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Abstract

Heatwaves are among the deadliest climate-related hazards, with their intensity and
frequency projected to rise. This study develops a machine learning model to predict
heatwave-related mortality in Greece under RCP4.5 and RCP8.5 scenarios. Historical
mortality and climate data (2015–2024) were combined with future projections (2025–2050)
from CORDEX models. Feature engineering included lagged heatwave indicators, seasonal
effects, and age group interactions. An optimized XGBoost model revealed increasing
mortality trends, especially under RCP8.5 after 2039. These findings highlight the growing
public health threat posed by extreme heat and offer a predictive framework for climate
adaptation and policy planning.

Keywords: heatwave mortality; machine learning; climate change; feature engineering;
XGBoost modeling; Bayesian Optimization

1. Introduction
Climate change is intensifying the frequency and severity of extreme weather events

globally, with heatwaves posing one of the most urgent public health threats [1]. Defined
as prolonged periods of abnormally high temperatures, heatwaves significantly increase
mortality, especially among the elderly, children, and those with health conditions [2,3].
Southern Europe, including Greece, is particularly vulnerable due to its climate and aging
population. Greece has faced several deadly heatwaves, and with future warming expected,
assessing the health burden of heatwaves is a priority [4].

Despite growing recognition of the link between heat and mortality, existing ap-
proaches to assess future risks are often limited to statistical extrapolation based on histori-
cal trends, without incorporating future climate dynamics or complex interactions between
meteorological variables and population characteristics [5]. Moreover, many conventional
models fail to capture the non-linear, lagged, and cumulative effects of heat exposure on
human mortality [6]. Addressing this gap requires integrating high-resolution climate pro-
jections with advanced machine learning techniques capable of modeling intricate patterns
in large, multidimensional datasets.

This study develops a predictive framework for heatwave-related mortality in Greece
using historical data and downscaled climate projections under RCP4.5 and RCP8.5. Using
eXtreme Gradient Boosting (XGBoost), optimized via Bayesian tuning, the model incorpo-
rates lagged temperature and humidity, rolling heat indicators, and age-based interaction
terms. Results compare mortality under moderate and high-emissions scenarios, offering
insight to guide public health strategies
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2. Materials and Methods
2.1. Study Desigh Overview

This study presents a machine learning-based approach to predict weekly heatwave
related mortality in Greece from 2025 to 2050 under two climate change scenarios: RCP4.5
and RCP8.5. An explainable, data-driven predictive framework was developed using
eXtreme Gradient Boosting (XGBoost), trained on historical mortality and climate data.
The model integrates observed mortality data (2015–2024), historical weather records, and
future climate projections to estimate total and age-specific mortality. Emphasis was placed
on feature engineering to capture temporal dynamics and physiological vulnerability to
extreme heat across age groups.

2.2. Mortality and Climate Data

Mortality data (2015–2024) were obtained from the Hellenic Statistical Authority (https:
//www.statistics.gr/en/home, accessed on 4 April 2025), aggregated weekly and stratified
by age and sex. Historical weather variables, including weekly maximum temperature
(Tmax) and relative humidity (RHmax), were sourced from ERA5 reanalysis [7]. Future
climate data (2025–2050) were derived from bias-corrected CORDEX regional models under
RCP4.5 and RCP8.5, downscaled to weekly resolution to align with mortality data [8].

2.3. Heatwave Definition and Feature Engineering

A heatwave was defined using a percentile-based threshold approach, where a week
was considered a heatwave if its average Tmax exceeded the 75th percentile of historical
values for the same calendar period. From this binary indicator, we derived a range of
features to capture heatwave intensity, persistence, and temporal lags:

• Lagged features: One to three-week lags of heatwave duration and Tmax/RHmax to
account for delayed physiological effects;

• Rolling averages: Three- and five-week rolling means for heatwave duration and
meteorological variables to reflect cumulative exposure;

• Interaction terms: Multiplicative interactions between heatwave duration and age-
specific population metrics (e.g., population aged 65+) to capture vulnerability;

• Seasonal modulation: Interaction between heatwave indicators and calendar month to
reflect seasonal variation in susceptibility.

2.4. Model Development and Hyperparameter Tuning

In this study, the XGBoost algorithm was employed, a gradient-boosted decision tree
ensemble method known for its robustness and performance with structured data [9]. To
optimize model performance, Bayesian Optimization was used to efficiently search for a
multidimensional hyperparameter space, including the number of estimators, learning
rate, maximum tree depth, subsampling ratio, and column sampling ratio. The objective
was to minimize the Mean Absolute Error (MAE) while maximizing the coefficient of
determination (R2) on a hold-out validation set. The dataset was divided into a training
subset (2015–2024) and a projection subset (2025–2050), with the training data further
split into 80% for model fitting and 20% for validation. Separate models were trained for
total mortality and for each age group to capture age-specific sensitivities to heatwave
conditions. Model performance was evaluated using MAE to quantify average prediction
error, Root Mean Squared Error (RMSE) to penalize large deviations, and R2 to assess
the proportion of explained variance. Following final training, models were applied to
future climate projections under RCP4.5 and RCP8.5 scenarios for the period 2025–2050,
with results disaggregated by week and age group to enable detailed trend analysis and
scenario-based comparison.

https://www.statistics.gr/en/home
https://www.statistics.gr/en/home
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3. Results and Discussion
The model achieved robust performance across all mortality targets, with R2 scores

of 0.58 for total mortality and up to 0.62 for specific age groups such as the elderly (85+),
demonstrating reliable predictive power. The Mean Absolute Error (MAE) ranged from
140.23 to 278.54, depending on the scenario and age group. Analysis of the importance
of the analysis revealed that lagged heatwave effects—particularly two-week lags—along
with cumulative heatwave duration and relative humidity (RHmax), were the strongest
predictors of mortality. These findings align with epidemiological evidence suggest that
both the duration and delayed effects of extreme heat significantly contribute to excess
mortality, especially among vulnerable populations [10]. Importantly, although the ‘Year’
variable initially appeared among the most influential features, it was excluded from final
models to avoid embedding time-trend leakage into future projections. This adjustment
ensured that mortality forecasts were driven primarily by climatic and physiological
predictors rather than implicitly captured trends.

Figure 1 presents weekly total mortality projections for both RCP4.5 and RCP8.5
scenarios. A clear upward trend is observed in both pathways, with RCP8.5 exhibiting
a more pronounced increase. A notable spike in predicted mortality occurs around 2039
under both scenarios, coinciding with projected increases in Tmax and RHmax. Linear
trend analysis confirms a steeper yearly increase in mortality under RCP8.5 compared to
RCP4.5, highlighting the escalating health burden of climate inaction.

Figure 1. Weekly total mortality projections for both RCP4.5 (blue line) and RCP8.5 (orange line)
scenarios. Trend lines with slopes are included to highlight the magnitude and direction of change. A
notable increase after 2039 is highlighted by the grey dashed line.

Age-specific trends are further visualized in Figure 2, which focuses on RCP4.5. The
85+ age group consistently exhibits the highest mortality rates, with an accelerating up-
ward trend. Although younger age groups such as 0–14 and 15–64 show relatively stable
projections, slight increases are detected, suggesting that no group is entirely immune to
future heatwave risks. Importantly, trend slopes remain positive across all age groups,
emphasizing the universal impact of sustained heat exposure.

In addition to the RCP4.5 projections, weekly mortality estimates by age group were
also generated for the RCP8.5 scenario (Figure 3). The results show a consistent upward
trend across all age categories, with the most significant increase observed in the 85+
population. Compared to RCP4.5, the RCP8.5 trajectory displays a steeper incline in
mortality starting around 2039, reflecting the intensified heatwave conditions and their
disproportionate impact on older individuals.
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Figure 2. Predicted weekly mortality by age group under RCP4.5 scenario (2025–2050). Trend lines
for each group are included, with their slopes displayed in the legend, capturing the pace of change
and demographic vulnerability.

Figure 3. Predicted weekly mortality by age group under RCP8.5 scenario (2025–2050). Trend lines
for each group are included, with their slopes displayed in the legend, capturing the pace of change
and demographic vulnerability.

Table 1 summarizes the model performance metrics and top-ranked predictive features
for selected mortality targets. The combination of lag features, rolling averages, and climate-
health interaction terms proved essential in capturing the complex temporal dynamics of
heat-related mortality.

Table 1. Model performance metrics (MAE and R2) and top predictive features for total and age-
specific weekly mortality under RCP4.5 and RCP8.5 climate scenarios (2025–2050).

Target MAE/R2 (RCP4.5) MAE/R2 (RCP8.5) Top Features (Most Common Across Scenarios)

Total Mortality 251.9/0.58 278.2/0.56 lag_2_heatwave_duration, RHmax, heatwave duration
Age 85+ 180.4/0.62 192.7/0.59 lag_2_heatwave_duration, RHmax, rolling_mean_rhmax

Age 75–84 161.3/0.60 177.6/0.57 RHmax, lag_1–2_heatwave_duration, Week

Age 65–74 144.8/0.61 155.3/0.58 RHmax, lag_1–2_heatwave_duration,
rolling_mean_heatwave_duration

Age 15–64 173.2/0.53 188.5/0.50 RHmax, Week, lag_2_heatwave_duration
Age 0–14 140.2/0.49 149.6/0.47 RHmax, heatwave_duration, rolling_mean_rhmax
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Overall, the results reinforce the disproportionate vulnerability of elderly populations
and underscore the necessity of age-targeted adaptation strategies. Moreover, the sharp
projected increase in mortality post-2040 under both scenarios underlines the urgency of
emissions mitigation and climate-resilient healthcare planning.

4. Conclusions
This study introduced a machine learning framework using XGBoost to predict weekly

heatwave-related mortality in Greece under two climate scenarios (RCP4.5 and RCP8.5)
from 2025 to 2050. The model, integrating historical mortality data with downscaled
climate projections, demonstrated reliable predictive accuracy—particularly for older pop-
ulations. Results indicate a consistent rise in heatwave-related mortality across all age
groups, with the most pronounced increases projected after 2039 under the RCP4.5 and
RCP8.5 scenario. Elderly individuals, especially those aged 85+, are disproportionately
affected, emphasizing the need for targeted adaptation strategies. Key predictors included
lagged heatwave exposure and relative humidity, underscoring the cumulative effects of
extreme heat. Excluding the ‘Year’ variable ensured model interpretability and avoided
temporal leakage. These findings highlight the urgent need for climate-resilient public
health planning. Priorities should include early warning systems, age-specific interven-
tions, and urban heat mitigation. Future work should expand the framework to incorporate
socio-economic factors and validate predictions using real-time surveillance data.
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