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Abstract: Hydrological drought poses significant challenges to water re-
source management, hydropower production, and ecosystem
sustainability, even in traditionally water-abundant regions such as Swe-
den. Monthly streamflow data spanning from 1961 to 2025 were used to
calculate the streamflow drought index (SDI) at multiple time scales
(SDI-1, SDI-3, SDI-6, and SDI-12) at a target station (Gdvunda krv) in
Sweden using eXtreme Gradient Boosting (XGB) models driven by SDI
values from seven neighbouring streamflow stations (Grotsjon, Holjes
krv, Langhag, Ljusne strommar krv, Nybro, Rolfsta, and Skallbéle krv)
as spatial predictors. The XGB models were trained on approximately
85% of the data and tested on the remaining 15%, achieving strong agree-
ment between observed and estimated SDI and consistently low errors in
both training and testing phases. Model performance generally improved
with increasing accumulation period during the training phase, indicating
that longer SDI time scales exhibit stronger spatial coherence among
neighbouring stations. Scatter plot and time series analyses confirmed the
models' ability to accurately reproduce the temporal dynamics of major
drought events, including the extreme 2018 northern European drought,
with no evidence of overfitting. SHapley Additive exPlanations (SHAP)
analysis was applied to interpret the trained XGB models and, through
beeswarm summary plots, to identify which neighbouring stations most
strongly influenced drought estimations at Gdvunda krv across different
time scales and hydrological conditions. The analysis showed that
drought at Langhag station was consistently the dominant predictor of
drought at Gévunda krv across all four time scales, whereas the second-
ranked contributor shifted from Nybro (SDI-1) to Hdljes krv (SDI-3 and
SDI-6) and then Grotsjon (SDI-12). Rolfsta and Skallbole krv ranked
among the least influential stations, most consistently at the longer accu-
mulation periods (SDI-6 and SDI-12). The results demonstrate that the
proposed XGB-SHAP framework offers a powerful, accurate, and inter-
pretable tool for spatial hydrological drought estimation in Nordic
hydroclimatic settings, with practical implications for drought early
warning systems and water resource management in Sweden.
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1. Introduction

plex
ecos

Drought is widely recognised as one of the most com-

economic systems across virtually all climatic zones
(Wilhite, 2016; Mishra and Singh, 2010; Vicente-Serrano
et al., 2020). Unlike sudden-onset disasters such as floods
or earthquakes, drought is a creeping phenomenon whose

and devastating natural hazards, affecting . .
. . impacts accumulate gradually over time and space,
ystems, agriculture, water supply, and socio-
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making it particularly difficult to detect, quantify, and
manage (Van Loon, 2015; AghaKouchak et al., 2023; Ha-
genlocher et al., 2019). Droughts are commonly classified
into four interconnected types (meteorological, agricul-
tural, hydrological, and socio-economic), each reflecting
different stages in the propagation of water deficits
through the hydrological cycle (Ma et al., 2022; Gevaert
et al., 2018; Zhang et al., 2022). Among these, hydrologi-
cal drought, characterised by sustained deficits in surface
water availability including below-normal streamflow and
reduced reservoir storage, is of particular concern for wa-
ter resource management as it directly reflects the actual
supply of usable freshwater within river systems (Van
Loon, 2015; Ahmadi and Moradkhani, 2019). Under on-
going climate change, the frequency and severity of
drought events are expected to intensify in many regions
worldwide, posing escalating risks to water security, food
production, and environmental sustainability (Pokhrel et
al., 2021; Naumann et al., 2018; Gebrechorkos et al.,
2025).

Quantifying and monitoring drought requires the use
of standardised drought indices that can objectively char-
acterise drought severity, duration, and spatial extent
across different time scales and regions (Liu et al., 2021;
Gebrechorkos et al., 2023). Among the most widely used
meteorological drought indices are the Standardized Pre-
cipitation Index (SPI; McKee et al., 1993), which relies
solely on precipitation data, and the Standardized Precip-
itation Evapotranspiration Index (SPEI; Vicente-Serrano
et al., 2010), which additionally incorporates potential
evapotranspiration to account for temperature-driven wa-
ter demand. In this context, Nalbantis (2008) and
Nalbantis and Tsakiris (2009) proposed the Streamflow
Drought Index (SDI), a simple yet effective hydrological
drought index that uses cumulative streamflow volumes
computed over various overlapping reference periods.
The SDI follows a calculation procedure analogous to the
SPI, whereby cumulative streamflow volumes are fitted to
a suitable probability distribution and subsequently trans-
formed to a standard normal variable, with negative values
indicating drought conditions and positive values repre-
senting non-drought states (Nalbantis, 2008; Nalbantis
and Tsakiris, 2009). The multi-scalar nature of SDI ena-
bles differentiation between short-term hydrological
stress (SDI-1 and SDI-3) and long-term sustained water
deficits (SDI-6 and SDI-12), providing critical infor-
mation for both real-time drought monitoring and strategic
water resource planning (Tareke and Awoke, 2022; Mli-
yeh et al., 2025).

Over the past two decades, machine learning (ML)
approaches have increasingly complemented and, in many
cases, outperformed traditional process-based and statisti-
cal models in hydrological prediction, driven by their
ability to capture complex nonlinear relationships within
high-dimensional datasets without requiring explicit
physical parameterisation (Dikshit et al., 2021; Kumar et
al., 2023; Xu and Liang, 2021). A wide range of ML algo-
rithms, including artificial neural networks (ANN),
support vector machines (SVM), random forests (RF),
long short-term memory (LSTM) networks, and gradient
boosting methods have been applied to drought forecast-
ing, streamflow prediction, and related water resource

problems with increasing success (Mohammadi et al.,
2025; Akbarian et al., 2023; Deulkar et al., 2025; Niu and
Feng, 2021). Among these, eXtreme Gradient Boosting
(XGB) has emerged as a particularly powerful tool in hy-
drological modelling and water resources studies (Niazkar
et al., 2024; Ni et al., 2020; Osman et al., 2021). In the
specific context of drought prediction, XGB has been suc-
cessfully employed to forecast various drought indices at
multiple temporal scales, demonstrating high accuracy
and robustness across different hydroclimatic regions (Li
et al., 2025; Gul et al., 2023; Zhang et al., 2019; Mokhtar
et al., 2021; Zhang et al., 2024).

While ML models such as XGB have demonstrated
remarkable predictive performance in hydrological appli-
cations, their inherent "black-box" nature remains a
fundamental barrier to their adoption in operational water
resource management and scientific research, where un-
derstanding the physical drivers behind predictions is as
important as the accuracy of the predictions themselves
(Slater et al., 2025). This challenge has given rise to the
rapidly growing field of Explainable Artificial Intelli-
gence (XAI), which encompasses a suite of post-hoc
interpretation techniques designed to reveal how individ-
ual input features contribute to model outputs, thereby
bridging the gap between predictive power and physical
interpretability (Lundberg and Lee, 2017; Dikshit and Pra-
dhan, 2021; Zounemat-Kermani and Kheimi, 2026).
Among the available XAI methods, SHapley Additive ex-
Planations (SHAP), introduced by Lundberg and Lee
(2017), has become the most widely adopted framework
in hydrological research due to its solid theoretical foun-
dation rooted in cooperative game theory and its ability to
provide both local and global feature importance assess-
ments with desirable properties of consistency and local
accuracy (Lundberg and Lee, 2017; Lundberg et al., 2020).

Despite this rapid methodological progress, a clear
gap remains in the way explainable ML has been applied
to drought. Where SHAP has been employed in drought
modelling, it has almost invariably been used to rank
which variables or which temporal lags govern the estima-
tion, whereas its capacity to rank which locations govern
drought at a given gauge, and thereby to expose the spatial
architecture of drought coherence within a river network,
has remained largely unexploited. This distinction matters
because drought propagates through a river system as a
spatially organised signal rather than as an isolated point
process, and knowledge of which neighbouring catch-
ments carry that signal, and which do not, is directly
relevant to drought monitoring, network design, and early
warning.

The spatial interpretability of multi-scale hydrologi-
cal drought estimation in Nordic catchments (i.e., which
neighbouring stations drive drought at a target gauge) has
received little attention. The novelty of the present study
lies in how explainable ML algorithms are designed and
interpreted for estimating SDI at a target station solely
from SDI values at neighbouring streamflow stations, and
applying the XGB—SHAP framework to identify which
stations most strongly influence hydrological drought
conditions at the target gauge across multiple time scales
in Sweden. To address this gap, the present study pursues
the following objectives: (i) to compute SDI at four time
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scales (SDI-1, SDI-3, SDI-6, and SDI-12) for eight
streamflow stations in Sweden using monthly streamflow
data obtained from the Swedish Meteorological and
Hydrological Institute (SMHI); (ii) to develop XGB
models that predict SDI values at the target station
(Gévunda krv) using SDI values from seven neighbouring
stations (Grotsjon, Holjes krv, Langhag, Ljusne strommar
krv, Nybro, Rolfsta, and Skallbole krv) as input features;
and (iii) to apply SHAP analysis to interpret the trained
XGB models, identifying which stations exert the greatest
influence on drought estimations at Gdvunda krv across
different time scales.

2. Materials and methods

2.1. Study area and data used

The present study focuses on eight streamflow
gauging stations distributed across central and west-
central Sweden. The selected station names are Grotsjon,
Hoéljes krv, Lénghag, Ljusne strommar krv, Nybro,
Rolfsta, Skallbdle krv, and Gévunda krv. The monthly
streamflow data used in this study were obtained from the
Swedish Meteorological and Hydrological Institute

(SMHI). Among the eight stations, Gévunda krv was
designated as the target station for SDI estimation, while
the remaining seven stations (Grotsjon, Holjes krv,
Langhag, Ljusne strommar krv, Nybro, Rolfsta, and
Skallbole krv) served as input features for the XGB
model. The data were divided into training and testing
subsets following an approximately 85%/15% temporal
split, with the exact periods varying slightly across SDI
time scales, for SDI-1, training covered December 1961
to November 2015 and testing covered December 2015 to
May 2025; for SDI-3, training spanned February 1962 to
November 2015 and testing from December 2015 to May
2025; for SDI-6, training extended from May 1962 to
December 2015 and testing from January 2016 to May
2025; and for SDI-12, training ran from November 1962
to December 2015 and testing from January 2016 to May
2025. The longitude and latitude of the study stations,
along with their names and abbreviations, are listed in
Table 1. The geographic locations of the eight gauging
stations, together with the topography of the study region
represented by the digital elevation model (DEM) are
shown in Fig. 1.

Table 1. Names, abbreviations and coordinates of the eight streamflow gauging stations used in this study.

No. Station Name Abbrev. Longitude (°E) Latitude (°N)
1 Gévunda krv GAV 14.1240 60.7379
2 Grotsjon GRO 12.4391 61.8203
3 Hoéljes krv HOL 12.5438 60.9512
4 Lénghag LAN 15.7132 60.3959
5 Ljusne strommar krv LJU 17.0804 61.2123
6 Nybro NYB 15.5252 61.3623
7 Rolfsta ROL 16.9374 61.7364
8 Skallbdle krv SKA 16.9619 62.3636
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Fig. 1. Locations of the eight streamflow gauging stations over the digital elevation model (DEM) of the study area.

2.2. Methodological framework

The overall methodological framework adopted in
this study consists of four sequential stages. In the first
stage, monthly streamflow data from all eight stations

were collected from SMHI and subjected to quality
control and preprocessing. In the second stage, the
Streamflow Drought Index (SDI) was computed at four
time scales (SDI-1, SDI-3, SDI-6, and SDI-12). In the
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third stage, for each SDI time scale, an XGB regression
model was developed using the SDI values from the seven
neighbouring stations as input features and the SDI values
at Gévunda krv as the target variable; the model was
trained on the training subset and evaluated on the inde-
pendent testing subset using multiple goodness-of-fit
metrics. In the fourth stage, SHAP (SHapley Additive ex-
Planations) analysis was applied to the developed XGB
models to interpret the contribution of each input station
to the SDI estimations at Gévunda krv. This integrated
framework (combining SDI computation, XGB estima-
tion, and SHAP) enables accurate multi-scale
hydrological drought estimation at the target station, and
it can also provide a meaningful understanding of which
neighbouring stations and under what hydrological condi-
tions they most strongly influence drought at Gévunda
krv.

2.3. Streamflow drought index (SDI) calculation

The Streamflow Drought Index (SDI) was computed
for each of the eight stations following the procedure of
Nalbantis (2008) and Nalbantis and Tsakiris (2009), im-
plemented here in its multi-scalar, probability-based form
that is analogous to the Standardized Precipitation Index
(McKee et al., 1993). For each time scale k (k= 1, 3, 6,
and 12 months), the cumulative streamflow volume end-
ing in month i was obtained as the trailing sum of the
monthly streamflow over the preceding k months (Eq. 1),
so that each value integrates the antecedent flow condi-
tions of the previous k months.

Vik = }:i—k+1Qj (1
where (; is the monthly streamflow in month j and Vi is
the cumulative streamflow volume for month i at time
scale k.

The cumulative series were then grouped by calendar
month (January-December) and, for each month sepa-
rately, fitted to a set of candidate probability distributions.
For each month, the best-fitting distribution was selected
with the Kolmogorov—Smirnov (KS) goodness-of-fit test,
taking the distribution with the smallest KS statistic
among those not rejected at the 0.05 significance level.
Using the fitted cumulative distribution function (CDF),
each cumulative volume was converted into its non-ex-
ceedance probability, which was then mapped to the
corresponding quantile of the standard normal distribution

through the inverse normal (probit) function, yielding the
SDI (Eq. 2):

SDIyy = @7 HF Vi)l 2

where F is the CDF of the selected distribution and @/
denotes the inverse of the standard normal cumulative dis-
tribution function. By construction, SDI follows a
standard normal distribution with a mean of 0 and a vari-
ance of 1. Positive SDI values indicate wetter-than-normal
conditions, while negative values indicate hydrological
drought, with severity classified according to the thresh-
olds listed in Table 2.

Table 2. Drought-severity classification based on SDI
thresholds (Nalbantis (2008) and Nalbantis and Tsakiris
(2009)).

Classification SDI Range
Non-drought SDI> 0.0
Mild drought -1.0<SDI<0.0
Moderate drought -1.5<SDI<-1.0
Severe drought —-2.0<SDI<-1.5
Extreme drought SDI<-2.0

2.4. XGB model development and SHAP-based model
interpretation

The eXtreme Gradient Boosting (XGB) algorithm
(Chen and Guestrin, 2016) was employed to estimate SDI
values at the target station (Gévunda krv) using the con-
current SDI values from the seven neighbouring stations
as input features. XGB is an advanced ensemble learning
method that builds a sequence of decision trees in an ad-
ditive manner, in which each successive tree is trained to
correct the residual errors of the preceding ensemble by
minimising a regularised objective function that combines
a differentiable loss term (squared error for regression)
with penalty terms controlling model complexity (Chen
and Guestrin, 2016; Niazkar et al., 2024).

Separate XGB models were developed for each of the
four SDI time scales (SDI-1, SDI-3, SDI-6, and SDI-12).
Each model received seven input features corresponding
to the concurrent SDI values at Grotsjon, Holjes krv,
Lénghag, Ljusne strommar krv, Nybro, Rolfsta, and
Skallbéle krv, and produced a single output representing
the estimated SDI at Gdvunda krv. The models were im-
plemented in the R programming environment using the
xgboost package (Chen and Guestrin, 2016) with a gradi-
ent-boosted tree booster, using Root Mean Square Error
(RMSE) as the evaluation metric. The hyperparameters
were set within the ordinary ranges commonly recom-
mended in the literature for gradient-boosted tree models
as follows: a learning rate (eta) of 0.03; a maximum tree
depth of 3; a minimum child weight of 5; a minimum loss
reduction (gamma) of 0.5; L2 (lambda = 3) and L1 (alpha
= 0.2) regularisation terms were included to penalise ex-
cessive model complexity; and row and column
subsampling ratios of 0.8 each were applied to introduce
stochasticity and improve generalisation. Each model was
trained for a maximum of 800 boosting rounds with early
stopping after 50 consecutive rounds without improve-
ment; also, a fixed random seed (set.seed(123)) was set to
ensure reproducibility.

To move beyond the black-box nature of the XGB
models and obtain physically meaningful insights into the
drivers of SDI estimation, SHapley Additive exPlanations
(SHAP) analysis was applied to each trained model fol-
lowing the unified framework introduced by Lundberg
and Lee (2017). SHAP is grounded in the concept of Shap-
ley values from cooperative game theory, in which each
input feature is treated as a player in a coalition and its
contribution to the prediction is quantified by evaluating
all possible feature subsets with and without that feature,
thereby providing a theoretically fair and locally accurate
attribution of each feature’s influence on individual pre-
dictions (Lundberg and Lee, 2017; Lundberg et al., 2020).
The TreeSHAP algorithm (Lundberg et al., 2020), specif-
ically optimised for tree-based ensembles, was used to
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compute exact Shapley values with polynomial rather than
exponential computational complexity, making it particu-
larly efficient for the XGB architecture used here. SHAP
values were computed and visualised using the shapviz
(Mayer, 2023) and SHAPforxgboost (Liu and Just, 2023)
R packages, and the analysis was performed on the entire
dataset (training and testing combined) to provide a com-
prehensive interpretation across all observed hydrological
conditions.

2.5. Model performance evaluation

The estimation performance of the XGB models was
assessed on both the training and testing periods using
four statistical metrics: the Mean Absolute Error (MAE),
RMSE, Pearson correlation coefficient (r), and Refined
Index of Agreement (dr). These metrics were computed
using Equations 3 to 6.

1 Z )
MAE =Zi=1|0i — b
@
__ 3.0, -0)P-P) )
J2?=1(oi ~0)2. L, (P — P)?
XLl -0y

fZlP 0|<c2|0 -0|

CZ:‘1|0 -

dr = (6)
M—l 1fZ|P—O|>cZ|O - 0|
Y|P — 04l

i=1

where O; and P; are observed and estimated data, re-

spectively, O and P are the means of variables 0 and
P, respectively, n is the sample size, and c is a constant
value (set to 2).

3. Results and discussion

3.1. XGB model performance across SDI time scales

Table 3 presents the goodness-of-fit metrics of the
XGB models for estimating SDI at Gdvunda krv across
the four time scales (SDI-1, SDI-3, SDI-6, and SDI-12)
during both the training and testing phases. Overall, the
results demonstrate that the XGB models achieved strong
estimation performance across all SDI time scales, with
Pearson correlation coefficients (r) consistently exceeding
0.90 in both training and testing periods, indicating a ro-
bust linear agreement between observed and estimated
SDI values. During the training phase, model accuracy
improved broadly from SDI-1 to SDI-12, with MAE de-
creasing from 0.326 to 0.211, RMSE decreasing from
0.434 t0 0.271, and r increasing from 0.901 to 0.970, sug-
gesting that longer accumulation periods produce
smoother and more spatially coherent drought signals that
are more readily captured by the inter-station relationships
learned by the XGB model. The refined index of agree-
ment (dr) followed a similar improving trend, rising from
0.792 for SDI-1 to 0.865 for SDI-12 during training, fur-
ther confirming the enhanced model-observation

agreement at longer time scales. This pattern is consistent
with the hydrological expectation that short-term stream-
flow variability (SDI-1) is more strongly influenced by
localised and stochastic factors such as individual rainfall
events and rapid snowmelt pulses, whereas longer-term
cumulative streamflow (SDI-6, SDI-12) integrates
broader catchment-scale processes that exhibit stronger
spatial correlation among neighbouring stations.

The testing phase results, which represent the model's
ability to generalise to the independent and unseen period,
closely mirrored the training performance with only mod-
est reductions in accuracy, indicating minimal overfitting
despite the complexity of the XGB ensemble framework.
For SDI-1, the test RMSE (0.427) was virtually identical
to the training RMSE (0.434), and the test r (0.915) actu-
ally slightly exceeded the training wvalue (0.901),
demonstrating excellent generalisation capacity for short-
term drought estimation. Across all time scales, the differ-
ences between training and testing MAE remained within
0.019 to 0.074, and the dr values decreased by only 0.011
to 0.046 from training to testing, reflecting stable and re-
liable model behaviour. The SDI-12 model exhibited the
highest training performance (r = 0.970, RMSE = 0.271,
dr = 0.865) but also showed the largest relative decline
during testing (r = 0.946, RMSE = 0.363, dr = 0.819),
which can be attributed to the stronger temporal smooth-
ing at the 12-month scale that may amplify the impact of
any distributional differences between the training and
testing periods, including potential shifts in long-term hy-
drological regimes or changes in flow regulation patterns
between the training (1961-2015) and testing (2016—
2025) periods. Nevertheless, even the SDI-12 testing per-
formance remained highly satisfactory, with all metrics
indicating strong estimation skill. Collectively, these re-
sults confirm that the XGB model effectively leverages
the spatial hydrological information embedded in neigh-
bouring station SDI values to accurately reconstruct
drought conditions at Gévunda krv across multiple time
scales, with particularly robust performance for medium-
term drought windows (SDI-3 and SDI-6) that balance be-
tween short-term noise and long-term smoothing.

3.2. Scatter plot analysis of observed versus estimated
SDI values

Fig. 2 presents scatter plots of observed versus esti-
mated SDI values at Gdvunda krv for each of the four time
scales (SDI-1, SDI-3, SDI-6, and SDI-12), with training
and testing data points distinguished by colour. Across all
four panels, the data points cluster tightly along the 1:1
diagonal line, visually confirming the strong agreement
between observed and estimated values indicated by the
high Pearson correlation coefficients. For SDI-1 (Fig. 2a),
the scatter exhibits the widest dispersion around the diag-
onal, particularly in the moderate-to-severe drought range
(SDI values between —1.0 and —2.0), reflecting the inher-
ent challenge of capturing short-term monthly
streamflowvariability through spatial information from
neighbouring stations alone. As the accumulation period
increases from SDI-3 (Fig. 2b) to SDI-6 (Fig. 2c) and SDI-
12 (Fig. 2d), the scatter progressively tightens, with data
points converging more closely toward the 1:1 line, con-
sistent with the improving correlation coefficients from r
=0.901/0.915 (SDI-1 train/test) to r = 0.970/0.946 (SDI-
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12 train/test). Notably, the SDI-6 model (Fig. 2¢) displays
the most visually symmetric and well-distributed scatter
across the full range of drought and wet conditions, span-
ning approximately from —3.0 to +3.0, suggesting that this

intermediate time scale captures the broadest spectrum of
hydrological variability while maintaining strong spatial
predictability among the stations.

Table 3. Performance evaluation metrics of the XGB models for estimating SDI at Gdvunda krv using seven neighbour-
ing stations as input features, assessed during training and testing phases across four time scales (SDI-1, SDI-3, SDI-6,

and SDI-12).
Metrics SDI-1 SDI-3 SDI-6
Train Test Train Test Train Test Train Test
MAE 0.326 0.347 0.246 0.297 0.252 0.271 0.211 0.285
RMSE 0.434 0.427 0.317 0.364 0.316 0.331 0.271 0.363
dr 0.792 0.781 0.845 0.808 0.840 0.823 0.865 0.819
T 0.901 0.915 0.947 0.943 0.957 0.951 0.970 0.946
(a) SDI-1 (b) SDI-3
Frrain = 0.901 7 Frrain = 0.947 7
Frest = 0.915 . Frost = 0.943 7
2+ 2]
g g
24 » ’ Train 2
/’ 4 Test
: ; : s ; ;
Observed Observed
(c) SDI-6 (d) SDI-12
¥ Prrain = 0.957 L’ i Freain = 0.97 K ’
Frest = 0.951 e Frest = 0.946 e
2+ J .
o« ® 2 Y.
£ 2
g g
14
24
24
34,7 ’ .7 ’
P I 3 ; :
Observed Observed

Fig. 2. Scatter plots of observed versus estimated SDI values at Gédvunda krv for (a) SDI-1, (b) SDI-3, (¢) SDI-6, and
(d) SDI-12 during training (blue) and testing (red) phases. The Pearson correlation coefficients for both phases are an-
notated in each panel. The dashed diagonal line represents the 1:1 perfect agreement line.

A particularly encouraging observation across all four
panels is that the training (blue) and testing (red) data
points overlap substantially and follow the same align-
ment along the diagonal, providing strong visual evidence
that the XGB models did not overfit to the training data
and generalise well to the independent testing period. This
is especially notable for SDI-1 (Fig. 2a), where the test
correlation (r = 0.915) slightly exceeds the training corre-
lation (r = 0.901), and the test points are indistinguishable
in their scatter pattern from the training points, indicating
that the spatial drought relationships among stations re-
mained temporally stable between the training and testing
periods. However, for SDI-12 (Fig. 2d), a subtle increase
in scatter is visible among the testing points at extreme
negative SDI values (below —2.0), suggesting that the
model's ability to reproduce the most severe long-term

drought conditions is slightly diminished during the test-
ing period, which may reflect the reduced sample size of
extreme events in the shorter testing window or potential
non-stationarities in long-term flow regulation patterns
between the two periods. Furthermore, across all time
scales, the model appears to slightly underestimate the
magnitude of the most extreme positive SDI values (wet
conditions exceeding +2.0) and extreme negative values
(drought conditions below —2.0), a common characteristic
of regression-based ML models that tend toward the mean
of the training distribution for observations in the tails
(Niazkar et al., 2024). Despite this minor limitation at the
extremes, the overall scatter plot analysis robustly demon-
strates that the XGB models provide reliable and
consistent SDI estimations across the full range of hydro-
logical conditions and all four temporal scales examined.
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From an operational standpoint, this tendency to underes-
timate the most extreme values has direct implications for
drought early warning, since underestimation of drought
severity may lead to the most severe and extreme droughts
being classified as less severe than they actually are, po-
tentially delaying or weakening warning signals at
precisely the conditions of greatest concern. In practical
deployment, this limitation should be taken into account,
for example by treating estimated values approaching the
severe-drought range as conservative indicators and by
complementing the model output with observed stream-
flow and additional drought indicators when triggering
early warning thresholds. Addressing the underestimation
more directly, for instance through quantile-based or ex-
treme-value-oriented model formulations that place
greater weight on the tails of the distribution, is identified
as a valuable direction for future work.

3.3. Temporal evolution of observed and estimated SDI
values

Fig. 3 displays the time series of observed and esti-
mated SDI values at Gévunda krv across the entire study
period for all four time scales, with the vertical dashed line
separating the training and testing phases. Across all pan-
els, the estimated SDI series (shown in red) closely tracks
the observed series (shown in blue) throughout both the
training and testing periods, successfully reproducing the
temporal dynamics of alternating drought and wet epi-
sodes spanning more than six decades. The XGB models
effectively capture the timing, duration, and relative mag-
nitude of major drought events visible in the historical
record, including notable negative SDI excursions during
the mid-1970s, mid-1990s, and the severe 2018 drought
that is clearly identifiable as a sharp negative spike across
all time scales. As expected from the performance metrics,
the agreement between observed and estimated series be-
comes visually tighter from SDI-1 (Fig. 3a) to SDI-12
(Fig. 3d), with the short-term SDI-1 series exhibiting the
most rapid and high-frequency oscillations that occasion-
ally deviate from the estimations, while the longer-term
SDI-6 and SDI-12 series display smoother temporal pat-
terns that the model reproduces with greater fidelity.
Importantly, the transition from the training to testing pe-
riod shows no visible discontinuity or degradation in the
quality of estimations, confirming the temporal robustness
and generalisation capacity of the models. The estimated
series maintains accurate tracking of both the drought
trough during 2018-2019 and the subsequent recovery
visible in the testing period across all time scales, further
confirming that the spatial relationships among the seven
input stations and Gévunda krv remain stable and physi-
cally meaningful beyond the training window. A minor
limitation is observed at the extreme peaks and troughs,
where the estimated values occasionally underestimate the
full amplitude of the most severe drought or wettest con-
ditions though the overall temporal phasing and drought
onset/termination timing are accurately preserved.

3.4. SHAP-based feature importance and interpreta-
bility analysis
Fig. 4 presents the SHAP beeswarm summary plots

for the XGB models across the four SDI time scales,
where each point represents a single observation, the hor-
izontal position indicates the SHAP value (contribution to
the estimation), and the colour denotes the original feature
value from low (purple) to high (orange/yellow). The most
striking and consistent finding across all four panels is the
overwhelming dominance of Langhag as the most influ-
ential predictor of SDI at Gdvunda krv, with SHAP values
typically spanning a range of approximately —1.5 to +1.5
across the four time scales, far exceeding the contribution
of any other station. The colour gradient for Langhag dis-
plays a clear and physically coherent directional pattern
across all time scales: high SDI values at Langhag (or-
ange/yellow points) consistently produce positive SHAP
values, pushing the estimated SDI at Gdvunda krv toward
wetter conditions, while low SDI values at Langhag (pur-
ple points) yield strongly negative SHAP values, driving
estimations toward drought. This dominant influence
likely reflects the shared hydroclimatic characteristics be-
tween the Langhag and Gévunda krv catchments, which
are likely to belong to the same river system, where both
stations appear to be subject to similar precipitation pat-
terns, snowmelt dynamics, and potentially interconnected
flow regulation. The second most important station varies
across time scales: Nybro ranks second for SDI-1, Holjes
krv for SDI-3 and SDI-6, and Grétsjon for SDI-12, indi-
cating that the relative contribution of neighbouring
stations to drought estimation shifts with the temporal ag-
gregation window, reflecting different spatial scales of
hydrological drought coherence.

The evolution of feature importance rankings across
time scales reveals meaningful hydrological insights into
the spatial structure of drought propagation in the study
region. At the short-term SDI-1 scale, the secondary sta-
tions (Nybro, Holjes krv, Ljusne strommar krv) show
moderate but relatively compact SHAP distributions, sug-
gesting that monthly streamflow variability at Gévunda
krv is primarily governed by one of the closest stations
(Langhag) with limited but detectable contributions from
more distant gauges. As the accumulation period increases
to SDI-3 and SDI-6, Holjes krv gains prominence as the
second-ranked feature, suggesting that seasonal and me-
dium-term drought conditions at Gévunda krv share
common large-scale hydroclimatic drivers with this catch-
ment, potentially linked to synoptic-scale precipitation
patterns and regional snowpack dynamics that manifest
over multi-month periods. At the longest time scale (SDI-
12), Grotsjon rises to second position, implying that long-
term sustained drought at Gdvunda krv is most coherent
with catchments that share similar slow-responding hy-
drological storage characteristics. Conversely, Rolfsta and
Skallbole krv rank among the least influential stations,
most consistently at the longer accumulation periods
(SDI-6 and SDI-12), with their SHAP values tightly clus-
tered near zero, indicating minimal explanatory
contribution to drought conditions at Gdvunda krv. This
finding suggests that these two stations may be hydrolog-
ically disconnected from Gévunda krv due to differences
in catchment characteristics, flow regulation regimes, or
geographic distance.
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The SHAP rankings obtained here can be interpreted
in the light of the spatial configuration of the gauging net-
work. A broad tendency for influence to decline with
increasing separation from the target station is apparent,
in that stations located relatively close to Gavunda krv
generally occupy the upper positions of the SHAP rank-
ing, whereas the more distant gauges exhibit SHAP values
clustered near zero across the time scales examined. This
pattern is hydrologically coherent, since catchments situ-
ated within a limited distance of one another are exposed
to broadly similar precipitation fields, comparable snow
accumulation and melt timing, and the same synoptic-
scale weather systems, and therefore tend to experience
largely synchronous streamflow deficits. The relationship
is nevertheless not strictly monotonic, and the departures
from it are themselves informative. Langhag consistently
ranks as the dominant predictor even though it is not the
single closest gauge to the target, which indicates that in-
fluence is governed not by geographic separation alone
but by the degree of shared hydrological behaviour,

arising from comparable catchment response times, simi-
lar snowmelt-dominated flow regimes, and potentially
interconnected regulation within the same river system.
Conversely, the consistently negligible contribution of
certain gauges is likely to reflect not merely their greater
distance but underlying differences in catchment response
and flow-regulation regime, which would tend to decou-
ple their drought signal from that of Gévunda krv.
Streamflow gauges located within a limited distance
of one another commonly exhibit strong multicollinearity,
and correlated input features might affect the distribution
of SHAP attributions, since the contribution shared among
collinear predictors may be apportioned between them in
ways that do not necessarily correspond to physical cau-
sation. The overwhelming dominance of Langhag across
all four time scales should therefore be interpreted with
appropriate caution: part of its high attribution may reflect
a strong statistical association with the target rather than a
uniquely causal upstream—downstream hydrological link-
age between the Langhag and Gadvunda krv catchments.
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Fig. 4. SHAP beeswarm summary plots showing the contribution of each input station to the XGB estimation of SDI at
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from top to bottom by mean absolute SHAP value.

The fact that Langhag consistently outranks the one gauge
that lies closer to the target suggests that its influence is
not explained by proximity-induced collinearity alone and
is likely to reflect a genuine hydrological similarity in
catchment response and flow regime. A definitive separa-
tion of statistical collinearity from physical connectivity
would nevertheless require dedicated analysis, which is
recommended for consideration in future potential stud-
ies.

It is also relevant to distinguish the SHAP-based
rankings from a simple correlation analysis among the
SDI series. Because SHAP quantifies the marginal contri-
bution of each feature in the presence of all others, rather
than its bivariate association with the target, a station that
is strongly correlated with Gavunda krv may nonetheless
receive a modest SHAP attribution if the information it
carries is largely duplicated by another, more informative
station. Under such conditions, the boosted trees preferen-
tially exploit the more informative gauge, and the
attribution of the redundant one is correspondingly sup-
pressed. The SHAP results therefore identify which
stations act as non-redundant carriers of drought infor-
mation within the network, a property that a correlation
matrix alone cannot reveal and that is directly relevant to
monitoring-network design. Viewed in this light, the sys-
tematic migration of the second-ranked contributor with

increasing accumulation period acquires a clear physical
meaning. At the monthly scale, the secondary influence is
exerted by a comparatively nearby catchment, consistent
with the dominance of localised precipitation events and
rapid snowmelt pulses in generating short-term flow
anomalies. As the accumulation window lengthens to
three, six, and twelve months, the secondary influence
shifts between catchments, culminating at the twelve-
month scale in a markedly more distant gauge (Gr6tsjon),
indicating that sustained multi-month deficits are organ-
ised at a larger spatial scale by regional hydroclimatic
forcing and are mediated by catchments whose storage
characteristics impart a comparably slow hydrological re-
sponse. The spatial footprint of drought coherence at
Gavunda krv therefore appears to widen as the integration
period increases, a result that emerges only from the joint
application of a multi-scalar drought index and a spatially
structured feature space.

4. Conclusions

This study presented an explainable framework for
estimating the Streamflow Drought Index (SDI) at multi-
ple time scales (SDI-1, SDI-3, SDI-6, and SDI-12) at
Gavunda krv in Sweden using eXtreme Gradient Boosting
(XGB) models driven by SDI values from seven neigh-
bouring streamflow stations (Grotsjon, Holjes krv,
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Langhag, Ljusne strommar krv, Nybro, Rolfsta, and
Skallbole krv), with SHapley Additive exPlanations
(SHAP) employed for model interpretation. Monthly
streamflow data spanning from 1961 to 2025 were ob-
tained from the Swedish Meteorological and Hydrological
Institute (SMHI), and SDI values were computed by fit-
ting probability distributions, with the best fit selected by
Kolmogorov—Smirnov testing across several candidate
distributions. The XGB models demonstrated strong esti-
mation performance across all four time scales, with
Pearson correlation coefficients ranging from 0.901 to
0.970 during training and from 0.915 to 0.951 during test-
ing, while RMSE values ranged from 0.271 to 0.434
during training and from 0.331 to 0.427 during testing.
During training, model accuracy improved with increas-
ing accumulation period, confirming that longer SDI time
scales capture more spatially coherent drought signals
among neighbouring stations. The close agreement be-
tween training and testing metrics, further corroborated by
scatter plot and time series analyses, demonstrated that the
models generalised well to the independent testing period
without evidence of overfitting, accurately reproducing
the timing, duration, and severity of major historical
drought events including the extreme 2018 northern Euro-
pean drought.

The SHAP-based interpretation provided physically
meaningful insights into the spatial drivers of hydrologi-
cal drought estimation at Gévunda krv, revealing which
neighbouring stations exerted the greatest influence on
drought conditions across different time scales and under
varying hydrological states. Specifically, Lénghag
emerged as the overwhelmingly dominant predictor
across all four SDI time scales, with SHAP values extend-
ing from approximately —1.5 to +1.5, exhibiting a clear
positive directional relationship where high (low) SDI val-
ues at Langhag consistently pushed estimations toward
wetter (drier) conditions at Gévunda krv. The ranking of
secondary stations shifted meaningfully across time scales
(from Nybro at SDI-1, to Holjes krv at SDI-3 and SDI-6,
and Grotsjon at SDI-12) revealing that the spatial structure
of hydrological drought coherence evolves with the tem-
poral aggregation window, with short-term drought driven
primarily by the dominant neighbouring station and long-
term drought sharing common signals with catchments ex-
hibiting similar slow-responding storage characteristics.
Rolfsta and Skallbéle krv were identified as consistently
low-influence stations, particularly at the longer accumu-
lation periods, suggesting potential hydrological
disconnection from the target catchment and providing
practical guidance for drought monitoring network opti-
misation. The application of beeswarm summary plots
enabled a transparent understanding of the nonlinear and
interactive relationships learned by the XGB models,
bridging the gap between estimation accuracy and hydro-
logical interpretability. These findings highlight the value
of integrating explainable artificial intelligence methods
with machine learning in operational hydrology, as they
not only enhance stakeholder trust in model estimations
but also generate new knowledge about the spatial propa-
gation and interconnectedness of hydrological drought
across river systems in Sweden. The demonstrated ability
to estimate drought conditions at a target station using

spatially distributed streamflow information from neigh-
bouring gauges has practical implications for drought
early warning systems, particularly in situations where
real-time data at a specific location may be temporarily
unavailable due to station malfunction or where forecasted
streamflow at upstream stations could be used to antici-
pate downstream drought development.

Despite the promising results, several limitations and
avenues for future research should be acknowledged.
First, the present study focused exclusively on a spatial
estimation framework using concurrent SDI values from
neighbouring stations, without incorporating temporal
lead—lag relationships or meteorological variables (pre-
dictors) such as precipitation, temperature, or snow water
equivalent, which could further enhance estimation skill
and enable true forecasting rather than nowcasting. Sec-
ond, the influence of hydropower regulation on
streamflow at several of the study stations may affect the
natural drought signal propagation, and future work
should investigate the impact of flow regulation on SDI
estimation accuracy by comparing regulated and unregu-
lated catchments. Third, while XGB proved highly
effective, future studies could benchmark its performance
against alternative machine learning architectures such as
Long Short-Term Memory (LSTM) networks, Random
Forest, and hybrid deep learning models to identify the
optimal approach for multi-scale SDI estimation in Nordic
hydroclimatic settings. Fourth, the framework could be
extended to a larger network of Swedish stations and ap-
plied under climate change projections to assess how
spatial drought relationships may evolve under future
warming scenarios. Finally, the integration of the pro-
posed XGB-SHAP framework into operational drought
monitoring platforms could provide real-time, interpreta-
ble, and multi-scale hydrological drought assessments
across Sweden, supporting proactive water resource man-
agement and climate adaptation strategies in an
increasingly drought-vulnerable Scandinavian landscape.
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