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ABSTRACT

Heatwaves (HWs) are extreme atmospheric events that produce significant societal and environmental impacts.
Predicting these extreme events remains challenging, as their complex interactions with large-scale atmospheric
and climatic variables are difficult to capture with traditional statistical and dynamical models. This work
presents a general method for driver identification in extreme climate events. A novel framework named Spatio-
Temporal Cluster-Optimized Feature Selection (STCO-FS) is proposed to identify key immediate (short-term)
HW drivers by combining clustering algorithms with an ensemble evolutionary algorithm. The framework
analyzes spatio-temporal data, reduces dimensionality by grouping similar geographical grid cells for each
variable, and develops driver selection in spatial and temporal domains, identifying the best time lags between
predictive variables and HW occurrences. The proposed method has been applied to analyze HWs in the Adda
river basin in Italy. The approach effectively identifies significant variables influencing HWs in this region.

This research can potentially enhance our understanding of HW drivers and predictability.

1. Introduction

The occurrence of heatwaves (HWs), characterized by prolonged
periods of abnormally high temperatures exceeding typical local con-
ditions, has become a pressing concern in recent years due to their
severe societal and environmental impacts (Perkins, 2015; Easterling
et al., 2000). Since 1950, extensive regions worldwide have witnessed
numerous prolonged and intense HWs, resulting in significant conse-
quences for human mortality, regional economies, and natural ecosys-
tems (Meehl and Tebaldi, 2004; Zittis et al., 2022; Kuglitsch et al.,
2010; Della-Marta et al., 2007; Garcia-Herrera et al., 2010). In agri-
culture, heat stress on crops can significantly reduce yields, leading
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to food insecurity. In addition, increased demand for electricity for
cooling during HWs substantially strains power grids. The escalation
in the frequency of HWs has been documented in various parts of the
globe in recent years and is at least partly attributed to the temperature
increases driven by anthropogenic warming (Russo et al., 2014, 2015).

Numerous studies (Barriopedro et al., 2011; Sillmann et al., 2013;
Stott et al., 2011) have consistently highlighted that the ongoing in-
crease in global surface temperatures will lead to significant alterations
in the frequency and intensity of HWs across Europe by the end of this
century. This trend is not confined to Europe; globally, there is also a
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growing prevalence of heat extremes, with projections indicating that
these events will continue to increase in the coming decades (Battisti
and Naylor, 2009; Coumou and Robinson, 2013; Fischer et al., 2013).
Regional differences can be encountered in HW projections. Hence, this
leads to diverse drivers and climate forcings on regional scales. The
identification of these drivers plays a key role in understanding regional
variations and in developing effective mitigation and adaptation strate-
gies, as different regions may experience distinct climate impacts due
to a combination of local factors and global climate forces. Moreover,
understanding these drivers is crucial for improving forecasts on sub-
seasonal scales, allowing for more accurate predictions of HWs and
other extreme events.

When tackling the challenge of HW detection or prediction, it is
necessary to understand the mechanisms responsible for these extreme
events. Although the underlying processes remain not entirely under-
stood (Perkins, 2015), an increasing number of studies have delved into
these mechanisms and physical drivers that contribute to the formation
and prediction of HWs (Domeisen et al., 2023; Barriopedro et al.,
2023). HWs are the product of intricate interactions between large-
and small-scale processes that operate across diverse temporal scales.
These events are highly influenced by atmospheric circulation, often
regarded as a fast-acting driver, as well as anomalous conditions in
slowly changing climate components, which can serve as proximate
factors (e.g., land surface) or remote factors (e.g., upper ocean tem-
perature, or sea ice) affecting HWs occurrence (Sillmann et al., 2017;
Hoskins and Woollings, 2015; Miralles et al., 2019). In the extratropics,
atmospheric circulation patterns that influence HWs include quasi-
stationary synoptic-scale high-pressure systems (anticyclones) (Brunner
et al., 2018; Sousa et al., 2018), whose predictability at a seasonal
scale is low due to the influence of the chaotic variability of the
atmosphere (Prodhomme et al., 2021). Finally, long-term trends in
frequency, duration, and intensity of HWs are primarily driven by
anthropogenic forcings, including global factors such as greenhouse gas
concentrations and regional factors like land-use/land-cover changes
and aerosol emissions (Seneviratne et al., 2021). However, these are
out of the scope of this paper.

In close relation to the previous discussion, and considering the vast
volume of available spatial and temporal data, employing data-driven
methodologies becomes indispensable for uncovering potential HW
drivers. A limited body of literature addresses this subject using Ma-
chine Learning (ML) and feature selection and dimensionality-reduction
approaches. Some works (Asadollah et al., 2021; Buschow et al., 2023;
Loughran et al., 2017) employed Principal Components Analysis (PCA)
to reduce and optimize the number of highly correlated variables, using
them as inputs in some ML algorithms. In Wehrli et al. (2019), authors
aimed to identify the role of the individual drivers for five HWs in the
recent decade through factorial experiments, which force the model
towards observations for one or several key components at a time,
allowing to identify how much of the observed temperature anomaly
of each event can be attributed to each driver. Other feature selection
approaches have been used for different weather problems in searching
for optimal input variables. In Tao et al. (2022), an extreme gradient
boosting feature selection algorithm was applied with ML models in
a problem of short-term relative humidity prediction. In Hagen et al.
(2021), a nested loop of roughly pruned random forests was used for
identifying significant drivers of daily streamflow from large-scale at-
mospheric circulation in Norway. In Chaqdid et al. (2023), a clustering
method was applied to divide Morocco into regions that are spatially
consistent in terms of extreme precipitation and to identify its drivers
by analyzing atmospheric circulation anomalies during the occurrence
of regional events. In Orimoloye et al. (2022), ML regression-based
algorithms were used to identify the drivers of drought dynamics in
the Free State Province. Dalal et al. (2024) shows the influence of
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different drivers to understand the causal mechanism of HWs over
South-West India. For that purpose, climate model simulations and
long-term observational data were proposed.

This study proposes a general framework for HW driver identifica-
tion, which can be applied to other extreme events in the context of
detection and event short-term prediction. The framework is illustrated
here to detect HWs in a European location. Specifically, the framework
proposed in this work follows a two-phase methodology to obtain ro-
bust HW driver identification. In the first phase, a clustering algorithm
is applied to variables identified as potential drivers, extracted from
the ERAS reanalysis dataset (Hersbach et al., 2018), and presented
as time series. This clustering step reduces the dimensionality of the
spatial domain by grouping grid cells with similar time series patterns.
In the second phase, a wrapper feature selection approach based on
a multi-method ensemble evolutionary algorithm (PCRO-SL) (Pérez-
Aracil et al., 2023) is employed to identify the most skillful drivers
and periods for HW forecast over short-term (days to weeks) and sea-
sonal horizons. The optimization algorithm’s fitness function performs
a driver selection by evaluating the performance of an ML model for
HW classification based on a subset of clustered drivers.

The proposed framework is applied to the agricultural districts
in the Adda river basin, located downstream of Lake Como, in the
Lombardy region, Northern Italy. These districts are part of the Po
Valley, one of the most productive European agricultural areas, which
provides one-third of the national agricultural production (Eurostat,
2024). Understanding the crop risks associated with extreme temper-
atures is becoming increasingly crucial to planning effective climate
change adaptation strategies.

The manuscript is organized as follows. First, a description of the
data, including potential drivers and target variables used for develop-
ing the experiments, is provided in Section 2. Then, the spatio-temporal
feature selection methodology is presented and detailed in Section 3.
Subsequently, the experimental work and the results obtained are
further described in Section 4. Finally, in Section 5, there is a discussion
on the potential uses of the framework in wider-scale driver detection
and on implications for forecasting.

2. Data description

This section provides a detailed description of the data used for the
experiments and the construction of the target. First, regarding HW
definition, this issue has been widely discussed in the literature (Bar-
riopedro et al., 2023). This work follows the widely-used HW definition
given in Russo et al. (2015) based on cumulative normalized daily
maximum temperature (TX) exceedances. A heat wave occurs when
T,.« exceeds a given threshold for three or more consecutive days.
The threshold is the daily 90th percentile of T,,, in the reference
period (1981-2010), computed over a 31-day window. Therefore, the
threshold for a given calendar day d is d;, = Py,(A,), with:

2010  d+15
4=U U 1. €}
y=1981 i=d—-15

where | J denotes the union of sets and 7,; stands for the daily T,,,, of
the day i in the year y.

Next, we will provide details on the potential drivers considered and
the target variables considered.

2.1. Potential drivers and target

The variables considered as potential drivers to perform the HW
prediction may be categorized into three groups: (1) meteorological
variables, local or remote, (2) climate indices, (3) other variables.
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The first group consists of atmospheric, ocean and other variables
which influence climate on various timescales: mean sea level pressure
(MSLP), outgoing longwave radiation (OLR), total precipitation (TP),
height of the 500 hPa geopotential (Z500), 2 m temperature (T2M), as
well as sea surface temperature (SST), sea ice concentration (SIC) and
volumetric soil moisture in the upper 7 cm (SM).

The second group, climate indices, are included because long-term
indices are linked to large-scale atmospheric patterns that influence
temperature over extended periods (Kenyon and Hegerl, 2008). In
addition, long-term indices help distinguish between climate change
variability and natural variability. However, the role of large-scale
drivers and teleconnections in the Adda river basin, as for much of
Europe, is still unclear (Giuliani et al., 2019). First, the NINO3.4 index
(area-averaged SST anomaly in the region 5 ° S-5 ° N, 120 ° W-170 °
W) is used to represent the El Nino Southern Oscillation (ENSO), which
is strongly linked with the occurrence of extreme heat in northern
continents (Luo and Lau, 2020, 2019; Martija-Diez et al., 2021). The
Indian Ocean Dipole (IOD), whose association with HWs has been
investigated in recent years (Reddy et al., 2021; Dalal et al., 2024),
is calculated as the difference of area-averaged SST anomaly between
the western tropical Indian Ocean (50 ° E-70 ° E, 10 ° N-10 ° S)
and the southeastern tropical Indian Ocean (90 ° E-110 ° E, O°N-
10 ° S). Lastly, the North Atlantic Oscillation (NAO), whose impact on
European heatwaves has been previously studied in Li et al. (2020),
Mukherjee et al. (2020), Kueh and Lin (2020), is derived from the first
principal component of Z500 in the North Atlantic domain.

The eight predictor fields, such as soil moisture, sea surface temper-
ature, sea ice coverage, mean sea level pressure, geopotential height at
500 hPa, total precipitation, outgoing longwave radiation, and temper-
ature at 2 m along with climate variability modes (e.g., NAO, ENSO),
were selected based solely on their well-established physical relevance
as drivers of heatwaves (see Barriopedro et al., 2023 and references
therein). In other words, expert knowledge guided the identification of
this initial set of potential heatwave drivers.

The third group covers miscellaneous variables such as mean atmo-
spheric CO, levels (Lemordant et al., 2016) and the specific calendar
day of the year (DOY) (Li et al., 2023).

Table 1 describes the geographical domain considered for each
meteorological variable. Some have been studied in two domains to
account for their varying influence in various geographical scales,
according to previous studies. SM and precipitation are considered
local-scale influences on European HWs (Stefanon et al., 2012). Eu-
ropean temperatures are indirectly linked to Arctic SIC (Zhang et al.,
2018; Sun et al., 2022) through impacts on atmospheric circulation,
but we assume no link to Antarctic SIC. North Atlantic SSTs affect the
European climate, particularly in winter (Gastineau and Frankignoul,
2015), but there is some evidence to suggest a lagged influence on sum-
mer heatwaves (Duchez et al., 2016; Bischof et al., 2023). Meanwhile,
global modes of climate variability, which influence distant continents
via teleconnections, are represented by global SST patterns. For an ex-
plicit consideration of atmospheric dynamics and teleconnections, z500
and MSLP are used locally and globally. Extreme heat is often linked
to regional scale circulation anomalies (Sousa et al., 2018), which
can be excited and/or amplified remotely via atmospheric teleconnec-
tions (Barriopedro et al., 2023). Also, land variables available over
the local region under study are considered as independent potential
drivers (MSLP, OLR, SM, T2M, TP and Z500).

Regarding the target variable, we have selected the agricultural
districts in the Adda river basin (including Lake Como) in the north
of Italy (centered around 46° N, 9° E). For this location, a daily
time series of binary HW occurrence index over 1950-2022, for the
warmest months of the year (May, June, July, and August) using the
HW definition given in Russo et al. (2015).
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Table 1

Predictive variables considered from the ERA-5 reanalysis dataset. The specific coor-
dinates corresponding to the geographical limits: Europe: [30-70N, 16W-44E], Arctic:
[48-90N, 180W-180E], North Atlantic: [0-66N, 90W-40E] and local: [46° N, 9° E].

textbfVariable

Domain

Mean Sea Level Pressure (MLSP) Global, Europe, local

Soil Moisture (SM) Europe, local

Sea Ice Cover (SIC) Arctic

Sea Surface Temperature (SST) Global, North Atlantic
Height of the 500 hPa Geopotential (Z500) Global, Europe, local

Total Precipitation (TP) Europe, local

Outgoing Longwave Radiation (OLR) Global, North Atlantic, local
2 m Temperature (T2M) Europe, local

2.2. Data extraction and preparation

The detection of HWs presented in this paper is performed based on
physical variables data extracted from ERAS5 reanalysis (Hersbach et al.,
2018). ERAS provides hourly information on a broad set of variables,
such as temperature, pressure, precipitation, and snowfall, with a res-
olution of 0.25 degrees in both longitude and latitude. Daily average
values were considered in this case, with a horizontal resolution of 0.5
degrees. The 72-year ERAS5 database, based on data from 1950 to 2022,
has been considered for both target and predictive variables. These data
have been divided into a training period from 1950 to 2010 and a test
period from 2011 to 2022. For the training split, the positive cases (HW
occurrence) represent 5.1% of the cases, while for the test split, the
positive cases represent 15.1% of the cases.

The maximum temperature of each calendar day is considered for
the 1981-2010 period, and a rolling average of 30 days is applied to
smooth this annual cycle. Regarding this point, note that the choice
of rolling average varies greatly in the literature (Perkins et al., 2015;
Barriopedro et al., 2023). Existing studies employ different methods
depending on data availability: for example, Stefanon et al. (2012) used
a longer 60-year climatology and opted for a 20-day window (1200
days), while studies on seasonal forecast output are restricted to use a
polynomial regressor (Torralba et al., 2024). A 30-day rolling average
is now a common choice for heatwave studies (e.g., Russo et al.,
2015), although 15-day has been used too (Perkins et al., 2015). Other
studies (Sanchez-Benitez et al., 2020) have also employed a 31-day
window to detect, predict, and attribute Mediterranean heatwaves as a
compromise to obtain a smoothed evolution of that threshold without
underestimating its seasonal cycle’s amplitude. A recent study has even
pointed out possible issues with the percentile-based approach, which
could lead to underestimating the expected extreme frequency of heat
wave events (Brunner and Voigt, 2024). In this case, we have consid-
ered a rolling average of 30 days because, as previously stated, it is a
common choice in the literature and fosters comparability with other
studies. However, we recognize that this question deserves attention for
future works.

3. Spatio-temporal cluster-optimized feature selection (STCO-FS)

This section presents the proposed framework to identify optimal
HW drivers in spatial and temporal domains. Fig. 1 illustrates the
methodology flow, where it is worthwhile to distinguish between the
data treatment of potential predictor variables and the target variable.
The possible drivers have been defined in Section 2.1. The proposed
framework has two steps (plus a preprocessing stage), as shown in Fig.
1. The first step consists of clustering the drivers to reduce the spatial
dimension. The area-weighted spatial average time series of clusters
are then merged with the local variables and climate indices. In the
second step, a wrapper feature selection method is applied using an
evolutionary optimization algorithm and a ML method for selecting the
optimal time frames of each potential driver.
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Once the input and target variables have been processed, they are
used to feed supervised ML classification algorithms, which conduct
the detection of the HW occurrence over the Adda river basin in the
considered period. The framework steps are described in the subsequent
sections.

3.1. Dimensionality reduction through clustering

The classic K-means clustering algorithm has been employed to
reduce the spatial dimensionality of the predictive data. Initially intro-
duced by MacQueen (MacQueen et al., 1967), K-means has become one
of the most widely used and extensively studied clustering algorithms.
The key input parameter in the K-means approach is the number of
clusters, denoted by k. The algorithm then partitions the data into
k clusters by following defined steps. It is important to note that
the proposed methodology allows other possible clustering algorithms
(different from K-means) to cluster the input data.

The proposed method is designed to be flexible and adaptable,
allowing for the inclusion of any other clustering technique that may
better suit the specific problem under study. It is important to empha-
size that, at this stage of the process, the primary objective is to reduce
the dimensionality of the problem, particularly in the spatial domain.
The choice of clustering method in this study is somewhat arbitrary,
as it was primarily selected for its ease of implementation and com-
putational efficiency. However, the modular nature of the framework
ensures that alternative clustering methods can be easily integrated
without compromising the overall structure. Potential alternatives in-
clude hierarchical clustering, spectral clustering, or physically guided
clustering based on domain-specific knowledge (e.g., IPCC regions).
Future research could explore the impact of using different clustering
approaches to enhance the robustness and interpretability of the results.

This study implements the clustering algorithm for the 12 predictors
outlined in Table 1. Next, the area-weighted spatial average for each
cluster is computed. Consequently, a time series is generated for each
cluster under consideration. A value of k = 5 clusters has been con-
sidered for each predictor field, giving a total of 60 clusters involved
in the prediction (5 clusters x 12 variables = 60 potential drivers).
The local seasonal cycle is removed from each candidate driver to
generate a time series of anomalies, which represent deviations from
the expected seasonal pattern. This preprocessing step ensures that the
analysis focuses on anomalous variations rather than regular seasonal
fluctuations, thereby highlighting potential predictors related to the
heatwave occurrence. Clustering was applied considering the training
data (from 1950 to 2010) of daily time series anomalies relative to
1981-2010. For each variable, five clusters are obtained, displayed in
Fig. 3. For T2M, values over land are only considered. For SIC, areas
historically free of sea ice have been masked out.

Although the number of clusters is arbitrary, it is essential to
note that this work aims to present the methodology but not its best
configuration, which may depend on the location of the study and the
different variables considered.

The proposed method allows the introduction of unclustered vari-
ables as potential drivers of the problem. Thus, those variables that
do not need to be spatially grouped can be selected, and their time
series are included in the analysis. This study considers 11 additional
features included as potential drivers, including the climate indexes,
the local meteorological variables (MSLP, OLR, SM, T2M, TP and Z500
taken over the Adda river basin) and the other variables defined in
Section 2.1. Thus, these results in a database of predictor variables
comprising 71 variables arranged as a time series.
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3.2. Candidate selection: the optimization problem

After reducing the dimensionality of the problem in the spatial
domain, our focus shifts to the temporal dimension. Here, the objective
is to identify periods and lags exhibiting the highest predictive skill
for each potential driver. First, the prediction time horizon is defined,
determining how far in advance predictor data should be considered.
This work sets the time horizon to zero since it is configured as a
detection problem. Based on the prediction horizon, the time lag and
sequence length values are searched for each potential driver under
study using evolutionary computation. They represent the lead time
and the window length considered for each variable, which enables us
to distinguish between short-term (low time lag) and long-term (high
time lag) predictors. An illustration is shown in Fig. 2. In this work, the
maximum time lag is set as 180 days, and the maximum window length
is set as 60 days. Therefore, the evolutionary search could account for
a lead time of up to 8 months for each of the variables.

The process of determining the time lag and the sequence length
has been conducted using a robust and well-established optimization
algorithm: the Probabilistic Coral Reef Optimization Algorithm with
Substrate Layers (PCRO-SL) (Salcedo-Sanz, 2017; Pérez-Aracil et al.,
2023). It is a low-level ensemble for optimization (Wu et al., 2019),
based on evolutionary computation. It was first proposed as an ad-
vanced version of the original CRO algorithm (Salcedo-Sanz et al.,
2014), which was an evolutionary-type meta-heuristic, proposed as a
class of hybrid between Evolutionary Algorithms (Del Ser et al., 2019)
and Simulated Annealing (Kirkpatrick et al., 1983). Specifically, the
CRO algorithm for optimization can be described as follows: The CRO
algorithm is an evolutionary-type algorithm that mimics the biological
processes of coral reproduction. Due to its features, it is considered
a meta-heuristic in between Simulated Annealing and Genetic Algo-
rithms. The main data structure of CRO is the reef (population of
potential solutions to the problem): it is represented as a square grid
of dimensions (M, N), such that each of its cells contains a coral (a
solution to the optimization problem). The reef starts with a fraction
po of its cells occupied by randomly generated solutions. Next, coral
reproduction is simulated according to the following procedures:

1. Larvae formation: new individuals (called larvae) are produced
by one of two processes:

(a) Broadcast spawning: Mimics the external reproduction
of real-life corals. A fraction F, of the reef’s corals are
selected, and separated into pairs, and then each pair pro-
duces a new larva through crossover (or other strategy).
Brooding: Mimics the internal reproduction of real-life
corals. The remaining (1 — F,) fraction of the reef’s corals
employ a mutation mechanism to produce a new larva
each.

(b

=

2. Larvae settling: given the group of larvae produced in the
previous step, each tries to settle down by moving to a position
in the reef. CRO simulates this by iterating over the larvae,
selecting a random cell for each, and checking whether (1) the
spot is empty, or (2) the larva’s fitness is higher than the fitness
of the coral which currently occupies the spot. If either condition
is met, the larva settles in the cell and becomes a new coral,
otherwise, the larva selects another random cell and tries again
(for a maximum of k times).

3. Fragmentation: this step simulates the asexual process through
which the corals also reproduce. Every coral on the reef is sorted
according to its fitness, and the F, fittest are selected for this
type of reproduction. Then, each of the selected individuals is
duplicated to produce a new larva, which will try to settle down
in the reef in the same way as described in the previous step.
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Fig. 1. Scheme of the proposed feature selection framework. The framework is structured in two main steps to identify key heatwaves (HWs) drivers. Step 1: Data extraction
and preparation involve collecting climate variables from multiple sources, focusing on the targeted location. Input variables are processed through spatial clustering to group
regions with similar temporal behaviour, while unclustered variables (e.g., NAO, ENSO, 10D, local variables) are directly included. The framework considers time lags and windows
to capture short-term and long-term effects on HW events. The output variable is the binary HW occurrence index derived from temperature data. Step 2: A wrapper method
(PCRO-SL) selects the most relevant variables fed into a machine learning model to detect HW occurrences. The framework efficiently combines clustering, feature selection, and
ML methods to identify key spatial-temporal drivers of heatwaves.
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4. Depredation: in this final step, the worst corals in the reef
become candidates for elimination. Namely, a fraction F, of
the lowest-fitness individuals is selected, and each one has a
probability P, of being eliminated and freeing up their reef cell.

The process described above is repeated until a stopping criterion is
reached, which is typically a maximum number of generations or func-
tion evaluations. In turn, the PCRO-SL algorithm further evolves the
CRO approach towards a multi-method ensemble. It generally proceeds
as the original CRO described above, but with a significant difference:
Instead of having a single way of evolving, it considers several substrate
layers of the approximately same size in the reef. Each substrate, in turn,
represents a particular evolution strategy or searching procedure to be
applied. Thus, the PCRO-SL is a multi-method ensemble algorithm (Wu
et al., 2019), where several searching strategies are carried out within
a single population.

Different combinations of well-known meta-heuristics may be im-
plemented. In this case, we considered regular combinations of previ-
ously defined meta-heuristics. Specifically, we have defined and applied
the following substrates in the PCRO-SL: Harmony Search (HS), Mul-
tipoint crossover (MPx), XOR operation (XOR) and BLX-a crossover
(BLX).

The optimization problem formulation for selecting the optimal
time-domain features for each driver is structured as follows. Each pos-
sible solution generated by the PCRO-SL consists of an array containing
three key variables for each candidate driver: time lag, sequence length,
and a binary indicator determining whether the driver is included
or discarded. Including this binary variable encourages solutions that
prioritize minimal information, helping reduce the impact of noise.
The time lag is constrained within [, 180] days, where h is the time
horizon, while the sequence length is limited to [1,60] days. In this
initial study, we focus on a prediction time horizon of 4~ = 0 days,
aiming to identify drivers informing on HW detection (nowcasting) up
to time scales longer than six months. The variation in sequence length
allows us to investigate drivers that maintain significant influence over
different periods within the time domain.

The achieved Fl-score dictates the optimal lag selection for each
variable. The F1-score is the harmonic mean of the measures: precision
(ratio of correctly predicted positives to all predicted positives) and
recall (ratio between the correctly predicted positives to all observed
positives) (Sasaki et al., 2007). The F1-score is widely used to assess the
quality of binary predictions (Goutte and Gaussier, 2005). In our case,
the F1-score achieved by each candidate combination of drivers served
as the fitness function for selecting optimal clustered and unclustered
variables, with their corresponding time lags and sequence length, and
other variables. To accomplish this, a deterministic and fast training
classifier, namely the popular Logistic Regressor (LR) (Kleinbaum et al.,
2002), was used (other ML algorithms were tested). When the optimiza-
tion algorithm provides a potential solution (comprising three values
per driver), the chosen time lags are concatenated into a tabular format,
and LR training is performed. This process was conducted using a Cross-
Validation (CV) approach: the entire training data is divided into five
validation folds, and the average error encountered for these folds has
been used as the fitness function of the optimization algorithm.

3.3. Machine learning classifiers

Although a fast-training ML algorithm such as LR is used dur-
ing the optimization process, a variety of more sophisticated models
are subsequently implemented to evaluate the optimal solution the
PCRO-SL algorithm provides. These models include: Light Gradient
Boosting Machine (LGBM) (Ke et al., 2017), Support Vector Classifier
(SVC) (Scholkopf et al., 2000), Decision Trees (DTs) (Loh, 2011), Ran-
dom Forest (RF) (Breiman, 2001), Gaussian Naive Bayes (GNB) (Zhang,
2004), K-Nearest Neighbors (KNN) (Mucherino et al., 2009), Adaptive
Boosting (AB) (Freund and Schapire, 1996), Multi-Layer Perceptron
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Table 2

Parameters of the experimental setup. The hyperparameters of each model are de-
scribed for the models used in this work: Light Gradient Boosting Machine (LGBM),
Support Vector Classifier (SVC), Decision Trees (DTs), Random Forest (RF), Gaussian
Naive Bayes (GNB), K-Nearest Neighbors (KNN), Adaptive Boosting (AB), Multi-Layer
Perceptron (MLP), Gradient Boost (GB), Extreme Learning Machine (ELM).

LGBM SvC

num leaves 20-200 C 0.1-1000

n estimators 50-500 Gamma 0.001-1
Kernel rbf

DT RF

ML Methods max depth 1-50 n estimators 100-600

min samples leaf 1-50 bootstraps True/False

GNB KNN

var smoothing -9-0 n neighbors 3-30

AB ELM

n estimators 50-200 n neurons 10-500

learning rate 0.001-10

GB MLP

n estimators 50-300 n layers 1-4

learning rate 0.01-0.2 n neurons 32-512

max depth 1-9 activation relu
solver adam
alpha 0.0001-0.01
batch size 16-64
learning rate 0.0001-0.01
max iters 200-600

(MLP) (Gardner and Dorling, 1998), Gradient Boost (GB) (Friedman,
2001) and Extreme Learning Machine (ELM) (Huang et al., 2006).

These methods are implemented in Python using the libraries
sklearn, skelm, and 1ightgbm. The hyperparameters of the clas-
sifiers are optimized through a random hyperparameter search, with
the parameter ranges detailed in Table 2. A five-fold cross-validation
(CV) is performed to assess model performance, and standardization of
the input variables is applied as part of the preprocessing pipeline to
ensure that features are on a comparable scale.

4. Experimental work and results

This section describes the experimental work, the results obtained,
and the corresponding discussion. First, Section 4.1 details the drivers
the optimization algorithm selects. Second, Section 4.2 shows the re-
sults provided by the ML models in the detection task. In all experi-
ments, given that the evolutionary search could account for a lead time
of up to 8 months, the first year of training data for the target variable
is excluded, resulting in a training period spanning from 1951 to 2010,
while the test period covers 2011 to 2022, comprising 18% of the total
data. The training dataset identifies optimal drivers and model training,
whereas the test dataset is reserved exclusively for evaluating model
performance.

4.1. The selected variables

The optimization algorithm is initialized once the potential predic-
tors are made up, including clusters, unclustered variables, and the
local and climate indices. The clustered variables are shown in Fig. 3.

The solution provided by the proposed method is a vector of length
3xnumber of variables. It represents the time lag, sequence length and
a binary variable with the time steps for which the variable is selected.
In this case, the forecast horizon has been set to 0 since the goal
is to validate the methodology for unveiling potential drivers before
attempting a more complex forecasting problem.

The PCRO-SL optimization algorithm is executed in ten independent
runs to prevent false positives caused by the inherent randomness
in this optimization problem. Fig. 4 shows a potential solution the
algorithm provides, corresponding to the best solution of all the runs,
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in terms of CV error. Here, in the x-axis, the 71 potential drivers are
listed. The y-axis shows the temporal scale (in days relative to the HW
occurrence). This plot highlights in blue the time steps the optimization
algorithm selects for each predictor in the case of this specific example.
The red square means that the algorithm has discarded the specific
potential driver.

Fig. 4 helps the user to interpret, visually and intuitively, the
different variables that are being chosen, as well as distinguish between
variables that have a sort term influence (in this case, T2M in the
European domain over the cluster 1, SM in the European domain,
cluster 3, and TP in the European domain over the cluster 3 (see Fig.
3), and the T2M and Z500 at the local node of Lake Como); and others
variable with a delayed impact that influence with a delay of up to 170
days (e.g. OLR over the North Atlantic domain in cluster 1).

The question that can arise when examining individual solutions is
whether or not all the selected time steps provide predictability to the
problem or whether they are noise that has been added to the truly
significant variables. To analyze this aspect, we evaluated all potential
solutions generated by each independent run of the optimization al-
gorithm. A total of 150,000 potential solutions are generated (15,000
evaluations of the fitness function x 10 independent runs). Each solu-
tion represents a combination of predictor variables, tested on the train
(by 5-fold CV) and test data. The metrics of each combination of drivers
are plotted in Fig. 5. Out of these 150,000 possible solutions, the best
10% (in terms of CV error) have been selected to analyze further the
predictor variables that provide significance for the prediction problem
under evaluation. These selected combinations are represented with red
points in the scatter plot of Fig. 5.

The best solutions are then analyzed in the frequency map reported
in Fig. 6. The darker the color, the more frequently that variable has
been selected in that time lag. Low intensity means that the correspond-
ing time step has been barely chosen among the best solutions and is
therefore considered noise.

It becomes evident that certain variables selected by some solu-
tions merely introduce noise, obscuring the truly significant variables.
Generally, the most frequently selected features are found on the short-
term and sub-seasonal time scales (i.e. <45 days). Three of the most
frequently chosen drivers all have short lag times (<20 days): T2M-
Eur-1 (the regional cluster in which the Adda basin is found), and
local values of SM and TP. These predictors are considered important
over 20 days before the event rather than the day, indicating the
importance of persisting conditions. The selection of nearby short-term
drivers is not surprising, particularly given the previously identified
roles of soil moisture and precipitation in summer temperatures (Ste-
fanon et al., 2012; Ardilouze et al., 2019). On the sub-seasonal scale,
OLR-Glo-5 (western-central Pacific; 20-30 days), Z500-Eur-2 (eastern
Mediterranean; 30-50 days), NAO and IOD (both over 20-55 days) are
the most frequently selected predictors. On the seasonal scale, Z500-
Eur-5 (North Atlantic; 70-85 days) and SST-Glo-4 (Tropical Pacific;
90-100 days) are the most selected. While the scope of this study is not
to perform a process-based study on how detected features physically
impact HW occurrence, it is shown here that the selection of some
features is at least partially supported by evidence. For other variables,
this framework may act as a first step in understanding which processes
need to be studied further.

Regional-scale atmospheric circulation is considered key, judging by
the frequent selection of Z500-Eur 2 (eastern Mediterranean; 30-50
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days) and Z500-Eur-5 (British Isles; 70-85 days). However, features
such as blocks and ridges are known to determine the occurrence
and intensity of summer HWs in the days before an event (Sousa
et al., 2018), instead of the subseasonal-to-seasonal (S2S) timescales
detected here. Meanwhile, the NAO index, representing circulation over
the North Atlantic with impacts on weather across the continent, is
also detected as an important predictor on the S2S timescale (20-55
days). Persistence of NAO (specifically, of the positive phase), and of
the blocking with which it interacts, has been found before severe
heatwave events in the region (Drouard et al., 2019; Kueh and Lin,
2020). It is unclear why NAO was also not selected in the 10 days
before HWSs. Overall, the selected circulation-based features (in z500
and NAO) likely represent precursor wave trains and potentially very
persistent blocking (Domeisen et al., 2023), but the exact mechanisms
require further inspection. This shows how the framework can provide
motivation and direction for further analysis of extreme event drivers.
Other selected features include the 10D, 20-55 days prior, another
interconnection with influences on European climate and extremes in
particular (Behera et al., 2013). Lastly, the DOY and, to a lesser extent,
the global mean atmospheric CO, concentration are widely selected
and therefore considered important for the algorithm to identify HWs,
but the selection of a specific lag time for each is considered arbitrary.
The next step involves determining the variables that contribute
robustly as potential drivers. For this purpose, a threshold has been
established in the frequency map of the selected variable, such that
only those time steps of each variable selected more frequently than the
threshold are considered. As the threshold value increases, the number
of predictor variables considered decreases, ultimately isolating those
consistently present variables in nearly all of the best solutions. The
impact of varying the input variables on classifier performance can
be observed in Table 3, which presents the evolution of the F1-score
metric on the test dataset as the threshold increases. The threshold
is expressed in percentiles: for instance, a threshold of 0.5 indicates
selecting features that appear in at least 50% of the solutions depicted
in the heat map shown in Fig. 6. Fig. 7 depicts how the performance of
the LR classifier improves with the threshold until an upper limit (0.85,
i.e. 85% of the time is selected), beyond which predictions worsen.
The group of input variables that are involved in the optimum
threshold (0.85, Fig. 8(c)) is the same as previously indicated when

Table 3
Evolution of test Fl-scores when increasing the agreement threshold in the selected
drivers across the experiments.

Threshold Test Fl-score CV Fl-score N° of features
0.50 0.6785 0.6374 585
0.75 0.7389 0.6377 214
0.85 0.7615 0.6475 146
0.95 0.7462 0.6147 105
0.76 —e— Test
0.741 cv
o 0.724
5 0.701
2 0.68
[, 0.66
0.641 o
0.621
0.5 0.75 0.85 0.95

Threshold

Fig. 7. Evolution of test Fl-scores in HW detection when increasing the agreement
threshold (reducing the number of selected drivers).

analyzing Fig. 6, with some variables concerning the local conditions
at short term, and other variables involving broader geographical scales
and remote regions with predictive skill on the medium and long ranges
(e.g. SSTs).

4.2. Results for different machine learning models

Finally, the optimum combination of drivers, corresponding to a
threshold equal to 0.85, is used to train a pool of ML classifiers (Sec-
tion 3.3). The test error metrics for these methods are shown in Table 4.
The predictive results provided by the best-performing model, GB (an
Fl-score of 0.7906), are further detailed. Firstly, Fig. 9 illustrates the
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Table 4

Test error metrics for the different ML classification methods assessed, considering
the HW index as the target variable. Models are trained with the selected features
corresponding to threshold 0.85.

Recall Precision F1-score
LR 0.7436 0.7803 0.7615
LGBM 0.7094 0.8177 0.7597
SvC 0.7051 0.7933 0.7466
DT 0.7350 0.7818 0.7577
RF 0.6068 0.8658 0.7136
GNB 0.9658 0.3435 0.5067
KNN 0.0983 0.7931 0.1749
AB 0.7009 0.7923 0.7438
MLP 0.6966 0.7376 0.7165
GB 0.7906 0.7906 0.7906
ELM 0.1752 0.7736 0.2857

strong performance of the classification task, highlighting the model’s
ability to accurately detect HW days across the test domain. Although
some false alarms are present (instances where the model predicts
an HW event that does not occur) the majority of actual HW events
are successfully captured. Furthermore, in order to assess the model’s
temporal consistency, Fig. 10 presents the aggregated HW events at
both monthly and yearly resolutions, comparing the actual number of
HW occurrences with the corresponding predictions from the GB model.
A high correlation is observed between the actual and predicted time
series at both time scales, supporting the model’s reliability over time.

5. Conclusions and further research

Understanding the drivers behind the formation of Heatwaves
(HWs) is vital to enhance our ability to anticipate, forecast and mit-
igate the impacts of these extreme events, ultimately reducing the
risks to human health, economies, and ecosystems. Researchers can
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develop more sophisticated models that improve predictive capabil-
ities by recognizing the complex interactions between atmospheric
conditions, oceanic patterns, and terrestrial processes. This enhanced
understanding also informs the development of effective adaptation and
mitigation strategies, ensuring societies are better equipped to handle
the increasing frequency and severity of HWs driven by climate change.

This study proposes a comprehensive framework to investigate the
interactions between HWs and potential physical drivers across multi-
ple spatio-temporal scales (STCO-FS). The proposed methodology fol-
lows a two-phase approach: initially, a clustering algorithm is applied
to reduce spatial dimensionality by grouping similar time series data
from the ERAS5 reanalysis database. Additional variables, such as cli-
mate indices and local meteorological factors, are then incorporated
into the database. In the second phase, a multi-method ensemble evolu-
tionary algorithm (PCRO-SL) identifies significant periods and clusters
relevant to HW occurrences. This approach determines which variables
are crucial for HW prediction and the specific time frames in which they
are most influential, distinguishing between short-term and long-term
drivers.

The framework has been successfully applied to an agriculturally
intensive region in North Italy, demonstrating its ability to detect
key HW drivers effectively. A standard definition of HW has been
considered. Regarding the potential drivers considered, 8 variables
covering different geographic domains, together with three climate
indexes (ENSO, NAO and IOD) and local meteorological conditions,
have been incorporated into the study. The results indicate strong HW
detection capabilities, with nowcasting error metrics of 0.8363.

For the specific drivers identified in each case, relationships have
been established between the occurrence of heat waves and various
variables across different spatio-temporal scales. The key selected pre-
dictors for the Adda River basin are regional-scale temperature and
atmospheric circulation in the 20 days before the event and ENSO, 10D
and NAO on sub-seasonal to seasonal timescales. While some of these
connections have been suggested in previous work, this study indicates
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the locations and time frames in which specific mechanisms can be
studied and is thus a powerful tool and first step in understanding
processes and predictability.

The proposed method offers a series of advantages that are outlined
as follows: (1) It enables the discovery of new potential drivers in both
temporal and spatial domains simultaneously; (2) By grouping meteo-
rological variables into clusters, the dimensionality of the problem is
significantly reduced, and the level of granularity can be adjusted as a
parameter of the algorithm; (3) Encoding the problem by establishing
lag time and the length of the selected window for each predictor vari-
able reduces the dimensionality in the time domain, thereby simplifying
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the evolutionary process; (4) The use of a robust evolutionary algorithm
(PCRO-SL), along with a fast, efficient, and deterministic classifier,
allows the resolution of a complex optimization problem within a short
period.

We also highlight some potential weak aspects of the proposed
approach, which could be further studied and improved. First, note
that the proposed method does not present a physical relationship
between the occurrence of heatwave and heatwave drivers, i.e., it does
not explain the link between predictor and target but only identifies
it (which is also an important step for future studies of mechanisms
and processes). The clustering task could also be improved with other
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methods or including some other metrics in the measurement of the
distance between samples since the regions are defined based on the
climatological behavior of the predictor fields, with little information
about the target (local heatwaves) and the relationships between the
predictors (e.g., non-stationary interactions, the multiplicity of optimal
solutions depending on the state of specific drivers, etc.)

Future lines of research will focus on several key areas. First, the
framework will be extended to predict HWs with a longer prediction
horizon (i.e., S2S) and to tackle predicting the number of HWs on a
seasonal scale. Additionally, future research will examine how the se-
lected drivers vary depending on the region under investigation and the
data they are applied to (e.g., historical or future climate simulations).
This continued research will further enhance the predictive power
and applicability of the framework, contributing to more effective HW
management and mitigation strategies. Moreover, given the flexibility
and modularity of the framework, both predictors and target data
can be changed, meaning it can be applied to other extremes with
ease. Finally, following a previous note on potential weaknesses on
the method, how the clusters are created can also be analyzed and
improved. Unconnected clusters often arise from variability unrelated
to the seasonal cycle. (i.e. not removed when calculating the anomaly).
A new way to avoid this is being under study.
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