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Abstract: Groundwater  provides  an  essential  buffer  against  hydroclimatic  variability  in  monsoon-influ-
enced regions, yet its long-term dynamics and interactions with human activities remain poorly constrained
in complex hydrogeological  settings  such as  Southwest  China (SWC).  This  study integrates  outputs  from
the high-resolution PCRaster Global Water Balance model (PCR-GLOBWB) with spatial statistics to exam-
ine temporal evolution, spatial heterogeneity, and anthropogenic influences on Water Table Depth (WTD)
from 1958 to 2015. Results reveal a persistent long-term rise in groundwater levels (i.e., a decline in WTD)
at a Sen's slope of –0.0285 m/y, with episodic drawdowns during drought years and only partial recovery in
subsequent wet periods.  Seasonal oscillations remain pronounced,  with the shallowest  water tables occur-
ring in late summer and the deepest in spring, although long-term depletion suggests that natural recharge is
insufficient to balance cumulative extraction.  Shallow aquifers (<1 m) are closely coupled with precipita-
tion–evapotranspiration  variability,  while  deeper  systems  (>5  m)  are  increasingly  buffered  and  display
inverse relationships, reflecting delayed recharge processes. Spatial patterns demonstrate strong heterogene-
ity  across  climate  zones,  geomorphic  units,  land  cover  types,  and  aquifer  types:  Shallow  groundwater  is
concentrated in semi-arid climates, lowland plains, and urban areas, whereas mountainous regions, undevel-
oped land,  and discontinuous  carbonate  aquifers  sustain  deeper  and more  variable  WTDs.  Anthropogenic
stress  further  modulates  these  distributions,  with  bivariate  LISA  analysis  identifying  High–High  clusters
(intensive  human  modification  and  deep  water  tables)  in  the  Chengdu  Plain  and  central  Yunnan,  and
Low–Low clusters  in  sparsely  populated  western  highlands.  A groundwater  protection  zoning  framework
derived from these results highlights shallow aquifers under intensive stress as priority areas for monitoring
and regulation. These findings demonstrate the coupled influence of climate and human activity on ground-
water  variability  and  provide  a  practical  basis  for  regionally  targeted  management  strategies  to  enhance
groundwater sustainability in SWC.

Keywords: Groundwater; Spatiotemporal  dynamics; Geomorphology; Land cover; Karst  aquifer  systems;
Anthropogenic stress
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 Introduction

Groundwater  represents  a  critical  freshwater
resource  globally,  sustaining  ecosystems  and
human  societies  through  its  role  in  water  supply,
agricultural  irrigation,  and  baseflow  maintenance,
particularly in monsoon-dominated regions of Asia
(Brooks et al., 2025; Gleeson et al., 2020; Kuang et
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al.,  2024; Scanlon et al.,  2023). Despite its impor-
tance,  large-scale  assessments  of  groundwater
dynamics  remain  limited  due  to  the  inherent
complexity  of  subsurface  processes  and  limited
observational  data  (Fang  et  al.,  2015; Jasechko  et
al., 2024). Water Table Depth (WTD) is a key indi-
cator  of  groundwater  conditions,  reflecting  the
balance between  recharge,  discharge,  and  anthro-
pogenic  influences  (Cuthbert  et  al.,  2019; Fan  et
al.,  2013; Maxwell  and  Condon,  2016).  However,
current  understanding  of  WTD  dynamics  remains
inadequate,  particularly  regarding  its  response  to
human modification  and climate  variability  across
heterogeneous  landscapes  (Huggins  et  al.,  2025;
Taylor et al., 2013; Zhong et al., 2025).

Previous  research  has  highlighted  several  gaps
in  groundwater  studies.  While  numerous  studies
have  documented  groundwater  depletion  globally,
the  spatial  patterns  and  mechanisms  of  human–
groundwater interactions  remain  poorly  character-
ized at regional scales (Maina et al., 2024; Shen et
al., 2025; Wada et al., 2010). Existing assessments
often  rely  on  sparse  monitoring  networks
(Berghuijs et al., 2022; Chávez García Silva et al.,
2024; Moeck  et  al.,  2020; Longhuan  Wang  et  al.,
2024) or simplified models that inadequately repre-
sent  complex  hydrogeological  settings  (Akhter  et
al.,  2025; Reinecke et  al.,  2024).  Although spatial
heterogeneity  has  been  recognized,  systematic
analyses  across  multiple  environmental  factors,
such  as  climate,  geomorphology,  land  cover,  and
aquifer  type,  are  still  limited  (Fan  et  al.,  2019;
Gnann  et  al.,  2025; Lu  et  al.,  2024).  Moreover,
shallow aquifers have been more extensively stud-
ied  than  deeper  systems,  leaving  questions  about
how  groundwater  at  different  depths  responds  to
Precipitation–EvapoTranspiration (P–ET) variabil-
ity (Akhter et al., 2025; Zhou et al., 2023). Further-
more, the integration of  anthropogenic stress  indi-
cators  with  WTD  variability  has  received  limited
attention, particularly in developing regions where
groundwater exploitation is  intensifying (Asoka et
al.,  2017; Gurdak,  2017; MacAllister  et  al.,  2022;
Tanguy  et  al.,  2023).  The  absence  of  high-resolu-
tion,  spatially  explicit  analyses  of  human–ground-
water  interactions  represents  a  critical  knowledge
gap  in  sustainable  water  resources  management
(Curran et al., 2023; Long et al., 2025; Meles et al.,
2024).

Recent advancements in hydrological modeling,
remote sensing, and data assimilation have created
new  opportunities  to  address  these  limitations.
Improved  global-scale  groundwater  models  (van
Jaarsveld  et  al.,  2025; Verkaik  et  al.,  2024),
enhanced  satellite-based  monitoring  techniques

(Adams  et  al.,  2022; Rodell  and  Reager,  2023),
and  sophisticated  spatial  analysis  methods  (Hu  et
al.,  2022; Liu  et  al.,  2021)  now  enable  more
comprehensive  characterization  of  groundwater
systems.  Concurrently,  the  development  of  global
anthropogenic  stress  datasets  (Kennedy  et  al.,
2019) provides unprecedented capacity to quantify
human  impacts  on  hydrological  systems.  These
technological and  methodological  advances  facili-
tate  the  integration  of  physical  processes  and
human dimensions in groundwater assessments.

Despite  this  progress,  significant  challenges
remain in regions characterized by complex hydro-
geological  settings.  Southwest  China  (SWC)
presents a particularly compelling case study, char-
acterized  by  extreme  topographical  variability,
extensive karst  formations,  and  rapidly  intensify-
ing  human  pressures  (Hao  et  al.,  2025; Liu  et  al.,
2021; Shu et al., 2023; Yin et al., 2021). The intri-
cate  river  networks,  heterogeneous  lithology,  and
monsoon-dominated  climate  create  complex
groundwater  dynamics  that  are  poorly  represented
in existing global assessments (Huang et al., 2019;
Li  et  al.,  2017; Wang  et  al.,  2025).  Furthermore,
the impacts of anthropogenic stress on WTD vari-
ability  in  this  hydrogeologically  complex  region
remain  essentially  unexplored,  despite  its  critical
importance  for  water  security  in  one  of  China's
most  rapidly developing regions (Wu et  al.,  2023;
Xing et al., 2024).

This  study  addresses  these  challenges  by
conducting  a  comprehensive  spatiotemporal
assessment  of  groundwater  dynamics  across  SWC
from  1958  to  2015  using  outputs  from  PCRaster
Global  Water  Balance  model  (PCR-GLOBWB)
(van Beek et  al.,  2011; Verkaik  et  al.,  2024) inte-
grated with statistical and spatial analyses. Specifi-
cally,  the objectives are:  (1)  to quantify long-term
and seasonal variations in WTD and evaluate depth-
dependent  relationships  with  P–ET; (2)  to  charac-
terize spatial heterogeneity of WTD across climatic
zones,  geomorphic  units,  land  cover  types,  and
karst  aquifer  systems;  and  (3)  to  analyze  how
anthropogenic  stress  interacts  with  groundwater
variability  using  spatial  correlation  and  bivariate
LISA  approaches.  Through  these  objectives,  we
seek  to  provide  new  insights  into  human-ground-
water  interactions  in  complex  hydrogeological
settings  and  contribute  to  improved  groundwater
management strategies.

 1  Study area

SWC,  including  Yunnan,  Guizhou,  Sichuan,
Chongqing, and Guangxi, is situated in a complex
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physiographic transition zone between the Tibetan
Plateau and the lowlands of Southeast China (Fig.
1a).  The  region  is  characterized  by  pronounced
topographic  variability,  with  elevations  ranging
from <500 m in the southeastern basins to >7,000
m along the northwestern plateau margins. Several
principal  rivers,  including  the  upper  Yangtze  and
Pearl  River  tributaries,  drain  the  region  and  form
critical  water  sources  for  downstream  ecosystems
and  human  activities.  Climatically,  SWC  spans
humid  to  semi-arid  zones,  with  mean  annual

precipitation ranging from about  500 mm to more
than  2,600  mm,  showing  strong  spatial  gradients
associated  with  the  East  Asian  monsoon  (Fig.
1c–1d) (Wang et al., 2025; Wu et al., 2024; Zomer
et al., 2022). Geomorphologically, the landscape is
composed  of  plains,  hills,  plateaus,  and  extensive
mountain  ranges  (Fig.  1e).  The  region  also  hosts
the world's largest continuous karst terrain, mainly
distributed  across  Guizhou,  Guangxi,  and  parts  of
Yunnan, which exerts strong controls on hydrolog-
ical  processes  due  to  its  unique  hydrogeological
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Fig. 1 Overview and maps of the study area, Southwest China (SWC)
Notes: (a) regional location with DEM, provincial boundaries, and river networks; (b) steady-state water table depth (WTD) based on the GLOBGM
v1.0 dataset (Verkaik et al., 2024); (c) multi-year average precipitation (Peng et al., 2019); (d) climate zoning based on the aridity index (Zomer et al.,
2022); (e) geomorphic units (Geomorphological Map of China); (f) karst aquifer extent (World Karst Aquifer Map, WOKAM)
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properties  (Fig.  1f)  (Ford and Williams,  2007; Hu
et al., 2024).

The  distribution  of  steady-state  WTD  reflects
the combined influence of these climatic, geomor-
phic,  and  hydrogeological  factors  (Fig.  1b). Shal-
low WTD occurs predominantly in humid lowland
plains and river valleys, where abundant precipita-
tion  and  favorable  hydrogeological  conditions
promote  recharge  and  sustain  groundwater  levels.
In  contrast,  deeper  WTD is  evident  in  high-eleva-
tion  or  semi-arid  zones,  where  steep  terrain,
limited infiltration, the presence of low-permeabil-
ity sediments and rocks at depth, as well as higher
evaporative  demand,  reduce  recharge  potential.
Karst  regions  exhibit  complex  WTD  variability
due  to  heterogeneous  subsurface  structures  and
rapid infiltration pathways. Collectively, the spatial
heterogeneity  in  precipitation,  evapotranspiration
demand, topography, and lithology jointly governs
the regional groundwater distribution pattern (Li et
al., 2023; Shi et al., 2024).

 2  Methodology

This section begins by describing the datasets and
preprocessing procedures, followed by the method-
ological approaches.  An  overview  of  the  work-
flow is provided in Fig. 2.

 2.1 Datasets and preprocessing

The WTD data utilized in this  study were derived
from  the  PCRaster  Global  Water  Balance  model
(PCR-GLOBWB) (van Beek et al., 2011), referred
to as GLOBGM v1.0 (Verkaik et  al.,  2024) in the
following.  The  model  is  a  parallel  implementa-
tion  of  a  30''  (arc-second)  PCR-GLOBWB-
MODFLOW  global-scale  groundwater  model  (de
Graaf et al., 2017). This model represents a signifi-
cant advancement over its 5' (arcminute) predeces-
sor, offering substantially enhanced spatial  resolu-
tion  of  approximately  1  km  at  the  equator.  The
GLOBGM model has two vertical layers: an upper
confining layer (where present) and a lower aquifer
layer,  employing  unstructured  grids  to  eliminate
redundant sea and land cells while maintaining all
necessary  boundary  conditions  (Verkaik  et  al.,
2024).  For  this  study,  we extracted WTD data  for
SWC  from  the  Afro-Eurasia  continental-scale
model segment, including 1,784,284 valid grids.

All spatial datasets used in this analysis, includ-
ing  anthropogenic  stress  indicators  and  climatic
variables, were resampled to match this 30'' spatial
resolution  to  ensure  dimensional  consistency
across  all  analyses.  Data  preprocessing  involved
masking  out  invalid  values  and  negative  values,
which  were  converted  to  no-data  to  exclude  them
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Fig. 2 Schematic diagram of the overall methodology and data processing workflow
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from subsequent  analysis.  Quality  control  proce-
dures included spatial consistency checks between
datasets, with  necessary  reprocessing  using  bilin-
ear  interpolation  to  maintain  alignment  with  the
30'' reference framework. Prior to the analysis, the
GLOBGM  WTD  data  were  validated  against  in-
situ groundwater well observations from 17 moni-
toring wells with precise coordinates across SWC.
The validation results showed a correlation coeffi-
cient  (R)  of  0.807,  a  Root  Mean  Square  Error
(RMSE) of  19.39  m,  and  a  bias  of  12.06  m,  indi-
cating  that  the  GLOBGM  product  possesses
reasonable accuracy and is capable of capturing the
spatiotemporal  characteristics  of  water  table
dynamics, particularly in shallow aquifers.

Precipitation (P) data were obtained from a high-
resolution  (1  km)  monthly  dataset  for  China
(1901–2024),  processed  through  delta  spatial
downscaling  of  the  CRU  and  WorldClim  datasets
(Peng et al., 2019). The NetCDF format data were
extracted, clipped to the study area, and resampled
to  30''  resolution.  Evapotranspiration  (ET)  data
were derived from the global ETMonitor dataset (1
km  resolution),  incorporating  multi-source satel-
lite inputs and ERA5 reanalysis data (Zheng et al.,
2022).  The  ET  data  were  reprojected  to  WGS84,
clipped  to  the  study  region,  and  aggregated  to
monthly values.  The  precipitation  minus  evapo-
transpiration (P–ET) balance was calculated at 30''
resolution to  represent  atmospheric  water  avail-
able for  potential  groundwater  recharge,  produc-
ing  a  monthly  time  series  from  2003  to  2015  for
analyzing hydrological  relationships  across  differ-
ent water table regimes.

The  climate  zoning  data  were  derived  from the
Global Aridity Index and Potential Evapotranspira-
tion  Database  (Global-AI_PET_v3),  which  pro-
vides  high-resolution  (30'')  global  hydro-climatic
data  based  on  the  FAO  Penman-Monteith Refer-
ence  Evapotranspiration  equation,  with  aridity
index values classified into hyper-arid (<0.03), arid
(0.03–0.20), semi-arid (0.20–0.50), dry sub-humid
(0.50–0.65),  and  humid  (>0.65)  zones  (Zomer  et
al., 2022). The geomorphology and land cover data
are  available  at  the  Resource  and  Environmental
Science  Data  Platform  (https://www.resdc.cn/).
Specifically,  the  geomorphology  dataset  was
obtained from  the  1:1  million  scale  Geomorpho-
logical  Map  of  China,  which  comprehensively
reflects  macro-scale  geomorphological  patterns
and  spatial  differentiation  through  a  hierarchical
classification system encompassing  basic  geomor-
phological  types  and  morphological  structures
based  on  genesis,  elevation,  and  relief  amplitude.
Land  cover  data  (DOI:  10.12078/2018070201)

were  sourced  from  the  China  Multi-Period  Land
Use  Remote  Sensing  Monitoring  Dataset,  which
employs a two-level classification system with six
primary  categories  (cropland,  forest,  grassland,
water,  urban,  and  unused  land)  and  twenty-five
secondary  categories  based  on  Landsat  imagery
and  manual  visual  interpretation,  providing
national-scale  land  cover  information  for  multiple
periods since the 1980s.  All  datasets  were clipped
to the study area and resampled to 30'' resolution to
ensure spatial consistency with other data layers.

The  karst  aquifer  extent  data  utilized  in  this
study were  derived from the  World  Karst  Aquifer
Map (WOKAM),  which  classifies  global  carbon-
ate  and  evaporite  formations  into  continuous
(>65% karstifiable rock) and discontinuous (15%–
65% karstifiable rock)  categories  based  on  litho-
logical  predominance  (Chen  et  al.,  2017).  This
dataset was developed through systematic process-
ing of the Global Lithological Map (GLiM) (Hart-
mann and Moosdorf,  2012),  enhanced by regional
geological validation and expert review, and subse-
quently  rasterized  at  a  global-scale  resolution  to
support  hydrogeological  analysis  and  spatial
modeling of karst groundwater systems.

The  anthropogenic  stress  data  utilized  in  this
study were derived from the Global Human Modi-
fication  Dataset  developed  by  Kennedy  et  al.,
(2019),  which  provides  a  cumulative  measure  of
human  modification  across  terrestrial  lands.  This
dataset  integrates  thirteen  anthropogenic  stressors
using a fuzzy algebraic sum aggregation method to
compute a  continuous  modification  gradient  rang-
ing from 0 (no modification)  to  1  (high modifica-
tion).  The  original  data  at  1  km  resolution  were
acquired  in  geographic  coordinates  (WGS84)  and
preprocessed  to  ensure  spatial  consistency  with
other  datasets.  Specifically,  the  anthropogenic
stress  data  were  clipped  to  the  SWC study  region
using  a  geographic  mask  and  resampled  to  30''
resolution  to  align  with  the  spatial  reference  and
resolution of the WTD data. All raster processing,
including  projection  to  the  required  coordinate
system  and  resampling,  was  performed  using
ArcGIS (ESRI) with the Spatial Analyst extension
to  maintain  data  integrity  and  spatial  accuracy
throughout the analysis.

 2.2 Methods

All  statistical  analyses  incorporated  appropriate
significance testing methods. For correlation analy-
ses,  we  used  t-tests  for  Pearson  correlations  and
permutation  tests  for  Spearman  correlations.  For
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spatial analyses,  we  employed  conditional  permu-
tation tests  that  account  for  spatial  autocorrelation
in the data. Sensitivity analyses were conducted to
evaluate the  robustness  of  results  to  methodologi-
cal choices, including window size for local corre-
lations  and  neighborhood  definition  for  spatial
weights. Results were consistent across these vari-
ations,  indicating  methodological  robustness.  All
spatial  statistical  analyses  were  implemented  in
MATLAB or R with custom algorithms developed
for this study, leveraging the Mapping Toolbox for
geospatial data processing and visualization.
 2.2.1    Trend analysis using Sen's slope estimator

To  quantify  long-term  trends  in  WTD,  we
employed  the  non-parametric Sen's  slope  estima-
tor, which is robust to outliers and non-normal data
distributions (Ahmad et al., 2025; Lu et al., 2017).
The  Sen's  slope  (β)  represents  the  median  of  all
possible  slopes  between  paired  data  points  in  a
time series and is calculated as (Sen, 1968):

β =
( xb− xa

b−a

)
, for all b < a (1)

xa xbWhere:  and  represent values at time points a
and b,  respectively.  This  method  is  particularly
suitable for hydrological  time series as it  does not
assume  a  normal  distribution  of  residuals  and  is
less sensitive to extreme values than linear regres-
sion  (Akritas  et  al.,  1995; Mehboob  and  Kim,
2024).
 2.2.2    Correlation analysis

We conducted comprehensive correlation analyses
to examine  relationships  between  WTD  and  vari-
ous  environmental  or  anthropogenic  factors,
including  P–ET  and  anthropogenic  stress  in  this
study. Pearson correlation coefficient (R) was used
to assess linear relationships between variables (Lu
et al., 2023):

R =

m∑
c=1

(xc− x) (yc− y)√
m∑

c=1

(xc− x)2(yc− y)2

(2)

xc yc

x y
Where:  and  represent  paired  observations,
and  and  are their respective means.
 2.2.3    Local  spatial  correlation  analysis  using  mo-

ving window approach

To explore  spatial  non-stationarity in  the  relation-
ship  between  WTD  and  anthropogenic  stress,  we
implemented  a  moving  window  approach  to
compute  local  correlation  coefficients  across  the
study  area.  This  method  calculates  correlation
coefficients  within  a  defined spatial  neighborhood

around each pixel, capturing local variations in the
WTD-anthropogenic  stress  relationship  (Jalili  et
al., 2016; Lu et al., 2025b).

ri j

A 5×5  pixel  window  was  employed,  represent-
ing  an  optimal  balance  between  spatial  resolution
and statistical reliability. For each grid location (i,
j),  we extracted all  valid  WTD and anthropogenic
stress values within the window and computed the
Pearson  correlation  coefficient.  Only  windows
containing  at  least  three  valid  pixel  pairs  were
included in the analysis to ensure statistical robust-
ness.  The  local  correlation  coefficient  at  grid
location  (i, j)  was  calculated  as  (Blaschke  et  al.,
2024; Ord and Getis, 1995):

ri j =

ni j∑
i, j=1

(
WT Di j−WT Di j

)(
AS i j−AS i j

)Ã
ni j∑

i, j=1

(
WT Di j−WT Di j

)2(
AS i j−AS i j

)2

(3)

WT Di j AS i j

WT D AS
ni j

Where:  and  represent  the  WTD  and
anthropogenic  stress  values  at  grid  location  (i,  j),
respectively,  and  and  represent  their
mean  values.  represents  the  number  of  valid
pixels within the window centered at grid location
(i, j).
 2.2.4    Bivariate Local Indicators of Spatial Associa-

tion (LISA) analysis
To evaluate spatial dependence between WTD and
anthropogenic  stress,  a  bivariate  Local  Indicators
of  Spatial  Association  (LISA)  framework  was
applied  using  Moran's I statistic  (Anselin,  1995).
Moran's I is  a  measure  of  spatial  autocorrelation,
where a positive value indicates clustering of simi-
lar values,  and  a  negative  value  indicates  cluster-
ing  of  dissimilar  values.  This  method  identifies
localized  clusters  where  high  or  low  values  of
WTD  are  systematically  associated  with  high  or
low values of anthropogenic stress, thereby provid-
ing  insight  into  spatial  heterogeneity  in  human–
groundwater interactions (Mao et al., 2024).

The  bivariate  LISA  for  a  given  location i was
defined as (Anselin, 1995):

Ib
i = ZWT Di

n∑
j=1

ωi jZAS j
(4)

ZWT Di
Where:  represents  the  standardized  WTD
value at location i, calculated as:

ZWT Di
=

(WT Di−µWT D)
σWT D

(5)

µWT D σWT D

ZAS j

Where:  and  denote the mean and stan-
dard  deviation  of  WTD,  respectively.  Similarly,

 represents  the  standardized  anthropogenic
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ωi j

stress  value  at  neighboring  location j.  The  spatial
weight between locations i and j is denoted by ,
and n indicates the  number  of  neighboring  loca-
tions included in the analysis.

Spatial  weights  were  defined  using  a  queen's
case contiguity matrix with a distance threshold to
ensure inclusion of diagonal neighbors (Anselin et
al., 2007):

Distance threshold =
√

2×grid size+0.001 (6)

Where:  grid  size  is  30''  in  this  study.  The weights
matrix was row-standardized:

n∑
j=1

ωi j = 1 (7)

Statistical  significance  was  assessed  through  a
permutation  approach  with  999  randomizations  to
generate  reference  distributions  under  the  null
hypothesis of spatial randomness (Liu et al., 2024).
The p-value for each location i was calculated as:

pi =

999∑
k=1

∣∣∣∣(I perm
i,k ≥ Ii

)∣∣∣∣+1

1000
(8)

||·||

I perm
i,k

Ii

Where:  The  operator  represents  the  indicator
function that takes the value 1 when the condition
is satisfied and 0 otherwise,  denotes the LISA
statistic  for  the k-th  permutation  at  location i,  and

 represents the observed LISA statistic. The addi-
tion  of  1  in  both  numerator  and  denominator
ensures that p-values cannot equal zero.

Local  spatial  associations  were  classified
according to the sign and significance of the statis-
tic, in combination with the relative magnitudes of
standardized variables. Statistically significant (p <
0.05)  positive  associations  were  designated  as
High–High  clusters  when  large  WTD  values  co-
occurred  with  elevated  anthropogenic  stress  (z  >
0),  or  as  Low–Low  clusters  when  shallow  WTD
coincided  with  reduced  stress  (z  <  0).  Significant
negative  associations  were  categorized  as  High–
Low clusters (deep WTD with low stress) or Low–
High  clusters  (shallow  WTD  with  high  stress).
Non-significant results (p ≥ 0.05) were interpreted
as lacking detectable local spatial association.

The analysis was conducted in R (v4.4.2) using
the terra, sf and spdep packages.  The  analytical
procedure  consisted  of  sequential  steps:  Variable
standardization,  neighborhood  definition,  LISA
computation, significance testing through permuta-
tion, classification of spatial association types, and
cartographic  visualization  at  30''  resolution.  By
extending  traditional  univariate  Moran's I to  a
bivariate  context,  this  approach  provides  a  robust

framework  to  capture  local-scale  dependencies
between groundwater  levels  and human pressures,
while explicitly accounting for spatial autocorrela-
tion (Anselin et al., 2007; Mao et al., 2024).

 3  Results

This  section  presents  a  comprehensive  analysis  of
both  temporal  dynamics  and  spatial  patterns  of
WTD  across  SWC  from  1958  to  2015.  We  first
analyzed  the  long-term trends  and  seasonal  varia-
tions  in  WTD.  The  relationship  between  shallow
groundwater  systems  and  P–ET is  then  investi-
gated.  Based  on  spatial  analyses,  we  further
explored  how  WTD  distributions  vary  across
climate zones,  geomorphological  units,  land cover
types,  and  karst  aquifer  systems.  Finally,  we
analyzed  the  impacts  of  anthropogenic  pressures
on groundwater variability.

 3.1 Temporal  dynamics  of  water  table
depth

 3.1.1    Long-term  and  seasonal  variations  in  water

table depth

Fig.  3 presents  a  comprehensive analysis  of  WTD
variations in SWC from 1958 to 2015. The annual
mean series (Fig. 3a) reveals considerable interan-
nual variability, superimposed on a significant long-
term trend.  The  calculated  Sen's  slope  of –0.0285
m/y  indicates  a  sustained  decrease  in  WTD  over
the study period, corresponding to a long-term rise
in  groundwater  level.  This  trend  of  increasing
water levels is punctuated by episodic drawdowns,
most  notably  during  the  early  2000s,  coinciding
with widespread drought conditions. Despite these
dry-period  declines,  the  overarching  six-decade
progression indicates a net shallowing of the water
table.  These  findings  suggest  a  complex  interplay
where  natural  hydroclimatic  variability  drives
strong  interannual  fluctuations,  but  the  long-term
trend  reflects  other  balancing  factors  in  the
regional groundwater system.

Seasonal  dynamics  are  highlighted  in  the
monthly  WTD  series  (Fig.  3b),  which  shows  a
consistent oscillatory pattern driven by monsoonal
precipitation regimes.  Water tables typically reach
their shallowest  levels  between  July  and  Septem-
ber,  coinciding  with  peak  monsoon  rainfall  and
enhanced  recharge,  and  deepen  markedly  during
the  dry  season  months  of  February  to  April.  This
pattern  has  remained  robust  throughout  the  study
period, underscoring the strong climatic imprint on

Journal of Groundwater Science and Engineering    14(2026) 493−517

http://gwse.iheg.org.cn 499

http://www.gwse.iheg.org.cn


groundwater systems. However, the gradual lower-
ing  of  baseline  levels  across  decades  points  to  a
cumulative  imbalance  between  recharge  and
extraction, whereby  natural  recharge  is  insuffi-
cient  to  offset  long-term withdrawals  and  land-
scape changes.

The  statistical  boxplots  (Fig.  3c, 3d)  further
distill  these  temporal  characteristics  into  decadal
and  monthly  perspectives.  The  decadal  summary

(Fig.  3c) reveals  a  progressive  shift  toward  shal-
lower  WTD (higher  groundwater  levels),  with  the
2000s  and  2010s  exhibiting  significantly  lower
medians  and  expanded  ranges  relative  to  earlier
decades,  indicating  increasing  variability  in
groundwater conditions in recent decades. Monthly
boxplots  (Fig.  3d)  capture  systematic  intra-annual
variability,  with  the  shallowest  distributions
observed  during  the  wet  season  and  the  deepest
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Fig. 3 Temporal  variations  and  statistical  characteristics  of  Water  Table  Depth  (WTD)  in  Southwest  China
(SWC)  (1958–2015):  (a)  annual  mean  WTD  time  series  showing  a  long-term  decreasing  trend  (Sen's  slope  =
–0.0285  m/y,  indicating  rising  groundwater  levels),  (b)  monthly  WTD  time  series,  (c)  inter-decadal  statistical
characteristics of annual WTD, and (d) monthly statistical characteristics of WTD
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during  the  late  dry  season.  Together,  these  results
illustrate a dual signal: Strong climatic seasonality
superimposed  on  a  long-term  declining  WTD
trajectory.  This  combination  highlights  both  the
hydroclimatic sensitivity of the aquifer system and
its  increasing  vulnerability  under  intensifying
anthropogenic stress.

Here  we further  analyze  the  seasonal  and intra-
annual  variability  of  WTD  across  SWC  (Fig.  4).
The monthly cycle (Fig. 4a) reveals a clear hydro-
climatic  signal,  with  the  shallowest  groundwater
levels  occurring  between  September  and  October,
following  peak  monsoonal  recharge.  Conversely,
the  largest  WTD values  are  observed from March
to  May,  prior  to  the  onset  of  the  rainy  season,
when soil  moisture  deficits  and  sustained  evapo-
transpiration  draw  down  aquifer  storage.  This
seasonal  oscillation,  averaging  6–8  m  between
maximum  and  minimum  bounds,  underscores  the
strong  coupling  between  precipitation  seasonality
and  groundwater  dynamics,  consistent  with  other

monsoon-influenced regions of  Asia  (Wang et  al.,
2025; Wu et al., 2024).

The  seasonal  averages  (Fig.  4b) further  high-
light  the  phase-dependent  fluctuations.  Autumn
registers the shallowest mean water table (283.67 ±
2.75 m), reflecting post-monsoon aquifer recharge,
whereas  spring  exhibits  the  deepest  mean  (286.78
±  2.48  m),  reflecting  the  cumulative  impact  of
prolonged  dry-season  depletion.  Winter  and
summer represent  transitional  states,  with  aver-
ages  of  285.16  ±  2.67  m  and  285.85  ±  2.67  m,
respectively.  The  relatively  higher  uncertainty
during autumn  compared  to  other  seasons  indi-
cates  stronger  interannual  variability  in  recharge
efficiency, likely influenced by spatial heterogene-
ity  in  rainfall  distribution,  irrigation  return  flows,
and  land-use  change  (Li  et  al.,  2017; Liu  et  al.,
2021; Lin Wang et al., 2024).

Taken  together,  these  results  demonstrate  the
dual  control  of  climate  and  human  water  use  on
groundwater  seasonality  in  SWC.  While  the
monsoonal cycle defines the broad recharge–deple-
tion  rhythm,  anthropogenic  pressures,  including
intensified dry-season pumping for agriculture and
urban  supply,  exacerbate  spring  drawdowns  and
attenuate  natural  recovery  during  autumn.  The
persistence of this cycle over six decades indicates
resilience  of  the  recharge–discharge  system;
however,  the  observed  long-term  deepening  trend
(Fig.  3)  suggests  that  seasonal  recovery  has
become  insufficient  to  counterbalance  cumulative
extraction (Jiang et al., 2008; Shu et al., 2023; Yin
et al., 2021). These findings emphasize the impor-
tance  of  considering  both  intra-annual  dynamics
and long-term trajectories when evaluating ground-
water sustainability  under  ongoing  climate  vari-
ability and human modification.
 3.1.2    Relationship between shallow water table de-

pth and precipitation–evapotranspiration

Fig.  5 presents  the  temporal  relationship  between
depth-specific  Water  Table  Depth (WTD) and co-
located  precipitation  minus  evapotranspiration
(P–ET).  For  four  WTD  thresholds  (0–0.1  m,  0–1
m,  0–5  m,  0–10  m),  we  calculated  annual  WTD
and  P–ET  anomalies  by  averaging  over  all  pixels
within  the  SWC  region  that  met  the  respective
depth criterion.  This  yields paired,  depth-stratified
annual  time  series  (2003–2015)  where  WTD  and
P–ET values are spatially consistent, allowing for a
direct  analysis  of  their  coupling.  The  analysis
focuses  on  shallow  groundwater  because  the
exchange  between  atmospheric  water  (P–ET)  and
groundwater  primarily  occurs  in  the  shallow
subsurface.  Deep  groundwater  is  less  directly
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Fig. 4 Seasonal  patterns  of  Water  Table  Depth
(WTD) variations in Southwest China (1958–2015)
Notes: (a) monthly variations showing mean values with standard devi-
ation error bars, extreme values (minimum and maximum), and median
WTD across all  years;  (b) inter-seasonal comparison of average WTD
with  standard  deviation  error  bars,  highlighting  differences  between
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influenced by short-term atmospheric fluxes due to
damping  and  lag  effects.  Therefore,  to  understand
the  coupling  between  climate  variability  and
groundwater  responses,  we  limit  the  analysis  to
shallow  WTD  (≤10  m).  This  analysis  further
assesses  the  extent  to  which  atmospheric  water
balance  regulates  groundwater  fluctuations  under
varying  aquifer  thicknesses.  Pearson  correlation
coefficient  (R)  was  used  as  a  statistical  indicators
of  covariation,  highlighting  how  hydrologic
connectivity evolves as a function of WTD.

Fig.  5(a)  shows  that  at  extremely  shallow
groundwater depths  (WTD  <  0.1  m),  the  correla-
tion  between  WTD and  P–ET is  strongly  positive
(R = 0.53).  This  is  partly attributable to the direct
and rapid exchange between soil  moisture and the
water  table,  where  P–ET  deficits  (P–ET  <  0)
frequently  occur.  A  negative  P–ET value  repre-
sents  conditions  in  which  evapotranspiration
exceeds precipitation  inputs,  implying  that  atmo-
spheric  water  demand  surpasses  supply  (Rodell
and Reager,  2023; Zhou et  al.,  2023).  Under  such
conditions, shallow  groundwater  acts  as  a  supple-
mentary source to sustain evapotranspiration, rein-

forcing  the  coupling  between  WTD  and  P–ET.
This mechanism explains the relatively high corre-
lation at  WTD < 0.1 m, as  groundwater  dynamics
directly mirror short-term atmospheric forcing.

With  increasing  depth  (WTD  <  1  m),  the
strength  of  correlation  decreases  (R  =  0.22, Fig.
5b), reflecting a buffering effect of the vadose zone
that  delays  the  transmission  of  precipitation  and
evapotranspiration  signals  to  the  water  table
(Habib,  2020; Lu  and  Yang,  2024). At  intermedi-
ate  depths  (WTD  <  5  m, Fig.  5c),  the  correlation
becomes  negative  (R  = –0.28),  indicating  that
groundwater  fluctuations  are  no  longer  synchr-
onous  with  P–ET  variations.  This  shift  suggests
that  recharge  processes  are  governed  more  by
lateral  subsurface  flow  and  delayed  infiltration
rather  than  direct  atmospheric  drivers,  consistent
with  findings  in  deeper  semi-confined  aquifers
(Akhter  et  al.,  2025; Chen et  al.,  2019; Stewart  et
al., 2025; Xu et al., 2023; Yang et al., 2018).

Interestingly, for deeper systems (WTD < 10 m
in Fig.  5d),  the  correlation  remains  negative  (R  =
–0.32),  but  the  magnitude  of  P–ET  anomalies  is
not markedly different from those observed at 5 m.
This  similarity  reflects  the  fact  that  at  greater
depths,  groundwater  is  increasingly  disconnected
from  short-term  atmospheric  variability,  and
recharge  processes  are  dominated  by  longer-term
climatic  accumulation  or  subsurface  redistribution
(Akhter et al., 2025; de Graaf et al., 2017; de Graaf
and Stahl, 2022). In such settings, the role of P–ET
as a direct control diminishes, and storage changes
instead  reflect  integrated  catchment-scale  water
balance processes.

Overall,  these  results  demonstrate  a  depth-
dependent relationship  between  atmospheric  forc-
ing  and  groundwater  response,  where  shallow
systems (< 1 m) are tightly coupled to P–ET vari-
ability,  while  deeper  aquifers  (>  5  m)  exhibit  a
decoupled or inverse response due to buffering and
delayed recharge dynamics.

 3.2 Spatial  patterns  of  water  table  de-
pth

Building  upon  the  temporal  analysis,  we  now
investigate  the  spatial  distribution  of  WTD across
Southwest  China  and  its  relationship  with  key
environmental  drivers.  To  systematically  unravel
the  complex  spatial  controls,  we  analyze  WTD
variability across four critical environmental gradi-
ents:  (i)  climate zones (hydroclimatic control),  (ii)
geomorphological units  (topographic  and  geologi-
cal control), (iii) land cover types (surface process
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Fig. 5 Time  series  and  correlation  between  depth-
specific,  co-located  Water  Table  Depth  (WTD)  and
precipitation–evapotranspiration  (P–ET)  anomalies
for different WTD thresholds: (a) WTD < 0.1 m; (b)
WTD < 1 m; (c) WTD < 5 m; (d) WTD < 10 m
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and  anthropogenic  control),  and  (iv)  karst  aquifer
types (hydrogeological control). This multi-faceted
spatial  framework  allows  for  a  comprehensive
assessment of  how  regional  hydroclimate,  land-
scape structure, surface characteristics, and subsur-
face geology collectively  shape the  spatial  hetero-
geneity of groundwater systems in this topographi-
cally and geologically diverse region.
 3.2.1    Spatial distributions of water table depth over

climate zones
Fig.  6 shows  the  spatial  distribution  of  climate
zones across SWC and the corresponding variabil-
ity of WTD under different hydroclimatic regimes.
The  spatial  patterns  (Fig.  6a)  demonstrate  a
predominance of humid zones, concentrated in the
southeastern  and  central  lowlands,  while  dry  sub-
humid  and  semi-arid regions  are  primarily  local-
ized  in  the  western  and  transitional  upland  areas.
The statistical  comparison of WTD across climate
types  (Fig.  6b)  reveals  systematic  differences  that
align  with  hydrological  expectations.  Semi-arid
regions exhibit the smallest mean WTD (203.9 m).
By  contrast,  dry  sub-humid  zones  register  the
largest mean WTD (336.6 m),  reflecting a  combi-
nation of  higher  terrain,  reduced  infiltration  effi-
ciency,  and  limited  aquifer  replenishment.  Humid
areas  fall  in  between  (281.7  m),  but  the  broader
interquartile  range  in  these  zones  suggests  strong
heterogeneity  in  recharge  processes  due  to  land
use,  soil  permeability,  and  topographic  gradients.
These  patterns  corroborate  earlier  findings  that
climate-induced  variability  in  infiltration  and
recharge  rates  can  produce  marked  contrasts  in
groundwater  depth  across  relatively  small  spatial
scales  (Condon  et  al.,  2020; Taylor  et  al.,  2013).
While  humid  regions  maintain  comparatively

moderate WTDs, the vulnerability of semi-arid and
dry sub-humid zones to both natural variability and
human  modification  is  pronounced  (Zhang  et  al.,
2023),  as  even  minor  reductions  in  recharge  or
increases in  pumping  pressure  can  rapidly  propa-
gate  into  substantial  groundwater  stress  (Huggins
et al., 2025).
 3.2.2    Spatial distributions of water table depth over

geomorphology
Fig.  7 shows the  spatial  configuration  of  geomor-
phic  units  across  SWC  and  their  corresponding
effects on WTD. The spatial distribution map (Fig.
7a)  identifies  four  dominant  geomorphological
settings  (plains,  platforms,  hills,  and  mountains),
each characterized by distinct hydrogeological and
recharge  conditions.  The statistical  summary (Fig.
7b) demonstrates marked contrasts in WTD across
these units, with shallow groundwater prevailing in
plains  (mean  depth:  21.4  m)  and  platforms  (26.6
m),  intermediate  depths  in  hilly  regions  (48.7  m),
and  substantially  deeper  groundwater  levels  in
mountainous terrains (341.8 m).

These differences  reflect  the  combined  influ-
ence  of  geomorphology  on  recharge,  storage,  and
discharge processes.  Plains  and  platforms  typi-
cally  host  unconsolidated  alluvial  deposits  with
relatively  high  porosity  and  transmissivity,
enabling  shallow  water  tables  sustained  by
river–aquifer  interactions  and  irrigation  return
flows  (Feng  and  Gleason,  2024; Lu  and  Yang,
2024). In contrast,  hilly landscapes exhibit steeper
topography and thinner soils, which promote rapid
runoff and  limit  infiltration,  resulting  in  moder-
ately deeper WTD (Fan et  al.,  2019; Gnann et  al.,
2025).  Mountainous  areas  show the  deepest  water
tables, shaped by fractured bedrock aquifers, steep
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Fig. 6 Water  Table  Depths  (WTDs)  across  different  climate  classes:  (a)  distributions  of  climate  zones;  (b)
boxplots of WTDs across different climate types
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hydraulic  gradients,  and  limited  recharge  zones
(Flores et al., 2025; Huang et al., 2023). The wide
interquartile  range  observed  in  the  mountainous
unit  further  underscores  the  heterogeneity  of
hydrogeological conditions,  where  localized  shal-
low aquifers  coexist  with  extensive  deep  ground-
water systems.
 3.2.3    Spatial distributions of water table depth over

land cover types
Fig.  8 shows the spatial  distribution of  land cover
types across  SWC  and  their  corresponding  influ-
ences  on  WTD.  The  statistical  analysis  (Fig.  8b)
demonstrates  pronounced  differences  in  WTD
across  land  cover  types.  Urban  areas  exhibit  the
smallest  mean  WTD  (40.9  m)  while  cropland
shows  a  moderate  mean  depth  (117.4  m).  Forest
and  grassland  display  larger  WTDs  (295.0  m  and
423.8  m,  respectively),  while  unused  land  has  the

largest mean WTD (733.5 m). The broad interquar-
tile  ranges,  especially  for  unused  land,  reflect  the
spatial  variability  in  hydrogeological  conditions
and  human  impacts,  highlighting  the  role  of  land
cover in modulating groundwater systems through
altered  infiltration  and  extraction  patterns
(Jasechko et  al.,  2024; Li  and Rodell,  2024; Niazi
et al.,  2024; Tanguy et al.,  2023; Longhuan Wang
et al., 2024).
 3.2.4    Spatial distributions of water table depth over

karst aquifer types
Fig. 9 presents a comparison of WTD across three
aquifer types:  Continuous  carbonate  rock,  discon-
tinuous  carbonate  rock,  and  non-karst  areas.  The
mean  WTD  values  are  222.4  m  for  continuous
carbonate rock, 395.4 m for discontinuous carbon-
ate  rock,  and  275.3  m  for  non-karst  areas.  The
boxplot  (Fig.  9b)  reveals  that  discontinuous
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Fig. 7 Water Table Depths (WTDs) across different geomorphology types: (a) distributions of geomorphic units;
(b) boxplots of WTDs across different geomorphic units
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Fig. 8 Water  Table  Depths  (WTDs)  across  different  land cover  types:  (a)  distributions  of  land cover  types;  (b)
boxplots of WTDs over different land cover types
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carbonate  rock  aquifers  exhibit  the  largest  WTD
with a wider interquartile range, indicating greater
variability,  while  continuous  carbonate  rock
aquifers show the smallest and least variable WTD.
Non-karst  areas  fall  between  these  two,  with
moderate depth and variability.

The  differences  in  WTD  among  these  aquifer
types can be attributed to the hydrogeological char-
acteristics  inherent  to  karst  systems  (Ford  and
Williams,  2007).  Continuous  carbonate  rock
aquifers,  with  their  well-connected  fracture
networks  and  efficient  conduit  flow,  facilitate
easier  groundwater  recharge  and  storage,  leading
to  shallower  water  tables  (Cooke  et  al.,  2006).  In
contrast,  discontinuous  carbonate  rock  aquifers,
characterized  by  fragmented  rock  units  and  poor
hydraulic  connectivity,  result  in  delayed  recharge
and  deeper  water  tables  due  to  increased  flow
resistance  and  limited  storage  capacity  (Medici  et
al.,  2021).  Non-karst  areas,  typically  composed of
porous  or  fractured  non-soluble  rocks,  exhibit
intermediate  WTD  influenced  by  local  lithology
and  recharge  patterns.  The  underlying  cause  for
these  variations  likely  stems  from  the  degree  of
karstification and  rock  continuity,  where  continu-
ous  aquifers  promote  rapid  water  movement  and
shallow water tables,  while discontinuous aquifers
tend  to  exhibit  deeper  water  tables  through
complex flow  paths  and  reduced  infiltration  effi-
ciency (Hao et al.,  2025; LaFleur,  1999; Lu et al.,
2024; Stevanović,  2015).  It  should  be  noted,
however,  that  this  inference  does  not  incorporate
the  model  simulation  accuracy  and  uncertainty;
thus,  a  more  detailed  analysis  that  considers  the
model  characteristics  would  be  beneficial  (see
Section 5.1).

Furthermore,  the  relationship  between  climate

and WTD in karst is mediated by these hydrogeo-
logical  properties.  In  well-developed  karst  area,
continuous  aquifers  with  efficient  conduit
networks  (mean  WTD:  222.4  m),  recharge  from
high-intensity monsoon rainfall is rapidly transmit-
ted through the system, often preventing the devel-
opment  of  very  deep  water  tables  despite  high
potential  evapotranspiration.  Conversely,  in
discontinuous  or  poorly  karstified  carbonate  rocks
(mean  WTD:  395.4  m),  limited  and  delayed
recharge, combined with the same climatic drivers,
results  in  larger  and  more  climatically  sensitive
water tables. Thus, the interaction between climate
forcing (recharge)  and  hydrogeological  architec-
ture (storage  and  transmission)  ultimately  deter-
mines the observed WTD spatial patterns.

 3.3 Analysis  of  anthropogenic  stress
on water table depth variability

Fig.  10 presents  the  spatial  interactions  between
anthropogenic  stress  and  WTD  variability  in
Southwest  China  (SWC).  Panel  (a)  illustrates
provincial  boundaries  as  a  geographical  reference,
while  panel  (b)  reproduces  the  WTD  (previously
shown in Fig. 1) to provide contextual comparison.
Fig.  10c shows  the  anthropogenic  stress  intensity
(0–99%)  illustrating  human  modification  patterns
from minimal  (green)  to  intensive  (pink)  land-
scape  alteration.  The  subsequent  analyses  (Fig.
10d–10f)  focus  on  the  local  spatial  associations
identified  through  local  spatial  correlation  and
bivariate LISA.

Fig. 10d reveals pronounced spatial heterogene-
ity  in  correlation  patterns  between  WTD  and
anthropogenic  stress,  highlighting  the  contrasting
responses  of  WTD  to  anthropogenic  stress  across
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Fig. 9 Water Table Depths (WTDs) across different  karst  aquifer  types:  (a)  distributions of karst  aquifer  types;
(b) boxplots of WTDs over different karst aquifer types
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provinces. Negative correlations dominate approxi-
mately 65% of the study area, particularly through-
out  eastern  Sichuan  Basin  and  Guangxi  Province,
indicating  widespread  inverse  relationships
between  human  modification  intensity  and  WTD.
In particular, in Guangxi Province, negative corre-
lations  dominate,  reflecting  the  decoupling
between  deep  aquifers  and  surface-level anthro-
pogenic  activity.  Conversely,  positive  correlations
cluster  predominantly  in  the  northwestern  portion
of Sichuan Province and central Yunnan Province,
suggesting  localized  areas  where  human  activities
coincide  with  deeper  water  tables.  This  spatial
pattern likely  reflects  the  complex  hydrogeologi-
cal  setting  of  karst  terrains  in  SWC,  where  rural
settlements and  agricultural  activities  are  concen-
trated in valleys with naturally larger WTD condi-
tions, combined with potential groundwater extrac-
tion effects in these areas.

Fig.  10e displays the  bivariate  LISA  classifica-
tion,  revealing  four  distinct  categories  of  spatial
relationships.  High-High  clusters  (areas  with
significant  positive  spatial  autocorrelation  where
both  anthropogenic  stress  and  water  table  depth

exceed regional means) are predominantly concen-
trated  in  urbanized  areas  of  central  Sichuan
Province  and  Yunnan  Province,  particularly
throughout  the  Chengdu  Plain  and  Chongqing
metropolitan region.  These  zones  represent  loca-
tions  of  intensive  human  modification  coupled
with  deeply  incised  water  tables,  likely  resulting
from  concentrated  groundwater  extraction  for
municipal  and  industrial  uses.  Low-Low  clusters
(significant  positive  spatial  autocorrelation  with
both variables  below  regional  means)  are  primar-
ily distributed  across  western  Sichuan  and  north-
western  Yunnan,  corresponding  to  high-elevation
regions  with  minimal  human impact  and naturally
shallow  groundwater  tables  characterized  by  high
recharge  potential.  High-Low  clusters  (significant
negative  spatial  autocorrelation  featuring  high
anthropogenic  stress  with  low  water  table  depth)
appear  scattered  throughout  Guizhou  Province,
particularly  in  its  central  karst  plateau  region,
reflecting  areas  where  human  settlement  patterns
overlap  with  complex  hydrogeological  systems
featuring  naturally  deep  water  tables.  Low-High
clusters (significant  negative  spatial  autocorrela-

 

100°E 105°E 110°E(a) (b) (c)

(d) (e) (f)

Chongqing

Sichuan

Guizhou

Yunnan
Guangxi

Provincial boundary
Steady-state wate table

depth (WTD)/m 0 3,989
Anthropogenic stress/%

0 99

Spatial

correlation −1 0 1

Bivariate LISA

Spatial

association

classes

High-High Low-Low

High-Low Low-High

p-value of LISA
0 1

3
0
°N

2
5
°N

N N N

N N N

 

Fig. 10 Spatial associations between steady-state Water Table Depth (WTD) and anthropogenic stress in South-
west China
Notes: (a) provincial boundary map; (b) steady-state WTD distribution; (c) anthropogenic stress; (d) local spatial correlation between WTD and anthro-
pogenic stress; (e) bivariate LISA cluster classification; (f) statistical significance (p-values) of the LISA results. Panels (b) and (c) are reproduced here
for comparison purposes
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tion  showing  low  anthropogenic  stress  with  high
water  table  depth)  are  predominantly  located  in
southeastern  Yunnan  and  scattered  portions  of
southern Sichuan, indicating regions where natural
groundwater systems  remain  relatively  undis-
turbed  despite  moderate  human  pressure.  The
statistical  significance  of  these  spatial  patterns,  as
shown in Fig. 10f, confirms the robustness of these
associations (p < 0.05 for all classified clusters).

Overall,  these  findings  reveal  a  strong  spatial
heterogeneity in  the  interaction  between  anthro-
pogenic  stress  and  water  depth  in  SWC.  Eastern
Sichuan,  Chongqing,  and  central  Yunnan  exhibit
spatially  coherent  clusters  of  high  vulnerability,
where intensive human activities overlap with shal-
low  water  tables.  By  contrast,  southern  Yunnan,
Guizhou and Guangxi largely reflect natural hydro-
geological control,  with  deeper  water  tables  rela-
tively insulated  from  direct  anthropogenic  influ-
ence. This  spatially  explicit  understanding is  criti-
cal  for  targeting  management  interventions,  as
regions  with  Low–High  and  High–High  clusters
represent priority  zones  for  groundwater  protec-
tion and monitoring.

 4  Discussion

 4.1 Limitations

While the  GLOBGM  model  represents  a  signifi-
cant  advancement  in  global-scale  groundwater
modeling, several  limitations  must  be  acknowl-
edged when applying it  to  the complex hydrogeo-
logical  conditions of  SWC. The model's  relatively
simple  two-layer schematization,  while  computa-
tionally  efficient,  may  inadequately  represent  the
complex  stratigraphic  heterogeneity  and  multi-
aquifer  systems  characteristic  of  this  region.  The
parameterization scheme, which relies primarily on
available  PCR-GLOBWB data  without  local  cali-
bration, likely introduces uncertainties in hydraulic
conductivity  and  storage  parameter  estimation,
particularly  in  areas  with  limited  observational
constraints  (de Graaf et  al.,  2017).  The model can
simulate large  WTD  values  (up  to  several  thou-
sand meters) in deep sedimentary basins, but these
simulations should be interpreted with caution due
to the simplified aquifer representation and limited
local calibration (de Graaf et al., 2017).

The  validation  of  GLOBGM  outputs  remains
notably  limited,  especially  for  the  SWC  region,
which presents unique challenges for  groundwater
modeling.  The  model  evaluation  against  USGS
NWIS  head  observations,  while  demonstrating

improvement  over  previous  5'  models,  primarily
focused  on  the  contiguous  United  States,  leaving
questions  about  its  performance  in  geologically
distinct regions like SWC (Verkaik et al., 2024). In
this  study,  we  validated  GLOBGM  against  17
monitoring  wells  with  precise  coordinates  across
SWC,  which  showed  reasonable  agreement.
However, this small sample size is insufficient for
a comprehensive  regional  validation.  This  valida-
tion  gap  is  particularly  concerning  given  the
region's complex topography and hydrogeology.

The topographical  complexity  of  SWC,  charac-
terized  by  dramatic  elevation  changes,  intricate
drainage  patterns,  and  extensive  river  network
dissection,  presents  fundamental  challenges  to  the
current  model  formulation  (de  Graaf  and  Stahl,
2022).  The  30''  resolution,  while  improved  from
previous  global  models,  remains  insufficient  to
capture the micro-topographical features and local-
scale hydrological processes that dominate ground-
water  recharge  and  discharge  patterns  in  this
mountainous  region.  The  treatment  of  surface
water–groundwater interactions  likely  oversimpli-
fies  the  complex  exchange  processes  occurring  in
steep,  fractured  terrain,  where  local  topography
exerts  dominant  control  on  groundwater  flow
directions and velocities (de Graaf et al., 2015).

Furthermore, the model's limited ability to repre-
sent  karst  hydrogeology,  which  is  widespread  in
SWC,  constitutes  a  significant  constraint.  The
current  schematization  does  not  explicitly  account
for preferential  flow  paths,  sinkholes,  and  under-
ground  drainage  networks  that  characterize  karst
systems, potentially  leading  to  substantial  misrep-
resentation  of  actual  groundwater  behavior  (van
Jaarsveld  et  al.,  2025).  The  exclusion  of  detailed
pumping  data  and  artificial  recharge  activities
further  limits  the  model's  capacity  to  accurately
simulate  anthropogenic  impacts  on  groundwater
systems in this rapidly developing region (de Graaf
et al., 2024).

These limitations collectively suggest that while
GLOBGM  provides  a  valuable  framework  for
regional-scale analysis,  its  application  in  topo-
graphically  complex  regions  like  SWC  requires
careful interpretation and should be complemented
with  local-scale  investigations  and  validation
efforts to ensure reliable representation of ground-
water  dynamics.  Future  improvements  should
focus  on  integrating  higher-resolution hydrogeo-
logical  characterization,  well  pumping  data,  and
regional  calibration  parameters,  coupled  with  the
incorporation of higher-resolution topographic data
to enhance simulation reliability in complex terrain
regions.  Particularly  for  SWC,  future  versions
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would  benefit  from  incorporating  region-specific
validation using local monitoring data and account-
ing  for  the  unique  hydrogeological  characteristics
of  karst  systems  to  better  represent  the  complex
groundwater  dynamics  in  this  critically  important
region.

 4.2 Implications  for  groundwater  pro-
tections

 4.2.1    Implications for water resources management

The long-term trajectory of groundwater level rise
across  SWC,  as  indicated  by  a  Sen's  slope  of
–0.0285  m/y  (corresponding  to  a  decrease  in
WTD) from 1958 to  2015,  suggests  a  net  positive
water  balance  over  the  multi-decadal  scale,  where
natural recharge and other inputs have, on average,
outpaced extraction.  Although  monsoonal  precipi-
tation maintains seasonal oscillations,  the progres-
sive  decline  in  water  tables,  particularly  after  the
early  2000s,  underscores  the  cumulative  stress
imposed  by  both  hydroclimatic  variability  and
human  withdrawals  (Leijnse  et  al.,  2024).  The
intensification of  spring  drawdowns,  when evapo-
transpiration demand  is  high  and  recharge  mini-
mal, poses acute risks for aquifer sustainability and
amplifies  regional  vulnerability  to  drought
(Herbert  and  Döll,  2025).  This  dual  control  by
climate  and human activity  necessitates  integrated
management strategies  that  balance  seasonal  vari-
ability with long-term groundwater dynamics.

Spatial analyses  further  reveal  marked  hetero-
geneity in groundwater vulnerability across climate
zones,  geomorphic  settings,  land  cover  types,  and
aquifer  structures.  Relatively  shallow  water  tables
in semi-arid regions (mean depth: 203.9 m) and in
low-lying  plains  and  platforms  (21.4–26.6  m)  are
particularly  exposed  to  contamination  and  over-
extraction  pressures,  especially  where  agricultural
intensification  and  urban  expansion  coincide  with
limited recharge capacity (Chanapathi et al., 2019;
Lu  et  al.,  2025a).  Urban  areas  (mean  depth:  40.9
m)  represent  another  zone  of  heightened  risk,
where  aquifers  with  shallow  water  tables  are
subject  to  both  quantity  stress  from  withdrawals
and  quality  degradation  from  pollutant  inputs
(Jasechko  et  al.,  2024).  By  contrast,  mountainous
terrains  and  unused  lands  with  deep  water  tables
(>300  m)  exhibit  relative  resilience,  though  their
wide  variability  suggests  localized  vulnerabilities
(Gnann  et  al.,  2025).  In  terms  of  aquifer  types,
continuous carbonate  rock  systems  sustain  shal-
lower  water  tables  through  efficient  recharge,

whereas  discontinuous  carbonate  aquifers  (mean
depth:  395.4  m)  are  prone  to  deeper  water  tables
and high variability, warranting closer observation
of  groundwater  storage  dynamics  (Medici  et  al.,
2021).

Taken  together,  these  findings  point  to  several
spatial  priorities  for  groundwater  protection.  The
north-central  alluvial  plains,  valley  bottoms,  and
rapidly  urbanizing  basins  should  be  considered
focal areas  for  enhanced  monitoring  and  regula-
tion,  as  areas  with  shallow  water  tables  in  these
zones  face  acute  anthropogenic  pressures.  Semi-
arid  and  dry  sub-humid  regions  in  western  and
transitional  uplands  also  require  careful  attention,
as  even  minor  reductions  in  recharge  or  increases
in  pumping  can  propagate  disproportionately  into
groundwater  stress.  Forested  and  grassland  zones
with larger  WTD  values  provide  buffering  capac-
ity,  yet  conservation policies  are needed to ensure
that land-use change does not erode their recharge
functions.

From a  management  perspective,  these  patterns
emphasize the  importance  of  differentiated  strate-
gies aligned with spatial vulnerability. In high-risk
zones,  strict  regulation  of  groundwater  extraction,
improved irrigation efficiency, and enhanced urban
water  recycling  should  be  prioritized.  Transitional
and moderately  vulnerable  areas  warrant  strength-
ened  early-warning systems  and  adaptive  alloca-
tion  mechanisms  to  mitigate  seasonal  drawdowns
(Stewart  et  al.,  2025).  Low-risk  but  extensive
regions  with  deep  water  tables  require  baseline
monitoring to  detect  emerging  pressures,  espe-
cially under projected climate change (Wang et al.,
2025).  Expanding  protection  zones  around  areas
with  shallower  water  tables  and  intensive  use,
while integrating climate variability into allocation
policies,  will  be  essential  for  safeguarding  both
human  water  security  and  groundwater-dependent
ecosystems in SWC.
 4.2.2    Groundwater protection zone classification

The analysis of anthropogenic stress on WTD vari-
ability  (Fig.  10)  collectively  demonstrates  the
complex  interplay  between  human  activities  and
groundwater  systems  across  Southwest  China,
highlighting  the  necessity  for  regionally  tailored
water resource management strategies that account
for  both  spatial  heterogeneity  in  human  pressure
and  the  inherent  diversity  of  hydrogeological
settings.  The  pronounced  provincial  variations  in
human-groundwater  interactions  underscore  the
importance of  considering  jurisdictional  bound-
aries in  water  governance  frameworks,  particu-
larly  given  the  transboundary  nature  of  many
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aquifer systems in this region.
By  integrating  spatial  patterns  of  WTD  with

anthropogenic  stressor  data,  we  delineated  four
groundwater protection  categories  using  empiri-
cally derived thresholds (Table 1, Fig. 11). Thresh-
old values  were  adapted  from established  ground-
water  vulnerability  frameworks  (Allouche  et  al.,
2017; National  Research  Council  et  al.,  1993;
Khadam  and  Kaluarachchi,  2003; Taghavi  et  al.,
2022; Tian  et  al.,  2024; Zhai  et  al.,  2017)  and
modified to reflect  the hydrogeological  and socio-
environmental conditions in SWC.

Four  categories  emerged,  reflecting  distinct
levels  of  vulnerability  and  management  priority.
Special  protection  zones  (0.67%) represent  shal-
lower water tables (<5 m) under high stress (>0.7),
concentrated  in  alluvial  plains  and  valley  bottoms
where  agricultural  and  urban  pressures  are  most
acute. Priority monitoring zones (2.61%) are aeras
with moderately shallow water tables (<10 m) with
elevated  stress  (>0.5),  forming  transitional  belts
around  the  special  protection  zones.  Long-term
monitoring zones (3.53%) involve aeras with inter-

mediate water tables (<20 m) still subject to signif-
icant  human  pressures,  while  extensive  low-risk
zones  (80.42%)  are  located  in  highland  regions
characterized  by  deeper  water  tables  (>20  m)  and
minimal  anthropogenic  impact.  Approximately
12.76% of the study area could not be consistently
classified due to data or hydrogeological complex-
ity.

This  classification  highlights  the  concentration
of  high-risk  groundwater  systems  in  low-lying,
densely  modified  landscapes,  contrasting  with
more  resilient  conditions  in  sparsely  populated
highlands. By distinguishing areas of acute vulner-
ability from those requiring long-term surveillance,
the zoning framework provides a practical basis for
prioritizing monitoring and protection efforts, ulti-
mately  supporting  the  sustainable  management  of
groundwater resources in SWC. More broadly, this
zoning approach offers a spatially explicit  transla-
tion  of  the  identified  groundwater–anthropogenic
stress  interactions,  linking  quantitative  analysis  of
human  impacts  with  actionable  strategies  for
groundwater protection.

 

Table 1 Groundwater protection categories using empirically derived thresholds

Protection zone classification Criterion Representativeness Area

Special protection zones WTD < 5 m and anthro-
pogenic stress > 0.7

Shallow groundwater under
high human pressure

–9,108.10 km2 (0.67%)

Priority monitoring zones WTD < 10 m and anthro-
pogenic stress > 0.5

Vulnerable groundwater with
moderate human impact

–35,282.03 km2 (2.61%)

Long-term monitoring zones WTD < 20 m and anthro-
pogenic stress > 0.5

Groundwater systems requir-
ing ongoing observation

–47,753.28 km2 (3.53%)

Low-risk zones WTD > 20 m and anthro-
pogenic stress < 0.5

Deep groundwater with mini-
mal human impact

–1,087,435.06 km2 (80.42%)

Other areas - - –172,566.57 km2 (12.76%)

 

Special potection zones

−9,108.10 km2 (0.67%)

Priority monitoring zones

–35,282.03 km2 (2.61%)

Long-term monitoring zones
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Fig. 11 Spatial distribution and statistics of groundwater protection zone for Southwest China
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 5  Conclusion

In this study, we provided a comprehensive assess-
ment  of  Water  Table  Depth  (WTD)  dynamics
across  Southwest  China  (SWC)  from  1958  to
2015, integrating temporal analysis, spatial charac-
terization,  and  the  influence  of  anthropogenic
stress.  Using  outputs  from  the  GLOBGM  model,
we examined long-term and seasonal  variations in
groundwater  levels  (as  represented  by  WTD),  the
degree  of  coupling  between  shallow  aquifers  and
precipitation–evapotranspiration  balance,  and  the
heterogeneity  of  groundwater  systems  across
climate zones,  geomorphic  units,  land  cover  cate-
gories,  and  karst  aquifer  types.  The  analysis  was
further  extended  to  evaluate  how  anthropogenic
pressures  modulate  spatial  variability  in  WTD,
employing  spatial  correlation  and  bivariate  LISA
to  reveal  the  co-occurrence  of  human  activity
intensity  and  groundwater  vulnerability.  These
findings  were  subsequently  translated  into  a
groundwater protection zoning framework, linking
observed  patterns  of  stress  and  hydrogeological
sensitivity to differentiated management priorities.

The temporal  analysis  revealed an overall  long-
term  tendency  toward  increasing  groundwater
levels (i.e., water table rise), as indicated by a Sen's
slope  of –0.0285 m/year  for  WTD,  punctuated  by
episodic  drawdowns  during  drought  years.  This
overall  decline  in  WTD  (i.e.,  shallowing  of  the
water  table)  trend  suggests  a  net  positive  water
balance  over  the  multi-decadal  scale.  Seasonal
oscillations  driven  by  the  Asian  monsoon  remain
evident,  with  shallowest  water  tables  following
summer  rainfall  and  deepest  water  tables  during
the  late  dry  season.  Shallow  water  tables  (<1  m)
display a strong positive correlation with precipita-
tion–evapotranspiration,  whereas  deeper  water
tables (>5  m)  are  increasingly  decoupled,  reflect-
ing buffering and delayed recharge processes.

Spatial  analyses  showed  marked  heterogeneity
across  environmental  settings.  WTD  varied
systematically  with  mean  depths  of  203.9  m  in
semi-arid zones, 336.6 m in dry sub-humid zones,
and  281.7  m  in  humid  zones.  Geomorphology
exerted a strong control, with mean WTDs of 21.4
m in plains, 48.7 m in hills, and 341.8 m in moun-
tains.  Land  cover  further  modulated  depths,  with
the  shallowest  mean  WTDs  found  in  urban  areas
(40.9  m)  and  the  deepest  in  unused  lands  (733.5
m).  Continuous  karst  aquifers  exhibited  shallower
water  tables  (222.4 m) compared to discontinuous
systems (395.4 m), highlighting the role of hydro-
geological structure.

The  interaction  between  anthropogenic  stress

and  WTD  variability  revealed  spatially  coherent
zones  of  vulnerability.  Approximately  65% of  the
study  area  exhibited  negative  spatial  correlations,
while  positive  correlations  clustered  in  specific
provinces.  Bivariate  LISA classification  identified
statistically  significant  clusters  (p  <  0.05),  pin-
pointing  High–High  clusters  in  urbanized  basins,
Low–Low  clusters  in  high-elevation  regions,  and
mixed  High-Low/Low-High  clusters  in  karst
plateaus, thereby highlighting areas where ground-
water systems  are  most  vulnerable  to  anthro-
pogenic modification.

A central,  applied  result  of  this  synthesis  is  the
development  of  a  spatially  explicit  groundwater
protection  zoning  framework  (Fig.  11, Table  1).
This  framework  integrates  the  key  findings  on
WTD  variability,  anthropogenic  stress,  and  their
spatial  associations  to  delineate  four  management
categories: Special Protection, Priority Monitoring,
Long-term  Monitoring,  and  Low-risk  zones.  By
classifying approximately 87% of the study area, it
translates  the  complex  spatial  patterns  identified
through LISA and correlation analyses into action-
able guidance  for  resource  managers.  The  frame-
work  prioritizes  interventions  by  identifying
geographically explicit areas of acute vulnerability
(e.g., areas with shallower water tables under high
stress  in  alluvial  plains)  versus  regions  where
deeper  water  tables  provide  a  natural  buffer.  This
moves  beyond  descriptive  analysis  to  provide  a
direct,  science-based  tool  for  targeting  monitoring
investments,  regulating  groundwater  extractions,
and  implementing  protection  measures,  thereby
enhancing  the  practical  utility  of  our  findings  for
sustainable groundwater governance in SWC.

This  analysis  underscores  that  while  GLOBGM
offers  valuable  insights  at  the  regional  scale,  its
simplified  structure  and  limited  representation  of
karst processes constrain its ability to capture local
hydrogeological  complexity.  This  is  particularly
evident  in  SWC,  where  rugged  topography  and
fractured  carbonate  systems  govern  groundwater
dynamics. The proposed protection zone classifica-
tion helps  address  this  scale  limitation  by  provid-
ing a management-oriented lens to interpret model
outputs.

Looking  forward,  advancing  groundwater
sustainability  in  SWC  requires  higher-resolution,
higher-precision  WTD  datasets  to  better  capture
both vertical and lateral variability. Regional-scale
modeling  such  as  ParFlow-CLM  (Condon  and
Maxwell,  2019; Lu et  al.,  2025c)  can enhance the
representation  of  surface–subsurface  interactions
in  mountainous  terrain.  Equally  important  is  the
integration  of  more  refined  and  disaggregated
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anthropogenic activity data (Theobald et al., 2025),
which  would  allow  a  clearer  quantification  of
human–groundwater  feedbacks.  Moreover,  to
fundamentally  unravel  the  mechanistic  linkages
between  climate,  karst  hydrogeology,  and  water
table  dynamics  identified  in  this  study,  we  are
implementing  integrated  surface-subsurface
models  with  particle  tracking  (ParFlow-CLM  and
SLIM-FAST) (Maxwell et al., 2016; Siirila-Wood-
burn  et  al.,  2023)  at  the  catchment  scale  in  SWC.
Establishing  robust  data-sharing  mechanisms
across institutions will be critical to enable collab-
orative  monitoring,  calibration,  and  cross-valida-
tion,  thereby  supporting  both  local  decision-
making  and  the  broader  hydrological  research
community.
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