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22 Abstract

23 Data-driven machine learning approaches have advanced Soil Moisture (SM)
24 forecasting at 1-14-day lead times using observational time series, but the hydrological
25  controls on spatially heterogeneous forecast skill remain poorly understood, hindering
26  targeted model improvement. Here, we show that spatial heterogeneity in data-driven
27 SM predictability is associated with site-specific hydrological characteristics,
28  particularly soil texture and precipitation extremes. Using a stacking ensemble, we
29  established an empirical benchmark of SM predictability at 1-14-day lead times across
30 three soil depths at 73 monitoring sites in Guangdong Province, China. Forecast skill
31  separated into two regimes (slow-decay v.s. fast-decay), characterized by fast or slow
32 decay as lead time increased, respectively, reflecting contrasting soil water dynamics.
33  Event-scale diagnostics showed that fast-decay sites underwent stronger vertical
34  redistribution and deeper SM responses during extreme precipitation, eroding the SM
35 memory that supports longer-lead forecasts. A joint threshold of profile-wide silt
36  content (>70%) and extreme daily precipitation (>28 mm/d) delineated that fast-decay
37 regime. We synthesized these characteristics into Fast-Decay Index (FDI), which
38 summarizes the local hydrological conditions associated with fast loss of predictability.
39  Because its inputs are available prior to model training, the FDI has the potential to
40  support pre-modeling assessment of SM predictability at new sites, pending
41  independent-site validation. The FDI provides a physically interpretable diagnostic for
42 comparing site-specific predictability and may inform targeted model development and
43 observation design.

45  Keywords: Soil moisture, Predictability, Hydrological control, Machine learning,
46  Stacking ensemble

48 1. Introduction

49  Soil Moisture (SM) is a key variable in the terrestrial water cycle, regulating land-
50  atmosphere exchange through its control on the partitioning of energy and water fluxes
51  (Seneviratne et al., 2010; Vereecken et al., 2022). Reliable SM forecasts at daily lead
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52  times from 1 to 14 days can support early warning of agricultural droughts (Zhang et
53 al., 2021), floods (Tramblay et al., 2021) and water scarcity (Krishnamurthy et al.,
54  2022), as well as irrigation (Roy et al., 2021) and disaster-preparedenss decisions
55  (Krishnamurthy et al., 2022; Du et al., 2024). Operational SM forecasts commonly rely
56  on land-surface or hydrological models driven by meteorological forecasts. Their skill
57 can be substantially constrained by errors in forecast precipitation and other
58  atmospheric forcings, particularly in the monsoon climates. In parallel, data-driven
59  machine learning (ML) approaches have improved SM forecasting by extracting
60 nonlinear dependencies from observational time series (Fang et al., 2019; Li et al.,
61  2022a; Wang et al., 2024; Xiong et al., 2025; Katipoglu et al., 2026). In autoregressive
62  settings, these models can exploit information embedded in historical in-situ SM
63  observations without requiring explicit forecasts of future meteorological inputs. In the
64  present study, data-driven SM forecasting refers to a supervised machine-learning
65 framework that uses historical SM observations and hydro-meteorological covariates
66 available at the forecast initialization time, without requiring forecasts of future
67  meteorological forcing. Here, we define data-driven SM predictability operationally as
68  the out-of-sample forecast skill attainable using a standardized multi-model framework.
69  Despite these advances, SM forecast skill is often strongly spatially heterogeneous,
70  which nearby sites can exhibit markedly different lead-time-dependent skill even under
71 broadly similar climatic conditions (Xu et al., 2025). Reported skill also varies with the
72 model class, data product, and predictor set used (Draper et al., 2013; Kim et al., 2021;
73 Kivi et at., 2023; Zha et al., 2025; Hendrickx et al., 2026). For example, in certain
74  catchments, predictive skill remains resilient across extended lead times, while under
75  similar climate conditions, performance degrades rapidly (Singla et al., 2012). This
76  pronounced spatial heterogeneity can be observed both regionally (Song et al., 2021;
77 Wang et al., 2025) and globally (Kim et al., 2021). This heterogeneity limits both
78  hydrological interpretation and practical model development. Without understanding
79  why predictability declines rapidly at some sites but persists at others, it remains
80  difficult to determine where additional model complexity, alternative predictors, or
81  process-aware strategies are most needed.

82  Current explanations of SM predictability have largely emphasized either external
83  atmospheric forcing or SM memory. The former assumes that predictable precipitation
84  and temperature anomalies can translate into predictable SM states, whereas the latter
85  attributes predictability to the persistence of antecedent SM in the soil profile (Nicolai-
86  Shawetal.,, 2016; Kim et al., 2021). Soil texture and hydraulic properties influence this
87  persistence by regulating infiltration, storage, drainage, and evapotranspiration
88  (Saboorietal., 2025; Rahmati et al., 2024). Extreme precipitation can, however, rapidly
89  alter these processes by inducing strong vertical redistribution of water through the
90 profile, potentially weakening the temporal continuity on which autoregressive
91  forecasts depend (Chen et al., 2025). Data quality and sensor uncertainty can further
92  obscure these relationships at point scales (Kivi et al., 2023; Hendrickx et al., 2026).
93  Information-theoretic analyses (Bennett et al., 2019), memory-based metrics (Rahmati
94 et al., 2024), and error-decomposition approaches have each clarified part of the
95 problem (Fang et al., 2018; Mart mez-de la Torre and Miguez-Macho, 2019; Li et al.,
96  2025; Anetal., 2025), but they seldom link dynamic atmospheric disturbances, profile-
97  scale soil properties, and lead-time-dependent forecast skill within one physically
98 interpretable framework.

99  The unresolved question is therefore how local hydrological processes filter
100  precipitation disturbances into either persistent or rapidly changing SM trajectories, and
101 how this filtering shapes data-driven predictability. A quantitative link between readily
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102  available soil and precipitation characteristics and the expected decay of forecast skill
103 would help move beyond trial-and-error model development. Such a link would not
104  replace site-specific forecast evaluation, but it could provide a candidate basis for pre-
105  modeling assessment of forecastability if it proves transferable to independent locations.
106  We hypothesize that soil physical properties and precipitation states interact nonlinearly
107  to generate distinct hydrological regimes of SM predictability. Where the soil profile
108  buffers incoming precipitation through matrix storage, subsequent moisture changes
109  should remain relatively gradual and temporally persistent, allowing historical SM
110  observations to retain predictive information over longer lead times. Conversely, where
111 weak retention coincides with intense precipitation, rapid vertical redistribution and
112 deeper SM responses may reduce SM memory and accelerate the loss of forecast skill.
113 We therefore expect predictability to organize into regimes distinguished by the rate at
114  which skill decays with lead time and by threshold combinations of soil-profile
115  properties and precipitation disturbances.

116  To test this hypothesis, we analyze observations from 73 monitoring sites in Guangdong
117  Province, China, at 10, 30, and 60 cm depths. We first use a stacking ensemble
118  comprising 18 structurally diverse base learners to establish a consistent empirical
119  benchmark of 1-14-day SM predictability and to characterize site-level error-growth
120  trajectories. We then identify predictability regimes from similarity of these trajectories
121 and test their physical consistency using model-agnostic information-entropy metrics
122 and event-scale SM-response diagnostics. Next, we examine how the ensemble’s
123 predictive behavior and the identified regimes relate to climatic, soil, and geographic
124  characteristics, with particular attention to the joint effects of soil texture and extreme
125  precipitation. Finally, we synthesize the resulting controls into a Fast-Decay Index (FDI)
126  that summarizes hydrological conditions associated with rapid predictability loss. The
127 FDI is presented as a physically interpretable candidate diagnostic for future pre-
128  modeling assessment; its ability to screen forecastability at new sites requires
129  independent-site validation. By linking profile-scale hydrological processes to spatial
130  differences in data-driven SM predictability, this study provides a process-oriented
131  basis for more targeted forecasting-model development and observation design.

132

133 2. Data and methods

134 2.1 Study area and data processing

135  2.1.1 Study area

136 Guangdong province (20°09'-25°31'N, 109°45'-117°20'E), located in southern China,
137  spans a pronounced physiographic gradient from mountainous terrain in the north,
138 through the Pearl River Delta (PRD), to low-lying coastal plains in the south (Fig. 1; Li
139 et al., 2001). The region has a humid subtropical monsoon climate and experiences
140 marked seasonal and frequent typhoon-related heavy precipitation, and recurrent
141 seasonal droughts (Liu et al., 2001; Wang et al., 2020). These contrasts in topography,
142 hydrological connectivity, precipitation variability, and soil conditions provide a
143 suitable natural setting for examining how local hydrological characteristics regulate
144  lead-time-dependent SM predictability.

145  The locations of the 73 SM monitoring sites are shown in Fig. 1d. To characterize the
146  regional hydroclimatic setting, we used ERA5-Land reanalysis data to calculate the
147  long-term standard deviations of air temperature, precipitation, and surface SM over
148  1950-2024 (Fig. 1a, b, and d, respectively). We additionally calculated the runoff
149  coefficient for 2010-2023 as the ratio of accumulated total runoff to accumulated
150  precipitation (Fig. 1c). The resulting maps illustrate substantial spatial heterogeneity in
151 climatic variability, runoff-generation tendency, and SM variability across the province.
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152 These gridded diagnostics are used to provide regional context for the station-scale
153  analysis; the subsequent analyses test the proposed hydrological controls using in situ
154  observations and site-specific soil and precipitation characteristics.
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156  Figure 1. Study area and hydroclimatic setting of Guangdong Province. (a) Standard

157  deviation of 2-m air temperature, (b) standard deviation of daily precipitation, and (d)
158  standard deviation of surface soil moisture, calculated from ERA5-Land data for 1950—
159  2024. (c) Runoff coefficient for 2010-2023, calculated as accumulated total runoff
160  divided by accumulated precipitation (Liu et al., 2024). Black circles indicate the 73
161  soil-moisture monitoring sites.

162

163  2.1.2 In situ SM observational networks

164  This study utilized in situ volumetric SM data (unit: %) from 73 agricultural monitoring
165  sites across Guangdong Province (Fig. 2d). The dataset integrates two complementary
166  networks: 41 sites from the Guangdong Department of Agriculture’s observation
167  system (2020-2023) and 31 sites from the China Meteorological Administration’s
168  agrometeorological station network (2010-2020). All sites provide hourly SM
169  measurements at eight depths: 10, 20, 30, 40, 50, 60, 80, and 100 cm. Among these, 10,
170 30, and 60 cm were selected as representative target depths for shallow-, intermediate-,
171 and deep-layer SM forecasting, respectively. A summary of the dataset is provided in
172 Table S1. Quality control protocols were applied to remove sensor artifacts: missing
173 codes and null fields were systematically pruned, and any records showing absolute
174  zero variance over a rolling 7-day window, indicative of data freeze or probe
175 malfunction, were removed (Li et al., 2022b).

176

177  2.1.3 Meteorological and land surface database

178  We considered precipitation (m/day), relative humidity (%), 2-meter temperature (K),
179  2-meter dewpoint temperature (K), surface pressure (Pa), 10-meter northward and
180  eastward wind components (m/s), potential evaporation (m), total evaporation (m),
181  surface net solar radiation (J/m3, surface latent heat flux (J/m3, total runoff variable
182  (mm/day), and forecast albedo (unitless) as predictors of ML models. They were
183  sourced from the ERA5-Land reanalysis (Mufbz-Sabater et al., 2021). This product
184  provides a globally consistent and spatially complete record at approximately 9 km
185  resolution (0.1=x0.1<grid). For each study site, daily time series were retrieved based
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186  on the exact geographic coordinates and observation timestamps. For convenience, the
187  Meteorological Variable (MV) input group (Table S2) included the above predictors.
188  For an (A)-day forecast initialized on day (t), where (h =1, ..., 14), the target was the
189  observed SM on day (#h). All dynamic predictors were restricted to the preceding 7-
190  day window from (#6) to (#); no variables from days (#1) to (t+h) were used. Day-of-
191  year and the sequential day index were treated as deterministic calendar covariates
192 known at the forecast initialization time. This design ensures that the reported skill
193  represents genuine out-of-sample forecasting rather than retrospective prediction
194  conditioned on future reanalysis forcing.

195  We utilized static variables as the candidate environmental factors for the SM sites.
196  SoilGrids 250m global soil database (Poggio et al., 2021) was applied, including bulk
197  density, silt content, sand content, and clay content at six depth intervals: 0-5, 5-15,
198  15-30, 30-60, 60-100, and 100-200 cm. These variables were extracted point-wise
199  using the geographic coordinates of each monitoring site. For geographical variables,
200  we used the record of altitude and precise location in the SM monitoring system.

201

202 2.2 Overall experimental design

203  Figure 2 summarizes a three-step framework for quantifying data-driven SM
204  predictability, identifying reproducible lead-time-decay regimes, and examining their
205  associations with local hydrological characteristics. The framework combines
206 complementary model-based, time-series, event-scale, and environmental diagnostics
207  rather than treating any single metric as a direct measure of hydrological causality.

208  Step 1: Establishing an empirical benchmark of SM predictability

209  We developed a stacking ensemble to quantify SM predictability at 1-14-day lead times
210 andat 10, 30, and 60 cm depths. For each target depth and lead time, base learners used
211  antecedent SM and hydro-meteorological covariates available at the forecast
212 initialization time. Their out-of-fold predictions, together with the original physical
213 predictors, were supplied to an XGBoost meta-learner. This leakage-free stacking
214  design enabled the meta-learner to combine complementary predictive information
215  across model classes. The resulting ensemble provides an empirical high-performance
216  benchmark of data-driven SM predictability under the prescribed observational
217  information set.

218  Step 2: Identifying and diagnosing predictability regimes

219  For each site, we characterized lead-time-dependent forecast degradation using its
220  standardized 1-14-day normalized root-mean-square-error (NRMSE) trajectory. K-
221 means clustering was then used to identify sites with rapid and gradual error growth,
222 hereafter termed the fast-decay (FD) and slow-decay (SD) predictability regimes,
223 respectively.

224  We assessed the physical consistency of the identified regimes using two
225  complementary diagnostics. First, Sample Entropy (SampEn) was used to compare the
226 temporal complexity of observed SM dynamics between FD and SD sites. Second,
227  event-scale analyses quantified SM responses and forecast-skill changes following
228  precipitation events. To examine model behaviour, SHAP values were calculated for
229  held-out predictions and aggregated by regime, lead time, depth, and predictor group.
230 These analyses reveal how the information used by the ensemble changes as
231 predictability decays, rather than treating SHAP values as direct causal evidence.

232 Step 3: Linking predictability regimes to environmental characteristics

233 We evaluated the associations between predictability regimes and candidate
234 environmental characteristics, including soil-profile properties, precipitation-extreme
235 metrics, climatic variables, and geographical factors. Pre-specified subsets of these
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236 variables were compared according to their ability to distinguish FD from SD sites
237 using leave-one-site-out validation and the area under the receiver operating
238  characteristic curve (ROC-AUC). This procedure identifies the environmental
239 information that generalizes to sites not used to fit the classification relationship.
240  Wethen used threshold analysis to identify joint soil-precipitation conditions associated
241 with the FD regime. These conditions were synthesized into a Fast-Decay Index (FDI),
242 which quantifies a site's continuous exposure to hydrological characteristics associated
243 with rapid loss of forecastability. The FDI is interpreted as a physically informed
244  candidate diagnostic for pre-modeling assessment, whose transferability is evaluated
245  through the independent-site validation described above.
246
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248  Figure 2 Integrated workflow for pre-modeling assessment and diagnostic attribution
249  of soil moisture predictability. MV denotes meteorological variables; SMi denotes
250 antecedent SM at the target depth; SMs denotes antecedent SM at other depths;
251  NRMSEstd denotes RMSE normalized by the standard deviation of observations;
252 SampEn denotes sample entropy; SHAP denotes Shapley additive explanations; FD
253  denotes fast-decay regime; SD denotes slow-decay regime; FDI denotes fast-decay
254 index; ROC-AUC denotes the area under the receiver operating characteristic curve.
255
256 2.3 Stacking ensemble forecasting
257  2.3.1 Direct forecasting task and base learners
258  For each site and target depth (10, 30, and 60 cm), we evaluated SM forecasts at lead
259  times of 1-14 days. The predictor set at forecast initialization time t comprised the
260  preceding 7-day histories (t-6:t) of: (i) SM at the target depth (SMi<), (ii) SM at the
261  other monitored depths (SMs), and (iii) dynamic hydro-meteorological and land-
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262 surface covariates (MV). The prediction target was SM at t + A, where h = 1,...,14. No
263  SM or reanalysis-derived covariate from t + 1 to t + h was supplied to any model.

264  We used a direct multi-horizon forecasting strategy. Each lead time was predicted from
265  the same observed history, without using a forecast from an earlier lead time as an input
266  toa later lead time. This design prevents the propagation of predicted-SM errors across
267  the forecast horizon and quantifies the predictive information recoverable from the
268 historical soil-water and hydro-meteorological state available at initialization. It does
269  not assume that future atmospheric forcing is irrelevant; rather, it deliberately excludes
270 unknown future forcing from the information set.

271 We constructed a library of 18 base learners spanning four algorithmic families: linear,
272 instance-based, tree-based, and neural-network approaches. The complete list of
273 models, feature preprocessing, and hyperparameter search spaces using grid search
274  (LaValle et al., 2004) are given in Methods S1 and Table S3. Within each site-depth
275  forecasting task, the first 40% of the chronological record was used for base-learner
276 fitting and hyperparameter tuning. Tuning used expanding-window cross-validation, so
277  that every validation fold followed its corresponding training fold in time. The
278  subsequent 10% of the record was used for chronological validation and configuration
279  selection. After selection, each base learner was refitted using the first 50% of the
280  record.

281

282  2.3.2 Stacking ensemble optimization

283 The selected base learners were used to generate out-of-sample predictions for the
284  subsequent 40% of each site record. These predictions, denoted by Preds, were
285  combined with the original antecedent SM and MV predictors in an XGBoost meta-
286  learner (Qian et al., 2025). Because the base learners used to generate Preds were fitted
287  only on the preceding 50% of the record, the meta-learner never received in-sample
288  base-learner predictions. This chronological blending design prevents target leakage
289  during ensemble construction.

290  We compared pre-specified meta-learner feature configurations, including Preds alone
291 and Preds combined with antecedent SM and MV predictors (Table S4). We also
292  evaluated the best single base learner and a simple averaging ensemble as reference
293  benchmarks (Methods S1). The XGBoost meta-learner was tuned by expanding-
294 window cross-validation within its dedicated 40% training period. All transformations,
295 including imputation, scaling, and feature selection where applicable, were fitted within
296  the relevant training data and then applied unchanged to subsequent validation or test
297 data. The final 10% of each chronological record was held out from all forecast-model
298  training, tuning, and model-selection steps and was used only for final forecast
299  evaluation. The resulting held-out skill profiles were subsequently used as outcomes in
300 the separate cross-site regime and environmental analyses (Sections 2.4 and 2.5). The
301  stacking ensemble is interpreted as an empirical high-performance benchmark of data-
302  driven SM predictability under the prescribed historical information set and evaluated
303  model library.

304

305  2.3.3 Forecast skill evaluation

306  Forecast performance was evaluated separately for every site, target depth, and lead
307 time using the final held-out period. Root-mean-square error (RMSE) was the primary
308  absolute-error metric. To compare errors across sites and depths with different SM
309  variability, we used the standard-deviation-normalized RMSE (NRMSEst):
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Y2
Z(Yi,true_Yi,pred) (1)

n

310 NRMSEgq = —— X
Oobs
311 where y; 1. is the actual value of the i-th observation, y; .4 is the corresponding
312 predicted value, and n is the sample size and o, represents the standard deviation of
313  the observations at a specific targeted depth.
314 Bias was also calculated with positive values denoting over-prediction. Range-
315 normalized RMSE and mean absolute percentage error (MAPE) were reported as
316  supplementary robustness metrics; because MAPE can become unstable under very low
317  SM, it was not used to define predictability regimes. Their full definitions, together
318  with complete site-, depth-, lead-, and model-specific score tables, are provided in
319  Methods S2 and Tables S6-S8.
320
321 2.4 Profile-scale predictability regimes and process diagnostics
322 2.4.1 Unsupervised clustering sites for regime identification
323  We used NRMSEgq as the core performance metric across all lead times as the
324  quantitative predictability limits. This specific metric robustly represents the general
325  predictability consistency reflected by alternative evaluation criteria (Fig. S4). For each
326  site, we quantified the NRMSEst growth rate as the metric growth slope over the 1- to
327  l4-day forecast horizon. To improve regime identification, we first normalized each
328 NRMSEgq trajectory using z-score transformation to remove the influence of absolute
329  magnitudes, and then applied K-means clustering to classify regimes based on both the
330 magnitude and slope of the trajectories across three depths.
331 The optimal number of clusters was identified as two, effectively capturing the
332 dominant regimes of SM predictability (Fig. S5). The first cluster captures a slow-decay
333  (SD) predictability regime, representing sites characterized by relatively stable error
334  trajectories and limited skill loss as lead time increases. Conversely, the second cluster
335  defines a fast-decay (FD) predictability regime, which comprises sites showing rapid
336  error growth and a sharper decline in predictive skill across the 1-14 day horizon.
337
338  2.4.2 Temporal-complexity and event-scale diagnostics
339  Sample Entropy (SampEn) was calculated from the in situ SM series as a
340 complementary diagnostic of temporal complexity. SampEn parameterization, record-
341 length matching, and robustness analyses are described in Methods S3 and robustness
342 tests are provided in Methods S3 and Fig. S16. We compared SampEn between the FD
343 and SD regimes to assess whether their different forecast-skill trajectories were
344  accompanied by systematic differences in the temporal organization of observed SM
345  variability. SampEn was not treated as an independent causal validation of the clusters,
346 but as convergent evidence on the character of local SM dynamics.
347  We further performed an event-scale soil-water response analysis to investigate
348  whether FD and SD sites differed in their observed redistribution under precipitation
349  (Wiekenkamp etal., 2016; Singh et al., 2021). A precipitation event was defined as one
350 or more consecutive days with daily precipitation > 1 mm/day; only events with
351  cumulative precipitation > 10 mm were retained. For each event, antecedent-to-peak
352 storage changes were calculated from the event start to the event end plus a 2-day post-
353  event window. Storage changes in the shallow (0-30 cm), deep (30-60 cm), and
354  integrated (0—60 cm) layers were approximated from available in situ SM depths using
355  thickness weighting. Two metrics were evaluated: the deep-layer response ratio (30-60
356  cm storage change / precipitation) and the vertical redistribution ratio (30-60 cm / 0-30
357  cm storage change).
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358
359  2.4.3 Interpretation of ensemble behaviors
360  We used Shapley Additive Explanations (SHAP; Lundberg and Lee, 2017) to describe
361  how the final XGBoost meta-learner used its input information in the two regimes.
362 SHAP values were calculated only for the final held-out predictions and were
363  summarized by regime, depth, lead time, and feature group. Feature groups included
364  the base-model predictions, antecedent target-depth SM, cross-depth SM, and hydro-
365 meteorological covariates. We report mean absolute SHAP values to characterize
366  model reliance on each information source. These attributions describe the ensemble’s
367  predictive strategy; they are not interpreted as causal effects of individual predictors or
368 as direct evidence that a predictor physically causes predictability loss.
369
370 2.5 Environmental associations and construction of the Fast-Decay Index
371  2.5.1 Candidate site descriptors
372 We characterized each site using pre-specified soil, hydroclimatic, geographic, and
373  data-availability descriptors (Table 1). Soil matrix descriptors were extracted from
374  SoilGrids 2.0 at the six standard depth intervals (0-5, 5-15, 15-30, 30-60, 60-100, and
375 100-200 cm) (Poggio et al., 2021). Soil matrix was represented through both raw
376  measurements, including sand, silt, and clay contents as well as bulk density at six
377  standard depth intervals (0-5, 5-15, 15-30, 30-60, 60—100, and 100-200 cm) (Poggio
378  etal., 2021), and derived indices, including Thickness-Weighted Silt-dominant (TWS)
379  fraction (Wankmuler et al., 2024), texture mutation (Li and Shao, 2013), field capacity
380 (Beanetal., 2018; Kukal and Irmak, 2023), clay gradient (Obour et al., 2019), and bulk-
381  density variability (Poggio et al., 2021). The TWS was calculated as:
382 TWS; = —2%1 Alik (o)

z:k=1 di
383  where i denotes the monitoring site, k denotes the SoilGrids depth interval and K is the
384  total number of intervals; d is the thickness of layer k, and I; ;. is an indicator variable
385  equal to 1 when silt is the dominant texture fraction in layer k and 0 otherwise. In this
386  study, K=6, corresponding to the 0-5, 5-15, 15-30, 30-60, 60-100, and 100-200 cm
387  SoilGrids depths. Thus, TWS ranges from 0 to 1, with larger values indicating a greater
388  thickness-weighted proportion of silt-dominant layers within the 0-200 cm soil profile.
389  Climatic factors were summarized using statistical moments, including the mean,
390  minimum, maximum, and standard deviation of key meteorological variables over the
391  study period. Geographic context was defined by longitude, latitude, and altitude,
392 capturing the topographic and coastal-inland gradients that reflect regional moisture
393  fluxes and energy balance. Finally, data availability is defined as observation record
394  length, which presents the total number of valid SM samples included to evaluate the
395  impact of information volume on model performance. These descriptors were used to
396  explain site-to-site variation in predictability regimes; they were not supplied as static
397  predictors to the site-specific forecasting models.
398
399 Table 1. Candidate descriptors used to examine profile-scale soil-moisture
400 predictability regimes.

Category Examples Roles in the analysis Source
Soil matrix ~ Sand, silt, clay, bulk Characterize water retention, SoilGrids 2.0:
density, TWS, texture storage, and vertical . .
: . ; - Poggio et al.
mutation, field capacity, heterogeneity (2021)

clay gradient
Climatic Precipitation and Characterize recurrent ERAS5-Land;
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factors temperature means, atmospheric disturbance and Mufbz-Sabater
variability, and energy conditions etal. (2021)
extremes

Geographic  Latitude, longitude, Describe broad topographic Station

context altitude and coastal-inland setting metadata and

DEM
Data Describe the length of available  This study
S Record length .
availability data for training

401

402  2.5.2 Environmental discrimination analysis

403  We first evaluated univariate associations between candidate descriptors and FD-SD
404  membership using regime-wise distributional comparisons, Mann-Whitney U tests
405  (Mann & Whitney, 1947), and Receiver Operating Characteristic-Area Under the Curve
406  (ROC-AUC). The AUC scores are as defined:

407

408 AUC = [ TPR(FPR)FPR (3)

409  where, TPR = " _and FPR = —= ,and TP, FN, FP, and TN denote true positives,
TP+FN FP+TN

410 false negatives, false positives, and true negatives, respectively. Because the FD and
411 SD regime sample sizes were not always equal across threshold-domain tests, BACC

412 was used alongside AUC to account for class imbalance:
TPR+TNR

413 BACC = T (4)
414  where TNR = TNTiVFP is the true-negative rate. BACC ranges from 0.5 to 1.

415

416  We next evaluated pre-specified low-dimensional combinations of soil and climatic
417  descriptors using shallow decision-tree classifiers and class-weighted logistic
418  regression. For decision tree, we set the model at the settings of maximum depth =
419 min(3, number of input features) and minimum leaf size = 4, under stratified K-fold
420  cross-validation, to ensure the small-sample conditions of this study (n = 73 sites).

421 Logistic regression was fitted after median imputation and standardization, with class
422 weighting used to address class imbalance under the K-fold cross-validation to optimize
423  the classifier. The AUC values were used to assess the ability of each factor
424  combination to discriminate regime membership. Cross-validation results under both
425 random and stratified K-fold configurations for all two-factor combinations are
426  provided in Table S5. This K-fold cross-validation was conducted using different
427  numbers of folds (<5) with the two-class count (Kohavi, 1995).

428

429  2.5.3 Threshold analysis and the Fast-Decay Index

430  We used threshold-based quadrant searches to identify the FD regime domains (Tyagi
431 et al.,, 2022; Lisonbee et al., 2021). Candidate thresholds were drawn from observed
432 unique values for discrete variables or from a 10th—90th percentile grid for continuous
433  variables. Candidate domains were retained only when at least five training sites
434 occurred both inside and outside the domain. The identified domains were validated
435  based on three criteria: their BACC for two regimes, their statistical significance via
436  Fisher’s exact test, and the physical divergence of their error-growth dynamics via
437  group-wise statistical comparisons. Based on the identified FD regime domain, we
438  defined two dimensionless threshold-relative margins:

|P, -P 1 |ITWS-TWS 1
439 u= max thres. , v = thres. (5)
sd(Pmax) sd(TWS)

440  where B4, and TWS is the site-level maximum daily precipitation and TWS, and
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441  sd(Bpqy) and sd(TWS) are the corresponding standard deviations estimated from the
442  training sites, and Pypy.os. and TW S5 are the identified thresholds. Positive values of
443  both margins indicate high precipitation disturbance and limited silt-dominant profile
444  buffering, respectively. We combined the margins using a smooth-minimum function
445  as:

446  FDI = —%ln In(e Pt +e P?), B=1()

447  where S controls the smoothness of the minimum. The FDI is high only when both
448  required conditions are met, because it is governed primarily by the weaker of the two
449  margins. It is dimensionless and uses soil-profile and historical precipitation
450 information that can be assembled before fitting a site-specific SM forecasting model.
451 We therefore interpret it as a physically informed candidate for pre-modeling
452 assessment.

453

454 3. Results

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

456  On the final held-out period, the optimized stacking ensemble was the best-performing
457  configuration within the evaluated model library across the 1-14-day forecast horizon.
458  Fig. S6 shows that its advantage was retained across the East, PRD, North, and West
459  subregions (Fig. S3), while Fig. S7 compares it with the strongest single base learner
460 LightGBM (LGBM), a simple averaging ensemble, and alternative stacking-input
461  configurations. We therefore use the stacking ensemble as an empirical high-
462 performance benchmark for the subsequent analysis of site-level SM predictability.
463  The stacking ensemble consistently achieved lower NRMSEsq than LGBM, the
464  strongest individual base learner, across target depths and lead times (Fig. 3a—c).
465  Relative reductions in NRMSEsq at 1- and 7-day lead times were 47% and 22% at 10
466 cm, 30% and 21% at 30 cm, and 58% and 36% at 60 cm, respectively. The density
467  estimates also indicate that the stacking ensemble reproduced the observed SM
468  distribution more closely than LGBM at both lead times, including the central mode
469 and distributional spread. These gains demonstrate the value of combining
470  complementary model architectures and provide a consistent basis for comparing
471 forecast-skill trajectories among sites.
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473 Figure 3. Soil moisture forecast skill of the stacking ensemble across depths and its
474  spatial heterogeneity across Guangdong Province. (a—c) Kernel-density estimates of
475  observed and forecast volumetric soil moisture at (a) 10 cm, (b) 30 cm, and (c) 60 cm.
476  The distributions, constructed from the held-out samples, are shown for observations
477  (Obs), the stacking ensemble (S), and the strongest single base learner, LightGBM (L),
478  at 1- and 7-day lead times; for example, S7 denotes the stacking forecast at a 7-day lead
479  time. Insets report the corresponding standard-deviation-normalized root-mean-square
480  error (NRMSEs). (d) Site-level mean NRMSEsq of the stacking ensemble, averaged
481  over the three target depths and all 14 lead times. (e) Site-level NRMSEsw growth rate,
482  calculated from the linear NRMSEs—lead-time relationship after averaging across the
483  three target depths. Grey circles denote sites with a nominal linear-trend p value > 0.05.
484

485  However, spatial analysis of the stacking ensemble shows remarkable heterogeneity.
486  We averaged NRMSEstd across all depths and lead times (Fig. 3d) and estimated the
487  NRMSEstd growth rates for the three target depths (Fig. 3e). Sites in the northeast,
488  characterized by low runoff fluctuation (Fig. 1c) and weak precipitation disturbances
489  (Fig. 1d), showed relatively low mean NRMSEsq and high growth rates. Nevertheless,
490 neither metric aligned systematically with regional temperature (Fig. 1a) or
491  precipitation (Fig. 1b) disturbances. In addition, the mean values and the decay rate did
492  not show comprehensive consistency (Fig. 3d-€). The resulting predictability landscape
493  was spatially fragmented, with only weak correspondence to the broad regional patterns
494  of air-temperature and precipitation variability shown in Fig. 1a-b. This descriptive
495  comparison does not by itself identify a physical cause of the fragmentation. Instead, it
496  motivates the profile-scale regime analysis and the subsequent tests of whether local
497  soil properties and rainfall disturbances are associated with contrasting forecast-skill
498  trajectories.

499

500 3.2 Distinct predictability regimes and their temporal-complexity signatures

501  We clustered the sites by K-means method based on the 1-14-day NRMSEsq
502 trajectories, which combined three target depths and 14 lead times. Among the
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candidate solutions with two to five clusters, the two-cluster solution had the highest
silhouette score (Fig. S5). Fig. 4a shows the spatial distribution of recognized regimes
and Fig. 4b visualizes the grouped time-wise NRMSEsyq trajectories into two regimes.
The clustering partitioned the sites into two distinct regimes: fast-decay regime (FD, 31
sites) and slow-decay regime (SD, 32 sites). The two regimes were intermingled at fine
spatial scales across the province, and the only exception was the PRD, where nearly
all sites belonged to the high-predictability regime, implying that predictability is
controlled by local land-surface and soil features rather than by large-scale climatic
Zones.
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Figure 4 Predictability regime classification and temporal-complexity diagnostics. (a)
Spatial distribution of fast-decay (FD; red) and slow-decay (SD; blue) sites across
Guangdong Province. Grey points denote sites excluded from clustering because a
complete 1-14-day held-out forecast-skill profile was unavailable. The three counts
must sum to the total number of monitoring sites. (b) Regime-wise trajectories of depth-
averaged standard-deviation-normalized root-mean-square error (NRMSE:stq) across 1—
14-day lead times. Solid lines show site means and shaded bands show interquartile
ranges. (c) Distributions of multiscale SampEn (scale = 3 days) for FD and SD sites,
with AUC and p-value from the Mann-Whitney U test. (d) Association between the
site-level NRMSEsg growth rate and multiscale SampEn at the 3-day scale. Only sites
with multiscale SampEn available shown.

The observed SM series also showed a moderate, model-independent separation
between the two regimes. SampEn was higher at FD than at SD sites (two-sided Mann—
Whitney U test; ROC-AUC = 0.69; Fig. 4c), indicating that FD sites tended to have less
temporally regular SM dynamics at the evaluated scale. The positive association
between SampEn and the NRMSEsw growth rate (Spearman’s p= 0.44; Fig. 4d) further
shows that sites with more complex observed SM trajectories tended to lose forecast
skill more rapidly with lead time. These results confirm that the two predictability
regimes are not model-dependent but reflect intrinsic differences in the underlying SM
dynamics.
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536 3.3 Hydrological-response and ensemble-behaviour diagnostics across
537  predictability regimes

538  3.3.1 Contrasting event-scale soil-water responses to precipitation disturbances
539  The two regimes exhibited contrasting model behaviour in response to precipitation
540  disturbances. Figs 5a and 5b present two representative sites that illustrate this contrast.
541 The Maoming and Yangjiang sites are geographically close and experienced
542 precipitation disturbances with similar timing and magnitude. Under similar
543  precipitation forcing, their contrasting soil-water responses can be attributed to
544  differences in soil hydraulic properties and profile structure. At the site with lower silt
545 dominance (Maoming; Fig. 5a), limited capillary buffering and higher unsaturated
546  hydraulic conductivity allow precipitation pulses to propagate rapidly into deeper layers,
547  producing a strong subsurface response. In contrast, the silt-rich profile at Yangjiang
548  (Fig. 5b) retains water within the soil matrix through stronger capillary forces, thereby
549  damping wetting-front propagation and preserving antecedent soil-moisture memory.
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Figure 5. Contrasting observed soil-water responses and stacking-ensemble forecast
behaviour during precipitation disturbances in FD and SD regimes. (a, b) Observed and
stacking-ensemble-predicted SM at 30 cm depth for illustrative (a) FD (Maoming;
22.35N, 110.93E) and (b) SD (Yangjiang; 21.61N, 111.58<E) sites during the final
test period. The forecast lead time shown in these panels must be stated explicitly (h =
14 days). Daily precipitation (Precip., bars) is shown as observed diagnostic context.
The red line denotes the stacking-ensemble forecast and the pink band denotes the
interquartile range of the 18 base-learner predictions. (c, d) Box plots of the (c) deep-
layer response ratio (30-60 cm storage change / precipitation) and (d) vertical
redistribution ratio (30-60 cm / 0-30 cm storage change) at FD and SD sites; each point
denotes a site, and p-values are from Mann-Whitney U tests between FD and SD
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564  This divergence was also evident across the study domain, where the two regimes
565  differed markedly in both the deep-layer response ratio and the vertical redistribution
566  ratio (Figs. 5¢ and 5d). FD sites exhibited a significantly stronger deep-layer (30-60
567  cm) response (0.08 versus 0.03; p = 0.005; Fig. 5¢) and a higher vertical redistribution
568  ratio (0.35 versus 0.25; Fig. 5d). These results indicate that FD sites experience more
569  pronounced vertical redistribution and deeper penetration of precipitation inputs, which
570 may contribute to a more rapid loss of forecast skill following precipitation events.
571  Supplementary Fig. S8 provides event-scale diagnostics of the deep-layer response and
572 vertical redistribution ratios across all sites, showing consistent response patterns.

573

574  3.3.2 Divergent predictive strategies of the stacking meta-model

575  Figure 6 characterizes how the stacking meta-model allocated predictive attribution
576  among its input features across the two predictability regimes. For each prediction at
577  each site, the relative contribution of a predictor was calculated as the absolute value of
578 its SHAP value divided by the sum of absolute SHAP values across all meta-model
579  predictors. The resulting contributions therefore represent relative attribution shares
580 under the fitted feature representation. Mean contributions of the three predictor groups
581 including raw antecedent MV, Preds, and antecedent SM states (SMi + SMs) are shown
582  in Figs. 6a, 6d, and 6g and summarized in Table S6.

583  Across all three target depths, the SD regime received a larger relative SHAP share
584  from raw antecedent MV, whereas the FD regime received a larger share from base-
585  model predictions. This difference should be interpreted conditionally: the base-model
586  predictions were themselves generated from the same antecedent MV and SM
587  information used as raw inputs to the meta-model. The relative contribution share of
588  raw antecedent MV remained higher in the SD regime across the 1-14-day lead times,
589  and the separation between regimes became more pronounced with increasing target
590 depth (Figs. 6b, 6e, and 6h). Within the base-model-prediction group, the relative
591  contribution share of the Bayesian-ridge (BY) prediction increased at FD sites,
592  particularly at deeper depths, whereas the relative share of the LGBM prediction
593  decreased with lead time (Figs. 6c, 6f, and 6i).

594
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595
596  Figure 6 Regime-dependent predictor contribution patterns in the stacking meta-model

597 diagnosed by SHAP. (a, d, g) Mean relative SHAP contribution proportions of raw
598  antecedent meteorological variables (MV), base-model predictions (Preds), and
599  antecedent SM states (SMi + SMs) for the FD and SD regimes at target depths of 10,
600 30, and 60 cm, respectively; error bars indicate standard errors across sites.
601  Contribution proportions were calculated from normalized absolute SHAP values for
602  each held-out prediction. (b, e, h) Lead-time evolution of the mean relative contribution
603  proportion of MV for the FD and SD regimes at 10, 30, and 60 cm, respectively; shaded
604 bands indicate interquartile ranges across sites. (c, f, i) Lead-time evolution of the
605  relative contribution proportions assigned to the linear Bayesian-ridge (BY) and tree-
606  based LightGBM (LGBM) base-learner predictions for the FD and SD regimes at 10,
607 30, and 60 cm, respectively; shaded bands indicate interquartile ranges across sites.
608

609  Overall, the results show regime-dependent attribution patterns in the stacking meta-
610 model. At FD sites, a larger relative attribution share was assigned to base-model
611  predictions, particularly to the BY prediction feature at greater depths, whereas raw
612  antecedent MV received a smaller share. It might because raw predictors and base-
613  model outputs are correlated, these patterns describe conditional model attribution
614  rather than independent contributions from distinct information sources. They are
615  consistent with the contrasting hydrological responses identified above.

616

617 3.4 Joint environmental associations with predictability regimes

618  3.4.1 Single-variable screening and two-variable discrimination

619  Fig. 7a summarizes the ability of individual site descriptors to discriminate between the
620 FD and SD regimes. Among the environmental descriptors, TWS was one of the
621  strongest individual discriminators (AUC=0.72, p<0.01). Nevertheless, its distribution
622  overlapped substantially between regimes, including at both low and high values of
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TWS (Fig. 7c). TWS alone therefore did not provide a deterministic separation of the
two regimes. Record length (Len.) showed a similarly high AUC (0.72, p < 0.01), with
median record lengths of 2529 and 573 days in the two regimes (Fig. 7f). This result
identifies data availability as a potential confounder rather than a hydrological driver of
regime membership (Kratzert et al., 2019). Although sites with long records occurred
in both regimes, record length was retained in the subsequent sensitivity and adjusted
analyses. Among climatic descriptors, Pmax showed the strongest regime separation,
with a median of 55.4 mm/day at FD sites compared with 37.6 mm/day at SD sites
(AUC =0.71, p < 0.01). Altitude also had moderate univariate discriminatory ability,
but its association with regime membership was no longer significant after accounting
for Pmax and TWS (partial Spearman’s p=0.19; Table S7). Collectively, the overlap
among single-variable distributions indicates that no individual descriptor can
adequately distinguish the two regimes. Distributional comparisons for the remaining
candidate descriptors are provided in Fig. S9.
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Figure 7. Single-variable and two-variable environmental discrimination of the FD and
SD predictability regimes. (a) Single-variable ROC-AUC values for candidate site
descriptors grouped into soil properties, hydroclimatic conditions, geography, and data
availability; FD was treated as the positive class. (b) Leave-one-site-out cross-validated
balanced accuracy (CV BACC) of the six best-performing two-variable combinations.
Variable-pair selection and classifier fitting were conducted using training sites only
within each fold. (c—f) Distributions of selected descriptors in the FD and SD regimes:
(c) thickness-weighted silt-dominant fraction (TWS), (d) maximum daily precipitation
(Pmax), (e) altitude, and (f) observation-record length. Individual sites are overlaid as
points. AUC values and Mann-Whitney U-test p values are reported for each descriptor.

Two-variable screening showed that combinations of TWS with precipitation statistics
consistently yielded the strongest cross-validated discrimination. In particular, the
combination of TWS and Pmax, and that of TWS and precipitation variability (Pstd),
achieved the highest leave-one-site-out cross-validated AUC and BACC among the
evaluated linear and decision-tree classifiers (Table S8). Variable pairs without TWS
generally performed less well, indicating that TWS was repeatedly included in the most
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655  informative two-variable combinations. Restricting the comparison to pairs among the
656  four leading individual descriptors (TWS, Pmax, altitude (Alt.), and Len.) produced the
657  same ranking (Fig. 7b): the [TWS, Pmax] combination achieved the highest BACC
658 (0.74), followed by [Pmax, altitude] and [TWS, altitude] (both 0.72), whereas
659  combinations involving record length ranked lower. We therefore selected TWS and
660  Pmax for threshold analysis because this pair combined the strongest internally cross-
661  validated discrimination with a physically interpretable representation of soil-profile
662  texture and precipitation extremes. Its association with regime membership remained
663  after accounting for record length in sensitivity analyses (Table S9).

664

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

666  The nested threshold analysis identified a joint precipitation-soil domain characterized
667 by higher Pmax and lower TWS (representative thresholds: Pmax > 28 mm/day and
668 TWS < 0.7; Fig. S10). The observed proportion of FD sites was 73.5% within this
669  domain, compared with 17.9% outside it (Fig. 8a). Many FD sites also had very low
670  TWS values (<0.25). The inverse spatial pattern of silt and sand content shown in Fig.
671  S11 provides regional context for this pattern, but does not establish an independent
672  causal role of sand content. The cross-validated FDI was significantly higher at FD than
673  at SD sites (Fig. 8b) and achieved an out-of-site ROC-AUC of 0.82. This performance
674  exceeded that of either Pmax or TWS alone (AUC =0.71 and 0.72, respectively). Cross-
675  validated FDI was also positively associated with Day 1-14 error growth ((\rho) = 0.46;
676  Fig. 8c), showing that stronger joint exposure to higher precipitation extremes and
677  lower TWS corresponded to more rapid deterioration of forecast skill across held-out
678  sites. Sites in the upper FDI tertile had a higher frequency of FD membership than those
679 in the lower tertile (76.2% versus 14.3%; odds ratio = 19.2; Fisher’s exact p < 0.001).
680  The association between FDI and error growth remained significant after accounting
681  for record length and altitude (Table S10).



https://doi.org/10.5194/egusphere-2026-5166
Preprint. Discussion started: 19 October 2026
(© Author(s) 2026. CC BY 4.0 License.

682
683

684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701
702
703
704
705
706
707
708

c

1
| ® SD
100 1 Le® o8 e % ® e P
A lew
0.75 - i = _
7 H L - -- SR ¢ T [ S ——
) § ® — ]
E 0.50 - / ) ® - ——
; A - —-
1 N -
0.25 | / P — e
v V7 = FD regime domains
0.00 o %Wee® e %%, o o° o° o “BAcC-orar
i / - ——
T . T T T T T
20 40 60 80 100 120
Pmax (mm)
1.5
(b) p< 0.001 % 08
5 10 i o° 1
(=) .U A L]
iy .'e ,..l. . 05 - A
8 o5 ®e & 02 .-
£ ® —e%e— » L
O = e @@~ m e —— e ————————]
§ 0.0 - 0- 32 \e ... Gy % 0.0
G < o | < 0.2
» —0.5 L/
N :.I_s 054 o PY Spearman p = 0.46
10 4 084 e p < 0.001
T T T T T T T T
SD FD 1.0 05 0.0 05 1.0 15

Fast-decay index (FDI)

Figure 8. Cross-validated precipitation—soil threshold domain and Fast-Decay Index
(FDI). (a) Two-variate distribution of Pmax and TWS for SD and FD sites. Dashed
lines show the representative thresholds, Pmax=28 mm/day and TWS=0.7, identified
by the nested threshold analysis. Background shading and contours show the
continuous FDI field for visualization, and marginal histograms show pooled site
distributions. All reported discrimination metrics and site-level FDI scores were
calculated using thresholds selected from training sites only within each leave-one-site-
out fold. (b) Distribution of cross-validated FDI scores for FD and SD sites; the p value
is from a Mann—Whitney U test. (c) Relationship between cross-validated FDI and the
increase in NRMSEgq from Day 1 to Day 14, across all sites.

Together, these results identify the FDI as a physically informed, internally cross-
validated candidate indicator for pre-modeling assessment of SM predictability within
the Guangdong monitoring network. Independent evaluation in a separate monitoring
network or region is required before broader operational application.

4. Discussion

This study demonstrates that the spatial divergence in data-driven SM predictability is
primarily dictated by localized hydrological characteristics, governed by the interaction
between TWS and Pmax. Using a common forecasting design across the monitoring
network, we identified two profile-scale predictability regimes with contrasting lead-
time error-growth trajectories. Our findings highlight local hydrological processes as
the primary control on forecast performance, rather than studies on ML architectures
(Fang et al., 2017), feature selection (Saboori et al., 2025), or data quality (Jeung et al.,
2026). Using site-specific stacking ensembles to establish empirical predictability
benchmark (Fig. 3), we identified two distinct forecast skill regimes (Fig. 4) driven by
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709  contrasting model behaviors during precipitation disturbances (Figs. 5-6).
710  Environmental diagnostic analysis confirms that hydrological controls govern these
711 regime dynamics (Fig. 7). Importantly, the joint threshold identified here enables a
712 practical pre-modeling assessment tool to evaluate site suitability for data-driven
713 forecasting (Fig. 8). The following sections discuss the scope of the empirical forecast-
714 skill benchmark (Sect. 4.1), the robustness and hydrological interpretation of the
715  identified regimes (Sect. 4.2), and the extent to which the empirical patterns are
716  consistent with simulations from a physics-based SM model (Sect. 4.3).

717

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

719  The stacking ensemble was designed to reduce dependence on a single architecture
720  when estimating site-level forecast skill. It used meteorological variables (MV), target-
721 and non-target-depth SM states (SMi and SMs), day of year, and a daily sequence index
722 within a 7-day lookback window, consistent with previous SM forecasting studies (Pan
723 etal, 2019; Li et al., 20223a; Xu et al., 2024; Wu et al., 2025). The base learners were
724  selected to span broad categories of model architectures, ensuring that the ensemble
725  captured a wide range of inductive biases. Linear models such as BY served as robust
726  base learners and are known to perform well when SM dynamics follow smooth, quasi-
727  linear trajectories (Pan et al., 2019). Tree-based ensembles such as RF and LGBM were
728  also included for their ability to model nonlinear interactions and their strong empirical
729  track record in SM prediction (Chen et al., 2024; Xu et al., 2024). The base learners
730 spanned linear, tree-based, and deep-learning approaches. Bayesian ridge (BY)
731 provides a robust linear baseline (Pan et al., 2019), whereas RF and LGBM represent
732 nonlinear interactions (Chen et al., 2024; Xu et al., 2024). LSTM and an attention-
733 augmented LSTM were included to capture temporal dependencies (Fang et al., 2019;
734  Datta and Faroughi, 2023).

735 Within the evaluated library, greater architectural complexity did not necessarily
736  improve held-out performance: the attention-augmented LSTM and EDLSTM did not
737  outperform the standard LSTM (Fig. S12). We therefore used stacking to integrate
738  diverse base learners. The XGBoost meta-model combined base-model predictions
739 with the original antecedent predictors (Tahmouresi et al., 2024), and this augmented
740  representation outperformed the strongest individual learner, a simple averaging
741 ensemble, and alternative stacking-input configurations (Figs. S6 and S7). Although
742 raw predictors and base-model outputs share the same historical information, the latter
743 provide learned transformations that can complement the original inputs during
744  precipitation disturbances (Figs. 5a-b).

745  The optimized ensemble achieved a site-averaged RMSE of 1.2% at Day 1 and 2.7% at
746  Day 14 across target depths (Fig. S13), broadly comparable with recent 1-14-day SM
747  forecasts based on ConvLSTM, hybrid deep-learning, and regional approaches (Xu et
748  al., 2023; Li et al., 2025; Rabiei et al., 2025; Xiong et al., 2025). Direct cross-study
749  comparisons remain limited by differences in data and evaluation protocols.
750  Nevertheless, the ensemble consistently performed best among the tested
751 configurations; its NRMSEstd trajectories (Fig. S4) therefore provide an empirical
752 forecast-skill benchmark within the evaluated model and information space. Additional
753 distributional and regime-stratified SHAP comparisons are shown in Figs. S14 and S15.
754  Because future meteorological forcing was withheld, this benchmark reflects
755  forecastability recoverable from antecedent states rather than the upper limit of an
756  operational system using future weather forecasts.

757

758 4.2 Robustness and hydrological interpretation of the predictability regimes
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759  The classification of regimes was robust to the main analytical choices. The two-cluster
760  solution was supported by the clustering diagnostics (Fig. S5), and the regime
761  assignments remained consistent when clustering was repeated using baseline-adjusted
762 error-growth profiles. SampEn, calculated directly from the observed SM series, was
763 higher at FD sites and positively associated with NRMSEstd growth rate (Fig. 4c-d);
764  this pattern was robust across parameter settings (Fig. S16). The two approaches differ
765  in both design (unsupervised versus model-agnostic) and basis (predictive performance
766 versus SM dynamics). Their consistency indicates that the regime divergence reflects
767  genuine differences in local soil water behavior, not methodological choices.

768  The event-scale analysis provides a hydrological interpretation of this distinction. FD
769  sites showed stronger deep-layer responses and higher vertical redistribution ratios
770  following precipitation events (Fig. 5¢—d), consistent with more rapid redistribution of
771 rainfall inputs and a shorter recoverable memory in the antecedent 7-day history.
772 Similar links between soil texture, drainage, and SM memory have been reported
773 previously (Martmez-Fern&ndez et al., 2021; McColl et al., 2017). SHAP-based
774  interpretations (Fig. 6) further confirm that this weak hydrological coupling introduces
775  severe inter-event non-stationarity in the meteorological forcing-SM relationship. As a
776  result, the meta-model struggles to learn stable diagnostic features at FD sites; the
777  frequent disruption of nonlinear input-state trajectories forces the model to default to
778  robust linear base-learners (BY) to mitigate error growth, a strategy that becomes
779  paramount at deeper layers and longer lead times where dynamics mimic stochastic
780  processes, consistent with the current findings (Pal et al., 2016). In sharp contrast, the
781  intact physical continuity and memory retention at SD sites enable the persistent
782  exploitation of nonlinear architectures (LGBM) for forcing-state mapping, securing
783 high-fidelity predictability.

784  The predictability regimes identified from the joint effect of TWS and Pmax proved
785  robust under multiple lines of evaluation. The environmental controls from single-
786  factor to two-factor combinations analysis were based on consistent results emerging
787  across independent validation methods (Tables S6-S8). Notably, data record length,
788  which previous studies have associated with predictability limits (Jeung et al., 2026),
789  could not fully account for the regime divergence in our study domain (Fig. 7; Fig. S17).
790 In total, the convergence of these empirical diagnostics cross-validates the robust
791 physical foundation of our regime framework. Despite spatial sampling limitations
792  arising from the predominance of loam-textured soils across the monitoring network
793  (Fig. S11), the emergent trend linking joint soil-precipitation thresholds to
794  predictability degradation exhibits strict consistency. The strong significant association
795  between the FDI and NRMSEsw (Fig. 8c) indicates that proximity to the joint
796  precipitation-soil FD domain corresponds to a continuous increase in forecast-error
797 growth.

798

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

801  To assess whether the observed regime differences are consistent with physically
802  simulated soil-water dynamics, we solved the one-dimensional Richards equation at
803 each site and diagnosed the partitioning of vertical fluxes under contrasting
804  meteorological conditions (Methods S1). The Richards equation is used here as
805  process-based diagnosis. We decomposed the simulated vertical flux into gravitational
806  (qg) and capollary/diffusive (qc) components and compared their relative magnitudes
807 on rainfall and no-rainfall days. A higher gravity-to-capillary flux magnitude ratio
808  (Qg¢/qc) indicates a larger relative role of gravity-driven downward transport, where as a
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lower ratio indicates stronger control by matric-potential gradients.

Fig. 9 shows contrasting simulated flux partitioning between the two regimes. On
precipitation days, FD sites exhibited a substantially higher qq¢/gc than SD sites, whereas
the difference was smaller under no-precipitation conditions. In contrast,
capillary/diffusive fluxes remained relatively more important at SD sites under both
weather conditions. These simulated patterns are consistent with the event-scale
observations: FD sites showed stronger deep-layer responses and vertical redistribution
following precipitation (Fig. 5¢c-d), while SD sites retained a more gradual soil-water
response. By contrast, FD-domain sites, characterized by lower TWS and higher Pmax,
showed a marked hydrodynamic transition during rainfall. Under no-rainfall conditions,
their flux partitioning was broadly similar to that of SD sites. During intense rainfall,
however, the qg/gc increased substantially above its baseline level and exceeded the
response at SD sites. In these low-silt profiles, strong boundary forcing can rapidly
increase soil wetness, weaken the matric-potential gradient, and increase the relative
contribution of gravity-driven downward transport. Capillary control consequently
becomes less dominant, and infiltration shifts towards a gravity-dominated downward
pulse.

Rainfall days No-rainfall days
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Figure 9. Partitioning of gravity-driven and capillary-diffusive fluxes reveals the
hydrodynamic mechanism underlying predictability-regime divergence. (a, b)
Fast-decay (FD) and (c, d) slow-decay (SD) regime flux magnitude (cm day*; log scale)
of the gravity component (qg, orange) and the capillary/diffusive component (qc, teal)
of the Richards equation on (a, ¢) precipitation days and (b, d) no-precipitation days. P-
value, and the median gravity-to-diffusion ratio (qg/qc) are annotated in each panel.

This rainfall response can reduce the persistence of antecedent SM by rapidly
redistributing water through the profile and decoupling post-event states from pre-event
trajectories. The resulting inter-event non-stationarity is consistent with the meta-model
assigning greater relative importance to robust linear base-learner predictions and less
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838  to nonlinear LGBM predictions at FD sites (Fig. 6). Together, the Richards-equation
839  diagnostics and the data-driven analyses suggest that the observed forecast-skill
840  divergence is strongly associated with threshold-like precipitation-soil controls on
841  vertical infiltration and SM-memory persistence, rather than arising solely from
842  deficiencies of a particular statistical model.

843

844 4.4 Limitations

845  Several limitations should be considered. First, the study is restricted to 73 stations in
846  a humid subtropical region of southern China; the TWS-Pmax thresholds and FDI
847  therefore require independent evaluation in arid, temperate, and other hydroclimatic
848  settings. Soil properties were extracted pointwise from SoilGrids and may not represent
849  sub-grid heterogeneity at individual monitoring sites. The identified regimes should
850 also be tested with additional monitoring networks and forecasting architectures.
851  Moreover, because the present forecasts exclude meteorological forcing after
852 initialization, the conclusions apply to predictability from antecedent information and
853  may differ for operational systems using numerical weather predictions.

854  Second, the inferred redistribution mechanism is based on event-scale SM responses
855  and Richards-equation simulations, rather than direct observations of infiltration rates,
856  hydraulic gradients, or deep drainage. Independent hydraulic measurements or tracer-
857  based field experiments would provide stronger tests of the proposed rainfall-response
858  mechanism. Vegetation dynamics (Seneviratne et al., 2010), irrigation (Zha et al., 2025),
859  and land-use change (te Wierik et al., 2021) may also contribute to unexplained site-
860 level variability.

861  Finally, record length differed systematically between regimes and may affect model
862  training and the precision of skill estimates. Although adjusted and stratified analyses
863 indicated that record length did not fully explain the TWS-Pmax association, they
864  cannot eliminate this confounding effect. Equal-length resampling and network-
865  specific analyses are therefore necessary to isolate data-availability effects more
866  comprehensively.

867

868 4.5 Implications

869  Within the Guangdong monitoring network, the FDI provides a candidate pre-modeling
870  screening diagnostic based on site descriptors that can be assembled before fitting a
871  site-specific SM forecasting model. It identifies soil-precipitation conditions associated
872  with faster forecast-skill decay, rather than guaranteeing poor or high skill at an
873 individual site. Independent validation in other networks and hydroclimatic regions is
874  required before operational use.

875  The results nevertheless suggest a route towards regime-aware model development.
876  Rather than prescribing a single optimal architecture, the FDI could guide targeted
877  comparisons of model configurations, uncertainty treatment, and observation
878  requirements across contrasting soil—precipitation settings. In data-sparse regions,
879  monitoring design could similarly complement geometric spacing by ensuring coverage
880  of key environmental gradients associated with different soil-water responses (Zhu et
881 al., 2020).

882  More broadly, the study illustrates the potential of process-aware machine learning, in
883  which physically interpretable landscape descriptors guide model development and
884  evaluation (Reichstein et al., 2019; Slater et al., 2023). Such information can reduce
885  purely trial-and-error model selection, but it does not replace empirical validation of
886  forecasting performance at new sites.

887
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888  Conclusions

889  This study assessed the spatial heterogeneity of data-driven SM predictability across 73
890  monitoring sites in Guangdong Province. Using a site-specific stacking ensemble as an
891  empirical forecast-skill benchmark, we identified fast- and slow-decay regimes with
892  contrasting lead-time error-growth trajectories. Higher sample entropy at FD sites
893  provided complementary evidence of less temporally regular SM dynamics. Nested
894  leave-one-site-out analyses showed that FD membership was associated with the joint
895  occurrence of lower thickness-weighted silt dominance (TWS<0.7) and higher
896 maximum daily precipitation (Pmax>28 mm/day). Event-scale observations and
897  Richards-equation diagnostics were consistent with this association: FD-domain sites
898  showed stronger gravity-relative vertical transport during rainfall, deeper redistribution,
899 and more rapid loss of antecedent SM persistence. These conditions were also
900 accompanied by a greater relative contribution of linear base-learner predictions in the
901  stacking meta-model. The resulting FDI provides an internally cross-validated
902 candidate diagnostic for pre-modeling assessment within the Guangdong monitoring
903  network. It can help identify sites where forecasts based on antecedent information are
904 more likely to lose skill rapidly and where additional process representation,
905  observations, or uncertainty treatment may be valuable. Independent validation across
906  networks and hydroclimatic regions is needed before broader operational use. Overall,
907 the study provides a process-aware framework for linking local soil-precipitation
908  conditions to data-driven SM forecastability.

909

910  Acknowledgments

911  The study was partially supported by the National Natural Science Foundation of China
912 (42375144, 4227515 and 42205149), Fundamental and Interdisciplinary Disciplines
913  Breakthrough Plan of the Ministry of Education of China (JYB2025XDXM902),
914  Guangdong Basic and Applied Basic Research Foundation (2021B0301030007) and
915  China Meteorological Administration Youth Innovation Team (CMA2024QN01). F.H.
916  acknowledges a PhD scholarship from the China Scholarship Council (202306380183).
917 F.H., G.C. and M.P. acknowledge the Horizon project AI4PEX (grant agreement
918  101137682). Z.L. was supported by the China Scholarship Council (CSC, No.
919  202506350059).

920

921  References

922  Ahmad, S. K., Kumar, S. V., Draper, C., and Reichle, R. H.: Challenges in unifying
923  physically based and machine learning simulations through differentiable modeling:
924 A land surface case study, Geophys. Res. Lett., 52, e2024GL 112893,

925  https://doi.org/10.1029/2024GL112893, 2025.

926  Bean, E. Z., Huffaker, R. G., and Migliaccio, K. W.: Estimating field capacity from
927  volumetric soil water content time series using automated processing algorithms,

928  Vadose Zone J., 17, 180073, https://doi.org/10.2136/vzj2018.04.0073, 2018.

929  Bennett, A., Nijssen, B., Ou, G., Clark, M. P., and Nearing, G. S.: Quantifying

930  process connectivity with transfer entropy in hydrologic models, Water Resour. Res.,
931 55, 4613-4629, https://doi.org/10.1029/2018WR024555, 2019.

932  Beven, K. and Germann, P.: Macropores and water flow in soils revisited, Water

933  Resour. Res., 49, 3071-3092, https://doi.org/10.1002/wrcr.20156, 2013.

934  Breiman, L.: Stacked regressions, Mach. Learn., 24, 49-64,

935  https://doi.org/10.1007/BF00117832, 1996.

25



https://doi.org/10.5194/egusphere-2026-5166
Preprint. Discussion started: 19 October 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

936  Brooks, J. R., Barnard, H. R., Coulombe, R., and McDonnell, J. J.: Ecohydrologic
937  separation of water between trees and streams in a Mediterranean climate, Nat.

938  Geosci., 3, 100-104, https://doi.org/10.1038/ngeo722, 2010.

939  Chen, P.-Y., Chen, C.-C., Kang, C., Liu, J.-W., and Li, Y.-H.: Soil water content

940  prediction across seasons using random forest based on precipitation-related data,
941  Comput. Electron. Agric., 230, 109802,

942  https://doi.org/10.1016/j.compag.2024.109802, 2025.

943  Chou, C. M.: Applying multiscale entropy to the complexity analysis of rainfall-

944  runoff relationships, Entropy, 14, 945-957, https://doi.org/10.3390/e14050945, 2012.
945  Chrysanthopoulos, E. and Kallioras, A.: Temporal and geographic extrapolation of
946  soil moisture using machine learning algorithms, Catena, 257, 109156,

947  https://doi.org/10.1016/j.catena.2025.109156, 2025.

948  Costa, M., Goldberger, A. L., and Peng, C.-K.: Multiscale entropy analysis of

949  complex physiologic time series, Phys. Rev. Lett., 89, 068102,

950  https://doi.org/10.1103/PhysRevL ett.89.068102, 2002.

951  Costa, M., Goldberger, A. L., and Peng, C.-K.: Multiscale entropy analysis of

952  biological signals, Phys. Rev. E, 71, 021906,

953  https://doi.org/10.1103/PhysRevE.71.021906, 2005.

954  Dai, Y., Zeng, X., Dickinson, R. E., Baker, 1., Bonan, G. B., Bosilovich, M. G.,

955  Denning, A. S., Dirmeyer, P. A., Houser, P. R., Niu, G., Oleson, K. W., Schlosser, C.
956 A.,and Yang, Z.-L.: The Common Land Model, Bull. Am. Meteorol. Soc., 84, 1013-
957 1024, https://doi.org/10.1175/BAMS-84-8-1013, 2003.

958  Datta, P. and Faroughi, S. A.: A multihead LSTM technique for prognostic prediction
959  of soil moisture, Geoderma, 433, 116452,

960  https://doi.org/10.1016/j.geoderma.2023.116452, 2023.

961  Dorigo, W., Himmelbauer, I., Aberer, D., Schremmer, L., Petrakovic, I., Zappa, L.,
962  Preimesberger, W., Xaver, A., Annor, F., Ardg J., Baldocchi, D., Bitelli, M., Bl&chl,
963  G., Bogena, H., Brocca, L., Calvet, J.-C., Camarero, J. J., Capello, G., Choi, M.,

964  Cosh, M. C., van de Giesen, N., Hajdu, 1., Ikonen, J., Jensen, K. H., Kanniah, K. D.,
965 de Kat, I, Kirchengast, G., Kumar Rai, P., Kyrouac, J., Larson, K., Liu, S., Loew, A.,
966  Moghaddam, M., Mart mez Fernéndez, J., Mattar Bader, C., Morbidelli, R., Musial, J.
967 P., Osenga, E., Palecki, M. A,, Pellarin, T., Petropoulos, G. P., Pfeil, 1., Powers, J.,
968  Robock, A., Ridiger, C., Rummel, U., Strobel, M., Su, Z., Sullivan, R., Tagesson, T.,
969  Varlagin, A., Vreugdenhil, M., Walker, J., Wen, J., Wenger, F., Wigneron, J. P.,

970  Woods, M., Yang, K., Zeng, Y., Zhang, X., Zreda, M., Dietrich, S., Gruber, A., van
971 Oevelen, P., Wagner, W., Scipal, K., Drusch, M., and Sabia, R.: The International
972 Soil Moisture Network: serving Earth system science for over a decade, Hydrol. Earth
973 Syst. Sci., 25, 5749-5804, https://doi.org/10.5194/hess-25-5749-2021, 2021.

974  Draper, C., Reichle, R., de Jeu, R., Naeimi, V., Parinussa, R., and Wagner, W.:

975  Estimating root mean square errors in remotely sensed soil moisture over continental
976  scale domains, Remote Sens. Environ., 137, 288-298,

977  https://doi.org/10.1016/j.rse.2013.06.013, 2013.

978  Du, J., Kimball, J. S., Jencso, K., He, L., Jones, L. A., Reichle, R. H., and Schaefer,
979  G. L.: Machine-learning based multi-layer soil moisture forecasts, Water Resour.

980  Res., 60, €2023WR036973, https://doi.org/10.1029/2023WR036973, 2024.

981  Esit, M., Kumar, S., Pandey, A., Lawrence, D. M., Rangwala, I., and Yeager, S.:

982  Seasonal to multi-year soil moisture drought forecasting, npj Clim. Atmos. Sci., 4, 16,
983  https://doi.org/10.1038/s41612-021-00172-z, 2021.

984  Fang, K., Shen, C., Kifer, D., and Yang, X.: Prolongation of SMAP to

985  spatiotemporally seamless coverage of continental U.S. using a deep learning neural

26



https://doi.org/10.5194/egusphere-2026-5166
Preprint. Discussion started: 19 October 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

986  network, Geophys. Res. Lett., 44, 11030-11039,

987  https://doi.org/10.1002/2017GL075619, 2017.

988  Fang, K., Pan, M., and Shen, C.: The value of SMAP for long-term soil moisture

989  estimation with the help of deep learning, IEEE Trans. Geosci. Remote Sens., 57,

990  2221-2233, https://doi.org/10.1109/TGRS.2018.2872131, 2019.

991  Ford, T. W. and Quiring, S. M.: Comparison of contemporary in situ, model, and

992  satellite remote sensing soil moisture with a focus on drought monitoring, Water

993  Resour. Res., 55, 1565-1582, https://doi.org/10.1029/2018WR024039, 2019.

994  Gettelman, A., Geer, A. J., Forbes, R. M., Carmichael, G. R., Feingold, G., Posselt, D.

995 J., Stephens, G. L., van den Heever, S. C., Varble, A. C., and Zuidema, P.: The future

996  of earth system prediction: Advances in model-data fusion, Sci. Adv., 8, eabn3488,

997  https://doi.org/10.1126/sciadv.abn3488, 2022.

998  Hendrickx, M. G. A., Vanderborght, J., Janssens, P., Laloy, E., Bombeke, S.,

999  Matthyssen, E., Waverijn, A., and Diels, J.: Field-scale soil moisture predictions in
1000 real time using in situ sensor measurements in an inverse modeling framework:
1001  SWIM2, Water Resour. Res., 62, e2025WR041324,
1002  https://doi.org/10.1029/2025WR041324, 2026.
1003  Huang, X., Shi, Z. H., Zhu, H. D., Zhang, H. Y., Ai, L., and Yin, W.: Soil moisture
1004  dynamics within soil profiles and associated environmental controls, Catena, 136,
1005  189-196, https://doi.org/10.1016/j.catena.2015.01.014, 2016.
1006  Jeung, M., Her, Y., Baek, S.-S., and Yoon, K.: Sensitivity of hydrological machine
1007 learning prediction accuracy to information quantity and quality, Hydrol. Earth Syst.
1008  Sci., 30, 1077-1095, https://doi.org/10.5194/hess-30-1077-2026, 2026.
1009  Katipoglu, O. M., Kartal, V., Akiner, M. E., Terzioglu, Z. O., and Kilig, Z.: Prediction
1010  of soil moisture via feature selection, model optimization, and climate data
1011  integration, Phys. Chem. Earth, 142, 104250,
1012  https://doi.org/10.1016/j.pce.2025.104250, 2026.
1013 Kivi, M., Vergopolan, N., and Dokoohaki, H.: A comprehensive assessment of in situ
1014  and remote sensing soil moisture data assimilation in the APSIM model for improving
1015  agricultural forecasting across the US Midwest, Hydrol. Earth Syst. Sci., 27, 1173-
1016 1199, https://doi.org/10.5194/hess-27-1173-2023, 2023.
1017  Kohavi, R.: A study of cross-validation and bootstrap for accuracy estimation and
1018  model selection, Proceedings of the 14th International Joint Conference on Artificial
1019 Intelligence (IJCAI), 2, 1137-1143, 1995.
1020  Kiratzert, F., Klotz, D., Shalev, G., Klambauer, G., Hochreiter, S., and Nearing, G.:
1021 Towards learning universal, regional, and local hydrological behaviors via machine
1022  learning applied to large-sample datasets, Hydrol. Earth Syst. Sci., 23, 5089-5110,
1023 https://doi.org/10.5194/hess-23-5089-2019, 2019.
1024  Krishnamurthy, P. K., Fisher, J., Choularton, R., and Kareiva, P.: Anticipating
1025  drought-related food security changes, Nat. Sustain., 5, 956-964,
1026  https://doi.org/10.1038/s41893-022-00962-0, 2022.
1027  Kukal, M. S. and Irmak, S.: Can limits of plant available water be inferred from soil
1028  moisture distributions?, Agric. Environ. Lett., 8, e20113,
1029  https://doi.org/10.1002/ael2.20113, 2023.
1030 LaValle, S. M., Branicky, M. S., and Lindemann, S. R.: On the relationship between
1031  classical grid search and probabilistic roadmaps, Int. J. Robot. Res., 23, 673-692,
1032 https://doi.org/10.1177/0278364904045318, 2004.
1033 Li, C., Lei, Y., He, W,, and Dai, Z.: Land-ocean interaction in modern delta formation
1034  and development: A case study of the Pearl River Delta, China, Sci. China Ser. B, 44,
1035  63-71, 2001.

27



https://doi.org/10.5194/egusphere-2026-5166
Preprint. Discussion started: 19 October 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

1036  Li, B., Sprenger, M., Wyatt, B. M., Giménez, D., Hirmas, D. R., Ajami, H.,

1037  Wiekenkamp, I., Groh, J., Nimmo, J. R., Amato, M. T., Singh, N. K., Crompton, O.,
1038  Araki, R., Xu, T., and Sullivan, P. L.: Ubiquity and causes of soil water preferential
1039  flow across 17 ecoregions, Geophys. Res. Lett., 52, e2025GL.118045,

1040  https://doi.org/10.1029/2025GL118045, 2025.

1041  Li, D. and Shao, M.: Simulating the vertical transition of soil textural layers in north-
1042  western China with a Markov chain model, Soil Res., 51, 182-192,

1043  https://doi.org/10.1071/SR12332, 2013.

1044  Li, Q., Li, Z., Shangguan, W., Wang, X., Li, L., and Yu, F.: Improving soil moisture
1045  prediction using a novel encoder-decoder model with residual learning, Comput.
1046  Electron. Agric., 195, 106816, https://doi.org/10.1016/j.compag.2022.106816, 2022a.
1047  Li, Q., Shi, G., Shangguan, W., Nourani, V., Li, J., Li, L., Huang, F., Zhang, Y.,

1048  Wang, C., Wang, D., Qiu, J., Lu, X., and Dai, Y.: A 1 km daily soil moisture dataset
1049  over China using in situ measurement and machine learning, Earth Syst. Sci. Data, 14,
1050  5267-5286, https://doi.org/10.5194/essd-14-5267-2022, 2022b.

1051 Li, X, Zhong, Z., Wang, J., Li, Q., Zhou, X., Yan, S., Zhu, J., and Chen, X.:

1052  Advancing agricultural drought level prediction in Guangdong utilizing ERA5-Land
1053  and SMAP-L3 data, Water, 17, 3564, https://doi.org/10.3390/w17243564, 2025.

1054  Lisonbee, J., Woloszyn, M., and Skumanich, M.: Making sense of flash drought:
1055  Definitions, indicators, and where we go from here, J. Appl. Serv. Climatol., 2021, 1-
1056 19, https://doi.org/10.46275/JOASC.2021.02.001, 2021.

1057  Liu, K.-b., Shen, C., and Louie, K.-s.: A 1,000-year history of typhoon landfalls in
1058  Guangdong, Southern China, reconstructed from Chinese historical documentary
1059  records, Ann. Assoc. Am. Geogr., 91, 453-464, https://doi.org/10.1111/0004-

1060  5608.00253, 2001.

1061  Liu, L., Yi, Y., Jiang, H., Ran, Y., and Chen, D.: ERA5-Land overestimates runoff
1062  coefficient but underestimates runoff recession rate in the central Tibetan permafrost
1063  region, J. Hydrol. Reg. Stud., 53, 101792, https://doi.org/10.1016/j.ejrh.2024.101792,
1064  2024.

1065  Lundberg, S. M., Erion, G., Chen, H., DeGrave, A., Prutkin, J. M., Nair, B., Katz, R.,
1066  Himmelfarb, J., Bansal, N., and Lee, S. I.: From local explanations to global

1067  understanding with explainable Al for trees, Nat. Mach. Intell., 2, 56-67,

1068  https://doi.org/10.1038/s42256-019-0138-9, 2020.

1069  Mann, H. B. and Whitney, D. R.: On a test of whether one of two random variables is
1070  stochastically larger than the other, Ann. Math. Stat., 18, 50-60,

1071 https://doi.org/10.1214/aoms/1177730491, 1947.

1072 Mart mez-de la Torre, A. and Miguez-Macho, G.: Groundwater influence on soil

1073 moisture memory and land-atmosphere fluxes in the Iberian Peninsula, Hydrol. Earth
1074  Syst. Sci., 23, 4909-4932, https://doi.org/10.5194/hess-23-4909-2019, 20109.

1075  Mart hez-Fernandez, J., Gonz&ez-Zamora, A., and Almendra-Martm, L.: Soil

1076  moisture memory and soil properties: An analysis with the stored precipitation

1077  fraction, J. Hydrol., 593, 125622, https://doi.org/10.1016/j.jhydrol.2020.125622,
1078 2021

1079  McColl, K. A., Wang, W., Peng, B., Akbar, R., Short Gianotti, D. J., Lu, H., Pan, M.,
1080  and Entekhabi, D.: Global characterization of surface soil moisture drydowns,

1081  Geophys. Res. Lett., 44, 3682-3690, https://doi.org/10.1002/2017GL072819, 2017.
1082  Mufbz-Sabater, J., Dutra, E., Agust #Panareda, A., Albergel, C., Arduini, G.,

1083  Balsamo, G., Boussetta, S., Choulga, M., Harrigan, S., Hersbach, H., Martens, B.,
1084  Miralles, D. G., Piles, M., Rodr Quez-Fernandez, N. J., Zsoter, E., Buontempo, C., and
1085  Theépaut, J.-N.: ERA5-Land: A state-of-the-art global reanalysis dataset for land

28



https://doi.org/10.5194/egusphere-2026-5166
Preprint. Discussion started: 19 October 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

1086  applications, Earth Syst. Sci. Data, 13, 4349-4383, https://doi.org/10.5194/essd-13-
1087  4349-2021, 2021.

1088  Nicolai-Shaw, N., Gudmundsson, L., Hirschi, M., and Seneviratne, S. I.: Long-term
1089  predictability of soil moisture dynamics at the global scale: Persistence versus large-
1090  scale drivers, Geophys. Res. Lett., 43, 8554-8562,

1091  https://doi.org/10.1002/2016GL069847, 2016.

1092 Obour, P. B., Keller, T., Lamand€ M., and Munkholm, L. J.: Pore structure

1093  characteristics and soil workability along a clay gradient, Geoderma, 337, 1186-1195,
1094  https://doi.org/10.1016/j.geoderma.2018.11.032, 2019.

1095  Pal, M., Maity, R., and Dey, S.: Statistical modelling of vertical soil moisture profile:
1096  Coupling of memory and forcing, Water Resour. Manag., 30, 1973-1986,

1097  https://doi.org/10.1007/s11269-016-1263-4, 2016.

1098  Pan, J., Shangguan, W., Li, L., Yuan, H., Zhang, S., Lu, X., Wei, N., and Dai, Y.:
1099  Using data-driven methods to explore the predictability of surface soil moisture with
1100 FLUXNET site data, Hydrol. Process., 33, 2978-2996,

1101 https://doi.org/10.1002/hyp.13540, 2019.

1102  Philip, J. R.: The theory of infiltration: 1. The infiltration equation and its solution,
1103 Soil Sci., 83, 345-357, https://doi.org/10.1097/00010694-195705000-00002, 1957.
1104  Poggio, L., de Sousa, L. M., Batjes, N. H., Heuvelink, G. B. M., Kempen, B., Ribeiro,
1105  E., and Rossiter, D.: SoilGrids 2.0: Producing soil information for the globe with
1106  quantified spatial uncertainty, SOIL, 7, 217-240, https://doi.org/10.5194/s0il-7-217-
1107 2021, 2021.

1108  Qian, X., Wang, B., Chen, J., Fan, Y., Mo, R., Xu, C., Liu, W., Liu, J., and Zhong, P.
1109  A.: An explainable ensemble deep learning model for long-term streamflow

1110  forecasting under multiple uncertainties, J. Hydrol., 662, 133968,

1111 https://doi.org/10.1016/j.jhydrol.2025.133968, 2025.

1112  Rabiei, S., Babaeian, E., and Grunwald, S.: Deep learning-based short- and mid-term
1113 surface and subsurface soil moisture projections from remote sensing and digital soil
1114  maps, Remote Sens., 17, 3219, https://doi.org/10.3390/rs17183219, 2025.

1115  Rahmati, M., Amelung, W., Brogi, C., Dari, J., Flammini, A., Bogena, H., Brocca, L.,
1116 Chen, H., Groh, J., Koster, R. D., McCaoll, K. A., Montzka, C., Moradi, S., Rahi, A.,
1117  Sharghi, F. S., and Vereecken, H.: Soil moisture memory: State-of-the-art and the way
1118  forward, Rev. Geophys., 62, €2023RG000828,

1119  https://doi.org/10.1029/2023RG000828, 2024.

1120  Reichstein, M., Camps-Valls, G., Stevens, B., Jung, M., Denzler, J., Carvalhais, N.,
1121 and Prabhat: Deep learning and process understanding for data-driven Earth system
1122 science, Nature, 566, 195-204, https://doi.org/10.1038/s41586-019-0912-1, 20109.
1123 Richards, L. A.: Capillary conduction of liquids through porous mediums, Physics, 1,
1124  318-333, https://doi.org/10.1063/1.1745010, 1931.

1125  Richman, J. S. and Moorman, J. R.: Physiological time-series analysis using

1126  approximate entropy and sample entropy, Am. J. Physiol.-Heart Circ. Physiol., 278,
1127  H2039-H2049, https://doi.org/10.1152/ajpheart.2000.278.6.H2039, 2000.

1128  Roy, A., Narvekar, P., Murtugudde, R., Shinde, V., and Ghosh, S.: Short and medium
1129  range irrigation scheduling using stochastic simulation-optimization framework with
1130  farm-scale ecohydrological model and weather forecasts, Water Resour. Res., 57,
1131  e2020WR029004, https://doi.org/10.1029/2020WR029004, 2021.

1132 Saboori, M., Ghag, K. S., Panchanathan, A., Patro, E. R., and Haghighi, A. T.:

1133 Assessing feature importance for forecasting soil moisture in subarctic regions using
1134  gridded historical and forecasted climate data, Geoderma, 458, 117304,

1135  https://doi.org/10.1016/j.geoderma.2025.117304, 2025.

29



https://doi.org/10.5194/egusphere-2026-5166
Preprint. Discussion started: 19 October 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

1136  Savenije, H. H. G.: HESS Opinions: Linking Darcy's equation to the linear reservoir,
1137  Hydrol. Earth Syst. Sci., 22, 1911-1916, https://doi.org/10.5194/hess-22-1911-2018,
1138  2018.

1139  Seneviratne, S. I., Corti, T., Davin, E. L., Hirschi, M., Jaeger, E. B., Lehner, I.,

1140  Orlowsky, B., and Teuling, A. J.: Investigating soil moisture-climate interactions in a
1141  changing climate: A review, Earth-Sci. Rev., 99, 125-161,

1142 https://doi.org/10.1016/j.earscirev.2010.02.004, 2010.

1143 Shapley, L. S.: A value for n-person games, in: Contributions to the Theory of Games,
1144 Volume I, edited by: Kuhn, H. W. and Tucker, A. W., Annals of Mathematics

1145  Studies, Vol. 28, Princeton University Press, 307-318,

1146  https://doi.org/10.1515/9781400881970-018, 1953.

1147 Shen, C., Appling, A. P., Gentine, P., Bandai, T., Gupta, H., Tartakovsky, A., Baity-
1148  Jesi, M., Fenicia, F., Kifer, D., Li, L., Liu, X., Ren, W., Zheng, Y., Harman, C. J.,
1149  Clark, M., Farthing, M., Feng, D., Kumar, P., Aboelyazeed, D., Rahmani, F., Song,
1150 Y., Beck, H. E., Bindas, T., Dwivedi, D., Fang, K., H&ge, M., Rackauckas, C.,

1151  Mohanty, B., Roy, T., Xu, C., and Lawson, K.: Differentiable modelling to unify
1152 machine learning and physical models for geosciences, Nat. Rev. Earth Environ., 4,
1153  552-567, https://doi.org/10.1038/s43017-023-00450-9, 2023.

1154  Singh, N. K., Emanuel, R. E., McGlynn, B. L., and Miniat, C. F.: Soil moisture

1155  responses to rainfall: Implications for runoff generation, Water Resour. Res., 57,
1156  €2020WR028827, https://doi.org/10.1029/2020WR028827, 2021.

1157  Singla, S., Cé&on, J.-P., Martin, E., Regimbeau, F., D&ué& M., Habets, F., and Vidal,
1158  J.-P.: Predictability of soil moisture and river flows over France for the spring season,
1159  Hydrol. Earth Syst. Sci., 16, 201-216, https://doi.org/10.5194/hess-16-201-2012,
1160  2012.

1161  Slater, L. J., Arnal, L., Boucher, M.-A., Chang, A. Y.-Y., Moulds, S., Murphy, C.,
1162  Nearing, G., Shalev, G., Shen, C., Speight, L., Villarini, G., Wilby, R. L., Wood, A.,
1163  and Zappa, M.: Hybrid forecasting: Blending climate predictions with Al models,
1164  Hydrol. Earth Syst. Sci., 27, 1865-1889, https://doi.org/10.5194/hess-27-1865-2023,
1165  2023.

1166  Tahmouresi, M. S., Niksokhan, M. H., and Ehsani, A. H.: Enhancing spatial

1167  resolution of satellite soil moisture data through stacking ensemble learning

1168  techniques, Sci. Rep., 14, 25454, https://doi.org/10.1038/s41598-024-77050-0, 2024.
1169  te Wierik, S. A., Cammeraat, E. L. H., Gupta, J., and Artzy-Randrup, Y. A.:

1170  Reviewing the impact of land use and land-use change on moisture recycling and
1171  precipitation patterns, Water Resour. Res., 57, e2020WR029234,

1172 https://doi.org/10.1029/2020WR029234, 2021.

1173 Tefera, G. W., Ray, R. L., Jackson, R., Deegala, B., and Akenzua, O.: Integrating
1174  machine learning models with ground sensors to enhance soil moisture prediction in
1175  agroecosystems of Texas, Comput. Electron. Agric., 242, 111358,

1176  https://doi.org/10.1016/j.compag.2025.111358, 2026.

1177  Tosan, M., Nourani, V., Kisi, O., and Dastourani, M.: Evolution of ensemble machine
1178  learning approaches in water resources management: A review, Earth Sci. Inform., 18,
1179 4186, https://doi.org/10.1007/s12145-025-01911-5, 2025.

1180  Tramblay, Y., Villarini, G., El Khalki, E. M., Grindemann, G., and Hughes, D.:

1181  Evaluation of the drivers responsible for flooding in Africa, Water Resour. Res., 57,
1182 e2021WR029595, https://doi.org/10.1029/2021WR029595, 2021.

1183  Tyagi, S., Zhang, X., Saraswat, D., Sahany, S., Mishra, S. K., and Niyogi, D.: Flash
1184  drought: Review of concept, prediction and the potential for machine learning, deep

30



https://doi.org/10.5194/egusphere-2026-5166
Preprint. Discussion started: 19 October 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

1185 learning methods, Earth's Future, 10, e2022EF002723,

1186  https://doi.org/10.1029/2022EF002723, 2022.

1187  van Genuchten, M. Th.: A closed-form equation for predicting the hydraulic

1188  conductivity of unsaturated soils, Soil Sci. Soc. Am. J., 44, 892-898,

1189  https://doi.org/10.2136/ss5aj1980.03615995004400050002x, 1980.

1190  Van Looy, K., Bouma, J., Herbst, M., Koestel, J., Minasny, B., Mishra, U., Montzka,
1191  C., Nemes, A., Pachepsky, Y. A., Padarian, J., Schaap, M. G., T&h, B., Verhoef, A,
1192  Vanderborght, J., van der Ploeg, M. J., Weihermler, L., Zacharias, S., Zhang, Y.,
1193  and Vereecken, H.: Pedotransfer functions in Earth system science: Challenges and
1194  perspectives, Rev. Geophys., 55, 1199-1256, https://doi.org/10.1002/2017RG000581,
1195  2017.

1196  Vereecken, H., Amelung, W., Bauke, S. L., Bogena, H., Briggemann, N., Montzka,
1197  C., Vanderborght, J., Bechtold, M., Bl&chl, G., Carminati, A., Javaux, M., Konings,
1198  A. G., Kusche, J., Neuweiler, I., Or, D., Steele-Dunne, S., Verhoef, A., Young, M.,
1199  and Zhang, Y.: Soil hydrology in the Earth system, Nat. Rev. Earth Environ., 3, 573-
1200 587, https://doi.org/10.1038/s43017-022-00324-6, 2022.

1201 Vergopolan, N., Chaney, N. W., Beck, H. E., Pan, M., Sheffield, J., Chan, S., and
1202 Wood, E. F.: SMAP-HydroBlocks, a 30-m satellite-based soil moisture dataset for the
1203 conterminous US, Sci. Data, 8, 264, https://doi.org/10.1038/s41597-021-01050-2,
1204  2021.

1205  Wang, K., Niu, J., Li, T., and Zhou, Y.: Facing water stress in a changing climate: A
1206  case study of drought risk analysis under future climate projections in the Xi River
1207  Basin, China, Front. Earth Sci., 8, 86, https://doi.org/10.3389/feart.2020.00086, 2020.
1208  Wang, Y., Shi, L., Hu, Y., Hu, X., Song, W., and Wang, L.: A comprehensive study
1209  of deep learning for soil moisture prediction, Hydrol. Earth Syst. Sci., 28, 917-943,
1210  https://doi.org/10.5194/hess-28-917-2024, 2024.

1211 Wang, L., Shi, L., Reimers, C., Wang, Y., He, L., Wang, Y., Reichstein, M., and
1212 Jiang, S.: A self-supervised deep learning model for enhanced generalization in soil
1213 moisture prediction, J. Hydrol., 662, 133974,

1214  https://doi.org/10.1016/j.jhydrol.2025.133974, 2025.

1215 Wankmdler, F. J. P., Delval, L., Lehmann, P., Baur, M. J., Cecere, A., Wolf, S., Or,
1216  D., Javaux, M., and Carminati, A.: Global influence of soil texture on ecosystem
1217  water limitation, Nature, 635, 631-638, https://doi.org/10.1038/s41586-024-08089-2,
1218 2024.

1219  Wiekenkamp, I., Huisman, J. A., Bogena, H. R., Lin, H. S., and Vereecken, H.:

1220  Spatial and temporal occurrence of preferential flow in a forested headwater

1221 catchment, J. Hydrol., 534, 139-149, https://doi.org/10.1016/j.jhydrol.2015.12.050,
1222 2016.

1223 Wilson, D. J., Western, A. W., and Grayson, R. B.: Identifying and quantifying

1224 sources of variability in temporal and spatial soil moisture observations, Water

1225  Resour. Res., 40, W02507, https://doi.org/10.1029/2003WR002306, 2004.

1226  Wolpert, D. H.: Stacked generalization, Neural Networks, 5, 241-259,

1227  https://doi.org/10.1016/S0893-6080(05)80023-1, 1992.

1228  Wdsten, J. H. M., Pachepsky, Y. A., and Rawls, W. J.: Pedotransfer functions:

1229  Bridging the gap between available basic soil data and missing soil hydraulic

1230  characteristics, J. Hydrol., 251, 123-150, https://doi.org/10.1016/S0022-

1231 1694(01)00464-4, 2001.

1232 Wu, T, Xu, L., Lv, Y, Cai, R, Pan, Z., Zhang, X., Zhang, X., and Chen, N.:

1233 Integrating causal inference with ConvLSTM networks for spatiotemporal forecasting

31



https://doi.org/10.5194/egusphere-2026-5166
Preprint. Discussion started: 19 October 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

1234  of root zone soil moisture, J. Hydrol., 659, 133246,

1235  https://doi.org/10.1016/j.jhydrol.2025.133246, 2025.

1236  Wyatt, B. M., Ochsner, T. E., Krueger, E. S., and Jones, E. T.: In-situ soil moisture
1237  data improve seasonal streamflow forecast accuracy in rainfall-dominated watersheds,
1238 J. Hydrol., 590, 125404, https://doi.org/10.1016/j.jhydrol.2020.125404, 2020.

1239 Xiong, Z., Zhang, Z., Gui, H., Hu, S., Chen, X., Gao, L., He, Y., Qiu, J., and Xin, Q.:
1240 A meteorology-driven Transformer network to predict soil moisture for agriculture
1241  drought forecasting, IEEE Trans. Geosci. Remote Sens., 63, 4405818,

1242 https://doi.org/10.1109/TGRS.2025.3543611, 2025.

1243 Xu, L., Yu, H., Chen, Z., Du, W., Chen, N., and Huang, M.: Hybrid deep learning and
1244  S2S model for improved sub-seasonal surface and root-zone soil moisture forecasting,
1245  Remote Sens., 15, 3410, https://doi.org/10.3390/rs15133410, 2023.

1246  Xu, L., Zhang, X., Wu, T., Yu, H., Du, W., Zhang, C., and Chen, N.: Global

1247  prediction of flash drought using machine learning, Geophys. Res. Lett., 51,

1248  €2024GL111134, https://doi.org/10.1029/2024GL 111134, 2024.

1249  Xu, Q., Shi, Y., Bamber, J. L., Tuo, Y., Ludwig, R., and Zhu, X. X.: Physics-aware
1250  machine learning revolutionizes scientific paradigm for process-based modeling in
1251 hydrology, Earth-Sci. Rev., 271, 105276,

1252  https://doi.org/10.1016/j.earscirev.2025.105276, 2025.

1253 Yan, S., Weng, B., Dong, Z., Yan, D., and Fu, Q.: Simulation of soil moisture and
1254  drought prediction in middle reaches of the Yellow River based on machine learning,
1255  Agric. Water Manag., 323, 110068, https://doi.org/10.1016/j.agwat.2025.110068,
1256  2026.

1257  Zha, X.,Jia, S., Han, Y., Zhu, W., and Lv, A.: Enhancing soil moisture prediction in
1258  drought-prone agricultural regions using remote sensing and machine learning

1259  approaches, Remote Sens., 17, 181, https://doi.org/10.3390/rs17020181, 2025.

1260  Zhang, Y., Hao, Z., Feng, S., Zhang, X., Xu, Y., and Hao, F.: Agricultural drought
1261  prediction in China based on drought propagation and large-scale drivers, Agric.
1262  Water Manag., 255, 107028, https://doi.org/10.1016/j.agwat.2021.107028, 2021.
1263  Zhu, Q., Lin, H., and Doolittle, J.: Soil moisture sensor network design for

1264  hydrological applications, Hydrol. Earth Syst. Sci., 24, 2577-2594,

1265  https://doi.org/10.5194/hess-24-2577-2020, 2020.

32



