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ABSTRACT

This study examines the spatiotemporal variability of Terrestrial Water Storage (TWS) and Water Availability
(WA) across the Middle East (ME) from 2002 to 2024 using exclusively open-access datasets, including GRACE/
GRACE-FO mascon solutions, GLDAS-Noah simulations, CHIRPS precipitation records, and global aridity indices.
The contributions of six hydroclimatic variables, such as snow water equivalent, canopy water storage, soil
moisture storage, groundwater storage, precipitation, and evapotranspiration, to TWS and WA were quantified
through component contribution ratio analysis and Least-Squares Cross Wavelet Analysis (LSCWA). The
harmonized and reconstructed datasets provided here are openly accessible, enabling reproducibility and further
regional water studies. Results reveal a critical decline in ME water storage, with an average depletion of —45
km? annually, and widespread WA deficits affecting about half the region. Groundwater storage emerged as the
dominant contributor to TWS variability, particularly under arid and hyper-arid conditions, whereas soil
moisture and snow water played stronger roles in humid zones. The coherency analysis indicates that annual
cycles of TWS and WA were strongly linked with hydroclimatic drivers before 2020 but weakened in subsequent
years. These findings, underpinned by openly shared datasets, provide essential resources and insights for water
management strategies and sustainable policy development in one of the world’s most water-stressed regions.

1. Introduction

that contained in subterranean aquifers, is collectively referred to as
Terrestrial Water Storage (TWS) (Rodell and Famiglietti, 2001). This

The presence of water, both on the Earth’s surface and underground,
is of cardinal importance for the sustenance of human and wildlife
populations, as well as for fostering economic and agricultural growth.
This issue becomes more apparent when and where climate change and
population growth necessitate more access to water to meet the needs
(Ershadfath et al., 2024). The total water retained in glaciers, snow-
packs, surface water bodies, including lakes, reservoirs, and wetlands,
along with the moisture held in soils and vegetation canopies, as well as
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comprehensive nature of TWS and its importance encourage researchers
to obtain precise information on the variations of TWS over space and
time to effectively monitor and manage the storage and availability of
water. Despite the substantial progress achieved over the past 25 years
through GRACE and GRACE-FO missions in characterizing global TWS
dynamics, knowledge of its regional variability, component contribu-
tions, and interactions with hydroclimatic drivers remains limited,
particularly for less-developed countries (such as the ME) where there is,
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in general, an absence of global monitoring systems (Soltani et al., 2020,
2021). The progress of technology in space observation and remote
sensing has provided us with the capability to access global data
regarding changes in environmental parameters with a satisfactory level
of accuracy (Arij et al., 2025). The initiation of the Gravity Recovery and
Climate Experiment (GRACE) project has been a quantum leap in remote
sensing of hydrology, aiming to observe changes in TWS on a global
scale (Soltani et al., 2021).

The GRACE and GRACE Follow-on (GRACE-FO) missions (Tapley
et al., 2019) have provided us with global observations of TWS varia-
tions and their data have so far been extensively used by many re-
searchers to monitor Hydroclimatic events and variations of TWS and
other water cycle components at local, regional and global domains
(Forootan et al., 2014; Frappart and Ramillien, 2018; Tapley et al.,
2019; Ali et al., 2021, 2022, 2023; Khorrami et al., 2023a; Yin et al.,
2023; Youssefi et al., 2025). The fluctuations in the TWS are intrinsically
connected to the changes occurring within its various compartments.
Additionally, precipitation (P) and evapotranspiration (ET) are the key
factors influencing the hydrological cycle, which in turn play a pre-
dominant role in the variations seen in both regional and global water
cycles, ultimately affecting the dynamics of water storage and its
availability (Rodell and Famiglietti, 2001). The natural and human-
related forces impact the spatio-temporal dispersion of these hydro-
climatic parameters, thus affecting the distribution of water storage
(Khorrami et al., 2023b). Consequently, a thorough and accurate un-
derstanding of the dynamics of water storage and its availability re-
quires an in-depth quantitative assessment of the variability in
hydroclimatic factors that influence water storage fluctuations (Chao
et al., 2023).

The Middle East (ME) experiences intense spatial variability in P,
with the highest P (reaching over 1000 mm) falling across the coastal
area. Overall, the precipitation rate in the region is very low, and the
climatic conditions often result in evaporation rates that surpass the
amount of precipitation (Evans et al., 2004). The ME predominantly
experiences arid to semi-arid conditions, making fresh water a rare and
valuable commodity. The interplay between limited freshwater avail-
ability and swift population growth significantly heightens the region’s
susceptibility to the impacts of future climate change. Since 1998, the
area has undergone a series of droughts that have significantly affected
its water resources (Khaki and Hoteit, 2021). Over recent decades, the
surge in population and the escalating demand for food, energy, and
water have significantly strained the environmental and water resources
of the region. The situation has been further aggravated by the profligate
consumption of water, particularly for irrigation purposes, which has
significantly augmented over the last few decades in the pursuit of
economic development (Alborzi et al., 2018). Consequently, a reduction
in water storage, such as that caused by groundwater extraction, has
been documented in multiple areas throughout the region (Haddadin,
2002). The depletion of groundwater and surface water resources across
the ME poses a severe threat to human well-being, food security, and
economic stability (Famiglietti, 2014). Because most countries in the
region are developing nations with high population densities and
limited adaptive capacity, continued water loss exacerbates existing
socio-economic inequalities and undermines sustainable development.
The water and groundwater decline that would inevitably threaten
human survival and exacerbate regional development imbalance would
be inevitable, as the ME is composed of developing countries with
relatively denser populations and less advanced economies.

Over the past decade, GRACE/GRACE-FO has been widely applied
across the Middle East to quantify TWS trends, groundwater depletion,
drought, and downscaling approaches. Recent regional assessments
report persistent storage decline over the Middle East and evaluate
groundwater sustainability using GRACE/GRACE-FO and auxiliary data
(e.g., Khaki and Hoteit, 2021). Country- and basin-level studies have
expanded spatiotemporal analyses and methods, including comprehen-
sive GRACE/GRACE-FO assessments for Iran (Amiri et al., 2023) and
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machine-learning downscaling/ensemble projections for Saudi Arabia
(Yassin et al., 2024). Some researchers established substantial ground-
water losses in the Tigris—Euphrates-western Iran region and broader
Middle East and North Africa (MENA) using GRACE (e.g., Longuevergne
etal., 2013; Voss et al., 2013). At national scales, recent investigations in
the Arabian Peninsula and the UAE corroborate pronounced ground-
water depletion and explore recharge diagnostics using GRACE with in-
situ/model data (e.g., Alghafli et al., 2023). Collectively, this body of
work documents persistent groundwater-dominated TWS declines
across arid/semi-arid Middle Eastern settings and motivates our region-
wide analysis linking GRACE/GRACE-FO storage changes with hydro-
climatic drivers.

The existing literature indicates that several researchers have
endeavored to illuminate the impact of various parameters on the
fluctuations of TWS across multiple scales. These studies include Hum-
phrey et al. (2016) (contribution of precipitation and air temperature at
a global scale), Syed et al. (2008); Mo et al. (2016); Zhang et al. (2019)
(contribution of P, ET and runoff at global scale), Pokhrel et al. (2021)
(contribution of soil moisture at global scale), Felfelani et al. (2017)
(contribution of snow water at global scale), Chao et al. (2023) (con-
tributions of hydroclimatic components in the Yellow River Basin in
China), and Aliabad and Ghaderpour (2025) (contribution of soil heat
flux and soil temperature). The contribution of hydroclimatic parame-
ters to water storage changes and variations in the available water may
vary based on the geographical location (Chao et al., 2023) and the
climatic conditions of the specific area under consideration. As a result,
hydroclimatic variables exhibit varying influences on the fluctuations of
TWS and its spatiotemporal variability across regions characterized by
distinct climatic conditions.

Wavelet-based methods, particularly wavelet coherence, have been
increasingly used to analyze hydroclimatic variability in the Middle
East. For example, Rezaee et al. (2024) used wavelet transform to assess
climatic dynamics and water availability in Iran (1961-2020); Araghi
et al. (2017) used wavelet coherence to examine the relationship be-
tween three major climatic teleconnections and precipitation in Iran
(1960-2014); Mallick et al. (2025) used GRACE-based groundwater
storage anomalies and wavelet coherence to model groundwater
drought and its teleconnections with global climate drivers in arid re-
gions of Saudi Arabia (2002—2023) and Vaheddoost and Mohammadi
(2025) investigated the relationship between GRACE-based TWS and 25
large-scale climate oscillation indices across 12 continental and sub-
continental regions, applying correlation, principal component analysis,
and wavelet-coherence methods to identify multi-scale teleconnections
and significant spectral coherencies. These applications confirm the
suitability of wavelet-based methods for capturing the multi-scale, non-
stationary dynamics of water resources in arid and semi-arid environ-
ments, supporting their use in the present study.

The existing literature suggests that although several studies have
examined groundwater and precipitation trends in parts of the Middle
East, a comprehensive spatiotemporal analysis of TWS and WA, together
with hydroclimatic contributions for the entire region, has not been
carried out. Present research provides an elaborate analysis of the
regional dynamics of water storage and water availability within the
ME, while also quantifying the contribution of various hydroclimatic
factors, including soil moisture, snow water, canopy water, ground-
water, Precipitation (P), and Evapotranspiration (ET), in shaping the
spatiotemporal dynamics of water storage utilizing component contri-
bution ratio and wavelet coherence analysis approaches. The main
contributions of the present work are as follows:

I. Trend analysis of TWS and WA, and the hydroclimatic variables
across the ME at the pixel level and estimating the trends for the
18 countries in the ME since 2002.

II. Demonstrating the seasonal dynamics of TWS and WA and their
driving hydroclimatic variables since 2002 for the ME.
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III. Estimating the coherency and phase delays between the cycles of
TWS, WA, and hydroclimatic variables for the largest countries
with high populations in the ME, i.e., Iran, Turkey, Pakistan,
Egypt, and Saudi Arabia.

IV. Estimating the contribution of hydroclimatic variables to TWS
and WA dynamics over the ME and for the 18 countries in the ME
since 2002.

V. Mapping the general climate condition of the ME.

VI. Estimating the contribution of hydroclimatic parameters to TWS
in each climate zone.

The present research enhances the existing body of literature by
elucidating the effects of changes in aridity on the extent of these con-
tributions in the region, thereby addressing a notable gap in current
research. A concise comparison of the previous regional studies against
the current study is presented in Table 1.

2. Materials and methods
2.1. Study area

The ME (Fig. 1) is the world’s driest region (Huang et al., 2016),
where the annual precipitation is below the global mean (Khaki and
Hoteit, 2021; Krishnamurti et al., 2024). The mean annual precipitation
of the region reaches 1891 mm, while the ET shows a maximum value of
911 mm (Fig. 1). The region faces significant environmental challenges,
with water scarcity being the most pressing issue that jeopardizes the
future of the region (Khaki and Hoteit, 2021). The ME, which spans
more than 7 million square kilometers, is inhabited by over 4.4 % of the
world’s population, living in diverse geographical environments that
include coastal regions, mountainous terrains, and arid deserts (Shaban,
2022). The scarcity of water in the region has brought about an unequal
distribution of this water resource across various geographical areas,
resulting in environmental issues and geopolitical conflicts among
countries that rely on shared water sources within the region (Shaban,
2022). A considerable portion of the ME is situated within the hyper-arid
and arid zones (see Fig. 1b), highlighting the chronic insufficiency of
water resources to meet the diverse demands for municipal, recrea-
tional, and industrial activities; for irrigation and aquaculture in
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agricultural contexts; as well as for non-consumptive applications, pri-
marily in energy production and transportation (Haddadin, 2002).

This analysis involved the selection of 18 Middle Eastern countries,
which were identified for their analogous arid to semi-arid hydro-
climatic conditions and the water scarcity challenges they face. The
national boundaries of these countries align with current socio-
economic indicators, population data, and policy measures, thereby
increasing the relevance of the findings for decision-making and inter-
national water governance. The region is recognized as a geo-
strategically vital transboundary hydrological context, where country-
level statistics play a crucial role in diplomacy and conflict resolution
concerning shared water resources.

2.2. GRACE and GRACE-FO data

The Gravity Recovery and Climate Experiment (GRACE) represents a
pioneering remote sensing project overseen by the National Aeronautics
and Space Administration (NASA) of the United States and the German
Space Agency (DLR). This mission entails the deployment of two satel-
lites that orbit in tandem to gather data on the Earth’s gravitational field
(Tapley et al., 2019). The initiative began with the deployment of the
first group of satellites in March 2002. The first GRACE mission
(2002-2017) consisted of two satellites, flying in tandem in nearly
identical orbits and continuously monitoring their inter-satellite range,
range rate, and accelerations. This mission was succeeded in 2018 by the
GRACE Follow-On (GRACE-FO) mission, which continues the long-term
observation of Earth’s time-variable gravity field. In this study, the TWS
from the latest release (CSR mascon RL-06) of the GRACE/GRACE-FO
datasets (with the spatial resolution of 25 km) was assessed to esti-
mate the water storage dynamics over the ME from April 2002 to April
2024. A spatially continuous approach, using a gridded analysis, was
adopted in the present study. Each grid cell was analyzed, and country-
level results were obtained by area-weighted aggregation of the pixels
that fall within each national boundary. This approach ensures full
spatial coverage rather than random or purposive sampling, eliminating
sampling bias.

Table 1
A summary of studies done on the ME with their main findings and limitations.
Ref. Region Data Methods Main Findings Limitations
GRACE mass change
Limited to early GRACE record;
Voss et al. . GRACE, GLDAS, Altimetry analysis; water balance Significant GWS decline; L Y .
SO Tigris—Euphrates .. . . uncertainties in separating TWS
(2013) Data decomposition; trend unsustainable extraction L.
. components; limited groundwater data
analysis
Khaki and i 5 ] i ing;
haki and ' GRACE, GLDAS, Data Data assimilation; joint Reg.lo'nal .wat'er storage l'oss, No .W'A }?ydrochmat'e coupling;
Hoteit Middle East A assimilation improved signal assimilation uncertainty; model
Assimilation trend and drought analyses . .
(2021) over arid regions dependence
Hussain . o GRACE Level 2 monthly Least-squares regression; Declining trends in TWS; Higher Trends were not statistically significant;
Pakistan (Gilgit- data from CSR, GFZ, JPL; N R . . R .
et al. Baltistan region) GLDAS-Noah: Spearman’s rank annual amplitude in GLDAS- coarse spatial resolution of GRACE in
(2021) 8 ’ correlations Noah than GRACE mountainous region

Amiri et al.
it et a Iran (local scale)

(2023)
Yassin et al. . .
(2024) Saudi Arabia
Nikraftar
et al. Middle East
(2024)
Present Middle East (18
Study countries)

precipitation data

GRACE-FO, GLDAS,
climate reanalysis

GRACE-FO, in-situ water
quality data, groundwater
wells

GRACE, ERAS5, ML-ready
data

GRACE/GRACE-FO,
GLDAS-Noah, CHIRPS,
Aridity Index

GWS estimation from
GRACE; trend analysis;
correlation with quality
indicators

Multi-step-ahead ML;
forecasting experiments

Analytical groundwater
sustainability index; trend
and correlation analyses

CCR, STL, and LSCWA for
trend, coherency and phase
delay analyses

Persistent TWS loss; validated
GRACE trends with in-situ
chemistry

ML ensemble methods show
improvements; risks for long-
term sustainability

59.14 % of the ME is
unsustainable; presented
sustainability metrics for
policymakers

Quantified TWS, WA, and
hydroclimatic drivers and
studied their coherency and
phase delays; open data

No contribution ratio or climate
stratification; discrepancy between
GRACE signals and local well data

Insufficient data for ML training;
interpretability challenges; forecast
uncertainty

Focused only on GWS; no WA analysis;
limited ground validation; assumptions
impacting the accuracy of sustainability
index

Reliance on the Noah LSM;
uncertainties in harmonization of
datasets and estimated trends
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Fig. 1. (a) Geographic location of the Middle East, (b) Generic climate of the region based on aridity index, (c) Mean Annual Precipitation (MAP) map, and (d) Mean

Annual Evapotranspiration (MAET) map.
2.3. GLDAS simulations

The Global Land Data Assimilation System (GLDAS) functions as a
widely utilized comprehensive land surface model. Users can access the
GLDAS dataset via five distinct land surface models, which include the
Community Land Model (CLM), the Variable Infiltration Capacity (VIC)
model, the Noah model, the Mosaic model, and the Catchment Land
Surface Model (CLSM) (Rodell et al., 2004). The monthly values of
Evapotranspiration (ET), Snow Water Equivalent (SWE), Soil Moisture
Storage (SMS), and Canopy Water Storage (CWS) of the ME region were
received from the Noah model at https://ldas.gsfc.nasa.gov/gldas/gldas
-get-data (Last accessed on November 16, 2025). The Noah products
demonstrated a higher degree of quality of match to GRACE TWSA than
the other models (Wang et al., 2023). This analysis utilized the GLDAS
Noah model data. The Noah model does not simulate Groundwater
Storage (GWS). Instead, GWS was derived from the GRACE TWS by
subtracting the hydrological components, such as SWE, CWS, and SMS.

2.4. CHIRPS data

The Climate Hazards Group InfraRed Precipitation with Station data
(CHIRPS), a high-resolution (0.05 x 0.05 degrees) global precipitation
dataset, is recognized for its high level of accuracy (Khorrami et al.,

2024) and thus is frequently utilized as a substitute for precipitation
measurements in areas where adequate data is lacking (Paca et al.,
2020). The CHIRPS monthly precipitation data can be downloaded from
https://www.chc.ucsb.edu/data/chirps (Last accessed on November 16,
2025).

To ensure consistency across datasets with varying native spatial
resolutions (CHIRPS 0.05°, GLDAS Noah 0.25°, Global Aridity Index ~1
km, and GRACE mascon 0.25°), all products were spatially resampled to
the GRACE resolution of 0.25° x 0.25° using bilinear interpolation
(Chao et al., 2018; Ajjur and Al-Ghamdi, 2021). This harmonization
allowed for direct comparison and integration of hydroclimatic vari-
ables. While resampling inevitably reduces the representation of local-
scale heterogeneity, the focus of this study is on regional-to-country-
level patterns. Therefore, the aggregated framework is appropriate
and robust for the intended objectives.

2.5. Reconstruction of the missing GRACE /GRACE-FO data

The sporadic absence of TWS derived from the GRACE, along with an
uninterrupted 11-month gap between GRACE and GRACE-FO, hinders
the enhanced monitoring of water resources. Hence, it is imperative to
fill in the missing months in the dataset. In this study, the missing
months of the GRACE and GRACE-FO data were reconstructed using the
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https://ldas.gsfc.nasa.gov/gldas/gldas-get-data
https://www.chc.ucsb.edu/data/chirps
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Seasonal and Trend decomposition using Loess (STL) proposed by
Khorrami et al. (2023c). As a robust filtering technique for decomposing
time-series datasets, the STL is employed to depict and define the actual
TWS features observed by GRACE, encompassing both natural and
human-induced influences. Consequently, it effectively fills in the
missing information in the global TWS dataset (Khorrami et al., 2023c;
Youssefi et al., 2025). The STL initially breaks down the time series data
into its constituent parts, Eq. (1). Subsequently, it fills in the missing
data by incorporating the mean seasonal and residual values, in addition
to the trend component specific to the missing month, Eq. (2):

TWS, = Trend, + Seasonal, + Residual, (€D)]

TWS, =y (Trend,) + Seasonal, + Residual, 2)

where Trend,, Seasonal,, Residual, at time t denotes the trend, seasonal,
and residual of the TWS time series, respectively (Boergens et al., 2024).
Eq. (2) estimates the missing value at time t by taking the estimated
trend at time t and adding the mean of the seasonal plus residual com-
ponents from other observed times (Ali et al., 2023). In the present
study, there were 33 missing data points from the GRACE and GRACE-
FO missions, including 22 months of mission gaps (20 gaps for the
GRACE and two gaps for the GRACE-FO) as well as 11 months of
intermission gaps (between the two missions). These gaps were closed
using the STL technique to come up with a seamless dataset for the
analysis.

2.6. Calculation of water availability and water storage changes

Water availability (WA) refers to the equilibrium between P and ET
as the central water input and output variables of the hydrological cycle
(Byrne and O’Gorman, 2015). Variations in water availability play a
crucial role in the provision of freshwater resources, the assurance of
food security, and the maintenance of natural ecosystems, especially in
regions characterized by limited water resources, where the growth of
vegetation is predominantly influenced by the availability of water
(Zhao et al., 2021). To estimate the WA of the ME region, P and ET
values were derived from the Noah model and CHIRPS dataset from
2002 to 2024.

From the perspective of water balance, it is indicated that fluctua-
tions in terrestrial water storage change (TWSC) are predominantly
influenced by variations in P and ET (Yang et al., 2021), thus a close
association between TWSC and WA is expected. The water balance
methodology is typically employed to ascertain changes in water storage
at both basin and continental levels, often serving as a reference point
for other data products (Zhong et al., 2020). The TWSC is derived from
the temporal derivative of TWS obtained from GRACE satellite data
(Khorrami et al., 2023d). Monthly storage changes are determined by
the difference between TWS values of two consecutive months at the
start of a given month by Eq. (3):

ds  TWS,,; — TWS,

TWSC = A va— 3

2.7. Component contribution ratio

The Component Contribution Ratio (CCR), as described by Kim et al.
(2009), was used to estimate the contribution of different hydroclimatic
parameters to the variations of water storage and water availability in
the ME. In this premise, the contribution of (1) P and ET to Water
Availability, (2) individual water storage components (including SWE,
CWS, SMS, and GWS) to TWS, were estimated using Egs. (4) and (5):

1 & ~
MAD; = = > " IS;, —Si “
k=1
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MAD;

= e ®)
ijl MAD;

CCR;

where MAD; is the mean absolute deviation of the individual component
Si, N is the total number of components, S; is the mean of each compo-
nent S;.

2.8. Aridity index

Aridity is generally characterized as a multifaceted function that
integrates factors such as precipitation, temperature, and reference
evapotranspiration. The Aridity Index (AI) is the ratio of potential
evapotranspiration to precipitation, i.e., and determines the climatic
conditions (Yang et al., 2019). In this research, the climatic condition of
the ME was classified based on the Al of the region that was derived from
the Global Aridity Index (Global-Al) datasets, specifically version 3,
which operates at a resolution of 30 arc sec, or roughly 1 km at the
equator. For additional details regarding the data and to access the
download, please see the work of Zomer et al. (2022). According to Al
values, the generalized climate is classified into five types: (i) Hyper Arid
(AI <0.03), (ii) Arid (0.03 < Al <0.2), (iii) Semi-Arid (0.2 < AI <0.5),
(iv) Dry Sub-humid (0.5 < Al <0.65), and (v) Humid (AI >0.65).

2.9. Coherency and phase delay analysis

The least-squares cross wavelet analysis (LSCWA) serves as an
effective analytical tool for examining the interrelationship between two
time series across both temporal and spectral domains, enabling the
assessment of coherency and phase delay (Ghaderpour and Pagiatakis,
2019). The LSCWA computes a time-frequency spectrogram for each
time series using an effective windowing strategy. This tool can directly
analyze time series which may have missing data and different sampling
rates without any need for interpolation and/or time alignment. The
LSCWA can consider the observational uncertainties and can estimate a
higher time-frequency resolution cross-spectrogram compared to the
traditional models, such as cross-wavelet transform (Grinsted et al.,
2004; Ghaderpour, 2021). The LSCWA has been applied in many studies
to investigate the interconnection between vegetation and hydro-
climatic variables (Ghaderpour et al., 2021, Ghaderpour et al., 2023).

To estimate a spectrogram, a window whose size is inversely pro-
portional to frequency translates over time and frequency. The sinusoids
and trend constituents of known forms are simultaneously fitted to the
segments within each translating (sliding) window. For a given set of
frequencies, a spectrogram for each time series will be estimated, and
then the two spectrograms (set to have the same dimensions) will be
cross-multiplied. In LSCWA, within each window, the phases of the si-
nusoids are also estimated in order to calculate the phase differences,
usually shown by arrows on the cross-spectrogram (LSCWS). Consid-
ering the normality of the residual series, a stochastic surface is also
estimated in LSCWA to identify the peaks that are statistically significant
at a certain confidence level, e.g., 95 %. The default settings of LSCWA
are used in the present research, i.e., using 6 cycles of sinusoids and
Gaussian weights (acting like Morlet wavelet) within translating win-
dows. The default settings include a Gaussian window scale of ¢ =
0.0125 with a window size allowing six sinusoidal cycles at a given
frequency, as also suggested by Foster (1996) and Torrence and Compo
(1998). These settings are proven to produce optimal time-frequency
resolution spectrograms (Ghaderpour and Pagiatakis, 2017, 2019;
Ghaderpour et al., 2021).

2.10. Mann-Kendall trend analysis

The Mann-Kendall (MK) trend test was employed to identify trends
within the time series data. This non-parametric statistical method does
not impose any assumptions regarding the distribution of the input
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variables, making it a popular choice for examining trends in hydro-
meteorological variables over time (Khorrami et al., 2023a; Khan and
Li, 2025). Within the framework of the MK test, the null hypothesis (Hp)
is formulated under the assumption that there is no underlying trend
present in the time series. The assessment of each time series trend’s
significance was conducted at a significance level (a) of 0.05. The
flowchart of this reseach is given in Fig. 2.

3. Results
3.1. Estimation of water storage and its fluctuations

To assess the fluctuations of TWS change in the ME, the TWS and its
compartments, including SWE, CWS, SMS, and GWS, were used. The
GWS variable was isolated from the column-integrated GRACE-observed
TWS and the Noah simulations of SWE, CWS, and SMS. The time-series
graph illustrating the long-term fluctuations of the TWS observed by
GRACE, along with its four compartments across the ME (Fig. 3), was
constructed utilizing the region-averaged values for each variable. The
results demonstrate a wax and wane pattern for all the variables over the
region, with a sharp diminishing trend for the TWS (—0.048 cm/
month) and GWS ( — 0.049 cm/month) from April 2002 to April 2024.
The analysis reveals that the SWE and the CWS exhibit no discernible
trends; however, the SMS appears to be on the rise in the region, with a
rate of 0.0016 cm/month. Furthermore, the results of the trend test
suggest that there is no statistically significant trend detected in SMS,
SWE, and CWS throughout the region.

For the spatial assessment of water storage fluctuations in the region,
the long-term trends are illustrated in Fig. 4. From this figure, the var-
iations of SWE and CWS are almost trivial in the region. This phenom-
enon can be attributed to the regional climate, which results in sparse
vegetation and minimal snowpack for water retention. Notably, the SWE
variations reveal significant reductions primarily in the northeastern
parts of Turkey, Afghanistan, and Pakistan, where high mountain ranges
are situated. The trend map of TWS and GWS shows almost identical
changes through time, with the most critical situation in Iran for which
the variations of TWS and GWS reach up to —4.55 cm/year and —4.73
cm/year, respectively. The circumstances are similarly dire in certain
regions of Turkey, Iraq, Saudi Arabia, Afghanistan, and Pakistan. The
observed spatial distribution of GWS fluctuations aligns closely with the
results reported by Nikraftar et al. (2024). The variations in SMS indi-
cate a downward trend across the central and northern parts of the re-
gion, particularly affecting Iran, Turkey, Iraq, and Syria.

The complete trend test results for each country are given in Table 2.
The findings indicate that, with the exception of Yemen, where no
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notable trend is observed, the TWS has experienced a significant decline
over the past two decades. The overall evaluation of the trends indicates
that the ME region has experienced a severe loss of water storage during
the study period which accounts for about —45 km? /year equivalent to
—1041 km® of total storage loss for the whole GRACE era. Iran appears
to possess the most significant water storage condition among the
countries in the Middle East, exhibiting a rate of —1.09 cm/year in TWS
which is equivalent to about — 16.93 km®/year and total water storage
loss of — 389.37 km>. Analyzing annual water storage depletion reveals
that, following Iran, the countries experiencing the most significant
losses from 2002 to 2024 are Jordan (—0.82 cm/year), Syria (—0.71 cm/
year), Iraq (—0.66 cm/year), Afghanistan (—0.66 cm/year), Saudi Ara-
bia (—0.64 cm/year), and Turkey (—0.56 cm/year). The alarming status
of water storage variations in Iran, Syria, Iraq, Jordan, and Turkey was
also documented from 2002 to 2015 (Bozorg-Haddad et al., 2020).

3.2. Changes in water availability

To delve into the spatio-temporal variations in water availability in
the ME, the region-averaged values of P, ET, and WA are depicted in
Fig. 5. The multi-year variations of WA and its components suggest that
it follows the P variations in the region with a robust correlation of 0.74.
The relationship between WA and ET in the region exhibits a moderate
correlation of — 0.4. Given that P and ET are the primary factors
influencing changes in Earth’s water storage (Yang et al.,, 2021), a
comparative analysis was conducted between the variations in WA and
the changes in TWS derived from GRACE data (TWSC), the differential
of two consecutive months of TWSA at the beginning of a month
(Khorrami et al., 2023d), to explore the connections between water
availability and fluctuations in water storage (Fig. 6). It shows that the
long-term fluctuations of WA in the region are highly correlated (0.71)
with the TWSC.

The mean monthly variations of WA in the region (Fig. 7) indicate
that in the ME region, water availability varies from —3.70 cm to +14.06
cm per month. It reveals that the majority of Iran, Iraq, Syria, Egypt,
Yemen, and Pakistan are crippled with water stress. The map also in-
dicates that about half (49.46%) of the ME is under water stress with a
negative WA value. These are the parts in the ME with low precipitation
rates. Moreover, groundwater extraction for agricultural purposes in
large irrigation areas like Pakistan, Central Turkey, and Iran leads to a
substantial water deficit (Khaki and Hoteit, 2021). The northern parts of
the region, in particular the coastal parts of Turkey, excluding central
Anatolia, north of Iran, and Syria, west of Iraq, and north-east of
Pakistan, show a high amount of WA. These areas are among the parts of
the ME where P (30cm/year) is above the regional average
(10 cm/year) (Al-Taani et al., 2021; Khaki and Hoteit, 2021).

3.3. Seasonal dynamics of water storage and water availability

To check the seasonal dynamics of the parameters, the variations of
TWS and WA, along with their drivers, extracted for each month of the
study period. Fig. 8 portrays the temporal seasonal cycle of the param-
eters over the ME from April 2002 to April 2024. It is found that the TWS
and GWS show decreasing values throughout all the seasons over the
region. The minimum and maximum storage depletion values for the
TWS occur in April (— 0.41 cm), and October (— 6.79 cm) respectively.
While GWS shows the minimum and maximum variations in April (—
2.42 cm), and November (— 5.21 cm) respectively. The SWE increases
from Jan to April and decreases throughout the remaining months over
the region. The CWS shows no significant seasonal variations in the ME
(Syed et al., 2008). The seasonal cycle of the SMS is increasing from
January to May and decreasing through the remaining months. The
maximum value of the SMS occurs in March (+ 1.94 cm), while it loses
most of its storage in October (— 1.78 cm).

The seasonal dynamic of the WA and its drivers shows that the region
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Fig. 3. Region-averaged fluctuations of TWS and its compartments over the ME.

receives the highest volume of water through P in April (2.90 cm), while
it reaches the lowest value in December (0.68 cm). The seasonality of P
in April aligns well with the seasonality of TWS and GWS when the
maximum P corresponds to the minimum loss of water and groundwater
storage in the region. On the other hand, ET demonstrates varying
patterns with the minimum and maximum variations in January
(0.75cm) and July (2.79 cm), respectively. The WA seasonality in-
dicates that the region experiences positive WA values (increased water
availability) from January to Jun, while from July to December the re-
gion suffers from water stress. The maximum values of WA are in April
(+1.62 cm), which concurs with the seasonal dynamics of TWS, GWS,
and P in the region, indicating that the increasing P and water storage
lead to surplus water availability in the ME. The region suffers from the
least available water in September, with a minimum WA of — 1.21 cm.

Seasonality can also epitomize the variability within a year. This
research employed standard deviation as a method to compute and
illustrate the seasonal variations of hydroclimatic parameters
throughout the year (Wasko et al., 2020). The standard deviation serves
to quantify the extent of variability among members of a group. An
increased standard deviation indicates a higher level of variability
within a specific year, suggesting a more significant seasonal impact.
Conversely, a decreased standard deviation reflects a lower degree of
seasonal variability.

The seasonality maps (Fig. 9) demonstrate the spatial patterns of the
seasonal cycle for TWS, WA, and their components over the region.
According to the result, TWS and GWS have similar seasonal patterns
where the most seasonal impacts are observed over northern and
southern Iran, Turkey, north of Saudi Arabia, and east of Afghanistan
and Pakistan. The ME region experiences the maximum seasonality of

TWS and GWS, reaching up to 34.50 cm and 36.90 cm, respectively.
SWE shows its maximum seasonality (15 cm) over eastern Turkey and
some parts of north-east Pakistan and east of Afghanistan. Notwith-
standing its trivial seasonality, CWS also demonstrates the same pattern
over the region. SMS, with similar seasonal patterns, has the maximum
seasonality (12.32 cm) mainly over Turkey.

Ragrading the seasonality of WA, and its components, it is under-
stood from the maps that there is an overall spatial overlap between the
seasonal patterns of WA, P, and ET. ET shows seasonal dynamic patterns
identical to those of SMS, with the most variations in Turkey, which
reveals the direct association between soil moisture and ET. P suffers
from the most seasonal impacts mainly in the coastal areas of Turkey,
the west, and north-west of Iran, and partly over east of Afghanistan, and
Pakistan. With the same spatial dispersion, the seasonal value of WA
reaches its maximum value (14.67 cm) over the coastal areas of Turkey,
the west, and north-west of Iran. Overall, it is safe to state that the
seasonality pattern of WA and its components mimics that of the TWS
and its compartments over the ME, indicating that seasonal variations of
hydroclimatic parameters in the ME conspicuously affect the variability
of water storage and water availability.

3.4. LSCWA results

In the present study, LSCWA is applied to time series of TWS, WA,
and their respective components for five counties in the ME that have
the largest size and populations, i.e., Iran, Turkey, Pakistan, Egypt, and
Saudi Arabia. The LSCWA results are illustrated in Figs. 10 and 11 and
Figs. S1-S8. The small white arrows in these figures indicate the relative
phases present between the time series. The orientation of the arrows
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Fig. 4. Multi-year trend of fluctuations of TWS and its compartments over the ME.

pointing from left to right signifies in-phase alignment, whereas the
arrow directed from right to left denotes anti-phase alignment. The
upward vertical arrow represents a lag of 90 degrees in the second time
series relative to the first time series, while the downward vertical arrow
indicates a lag of 90 degrees in the first time series relative to the second
time series. The spectral peaks that are statistically significant at a 95 %
confidence interval are also within the back contour lines. Note that the
cross-spectrograms are obtained after simultaneous fitting and removing
linear trends within translating windows as described in Ghaderpour
et al. (2021, 2023).

From Fig. 10, the annual cycles of the time series are the most
dominant peaks. Approximately 80 % annual coherency is observed
between 2010 and 2015 between TWS and its components CWS, SMS,
and GWS, while the annual coherency significantly reduced after 2020.
The annual cycles of TWS generally lag behind the annual cycles of SWE,

CWS, and SMS by approximately two to three months, while they lead
the annual cycles of GWS by approximately two months. Fig. 10 shows
that the GWS has the most intense associations with the fluctuations of
TWS, particularly before 2015. From Fig. 11 and Figs. S2 and S6, the
annual cycles of WA, P, and ET are the most dominant cycles in Iran,
Turkey, and Egypt, while in Pakistan (Fig. S4), the semi-annual cycles
and in Saudi Arabia (Fig. S8), 3 cycles/year (four-month period) are the
most dominant cycles. Fig. 11 also shows that the annual cycles of
precipitation time series generally lead the ones in the WA time series by
a couple of months, while the annual cycles of ET lag the ones in WA by
about a month and, in some periods, are in phase. Similarly, for Turkey
(Fig. S2) and Egypt (Fig. S6).
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Table 2
Trend of the country-wide fluctuations of TWS (April 2002 — April 2024).
Country Name TWS Trend P Trend test
cm/yr  km®/yr  Total value (@=0.05)
loss
()
Iran 1 ;)9 16793 38;37 0.000 :r(:;s;ending
Saudi Arabia 0‘;4 11;6 27;99 0.000 ‘de:::::gmg
Afghanistan ves  — 413 —9506 0000 *de::;‘ji“g
Iraq oee 277 —6366 0000 *de:::sing
Yemen 03a 114 -2627 0070 No trend
Jordan 0.82 —070 —16.03  0.000 *de:::lljing
Egypt oos 045 —1034 0016 *de::::éﬁ"g
Oman 0oy 018 —424 0000 *defrc:ging
Kuwait 0.24 —004 —093  0.000 *de::;‘l‘;i“g
Lebanon 026 003 —061 0000 *de:::::ji"g
Qatar 0.25 —002 —054  0.000 *def:;lging
Cyprus 0ga 002 —041 0000 *de::l‘:i“g
Palestine 023 001 -033 0000 *def:::llging

(*) denotes that the test results are significant.

3.5. Contribution of hydroclimatic parameters

Based on the CCR analysis, the contributions of hydroclimatic pa-
rameters to the fluctuations of TWS and WA in the ME were quantified.
The spatial illustration of the results is given in Fig. 12. The findings
reveal that CWS contributes the least to the TWS variations with a
maximum value of 0.0004 %. Although its contribution is seen to cover
mainly central and eastern Turkey, western Iran, and Afghanistan, its
value is too low to be safely neglected. The area-averaged contribution
values (Table 3) indicate that CWS has no contribution to the TWS of ME
countries. The spatial map of SWE suggests that it is more effective on
the variations of TWS in eastern Turkey, north-east of Pakistan, and
Afghanistan, with a maximum contribution ratio of 58%. The country-
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averaged values show that among the ME countries, only 5 countries:
Turkey (4.90%), Afghanistan (4.50%), Pakistan (3.71%), Iran (0.36%),
and Lebanon (0.01%) benefit from SWE variations. For the remaining
parts of the ME, SWE has no role in the variations of water storage. On
the other hand, SMS turns out to be a very determining parameter
controlling the variations of TWS in the ME, with the maximum
contribution ratio of 81.5%. SMS manifests the most contribution to the
TWS variations in Lebanon (60.22%), Cyprus (53.12%), Kuwait
(552.05%), and Turkey (48%). It is less effective in Egypt, with a
contribution of 9.26%. The strongest contributor to the variations of
TWS in the region is GWS, with the spatial contribution ratio ranging
from 18.5% to 99.90%. GWS controls the water storage of the majority
of the ME, particularly Egypt, Jordan, Saudi Arabia, the United Arab
Emirates, and Iran, with a mean contribution ratio of more than 80%.
From a visual perspective, it can be stated that GWS contributes mainly
to those areas where SMS has the least contribution to the TWS and vice
versa.

It should be noted that GWS is not directly simulated by GLDAS Noah
and was therefore derived as the residual of GRACE TWS after removing
SWE, CWS, and SMS. This residual definition means that GWS will, by
construction, account for a substantial fraction of TWS variability,
particularly in arid and semi-arid regions where snow and canopy water
contributions are minor. Therefore, the contribution of GWS identified
here should be interpreted as reflecting the dominance of residual
storage in the GRACE signal rather than as an entirely independent
component.

The contribution of P and ET to the variations of WA is also given. It
is found that although P and ET both contribute considerably to WA in
the ME, P, with the maximum spatial contribution ratio of 90.40%, has
relatively more domination compared to ET. P and ET show comple-
mentary contributions to the variations of WA. To put it another way,
the contribution of P is higher over part of the region where ET has the
lowest impact, and vice versa. For instance, while P shows the most
contribution to the variations of WA in Lebanon (74.26%), ET has the
least contribution in this country, with a ratio of 25.74%. Similarly, ET is
the strongest contributor to WA in Egypt with a ratio of 71.98%, whereas
P has the least contribution of 28.02%.

3.6. Mapping the general climate condition of the ME

To evaluate the contribution ratio of hydroclimatic parameters over
different aridity levels in the ME, the generalized classification scheme
for Aridity Index (AI) values was used to map the variations of aridity
over the ME (Fig. 13).

The spatial variations in the Al over the region suggest that from May
to October, the majority of the ME is under hyper-arid conditions due to
increased aridity. According to the resulting aridity map of the region
(Fig. 1b), it is found that about half (49.02%) of the region falls in the
Arid climate type. The second dominant climate type of the region is a
Hyper-arid climate covering about 19.95% of the ME. The remaining
parts of the region experience the general climate type of semi-arid
(14.98%), humid (10.84%), and dry sub-humid (5.22%). Overall, it
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Fig. 5. Temporal fluctuations of P, ET, and WA over the ME.
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can be concluded that about 84% of the ME region is under pressure
from aridity.

3.7. Changes in contribution magnitude in response to aridity

To evaluate the contribution of each Hydroclimatic variable to the
fluctuations of water storage and water availability in response to the
variations in aridity, the contribution of the parameters was extracted
across different climate categories identified for the region (Fig. 1b).
According to the results (Table 4), CWS has no role in the variations of
TWS. SWE is ineffective under hyper-arid conditions, while it shows the
highest contribution (7.45%) to TWS variations in humid areas. SMS
also manifests its highest magnitude of contribution (44.27%) in humid
parts, while it is the least effective under hyperarid conditions with a
contribution ratio of 12.59%. The ascendancy of GWS is seen under a

mTWS SWE CWs

10

hyper-arid climate, where it contributes to about 87.41% of the TWS
variations. At its heaviest magnitude, GWS contributes to about 48.28%
of the TWS of areas with humid areas.

The results also indicate that P has the most influence on the varia-
tions of WA of the region, with a contribution of 62.89% in areas under
dry sub-humid conditions. It is the least effective parameter in hyper-
arid conditions, with a contribution ratio of 40.37%. ET turns out to
be the most effective parameter (59.63%) of WA variations in hyper-arid
climates, while in humid areas it has the least contribution (37.85%).
Overall, taking the wanes and waxes of the parameter contribution rates,
it is inferred that the contribution of SWE, SMS, and GWS follows exactly
the variations of climate type. SMS and SWE contribution values in-
crease as the general climate of the region gets wetter (from hyper-arid
to humid). A contrary situation is seen for GWS, where its influence
weakens as the climate gets wet. For the P and ET, there is no stable
increasing or decreasing pattern with changes in aridity.

4. Discussion
4.1. Variations in water storage and water availability

The spatial patterns of TWS fluctuations in the ME are consistent
with global and regional assessments (Mo et al., 2016; Scanlon et al.,
2016; Bozorg-Haddad et al., 2020; Khaki and Hoteit, 2021), indicating
the reliability of the findings. The GRACE observations reveal that the
majority of the ME region has a negative trend of water storage varia-
tions (Bozorg-Haddad et al., 2020; Khaki and Hoteit, 2021), indicating
that during the GRACE era (April 2002-April 2024), the water storage of
the region has been depleting, resulting in a huge volume of storage loss.
This indicates a very critical situation for the countries in the region,
especially the top seven countries (such as Iran, Jordan, Syria, Iraq,
Afghanistan, Saudi Arabia, and Turkey) with the most significant water
storage loss during the same period. The critical status of water storage
shrinkage in these countries was also reported by Khaki and Hoteit

SMS =mGWS =P ET m=mWA

Jan Feb Mar Apr May
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Jul Dec

Fig. 8. Seasonal dynamics of TWS, WA, and their compartments (2002-2024).
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Fig. 9. Seasonality of TWS, WA, and their drivers over the ME (2002-2024).

(2021).

Fluctuations of groundwater also show a pattern similar to that of the
TWS in the region. The findings suggest considerable depletion in Iran,
Tiirkiye, Iraq, Saudi Arabia, Afghanistan, as well as east of Pakistan.
Notably, considerable GWS depletion was also reported for Iran, Turkey,
and Afghanistan during 1980-2019 (Khaki and Hoteit, 2021). The harsh
water storage decline in these areas of the ME is ascribed, to a great
degree, to the pernicious impacts of prolonged droughts and a lesser
degree, the water use by domestic and industry sectors (Khaki and
Hoteit, 2021). According to the literature, the ME region has gone
through mega-droughts in 1998-2001 and 2007-2008 largely due to La
Nina effects (Barlow et al., 2016). Severe drought incidents during the
years between 2000 and 2020 were identified and reported in Iran

11

(Hameed et al., 2018; Lashkari et al., 2021), Turkey (Khorrami and
Gunduz, 2021), Iraq (Hameed et al., 2018), Saudi Arabia (Syed et al.,
2022), Afghanistan (Rousta et al., 2020), and Pakistan (Ali et al., 2021,
2022).

The study also finds that CWS has no variations in the ME region,
which is mainly associated with the dominant dry situation in the re-
gion. Notwithstanding their spatial variations, SWE and SMS show an
insignificant trend over the region. A decreasing trend of SMS is seen in
the center and north of the region, mainly over Iran, Turkey, Iraq, and
Syria. The same situation in Turkey and Iran was also reported by Khaki
and Hoteit (2021). They ascribed the diminishing SMS of these countries
to the changes in precipitation and stream flow.

The surface water storage (SWS) component was neglected in the
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lines are statistically significant at a 95 % confidence level.
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Fig. 11. LSCWSs between WA and (a) precipitation, and (b) ET time series for Iran, see the caption of Fig. 10 for more details.

analysis of water storage variations in this study. Although the Water-
GAP model simulates SWS of the world, this study did not use those
simulations mainly due to their incompatible spatial and temporal res-
olution with the data used in this study. Moreover, excluding the trop-
ical regions of the world, the impact of the variations of surface water is
typically minimal relative to that of the remaining compartments (SMS,
GWS, and SWE) (Rodell and Famiglietti, 2001; Zhang et al., 2024).
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The WA analysis indicates that the majority of the region is under
water stress with a negative WA on average. Although water scarcity
detected in Iran, Iraq, Syria, Egypt, Yemen, and Pakistan aligns well with
the variations in TWS and GWS over these areas, overall, there seems not
to be a harmonic relationship between WA and TWS on a spatial domain.
This is probably due to the nature of the GRACE estimates. While WA
reflects the pure impacts of climatic variations (in P and ET) on water
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Fig. 12. Spatial illustration of contribution of hydroclimatic parameters to TWS and WA variations over the ME.

Table 3
Contribution ratio of hydroclimatic parameters to TWS and WA.

Contribution to TWS (%) Contribution to WA

(%)

Country Name

SWE CWS SMS GWS P ET
Iran 0.36 0.00 18.40 81.23 59.65 40.35
Saudi Arabia 0.00 0.00 12.95 87.05 60.27 39.73
Turkey 4.90 0.00 48.0 47.10 60.89 39.11
Afghanistan 4.50 0.00 26.10 69.40 59.45 40.55
Pakistan 371 0.00 32.62 63.67 57.05 42.95
Iraq 0.03 0.00 25.67 74.30 71.17 28.83
Syria 0.00 0.00 27.48 72.52 69.87 30.13
Yemen 0.00 0.00 30.80 69.20 48.87 51.13
Jordan 0.00 0.00 11.08 88.92 66.75 33.25
Egypt 0.00 0.00 9.26 90.74 28.02 71.98
Oman 0.00 0.00 32.29 67.71 52.65 47.35
United Arab Emirates  0.00 0.00 18.41 81.59 57.28 42.72
Israel 0.00 0.00 24.79 75.21 60.98 39.02
Kuwait 0.00 0.00 52.05 47.95 63.66 36.34
Lebanon 0.01 0.00 60.22 39.77 74.26 25.74
Qatar 0.00 0.00 2251 77.49 51.19 48.81
Cyprus 0.00 0.00 53.12 46.88 67.04 32.96
Palestine 0.00 0.00 40.41 59.59 64.74 35.26

availability, the GRACE senses both the climatic and anthropogenic
signals; therefore, the GRACE-observed TWS epitomizes both climatic-
and human-induced variations (Jing et al., 2020). The side effects of
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human intervention on water resources in the ME region have already
been reported by multiple studies (Joodaki et al., 2014; Khaki et al.,
2018; Haghighi and Motagh, 2019; Khaki and Hoteit, 2021). The mean
monthly variation map of WA of the ME (Fig. 7) shows that the northern
parts of the region (mainly coastal parts of Turkey, northern parts of
Iran, and north of Syria and western Iraq), on average, benefit from more
available water than other parts with more availability. This can be
ascribed to the above-normal precipitation received in these areas. This
finding agrees well with the findings of Khaki and Hoteit (2021).

4.2. Parameters’ contribution

The analysis of parameter contribution to TWS over the ME reveals
that GWS and SMS together are the cardinal controlling parameters of its
water storage variations. GWS, with an average contribution ratio of
75.72% is the key contributor to the water storage fluctuations in the
ME. This signals the large extent of GWS depletion in the region
(Konikow and Kendy, 2005). This may be directly associated with the
anthropogenic pressure on the water resources in arid regions (Joodaki
et al., 2014; Scanlon et al., 2012a, 2012b), where the majority of water
requirements are met through the extraction of groundwater from
aquifers due to the limited water provided by precipitation. The finding
that GWS contributes most to TWS variability in the Middle East must be
interpreted with caution, since GWS is defined as a residual of GRACE
TWS after removing smaller components. Consequently, its high
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Fig. 13. Spatial illustration of seasonal variability of the aridity index over the Middle East.

Table 4

Contribution of Hydroclimatic Parameters to Water Storage in each climate zone.
Parameters Hyper-Arid Arid Semi-Arid Dry Sub-Humid Humid
SWE 0.00% 0.18% 1.95% 4.54% 7.45%
I CWS 0.00% 0.00% 0.00% 0.00% 0.00%
CContribution to TWS SMS 12.59% 20.14% 28.53% 37.79% 44.27%
GWS 87.41% 79.69% 69.52% 57.66% 48.28%
Contribution to WA P 40.37% 59.51% 61.98% 62.89% 62.15%
ET 59.63% 40.49% 38.02% 37.11% 37.85%

contribution is expected by construction. Nevertheless, this pattern is
consistent with hydrological conditions in the Middle East, where
groundwater withdrawal and depletion dominate water storage changes
(Doll et al., 2012; Scanlon et al., 2012a, 2012b; Joodaki et al., 2014;
Khaki and Hoteit, 2021). Our results, therefore, reinforce existing evi-
dence of GWS as the primary driver of regional water storage decline,
rather than presenting an entirely independent discovery.

With a region-averaged contribution ratio of 22.97%, SMS is the
second strongest contributor to TWS variations in the region. The
country statistics suggest that SMS controls the TWS variations in
Lebanon, Cyprus, Kuwait, and Turkey. The superior contribution of SMS
to TWS fluctuations in Turkey is also reported by Khorrami and Gunduz
(2021). The remaining 1.31% of the contribution belongs to SWE, which
is chiefly effective in the mountainous regions of north-east Tiirkiye,
west of Iran, east and north-east of Afghanistan, and Pakistan. The re-
sults indicate that, except in Egypt, for which WA is controlled by ET, for
the remaining countries of the ME, it is P that contributes the most to the
variations of WA (Zhang et al., 2019).

The dominance of GWS over SMS in arid and hyper-arid climates can
be attributed to the fundamental water- and energy-balance constraints
governing these regions. In arid regions, precipitation is extremely
limited and transient; surface and soil moisture stores are small and have
low buffering capacity. Consequently, much of the long-term water
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signal is stored or lost from deeper stores (groundwater). Pumping and
long groundwater residence times mean that changes in groundwater
are both large in magnitude and slow to recover, so they dominate the
multi-year TWS variance detected by GRACE. Irrigation, urban extrac-
tion, and return-flow patterns in arid economies produce persistent
declines in aquifer storage that are well captured by GRACE’s low-
frequency signal. Examples include Iran, Saudi Arabia, and parts of
Iraq, where intensive pumping for agriculture has created large, long-
term groundwater deficits.

SMS contributions exhibit a clear upward trend from hyper-arid
(12.59 %) to humid climates (44.27 %), reflecting fundamental shifts
in hydrological processes across the climate gradient. In humid regions,
higher and more frequent precipitation events sustain soil moisture for
longer periods, making the upper soil layers highly responsive to short-
term hydroclimatic variability. The greater vegetation density in these
climates further enhances root-zone water storage and intensifies
soil-vegetation interactions, contributing to stronger soil moisture
fluctuations that are detectable in GRACE-derived TWS anomalies.
Additionally, well-developed soils in wetter climates possess higher
infiltration capacities and greater retention potential, enabling them to
store and release water more effectively than the shallow, crusted, and
rapidly evaporating soils typical of hyper-arid regions. Together, these
factors explain why SMS becomes progressively more influential in
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controlling TWS variability toward humid climates, emphasizing the
dominant role of shallow hydrological components in regulating water
storage dynamics under wetter environmental conditions. Therefore, the
CCR gradients across climate zones embody both natural hydroclimatic
processes and human-induced pressures, providing a process-based
interpretation that complements the descriptive spatial patterns identi-
fied in Section 3.7.

4.3. Eco-hydrological and socio-economic dimensions

The persistent depletion of water storage has far-reaching ecological,
hydrological, and socio-economic implications. TWS anomalies can
amplify land-atmosphere feedback, influencing climate extremes and
ecosystem functioning (Levine et al., 2016; Xiong and Yang, 2025).
Reduced groundwater storage jeopardize wetlands, riparian ecosystems,
and biodiversity, including critical stopover sites for Palearctic migra-
tory birds (Walther and Huettmann, 2021). Declining soil moisture and
precipitation may accelerate desertification processes, disrupt vegeta-
tion phenology, increase soil temperature at depth, and impair
ecosystem services, such as carbon sequestration and dust suppression
(Aliabad et al., 2025).

Socio-economically, declining water storage threatens agricultural
productivity, urban water supply, and regional food security. These ef-
fects may intensify rural-urban migration and cross-border displace-
ment, amplifying humanitarian and security challenges (McLeman,
2022). When groundwater is insufficient to meet plantation water de-
mand, or when competition arises between irrigation needs and other
human uses of groundwater, plantations are likely to experience high
mortality, rendering afforestation efforts unsustainable (Chen et al.,
2018). The hydroclimatic shifts detected in this study are also embedded
within broader telecoupled socio-ecological processes that transcend
national boundaries. For example, persistent GWS depletion in the
Tigris—Euphrates basin has been amplified by upstream dam construc-
tion and irrigation expansion in Turkey and western Iran, triggering
downstream water deficits and agricultural losses in Iraq and Syria (Voss
et al., 2013; Khaki and Hoteit, 2021). Similarly, intensive abstraction
within the Arabian Peninsula aquifer systems supports irrigated agri-
culture and urban supply but at the cost of rapid groundwater mining
and heightened energy demand for desalination and pumping
(Muhammad et al., 2021). These cases exemplify telecoupling, where
hydrological stress in one sub-region propagates through trade, migra-
tion, and virtual water flows to neighboring economies (Liu et al., 2013;
Cattaneo et al., 2019). The resulting dependence on imported food and
energy further links ME water scarcity to global markets, emphasizing
that water management must be coordinated within the water-
—energy-food nexus. Incorporating such cross-scale interactions into
adaptation planning and transboundary governance frameworks would
strengthen the policy relevance of satellite-based hydroclimatic moni-
toring presented herein.

Moreover, the substantial water consumption required to sustain
healthy plantations can negatively impact the eco-hydrology of adjacent
ecosystems at both local and regional scales, particularly under condi-
tions of excessive groundwater extraction (Cao et al., 2010; Sun and
Vose, 2016). Local groundwater depletion can propagate to distant
systems through global grain markets, energy trade, and migration
corridors (Chen et al., 2018). For example, declining irrigation capacity
in Iran and Iraq can elevate global food prices, while increasing reliance
on virtual water imports, thus linking Middle Eastern water security to
global supply chains.

These regional impacts resonate globally through telecoupling, the
set of socio-environmental interactions across distances (Liu et al.,
2013). Water scarcity in the Middle East manifests through several
interconnected pathways. Reduced irrigation capacity intensifies
dependence on food imports (Hakimian, 2003), altering agricultural
patterns and agricultural trade under limited water conditions and
culminating in shifts in imports/exports (Hejazi et al., 2023). Water-

15

Ecological Informatics 93 (2026) 103571

driven displacement further places demographic and economic pres-
sure on neighboring countries, reshaping regional socio-political land-
scapes. Moreover, diminished river flows and wetland loss disrupt
migratory bird routes (Donnelly et al., 2020), leading to cascading ef-
fects on species survival across Eurasia and Africa. Incorporating tele-
coupling into water resource assessments highlights how unsustainable
groundwater exploitation in one country can generate far-reaching
transboundary impacts. Collectively, these cross-scale linkages high-
light that ME water scarcity is not an isolated regional challenge but part
of a telecoupled water-energy-food-ecology system. Addressing these
interconnected risks requires coordinated governance, transboundary
cooperation, and integration of satellite-based hydroclimatic monitoring
into regional water-policy frameworks.

4.4. Policy and management implications

The findings of the present study underscore the urgent need for
integrated water-management frameworks across the ME, where
declining terrestrial water storage and groundwater depletion threaten
long-term sustainability. Strengthening transboundary water coopera-
tion and data-sharing mechanisms is essential, particularly under the UN
Economic and Social Commission for Western Asia (UN-ESCWA)
regional water strategy. The observed groundwater-dominated storage
loss highlights the importance of regulating agricultural abstraction and
adopting Food and Agriculture Organization (FAO) Water Scarcity
Initiative principles to enhance efficiency in irrigation and recharge
management.

Moreover, the openly shared datasets and analytical framework
developed in the current study can support regional decision-makers
and stakeholders in developing evidence-based policies for climate
adaptation, drought early warning, and sustainable groundwater allo-
cation. By quantifying the climatic and anthropogenic contributions to
water storage decline, this research provides a robust foundation for
science-informed governance of scarce water resources in one of the
world’s driest regions.

4.5. Limitations and future directions

A limitation of this study is the harmonization of datasets with
different native spatial resolutions to the GRACE mascon scale (0.25°).
This step, while necessary for intercomparison, may reduce the repre-
sentation of fine-scale heterogeneity and propagate uncertainty across
scales. However, given the study’s focus on regional-scale variability, we
expect these effects to be minor for the main conclusions. Another
limitation is the reliance on the Noah LSM alone for estimating non-
groundwater components of TWS. While Noah has been shown to
perform well in arid and semi-arid regions, including parts of the ME
(Bulut et al., 2019; Amini et al., 2023), structural uncertainty remains.
Future work should consider the use of multi-model ensembles (e.g.,
Noah, CLM, VIC, and Mosaic) to reduce this uncertainty and provide
more robust estimates of groundwater storage changes. The third limi-
tation is ascribed to the Mann-Kendall trend analysis for which no
pre-whitening, variance correction, or multiple-testing adjustment was
applied. Therefore, while the large regional and country-scale trends
reported here are robust due to the strength of the GRACE signal, some
country-level results may be sensitive to autocorrelation and
multiple-comparison effects. Incorporating such corrections in future
studies would provide more conservative estimates of significance. In
this study, the Mann-Kendall trend analysis was applied alongside
least-squares cross-wavelet analysis (LSCWA) to identify trends and
measure coherency. However, it is well recognized that machine
learning (ML) and hybrid artificial intelligence models present robust
options for predictive modeling of TWS. Research utilizing Random
Forest, Gradient Boosting, and long short-term memory (LSTM) net-
works has effectively captured the nonlinear interactions between
climate drivers and groundwater storage (Wang et al., 2023). While this
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methodology emphasizes interpretability and transparency, future
research could incorporate ML-based hindcasting or explainable AI
techniques (such as SHAP values) to yield causal insights and projections
for the near future, thereby increasing the policy relevance of TWS
evaluations.

5. Conclusions

This study assessed the spatiotemporal dynamics of terrestrial water
storage and water availability in the Middle East using GRACE/GRACE-
FO observations combined with hydrological model outputs and pre-
cipitation datasets. Several key insights emerge:

e Groundwater dependence: Groundwater is the dominant driver of
TWS variability across most of the ME, underscoring the heavy
reliance on aquifers and the urgent need for sustainable groundwater
management in this arid to semi-arid region.

Widespread water scarcity: Nearly half of the region consistently
experiences negative WA, highlighting the structural imbalance be-
tween water supply and demand and the vulnerability of regional
populations to climate variability and anthropogenic pressure.
Climatic modulation of contributions: The role of different
hydroclimatic variables varies with climate zones. In wetter zones,
soil moisture and snow storage become more important, while in arid
zones, groundwater overwhelmingly governs storage changes.
Policy and management relevance: These findings provide scien-
tific evidence to inform national and transboundary water manage-
ment, particularly in regions where aquifer depletion is accelerating.

While the study provides a robust regional-scale assessment, some
limitations remain. The residual definition of groundwater storage, the
use of mixed-source datasets for P and ET, and the lack of explicit un-
certainty propagation should be considered when interpreting results.
Future work should integrate process-based hydrological models with
GRACE to better constrain water balance closure and uncertainty.

The results of this study are essential for the understanding of the
dynamics of water storage and water availability in the ME region. They
can significantly improve our understanding of the factors influencing
GRACE-observed TWS variations in the region and may assist re-
searchers when dealing with GRACE disintegration practices. The au-
thors also hold the notion that a more detailed and precise
understanding of hydrological processes of water storage and avail-
ability in the region can be obtained through hydrological modeling,
with one of the most effective options being an integrated model such as
ParFlow-CLM (Maxwell and Miller, 2005) and TerrSysMP (Shrestha
et al.,, 2014). By integrating physical processes, such as surface and
subsurface flow, infiltration, and evapotranspiration, models provide
robust insights into water dynamics across varying landscapes and time
scales (Soltani et al., 2022, 2024). This approach would allow for a more
accurate representation of water storage and availability in the ME,
complementing the GLDAS dataset analysis.
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Data availability

The datasets used in this study are publicly available from the
following sources:e

GRACE/GRACE-FO Mascon Solutions (CSR RL06): https://www?2.
csr.utexas.edu/grace/e

GLDAS Noah
gov/gldas/gldas-get-datae

CHIRPS Precipitation Data: https://www.chc.ucsb.edu/data/chirpse

Global Aridity Index Dataset (v3): https://www.global-ai-pet.org/

Model Data: https://ldas.gsfc.nasa.

All processed datasets (resampled GRACE/GRACE-FO TWSA, GLDAS
Noah outputs, CHIRPS precipitation, derived GWS, WA) are available at
Zenodo at: https://doi.org/10.5281/zenodo.17119514

The LSCWA code implemented in this study which comes with a
Graphical User Interface (GUI) is available at: https://github.
com/Ghaderpour/LSWAVE-SignalProcessing (see folder: MATLAB-
Package_EGhaderpour with the main code: LSWAVE_GULm).
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