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Abstract

In recent decades, Europe has experienced severe heatwaves with significant mortality impacts.
While hazard and exposure are key factors, vulnerability drivers play a crucial role in shaping these
outcomes. However, few studies have examined these drivers at a continental scale. This study
presents the first dynamic heat vulnerability assessment for Europe, incorporating spatial and
temporal dimensions through ordinary least squares regression. Subnational (NUTS2) heatwave
mortality data is used as the dependent variable, while independent variables include
high-resolution raster data on heat hazard parameters, estimated population exposure, and
socio-economic, demographic, and environmental vulnerability factors at both raster and
subnational (NUTS2) scales. Our results (adjusted R* = 0.662) identify foreign citizenship and
urbanization as the most influential drivers, with a 1% increase in the percentage of foreign citizens
and the size of urban areas associated with a 12.1% and 7.3% rise in heatwave-related mortality,
respectively. Based on these findings, we construct the European heat vulnerability index for

2000-2019 as a weighted sum of the identified drivers, using the regression coefficients as weights.
The results suggest that foreign citizens may face increased heat vulnerability due to intersecting
socioeconomic factors. Policy recommendations include promoting inclusive integration measures
to address disparities among foreign populations, and prioritizing sustainable urban planning and
nature-based solutions to enhance resilience in rapidly urbanizing areas, ensuring equitable access

to green spaces.

1. Introduction

Heatwaves can have a substantial impact on human
health [1], causing, for example, dehydration,
increased blood viscosity, and alteration of heart
functions, such as heart rate, cardiac output, and
arterial pressure [2], ultimately leading to cardiac
failure [3, 4]. Numerous studies have shown a cor-
relation between the occurrence of heatwaves and
increased morbidity (defined as the state of being
unhealthy because of a particular disease or condi-
tion) and mortality (defined as the number of deaths
that occur in a population) [3, 5-9]. For example,
the 2003 summer heatwave that hit Western Europe
caused over 70 000 deaths [10]. Since climate change
is expected to increase the frequency and intensity
of heatwaves [11], the associated impacts are likely
to rise as well. Risk frameworks and vulnerability

© 2025 The Author(s). Published by IOP Publishing Ltd

assessments play a crucial role in predicting heatwave
impacts, especially in identifying high-risk areas and
informing adaptation strategies [12]. Vulnerability,
a key component of risk, is challenging to quantify
because it encompasses the propensity of communit-
ies to suffer harm across various dimensions and
because it includes physical, economic, and social
factors [11]. These factors can vary significantly
when assessing vulnerability to different hazards [13].
To enhance our understanding of heatwave risk in
Europe, it is essential to identify which factors influ-
ence heat vulnerability and to what extent, as well as
to establish the locations of vulnerable populations
[14, 15]. The literature evidences the correlations
between demographic, socioeconomic, and built
environment variables and the effects of heatwaves.
Our study’s framework is similarly grounded on this
selection:
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o 1. Demographic factors such as age are critical to
heat vulnerability. Elderly individuals (65+) are
at heightened risk due to physiological declines in
thermoregulation and the prevalence of chronic
conditions [16, 17], while children under five
are particularly susceptible due to their under-
developed thermoregulatory systems and depend-
ency on caregivers [18, 19].

e 2. Socioeconomic factors shape vulnerability by
influencing access to adaptive resources and aware-
ness of heat risks. Low income and education levels
are associated with reduced capacity to cope with
heat [3, 20]. Limited income gives individuals less
access to household amenities such as air condi-
tioning, fans, and proper ventilation systems that
can help reduce the impacts of heatwaves [21].
Low education is linked to a lack of awareness
regarding precautionary measures and potential
dangers of heat [22, 23]. Economic insecurity
and systemic inequities, reflected in unemploy-
ment and racial or ethnic disparities, can amplify
risks. Contributing factors include limited access
to resources, cultural differences, and the ongo-
ing social, economic, and political marginalization
linked to foreign descent or diverse backgrounds
[24, 25]. Accessibility to healthcare also influences
heat outcomes, encompassing both social and
built environment dimensions. Socially, health-
care access depends on the affordability and func-
tionality of health systems, which vary in their
capacity to meet population needs. Physically,
the proximity of healthcare facilities impacts
timely medical intervention during heat-related
emergencies [16].

e 3. Characteristics of the built environment such
as urbanization amplify heat exposure through the
urban heat island (UHI) effect, which increases
temperatures in densely built-up areas compared to
rural surroundings [26]. The lack of green spaces
in urban environments exacerbates the issue by
reducing opportunities for cooling. Recently, this
problem has been examined through the lens of
climate justice, which seeks to ensure equity and
fairness in addressing climate change challenges,
and some have advocated for the protection of
the most vulnerable individuals, ensuring they are
not disproportionately affected by climate change
impacts [27]. Numerous case studies indicate that
green spaces in urban areas are not only lacking but
are also unequally distributed, leaving vulnerable,
lower-income suburban areas disproportionately
subject to heat stress within the urban environment
[28-32]. Additionally, urban areas present further
challenges because of their high reliance on public
transportation and non-motorized modes of trans-
port, which increases heat exposure, particularly
for individuals with low socioeconomic status [33].
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Despite existing research into vulnerability factors
and heatwave risk, several challenges remain.

First, vulnerability factors vary over time and
space. For example, a community’s vulnerability
can change significantly because of shifts in socio-
economic and demographic factors, such as pop-
ulation growth or decline, income level changes,
urban development, and modifications to social
infrastructure [34]. These temporal dynamics in vul-
nerability assessments have been rarely included in
vulnerability studies [35].

Second, most studies on vulnerability and heat
risk are locally-focused on cities or regions [20, 36—
38], with few having a national spatial scope while
using sub-national spatial units of analysis, such as
studies conducted in the Netherlands [39] and South
Korea [40]. Rohat et al [15] broadened the scope by
conducting a continental vulnerability and heat risk
assessment for Europe, considering a range of climate
change and socioeconomic scenarios. However, their
study relied on a definition of heatwave that does not
include humidity, and their method was not valid-
ated against impact metrics. Chambers [41] offer a
global analysis of heat vulnerability with national spa-
tial scale.

Third, composite vulnerability indices are rarely
validated against impact data, despite the importance
of such validation to bridge the gap between theor-
etical evaluations and real-world consequences [42].
Some studies have undertaken this validation process
using impact metrics—such as mortality [43], built
environment damage [44], economic losses [45], or
human migration [46]. In research related to heat,
notable examples are predominantly found in the
United States, originating from the work of Reid
et al [47], who validated the heat vulnerability index
(HVI) through regression analyses with morbidity or
mortality data. Outside the US, such validation efforts
are scarce and largely confined to local case stud-
ies, with limited exploration of applications with a
regional or larger spatial scope [42, 48].

By addressing these challenges, this study aims
to develop a dynamic HVI for Europe that better
captures the evolving nature of heat vulnerability
across regions and time periods [34]. Through its
novel methodology, the study identifies key drivers
of heat vulnerability among demographic, socioeco-
nomic, and built environment variables by quantify-
ing their statistical relationship with heatwave-related
mortality data. In doing so, the study seeks to balance
the complexity of vulnerability factors, which often
encompass multiple interconnected dimensions, with
the practical need to focus on the most informative
indicators. By identifying these key determinants and
ensuring they are statistically robust and not overly
correlated, the analysis builds a data-driven, weighted
index. The resulting tool provides a robust means for
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assessing the spatial and temporal dynamics of vul-
nerability from 2000 to 2019, offering critical insights
for evidence-based adaptation strategies.

2. Methodology

The methodology proposed in this study is sum-
marized in figure 1. We identified impact, haz-
ard, exposure, and vulnerability data to develop the
European HVI (Eu-HVI). Impact data is represented
by the number of fatalities associated with heatwaves
(section 2.1). In the hazard data analysis, we pro-
cessed atmospheric variables in order to derive heat-
wave footprints (section 2.2). Exposure was measured
by the computed average exposed population in the
heatwave footprint (section 2.3). Socio-economic and
demographic variables such as age, education, GDP,
foreign citizenship, and urbanization were used to
determine vulnerability (section 2.4). As described in
section 2.5, a regression analysis was applied to assess
the key drivers of heat mortality. The most relevant
drivers were used to calculate the Eu-HVI.

2.1. Impact

To understand the methodology of this study, we first
describe the dataset on heatwave-related fatalities,
sourced from the Risk Data Hub [49], which relies on
the EM-DAT database [50]. The dataset records fatal-
ities attributed to individual summer heatwave events
(June to August) and compiles data from diverse
sources, including governmental reports, interna-
tional agencies, and press articles. It is available at
two levels of nomenclature of territorial units for stat-
istics (NUTSs): NUTS2 (intermediate-level regions)
and NUTS3 (smaller regions). For this study, we used
NUTS2 data (2021 classification) to align with the
availability of vulnerability variables. Only heatwave
events from 2000-2019 were included due to limited
data availability prior to 2000.

2.2. Hazard

After impact, the second key component of this
study’s methodology is hazard. To delineate the haz-
ard component, we employed the pan-European
heatwave definition established by the EuroHEAT
project [51]. Following this method, heatwaves
are defined as periods of at least two consecutive
days with a daily maximum apparent temperature
Tapp—max €xceeding the 90th percentile of the monthly
distribution (refer to appendix A for details on the
computation of the T,,, 90th percentiles). The appar-
ent temperature T,pp, is calculated as in equation (1)
[51],

Tapp = —2.653 4 0.994 % (Ty;r) + 0.0153 x (po)z _
1)
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Here, T,py, is a function of the surface air temperature
Tir and the surface dew point temperature Typ. Ty,
is the temperature to which surface air would have
to be cooled for saturation to occur; it is a measure
of air moisture. The combination of high heat and
humidity is a measure of human relative discomfort,
as derived from physiological studies on evaporat-
ive skin cooling [52]. Calculating the heatwave foot-
prints for past events associated with reported fatal-
ities is essential for retrieving key event characterist-
ics, including intensity, duration, and spatial extent,
which are necessary for estimating the population
exposed to the event. Starting with hourly data, we
derive regional estimates of the temperature (T') and
duration (N) of the heatwave. Visual examples of the
variables T and N for selected events are shown in
the methodology flowchart (figure 1). As an addi-
tional hazard metric, we include regional averages of
land surface temperature (LST) to characterize dif-
ferences in heat retention due to varying urban spa-
tial structures and the UHI effect, as extensively doc-
umented in the literature (e.g. [53-55]). The LST
data are obtained from the European Space Agency
LST_cci satellite observations dataset [56], with daily
records in day and night-time and a spatial resolution
of 1 km. Detailed steps of the calculation of the heat-
wave footprints and LST parameters are provided in
appendix A.

2.3. Exposure

The third key component of this study’s methodology
is exposure. To assess population exposed to heat-
waves, we combine the gridded heatwave footprints
(section 2.2) with raster population data from GHS-
POP [57], at a 30 arc seconds spatial resolution. Since
the time span of this study is 20002019, we use the
available population data from 2000, 2005, 2010, 2015
and 2020. The population data for the intermediate
years is computed by applying the yearly growth rate
extrapolated from the reference years [58]. To calcu-
late the average population exposed to the heatwave
events, we overlay the heatwave footprint mask with
the population raster, filtering out individuals not
located within the heatwave-affected areas. Similar
to the hazard components, we then aggregate all the
individuals exposed to heatwaves falling within the
same NUTS2 region and average them throughout all
days of the heatwave duration.

2.4. Vulnerability

The final step in data processing focused on selecting
and preparing vulnerability variables for the regres-
sion analysis. These variables were chosen based
on existing literature while ensuring compatibility
with the constraints of pan-European data availabil-
ity, subnational granularity, and sufficient temporal
coverage. A detailed overview of the vulnerability
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Figure 1. Flowchart of the methodology of the study.

variables, alongside the impact, hazard, and expos-
ure components used in the statistical analyses, is
provided in table 1.

The vulnerability variables included in this study
are derived from the literature, as described in the
introduction, and consist of factors such as age (eld-
erly and children), socioeconomic status (income,
education, unemployment), percentage of foreign
citizens, national adaptive capacity, healthcare access,
and urbanization. While the inclusion of many of
these variables is self-explanatory, a few require addi-
tional clarification to justify their relevance in this
context.

In particular, the percentage of foreign citizens
was used as a vulnerability determinant due to the
lack of consistent data on race or ethnicity. This vari-
able is intended to capture potential disadvantages
faced by foreign populations, which may be subject to
higher vulnerability due to socio-economic inequal-
ities and integration challenges in host countries.

Healthcare access is another critical factor, meas-
ured by the distance to hospital facilities as a proxy
for physical accessibility. This reflects the ability to
access preventive and emergency medical care, espe-
cially in countries with socialized healthcare systems.
However, it should be noted that this measure does

not encompass the broader social aspects of health-
care access, such as insurance affordability or the
privatization of healthcare services.

The Notre Dame Global Adaptation Initiative’s
(ND-GAIN) Country Index [59] was also tested as a
proxy for national-level adaptive capacity to climate
change, providing an additional layer of insight into
vulnerability at the country level.

While the UHI effect is incorporated into the
hazard component of the analysis, the degree of
urbanization was also considered as a vulnerability
determinant. Urban areas tend to amplify heat stress
due to the concentration of people, limited green
spaces, and greater reliance on public transportation,
which increases exposure for vulnerable groups [30,
33]. Since this study focuses on heat vulnerability at
the NUTS2 level across Europe, it cannot fully cap-
ture intra-city inequalities. To address this, categor-
ical variables reflecting varying levels of urbaniza-
tion were introduced. The GHS-SMOD [60] raster
data was used to classify 1 km x 1 km grid cells
based on settlement types, categorizing regions into
Urban Centre (cities), Urban Cluster (dense/semi-
dense towns and sub/peri-urban areas), and Rural
(villages, dispersed rural, or predominantly uninhab-
ited areas).
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Table 1. Specifications of the variables adopted in this study. The Proxy variables column lists the processed variables used as
independent variables in the regression analysis (section 2.5). The source data are processed to obtain event specific values (Hazard and
estimated average exposed population) or yearly values (Vulnerability) for each NUTS2 region.

Source spatial

Selected temporal

Determinant Proxy variables Source  resolution resolution
Hazard
Heatwave intensity T (°C) (average of ngéT,S,%,ax [61] 0.25°(Global) 2000-2019 hourly
among the heatwave days)
Heatwave duration N (days) [61] 0.25°(Global) 2000-2019 hourly
Urban heat island effect LST (°C)—NUTS2 average [56] 1 km (Global) 2000-2019 daily
among the heatwave days
Exposure
Estimated average # of people (mln) exposed to [57] 30 arcsec 2000-2020
exposed heatwaves 5-yearly (yearly
population interpolated)
Vulnerability
Elderly % (1-100) of people over 65 yo [62] NUTS2 (Europe)  2000-2019 yearly
Children % (1-100) of children younger [63] NUTS2 (Europe)  2000-2019 yearly
than 5 yo
Income GDP at current market prices [64] NUTS2 (Europe)  2000-2019 yearly
(Purchase power standards) per [65] ITL2 (UK) 2000-2019 yearly
inhabitant (kPPS)
Education % (1-100) of people with [66] NUTS2 (Europe)  2000-2019 yearly
educational attainment level:
a) Basic (less than primary,
primary, lower secondary
education)
b) Intermediate (upper
secondary and post-secondary
non-tertiary education)
¢) Advanced (tertiary education)
Unemployment % (1-100) of unemployed [67] NUTS2 (Europe)  2000-2019 yearly
residents (from 15 to 74 years
old)
Foreign citizens % (1-100) of residents with [67] NUTS2 (Europe)  2000-2019 yearly

Adaptive capacity
Accessibility to healthcare

Degree of urbanization

foreign citizenship (from 15 to

74 years old)

ND-GAIN country index [59]
NUTS2 average motorized travel — [68]
time to hospital facilities

(minutes)

% (1-100) area of NUTS2 by [60]
settlement type:

a) Urban center (High density

cluster, >1500 inhabitants per

km? and >50.000 inhabitants in

the cluster)

b) Urban cluster (Moderate

density cluster, >300 inhabitants

per km? and >5000 inhabitants

in the cluster

¢) Rural (<300 inhabitants per

km? and/or not part of a cluster

with sufficient population to be
considered an urban cluster)

Country (Global)
1 km (Global)

1 km (Global)

2000-2019 yearly
2019 (assumed constant)

2000-2020
5-yearly (yearly
interpolated)
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2.5. Regression analysis and Eu-HVI

With the four components described in the previ-
ous sections, this study built on the methodology
of Reimann et al [43] and utilized a multiple lin-
ear regression analysis to empirically derive a Eu-
HVI at the continental scale for Europe, based on
the dominant vulnerability factors in explaining heat
mortality. We conducted an ordinary least squares
(OLSs) regression with the heatwave fatalities (F) as
the dependent variable and the hazard (H), expos-
ure (E), and vulnerability factors (V) (table 1) as
independent variables. To reduce the impact of out-
liers, we applied a log transformation to the heatwave
fatalities data, as some events reported exception-
ally high numbers [69]. Country dummy variables
were included as independent variables to account
for country-specific effects that we were not able to
capture with the variables included, as elaborated in
section 3. The heatwave fatalities of each event i are
then modelled as equation (2),

log(F;) = a+ B{'Hy;+ -+ B3 Hs ;i + B°E;
+ B Vit BV i+ G (2)

In this equation, « represents the intercept
of the model. The hazard variables are denoted

as H;,...,Hs;, with corresponding coefficients
A ...,Bl. The exposure variable E; has an
associated coefficient 3. The vulnerability vari-
ables Vi ;,...,V,; are associated with coefficients

BY,...,8Y. Country-specific effects are captured by
the dummy variable C;, where Cy; =1 if the i-th
observation belongs to country k, and Ci; = 0 oth-
erwise, with v, being the corresponding slope coef-
ficient. The regression models were computed across
all heatwave events in the dataset, incorporating vari-
ations across both time and space. The model estim-
ates the intercept () and slope coefficients (8 and
~k), which quantify the relationships between the
independent variables and the dependent variable,
log(F;). For log-linear regression models, and when
[ values are small (<0.1), each 8 can be interpreted
as the approximate percentage change in F; for a one-
unit increase in the corresponding predictor, holding
all other variables constant [70].

Our analysis explored various configurations
of OLS models. The optimal model was selected
through an automated algorithm developed by the
authors that evaluates all possible combinations of
independent variables, based on the ‘all possible
regression’ approach [71]. The algorithm identi-
fied the most suitable models through the following
methodology:

1. Input variable selection: independent variables
were organized into three configurations:

B Sestito et al

e Configuration 1 (H +E): hazard (H) and
exposure (E).

e Configuration 2 (H+ E+ V): hazard, expos-
ure and vulnerability (V).

e Configuration 3 (H+E+V + dummies):
hazard, exposure, vulnerability and country
dummy variables.

2. Exhaustive combinations: for each configuration,
the algorithm generated all possible variable sets
based on the independent variables listed in
table 1:

e Configuration 1 (H+E): Ny =2*—1=15
combinations.

e Configuration 2 (H+E+V): N, =27 —1=
131071 combinations.

e Configuration 3 (H+E+V + dummies):
N3 =28 —1 =262143 combinations.

3. Multicollinearity: for each combination, the vari-
ance inflation factor (VIF) was calculated to
assess multicollinearity. Only variable sets with
VIF < 5, indicating low multicollinearity [72],
were retained. This ensured minimal mutual cor-
relation among the variables in the regression
models.

4. OLS regression execution: OLSs regression with
robust standard errors was conducted on the vari-
able sets that passed the multicollinearity filtering.

5. Optimal model selection: models with adjusted R*
values in the 98th percentile of the distribution
were shortlisted. Among these, the model with the
highest number of statistically significant (p-value
< 0.05) independent variables was chosen as the
optimal model. If multiple models met these cri-
terion, the one with the highest adjusted R? was
selected.

This selection process ensured that the optimal
model retained the maximum number of linearly
independent explanatory variables while maintaining
statistical robustness. To account for potential non-
linearity in the data, robust standard errors were used
in all regressions. The Akaike information criterion
(AIC) was also tested as an alternative selection met-
ric to adjusted R?, yielding the same optimal model.
To evaluate spatial autocorrelation, Moran’s I test was
applied to the residuals of the models [73]. As part of a
sensitivity analysis, variables were individually added
to or removed from the optimal model to assess the
impact on its performance, the additional model con-
figurations are provided in appendix C.

The Results section presents the optimal models
for configurations 1, 2, and 3 (table 2).

The Eu-HVI (equation (3)) was calculated annu-
ally from 2000 to 2019 as a weighted sum of the
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selected vulnerability variables V;, with their slope
coefficients 3; as weights [43, 74].

n

Eu—HVL =Y 8V (3)

J

We then aggregated the Eu-HVI at the NUTS2
level, and the resulting maps provided a visual repres-
entation of heat vulnerability across Europe. The Eu-
HVI was linearly normalized to a range of 1-10 (with
1 indicating low and 10 high vulnerability), following
other examples of vulnerability assessments [36, 43,
75]. The dynamics of heat vulnerability and its drivers
can be assessed by analyzing temporal and spatial het-
erogeneous patterns.

3. Results

3.1. Regression models

Table 2 presents the optimal models derived under the
three configurations detailed in section 2.5. The first
model, Model 1, represents the basic model, which
reflects the optimal configuration when only haz-
ard and exposure variables are provided as inputs to
the algorithm. From this set, the algorithm selects
‘T’ (heatwave intensity) and ‘Pop Exp’ (population
exposed) as the combination of explanatory variables
that satisfy all conditions outlined in section 2.5.

Model 2 is generated when hazard, exposure, and
vulnerability variables are included as inputs, exclud-
ing country dummy variables. Under this setup, the
optimal model incorporates the percentage of urban
center and urban cluster areas along with the percent-
age of foreign citizens, in addition to the hazard and
exposure components.

Model 3 represents the optimal model when
all variables—hazard, exposure, vulnerability, and
country dummy variables—are included as inputs,
allowing full flexibility in variable selection. In this
configuration, no hazard variables appear in the final
model, but the population exposed, the percentage of
urban cluster areas and the percentage of foreign cit-
izens are selected together with the country dummy
variables. The following observations can be made
from these results:

e The inclusion of vulnerability variables alongside
hazard and exposure variables increases the explan-
atory power of the model by over 80%. This is
evident from the rise in adjusted R?> from 0.201
in Model 1 to 0.375 in Model 2, coupled with a
decrease in the mean absolute error.

e Adding country-specific dummy variables fur-
ther doubles the explanatory power compared
to Model 2, increasing R* to 0.662 in Model 3.
The mean absolute error also decreases signific-
antly. In this configuration, hazard parameters are
absent, implying that their contributions, along
with country-specific effects not explained by the

7
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other explanatory variables, are accounted for by
the country dummy variables, which mitigates the
omitted variables bias.

Additionally, all regression coefficients in the presen-
ted models are positive, indicating that a one-unit
increase in each explanatory variable is associated
with an increase in heatwave mortality. Given these
findings, Model 3 is identified as the best-fit model,
with 1% increase in urban cluster areas associated to
7.3% increase in heatwave mortality and 1% increase
in residents holding foreign citizenship associated
to 12.1% increase in heatwave mortality, and with
a Morans’ I value of 0.3, which indicates minimal
spatial structure, unlikely to bias the model results.
Appendix B provides the correlation matrices and the
VIF values for the selected models shown in table 2,
as well as the correlation matrix of the full list shown
in table 1.

3.2. Eu-HVI

Using Model 3, the two vulnerability drivers (i.e. per-
centage of foreign citizens and urban cluster areas)
and their coefficients were included as the compon-
ents of the Eu-HVI (equation (3)). Figure 2 shows
the Eu-HVI map, together with its components for
the year 2019. The Eu-HVI (figure 2(a)) for 2019
reveals distinct regional heat vulnerability patterns
across Europe, primarily influenced by its compon-
ents: the percentage of foreign citizens (figure 2(b))
and urban cluster areas (figure 2(c)). Among these,
the percentage of foreign citizens has a stronger influ-
ence, as indicated by its higher regression coefficient
(Bror = 0.121, By, = 0.073). This combination res-
ults in prominent hotspots of heat vulnerability in
Central Europe, particularly in the Benelux region,
West Germany, Ile de France (Paris metropolitan
area) and Switzerland. In Southern Europe, vulnerab-
ility exhibits spatial gradients driven by varying levels
of urbanization and foreign citizens. For example,
Northern Italy is more vulnerable than Southern
Italy, while Eastern Spain displays higher vulnerability
compared to the western Iberic Peninsula. Similarly,
in the United Kingdom, vulnerability is high in the
densely urbanized southern regions of the country. In
contrast, Eastern Europe shows relatively homogen-
eous and low vulnerability scores within countries,
reflecting its predominantly rural landscape and lim-
ited proportion of foreign citizens. Scandinavia and
the Baltic region also exhibit generally low vulnerab-
ility, where rural areas dominate and the vulnerabil-
ity patterns closely follow the distribution of foreign
residents.

3.3. Eu-HVI temporal dynamics

Figure 3 illustrates as an example the variation of
the Eu-HVI and its components over the decade
2010-2019. The data reveal a notable increase in
heat vulnerability across most of Europe, primarily
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Table 2. Overview of the best-fit models achieved under three distinct configurations, with log(Fatalities) as dependent variable. Model
1 represents the optimal baseline model utilizing solely hazard and exposure as input independent variables. Model 2 is identified as the
optimal model when the input independent variables include hazard, exposure, and vulnerability, with the exclusion of county
dummies. Model 3 emerges as the optimal model when the model selection algorithm is provided with all available independent
variables as input. The slope coefficients are reported with the robust standard error in brackets and their level of statistical significance

(* p<0.05 ** p<0.01,*** p <0.001).

Model 1 Model 2 Model 3

Baseline No country dummies Full flexibility
Variables (H+E) (H+E+V) (H+ E+ V+CD)
H: T (degC) 0.095*** (0.021) 0.162°** (0.021) —

E: Pop Exp (mln) 0.365"* (0.107)
V: %Urban cluster (1-100)
% Urban center (1-100)

%PForeign citizens (1-100)

Country dummies (CD)

AT

CH

CZ

DE

EL

FR

HU

1T

NL

PT

UK
Intercept 0.035 (0.558)
N. Observations 278
Mean absolute error 1.411
Morans [ 0.386" "
AIC 1096
Adjusted R2 0.201

0.166 (0.115) 0.285** (0.090)
0.112*** (0.016) 0.073*** (0.017)
0.014* (0.006) —

0.074** (0.025) 0.121*** (0.027)

0.580 (0.860)
0.948 (0.858)
2.133* (0.906)
2.811°** (0.828)
—0.037 (0.885)
2.129* (0.910)
3.935"** (0.911)
—3.418 (1.984)
2.702*** (0.831)
2.507* (1.246)
—0.088 (0.813)

—2.888" " (0.573) —0.005 (0.891)

251 251
1.117 0.727
0.437** 0.340""
931 785
0.375 0.662

driven by the rising percentage of foreign citizens
(figure 3(b)). This demographic change shows sig-
nificant increases—exceeding +6% in some areas—
with hotspots in Central Europe and widespread pos-
itive trends in Scandinavia, Germany, Italy, the UK,
Austria, and much of France. In contrast, decreases in
foreign citizenship percentages are observed in parts
of the Iberian Peninsula, Greece, and the Baltic coun-
tries. The variation in urban clusters (figure 3(c))
is limited to a smaller range, typically within +2%,
reflecting the slower pace of urbanization. However, it
is noteworthy that in many areas where the percentage
of urban clusters decreased, urban centers increased
(figure 3(d)), thereby boosting overall urbanization.

4. Discussion

While this is the first dynamic HVI study for Europe
validated on heat-related mortality data, our method
and results lead to the following points for dis-
cussion: This study introduces a statistical method
aimed at identifying the primary variables impact-
ing heatwave-related mortality throughout Europe.
When comparing Model 1 to Models 2 and 3, the
higher exposure coefficient in Model 1 indicates that

incorporating vulnerability components in the sub-
sequent models transfers a portion of the explanat-
ory power from exposure to vulnerability. This trans-
ition facilitates a more refined comprehension of
factors impacting heatwave mortality, while improv-
ing the models performances (i.e. higher R?). The
baseline model (Model 1), depicting the effects of
temperature and exposure, explains only a small
portion of the variance in heatwave mortality. This
underscores the necessity for ongoing investigations
into the mechanisms of vulnerability in relation to
heat-related mortality and highlights the value of
integrating vulnerability components into heat risk
assessments [11].

We identified the percentage of foreign citizens
and the degree of urbanization, namely the percent-
age of urban clusters, as the primary heat vulner-
ability drivers.The finding that urban clusters are
key determinants of heat vulnerability aligns well
with existing literature. The connection between
urban environments and heightened heat vulner-
ability is well documented [14, 36, 76, 77], high-
lighting that disadvantaged populations with lower
socio-economic status often reside in areas with
limited green spaces and higher heat exposure
[28, 29, 78, 79]. The consistent identification of
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Figure 2. Eu-HVI map and its components for the year 2019. The Eu-HVI (a) is calculated as the weighted sum of the dominant
heat vulnerability drivers: percentage of foreign citizens (b) and of urban cluster areas (c).

28°E 38°E

urbanization as a significant factor across diverse con-
texts underscores the need for urban-specific inter-
ventions, such as nature-based solutions, improved
access to green spaces, and policies targeting envir-
onmental inequities. Future projections of ongoing
urban expansion exacerbate the necessity of long-
term strategies to mitigate urban heat vulnerability
(80, 81].

The identification of foreign citizenship as a
major driver of heat vulnerability introduces a less-
explored dimension of heat impacts, particularly in
the European context. Evidence from the United
States demonstrates significant disparities among
racial and ethnic minorities and foreign-born popu-
lations in climate change related health effects [82],
and specifically in heat-related mortality and mor-
bidity (e.g. [83—85]). Other studies report heightened
risks for migrants and minority groups due to occu-
pational exposure, lower socioeconomic status, and
inadequate living conditions [86, 87]. Our findings
suggest parallels in Europe, where foreign citizens
may similarly face increased heat vulnerability due
to intersecting factors such as lower socioeconomic
status, language barriers, limited healthcare access,

precarious housing or working conditions. However,
systematic investigations into racial or foreign status
disparities on environmental and heat-related health
in Europe remain scarce [88]. Furthermore, the use
of foreign citizenship as a proxy for vulnerability
requires careful interpretation. While this variable
captures a critical dimension of heat risk, it may not
fully encompass the nuances of immigrant experi-
ences, such as race or ethnicity, cultural differences,
time since migration, or occupational exposures. We
suggest future research to expand on this dimen-
sion to include direct measures of socioeconomic and
health disparities among immigrant populations.

A key aspect of this analysis is the application
of country-specific dummy variables within regres-
sion models. This approach enhances the explan-
atory power of the optimal model by spotlight-
ing shared vulnerability determinants across Europe
while incorporating country-specific factors like cli-
mate conditions, cultural and behavioral aspects,
varied thermal adaptability, healthcare quality, and
national strategies for adaptation [89], along with
heat action plans [90] which are not fully represented
by the existing set of independent variables. The
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inclusion of the ND-GAIN Adaptation country index
was found to contribute minimally to model per-
formance, resulting in an inadequate capture of signi-
ficant country-specific effects (refer to appendix C).
With the integration of country dummy variables,
maximum temperature (T) does not significantly
predict outcomes in the optimal model. This sug-
gests that incorporating country-specific factors fil-
ters out the inherent climatic characteristics of dif-
ferent nations. However, while country dummy vari-
ables offer insights into national-scale adaptation pat-
terns, they do not account for intra-country vari-
ations. Sub-national regions, such as urban capitals
or rural areas, may share socio-demographic char-
acteristics that influence vulnerability across borders.
Investigating these local-level drivers of vulnerability
is an important area for future research.

While heat vulnerability drivers are often stud-
ied at the local scale, this analysis highlights the
significance of continental-level determinants, spe-
cifically foreign citizenship and urbanization, which
consistently demonstrate explanatory power across
Europe. These factors reflect the intricate interplay

of socioeconomic and environmental conditions,
underscoring the challenge of disentangling the mul-
tifaceted nature of vulnerability. While the index
emphasizes the dominant, non-collinear factors,
it does not capture all context-specific vulnerab-
ilities. Nevertheless, it serves as a valuable tool
for understanding the spatial and temporal pat-
terns of the two primary continental-level com-
ponents and their overlap. This broader perspect-
ive enhances our understanding of heatwave mor-
tality across Europe and provides a solid founda-
tion for developing targeted, evidence-based inter-
ventions. Such insights can guide strategies at mul-
tiple scales, from urban planning to continent-wide
adaptation policies, fostering a more comprehensive
response to heat vulnerability. Within this frame-
work, it is essential for EU-level policies to incor-
porate nature-based solutions and sustainable urban
planning [91, 92], aimed at optimizing urban green-
ery configurations [93] and addressing environ-
mental inequities [94]. Additionally, policies need
to address integration measures and carefully analyze
inequalities associated with foreign status to guide

10
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equitable climate adaptation strategies, in light of
Europe’s demographic changes.

While our study presents significant findings, it is
important to acknowledge its limitations. One not-
able limitation is the spatial resolution of the source
heatwave mortality and vulnerability data. The lack of
consistent high-resolution impact data across Europe
constrains this limitation. NUTS2 spatial aggrega-
tion does not allow for smaller-scale variations. One
example is the relatively uniform spatial and temporal
age distribution across the NUTS2 regions observed
in the source data, compared to the dominant vulner-
ability drivers, which show more pronounced vari-
ations. This homogeneity limits our ability to cap-
ture age-related vulnerability differences. Moreover,
the NUTS2 resolution is insufficient for examin-
ing intra-urban disparities and drawing comparis-
ons between cities. To refine our methodology and
achieve a more precise ranking of cities based on
heat vulnerability, future research could repeat the
analysis with high-resolution city-level vulnerabil-
ity and impact data. This approach would allow for
a deeper exploration of additional socio-economic
factors contributing to heat vulnerability [13], which
are at the core of climate injustice and social inequal-
ities within urban areas. However, the availability of
such high-resolution data is still a limiting factor [95].
An additional limitation observed in our regression
analysis is the non-significance of LST, which was
not included in the final models based on our selec-
tion criteria (see table 2). Any model configuration
incorporating LST resulted in reduced performance.
In contrast, the degree of urbanization consistently
emerged as a dominant driver. We hypothesize that
the NUTS2 spatial aggregation may not be sufficiently
fine-grained to capture the physical UHI effect, mak-
ing urbanization a more effective proxy at this scale.
Additionally, urbanization may also encompass other
contributing factors, such as social inequalities, which
could explain the stronger association between urban
areas and heatwave mortality. Moreover, our regres-
sion models presuppose linear dependencies between
variables. However, this is an approximation due
to the constraints of the dataset and our emphasis
on a first-order analysis for straightforward inter-
pretability. Future research should explore non-linear
approaches with richer datasets to better capture
complex interactions between vulnerability drivers
and heatwave mortality.

5. Conclusions

This study presents the first spatiotemporal dynamic
heat vulnerability assessment on a continental scale
for Europe. Through regression analysis of heat-
wave mortality data, foreign citizenship and urban-
ization emerged as key vulnerability factors, with a
1% increase in these variables associated with 12.1%
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and 7.3% rises in heatwave mortality, respectively.
These findings underscore the importance of address-
ing shared transboundary drivers of vulnerability to
develop effective, EU-wide strategies for reducing
heat-related mortality.

As climate change intensifies heatwave frequency
and severity [11] and urbanization is projected to
grow [80], the need for equitable and sustainable
solutions becomes increasingly urgent. Urban green-
ing and sustainable spatial planning are essential
for reducing UHI effects; however, it is crucial to
implement these measures in ways that also address
inequities in access to cooling and heat exposure.
Future research should focus on unraveling the social
inequalities linked to heat vulnerability in Europe,
particularly by examining inter-urban vulnerabilit-
ies and the socio-economic and demographic factors
underlying disparities associated with foreign cit-
izenship, to guide fair and inclusive adaptation
strategies.

Additionally, this study’s methodology provides a
versatile framework for identifying vulnerability pat-
terns across regions and scales, providing insights that
can inform policies and interventions at the contin-
ental, national, and local levels.

Data availability statement
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Appendix A

A.1. Heatwave footprints
To calculate the footprints of the summer heatwaves,
we implemented the following steps:

o 1) Weselected Ty;; and Ty, data in the months June,
July, and August between 2000 and 2019 from the
ERAS reanalysis [61], available at hourly intervals
and in latitude-longitude grids of 0.25 degrees spa-
tial resolution.

e 2) Using the calculated T,,, (equation (1)) and
the heatwave condition [51], we generated daily
heatwave footprints as masked gridded layers. Each
grid cell was assigned a numeric value if it satisfied
the heatwave condition or was assigned a no data
value if it did not. These footprints include: (a) the
temperature parameter Topp—max and (b) Nays, a
heatwave duration parameter. N,y assigns to each
heatwave day the number of consecutive days from
that day onward during which the heatwave con-
dition remains valid. The value is highest on the
start date of the heatwave event and decreases as the
event progresses.

e 3) The daily gridded heatwave footprints were
subsequently spatially aggregated at the regional
NUTS2 level. For this, the regional temperature

component ThVTS2 was computed as the average
of all the Typp_max grid cell values whose centroid
fell within the same NUTS2 region. The regional
heatwave duration parameter NYUT? was determ-
ined as the average of the Ny, across all the
grid cells whose centroids fell within the same
region.

e 4) We aggregated the NUTS2 daily values to a
single value per heatwave event for inclusion in
the regression analysis. We traced back from the
fatalities report date in the temperature time series
to identify the heatwave that preceded the repor-
ted fatalities. To achieve this, we filtered the data-
base using the event dates provided in the fatal-
ities dataset. For each NUTS2 region reported in
the fatalities database, we identified the start date
of the heatwave event as the day corresponding to

the maximum Ngg;rfim among the days leading up

to the fatalities date. The end date of the event was
determined as: start date + Ni}yj;r_sim.

e 5) To simplify the notation, the heatwave event
duration parameter Ni‘;}ffmx was renamed N.

The temperature parameter associated with the

heatwave event was determined as the average

of the TNUTS2 observed during the days of the

app—max

12

B Sestito et al

heatwave’s duration and was called T. T and N
served as the hazard variables in the regression
analysis.

A.2. Apparent temperature 90th percentile
computation

To account for the climate warming trend, we cal-
culated the daily apparent temperature percentiles
of the monthly distributions separately for the dec-
ades 2000-2009 and 2010-2019, following standard
recommendations to use 10year windows for cal-
culating temperature normals that reflect warming
trends [96]. Figure A1 shows an overview of the 90th
percentile of the daily apparent temperature for the
months June, July and August of the decades 2000—
2009 and 2010-2019 and their absolute difference
between the two decades.

A3.LST

The LST data are processed following these steps: first,
only the daytime records from the daily dataset are
retained. For each heatwave day in the heatwave foot-
prints dataset, regional averages of LST are computed
across the entire duration of the heatwave. These LST
values are then categorized into quartiles, and five
categorical LST variables are created for use in the
regression analysis: LST-Q1, LST-Q2, LST-Q3, LST-
Q4, and LST-Missing. LST-Q1 is assigned a value of
1 for regions where the LST falls within the lowest
quartile, and 0 otherwise, while LST-Q4 is assigned a
value of 1 for regions within the highest quartile. The
variable LST-Missing is assigned a value of 1 for cells
where LST data are absent, either due to cloud cover
or because the satellite’s trajectory did not intersect
that region on a given day. The interpretation of the
regression results is based on the exclusion of LST-Q1,
which serves as the baseline and is captured by the
model constant. The coefficient for LST-Q2 reflects
the effect on mortality associated with higher tem-
peratures within the range defined by LST-Q2, com-
pared to the temperature range of LST-Q1. Similarly,
the coefficient for LST-Q3 indicates the effect on mor-
tality of higher temperatures within the range of LST-
Q3, relative to LST-Q1, and so on for the remain-
ing dummy variables. The coefficient for LST-Missing
does not have a direct interpretation; however, its
inclusion ensures that all observations are used in
the model, preventing the exclusion of cases with
missing data from influencing the other explanatory
variables.
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Appendix B. Correlation matrices

FluﬁﬁeslMu_T|Av|pop_ex!‘Urbnn¥Urbl EL | noln | cH | a | DE | R | unluu| " | NL | PT | 5K | [3 |fm;p
Cluster n
Fatslities | 1000 0.106 0230 0073 0018 -0.027 0.032 0029 0009 -0.019 -0.007 0022 0005 0014 0284 -0029 0.002 0017 0077 0081
Max_T 0105 1000 0284 0215 0281 0101 0078 0023 0086 0044 0105 0377 000 0108 0113 0006 0208 0.025[fBNIY -0.101
Avg_pop_
o 0430 024 1000 0209 0044 -0.116 0088 -0095 -0061 -0.047 0094 0177 0045 0052 0375 -0.120 -0.082 -0.025 0182 0223
%Urban
Cluster 0073 -0.215 0209 1000 0195 -0.149 0075 0108 0127 0010 0189 0327 0051 0097 0129 0299 -0.020 0057 0179 0216
%Urban
Center 0015 -0.281 0044 0195 1000 -0.065 -0.047 0018 -0044 -0014 -0039 -0.204 0022 0.056 -0.029 -0032 -0.043 -0.040 0413 0494
EL 0027 0101 0116 0149 -0065 1000 0.030 -0.040 0025 0030 0073 -0.109 0.010 0.026 -0.023 -0053 -0.033 -0.021 0101 -0.143
RO 0032 0078 0088 0075 -0047 -0.040 1.000 -0.047 -0.033 -0.036 0086 -0.130 0.012 0.031 -0.028 -0063 -0.040 -0.025 -0.120
AT 0029 -0023 -0095 0108 0018 -0.040 0.047 1000 -0.033 -0.036 0086 -0.130 -0.012 -0.031 -0.025 -0063 -0.040 -0.025 0.120 0123
CH 0009 -0.086 0061 0127 0042 -0.028 0.033 -0.033 1000 -0.025 -0.060 -0.091 0.005 0.021 -0.020 0042 -0.026 -0.017 0.084 0450
a 0019 o002 0057 0010 -001¢ -0.030 0.036 -0036 -0.025 1000 -0.065 -0.097 -0.009 -0.023 -0.021 -0.047 -0.030 -0.019 -0.09 -0.156|
DE 0007 0108 0094 0189 -0039 -0.073 0.086 -0.086 -0.060 -0.065 1000 -0.236 -0.023 0.056 -0.051 -0.115 -0.073 -0.045 0219 0173
R 0022 0377 0177 0327 0204 -0.109 0.130 0130 -0091 -0.087 0236 1000 0034 0084 -0.076 -0.173 -0.109 -0.065 0329 -0.135
HR 0005 0020 0028 0051 0022 -0.010 0.012 -0012 -0.009 -0.009 0023 -0.03¢ 1000 -0.008 -0.007 -0017 -0.010 -0.007 -0.031
HU 0014 0108 -0052 0097 -0056 -0.026 0.031 -0.031 -0.021 -0.023 0056 -0.08¢ 0005 1000 -0.015 -0041 -0.026 -0.016 -0.078 -0.152
™ 0282 0113 0375 0129 -0029 -0.023 0.028 -0028 -0020 -0.021 -0.051 -0.076 0.007 0018 1000 -0.037 -0.023 0015 0071 0103
N 0029 0.006 -0.120 0299 -0032 -0.053 0.063 -0063 -0.044 -0.047 0115 -0.173 0017 0081 -0.037 1000 -0.053 -0.033 -0.160 -0.162
T 0002 0208 -0082 0029 -0043 -0.033 0.040 -0040 -0025 -0.030 0073 -0.109 -0.010 -0.026 -0.023 -0053 1000 -0021 0101 -0.103
sK 0017 0025 0025 0057 0040 -0021 0025 -0025 -0017 -0.019 0045 -0.068 0.007 -0.016 -0015 -0033 -0.021 1000 -0.053
uK -0.077 |0 0182 0179 0413 -0.101 0.120 -0.120 -0.08¢ -0.090 0219 -0.329 0.031 0.076 -0.071 -0.160 -0.101 -0.063 1000 0006
foreign 0081 -0.101 0223 0216 0494 -0.145 0123 0480 -0.156 0.173 -0.135 0152 0104 -0.162 -0.103 0.005 1000
Figure B1. Correlation matrix of the variables selected in the optimal models presented in table 2.
Table 3. VIF values for the models presented in table 2.
VIF VIF VIF
Model 1 Model 2 Model 3
Baseline No country dummies Full flexibility
Variables (H+E) (H+E+V) (H+E+V+CD)
H: T (deg C) 1.855 3.291 —
E: Pop Exp (mln) 1.855 1.965 2.555
V: %Urban cluster (1-100) 2.483 4.043
%Urban center (1-100) 1.650 —
%Foreign citizens (1-100) 3.277 3.860
Country dummies (CD)
AT 1.228
CH 1.746
CZ 1.061
DE 1.894
EL 1.011
FR 1.633
HU 1.008
1T 1.238
NL 1.624
PT 1.064
UK 2.074
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Figure B2. Correlation matrix of the full set of variables.
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Appendix C. Additional model
configurations considered

The following model configurations were evaluated
but not selected as optimal due to their reduced stat-
istical performance compared to the models presen-
ted in the Results section:

e Model A: a baseline model incorporating LST and
exposure variables. This configuration yielded a
lower adjusted R*> compared to Model 1.

e Model B: a variation of the best-fit Model 3, aug-
mented with LST. This configuration exhibited
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multicollinearity among the variables, leading
to unstable coefficient estimates that do not
reliably isolate the individual effects of each
predictor.

Model C: a modification of the best-fit Model
3, substituting the country dummies with the
ND-GAIN Adaptation Index. This model pro-
duced a substantially lower adjusted R? than
Model 3.

Model D: an extension of Model C, with the inclu-
sion of LST. The introduction of LST in this config-
uration also resulted in multicollinearity, reducing
the robustness of the regression estimates.
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Table C1. Examples of model configurations that result in reduced performance of the regression model respect to the optimal models

presented in table 2.

Variables Model A Model B Model C Model D

T(deg C)

LST Q1 —0.154 (0.294)  —0.024 (0.348) [VIF > 5] 0.328 (0.440) [VIF > 5]
LST Q2 0.504* (0.230)  0.256 (0.248) [VIF > 5] 1.242* (0.508) [VIF > 5]
LST Q3 0.176 (0.244)  —0.054 (0.227) [VIF > 5] 0.687 (0.509) [VIF > 5]
LST Q4 0.572* (0.247)  —0.033 (0.159) [VIF > 5] 1.638** (0.498) [VIF > 5]
LST missing 0.915"** (0.180) —0.070 (0.181) [VIF > 5] 1.674*** (0.460) [VIF > 5]
N (days)

Pop Exp (mln)

Elderly % (1-100)

Children % (1-100)

GDP per inhabitant (kPPS)
Education level 0-2% (1-100)
Education level 3-4% (1-100)
Education level 5-8% (1-100)

0.414*** (0.101) 0.295** (0.091)

0.303** (0.112) 0.267** (0.104)

% Unemployed (1-100)
% Foreign citizens (1-100)
ND-Gain adaptation index

Travel time to hospitals (min)

% Rural (1-100)
% Urban cluster (1-100)
% Urban center (1-100)

0.117*** (0.028)

0.073*** (0.018)

0.089*** (0.019)
—0.062 (0.038)

0.082*** (0.018)

0.110*** (0.020)
—0.081* (0.039)

0.074*** (0.018)

Country

AT 0.512 (0.908)

CH 0.890 (0.928)

CzZ 2.022* (0.961)

DE 2.780™* (0.828)

EL —0.088 (0.997)

FR 2.070™ (0.922)

HU 3.770™** (0.962)

1T —3.514 (2.037)

NL 2.697** (0.827)

PT 2.505™ (1.246)

UK —0.189 (0.846)

Intercept 2.014"** (0.130) 0.075 (0.769) 5.673* (2.489)  5.570™" (2.086)
N. Observations 278 251 251 251

Mean absolute error 1.440 0.727 1.367 1.288

Morans I 0.448™* 0.345™* 0.468™* 0.444™*

AIC 1109 791 977 963

Adjusted R? 0.172 0.659 0.246 0.299
ORCID iDs associated vulnerability factors: a systematic review Int. J.
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