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Abstract
Outdoor thermal stress is intensifying across Türkiye, but its meteorological controls remain poorly resolved across con-
trasting climate regimes. We use explainable machine learning to decompose model-attributed contributions to daily maxi-
mum Universal Thermal Climate Index (UTCI) variability, rather than to independently predict a derived thermal index. 
ERA5 and ERA5-HEAT data for 1950–2025 were used to assemble 826,799 warm-season grid-day observations with 
UTCI > 26 °C at 0.25° × 0.25° resolution. A Random Forest model was fitted using seven predictors: 2-m air temperature 
(T2M), relative humidity, vapor pressure deficit (VPD), wind speed, surface solar radiation downwards, surface thermal 
radiation downwards (STRD), and specific humidity. Model performance was treated as an internal consistency check for 
attribution (R² = 0.936, RMSE = 1.80 °C). Spatial and temporal blocked validation confirmed stable SHAP rankings, with 
T2M and VPD ranked first and second in all 12 folds (Kendall’s W = 0.963). Humidity-correlation, perturbation-mode, 
and ablation tests showed that VPD represents a robust moisture-demand dimension rather than an independent humid-
ity effect. Severity-stratified SHAP showed that VPD attribution share increased from 18.7% under moderate heat stress 
to 28.7% under very strong heat stress, while wind-speed and STRD shares declined. Pixel-wise SHAP identified VPD 
dominance across the semi-arid interior, wind sensitivity along the Black Sea and Marmara margins, and localized STRD 
dominance along parts of the Mediterranean coast. Very strong heat grid-days increased significantly (+ 5.0 grid-days yr⁻¹), 
whereas extreme heat showed a non-significant increase (+ 0.62 grid-days yr⁻¹). These regimes can inform regionally dif-
ferentiated heat-risk adaptation.
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trajectory (Mora et al. 2017; Raymond et al. 2020; Ahma-
dalipour and Moradkhani 2018).

The physiological consequences of prolonged heat expo-
sure, which can lead to heat exhaustion, cardiovascular 
strain, and even death from heatstroke, are not caused by 
air temperature alone. Instead, they are caused by a compli-
cated mix of weather factors, such as humidity, wind speed, 
and radiation (Parsons 2007; Fiala et al. 2012). Sherwood 
and Huber (2010) showed theoretically that atmospheric 
moisture is very important for determining the upper lim-
its of human thermoregulatory capacity by setting a wet-
bulb temperature limit of 35  °C for human survivability. 
Vecellio et al. (2022) showed empirically that actual critical 
Tw thresholds are much lower, around 30.6  °C in humid 
environments and 25–28 °C in hot-dry conditions. Recent 
research by Vecellio et al. (2023) integrated empirically 
established thresholds with CMIP6 projections, indicating a 
significantly increased global risk from both humid and dry 
heat stress. The relative significance of specific meteorolog-
ical variables in influencing thermal stress fluctuates with 

1  Introduction

The Eastern Mediterranean and Middle East (EMME) 
is a globally prominent climate change hotspot, warming 
approximately 20% faster than the global mean and exhib-
iting a six- to eight-fold increase in heat-wave frequency, 
intensity, and duration since the 1960 s (Giorgi 2006; Lio-
nello and Scarascia 2018; Lelieveld et al. 2016; Kuglitsch 
et al. 2010; Zittis et al. 2022 a; Cos et al. 2022). Projected 
end-of-century summer warming of 3.5–7  °C under high-
emission scenarios (Lelieveld et al. 2012; Zittis et al. 2016) 
sharpens the public-health, labour-productivity, urban-
habitability, and ecosystem-resilience implications of this 
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the intensity of heat exposure and the existing atmospheric 
conditions. This complexity necessitates analytical methods 
that can accommodate non-linear, interactive, and spatially 
diverse relationships among climate drivers.

The Universal Thermal Climate Index (UTCI) has 
emerged as the most physiologically robust metric for 
assessing outdoor thermal comfort, integrating the ther-
modynamic effects of air temperature, mean radiant tem-
perature, wind speed, and humidity through an advanced 
multi-node human thermoregulation model (Jendritzky et 
al. 2012; Fiala et al. 2012; Bröde et al. 2012). Unlike sim-
pler indices such as the Heat Index or Wet Bulb Globe Tem-
perature (WBGT), the UTCI captures the full spectrum of 
human thermal stress from extreme cold to extreme heat 
through an adaptive clothing model and multi-segment 
physiological simulation (Havenith et al. 2012 Blażejczyk 
et al., 2012). Comparative evaluations have demonstrated 
UTCI’s superior sensitivity to wind speed relative to other 
indices such as PET (Provençal et al. 2016) and its higher 
discriminative power for identifying hazardous thermal 
conditions (Błażejczyk et al. 2012). Since its development 
within COST Action 730 (Błażejczyk et al. 2013), UTCI 
has been applied across diverse bioclimatological domains 
spanning urban climate assessment, tourism climatol-
ogy, epidemiology, and climate change impact evaluation 
(Błażejczyk and Kuchcik 2021; Potchter et al. 2018).

The ERA5-HEAT dataset, developed by the Copernicus 
Climate Change Service, provides the first global gridded 
UTCI estimates derived from ERA5 reanalysis at 0.25° × 
0.25° spatial resolution and hourly temporal resolution, 
enabling long-term, spatially continuous thermal comfort 
assessments at unprecedented scale (Di Napoli et al. 2021). 
ERA5-HEAT UTCI has been validated against European 
mortality data across 21 cities (Urban et al. 2021), applied to 
assess spatiotemporal UTCI changes across the Middle East 
and North Africa (Hamed et al. 2023), and used in opera-
tional thermal health hazard forecasting (Pappenberger et al. 
2015). For the EMME region, Di Napoli et al. (2018) identi-
fied two distinct European bioclimatic zones using 38 years 
of reanalysis-based UTCI: a heat-stress-dominated south-
ern and Mediterranean zone and a neutral-to-cold northern 
zone. Within Türkiye specifically, thermal comfort studies 
have primarily focused on urban-scale analyses (Yılmaz et 
al. 2024), while comprehensive national-scale UTCI assess-
ments leveraging the full temporal depth of ERA5-HEAT 
remain limited.

Even though there are more UTCI datasets and studies, 
most thermal comfort studies still use traditional statisti-
cal methods like correlation analyses, regression models, 
or index-based trend classifications. These methods don’t 
work well for climate drivers that have nonlinear, interac-
tive, and threshold-dependent relationships (Nazarian et al. 

2022; Potchter et al. 2018). The assumption that heat stress 
is driven uniformly by temperature across all regions and 
severity levels represents a critical oversimplification. In 
reality, the transition from moderate to extreme heat stress 
may be governed by fundamentally different atmospheric 
mechanisms depending on local topography, maritime influ-
ence, and land-surface characteristics. Identifying these spa-
tially and severity-dependent transitions requires analytical 
frameworks capable of decomposing complex, high-dimen-
sional interactions without imposing a priori parametric 
assumptions.

Machine learning (ML) methods, particularly ensemble 
tree-based models such as Random Forests (Breiman 2001), 
have demonstrated exceptional predictive performance in 
environmental and climate sciences owing to their capac-
ity to model nonlinear relationships and high-order feature 
interactions (Reichstein et al. 2019). In the thermal com-
fort domain, ML approaches have been applied for outdoor 
thermal perception prediction (Guo et al. 2024; Kim et al. 
2018) and high-resolution UTCI downscaling (Briegel et 
al. 2024), consistently outperforming traditional regres-
sion methods. The intrinsic opacity of machine learning 
models, often referred to as the “black-box” problem, has 
traditionally limited their applicability in scientific contexts 
that necessitate mechanistic comprehension. The advent of 
Explainable Artificial Intelligence (XAI) techniques, most 
notably SHapley Additive exPlanations (SHAP; Lundberg 
and Lee 2017), has transformed this landscape by provid-
ing theoretically grounded, model-agnostic explanations of 
individual predictions. SHAP values, rooted in cooperative 
game theory, quantify the marginal contribution of each 
input feature to a given prediction, enabling researchers to 
decompose model outputs into interpretable, additive fea-
ture attributions. The TreeExplainer algorithm (Lundberg 
et al. 2020) enables exact, computationally efficient SHAP 
value computation for tree-based ensembles. Recent meth-
odological evaluations have confirmed SHAP as a robust 
and faithful XAI method for climate science applications 
(Bommer et al. 2024; Flora et al. 2024), while Jiang et 
al. (2024) have demonstrated how interpretable ML can 
advance process understanding in the geosciences through 
spatial SHAP analysis.

A growing number of studies have applied SHAP and 
related XAI methods to environmental phenomena, includ-
ing precipitation estimation (He et al. 2023), urban heat 
island analysis (Hong et al. 2025), and environmental haz-
ard mapping (Wang et al. 2024; Gholami et al. 2024). In 
the specific domain of outdoor thermal comfort, Guo et al. 
(2024) used SHAP to reveal that the dominant UTCI driver 
shifts between mean radiant temperature (in unshaded 
spaces) and air temperature (in shaded spaces), demonstrat-
ing condition-dependent driver hierarchies. However, no 
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study has yet applied XAI to systematically decompose how 
UTCI driver importance shifts across thermal stress sever-
ity categories at the regional climatological scale, a gap that 
limits both scientific understanding and the design of sever-
ity-specific heat mitigation strategies.

The geographic variety of thermal comfort drivers may be 
studied in an excellent natural laboratory in Turkey, which is 
located at the crossroads of three main climatic zones: Med-
iterranean, continental, and oceanic. The country’s seven 
official geographical regions span humid Black Sea coasts 
with persistent cloud cover and moderate temperatures, 
semi-arid Central and Eastern Anatolian plateaus charac-
terized by extreme continental temperature amplitudes and 
atmospheric desiccation, and the thermally intense Mediter-
ranean and Aegean coastlines where radiative forcing and 
maritime moisture interact in complex ways (Özturk et al. 
2015). This climatic diversity, compressed within a single 
national territory, provides an opportunity to systematically 
evaluate how the dominant mechanisms of heat stress shift 
across contrasting environments.

This study addresses the following research objec-
tives: First, we apply SHAP analysis not only at global and 
regional aggregates but at the individual 0.25° × 0.25° grid-
cell level, producing a pixel-wise map of dominant second-
ary climate drivers for thermal comfort across the entirety 
of Türkiye. Second, by independently analyzing four UTCI 
severity bands (moderate, strong, very strong, and extreme 
heat stress), we examine how climate driver importance 
restructures as heat stress intensifies, revealing nonlinear 
transitions in moisture-related and radiation-related driv-
ers that are invisible to analyses aggregating across severity 

levels. Third, the extended analysis period (1950–2025) 
enables assessment of long-term trends in severe heat event 
frequency, providing temporal context for the observed 
spatial driver patterns. Because UTCI is itself a meteoro-
logically derived thermal index, our aim is not to treat the 
machine-learning model as a purely independent predictive 
exercise, but rather to use it as an interpretable framework 
for decomposing the relative contributions of related cli-
mate drivers across space and heat-stress severity levels.

The primary research question guiding this study is: at 
severe heat stress thresholds (UTCI > 38 °C), how does the 
relative importance of individual climate drivers, particu-
larly humidity, wind speed, and radiation, change compared 
to moderate stress conditions, and do the dominant second-
ary drivers exhibit systematic spatial patterns correspond-
ing to known climatological gradients? In this context, 
“importance” refers to model-attributed contribution within 
an explainable machine-learning framework rather than to 
independent causal effect size in a strict physical sense.

2  Materials and methods

2.1  Study area

The study focuses on Türkiye, a transcontinental coun-
try situated predominantly in the Anatolian Peninsula of 
southwestern Asia, with a smaller portion (Eastern Thrace) 
extending into southeastern Europe (Fig. 1). Türkiye is stra-
tegically located within the Eastern Mediterranean basin 
(approximately 26°E-45°E, 36°N-42°N), a region that has 

Fig. 1  Study area map of Türkiye and its seven official geographical regions. The Köppen–Geiger climate classification background is reproduced 
from Taşoğlu et al. (2024), with additional overlays showing the official regional boundaries and the ERA5 analysis domain (26°–45°E, 36°–42°N)
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been consistently identified as one of the most prominent 
climate change hotspots globally, with observed warming 
rates approximately 20% above the global mean (Lionello 
and Scarascia 2018; Zittis et al. 2022 a).

Türkiye exhibits extraordinary topographical and clima-
tological complexity within its approximately 783,562 km² 
territory. Elevations range from sea level along the exten-
sive coastlines to over 5,000 m at Mount Ağrı (Ararat) in the 
east. This topographic heterogeneity generates a mosaic of 
distinct climate regimes:

The Black Sea Region is characterized by a humid oce-
anic climate (Köppen Cfb/Cfa) with persistent cloud cover, 
year-round precipitation, and moderate temperature ampli-
tudes; the Pontic Mountains create an orographic barrier 
isolating this region from the continental interior. The Mar-
mara Region exhibits a transitional climate between Medi-
terranean and oceanic influences, moderated by the Sea of 
Marmara and the proximity to both the Black Sea and the 
Aegean. The Aegean Region has a Mediterranean climate 
(Köppen Csa) with hot, dry summers and mild, wet win-
ters, characterized by strong land-sea breeze circulation 
patterns and significant insolation during the warm season. 
The Mediterranean Region displays a hot-summer Medi-
terranean climate (Köppen Csa) with the highest summer 
temperatures among coastal regions; the Taurus Mountains 
create a sharp climate gradient between the coastal strip 
and the interior plateau. Central Anatolia is dominated by 
a semi-arid continental steppe climate (Köppen BSk) with 
extreme temperature amplitudes, low humidity, and limited 
precipitation across the extensive plateau (average eleva-
tion approximately 1,000 m). Eastern Anatolia experiences a 
severe continental climate with cold winters and warm sum-
mers, influenced by high elevation (average approximately 
1,500-2,000 m), significant diurnal temperature ranges, and 
very low atmospheric moisture content. Southeastern Anato-
lia has a semi-arid to arid climate (Köppen BSh/BWh) with 
the highest maximum temperatures in Türkiye, frequently 
exceeding 45  °C during summer, and is characterized by 
extreme atmospheric desiccation and intense solar radiation.

To capture this spatial heterogeneity with maximum pre-
cision, Türkiye was partitioned into seven official geograph-
ical regions following the classification established by the 
First Turkish Geography Congress of 1941 and maintained 
by the Turkish Statistical Institute. A ray-casting point-in-
polygon algorithm was implemented to allocate each 0.25° 
× 0.25° grid point to its precise geographic region, prevent-
ing the boundary-bleeding artifacts inherent in bounding-
box approaches where grid cells near irregular boundaries 
may be misclassified. This polygon-based allocation is used 
consistently in the regional models and in the Leave-One-
Region-Out cross-validation experiment.

2.2  Climate and thermal stress data

Long-term historical climate data spanning 75 years (1950–
2025) were acquired from two complementary European 
Centre for Medium-Range Weather Forecasts (ECMWF) 
reanalysis products. The target variable for thermal comfort 
evaluation, the Universal Thermal Climate Index (UTCI), 
was obtained from the ERA5-HEAT (Human thErmAl com-
forT) reanalysis dataset (Di Napoli et al. 2021), available 
through the Copernicus Climate Data Store (CDS). ERA5-
HEAT provides hourly global UTCI estimates at 0.25° × 
0.25° spatial resolution, computed from ERA5 atmospheric 
fields using the UTCI operational procedure (Bröde et al. 
2012). UTCI values represent the equivalent ambient tem-
perature of a reference environment that would elicit the 
same physiological response as the actual environment, 
accounting for air temperature, mean radiant temperature, 
wind speed, and humidity. For each grid point, the daily 
maximum UTCI was calculated from the hourly values to 
capture peak thermal stress conditions.

Seven fundamental climate predictor variables were 
extracted from the ERA5-Land reanalysis (Hersbach et 
al. 2020; Soci et al. 2024) at its native 0.1° × 0.1° spatial 
resolution and subsequently regridded to the ERA5-HEAT 
0.25° × 0.25° grid using nearest-neighbor interpolation. The 
ERA5-HEAT lat/lon grid was treated as the reference grid; 
each ERA5-Land cell was matched to its nearest ERA5-
HEAT cell centre. No spatial smoothing was applied dur-
ing the regridding step. Because both ERA5-HEAT and 
ERA5-Land are derived from the same underlying ERA5 
atmospheric reanalysis, no inter-product bias correction 
was applied. The predictor variables and their derivations 
are detailed in Table 1.

Relative Humidity (RH) was computed from the 2-meter 
air temperature (T2M) and 2-meter dew point temperature 
(D2M) using the Magnus-Tetens approximation:

es = 6.112 × exp
(

17.67 × T2m

T2m + 243.5

)

ea = 6.112 × exp
(

17.67 × Td

Td + 243.5

)

RH = 100 × ea

es

where es is the saturation vapor pressure (hPa) and ea is the 
actual vapor pressure (hPa).

Vapor Pressure Deficit (VPD), representing the atmo-
spheric moisture demand and a critical determinant of 
human evaporative cooling capacity, was calculated as:
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V PD = es − ea

10
[kPa]

using saturation and actual vapor pressures derived via the 
Magnus formula:

es = 0.6108 × exp
(

17.27 × T2m

T2m + 237.3

)

ea = 0.6108 × exp
(

17.27 × Td

Td + 237.3

)

Saturation and actual vapour pressure were computed using 
the FAO Penman-Monteith form of the Magnus equation 
(Allen et al. 1998), applied consistently for all derived 
humidity variables (RH, VPD, and q).

Wind Speed was computed as the resultant of the 10-meter 
eastward (U10) and northward (V10) wind components:

Wind =
√

U2
10 + V 2

10

The temporal domain was restricted to the extended warm 
season (April-October) to focus on heat stress conditions, as 

thermal discomfort from heat in the study region is negli-
gible during the November-March period.

2.3  Data preprocessing and stratification

The preprocessing pipeline consisted of five sequential 
stages. First, data were restricted to the extended warm sea-
son months (April through October, inclusive) to isolate the 
period relevant for heat stress assessment. Second, ERA5-
Land variables at 0.1° × 0.1° resolution were regridded to 
the ERA5-HEAT 0.25° × 0.25° grid using nearest-neighbor 
interpolation to ensure spatial consistency between predic-
tor and target variables. Third, for each 0.25° × 0.25° grid 
cell, hourly UTCI values were aggregated to daily maxi-
mum UTCI (representing peak thermal stress), while pre-
dictor variables were aggregated as daily maxima (T2M), 
daily means (RH, VPD, Wind, Q), or daily sums converted 
to MJ/m² (SSRD, STRD). Fourth, to strictly analyze heat 
stress mechanisms rather than general thermal conditions, 
the dataset was filtered to retain only grid-day observations 
where the daily maximum UTCI exceeded 26.0 °C, corre-
sponding to the onset of “moderate heat stress” as defined 
by the UTCI assessment scale (Bröde et al. 2012); this 
threshold-based filtering ensures that the machine learning 
model and subsequent SHAP analysis are trained exclu-
sively on physiologically relevant heat stress conditions. 
Fifth, the continuous UTCI values were classified into four 
established heat stress severity bands following the standard 
UTCI assessment scale: moderate heat stress (26–32  °C), 
strong heat stress (32–38 °C), very strong heat stress (38–
46 °C), and extreme heat stress (> 46 °C). The final prepro-
cessed dataset comprised 826,799 grid-day observations 
across the 75-year study period, stored as an optimized 
Apache Parquet feature matrix for computational efficiency.

After temporal filtering, daily aggregation, and feature 
derivation, the preprocessed feature matrix contained no 
missing values. The standard listwise call in the preprocess-
ing pipeline therefore retained all 826,799 rows; no rows 
were removed at this step. We report this explicitly because 
the absence of missing data is a non-trivial property of the 
analysis dataset and removes one potential source of selec-
tion bias.

2.4  Machine learning framework

2.4.1  Model selection and architecture

A Random Forest (RF) Regressor (Breiman 2001) was 
selected as the predictive model for several method-
ologically motivated reasons: (i) RF models handle non-
linear relationships and high-order feature interactions 
without requiring explicit specification; (ii) they are robust 

Table 1  Climate predictor variables used in the machine learning 
framework
Variable Abbreviation Unit Source Temporal 

Aggregation
2-meter Air 
Temperature

T2M °C ERA5-
Land 
(t2m)

Daily 
maximum

Relative 
Humidity

RH % Derived 
from 
T2M 
and 
D2M

Daily mean

Vapor Pressure 
Deficit

VPD kPa Derived 
from 
T2M 
and 
D2M

Daily mean

Wind Speed Wind m s⁻¹ Derived 
from 
U10 and 
V10

Daily mean

Surface Solar 
Radiation 
Downwards

SSRD MJ/m² ERA5-
Land 
(ssrd)

Daily sum

Surface Thermal 
Radiation 
Downwards

STRD MJ/m² ERA5-
Land 
(strd)

Daily sum

Specific 
Humidity

Q g/kg Derived 
from 
D2M 
and 
surface 
pressure

Daily mean
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to multicollinearity among predictors, which is expected 
given the thermodynamic interdependencies among climate 
variables; (iii) they provide built-in out-of-bag error estima-
tion; and (iv) the TreeExplainer algorithm enables exact, 
computationally efficient SHAP value computation for tree-
based ensembles (Lundberg et al. 2020). Because the target 
variable (UTCI) is itself derived from meteorological inputs 
conceptually related to the predictor set, the RF model is 
used here primarily as a stable, interpretable decomposition 
framework rather than as an end in itself for independent 
prediction.

We make this framing explicit because the structural rela-
tionship between UTCI and our predictor set has a quantita-
tive consequence: a high test R² should not be interpreted 
as evidence of an independent prediction task in which the 
model has discovered a previously hidden mapping. UTCI 
is computed hourly from temperature, mean radiant tem-
perature, humidity, and wind via the multi-node UTCI-Fiala 
operational procedure (Fiala et al. 2012; Bröde et al. 2012). 
Our model is trained on daily aggregates of variables that 
overlap conceptually with UTCI inputs, so a substantial 
part of the model’s R² is structurally guaranteed. The sci-
entific value of the framework therefore resides in the attri-
bution-decomposition of UTCI variance into per-predictor 
SHAP contributions, not in the predictive skill metric itself. 
Throughout the Results section, R² and RMSE are reported 
as evidence that the fitted model is sufficiently stable to sup-
port attribution-focused analysis (Sect. 3.2) and not as the 
principal contribution of the study.

The RF model was configured with the following hyper-
parameters (Table 2), selected through preliminary cross-
validation experiments.

2.4.2  Training strategy

Three categories of models were independently trained and 
evaluated. A global model was trained on the entire Tür-
kiye dataset (n = 826,799) to capture country-wide thermal 

comfort dynamics. Seven regional models were trained on 
geographically subsetted data, with each grid point allo-
cated to its region using the polygon-based classification 
described in Sect. 2.1; regional sample sizes ranged from 
59,139 (Marmara) to 161,403 (Central Anatolia). Severity-
stratified driver importance was obtained by evaluating the 
SHAP attributions of the single global model on the subset 
of the test partition belonging to each UTCI severity band, 
holding the model, training data and SHAP procedure con-
stant across bands. This single-model conditional approach 
removes the response-range scaling artefact that would oth-
erwise be introduced by training separate models per band 
(see Sect. 3.4 and Discussion 4.3).

For each model, the data were split into training (80%) 
and testing (20%) sets using stratified random sampling with 
a fixed random seed (42) for reproducibility. Model perfor-
mance was evaluated using the Coefficient of Determination 
(R²) and Root Mean Square Error (RMSE) computed on the 
held-out test set.

2.4.2.1  Sensitivity to blocked cross-validation  Random 
train/test splitting under spatial-temporal autocorrelation 
has been shown to overstate held-out skill in gridded reanal-
ysis applications because nearby grid-day observations are 
not independent. We therefore replicated the analysis under 
two structurally different blocking strategies and reported 
(i) held-out R² for each fold and (ii) Kendall’s coefficient 
of concordance W on the SHAP-derived feature rankings 
across all folds. The blocked-CV results are summarised in 
Sect. 3.2 and reported per-fold in Supplementary Tables S1–
S2 and Supplementary Figure S2.

Leave-One-Region-Out (LORO) spatial blocking. Using 
the TopoJSON polygon boundaries from Sect. 2.1, the data 
were partitioned into seven non-overlapping regional folds. 
For each fold, the model was retrained on the six in-set 
regions (n ≈ 660,000–770,000) and tested on the held-out 
region (n ≈ 59,000–161,000). The SHAP TreeExplainer 
(tree_path_dependent mode, see Sect. 2.5.1) was then 
applied to a fixed 1,500-row random sample of the held-out 
region.

Contiguous temporal blocking (5 folds). Five contigu-
ous 15-year blocks (1950–1964, 1965–1979, 1980–1994, 
1995–2009, 2010–2025) were defined. For each fold, the 
model was retrained on four blocks and tested on the held-
out block (n ≈ 160,000–175,000). The same SHAP proce-
dure was applied to a fixed 1,500-row random sample of the 
held-out block.

For both blocking strategies, model hyperparameters, 
random seed, and the SHAP sampling procedure were 
held identical to the global model. The held-out R² values 
and the SHAP ranking concordance metrics are reported 
in Sect. 3.2.

Table 2  Random Forest Regressor hyperparameter configuration
Parameter Value Justification
Number of estimators 500 Sufficient for convergence 

with diminishing returns 
beyond this threshold

Maximum depth 12 Balances model complex-
ity against overfitting risk

Minimum samples per 
leaf

20 Prevents overly specific 
terminal nodes

Minimum samples per 
split

40 Ensures statistically 
meaningful splits

Maximum features per 
split

sqrt(p) Standard heuristic for 
regression forests

Random state 42 Ensures reproducibility
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2.5  Explainable AI (XAI) framework

2.5.1  SHAP value computation

To overcome the opacity of the RF model and extract mech-
anistic insights, SHapley Additive exPlanations (SHAP; 
Lundberg and Lee 2017) were integrated at multiple ana-
lytical scales. SHAP values are grounded in Shapley values 
from cooperative game theory, where each feature is treated 
as a “player” in a coalition, and its contribution to the pre-
diction is computed as the weighted average of its marginal 
contributions across all possible feature coalitions. For a 
prediction f (x), the SHAP value ϕ j  for feature j satisfies 
the additive decomposition:

f (x) = ϕ 0 +
∑

p
j=1ϕ j (x)

where ϕ 0 is the expected model output (base value) and 
ϕ j (x) represents the contribution of feature j to the devia-
tion from the base value for instance x.

The TreeExplainer algorithm (Lundberg et al. 2020) was 
used to compute exact SHAP values in polynomial time for 
tree-based models. Feature importance was quantified as the 

mean absolute SHAP value ((|
′
ϕ|)) across all instances, rep-

resenting the average magnitude of each feature’s contribu-
tion to the predicted UTCI, expressed in degrees Celsius. 
These attributions should be interpreted as model-based 
contribution magnitudes within the fitted predictor space, 
not as direct estimates of independent physical effect size.

SHAP perturbation mode. TreeExplainer supports 
two complementary perturbation strategies for handling 
“missing” features during the Shapley computation: `tree_
path_dependent` (the default), which uses the conditional 
expectation of the tree path given the joint distribution 
actually observed in the training data, and `interventional`, 
which uses an independent background distribution and 
therefore breaks correlations among features. The two 
modes answer different questions: `tree_path_dependent` 
returns the SHAP attribution under the empirical cli-
mate joint distribution in Türkiye (which is the appropri-
ate framing for our sensitivity-decomposition objective), 
while `interventional` returns the marginal counterfactual 
attribution under feature independence. We report results 
from `tree_path_dependent` as the primary analysis and 
use `interventional` as a robustness check against the pos-
sibility that observed feature correlations inflate certain 
attributions. The two modes return a perfect Kendall rank 
concordance (τ = +1.000, p = 4 × 10⁻⁴), with magnitudes 
shifting in directions consistent with the documented cor-
relation structure (Sect. 3.3.1).

2.5.2  Multi-scale SHAP analysis

SHAP analysis was conducted at four complementary 
scales. At the global scale, SHAP summary plots (beeswarm 
plots) for the Whole Türkiye model were generated, reveal-
ing overall feature importance and the direction of feature 
effects. At the regional scale, independent SHAP analyses 
for each of the seven geographic regions identified the top 
three climate drivers per region and their relative rankings. 
At the severity-stratified scale, SHAP importance matri-
ces were computed by subsetting the single global model’s 
SHAP values according to UTCI severity band and visu-
alized as heatmaps to reveal how driver importance shifts 
with intensifying heat stress. At the pixel-wise scale, for 
every distinct geographic grid cell in the dataset, the mean 
climate conditions during heat events were computed and 
SHAP values were calculated using the global model; the 
dominant secondary driver (the highest-importance feature 
excluding T2M) was identified for each pixel, producing a 
high-resolution 0.25° × 0.25° spatial map of driver domi-
nance across Türkiye.

Justification of mean-condition pixel-wise SHAP. Com-
puting SHAP at the pixel’s mean heat-event meteorology 
anchors the attribution at a single, climatologically repre-
sentative reference state per pixel. This choice has three 
properties: (i) it is consistent across pixels (each pixel is 
summarized at its own typical event), (ii) it is computa-
tionally tractable at the 0.25° × 0.25° resolution across the 
entire Türkiye bounding box, and (iii) it preserves the cli-
matological structure of the underlying data without intro-
ducing day-level noise. We additionally provide a per-day 
SHAP aggregation (Sect. 3.6.2) that recomputes SHAP at 
20 randomly sampled heat-event days per pixel, reports the 
modal driver and its stability, and quantifies the agreement 
between the mean-condition and per-day classifications. 
This robustness check directly addresses the concern that 
mean-condition SHAP may suppress day-to-day variability.

2.5.3  SHAP dependence analysis

SHAP dependence plots were generated for key features 
(T2M and RH) to examine nonlinear interaction effects. 
Each dependence plot displays the SHAP value of a feature 
against its actual value, with points colored by a secondary 
interacting feature, revealing how the effect of one climate 
driver on UTCI is modulated by another.

2.6  Trend analysis

Annual counts of severity-band grid-days were computed 
for each of the three severity bands (Strong Heat 32–38 °C, 
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Very Strong Heat 38–46  °C, Extreme Heat > 46  °C) over 
the 75-year window. Two weightings were reported: (i) 
raw grid-day counts (used in Sect. 3.1) and (ii) cell-area-
weighted counts via Σ cos(latitude), reported as an area-
weighted sensitivity. Trend significance was evaluated using 
the classical Mann-Kendall test (Mann 1945; Kendall 1948) 
and the Hamed-Rao modification (Hamed and Rao 1998) 
that adjusts the variance of S for first-order serial autocor-
relation. Theil-Sen non-parametric slopes (Sen 1968) with 
rank-based 95% confidence intervals were used as the com-
panion slope estimator. All trend statistics were computed 
using the `pymannkendall` Python package (Hussain and 
Mahmud, 2019).

3  Results

3.1  Temporal trends of severity classes (1950–2025)

The 75-year longitudinal analysis reveals a pronounced 
intensification of severe heat stress events across Türkiye 
(Fig. 2). We report trends for all three heat-stress categories 
(Strong (32–38 °C), Very Strong (38–46 °C), and Extreme 
(> 46  °C)) using Theil-Sen slopes as the rank-based com-
panion to the Mann-Kendall test, and additionally using the 

Hamed-Rao modification (Sect. 2.6) that adjusts the vari-
ance for first-order serial autocorrelation. Both raw grid-
day counts, and cell-area-weighted (Σ cos latitude) counts 
were evaluated; the area-weighted slopes are approximately 
20–25% smaller in magnitude but do not alter trend direc-
tions or significance verdicts.

Annual counts of Strong Heat (32–38  °C) grid-days 
exhibit the largest absolute trend (Theil-Sen slope + 6.68 
grid-days yr⁻¹, 95% CI [+ 2.70, + 11.14]; classical Mann-
Kendall τ = +0.256, p = 1.1 × 10⁻³; Hamed-Rao modified 
MK p = 1.1 × 10⁻³), indicating that the warming signal is 
not confined to the upper-tail categories. Very Strong Heat 
(38–46  °C) grid-days exhibit a significant upward trend 
(Theil-Sen slope + 5.00 grid-days yr⁻¹, 95% CI [+ 2.96, 
+ 7.15]; classical MK τ = +0.336, p = 1.7 × 10⁻⁵; Hamed-
Rao modified MK p = 0.012); the very strong trend remains 
significant at α = 0.05 under the autocorrelation-robust test, 
although the modified-MK p-value is more conservative 
than the classical one. By the most recent decade (2015–
2025), very strong heat grid-days regularly exceed 1,000 
per year, compared to a baseline of approximately 500–700 
during 1950–1970. Extreme Heat (> 46 °C) grid-days, while 
less frequent in absolute terms, show a positive Theil-Sen 
slope of + 0.62 grid-days yr⁻¹, with a 95% CI [− 0.06, + 1.39] 
that includes zero; the trend does not reach conventional 

Fig. 2  Temporal trend of severe heat stress events in Türkiye (1950–
2025). Two panels: (a) raw grid-day counts; (b) area-weighted (Σ cos 
lat) counts. Three series per panel: Strong Heat (yellow triangles), very 
strong heat (orange circles), Extreme Heat (red squares). Dashed lines 

are Theil-Sen non-parametric trend fits. Annotation block reports the 
classical Mann-Kendall test (τ, p), the Hamed-Rao modified MK (τ, p), 
and the Theil-Sen slope with 95% CI for every series
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significance under either the classical or the Hamed-Rao 
modified Mann-Kendall test (p = 0.092). These events were 
exceedingly rare during 1950–1970 (typically 0–50 grid-
days/year) but have become more common since the mid-
1990s, with individual years recording 100–350 extreme 
heat grid-days. These trends are consistent with broader 
Eastern Mediterranean warming patterns documented in the 
IPCC AR6 (Ali et al. 2022), long-term UTCI trend analy-
ses for the MENA region showing increases of 0.1–0.7 °C 
per decade (Hamed et al. 2023), and regional projections of 
further intensification of summer heat extremes (Zittis et al. 
2016; Ntoumos et al. 2022).

3.2  Global model performance and validation

The Random Forest model trained on the full Türkiye data-
set (n = 826,799) achieved high internal consistency, with R² 
= 0.936 and RMSE = 1.80 °C on the held-out test set (20% 
of data; Fig. 3). As discussed in Sect. 2.4.1, because UTCI 
is itself derived from meteorological variables that overlap 
with the predictor set, this skill metric is partly structural 
and is interpreted as evidence that the fitted framework is 
sufficiently stable to support attribution-focused analysis, 
not as the principal contribution of the study. The observed-
versus-predicted density scatter plot reveals tight cluster-
ing along the 1:1 diagonal across the UTCI spectrum, from 
moderate heat stress, with negligible systematic bias.

The hexbin density visualization demonstrates that 
the highest prediction densities are concentrated in the 
26–35  °C range, corresponding to the most frequently 

observed UTCI conditions in the dataset. Model perfor-
mance remains robust at the extreme tails of the distribu-
tion (UTCI > 40  °C), where accurate predictions are most 
consequential for public health applications. The slight dis-
persion at the highest UTCI values (> 45 °C) reflects both 
the inherent stochasticity of extreme events and the smaller 
sample sizes in this severity band, but the overall predictive 
envelope remains well-calibrated.

A direct test of whether the global R² is inflated by a small 
subset of well-fit pixels was conducted by computing per-
pixel R² across 1,280 Türkiye grid cells with ≥ 5 heat-event 
days in the held-out test partition. The median per-pixel R² 
is 0.935, essentially identical to the global R² of 0.936; the 
10th and 90th percentiles are 0.860 and 0.968 respectively, 
and 76% of pixels achieve R² > 0.90. The global skill metric 
is therefore representative of the typical pixel rather than 
driven by averaging across a heterogeneous skill landscape.

The residual variance at the pixel level correlates weakly 
but significantly with the climatological mean SSRD at the 
pixel (Spearman ρ = −0.10, p = 3 × 10⁻⁴): pixels with per-
sistently low SSRD (predominantly the cloudy Black Sea 
coastline) carry the largest residuals, consistent with daily-
aggregated SSRD and STRD predictors losing the sub-daily 
cloud-cover variability that the hourly UTCI calculation 
does sample. The 6.4% of variance left unexplained by 
the global model is therefore consistent with a temporal 
aggregation gap between hourly-computed UTCI and daily-
aggregated predictors rather than with missing physical 
inputs. This finding is reported in Supplementary Figure S1 
and is discussed further in Sect. 4.7.1.

The 80/20 random split that produced the R² = 0.936 esti-
mate above was supplemented by Leave-One-Region-Out 
spatial blocking (7 folds) and contiguous 15-year temporal 
blocking (5 folds) as described in Sect. 2.4.2.1. Held-out 
R² ranged from 0.86 (Black Sea, the most climatologically 
heterogeneous fold) to 0.96 (Southeastern Anatolia) across 
the seven spatial folds, and from 0.92 to 0.94 across the five 
temporal folds. The temporal range is essentially identical 
to the random-split R² of 0.936, indicating that the random 
split does not appreciably inflate the skill estimate. More 
importantly for attribution analysis, the SHAP feature 
ranking returned a Kendall’s coefficient of concordance 
W = 0.943 (spatial folds; p = 5.4 × 10⁻⁷), W = 1.000 (temporal 
folds; p = 3.9 × 10⁻⁵, identical top-7 ranking in every tempo-
ral block), and W = 0.963 across all twelve folds combined 
(p = 5.5 × 10⁻¹³). T2M is rank 1 in 12 of 12 folds; VPD is 
rank 2 in 12 of 12 folds. The headline ranking T2M > VPD 
> Wind > STRD > RH > Q > SSRD is therefore robust to the 
blocking strategy. Per-fold metrics are reported in Supple-
mentary Tables S1 (spatial) and S2 (temporal), with the rank 
heatmap and pairwise Kendall τ matrix shown in Supple-
mentary Figure S2.

Fig. 3  Model validation scatter plot: Observed versus predicted UTCI 
for the global (Whole Türkiye) random forest model. Color intensity 
(hexbin density) represents the number of data points in each cell. The 
dashed black line indicates perfect prediction (y = x). R² = 0.936 and 
RMSE = 1.80 °C on the held-out test set (n ≈ 165,000)

 



1 3

  466   Page 10 of 24 D. D. Yavaşlı

3.3  Regional model performance and driver 
rankings

Regional models demonstrated consistently high predictive 
accuracy across all seven geographic regions, with R² val-
ues ranging from 0.882 to 0.964 (Fig. 4; Table 3). The inter-
regional variation in model performance provides meaningful 
insights into the climatological complexity of each region.

Southeastern Anatolia achieved the highest model accu-
racy (R² = 0.964), reflecting the region’s relatively homo-
geneous semi-arid climate where thermal dynamics are 
governed by a consistent set of drivers (T2M, VPD, RH). 
The limited cloud cover and moisture variability in this 
region produce highly predictable UTCI responses to the 
input climate variables.

The Black Sea Region yielded the lowest, yet still robust, 
model accuracy (R² = 0.882). This reduced performance 
is attributable to the region’s exceptional climatological 
complexity: persistent cloud cover creates highly variable 
radiation conditions, orographic effects modulate wind pat-
terns unpredictably, and the persistent maritime moisture 

supply generates complex humidity-temperature interac-
tions that challenge even nonlinear models. The emergence 
of Specific Humidity (Q) as the third-ranked driver which is 
unique among all regions, reflects the fundamental role of 
absolute atmospheric moisture content in determining ther-
mal comfort along this persistently humid coastline.

The Marmara Region is the only region where Wind Speed 
displaces VPD as the second-most-important driver, reflect-
ing the strong influence of the Bosphorus and Dardanelles 

Table 3  Regional model performance metrics and SHAP-derived cli-
mate driver rankings
Region N 

Samples
R²  1 st 

Driver
2nd 
Driver

3rd 
Driver

Whole Türkiye 826,799 0.936 T2M VPD Wind
Southeastern Anatolia 65,274 0.964 T2M VPD RH
Aegean Region 75,527 0.936 T2M VPD Wind
Marmara Region 59,139 0.926 T2M Wind VPD
Central Anatolia 161,403 0.919 T2M VPD Wind
Mediterranean Region 76,708 0.906 T2M VPD STRD
Eastern Anatolia 133,709 0.896 T2M VPD Wind
Black Sea Region 101,529 0.882 T2M VPD Q

Fig. 4  Regional UTCI prediction accuracy (R²) and SHAP-derived 
primary, secondary, and tertiary climate drivers for each of Türkiye’s 
seven geographical regions. Bar colors indicate performance tiers: 

blue (R² ≥ 0.93), green (R² ≥ 0.90), and red (R² < 0.90). The table 
below the chart lists the top three climate drivers ranked by mean abso-
lute SHAP value for each region

 



1 3

Page 11 of 24    466 Spatial and severity-dependent controls of thermal comfort across Türkiye: a SHAP-based decomposition of…

strait winds, combined with the moderating effects of the 
Sea of Marmara on the regional thermal environment.

The Mediterranean Region is distinguished by STRD 
(Thermal Radiation) as the third-ranked driver, consistent 
with the intense surface heating, clear-sky conditions, and 
high longwave radiative forcing that characterize the south-
ern Turkish coast during summer.

3.3.1  Robustness of feature ranking to SHAP perturbation 
mode

A complementary test of ranking robustness was performed 
by recomputing SHAP under both `tree_path_dependent` 
(the default mode used throughout this manuscript) and 
`interventional` perturbation modes on the same global-
model test sample (Sect. 2.5.1). The two modes give a per-
fect Kendall rank concordance (τ = +1.000, p = 4 × 10⁻⁴): 
every feature retains its rank under both modes. The abso-
lute magnitudes shift in interpretable directions: the top 
three features (T2M, VPD, Wind) gain attribution under 
interventional (+ 4% to + 9%), while STRD, RH, Q, and 
SSRD lose attribution (− 15% to − 38%). These shifts are 
consistent with the lower-ranked features sharing attribution 
along correlation channels (notably the T2M↔VPD cor-
relation r = + 0.901, the RH↔VPD correlation r = − 0.807, 
and the STRD↔Q correlation r = + 0.759) and lend further 
weight to the conclusion that the ranking hierarchy is math-
ematically robust to feature-correlation handling. The full 
comparison is provided in Supplementary Tables S3a and 
S3b and Figure S3.

3.4  Severity-stratified driver importance

The SHAP-derived feature importance matrix, stratified 
across the four UTCI severity bands, shows that attribu-
tion changes systematically of climate driver importance as 
heat stress intensifies (Fig.  5). These SHAP values quan-
tify model-attributed importance, namely the contribution 
of each predictor to the fitted Random Forest’s predictions, 
rather than direct physical effect sizes.

Severity-stratified importance was computed by evaluat-
ing the SHAP attributions of the single global model on the 
subset of the test partition belonging to each UTCI severity 
band, holding the model, training data, and SHAP procedure 
constant across bands. For each band we report both the 
absolute mean |SHAP| (°C) and the normalized SHAP share 
(the percentage of total |SHAP| within the band). The share 
metric is invariant to the band-to-band differences in target 
range and is therefore the appropriate basis for cross-band 
comparison; both metrics are shown in Fig. 5 and tabulated 
in Supplementary Tables S4a and S4b.

Three patterns emerge from this severity-stratified 
decomposition. First, the moisture-demand dimension 
(represented by VPD) intensifies as heat stress increases: 
its share of attribution grows monotonically from 18.7% 
at moderate heat stress (26–32 °C) to 28.7% at very strong 
heat stress (38–46  °C), a gain of 10.0% points, while its 
absolute mean |SHAP| grows from 0.93 to 4.17 °C across 
the same range. Second, the wind-speed share collapses 
from 17.1% at moderate heat stress to 4.2% at very strong 
heat stress and 3.4% at extreme heat, a relative reduction 

Fig. 5  Severity-stratified SHAP driver importance across UTCI heat-
stress bands using the single global-model decomposition. Panel (a) 
shows absolute mean |SHAP| values (°C), while panel (b) shows 
normalized SHAP shares (% of total |SHAP| within each severity 
band). T2M and VPD increase both in absolute magnitude and attri-

bution share from moderate to very strong heat stress, whereas wind 
speed collapses in share. STRD increases in absolute magnitude but 
decreases in relative share, indicating that radiative attribution does 
not intensify proportionally with severity
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of approximately 80%. Third, the radiative contribution 
(STRD) does not intensify in relative terms: although its 
absolute mean |SHAP| grows from 0.73 to 1.37 °C, its share 
of attribution declines slightly from 14.6% to 9.4% between 
moderate and very strong heat stress, because the contribu-
tions of T2M and VPD grow faster. Relative humidity (RH) 
maintains a roughly constant share (11–13%) and conse-
quently rises to the third-ranked position at strong, very 
strong, and extreme heat stress, displacing wind speed. Air 
temperature (T2M) remains the dominant driver through-
out, its share rising from 25.1% to 41.1% between moderate 
and very strong heat stress. Taken together, these patterns 
indicate that the transition into severe heat stress is charac-
terized by an enlarged moisture-demand contribution and a 
collapsed wind contribution, while the radiative contribu-
tion remains a steady rather than escalating term.

The collapse of the wind-speed contribution at higher 
severities has a clear thermophysiological interpreta-
tion. At moderate heat stress, convective and evaporative 
cooling via wind provides meaningful mitigation; under 
extreme conditions where air temperature approaches or 
exceeds skin temperature (~ 35 °C), however, ventilation 
may no longer be uniformly beneficial: its physiological 
effect depends on the local humidity regime, the exposure 
conditions, and the timing of the heat event, and at suf-
ficiently extreme combinations of dry-bulb temperature 
and humidity, sensible-heat exchange driven by wind can 
transition from a cooling to a heating mechanism. This 
finding aligns with the experimental work of Bröde and 
Kampmann (2023), who demonstrated that wind reduces 
physiological strain below 35 °C but increases it in hot-dry 
conditions above this threshold.

The intensification of the VPD share at very strong heat 
stress demonstrates that entry into physiologically danger-
ous thermal zones is associated with an enlarged moisture-
demand contribution, not by raw temperature increments 
alone. The relative contribution of the radiative cluster 
(SSRD + STRD jointly; see Sect. 3.4.2) decreases from 
moderate to very strong heat stress (19.1% to 12.1%; Sup-
plementary Table S4b). Thus, radiation remains a contrib-
uting term, but it does not show the severity-amplifying 
pattern observed for the moisture-demand dimension.

3.4.1  Feature ablation and the moisture-demand 
dimension

To test whether the apparent dominance of VPD is robust 
to the documented inter-correlations among moisture pre-
dictors (T2M ↔ VPD r = + 0.901; RH ↔ VPD r = − 0.807; 
STRD ↔ Q r = + 0.759), we trained four reduced-feature 
variants of the full global model (hereafter M0) differing 
only in which moisture-related predictors are included:

	● M1: full set without RH (n_features = 6).
	● M2: full set without Q (n_features = 6).
	● M3: full set without both RH and Q (only VPD as mois-

ture proxy, n_features = 5).
	● M4: full set without VPD (with RH and Q both retained, 

n_features = 6).

Test R² ranged narrowly across all five models: 0.9357 
(M0), 0.9369 (M1), 0.9368 (M2), 0.9373 (M3), and 0.9369 
(M4). Removing either RH or Q individually, or both 
jointly, does not degrade predictive skill, and M3 (with only 
VPD as the moisture predictor) achieves the highest R² of 
the five models. RH and Q therefore carry no independent 
predictive content once VPD is included; they are statisti-
cally redundant.

The SHAP ranking under each ablation is consistent with 
this conclusion: VPD retains rank 2 in M0, M1, M2, and 
M3 (every model where VPD is present). When VPD is 
removed (M4), RH inherits rank 2, with its absolute SHAP 
magnitude rising by 102% relative to M0. The “moisture-
demand signal” is therefore transferable between labels: 
drop VPD → RH inherits; drop RH and Q → VPD absorbs 
(its share grows from 9.7% in M0 to 24.8% in M3, a + 156% 
relative increase).

We interpret these results together as evidence that the 
model is fitting a single moisture-demand dimension, of 
which VPD is the most informative single proxy but for which 
RH and Q are interchangeable representations. Accordingly, 
the manuscript refers to the second-ranked driver through-
out as the “moisture-demand dimension” (with VPD as the 
representative variable) rather than as “VPD dominance” 
per se. The ablation summary (R², RMSE, and top-5 SHAP 
rankings for each model) is reported in Supplementary 
Table S5, with diagnostic plots in Supplementary Figure S4.

3.4.2  Radiation cluster reporting

Because SSRD and STRD are both radiative inputs into the 
UTCI computation and share a common atmospheric-radia-
tive state, we additionally report the combined “Radiation” 
cluster (SSRD + STRD) as a single dimension alongside the 
individual rankings. Under the global model, the cluster’s 
mean |SHAP| is 1.175  °C (15.2% of total |SHAP|, rank-
ing 3rd) under `tree_path_dependent` mode, and 0.890 °C 
(11.8%, ranking 4th) under `interventional` mode. Across 
the 12 blocked-CV folds (Sect. 2.4.2.1), the Radiation cluster 
outranks Wind Speed in 11 of 12 folds; the single exception 
is the Marmara fold, where Wind Speed displaces Radia-
tion in third place (consistent with the regional analysis in 
Sect. 3.3, which identifies Wind Speed as the second-most-
important driver in Marmara). The radiation-cluster fram-
ing is more parsimonious for cross-band and cross-region 
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SHAP attribution comparison; however, as emphasized in 
Sect. 4.4, SSRD (shortwave) and STRD (longwave) cor-
respond to physically distinct adaptation pathways, so the 
cluster should not be read as a single intervention target. 
The clustered rankings are summarized in Supplementary 
Table S6.

3.5  Temperature versus humidity dynamics

The relationship between air temperature and humidity con-
tributions to thermal stress was further examined through 
fine-resolution SHAP analysis across 2  °C UTCI bins 
(Fig. 6). The absolute SHAP contributions of both T2M and 
RH increase with UTCI intensity, but T2M contributions 
escalate far more steeply. At the lowest bin (26–30  °C), 
T2M contributes 1.10 °C while RH contributes 0.55 °C. At 
the highest bin (46–50 °C), T2M reaches 8.32 °C while RH 
reaches 2.62 °C.

The RH/T2M SHAP dominance ratio analysis (Fig.  6, 
right panel) reveals that temperature remains consistently 
dominant over relative humidity across all UTCI bins, 
with the ratio never exceeding 1.0. The ratio is highest at 
the lowest UTCI bin (0.50 at 26–30 °C) and decreases to 
approximately 0.26–0.32 at higher stress levels. The correct 
conclusion is therefore not humidity dominance, but persis-
tent temperature primacy accompanied by a severity-depen-
dent increase in moisture-related influence. This pattern is 
consistent with the finding of Simpson et al. (2023), who 
showed that commonly used thermal indices disagree about 
the relative importance of moisture precisely because this 

importance varies systematically across the intensity spec-
trum of thermal stress.

3.6  High-resolution spatial heterogeneity of 
climate drivers

3.6.1  Regional choropleth map

The regional-scale cartographic visualization (Fig. 7) pro-
vides a synoptic overview of the spatial distribution of 
tertiary climate drivers across Türkiye’s seven geographic 
regions. With T2M universally ranking as the primary driver 
and VPD as the secondary driver in six of seven regions, 
the tertiary driver reveals the most informative spatial dif-
ferentiation. Central Anatolia, the Aegean, Eastern Anatolia, 
and Marmara share wind as their tertiary driver, although 
the processes underpinning this pattern differ, reflecting 
convective cooling over the arid plateau and sea-breeze 
influences along the coasts. The Mediterranean coastline is 
uniquely characterized by thermal radiation (STRD) as its 
tertiary driver, reflecting intense surface heating, clear-sky 
longwave emission, and the thermal amplification effect of 
the Taurus Mountain barrier. Specific humidity (Q) emerges 
as the tertiary driver only in the Black Sea region, where 
persistent oceanic moisture supply and orographic precipi-
tation maintain high absolute humidity levels throughout 
the warm season. In Southeastern Anatolia, relative humid-
ity (RH) serves as the tertiary driver, reflecting the critical 
role of even modest moisture fluctuations in modulating 
extreme heat stress where baseline humidity is very low.

Fig. 6  Model-attributed temperature versus humidity SHAP contribu-
tions across UTCI heat-stress bands. Left panel: absolute SHAP con-
tributions of T2M (red) and RH (blue) by 2 °C UTCI bins. Right panel: 
RH/T2M SHAP dominance ratio (values > 1 would indicate humidity 

dominance). Temperature remains dominant across all severity levels, 
with the ratio peaking at 0.50 in the 26–30 °C range and declining at 
higher stress levels

 



1 3

  466   Page 14 of 24 D. D. Yavaşlı

3.6.2  Pixel-wise SHAP dominance map

The 0.25° × 0.25° pixel-wise map of dominant secondary 
climate drivers, computed by applying SHAP analysis to 
the mean climate conditions of every geographic grid cell 

during heat events (Fig. 8), bypasses regional aggregation 
entirely, revealing intra-regional heterogeneity that is invis-
ible in choropleth representations.

The pixel-wise map exposes three fundamental spatial 
regimes. The vast semi-arid interiors, spanning Central 

Fig. 7  Spatial distribution of subregional thermo-climate driver domi-
nance across Türkiye (TopoJSON polygon boundaries). Regions are 
colored according to their top three climate driver combinations. T2M 

and VPD are the first and second drivers in six of seven regions; the 
tertiary driver captures the most informative regional differentiation

 

Fig. 8  High-resolution (0.25° × 0.25°) spatial map of dominant sec-
ondary climate drivers for thermal comfort across Türkiye, excluding 
T2M. Each pixel is colored by the climate variable with the highest 

mean absolute SHAP value (after T2M) based on mean heat-event 
conditions. Orange: VPD; Green: Wind Speed; Red: STRD; Blue: RH; 
Purple: Q; Yellow: SSRD
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Anatolia, Eastern Anatolia, Southeastern Anatolia, and the 
inland portions of the Aegean and Mediterranean regions, 
show VPD as the dominant secondary driver. This spatial 
coherence reflects the thermodynamic reality that in arid 
and semi-arid environments, where air temperatures rou-
tinely exceed skin temperature, the atmospheric moisture 
deficit (VPD) determines the rate of evaporative cooling 
from the human body. The geographic extent of VPD domi-
nance encompasses approximately 70% of Türkiye’s land 
area (computed over the Türkiye-masked grid cells with at 
least 10 heat-event days), underscoring the pervasive influ-
ence of atmospheric desiccation on thermal comfort across 
the Anatolian landmass.

A distinct band of wind-dominated pixels lines the Black 
Sea coast and extends westward through the Marmara 
region. The XAI framework has autonomously identified 
that in environments where humidity is persistently high 
and temperature amplitudes are moderate (oceanic climate), 
sensible heat loss via convective wind cooling becomes the 
critical mitigating variable. The Pontic Mountains create a 
sharp transition: pixels immediately inland from the moun-
tain crest shift abruptly from wind to VPD dominance, dem-
onstrating the orographic control on climate driver regimes.

Along the Aegean and Mediterranean coastlines, STRD 
emerges as the dominant secondary driver in discrete pixel 
clusters. Because STRD here is downward longwave radia-
tion reaching the surface (i.e. the atmospheric thermal emis-
sion term, not surface upwelling), this pattern reflects the 
broader coastal radiative-load environment — warm lower-
tropospheric air, atmospheric humidity, cloud-cover state, 
and land–sea thermal contrasts that jointly raise the down-
welling longwave flux during the warm season. The patchy 
spatial distribution of STRD-dominant pixels therefore 
indicates localized longwave-radiative sensitivity, which 
should be interpreted alongside the radiation-cluster read-
ing in Sect. 3.4.2 rather than as direct evidence of shortwave 
shading control.

Isolated pixels dominated by RH, Q, or SSRD appear 
in transitional zones and at higher elevations, represent-
ing microclimatic niches where specific humidity gradients 
or solar radiation variability locally override the dominant 
VPD signal.

Robustness of pixel-wise SHAP via per-day aggregation. 
To address the concern that mean-condition SHAP may 
suppress day-to-day driver variability, we additionally com-
puted per-day SHAP attributions on a random sample of 20 
heat-event days per pixel for the 1,280 Türkiye grid cells 
(25,600  day-level SHAP evaluations). For each pixel we 
recorded (i) the per-day modal dominant driver (the most 
frequent argmax across the 20 days), (ii) the modal-driver 
stability percentage (= modal count/20), and (iii) the aver-
age first-vs-second |SHAP| margin gap. The per-day modal 

dominant driver agrees with the mean-condition Fig.  8 
assignment in 79.5% of pixels, the median per-day stability 
is 60%, and 75.8% of pixels achieve stability ≥ 50% (32.5% 
achieve stability ≥ 70%). The 20.5% of pixels where the two 
methods disagree concentrate in two interpretable struc-
tures: STRD-mean-cond pixels with marginally elevated 
mean STRD reclassify as VPD-dominant when averaged 
across days (consistent with Sect. 3.6.4 showing that STRD-
dominant pixels have only modestly elevated mean STRD), 
and Wind/VPD oscillations along the Black Sea boundary. 
The mean-condition map (Fig. 8) is therefore retained as the 
headline visualisation, with the per-day modal map and the 
stability-percentage map provided in Supplementary Fig-
ures S6 and S7 respectively, and the first-vs-second |SHAP| 
margin gap histogram shown in Supplementary Figure S8.

3.6.3  Regional SHAP summary analysis

Individual SHAP summary (beeswarm) plots for the 
national model and seven regional models are presented as 
a composite panel in Fig. 9. T2M dominates in every region, 
but the secondary and tertiary driver hierarchies diverge in 
ways that are consistent with the regional climatological 
characteristics described in Sect. 2.1.

At the national scale (Fig.  9a), VPD ranks second and 
Wind Speed third, with STRD and RH contributing at lower 
magnitudes. The Black Sea Region (Fig.  9d) presents the 
most distinctive profile: Specific Humidity (Q) rises to third 
position, unique among all regions, reflecting the persistent 
oceanic moisture supply, while wind speed exhibits par-
ticularly strong bidirectional effects (up to − 4  °C), dem-
onstrating the critical cooling role of maritime ventilation. 
The relatively compressed SHAP range across all features 
reflects the temperature-moderating influence of the Black 
Sea. Southeastern Anatolia (Fig. 9g) shows the widest T2M 
SHAP range (approximately − 6 to + 8  °C), reflecting the 
extreme temperature amplitudes of this semi-arid zone; RH 
appears as the third driver, also unique, indicating that even 
modest humidity fluctuations in this inherently dry environ-
ment significantly modulate thermal comfort, while wind 
speed clusters near zero, confirming that ventilation plays 
a negligible role.

The Mediterranean Region (Fig. 9h) is distinguished by 
STRD’s elevated importance (third position), consistent 
with intense longwave radiative forcing from sun-heated 
limestone terrain. Wind speed shows a bimodal pattern in 
which high wind values mitigate UTCI while calm con-
ditions amplify it, consistent with the importance of sea 
breeze circulation for coastal thermal comfort. The Mar-
mara Region (Fig. 9b) is the only region where Wind Speed 
displaces VPD as the second-most-important driver, reflect-
ing the unique influence of the Bosphorus and Dardanelles 
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strait winds and the Sea of Marmara’s thermal moderation. 
Central (Fig. 9e) and Eastern Anatolia (Fig. 9f) share struc-
turally similar profiles dominated by T2M and VPD, though 
Eastern Anatolia exhibits a compressed overall SHAP range 
reflecting altitude-moderated temperature extremes. The 
Aegean profile (Fig.  9c) closely resembles the national 
average, with T2M, VPD, and Wind Speed as the top three 
drivers.

3.6.4  Physical cross-checks of dominant-driver 
classifications

To assess whether the pixel-wise SHAP dominance pattern 
is consistent with the underlying climatological structure, 
each dominant-driver class was cross-checked against three 
independent contexts: the climatological value of the domi-
nant driver at the pixel, elevation, and boundary distance. 
Boundary distance is used here as a peripheral/coastal-con-
text proxy rather than as a strict distance-to-coast metric. 
The full results are reported in Supplementary Table S7 and 
Supplementary Figure S5.

VPD-dominant pixels (n = 896; 70.0% of Türkiye-
masked grid cells) exhibit substantially higher climatologi-
cal VPD than the rest of Türkiye (2.64 vs. 1.86 kPa; Welch 
t = + 29.2) and have the largest mean boundary distance 
(124.8 km). This supports the interpretation that the SHAP-
derived moisture-demand regime corresponds to the empiri-
cally driest and most interior parts of the country.

Wind-dominant pixels (n = 255; 19.9%) have a lower 
mean wind speed than non-wind pixels (1.63 vs. 1.90  m 
s⁻¹; Welch t = − 5.2). This is informative rather than contra-
dictory: SHAP measures marginal model sensitivity, not 
climatological magnitude. These pixels occupy elevated 
coastal-ridge and peripheral settings, consistent with the 
Black Sea and Marmara wind-sensitivity regime.

STRD-dominant pixels (n = 111; 8.7%) have modestly 
higher STRD than the rest of Türkiye (362 vs. 351 W m⁻², 
mean flux; Welch t = + 4.3) and the smallest mean boundary 
distance, consistent with a localized coastal radiative-load 
regime. Because STRD represents downward longwave 
radiation, this pattern should be interpreted cautiously and 
together with the radiation-cluster analysis rather than as 
direct evidence of shortwave exposure alone.

These results are interpreted as climatological consis-
tency checks, not as causal proof. They support the physi-
cal plausibility of the SHAP-derived spatial regimes while 
preserving the distinction between model attribution and 
independent physical causality.

3.7  SHAP dependence interactions

The SHAP dependence plots for T2M and RH reveal the 
nature of the temperature-humidity interaction (Fig.  10). 
T2M Dependence (Fig. 10a). The T2M SHAP value increases 
approximately linearly with air temperature, transitioning 
from strongly negative contributions at low temperatures 
(~ 0 °C, SHAP ≈ − 5 °C) to strongly positive contributions at 
high temperatures (~ 45 °C, SHAP ≈ + 10 °C). The color gra-
dient (representing RH) reveals a humidity interaction: at 
temperatures above ~ 30 °C, points with lower RH (blue in 
the figure) tend to cluster at higher SHAP values than those 
with higher RH (pink/red). This suggests that dry heat con-
ditions at high temperatures lead to somewhat greater T2M 
SHAP contributions, consistent with the VPD amplification 
mechanism identified in the severity-stratified analysis.

RH Dependence (Fig.  10b). The RH dependence plot 
reveals a strongly nonlinear, monotonically decreasing 
relationship. At low RH values (< 20%), SHAP values 
are strongly positive (up to + 3.5  °C), while the transi-
tion to negative SHAP values occurs at approximately 

Fig. 9  Composite SHAP beeswarm plots for the national model and 
seven regional models. (a) Whole Türkiye, (b) Marmara Region, (c) 
Aegean Region, (d) Black Sea Region, (e) Central Anatolia, (f) East-
ern Anatolia, (g) Southeastern Anatolia, (h) Mediterranean Region. 

Each point represents a single prediction; horizontal position indicates 
the SHAP value (impact on UTCI in °C), and color indicates the fea-
ture value (red/pink = high, blue = low). Features are ordered by mean 
absolute SHAP value within each panel
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RH ≈ 28–30%, beyond which increasing humidity is asso-
ciated with decreasing UTCI contributions. This pattern 
requires careful interpretation: it should not be read as direct 
physical evidence that higher humidity reduces heat stress. 
Rather, it reflects the covariance structure within the filtered 
dataset and the fitted model. In Türkiye’s warm-season heat-
stress sample, the most extreme UTCI values often coincide 
with very high temperature and low-to-moderate RH in dry 
inland settings, whereas higher RH more commonly occurs 
in maritime environments where temperature is partly mod-
erated. The color gradient confirms this: the strongest posi-
tive RH SHAP values occur at high temperatures (red/pink 
points at low RH), while the most negative values occur at 
low temperatures (blue points at high RH). The RH depen-
dence therefore captures the conditional statistical associa-
tion between moisture regime and thermal stress within this 
domain, not a universal physical relationship.

4  Discussion

4.1  Principal findings and scientific contribution

The main contribution of this study is not that heat stress is 
intensifying in the Eastern Mediterranean, since that broad 
conclusion is already well established in the regional litera-
ture (Lelieveld et al. 2016; Zittis et al. 2022 a). Nor does 
the primary contribution lie in the high predictive skill of 
the Random Forest model, which is partly expected because 
UTCI is itself derived from meteorological inputs that con-
ceptually overlap with the predictor set. Rather, the scientific 
value of this work resides in the systematic decomposition 

of thermal stress variability into spatially differentiated and 
severity-aware driver structures using explainable AI.

By integrating SHAP analysis at global, regional, severity-
stratified, and pixel-wise scales, complemented by blocked 
spatial-temporal cross-validation, feature ablation, per-day 
pixel-wise stability analysis, and physical cross-checks, 
we have decomposed the model-attributed contributions 
of radiation, moisture, wind, and temperature to predicted 
UTCI, revealing patterns that are not accessible through 
conventional correlation or regression approaches. To our 
knowledge, this represents the first study to apply XAI to 
systematically decompose UTCI driver importance across 
thermal stress severity categories at the regional climato-
logical scale, thereby addressing a gap at the intersection of 
UTCI-based bioclimatology, explainable AI methodology, 
and severity-stratified thermal stress analysis. The novelty 
lies less in the prediction of a derived thermal index per 
se than in the spatially explicit and severity-aware attribu-
tion framework used to identify where different classes of 
meteorological controls become more or less prominent. 
The central finding is that thermal comfort drivers are nei-
ther spatially uniform nor severity-invariant. The pixel-wise 
SHAP map (Fig. 8) provides the clearest spatial evidence: 
the dominant secondary climate driver shifts across Tür-
kiye’s climatic gradient, with VPD governing much of the 
semi-arid interior (~ 70% of Türkiye-masked grid cells), 
wind speed becoming comparatively more influential along 
the northern maritime periphery, and a localized radiative-
load regime appearing along parts of the southern coast-
line. These spatial patterns are coherent and consistent with 
known climatological gradients. They survive the per-day 
pixel-wise stability check (79.5% mean-condition/per-day 

Fig. 10  SHAP dependence plots showing model-attributed contributions of individual climate drivers to predicted UTCI. (a) T2M SHAP values 
versus air temperature, colored by relative humidity. (b) RH SHAP values versus relative humidity, colored by 2-meter air temperature
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modal agreement; Sect. 3.6.2), are corroborated by physical 
cross-checks against climatological values, elevation, and 
boundary distance (Sect. 3.6.4), and are stationary across 
spatial and temporal blocked cross-validation folds (Kend-
all’s W = 0.943/1.000/0.963; Sect. 3.2). They align with the 
underlying thermophysiological mechanisms by which the 
human body exchanges heat with its environment under dif-
ferent atmospheric regimes. This insight is essential if heat-
risk assessment is to move beyond trend description toward 
process-aware and region-specific adaptation planning.

4.2  Mechanistic interpretation of spatial driver 
patterns

The spatial coherence of the VPD-dominated interior can be 
interpreted through the lens of human heat balance physiol-
ogy. A critical distinction must be drawn: high VPD does 
not indicate “humid heat” but rather atmospheric dryness 
and high evaporative demand. In semi-arid environments 
where air temperatures frequently exceed skin temperature 
(~ 35  °C), dry-bulb convective heat exchange transitions 
from a cooling mechanism to a heating mechanism, and the 
body becomes almost entirely dependent on evaporative 
cooling (sweat evaporation) for thermoregulation (Parsons 
2007). The rate of sweat evaporation is directly propor-
tional to VPD: higher VPD accelerates evaporation, but the 
extremely high VPD values observed in Central, Eastern, 
and Southeastern Anatolia (often exceeding 3–4 kPa) indi-
cate conditions where, despite high evaporative demand, 
the rate of metabolic heat production may exceed the rate 
of dissipation under extreme conditions. The physical cor-
respondence is supported by the Sect. 3.6.4 cross-checks: 
VPD-dominant pixels coincide with the climatologically 
driest pixels (Welch t = + 29.2 vs. the rest of Türkiye) and 
lie more than twice as far inland on average (124.8 vs. 
59.4 km from the boundary), ruling out the alternative that 
the SHAP-derived VPD dominance is a model-internal arte-
fact disconnected from the climatology. The cross-check is 
a consistency check, not a causal inference, but it strength-
ens the physical reading of the SHAP pattern. This finding 
is consistent with recent work demonstrating rising VPD as 
a fundamental constraint on biological evaporative cooling 
(Yuan et al. 2019) and the empirical evidence that dry heat 
stress thresholds are substantially lower than humid heat 
thresholds (Vecellio et al. 2022). The conflation of humid-
ity’s role in hot-humid coastal stress with VPD’s role in dry 
inland stress should be carefully avoided; they are related 
through moisture physics but not interchangeable.

The wind-dominated regime along the Black Sea coast 
and Marmara region reflects a fundamentally different 
thermodynamic pathway. An important subtlety in the 
SHAP attribution should be noted before discussing the 

mechanism: the Wind-dominant pixels identified by the 
model have a lower mean wind speed than the rest of Tür-
kiye (1.63 vs. 1.90 m s⁻¹; Sect. 3.6.4), yet SHAP nonethe-
less assigns these pixels Wind as their dominant secondary 
driver. This is not a contradiction. SHAP measures the mar-
ginal sensitivity of the predicted UTCI to a feature, not the 
climatological magnitude of the feature. The Black Sea/
Marmara coastal-ridge belt is the region where modest 
wind variations produce substantial UTCI variations, tem-
peratures are close to thresholds where convective cooling 
matters most, and humidity is high enough that any breeze 
meaningfully alters thermal comfort. A univariate correla-
tion analysis between mean wind speed and UTCI would 
not have identified these pixels, illustrating concretely why 
SHAP analysis was the appropriate methodological choice. 
In humid oceanic environments (RH typically 60–80%), 
evaporative cooling is inherently limited by the low VPD, 
and the body relies more heavily on convective heat loss 
via wind-driven sensible heat exchange for thermal regu-
lation. The SHAP decomposition recovered a pattern that 
is consistent with established thermophysiological expec-
tations for humid maritime environments, lending physi-
cal plausibility to the attribution results. This is consistent 
with the findings of Foster et al. (2022), who demonstrated 
that wind’s cooling effectiveness depends critically on the 
temperature-humidity regime, and with Van der Hoeven and 
Wandl (2015), who found that intra-urban thermal comfort 
variability is mainly wind-driven during daytime.

The radiation-dominated clusters along the Mediterra-
nean coast are consistent with the localized nature of long-
wave radiative heat gain from sun-heated surfaces. In the 
Mediterranean climate, the combination of high atmospheric 
temperatures, summer humidity, and clear-sky conditions 
raises the downwelling longwave flux that STRD measures; 
this elevated atmospheric thermal emission contributes to 
the mean radiant temperature that enters the UTCI com-
putation. The STRD-dominant pixels should not be inter-
preted as locations where shortwave shading interventions 
alone would be the appropriate adaptation lever. The Sect. 
3.6.4 cross-check, however, recommends caution: STRD-
dominant pixels have only a modestly elevated mean STRD 
(+ 3% over the rest of Türkiye; Welch t = + 4.3), consider-
ably smaller than the climatological elevation seen in VPD-
dominant pixels. The pattern is therefore better described as 
identifying pixels where STRD is least correlation-redun-
dant with VPD and T2M, rather than as pixels with the abso-
lutely highest radiative loading. This more cautious reading 
is also supported by the corrected severity-stratified analysis 
(Sect. 3.4), which shows that STRD’s share of cross-band 
attribution actually decreases with increasing severity once 
the response-range scaling artefact of training separate 
models per band is removed. The patchy spatial distribution 



1 3

Page 19 of 24    466 Spatial and severity-dependent controls of thermal comfort across Türkiye: a SHAP-based decomposition of…

of STRD-dominant pixels suggests that terrain-scale factors 
such as aspect, surface material, and urbanization modulate 
this effect at sub-regional scales, consistent with previous 
observations that surface properties exert strong local con-
trol on the thermal radiation environment in Mediterranean 
settings (Altunkasa and Uslu 2020).

4.3  Severity-dependent driver transitions

The severity-stratified analysis provides critical insights 
for public health risk assessment. The finding that the VPD 
share of cross-band attribution grows sharply (and the wind 
share collapses) as conditions transition from moderate 
to very strong heat stress, while the STRD share declines 
once response-range scaling is removed (Sect. 3.4; Fig. 5) 
carries important implications: the atmospheric conditions 
associated with extreme physiological danger are qualita-
tively different from those producing moderate discomfort. 
These results should therefore not be read as a “humidity 
takeover” of temperature dominance, but rather a transition 
toward a more compound structure of severe heat in which 
the moisture-demand dimension (labelled by VPD; Sect. 
3.4.1) becomes increasingly consequential, the wind con-
tribution collapses, and temperature retains its primary role.

Specifically, during moderate heat stress (26–32  °C 
UTCI), the climate driver portfolio is relatively balanced, 
with wind speed contributing substantially (a 17.1% share 
of attribution) alongside T2M and VPD. This suggests that 
passive cooling strategies (ventilation, air movement) may 
be effective mitigation measures at this severity level, with 
the important caveat that effectiveness depends on the local 
humidity regime and exposure context. At very strong heat 
stress (38–46  °C UTCI), the VPD share surges (+ 10.0% 
points; Sect. 3.4) while wind speed collapses to a share 
of 4.2%, a 75% relative reduction from its moderate-heat 
share, reaching 3.4% at extreme heat (80% relative reduc-
tion). This model-attributed decline in wind importance is 
consistent with the experimental demonstration by Bröde 
and Kampmann (2023) that wind cooling reverses to heat-
ing when air temperature exceeds approximately 35  °C. 
At these severities, adaptation strategies that rely primar-
ily on ventilation may become less effective, and the radia-
tive and moisture environment (mean radiant temperature, 
atmospheric moisture demand) may merit relatively greater 
attention; specific intervention choices, however, depend on 
urban morphology, exposure, water availability, and public-
health capacity considerations that lie outside the scope of 
this paper (see Sect. 4.4).

This severity-dependent transition has direct implica-
tions for heat action plans and early warning systems. Many 
existing European heat warning systems rely on tempera-
ture thresholds alone (Casanueva et al. 2019; Di Napoli 

et al. 2019); the present findings suggest that incorporat-
ing moisture-demand parameters (e.g. VPD or equivalent) 
could improve risk stratification, particularly for regions 
where these drivers gain importance at severe heat stress 
levels. Heat action plans should also explicitly address the 
misconception that ventilation universally mitigates heat 
stress, particularly during extreme events where air tem-
perature exceeds skin temperature.

4.4  Implications for climate adaptation

The spatially resolved driver-regime decomposition moti-
vates indicative, regionally differentiated lines of inquiry for 
climate adaptation planning in the Eastern Mediterranean 
(Ali et al. 2022; Nastos and Saaroni 2024; Pietrapertosa et 
al. 2023), but it is important to be clear about the scale and 
limits of these implications. The framework reported here 
does not include urban morphology, population exposure, 
land cover, green infrastructure, public-health capacity, 
or socioeconomic vulnerability, all of which are essential 
inputs to any real adaptation decision. The driver-regime 
patterns are best read as initial diagnostic information about 
which atmospheric mechanisms appear most consequential 
in each region, to be integrated with the operational, urban, 
and social context that this study does not directly address.

With that caveat stated explicitly, three indicative direc-
tions emerge from the SHAP-derived driver structure. First, 
in the semi-arid interior (Central, Eastern, and Southeastern 
Anatolia), the dominance of the moisture-demand dimen-
sion suggests that thermal comfort interventions may need 
to address atmospheric dryness and evaporative demand in 
addition to temperature exposure. Green infrastructure that 
enhances local evapotranspiration is one candidate path-
way, contingent on water availability and exposure condi-
tions; misting and similar evaporative interventions depend 
critically on water resources, ventilation, and infrastructure 
context that the model does not represent. Second, along 
the northern maritime periphery (Black Sea and Marmara), 
wind sensitivity emerges as a distinctive feature of the 
SHAP map, with the important caveat from Sect. 3.6.4 that 
wind-dominant pixels have a lower mean wind speed than 
the rest of Türkiye; the SHAP-identified pattern is therefore 
one of high marginal sensitivity, not of high climatologi-
cal magnitude. The implication is that calm-wind periods 
in these regions may represent disproportionate heat-risk 
events, and urban-design choices that preserve ventilation 
pathways may yield local benefits. Third, along the south-
ern coastline (Mediterranean and Aegean), the radiation 
cluster (SSRD + STRD) ranks third in the M0 model. We 
note carefully that STRD is downward longwave radiation, 
governed by atmospheric temperature, humidity, and cloud-
cover state; shading and reflective surfaces directly reduce 
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shortwave exposure (SSRD), not longwave radiation. The 
radiation-cluster framing therefore corresponds to a hetero-
geneous mix of intervention pathways: reflective surfaces 
and shade structures (Santamouris 2014) primarily address 
SSRD; broader urban heat-island mitigation that reduces 
ambient atmospheric loading and surface heating contrib-
utes to STRD reduction more indirectly (Bouketta et al. 
2024; Cascone and Leuzzo 2023).

4.5  Temporal trends and future projections

The 75-year temporal analysis (Fig.  3) demonstrates that 
the spatial driver patterns documented in this study are set 
against a backdrop of intensifying heat stress. The statisti-
cally significant acceleration of very strong heat events (clas-
sical Mann-Kendall τ = 0.336, p = 1.7 × 10⁻⁵; Hamed-Rao 
modified MK p = 0.012; Theil-Sen slope + 5.0 grid-days yr⁻¹, 
95% CI [+ 2.96, + 7.15]) implies that the conditions under 
which the moisture-demand dimension intensifies and wind 
sensitivity collapses (i.e., the upper tail of the heat stress 
distribution) will become increasingly frequent. The Strong 
Heat (32–38  °C) band exhibits the largest absolute trend 
(Theil-Sen slope = + 6.68 grid-days yr⁻¹, 95% CI [+ 2.70, 
+ 11.14]; classical and modified MK p = 1.1 × 10⁻³), indicat-
ing that the warming signal is not confined to the upper-tail 
categories. The extreme heat trend (+ 0.62 grid-days/year), 
while not statistically significant at the 0.05 level (p = 0.092) 
under either the classical or the autocorrelation-robust 
Mann-Kendall test, and with a 95% CI of [− 0.06, + 1.39] 
that crosses zero, shows a visually consistent upward drift 
that may reflect the rarity and high interannual variability 
of events in this tail category rather than the absence of a 
physical trend. The nonlinear nature of the severity-depen-
dent driver transition (Sect. 3.4) suggests a potential regime 
shift: as mean temperatures rise, a disproportionately large 
number of previously moderate-stress days will cross into 
the very strong and extreme stress categories where funda-
mentally different atmospheric mechanisms dominate. This 
has cascading implications for the effectiveness of current 
heat mitigation infrastructure, much of which was designed 
for moderate heat conditions. These temporal patterns are 
consistent with the centennial-scale analyses of Founda et 
al. (2022) in Athens and the UTCI trend intensification doc-
umented by Katavoutas and Founda (2019), who observed 
the “very strong heat stress” season elongating by approxi-
mately 4.3 days per decade over the past six decades.

4.6  Methodological considerations

The approach of computing SHAP values for every indi-
vidual grid cell, rather than aggregating at the regional 
level, represents a methodological contribution that extends 

beyond the specific findings reported here. This pixel-wise 
SHAP mapping technique reveals intra-regional heteroge-
neity, such as the sharp VPD-to-wind transition at the Pontic 
Mountain crest, that is invisible in regional aggregations and 
enables climate adaptation strategies to be tailored at sub-
regional scales. Similar spatial SHAP mapping approaches 
have been demonstrated for susceptibility modeling (Wang 
et al. 2024) and urban thermal comfort prediction (Zhang et 
al. 2025), suggesting a broader applicability of this method-
ology across geoscience applications.

4.7  Limitations

4.7.1  Limitations of explainable machine learning applied 
to a derived thermal index

UTCI is a derived thermal index computed from meteoro-
logical inputs, including air temperature, humidity, wind, 
and radiation, through the UTCI-Fiala operational pro-
cedure (Fiala et al. 2012; Bröde et al. 2012). This has an 
important implication for the present analysis: the Random 
Forest model is not predicting an independent target vari-
able. Because the predictor set overlaps conceptually with 
the variables used to compute UTCI, part of the model skill 
is structural. For this reason, R² and RMSE are interpreted 
here as indicators of internal model consistency for attribu-
tion analysis, not as the main scientific result of the study.

The remaining unexplained variance should also be read 
in light of the temporal mismatch between the target and the 
predictors. UTCI is computed from hourly fields, whereas 
the predictors used here are daily maxima, means, or sums. 
The per-pixel residual diagnostic in Sect. 3.2 suggests that 
this daily-aggregation gap is largest in cloudier regimes, 
especially along the Black Sea coast, where sub-daily radia-
tion variability is likely to be smoothed by daily aggrega-
tion. This diagnostic is reported in Supplementary Figure 
S1. A future analysis using predictor values at the hour of 
maximum UTCI would provide a useful complement, espe-
cially for radiation and wind, but it would address a different 
question: instantaneous peak-hour attribution rather than the 
event-day attribution analysed here.

A second limitation concerns correlated predictors. RH, 
VPD, and Q are not independent physical controls; they are 
related descriptions of the atmospheric moisture state. The 
correlation matrix, SHAP perturbation-mode comparison, 
and feature-ablation experiment show that the model cap-
tures a robust moisture-demand dimension, but they do not 
allow VPD, RH, and Q to be interpreted as fully separate 
causal pathways. The ablation results therefore support the 
interpretation of VPD as the most compact label for this 
moisture-demand dimension within the present predictor 
set, rather than as a uniquely isolated physical cause.
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A third limitation is that SHAP values explain the fitted 
model rather than establishing causality in an experimen-
tal sense. The physical cross-checks in Sect. 3.6.4 compare 
SHAP-derived dominance classes with climatological val-
ues, elevation, and boundary distance. These checks make 
the spatial attribution patterns more physically plausible and 
reduce the likelihood that they are purely model-internal 
artefacts, but they do not prove that the identified variables 
are the sole physical causes of UTCI variability in those 
locations. This distinction is particularly important for wind: 
Wind-dominant pixels have lower mean wind speed than 
the rest of Türkiye, showing that SHAP measures marginal 
model sensitivity rather than climatological magnitude.

4.7.2  General data and modelling limitations

The analysis is based on ERA5, ERA5-Land, and ERA5-
HEAT reanalysis products. Although these datasets provide 
spatially continuous, long-term coverage, they may under-
represent local processes such as urban heat islands, foehn 
winds, fine-scale coastal circulations, and neighbourhood-
scale topographic effects. The 0.25° analysis grid is there-
fore appropriate for synoptic-to-regional interpretation, but 
it is too coarse to support site-specific urban design deci-
sions. This scale limitation is especially relevant for the 
adaptation discussion, which should be read as indicative 
rather than prescriptive.

The predictor set is limited to seven meteorological 
variables. Important planning-relevant variables, including 
urban geometry, land cover, surface materials, anthropo-
genic heat, population exposure, public-health capacity, and 
socioeconomic vulnerability, are not represented. The adap-
tation pathways discussed in Sect. 4.4 therefore identify 
plausible process linkages rather than operational recom-
mendations. Any practical implementation would require 
integration with urban morphology, exposure, vulnerability, 
water availability, and local public-health information.

The primary model is a Random Forest. This choice is 
appropriate for nonlinear attribution with TreeExplainer, 
but other model classes, including gradient boosting and 
regularized regression approaches, could yield different fit-
ted response surfaces. The main SHAP hierarchy is robust 
across spatial and temporal blocking within the Random 
Forest framework, but future work should test whether 
the same hierarchy is preserved across alternative model 
architectures.

The original random 80/20 train-test split is retained for 
comparability with the baseline analysis, but its interpreta-
tion is limited to internal model stability. Spatial-temporal 
autocorrelation was explicitly addressed through Leave-
One-Region-Out spatial validation and contiguous tempo-
ral-block validation (Sect. 3.2). These blocked experiments 

show that the SHAP ranking is highly stable across folds, 
but they do not remove all forms of dependence inherent in 
gridded reanalysis data. The remaining limitation is there-
fore the scale of the blocking: spatial folds were defined by 
official geographical regions, and finer-scale spatial block-
ing or nested resampling could provide an additional test of 
local generalization.

Finally, the trend analysis was strengthened using classi-
cal and Hamed-Rao modified Mann-Kendall tests, Theil-Sen 
slopes with 95% confidence intervals, and an area-weighting 
sensitivity. Even so, the trend analysis is restricted to mono-
tonic change. It does not test for step changes, nonlinear 
trend forms, changing variance, or shifts in the timing and 
persistence of heat-stress events. These temporal structures 
remain important topics for future work.

5  Conclusions

This study presents a comprehensive, multi-scale explain-
able machine learning framework for analyzing the spatial 
and severity-dependent controls of thermal comfort across 
Türkiye, an Eastern Mediterranean climate change hotspot. 
The principal conclusions are:

1.	 The selected predictor set provides a sufficiently sta-
ble Random Forest model (R² = 0.936; per-pixel R² 
median = 0.937; Kendall’s W = 0.963 across 12 blocked-
CV folds) to support attribution-focused XAI analysis of 
daily maximum UTCI across 826,799 grid-day obser-
vations spanning 75 years (1950–2025). The predictive 
skill is partly structural because UTCI is itself derived 
from related meteorological variables; the contribution 
of this work lies in the attribution decomposition, not in 
the prediction skill per se.

2.	 The severity-stratified analysis under a single-model 
conditional decomposition reveals a clear transition: 
as heat stress intensifies from moderate (26–32  °C) to 
very strong (38–46 °C), the moisture-demand-dimension 
share grows by approximately 10% points and the wind 
share collapses by approximately 13% points, while the 
radiative-cluster share declines and does not show the 
monotonic escalation observed for the moisture-demand 
dimension.

3.	 The pixel-wise (0.25° × 0.25°) SHAP map reveals three 
distinct spatial regimes of secondary driver dominance: 
a moisture-demand-dimension regime across the semi-
arid interior (~ 70% of Türkiye-masked grid cells), 
wind sensitivity along the northern maritime coast, 
and a localized radiative-load regime along parts of the 
southern coastline, with these patterns surviving per-
day robustness checks (79.5% mean-condition/per-day 
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modal agreement) and physical cross-checks against 
climatological values, elevation, and boundary distance 
under contrasting climatic settings.

4.	 Strong (32–38 °C), Very Strong (38–46 °C), and Extreme 
(> 46 °C) heat events have increased at Theil-Sen slopes 
of + 6.68, + 5.00, and + 0.62 grid-days yr⁻¹ respectively 
over 1950–2025. The Strong and Very Strong trends are 
statistically significant under both classical and autocor-
relation-robust Mann-Kendall tests; the Extreme trend 
does not reach conventional significance under either test, 
implying that the severe-heat driver regimes will become 
increasingly prevalent under continued warming.

5.	 Robust adaptation planning requires integration of the 
SHAP-derived driver regimes identified here with the 
local urban morphology, exposure, land cover, water 
availability, and public-health context, which our frame-
work does not directly address.

These findings provide a data-driven, spatially resolved 
foundation for climate adaptation planning in the Eastern 
Mediterranean and demonstrate the potential of XAI meth-
odologies for extracting mechanistic insights from complex 
environmental datasets.
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