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Abstract
Extreme heat is intensifying worldwide, yet estimates of heat hazard and exposure inequality
depend on both the heat metric and how extreme days are defined. Using summer 2022 across the
Mediterranean, we quantify population heat exposure with four metrics—land surface temper-
ature (LST), air temperature (Ta), heat index (HI), and wet-bulb globe temperature (WBGT)—
under absolute (fixed-value) and relative (anomaly-based) thresholds. Under absolute thresholds,
total heat exposure differs by more than two orders of magnitude across metrics (31.3 billion
person-days for Ta vs 0.3 billion for HI). Geographic hotspots also diverge: WBGT concentrates in
humid coastal North Africa (e.g. the Nile Delta), whereas Ta and LST are more widespread. Under
relative thresholds, exposure totals converge and cross-metric hotspot agreement increases (e.g.
Ta–WBGT top-tercile overlap increases from 10.7% to 29.0%), shifting hotspots toward densely
populated southern Europe. Crucially, the exposure–deprivation relationship also reverses across
threshold frameworks: absolute thresholds concentrate exposure in more deprived North Africa
and the Middle East, whereas relative thresholds shift the burden toward less-deprived European
cities. This sensitivity is decision-relevant: city rankings based on WBGT exposure duration are
almost completely reordered when switching threshold frameworks. Threshold choice therefore
systematically reshapes hotspot patterns and inequality signals. Reporting both absolute and rel-
ative exposures can reveal hidden hotspots and support more targeted heat-risk monitoring and
intervention planning.

1. Introduction

Extreme heat exposure is intensifying under climate
change and increasingly threatens human health,
labor productivity, and economic output [1–5]. Heat
exposure is also socially patterned: disadvantaged
populations often face higher hazards and have fewer
protective resources, so assessing exposure is essen-
tial for understanding and addressing heat-exposure
inequalities [4, 6, 7]. By integrating climate and
demographic data, exposure assessments can support
targeted interventions, early warning systems, and
scenario planning [8–10]. Yet estimated exposure and

inferred inequalities depend strongly on metric and
threshold choices, potentially altering which places
and populations are prioritized for intervention [11].

Heatmetric choice reflects health relevance, oper-
ational use, and data availability. Thermal infrared
satellite observations provide spatially explicit land
surface temperature (LST) for mapping surface heat
patterns across scales [12–14]. Available at kilometer
or finer resolution, LST is often an overpass-time
snapshot that reveals thermal heterogeneitymissed by
coarser atmospheric products. However, LST is not
equivalent to near-surface air conditions experienced
by people [15]. Air temperature (Ta) aligns with
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weather forecasting and public communication and
is often available hourly, but it does not account for
humidity, which constrains evaporative cooling [16].
Temperature-only metrics can therefore underestim-
ate heat stress in humid settings [17, 18]. Composite
indices, such as heat index (HI) and wet-bulb globe
temperature (WBGT), integrate multiple drivers and
better reflect physiological heat load, but they weigh
humidity, radiation, and wind differently, which can
change hazard assessments [19–22].

A second key choice in heat exposure assessment
is how to define extremes. Absolute thresholds use
fixed values intended to capture conditions approach-
ing physiological limits [17] and are widely used
to trigger actions such as heat alerts or occupa-
tional protections [21, 23, 24]. However, universal
thresholds are difficult to justify because acclimatiza-
tion and adaptation vary across populations [25, 26].
Relative thresholds instead identify extremes against
local climatology and are widely used in climate-
extremes research and warning systems [1, 27]. Yet
the 90th or 95th percentiles may not always reach
thermally stressful levels, while harmful conditions
may occur at lower percentiles [28]. Because abso-
lute and relative thresholds capture different risk
dimensions—fixed-condition burden versus local
anomaly—threshold choice can reshape exposure
totals, hotspot geography, and affected populations
[1].

These metric and threshold choices may result
in substantial differences in exposure magnitude and
hotspot locations (table S1), especially in regions
spanning diverse climates. Temperature-based met-
rics tend to yield more frequent extremes in dry–
hot environments [29, 30], while moisture- and
radiation-informed indices better capture dangerous
humid-heat conditions in coastal climates [4, 19,
29, 31]. In such settings, these choices can reshape
hotspot geography and the distribution of exposed
populations.

The Mediterranean provides a useful testbed for
broader heat-exposure research because humid coast-
lines and arid interiors coexist across a dense net-
work of cities and settlements with diverse socioeco-
nomic conditions. It is also a climate-change hotspot,
with warming and heat extremes intensifying across
the basin, particularly in the southern and eastern
Mediterranean [1, 5, 32–34]. Populations are concen-
trated along the southern and eastern coasts, increas-
ing the potential for uneven exposure [33, 35, 36]. The
heatwaves of 2022 led to 61 672 heat-related deaths in
Mediterranean-adjacent European countries, under-
scoring the need to understand how heat burden is
characterized across this heterogeneous region [37].

Despite growing work on heat exposure, evidence
remains limited on how heat metrics and threshold
frameworks jointly shape estimated exposure, hot-
spot geography, and inequality patterns [38, 39],
partly because most studies examine a narrow set of

indicators or only a few cities (table S1). The implic-
ations of methodological choices therefore remain
unclear at the regional scale [6, 7].

Here, we quantify population heat exposure
across Mediterranean countries during summer
2022 using four widely used metrics (LST, Ta, HI,
and WBGT) under absolute and relative thresholds.
We compare exposure duration (person-days),
exceedance-based intensity (person-day-degrees;
hereafter, intensity), cross-metric hotspot agreement,
and variation in exposure by deprivation. Specifically,
we ask: (1) how duration and intensity differ across
metrics and threshold frameworks; (2) how consist-
ently different metrics identify hotspots under each
threshold; and (3) how exposure–deprivation associ-
ations change across metric–threshold combinations.
These comparisons show how metric and threshold
choices reshape inferred exposure patterns and spatial
priorities for heat-action planning. A schematic over-
view of the study design and comparison framework
is provided in figure S1.

2. Materials andmethods

2.1. Data sources
The analysis spans the summer period from15 June to
15 September 2022 across the Mediterranean region.
All datasets are resampled to a common 1 km ana-
lysis grid (table 1). Population for 2022 is derived
from the global human settlement layer (GHSL)
by pixel-wise linear interpolation between 2020 and
2025; GHSL urban boundaries (2020) are used to
define urban settlement areas for city-level aggreg-
ation. Daytime LST is obtained from the MODIS
Aqua MYD11A1 product, with pixel-level quality
control applied to retain only data with an uncer-
tainty of ⩽3 ◦C and thereby reduce cloud-related
errors [40].Meteorological variables are sourced from
ERA5-Land, including 2 m Ta, dew point temperat-
ure (Td), downward shortwave radiation (K↓), and
10 m wind speed (WS) (figure S2). Socioeconomic
conditions are characterized using the global grid-
ded relative deprivation index (GRDI; 30 arc-second,
∼1 km; 0–100, higher = more deprivation) [41],
which is reprojected and aligned to the 1 km ana-
lysis grid. To examine deprivation-exposure pat-
terns at the city level, we compute city-level total
exposure and mean deprivation within GHSL urban
boundaries [42]. Following the Organization for
Economic Co-operation and Development classifica-
tion, cities are grouped by population-size categories:
small (<200 000), medium (200 000–500 000), met-
ropolitan (500 000–1 500 000), and large metropol-
itan (⩾1.5 million).

2.2. Heat metrics
We quantify heat exposure using four metrics: day-
time LST, daily maximum 2 m Ta, HI, and WBGT.
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Table 1. Input datasets used in this study.

Data source Variable(s) Temporal Scope Resolution

Global human settlement layer Population count 2022 (interpolated) 1 km

Global human settlement layer Urban boundary 2020 1 km

MODIS aqua (MYD11A1) Land surface temperature (LST) Jun 15–Sep 15, 2022 1 km

ERA5-Land reanalysis 2 m air temp (Ta), dewpoint temp (Td), downward

shortwave radiation (K↓), Wind speed (WS)

Jun 15–Sep 15, 2022 ∼ 11 km

NASA socioeconomic data

and applications center

Global gridded relative deprivation index (GRDI) 2020 ∼1 km

LST represents a radiative surface temperature proxy
at the MODIS Aqua overpass time (∼13:30 local
time) [12, 43], whereas Ta represents air temperat-
ure fromERA5-Land. ForHI andWBGT,we compute
hourly fields and extract local-time daily maxima to
represent peak heat stress.

HI is computed following the NOAA algorithm
[44] using hourly Ta and relative humidity (RH),
with RH derived from Ta and Td using a stand-
ard vapor-pressure formulation. HI is then estim-
ated using the NOAA Rothfusz regression with the
low- and high-humidity adjustments [44] (supple-
mentary methods). WBGT integrates temperature,
humidity, radiation, and wind and is widely used
in occupational heat-stress guidance [45]. Because
direct calculation of natural wet-bulb temperature
and black-globe temperature requires variables not
available from ERA5-Land, we estimate WBGT using
the proxy method of Carter et al [46], which uses
Ta, RH, K↓, and WS and follows the Kestrel mon-
itor implementation [46, 47] (supplementary meth-
ods). We use this approach because it is compat-
ible with the available ERA5-Land inputs and has an
observationally evaluated basis, although independ-
ent validation data for the Mediterranean remain
needed.

2.3. Definitions of extreme heat and burden
metrics
For each metric, we define extreme-heat days using
two threshold frameworks: absolute thresholds,
which apply fixed values motivated by commonly
used health, safety, or operational guidance (table 2),
and relative thresholds, which define extremes as
daily values exceeding the local 90th percentile of the
historical summer-day distribution over 2003–2022.
We use the 90th percentile because it is widely adop-
ted in climate-extremes and heat-exposure studies,
supports comparison across locations with different
climatological baselines, and avoids relying solely on
rarer upper-tail exceedances [1, 12, 48].

We quantify population heat exposure at each
1 km grid cell i using two measures: (i) exposure dur-
ation and (ii) exceedance-based intensity (hereafter,
intensity). The exposure durationDi (person-days) is

defined as:

Di = Popi ×Daysi,

where Popi is the population count, and Daysi is the
number of days on which the daily metric exceeds the
applicable threshold (absolute or relative).

Intensity Ii for grid cell i (person-day-degrees) is
defined as:

Ii = Popi ×
n∑

d=1

max(0,Mi,d −Threshi) ,

where Mi,d is the daily value of the metric on day d,
and Threshi is the corresponding threshold. The sum-
mation runs over all days in the study period. For
absolute thresholds, Threshi is spatially constant. For
relative thresholds, Threshi varies by grid cell based
on the 2003–2022 local percentile baseline. When
Mi,d ⩽ Threshi, the exceedance term equals zero and
does not contribute.

2.4. Hotspot identification and agreement analysis
To assess hotspot agreement, we derive hotspot classes
from exposure duration by classifying exposed pixels
into low, medium, and high terciles using posit-
ive values pooled across the Mediterranean domain.
Cross-metric agreement is evaluated using a bivari-
ate tercile framework within pixels where both met-
rics were available, and at least one metric had a
non-zero exposure duration. High-hotspot overlap is
defined as the proportion of pixels classified as high
by both metrics among those classified as high by
either metric. For country-level summaries, the same
Mediterranean-wide tercile thresholds are applied
within each country; maps are aggregated to 10 km
for display only, while statistics are computed at 1 km.

2.5. Heat exposure–deprivation analysis
To assess socioeconomic gradients in heat bur-
den, we use the GRDI [41, 64]. GRDI is a 0–
100 relative deprivation index (higher values indic-
ate greater deprivation) built from six components:
child dependency ratio, infant mortality rate, subna-
tional human development index, built-up area ratio,
nighttime-light intensity in 2020, and nighttime-light
trend [64]. Because GRDI is designed to represent
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Table 2. Definition of extreme heat day thresholds and metric interpretation. Note: relative thresholds for all metrics are defined using
the local summer-season 90th percentile baseline (2003–2022).

Metric Definition Absolute threshold

Health implications for the

absolute threshold

Application (who uses this

metric)

LST Land surface temperature 40 ◦C Calibrated

surface-temperature

threshold approximating a

hot-day air-temperature

criterion (Ta⩾ 30 ◦C;

section 2.6)

Urban heat island studies [12,

49, 50]; policy monitoring [51,

52]; interpret with caution for

exposure/health risk [15, 53]

Ta Air temperature 30 ◦C Temperature-only hot-day

threshold representing

conditions associated with

elevated heat stress risk [2]

Climate monitoring/ assessment

(IPCC) [33, 54]; public health

epidemiology (most common;

scalable data) [55–58]

HI Heat index,

human-perceived

temperature based on Ta

and RH

40.6 ◦C A critical humid heat level

associated with heat stroke,

heat cramps, and heat

exhaustion under shaded

conditions [59]

U.S. National Weather Service

(NWS) “Danger” category for

public guidance [44, 60];

occupational heat guidance

(OSHA) [21]

WBGT Wet-bulb globe

temperature, a composite

index integrating Ta, RH,

WS, K↓

30 ◦C Outdoor heat load under

conditions warranting

protective actions for

acclimatized individuals

[23]

Occupational/military

heat-stress guidance [23, 61];

validated for physiological strain

[62]; NWSWBGT operational

estimates [63]

relative deprivation and may not fully capture intra-
urban differentials, we use it as a proxy for multidi-
mensional deprivation in our analysis [64]. We res-
ample GRDI to the 1 km analysis grid to align it with
exposure estimates.

We characterize distributional inequality using
deprivation-ranked burden curves. For each metric–
threshold combination, exposed pixels are ranked by
GRDI from least to most deprived, and we com-
pute the cumulative share of population (x-axis) and
cumulative share of total exposure burden (y-axis;
using exposure duration, Di, and intensity, Ii). The
45◦ line denotes proportional burden; departures
from this line indicate unequal exposure distribution
across deprivation ranks.

Deprivation-stratified analyses are restric-
ted to pixels with non-zero exposure duration
(Di > 0). Because GRDI has incomplete spatial
coverage in some locations, we impute missing
GRDI values only for deprivation-related analyses
(not for total exposure estimates). Specifically, for
exposed pixels with missing GRDI, we assign the
nearest valid GRDI pixel within the same national
boundary to avoid cross-border assignment; if the
nearest valid pixel lies within 10 km, we use its
GRDI value; otherwise, we assign the country-
level median computed from valid pixels in that
country. For the WBGT-based deprivation analysis,
25.3% of exposed pixels are assigned GRDI val-
ues via within-country nearest-neighbor matching,
and 2.8% are assigned values via the country-level
median.

2.6. Justification of the absolute LST threshold
LST and Ta represent different physical quantities—
radiative surface temperature versus 2 m air
temperature—and therefore generally do not
share the same absolute hot-day threshold [65].
Figures 1(a) and (b) contrast the summer mean of
daily maximum LST and Ta, highlighting their dis-
tinct spatial patterns and magnitude differences. To
derive a physiologically interpretable absolute LST
benchmark comparable to Ta ⩾ 30 ◦C, we calib-
rate the empirical relationship between daily max-
imum LST and Ta using up to 100 spatially distrib-
uted urban points per country selected via farthest-
point sampling. The fitted linear model (figure 1(c),
LST = 0.72 × Ta + 18.05, R2 = 0.36) indicates that
Ta = 30 ◦C corresponds to LST ≈ 40 ◦C, whereas
an uncalibrated LST ⩾ 30 ◦C would correspond to
much milder Ta. Consistent with this calibration,
LST⩾ 40 ◦Cbettermatches Ta⩾ 30 ◦C in both expos-
ure duration and intensity than does LST ⩾ 30 ◦C
(figure 1(d)). We therefore adopt LST ⩾ 40 ◦C as
the absolute threshold for subsequent LST-based
analyses.

2.7. Software and computational environment
All heat-metric calculations and spatial analyses are
conducted in Python 3.9, with cloud-based geospatial
processing implemented through the Google Earth
Engine (GEE [66]) PythonAPI. Post-processing, stat-
istical analyses, and figure generation are performed
in Python using standard scientific, statistical, and
geospatial libraries.
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Figure 1. Spatial contrast between LST and Ta and calibration of an absolute LST threshold in summer 2022. (a) and (b) sum-
mer mean of daily maximum LST and Ta across the Mediterranean populated area (10 km aggregation for visualization). (c)
Relationship between daily maximum LST and Ta across sampled urban points, with linear fit. (d) Comparison of exposure dura-
tion (person-days) and intensity (person-day-degrees) under candidate absolute thresholds; totals are reported in billions (B).

3. Results

3.1. Cross-metric contrasts in exposure duration
and intensity
Under absolute thresholds, exposure duration dif-
fers markedly by metric (figure 2(a)). Ta yields
31.3 billion person-days, followed by LST (21.8
billion), WBGT (3.1 billion), and HI (0.3 bil-
lion), spanning more than two orders of magnitude
between Ta and HI. Intensity follows the same
ordering and further widens differences across met-
rics (figure 2(b)): totals are 153.8, 119.2, 2.1, and
0.3 billion person-day-degrees for Ta, LST, WBGT,
and HI, respectively. Pixel-level distributions are
strongly right-skewed for all metrics (figures 2(c)
and (d)), indicating that regional totals are dispro-
portionately driven by a limited number of hot-
spots. This concentration is especially pronounced
for WBGT: median intensity is low (∼44 person-
day-degrees), whereas the mean-to-median ratio is
high (∼74).

Under relative thresholds, cross-metric
differences in both duration and intensity largely
diminish (figures 2(a) and (b)). Total exposure dur-
ation converges to 6.2–7.3 billion person-days and
intensity remains tightly clustered across metrics.
Because percentile-based thresholds classify extremes
relative to local baselines, similar regional totals
can arise even when hotspot locations differ. We
next examine cross-metric agreement in hotspot
locations.

3.2. Spatial agreement among heat metrics
Under absolute thresholds, hotspot patterns diverge
across metrics (figure 3). Ta produces the broad-
est high-duration footprint spanning humid coasts
and arid interiors, with prominent burdens in Egypt,
Algeria, and Turkey. In contrast, WBGT concen-
trates high-duration exposure in humid coastal zones
and the Nile Delta. LST broadly resembles Ta but
with lower duration, whereasHI shows comparatively
limited duration. Consistent with these differences,
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Figure 2. Heat exposure estimates across the Mediterranean under four metrics and two threshold frameworks. (a) Exposure dur-
ation (person-days) and (b) intensity (person-day-degrees) for LST, Ta, HI, and WBGT under relative and absolute thresholds;
log y-axes; ‘B’ denotes values in billions. Pixel-level density distributions of (c) exposure duration and (d) intensity; for each met-
ric, kernel density estimates are shown for the relative and absolute thresholds on the left and right sides, respectively, computed
using pixels with positive values. Red and blue lines denote medians and means, respectively; colors match (a) and (b).

Ta–WBGTHigh–High pixels comprise 10.7% of eval-
uated pixels (figure 4(a); table S2); when focusing
only on high hotspots (top-tercile union as denom-
inator), overlap is 31.9% (figure 4(c)). Other met-
ric pairs show similarly limited overlap under abso-
lute thresholds (figures S3 and S4). Country sum-
maries show that within-country overlap is highest
in humid/coastal or geographically compact settings
(e.g. Israel 77.9%), whereas arid interior regions
more often fall into High Ta–LowWBGT classes (e.g.
Turkey 20.8%). Top-decile co-hotspots are dispro-
portionately located in North Africa across multiple
pairs (table S3). Intensity patterns can also diverge
across metrics (figure S8).

City-scale examples illustrate how these differ-
ences arise at finer scales (figures S9 and S10). Terciles
are computed within each city to emphasize intra-
urban contrasts in exposure duration. LST captures
strong surface-property contrasts, whereas Ta is spa-
tially smoother because it represents a coarser, back-
ground atmospheric field and contains limited expli-
cit urban signal [67, 68], which can increase off-
diagonal classes in heterogeneous urban–peri-urban
mosaics. In Cairo (figure S9), irrigated/vegetated
areas fall into Low LST–High Ta, consistent with

surface cooling while Ta remains largely governed
by the broader atmospheric background. In Bursa
(figure S10), high Ta exposure duration extends over
a broader surrounding area, whereas high LST expos-
ure is concentrated in the dense built-up core. Paris
exhibits mixed joint patterns consistent with het-
erogeneous land cover, whereas the more homogen-
eous desert setting of Ouargla yields joint patterns
concentrated in High–High classes. Together, these
cases indicate that hotspot agreement depends on
both thresholding and the spatial representativeness
of each heat product.

Under relative thresholds, spatial patterns become
more consistent across metrics (figure 3), with high
exposure duration expanding across populous south-
ern Europe (e.g. France, Italy, Spain), and com-
paratively weaker signals over persistently hot parts
of North Africa. Accordingly, Ta–WBGT High–High
pixels increase to 29.0% (figure 4(b)), and high-
hotspot overlap rises to 79.9% (figure 4(d)), with con-
sistently higher overlap across pairs (74.7%–92.4%;
figure 4(d), figures S5 and S6). This city-level pat-
tern mirrors the regional results, with more diag-
onal joint patterns under relative thresholds (figures
S11 and S12). Thus, moving from absolute to relative
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Figure 3. Spatial distribution of exposure duration across metrics and threshold frameworks. Exposure duration (person-days)
for LST, Ta, HI and WBGT under absolute thresholds (top) and relative thresholds (bottom). For visual clarity, outputs are
aggregated to 10 km for display.

thresholds increases cross-metric concordance and
shifts the regional hotspot focus from North Africa
toward densely populated southern Europe. Figure
S7 visualizes this threshold-driven hotspot shift,
showing that absolute thresholds often yield higher
LST/Ta duration over North Africa, whereas relat-
ive thresholds more often yield higher HI/WBGT
duration across southern Europe. These contrasts
show that metric–threshold choices jointly determ-
ine which locations are identified as high-burden
hotspots.

3.3. Socioeconomic inequality in heat-exposure
burden
Deprivation-ranked burden curves show that
switching between absolute and relative thresholds
redistributes exposure along the GRDI gradient
(figures 5(a) and S13). At the Mediterranean scale,
a clear socioeconomic reversal emerges between
threshold frameworks. Under absolute thresholds,
exposure duration shifts toward more deprived pop-
ulations across all metrics. For example, the least-
deprived quintile accounts for 12.2% (Ta) and 2.5%
(WBGT) of total exposure duration, whereas the
most-deprived quintile accounts for 21.5% (Ta)
and 28.6% (WBGT), with an 11.4-fold contrast for
WBGT. The magnitude of inequality also varies by
metric: LST is closest to proportionality, whereas
humidity-sensitive indices (HI and WBGT) show
the largest disparities; under absolute thresholds,
the most-deprived quintile’s HI exposure duration

is 40.1 times that of the least-deprived quintile
(figure S13(b)). Under relative thresholds, the pat-
tern reverses: the least-deprived quintile contrib-
utes ∼25% of exposure duration (e.g. 25.8% for Ta
and 24.2% for WBGT), whereas the most-deprived
quintile contributes only 18.6%–18.7%. Intensity
(person-day-degrees) shows the same reversal, often
with larger departures from proportionality (figures
S13(a), (c)).

This reversal is clearest at theMediterranean-wide
scale, with more mixed subregional patterns (figure
S14). In West Asia, exposure duration remains con-
centrated toward more deprived populations under
both threshold frameworks, whereas in Europe,
relative-threshold burdens are close to proportional.
In North Africa, relative-threshold exposure dura-
tion tends to shift toward less-deprived groups. The
Mediterranean-wide reversal thereforemainly reflects
contrasts between the Global North (Europe) and
South (West Asia and North Africa), rather than a
uniform within-region flip.

Bivariate maps of WBGT exposure duration
and deprivation illustrate the spatial co-occurrence
underlying these curves (figures 5(b)–(c)). Under
absolute thresholds, high exposure duration more
often co-occurs with high deprivation in parts of
North Africa and the Middle East (notably Syria,
Tunisia, and Morocco), with 8.9% of evaluated
pixels jointly classified as high exposure duration
and high deprivation (figure 5(b)). Under relat-
ive thresholds, high exposure duration expands
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Figure 4. Spatial agreement of exposure duration between metrics under absolute and relative thresholds. (a) and (b) bivariate
tercile classification of Ta and WBGT exposure duration under (a) absolute and (b) relative thresholds. For each metric, terciles
(low/medium/high) are computed using pixels with positive exposure duration within the evaluated pixel set, defined as pixels
where both metrics are available and at least one metric has duration>0; combining terciles yields nine joint classes. Maps are
displayed at 10 km for visual clarity; all statistics are computed at the 1 km resolution. (c) and (d) Pairwise high-hotspot overlap
(%) across heat metrics (LST, Ta, HI, WBGT) under (c) absolute thresholds and (d) relative thresholds, defined as the number
of pixels classified as high (top-tercile) by both metrics divided by the number classified as high by at least one metric (the high-
union). Values approach 100% when high-hotspot footprints fully overlap.

across populous western and southern Europe, where
deprivation is generally low to moderate, increas-
ing the high-exposure-duration/low-deprivation
class from 16.9% to 20.5% (figure 5(c)). The
same qualitative shift appears for LST, Ta, and HI
(figure S15).

City-level rankings further translate this redistri-
bution pattern into decision-relevant units (figure 6).
For WBGT, switching from absolute to relative
thresholds almost completely reorders city rankings
(Spearman ρ = 0.01; figure 6(a)), with the highest-
burden cities shifting from more deprived North
African settings toward less-deprived but highly pop-
ulated European cities, especially in Italy and France
(figure 6(d)). Rank agreement betweenTa andWBGT
is higher under the relative threshold (ρ = 0.74;
figure 6(b)) than under the absolute threshold

(ρ = 0.59; figure 6(c)), consistent with the stronger
hotspot concordance observed at the pixel scale.
Together, these results show that metric–threshold
choices can reshape exposure–deprivation patterns
and reorder which cities emerge as high-burden
targets, with direct implications for heat-action
planning [69].

4. Discussion

This study shows that Mediterranean heat exposure
estimates are sensitive tometric and threshold choice.
In summer 2022, these choices reshaped regional
exposure patterns, inequality signals, and city rank-
ings. They therefore act as hotspot identification
rules, not merely technical settings.
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Figure 5. Socioeconomic inequality and spatial co-occurrence of heat exposure and deprivation. (a) Deprivation-ranked cumu-
lative share curves for total exposure duration (person-days). Populations are ordered from low to high deprivation. The 45◦

line denotes proportional burden; curves below (above) indicate exposure duration concentrated toward more- (less-) deprived
groups. (b) and (c) bivariate maps of WBGT exposure duration and deprivation under (b) absolute and (c) relative thresholds.
WBGT exposure duration and deprivation are each grouped into three equal-frequency terciles (low/medium/high) using pixels
with positive WBGT exposure duration and GRDI; paired terciles yield nine joint classes. Numbers in the 3× 3 matrices denote
the fraction (%) of classified pixels in each class.

4.1. Metric sensitivity under absolute versus
relative extremes
A central challenge in heat exposure research is that
no single metric simultaneously maximizes physiolo-
gical relevance, spatial granularity, and scalability. HI
and WBGT incorporate humidity, and WBGT also
includes radiation and wind, but their urban-scale
application is often constrained by station sparsity,
instrument cost, or coarse gridded products that
do not resolve urban signals (e.g. ERA5). By con-
trast, satellite-derived LST provides spatially detailed
information on intra-urban thermal heterogeneity,
but it measures surface rather than near-surface air
temperature and therefore has a limited relationship

to human heat load [15, 70]. Previous work in the
United States similarly found that LST captured the
qualitative spatial patterns of Ta andHI but overstated
the magnitude of disparities [40].

In our analysis, this trade-off is most evid-
ent under absolute thresholds. Temperature-only
metrics (Ta, LST) produce broad exceedance foot-
prints, whereas composite indices (HI and WBGT)
concentrate exposure in humid coastal zones
and deltas [29, 71]. Under relative thresholds,
these inter-metric contrasts largely diminish. By
standardizing extremeness against local climatology,
percentile-based thresholds reduce the influence
of metric-specific physical sensitivities on hotspot

9
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Figure 6. City ranking shifts across heat metrics and thresholds. (a) Rank–rank comparison of city WBGT exposure duration
under absolute versus relative thresholds (rank 1= highest burden). (b) and (c) rank–rank comparisons of city exposure dura-
tion ranked by Ta versus WBGT under the (b) relative and (c) absolute thresholds. The dashed line denotes equal ranks. Points
are colored by mean deprivation (GRDI, 0–100) and sized by city population class. Spearman’s rank correlations indicate near-
complete reordering of WBGT-based city rankings across threshold frameworks (a; ρ= 0.01), but stronger cross-metric agree-
ment under the relative threshold (b; ρ= 0.74) than under the absolute threshold (c; ρ= 0.59). (d) WBGT rank shifts for the
union of top-10 cities under the absolute and relative thresholds. Rank shift= rank(relative)—rank(absolute); positive val-
ues indicate higher burden under the absolute thresholds, whereas negative values indicate higher burden under the relative
thresholds. Colors are as in panels (a)–(c).
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identification and yield more similar regional pat-
terns across metrics.

This convergence, however, does not imply
that composite indices are interchangeable. HI was
developed for U.S. public guidance and reflects
context-specific assumptions about how humid-
ity modifies perceived heat [20, 44, 56]. WBGT,
although more comprehensive in terms of factors
considered and widely used, is also interpreted
through application-specific thresholds, particularly
in occupational settings [61, 62]. The weaker cross-
metric agreement involving HI in our results should
therefore not be interpreted simply as model fail-
ure. Rather, it suggests that combined heat-stress
indices developed for one context may not trans-
fer cleanly across climates, populations, and policy
applications [20]. Determining which metric best
represents thermal strain for Mediterranean popula-
tions would require validation against physiological
measurements or health outcomes, which is beyond
the scope of this exposure-focused study.

Within these constraints, the stronger cross-
metric similarity under relative thresholds suggests
that LST can serve as a widely available, spatially gran-
ular proxy for anomaly-based hotspot identification
at the regional scale. This does not imply that LST
can substitute for within-city air-temperature expos-
ure. Because our Ta, HI, and WBGT estimates are
derived from ERA5-Land, they do not resolve intra-
urban variability, preventing a robust evaluation of
LST for within-city exposure estimation. Such an
assessment would require independent city-scale air-
temperature data, such as dense station networks or
urban-resolving products, to derive context-specific
LST–Ta relationships.

4.2. Threshold-driven shifts in hotspot geography
and decision relevance
Hotspot identification is highly sensitive to the
threshold framework. Under absolute thresholds, Ta
identifies broad exceedance footprints extending into
arid interiors, whereas WBGT concentrates high
exposure along humid coastlines and the Nile Delta,
where moisture, radiation, and wind jointly elevate
heat load. Under relative thresholds, patterns con-
verge because each metric is evaluated against its
local baseline, thereby shifting hotspots toward popu-
lous parts of southern Europe that experienced strong
departures from baseline in 2022 [37, 72, 73]. This
contrast also appears in 2021, 2023, 2024, and 2025
(figure S16): despite interannual variation in expos-
ure extent, absolute thresholds preserve larger spatial
differences between Ta and WBGT, whereas relative
thresholds yield more similar hotspot patterns.

This anomaly-based interpretation is consistent
with epidemiological evidence from 2022: the largest
summer-mean temperature anomalies (relative to
the 1991–2020 climatological baseline) clustered in

southwestern Europe, whereas heat-related mortal-
ity was highest in several Mediterranean countries,
notably Italy, Greece, and Spain [37, 73]. Given
cross-country differences in vulnerability and adapt-
ation, such divergence is expected and suggests that
anomaly-based hotspots do not necessarily coin-
cide with where heat-health burdens are greatest.
Our national Ta totals illustrate this divergence: total
exposure duration is 4.3× higher under the abso-
lute than the relative framework, and some coun-
tries remain high-burden under absolute thresholds
even when they rank lower under anomaly-based
definitions (Italy and Spain ≈2.2×; Greece ≈6.5×).
Together with the 2022 mortality evidence [37], these
findings underscore that the most anomalous places
are not necessarily the most hazardous.

Importantly, anomaly-based exceedances can
occur at moderate absolute levels, while fixed
thresholds can understate unusual heat in histor-
ically cooler places that may be less heat-prepared
because of more limited access to cooling, lower air-
conditioning prevalence, or weaker behavioral and
institutional adaptation. We therefore interpret abso-
lute and relative thresholds as complementary lenses
for distinct heat-action objectives—fixed-threshold
protection versus anomaly-based early warning.

This distinction is also evident in city-level tar-
geting: the near-complete reordering of WBGT-
based city rankings across threshold frameworks
(Spearman ρ = 0.01) shows that candidate interven-
tion targets can shift substantially depending on how
extremes are defined. For heat warning and interven-
tion design, candidate hazard metrics and thresholds
should therefore be evaluated against local health out-
comes at the relevant decision scale, since predict-
ive performance can be region- and scale-dependent
[74].

4.3. Threshold-dependent exposure gradients
across deprivation
Akey result is that theMediterranean-wide exposure–
deprivation gradient reverses across threshold
frameworks. Under absolute thresholds, expos-
ure duration and intensity are concentrated in
more deprived populations of North Africa and
the Middle East, especially for humidity-sensitive
indices, consistent with broader environmental-
justice evidence that heat hazards and limited protect-
ive resources often co-occur in disadvantaged settings
[7, 75, 76]. By contrast, under relative thresholds,
anomaly-defined exceedances expand across densely
populated European urban areas, shifting a larger
share of exposure toward less-deprived quintiles. A
multi-year sensitivity check using Ta andWBGT sup-
ports the same interpretation (figure S17): across
2021, 2023, 2024, and 2025, absolute-threshold
curves remain more concentrated toward deprived
populations, whereas relative-threshold curves shift
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closer to the equality line, although the strength of
this shift varies by year.

This Mediterranean-wide reversal, however, is
not uniform across subregions. Continent-stratified
curves (figure S14) show that West Asia remains
skewed toward more deprived populations under
both frameworks, Europe is close to proportion-
ality under relative thresholds, and North Africa
tends to shift toward less-deprived groups. Therefore,
the Mediterranean-wide reversal mainly reflects con-
trasts between subregions rather than a consistent
within-subregion flip. Although absolute and relat-
ive thresholds yield different inequality patterns in
all subregions, the direction and magnitude of these
differences vary by region. These results suggest that
heat-exposure inferences are consistently sensitive
to threshold definition across diverse climatic and
socioeconomic settings, and that regional inequality
patterns should be interpreted alongside subregional
analyses.

This distinction matters for environmental-
justice interpretation. Relative thresholds are use-
ful for identifying unusual heat that may stress local
public health and infrastructure systems, but they
do not encode vulnerability or adaptive capacity.
Because adaptive capacity can differ systematically
by socioeconomic status, including through unequal
access to cooling and other heat-protective resources
[77], anomaly-based exposure should not be inter-
preted as a direct proxy for inequality-relevant health
risk [78]. Moreover, standardizing by local clima-
tology can down-weight persistently high baseline
heat in chronically hot regions, potentially obscuring
entrenched structural burdens. These results do not
imply that one framework is inherently better; rather,
methodological choice determines which dimensions
of heat burden become most visible. Accordingly,
exposure patterns should be interpreted jointly with
socioeconomic, vulnerability, and adaptation indic-
ators to avoid masking persistent burdens in more
deprived populations.

4.4. Limitations and future directions
Although this is the first Mediterranean-wide com-
parison of population exposure across heat met-
rics and threshold frameworks, several limitations
remain. We quantify environmental exposure rather
than health outcomes; translating exposure into
health impacts requires vulnerability, adaptation, and
epidemiological evidence [79]. ERA5-based inputs
do not explicitly resolve urban canopy processes [80,
81], and our estimates also do not capture daily
mobility. However, a comparison with an urban-
adjusted 1 km air temperature product [82] shows

strong correspondence for local-time dailymaximum
air temperature (figure S18; R2 = 0.79), suggesting
that regional spatial patterns remain robust even if
within-city variability is conservative. Future work
should extend this comparison to other regions, test
metric–threshold combinations against local health
outcomes, and examine whether conclusions based
on regional summaries hold at subregional and city
scales. This would clarify which exposure definitions
are most useful for warning, targeting, and heat-
equity assessment.

5. Conclusions

Metric and threshold choices act as hotspot iden-
tification rules, reshaping exposure totals, hotspot
alignment, inequality gradients, and city rankings
across the Mediterranean. Absolute thresholds yield
large differences across metrics and weak hotspot
overlap, whereas relative thresholds yield more sim-
ilar totals and stronger agreement. Inequality sig-
nals can also reverse: absolute thresholds concen-
trate exposure in more deprived settings, while rel-
ative thresholds shift exposure toward less-deprived
but populous southern Europe, and city rankings
based on WBGT exposure duration are almost
completely reordered. We therefore recommend
routine dual reporting of absolute and relative expos-
ures to support more robust heat-action planning
and to reduce overreliance on any single exposure
definition.
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