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21 

Abstract 22 

Data-driven machine learning approaches have advanced Soil Moisture (SM) 23 

forecasting at 1–14-day lead times using observational time series, but the hydrological 24 

controls on spatially heterogeneous forecast skill remain poorly understood, hindering 25 

targeted model improvement. Here, we show that spatial heterogeneity in data-driven 26 

SM predictability is associated with site-specific hydrological characteristics, 27 

particularly soil texture and precipitation extremes. Using a stacking ensemble, we 28 

established an empirical benchmark of SM predictability at 1–14-day lead times across 29 

three soil depths at 73 monitoring sites in Guangdong Province, China. Forecast skill 30 

separated into two regimes (slow-decay v.s. fast-decay), characterized by fast or slow 31 

decay as lead time increased, respectively, reflecting contrasting soil water dynamics. 32 

Event-scale diagnostics showed that fast-decay sites underwent stronger vertical 33 

redistribution and deeper SM responses during extreme precipitation, eroding the SM 34 

memory that supports longer-lead forecasts. A joint threshold of profile-wide silt 35 

content (>70%) and extreme daily precipitation (>28 mm/d) delineated that fast-decay 36 

regime. We synthesized these characteristics into Fast-Decay Index (FDI), which 37 

summarizes the local hydrological conditions associated with fast loss of predictability. 38 

Because its inputs are available prior to model training, the FDI has the potential to 39 

support pre-modeling assessment of SM predictability at new sites, pending 40 

independent-site validation. The FDI provides a physically interpretable diagnostic for 41 

comparing site-specific predictability and may inform targeted model development and 42 

observation design.  43 

44 

Keywords: Soil moisture, Predictability, Hydrological control, Machine learning, 45 

Stacking ensemble 46 

47 

1. Introduction48 

Soil Moisture (SM) is a key variable in the terrestrial water cycle, regulating land-49 

atmosphere exchange through its control on the partitioning of energy and water fluxes50 

(Seneviratne et al., 2010; Vereecken et al., 2022). Reliable SM forecasts at daily lead51 
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times from 1 to 14 days can support early warning of agricultural droughts (Zhang et 52 

al., 2021), floods (Tramblay et al., 2021) and water scarcity (Krishnamurthy et al., 53 

2022), as well as irrigation (Roy et al., 2021) and disaster-preparedenss decisions 54 

(Krishnamurthy et al., 2022; Du et al., 2024). Operational SM forecasts commonly rely 55 

on land-surface or hydrological models driven by meteorological forecasts. Their skill 56 

can be substantially constrained by errors in forecast precipitation and other 57 

atmospheric forcings, particularly in the monsoon climates. In parallel, data-driven 58 

machine learning (ML) approaches have improved SM forecasting by extracting 59 

nonlinear dependencies from observational time series (Fang et al., 2019; Li et al., 60 

2022a; Wang et al., 2024; Xiong et al., 2025; Katipoğlu et al., 2026). In autoregressive 61 

settings, these models can exploit information embedded in historical in-situ SM 62 

observations without requiring explicit forecasts of future meteorological inputs. In the 63 

present study, data-driven SM forecasting refers to a supervised machine-learning 64 

framework that uses historical SM observations and hydro-meteorological covariates 65 

available at the forecast initialization time, without requiring forecasts of future 66 

meteorological forcing. Here, we define data-driven SM predictability operationally as 67 

the out-of-sample forecast skill attainable using a standardized multi-model framework. 68 

Despite these advances, SM forecast skill is often strongly spatially heterogeneous, 69 

which nearby sites can exhibit markedly different lead-time-dependent skill even under 70 

broadly similar climatic conditions (Xu et al., 2025). Reported skill also varies with the 71 

model class, data product, and predictor set used (Draper et al., 2013; Kim et al., 2021; 72 

Kivi et at., 2023; Zha et al., 2025; Hendrickx et al., 2026). For example, in certain 73 

catchments, predictive skill remains resilient across extended lead times, while under 74 

similar climate conditions, performance degrades rapidly (Singla et al., 2012). This 75 

pronounced spatial heterogeneity can be observed both regionally (Song et al., 2021; 76 

Wang et al., 2025) and globally (Kim et al., 2021). This heterogeneity limits both 77 

hydrological interpretation and practical model development. Without understanding 78 

why predictability declines rapidly at some sites but persists at others, it remains 79 

difficult to determine where additional model complexity, alternative predictors, or 80 

process-aware strategies are most needed.  81 

Current explanations of SM predictability have largely emphasized either external 82 

atmospheric forcing or SM memory. The former assumes that predictable precipitation 83 

and temperature anomalies can translate into predictable SM states, whereas the latter 84 

attributes predictability to the persistence of antecedent SM in the soil profile (Nicolai-85 

Shaw et al., 2016; Kim et al., 2021). Soil texture and hydraulic properties influence this 86 

persistence by regulating infiltration, storage, drainage, and evapotranspiration 87 

(Saboori et al., 2025; Rahmati et al., 2024). Extreme precipitation can, however, rapidly 88 

alter these processes by inducing strong vertical redistribution of water through the 89 

profile, potentially weakening the temporal continuity on which autoregressive 90 

forecasts depend (Chen et al., 2025). Data quality and sensor uncertainty can further 91 

obscure these relationships at point scales (Kivi et al., 2023; Hendrickx et al., 2026). 92 

Information-theoretic analyses (Bennett et al., 2019), memory-based metrics (Rahmati 93 

et al., 2024), and error-decomposition approaches have each clarified part of the 94 

problem (Fang et al., 2018; Martínez-de la Torre and Miguez-Macho, 2019; Li et al., 95 

2025; An et al., 2025), but they seldom link dynamic atmospheric disturbances, profile-96 

scale soil properties, and lead-time-dependent forecast skill within one physically 97 

interpretable framework. 98 

The unresolved question is therefore how local hydrological processes filter 99 

precipitation disturbances into either persistent or rapidly changing SM trajectories, and 100 

how this filtering shapes data-driven predictability. A quantitative link between readily 101 
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available soil and precipitation characteristics and the expected decay of forecast skill 102 

would help move beyond trial-and-error model development. Such a link would not 103 

replace site-specific forecast evaluation, but it could provide a candidate basis for pre-104 

modeling assessment of forecastability if it proves transferable to independent locations. 105 

We hypothesize that soil physical properties and precipitation states interact nonlinearly 106 

to generate distinct hydrological regimes of SM predictability. Where the soil profile 107 

buffers incoming precipitation through matrix storage, subsequent moisture changes 108 

should remain relatively gradual and temporally persistent, allowing historical SM 109 

observations to retain predictive information over longer lead times. Conversely, where 110 

weak retention coincides with intense precipitation, rapid vertical redistribution and 111 

deeper SM responses may reduce SM memory and accelerate the loss of forecast skill. 112 

We therefore expect predictability to organize into regimes distinguished by the rate at 113 

which skill decays with lead time and by threshold combinations of soil-profile 114 

properties and precipitation disturbances. 115 

To test this hypothesis, we analyze observations from 73 monitoring sites in Guangdong 116 

Province, China, at 10, 30, and 60 cm depths. We first use a stacking ensemble 117 

comprising 18 structurally diverse base learners to establish a consistent empirical 118 

benchmark of 1–14-day SM predictability and to characterize site-level error-growth 119 

trajectories. We then identify predictability regimes from similarity of these trajectories 120 

and test their physical consistency using model-agnostic information-entropy metrics 121 

and event-scale SM-response diagnostics. Next, we examine how the ensemble’s 122 

predictive behavior and the identified regimes relate to climatic, soil, and geographic 123 

characteristics, with particular attention to the joint effects of soil texture and extreme 124 

precipitation. Finally, we synthesize the resulting controls into a Fast-Decay Index (FDI) 125 

that summarizes hydrological conditions associated with rapid predictability loss. The 126 

FDI is presented as a physically interpretable candidate diagnostic for future pre-127 

modeling assessment; its ability to screen forecastability at new sites requires 128 

independent-site validation. By linking profile-scale hydrological processes to spatial 129 

differences in data-driven SM predictability, this study provides a process-oriented 130 

basis for more targeted forecasting-model development and observation design. 131 

 132 

2. Data and methods  133 

2.1 Study area and data processing 134 

2.1.1 Study area 135 

Guangdong province (20°09'-25°31'N, 109°45'-117°20'E), located in southern China, 136 

spans a pronounced physiographic gradient from mountainous terrain in the north, 137 

through the Pearl River Delta (PRD), to low-lying coastal plains in the south (Fig. 1; Li 138 

et al., 2001). The region has a humid subtropical monsoon climate and experiences 139 

marked seasonal and frequent typhoon-related heavy precipitation, and recurrent 140 

seasonal droughts (Liu et al., 2001; Wang et al., 2020). These contrasts in topography, 141 

hydrological connectivity, precipitation variability, and soil conditions provide a 142 

suitable natural setting for examining how local hydrological characteristics regulate 143 

lead-time-dependent SM predictability. 144 

The locations of the 73 SM monitoring sites are shown in Fig. 1d. To characterize the 145 

regional hydroclimatic setting, we used ERA5-Land reanalysis data to calculate the 146 

long-term standard deviations of air temperature, precipitation, and surface SM over 147 

1950–2024 (Fig. 1a, b, and d, respectively). We additionally calculated the runoff 148 

coefficient for 2010–2023 as the ratio of accumulated total runoff to accumulated 149 

precipitation (Fig. 1c). The resulting maps illustrate substantial spatial heterogeneity in 150 

climatic variability, runoff-generation tendency, and SM variability across the province. 151 
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These gridded diagnostics are used to provide regional context for the station-scale 152 

analysis; the subsequent analyses test the proposed hydrological controls using in situ 153 

observations and site-specific soil and precipitation characteristics. 154 

 155 
Figure 1. Study area and hydroclimatic setting of Guangdong Province.  (a) Standard 156 

deviation of 2-m air temperature, (b) standard deviation of daily precipitation, and (d) 157 

standard deviation of surface soil moisture, calculated from ERA5-Land data for 1950–158 

2024. (c) Runoff coefficient for 2010–2023, calculated as accumulated total runoff 159 

divided by accumulated precipitation  (Liu et al., 2024). Black circles indicate the 73 160 

soil-moisture monitoring sites. 161 

 162 

2.1.2 In situ SM observational networks 163 

This study utilized in situ volumetric SM data (unit: %) from 73 agricultural monitoring 164 

sites across Guangdong Province (Fig. 2d). The dataset integrates two complementary 165 

networks: 41 sites from the Guangdong Department of Agriculture’s observation 166 

system (2020-2023) and 31 sites from the China Meteorological Administration’s 167 

agrometeorological station network (2010-2020). All sites provide hourly SM 168 

measurements at eight depths: 10, 20, 30, 40, 50, 60, 80, and 100 cm. Among these, 10, 169 

30, and 60 cm were selected as representative target depths for shallow-, intermediate-, 170 

and deep-layer SM forecasting, respectively. A summary of the dataset is provided in 171 

Table S1. Quality control protocols were applied to remove sensor artifacts: missing 172 

codes and null fields were systematically pruned, and any records showing absolute 173 

zero variance over a rolling 7-day window, indicative of data freeze or probe 174 

malfunction, were removed (Li et al., 2022b). 175 

 176 

2.1.3 Meteorological and land surface database 177 

We considered precipitation (m/day), relative humidity (%), 2-meter temperature (K), 178 

2-meter dewpoint temperature (K), surface pressure (Pa), 10-meter northward and 179 

eastward wind components (m/s), potential evaporation (m), total evaporation (m), 180 

surface net solar radiation (J/m²), surface latent heat flux (J/m²), total runoff variable 181 

(mm/day), and forecast albedo (unitless) as predictors of ML models. They were 182 

sourced from the ERA5-Land reanalysis (Muñoz-Sabater et al., 2021). This product 183 

provides a globally consistent and spatially complete record at approximately 9 km 184 

resolution (0.1° × 0.1° grid). For each study site, daily time series were retrieved based 185 
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on the exact geographic coordinates and observation timestamps. For convenience, the 186 

Meteorological Variable (MV) input group (Table S2) included the above predictors. 187 

For an (h)-day forecast initialized on day (t), where (h = 1, ..., 14), the target was the 188 

observed SM on day (t+h). All dynamic predictors were restricted to the preceding 7-189 

day window from (t-6) to (t); no variables from days (t+1) to (t+h) were used. Day-of-190 

year and the sequential day index were treated as deterministic calendar covariates 191 

known at the forecast initialization time. This design ensures that the reported skill 192 

represents genuine out-of-sample forecasting rather than retrospective prediction 193 

conditioned on future reanalysis forcing. 194 

We utilized static variables as the candidate environmental factors for the SM sites. 195 

SoilGrids 250m global soil database (Poggio et al., 2021) was applied, including bulk 196 

density, silt content, sand content, and clay content at six depth intervals: 0–5, 5–15, 197 

15–30, 30–60, 60–100, and 100–200 cm. These variables were extracted point-wise 198 

using the geographic coordinates of each monitoring site. For geographical variables, 199 

we used the record of altitude and precise location in the SM monitoring system.  200 

  201 

2.2 Overall experimental design 202 

Figure 2 summarizes a three-step framework for quantifying data-driven SM 203 

predictability, identifying reproducible lead-time-decay regimes, and examining their 204 

associations with local hydrological characteristics. The framework combines 205 

complementary model-based, time-series, event-scale, and environmental diagnostics 206 

rather than treating any single metric as a direct measure of hydrological causality. 207 

Step 1: Establishing an empirical benchmark of SM predictability 208 

We developed a stacking ensemble to quantify SM predictability at 1–14-day lead times 209 

and at 10, 30, and 60 cm depths. For each target depth and lead time, base learners used 210 

antecedent SM and hydro-meteorological covariates available at the forecast 211 

initialization time. Their out-of-fold predictions, together with the original physical 212 

predictors, were supplied to an XGBoost meta-learner. This leakage-free stacking 213 

design enabled the meta-learner to combine complementary predictive information 214 

across model classes. The resulting ensemble provides an empirical high-performance 215 

benchmark of data-driven SM predictability under the prescribed observational 216 

information set. 217 

Step 2: Identifying and diagnosing predictability regimes 218 

For each site, we characterized lead-time-dependent forecast degradation using its 219 

standardized 1–14-day normalized root-mean-square-error (NRMSE) trajectory. K-220 

means clustering was then used to identify sites with rapid and gradual error growth, 221 

hereafter termed the fast-decay (FD) and slow-decay (SD) predictability regimes, 222 

respectively.  223 

We assessed the physical consistency of the identified regimes using two 224 

complementary diagnostics. First, Sample Entropy (SampEn) was used to compare the 225 

temporal complexity of observed SM dynamics between FD and SD sites. Second, 226 

event-scale analyses quantified SM responses and forecast-skill changes following 227 

precipitation events. To examine model behaviour, SHAP values were calculated for 228 

held-out predictions and aggregated by regime, lead time, depth, and predictor group. 229 

These analyses reveal how the information used by the ensemble changes as 230 

predictability decays, rather than treating SHAP values as direct causal evidence. 231 

Step 3: Linking predictability regimes to environmental characteristics 232 

We evaluated the associations between predictability regimes and candidate 233 

environmental characteristics, including soil-profile properties, precipitation-extreme 234 

metrics, climatic variables, and geographical factors. Pre-specified subsets of these 235 
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variables were compared according to their ability to distinguish FD from SD sites 236 

using leave-one-site-out validation and the area under the receiver operating 237 

characteristic curve (ROC-AUC). This procedure identifies the environmental 238 

information that generalizes to sites not used to fit the classification relationship. 239 

We then used threshold analysis to identify joint soil-precipitation conditions associated 240 

with the FD regime. These conditions were synthesized into a Fast-Decay Index (FDI), 241 

which quantifies a site's continuous exposure to hydrological characteristics associated 242 

with rapid loss of forecastability. The FDI is interpreted as a physically informed 243 

candidate diagnostic for pre-modeling assessment, whose transferability is evaluated 244 

through the independent-site validation described above. 245 

 246 

 247 
Figure 2 Integrated workflow for pre-modeling assessment and diagnostic attribution 248 

of soil moisture predictability. MV denotes meteorological variables; SMi denotes 249 

antecedent SM at the target depth; SMs denotes antecedent SM at other depths; 250 

NRMSEstd denotes RMSE normalized by the standard deviation of observations; 251 

SampEn denotes sample entropy; SHAP denotes Shapley additive explanations; FD 252 

denotes fast-decay regime; SD denotes slow-decay regime; FDI denotes fast-decay 253 

index; ROC-AUC denotes the area under the receiver operating characteristic curve.  254 

 255 

2.3 Stacking ensemble forecasting 256 

2.3.1 Direct forecasting task and base learners 257 

For each site and target depth (10, 30, and 60 cm), we evaluated SM forecasts at lead 258 

times of 1-14 days. The predictor set at forecast initialization time t comprised the 259 

preceding 7-day histories (t-6:t) of: (i) SM at the target depth (SMi<), (ii) SM at the 260 

other monitored depths (SMs), and (iii) dynamic hydro-meteorological and land-261 
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surface covariates (MV). The prediction target was SM at t + h, where h = 1,...,14. No 262 

SM or reanalysis-derived covariate from t + 1 to t + h was supplied to any model. 263 

We used a direct multi-horizon forecasting strategy. Each lead time was predicted from 264 

the same observed history, without using a forecast from an earlier lead time as an input 265 

to a later lead time. This design prevents the propagation of predicted-SM errors across 266 

the forecast horizon and quantifies the predictive information recoverable from the 267 

historical soil-water and hydro-meteorological state available at initialization. It does 268 

not assume that future atmospheric forcing is irrelevant; rather, it deliberately excludes 269 

unknown future forcing from the information set. 270 

We constructed a library of 18 base learners spanning four algorithmic families: linear, 271 

instance-based, tree-based, and neural-network approaches. The complete list of 272 

models, feature preprocessing, and hyperparameter search spaces  using grid search 273 

(LaValle et al., 2004) are given in Methods S1 and Table S3. Within each site-depth 274 

forecasting task, the first 40% of the chronological record was used for base-learner 275 

fitting and hyperparameter tuning. Tuning used expanding-window cross-validation, so 276 

that every validation fold followed its corresponding training fold in time. The 277 

subsequent 10% of the record was used for chronological validation and configuration 278 

selection. After selection, each base learner was refitted using the first 50% of the 279 

record. 280 

 281 

2.3.2 Stacking ensemble optimization 282 

The selected base learners were used to generate out-of-sample predictions for the 283 

subsequent 40% of each site record. These predictions, denoted by Preds, were 284 

combined with the original antecedent SM and MV predictors in an XGBoost meta-285 

learner (Qian et al., 2025). Because the base learners used to generate Preds were fitted 286 

only on the preceding 50% of the record, the meta-learner never received in-sample 287 

base-learner predictions. This chronological blending design prevents target leakage 288 

during ensemble construction. 289 

We compared pre-specified meta-learner feature configurations, including Preds alone 290 

and Preds combined with antecedent SM and MV predictors (Table S4). We also 291 

evaluated the best single base learner and a simple averaging ensemble as reference 292 

benchmarks (Methods S1). The XGBoost meta-learner was tuned by expanding-293 

window cross-validation within its dedicated 40% training period. All transformations, 294 

including imputation, scaling, and feature selection where applicable, were fitted within 295 

the relevant training data and then applied unchanged to subsequent validation or test 296 

data. The final 10% of each chronological record was held out from all forecast-model 297 

training, tuning, and model-selection steps and was used only for final forecast 298 

evaluation. The resulting held-out skill profiles were subsequently used as outcomes in 299 

the separate cross-site regime and environmental analyses (Sections 2.4 and 2.5). The 300 

stacking ensemble is interpreted as an empirical high-performance benchmark of data-301 

driven SM predictability under the prescribed historical information set and evaluated 302 

model library.  303 

 304 

2.3.3 Forecast skill evaluation  305 

Forecast performance was evaluated separately for every site, target depth, and lead 306 

time using the final held-out period. Root-mean-square error (RMSE) was the primary 307 

absolute-error metric. To compare errors across sites and depths with different SM 308 

variability, we used the standard-deviation-normalized RMSE (NRMSEstd): 309 
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𝑁𝑅𝑀𝑆𝐸𝑠𝑡𝑑 =
1

𝜎𝑜𝑏𝑠
× [

∑(𝑦𝑖,𝑡𝑟𝑢𝑒−𝑦𝑖,𝑝𝑟𝑒𝑑)
2

𝑛
]

1
2⁄

 (1) 310 

where 𝑦𝑖,𝑡𝑟𝑢𝑒 is the actual value of the i-th observation, 𝑦𝑖,𝑝𝑟𝑒𝑑 is the corresponding 311 

predicted value, and n is the sample size and 𝜎𝑜𝑏𝑠 represents the standard deviation of 312 

the observations at a specific targeted depth.  313 

Bias was also calculated with positive values denoting over-prediction. Range-314 

normalized RMSE and mean absolute percentage error (MAPE) were reported as 315 

supplementary robustness metrics; because MAPE can become unstable under very low 316 

SM, it was not used to define predictability regimes. Their full definitions, together 317 

with complete site-, depth-, lead-, and model-specific score tables, are provided in 318 

Methods S2 and Tables S6-S8. 319 

 320 

2.4 Profile-scale predictability regimes and process diagnostics 321 

2.4.1 Unsupervised clustering sites for regime identification 322 

We used NRMSEstd as the core performance metric across all lead times as the 323 

quantitative predictability limits. This specific metric robustly represents the general 324 

predictability consistency reflected by alternative evaluation criteria (Fig. S4). For each 325 

site, we quantified the NRMSEstd growth rate as the metric growth slope over the 1- to 326 

14-day forecast horizon. To improve regime identification, we first normalized each 327 

NRMSEstd trajectory using z-score transformation to remove the influence of absolute 328 

magnitudes, and then applied K-means clustering to classify regimes based on both the 329 

magnitude and slope of the trajectories across three depths.  330 

The optimal number of clusters was identified as two, effectively capturing the 331 

dominant regimes of SM predictability (Fig. S5). The first cluster captures a slow-decay 332 

(SD) predictability regime, representing sites characterized by relatively stable error 333 

trajectories and limited skill loss as lead time increases. Conversely, the second cluster 334 

defines a fast-decay (FD) predictability regime, which comprises sites showing rapid 335 

error growth and a sharper decline in predictive skill across the 1-14 day horizon.  336 

 337 

2.4.2 Temporal-complexity and event-scale diagnostics 338 

Sample Entropy (SampEn) was calculated from the in situ SM series as a 339 

complementary diagnostic of temporal complexity. SampEn parameterization, record-340 

length matching, and robustness analyses are described in Methods S3 and robustness 341 

tests are provided in Methods S3 and Fig. S16. We compared SampEn between the FD 342 

and SD regimes to assess whether their different forecast-skill trajectories were 343 

accompanied by systematic differences in the temporal organization of observed SM 344 

variability. SampEn was not treated as an independent causal validation of the clusters, 345 

but as convergent evidence on the character of local SM dynamics. 346 

We further performed an event-scale soil-water response analysis to investigate 347 

whether FD and SD sites differed in their observed redistribution under precipitation 348 

(Wiekenkamp et al., 2016; Singh et al., 2021). A precipitation event was defined as one 349 

or more consecutive days with daily precipitation ≥ 1 mm/day; only events with 350 

cumulative precipitation ≥ 10 mm were retained. For each event, antecedent-to-peak 351 

storage changes were calculated from the event start to the event end plus a 2-day post-352 

event window. Storage changes in the shallow (0–30 cm), deep (30–60 cm), and 353 

integrated (0–60 cm) layers were approximated from available in situ SM depths using 354 

thickness weighting. Two metrics were evaluated: the deep-layer response ratio (30-60 355 

cm storage change / precipitation) and the vertical redistribution ratio (30-60 cm / 0-30 356 

cm storage change). 357 
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 358 

2.4.3 Interpretation of ensemble behaviors 359 

We used Shapley Additive Explanations (SHAP; Lundberg and Lee, 2017) to describe 360 

how the final XGBoost meta-learner used its input information in the two regimes. 361 

SHAP values were calculated only for the final held-out predictions and were 362 

summarized by regime, depth, lead time, and feature group. Feature groups included 363 

the base-model predictions, antecedent target-depth SM, cross-depth SM, and hydro-364 

meteorological covariates. We report mean absolute SHAP values to characterize 365 

model reliance on each information source. These attributions describe the ensemble's 366 

predictive strategy; they are not interpreted as causal effects of individual predictors or 367 

as direct evidence that a predictor physically causes predictability loss. 368 

 369 

2.5 Environmental associations and construction of the Fast-Decay Index 370 

2.5.1 Candidate site descriptors 371 

We characterized each site using pre-specified soil, hydroclimatic, geographic, and 372 

data-availability descriptors (Table 1). Soil matrix descriptors were extracted from 373 

SoilGrids 2.0 at the six standard depth intervals (0–5, 5–15, 15–30, 30–60, 60–100, and 374 

100–200 cm) (Poggio et al., 2021). Soil matrix was represented through both raw 375 

measurements, including sand, silt, and clay contents as well as bulk density at six 376 

standard depth intervals (0–5, 5–15, 15–30, 30–60, 60–100, and 100–200 cm) (Poggio 377 

et al., 2021), and derived indices, including Thickness-Weighted Silt-dominant (TWS) 378 

fraction (Wankmüller et al., 2024), texture mutation (Li and Shao, 2013), field capacity 379 

(Bean et al., 2018; Kukal and Irmak, 2023), clay gradient (Obour et al., 2019), and bulk-380 

density variability (Poggio et al., 2021). The TWS was calculated as: 381 

𝑇𝑊𝑆𝑖 =
∑ 𝑑𝑘𝐼𝑖,𝑘

𝐾
𝑘=1

∑ 𝑑𝑘
𝐾
𝑘=1

  (2) 382 

where 𝑖 denotes the monitoring site, 𝑘 denotes the SoilGrids depth interval and 𝐾 is the 383 

total number of intervals; 𝑑𝑘 is the thickness of layer 𝑘, and 𝐼𝑖,𝑘 is an indicator variable 384 

equal to 1 when silt is the dominant texture fraction in layer k and 0 otherwise. In this 385 

study, 𝐾=6, corresponding to the 0–5, 5–15, 15–30, 30–60, 60–100, and 100–200 cm 386 

SoilGrids depths. Thus, TWS ranges from 0 to 1, with larger values indicating a greater 387 

thickness-weighted proportion of silt-dominant layers within the 0–200 cm soil profile. 388 

Climatic factors were summarized using statistical moments, including the mean, 389 

minimum, maximum, and standard deviation of key meteorological variables over the 390 

study period. Geographic context was defined by longitude, latitude, and altitude, 391 

capturing the topographic and coastal-inland gradients that reflect regional moisture 392 

fluxes and energy balance. Finally, data availability is defined as observation record 393 

length, which presents the total number of valid SM samples included to evaluate the 394 

impact of information volume on model performance. These descriptors were used to 395 

explain site-to-site variation in predictability regimes; they were not supplied as static 396 

predictors to the site-specific forecasting models. 397 

 398 

Table 1. Candidate descriptors used to examine profile-scale soil-moisture 399 

predictability regimes. 400 

Category Examples Roles in the analysis Source 
Soil matrix Sand, silt, clay, bulk 

density, TWS, texture 

mutation, field capacity, 

clay gradient 

Characterize water retention, 

storage, and vertical 

heterogeneity 

SoilGrids 2.0; 

Poggio et al. 

(2021) 

Climatic Precipitation and Characterize recurrent ERA5-Land; 
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factors temperature means, 

variability, and 

extremes 

atmospheric disturbance and 

energy conditions 

Muñoz-Sabater 

et al. (2021) 

Geographic 

context 

Latitude, longitude, 

altitude 

Describe broad topographic 

and coastal-inland setting 

Station 

metadata and 

DEM 

Data 

availability 
Record length 

Describe the length of available 

data for training 

This study 

 401 

2.5.2 Environmental discrimination analysis 402 

We first evaluated univariate associations between candidate descriptors and FD-SD 403 

membership using regime-wise distributional comparisons, Mann-Whitney U tests 404 

(Mann & Whitney, 1947), and Receiver Operating Characteristic-Area Under the Curve 405 

(ROC-AUC). The AUC scores are as defined: 406 

 407 

 AUC = ∫ TPR(FPR)dFPR
1

0
 (3) 408 

where, 𝑇𝑃𝑅 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 and 𝐹𝑃𝑅 =

𝐹𝑃

𝐹𝑃+𝑇𝑁
 , and TP, FN, FP, and TN denote true positives, 409 

false negatives, false positives, and true negatives, respectively. Because the FD and 410 

SD regime sample sizes were not always equal across threshold-domain tests, BACC 411 

was used alongside AUC to account for class imbalance: 412 

BACC =
TPR+TNR

2
  (4) 413 

where 𝑇𝑁𝑅 =
𝑇𝑁

𝑇𝑁+𝐹𝑃
 is the true-negative rate. BACC ranges from 0.5 to 1. 414 

 415 

We next evaluated pre-specified low-dimensional combinations of soil and climatic 416 

descriptors using shallow decision-tree classifiers and class-weighted logistic 417 

regression. For decision tree, we set the model at the settings of maximum depth = 418 

min(3, number of input features) and minimum leaf size = 4, under stratified K-fold 419 

cross-validation, to ensure the small-sample conditions of this study (n = 73 sites).  420 

Logistic regression was fitted after median imputation and standardization, with class 421 

weighting used to address class imbalance under the K-fold cross-validation to optimize 422 

the classifier. The AUC values were used to assess the ability of each factor 423 

combination to discriminate regime membership. Cross-validation results under both 424 

random and stratified K-fold configurations for all two-factor combinations are 425 

provided in Table S5. This K-fold cross-validation was conducted using different 426 

numbers of folds (<5) with the two-class count (Kohavi, 1995). 427 

 428 

2.5.3 Threshold analysis and the Fast-Decay Index 429 

We used threshold-based quadrant searches to identify the FD regime domains (Tyagi 430 

et al., 2022; Lisonbee et al., 2021). Candidate thresholds were drawn from observed 431 

unique values for discrete variables or from a 10th–90th percentile grid for continuous 432 

variables. Candidate domains were retained only when at least five training sites 433 

occurred both inside and outside the domain. The identified domains were validated 434 

based on three criteria: their BACC for two regimes, their statistical significance via 435 

Fisher’s exact test, and the physical divergence of their error-growth dynamics via 436 

group-wise statistical comparisons. Based on the identified FD regime domain, we 437 

defined two dimensionless threshold-relative margins: 438 

𝑢 =
|𝑃𝑚𝑎𝑥−𝑃𝑡ℎ𝑟𝑒𝑠.|

𝑠𝑑(𝑃𝑚𝑎𝑥)
, 𝑣 =

|𝑇𝑊𝑆−𝑇𝑊𝑆𝑡ℎ𝑟𝑒𝑠.|

𝑠𝑑(𝑇𝑊𝑆)
 (5) 439 

where 𝑃𝑚𝑎𝑥  and 𝑇𝑊𝑆  is the site-level maximum daily precipitation and TWS, and 440 
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𝑠𝑑(𝑃𝑚𝑎𝑥) and 𝑠𝑑(𝑇𝑊𝑆) are the corresponding standard deviations estimated from the 441 

training sites, and 𝑃𝑡ℎ𝑟𝑒𝑠. and 𝑇𝑊𝑆𝑡ℎ𝑟𝑒𝑠. are the identified thresholds. Positive values of 442 

both margins indicate high precipitation disturbance and limited silt-dominant profile 443 

buffering, respectively. We combined the margins using a smooth-minimum function 444 

as: 445 

𝐹𝐷𝐼 = −
1

𝛽
𝑙𝑛 𝑙𝑛 (𝑒−𝛽𝑢 + 𝑒−𝛽𝑣) ,  𝛽 = 1 (6) 446 

where 𝛽 controls the smoothness of the minimum. The FDI is high only when both 447 

required conditions are met, because it is governed primarily by the weaker of the two 448 

margins. It is dimensionless and uses soil-profile and historical precipitation 449 

information that can be assembled before fitting a site-specific SM forecasting model. 450 

We therefore interpret it as a physically informed candidate for pre-modeling 451 

assessment.  452 

 453 

3. Results 454 

3.1 Forecast-skill benchmark and spatial heterogeneity of SM predictability 455 

On the final held-out period, the optimized stacking ensemble was the best-performing 456 

configuration within the evaluated model library across the 1–14-day forecast horizon. 457 

Fig. S6 shows that its advantage was retained across the East, PRD, North, and West 458 

subregions (Fig. S3), while Fig. S7 compares it with the strongest single base learner 459 

LightGBM (LGBM), a simple averaging ensemble, and alternative stacking-input 460 

configurations. We therefore use the stacking ensemble as an empirical high-461 

performance benchmark for the subsequent analysis of site-level SM predictability. 462 

The stacking ensemble consistently achieved lower NRMSEstd than LGBM, the 463 

strongest individual base learner, across target depths and lead times (Fig. 3a–c). 464 

Relative reductions in NRMSEstd at 1- and 7-day lead times were 47% and 22% at 10 465 

cm, 30% and 21% at 30 cm, and 58% and 36% at 60 cm, respectively. The density 466 

estimates also indicate that the stacking ensemble reproduced the observed SM 467 

distribution more closely than LGBM at both lead times, including the central mode 468 

and distributional spread. These gains demonstrate the value of combining 469 

complementary model architectures and provide a consistent basis for comparing 470 

forecast-skill trajectories among sites. 471 
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 472 
Figure 3. Soil moisture forecast skill of the stacking ensemble across depths and its 473 

spatial heterogeneity across Guangdong Province. (a–c) Kernel-density estimates of 474 

observed and forecast volumetric soil moisture at (a) 10 cm, (b) 30 cm, and (c) 60 cm. 475 

The distributions, constructed from the held-out samples, are shown for observations 476 

(Obs), the stacking ensemble (S), and the strongest single base learner, LightGBM (L), 477 

at 1- and 7-day lead times; for example, S7 denotes the stacking forecast at a 7-day lead 478 

time. Insets report the corresponding standard-deviation-normalized root-mean-square 479 

error (NRMSEstd). (d) Site-level mean NRMSEstd of the stacking ensemble, averaged 480 

over the three target depths and all 14 lead times. (e) Site-level NRMSEstd growth rate, 481 

calculated from the linear NRMSEstd–lead-time relationship after averaging across the 482 

three target depths. Grey circles denote sites with a nominal linear-trend p value ≥ 0.05. 483 

 484 

However, spatial analysis of the stacking ensemble shows remarkable heterogeneity. 485 

We averaged NRMSEstd across all depths and lead times (Fig. 3d) and estimated the 486 

NRMSEstd growth rates for the three target depths (Fig. 3e). Sites in the northeast, 487 

characterized by low runoff fluctuation (Fig. 1c) and weak precipitation disturbances 488 

(Fig. 1d), showed relatively low mean NRMSEstd and high growth rates. Nevertheless, 489 

neither metric aligned systematically with regional temperature (Fig. 1a) or 490 

precipitation (Fig. 1b) disturbances. In addition, the mean values and the decay rate did 491 

not show comprehensive consistency (Fig. 3d-e). The resulting predictability landscape 492 

was spatially fragmented, with only weak correspondence to the broad regional patterns 493 

of air-temperature and precipitation variability shown in Fig. 1a-b. This descriptive 494 

comparison does not by itself identify a physical cause of the fragmentation. Instead, it 495 

motivates the profile-scale regime analysis and the subsequent tests of whether local 496 

soil properties and rainfall disturbances are associated with contrasting forecast-skill 497 

trajectories. 498 

 499 

3.2 Distinct predictability regimes and their temporal-complexity signatures 500 

We clustered the sites by K-means method based on the 1-14-day NRMSEstd 501 

trajectories, which combined three target depths and 14 lead times. Among the 502 
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candidate solutions with two to five clusters, the two-cluster solution had the highest 503 

silhouette score (Fig. S5). Fig. 4a shows the spatial distribution of recognized regimes 504 

and Fig. 4b visualizes the grouped time-wise NRMSEstd trajectories into two regimes. 505 

The clustering partitioned the sites into two distinct regimes: fast-decay regime (FD, 31 506 

sites) and slow-decay regime (SD, 32 sites). The two regimes were intermingled at fine 507 

spatial scales across the province, and the only exception was the PRD, where nearly 508 

all sites belonged to the high-predictability regime, implying that predictability is 509 

controlled by local land-surface and soil features rather than by large-scale climatic 510 

zones. 511 

 512 

 513 
Figure 4 Predictability regime classification and temporal-complexity diagnostics. (a) 514 

Spatial distribution of fast-decay (FD; red) and slow-decay (SD; blue) sites across 515 

Guangdong Province. Grey points denote sites excluded from clustering because a 516 

complete 1–14-day held-out forecast-skill profile was unavailable. The three counts 517 

must sum to the total number of monitoring sites. (b) Regime-wise trajectories of depth-518 

averaged standard-deviation-normalized root-mean-square error (NRMSEstd) across 1–519 

14-day lead times. Solid lines show site means and shaded bands show interquartile 520 

ranges. (c) Distributions of multiscale SampEn (scale = 3 days) for FD and SD sites, 521 

with AUC and p-value from the Mann-Whitney U test. (d) Association between the 522 

site-level NRMSEstd growth rate and multiscale SampEn at the 3-day scale. Only sites 523 

with multiscale SampEn available shown.  524 

 525 

The observed SM series also showed a moderate, model-independent separation 526 

between the two regimes. SampEn was higher at FD than at SD sites (two-sided Mann–527 

Whitney U test; ROC-AUC = 0.69; Fig. 4c), indicating that FD sites tended to have less 528 

temporally regular SM dynamics at the evaluated scale. The positive association 529 

between SampEn and the NRMSEstd growth rate (Spearman’s ρ= 0.44; Fig. 4d) further 530 

shows that sites with more complex observed SM trajectories tended to lose forecast 531 

skill more rapidly with lead time. These results confirm that the two predictability 532 

regimes are not model-dependent but reflect intrinsic differences in the underlying SM 533 

dynamics. 534 

 535 
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3.3 Hydrological-response and ensemble-behaviour diagnostics across 536 

predictability regimes 537 

3.3.1 Contrasting event-scale soil-water responses to precipitation disturbances 538 

The two regimes exhibited contrasting model behaviour in response to precipitation 539 

disturbances. Figs 5a and 5b present two representative sites that illustrate this contrast. 540 

The Maoming and Yangjiang sites are geographically close and experienced 541 

precipitation disturbances with similar timing and magnitude. Under similar 542 

precipitation forcing, their contrasting soil-water responses can be attributed to 543 

differences in soil hydraulic properties and profile structure. At the site with lower silt 544 

dominance (Maoming; Fig. 5a), limited capillary buffering and higher unsaturated 545 

hydraulic conductivity allow precipitation pulses to propagate rapidly into deeper layers, 546 

producing a strong subsurface response. In contrast, the silt-rich profile at Yangjiang 547 

(Fig. 5b) retains water within the soil matrix through stronger capillary forces, thereby 548 

damping wetting-front propagation and preserving antecedent soil-moisture memory. 549 
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 550 
Figure 5. Contrasting observed soil-water responses and stacking-ensemble forecast 551 

behaviour during precipitation disturbances in FD and SD regimes. (a, b) Observed and 552 

stacking-ensemble-predicted SM at 30 cm depth for illustrative (a) FD (Maoming; 553 

22.35°N, 110.93°E) and (b) SD (Yangjiang; 21.61°N, 111.58°E) sites during the final 554 

test period. The forecast lead time shown in these panels must be stated explicitly (h = 555 

14 days). Daily precipitation (Precip., bars) is shown as observed diagnostic context. 556 

The red line denotes the stacking-ensemble forecast and the pink band denotes the 557 

interquartile range of the 18 base-learner predictions. (c, d) Box plots of the (c) deep-558 

layer response ratio (30–60 cm storage change / precipitation) and (d) vertical 559 

redistribution ratio (30–60 cm / 0–30 cm storage change) at FD and SD sites; each point 560 

denotes a site, and p-values are from Mann–Whitney U tests between FD and SD 561 

regimes. 562 

 563 
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This divergence was also evident across the study domain, where the two regimes 564 

differed markedly in both the deep-layer response ratio and the vertical redistribution 565 

ratio (Figs. 5c and 5d). FD sites exhibited a significantly stronger deep-layer (30–60 566 

cm) response (0.08 versus 0.03; p = 0.005; Fig. 5c) and a higher vertical redistribution 567 

ratio (0.35 versus 0.25; Fig. 5d). These results indicate that FD sites experience more 568 

pronounced vertical redistribution and deeper penetration of precipitation inputs, which 569 

may contribute to a more rapid loss of forecast skill following precipitation events. 570 

Supplementary Fig. S8 provides event-scale diagnostics of the deep-layer response and 571 

vertical redistribution ratios across all sites, showing consistent response patterns. 572 

 573 

3.3.2 Divergent predictive strategies of the stacking meta-model 574 

Figure 6 characterizes how the stacking meta-model allocated predictive attribution 575 

among its input features across the two predictability regimes. For each prediction at 576 

each site, the relative contribution of a predictor was calculated as the absolute value of 577 

its SHAP value divided by the sum of absolute SHAP values across all meta-model 578 

predictors. The resulting contributions therefore represent relative attribution shares 579 

under the fitted feature representation. Mean contributions of the three predictor groups 580 

including raw antecedent MV, Preds, and antecedent SM states (SMi + SMs) are shown 581 

in Figs. 6a, 6d, and 6g and summarized in Table S6. 582 

Across all three target depths, the SD regime received a larger relative SHAP share 583 

from raw antecedent MV, whereas the FD regime received a larger share from base-584 

model predictions. This difference should be interpreted conditionally: the base-model 585 

predictions were themselves generated from the same antecedent MV and SM 586 

information used as raw inputs to the meta-model. The relative contribution share of 587 

raw antecedent MV remained higher in the SD regime across the 1–14-day lead times, 588 

and the separation between regimes became more pronounced with increasing target 589 

depth (Figs. 6b, 6e, and 6h). Within the base-model-prediction group, the relative 590 

contribution share of the Bayesian-ridge (BY) prediction increased at FD sites, 591 

particularly at deeper depths, whereas the relative share of the LGBM prediction 592 

decreased with lead time (Figs. 6c, 6f, and 6i). 593 
 594 
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 595 
Figure 6 Regime-dependent predictor contribution patterns in the stacking meta-model 596 

diagnosed by SHAP. (a, d, g) Mean relative SHAP contribution proportions of raw 597 

antecedent meteorological variables (MV), base-model predictions (Preds), and 598 

antecedent SM states (SMi + SMs) for the FD and SD regimes at target depths of 10, 599 

30, and 60 cm, respectively; error bars indicate standard errors across sites. 600 

Contribution proportions were calculated from normalized absolute SHAP values for 601 

each held-out prediction. (b, e, h) Lead-time evolution of the mean relative contribution 602 

proportion of MV for the FD and SD regimes at 10, 30, and 60 cm, respectively; shaded 603 

bands indicate interquartile ranges across sites. (c, f, i) Lead-time evolution of the 604 

relative contribution proportions assigned to the linear Bayesian-ridge (BY) and tree-605 

based LightGBM (LGBM) base-learner predictions for the FD and SD regimes at 10, 606 

30, and 60 cm, respectively; shaded bands indicate interquartile ranges across sites. 607 

 608 

Overall, the results show regime-dependent attribution patterns in the stacking meta-609 

model. At FD sites, a larger relative attribution share was assigned to base-model 610 

predictions, particularly to the BY prediction feature at greater depths, whereas raw 611 

antecedent MV received a smaller share. It might because raw predictors and base-612 

model outputs are correlated, these patterns describe conditional model attribution 613 

rather than independent contributions from distinct information sources. They are 614 

consistent with the contrasting hydrological responses identified above. 615 

 616 

3.4 Joint environmental associations with predictability regimes 617 

3.4.1 Single-variable screening and two-variable discrimination 618 

Fig. 7a summarizes the ability of individual site descriptors to discriminate between the 619 

FD and SD regimes. Among the environmental descriptors, TWS was one of the 620 

strongest individual discriminators (AUC=0.72, p<0.01). Nevertheless, its distribution 621 

overlapped substantially between regimes, including at both low and high values of 622 
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TWS (Fig. 7c). TWS alone therefore did not provide a deterministic separation of the 623 

two regimes. Record length (Len.) showed a similarly high AUC (0.72, p < 0.01), with 624 

median record lengths of 2529 and 573 days in the two regimes (Fig. 7f). This result 625 

identifies data availability as a potential confounder rather than a hydrological driver of 626 

regime membership (Kratzert et al., 2019). Although sites with long records occurred 627 

in both regimes, record length was retained in the subsequent sensitivity and adjusted 628 

analyses. Among climatic descriptors, Pmax showed the strongest regime separation, 629 

with a median of 55.4 mm/day at FD sites compared with 37.6 mm/day at SD sites 630 

(AUC = 0.71, p < 0.01). Altitude also had moderate univariate discriminatory ability, 631 

but its association with regime membership was no longer significant after accounting 632 

for Pmax and TWS (partial Spearman’s ρ=0.19; Table S7). Collectively, the overlap 633 

among single-variable distributions indicates that no individual descriptor can 634 

adequately distinguish the two regimes. Distributional comparisons for the remaining 635 

candidate descriptors are provided in Fig. S9. 636 

 637 
Figure 7. Single-variable and two-variable environmental discrimination of the FD and 638 

SD predictability regimes. (a) Single-variable ROC-AUC values for candidate site 639 

descriptors grouped into soil properties, hydroclimatic conditions, geography, and data 640 

availability; FD was treated as the positive class. (b) Leave-one-site-out cross-validated 641 

balanced accuracy (CV BACC) of the six best-performing two-variable combinations. 642 

Variable-pair selection and classifier fitting were conducted using training sites only 643 

within each fold. (c–f) Distributions of selected descriptors in the FD and SD regimes: 644 

(c) thickness-weighted silt-dominant fraction (TWS), (d) maximum daily precipitation 645 

(Pmax), (e) altitude, and (f) observation-record length. Individual sites are overlaid as 646 

points. AUC values and Mann–Whitney U-test p values are reported for each descriptor. 647 

 648 

Two-variable screening showed that combinations of TWS with precipitation statistics 649 

consistently yielded the strongest cross-validated discrimination. In particular, the 650 

combination of TWS and Pmax, and that of TWS and precipitation variability (Pstd), 651 

achieved the highest leave-one-site-out cross-validated AUC and BACC among the 652 

evaluated linear and decision-tree classifiers (Table S8). Variable pairs without TWS 653 

generally performed less well, indicating that TWS was repeatedly included in the most 654 
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informative two-variable combinations. Restricting the comparison to pairs among the 655 

four leading individual descriptors (TWS, Pmax, altitude (Alt.), and Len.) produced the 656 

same ranking (Fig. 7b): the [TWS, Pmax] combination achieved the highest BACC 657 

(0.74), followed by [Pmax, altitude] and [TWS, altitude] (both 0.72), whereas 658 

combinations involving record length ranked lower. We therefore selected TWS and 659 

Pmax for threshold analysis because this pair combined the strongest internally cross-660 

validated discrimination with a physically interpretable representation of soil-profile 661 

texture and precipitation extremes. Its association with regime membership remained 662 

after accounting for record length in sensitivity analyses (Table S9). 663 

 664 

3.4.2 Cross-validated precipitation–soil domain and Fast-Decay Index 665 

The nested threshold analysis identified a joint precipitation-soil domain characterized 666 

by higher Pmax and lower TWS (representative thresholds: Pmax > 28 mm/day and 667 

TWS < 0.7; Fig. S10). The observed proportion of FD sites was 73.5% within this 668 

domain, compared with 17.9% outside it (Fig. 8a). Many FD sites also had very low 669 

TWS values (<0.25). The inverse spatial pattern of silt and sand content shown in Fig. 670 

S11 provides regional context for this pattern, but does not establish an independent 671 

causal role of sand content. The cross-validated FDI was significantly higher at FD than 672 

at SD sites (Fig. 8b) and achieved an out-of-site ROC-AUC of 0.82. This performance 673 

exceeded that of either Pmax or TWS alone (AUC = 0.71 and 0.72, respectively). Cross-674 

validated FDI was also positively associated with Day 1–14 error growth ((\rho) = 0.46; 675 

Fig. 8c), showing that stronger joint exposure to higher precipitation extremes and 676 

lower TWS corresponded to more rapid deterioration of forecast skill across held-out 677 

sites. Sites in the upper FDI tertile had a higher frequency of FD membership than those 678 

in the lower tertile (76.2% versus 14.3%; odds ratio = 19.2; Fisher’s exact p < 0.001). 679 

The association between FDI and error growth remained significant after accounting 680 

for record length and altitude (Table S10).  681 
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 682 
Figure 8. Cross-validated precipitation–soil threshold domain and Fast-Decay Index 683 

(FDI). (a) Two-variate distribution of Pmax and TWS for SD and FD sites. Dashed 684 

lines show the representative thresholds, Pmax=28 mm/day and TWS=0.7, identified 685 

by the nested threshold analysis. Background shading and contours show the 686 

continuous FDI field for visualization, and marginal histograms show pooled site 687 

distributions. All reported discrimination metrics and site-level FDI scores were 688 

calculated using thresholds selected from training sites only within each leave-one-site-689 

out fold. (b) Distribution of cross-validated FDI scores for FD and SD sites; the p value 690 

is from a Mann–Whitney U test. (c) Relationship between cross-validated FDI and the 691 

increase in NRMSEstd from Day 1 to Day 14, across all sites. 692 

 693 

Together, these results identify the FDI as a physically informed, internally cross-694 

validated candidate indicator for pre-modeling assessment of SM predictability within 695 

the Guangdong monitoring network. Independent evaluation in a separate monitoring 696 

network or region is required before broader operational application. 697 

 698 

4. Discussion 699 

This study demonstrates that the spatial divergence in data-driven SM predictability is 700 

primarily dictated by localized hydrological characteristics, governed by the interaction 701 

between TWS and Pmax. Using a common forecasting design across the monitoring 702 

network, we identified two profile-scale predictability regimes with contrasting lead-703 

time error-growth trajectories. Our findings highlight local hydrological processes as 704 

the primary control on forecast performance， rather than studies on ML architectures 705 

(Fang et al., 2017), feature selection (Saboori et al., 2025), or data quality (Jeung et al., 706 

2026). Using site-specific stacking ensembles to establish empirical predictability 707 

benchmark (Fig. 3), we identified two distinct forecast skill regimes (Fig. 4) driven by 708 
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contrasting model behaviors during precipitation disturbances (Figs. 5-6). 709 

Environmental diagnostic analysis confirms that hydrological controls govern these 710 

regime dynamics (Fig. 7). Importantly, the joint threshold identified here enables a 711 

practical pre-modeling assessment tool to evaluate site suitability for data-driven 712 

forecasting (Fig. 8). The following sections discuss the scope of the empirical forecast-713 

skill benchmark (Sect. 4.1), the robustness and hydrological interpretation of the 714 

identified regimes (Sect. 4.2), and the extent to which the empirical patterns are 715 

consistent with simulations from a physics-based SM model (Sect. 4.3). 716 

 717 

4.1 Scope and reliability of the empirical forecast-skill benchmark 718 

The stacking ensemble was designed to reduce dependence on a single architecture 719 

when estimating site-level forecast skill. It used meteorological variables (MV), target- 720 

and non-target-depth SM states (SMi and SMs), day of year, and a daily sequence index 721 

within a 7-day lookback window, consistent with previous SM forecasting studies (Pan 722 

et al., 2019; Li et al., 2022a; Xu et al., 2024; Wu et al., 2025). The base learners were 723 

selected to span broad categories of model architectures, ensuring that the ensemble 724 

captured a wide range of inductive biases. Linear models such as BY served as robust 725 

base learners and are known to perform well when SM dynamics follow smooth, quasi-726 

linear trajectories (Pan et al., 2019). Tree-based ensembles such as RF and LGBM were 727 

also included for their ability to model nonlinear interactions and their strong empirical 728 

track record in SM prediction (Chen et al., 2024; Xu et al., 2024). The base learners 729 

spanned linear, tree-based, and deep-learning approaches. Bayesian ridge (BY) 730 

provides a robust linear baseline (Pan et al., 2019), whereas RF and LGBM represent 731 

nonlinear interactions (Chen et al., 2024; Xu et al., 2024). LSTM and an attention-732 

augmented LSTM were included to capture temporal dependencies (Fang et al., 2019; 733 

Datta and Faroughi, 2023). 734 

Within the evaluated library, greater architectural complexity did not necessarily 735 

improve held-out performance: the attention-augmented LSTM and EDLSTM did not 736 

outperform the standard LSTM (Fig. S12). We therefore used stacking to integrate 737 

diverse base learners. The XGBoost meta-model combined base-model predictions 738 

with the original antecedent predictors (Tahmouresi et al., 2024), and this augmented 739 

representation outperformed the strongest individual learner, a simple averaging 740 

ensemble, and alternative stacking-input configurations (Figs. S6 and S7). Although 741 

raw predictors and base-model outputs share the same historical information, the latter 742 

provide learned transformations that can complement the original inputs during 743 

precipitation disturbances (Figs. 5a–b). 744 

The optimized ensemble achieved a site-averaged RMSE of 1.2% at Day 1 and 2.7% at 745 

Day 14 across target depths (Fig. S13), broadly comparable with recent 1–14-day SM 746 

forecasts based on ConvLSTM, hybrid deep-learning, and regional approaches (Xu et 747 

al., 2023; Li et al., 2025; Rabiei et al., 2025; Xiong et al., 2025). Direct cross-study 748 

comparisons remain limited by differences in data and evaluation protocols. 749 

Nevertheless, the ensemble consistently performed best among the tested 750 

configurations; its NRMSEstd trajectories (Fig. S4) therefore provide an empirical 751 

forecast-skill benchmark within the evaluated model and information space. Additional 752 

distributional and regime-stratified SHAP comparisons are shown in Figs. S14 and S15. 753 

Because future meteorological forcing was withheld, this benchmark reflects 754 

forecastability recoverable from antecedent states rather than the upper limit of an 755 

operational system using future weather forecasts. 756 

 757 

4.2 Robustness and hydrological interpretation of the predictability regimes 758 
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The classification of regimes was robust to the main analytical choices. The two-cluster 759 

solution was supported by the clustering diagnostics (Fig. S5), and the regime 760 

assignments remained consistent when clustering was repeated using baseline-adjusted 761 

error-growth profiles. SampEn, calculated directly from the observed SM series, was 762 

higher at FD sites and positively associated with NRMSEstd growth rate (Fig. 4c-d); 763 

this pattern was robust across parameter settings (Fig. S16). The two approaches differ 764 

in both design (unsupervised versus model-agnostic) and basis (predictive performance 765 

versus SM dynamics). Their consistency indicates that the regime divergence reflects 766 

genuine differences in local soil water behavior, not methodological choices.  767 

The event-scale analysis provides a hydrological interpretation of this distinction. FD 768 

sites showed stronger deep-layer responses and higher vertical redistribution ratios 769 

following precipitation events (Fig. 5c–d), consistent with more rapid redistribution of 770 

rainfall inputs and a shorter recoverable memory in the antecedent 7-day history. 771 

Similar links between soil texture, drainage, and SM memory have been reported 772 

previously (Martínez-Fernández et al., 2021; McColl et al., 2017). SHAP-based 773 

interpretations (Fig. 6) further confirm that this weak hydrological coupling introduces 774 

severe inter-event non-stationarity in the meteorological forcing-SM relationship. As a 775 

result, the meta-model struggles to learn stable diagnostic features at FD sites; the 776 

frequent disruption of nonlinear input-state trajectories forces the model to default to 777 

robust linear base-learners (BY) to mitigate error growth, a strategy that becomes 778 

paramount at deeper layers and longer lead times where dynamics mimic stochastic 779 

processes, consistent with the current findings (Pal et al., 2016). In sharp contrast, the 780 

intact physical continuity and memory retention at SD sites enable the persistent 781 

exploitation of nonlinear architectures (LGBM) for forcing-state mapping, securing 782 

high-fidelity predictability.  783 

The predictability regimes identified from the joint effect of TWS and Pmax proved 784 

robust under multiple lines of evaluation. The environmental controls from single-785 

factor to two-factor combinations analysis were based on consistent results emerging 786 

across independent validation methods (Tables S6-S8). Notably, data record length, 787 

which previous studies have associated with predictability limits (Jeung et al., 2026), 788 

could not fully account for the regime divergence in our study domain (Fig. 7; Fig. S17). 789 

In total, the convergence of these empirical diagnostics cross-validates the robust 790 

physical foundation of our regime framework. Despite spatial sampling limitations 791 

arising from the predominance of loam-textured soils across the monitoring network 792 

(Fig. S11), the emergent trend linking joint soil-precipitation thresholds to 793 

predictability degradation exhibits strict consistency. The strong significant association 794 

between the FDI and NRMSEstd (Fig. 8c) indicates that proximity to the joint 795 

precipitation-soil FD domain corresponds to a continuous increase in forecast-error 796 

growth. 797 

 798 

4.3 Process-model consistency with localized hydrological controls on SM 799 

predictability 800 

To assess whether the observed regime differences are consistent with physically 801 

simulated soil-water dynamics, we solved the one-dimensional Richards equation at 802 

each site and diagnosed the partitioning of vertical fluxes under contrasting 803 

meteorological conditions (Methods S1). The Richards equation is used here as 804 

process-based diagnosis. We decomposed the simulated vertical flux into gravitational 805 

(qg) and capollary/diffusive (qc) components and compared their relative magnitudes 806 

on rainfall and no-rainfall days. A higher gravity-to-capillary flux magnitude ratio 807 

(qg/qc) indicates a larger relative role of gravity-driven downward transport, where as a 808 
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lower ratio indicates stronger control by matric-potential gradients.  809 

Fig. 9 shows contrasting simulated flux partitioning between the two regimes. On 810 

precipitation days, FD sites exhibited a substantially higher qg/qc than SD sites, whereas 811 

the difference was smaller under no-precipitation conditions. In contrast, 812 

capillary/diffusive fluxes remained relatively more important at SD sites under both 813 

weather conditions. These simulated patterns are consistent with the event-scale 814 

observations: FD sites showed stronger deep-layer responses and vertical redistribution 815 

following precipitation (Fig. 5c-d), while SD sites retained a more gradual soil-water 816 

response. By contrast, FD-domain sites, characterized by lower TWS and higher Pmax, 817 

showed a marked hydrodynamic transition during rainfall. Under no-rainfall conditions, 818 

their flux partitioning was broadly similar to that of SD sites. During intense rainfall, 819 

however, the qg/qc increased substantially above its baseline level and exceeded the 820 

response at SD sites. In these low-silt profiles, strong boundary forcing can rapidly 821 

increase soil wetness, weaken the matric-potential gradient, and increase the relative 822 

contribution of gravity-driven downward transport. Capillary control consequently 823 

becomes less dominant, and infiltration shifts towards a gravity-dominated downward 824 

pulse. 825 

 826 
Figure 9. Partitioning of gravity-driven and capillary-diffusive fluxes reveals the 827 

hydrodynamic mechanism underlying predictability-regime divergence. (a, b) 828 

Fast-decay (FD) and (c, d) slow-decay (SD) regime flux magnitude (cm day⁻¹; log scale) 829 

of the gravity component (qg, orange) and the capillary/diffusive component (qc, teal) 830 

of the Richards equation on (a, c) precipitation days and (b, d) no-precipitation days. P-831 

value, and the median gravity-to-diffusion ratio (qg/qc) are annotated in each panel. 832 

 833 

This rainfall response can reduce the persistence of antecedent SM by rapidly 834 

redistributing water through the profile and decoupling post-event states from pre-event 835 

trajectories. The resulting inter-event non-stationarity is consistent with the meta-model 836 

assigning greater relative importance to robust linear base-learner predictions and less 837 
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to nonlinear LGBM predictions at FD sites (Fig. 6). Together, the Richards-equation 838 

diagnostics and the data-driven analyses suggest that the observed forecast-skill 839 

divergence is strongly associated with threshold-like precipitation-soil controls on 840 

vertical infiltration and SM-memory persistence, rather than arising solely from 841 

deficiencies of a particular statistical model. 842 

 843 

4.4 Limitations  844 

Several limitations should be considered. First, the study is restricted to 73 stations in 845 

a humid subtropical region of southern China; the TWS-Pmax thresholds and FDI 846 

therefore require independent evaluation in arid, temperate, and other hydroclimatic 847 

settings. Soil properties were extracted pointwise from SoilGrids and may not represent 848 

sub-grid heterogeneity at individual monitoring sites. The identified regimes should 849 

also be tested with additional monitoring networks and forecasting architectures. 850 

Moreover, because the present forecasts exclude meteorological forcing after 851 

initialization, the conclusions apply to predictability from antecedent information and 852 

may differ for operational systems using numerical weather predictions. 853 

Second, the inferred redistribution mechanism is based on event-scale SM responses 854 

and Richards-equation simulations, rather than direct observations of infiltration rates, 855 

hydraulic gradients, or deep drainage. Independent hydraulic measurements or tracer-856 

based field experiments would provide stronger tests of the proposed rainfall-response 857 

mechanism. Vegetation dynamics (Seneviratne et al., 2010), irrigation (Zha et al., 2025), 858 

and land-use change (te Wierik et al., 2021) may also contribute to unexplained site-859 

level variability. 860 

Finally, record length differed systematically between regimes and may affect model 861 

training and the precision of skill estimates. Although adjusted and stratified analyses 862 

indicated that record length did not fully explain the TWS-Pmax association, they 863 

cannot eliminate this confounding effect. Equal-length resampling and network-864 

specific analyses are therefore necessary to isolate data-availability effects more 865 

comprehensively. 866 

 867 

4.5 Implications  868 

Within the Guangdong monitoring network, the FDI provides a candidate pre-modeling 869 

screening diagnostic based on site descriptors that can be assembled before fitting a 870 

site-specific SM forecasting model. It identifies soil–precipitation conditions associated 871 

with faster forecast-skill decay, rather than guaranteeing poor or high skill at an 872 

individual site. Independent validation in other networks and hydroclimatic regions is 873 

required before operational use. 874 

The results nevertheless suggest a route towards regime-aware model development. 875 

Rather than prescribing a single optimal architecture, the FDI could guide targeted 876 

comparisons of model configurations, uncertainty treatment, and observation 877 

requirements across contrasting soil–precipitation settings. In data-sparse regions, 878 

monitoring design could similarly complement geometric spacing by ensuring coverage 879 

of key environmental gradients associated with different soil-water responses (Zhu et 880 

al., 2020). 881 

More broadly, the study illustrates the potential of process-aware machine learning, in 882 

which physically interpretable landscape descriptors guide model development and 883 

evaluation (Reichstein et al., 2019; Slater et al., 2023). Such information can reduce 884 

purely trial-and-error model selection, but it does not replace empirical validation of 885 

forecasting performance at new sites. 886 

 887 
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Conclusions 888 

This study assessed the spatial heterogeneity of data-driven SM predictability across 73 889 

monitoring sites in Guangdong Province. Using a site-specific stacking ensemble as an 890 

empirical forecast-skill benchmark, we identified fast- and slow-decay regimes with 891 

contrasting lead-time error-growth trajectories. Higher sample entropy at FD sites 892 

provided complementary evidence of less temporally regular SM dynamics. Nested 893 

leave-one-site-out analyses showed that FD membership was associated with the joint 894 

occurrence of lower thickness-weighted silt dominance (TWS<0.7) and higher 895 

maximum daily precipitation (Pmax>28 mm/day). Event-scale observations and 896 

Richards-equation diagnostics were consistent with this association: FD-domain sites 897 

showed stronger gravity-relative vertical transport during rainfall, deeper redistribution, 898 

and more rapid loss of antecedent SM persistence. These conditions were also 899 

accompanied by a greater relative contribution of linear base-learner predictions in the 900 

stacking meta-model. The resulting FDI provides an internally cross-validated 901 

candidate diagnostic for pre-modeling assessment within the Guangdong monitoring 902 

network. It can help identify sites where forecasts based on antecedent information are 903 

more likely to lose skill rapidly and where additional process representation, 904 

observations, or uncertainty treatment may be valuable. Independent validation across 905 

networks and hydroclimatic regions is needed before broader operational use. Overall, 906 

the study provides a process-aware framework for linking local soil–precipitation 907 

conditions to data-driven SM forecastability. 908 
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