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Abstract 22 

Soil moisture (SM) profoundly influences global ecosystem services and climate 23 

change, creating the broad needs for SM management. However, existing single-scale 24 

studies have limited representativeness and overlook the spatial non-stationarity, while 25 

treating regions with diverse SM conditions as a whole may obscure interactions 26 

between environment and different SM levels. Therefore, we expanded the study scale 27 

both horizontally and vertically and established an “SM security” framework, which 28 

classifies SM conditions based on their impacts on evapotranspiration, vegetation 29 

growth, and soil quality. SM was measured to 500 cm depth across the Yellow River 30 

Basin (YRB) (795,000 km2) and categorized into three security zones including “wet 31 

zone” that SM ≥ 80% * field capacity (FC), “transitional zone” that permanent wilting 32 

point (PWP) < SM < 80% * FC, and “dry zone” that SM ≤ PWP. In the YRB, the 33 

transitional zone was predominant (61.58%), followed by wet (20.24%) and dry 34 

(18.17%) zones. In relatively stable layers (110–500 cm), the wet zone expanded with 35 

depth (17.04% to 25.86%) while dry zone contracted (20.76% to 14.99%). The mean 36 

relative SM (dimensionless) and available SM storage, indicating relative soil 37 

saturation and vegetation water availability, were 0.84 and 32.14 cm, respectively. 38 

Considering spatial non-stationarity, environmental drivers shaping the SM security 39 

pattern were: slope in wet zone, vegetation in dry zone, and clay content, vegetation, 40 

and slope in transitional zone, with notable coupling among these factors. These 41 

findings help characterizing SM security and developing targeted SM management 42 

measures in the YRB and similar regions worldwide. 43 
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1. Introduction 48 

Soil moisture (SM) affects soil-vegetation-atmosphere interactions in various 49 

ways (Huang and Shao, 2019; Liu et al., 2020; Zuo et al., 2024), and plays a pronounced 50 

role in regulating climate processes and ecosystem service functions (Fu et al., 2022; 51 

Seneviratne et al., 2010). In climate transitional zones, which are considered as a 52 

hotspot of land-atmosphere coupling (Koster et al., 2004), SM is one of the most 53 

important factors influencing climate through both local and non-local effects 54 

(Seneviratne et al., 2010). In water limited zones such as dryland ecosystems, SM 55 

directly constrains evapotranspiration and controls most of ecosystem processes (Zhou 56 

et al., 2021). Strong and persistent SM deficits may transform terrestrial ecosystems 57 

from “carbon sinks” to “carbon sources” (Green et al., 2019). Indeed, diverse SM 58 

conditions can lead to varied climate and ecological states. Analyzing spatial regions 59 

with diverse SM conditions as a unified whole may obscure and confound the 60 

interaction mechanisms between environmental factors and different SM levels. To 61 

address this, it is necessary to establish an SM grading scheme based on SM levels to 62 

characterize SM-environment interactions in specific SM zones. This concept 63 

underpins the “SM security” framework proposed here, which is a classification system 64 

that categorizes SM conditions based on their impact on evapotranspiration, vegetation 65 



growth and soil quality. By applying this SM security classification system, we can map 66 

SM security zones, identify their spatial patterns, and evaluate the environmental 67 

control mechanism of these patterns. Importantly, this classification system creates a 68 

monitorable baseline that allows for identifying SM changes and evaluating their 69 

availability to meet potential future ecological or hydrological demands in specific 70 

security zones. Proposing targeted SM management measures based on these insights 71 

can contribute to the stability and sustainability of ecosystems. 72 

Driven by heterogeneity in soil properties, topography, vegetation, climate, human 73 

activities, and their interactions (Huang and Shao, 2019), SM exhibits variability both 74 

vertically and horizontally (Seneviratne et al., 2010). Vertically, shallow SM (≤ 100 cm) 75 

shows greater vertical and horizontal heterogeneity and temporal variability, while deep 76 

SM (> 100 cm) remains relatively stable (Cao et al., 2018; Yang et al., 2012). Deep SM 77 

serves as an important water source for plant growth and plays a key role in drought 78 

resistance (Miguez-Macho and Fan, 2021). In fact, water deficits in deep soil layers 79 

have a more persistent negative impact on gross primary production than dry shallow 80 

soil (Fu et al., 2022). Recent researches also revealed that deep SM may affect future 81 

climates and ecosystems in ways distinct form surface SM (Fu et al., 2022; Hirschi et 82 

al., 2014; Schlaepfer et al., 2017). This underscores the necessity to investigate SM 83 

security in both shallow and deep soils to yield more representative outcomes. 84 

Horizontally, numerous studies have demonstrated that the extent of spatial variability 85 

of SM and its dominant factors largely depend on the scale of the investigation (Cao et 86 

al., 2018). Due to the heterogeneity of geographical elements affecting soil hydrological 87 



processes, the representativeness of small-scale SM studies is inherently limited. As a 88 

result, generalizing findings from small watersheds to broader regional scales is often 89 

challenging (Gruber et al., 2018). Additionally, spatially adjacent geographic factors 90 

often exhibit spatial correlation; however, when geographic locations vary, the 91 

relationships or structures among spatial variables may differ due to the phenomenon 92 

known as spatial non-stationarity (Brunsdon et al., 1996). Large-scale studies often 93 

overlook spatial non-stationarity, potentially missing variations in interaction 94 

mechanisms across different geographic units (Tran et al., 2022). Whether at small or 95 

large scales, single-scale analysis limits the ability to achieve a general, cross-scale 96 

understanding of SM security assessment. Remote sensing enables rapid, cost-effective 97 

acquisition of large-scale geospatial data (Kucukpehlivan et al., 2023; Cevik Degerli 98 

and Cetin, 2023; Zeren Cetin et al., 2023). However, current large-scale SM studies 99 

based on direct remote sensing data (e.g., SMAP, SMOS) generally face limited 100 

detecting depth (approximately the top 5 cm) (Chen et al., 2021). Although data 101 

assimilation that integrate in situ observations and model simulations can extend the 102 

effective retrieval depth to approximately 1 m (Baldwin et al., 2017; Das et al., 2008), 103 

reliable large-scale observations of deeper SM remain challenging to obtain. To date, 104 

the large-scale in situ SM studies are also generally restricted to shallow soils (Gruber 105 

et al., 2013), while many deep SM studies mainly focused on slopes and small 106 

catchment scales (Cao et al., 2018; Wang et al., 2013). Therefore, there is a pressing 107 

need for SM security studies that account for spatial non-stationarity over wide spatial 108 

extents and deeper soil profiles to generate a comprehensive understanding of SM 109 



security. 110 

Here we present an SM security study across the Yellow River Basin (YRB). The 111 

Yellow River is the fifth longest river in the world and the YRB covers many of China’s 112 

most important ecological barriers, making it of great ecological and climatic 113 

significance (Yin et al., 2019). Previous SM research in the basin has mainly focused 114 

on near-surface layers. At the basin scale, satellite-based products and reanalysis dataset 115 

have been used to map surface SM, revealing pronounced spatial heterogeneity in SM 116 

itself and its interaction with environment (Hu et al., 2025; Zhang et al., 2024). In the 117 

YRB, numerous ecohydrological studies have assessed the impacts of large-scale 118 

ecological restoration programs such as “Grain for Green”. While these programs 119 

significantly improved vegetation cover, they also increased vegetation water use, 120 

reduced SM availability, and led to widespread deep soil desiccation or dried-soil layers 121 

(Chen et al., 2019; Ge et al., 2020; Jia et al., 2017; Zhang et al., 2018). Other studies 122 

suggest that SM declines are more strongly linked to land-use conversion than to 123 

climate variability, underscoring the complexity of ecohydrological trade-offs in this 124 

region (Li et al., 2025; Wang et al., 2024b). Attribution analyses have further shown 125 

that vegetation dynamics are the dominant controls of SM variability, with temperature 126 

and wind playing secondary roles (Guo et al., 2022). Despite these advances, most 127 

investigations are limited to surface or shallow soils, and systematic deep-profile (> 1 128 

m) studies at the basin scale remain scarce. Meanwhile, the YRB itself presents a strong 129 

need to improve SM availability: extensive ecological restoration has altered water 130 

cycle processes (Wang et al., 2024a), and the basin faces severe water stress due to the 131 



imbalance between high demand and limited supply (Liu et al., 2024). Together with 132 

its diverse climatic zones, vegetation types, and soil properties, these factors make the 133 

YRB a highly representative area for assessing SM security. Moreover, insights gained 134 

here may provide references for other regions worldwide with similar environmental 135 

backgrounds. 136 

Hence, we included the YRB as research area to identify and evaluate the situation 137 

and spatial pattern of SM security in the YRB, and decipher environmental drivers that 138 

shapes the spatial patterns of deep SM security in large-scale area. To address the 139 

limitation of single-scale and shallow-depth studies, our first objective was to identify 140 

and assess SM security across broad spatial scales and sufficiently deep soil profiles. 141 

To this end, we conducted high-density in situ deep soil sampling (0–500 cm) using 142 

drilling machines across the YRB (795,000 km2). This sampling campaign spatially 143 

encompassed diverse climatic, vegetative, edaphic, and topographic conditions, and 144 

vertically captured both the typical depth of rainfall infiltration and most of the rooting 145 

zone. To further address potential errors caused by spatial non-stationarity, our second 146 

objective was to design a research path that incorporates the in situ sampling, random 147 

forest (RF) modeling, and Hyper-local geographically weighted regression (GWR). 148 

This approach allows us to explore the environmental drivers of large-scale, deep-149 

profile SM security while accounting for spatial non-stationarity of environmental 150 

variables and balancing study scale with cost. Based on these items, we hope to provide 151 

insights into deciphering the environmental control mechanisms of deep SM security 152 

in large-scale studies, thereby serving the broad needs for SM management. 153 



2. Materials and methods 154 

2.1. Soil sampling and data collection 155 

The study area is the entire YRB (95°53′–119°5′E, 32°10′–42°50′N) with a total 156 

area of approximately 795,000 km2 (Wang et al., 2020). A 100 km × 100 km sampling 157 

grid covering the YRB was constructed to evenly subdivide the entire basin. For each 158 

grid, we chose a sampling site (generally at the center of the grid) to represent the 159 

overall landscape of the grid. Both soil and water data were collected in situ during two 160 

field campaigns—22 September 2018 to 31 December 2018 and 8 October 2019 to 6 161 

November 2019. Sampling was completed after the rainy seasons to avoid uneven 162 

rainfall event effects on SM, especially influencing the results of shallow SM. A total 163 

of 84 sites were sampled, encompassing all four different precipitation levels of the 164 

YRB (Figure 1). 165 

A handheld vibrating drilling machine (CHPD78, Christie Engineering Pty Ltd, 166 

New South Wales, Australia) was used to collect soil cores to a maximum depth of 500 167 

cm, which covered the typical rooting depth of the main vegetation types in the study 168 

area (Fang et al., 2016). The soil samples were sampled at an interval of 20 cm. Soil 169 

particle composition was measured using a Mastersizer 3000 laser particle size analyser 170 

(Malvern Panalytical, Malvern, UK). Prior to measurement, soil samples were passed 171 

through a 1 mm sieve and then soaked in purified water for 24 hours. Purified water 172 

was also used as the dispersant, and the samples were dispersed by ultrasonic vibration 173 

for 28 seconds. The optical parameters were set with a refractive index of 1.52 and an 174 

absorption value of 0.10. Volumetric SM content was measured in situ in the boreholes 175 



at 10 cm depth intervals using a neutron probe (CNC503, Beijing Chaoneng 176 

Technology Co. Ltd., Beijing, China). The probe directly outputs neutron counts and 177 

need to be converted to volumetric SM through a neutron count transform curve. Since 178 

curves from other regions may not be applicable to the YRB due to potential biases 179 

introduced by soil property differences, the existing transform curve of our probe was 180 

calibrated prior to field measurements. For calibration, soil samples were collected by 181 

excavating soil profiles at representative sites within the YRB. Their gravimetric SM 182 

and bulk density were firstly measured, and gravimetric SM was converted to 183 

volumetric SM based on bulk density. These converted volumetric SM values were then 184 

used to establish the locally valid transform curve relating neutron counts to volumetric 185 

SM. The R2 of the calibrated curve for the YRB was 0.92 and its equation was: 186 𝑄𝑄 = 60.31 × (𝑅𝑅/𝑅𝑅𝑅𝑅) + 2.36                      (1) 187 

where Q is volumetric SM, R is neutron count directly read from the probe, Rs is 188 

standard neutron count (829) of our probe. The gravimetric SM was only used for 189 

calibration, while all subsequent analyses in this study were conducted using volumetric 190 

SM data derived from the neutron probe based on the calibrated curve for the YRB. 191 

The meteorological data were obtained from the Annual Dataset of China Surface 192 

Climate Data provided by the China National Meteorological Service Center. To 193 

minimize potential bias, we further applied the following measures: (1) any missing or 194 

inconsistent values in the annual dataset were infilled using the Monthly Datasets of 195 

China Surface Climate Data and Daily Datasets of China Surface Climate Data (V3.0), 196 

and (2) for each sampling site, the closest meteorological station was selected to 197 



represent local conditions. Seven meteorological factors (from 1982 to 2018) were 198 

selected for further analysis, including mean wind speed (WSmean), mean temperature 199 

(Tmean), mean minimum temperature (Tminmean), mean maximum temperature 200 

(Tmaxmean), mean annual precipitation (Precipitation), mean relative humidity 201 

(RHmean), and annual sunshine duration (H). Normalized difference vegetation index 202 

(NDVI) data was derived from the third-generation Global Inventory Monitoring and 203 

Modelling System (GIMMS) NDVI Dataset (3g.v1), with a time series of 1982 to 2015 204 

and a spatial resolution of 1/12° (NCAR, 2018). China’s Monthly NDVI Spatial 205 

Distribution Dataset NDVI data was obtained from the Vegetation (VGT) sensor 206 

mounted on the SPOT4 satellite, with the time series of 2016 to 2018 and a spatial 207 

resolution of 1 km (Xu, 2018). Monthly NDVI composites in each year were averaged 208 

to obtain the annual NDVI composites. Field capacity (FC) and permanent wilting point 209 

(PWP) data in the YRB were obtained from existing datasets (Dai et al., 2013), with a 210 

spatial resolution of 30 arc seconds and a depth of 0–138.30 cm. Over the whole basin, 211 

the FC varied from 12.80% to 42.23% with a mean of 25.94%, while the PWP varied 212 

from 3.40% to 28.82% with a mean of 12.30%. 213 

2.2. Vertical stratification of SM profile 214 

Due to the distinct hydrological processes in shallow and deep soil layers, the 215 

spatial distribution characteristics of SM at different depths, as well as their interaction 216 

mechanisms with environmental factors under long-term environmental stress, may 217 

also differ. Therefore, it is essential to first determine whether there is vertical 218 

stratification in SM and then conduct subsequent calculations and analysis within the 219 



identified characteristic layers. Agglomerative hierarchical clustering (group average) 220 

based on Euclidean distance was employed to delineate the vertical SM characteristic 221 

layers. To ensure the reliability of the results, clustering analysis was performed within 222 

five subdivided depth ranges (0–100 cm, 0–200 cm, 0–300 cm, 0–400 cm, and 0–500 223 

cm), thereby forming five clustering groups (Figure S1). This design minimized 224 

potential bias from sample exclusion: conducting clustering only over the full 0–500 225 

cm range would have required removing sites with missing samples at certain depths, 226 

thereby discarding valid SM information from other depths at those excluded sites. As 227 

shallow soil samples obtained through drilling were more intact than deeper samples, 228 

clustering groups with shallower depth ranges contained information from more sites. 229 

When discrepancies arose between the characteristic layers derived from different 230 

clustering groups, the results from shallower depth ranges were prioritized. The final 231 

vertical SM characteristic layers were then derived from a synthesis of the clustering 232 

results from these five clustering groups. 233 

2.3. Spatial prediction of SM distribution 234 

In order to obtain the spatial distribution of SM with higher resolution, the RF 235 

model was performed in all characteristic layers. The RF model is not sensitive to 236 

multiple collinearities, it is able to predict the effects of multiple explanatory variables 237 

and its results are relatively robust with unbalanced data (Breiman, 2001). It is worth 238 

noting that although the RF model is robust, it functions as a data-driven “black box” 239 

and does not explicitly represent the physical mechanisms through which 240 

environmental factors control SM, as process-based models do. In this study, a total of 241 



14 factors influencing SM were pre-selected to construct the RF model, including 242 

factors related to soil texture (clay, silt, and sand), topography (elevation, slope, and 243 

aspect), meteorology data from 1982 to 2018 (WSmean, Tmean, Tminmean, 244 

Tmaxmean, Precipitation, RHmean, and H) and vegetation data from 1982 to 2018 245 

(annual averaged NDVI). The RF model was implemented in R (version 3.6.3) using 246 

the “randomForest” package (Liaw and Wiener, 2002). In the RF model of each layer, 247 

80% of the sampled site data (n = 68) was randomly selected and used as the training 248 

set, with the remaining 20% of the sampled site data (n = 16) used in the testing set. 249 

The sampling and modelling were repeated 1000 times as cross validation to reduce the 250 

impact of random partitioning and obtain stable estimates of model performance 251 

metrics. This procedure minimized bias caused by spatial clustering of training and 252 

testing samples and ensured robust evaluation of the RF model. The model assessment 253 

was then based on the full set of 1000 results. The R2, root mean square error (RMSE), 254 

and mean absolute error (MAE) were used to evaluate the model accuracy, and the p-255 

value (p) was used to evaluate the model reliability. The calculation methods were:  256 

𝑅𝑅2 =
�∑ (𝑚𝑚𝑖𝑖−𝑚𝑚� )(𝑠𝑠𝚤𝚤�−𝑠𝑠̅)𝑁𝑁𝑖𝑖 = 1 �2∑ (𝑚𝑚𝑖𝑖−𝑚𝑚� )2𝑁𝑁𝑖𝑖 = 1 ∑ (𝑠𝑠𝑖𝑖−𝑠𝑠̅)2𝑁𝑁𝑖𝑖 = 1                       (2) 257 

RMSE = �1𝑁𝑁∑ (𝑚𝑚𝑖𝑖 − 𝑅𝑅𝑖𝑖)2𝑁𝑁𝑖𝑖 = 1                        (3) 258 

MAE =
1𝑁𝑁∑ |𝑚𝑚𝑖𝑖 − 𝑅𝑅𝑖𝑖|𝑁𝑁𝑖𝑖=1                         (4) 259 

where mi and si are measured and predicted SM of the i sample, respectively; 𝑚𝑚�  and 260 𝑅̅𝑅 are mean measured and predicted SM, respectively; and N is the sample number. The 261 

model was considered to be reliable when p < 0.05. Upon validating of the RF model’s 262 

accuracy, the topographic, soil, and climate factors from all sites were interpolated into 263 



rasterized data using ordinary kriging. While these factors exhibit nonnegligible 264 

heterogeneity at regional scale, kriging remains a widely used and effective method for 265 

interpolating environmental variables with local spatial dependence, enabling reliable 266 

spatial predictions from site-based data (Liu et al., 2025; Zhou et al., 2019). These data, 267 

along with the vegetation data, was subsequently resampled to a resolution of 1 km. 268 

The resampled 14 variables were then fed into the RF model to calculate the spatial 269 

distribution of SM at a resolution of 1 km. 270 

The relative SM (RSM) is a dimensionless indicator defined as the ratio of SM to 271 

FC. It characterizes the relative degree of soil saturation in field situation, and has been 272 

widely used to evaluate vegetation water availability, agricultural drought severity and 273 

provides an important reference for irrigation strategies (Gardin et al., 2021; Zhu et al., 274 

2022). By normalizing SM to FC, RSM also enables direct comparison across soils with 275 

different backgrounds. Through introducing the PWP, the available SM storage (ASMS) 276 

quantifies the absolute volume of water that can be used by plants. Compared to soil 277 

moisture content alone, ASMS is also directly linked to vegetation water availability 278 

and provides a more practical basis for guiding vegetation restoration and regional 279 

water resource management (Zhao et al., 2021). To gain a preliminary understanding of 280 

the situation regarding deep SM resources in the YRB, the RSM and ASMS at diverse 281 

depths across the basin were calculated based on the estimated raster data as follows: 282 

𝑅𝑅𝑅𝑅𝑅𝑅 =
𝜃𝜃𝑖𝑖𝜃𝜃𝐹𝐹𝐹𝐹                             (5) 283 

𝐴𝐴𝑅𝑅𝑅𝑅𝑅𝑅 = (𝜃𝜃𝑖𝑖 − 𝜃𝜃𝑃𝑃𝑃𝑃𝑃𝑃) × 𝑑𝑑𝑖𝑖                      (6) 284 

where 𝜃𝜃𝑖𝑖, 𝜃𝜃𝐹𝐹𝐹𝐹, 𝜃𝜃𝑃𝑃𝑃𝑃𝑃𝑃, and 𝑑𝑑𝑖𝑖 is the SM, FC, PWP, and soil depth of the i sample, 285 



respectively. To avoid potential bias in the assessment of shallow SM resulting from 286 

one-off sampling, subsequent analysis was focused on the relatively stable soil layers 287 

(110–500 cm) (Yang et al., 2012). 288 

2.4. Identification of SM security zones 289 

Seneviratne et al. (2010) defined three SM/climate regimes based on the influence 290 

of SM on evapotranspiration: (1) a dry regime, when SM < PWP, evapotranspiration is 291 

strongly moisture-limited, vegetation cannot utilize soil water, and the impact on 292 

climate is very weak; (2) a wet regime, when SM > (50–80%) * FC, evapotranspiration 293 

is primarily energy-limited and changes in SM exert little influence on local climate; 294 

and (3) a transitional regime, when PWP < SM < (50–80%) * FC, in which SM has a 295 

pronounced control on evapotranspiration and exerts strong land-atmosphere feedbacks, 296 

concurrently influencing vegetation growth and climate (Zhou et al., 2021). In addition, 297 

Wang et al. (2010) suggested that when SM falls below 60% of FC, dried soil layers 298 

(DSLs) may develop, leading to soil quality degradation and poor vegetation growth. 299 

Considering the heterogeneous soil-environment background of the YRB and such 300 

ecological thresholds, we adopted a stricter criterion by setting the boundary of the “wet” 301 

regime at 80% of FC to avoid overestimation of wet conditions. 302 

Building upon these concepts, we extend the regime-based classification into a 303 

“soil moisture (SM) security” framework. In this framework, SM conditions are 304 

categorized into three security zones based on their potential impacts on 305 

evapotranspiration, vegetation growth and soil quality: (1) wet zone (SM ≥ 80% * FC), 306 

representing high-security states with minimal water limitation and high potential to 307 



meet future demands for vegetation restoration and irrigation; (2) transitional zone 308 

(PWP < SM < 80% * FC), representing medium-security states where SM strongly 309 

influences evapotranspiration and land-atmosphere coupling, thereby playing a key role 310 

in both vegetation growth and climate regulation; and (3) dry zone (SM ≤ PWP), 311 

representing low-security states where vegetation suffers severe water stress and soil 312 

quality degrades. This classification provides a monitorable baseline for evaluating SM 313 

changes and their ecological or hydrological implications. For clarity, the classification 314 

thresholds are summarized in Table 1. The FC and PWP data in diverse SM 315 

characteristic layers were calculated from the existing dataset (Dai et al., 2013) (Figures 316 

S2 and S3) and detailed calculation methods are shown in Table S1. 317 

2.5. Evaluation of dominant factors affecting SM security 318 

2.5.1. Pre-screening of environmental drivers of SM security 319 

To eliminate the potential multicollinearity among the factors influencing SM, a 320 

principal component analysis (PCA) was used to preliminary screen the 14 factors 321 

described above in each SM characteristic layer. The principal components (PC) were 322 

determined according to the two following principles: (1) Select sufficient PCs so that 323 

an adequate percentage of the variation is explained (i.e., ≥ 70%); and (2) The 324 

eigenvalue λ corresponding to each PC is > 1 (Arias et al., 2018). Based on this, factors 325 

with large weight coefficients of each PC in the component matrix were used (i.e., 326 

factors with load coefficients greater than 90% of the maximum load coefficient of the 327 

PC) and then screened by PCA (Mandal et al., 2008). 328 

2.5.2. Evaluating overall influence intensity of environmental factors on SM 329 



security 330 

Pearson correlation analysis quantified the basin-wide influence intensity of the 331 

11 PCA-screened factors on SM. In each characteristic layer of 110–500 cm, correlation 332 

analysis was performed between the mean values of SM and 11 factors. 333 

2.5.3. Evaluating localized influence intensity and scope of environmental factors 334 

on SM security 335 

Unreasonable assumptions on spatial non-stationarity may triggered by whole map 336 

statistical models (Comber et al., 2018). Therefore, the GWR method was used to 337 

explore the spatial non-stationarity of regression relationships. In simple terms, 338 

“geographically weighting” is achieved by assigning weights based on the distance to 339 

the kernel center, such that data farther from the center contribute less to the overall 340 

model. During this, the key parameter called kernel bandwidth determines the spatial 341 

scale of each local model. In a standard GWR, kernel bandwidth and regression model 342 

selection could fail to recognize the importance of variables in different locations, 343 

making it challenging to reliably assess the localized influence of different factors 344 

(Chen et al., 2024). To better address this, “Hyper-local GWR” was used to enable local 345 

variable selection under local kernel bandwidths (Comber et al., 2018). Compared with 346 

the traditional correlation analysis and the GWR method, Hyper-local GWR allows the 347 

nature of the spatial relationship to be investigated in greater depth.  348 

Specifically, for each sampling site, we tested a series of bandwidths from 200 km 349 

to the maximum longitudinal-latitudinal extent of the study area, in steps of 50 km. The 350 

minimum bandwidth (200 km) was chosen to ensure that at least two sampling sites 351 



were included in each local model, given the 100 km sampling resolution in this study. 352 

The 50 km step size was adopted to avoid overly coarse increases in bandwidth. At each 353 

bandwidth setting, a corresponding local regression model was constructed, and the 354 

stepwise Akaike information criterion (AIC) method was applied to evaluate model fit. 355 

The t-values were used to indicate which corresponding covariates had significant 356 

impact on SM (Figures S4–S10). This resulted in an AIC score for every possible local 357 

model at each location, from which the optimal model was selected based on the 358 

minimum AIC value. The covariates (i.e., influencing factors) in the GWR were the 11 359 

factors pre-screened by PCA. The above processes were implemented in R (version 360 

3.6.3). Following these steps, the Hyper-local GWR was able to identify the factors 361 

influencing SM across different regions and characteristic layers (both horizontal and 362 

vertical) of the YRB. The size of the standardized covariate coefficients reflected the 363 

influence intensity of environmental factors on SM. The total number that a specific 364 

covariate occurred in all regression formulas indicated the spatial scope of influence 365 

from this factor on SM. In a traditional GWR analysis, under-fitting of the true 366 

nonstationary relationship is not uncommon, whereas Hyper-local GWR may result in 367 

overfitting at some locations (Comber et al., 2018). For regressions not intended for 368 

predictive purposes, this is beneficial for identifying the most critical factors 369 

contributing to the spatial pattern of SM security at each location. However, it also 370 

carries the risk of overestimating the importance of certain factors. Therefore, the 371 

identification of dominant factors through Hyper-local GWR was augmented with 372 

partial correlation analysis, which also served to assess the accuracy of the dominant 373 



factors selected by Hyper-local GWR and to detect any remaining synergistic effects 374 

among these factors. The core code for understanding and applying the algorithm of 375 

Hyper-local GWR can be found in the Loess Science Data Center (Tong and Wang, 376 

2025). The overall methodological framework is summarized in Figure 2.  377 

3. Results 378 

3.1. Overview of SM, environmental factors, and predicted SM distribution 379 

The character of SM was firstly evaluated. Across all layers from 0 to 500 cm, SM 380 

ranged from 2.94% to 50.95%, with most observations concentrated between 15% and 381 

25%, and an overall mean of 19.08%. The mean SM across sites showed a decline from 382 

the surface to about 100 cm, followed by irregular fluctuations at greater depths (Figure 383 

3a, b). We then assessed the horizontal coefficient of variation (CV) of SM across all 384 

sites within each layer (Figure 3b) and the spatial distribution of vertical CV at each 385 

site (Figure 3c). The mean horizontal CV (45.74%) exceeded the mean vertical CV 386 

(20.85%), indicating greater horizontal than vertical variability of SM across the YRB. 387 

The wide range of SM values at several depths in Figure 3a further reflects the 388 

nonnegligible inter-site spatial heterogeneity, which has also been reported in other 389 

large-scale studies (Wang et al., 2012). Environmental factors (soil texture, 390 

meteorological, and vegetation factors) also exhibit obvious spatial heterogeneity, both 391 

vertically and horizontally (Figure S11 and Figure S12). Comparing to the spatial 392 

heterogeneity of environmental factors, most of the interannual variability of 393 

meteorological factors are characterized by weak to mild variation (Figure S12 and 394 

Table S2), indicating a relatively stable long-term climate across the basin (Nielsen and 395 



Bouma, 1985).  396 

Considering the spatial heterogeneity of SM and associated environmental factors, 397 

we explored the potential stratified characteristics of SM before further analysis. Within 398 

the 0–100 cm interval, discrepancies were observed between the 0–100 cm and 0–200 399 

cm clustering groups and the other three groups. According to the stratification rule, the 400 

results from the 0–100 cm group were adopted, yielding characteristic layers at 10 cm 401 

and 30 cm. Similarly, the characteristic layers in deeper intervals were determined from 402 

the corresponding clustering groups: in the 100–200 cm interval, the characteristic layer 403 

was at 110 cm (from the 0–200 cm group); in the 200–300 cm interval, at 200 cm (from 404 

the 0–300 cm group); in the 300–400 cm interval, at 330 cm (from the 0–400 cm group); 405 

in the 400–500 cm interval, at 420 cm (from the 0–500 cm group). The vertical depth 406 

of SM characteristic layers in 0–500 cm profile of the YRB were finally determined to 407 

be 10 cm, 30 cm, 110 cm, 200 cm, 330 cm, and 420 cm (Figure S13).  408 

Subsequently, the RF model was used to obtain higher spatial resolution of SM 409 

distribution, and the simulation accuracy of RF was acceptable at the YRB scale (Table 410 

2). The RF model generated statistically significant predictions with almost all p < 0.05. 411 

The relatively small MAE and RMSE values indicated that the model was able to 412 

reproduce the magnitude and broad spatial distribution of SM across the YRB. However, 413 

the explained variance remained modest with R² ranging from 0.39 to 0.57, mainly due 414 

to fine-scale heterogeneity driven by factors such as soil structure, microclimatic 415 

variations, and human activities that were not fully captured by the available predictors. 416 

It should also be acknowledged that practical constraints associated with deep drilling 417 



still exist. To obtain soil parameters and moisture data down to 5 m, we used in situ 418 

drilling, which entailed high field costs. Despite applying a grid-based sampling design 419 

to ensure spatial representativeness, the number of sites was inevitably limited, thereby 420 

constraining further improvements in the variance explained by the RF model. Future 421 

work could enhance predictive performance by expanding the borehole network, 422 

maintaining regular observations, incorporating additional local-scale predictors, and 423 

coupling data-driven with process-based models to better represent SM variability. 424 

Although meteorological conditions in the YRB are spatially heterogeneous, 425 

their long-term interannual variability is relatively low (Table S2), suggesting a stable 426 

climatic background that supports the feasibility of using one-off sampling to 427 

characterize general SM patterns. Nevertheless, previous studies have shown that SM 428 

within 0–100 cm layer exhibits high temporal variability and generally considered as 429 

an active layer due to frequent disturbances from climatic fluctuations, vegetation 430 

dynamics, and human activities (Cao et al., 2018). In contrast, deep SM (>100 cm) is 431 

relatively buffered against short-term fluctuations and less directly affected by surface 432 

disturbances (Gou and Zhu, 2021; Li et al., 2021; Liu and Shao, 2016; Yang et al., 2012). 433 

Besides, the time-lagged nature of infiltration further reduces the influence of 434 

occasional rainfall events prior to sampling on deep SM. Therefore, to mitigate 435 

potential biases from one-off measurement and yield more reliable insights, we focused 436 

on the relatively stable layers (110–500 cm) in the following analyses. 437 

Based on SM distributions from RF (Figure S14), RSM and ASMS were 438 

calculated for each sub-layer (Figure 4). The mean RSM and ASMS in 110–500 cm of 439 



the entire YRB were 0.84 and 32.14 cm, respectively. Horizontally, the spatial 440 

distribution of RSM and ASWS exhibited obvious regional differences, without 441 

continuous uniform zones. Vertically, noticeable differences in RSM also existed across 442 

diverse characteristic layers at the same location. Both RSM and ASMS demonstrated 443 

an obvious spatial heterogeneity. Considering that RSM and ASWS were computed 444 

from SM, FC, and PWP, simultaneously reflecting SM and its security classification 445 

thresholds, this indicates the potential heterogeneity in the spatial patterns of SM 446 

security across different characteristic layers. Therefore, stratified identification of the 447 

SM security patterns is necessary. 448 

3.2. Classification of SM security zones 449 

The average proportions of the wet, transitional, and dry zones in the whole 450 

relatively stable layers (110–500 cm) were 20.24%, 61.58% and 18.17%, respectively 451 

(Figure 5). As the depth increased from 110 to 500 cm, the proportion of the wet zone 452 

increased from 17.04% to 25.86%, the transitional and dry zone decreased from 62.21% 453 

to 59.15%, and 20.76% to 14.99%, respectively. In the relatively stable layers in the 454 

YRB, deep SM showed a higher availability than shallow SM. 455 

Mapping of the spatial distribution of SM security is required before taking action 456 

to regulate SM availability at regional scale. Considering the high cost of demarcating 457 

SM security zones based on in situ measured SM data, we reported the ranges of 458 

environmental factors within each security zone as a guideline to estimate the spatial 459 

demarcation of these security zones based on existing geodata representing these factors 460 

(Figure S15). The interquartile range of environmental factors in different zones 461 



showed that slope is the best predictor to delineate the wet zone. Subsequently, NDVI, 462 

Precipitation, WSmean, and temperature, factors could be used to further distinguish 463 

the transitional and dry zones. However, it should be noted that the interquartile of some 464 

environmental factors in transitional and dry zones still overlap over a considerable 465 

value range. It remains thus challenging to delineate all three SM security zones with 466 

no use of SM data at all. While the availability of these explorations is limited, certain 467 

indicators such as slope can find utility in specific scenarios, especially in assisting to 468 

reduce the cost of large-scale SM security classification. 469 

3.3. Considering localized effects in regional-scale dominant factors identification 470 

The factors that shape spatial pattern of SM security at the basin-wide scale were 471 

first quantified through the overall-perspective analysis (Figure 6). In terms of 472 

correlation coefficient (Figure 6a), the interaction between soil- and temperature-related 473 

factors and SM exhibited an opposite trend with depth, with a decreasing influence of 474 

soil texture and an increasing influence of temperature. Slope and NDVI significantly 475 

affected the SM within the soil layers from 110–500 cm. When localized effects are not 476 

considered, slope, NDVI, clay, WSmean, and sand were identified as the most 477 

important factors affecting deep SM at the entire basin scale (Figure 6b). 478 

Considering the obvious spatial heterogeneity in SM and environmental factors, 479 

hyper-local GWR models were then established for each characteristic layer to capture 480 

both overall and localized perspectives and all models were acceptable (R2 > 0.9). 481 

Comparing the size of standardized regression coefficients in the Hyper-local GWR, 482 

the dominant factors of SM and the proportion these factors can explain within the 110–483 



500 cm layers were, in order, slope (31.07%), NDVI (25.60%), clay (18.17%), and 484 

Precipitation (9.32%) (Figure 7a). The Hyper-local GWR also suggested that Tmean, 485 

clay, Tmaxmean, sand, NDVI, and Tminmean were main factors that exist a larger 486 

spatial range of influence on the SM within the 110–500 cm layers (Figure 7b). 487 

Variations between the influence intensity and scope of different factors further 488 

reflected the complexity of the factors affecting large-scale SM security. This analysis 489 

suggested that the importance of meteorological factors in terms of the scope of 490 

influence was greater than that in terms of the intensity of influence. Vegetation and 491 

soil factors were of equally high importance in the scope of influence, while terrain 492 

factor effect was more localized. 493 

Both the correlation analysis and Hyper-local GWR analysis indicated that slope, 494 

NDVI, and clay were the most important factors affecting SM throughout the entire 495 

YRB. However, the two methods varied in the order of importance of other main 496 

dominant factors (Figures 6b and 7a). The discrepancies between the two methods are 497 

related to Hyper-local GWR considered the local effect at each sample point. It uses a 498 

local kernel bandwidth to identify specific dominant factors at each sample location. 499 

This directly demonstrates the necessity to conduct a consistent localized analysis 500 

across the YRB. Therefore, factors that dominate the spatial pattern of SM security 501 

within each of the three security zones were further analyzed. (Figure 8). The dominant 502 

factors and the proportion explained by these factors both changed after considering 503 

specific security zones. In the wet zone, the dominant factors and their contribution 504 

rates were slope (29.33%), clay (15.04%), NDVI (14.50%), and Tmaxmean (14.09%). 505 



In the transitional zone, the dominant factors and contribution rates were slope 506 

(27.48%), NDVI (21.32%), and clay (12.81%), while it became NDVI (26.37%), clay 507 

(18.26%), slope (16.01%) and RHmean (9.10%) in the dry zone. In attributing the 508 

environmental drivers of SM security patterns across the entire basin and within each 509 

zones using Hyper-local GWR, the required data were spatially discrete, with both SM 510 

and environmental factors obtained directly from observations, while the RF-predicted 511 

SM distribution was used solely to identify SM security zones. This approach 512 

minimized the potential biases from predicted SM and ensured the reliability of the 513 

Hyper-local GWR results. 514 

After accounting for localized effects, the partial correlation analysis ruled out 515 

potential synergistic effects and further confirmed the contributions of certain dominant 516 

factors to SM security patterns (Figure 9). In the wet zone, the influence of clay, NDVI, 517 

and Tmaxmean were no longer significant, while slope remained the dominant factors. 518 

In the transitional zone, slope, NDVI, and clay remained the dominant factors, but the 519 

importance ranking suggested an order of NDVI, clay and slope. In the dry zone, SM 520 

security remained most influenced by NDVI, while clay, slope and RHmean were no 521 

longer significant. Finally, slope and vegetation were identified as the dominant factors 522 

for classifying the wet and dry zones, respectively. The classification of the transitional 523 

zone was controlled by all three factors with a total contribution rate of 61.60%. 524 

4. Discussion 525 

4.1. Environmental control mechanism of spatial patterns of SM security 526 

Identifying the associations between environmental factors and SM security 527 



spatial patterns helped uncover the mechanisms of environmental factors shape these 528 

patterns and the potential coupling effects among these factors. The influence of 529 

topographic factors, particularly slope, on SM security patterns is primarily linked to 530 

the infiltration. The source of deep SM mainly relies on recharge from precipitation and 531 

long-term infiltration, yet steep slopes accelerate runoff generation and shorten the 532 

contact time of water and soil, which limits infiltration and reduces water replenishment 533 

to deep layers (Huang et al., 2013; Morbidelli et al., 2015). This leads to spatial 534 

contrasts in SM recharge capacity under different slope conditions. Our analysis of 535 

average slope values for grids corresponding to wet, transitional, and dry zones revealed 536 

mean slopes of 2.54°, 7.03°, and 7.30°, respectively, indicating that areas with steeper 537 

slopes tend to have lower SM security. This finding underscores the impact of slope on 538 

SM security patterns. A regional-scale study conducted in Utah, USA also corroborated 539 

this (Wu et al., 2021). Steep slopes also intensify soil erosion, causing the loss of fine 540 

particles and organic matter, which reduces soil water holding capacity and affect 541 

vegetation growing. The resultant decrease in canopy interception and sparse vegetation 542 

may further limit infiltration and promote runoff, forming a feedback that ultimately 543 

restricts deep SM recharge (Sun et al., 2014). In addition, steeper slopes can amplify 544 

aspect-induced contrasts in solar radiation and microclimate, leading to stronger 545 

differences in surface temperature, vapor pressure deficit, and evapotranspiration 546 

(Bennie et al., 2008; Yin et al., 2023), thereby limiting SM accumulation (Qiu et al., 547 

2001).  548 

Soil texture forms a fundamental descriptor of natural soils and significantly 549 



influences soil structure as well as water movement and storage (Sun et al., 2020). In 550 

the YRB, clay was identified as the most important soil texture factor influencing SM 551 

security pattern with a positive effect. High clay content increases the proportion of fine 552 

particles and specific surface area, thereby enhancing capillary forces and matric 553 

potential and enabling soils to retain more water (Lehmann et al., 2021; Tuller and Or, 554 

2005). It also promotes the formation of soil aggregates and compact pore structure that 555 

lower saturated hydraulic conductivity and slow water percolation, thereby prolonging 556 

water residence in the soil profile (Bargués-Tobella et al., 2024; Krause et al., 2018). 557 

Consistent with these mechanisms, Chen et al. (2020) evaluated the deep SM situation 558 

after long-term environmental processes in a 57 m-deep profile in the YRB and found 559 

soil layers with higher clay content generally stored more SM. At the global scale, 560 

Wankmüller et al. (2024) reported that clay-rich soils delay the onset of water stress in 561 

ecosystems during drought compared with coarse-textured soils, thereby providing 562 

higher potential for vegetation to adjust to water limitations. These findings also 563 

provide direct evidence for the positive role of clay in influencing SM security. It is 564 

noteworthy that, beyond the soil texture factors included in the direct attribution 565 

analysis, soil properties such as hydraulic thresholds represented by the FC and PWP 566 

are also fundamental in shaping SM security. These thresholds determine the bounds of 567 

plant-available water, thereby regulating SM storage capacity and availability and 568 

influencing vegetation-associated evapotranspiration. Comparison between SM and 569 

RSM at the same depths and locations showed that RSM exhibited a more 570 

discontinuous spatial distribution across most positions (Figures 4 and S14). This 571 



pronounced spatial heterogeneity suggests that even under similar environmental 572 

conditions, soils with different FC-PWP combinations can manifest distinct SM 573 

security states. This is also why FC and PWP were integrated as key thresholds into our 574 

SM security framework. 575 

Vegetation significantly alters terrestrial water fluxes. Trees could increase soil 576 

porosity and organic carbon content, in turn increasing soil infiltration and water 577 

storage capacity, especially in previously treeless areas (Bargués-Tobella et al., 2014; 578 

Ellison et al., 2017; Hoek van Dijke et al., 2022). In addition, vegetation provides an 579 

important link with land-atmosphere interactions and they not only directly affect SM 580 

through root water uptake, but also indirectly regulates SM via atmospheric moisture 581 

recycling (Hoek van Dijke et al., 2022) from local to continental scales (Lawrence and 582 

Vandecar, 2015; Meier et al., 2021). The positive correlation coefficient and 583 

standardized Hyper-local GWR regression coefficient between NDVI and SM were 584 

associated with the use of multi-year averaged climatological NDVI and SM data. 585 

While this study focuses on the environmental control mechanisms of SM spatial 586 

patterns rather than temporal dynamics, it does not determine whether this relationship 587 

is positive or negative over time. However, regional studies of deep SM in the YRB 588 

have identified that vegetation can deplete SM in the deep layer below 100 cm (Qiu et 589 

al., 2021). Wang et al. (2024b) provided direct evidence from 37 years of continuous 590 

observations in the Loess Plateau (LP), which covers approximately 640,000 km2 and 591 

constituting the main body of the YRB, demonstrating a significant decline in SM 592 

storage in profiles as deep as 10 m, primarily due to vegetation changes rather than 593 



long-term climate variability. 594 

It is important to note that the aforementioned dominant factors do not 595 

independently influence the SM security spatial patterns but can also have synergistic 596 

effects through multi-factor coupling. For instance, slope can directly affect 597 

precipitation’s impact by regulating water infiltration: the finite depth of water 598 

infiltration in soil may be further limited by steeper slope and leads to a diminished 599 

direct influence of precipitation on SM in deep layers (Guo, 2020; Wang et al., 2008). 600 

The effect of slope is more significant in wet and transitional zone with better SM 601 

supply conditions further supporting this. Additionally, topographic factors such as 602 

slope can modulate climate wetness, thereby weakening or enhancing the periodicity of 603 

synchronized fluctuations between rainfall and SM (Li et al., 2020; Wu et al., 2021). 604 

Regarding vegetation, other factors may also work synergistically with vegetation to 605 

influence SM security patterns. In deep soil layers, the influence of temperature on SM 606 

may be closely related to vegetation. This is because high temperature may increase the 607 

vapor pressure deficit, and the generation of precipitation becomes uncertain, but the 608 

water consumption by transpiration increased, leading to a reduction in the SM (Yang 609 

et al., 2012). The influence of wind speed on deep SM may also connect with root water 610 

consumption, as winds reduce surface temperature, helping to limit deep water 611 

consumption via evapotranspiration (Will et al., 2013).  612 

Moreover, due to spatial heterogeneity in specific locations, the influence of some 613 

environmental factors may be obscured when multiple factors jointly influence SM. For 614 

example, a comparison of Figure 1 and Figures 5d–g shows that precipitation within 615 



main area of the wet zone mostly falls in the similar threshold range, while Figure S11a 616 

shows that in the same region, soil, particularly clay content, exhibits exceptional 617 

horizontal and vertical spatial variability. The spatial variability of soil partially 618 

obscures the impact of climate forcing within the wet zone. Similar phenomena have 619 

been observed in other regional studies, where increasing spatial variability in climate 620 

factors amplifies their influence while correspondingly weakening the impact of soil 621 

factors (Wang et al., 2017a; Wu et al., 2020). This synergistic mechanism among 622 

multiple factors, along with its dependence on the location and scale of the study area, 623 

underscores the need for large-scale studies that encompass diverse environmental 624 

backgrounds. 625 

Currently, studies suggested the influence of local factors such as topography, soil, 626 

and vegetation on SM is primarily present at small scales (Seneviratne et al., 2010; 627 

Vereecken et al., 2014), we also confirmed the significance of these factors in large-628 

scale study. Several factors may explain this seemingly divergent conclusion: firstly, 629 

the spatial variability of these factors within the scales of existing studies may be 630 

relatively small, insufficient to dominate (Wang et al., 2017a). Secondly, in previous 631 

studies, the lack of detailed soil information based on field measurements limits a 632 

comprehensive assessment of local factors' influence on soil hydrological processes 633 

(Wang et al., 2017a). Besides, by employing hyper-local GWR, this study accounted 634 

for the spatial non-stationarity in the interaction mechanisms between SM spatial 635 

patterns and environmental factors, which helps to reveal the role of local factors on a 636 

larger scale (Comber et al., 2018). Recent studies have increasingly found that the 637 



influence of local factors on regional SM spatial patterns may be stronger than 638 

previously thought (Dong and Ochsner, 2018; Wang and Franz, 2015; Wang et al., 639 

2017b; Wu et al., 2020), while the impact of meteorological forcing at the regional scale 640 

may be weaker than expected (Wang et al., 2017a). Although a particularly prominent 641 

influence of meteorological factors was not found this study, as suggested by 642 

Seneviratne et al. (2010), the impact of meteorological forcing on SM security may 643 

become more significant in regions with greater climate gradient variation or more 644 

uniform soil texture. Therefore, in studies involving the temporal dynamics of SM 645 

security, it is crucial to comparatively analyze the relative roles of climate and other 646 

time-varying factors alongside soil, topography, and other time-invariant factors. 647 

4.2. Implications for SM management 648 

This study identifies the SM security at different layers separately, aiming to 649 

provide more comprehensive insights into the SM management across the entire profile. 650 

SM in the wet zone had the highest utilization potential. The utilization of SM and the 651 

maintenance of water availability in this region should focus on ecosystem impact. 652 

Considering that the border of the transitional zone was close to the border of the dried 653 

soil layers (DSLs), the exploitation of SM in this area (especially in deep layers) should 654 

tailored to avoid the formation of DSLs, resulting further soil quality degradation and 655 

poor vegetation growth (Wang et al., 2010). The impacts of this process on both 656 

ecosystem and climate should also be considered when regulating SM availability in 657 

the transitional zone. The SM in the dry zone was unavailable to vegetation and it is 658 

important to implement water conservation rather than extract in these zones. 659 



The SM management measures proposed in this study were derived based on the 660 

attribution analysis results. Using Hyper-local GWR, we identified the dominant factors 661 

shaping the SM-security patterns within the wet, transitional, and dry zones and then 662 

focused on those factors that are practically controllable by human interventions. The 663 

results indicated that slope, vegetation and soil are all controllable factors, although 664 

with different associated costs. Changing these controllable factors provides a direct 665 

way for targeted SM management measures for each zone. When considering 666 

management of SM, measures should not be considered in isolation at a specific layer. 667 

Instead, the flow and replenishment of moisture between different layers within the 668 

entire profile should be taken into account, and combined with the depth range affected 669 

by different measures, to formulate appropriate strategies.  670 

Slopes can be adjusted by terrain engineering, such as gully land consolidation 671 

(GLC), which has been implemented in a series of watersheds in the YRB. Studies in 672 

the wet and transitional zones of the YRB have showed that GLC increases the deep 673 

SM and shortens the hysteresis for precipitation to recharge the deep SM (Zhao et al., 674 

2022). A large-scale survey also demonstrated the increase in NDVI after GLC (He et 675 

al., 2020). The absolute value of the regression coefficient of slope in the wet and 676 

transitional zone indicates that implementing GLC in these zones would have a more 677 

obvious impact on SM security. However, it should be noted that in relatively flat 678 

regions or areas with minimal topographic variation, slope may play a less significant 679 

role, and slope-based interventions such as GLC may have limited applicability. 680 

A significant relationship between deep SM security spatial pattern and vegetation 681 



was identified in this study. Many researches also confirm the profound impact of 682 

vegetation restoration on ecosystem services (Griscom et al., 2017; Wang et al., 2024a). 683 

Therefore, vegetation management is a considerable way to adjust SM effects on 684 

climate and ecosystem security. At present, vegetation restoration has occurred at the 685 

large scale all over the world, especially in northern high latitude areas, and the climatic 686 

and ecological impacts of vegetation restoration has attracted widespread attention 687 

(Piao et al., 2020). Notably, vegetation restoration (including afforestation) may have 688 

bidirectional effects on SM (Hoek van Dijke et al., 2022; Li et al., 2018; Wang et al., 689 

2024a; Zuo et al., 2024). When considering enhancing SM security through vegetation 690 

management in the dry zone, shallow-rooted vegetation (such as grass) may prevent 691 

water consumption in the deep layers, increasing the SM conservation capacity in the 692 

surface layer (Huang et al., 2019; Li et al., 2021). In the transitional zone, selective 693 

vegetation restoration is a viable option to regulate the SM availability. In areas with 694 

well SM recharge, trees with shallow roots should be planted as the water consumed by 695 

trees can be replenished by precipitation, and the water storage and water holding 696 

capacity of soil can be enhanced by vegetation restoration. In areas with poor SM 697 

recharge, planting shallow-rooted shrubs and grasses should be implemented. In 698 

addition to vegetation restoration, rational thinning and adjusting the vegetation species 699 

structure are alternatives to regulate SM availability, especially in dry and transitional 700 

zones. It may be feasible to alter the vegetation structure by shifting deep-rooted to 701 

shallow-rooted species. Research in the LP area has shown that converting artificial 702 

forests to grass can alleviate deep soil drought (Bai et al., 2021). 703 



For the clay factor, it influences SM security by enhancing the SM holding 704 

capacity. Considering the economy cost and limited impact area of directly altering soil 705 

texture, SM availability can be regulated through the similar idea of enhancing soil 706 

water-holding capacity by adding soil amelioration such as Biochar (Wei et al., 2023). 707 

Furthermore, we suggest that soil amelioration may be limited to areas with economic 708 

returns, such as farmland and orchards in transitional zones.  709 

Based on these controllable factors, three main SM management measures are 710 

suggested. Changing terrain (slope) conditions through engineering activities could be 711 

applied in wet and transitional zones. In transitional and dry zones, SM conditions could 712 

be managed by adjusting vegetation configuration, such as implementing selective 713 

restoration, rational thinning, or shifting species composition. Additionally, in 714 

transitional zones where agricultural or economic returns are expected, soil 715 

amelioration (e.g., adding biochar) could help increase soil water-holding capacity. 716 

4.3. Limitations 717 

This study examined both the horizontal and vertical dimensions, and identified 718 

the dominant factors of large-scale deep SM security patterns by integrating both 719 

regional and local perspectives. However, several limitations should be acknowledged 720 

due to time and cost constraints. First, the large-scale sampling of deep soil data was 721 

based on a one-off sampling approach rather than repeated sampling. Although main 722 

analyses were focused on the relatively stable deep layers (110–500 cm) to mitigate 723 

potential biases, it should be acknowledged that deep SM is not entirely static and may 724 

shift over longer time periods due to deep-root plant growth, land use changes, and 725 



human activities, particularly. This limitation restricts the comprehensive 726 

understanding of SM security over long-term scales. Future work may incorporate time-727 

series SM data obtained through continuous in situ measurement, satellite monitoring, 728 

and model simulation approaches. Such data would help better capture temporal 729 

dynamics and support the evaluation of long-term SM security in both shallow and deep 730 

soil profile. Second, uncertainties may exist in the ancillary datasets. For 731 

meteorological data, although the nearest station was selected for each sampling site to 732 

reduce spatial bias, potential uncertainties remain. These include possible interpolation 733 

errors in areas with sparse station coverage, as well as local-scale climatic variability 734 

that may not be captured by station-based data. In addition, the limited depth of the FC 735 

and PWP data obtained from existing datasets may overlook the reduced FC and 736 

increased PWP caused by soil compaction in deeper layers, thereby resulting in a 737 

potential underestimation of the wet zone and overestimation of the dry zone. Third, 738 

although the sampling sites were evenly distributed across the entire YRB to ensure 739 

spatial representativeness and the RF model produced statistically significant 740 

predictions with small MAE and RMSE, its ability to explain the variance of SM 741 

remained modest. This limitation likely reflects the strong fine-scale heterogeneity of 742 

SM driven by factors such as soil structure, microclimatic variations, and human 743 

disturbances that were not fully captured by the available predictors. Moreover, the 744 

number of deep soil observations was inevitably constrained by the high cost of in situ 745 

drilling, which restricted the potential to further improve the model’s generalization 746 

ability. These constraints highlight that, while the current dataset provides valuable 747 



insights into basin-scale deep SM patterns, the RF model may still be limited in 748 

capturing fine-scale variability. Future research could address these limitations by 749 

expanding the borehole network, maintaining long-term repeated observations, 750 

incorporating more fine-scale environmental predictors, coupling data-driven models 751 

with process-based models to better represent SM dynamics, and adopting transfer 752 

learning approaches to leverage external datasets from broader regions as source-753 

domain training samples to enhance model accuracy and generalizability while 754 

reducing field costs. Finally, given the SM flow and replenishment between different 755 

layers, management measures for SM availability should be considered in the entire 756 

soil profile rather than a specific layer. To address these limitations, process-based 757 

models that couple the compensating effects of water uptake and dynamic vegetation 758 

responses could be used. Despite these limitations, we believe the integrated approach 759 

and findings of this study provide a basis for characterizing deep SM security pattern 760 

and its driving factors, supporting SM management, and enhancing ecosystem stability 761 

and sustainability in the YRB and similar regions. 762 

5. Conclusions 763 

By integrating in situ sampling, RF modeling, and the Hyper-local GWR, this 764 

study introduced a novel integration to investigate the large-scale, deep-profile spatial 765 

pattern of SM security and its environmental drivers. This integrative approach enabled 766 

a more nuanced understanding of deep SM security with improved spatial resolution, 767 

better accounted for the spatial non-stationarity of environmental factors, and 768 

maintained a balance between study scale and cost. The results demonstrated the 769 



vertical stratification characteristics of SM at the regional scale and revealed seven 770 

vertical characteristic layers (0–10 cm, 10–30 cm, 30–110 cm, 110–200 cm, 200–330 771 

cm, 330–420 cm, and 420–500 cm) based on SM content. In accordance with the 772 

varying impact of SM on ecology and climate, SM security was categorized into wet, 773 

transitional, and dry zones within these seven characteristic layers. In relatively stable 774 

layers (110–500 cm), the transitional zone accounted for the largest average area 775 

proportion (61.58%), followed by the wet (20.24%) and dry zone (18.17%). The mean 776 

relative SM and available SM storage were 0.84 and 32.14 cm, respectively. As the 777 

depth increased in relative stable layers, the proportion of the wet zone area increased 778 

from 17.04% to 25.86%, the transitional and dry zone area decreased from 62.21% to 779 

59.15%, and 20.76% to 14.99%, respectively. This highlights a higher SM availability 780 

of deep soil layers than shallow layers. Furthermore, our statistical analysis of the 781 

environmental factors within three SM security zones underscores the challenges of 782 

identifying SM security zones solely based on environmental factors without relying 783 

on SM values. Through Hyper-local GWR analysis that considers localized effects, we 784 

further revealed the dominant factors shaping SM security spatial patterns in large scale: 785 

slope in the wet zone, vegetation in the dry zone, while the transitional zone was 786 

dominated by clay content, vegetation, and slope. Besides, notable coupling effects 787 

exist among these factors. In wet and transitional zones, terrain (slope) can be adjusted 788 

by ecological engineering activities to regulate SM availability. In transitional and dry 789 

zones, vegetation management including restoration, thinning, and adjusting planting 790 

structure, can regulate SM availability. In the transitional zone, soil amelioration is also 791 



a feasible approach in areas with economic benefits. These findings will provide 792 

insights for characterizing spatial patterns of deep SM security and SM management in 793 

the YRB and similar regions worldwide. 794 
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Figure 1. The location of the sampling sites in the Yellow River Basin with mean precipitation (P). 

 



 

Figure 2. The schematic diagram of the methodological framework. 



 

Figure 3. The distribution character of soil moisture (SM) and its coefficient of variation (CV) in 

the Yellow River Basin. In subgraph (a), the red dots are mean values; the blue boxes show the 

interquartile range (IQR; Q1–Q3); the center line denotes the median; the whiskers extend to the 

most extreme points within 1.5×IQR from the quartiles; and points beyond are outliers. In subgraph 

(b), the blue shaded area represents the CV distribution range. 

 



 

Figure 4. Spatial distribution of the relative soil moisture (RSM) within seven characteristic layers 

and the available soil moisture storage (ASMS) in the soil layer of 110–500 cm across the Yellow 

River Basin.



 

Figure 5. Soil moisture (SM) security spatial patterns within seven characteristic layers in the 

Yellow River Basin, where FC represents the field capacity and PWP represents the permanent 

wilting point. Blue represents the wet zone; yellow represents the transitional zone; and red 

represents the dry zone.



 

Figure 6. The Pearson correlation analysis within 110–500 cm across the whole Yellow River Basin. 

Specifically, the correlation coefficients between the soil moisture and the soil texture, topographic, 

meteorological, and vegetation factors in each soil layer (a) and the ranking of the absolute values 

of correlation coefficients (b). Significant correlations are marked with black dots. The grey dashed 

line in (b) represents the average of all factors. Corr is coefficient of correlation. WSmean is mean 

wind speed; Tmean is mean temperature; Tminmean is mean minimum temperature; Tmaxmean is 

mean maximum temperature; Precipitation is mean annual precipitation; RHmean is mean relative 

humidity; and NDVI is normalized difference vegetation index. 

 



 

Figure 7. The results of the Hyper-Local geographically weighted regression (GWR) analysis 

within 110–500 cm across the whole Yellow River Basin. Specifically, the ranking of absolute 

values of the averaged standardized covariate coefficients of all regression equations in Hyper-Local 

GWR (a) and the total occurrence number of different covariates in all regression formulas (b). 

WSmean is mean wind speed; Tmean is mean temperature; Tminmean is mean minimum 

temperature; Tmaxmean is mean maximum temperature; Precipitation is mean annual precipitation; 

RHmean is mean relative humidity; and NDVI is normalized difference vegetation index. The grey 

dashed line represents the average of all factors. All covariate coefficients in the figure are 

standardized and all factors involved in the analysis are pre-screened by the principal component 

analysis. 

 



 

 

Figure 8. The order of the absolute values of average Hyper-local geographically weighted 

regression (GWR) covariate coefficient corresponding to 110–500 cm soil layers in three soil 

moisture (SM) security zones. Each subgraph is arranged from top to bottom in descending order. 

WSmean is mean wind speed; Tmean is mean temperature; Tminmean is mean minimum 

temperature; Tmaxmean is mean maximum temperature; Precipitation is mean annual precipitation; 

RHmean is mean relative humidity; and NDVI is normalized difference vegetation index. The grey 

dashed line represents the average of all factors. The shaded areas with diagonal lines indicate 

negative average regression coefficients.



 

Figure 9. The absolute value of the coefficient of correlation (Corr) and partial correlation analysis 

(Pcorr) between soil moisture and soil moisture security dominating factors screened by Hyper-local 

geographically weighted regression in the wet zone (a), transitional zone (b), and dry zone (c). 

Significant correlations are highlighted with black dots. NDVI is normalized difference vegetation 

index; Tmaxmean is mean maximum temperature; and RHmean is mean relative humidity. 



Table 1. The thresholds that define the soil moisture (SM) security zones based on their 

relationship to field capacity (FC) and permanent wilting point (PWP). 

SM security zones Thresholds 

Wet zone SM ≥ 80% * FC 

Transitional zone PWP < SM < 80% * FC 

Dry zone SM ≤ PWP 

 



Table 2. Statistical evaluation indicators of the random forest model. 

SM Statistic  0-10 cm 10-30 cm 30-110 cm 110-200 cm 200-330 cm 330-420 cm 420-500 cm 0-500 cm 

Med. Mean Med. Mean Med. Mean Med. Mean Med. Mean Med. Mean Med. Mean Med. Mean 

Training  

dataset 

R2 0.93  0.93  0.95  0.95  0.95  0.95  0.94  0.94  0.94  0.94  0.95  0.95  0.94  0.94  0.95  0.95  

RMSE 0.11  0.11  0.12  0.12  0.13  0.12  0.16  0.16  0.16  0.16  0.17  0.17  0.17  0.17  0.14  0.14  

MAE 0.09  0.09  0.10  0.10  0.10  0.10  0.13  0.13  0.13  0.13  0.13  0.13  0.14  0.14  0.11  0.11  

p < 

0.05 

< 

0.05 

< 

0.05 

< 

0.05 

< 

0.05 

< 

0.05 

< 

0.05 

< 

0.05 

< 

0.05 

< 

0.05 

< 

0.05 

< 

0.05 

< 

0.05 

< 

0.05 

< 

0.05 

< 

0.05 

Testing  

dataset 

R2 0.46  0.45  0.57  0.56  0.50  0.49  0.42  0.41  0.39  0.39  0.42  0.42  0.41  0.41  0.47  0.46  

RMSE 0.27  0.27  0.29  0.29  0.30  0.30  0.37  0.38  0.39  0.39  0.40  0.40  0.41  0.41  0.33  0.33  

MAE 0.21  0.21  0.24  0.24  0.25  0.25  0.31  0.31  0.32  0.32  0.33  0.33  0.34  0.34  0.27  0.27  

p < 

0.05 

< 

0.05 

< 

0.05 

< 

0.05 

< 

0.05 

< 

0.05 

< 

0.05 

< 

0.05 

< 

0.05 

0.05 < 

0.05 

< 

0.05 

< 

0.05 

< 

0.05 

< 

0.05 

< 

0.05 

Note: All evaluation indicators came from statistical results of 1000 times of random sampling. R2, coefficient of determination; RMSE, root mean 

square error; MAE, mean absolute error; p, significance level; Med., median value. 
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Figure S1. Schematic diagram of dividing the soil moisture profile into characteristic 

layers based on cluster analysis. 

 



 

Figure S2. Spatial distributions of the field capacity (FC) in the various layers from 0–

500 cm. The original data of this figure are sourced from an existing dataset (Dai et al., 

2013), and the calculation methods of these five specified layers were detailed in Table 

S1.



 

Figure S3. Spatial distributions of the permanent wilting point (PWP) in the various 

layers from 0–500 cm. The original data of this figure are sourced from an existing 

dataset (Dai et al., 2013), and the calculation methods of these five specified layers 

were detailed in Table S1.



 
Figure S4. Standardized regression coefficients and their spatial distributions in the Hyper-local geographically weighted regression model of soil 

moisture in the 0–10 cm soil layer. Significant t-values are indicated by black dots. The legend displays the inter-quartile ranges of the data with 

extreme values set at the 25th or 75th quartile value. WSmean is mean wind speed; Tmean is mean temperature; Tminmean is mean minimum 

temperature; Tmaxmean is mean maximum temperature; Precipitation is mean annual precipitation; RHmean is mean relative humidity; and NDVI 

is normalized difference vegetation index.



 
Figure S5. Standardized regression coefficients and their spatial distributions in the Hyper-local geographically weighted regression model of soil 

moisture in the 10–30 cm soil layer. Significant t-values are indicated by a black dot. The legend displays the inter-quartile range of the data with 

extreme values set at the 25th or 75th quartile value. WSmean is mean wind speed; Tmean is mean temperature; Tminmean is mean minimum 

temperature; Tmaxmean is mean maximum temperature; Precipitation is mean annual precipitation; RHmean is mean relative humidity; and NDVI 

is normalized difference vegetation index.  



 
Figure S6. Standardized regression coefficients and their spatial distributions in the Hyper-local geographically weighted regression model of soil 

moisture in the 30–110 cm soil layer. Significant t-values are indicated by a black dot. The legend displays the inter-quartile range of the data with 

extreme values set at the 25th or 75th quartile value. WSmean is mean wind speed; Tmean is mean temperature; Tminmean is mean minimum 

temperature; Tmaxmean is mean maximum temperature; Precipitation is mean annual precipitation; RHmean is mean relative humidity; and NDVI 

is normalized difference vegetation index.



 
Figure S7. Standardized regression coefficients and their spatial distributions in the Hyper-local geographically weighted regression model of soil 

moisture in the 110–200 cm soil layer. Significant t-values are indicated by a black dot. The legend displays the inter-quartile range of the data 

with extreme values set at the 25th or 75th quartile. WSmean is mean wind speed; Tmean is mean temperature; Tminmean is mean minimum 

temperature; Tmaxmean is mean maximum temperature; Precipitation is mean annual precipitation; RHmean is mean relative humidity; and NDVI 

is normalized difference vegetation index.



 
Figure S8. Standardized regression coefficients and their spatial distributions in the Hyper-local geographically weighed regression model of soil 

moisture in the 200–330 cm soil layer. Significant t-values are indicated by a black dot. The legend displays the inter-quartile range of the data 

with extreme values set at the 25th or 75th quartile value. WSmean is mean wind speed; Tmean is mean temperature; Tminmean is mean minimum 

temperature; Tmaxmean is mean maximum temperature; Precipitation is mean annual precipitation; RHmean is mean relative humidity; and NDVI 

is normalized difference vegetation index.



 
Figure S9. Standardized regression coefficients and their spatial distributions in the Hyper-local geographically weighted regression model of soil 

moisture in the 330–420 cm soil layer. Significant t-values are indicated by a black dot. The legend displays the inter-quartile range of the data 

with extreme values set at the 25th or 75th quartile value. WSmean is mean wind speed; Tmean is mean temperature; Tminmean is mean minimum 

temperature; Tmaxmean is mean maximum temperature; Precipitation is mean annual precipitation; RHmean is mean relative humidity; and NDVI 

is normalized difference vegetation index.



 
Figure S10. Standardized regression coefficients and their spatial distributions in the Hyper-local geographically weighted regression model of 

soil moisture in the 420–500 cm soil layer. Significant t-values are indicated by a black dot. The legend displays the inter-quartile ranges of the 

data with extreme values set at the 25th or 75th quartile value. WSmean is mean wind speed; Tmean is mean temperature; Tminmean is mean 

minimum temperature; Tmaxmean is mean maximum temperature; Precipitation is mean annual precipitation; RHmean is mean relative humidity; 

and NDVI is normalized difference vegetation index.



 

Figure S11. Spatial distribution of the vertical coefficient of variation (CV) of the soil 

factors in the Yellow River Basin (YRB). Specifically, clay content (a), silt content(b), 

and sand content (c) from the 0–500 cm profile at each sampling sites. The size of the 

dots represents the magnitude of the CV, where CV less than 10% indicates weak 

variability, 10% to 100% indicates moderate variability, and greater than 100% 

indicates strong variability. The inset figures in (a), (b), and (c) describe the vertical 

distribution of the horizontal mean value (red line) and CV (blue line) of all sampling 

sites in the YRB and the blue shaded area represents the data distribution range. 

 



 

 

Figure S12. Spatial distributions of the interannual coefficient of variation (CV) of the 

environment factors in the Yellow River Basin (YRB). Specifically, the mean wind 

speed (a), mean temperature (b), mean minimum temperature (c), mean maximum 

temperature (d), mean annual precipitation (e), mean relative humidity (f), mean annual 

sunshine duration (g), and the normalized difference vegetation index (h). The size of 

the dots represents the magnitude of the CV, where CV less than 10% indicates weak 

variability, 10% to 100% indicates moderate variability, and greater than 100% 

indicates strong variability.



 

Figure S13. Vertical cluster results of soil moisture (SM) in the Yellow River Basin. 

The sample sites are divided into five cluster groups according to the sampling depth, 

including: 0–100 cm (a), 0–200 cm (b), 0–300 cm (c), 0–400 cm (d), and 0–500 cm (e). 

The cluster groups with larger depth ranges contained more sites (and SM data). The 

red dashed lines represent the locations of the SM characteristic layers identified in 

different cluster groups.



 
Figure S14. Spatial distributions of soil moisture (SM) in the seven SM characteristic 

layers of the Yellow River Basin. The maps were developed using the random forest 

model.



 
Figure S15. Box plot of distribution range of environmental factor data in different soil moisture (SM) security zones. The box plots were generated 

for each security zones from 110–200 cm, 200–330 cm, 330–420 cm and 420–500 cm. WZ, TZ, and DZ represents the wet, transitional, and dry 

zone, respectively. WSmean is mean wind speed; Tmean is mean temperature; Tminmean is mean minimum temperature; Tmaxmean is mean 

maximum temperature; Precipitation is mean annual precipitation; RHmean is mean relative humidity; and NDVI is normalized difference 

vegetation index. It's important to note that the data corresponding to the box plots did not account for localized effect.



Table S1. The data sources and calculation methods for field capacity (FC) and permanent wilting point (PWP) in soil moisture (SM) characteristic 

layers. The original data are derived from published datasets (Dai et al., 2013). This dataset comprises seven layers, ranging from 0–4.50 cm, 4.50–

9.10 cm, 9.10–16.60 cm, 16.60–28.90 cm, 28.90–49.30 cm, 49.30–82.90 cm, and 82.90–138.30 cm. Given the depth range in the original dataset, 

for this study, when computing and interpolating FC and PWP within each SM characteristic layer, data from the nearest available layer in the 

original dataset was chosen for analysis. 

SM characteristic layer (cm) Original dataset layer (cm) Calculation method Reference 

0–10 0–4.50 & 4.50–9.10 average Dai et al. (2013) 
10–30 9.10–16.60 & 16.60–28.90 average 

30–110 28.90–49.30 & 49.30–82.90 average 

110–200 82.90–138.30 original 

200–330 82.90–138.30 original 

330–420 82.90–138.30 original 

420–500 82.90–138.30 original 



Table S2. The averaged interannual coefficient of variation (CV) of the meteorological 

factors across all sampling sites in the Yellow River Basin. 

Items WSmean 

(m/s) 

Tmean 

(℃) 
Tminmean 

(℃) 
Tmaxmean 

(℃) 
Precipitation 

(mm) 

RHmean 

(%) 

CV (%) 3.56 7.49 23.18 4.62 11.39 3.49 

Note: WSmean is mean wind speed; Tmean is mean temperature; Tminmean is mean 

minimum temperature; Tmaxmean is mean maximum temperature; Precipitation is 

mean annual precipitation; RHmean is mean relative humidity; meteorological factors 

in this table are factors that has been pre-screened by principal component analysis. 
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