenic heat emissions (Koleva et al.,
2024), and limited vegetation (Beddow, 2022). As a result, heat
exposure increasingly threatens public health, urban infrastruc-
ture, and the resilience of cities (EEA, 2024).

Assessing these socioeconomic and infrastructural vulnerabilit-
ies requires more than measuring temperature alone. The Inter-
governmental Panel on Climate Change (IPCC) conceptualizes
climate risk as the interaction of hazard, exposure, and vulner-
ability (Simpson et al., 2021), recognizing that heat-related im-
pacts depend not only on the intensity of the hazard but also on
the characteristics of exposed populations and their capacity to
cope with extreme heat. This framework has therefore become
the conceptual basis for integrated urban heat-risk assessment.

Applying this integrated approach is particularly urgent in South-
eastern Europe, where the consequences of extreme heat have

severely intensified. Bulgaria, for instance, has recorded one

of the highest per-capita heat-related mortality rates in recent

summers (Jano$ et al., 2025), while its capital, Sofia, has ex-

perienced rapid urban expansion accompanied by increasing

built-up areas and declining green space (Vitanova et al., 2026).

These intersecting trends increase both heat exposure and the

vulnerability of urban populations, making Sofia a critical case

study for investigating the spatial patterns of urban heat risk.

While Sofia provides an ideal empirical setting for this research,
existing local literature has yet to fully adopt an integrated risk
perspective. Although several studies have examined urban heat
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islands and thermal environments in the city (Vitanova et al.,
2021; Vitanova and Kusaka, 2018), most focus primarily on
temperature distributions. Comparatively few studies integrate
climatic, demographic, socioeconomic, and mitigation indicat-
ors within a unified spatial assessment. Moreover, urban heat
vulnerability is commonly represented using composite indices,
weighted overlays, or predefined vulnerability classes, which
may overlook geographically coherent patterns of heat risk.

To address this gap, this study develops a geospatial framework
that integrates hazard, exposure, vulnerability, and mitigation
indicators using Spatially Constrained Clustering (SCC). Un-
like conventional urban heat vulnerability mapping, the pro-
posed framework identifies geographically contiguous heat-risk
zones directly from multivariate data rather than predefined classes
or composite indices. Specifically, the study evaluates whether
SCC can identify coherent heat-risk regions during an extreme
heat event and examines how these regions differ in terms of
hazard, exposure, vulnerability, and mitigation characteristics.

By identifying spatially coherent heat-risk zones, the proposed
framework provides a more actionable representation of urban
heat risk than fragmented, variable-based assessments. Such
zones can better support urban planning by informing district-
scale cooling strategies, targeted greening initiatives, the place-
ment of cooling shelters, and the development of shaded mobil-
ity corridors.

2. Data and methodology

Figure 1 outlines the workflow for implementing the SCC
framework, including data collection, preprocessing, explor-
atory analysis, and modelling through the application of SCC
algorithms. Environmental, land use, and socio-demographic
data are integrated, cleaned, and standardised into a common
spatial dataset. Heat risk is represented by integrating the haz-
ard, exposure, and vulnerability components, consistent with
the IPCC risk framework, while spatially constrained cluster-
ing is used to delineate contiguous urban heat-risk zones.
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Figure 1. Study workflow.

2.1 Study area

The study area is Sofia City, the capital of Bulgaria. Over the
past twenty years, Sofia’s population has grown steadily, reach-
ing nearly 1.3 million in 2024, or about one-fifth of Bulgaria’s
total (World Population Review, 2024). Recently, the region has
seen more prolonged heatwaves, with extended periods above
32 °C (The Sofia Globe staff, 2024), and Bulgaria recorded the
second-highest heat-related mortality rate per million inhabit-
ants in summer 2023 (Gallo et al., 2024). These trends under-
score the urgent need to improve urban heat-risk assessment in
the region.

2.2 Data collection

The study utilizes Wet Bulb Globe Temperature (WBGT), land
use, and socio-demographic datasets to represent the dimen-
sions of urban heat risk. Three main data sources are utilized
in this research: simulation outputs from the Weather Research
and Forecasting (WRF) model, and datasets from Copernicus
and Sofia Plan.

2.3 Feature selection

WBGT data is obtained from high-resolution simulations gen-
erated using the WRF model. The dataset is provided in
netCDF format and extracted to .txt at 250 m resolution. For
this analysis, WBGT values corresponding to 16 July 2024 at
16:00 are selected, representing the hottest hour of one of the
most extreme summer days. The WBGT index integrates air
temperature, humidity, wind speed, and radiative heat load, and
is widely used as an indicator of human thermal stress (Ren et
al., 2023). In the proposed framework, the index is used to rep-
resent the hazard dimension.

Land use data is derived from the Sentinel-2 Land Cover
Explorer dataset Esri and Microsoft (2024). The dataset is
provided in raster format and includes five urban classes with
a spatial resolution of 10 meters per pixel (10 m x 10 m). The
version used in this study reflects land use conditions for the
year 2024. It is used to derive an urban green ratio representing
local mitigation capacity.

Population density data is obtained from SofiaPlan (2024). It is
expressed as percentages at the Urban Unit (GE) level. Spatial
analysis and visualization are performed in ArcGIS Environ-
mental Systems Research Institute (Esri) (2025). The data is
aggregated into the common spatial unit used in this study to
represent population exposure to extreme heat.

Age distribution data is also obtained from (SofiaPlan, 2024).
The original demographic classification provided by SofiaPlan

is structured into the following age groups: 0-2 years, 3-6
years, 7-14 years, 1518 years, 19-65 years, and over 65 years.
These indicators are used to represent demographic vulnerabil-
ity to heat stress.

Financial Vulnerability Index (FVI) data is sourced from (Sofia-
Plan, 2013) and provided in vector format. It contains informa-
tion on average income levels across spatial units and their de-
viation from the city-wide average income. The FVI is used to
represent socio-economic vulnerability within the urban popu-
lation.

2.4 Data preprocessing

Prior to analysis, all datasets are harmonized to ensure spatial
and numerical consistency. First, all spatial layers are repro-
jected to a common coordinate reference system (WGS 84 /
UTM Zone 34N, EPSG:32634). WBGT, land use, and socio-
demographic datasets are then spatially aggregated and clipped
to a unified set of 251 urban neighborhood units, which serve
as the primary analytical spatial units in this study.

To enable comparison across variables measured in different
units, all non-geometric attributes are standardized prior to
modeling. Continuous indicators are transformed using z-score
normalization, ensuring a zero mean and unit variance.

Some features are aggregated or transformed into indices to fa-
cilitate a more consistent and interpretable analytical process.
The selected variables and indices created are described below.

For the purposes of this study, the age distribution groups are
reclassified into broader analytical categories: 0-6 years, 7-18
years, 19-64 years, and 65+ years. This reclassification is in-
troduced to better reflect age groups particularly vulnerable to
heat-related illnesses (Clark et al., 2024), while ensuring con-
sistency and comparability across spatial units.

For the purposes of this analysis, the original five-class land
cover data are aggregated into a binary classification. The Built
Area class is assigned to the Urban Area category, while all
other classes (water, trees, crops, and rangeland) are consol-
idated into the Green Area category. The Green Ratio Index
(GRI) is then defined as a fractional index, calculated as

green
Ai

GRI; = (oo
Agreen+Al‘lTban

ey

where A¥°*™ and AY"°“" represent the total areas (in m?) of
urban and green land-cover classes, respectively, within spatial
unit ¢ (Bahr, 2024).
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Values approaching O indicate predominantly urban environ-
ments, whereas values approaching 1 indicate highly vegetated
areas.

Additionally, this study calculates the Financial Vulnerability
Index (FVI). The FVIis constructed following established com-
posite indicator methodologies (OECD Publishing, 2008; Cut-
ter et al., 2003). It is developed to quantify the relative eco-
nomic disadvantage between districts by combining measures
of absolute income levels and relative income position within
the municipality. The index is based on the average monthly
income per individual and the percentage deviation of district-
level income from the municipal average, thereby capturing
both material capacity and relative deprivation.

I; denotes the average monthly income in district ¢, and P;
represents the percentage deviation of district income from the
Sofia municipal average. Absolute income vulnerability is cal-
culated as

Ii - Imin
L e @

Imax - Imin

Relative income vulnerability is calculated by retaining only
negative deviations from the municipal average, as districts with
income equal to or above the citywide mean are not considered
financially vulnerable relative to the municipal average.

Vil = max (0, - ﬁ)) 3)

The FVI is defined as a weighted composite indicator:

FVI, = 0.6V + 0.4V )

where ¢ denotes the spatial unit.
2.5 Exploratory data analysis

Exploratory data analysis is conducted to understand the data-
set’s structure and characteristics. The steps are outlined below.

Before clustering, summary statistics (mean, standard devi-
ation, minimum, maximum, and quartiles) are computed for all
numerical features to describe central tendency and dispersion
across spatial units. Skewness is also calculated to assess dis-
tributional asymmetry not captured by the mean and standard
deviation.

A correlation matrix is generated to examine relationships
between pairs of features before clustering. It reports correl-
ation coefficients that measure the strength and direction of lin-
ear relationships, helping to reveal underlying structures and as-
sess associations between variables (Looney and Hagan, 2011).

Moran’s I is used to measure spatial autocorrelation. It pro-
duces values from -1 to 1, where high positive values indicate
clustering, negative values indicate dispersion, and values near
zero suggest randomness. Moran’s I is computed for each fea-
ture to assess spatial structure and determine whether clustering
is likely to yield informative spatial groupings (Li et al., 2007).

2.6 Spatially constrained clustering (SCC)

The risk assessment follows the conceptual framework es-
tablished by the Intergovernmental Panel on Climate Change
(IPCC, 2014, 2022), in which risk is defined as a function of
hazard, exposure, and vulnerability. Following urban adapta-
tions of this model (Tapia et al., 2017), an additional mitigation
dimension representing nature-based adaptive capacity is integ-
rated to assess the buffering effect of green infrastructure. In
this study, risk is defined based on the following components:

Risk = f(H, E,V, M) (%)

where the dimensions are defined as:

H = Wet Bulb Globe Temperature (WBGT) 6)

FE = Population Density )
M = Green Space Index ®)
V= (Agey_g + A§%5+ + FVI) )

To ensure equal contribution of each dimension, all features are
standardized using z-score normalization. The vulnerability di-
mension, comprising three distinct indicators, is aggregated into
a composite mean index to mitigate high-dimensional bias in
Euclidean distance calculations.

To establish a statistical baseline, the K-means algorithm, an
unsupervised machine learning method that partitions the input
data into distinct clusters (Jain et al., 1999), is first applied to
the standardized features. The optimal number of clusters (k) is
determined by evaluating the Silhouette Score for a range of 2
to 20 clusters. This non-spatial stage identifies the “global” risk
archetypes within the dataset without geographic constraints.

To ensure geographic coherence and account for the spatial con-
tiguity of urban units, two spatially aware approaches are imple-
mented:

1. Spatially Weighted K-Means: To enhance clustering by
explicitly incorporating spatial proximity, a hybrid K-
means approach is applied. By integrating coordinate-
based proximity with the IPCC risk dimensions, the
method evaluates whether geographically coherent risk
zones can be identified.

2. Self-Organizing Maps (SOM): The SOM projects the mul-
tidimensional input feature space onto a two-dimensional
lattice (Kaski, 2010). This process preserves the topo-
logical relationships within the data, ensuring that urban
units with similar risk profiles are mapped to adjacent
neurons. The structural output is analyzed through com-
ponent planes, which act as thematic layers illustrating the
weight of individual variables across the grid. By cross-
referencing these planes, the convergence of hazard, ex-
posure, and vulnerability that defines each zone is ana-
lyzed, enabling a more granular interpretation of urban risk
beyond a simple binary classification.

Following each spatial clustering process, the resulting clusters
are characterized through profile analysis. Centroids for each
IPCC dimension are calculated to identify the dominant risk
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drivers within each cluster. Furthermore, an ordinal ranking of
these centroids facilitates comparative cross-cluster analysis.

The performance and stability of the clustering solutions are as-
sessed using the Silhouette Score as the primary internal valid-
ation metric. This method evaluates the balance between intra-
cluster cohesion and inter-cluster separation.

3. Results and discussions
3.1 Choropleth-based analysis

Selected features are visualized as choropleth maps to serve as
a diagnostic tool for examining how WBGT, land use, and so-
cioeconomic factors are distributed across urban units. Lower
WBGT values are observed mainly in the peripheral parts of the
city, as shown in Figure 2. It is important to note that even the
lowest observed values still fall within the “Warning” category
of the WBGT classification (Guidelines for the prevention of
heat illness in daily life, 2024). In contrast, inner-city areas ex-
hibit WBGT values ranging from approximately 29.00 to nearly
31.00 °C, corresponding to the severe warning and danger cat-
egories (Guidelines for the prevention of heat illness in daily
life, 2024).

Wet Bulb Globe Temperature Index
[126972-27

[J27-275

[J275-28

[128-285

I 30,5- 30,552

Figure 2. Wet Bulb Globe Temperature (WBGT) on 16 July
2024 at 16:00 LST.

Figure 3 visualizes how lower GRI values are concentrated in
the central parts of Sofia. The mapping reveals a scattered spa-
tial distribution of green areas throughout the city, including
Borisova Gradina Park, South Park, and West Park, as well
as the disproportionality between highly green and low-green
areas. Out of the 251 urban units, only 31 have a GRI value
higher than 0.50, while a value of 0.00 appears most frequently,
indicating that most areas within the city exhibit limited capa-
city to mitigate thermal stress.

FVI values are visualized in Figure 4, revealing a clear
north—south divide, with lower vulnerability concentrated in the
southern and central parts of the city and higher values (es-
timated at 0.70 and above) forming more contiguous clusters
in northern areas. This pattern closely aligns with previously
identified poverty distributions in Sofia (Ryustem et al., 2018),
suggesting a persistent spatial structuring of socio-economic

Figure 3. Green Ratio Index (GRI) in 2024.

disadvantage. The observed clustering indicates that financial
vulnerability is not randomly distributed but instead reflects un-
derlying urban inequalities.

Figure 4. Financial Vulnerability Index (FVI) in 2013.

Figure 5 illustrates that the highest population densities are con-
centrated in the southeastern parts of the city, particularly in the
Mladost and Gorublyane districts, as well as in the Lyulin area
in the western part of Sofia. These high-density zones form spa-
tially distinct clusters, indicating concentrated residential pat-
terns. Lower densities in central and peripheral areas suggest
a more heterogeneous urban fabric. From a risk perspective,
the clustering of high population densities highlights areas of
elevated exposure, which may increase the potential impact of
environmental hazards, particularly when these zones spatially
coincide with high hazard or vulnerability levels.

The spatial distribution of age groups of particular interest is
also examined. Figure 6 presents the distribution of residents
aged 0-6 years, a group widely recognized as particularly vul-
nerable to heat stress. The highest proportion of this age group
(17.65%) is observed in Boyana, suggesting a localized con-
centration of young families in specific residential areas. More
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Figure 5. Population density in 2024.

broadly, the distribution of young children appears spatially un-
even, with higher values concentrated in selected districts rather
than being uniformly distributed across the city.
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Figure 6. Percentage of people aged 6 and below in 2024.

Figure 7 illustrates the distribution of residents aged 65 years
and older, a group consistently identified as the most vulnerable
during extreme heat events. The highest proportion of elderly
residents (50%) is recorded in Poduene, indicating a significant
spatial concentration of ageing populations in this area. How-
ever, most urban units exhibit relatively low shares of elderly
residents, with 155 units showing proportions below 20%, sug-
gesting that high elderly concentrations are localized rather than
widespread. From a vulnerability perspective, the spatial sep-
aration of these age groups highlights that different forms of
demographic vulnerability are unevenly distributed across the
city.

3.2 Descriptive statistics

The previous step provided a visual assessment of the data dis-
tribution; however, generating a statistical description enables
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Figure 7. Percentage of people aged over 65 in 2024.

a more quantitative evaluation. The GRI exhibits strong posit-
ive skewness (Table 1), indicating that the majority of districts
have low green-space availability, while a small number of dis-
tricts contain substantially higher proportions of green space.
This skewness validates the observations made during the as-
sessment of the GRI visualizations.

Conversely, WBGT displays negative skewness (Table 1) with
a relatively low standard deviation, suggesting that heat ex-
posure is comparatively homogeneous across the study area,
with only a few cooler outliers. This limited variability
provides insight into the potential for cluster formation, sug-
gesting that hazard alone may not strongly differentiate spatial
clusters. Demographic and FVI variables exhibit greater dis-
persion than WBGT, indicating that clustering outcomes may
be more strongly influenced by vulnerability and mitigation di-
mensions than by hazard intensity alone.

Pop. | A0-6 | A65+ | GRI | WBGT | FVI
Skewness | -0.88 | 0.17 | -0.21 | 1.81 | -1.46 |-0.00

Table 1. Skewness values across variables.
3.3 Spearman Correlation Matrix

A weak positive correlation (r = 0.19) is observed between
WBGT and population density, indicating that denser areas ex-
perience slightly higher thermal exposure, consistent with in-
tensified urban heat in compact cities. A moderate negative
correlation (r = —0.59) between GRI and WBGT shows that
districts with more green space tend to have lower heat intens-
ity, supporting the mitigating role of vegetation. A moderate
negative association (r = —0.22) between GRI and popula-
tion density reflects the contrast between dense urban cores and
greener peripheral districts. These relationships, shown in Fig-
ure 8, provide a preliminary assessment of the strength and dir-
ection of associations among the variables.

3.4 Moran’s1

The values obtained from Moran’s I analysis are presented in
Table 2. Population density, WBGT, and FVI exhibit positive
spatial autocorrelation, indicating spatial clustering (e.g., high
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Figure 8. Spearman Correlation Matrix visualization.

values near other high values). In contrast, age distribution and
GRI values are lower, suggesting a more random or dispersed
spatial distribution. This step provides insight into the spatial
structure of the analyzed features by identifying which variables
exhibit clustering and measuring the intensity of that clustering.

Pop. | A0-6 | A65+ | GRI | WBGT | FVI
Moran’sI| 0.52 | 0.13 | 0.20 [0.22| 0.55 |0.89

Table 2. Spatial autocorrelation (Moran’s I) across variables.

3.5 Spatial modeling and clustering

A K-means algorithm is first applied to the H, E, V, and M
features. The optimal number of clusters is selected using the
Silhouette Score for k = 2 to k = 20, with the best score (0.34)
at k = 2. This initial risk topology reveals a basic clustering
structure without spatial constraints. To enforce geographic co-
herence, a Spatially Weighted K-means is then used by adding
scaled longitude and latitude to the features and applying a spa-
tial weight of 1.5 to favor geographic proximity. The distribu-
tion remains consistent, again yielding the best Silhouette score
(0.35) at k = 2. This indicates a dominant macro-scale split
between the dense inner city and peripheral areas, rather than
finer-grained risk zones. Finally, a SOM algorithm is tested for
k = 2 to k = 6, with the highest Silhouette score (0.34) again
at k = 2. The resulting clusters, summarized in Table 3, show
that Cluster O (the urban cluster, Figure 9) has the highest H,
V, and E values, while Cluster 1 (the peripheral cluster) has the
highest M value.

Cl. | Pop. | A0-6 | A65+ | GRI | WBGT | FVI
0 |2.00] 2.00 | 2.00 | 1.00| 2.00 |2.00
1 [1.00| 1.00 | 1.00 |2.00| 1.00 |1.00

Table 3. Self-Organizing Maps (SOM) cluster characteristics.

While global clustering identifies the  dominant
urban—peripheral structure, SOM component planes re-
veal heterogeneity within these macro-scale zones, enabling
the identification of localized risk hotspots within the broader
urban cluster. To identify these hotspots, the SOM is queried

aaaaa

<<<<<<
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. o i ey .
[ § S A . /é
1 54 ;
Figure 9. Self-Organizing Maps (SOM) clusters.

through multidimensional risk-intersection analysis. Neurons
are filtered based on a profile exhibiting values in the upper
tercile (above the 70th percentile) for H, E, and V, together
with below-average capacity in the M plane (Figure 10).

Hazard Exposure
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Figure 10. The Intergovernmental Panel on Climate Change
(IPCC) pillars visualized as component planes.

To validate these findings geographically, a reverse-mapping
procedure is employed. Coordinates from the component
planes are queried to identify the specific urban units repres-
ented in the original database. This process reveals neighbour-
hoods (listed in Table 4) that fall under the identified high-risk
classification.

Figure 11 visualizes localized risk zones that the global cluster-
ing approach is unable to capture, but which the SOM compon-
ent plane analysis successfully isolates.

4. Conclusions and future work

This study demonstrates how an IPCC-inspired risk framework
can be integrated with SCC approaches to analyse urban heat
risk. Rather than introducing a new clustering methodology,
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Coord. | H \ E M Areas

(3,10) | 1.16 | 0.62 | 0.59 | -0.54 | Kremikovtsi; Nadezhda/Vrabnitsa
(2,11) | 1.01{0.55|0.52|-0.56 Vrabnitsa; Ilinden

(2,10) | 0.97 |0.54 | 0.65 | -0.57 Krasna Polyana; Poduene

(3,11) | 0.96 [ 0.66 | 0.59 | -0.58 Nadezhda
(2,12) 1 0.86 [ 0.61 | 0.66 | -0.48 Nadezhda; Serdika/Ilinden
(1,12) | 0.80 [ 0.56 | 0.97 | -0.43 Vrabnitsa

(0,12) | 0.75(0.59 | 1.28 | -0.55
(0,13) | 0.54(0.54 | 1.31 | -0.56
(2,13) 10.530.58]0.99|-0.32

Poduene; Lyulin
Poduene; Lyulin
Poduene; Lyulin

Table 4. Top Self-Organizing Maps (SOM) nodes and associated
areas.
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Figure 11. Heightened risk zones visualization.

it combines established SCC techniques within a unified risk
assessment workflow. The heterogeneous spatial distributions
of the analysed variables, evident in both the choropleth maps
and descriptive statistics, highlight the multidimensional nature
of urban heat risk.

All methods consistently identified £k = 2 as the optimal num-
ber of clusters (Silhouette 0.34—0.35), revealing a dominant bin-
ary spatial pattern. The high-risk cluster shows greater haz-
ard, exposure, and vulnerability, while the low-risk cluster has
higher mitigation capacity. This agreement across methods
indicates that the urban—peripheral gradient is the main spa-
tial structure of heat risk in Sofia. The limited differentiation
between clusters likely reflects the chosen variables, spatial res-
olution, and reliance on a single extreme heat event, which to-
gether highlight the broad urban—peripheral contrast over finer
intra-urban differences. Unlike conventional composite indices,
weighted overlays, or predefined classes, the proposed frame-
work derives spatially contiguous heat-risk zones directly from
the data, offering a complementary, data-driven view of urban
heat vulnerability.

SOM component-plane analysis provides a more granular inter-
pretation of heat risk. Areas including Kremikovtsi, Nadezhda,
Vrabnitsa, Ilinden, Krasna Polyana, Poduene, Serdika, and Ly-
ulin exhibit relatively highest values in dimensions H, F, and
V and low M capacity. This finding suggests that although
these areas are a part of a bigger risk zone, these specific neigh-
bourhoods should be prioritized when planning heat mitigation
actions.

The limited number of input variables, the use of a single ex-
treme heat event, and the available spatial resolution constrain
the ability to capture finer intra-urban variability, suggesting
that additional variables and temporal depth are required for
more granular risk differentiation. Although WBGT was used
as the primary hazard indicator, its composite formulation in-
corporates air temperature, humidity, wind speed, and solar ra-
diation, providing a robust representation of outdoor heat stress
while not capturing every aspect of the urban thermal environ-
ment.

As limitations, this study does not incorporate direct health out-
come data, such as emergency department visits or heat-related
mortality. The availability of such data is often limited and typ-
ically lacks the spatial resolution required for integration within
this framework. As a result, the identified zones represent po-
tential heat risk rather than empirically observed health impacts.
Future validation could compare the identified zones with ob-
served heat-related health outcomes where such data become
available.

Future work should focus on integrating additional variables
across the hazard, exposure, vulnerability, and mitigation di-
mensions to improve cluster granularity. Sensitivity ana-
lyses of the spatial weighting parameter and additional cluster-
validation metrics would further strengthen the framework’s
methodological robustness. In particular, incorporating addi-
tional climatic indicators alongside WBGT, temporal heat dy-
namics, and socio-demographic indicators would enhance the
representation of urban risk. Expanding the framework to a
multi-temporal or predictive context would further support its
application in long-term urban planning and climate adaptation.
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