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Text S1

Contribution analysis of SMSA

To identify the dominant hydrological components driving terrestrial water storage anomalies (TWSA)
variability, we quantified the relative contribution of each available water-storage component using the

component contribution ratio (CCR) method (Kim et al., 2009).

For each water storage component S;, the mean absolute deviation (MADyg;) from its long-term mean

was first calculated as:
_1¢N 3
MADg =2 %% S-S5l (D

where S; is the water-storage component, S; is the long-term mean of S;, and N is the number of
months during the study period. The CCR was then calculated as:

MADs;

CORs = Frne )

where CCRg, represents the relative contribution of component S; to the temporal variability of TWSA,

and M is the total number of components.

Text S2

Evaluation of SMSA using Satellite-derived soil moisture data
We further used the European Space Agency Climate Change Initiative (ESA CCI) soil moisture product

as an independent reference (Dorigo, W. et al., 2025). It was used to evaluate surface soil moisture from
the Global Land Data Assimilation System (GLDAS) and the fifth generation of European ReAnalysis
(ERAS) (Ling et al., 2021). ESA CCI data were obtained from the ESA Climate Change Initiative Soil

Moisture project (https://data.ceda.ac.uk/neodc/esacci/soil moisture/data). ERAS soil moisture data

were provided by the Copernicus Climate Data Store (https://cds.climate.copernicus.cu/datasets), at a

spatial resolution 0f 0.25° (Hersbach, H. et al., 2023). Since ESA CCI dataset mainly reflects near-surface
soil moisture, this comparison was used to assess the consistency of the surface soil moisture component,

rather than to directly validate the soil moisture storage anomalies (SMSA).

Daily ESA CCI soil moisture data were first aggregated into monthly averages for the period from
January 2003 to December 2023. The surface soil moisture from ERAS5 was derived from its top soil
layer (0—7 cm), whereas GLDAS surface soil moisture corresponds to the 0—10 cm layer. Since GLDAS
soil moisture is provided as water-equivalent depth, it was converted to volumetric soil moisture before

comparison with ESA CCI (Guan et al., 2023):

_ SMgLDAS
OLpas— msions, 3)

where Ogipag is the GLDAS volumetric soil moisture in m® m, SMgpag is the GLDAS soil water
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storage in kg m or mm, and Dis the soil layer thickness in metres. ERAS5 and GLDAS were spatially

resampled via linear interpolation to match the resolution of the ESA CCI dataset.

The consistency assessment was conducted at three levels. First, regional mean time series were

calculated using area weights proportional to the cosine of latitude:

Bn=21200 )

i=1 @i

where 6;(t)denotes soil moisture at grid cell iand time t, and w; = cos (lat;) is the corresponding
area weight. Second, ERAS and GLDAS values were paired with ESA CCI values at the same grid cells
and months. All available paired monthly values were pooled to evaluate the overall agreement across
the study region. Finally, correlation coefficients and root mean square error (RMSE) were calculated at

each grid cell using the monthly time series to examine spatial differences in product performance.

For the paired samples, the correlation coefficient and RMSE were calculated as follows:

Re 2R (5-X)(Y-Y)

J N -X)Q\/Z}il ¥,y

RMSE= /gz}il (Y;-X), (6)

where Xjrepresents ESA CCI soil moisture, Y;represents soil moisture from ERAS or GLDAS, and Nis

)

the number of valid paired samples.

Text S3

Evaluation of SMSA based on in-situ observations

To complement the validation of SMSA, GLDAS and ERAS soil moisture products were evaluated
against in situ soil moisture observations from the China Meteorological Administration (CMA) for
2012-2017 (Wang and He, 2015; Zeng et al., 2021, 2024, 2025). This comparison provides an additional
ground-based assessment of the soil moisture products used to estimate SMSA.

Daily CMA soil moisture observations were first aggregated into monthly means. The corresponding
GLDAS and ERAS values were then extracted from the nearest grid cell for each station.

The evaluation was conducted for both surface and root-zone soil moisture. For surface soil moisture,
CMA observations and GLDAS both used the 0-10 cm layer. ERAS5 used the first soil layer,
corresponding to 0—7 cm. For 0—100 cm root-zone soil moisture, CMA observations were directly
obtained from the corresponding layer of the station dataset. GLDAS root-zone soil moisture was derived
by summing soil water storage across the 0—10 cm, 10-40 cm, and 40-100 cm layers, followed by
division by 1000 mm (Zhang et al., 2022). ERAS root-zone soil moisture was calculated as a thickness-

weighted mean:

761+216,+7263

eERA57 T’ (7)

where 0,, 0,, and 03 denote the volumetric soil moisture of ERAS in the 07, 7-28, and 28-100 cm

layers, respectively.



85

90

95

100

105

110

For each station, the correlation coefficient and RMSE were calculated between observed and modelled
monthly soil moisture series. The overall performance of each product was then described using the

averaged correlation and RMSE across all stations:

= 1
R-L35 Ry, ®

RMSE-=- %, RMSE,, ©9)

where K is the total number of stations, and R, and RMSE, are the correlation coefficient and RMSE

at station k, respectively.

Test S4

Uncertainty analysis

To assess the influence of Gravity Recovery and Climate Experiment (GRACE) product selection on
groundwater storage anomalies (GWSA) estimates, we separately calculated GWSA using Center for
Space Research mascon solution (CSR) and Jet Propulsion Laboratory (JPL) TWSA products via the
mass balance approach:

GWSA,(D=TWSA,()-SWA(t)-SMSA()-CWSA(t) (10)
where p denotes either the CSR or JPL product. The hydrological storage components subtracted from
TWSA, including snow water storage anomalies (SWA), soil moisture storage anomalies
(SMSA), and canopy water storage anomalies (CWSA), were kept identical in the two calculations.
The uncertainty in regional GWSA trend (0.nq)Was estimated from two components: the uncertainty
related to differences between GRACE products (Gpoqucts)and the uncertainty associated with linear
fitting (Giing) (Scanlon et al., 2018). A Monte Carlo simulation was used to estimate Gpoqucts (Zhao et
al., 2021). At each time step, the mean value and one standard deviation of the GWSA estimates from
the different GRACE products were calculated and used as the mean (i) and standard deviation (o) of a
Gaussian distribution, N(u,6%). An ensemble of 1000 regional GWSA time series was then generated
from this distribution, and linear trends were calculated for all ensemble members. Gpoques Was defined
as one standard deviation of these 1000 trend estimates. The fitting uncertainty (Ggying) Was represented
by the standard error of the linear trend fitted to the mean regional GWSA time series. The total

uncertainty in the regional GWSA trend was calculated as:

. ) 2
Otrend™ Gproducts+0ﬁtting’ (1 1 )
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Figure S1 Comparison of estimated (blue lines) and observed (red lines) GWSA at 21 groundwater
monitoring wells during 2005-2016. The central map shows the spatial distribution of monitoring wells
within the TNSFR. Tqps and Tggimation represent the linear trends of observed and estimated GWSA,

respectively. ** indicates statistical significance at p < 0.05.
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Figure S2 CCR of GLDAS water storage components contributing to temporal variations in TWSA.
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125  Figure S3 Comparison of regional mean monthly soil moisture from ESA CCI, ERA5, and GLDAS
during 2003-2023. The black lines denote ESA CCI soil moisture, while the blue and red lines denote
ERAS and GLDAS, respectively.
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Figure S4 Comparison of GLDAS and ERAS soil moisture with ESA CCI over the study region.
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Figure S5 Comparison of GLDAS and ERAS5 soil moisture with station observations for (a) GLDAS 0—
10 cm, (b) ERAS 0-10 cm, (c) GLDAS 0-100 cm, and (d) ERAS 0-100 c¢cm soil moisture. Colors denote

135 the correlation coefficient (R), and circle sizes indicate RMSE (m? m™3).
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Figure S6 Comparison of the multi-year mean TWSA and GWSA derived from CSR and JPL GRACE
products over the study region.
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Figure S7 Comparison of TWSA and GWSA trends derived from CSR and JPL GRACE products over
the study region.
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Table S1. Datasets Used for GWSA Estimation and Assessment.

Data Resolution Periods Source
CSR-M httlas:///vvaLv(;\g.f]qsr.utcga;.tclil]i/g
TWS JPL-M 2003-2023 ST R,
https://grace.jpl.nasa.gov/data/
0.25° :
get-data/jpl_global mascons/
canopy Waler, SNow g 550 003.2023 (Rodell et al., 2004)
water and soil water
ERAS 0.25° 20032023 https://cds.climate.copernicus.
eu/datasets
ESA CCI 0.25° 20032023 https://Qata:ceda.?c.uk/neodc/e
sacci/soil _moisture/data
Soil m01sFure Site 2012-2017 China l\/I'et'eorol‘oglcal
observation Administration
Precipitation and lkm  2003-2023 (Peng et al., 2019)
temperature
Evapotranspiration 0.1° 2003-2023 (Miralles et al., 2025)
Human activities
GDP
Irrigation area - 2003-2023 Natural Bureau of Statistics
population
coal production
Geological Environment
Groundwater table Site 2005-2016 Monitoring Institute of China
depth .
Geological Survey
30 arc-
Al e 1970-2000 (Zomer et al., 2022)
seconds
NDVI 0.1° 2003-2024 https://modis.gsfc.nasa.gov/
Forest The 9th
Invento Plot National National Forestry and
Vdata Yy Forest Grassland Administration
Inventory
GDE 30m 2015-2020 (Rohde et al., 2024)
CLCD 30m 2003-2023 (Yang and Huang, 2021)
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Data Availability Statement

All the data sources have been stated in the manuscript.
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