
            

LETTER • OPEN ACCESS

Tracking shifts in European drought hotspots
To cite this article: Martina Merlo et al 2026 Environ. Res. Lett. 21 064006

 

View the article online for updates and enhancements.

You may also like
JWST Observations Rule Out 2032 Lunar
Impact for Asteroid 2024 YR4
A. S. Rivkin, J. de Wit, M. Micheli et al.

-

A Strong Anticorrelation between Sunspot
Maximum and the Lead Time from
Hemispheric-average First-spot
Emergence to Maximum Epoch:
Significant Only in Even Cycles?
Jean-Guillaume Richard

-

Photometric Study of Type Ibn SN
2022ablq Based on g, r, i-band
Observations
M. Soliman, F. Kerrache, K. A. K. Gadallah
et al.

-

This content was downloaded from IP address 91.192.31.252 on 23/03/2026 at 09:30



Environ. Res. Lett. 21 (2026) 064006 https://doi.org/10.1088/1748-9326/ae4ca7

OPEN ACCESS

RECEIVED

13 November 2025

REVISED

2 March 2026

ACCEPTED FOR PUBLICATION

3 March 2026

PUBLISHED

17 March 2026

Original content from
this work may be used
under the terms of the
Creative Commons
Attribution 4.0 licence.

Any further distribution
of this work must
maintain attribution to
the author(s) and the title
of the work, journal
citation and DOI.

LETTER

Tracking shifts in European drought hotspots
Martina Merlo1, Matteo Giuliani1,2,∗, Yiheng Du3, Ilias Pechlivanidis3 and Andrea Castelletti1,2
1 Department of Electronics, Information, and Bioengineering Politecnico di Milano, Milano, Italy
2 CMCC Foundation—Euro-Mediterranean Center on Climate Change, Milano, Italy
3 Hydrology Research Unit, Swedish Meteorological and Hydrological Institute (SMHI), Norrköping, Sweden
∗ Author to whom any correspondence should be addressed.

E-mail: matteo.giuliani@polimi.it

Keywords: drought detection, climate change, machine learning, impact-based combined drought indices

Supplementary material for this article is available online

Abstract
Drought is a complex hazard with far-reaching socio-economic and ecological impacts that are
often inadequately captured by conventional indices based solely on hydroclimatic anomalies.
To bridge this gap, this study develops novel impact-based combined drought indices (iCDIs)
that directly relate hydroclimatic drivers to remotely sensed vegetation stress, here used as a proxy
for observed agricultural impacts. The proposed framework employs a machine learning frame-
work to optimize the selection of hydroclimatic predictors including precipitation, temperature,
and soil moisture across distinct hydrological clusters of the European domain. This bottom-up
machine learning-based approach outperforms traditional indices in reproducing observed vegeta-
tion responses across European river basins. Crucially, future projections of iCDIs under warming
scenarios unveil a distinct northward shift in drought impacts, with Central Europe emerging as
an increasingly vulnerable hotspot. Notably, this contrasts with patterns suggested by standardized
indices, which typically emphasize Mediterranean regions as the primary areas of concern. This
spatial reconfiguration of risk underscores the urgency of adopting impact-oriented drought dia-
gnostics to support climate-resilient planning and adaptive risk governance in a rapidly changing
climate.

1. Introduction

Drought is a slow-onset natural hazard affecting all
climatic regions, with wide-ranging socio-economic
and ecological consequences. It propagates through
the hydrological cycle, from precipitation deficits
to soil moisture depletion, reduced streamflow, and
groundwater decline, often intensified by rising
temperatures [1, 2]. Its gradual onset, long dur-
ation, and spatially heterogeneous impacts have
hindered the formulation of a unique and operational
definition [3], leading to multiple drought charac-
terizations depending on the variable and time scale
considered [4–7].

The impacts of drought events extend across
many water-dependent sectors, including agricul-
ture, industry, energy, and public supply [7, 8],
with severe associated economic losses estimated at
€9 billion per year in the EU and UK (1981–2010

baseline) [9]. Among the affected sectors, agricul-
ture and vegetation-dependent ecosystems are par-
ticularly vulnerable, as they respond rapidly to water
stress through reduced photosynthetic activity, yield
losses, and increased vegetation mortality [10–12].
Recent European droughts, such as those in 2018 and
2022, have shown how vegetation stress cascades into
major socio-economic impacts, disrupting food pro-
duction, forestry, and rural economies. With global
warming projected to intensify drought severity [13–
15], the ability to detect, quantify, and predict vegeta-
tion stress becomes central to drought risk assessment
and adaptation planning. Annual drought-related
damages in the EU and UK are projected to reach
€24.7 billion and €45.4 billion by 2100 under 1.5 ◦C
and 3 ◦C warming levels, respectively, an increase of
170% and 400% relative to the historical baseline, a
large share of which is expected to stem from agricul-
tural and ecosystem losses [9].
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To reduce these costs, the first crucial step is
to characterize the drought itself. Effective drought
characterization enables the development of early
warning systems and risk analysis, thereby improv-
ing preparedness and adaptation strategies [16, 17].
Various methodologies exist for this purpose, with
drought indices being among the most widely used.
Model-based indices (e.g. the palmer drought sever-
ity index, [18]) and statistical drought indices (e.g.
standardized precipitation index, SPI [19]); stand-
ardized precipitation and evapotranspiration index,
SPEI [20]; standardized streamflow index, SSI [21];
soil moisture anomaly, SMA [22]) are designed to
describe hydroclimatic anomalies by measuring the
departure of a physical variable from its histor-
ical norm. However, these anomalies are not neces-
sarily representative of actual drought impacts. In
many cases, the drought signal is decoupled from
meteorological drivers, particularly in highly regu-
lated systems where water storage, allocation rules,
and human interventions can delay, attenuate, or
redistribute effects across time and space [23, 24].
To overcome the limitations of univariate indices,
multivariate drought indices have been proposed
to integrate multiple hydroclimatic variables into a
single metric, thereby providing a more comprehens-
ive representation of drought evolution. Examples
include the multivariate standardized drought index
([25]), the hybrid drought index ([26]), and com-
bined drought index (CDI [27]). Although these
approaches better capture compound drought condi-
tions, they generally remain impact-agnostic, as they
rely on predefined combinations of physical variables
and rarely incorporate direct observations of ecosys-
tem or socio-economic responses.

Remote sensing-based indices provide a comple-
mentary approach, offering a powerful tool for large-
scale, (near) real-time monitoring of drought evol-
ution and, potentially, associated impacts. Metrics
like the fraction of absorbed photosynthetically act-
ive radiation anomaly (FAPAN) and the normal-
ized difference vegetation index offer global cover-
age and long-term consistency, enabling retrospective
analyses of drought-induced vegetation stress [28].
However, while these indices effectively track envir-
onmental responses to drought, translating them into
actual socio-economic or ecological impacts remains
a challenge due to the scarcity and inconsistency of
impact data. Databases such as (emergency events
database [29]), GDIS (geocoded disasters dataset
[30]) and (European drought impact database [31]),
as well as more recent text mining approaches [32],
aim at documenting drought-related damages, but
they are still limited in terms of temporal resol-
ution and sectoral detail needed for developing a
solid drought risk assessment.Moreover, both remote
sensing indices and impact data remain constrained
to real-time monitoring and retrospective analysis,

without the capability to project future drought con-
ditions and inform adaptation design.

This paper addresses the limitations of exist-
ing drought indices by leveraging machine learn-
ing (ML) algorithms to design a set of impact-based
combined drought indices (iCDIs) and to project
their spatiotemporal evolution under future warm-
ing scenarios, thereby tracking shifts in European
drought hotspots. In this study, hotspots are defined
as regions experiencing the most severe and recur-
rent drought impacts, as represented by the iCDIs.
Instead of categorizing drought into specific types,
these indices focus on the cumulative consequences
of combined hydroclimatic stressors. To do so, they
integrate ML with remote sensing and hydroclimatic
data, describing drought impacts in a river basin
as a function of a subset of informative hydrocli-
matic drivers, selected using feature-extraction tech-
niques. Recent advances inML significantly improved
drought analysis by enabling the processing of large,
multi-variable datasets (including satellite imagery,
weather stations, and historical climate records),
uncovering patterns and relationships that traditional
methods might overlook, and extracting key features
that enhance the accuracy of drought assessments
[33, 34]. Although ML-based methods have demon-
strated their potential in drought forecasting [35–
37], a major challenge remains in connecting these
predictions to real-world impacts. Here, we use the
framework for index-based drought analysis (FRIDA
[38]), a methodology that relies on the wrapper for
quasi-equally informative subset selection [39, 40] to
fully automate and generalize the variable selection
process for constructing basin-specific indices that
effectively support the characterization of drought
conditions and their associated impacts. In con-
trast to typical top–down approaches, which assume
that the drought processes and drivers are known,
FRIDA contributes a bottom-up perspective starting
from observed impacts to identify relevant drought
drivers and formulate indices [41]. Specifically, we
use the remotely sensed FAPAN as the target vari-
able, indicating vegetation stress. Future drought
impacts are further explored under warming scen-
arios using two regional climate projections from the
EURO-CORDEX ensemble addressing wet and dry
conditions.

2. Methods

2.1. Standardized drought indices
Drought detection is traditionally based on the ana-
lysis of multiple standardized drought indices, each
representing the conditions of distinct components
of the hydrological cycle (e.g. precipitation, soil
moisture, streamflow) and associated with specific
drought types [16]. These indices quantify statistical
anomalies relative to long-term climatology at a given
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location and time period, providing a probabilistic
measure of drought severity.

In this study, we calculate eight drought indices
at a monthly resolution over the period 1993–2018
across 35 408 basins spanning the pan-European
domain:

• SPI at 1 month (SPI-1) and 3 month (SPI-3)
timescales.

• SPEI at 1 month (SPEI-1) and 3 month (SPEI-3)
timescales.

• SMA at 1 month (SMA-1), 3 month (SMA-3), and
6 month (SMA-6) timescales.

• SSI at a 6 month timescale (SSI-6).

All indices are computed following a standardized
three-step procedure involving aggregation, distribu-
tion fitting, and normalization to a standard normal
variable. Detailed information is provided in supple-
mentary text S1.

Each index reflects different drought character-
istics and potential impacts: SPI and SPEI, which
characterize meteorological drought, are typically
computed at short accumulation periods, captur-
ing immediate impacts. SSI, linked to streamflow,
characterizes hydrological drought, which evolves
over longer timescales. SMA represents agricultural
drought, which develops on intermediate time peri-
ods. Following McKee et al [19], a drought event is
defined as a period duringwhich a standardized index
remains below−1 for at least two consecutivemonths
ending when it rises above 0.

Computation of these indices requires hydro-
climatic time series. Here, we used precipitation
and temperature data fromHydroGFD (Hydrological
Global Forcing Data) version 2.0 reanalysis [42]
combined with simulations of evapotranspiration,
streamflow, and soil moisture from the European
Hydrological Predictions for the Environment model
(E-HYPE [43]) forced with HydroGFD2.0. Detailed
information is available in the supplementary text S2.
Building on the work by Pechlivanidis et al [44], the
35 408 E-HYPE basins were clustered based on their
hydrological behavior. This process involved categor-
izing 15 model-based hydrological signatures, res-
ulting in 11 clusters of varying sizes and distribu-
tions of these signatures (figure S1 in supplementary
material).

2.2. FRIDA
The (FRIDA [38]) was developed to identify and
model the links between hydroclimatic variability
and vegetation response. The framework integrates
multiple standardized drought indices and vegetation
anomaly data to quantify drought impacts and to
derive new iCDIs that can be projected under future
climate scenarios. By explicitly learning the statistical
relationships between climatic drivers and observed

vegetation stress, FRIDA aims to enhance drought-
impact detection beyond what is achievable with tra-
ditional standardized indices alone.

FRIDA is structured into three main steps (a sim-
plified diagram illustrating the logical flow of these
steps is provided in figure S2 of the supplementary
material):

1. Identification of basin characteristics
The first step of FRIDA involves selecting a target vari-
able to represent drought impacts and assembling a
dataset of candidate predictors. In this study, we use
the FAPAN index, a standardized anomaly of the frac-
tion of absorbed photosynthetically active radiation
(FAPAR) monitored by the European drought obser-
vatory, as a proxy for agricultural drought impacts.
Crucially, FAPAN is computed by rescaling FAPAR
values against their local, time-varying climatology.
This pixel-based standardization effectively homo-
genizes the drought stress signal across diverse biomes
and growth stages, allowing for a consistent compar-
ison of relative stress regardless of the specific vegeta-
tion type or absolute productivity. Based on an ana-
lysis of the time-series distributions, we adopted a
threshold of −0.5 to identify impactful events across
both historical and future time horizons. Detailed
information regarding the FAPAN index is provided
in the supplementary text S3.

The dataset of candidate predictors includes
both hydro-meteorological variables and standard-
ized indices. In particular, we consider 4 hydro-
meteorological variables: precipitation, precipitation
minus potential evapotranspiration (PET), soil mois-
ture and streamflow. These variables represent the
input for the calculation of the drought indices under
analysis. Each of these has been aggregated over 1 and
3 months, except for soil moisture and streamflow
which have been also aggregated over 6 months. This
temporal aggregation of the variables is implemented
as a cumulated value for precipitation and precipit-
ation minus evapotranspiration, while the average is
considered for soil moisture and streamflow. In addi-
tion, we also include in this dataset 8 different stat-
istical indices, namely: SPI-1, SPI-3, SPEI-1, SPEI-3,
SMA-1, SMA-3, SMA-6 and SSI-6. Longer SSI accu-
mulation periods were initially tested but eventually
excluded as preliminary feature selection showed they
provided no additional explanatory power (see figure
S3 in supplementary material for an example).

The resulting dataset is therefore composed of
18 features (table S1 in supplementary material).
To align the different spatial scales, all hydro-
meteorological variables, standardized indices, and
FAPAN values were spatially aggregated for each of
the 11 clusters. Moreover, since the FAPAN index is
available only from the middle of 2001, the length
of the time series is equal to 210 samples (July
2001–December 2018). This window represents the
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maximum available record for consistent satellite-
derived FAPAR observations, yet it encompasses sev-
eral major extreme events necessary for robust model
training.

2. Feature extraction
The second step of FRIDA focuses on selecting
the most relevant subsets of predictors that best
explain the target variable. This is achieved using the
wrapper for quasi-equally informative subset selec-
tion (W-QEISS [39, 40]; see supplementary text
S4 for a more detailed description). The wrapper
selects Pareto-efficient subsets of predictors based
on four metrics—accuracy, cardinality, relevance and
redundancy—using the Borg multi-objective evolu-
tionary algorithm [45]. The iterative search concludes
uponmeeting the termination criterion, i.e. the num-
ber of iterations. Low-accuracy solutions are excluded
from the pool of Pareto-efficient subsets, resulting in
a set of quasi-equally accurate subsets.

3. Drought index modeling
In the final step, a regression model is fitted to the
optimal solution identified within the quasi-equally
accurate subsets. The choice of the model class is
guided by the specific application requirements, bal-
ancing accuracy, interpretability and flexibility. To
this end, different model structures were considered,
including artificial neural networks (ANNs), extreme
learning machines (ELMs), and linear models. ANNs
offer a strong balance between accuracy and flexibility
[46] and remain a cornerstone for identifying com-
plex non-linearities between hydroclimatic drivers
and vegetation response [47]. However they are often
criticized for their black-box nature, which limits
interpretability [48]. ELMs, as a variant of ANNs,
provide fast training times while maintaining good
predictive performance [49], demonstrating high
efficiency in the characterization of drought events
[50]. In contrast, linearmodels aremore interpretable
and have immediate physical meaning, though they
generally have lower approximation capabilities [51].
The final iCDI for each cluster was derived from the
model structure that best reproduced the observed
FAPAN trajectory using the predictor variables selec-
ted by W-QEISS. The performance of the new index
was evaluated based on the correlation between pre-
dicted and observed FAPAN values, ensuring a reli-
able representation of drought impacts on vegetation.

2.3. Climate projections
Future drought impacts were assessed using two
end-member GCM–RCM combinations from the
EURO-CORDEX ensemble based on CMIP5, selec-
ted to bracket the range of plausible hydroclimatic
conditions: ICHEC-EC-EARTH—RACMO22E (wet
scenario) and MPI-M-MPI-ESM-LR—REMO2009
(dry scenario). The rationale for using the CMIP5
ensemble, along with detailed information on climate

model selection and bias-adjustment procedures, is
provided in the supplementary text S5.

Projections were limited to 2050 to maintain
consistency with current vegetation-climate relation-
ships. This choice avoids uncertainties introduced
by long-term adaptation processes (e.g. land-use
change or shifts in crop types), which are expected to
become more relevant toward the end of the century.
Moreover, to mitigate the risk of out-of-distribution
extrapolation, the iCDI was recalibrated for future
applications using a joint normalization of combined
historical (2002–2018) and projected (2019–2050)
trajectories.

3. Results

3.1. Limited detection of drought impacts using
standardized indices
To assess the ability of traditional indices to detect
drought events and their impacts, we first com-
puted a suite of standardized indices (section 2.1) to
cover the diverse dynamics of meteorological, agri-
cultural and hydrological droughts. A comparison
of drought occurrence (figure S15 in supplement-
ary material) and average duration (figure S16 in
supplementary material) across the pan-European
domain shows that all indices consistently identify
the Baltic Sea region and as experiencing the longest
drought between 1993 and 2018.However, the indices
show less agreement in capturing drought frequency
across Europe. While there is broad coherence in
identifying Southern England, Northern France, and
Northern Italy as drought-prone regions, other areas,
such as Southern Spain, exhibit substantial vari-
ability among indices. This variability reflects the
multi-faceted nature of droughts, as each standard-
ized index emphasizes different variables and accu-
mulation periods, leading to distinct and often non-
overlapping representations of drought occurrence
and duration when considered individually.

To further assess the ability of traditional drought
indices to capture impacts, we used FAPAN as a proxy
for agricultural stress. The reliability of this proxy was
validated by comparing FAPAN data with drought
events (crop failures and food shortages) reported in
the GDIS database (2001–2018), showing a strong
correspondence betweennegative anomalies anddoc-
umented losses. This is consistent with previous evid-
ence on the sensitivity of FAPAR-based metrics to
drought-induced reductions in vegetation productiv-
ity and yields [52]. Detailed validation against spe-
cific GDIS events, including the 2007 pan-European
drought and events in East Africa, is provided in sup-
plementary figure S17.

Using FAPAN as a benchmark, our results provide
quantitative evidence of the limited ability of indi-
vidual standardized indices to capture drought
impacts, with averagemaximumcorrelations remain-
ing below 0.25 and never exceeding 0.40 (figure 1).
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Central Europe exhibits the highest correlation levels,
while the Alpine arc, the Mediterranean region, and
the far eastern part of Europe show values not exceed-
ing 0.12.

Notably, this analysis uses the best-performing
index for each cluster; any other choice of stand-
ardized index would yield even poorer results. For
instance, in countries with warm and temperate
Mediterranean climate (i.e. Spain, Italy, Albania and
Greece), the Pearson correlation coefficient drops to
just 0.004 when the least effective standardized index
is considered (see the example in figure S18 in sup-
plementary material). Overall, these results demon-
strate the very limited ability of traditional stand-
ardized indices to detect drought related impacts on
vegetation.

3.2. iCDIs
Given the low correlation between standardized
indices and observed impacts (figure 1), we applied
FRIDA (section 2.2) to derive iCDIs. FRIDA employs
automated feature-extraction algorithms to identify
the most informative combinations of predictors for
modeling drought impacts. Predictor selection was
performed independently for each cluster of sub-
basins, yielding multiple quasi-equally informative
subsets of predictors (figures S4–S14 in supplement-
ary material). For example, 13 alternative predictor
subsets were identified in the case of Cluster 7 (figure
S4). Among these, subset 9 was selected as the pre-
ferred solution, as it combines high predictive accur-
acy with high predictor relevance and low cardinal-
ity. This subset includes the SPI and SMA aggreg-
ated over one month (SPI-1 and SMA-1 respectively)
as the most relevant predictors, along with the mean
soilmoisture aggregated over 6months (meanSRFF6)
and the SPI-3. The prominence of short-term pre-
dictors reflects the strong influence of rapid precip-
itation and soil moisture dynamics in this cluster,
which is characterized by high runoff coefficients
and low actual evapotranspiration, resulting in fast
hydrological responses [44]. Importantly, this selec-
tion does not reflect the physiology of a specific
vegetation type, but rather indicates that in these
basins any short-term water deficit rapidly translates
into departures from normal photosynthetic activity
across vegetation types. Moreover, it is important to
note that while the standardized indices show limited
skill when used individually (figure 1), their relev-
ance emerges when these selected indices are jointly
combined with other hydroclimatic variables, allow-
ing the iCDI to capture the compound nature of
impact-driven drought dynamics. Similar interpret-
ations apply to the remaining clusters (figures S5–S14
in supplementary material). Using the selected pre-
dictors for each cluster, we formulated the iCDI as a

feed-forward neural network with the model’s archi-
tecture tuned to each cluster of basins (table S2 in
supplementary material). The resulting iCDIs attain
an average correlation of 0.61 over the pan-European
domain (figure 2), corresponding to an improve-
ment of 0.35 over the use of standardized indices (see
figure S19 in supplementarymaterial for the Cluster 7
temporal trajectories).

3.3. Evolution of drought impacts under projected
climate
Building on the high skill of iCDI in modeling the
observed FAPAN dynamics, we extend its applica-
tion to project future drought impacts under differ-
ent climate change scenarios (section 2.2). Under the
RCP4.5 scenario, Central Europe emerges as a clear
hotspot of increasing vulnerability, with a marked
escalation in drought impact frequency (figure 3).

This signal contrastswith themore heterogeneous
patterns observed in Northern and Southern Europe.
In the north, a distinct east–west dipole is evident;
western Norway is projected to experience a reduc-
tion in impact frequency, while eastern regions show
an opposite trend. In Southern Europe, changes are
spatially fragmented, with clusters of both increasing
and decreasing impact frequency interspersed across
the region. Notably, the Alpine arc stands out as a
zone of decreasing drought impact frequency, diver-
ging from the surrounding regions. The most pro-
nounced rise in event frequency relative to histor-
ical levels is observed in Cluster 8, spanning tem-
perate, continental Central Europe, with+515% and
+542% under the wet and dry models, respectively.
In addition, areas that historically exhibited no sig-
nificant drought impacts, such as Eastern Ukraine
and southeastern Russia (Cluster 11; hydrological
regime is affected by human impacts, i.e. irrigation),
show a clear upward trend in future projections. By
contrast, only a few clusters exhibit a reduction in
event frequency relative to historical levels, and these
reductions are bothmodest and spatially limited. The
most marked decrease occurs in Cluster 10, mainly
covering Mediterranean countries such as Portugal,
Spain, Greece, and Turkey, with projected declines
of −100% and −76% under the wet and dry mod-
els, respectively. However, these reductions remain
minor when compared to the widespread and sub-
stantial increases across most regions. Overall, our
findings reveal a clear and spatially consistent intens-
ification of drought impacts under RCP4.5, a pattern
that holds across RCP2.6 and RCP8.5 scenarios as
well (figures S20 and S21 in supplementary material),
with RCP8.5 amplifying themagnitude of change and
RCP2.6 showing more moderate but still concerning
increases.

A different spatial pattern emerges when con-
sidering the SPEI-1 projections, a commonly used
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Figure 1. Detection of drought impacts using standardized indices. The map shows 11 clusters of the 35 408 basins colored
according to the highest correlation values achieved by any standardized drought indices with the observed FAPAN (vegetation
stress as drought impact proxy).

Figure 2. Detection of drought impacts using iCDI indices. The map shows 11 clusters of the 35 408 basins colored according to
the correlation values between the proposed FRIDA-designed iCDI indices and the observed FAPAN (vegetation stress as drought
impact proxy).

index for drought assessments. While our iCDIs
identify Central Europe as the most critical hot-
spot of increasing drought impacts, SPEI-1 high-
lights the Mediterranean region as being at highest
risk (figure 4). This apparent discrepancy is driven
by the temperature-induced increase in PET, which

lowers SPEI-1 values in the Mediterranean without
necessarily translating into vegetation stress. This
gap between meteorological variables and observed
impacts can be partly explained by the presence of
water infrastructures. To verify this hypothesis, we
quantified the influence of humanwatermanagement
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Figure 3. Projected vs. historical FRIDA iCDI results under RCP4.5: Percentage change in the frequency of drought impact events
between the future period (2019–2050, RCP4.5 scenario) and the historical baseline (2002–2018). The upper panel corresponds
to the wettest EURO-CORDEX climate model, and the bottom panel to the driest model. Cluster 11, which had no impact events
in the historical period, is masked (shown in gray) to avoid misinterpretations from numerical artifacts.

using the degree of regulation (DoR), defined as
the ratio between total reservoir storage capacity
and mean annual inflows in each sub-basin [44].
Considering only regulated basins (DoR > 0),
the Mediterranean region (i.e. Clusters 7–5–10–
11) shows substantially higher regulation intens-
ity than Central Europe (i.e. Clusters 1–8–9), with

a mean DoR of 5.79 compared to 2.93. The spa-
tial distribution of DoR among regulated basins
(figure S22) confirms a concentration of strongly
regulated catchments across the Mediterranean
arc, consistent with independent irrigation
data from the European Irrigation Map 2010
(EIM2010 [51]).
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Figure 4. Projected vs historical SPEI-1 results under RCP4.5: percentage change in the frequency of drought events (as identified
by SPEI-1) between the future period (2019–2050, RCP4.5 scenario) and the historical baseline (2002–2018). The upper panel
shows results for the wettest EURO-CORDEX model, and the bottom panel shows results for the driest model.

These findings suggest that the weaker correlation
between SPEI-1 and observed vegetation anomalies
in the Mediterranean does not imply lower drought
risk, but rather reflects the buffering effect of irrig-
ation and reservoir infrastructure, which can sus-
tain vegetation activity under negative climatic water

balances. In contrast, Central European basins, char-
acterized by more diffuse and less intensive regu-
lation, remain more directly exposed to hydrocli-
matic stress, explaining why iCDI projections identify
them as emerging hotspots of vegetation drought
impacts.

8
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4. Discussion and conclusions

This study proposes iCDIs that can characterize the
observed vegetation stress across the pan-European
domain and project future drought impacts under
different climate change scenarios. Numerical results
show that our approach successfully constructs a new
drought index that aligns much more closely with
the observed FAPAN trajectory. Moreover, the iden-
tification of the main predictors of drought condi-
tions contributes to obtain a better understanding
of the complex dynamics of drought events and
resulting impacts. Notably, iCDI projections indic-
ate that Central Europe will suffer the most severe
drought impacts, in contrast to traditional indices
which identify the Mediterranean as the key hotspot.

Despite promising results, several limitations
remain. First, FAPAN was selected as the target vari-
able as it provides an objective and spatially con-
tinuous representation of vegetation stress across
Europe, addressing the well-known limitations in res-
olution and coverage of traditional socio-economic
drought impact databases. However, this proxy also
introduces specific uncertainties. While negative
FAPAN anomalies are a robust indicator of reduced
photosynthetic activity, they are not exclusively
caused by drought. Other disturbances, such as pest
infestations, plant diseases, or extreme heatwaves
occurring independently of significant water defi-
cits, can also trigger vegetation stress signals. These
confounding factors may introduce noise into the
training of the iCDI, potentially leading the model
to associate certain vegetation responses with hydro-
climatic drivers even when other ecological pressures
are dominant. By acknowledging these non-drought
signals, we emphasize that our impact-based indices
might capture a broad spectrum of environmental
stress. Future research should focus on integrat-
ing multi-source impact data to better disentangle
drought-specific responses from other biotic and
abiotic stressors, further enhancing the robustness
of the iCDI framework. However, this remains a sig-
nificant challenge, as existing databases (e.g. GDIS)
often report drought as a single, large-scale aggreg-
ate event, lacking the spatial and temporal gran-
ularity required for the calibration of data-driven
models.

Second, our analysis was conducted using hydro-
logically defined clusters [44]. These clusters cat-
egorize the river systems according to their dom-
inant hydrological processes, meaning they capture
the underlying hydroclimatic predictors of drought
conditions. While this ensures physical homogen-
eity, it may not perfectly align with specific veget-
ation patterns, meaning a single cluster might host

diverse land-use types [51]. However, this potential
mismatch is mitigated by the use of FAPAR anom-
alies as the target variable: by rescaling the vegeta-
tion response against its own local climatology, we
account for the intrinsic differences in land-cover
types, focusing on their relative stress rather than
absolute productivity. Future research could explore
multi-criteria clustering, integrating both hydrolo-
gical signatures and vegetation phenology, to bet-
ter capture the direct biological and socio-economic
consequences of drought.

Lastly, while selecting the wettest and driest mem-
bers of the EURO-CORDEX ensemble effectively
brackets the potential range of future impacts, it
does not fully capture the entire ensemble variability;
future work should therefore incorporate the remain-
ing GCM–RCM combinations to provide a compre-
hensive probability distribution of risks, potentially
leveraging the latest CMIP6 projections. In addi-
tion, while we employed a joint normalization and
recalibration strategy to mitigate the uncertainties
related to future climate conditions falling outside
historical ranges [53], as climate extremes intensify,
all models may still encounter unprecedented con-
ditions for which no analogues exist in the train-
ing data. Longer time series of impact observations
would therefore be instrumental to improve model
robustness and capture rare or emerging drought
dynamics.

Despite these limitations, our findings demon-
strate the value of integrating ML with remote
sensing and hydroclimatic data to build more
realistic and actionable drought indices as tradi-
tional indices often fail in capturing the actual
impacts. Notably, while the proposed iCDIs focus
on vegetation stress, our approach is generic and
can capture drought impacts across different socio-
economic sectors. Shifting to impact-based drought
analysis can substantially enhance early warning
systems and resilience planning, particularly as
Europe faces a shifting and intensifying drought risk
landscape.
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