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Abstract

The decline in groundwater storage (GWS) poses a critical threat to water security in
semi-arid regions where increasing agricultural water demand and climate variability are
increasing pressure on aquifers. This study presents a novel hybrid modeling framework
integrating multi-source satellite and climate data (GRACE, GLDAS, TerraClimate, and
MODIS) with machine learning and explanatory artificial intelligence techniques for the
long-term assessment and interpretation of GWS anomalies in the data-poor Igdir Basin.
Three different modeling approaches were developed: XGBoost, Long Short-Term Memory
(LSTM) networks, and their combined model, and interpreted using the Shapley Additive
Explanations (SHAP) method. The results showed a significant long-term decreasing
trend in groundwater storage anomalies at a rate of —0.87 mm per month during the
2002-2016 period, indicating continuous depletion. The LSTM model demonstrated the
best performance with R? of 0.59, RMSE of 19.5 mm, and MAE of 15.1 mm, revealing the
dominant role of temporal dependencies in groundwater systems. SHAP analysis identified
lagged groundwater anomalies (especially GWS_lag3) as the most effective predictors; this
may reflect the memory effect and lagged response specific to semi-arid aquifer systems, but
this interpretation needs to be validated in different study areas. Snow water equivalent
and total water storage anomalies also emerged as significant determinants, while the
direct effect of instantaneous precipitation was found to be limited. This study addresses
significant gaps in the literature by combining sequence-based modeling with model
interpretability in a semi-arid closed basin. The findings highlight the necessity of using
system memory and explainable artificial intelligence together for reliable groundwater
prediction. While the proposed hybrid approach has the potential for application in other
semi-arid regions, its broader usability needs to be supported by independent validation
studies under different hydrogeological and climatic conditions.
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1. Introduction

Groundwater is one of the most critical freshwater resources for agricultural produc-
tion, drinking water supply, and ecosystem sustainability, especially in semi-arid and arid
regions. Due to the limited surface water resources in such regions, groundwater acts as
an important buffer against climate variability [1-3]. However, in recent years, increasing
population, agricultural irrigation activities, and the effects of climate change have led
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to serious reductions in groundwater reserves worldwide. Therefore, understanding the
temporal dynamics of groundwater storage and revealing its long-term changes is of great
importance for sustainable water management [4—6].

Satellite-based observations have made significant progress in monitoring large-scale
hydrological processes in recent years. In particular, the Gravity Recovery and Climate
Experiment (GRACE) satellite mission enables the identification of total water storage
(TWS) anomalies and, when used in conjunction with surface models (e.g., GLDAS), allows
for the indirect prediction of groundwater variation [7]. However, GRACE data cannot
directly generate predictions and has limited temporal resolution. This necessitates the use
of data-driven modeling approaches in the study of historical groundwater variability [8,9].

Machine learning (ML) methods stand out as powerful tools in modeling complex and
nonlinear hydrological processes. Extreme Gradient Boosting (XGBoost) and Long Short-
Term Memory (LSTM) models are widely used in groundwater modeling because they can
work with high-dimensional datasets and capture nonlinear and temporal relationships.
However, these methods cannot adequately represent the natural lagged response of
groundwater systems and memory effects. In contrast, deep learning-based Long Short-
Term Memory (LSTM) networks offer more successful results in learning dependencies in
time series data [10-12].

One of the most significant limitations of advanced modeling techniques is the lack
of interpretability. Shapley Additive Explanations (SHAP), an explainable artificial intelli-
gence method, allows for the interpretation of model outputs and the determination of the
relative importance of variables [13,14]. Such approaches are critical because they not only
provide high accuracy but also allow for the physical interpretation of model results.

Although numerous studies in the literature have examined groundwater variations
using satellite data or machine learning methods, some significant gaps stand out. First,
much of the current research focuses on short-term analyses. In contrast, studies on long-
term groundwater variability based on satellite observations are still limited, especially in
semi-arid basins. Second, hybrid modeling frameworks that combine tree-based machine
learning, deep learning, and stochastic approaches are not sufficiently developed. Third,
lagged effects and system memory in groundwater systems have not yet been adequately
elucidated using explainable models. Finally, regions like the Igdir Basin in Eastern Anato-
lia, which have semi-arid climatic characteristics and high water stress potential, have only
been studied to a limited extent in the literature.

This study proposes a hybrid modeling approach integrating multi-source satellite and
climate data (GRACE, GLDAS, MODIS, and TerraClimate) to address the aforementioned
gaps. The main objectives of this study are: (i) to characterize the temporal and spatial
variability of groundwater storage anomalies; (ii) to develop predictive models based on
XGBoost, LSTM, and ensemble learning approaches; and (iii) to quantitatively determine
the relative contributions of hydrological and climatic drivers using the SHAP framework.

The innovative aspects of this study stand out in three key areas. First, different satellite
and climate datasets are brought together in a single integrated modeling framework.
Second, high-accuracy models (LSTM and XGBoost) are used in conjunction with the
explainable SHAP method, ensuring both high performance and interpretability. Thirdly,
the relative importance of known groundwater memory effects and delayed responses was
quantitatively assessed using SHAP-based explainable artificial intelligence.

In these respects, this study contributes to the understanding of groundwater dynamics
in semi-arid regions and offers a comprehensive and innovative approach in the field of
data-driven hydrological modeling.
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2. Data and Methods
2.1. Study Area

The study area, located in Igdir province, is a typical closed basin reflecting the semi-
arid climatic characteristics of Eastern Anatolia and is one of the regions with the lowest
rainfall in Tiirkiye. The region has a hydroclimatic structure where the average annual
rainfall varies between approximately 250 and 350 mm, while high evaporation and evapo-
transpiration values are observed. Although the Aras River and the surrounding alluvial
plains are important for agricultural activities, water resources are largely dependent on
groundwater. The topography consists of wide plains extending from the high mountain-
ous areas around Mount Agr1 in the south to the north, which directly affects surface runoff
and groundwater recharge. Semi-arid climatic conditions, irregular rainfall regimes, and
increasing agricultural water use increase the risk of groundwater depletion in the region
and make sustainable water management critical (Figure 1).
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Figure 1. Location of the study area.

Groundwater recharge is mainly provided by rainfall infiltration, snowmelt from the
surrounding high areas, seepage from the Aras River and its tributaries, and irrigation re-
turn runoff during the irrigation season. Groundwater discharge is primarily controlled by
agricultural groundwater extraction, drinking and domestic water use, evapotranspiration,
and natural groundwater flow into surface drainage systems. In recent years, increased
groundwater use due to intensive agricultural activities has made groundwater the pri-
mary source of freshwater for irrigation and drinking water supply in the basin. Therefore,
sustainable management of groundwater resources under semi-arid climatic conditions
has become increasingly critical for the region.
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2.2. Data

GRACE is a satellite mission developed by NASA and DLR and launched in 2002. It
monitors changes in global water storage by measuring variations in the Earth’s grav-
itational field. Using a twin satellite system, GRACE detects small variations in the
gravitational field [15]. Although it does not directly measure groundwater, it allows
for the indirect calculation of groundwater changes by identifying total water storage
(TWS) anomalies. This data is often used in conjunction with land surface models such
as GLDAS to obtain groundwater storage anomalies. With a temporal resolution of one
month and a spatial resolution of approximately 300 km (Table 1), GRACE data is critical
for large-scale hydrological analyses and drought studies and is currently being continued
by the GRACE-FO mission [16]. Land surface water storage anomalies (TWSA) derived
from GRACE were used to characterize groundwater storage changes in the Igdir Closed
Basin. Given the relatively coarse spatial resolution (~300 km) of GRACE observations
and the small size of the study area, spatial scale limitations and potential signal leakage
effects were addressed through leakage correction procedures. The corrected GRACE
signals were then downscaled using high-resolution hydroclimatic and remote sensing
variables to improve their spatial representation at the basin scale. These preprocessing
steps minimized the impact of signals originating from surrounding areas and enabled a
more accurate assessment of groundwater storage variability in the Igdir Closed Basin.

Table 1. Datasets used in the study and their main characteristics.

Spatial Temporal

Dataset Source Variables Used Resolution Resolution Role in the Study
TWS (Terrestrial Derivation of
GRACE NASA/DLR Water Storage ~300 km Monthly groundwater storage
Anomaly) anomalies (GWSA)
Soil moisture, .
Snow Water Separation of
GLDAS NASA . ~0.25° (~25 km) Monthly groundwater
Equivalent component from TWS
(SWE) p
Precipitation,
. University of temperature, Analysis of climatic
TerraClimate Idaho PET, water 4 km Monthly influences
balance variables
Surface water Surface water and
MODIS NASA 250 m-1 km Daily/Monthly  land cover dynamics

extent, NDVI .
analysis

In this study, the GLDAS Noah land surface model (GLDAS_NOAH025_M_2.1) was
used to obtain soil moisture and snow water equivalent (SWE) data. The Noah model was
preferred because it provides long-term and consistent monthly data records and is widely
used in many hydrological and groundwater studies.

GLDAS is a data assimilation system developed by NASA that combines meteorologi-
cal observations with satellite data to simulate land surface processes [17,18]. By providing
basic hydrological variables such as soil moisture, snow water equivalent (SWE), surface
runoff, and evapotranspiration at regular time intervals, it enables the analysis of compo-
nents of the water cycle [19,20]. Widely used in conjunction with GRACE data, GLDAS
plays a critical role in separating the groundwater component from total water storage.
With various model options such as Noah, VIC, and CLSM, and its high temporal reso-
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lution (3-h, daily, and monthly), GLDAS is a reliable dataset widely used in hydrological
modeling, drought analysis, and water resource management studies [21,22].
TerraClimate is a dataset widely used for hydroclimatic analyses on a global scale,
providing monthly climate data with high spatial resolution (~4 km). This dataset combines
observational climate data with reanalysis products to provide long-term and consistent
representations of precipitation, temperature, potential evapotranspiration (PET), soil mois-
ture, and water budget components [23,24]. Particularly suitable for water budget analyses
and drought studies, TerraClimate plays an important role in modeling groundwater
changes by accurately representing the spatial and temporal variation of hydrological
processes when used in conjunction with datasets such as GRACE and GLDAS [25].

2.3. Methods

The TWS anomaly is an indicator derived from GRACE satellite data that represents
the deviation of total water storage in a region from its long-term average. TWS represents
the sum of groundwater, soil moisture, snow water equivalent, and surface water compo-
nents, and the anomaly value is calculated as the difference between the total amount of
water in a specific time period and the reference average. Positive TWS anomalies indi-
cate water accumulation (wet periods), while negative anomalies indicate water loss (dry
periods). In this study, TWS anomalies were used as baseline data to determine changes
in groundwater storage, and groundwater anomalies were obtained by evaluating them
together with GLDAS data [26,27].

The groundwater storage anomaly (GWSA) was calculated using the TWSA obtained
from GRACE satellite data, and the soil moisture anomaly (SMSA) and snow water equiva-
lent anomaly (SWEA) obtained from the GLDAS dataset. In this study, the widely accepted
water budget approach was adopted, and the groundwater storage anomaly was obtained
using the following Equation (1):

GWSA =TWSA — SMSA — SWEA (1)

Here, the groundwater storage anomalies (GWSA, mm) were calculated as the residual
component of total terrestrial water storage anomalies (TWSA, mm) derived from GRACE
observations after accounting for soil moisture storage anomalies (SMSA, mm) and snow
water equivalent anomalies (SWEA, mm) obtained from the GLDAS dataset.

All variables used in the study were evaluated on a monthly time scale and converted
into anomaly values based on the average of the study period. These values were then
spatially centered within the boundaries of the Igdir Basin and used as input variables
for machine learning models. Due to the limited surface water storage in the study area
and the negligible level of plant water storage under semi-arid climatic conditions, these
components were not included in the GWSA calculation.

Soil Moisture Anomaly (SMSA) is a hydrological indicator representing the deviation
of measured soil moisture values from the long-term average over a specific time period.
This anomaly is usually calculated using soil moisture data obtained from land surface
models such as GLDAS and reveals changes in soil moisture, a significant component of
the water cycle. Positive soil moisture anomalies represent wetter than normal conditions,
while negative anomalies represent drought or water scarcity. In groundwater analysis, soil
moisture anomalies play a critical role in the separation of groundwater components within
total water storage and contribute to more accurate calculation of groundwater storage
anomalies, especially when used in conjunction with GRACE data [28,29].

TerraClimate anomaly variables are indicators derived from the TerraClimate dataset
that represent the deviation of each hydroclimatic variable from its long-term average.
Specifically, the precipitation anomaly represents the difference between precipitation in a
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given period and the long-term normal; the soil moisture anomaly represents the change
in the amount of water held in the soil; the temperature anomaly represents the deviation
from the average temperature; the surface runoff anomaly represents changes in surface
runoff; and the PET anomaly represents differences in atmospheric water demand. These
anomaly variables are critical in analyzing changes in drought, water surplus, and energy
balance in hydrological systems and are widely used in modeling changes in groundwater
storage, particularly in identifying lagged effects and climatic stressors [30,31].

To represent the temporal continuity and memory properties of groundwater storage
anomalies, lagged groundwater storage anomaly variables (GWS_lagl-GWS_lag6) were
included in the model. Responses in groundwater systems often occur with delays due to
recharge processes, groundwater flow dynamics, and seasonal hydroclimatic variability.
In this study, GWS_lagl-GWS_lag6 variables were created using 1 to 6 months lagged
values of the groundwater storage anomaly time series, respectively. Thus, each lagged
variable represents the impact of groundwater conditions in previous months on avail-
able groundwater storage. The six-month lag window was chosen because it provides
a sufficient time period to capture short- and medium-term memory effects commonly
observed in groundwater systems. This choice does not represent the physical flow time
for a particular aquifer; instead, it allows machine learning models to identify the most
meaningful temporal dependencies within the existing data set. Additionally, since the
study data set consists of only 177 monthly observations, using longer lag windows was
not preferred as it would reduce the sample size and increase the model complexity, thus
increasing the risk of overfitting.

The selected 1-6 month delay window was not chosen to represent the physical
groundwater flow or transport time of the aquifer. Instead, it was adopted as a practical
modeling strategy to capture short- and medium-term memory effects commonly observed
in groundwater systems while maintaining a sufficient number of training samples. Since
the dataset consists of only 177 months of observations, testing longer delay windows
would reduce the effective sample size and increase model complexity, raising the risk of
overfitting. Future studies are recommended to evaluate alternative delay structures using
sensitivity analyses and hydrogeological observations to determine the optimal response
time for the aquifer system.

Machine learning refers to data-driven modeling approaches that can predict and
classify by learning patterns in large and complex datasets. Machine learning methods
offer significant advantages in the analysis of nonlinear and multivariate processes such
as hydrological systems. In this study, tree-based algorithms, particularly XGBoost, were
used to model groundwater storage changes (Figure 2). These methods stand out be-
cause they can capture complex relationships between variables and work effectively
with high-dimensional data. In addition, a deep learning-based LSTM model has been
applied to better represent the temporal dependencies of groundwater systems. Thanks
to the machine learning approach, groundwater changes have been predicted with high
accuracy using satellite and climate data, and system dynamics have been analyzed more
comprehensively [11,32].

Prior to the model development process, all predictor variables were synchronized to
monthly temporal resolution and combined into a single time-series dataset. The machine
learning workflow was executed in accordance with the chronological order of the data
to preserve the temporal structure of groundwater dynamics and avoid disrupting the
sequential dependence between observations. The model development process included
data preprocessing, creation of the GWS_lagl-GWS_lag6 lagged groundwater storage
anomaly variables, model training, performance evaluation, and interpretation of model
results using the SHAP method. The hyperparameters of the machine learning models were
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iteratively optimized throughout the model development process to improve prediction
performance and reduce the risk of overfitting. The LSTM model was used to capture
temporal dependencies and memory effects in groundwater storage anomalies, while the
XGBoost model was used to model the nonlinear relationships between hydroclimatic
variables and groundwater storage. Finally, the outputs of the individual machine learning
models were compared, and the robustness of the predictions and overall model stability
were improved using an ensemble model created by combining the predictions.

1. Multi-Source Data Acquisition
* GRACE (TWS)
* GLDAS (Soil Moisture, SWE)
« TerraClimate (P, T, PET, anomalies)
« MODIS (NDVI, Surface Water)

v

2. Data Preprocessing & Anomaly Calculation
* TWS Anomaly — GWSA
* Lagged Variables (GWS_lag1-6, P_lag etc.)
* Normalization & Feature Engineering

.

3. Temporal Analysis of Groundwater Variability
* Time Series Trends
« Linear Regression & Statistics

v

4. Hybrid Modeling

XGBoost LSTM
(Tree-based Ensemble} Sequence Memory Modeling)

SHAP Explamab:llty
Feature Importance & Lagged Effects

5. Ensemble Modeling & Prediction
« LSTM + XGB Averaging
+ Groundwater Forecasting within
the Observation Period (2002-2016)

v

6. Performance Evaluation

* RMSE (mm), MAE (mm), R?
+ SHAP Interpretation
 Uncertainty (95% CI)

7. Results & Visualization
+ GWSA Trends
* SHAP Plots
+ Trend Analysis and SHAP Visualization

Figure 2. Workflow illustrating the data processing, modeling, and interpretation framework.
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XGBoost (Extreme Gradient Boosting) is an advanced machine learning algorithm
based on the gradient boosting approach and distinguished by its high-performance pre-
diction capabilities. XGBoost aims to minimize previous errors in each new model by
sequentially training decision trees, which are weak learners, thus creating a robust ensem-
ble model. Features such as regularization, early stopping, and parallel processing allow it
to reduce overlearning while ensuring high accuracy. XGBoost is particularly successful in
modeling nonlinear relationships and producing fast and effective results on large datasets.
In this study, the XGBoost model was used to predict groundwater storage anomalies
and contributed to revealing the complex relationships between hydrological and climatic
variables [33-36].

3. Results
3.1. Spatiotemporal Analysis of Groundwater Storage Anomalies

Groundwater storage anomaly (GWSA) showed significant temporal variability, rang-
ing from approximately —180 to +173 mm, indicating pronounced fluctuations between
dry and wet periods. The near-zero mean value confirms that the anomaly dataset has
been appropriately normalized. The relatively high standard deviation (~77 mm) indicates
significant interannual variability in groundwater storage, likely stemming from climatic
variability and hydrological processes in the study area.

Table 2 summarizes the distribution of the dataset of 177 observations. As expected
from the anomaly normalization procedure, the mean value is close to zero, as anomalies
are calculated as deviations from the reference mean. However, the high standard deviation
of 77.4 mm indicates significant variability between observations. The wide range between
the minimum (—180.8 mm) and maximum (173.2 mm) values also supports this high
distribution. Analysis of the quartiles reveals that the lower quartile (Q1) is —53.7 mm
and the upper quartile (Q3) is 60.9 mm, indicating that most of the data clusters within
this range. The median value of 3.5 mm suggests that the distribution is centered around
zero. While the proximity of the mean and median suggests a generally symmetrical
distribution, the magnitude of the minimum and maximum values may indicate the
presence of outliers. Overall, the dataset exhibits a structure that is centered around zero
but has a wide distribution.

Table 2. GWS Anomaly Statistics.

Statistic Value
Number of Observations 177
Mean ~0 mm
Standard Deviation 77.4 mm
Minimum —180.8 mm
25% (Q1) —53.7 mm
Median (Q2) 3.5 mm
75% (Q3) 60.9 mm
Maximum 173.2 mm

The GWSA time series exhibits strong temporal variability, with significant seasonal
oscillations and an overall decreasing trend throughout the study period (2002-2016). De-
viation values range from approximately —180 mm to +170 mm, indicating significant
differences between wet and dry periods. Although the series shows considerable vari-
ability, the long-term linear trend points to a steady decrease in groundwater storage.
Linear trend analysis shows that the slope of the original GWS anomaly is negative (—0.87
mm/time step) and the slope of the corrected series is also negative (—0.84 mm/time step),
confirming a sustained decrease in groundwater storage over time. The coefficients of
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determination (R?) of the original and corrected series are 0.33 and 0.37, respectively, indi-
cating a moderate but significant trend. The corrected series reduces short-term variations,
making the underlying trend clearer (Figure 3). The near-zero mean of the anomaly series
indicates appropriate normalization, while the relatively high standard deviation (77.4 mm
for the original series and 70.8 mm for the corrected series) reflects high interannual vari-
ability. This variability can be attributed to climatic factors such as changes in precipitation,
evapotranspiration, and drought, which have significant effects on groundwater recharge
and depletion.

Groundwater Storage Anomaly Trend

150

100 -

GWS (mm)

=100 1

—— GWS Anom

—— GWS Smoothed
=== Trend (GWS)
=== Trend (Smoothed)

-150

D ) & Q
® @Q N N

A» D )
Date

GWS slope: -0.87 mm/month | R% 0.33 | Mean: -0.00mm | Std: 77.37 mm
Smoothed slope: —0.84 mm/month | R% 0.37 | Mean: 0.67 mm | Std: 70.76 mm

Mann-Kendall Trend Test Sen’s Slope Estimator Kendall’s Tau
Z=-8.04 | p<0.001 Sen’s slope = —=0.96 mm/month T=-0.41

Figure 3. Temporal variation and linear trend of groundwater storage anomaly (GWSA, mm) for the
period 2002-2016. All groundwater storage values are expressed in millimeters (mm).

The slope of approximately —0.87 mm/month determined in the linear regression anal-
ysis corresponds to an annual groundwater storage loss of approximately —10.5 mm/year.
This result indicates a continuous decrease in groundwater reserves in the Igdir Basin
throughout the study period. In a basin where groundwater is heavily used, particularly
for agricultural irrigation, this decreasing trend poses significant risks for future irrigation
water supply, water security during drought periods, and the sustainable management of
groundwater resources. Therefore, regular monitoring of groundwater extraction, improve-
ment of water use efficiency, and evaluation of sustainable management strategies such as
artificial recharge are of great importance.

3.2. SHAP

SHAP analysis was applied only to the XGBoost model, and the significance and
contributions of the variables were interpreted. SHAP was not applied to LSTM or ensemble
models because sequential deep learning models require more computationally intensive
and indirect explanation methods such as KernelSHAP.

The XGBoost model, interpreted using the SHAP method, showed a prediction perfor-
mance of R? = 0.43, which is lower than the performance of the LSTM model (R% = 0.59)
using an ordered data structure. Although XGBoost provided lower prediction accuracy,
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the SHAP analysis offered valuable information for determining the relative importance
of hydrological and climatic variables controlling groundwater storage variability. This
difference is expected, as SHAP analysis is typically applied to tree-based models that
may not fully capture temporal dependencies inherent in groundwater systems. Despite
its lower predictive accuracy, the SHAP framework provides robust insights into feature
importance, allowing the identification of key drivers controlling groundwater storage loss.
Therefore, the SHAP results are primarily interpreted in terms of relative influence rather
than absolute predictive performance.

The SHAP analysis reveals that groundwater storage loss is predominantly controlled
by lagged system dynamics, with the most influential variable being the three-month
lagged groundwater anomaly (GWS_lag3). This variable exhibits the highest SHAP contri-
bution, ranging approximately from —30 to +15, indicating a strong bidirectional influence
on the model output. This finding provides quantitative support for previously reported
groundwater memory effects within the proposed modeling framework, where current
storage changes are largely governed by antecedent conditions. Such behavior is char-
acteristic of groundwater systems, which typically respond slowly to external forcing,
reflecting delayed recharge processes rather than instantaneous reactions. In addition to
lagged groundwater dynamics, total water storage (TWS_mm) emerges as a key controlling
factor. Higher TWS values are associated with positive SHAP contributions, indicating
that integrated water storage is an important predictor of groundwater storage variations
within the proposed modeling framework. This underscores the importance of consider-
ing basin-scale water availability when evaluating groundwater variability. Snow water
equivalent anomalies (SWE_anom) also exhibit a significant contribution, indicating that
cryospheric processes play a critical role in groundwater dynamics. The influence of SWE
suggests that snowmelt contributes to delayed recharge, reinforcing the importance of
seasonal storage components in sustaining groundwater systems. This represents a par-
ticularly strong finding, as it highlights the indirect but essential role of snow processes
in groundwater variability. Furthermore, multiple lagged variables, including GWS_lag?2
and precipitation lags (P_lag4, P_lag5, and P_lag6), demonstrate that the system exhibits a
multi-month lag response. This indicates that groundwater storage loss is not governed by
instantaneous climatic inputs but rather by temporally accumulated and delayed effects,
reflecting the complex and buffered nature of subsurface hydrological processes. Inter-
estingly, precipitation anomaly (pr_anomaly) shows a relatively weak direct influence on
groundwater storage loss. This suggests that precipitation impacts groundwater primarily
through delayed and filtered pathways rather than immediate recharge. Such a pattern
is consistent with the understanding that infiltration, percolation, and subsurface flow
processes introduce temporal lags between rainfall events and groundwater response. Fi-
nally, temperature and PET anomalies exhibit comparatively lower contributions, although
their effects remain detectable. These variables likely act as secondary controls, influencing
groundwater indirectly through evapotranspiration and soil moisture dynamics rather than
serving as primary drivers. Overall, the SHAP results indicate that groundwater storage
loss is governed by a combination of memory-driven processes, integrated water storage,
and delayed climatic influences, with cryospheric contributions playing a non-negligible
role in the system dynamics (Figure 4).

The relatively low contribution of MODIS-based variables in the SHAP analysis
indicates that vegetation status (NDVI) and surface water area have only an indirect
effect on groundwater storage anomalies. While these variables primarily reflect vegetation
dynamics, evapotranspiration, and surface hydrological conditions, groundwater storage in
the Igdir Basin is predominantly controlled by previous groundwater conditions, terrestrial
water storage, soil moisture, and snowmelt processes. Therefore, although MODIS-based
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variables provide complementary environmental information, they contribute less to the
prediction of groundwater storage compared to variables directly related to subsurface
hydrological processes. While these variables reflect vegetation status, surface energy
balance, and evapotranspiration processes, changes in groundwater storage are primarily
governed by the combined effects of precipitation, soil moisture, snowmelt, and antecedent
groundwater conditions. Furthermore, due to the semi-arid climate of the Igdir Basin
and intensive agricultural water use, groundwater dynamics are largely controlled by
lagged hydrological processes and human-induced water withdrawals. Therefore, although
MODIS variables provide complementary environmental information to the model, they
showed lower relative significance values in the SHAP analysis.

SHAP Feature Importance (GWS Control Factors) it
19

GWS_lag3 @econd o commam w oo oo

TWS_mm S o 35
SWE_anom s e oo Soceem o

GWS lag2 S -
TWS_anom

SMS_anom B

pr_anomaly
P_lag4
pet_anomaly
P_lag6

P_lag5

Feature value

GWS lagl
GWS_lag6
runoff_anomaly
P_lag2
soil_anomaly
P_lagl
temp_anomaly
P_lag3

GWS_lag5

r T r T r T Low
-30 -20 -10 0 10 20
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Figure 4. SHAP-based feature importance for groundwater storage loss prediction. Red colors
indicate higher feature values, whereas blue colors indicate lower feature values. SHAP values
represent the contribution of each predictor to the model output.
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GWS Loss

Figure 5 shows the observed, predicted, and 95% confidence intervals together. When
the model outputs are examined, it is seen that the predicted series (dashed orange line)
partially captures the general trend in groundwater loss. However, it is noteworthy that the
model underestimates amplitude values and, in particular, does not adequately represent
extreme values. This indicates that the model’s performance is limited in periods of high
variance. In particular, extreme events occurring at specific time steps are not adequately
captured by the model. For example, the significant negative peak (~—65) around t ~ 17
and the strong positive peak (~+65) around t ~ 20 are significantly underrepresented in
the model predictions. This finding reveals that the model does not adequately reflect
extreme hydrological processes such as extreme drought or sudden recharge. This is
a weakness frequently highlighted in the literature and is a critical point that should
be mentioned in published studies. In addition, the model outputs appear to exhibit a
smoother structure compared to observations. While observed data exhibit more volatile
and high-frequency variations, model predictions tend to dampen these variations. This
indicates that the model underestimates variance and suppresses high-frequency signals,
exhibiting a “damping effect.” Conversely, the model’s representation of uncertainty is
quite successful. The 95% confidence interval covers observations at most points and
widens, particularly during periods when extreme events occur. This shows that the model
accurately reflects uncertainty even in time periods with low confidence, providing a
significant advantage in terms of model reliability. Furthermore, the model appears to
capture observed variations with a delay in some periods. This indicates that predictions
respond to actual changes with a time lag in certain time intervals. However, this delayed
response is consistent with the natural dynamics of groundwater systems and reflects the
lagged behavior characteristic of the system.

Groundwater Storage Loss Prediction with Uncertainty

60

40 -

210\

—— Observed
- Predicted
95% Confidence Interval

T T T T T T T

5 10 15 20 25 30 35
Time

Figure 5. Time series of observed GWSA, LSTM-XGB ensemble predictions, and 95% confidence
intervals (Igdir Basin, 2002-2016).

3.3. LSTM and XGB Ensemble

The models demonstrated strong performance in reproducing moderate groundwater
storage fluctuations as well as the overall long-term negative trend observed in the study
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period. However, extreme hydrological events were partially underestimated, particularly
during periods characterized by abrupt variability.

Among the tested approaches, the ensemble model provided the most balanced
performance by reducing the individual limitations of the XGBoost and LSTM models.
While XGBoost tended to produce slightly more volatile predictions, the LSTM model
generated smoother outputs but occasionally lagged during rapid temporal transitions. In
contrast, the ensemble approach effectively combined the strengths of both models. During
the later stages of the time series (after time step 25), the ensemble model successfully
captured both the recovery phase and the subsequent decline, indicating satisfactory
generalization capability and temporal consistency (Figure 6).

XGB + LSTM Ensemble - GWS Loss

—— Observed
- XGB

60 -
—— Ensemble

40 -

20 1

GWS Loss

-20 1

~40

-60 1

T T T T T T T

0 5 10 15 20 25 30
Time

Figure 6. Time Series Comparison of Groundwater Storage Anomaly (GWS Loss) with the XGB +
LSTM and Ensemble Model.

The performance comparison of the models is presented in Table 3. The LSTM model
achieved the best overall performance with the lowest RMSE (19.5 mm) and MAE (15.1
mm), and the highest coefficient of determination (R? = 0.59). These results indicate that the
LSTM approach effectively captures the temporal dependencies and memory effects inher-
ent in groundwater storage dynamics, resulting in good predictive performance. Although
the ensemble model (simple averaging of XGB and LSTM) produced competitive results
(RZ=0.57), it performed slightly worse than the standalone LSTM model. This is mainly
due to the relatively lower accuracy of the XGBoost model (R? = 0.43), which introduced
some noise into the ensemble prediction. XGBoost still provided acceptable performance
but was outperformed by the deep learning model, as expected in a system dominated by
sequential patterns. Overall, these findings confirm that for groundwater storage anomaly
prediction in semi-arid regions like the Igdir Basin, sequence-based models such as LSTM
are more suitable than tree-based ensemble methods. The strong performance of LSTM
(R? 2~ 0.59) highlights the critical role of lagged effects and long-term memory in ground-
water systems.
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Table 3. Comparison of model performances (RMSE, MAE, R?) for groundwater storage anomaly

prediction.
Model RMSE (mm) MAE (mm) R?
XGB 22.4 17.4 0.43
LSTM 19.5 15.1 0.59
Ensemble 19.9 14.9 0.57

4. Discussion

The negative trend identified in the Igdir Basin is consistent with GRACE-based
studies and supports the globally reported groundwater depletion trends [37]. Furthermore,
previous studies have reported high agreement between GRACE observations and ground-
based groundwater measurements in different regions [38], which reinforces the reliability
of the multi-source datasets employed in this study.

SHAP analysis revealed the dominant influence of lagged variables, highlighting a
pronounced memory effect within groundwater systems. This finding aligns with previous
research indicating that hydrological systems typically exhibit delayed responses to climatic
and anthropogenic drivers. Literature further confirms that groundwater storage losses
are strongly linked to drought conditions and excessive extraction, with depletion rates
accelerating notably during drought periods [39]. Permanent storage losses can also occur
through land subsidence processes [40,41].

The LSTM model outperformed the other approaches, although its R? value (0.589)
represents only a moderate level of prediction accuracy, highlighting the importance of
temporal dependencies in groundwater dynamics. In contrast, XGBoost models displayed
comparatively limited predictive capability. The integration of the SHAP explainable Al
method substantially enhanced the interpretability of these results. The superior perfor-
mance of the LSTM model compared to the XGBoost model can be attributed to its ability
to capture temporal dependencies and lagged responses that characterize groundwater
systems. Unlike tree-based algorithms, LSTM explicitly learns sequential patterns and
preserves information from previous time steps. This feature makes LSTM more suitable
for modeling groundwater storage anomalies that gradually change over time. Similarly,
the dominant importance of lagged groundwater variables determined by SHAP analysis
shows that groundwater conditions from previous periods provide stronger predictive
information compared to instantaneous hydroclimatic variables. This finding is consistent
with the hydrogeological characteristics of the Igdir Basin, where groundwater is stored
in highly permeable alluvial units and gradually responds to recharge from precipitation,
snowmelt, river seepage, and irrigation return runoff. Therefore, groundwater storage
anomalies reflect the cumulative effects of previous hydrological conditions rather than
instantaneous climatic stresses.

These outcomes are consistent with broader literature confirming the effectiveness of
machine learning techniques in groundwater modeling [42].

It should be noted that SHAP analysis quantitatively reveals the relative contribution
of predictor variables to model predictions, but does not prove physical causality. Therefore,
the high significance of lagged groundwater variables should be interpreted not as direct
evidence of groundwater memory processes, but as an indication that these variables have
high predictive power in terms of model predictions.

Nevertheless, the models exhibited limitations in accurately capturing extreme events,
a common challenge reported in hydrological modeling studies [43]. In conclusion, this
study contributes to the existing body of knowledge through its integration of multi-source
data (GRACE, GLDAS, TerraClimate, and MODIS) and hybrid modeling framework. The
findings emphasize that accurate modeling of groundwater systems in semi-arid regions
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requires simultaneous consideration of temporal dependencies and explainable artificial
intelligence approaches.

GWS is critically important for water security, particularly in arid and semi-arid
regions. Excessive groundwater extraction, climate change, and intensified agricultural
activities are driving significant water losses worldwide [44]. GRACE satellite data have
become a widely adopted tool for monitoring large-scale groundwater changes. Previous
studies have demonstrated the value of combining GRACE observations with hydrolog-
ical models and remote sensing techniques [45]. Strong correlations between long-term
groundwater losses and land subsidence have been documented in the North China Plain.
Similarly, a substantial portion of total water storage loss in the Colorado Basin has been
attributed to groundwater depletion [46].

Machine learning approaches have gained increasing prominence in groundwater
modeling [47,48]. For instance, machine-learning-based downscaling of GRACE data
successfully quantified groundwater losses during drought periods in the Central Valley [8].
Integration of downscaled GRACE data with the SWAT model enabled identification of
depletion zones in the Indus Basin [49], while combined GRACE, observation well, and
numerical modeling analyses revealed significant losses in the Ganga Basin. Remote sensing
and InSAR techniques have further advanced groundwater management by investigating
aquifer elastic behavior and storage capacity [50] and evaluating storage changes in large
systems such as the Great Artesian Basin. Additional studies have highlighted the socio-
economic consequences of depletion, including strong correlations between groundwater
loss and farmer suicides in regions such as Maharashtra, India [51].

The findings are consistent with previous studies demonstrating that Al-based meth-
ods can be successfully applied in the assessment, prediction, and remediation of ground-
water sensitivity [52,53]. In recent years, deep learning models such as LSTM and advanced
tree-based methods like XGBoost, coupled with explainable AI techniques such as SHAP,
have shown strong potential for modeling complex hydrological processes. However,
while the vast majority of current studies focus on short-term analyses, research that
comprehensively assesses long-term historical groundwater variability using integrated
satellite observations and machine learning approaches is still relatively limited, particu-
larly in semi-arid basins. The present study addresses this gap by examining long-term
groundwater storage changes in the Igdir Basin through the integration of GRACE, GLDAS,
TerraClimate, and MODIS datasets with SHAP-interpreted XGBoost and LSTM models.

MODIS-derived indicators (NDVI and surface water area) were included in the data
integration phase to characterize land surface conditions. However, the contribution
of these variables to groundwater storage estimation was limited compared to GRACE
and GLDAS-based hydrological variables. Therefore, they were not among the most
dominant predictive variables in the SHAP analysis. Nevertheless, MODIS products
provided complementary environmental information contributing to the interpretation of
hydroclimatic conditions and land surface dynamics in the basin.

The relatively small dataset, consisting of only 177 months of observations, presents a
significant limitation for training deep learning models like LSTM. Deep learning archi-
tectures generally yield more reliable and generalizable results when trained on larger
datasets. Therefore, although the LSTM model performed better than other approaches in
this study, the possibility of overfitting cannot be completely ruled out. To mitigate this risk,
a careful modeling approach was adopted during the model development process, and
the models were evaluated comparatively. However, the obtained prediction performance
should be interpreted carefully, taking this limitation into account. In the future, using
longer observation series, GRACE-FO data, and additional hydroclimatic variables will
further improve the robustness and generalizability of the model.
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Another limitation of the study is the time scope of the training dataset. The period
2002-2016 may not fully represent the frequency and magnitude of extreme hydrological
events that occurred in Eastern Anatolia after 2016. Therefore, machine learning models
were trained within a more limited range of hydroclimatic variability, which may have
contributed to underestimating severe droughts and sudden flooding events. In future
studies, the representation of extreme events and model robustness can be improved by
using GRACE-FO observations and higher-resolution hydroclimatic datasets.

One of the significant limitations of the proposed model is the absence of variables that
directly represent anthropogenic impacts, such as groundwater withdrawals for irrigation,
agricultural water demand, and land-use changes. Therefore, the model primarily explains
changes associated with natural hydroclimatic processes and the temporal memory effects
of groundwater. Although anthropogenic activities contribute to groundwater depletion
in the Igdir Basin, these impacts are not directly represented as driving variables within
the model, but only indirectly through observed groundwater responses. Therefore, the
model should not be considered a calibrated system that fully explains human-induced
groundwater depletion. Future studies are recommended to integrate irrigation statistics,
groundwater withdrawal records, and land-use data.

Limitations and Future Directions

The hybrid modeling approach proposed in this study successfully captured long-term
groundwater storage changes in the Igdir Basin; however, several limitations should be
acknowledged.

First, the relatively short observation period (177 months) and the coarse spatial res-
olution of GRACE data (~300 km) limit the model’s ability to represent high-frequency
hydrological events, particularly extreme drought and rapid recharge periods. In addi-
tion, the absence of observation well data and the exclusion of human-induced factors
such as groundwater extraction for irrigation and land-use change reduce the model’s
representativeness at the local scale.

Second, since groundwater storage anomalies (GWSA) are derived by combining
GRACE-based total water storage anomalies (TWSA) with GLDAS-based soil moisture
and snow water equivalent components, using TWSA as a predictor variable introduces
information leakage risk; part of the model’s apparent success may therefore stem from the
mathematical dependence between predictor and target variables. Moreover, uncertainties
inherent in the GRACE and GLDAS datasets propagate into the derived GWSA values. A
formal uncertainty dispersion analysis was not conducted in this study due to the lack of
consistent uncertainty estimates across all input datasets. Consequently, both the model
performance metrics and the SHAP results should be interpreted with these limitations
in mind. Future studies should apply formal error propagation analyses to quantify the
contribution of each data source to the overall uncertainty in GWSA estimates.

Third, although SHAP analysis identified lagged groundwater variables as the most
important predictors, this should not be interpreted as evidence of physical causality.

Finally, model comparisons relied solely on R2, RMSE, and MAE, without formal
statistical significance testing between models. Since the method was evaluated only for the
Igdir Basin, its applicability to basins with different hydrogeological and climatic settings
remains unverified. Future work should incorporate GRACE-FO data, higher-resolution
remote sensing products, and observation well data; explore alternative lag structures
and predictor variables; and test statistical significance across models to strengthen and
generalize the proposed approach.
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5. Conclusions

This study presented a comprehensive hybrid modeling framework for assessing and
predicting long-term groundwater storage (GWS) dynamics in the semi-arid Igdir Basin,
Ttirkiye, by integrating multi-source satellite observations with advanced machine learning
and explainable artificial intelligence techniques. The results revealed a significant negative
trend in groundwater storage anomalies over the 2002-2016 period, confirming ongoing
depletion consistent with regional water stress and global patterns in arid and semi-arid
environments.

SHAP analysis provided critical interpretability, demonstrating that groundwater
systems in the basin exhibit a pronounced memory effect, with three-month lagged ground-
water anomalies (GWS_lag3) emerging as the dominant predictor. This finding underscores
the delayed response characteristics of subsurface hydrological processes, where antecedent
conditions exert stronger control than instantaneous climatic inputs. Among the models
evaluated, the LSTM network achieved superior performance, highlighting the impor-
tance of capturing temporal dependencies in groundwater systems. The XGBoost model
and the LSTM-XGBoost ensemble offered competitive yet slightly lower accuracy, while
SHAP-enhanced interpretability substantially improved the understanding of variable
contributions.

The developed approach addresses key gaps in the literature by integrating robust
temporal modeling with explainable Al in a data-scarce semi-arid basin. These findings
suggest that reliable long-term groundwater assessment may benefit from considering not
only powerful predictive algorithms but also system memory and physical interpretability.
These outcomes have direct implications for sustainable water resource management in
Eastern Anatolia and similar semi-arid regions, where groundwater constitutes the primary
water supply for agriculture and domestic use amid increasing climate variability and
anthropogenic pressure.

This study presents an integrated and interpretable machine learning framework for
evaluating groundwater storage dynamics in the Igdir Basin, providing a data-driven
approach that balances predictive performance with scientific transparency. However,
future validation studies across different hydrogeological settings are needed to confirm
the broader applicability and generalizability of the proposed framework. The findings em-
phasize the urgent need for integrated monitoring and adaptive management strategies to
mitigate groundwater depletion and enhance water security in vulnerable semi-arid basins
under changing climatic conditions. Future applications of this framework, particularly
when extended with higher-resolution observations and climate projections, can support
evidence-based policy decisions for long-term groundwater sustainability.
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