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Abstract. The Sahel region faces increasing drought vari-
ability, driven by complex interactions between climatic in-
dices and hydrological extremes. This study explores the
correlation between the Standardized Precipitation Evapo-
transpiration Index (SPEI) and multiple climatic indices —
including the Global Mean Temperature (GMT), Indo-
Pacific Warm Pool (IPWP), Atlantic Multidecadal Oscilla-
tion (AMO), and North Tropical Atlantic Index (NTA) —
using trend analysis, cross-correlation, and an innovative
SHAP-driven (SHapley Additive exPlanations) clustering
approach. The Seasonal Kendall (SK) test identified statis-
tically significant decreasing SPEI-12 trends in 57.5 % of the
grid cells, especially in the western (Senegal, Mauritania)
and southeastern Sahel (South Sudan), while 19.3 %, mainly
in central-western areas (Burkina Faso, Niger), showed sig-
nificant increases. Correlation analysis revealed strong nega-
tive relationships between SPEI-12 and GMT (up to — 0.76)
and IPWP (—0.71), underscoring their role in drought inten-
sification. Conversely, AMO (0.40) showed a positive cor-
relation, meaning that during its warm phase rainfall tends
to increase, alleviating drought severity, while its cold phase
intensifies drought. This reflects a spatially heterogeneous
influence distinct from the consistently negative effects of
GMT and IPWP. Using the SHAP-driven clustering, AMO
and NTA emerged as key discriminators of regional drought
regimes. Thus, correlation analysis and RF/SHAP highlight
complementary perspectives: parameters such as GMT and
IPWP drive overall drought intensification, while parameters
such as AMO and NTA govern the regional differentiation of
drought patterns. This study introduces a novel framework
that integrates explainable Artificial Intelligence (AI) into
drought assessment, offering actionable insights for climate
adaptation and water resource management in the Sahel.

1 Introduction

Drought represents one of the most critical environmental
threats in the Sahel, where chronic water scarcity profoundly
influences agricultural productivity, food security, and socio-
economic stability (Nicholson, 2013). The region’s climate
is characterized by pronounced interannual rainfall variabil-
ity, with monsoonal precipitation confined to a brief seasonal
window each year (Guilbert et al., 2024). However, climate
change is intensifying this variability, triggering more fre-
quent, prolonged, and severe droughts that disrupt hydrolog-
ical cycles and amplify water stress (Taylor et al., 2013).

These extreme events diminish water availability, accel-
erate land degradation, and intensify desertification, partic-
ularly affecting groundwater reserves that are vital for lo-
cal resilience (Cuthbert et al., 2019). Rainfall deficits now
often persist for years or decades, as witnessed during the
devastating droughts of the 1970s and 1980s, which led to
widespread famine, displacement, and long-term ecological
degradation (Sarr et al., 2024). Although some rainfall recov-
ery has occurred in recent decades, it remains highly erratic
and often takes the form of short, intense storms that cause
surface runoff but fail to replenish groundwater effectively
(Panthou et al., 2014).

Rising temperatures further exacerbate drought severity by
increasing evapotranspiration, depleting soil moisture, and
reducing groundwater recharge (Hao et al., 2018; Nigatu
et al., 2022). As a result, the Sahel faces an increasingly un-
predictable hydrological future, where traditional water man-
agement strategies may no longer suffice to mitigate the im-
pacts of prolonged dry periods.

The socio-economic repercussions of these droughts are
profound, affecting millions who rely on rain-fed agricul-
ture and pastoralism for their livelihoods (MacDonald et al.,
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2012). As surface water sources become increasingly un-
reliable, communities are forced to extract groundwater at
unsustainable rates, accelerating resource depletion (Hamdi
et al., 2020). This over-extraction, coupled with dimin-
ished recharge opportunities due to shifting precipitation pat-
terns, raises serious concerns about long-term water security
and the sustainability of groundwater-dependent ecosystems
(Doll and Fiedler, 2008; Gleeson et al., 2012). Furthermore,
the intensifying scarcity of water resources has been linked
to escalating social tensions, forced migration, and regional
conflicts, underscoring the urgent need for adaptive and sus-
tainable drought management strategies.

Understanding the cascading effects of drought on agricul-
ture, ecosystems, and livelihoods requires a comprehensive
analytical framework. Drought patterns are shaped by a com-
plex interplay of climatic variables influencing atmospheric
circulation, precipitation, and temperature anomalies. Large-
scale climate drivers can exacerbate droughts, altering hy-
drological cycles and intensifying water deficits. Prolonged
dry spells reduce soil moisture, river discharge, and reser-
voir levels, threatening irrigation, drinking water supply, and
ecosystem stability.

Traditional methods for analyzing drought trends, such as
the Mann—Kendall (MK) test, are widely used but have lim-
itations in detecting non-monotonic changes and seasonal
variability. To address these constraints, this study employs
the Seasonal Kendall (SK) test — an extension of the MK test
that stratifies data into seasonal components prior to trend
detection, thereby reducing bias from periodic fluctuations
(Hirsch and Slack, 1984). This enhances the detection of
long-term trends in the Standardized Precipitation Evapo-
transpiration Index (SPEI; Vicente-Serrano et al., 2010) and
ensures that seasonality does not distort drought assessments.

Beyond trend detection, examining how large-scale cli-
mate drivers influence drought requires methods capable of
capturing complex, potentially nonlinear interactions. While
traditional correlation-based approaches offer insights, they
often miss these subtleties. Therefore, this study uses cross-
correlation analysis to quantify the strength and direction of
associations between SPEI and key climatic indices, enabling
a more nuanced understanding of the dominant teleconnec-
tions shaping drought variability in the Sahel.

A critical yet frequently overlooked aspect of drought
characterization involves identifying spatially homogeneous
regions that exhibit consistent drought-climate relationships.
Traditionally, clustering techniques such as K -means and Hi-
erarchical clustering have been used to delineate these re-
gions based on hydroclimatic features. K -means, while com-
putationally efficient, assumes spherical clusters and equal
variance, often oversimplifying complex spatial patterns. Hi-
erarchical clustering, although more flexible in capturing
nested relationships, can be sensitive to noise and lacks scal-
ability for large datasets. Moreover, both methods operate
as unsupervised learning algorithms, providing little insight
into the underlying climatic drivers that influence cluster for-
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mation. As a result, these techniques often fall short in inter-
pretability and in explaining the climatic processes shaping
spatial drought variability.

To overcome these limitations, this study introduces an
innovative SHAP-driven clustering framework, which inte-
grates RF classification with SHAP analysis. In this ap-
proach, RF is used to classify observations into drought-
prone clusters identified during the unsupervised phase,
while SHAP quantifies the contribution of each climatic vari-
able to the predicted cluster membership. This combination
offers a transparent and interpretable alternative to traditional
clustering by uncovering not only the spatial patterns of
drought but also the relative importance of different climate
drivers in shaping those patterns. The framework shifts from
a purely data-partitioning paradigm to one that integrates ex-
plainable Al, significantly enhancing the understanding of
how climatic variability governs regional drought dynamics.

This study introduces a pioneering multi-method frame-
work that transcends conventional drought analysis by inte-
grating trend detection, climate-drought interactions, and an
interpretable Machine Learning (ML)-based clustering ap-
proach. Unlike traditional methodologies, which often rely
on linear assumptions and overlook seasonal complexities,
this approach employs the Seasonal Kendall test to cap-
ture nuanced hydrological trends, cross-correlation analy-
sis to identify dominant climate drivers, and an innova-
tive SHAP-driven clustering technique to reveal the under-
lying mechanisms governing spatial drought variability. By
quantifying the contribution of individual climatic variables,
this framework advances beyond conventional classification
techniques, offering an unprecedented level of transparency
and interpretability. These methodological advancements not
only refine the characterization of drought dynamics in the
Sahel but also provide a robust foundation for data-driven
climate adaptation strategies, enabling more precise risk as-
sessment and sustainable water resource management in vul-
nerable regions.

2 Materials and Methods
2.1 Study Area and Dataset

The Sahel (Fig. 1) is a vast semi-arid region in Africa, ex-
tending across the continent from the Atlantic Ocean in the
west to the Red Sea in the east. It forms a transitional zone
between the arid Sahara Desert to the north and the more hu-
mid savannas to the south. Geographically, the Sahel spans
parts of the main African Basins, including Senegal, Niger,
Volta, Lake Chad and Nile rivers. Its topography is character-
ized by flat plains interspersed with rocky outcrops, dunes,
and seasonal river systems. Morphologically, the Sahel is
marked by sparse vegetation, dominated by drought-resistant
grasses, shrubs, and scattered trees, which are adapted to its
harsh conditions. Soil types vary but are generally sandy and
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nutrient-poor, further constraining agricultural productivity.
The climate of the Sahel is hot and dry, with a short and
highly variable rainy season, typically lasting from June to
September. Annual rainfall ranges between 100 and 600 mm,
decreasing from south to north. The region is highly suscep-
tible to prolonged droughts and erratic rainfall patterns, exac-
erbated by climate change. These conditions have profound
impacts on water availability, agriculture, and the livelihoods
of the predominantly rural population, making the Sahel one
of the most vulnerable regions to climatic and environmental
stressors.

For this study, the SPEI gridded data from the Global SPEI
Database (GSD) were utilized (details at https://spei.csic.es/,
last access: 3 November 2025). The GSD provides global
coverage of SPEI data for the period from January 1901-
December 2023, with a spatial resolution of 0.5° and time
scales ranging from 1-48 months. The spatial resolution
of the GSD has been shown to be suitable for accurate
drought analyses in regions with diverse climates, including
the Northeastern United States (Krakauer et al., 2019), Iran
(Roushangar and Ghasempour, 2021), Somalia (Musei et al.,
2021), Turkey (Danandeh Mehr and Attar, 2021), South-
west China (Sun et al., 2022), India (Vishwakarma et al.,
2022), and Southern Italy (Di Nunno and Granata, 2023).
This makes the GSD a valuable tool for studying drought
in areas with limited or incomplete weather data. Figure 1
illustrates the study area and the 1335 SPEI gridded data
points covering the Sahel region. The SPEI is advantageous
as it incorporates the effects of evapotranspiration on drought
severity. Specifically, it is based on the climatic water bal-
ance between precipitation (P) and potential evapotranspira-
tion (ETp). In the dataset used, ETp was computed using the
well-established FAO-56 Penman—Monteith equation (Allen
et al., 1998).

The SPEI can be calculated at various time scales, captur-
ing both short- and long-term drought effects. For agricul-
tural drought monitoring, 3 or 6 month scales are commonly
used, whereas scales of 12 months or longer are applied
for hydrological droughts (Tan et al., 2015). In this study,
a 12 month time scale (SPEI-12) was used. The choice of the
12 month timescale in this analysis is grounded in the need to
capture both seasonal and inter-annual variations in the Sa-
hel’s climate system, which are essential for understanding
drought dynamics and water availability. The Sahel, charac-
terized by a highly variable climate, experiences significant
shifts between wet and dry periods. The 12 month timescale
is particularly well-suited to account for these fluctuations,
as it integrates both the seasonal rainfall patterns (which typ-
ically occur during the rainy season) and the cumulative ef-
fect of evapotranspiration, offering a more comprehensive
measure of drought conditions over a yearly cycle. Based on
SPEI values, drought or wetness severity is classified from
extreme drought (SPEI < —2) to extremely wet conditions
(SPEI > 2).
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Drought assessment in the Sahel is complicated by the
complex, nonlinear, and dynamic nature of atmospheric
processes, which challenge the accurate representation of
spatial-temporal patterns, multi-scale interactions, and the
influence of extreme events and topographic variability. To
address these complexities, this study incorporates time se-
ries of various climate indices into the modeling framework.

In this context, climate indices refer to large-scale indi-
cators of atmospheric and oceanic variability derived from
standardized measurements such as sea surface temperature
(SST), sea-level pressure, and wind anomalies over specific
regions. Examples include the AMO, GMT and North At-
lantic Oscillation (NAO). Unlike drought indicators such as
SPEI, which quantify regional hydroclimatic conditions, cli-
mate indices capture broader patterns of variability that serve
as external drivers of local drought dynamics.

These indices offer critical insights into the mechanisms
regulating regional drought variability. For instance, warm
phases of the AMO are associated with increased rainfall
in the Sahel, whereas El Nifio events often lead to drier
conditions (Okonkwo, 2014). The 12 month SPEI timescale
was selected to reflect both seasonal and interannual cli-
mate variability, enabling the detection of annual hydrologi-
cal responses to the prevailing phases of large-scale climate
drivers. While some indices, such as the AMO, operate on
multidecadal timescales, their current phase can still exert
influence on precipitation patterns within a given year. Thus,
the 12 month period is not intended to resolve long-term cli-
mate variability itself, but rather to integrate its effects as
expressed in a single year’s climate system. This timescale
effectively captures the cumulative influence of slow-acting
processes such as oceanic and atmospheric anomalies, allow-
ing SPEI to reflect integrated climate impacts on precipita-
tion and evapotranspiration. As a result, the use of climate in-
dices alongside long-term SPEI enhances the ability to iden-
tify meaningful correlations, detect persistent drought trends,
and better understand the climatic forces shaping drought
conditions in the region.

Although the analysis incorporated 31 climate indices, the
historical period from 1951-2018 was deemed appropriate
for this study. This timeframe balances the need for a suf-
ficiently long record to capture long-term climatic variabil-
ity with the availability of consistent and overlapping data
for a large set of indices. While the inclusion of many in-
dices can pose challenges — such as reduced temporal over-
lap, increased multicollinearity, and potential noise in statis-
tical relationships — the 19512018 period provided a com-
mon baseline that ensured temporal consistency across most
indices. As a result, it was possible to conduct a robust anal-
ysis of long-term climate-drought relationships while mini-
mizing data limitations associated with differing index avail-
ability.

Table 1 summarizes the climate indices considered, em-
phasizing their relevance to drought variability. In the context
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Figure 1. Location of the selected SPEI grid in the Sahel region with the

of SPEI analysis, these indices are crucial for understanding
temporal patterns and variations.

2.2 Modeling procedure

To better understand the complex dynamics of drought
fluctuations, this study adopted a comprehensive analytical
framework that incorporated the SK test, along with corre-
lation and clustering analyses (Fig. 2). The SK test was se-
lected due to its ability to account for seasonal variations in
SPEI and climatic indices time series, addressing the short-
comings of conventional methods like the MK test, which
often fail to consider the seasonality inherent in groundwater
dynamics. In the case of SPEI, a negative Z-value obtained
from the SK test signals a decline typically linked to drought
conditions, whereas a positive Z-value indicates an increase
often associated with wetter climatic scenarios. In this study,
the SK test was conducted with a strict 95 % confidence level
(p-value < 0.05) to enhance the reliability of the identified
trends. For further details, refer to the foundational works
of Hirsch and Slack (1984) and a recent application by Di
Nunno et al. (2023).

Then, to gain a deeper understanding of how climatic in-
dices influence drought conditions, this study analyzed the
correlation between SPEI and various climatic indices. This
analysis is crucial because climatic indices play a significant
role in shaping drought dynamics. By examining these rela-
tionships, it becomes possible to identify the key drivers be-
hind drought variability and their relative contributions over
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time. Such insights are essential not only for advancing sci-
entific knowledge but also for informing targeted mitigation
and adaptation strategies, particularly in regions where hy-
drological cycles are highly sensitive to climatic fluctuations.

Furthermore, by focusing on the climatic indices most
strongly correlated with the SPEIL a clustering analysis was
performed to divide the Sahel into homogeneous regions
based on the correlation between SPEI and these climatic in-
dices. This approach is entirely innovative, as it allows for
the identification of distinct zones where specific climatic
factors have a pronounced influence on drought dynamics.
By delineating these homogeneous regions, this methodol-
ogy provides valuable insights into localized drought drivers
and their variability across the Sahel.

In general, clustering is the process of classifying a large
dataset into a smaller number of groups, or clusters. Data
within the same cluster shares common features, while data
from different clusters exhibit some degree of heterogeneity
(Barton et al., 2016). In this study, two widely recognized
clustering algorithms, K-means and Hierarchical clustering,
were preliminarily tested to divide the study area into ho-
mogeneous regions with shared characteristics. These algo-
rithms have been previously applied in drought analyses to
identify such regions. A detailed description of both algo-
rithms can be found in the work of Di Nunno and Granata
(2023).

It is important to note that the optimal clustering algorithm
and the number of clusters are not predetermined. To address

https://doi.org/10.5194/hess-29-6043-2025



6047

F. Di Nunno et al.: Decoding the architecture of drought

(szot (souor)
JOQUIQAON] € :SSQ09® 1SB) *KJI[IQRLIBA [[RJUIRI [QUBS PUE SOIWBUAD UOIIR[[19SO
BJEpP OBUSAUO[/UOT)B[OIIOD  UOOSUOW UBDLIJY ISOAN 100Jje Jey) suraped uone[noin osusydsoune onuey souangur saseyd s)| "m0 OIpUR[d] pue onuepy
Jeyep/aog-eeouysdyisdny  YSTH SSI0ZY 9U) U9MI9q QOUIQMIP 2InssaId [9AS[-BIS oY} S2INSBIW XOpUI QYN SIY) ‘(L661) T8 30 sauor Aq pauyaq  (seuof) OVN UHON UL,
onuepy oy
(S70T T9qUISAON] € :SS900® Ioa0 sureyped uone[nomo oreydsoune Suriaie Aq uoneidoaid [oyes pue YISUSIS UOOSUOUWT UBOLIJY JSOA\ doUNpuI UOTJB[[I0SO)
1SB[) BIEP ORU/UOIIB[III0D sagueyo asoy ], ‘Modsuer armstow pue Jeay Sunosyje ‘SyoeI) ULI0)S pue weans 19f onuey YUION Y} Aenpowr onueny
serep/ao3-eeouysdyisdny - seseyd sy ‘mor rejodqng oyl pue YSIH SOI0ZY AU} UdM]aq SOUIAYIP 2InssaId [9AJ[-BIS saInseaul Xapul QYN YL OVN YMON oYL,
(Szot
IOQUIQAON] € :SS900® 1SB) ‘J10dsue) 9In)sIowW [8QO[S puB UONB[NIIID IIY[BAA Y3 UI
eiep uremoed/uone[1100 SIS YSNnoIy) [[eJurel [QUeS SUuIousnyul AJOIIPUI ‘[[BJUTRI PUB UONOIAUOD SoouRYUS aseyd Jururem sjf ‘suoosuour [00d WIeAy
Jeyep/aog-eeour[sd/isdyy  Surpnpour ‘uonenoird sueydsounye [eqolS seAlp ‘sarnjeradurs) ueado [ed1dor) Jsounrem oY) Jo Wos PIM ‘ML QUL dMdI oyroeg-opuf
(6707 I9qUIQAON] € :SS9008 "9[0A9 [ed130[0IpAY Yy
1SB[) BIEPISSWS/UONB[AII0D ul SYIYs YSnoIy) sooInosal 1ojem [euor3al Sunoedurr pue ‘suroped [[ejurel Junole ‘sjysnoip Jurkjisuaiul £q [oyes amjeroduwiay,
/erep/aog-eeousdy/sdny ay eouangur sarnjeredwe) [eqo[3 Sursry ‘spuar) Surood J0 SuTIEM UBad0 pue drraydsow)e [[eI9A0 s)oel LIND IIND UBSIA [8QO[D
(S70T 19qUIQAON € :SS00® ‘uo131 9y ojul Jodsues) aINISIOW de[APowW Jey)
ise[) Aep doou’1q3/uonea1109 suroped oueydsowse Suroaye AqQ [[ejurel [QUeS PUB UOOSUOW UBILIFY ISOA\ 9U) QOUSNJUI UBD YOIYM ‘UONB[NOILD xopu] Suryoorg
/eyep/ao3-eeou[sdy/:sdny onuely yuoN s1oye aseyd aanisod s)] ‘pue[uadIn) 1040 swalsAs arnssard-y3iy juoysisiad samseow [g0) Ay, 199 pue[UaRID)
(S70T 19qUIQAON € :SS00® "A)I[IqeLIeA [[BJUTRI [UES O) POYUI[ SUOIIOQUUOII[) PUk UONR[NIIID duoydsowye o[eos-agre| Xapu[
1se]) e1ep-odo/uorie[a1Iod Sunenpow £q 9JBWI[O UBOLIJY ISOA\ 109JJ8 A[I02IIpUl UBD [OIYM ‘BOLIdWY YLON ul suiaped arnerodwe) pue UOIIR[[I9SO
Jeyep/aod-eeour[sd/isdny  weens jof o) eousngur seseyd Sif "oyIoeq YIMON UId)SE 9 UT sorfewioue 21nssaxd orreydsoune saquiosep OJH YL Odd  oytoed urdjseq
(szot
JOQUIQAON] € :SSQ09® JSB) *SUONOAUU099[} dLeydsowye
BIRP ISSIo YV )/UOTIB[OII0D ySnoIy [[ejureI [oyes pue SOIeuAp UOOSUOUT UBDIIFY ISIAN J09JJe ued yorym ‘K)IAT)or duo[dAd eordon onue)y Xopuy
Jeyep/ao3-eeouysdyisdny  seouonpur ) “sureped oueydsoune pue 1SS Surpnpour ‘ueaqqrie)) Y ur AfIqerrea sjewIfo saxnydeds xopur YD Y, MVD ueaqque)
(ST0T 19qUIQAON € :SSQ00E "uor391 9y ur AI[IqeLrea [fejurel joedwr pue suoRIpuod JYINOIp 91eqIadexd ued sarmerodws) Suisi se armeroduray,
1SB[) BIEP 0SUID/UOTIR[OII0D QIRWI[O0IPAY [oUES SOUNPUI JuTIem Moy SUTPUL)SISpUN JOJ [RIONIO 9I8 SPUAI) ASAY ], "BOLJY SSOIOR SII[ewoue QoBJING
/eyep/ao3-eeouysdy/isdny ajerodwa) payreop Surpnpour ‘spuaiy arnjeradwe) aoejins [euor3al pue [eqo[S sopiaoid jaseiep 1SHY UL 1sad ey Ao[areg
(szoT
IOQUIDAON] € :SS900® 1SB]) ‘uonjeyrdroaid Teuoseas ur AJIqerIeA 1o JySnoIp [oyes 0 SUnnqIIuod pue BOLFY 1SoA\ UI suroyed [fejurer Surieie
JOV/SA/yuow/satrasawn)  ‘wreans Jaf oy uayeom ued aseyd 9ATeSaU S)] "SWAISAS IoUIeam IpMIe[-PIl pue 191 A[19)seq UedLY 2y} jo uonisod uone[[IsO
/erep/ao3-eeouysdyisdny  pue pSuons oy Sunooye Aq uor3al [oyeS 9} 03 PUIXI Ued Jey surened uonenold ousydsoune soouangur Oy YL ov onory
‘uo13a1 onuey YMoN ayp ut Aprernonted ‘suroned soyieom [euoI3al pue SwAsAs ajewlI[o [eqo[3 Jurdeys
ur 9[o1 JuedyIusIs e sAe[d QIAY QUL 2doIng ur SIowwns JoJJom ‘I[00d Pue ‘U0ITaI [ayes S, BOLJY Ul IYSnoip
‘KITAT)OR QUEBOLIINY JOYEam [IIM PIJeIoosse aIe sarnjeradurd) onjue)y 107000 ‘eseyd aAnjeSou s)I U "eOLIyy UT [[ejurel
(ST0T TOQUIDAON € :SS9008  PadUBUUL pue ‘OnueNly [eo1dor) oy ur ANANOR SUBOLLINY PISLaIoUuT G () UId)Sed o) Suofe sowwns 19110y 01 Surpes] UOTIR[[IOSO
1sB]) /QINV/SQLIasawn)/eiep ‘aFeI10A® 9A0Qe a1k sainjerodwo) onuepy yuoN ‘eseyd aanisod st uf ‘s1eak 0p—(07 JO sporrad 1940 10 Jey) [epeospnnIA
/a0 eeow(sd-mmm/isdny  sarmeradurs) ooejIns vas ULed() JNUR[Y YMON UT SUOTJELIEA [BINJBU 0} SI9JAI UOTIR[[IOSO) [EPEISPN[NIA ONUBY YL, OV onuepy
(sTot ‘Aiqetiea
JOQUIQAON] € :SSQ09® 1SB]) SlewI[o [eUoISal JuroUANPUI ‘AJATIOR QUBOLLINY ONUR[IY S109)Je OS[e NJNV IUSnoIp [ayes 01 Suipes] ‘syiys SpOIN
JINIAV/SQ/UIUOW/SILIaSaWT) [Tejures premyinos sasned aseyd aanedou oy, st 1ySnoip Suronpa pue uoneydroard [oyeg Sursearour ‘premyiiou [EUOTPLISI
/eyep/ao3-eeousdy/sdny [requrer syyrys aseyd aanisod s11 -onuepy [eo1don oy Ul SOOUSISHIP [SS YINOS—IIoU SIqLIdSIp NNV UL WINVY onueny
901n0S vle(q uonIuUya([ 19y Xopul A1eWI)

"90INOS BJEP YIIM SIOIPUL OBWI[D Y} JO uonrtuya(J T dqeL

Hydrol. Earth Syst. Sci., 29, 6043-6067, 2025

2/10.5194/hess-29-6043-2025

1.01r

//doi

https


https://psl.noaa.gov/data/timeseries/month/DS/AMM/
https://psl.noaa.gov/data/timeseries/month/DS/AMM/
https://www.psl.noaa.gov/data/timeseries/AMO/
https://www.psl.noaa.gov/data/timeseries/AMO/
https://psl.noaa.gov/data/timeseries/month/DS/AO/
https://psl.noaa.gov/data/timeseries/month/DS/AO/
https://psl.noaa.gov/data/correlation/censo.data
https://psl.noaa.gov/data/correlation/censo.data
https://psl.noaa.gov/data/correlation/CAR_ersst.data
https://psl.noaa.gov/data/correlation/CAR_ersst.data
https://psl.noaa.gov/data/correlation/epo.data
https://psl.noaa.gov/data/correlation/epo.data
https://psl.noaa.gov/data/correlation/gbi.ncep.day
https://psl.noaa.gov/data/correlation/gbi.ncep.day
https://psl.noaa.gov/data/correlation/gmsst.data
https://psl.noaa.gov/data/correlation/gmsst.data
https://psl.noaa.gov/data/correlation/pacwarm.data
https://psl.noaa.gov/data/correlation/pacwarm.data
https://psl.noaa.gov/data/correlation/nao.data
https://psl.noaa.gov/data/correlation/nao.data
https://psl.noaa.gov/data/correlation/jonesnao.data
https://psl.noaa.gov/data/correlation/jonesnao.data
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Table 1. Continued.

Climate index Abbr.  Definition Data source

Nifio-1.2 - This index covers sea surface temperatures in the eastern equatorial Pacific (80-90° W, 0-10° S), where El Nifio https://www.cpc.ncep.noaa.
and La Nifia events typically originate. In its positive phase (El Nifio), warmer waters lead to increased rainfall and  gov/data/indices/ersst5.nino.
floods along South America’s northwest coast; in its negative phase (La Nifia), cooler waters cause drought and mth.91-20.ascii (last
promote cold-water upwelling. While its direct effects are regional, Nifio-142 influences large-scale atmospheric access: 3 November 2025)
circulation patterns, which can alter the West African monsoon strength and consequently affect Sahel precipitation
variability.

Nifio 3 - The Niflo-3 index tracks sea surface temperatures in the eastern equatorial Pacific (150-90° W, 5° S=5°N) to https://www.cpc.ncep.noaa.
monitor El Nifio and La Nifia events. During El Nifio (positive phase), warmer waters cause increased rainfall in gov/data/indices/ersst5.nino.
western South America, drought in Asia-Pacific, and reduced rainfall in the Sahel. La Nifia (negative phase) brings ~ mth.91-20.ascii (last
cooler waters, increased storms in Asia-Pacific, and enhanced rainfall in the Sahel. This index influences global access: 3 November 2025)
atmospheric circulation and tropical rainfall patterns.

Nifio-3.4 - The Nifio-3.4 index measures sea surface temperatures in the central equatorial Pacific (120-170° W, 5° S-5°N) https://www.cpc.ncep.noaa.
and is a key indicator of El Nifio and La Nifia events. During El Nifio (positive phase), warmer waters lead to gov/data/indices/ersst5.nino.
increased rainfall along South America’s coast, drought and heatwaves in the Asia-Pacific, and reduced rainfall in mth.91-20.ascii (last
the Sahel. La Nifia (negative phase) brings cooler waters, heavy rains and floods in Asia-Pacific, drought in South access: 3 November 2025)
America, and enhanced rainfall in the Sahel. Nifio-3.4 strongly influences global atmospheric circulation and
tropical weather patterns.

Nifio-4 - The Nifio-4 index measures sea surface temperature variations in the central Pacific (160° E-150° W, 5° S—-5°N) https://www.cpc.ncep.noaa.
during El Nifio and La Nifia events. In its positive phase (El Nifio), warmer waters enhance convection in the gov/data/indices/ersst5.nino.
tropical western Pacific, influencing atmospheric circulation and monsoon patterns, often linked to reduced rainfall ~ mth.91-20.ascii (last
in the Sahel. In the negative phase (La Nifia), cooler waters lead to drought in the western Pacific and increased access: 3 November 2025)
rainfall in the central Pacific, sometimes boosting Sahel precipitation. Nifio-4 is key for understanding tropical
circulation and regional climate variability.

Northern NOI The NOI measures sea level pressure differences between Tahiti (eastern tropical Pacific) and Darwin (western https://psl.noaa.gov/data/

Oscillation subtropical Pacific). In its positive phase, high pressure dominates the eastern Pacific and low pressure the western ~ correlation/noi.data (last

Index Pacific, causing drought in the east and wetter conditions in the west. The negative phase reverses this pattern. The  access: 3 November 2025)
NOI is essential for understanding tropical climate phenomena such as El Nifio—Southern Oscillation (ENSO)
impacts.

North Pasific NP The NP reflects average sea level pressure over the North Pacific, indicating the strength of the Aleutian Low. In its  https://psl.noaa.gov/data/

Index positive phase, a stronger Aleutian Low brings more rainfall to western North America and cooler eastern Pacific correlation/np.data (last
waters. In the negative phase, the system weakens, leading to drier conditions and warmer sea surface temperatures.  access: 3 November 2025)
The NP Index is key to understanding Pacific atmospheric circulation and its effects on North American and, to a
lesser extent, African climate patterns

North Tropical NTA  The NTA index represents SSTs in the North Tropical Atlantic. In its positive phase, warmer SSTs enhance https://psl.noaa.gov/data/

Atlantic SST convection and tropical cyclone activity, while influencing rainfall patterns across the Atlantic basin. This phase is correlation/NTA_ersst.data

Index often linked to increased precipitation in the Sahel. In the negative phase, cooler SSTs reduce cyclone activity and (last access: 3 November

can lead to drought conditions in West Africa. The NTA index is crucial for understanding Atlantic climate
variability and its impacts on regional weather systems.

2025)
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https://www.cpc.ncep.noaa.gov/data/indices/ersst5.nino.mth.91-20.ascii
https://www.cpc.ncep.noaa.gov/data/indices/ersst5.nino.mth.91-20.ascii
https://www.cpc.ncep.noaa.gov/data/indices/ersst5.nino.mth.91-20.ascii
https://www.cpc.ncep.noaa.gov/data/indices/ersst5.nino.mth.91-20.ascii
https://www.cpc.ncep.noaa.gov/data/indices/ersst5.nino.mth.91-20.ascii
https://www.cpc.ncep.noaa.gov/data/indices/ersst5.nino.mth.91-20.ascii
https://www.cpc.ncep.noaa.gov/data/indices/ersst5.nino.mth.91-20.ascii
https://www.cpc.ncep.noaa.gov/data/indices/ersst5.nino.mth.91-20.ascii
https://www.cpc.ncep.noaa.gov/data/indices/ersst5.nino.mth.91-20.ascii
https://www.cpc.ncep.noaa.gov/data/indices/ersst5.nino.mth.91-20.ascii
https://www.cpc.ncep.noaa.gov/data/indices/ersst5.nino.mth.91-20.ascii
https://www.cpc.ncep.noaa.gov/data/indices/ersst5.nino.mth.91-20.ascii
https://psl.noaa.gov/data/correlation/noi.data
https://psl.noaa.gov/data/correlation/noi.data
https://psl.noaa.gov/data/correlation/np.data
https://psl.noaa.gov/data/correlation/np.data
https://psl.noaa.gov/data/correlation/NTA_ersst.data
https://psl.noaa.gov/data/correlation/NTA_ersst.data
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https://psl.noaa.gov/data/correlation/oni.data
https://psl.noaa.gov/data/correlation/oni.data
https://psl.noaa.gov/data/correlation/pdo.data
https://psl.noaa.gov/data/correlation/pdo.data
https://psl.noaa.gov/data/timeseries/month/data/pmm.data
https://psl.noaa.gov/data/timeseries/month/data/pmm.data
https://psl.noaa.gov/data/timeseries/month/data/pmm.data
https://psl.noaa.gov/data/correlation/pna.data
https://psl.noaa.gov/data/correlation/pna.data
https://psl.noaa.gov/data/correlation/qbo.data
https://psl.noaa.gov/data/correlation/qbo.data
https://psl.noaa.gov/data/correlation/sahelrain.data
https://psl.noaa.gov/data/correlation/sahelrain.data
https://psl.noaa.gov/data/correlation/soi.data
https://psl.noaa.gov/data/correlation/soi.data
https://psl.noaa.gov/data/correlation/solar.data
https://psl.noaa.gov/data/correlation/solar.data
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Table 1. Continued.

Climate index Abbr. Definition Data source
Tropical TNA The TNA measures sea surface temperature anomalies in the tropical North Atlantic (5-25° N, 15-60° W). Positive  https://psl.noaa.gov/data/
Northern phases with warmer SSTs are associated with increased rainfall along the West African coast and enhanced tropical  correlation/tna.data (last
Atlantic Index cyclone activity. Negative phases correspond to cooler SSTs, reduced tropical rainfall, and weaker cyclone activity,  access: 3 November 2025)
(TNA) often linked to drought conditions in the Sahel.
Trans Nino TNI The TNI analyzes spatial shifts in El Nifio and La Nifia events by measuring SST differences between the eastern https://psl.noaa.gov/data/
Index tropical Pacific (Nifio-14-2) and central tropical Pacific (Nifio-4). Positive TNI phases indicate eastward-shifted El correlation/tni.data (last
Nifio effects, increasing rainfall in the eastern Pacific and often suppressing rainfall in the Sahel. Negative phases access: 3 November 2025)
reflect eastward shifted La Nifia effects, which can enhance Sahel precipitation by influencing tropical atmospheric
circulation.
Tropical TSA The TSA measures SST anomalies in the tropical South Atlantic (0-20° S, 10° E-30° W). Warmer SSTs in the https://psl.noaa.gov/data/
Southern positive phase lead to increased rainfall along eastern South America and shifts in the Atlantic Hadley circulation, correlation/tsa.data (last
Atlantic Index which can influence West African monsoon intensity. Cooler SSTs during the negative phase are linked to drought access: 3 November 2025)
and reduced convection, potentially weakening Sahel rainfall.
Tropical WHWP  The WHWP covers the Caribbean, Gulf of Mexico, and eastern tropical Pacific where SSTs exceed 28 °C. Positive  https://psl.noaa.gov/data/
Western phases are characterized by increased temperatures, leading to stronger tropical cyclone activity and enhanced correlation/whwp.data (last
Hemisphere rainfall in surrounding regions. Negative phases correspond to cooler SSTs and reduced storm intensity. WHWP access: 3 November 2025)
warm pool variability affects Atlantic atmospheric circulation and can modulate rainfall in the Sahel and West Africa.
West Pacific WPI The WPI measures atmospheric pressure differences in the tropical and subtropical western Pacific. In its positive https://psl.noaa.gov/data/
Index phase, a strong high-pressure system weakens Asian monsoons and tropical cyclone activity. The negative phase, correlation/wp.data (last

dominated by low pressure, enhances Asian monsoon strength and storm activity. Changes in the WPI influence
tropical climate dynamics and can indirectly affect the Sahel by modulating global atmospheric circulation patterns.

access: 3 November 2025)
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https://psl.noaa.gov/data/correlation/tna.data
https://psl.noaa.gov/data/correlation/tna.data
https://psl.noaa.gov/data/correlation/tni.data
https://psl.noaa.gov/data/correlation/tni.data
https://psl.noaa.gov/data/correlation/tsa.data
https://psl.noaa.gov/data/correlation/tsa.data
https://psl.noaa.gov/data/correlation/whwp.data
https://psl.noaa.gov/data/correlation/whwp.data
https://psl.noaa.gov/data/correlation/wp.data
https://psl.noaa.gov/data/correlation/wp.data
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Figure 2. Modeling procedure.

this, the Silhouette technique was applied. This widely rec-
ognized method is used for interpreting and validating the
consistency of clustering results, offering a measure of how
well an object fits within its assigned cluster compared to
other clusters (Shutaywi and Kachouie, 2021). The Silhou-
ette score ranges from —1, indicating that clusters are poorly
assigned, to 1, signifying well-separated and distinct clus-
ters. A score close to 0 suggests that the separation between
clusters is negligible or ambiguous.

However, this criterion does not allow for a clear assess-
ment of the impact of each climatic index on the clustering
process. To enhance the interpretability of clustering analy-
ses in hydrological studies, particularly concerning drought
patterns, this study integrates SHAP (values with RF mod-
els). This approach addresses the limitations of traditional
clustering methods, which often lack explanatory power re-
garding the influence of individual climatic variables on clus-
ter formation.

SHAP, grounded in cooperative game theory, assigns each
feature an important value for a particular prediction, offer-
ing a unified measure of feature influence across the model.
In this study, SHAP values are employed to interpret the out-
put of an RF classifier trained to predict cluster assignments

https://doi.org/10.5194/hess-29-6043-2025

based on climatic indices (Lundberg and Lee, 2017). The
process involves:

— Model Training: An RF classifier is trained using cli-
matic indices as input features and the cluster labels
(obtained from initial clustering analyses) as the target
variable.

— SHAP Value Computation: Post-training, SHAP values
are computed for each feature, quantifying the contribu-
tion of each climatic index to the model’s prediction for
each data point. This computation considers all possible
combinations of features, ensuring a fair distribution of
importance among them.

— Interpretation: The resulting SHAP values provide in-
sights into how each climatic index influences the as-
signment of data points to specific clusters. Positive
SHAP values indicate a feature’s positive contribution
to predicting a particular cluster, while negative values
suggest a negative contribution.

By employing this SHAP-driven approach, the study trans-
forms clustering from a purely statistical exercise into an
interpretable framework that reveals the underlying climatic
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drivers of drought patterns. This enhanced interpretability fa-
cilitates more informed decision-making and targeted adap-
tation strategies, especially in regions like the Sahel, where
drought dynamics are influenced by complex interactions
among multiple climatic factors.

This methodology aligns with recent advancements in ex-
plainable AI, where SHAP values have been utilized to en-
hance the interpretability of clustering analyses in various
domains (Cohen et al., 2024). By integrating SHAP with RF
models, the study not only identifies homogeneous drought
regions but also elucidates the specific climatic variables
driving these patterns, thereby contributing to more effective
drought mitigation and resource management strategies.

3 Results
3.1 Trend analysis

The SK test analyzed SPEI-12 trends across the Sahel, high-
lighting patterns of drought and wetness (Fig. 3a). Results
showed that Z-values between —1.96 and 1.96 indicate no
significant trends at the 95 % confidence level, while val-
ues outside this range denote statistically significant trends.
Furthermore, Z-values between —2.58 and 2.58 indicate no
significant trends at the 99 % confidence level, with values
beyond this range reflecting highly significant trends. Sig-
nificant trends were identified in various regions. Specifi-
cally, 57.5 % of the cells exhibited statistically significant de-
creasing trends (Z < —1.96), while 19.3 % showed statisti-
cally significant increasing trends (Z > 1.96). The remain-
ing 23.2% displayed increasing or decreasing trends that
were not statistically significant (Z between £1.96). Sta-
tistically significant decreasing trends were observed in the
western Sahel, spanning from Senegal’s Atlantic Coast and
Gambia to Mali, as well as in the southeastern region, in-
cluding South Sudan. Another area experiencing marked in-
creases in drought is the northern-central Sahel, particularly
in Chad. These findings should be potentially linked to re-
duced rainfall and rising temperatures. On the other hand,
the Sahel region between Burkina Faso and Nigeria exhibited
increasing SPEI-12 trends, indicating a tendency toward wet-
ter conditions. These wetter tendencies highlight the hetero-
geneous nature of climatic changes across the Sahel, where
some areas may benefit from increased rainfall while others
face mounting water stress.

The SK test was also performed for the climatic indices
(Fig. 3b). The predominance of statistically significant in-
creasing trends, particularly for the IPWP (Z = 27.83) and
GMT (Z = 28.70), underscores the substantial role of global
warming and oceanic heat distribution in shaping regional
climate dynamics. These upward trends reflect broader in-
creases in sea surface temperatures and global temperature
anomalies, which are generally associated with reduced pre-
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cipitation and enhanced drought conditions in the Sahel due
to shifts in atmospheric circulation and moisture availability.

Conversely, statistically significant decreasing trends were
observed in three indices: TNI (Z = —7.83), Solar Flux (Z =
—3.18), and Sahel P (Z = —4.13), each suggesting mecha-
nisms that contribute to regional drying. The decline in TNI
implies a weakening of tropical convection and changes in
atmospheric circulation patterns that can reduce moisture
transport toward the Sahel. The decrease in Solar Flux may
be indicative of increased aerosol concentrations or cloud
cover, both of which tend to reduce surface solar radiation,
leading to lower evaporation and altered atmospheric dynam-
ics that often result in reduced rainfall. Finally, the negative
trend in Sahel P reflects a direct decline in regional precip-
itation, consistent with the observed intensification and per-
sistence of drought conditions in recent decades.

3.2 Cross-correlation analysis

The cross-correlation analysis between the SPEI-12 and the
different climatic indices was conducted to evaluate the in-
fluence of large-scale atmospheric and oceanic patterns on
drought variability and intensity. This approach enables a
deeper understanding of how global phenomena modulate
Sahel’s regional hydrological extremes.

Figure 4 reports a combined box and violin plots represen-
tation of the correlations for all climatic indices, while Fig. 5
provides the maps of correlations between SPEI-12 gridded
data and a subset of 12 climatic indices, selected either for
their high mean absolute correlations (IPWP, TSA, GMT,
PDO, Sahel P, Nifio-4, NTA and WHWP) with SPEI-12 or
for their distinctive spatial patterns across the Sahel (e.g.,
AMO, AMM, CAR, TNA). In addition, Tables S1 and S2 in
the Supplement report the correlation coefficient and the p-
value, respectively, computed between climatic indices. Fi-
nally, Table S3 provides the mean, maximum, minimum val-
ues, standard deviation of the correlations, and mean of the
absolute correlations, calculated between SPEI-12 gridded
data and climatic indices.

The cross-correlation analysis between SPEI-12 and vari-
ous climatic indices for the Sahel region reveals a complex
interplay of global atmospheric and oceanic drivers on re-
gional drought variability. The AMM (Interquartile range —
IQR = 0.16) showed a moderate positive influence, with a
mean correlation of 0.12 and peaks reaching 0.39. This sug-
gests that the AMM’s modulation of sea surface temperatures
in the Atlantic plays a significant role in shaping precipitation
patterns in the Sahel. Similarly, the AMO (IQR = 0.23) dis-
played a wide range of correlation values, from —0.59—0.40,
with a modest mean of 0.06. Specifically, the western re-
gions of the Sahel, from Senegal’s Atlantic coast to west-
ern Mali, exhibited a positive correlation with the SPEI-12.
However, the strongest positive correlations were observed
in the Sahel region along the border between Chad and Su-
dan. In contrast, the central-western region, including coun-
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significant trend (Z = +1.96 — p-value = 0.05).

tries like Burkina Faso and Niger, showed a negative corre-
lation. Figure 6 presents a detailed analysis of the correla-
tion between SPEI-12 for Cell 2042 and the AMO. Among
all analyzed locations, Cell 2042, located in the aforemen-
tioned border region between Chad and Sudan, exhibited the
highest positive correlation with the AMO index. This re-
lationship is reflected in the long-term trends, where both
SPEI-12 and AMO remained predominantly positive from
the 1950s to the 1970s, turned negative from the 1970s to the
late 1990s, and shifted positive again from the late 1990s to
the present. This region, significantly affected by the oscilla-
tions of the Intertropical Convergence Zone (ITCZ), is char-
acterized by highly seasonal rainfall, primarily governed by
the West African Monsoon, and is highly sensitive to fluc-
tuations in sea surface temperatures. The strong correlation
with AMO suggests that warmer North Atlantic conditions
enhance monsoonal precipitation, while cooler phases con-
tribute to drought conditions.

The GMT (IQR =0.14, mean = —0.33) and IPWP
(IQR = 0.13, mean = —0.39) indices exhibited strong neg-
ative correlations, reaching values of —0.76 and —0.71, re-
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spectively. These results underscore the adverse effects of
warming in these regions, likely to intensify evapotranspi-
ration and reduce soil moisture availability in the Sahel. The
significant influence of GMT further highlights the overarch-
ing impact of global warming on regional hydrological cy-
cles. Figure 7 presents a detailed analysis of the correlation
between SPEI-12 for Cell 2319 and the GMT. Among all
analyzed locations, Cell 2319 exhibited the strongest neg-
ative correlation with the GMT index. This relationship is
evident in the opposing trends of SPEI-12 and GMT: SPEI-
12 was predominantly positive from 1950 to the late 1990s
and negative from 2000 to the present, whereas GMT showed
an inverse pattern, remaining mostly negative until the late
1990s before turning positive from 2000 onward. Cell 2319
is situated at the northern boundary of the Sahel in cen-
tral Sudan, bordering the hyper-arid Sahara Desert. This re-
gion is highly sensitive to climate variability, as it marks the
transition between semi-arid and arid conditions. Rainfall is
scarce and primarily influenced by the northward penetra-
tion of the West African Monsoon, which is highly suscepti-
ble to global temperature shifts. The strong negative correla-
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Figure 4. Box plot representation of the correlations between SPEI-12 and climate indices.

tion with GMT suggests that global warming has exacerbated
aridity in this zone, likely by reducing monsoonal rainfall and
intensifying evapotranspiration.

In contrast, the Sahel P (IQR = 0.08, mean = 0.22) index
stood out with a maximum correlation of 0.35, reinforcing
its role as a local climatic driver that directly reflects rain-
fall conditions in the region. Meanwhile, indices such as
the AO (IQR = 0.05, mean = —0.02) and NAO (IQR = 0.06,
mean = —0.03) exhibited weaker correlations compared to
the previously discussed indices, indicating that while these
global-scale patterns might influence the Sahel indirectly,
their direct impact on drought variability is limited or less
consistent.

The variability in correlations, as indicated by standard de-
viations (see Table S3), was notable across indices. For in-
stance, the AMO (Dev.st =0.16) and CAR (Dev.st =0.14)
reflected significant spatial and temporal heterogeneity in
their relationships with SPEI-12, whereas indices like the
GBI and AO showed much lower variability (Dev.st < 0.05),
suggesting more stable but weaker connections. These find-
ings emphasize that while certain indices like AMO are
closely tied to sub-regional drought dynamics, others like
GMT and IPWP reveal broader, systemic influences linked
to global warming.

Hydrol. Earth Syst. Sci., 29, 6043-6067, 2025

3.3 Clustering

A preliminary analysis was conducted to determine the more
suitable algorithm between K-means and Hierarchical clus-
tering. The analysis considered a range of cluster numbers
from 3-8. However, for the sake of brevity, only the results
for the optimal number of clusters, identified as 3 based on
the highest mean Silhouette Scores (see Fig. 8a), are pre-
sented here. As inputs for the clustering, the most correlated
climatic indices, whose correlations with SPEI-12 are de-
picted in Fig. 5, were considered: AMM, AMO, CAR, GMT,
IPWP, NTA, PDO, Sahel P, TNA, TSA and WHWP.

The minimum, mean, and maximum Silhouette Scores for
the K-means and Hierarchical clustering algorithms are re-
ported in Fig. S1 in the Supplement. K-means consistently
achieved higher Silhouette Scores compared to Hierarchi-
cal clustering across all clusters. For K-means, the mini-
mum, mean, and maximum scores ranged from 0.47 (C1)
to 0.50 (C2), 0.58 (C1) to 0.61 (C3), and 0.64 (C1) to 0.66
(C3), respectively. In contrast, Hierarchical clustering exhib-
ited negative minimum values, ranging from —0.47 (C1) to
0.21 (C3), along with lower mean scores, from 0.19 (C1) to
0.29 (C2), and maximum values, from 0.46 (C1) to 0.50 (C2).
Therefore, the subsequent discussion focuses on the cluster-
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Figure 5.

ing analysis performed using the K-means algorithm, which
has been considered and examined in detail.

Cluster C1 (blue circles in Fig. 8b), covered most of the
central-western Sahel, corresponding to part of Niger and
Burkina Faso. Cluster C2 (red circles in Fig. 8b) covered

https://doi.org/10.5194/hess-29-6043-2025

most of the western Sahel, including the Sahel regions of
Senegal, Mauritania, and Mali, except for the southwest-
ern portion, corresponding to Gambia and Southern Senegal,
which falls under Cluster C3. Other parts of the Sahel also
fall within Cluster C2, such as some central areas of the Sa-

Hydrol. Earth Syst. Sci., 29, 6043-6067, 2025



6056

F. Di Nunno et al.: Decoding the architecture of drought

Guines-Bissau

e

0 sm—Shﬁ}[ ,000 km
b Cite dvolre

SPEI-12 - CLIMATIC INDICES - Correlation coefficient (r)
= -1.00--0.50 = -050--025  -025-0 = 0-025 = 025-0.50 = 0.50-1.00

Figure 5. Maps of the correlations between SPEI-12 gridded data and a subset of 12 climatic indices.

hel and the easternmost part of the Sahel, including a part of
Sudan, South Sudan and Eritrea, which is shared with Cluster
Cl1. Finally, Cluster C3 (yellow circles in Fig. 8b) included
the extensive central-eastern portion of the Sahel, including
large territories of Chad, Sudan and Nigeria.

Hydrol. Earth Syst. Sci., 29, 6043-6067, 2025

Notable differences and similarities among the three clus-
ters in terms of their response to climatic indices and long-
term trends in SPEI-12 were also observed (Fig. 8c), high-
lighting a spatial heterogeneity of drought conditions across
the Sahel.
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Figure 6. Correlation analysis between SPEI-12 for Cell 2042 and AMO. The figure presents the time series of AMO and SPEI-12 for Cell
2042, located at the border between Chad and Sudan. Additionally, it includes a scatter plot illustrating their relationship on both a monthly

scale and a five-year mean scale.

Clusters C1 and C2 exhibit broadly similar patterns, with
negative correlations dominating the relationship between
SPEI-12 and most climatic indices. Both clusters show par-
ticularly strong negative correlations with the GMT and
IPWP, suggesting that these indices play a key role in driv-
ing aridity in these regions. However, the magnitude of these
relationships differs, with C1 generally showing slightly
stronger negative correlations than C2. A key distinction is
that C2 demonstrates a stronger positive correlation of SPEI-
12 with Sahel P (0.24), which suggests this cluster benefits
from regional precipitation patterns in mitigating drought,
unlike C1, where Sahel P shows a weaker positive effect
(0.15). Cluster C3 stands out from the other two clusters,

https://doi.org/10.5194/hess-29-6043-2025

showing weaker negative correlations of SPEI-12 with most
indices and even positive correlations with some, such as the
AMO and AMM. This indicates that the drivers of drought
in C3 are less linked to the same global climatic indices that
strongly influence C1 and C2. Additionally, the weaker neg-
ative correlation with GMT and IPWP in C3 highlights a dis-
tinct climatic regime compared to the other clusters.

In terms of long-term drought trends, Cluster C2 shows
the most pronounced worsening, with the lowest Z-value
(—5.04). This indicates a sharp decline in SPEI-12, reflecting
severe drought intensification. Cluster C3, while still experi-
encing a negative trend (—2.98), exhibits a less severe decline
compared to C2, with its moderate correlations suggesting

Hydrol. Earth Syst. Sci., 29, 6043-6067, 2025
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Figure 7. Correlation analysis between SPEI-12 for Cell 2319 and GMT. The figure presents the time series of AMO and SPEI-12 for Cell
2319, located at the Sahel’s border in Central Sudan. Additionally, it includes a scatter plot illustrating their relationship on both a monthly

scale and a five-year mean scale.

more stable conditions overall. Cluster C1 occupies an in-
termediate position, with a relatively mild decreasing trend
(—0.93) and weaker correlations with regional precipitation
patterns, pointing to a more gradual but persistent worsening
of drought conditions.

Overall, while C1 and C2 share similarities in their
drought responses, C2 is more vulnerable to severe drought
intensification, whereas C3 differs fundamentally, with
weaker correlations and a slower trend toward worsening
conditions. These differences underline the need for cluster-
specific approaches to understanding and addressing drought
impacts in the Sahel.

Hydrol. Earth Syst. Sci., 29, 6043-6067, 2025

To evaluate the relative influence of each climatic index
on the clustering process and assess the predictive perfor-
mance of the classifier, we employed an explainable Al ap-
proach that integrates a Random Forest (RF) classifier with
SHAP. The RF model, a robust tree-based ensemble algo-
rithm, effectively captures complex nonlinear interactions
among variables but lacks inherent interpretability. To ad-
dress both model performance and transparency, a compre-
hensive protocol was implemented.

First, the dataset was split using stratified sampling into
training (90 %) and testing (10 %) subsets to preserve the
original class distribution. A Random Forest classifier (100
estimators, criterion = Gini, random_state = 42) was trained
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on the training data, and standard evaluation metrics — accu-
racy, class-wise precision, recall, F1-score, and the confusion
matrix — were computed on the test set. The model achieved
an accuracy of 0.985 on the independent test set. Class-wise
precision, recall, and F1-scores were all above 0.97, con-
firming the classifier’s strong discriminative power (see Ta-
ble S4). Second, model explainability was addressed using
SHAP values computed through the TreeExplainer frame-
work. Beeswarm plots were generated for each cluster to
visualize the magnitude and direction of feature contribu-
tions. Moreover, for each cluster, mean absolute SHAP val-
ues were computed for each feature, and a bootstrap proce-
dure (n = 100) was performed to calculate 95 % confidence
intervals, providing statistical robustness to the importance
rankings.

https://doi.org/10.5194/hess-29-6043-2025

SHAP values represent the marginal impact of each fea-
ture on a model’s prediction, averaged over all possible fea-
ture subsets. In this context, a positive SHAP value indicates
that the feature increases the likelihood of a data point be-
ing assigned to a particular cluster, while a negative value
suggests a suppressing effect. In the SHAP beeswarm plots
(Fig. 9), the x axis represents SHAP values — the impact of
each feature on the clustering outcome — while the color gra-
dient (Feature value) encodes the actual correlation value be-
tween the climatic index and SPEI-12 for each data point,
ranging from low (blue) to high (red). This dual encoding
enables a nuanced interpretation of the model’s behavior: the
position along the x axis reflects the strength and direction
of influence, while the color reveals whether strong or weak
correlations drive the effect.

Hydrol. Earth Syst. Sci., 29, 6043-6067, 2025
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The SHAP beeswarm plots for Clusters C1, C2, and C3
provide a comprehensive breakdown of the influence that
each climate index exerts on the Random Forest classifier’s
clustering outcomes. Each plot reveals both the magnitude
and direction of influence through SHAP values, offering
insight into the discriminative role of individual features in
defining cluster membership.

In Cluster C1, the AMO, CAR and TNA emerged as the
most influential variables, with mean absolute SHAP val-
ues of 0.088, 0.72 and 0.059, respectively (see Table S5).
Their distributions are notably skewed toward positive SHAP
values, with dense concentrations between 0.05 and 0.15.
This pattern indicates a strong and consistent association
between high index values and increased likelihood of Cl1
classification. Moderately influential indices such as WHWP,
NTA, and AMM present narrower spreads (—0.05-0.2) and
more symmetric profiles, suggesting subtler but still direc-
tional contributions. Conversely, indices like PDO, GMT,
IPWP, and TSA show very limited SHAP influence, with val-
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ues clustered near zero and minimal dispersion, highlighting
their negligible role in defining this cluster.

Cluster C2, in contrast, was characterized by AMO and
the NTA indices as the most important features (mean ab-
solute SHAP equal to 0.096 and 0.084, respectively), fol-
lowed by CAR and TNA. These variables show significant
spread on both sides of zero, implying a bidirectional influ-
ence where both high and low values can affect classifica-
tion, depending on the context. Secondary contributors such
as IPWP, AMM, and GMT exhibit tighter distributions cen-
tered around zero but with occasional asymmetries, pointing
to context-dependent roles. Sahel P, PDO, and TSA remain
minimally influential, with narrow SHAP ranges and modes
at or near zero. Compared to Cluster C1, the SHAP profiles
in C2 suggest greater interaction complexity among variables
rather than dominance by a few.

For Cluster C3, NTA dominated the feature importance
ranking (mean absolute SHAP: 0.102), followed by AMO
(0.080) and WHWP (0.072). These distributions are dis-
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tinctly positively skewed, and the color gradient confirms
that high feature values strongly align with positive SHAP
contributions. Variables such as CAR, TNA, and IPWP fol-
low a similar, though slightly less pronounced, pattern. Mid-
tier contributors like GMT, AMM, and TSA are more sym-
metrically distributed, with modal SHAP values just above
zero. Finally, Sahel P and PDO again register as the least im-
pactful, mirroring the behavior observed in the other clusters.

Across all three clusters, a consistent pattern emerges in
the relative importance of certain indices. AMO, and NTA
are among the most influential features throughout, though
the nature of their impact differs. In Clusters C1 and C3, their
SHAP distributions are positively skewed, indicating a clear,
directional relationship between high index values and clus-
ter membership. In contrast, Cluster C2 exhibits more sym-
metric SHAP profiles, highlighting bidirectional effects and
greater context dependency.

Another key distinction lies in the degree of feature dom-
inance. Cluster C1 and C3 are shaped by a small subset of
highly influential variables with strong directional effects,
whereas Cluster C2 displays a more distributed influence
among multiple variables with less sharply skewed contri-
butions.

Low-impact indices such as PDO and TSA consistently
show minimal influence across all clusters. Their SHAP val-
ues remain centered around zero with low density, suggest-
ing that these variables have limited utility in discriminating
among the regimes captured by the clustering model.

4 Discussion

4.1 Reconceptualizing Drought Dynamics in the Sahel:
A Multiscale Perspective

The findings of this study reveal a profound reconfiguration
of hydroclimatic regimes across the Sahel, with an alarming
57.5 % of grid cells exhibiting a statistically significant de-
cline in SPEI-12. This extensive drying is not a localized phe-
nomenon but rather a manifestation of large-scale climatic
reorganization, where the intensification of drought aligns
with a convergence of atmospheric and oceanic anoma-
lies. The most affected regions — the western Sahel (Sene-
gal, Gambia, Mali), southeastern Sahel (South Sudan), and
northern-central Sahel (Chad) — serve as hydroclimatic sen-
tinels, encapsulating the broader destabilization of the West
African monsoon system. Yet, amidst this widespread aridi-
fication, a contrasting signal emerges between Burkina Faso
and Nigeria, where a tendency toward wetter conditions un-
derscores the region’s inherent climatic heterogeneity and the
nonlinear interplay of local and global forcing mechanisms.

The intensification of drought correlates with unequivo-
cal global warming signatures, as reflected in the strong in-
creasing trends of GMT (Z = 28.70) and IPWP (Z = 27.83).
These indices do not merely co-evolve with regional drying;
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rather, they act as thermal amplifiers, accelerating evapotran-
spiration rates, altering atmospheric moisture gradients, and
modulating land—atmosphere feedback in ways that redefine
conventional paradigms of drought causality. Meanwhile, the
observed decline in TNI, Solar Flux, and Sahel P suggests a
shift in moisture transport dynamics and radiative forcing,
further reinforcing the complexity of hydrological reorgani-
zation in the region.

Beyond linear associations, the correlation structure be-
tween global climate drivers and regional drought variability
reveals an intricately woven network of teleconnections that
challenge traditional dichotomies of cause and effect. The
AMO emerges as a bifurcated influence, exerting positive
correlations in western and central-eastern Sahel but negative
correlations in central-western regions such as Burkina Faso.
This spatially divergent response suggests that the AMO does
not exert uniform control over Sahelian drought but rather
interacts with localized boundary conditions in ways that
defy simplistic interpretations. It is important to note that the
apparent differences between the correlation maps (Fig. 5)
and the SHAP-based feature importance results do not repre-
sent inconsistencies but rather reflect the different nature of
these diagnostics. Correlation analysis highlights the strength
of direct, linear associations between climatic indices and
drought intensity, which explains why GMT and IPWP show
strong correlations across much of the Sahel. In contrast,
SHAP-driven Random Forest analysis evaluates the contri-
bution of each index to the classification of distinct drought
regimes. Although AMO shows relatively weak average cor-
relations, its spatial heterogeneity and nonlinear interactions
with other indices allow it to emerge as a key discrimina-
tor among clusters. Conversely, the more spatially uniform
influence of GMT and IPWP, while important for overall
drought intensification, contributes less to distinguishing re-
gional drought regimes. Thus, correlation and SHAP/RF pro-
vide complementary insights: the former identifies direct as-
sociations with drought severity, while the latter uncovers the
indices most relevant for separating hydroclimatic regimes.
Similarly, GMT and IPWP exhibit strong negative correla-
tions with SPEI-12 (—0.76 and —0.71), reinforcing their role
as primary drought intensifiers, while Sahel P maintains a
positive correlation (0.22), acting as a partial counterbalance
to the prevailing drying trend. The weaker and inconsistent
influence of AO and NAO underscores the selective and spa-
tially constrained nature of extratropical climatic influences
on the Sahel.

The application of K-means clustering transcends con-
ventional regional classifications, revealing three distinct
drought-prone domains that reflect not only geographic co-
herence but also fundamentally different climate-drought in-
teraction mechanisms. Cluster C1 (central-western Sahel,
primarily Niger) is predominantly governed by global warm-
ing indices, suggesting that anthropogenic climate change
plays an outsized role in dictating its hydroclimatic trajec-
tory. Cluster C2 (western Sahel, including Senegal, Mauri-
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tania, and Mali) exhibits the most severe drought intensifi-
cation (Z = —5.04), positioning it as a critical hotspot for
future hydroclimatic vulnerability. In contrast, Cluster C3
(central-eastern Sahel, including Chad and Sudan) demon-
strates weaker correlations with global indices, indicating
that regional-scale processes and localized land—atmosphere
interactions may exert a more dominant control over its
drought evolution.

Across all three clusters, AMO and NTA consistently
emerge as key indices, though their SHAP value distributions
differ. Clusters C1 and C3 show positively skewed SHAP
values, indicating that higher values of these indices strongly
associate with cluster membership. In contrast, Cluster C2
displays more symmetric distributions, reflecting bidirec-
tional influences and a more complex hydroclimatic regime
driven by multiple moderately influential variables rather
than a few dominant ones.

This SHAP-based clustering approach represents a
paradigm shift by quantifying the relative influence of cli-
mate drivers with unprecedented clarity. The prominence of
AMO and NTA, alongside the significant roles of GMT and
IPWP in drought intensification, reshapes the understanding
of the region’s hydroclimate. These findings challenge deter-
ministic views of Sahelian drought and highlight the value of
machine-learning frameworks for capturing climate variabil-
ity and its hydrological impacts.

4.2 A Reassessment of Climate-Drought Interactions in
Light of Existing Literature

A comparative analysis with previous studies on the relation-
ship between drought and climatic indices provides a crit-
ical context for interpreting the present findings. The work
of Okonkwo (2014), which explores precipitation variabil-
ity in the Sahel in relation to climate indices, aligns with
the present study by confirming the strong influence of the
Atlantic Multidecadal Oscillation (AMO). Okonkwo (2014)
demonstrates that the warm and cold phases of the AMO
are associated with increased and decreased precipitation, re-
spectively — a pattern that has been reaffirmed here. However,
while previous studies have largely treated AMO as a broad-
scale modulator of precipitation, the SHAP-driven clustering
approach applied in this study reveals that AMO’s influence
is spatially heterogeneous, exhibiting positive correlations
with SPEI-12 across much of the Sahel but negative corre-
lations in specific subregions, particularly Burkina Faso and
Niger (Cluster C1). This nuanced perspective challenges the
assumption of uniform AMO control over Sahelian hydro-
climatic variability and underscores the need for regionally
adaptive models.

Similarly, Ndehedehe et al. (2020) investigate the corre-
lation between climatic indices and drought variability us-
ing both SPEI and SPI, confirming that AMO exerts a domi-
nant influence over precipitation patterns in the central Sahel.
Their findings resonate with the present study, reinforcing
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AMO’s multi-scalar control over drought evolution. How-
ever, while Ndehedehe et al. (2020) highlight a significant
role of the Pacific Decadal Oscillation (PDO) in modulating
Sahelian drought conditions — reporting a negative correla-
tion (r = —0.53) between PDO and SPI — the present anal-
ysis, based on SPEI-12, identifies a weaker but still notable
negative correlation (up to —0.40) in the western and central-
eastern Sahel. This result is corroborated by Liidecke et al.
(2021), who also identify a negative PDO-rainfall relation-
ship. These findings reinforce the multidecadal Pacific-Sahel
teleconnection but suggest that its strength and consistency
depend on the drought metric employed and the temporal
scale of analysis.

The relationship between NTA and SSTs and Sahelian
rainfall, explored by Wane et al. (2023), further illustrates
the intricacies of ocean—atmosphere interactions. Their find-
ings indicate that positive SST anomalies in the NTA en-
hance rainfall in the western Sahel, while negative anomalies
suppress it. This process is driven by changes in atmospheric
circulation and moisture transport. The present study con-
firms the remarkable role of NTA in shaping drought dynam-
ics and clustering patterns. However, an inverse correlation
between NTA and SPEI-12 is observed, deviating from the
rainfall-based perspective provided by Wane et al. (2023).
This divergence is likely attributable to the fundamental dif-
ference between precipitation anomalies and drought indices
incorporating evapotranspiration, highlighting the necessity
of adopting integrated hydroclimatic indicators when assess-
ing drought mechanisms.

The complex interaction between hydrological drought
variability and large-scale climatic drivers is further explored
by Ogunrinde et al. (2024), whose study on SPEI-based
drought analysis in Nigeria identifies an increasing frequency
of drought events, consistent with the present findings. Their
correlation analysis ranks the influence of climate indices on
drought as SOI > NAO > AMO, whereas in this study, NAO
and SOI exhibit only weak correlations with SPEI and neg-
ligible impacts on clustering outcomes. A notable discrep-
ancy emerges in the regional breakdown of drought influ-
ences: while both studies identify AMO as a key determi-
nant of Nigerian drought conditions, the relationships with
NAO and SOI diverge considerably. In contrast to Ogunrinde
et al. (2024), where NAO and SOI exert a measurable im-
pact, the present study finds their effect to be statistically in-
significant. These differences likely stem from methodolog-
ical variations, including the spatial domain of analysis, the
clustering methodology employed, and the timescales con-
sidered. More broadly, these results underscore the complex-
ity of climate-drought interactions in the Sahel, suggesting
that the influence of extratropical climate oscillations is nei-
ther spatially uniform nor temporally consistent, but instead
varies according to local climatic regimes and feedback pro-
cesses.

The present study builds upon and extends prior research
by moving beyond conventional correlation analyses, in-
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corporating a multi-method approach that disentangles the
mechanistic drivers of drought at an unprecedented level of
granularity. Previous studies have largely treated climatic in-
dices as static modulators of Sahelian precipitation, relying
on broad correlation patterns to infer causality. However,
by integrating SHAP-driven clustering, this study advances
the conceptual understanding of drought variability by quan-
tifying the individual contributions of each climate driver,
demonstrating that their influence is often localized, nonlin-
ear, and scale-dependent.

This refined perspective challenges the notion of uniform
climate-drought relationships, advocating for a more adap-
tive, ML-informed approach to hydroclimatic research. The
findings emphasize the importance of re-evaluating deter-
ministic frameworks in favor of probabilistic, interpretable,
and data-driven methodologies that better capture the dy-
namic nature of Sahelian drought evolution.

4.3 Advancing Hydrological Clustering: From
Conventional Methods to SHAP-Enhanced Insights

Traditional clustering methods, such as K-means, hierar-
chical clustering, and fuzzy c-means, have long been em-
ployed in hydrological studies to identify regions with simi-
lar drought characteristics. For instance, Najafi and Khanbil-
vardi (2018) used K -means clustering on the Palmer Drought
Severity Index (PDSI) to assess global extreme drought pat-
terns, while studies in South Korea (Azam et al., 2018) and
western India (Goyal and Sharma, 2016) applied hierarchi-
cal or fuzzy clustering to group rainfall stations or drought-
prone regions for improved water resource planning. Simi-
larly, Di Nunno and Granata (2023) applied K -means, Hier-
archical, and Expectation—-Maximization clustering to delin-
eate homogeneous drought regions in Southern Italy based
on gridded SPEI-6 data. These approaches effectively cap-
ture statistical similarity but offer limited insight into the un-
derlying climatic mechanisms that drive drought variability.

Such methods, which rely on distance metrics and variance
minimization, inherently lack explanatory power: they clus-
ter based on observable similarities without clarifying which
variables most influence the results. This is especially lim-
iting in regions like the Sahel, where drought dynamics are
shaped by multiple, interacting climatic drivers with often
non-linear and context-specific influences.

The proposed framework addresses these limitations by
integrating SHAP into the clustering process. By coupling
SHAP with machine learning models such as Random For-
est, the approach moves beyond surface-level pattern recog-
nition to quantify the contribution of each climatic index to
cluster formation. This integration transforms clustering into
an interpretable and mechanistically grounded analysis of
climate-drought interactions, supporting both pattern detec-
tion and causal attribution.

The benefits of this approach are evident in the Sahelian
context. SHAP-based analysis reveals the strong, directional
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influence of indices such as the AMO and the NTA in specific
clusters (e.g., C1 and C3), where drought regimes are gov-
erned by a narrow set of dominant drivers. In contrast, other
clusters (e.g., C2) exhibit a more complex, bidirectional in-
teraction among multiple indices, necessitating more flexible
and adaptive management strategies.

Moreover, our framework identifies low-impact indices —
such as PDO and TSA - allowing policymakers to focus
monitoring efforts on the most influential drivers. This pri-
oritization improves the efficiency of early warning systems
and resource allocation. Without SHAP, such insights into
causal mechanisms would remain inaccessible, as conven-
tional clustering results lack interpretability beyond spatial
similarity.

In practical terms, SHAP-driven clustering provides ac-
tionable insights for adaptation planning. For example, an-
ticipating AMO phase shifts in regions where its influence is
dominant can enhance preparedness. Likewise, the observed
negative correlation between NTA and SPEI-12 underscores
the value of monitoring ocean—atmosphere interactions for
timely intervention.

In addition, the spatial heterogeneity revealed across the
three clusters highlights the need for targeted adaptation
strategies that align with each cluster’s specific climatic vul-
nerabilities. Cluster C2, which faces the most severe drought
intensification, would benefit from proactive investment in
water harvesting infrastructure, drought-resilient crop vari-
eties, and transboundary water governance mechanisms to
manage shared resources. Cluster C1, more strongly influ-
enced by indices such as AMO, CAR, and TNA according
to SHAP analysis, may require policies focused on long-
term resilience, such as promoting sustainable groundwater
extraction, enhancing soil moisture retention through agroe-
cological practices, and integrating climate-smart irrigation
systems. Although global warming indicators such as GMT
and IPWP play an overarching role in drought intensifica-
tion across the Sahel, their direct influence on Cluster C1
is comparatively limited. In contrast, Cluster C3, where lo-
cal and regional dynamics dominate, presents an opportunity
for community-based water management, improved land use
planning, and localized climate services tailored to support
decision-making at the grassroots level. These differentiated
strategies are crucial to building adaptive capacity in the Sa-
hel and ensuring that resource allocation reflects both scien-
tific insight and regional socio-environmental contexts.

In summary, while conventional clustering methods have
laid the foundation for spatial drought analysis, the integra-
tion of SHAP enables a significant methodological advance-
ment. It bridges the gap between data-driven classification
and physical climate understanding, offering a transparent,
interpretable, and operationally useful tool for drought miti-
gation and climate resilience planning. This work thus com-
plements and extends the literature by embedding explana-
tory power into hydrological clustering, enhancing its rele-
vance for both science and policy.
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4.4 Limitations and Future Directions

While this study provides a comprehensive and data-driven
framework for assessing drought variability in the Sahel,
certain limitations warrant consideration. One inherent con-
straint lies in the geographical scope of the analysis. Al-
though the Sahel represents a vast and climatically signifi-
cant region, the findings are inherently tailored to its semi-
arid hydroclimatic regime. As a result, the generalizability
of the proposed methodology to regions with markedly dif-
ferent climatic and hydrogeological conditions remains an
open question. Future research should seek to extend this
framework to diverse environmental contexts, including hu-
mid tropical zones, arid desert landscapes, and temperate re-
gions, to evaluate the transferability and adaptability of the
approach across varying hydroclimatic gradients. Such an
extension would provide a more holistic understanding of
drought dynamics, revealing how different climatic drivers
modulate hydrological extremes under contrasting environ-
mental forcings.

Additionally, while this study successfully integrates trend
analysis and explainable clustering, further investigation is
needed to assess its performance in highly anthropized en-
vironments, where urbanization, land-use change, and water
extraction exert non-climatic controls on drought evolution.
Notably, some areas showing weak correlations between cli-
mate indices and SPEI-12 may coincide with regions under-
going extensive human-induced modifications, such as agri-
cultural expansion, irrigation, or groundwater exploitation.
These anthropogenic factors can decouple local drought dy-
namics from large-scale climate drivers, potentially obscur-
ing the climate signal detected by statistical models. Ex-
panding the application of this methodology to regions ex-
periencing rapid demographic growth and infrastructural de-
velopment, such as peri-urban zones increasingly reliant on
groundwater, would offer critical insights into the interplay
between human activities and climatic variability. Similarly,
applying the approach to colder climates would enable an
evaluation of its robustness in regions where snowpack dy-
namics, freeze—thaw processes, and permafrost degradation
introduce additional layers of hydrological complexity.

Furthermore, the temporal range of the analysis (1951—
2018), although selected to ensure consistency and adequate
overlap among multiple climate indices, may not fully cap-
ture recent accelerations in climate change and extreme event
frequency, especially post-2018. As newer datasets become
available, extending the analysis to include the most re-
cent years will be critical for capturing ongoing hydrocli-
matic shifts. Moreover, while the 0.5° spatial resolution of
the Global SPEI Database is adequate for regional-scale as-
sessments, it may smooth out local variations critical for
decision-making at finer administrative levels. This can intro-
duce spatial biases, particularly in areas where terrain, land
use, or rainfall gradients are highly variable. Finally, despite
the broad suite of 31 climate indices considered, the exclu-
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sion of potentially relevant drivers — such as dust aerosol con-
centrations, local vegetation indices, or land surface temper-
ature — could limit the full explanatory power of the model.
Incorporating such variables in future iterations may improve
the detection of drought triggers and feedbacks, especially
where local biogeophysical processes play a pivotal role.

Beyond spatial expansion, methodological advancements
represent a key avenue for future research. While the inte-
gration of SHAP-driven clustering with traditional statistical
techniques has enhanced the interpretability of drought pat-
terns, the incorporation of hybrid ML models and advanced
change-point detection algorithms could further refine the
detection of non-stationary behaviors in drought variability.
ML models — particularly deep learning architectures and en-
semble learning frameworks — hold promise for capturing
high-dimensional dependencies within climate-drought in-
teractions, thereby improving predictive accuracy. Similarly,
the application of advanced change-point detection methods
could enhance the ability to identify abrupt hydroclimatic
regime shifts, offering a more granular perspective on the
evolving nature of drought risk.

Moreover, while the percentage of grid cells showing sta-
tistically significant trends is reported to convey a general
sense of spatial extent, we acknowledge that such figures
can be affected by spatial autocorrelation, potentially inflat-
ing the number of significant results. As such, these values
should be interpreted cautiously, with emphasis placed on
coherent spatial patterns rather than individual significance.
This limitation, discussed in the literature (e.g., Wilks, 2006),
highlights the importance of adopting field significance ap-
proaches in future work to address spatial dependencies in
gridded climate data.

Future studies should also consider integrating multi-
source datasets, including remote sensing observations, high-
resolution reanalysis products, and socio-economic indica-
tors, to develop a more holistic and cross-disciplinary frame-
work for drought assessment. This would facilitate a tran-
sition from a purely climatological perspective to a socio-
hydrological paradigm, acknowledging the feedback be-
tween climate variability, human adaptation strategies, and
water resource sustainability.

Ultimately, the continued evolution of interpretable and
adaptive methodologies is essential to advancing the under-
standing of drought risk in a rapidly changing global cli-
mate. By bridging the gap between statistical inference, ML,
and hydroclimatic process understanding, future research has
the potential to redefine drought analysis, enabling more ef-
fective climate adaptation and water resource management
strategies at both regional and global scales.

5 Conclusion

This study presents a comprehensive framework for assess-
ing drought variability in the Sahel by integrating trend anal-
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ysis, cross-correlation, and an innovative SHAP-driven clus-
tering approach. The analysis revealed that 57.5 % of the
region exhibits a significant drying trend in SPEI-12, par-
ticularly in the western and southeastern Sahel, driven by
increasing temperatures and declining precipitation. Con-
versely, 19.3% of the region shows statistically signifi-
cant wetting trends, highlighting the spatial heterogeneity of
drought evolution primarily through increased evapotranspi-
ration and reduced soil moisture availability. At a regional
scale, AMO and NTA emerged as key modulators of drought
variability, influencing distinct drought-prone zones. Cluster-
ing identified three major drought regimes, with Cluster C2
(western Sahel: Senegal, Mauritania, Mali) experiencing the
most severe intensification (Z = —5.04).

The SHAP-driven clustering approach integrates a Ran-
dom Forest (RF) model with SHAP values to identify distinct
drought patterns across the Sahel. By quantifying the contri-
bution of each climatic index to the clustering results, this
method makes the model’s decision-making process trans-
parent and highlights the prominent influence of AMO and
NTA on regional drought variability. This level of inter-
pretability allows for a deeper understanding of the climatic
mechanisms behind spatial drought patterns, offering a ro-
bust basis for designing targeted adaptation strategies.

Beyond its application in the Sahel, the proposed frame-
work offers strong potential for generalization to other
drought-prone regions worldwide. Its modular structure —
combining seasonal trend detection, teleconnection analysis,
and explainable machine learning — can be readily adapted to
different hydroclimatic contexts, including temperate zones,
monsoonal climates, and arid environments. By incorporat-
ing local drought indices and relevant climate drivers, this
methodology can support region-specific assessments while
maintaining the advantages of transparency and model inter-
pretability. As such, it provides a scalable and transferrable
tool for advancing drought risk management in a changing
global climate.

By bridging advanced statistical analysis with explain-
able Al techniques, this study contributes a novel and in-
terpretable approach for understanding climate impacts on
regional water security, offering actionable insights for pol-
icymakers, researchers, and resource managers well beyond
the Sahel context.
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