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Abstract
Soil moisture prediction remains a major challenge in arid and semi-arid agroecosys-

tems, where highly variable rainfall, intermittent irrigation, and heterogeneous soil

properties create strong nonlinearities in soil-water dynamics. Reliable forecasts and

interpretable models are needed for optimizing irrigation scheduling and improv-

ing water-use efficiency under such conditions. The purpose was development of a

novel, dual-resolution framework that integrates machine learning (ML) and deep

learning (DL) approaches with explainable artificial intelligence to evaluate soil

moisture dynamics under different cover crop treatments. A 2-year field experiment

was conducted in Clovis, NM, where soil moisture, temperature, and meteorologi-

cal variables were continuously monitored across five treatments: fallow, pea, oat,

pea–oat mixture, and a six-species mixture. ML models (random forest, light gra-

dient boosting machine [LGBM], and eXtreme gradient boosting) and DL models,

such as long short-term memory and Transformer models, were trained on both daily

and 5-min datasets. SHapley Additive exPlanations (SHAP) indicates that features

from the three most recent days had the strongest influence on daily predictions,

informing a 72-h lookback for short-term modeling. LGBM achieved the highest

accuracy, while Transformer reduced temporal lag in high-frequency predictions.

SHAP analysis further identified treatment-specific sensitivities and scale-dependent

relationships between environmental variables and soil moisture content, with his-

torical soil moisture and total water input dominating daily predictions, and solar

radiation, temperature, and recent water events prevailing at finer scales. This frame-

Abbreviations: DL, deep learning; LGBM, light gradient boosting machine; LSTM, long short-term memory; ML, machine learning; MLP, multi-layer

perceptron; MSE, mean squared error; RF, random forest; RMSE, root mean squared error; SHAP, SHapley Additive exPlanations; SM, soil moisture; SR,

solar radiation; SSM, six-species mixture; ST, soil temperature; TCN, temporal convolutional network; XAI, explainable AI; XGBoost, eXtreme gradient

boosting.
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work improves both predictive accuracy and interpretability of soil water dynamics,

supporting data-driven irrigation and crop management in arid and semi-arid regions.

Plain Language Summary
To support decision-making, we developed a data-driven approach to predict how soil

moisture changes over time and identify the main influencing factors. We tested both

machine learning and deep learning models on data collected at two time scales: daily

averages and high frequency (every 5 min). We used an interpretation tool, SHapley

Additive exPlanations, to understand which factors were most important for the pre-

dictions. Soil moisture, irrigation, and precipitation over the past 3 days were the

strongest predictors of moisture content at the daily scale, while weather factors like

solar radiation and temperature became more important at finer time scales. Within

72 h of water input, cover crops (especially oat and the six-species mixture) showed

greater water infiltration and uptake than fallow plots. These insights can help farmers

optimize irrigation scheduling, choose cover crops that conserve water, and improve

drought resilience in arid and semi-arid regions.

1 INTRODUCTION

Soil moisture (SM) is a critical variable governing water avail-

ability, crop productivity, and ecosystem resilience (Sharma

et al., 2020) in arid and semi-arid agroecosystems (Ghimire

et al., 2023). In the southern High Plains of the United States,

including eastern New Mexico and west Texas, limited and

highly variable precipitation (Adebayo et al., 2025) combined

with declining groundwater resources in the Ogallala Aquifer

make efficient soil water management an urgent challenge

for sustaining agriculture (Nilahyane et al., 2023). Soils in

these regions are typically low in organic matter, slightly alka-

line, and limited in water-holding capacity, further amplifying

the risk of crop failure under variable rainfall and irrigation

regimes (Thapa et al., 2022). There is a need for development

of interpretable and predictive tools that can anticipate SM

fluctuations and quantitatively evaluate influencing factors,

and these would become essential for optimizing irrigation

scheduling and guiding adaptive management, especially for

agriculture in semi-arid regions (Zhang et al., 2025).

Cover cropping is increasingly promoted as a strategy

to enhance soil health (Thapa et al., 2022) and water use

efficiency (Chen et al., 2024) by improving aggregation,

increasing soil organic carbon (Cheng et al., 2024), and reduc-

ing evaporation (Chen et al., 2024). However, its effects on

soil water dynamics are often complex, particularly in water-

limited environments (Zhang et al., 2024). Certain cover crops

may conserve soil water and increase infiltration, whereas

others may deplete available water due to competition (Fur-

tak & Wolinska, 2023; Peng et al., 2024). Compost and

organic amendments can also alter soil water retention, yet

their interactions with cover crops in semi-arid conditions

remain insufficiently characterized (Adebayo et al., 2025). We

still need to improve our understanding of how these manage-

ment practices influence SM across timescales, which is thus

vital for improving water resilience in dryland and irrigated

systems (Qin et al., 2024; Qiu et al., 2024).

Advances in data science now enable new ways to model

SM dynamics (Sharma et al., 2020) by capturing nonlin-

ear relationships between environmental variables. Machine

learning (ML) and deep learning (DL) models have demon-

strated strong performance in hydrological (Dai et al., 2025;

Zhan et al., 2024, 2025) and agricultural forecasting (Yang

et al., 2020), often outperforming traditional regression

approaches (Teshome et al., 2024). Ensemble boosting meth-

ods such as eXtreme gradient boosting (XGBoost) and light

gradient boosting machine (LGBM) can efficiently capture

nonlinear feature interactions (Teshome et al., 2024), while

sequential DL models including artificial neural network

(Kornelsen & Coulibaly, 2014), long short-term memory

(LSTM) (Bakhshian et al., 2025; Ley et al., 2024), and Trans-

former (Wang, Shi, et al., 2025) can leverage high-frequency

time series to reduce temporal lag and identify complex

dependencies. Yet, applications of these models to field-scale,

multi-treatment experiments with multiple temporal resolu-

tions remain limited, especially in semi-arid cropping systems

influenced by both irrigation and cover crop practices.

For such predictive approaches to inform management,

interpretability is crucial. Black-box models may achieve high

accuracy but provide limited insight into the processes they

represent (Ekanayake et al., 2022). Explainable AI (XAI)

tools (Ley et al., 2024), particularly SHapley Additive exPla-

 15391663, 2026, 1, D
ow

nloaded from
 https://acsess.onlinelibrary.w

iley.com
/doi/10.1002/vzj2.70077 by N

ew
 M

exico State U
niversity, W

iley O
nline L

ibrary on [06/04/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



Yin ET AL. 3 of 20Vadose Zone Journal

nations (SHAP), offer a transparent framework to quantify

feature contributions and assess how weather, soil, and man-

agement factors influence model predictions (Nikraftar et al.,

2025). Rather than inferring direct causality, SHAP provides

data-driven insight into model sensitivities that can comple-

ment agronomic knowledge and guide decision-making in

irrigation and soil management (Ley et al., 2024). To date,

there has been very little research that examines DL model

performance and XAI prediction control evaluations for SM,

especially considering complex agricultural cropping sys-

tems. Teshome et al. (2024) did provide the only directly

comparable example of applying ML and DL models for SM

prediction using field data; however, their analysis was lim-

ited to a sub-hourly scale and reported only static feature

rankings.

To evaluate the potential of multiple time resolution

approaches, the purpose of this investigation was to develop

a dual-resolution, SHAP-integrated framework that jointly

assesses predictive accuracy and feature influence across daily

and sub-daily timescales under diverse cover crop treatments

in a semi-arid agroecosystem. We developed a dual-resolution

interpretable modeling framework that uniquely integrates

ML and DL approaches with SHAP to (i) predict SM at

both daily and sub-daily temporal resolutions, (ii) quan-

tify treatment-specific feature influence across timescales,

and (iii) link data-driven model sensitivities to process-level

understanding of irrigation and cover crop impacts in semi-

arid systems. Unlike previous studies that focus solely on

prediction or interpretation at a single scale, part of the nov-

elty of this study bridges temporal resolutions to enhance

both the accuracy and interpretability of SM dynamics. The

framework thereby advances XAI applications in soil–water

management by explicitly linking feature-influence analysis

to experimental field conditions.

2 STUDY SITE AND DATASET
DESCRIPTION

The present study builds on a 2-year field experiment in

which SM, temperature, and meteorological variables were

continuously monitored across five treatments: fallow (i.e., no

cover), pea, oat, pea–oat mixture, and a six-species mixture

(SSM). The dataset analyzed in this study was obtained from

a field experiment conducted at the New Mexico State Univer-

sity Agricultural Science Center near Clovis, NM (34˚35′ N,

103˚12ʹ W; elevation 1368 m), spanning the period from July

16, 2022, to June 23, 2024. The experimental site is underlain

by Olton clay loam soils (Aridic Paleustolls), characterized by

low organic matter, slightly alkaline pH, and limited natural

fertility (Ghimire et al., 2019). The local climate is semi-arid,

with a mean annual temperature of 14.1˚C and an average

annual precipitation of about 437 mm, roughly 70% of which

Core Ideas
∙ A dual-resolution framework integrates daily and

5-min data to enhance soil moisture prediction.

∙ Scale-dependent drivers of soil moisture include

historical patterns, water inputs, and weather vari-

ables.

∙ SHapley Additive exPlanations (SHAP) analy-

sis reveals cover crop sensitivities and identifies

critical thresholds for water input.

falls during the May–September growing season. A random-

ized complete block design was implemented with five cover

crop treatments: (i) Fallow (no cover crop, F), (ii) pea (Pisum
sativum L.), (iii) oat (Avena sativa L.), (iv) a pea–oat mixture

(PO), and (v) an SSM comprising pea, oat, canola (Brassica
napus L.), barley (Hordeum vulgare L.), hairy vetch (Vicia vil-
losa Roth), and forage radish (Raphanus sativus L.). Each plot

measured 18 m × 12 m. The experiment was conducted across

five management phases: (i) sorghum (July 16–November

3, 2022), (ii) first fallow (November 6, 2022–February 22,

2023), (iii) cover crop (March 10–May 22, 2023), (iv) second

fallow (May 23–October 8, 2023), and (v) wheat (October 27,

2023–June 23, 2024).

Soil volumetric water content (SM) and soil temperature

(ST) were continuously monitored at a 5-cm depth in each

plot using wireless sensors (Meter ECH2O, EC-5, Onset

Computer Corporation). The data were collected at 5-min

intervals, transmitted to an RX3000 remote monitoring sta-

tion (Onset Computer Corporation), and uploaded to the

HOBOlink cloud platform. The PO cropping data were dis-

carded due to a large number of missing values caused

by sensor malfunction. Weather variables, including average

precipitation, air temperature (Tmean), humidity (RHmean),

solar radiation (SR), and wind speed (Wmean), were also

recorded with the identical frequency on site. Sensors were

temporarily removed during field operations, such as planting

and harvest, resulting in short gaps in the records. These gaps

were filled using linear interpolation to ensure continuity.

Irrigation and field management activities were documented

throughout the experiment. Total water input was calculated

using the same 5-min interval as the sum of irrigation and

rainfall, serving as a key predictor variable for modeling SM

dynamics and quantifying the external hydrological inputs

driving soil water balance in the experimental plots. For

data preprocessing, SM values were constrained to the range

0.02–0.557 m3 m−3. The upper limit reflects the sensor’s

measurement capacity specified by the manufacturer, while

the lower limit was set to exclude nonphysical values outside

agronomically realistic soil conditions.
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F I G U R E 1 Temporal variation of the soil moisture in each cover crop plot in the field throughout the period of observation. The 5-min interval

data (a) are resampled to daily mean values (b). Blue-dashed vertical lines indicate irrigation event dates (Table 1). Soil moisture data are unavailable

during field operations and, therefore, linearly interpolated in unshaded periods (b).

T A B L E 1 Irrigation and field operation conditions over time.

Date Irrigation (cm) Agriculture activity
August 11, 2022 4.572 Irrigation to sorghum

February 24, 2023 2.54 Cover crop planting + irrigation

October 9, 2023 2.032 Irrigation to winter wheat

October 12, 2023 2.032 Irrigation to winter wheat

October 19, 2023 2.032 Irrigation to winter wheat

March 4, 2024 3.048 Irrigation to winter wheat

April 3, 2024 2.54 Irrigation to winter wheat

April 21, 2024 3.81 Irrigation to winter wheat

May 4, 2024 4.572 Irrigation to winter wheat

May 16, 2024 4.572 Irrigation to winter wheat

May 25, 2024 4.572 Irrigation to winter wheat

Figure 1 and Table 1 illustrate the temporal dynamics

of SM in each cover crop treatment across these phases.

Panel (a) shows the original 5-min interval measurements,

while panel (b) displays daily averages resampled from the

high-frequency data. In total, 197,827 samples for the 5-

min dataset and 709 for the daily dataset were obtained. The

shaded backgrounds indicate crop phases, and unshaded peri-

ods correspond to sensor removal during field operations.

Great fluctuations in the SM variations can be frequently seen

upon major water inputs, including rainfall and irrigation,

which is common for semi-arid regions. Curves of various

cover crops demonstrate consistent variation trends despite

value discrepancies. The resampled daily data were used

to investigate mid- to long-term prediction of SM and fea-

ture importance, while the original high-frequency data were

used for short-term prediction and fine-scale feature influence

analysis. The dataset integrates high-frequency SM measure-

ments with detailed records of weather conditions, irrigation,

and management activities, providing a continuous, well-

documented time series across multiple crop phases. This

richness and resolution make it particularly well-suited for

ML-based prediction and feature-influence analysis, enabling

robust evaluation of both short-term and seasonal drivers of

SM variability.

The statistical features of the daily dataset are presented

in Figure 2. Figure 2a shows that median and quartile SM

varied across treatments, with the Pea plot maintaining the

highest values above 0.3 m3/m3 on average, the SSM plot

the lowest below 0.2 m3/m3 on average, and the oat and fal-

low (F) plots falling in between. Despite low average values,

SSM shows higher variability, with numerous outliers near

0.4, likely due to the mixed rooting patterns and different phe-
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F I G U R E 2 Soil moisture data statistical analyses including boxplot (a), Spearman correlation (b), heatmap with weather variables and pairplot

(c), with soil temperature and weather variables. SSM, six-species mixture.

nologies of the species in the mixture (Cui et al., 2022; Luo

et al., 2021). Such outliers of larger values are also presented

in F and may correspond to episodic rainfall or irrigation

events that produced temporary spikes in SM (Figure 1).

Figure 2b demonstrates that the correlations between SM and

other variables are generally weak, with most absolute cor-

relation coefficients ˂0.2, whereas humidity and the water

inputs are consistently and positively associated with SM. The

strength of correlation varies by treatment: SSM plots show

the strongest positive association with RHmean (0.18), and

fallow plots display the most pronounced negative correlation

with SR (−0.21), consistent with the lack of canopy shad-

ing. Figure 2c illustrates these interactions in greater detail.

For ST, all treatments have generally overlapped data points,

indicating similar correlations with other variables. For SM,

despite weak correlations with other variables, treatment dif-

ferences are apparent, demonstrated by diverse kernel density

distributions, and noticeable clustering of vertical “bands” for

correlations to each variable, which are pea, oat, SSM, and

fallow, from top to bottom. This indicates that pea crop/soil

systems can maintain higher soil water content than other

treatments and fallow. Together, these statistical summaries

demonstrate clear treatment effects and consistent meteo-

rological controls, underscoring the dataset’s richness and

suitability for ML/DL-based prediction and feature influence

analysis.

3 METHODOLOGY

Building on a multivariate time-series dataset containing fea-

tures of SM, ST, Tmean, RHmean, Wmean, and SR for

cover crops (i.e., F, pea, oat, and SSM), a two-stage model-

ing framework (i.e., two temporal scales) for SM prediction

and feature interpretation was developed. All water input

to the soil (WaT; i.e., the combination of precipitation and

irrigation) was included as a time-series dataset. SM predic-

tion in this setting is inherently challenging because rainfall

and irrigation events occur stochastically (Figure 1), driving

abrupt fluctuations in soil water content. These short-lived,

high-magnitude changes introduce strong nonlinearities and

temporal irregularities, complicating model training and fore-

casting. To address this challenge, the workflow was designed

to leverage both daily-aggregated data and high-frequency

(5 min) measurements, applying a combination of ML and

DL models, complemented by SHAP-based XAI analysis.

The workflow proceeded in two phases (Figure 3). In the

first phase, daily data were used to predict mid- to long-

term SM. Each model was trained to predict SM for the

following day using information from the past 14 days.

Daily data were chosen for this stage because they capture

coarser-scale water dynamics and yield fewer samples, both

of which constrain training and emphasize model robustness

across crop treatments. In the second phase, we extended the
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F I G U R E 3 Schematic diagram of the dual-resolution soil moisture prediction and input feature evaluation framework. Phase 1 (top dashed

box) uses daily data with a 14-day lookback to predict the following day and assess treatment-specific dynamics with the SHapley Additive

exPlanations (SHAP) feature and timestep attribution. Phase 2 (top dashed box) applies a SHAP-informed 72-h lookback on 5-min data to predict the

next 8 h, benchmarking tree-based models against deep learning (DL) architectures while evaluating accuracy, lag, and feature influences. ML,

machine learning; SM, soil moisture; SR, solar radiation; ST, soil temperature; XAI, explainable AI.

analysis to high-resolution (5 min) data for short-term predic-

tion tasks to enhance predictive accuracy, temporal alignment

between predicted and observed values (lag analysis), and

the robustness of predictions under sudden fluctuations in

water input. The best-performing daily models (LGBM and

XGBoost, consistent with Teshome et al., 2024) were selected

as benchmarks and compared with advanced DL models. The

lookback window for the short-term task was specified based

on SHAP-derived timestep importance from the daily models,

using the past 72 h to predict SM for the next 8 h.

To ensure robust comparisons and mitigate potential feature

interdependence, SM for each cover crop treatment was mod-

eled independently and comparatively. This design enables

(i) assessment of model training stability and generaliza-

tion across treatments, (ii) diagnosis of feature importance

and model interpretability using SHAP analysis, and (iii)

evaluation of cover crop influences on SM dynamics under

shared meteorological conditions. Modeling each treatment

separately also minimizes the effect of high correlations

among SM variables across different cover crops, which

could otherwise bias the learning process. In contrast, cor-

relations between SM and weather-related predictors remain

low (Figure 2), indicating that the predictive relationships

are largely driven by distinct environmental inputs rather
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than redundant temporal patterns. With SHAP, we applied

global and local explanations using aggregated feature impor-

tance, timestep attribution, and visualization techniques such

as beeswarm plots, dependency plots, and temporal heatmaps.

These analyses provided insight into how meteorological and

water input factors (i.e., precipitation, irrigation) interact to

shape SM variability across timescales.

3.1 ML models

Tree-based ensemble models were selected as the baseline for

the SM prediction task because of their ability to capture non-

linear relationships, handle high-dimensional features, and

remain robust to multicollinearity (Demir & Sahin, 2023;

Gu et al., 2023; Wang, Gao et al., 2025). These models

are also well-compatible with SHAP analysis because SHAP

values can be computed exactly for tree ensembles using

the TreeSHAP algorithm, which leverages the additive tree

structure to provide efficient, consistent, and locally accurate

feature attributions, thereby facilitating interpretability and

input feature evaluation (Li et al., 2024).

1. XGBoost: XGBoost is a gradient boosting algorithm

designed for scalability and efficiency (Niazkar et al.,

2024). It builds additive decision trees sequentially, with

each tree trained to minimize the residual error from

the previous iteration (Li, 2022). The objective function

combines a differentiable convex loss function L and a reg-

ularization term Ω to prevent overfitting (Ekanayake et al.,

2022):

𝐿 (𝜙) =
𝑛∑
𝑖=1

𝑙

(
𝑦𝑖, 𝑦̂

(𝑡)
𝑖

)
+

𝑡∑
𝑘=1

Ω
(
𝑓𝑘

)
(1)

Ω (𝑓 ) = 𝛾𝑇 + 1
2
𝜆‖𝑤‖2 (2)

where L is the loss function, 𝑦𝑖 and 𝑦̂𝑖 are observed and

predicted SM values, fk is the kth regression tree, T is the

number of leaves, w is the vector of leaf weights, and γ and λ
are regularization parameters. The model updates predictions

iteratively using the gradient of the loss function:

𝑦̂
(𝑡)
𝑖

= 𝑦̂
(𝑡−1)
𝑖

+ 𝜂𝑓𝑡(𝑥𝑖) (3)

where η is the learning rate and ft(xi) is the prediction of the

new tree.

2. LGBM: LGBM builds upon gradient boosting but intro-

duces two innovations (Kim et al., 2025): (i) a leaf-wise

growth strategy with depth constraints to reduce loss

more efficiently and (ii) histogram-based feature binning

to accelerate training on large datasets. The optimization

objective is similar to XGBoost, minimizing loss function

L, but with efficient approximation methods that enable

faster convergence while maintaining accuracy. The leaf-

wise strategy tends to produce deeper trees with better

fit to complex patterns, making it suitable for capturing

nonlinear interactions between SM and weather variables.

3. Random forest (RF): RF is a bagging-based ensemble

model that builds multiple decision trees on bootstrapped

samples of the training data and averages their predictions

to reduce variance and improve generalization. It is effec-

tive at mitigating overfitting and provides stable results

across different cover crop treatments (Breiman, 2001).

Therefore, it is employed as a baseline model.

3.2 DL models

DL models were employed to complement the tree-based ML

approaches by leveraging their ability to capture temporal

dependencies and nonlinear interactions in sequential SM,

weather, and water input data. DL architectures can auto-

matically learn latent representations from raw time series,

making them particularly suitable for high-frequency SM pre-

diction (Bakhshian et al., 2025). These models are also more

capable of modeling complex temporal dynamics introduced

by weather variability and sudden water inputs (Ley et al.,

2024).

1. Multi-layer perceptron (MLP): An MLP is a fully con-

nected feedforward neural network where each layer

applies a nonlinear transformation to its inputs (Ahmadne-

jad et al., 2024). Given an input vector x, the hidden layers

compute:

ℎ(𝑙) = 𝜎𝑊 (𝑙)ℎ(𝑙−1)𝑏(𝑙) (4)

where 𝑊 (𝑙) and 𝑏(𝑙) are trainable weights and biases, and σ is

an activation function (Pinkus, 1999). MLPs serve as a base-

line to benchmark the benefits of temporal modeling of all

features.

2. Temporal convolutional network (TCN): TCNs use causal

and dilated convolutions to capture long-range dependen-

cies in sequences (Yang et al., 2023). For an input sequence

xt, the dilated convolution at layer l with filter size k and

dilation factor d is defined as:

ℎ
(𝑙)
𝑡

=
𝑘−1∑
𝑖=0

𝑤
(𝑙)
𝑖
𝑥𝑡−𝑑⋅𝑖 (5)

where ht
(l) is the hidden activation, wi

(l) is the convolution

filter weights, and xt-d∙i is the input at lag d∙i. This structure

ensures that predictions at time t only depend on past obser-
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8 of 20 Yin ET AL.Vadose Zone Journal

vations (Hewage et al., 2020). While the dilated convolutions

allow TCNs to efficiently capture SM dynamics spanning over

multiple temporal scales without requiring very deep (e.g.,

many layered) architectures.

3. LSTM: LSTMs are recurrent neural networks designed to

capture sequential dependencies while mitigating vanish-

ing gradient problems (Yin et al., 2023). At time step t, the

LSTM updates its cell state ct and hidden state ht using:

𝑓𝑡 = 𝜎
(
𝑊𝑓

[
ℎ𝑡−1, 𝑥𝑡

]
+ 𝑏𝑓

)
(6)

𝑖𝑡 = 𝜎
(
𝑊𝑖

[
ℎ𝑡−1, 𝑥𝑡

]
+ 𝑏𝑖

)
(7)

𝑜𝑡 = 𝜎
(
𝑊𝑜

[
ℎ𝑡−1, 𝑥𝑡

]
+ 𝑏𝑜

)
(8)

𝑜𝑡 = 𝜎
(
𝑊𝑜

[
ℎ𝑡−1, 𝑥𝑡

]
+ 𝑏𝑜

)
𝑐𝑡 = 𝑓𝑡 ⊙ 𝑐𝑡−1

+ 𝑖𝑡 ⊙ tanh
(
𝑤𝑐

[
ℎ𝑡−1, 𝑥𝑡

]
+ 𝑏𝑐

)
(9)

ℎ𝑡 = 𝑜𝑡 ⊙ tanh
(
𝑐𝑡
)

(10)

where ft, it, and ot represent the forget, input, and output

gates, respectively (Gers et al., 2000). LSTMs are particularly

effective in modeling the persistence and lag effects of SM.

4. Transformer: Transformers rely on self-attention mech-

anisms rather than recurrence to capture dependencies

across all time steps simultaneously (Yin et al., 2024; Yin,

Carroll, et al., 2025; Yin, Ikard, et al., 2025). For input

embeddings 𝑋 ∈ ℝn×d, the scaled dot-product attention is

computed as:

Attention (𝑄,𝐾, 𝑉 ) = sof tmax

(
𝑄𝐾𝑇√
𝑑𝑘

)
𝑉 (11)

where Q = XWQ, K = XWK, and V = XWV are query, key,

and value projections. The self-attention mechanism allows

Transformers to learn flexible temporal relationships, making

them suitable for capturing both short- and long-term drivers

of SM variability (Han et al., 2021).

3.3 SHAP analysis

To interpret model predictions and quantify the contribu-

tion of input variables, we employed SHAP (Lundberg

& Lee, 2017), an XAI framework rooted in cooperative

game theory. SHAP is particularly suitable in this study

because it provides both local explanations (how each feature

influences an individual prediction) and global explana-

tions (how features behave on average across the dataset)

(Mitchell et al., 2022). Furthermore, SHAP integrates well

with tree-based models through the TreeSHAP algorithm

(Lundberg et al., 2020), which computes exact Shapley val-

ues efficiently for ensemble methods such as XGBoost and

LGBM.

The foundation of SHAP is the Shapley value, which

attributes a model’s prediction to each input feature by consid-

ering all possible feature coalitions. For a model f with feature

set F, the Shapley value for feature i is defined as (Lundberg

& Lee, 2017):

Φ𝑖 (𝑓, 𝑥)

=
∑

𝑠⊆𝐹∖{𝑖}

|𝑆|! (|𝐹 | − |𝑆| − 1)!|𝐹 |! [
𝑓𝑆∪{𝑖}(𝑥𝑆∪{𝑖}) − 𝑓𝑠

(
𝑥𝑠
)]

(12)

where S is a subset of features excluding i, fS(xS) is the

model prediction using only the feature in S, and Φ𝑖(𝑓, 𝑥) is

the marginal contribution of feature I to the prediction, for

instance, x.

In practice, exact computation is intractable for large fea-

ture sets, but SHAP uses efficient approximations and model-

specific algorithms (e.g., TreeSHAP for tree ensembles). In

this study, SHAP was applied in three complementary ways:

1. Feature aggregation: SHAP values were aggregated across

the dataset (Bhatt et al., 2020) to rank the relative

importance of meteorological and water input variables,

including precipitation, irrigation, temperature, humidity,

wind speed, and SR.

2. Time-step aggregation: For sequential models, SHAP val-

ues were further aggregated across lagged time steps to

identify the most critical temporal ranges for prediction

(Sood & Craven, 2022).

3. Visualization: To enhance interpretability, several SHAP-

based plots were generated, including Beeswarm plots that

summarize the distribution of feature contributions across

all predictions; timestep-feature heatmaps that reveal how

feature importance evolved dynamically across time lags;

dependency plots that capture nonlinear feature effects and

interactions like between water input and SR (Scheda &

Diciotti, 2022).

Together, these analyses provided interpretable insights

into both the predictive mechanics of the models and the

external features governing SM variability across daily and

high-frequency timescales. Importantly, the reliability of

 15391663, 2026, 1, D
ow

nloaded from
 https://acsess.onlinelibrary.w

iley.com
/doi/10.1002/vzj2.70077 by N

ew
 M

exico State U
niversity, W

iley O
nline L

ibrary on [06/04/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



Yin ET AL. 9 of 20Vadose Zone Journal

SHAP interpretations depends on the predictive accuracy of

the underlying model (Wang et al., 2022). When the model

captures SM dynamics with high fidelity, the resulting SHAP

values more faithfully reflect true feature contributions and

interactions, thereby offering trustworthy insights into the

processes driving variability. Conversely, if predictive perfor-

mance is poor, SHAP explanations may be less meaningful,

as they would be based on spurious model patterns rather than

real environmental signals. In this study, SHAP analyses were

therefore interpreted in conjunction with model performance

metrics, ensuring that feature attributions were grounded in

well-performing predictive models.

3.4 Training and evaluation configuration

All models were trained and evaluated under consistent exper-

imental protocols. The limited training size for data-driven

modeling raises the potential for overfitting. To mitigate this,

the dataset was split into training, validation, and testing

subsets with an 8:1:1 ratio for both daily and 5-min data.

Model training was monitored on the validation set, and early

stopping was employed to prevent overfitting. In addition,

performance consistency between training and test sets was

verified through cross-validation.

1. ML models: Tree-based models were optimized with root

mean squared error (RMSE) as the objective function.

XGBoost and LGBM used gradient boosting with shrink-

age (η = 0.05) and subsampling to enhance generalization,

while RF relied on bootstrap aggregation. Hyperparame-

ters were tuned to typical values for SM forecasting, with

large estimator caps and early stopping to account for

dataset size.

2. DL models: Neural networks (MLP, TCN, LSTM, and

Transformer) were trained with mean squared error (MSE)

loss and optimized with Adam (learning rate = 1 ×
10−3). A mini-batch size of 128 and a maximum of

50 epochs were used, with early stopping after 10

epochs of non-improvement. Architectures varied in depth

and capacity: MLP employed three dense layers, TCN

stacked dilated convolutions with residual connections,

RNNs (GRU/LSTM) used stacked hidden units, and the

Transformer incorporated multi-head self-attention with

positional encoding.

The RMSE and MSE used for loss and evaluation are

defined as:

MSE = 1
𝑛

𝑛∑
𝑖=1

(
𝑦𝑖 − 𝑦̂𝑖

)2
, RMSE = 1

𝑛

𝑛∑
𝑖=1

(
𝑦𝑖 − 𝑦̂𝑖

)2
(13)

And the R2 used for evaluation is defined as:

𝑅2 = 1 −
∑𝑛

𝑖=1
(
𝑦𝑖 − 𝑦̂𝑖

)2∑𝑛

𝑖=1
(
𝑦𝑖 − 𝑦̄

)2 (14)

where 𝑦𝑖 and 𝑦̂𝑖 denote observed and predicted SM, respec-

tively, and 𝑦̄ is the mean of the observations.

These metrics are suitable in this study because MSE and

RMSE penalize larger errors more heavily, which is important

for capturing abrupt changes in SM due to rainfall or irriga-

tion, while R2 quantifies the proportion of variance explained

by the model, providing an interpretable measure of predic-

tive fidelity across treatments and temporal scales (Yin et al.,

2024). Key model configurations are summarized in Table 2.

The models are implemented by PyTorch in a Windows sys-

tem and trained on an Intel i9-13900K @ 3.00 GHz CPU with

128 GB RAM and an Nvidia RTX 4090 GPU to accelerate

computation.

4 RESULTS

4.1 Lower frequency analysis

All available features, including SM, ST, Tmean, RHmean,

Wmean, WaT, and SR from the past 14 days in the daily

dataset, were used to predict the SM of the following day

for each cover crop treatment (Figure 4). Training the ML

models was computationally efficient, and was completed

almost instantaneously. Although the training set contained

fewer than 700 daily samples per treatment, which is relatively

small compared to typical requirements for tree-based ensem-

ble models (often thousands of samples are recommended

for stable generalization in regression tasks). XGBoost and

LGBM obtained reasonably satisfactory results, with most

RMSE values less than 0.05 m3 m−3 (Figure 4b,c). The R2

values are generally close to 0.4, which is not high but accept-

able given the stochastic occurrence of rainfall and irrigation

events, as well as the inherent noise in SM measurements. On

the other hand, RF performance is notably weaker, with most

R2 values around 0.2 and larger RMSE values. This difference

likely reflects the sequential learning strategy of boosting:

for autoregressive and day-to-day correlated variables such as

SM, boosting allows each new tree to iteratively correct the

errors of previous trees, better capturing nonlinear temporal

dependencies than bagging-based RF.

To assess generalization and potential overfitting, we report

train/test 𝑅2 and RMSE for the primary benchmark (i.e.,

LGBM) in Table S1. While the train–test performance gap

(training 𝑅2 ≈ 0.9 compared to testing 𝑅2 ≈ 0.4) appears

large, this pattern was consistent across all independently
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10 of 20 Yin ET AL.Vadose Zone Journal

T A B L E 2 Key model configurations.

Model Task Key parameters
RF Daily n_estimators = 600, min_samples_leaf = 3

XGBoost Daily n_estimators = 500, learning_rate = 0.05, max_depth = 5, subsample = 0.8,

colsample_bytree = 0.8

LGBM Daily n_estimators = 500, learning_rate = 0.05, num_leaves = 63, min_data_in_leaf = 50,

subsample = 0.8, colsample_bytree = 0.8

XGBoost 5 min n_estimators = 3000, early stop patience = 150, learning_rate = 0.05, max_depth = 6,

subsample = 0.8, colsample_bytree = 0.8

LGBM 5 min n_estimators = 3000,

early stop patience = 150, learning_rate = 0.05, num_leaves = 63, min_data_in_leaf =
50, subsample = 0.8, colsample_bytree = 0.8

MLP 5 min hidden layers [256,128,64], dropout = 0.1

TCN 5 min dilations = (1. . . 128), filters = 64, kernel size = 3, residual blocks

LSTM 5 min units = 128, dropout = 0.2, stacked/bidirectional variants

Transformer 5 min d_model = 128, num_heads = 4, d_ff = 256, depth = 3, dropout = 0.1

Abbreviations: LGBM, light gradient boosting machine; LSTM, long short-term memory; MLP, multi-layer perceptron; RF, random forest; TCN, temporal convolutional

network; XGBoost; eXtreme gradient boosting.

F I G U R E 4 Prediction results on the daily testing set for cover crop conditions (each column of plots) using (a) random forest (RF), (b) light

gradient boosting machine (LGBM), and (c) eXtreme gradient boosting (XGBoost) (across each row of plots). Each subplot compares observed as

true versus predicted soil moisture, with the identity line shown in red. RMSE, root mean squared error; SSM, six-species mixture.
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Yin ET AL. 11 of 20Vadose Zone Journal

modeled cover crop treatments, indicating that it reflects data

characteristics rather than model instability. The gap primar-

ily arises from the stochastic and site-specific variability in

rainfall and irrigation events, which strongly and irregularly

influence short-term SM changes (Figure 1). Learning-curve

inspection (Figure S1) confirmed stable model convergence

without major divergence between training and validation

losses. Importantly, the consistent test performance across

treatments demonstrates that the models retained generaliz-

able predictive capability despite environmental noise. This

stability facilitates reliable SHAP-based interpretability and

cross-treatment performance diagnostics, providing meaning-

ful insights into feature influence and SM dynamics even

under stochastic forcing conditions.

The performance differences among treatments are also

evident. SM in the pea plot is the most predictable, achiev-

ing an R2 value of 0.558, while the fallow and SSM plots are

less predictable, with R2 values only up to approximately 0.4.

Under identical weather and irrigation conditions, this dis-

crepancy is likely due to differences in canopy cover, root

structure, and evapotranspiration dynamics: legumes such as

pea tend to moderate soil water fluctuations, whereas fal-

low plots expose bare soil to rapid evaporative losses and the

species mixture (i.e., SSM) introduces greater heterogeneity

in root length, density, and distribution, making SM harder

to predict. These results justify the selection of XGBoost and

LGBM as benchmark models for subsequent high-frequency

prediction tasks and as the basis for SHAP analysis to inter-

pret feature and timestep contributions in both daily and

short-term prediction settings. SHAP values were aggre-

gated over timesteps and features to provide both temporal

and variable-level attributions, which were further visualized

using beeswarm and heatmap plots (Figure 5). This analysis

allows us to disentangle which drivers and temporal windows

exert the strongest influence on SM prediction across different

cover crop treatments.

Figure 5a demonstrates that only the most recent 3 days

significantly impact predictions across all treatments, with

SHAP importance rapidly decaying beyond this short tempo-

ral window to below 0.001. This indicates that SM dynamics

are strongly autoregressive and dominated by immediate

antecedent conditions. Figure 5b shows that, across the

2-week input window, historical SM exerts the greatest influ-

ence on predictions, with SHAP values exceeding 0.006. The

beeswarm distribution shows that higher SM values (reddish

points) are predominantly associated with positive SHAP val-

ues, while lower SM values (bluish points) are associated

with negative SHAP values. Moreover, the data distribution

is wider along the x-axis than for other features, indicating

stronger and more variable impacts of SM on the predic-

tion output, thereby confirming its persistence and memory

effects. For WaT, SHAP values indicate it is the second-most-

influential driver after SM, with contributions concentrated

in the most recent few days. The beeswarm plot shows

that higher WaT values (reddish points) cluster on the right

side of the vertical axis with the maximal value close to

0.002, corresponding to positive contributions that increase

predicted SM, while lower WaT values (bluish points) fall

slightly on the left side, indicating lower water input quanti-

ties (i.e., low irrigation rates) would not be adequate to make

positive contributions over longer term under most condi-

tions. The narrower spread compared to SM suggests that

WaT has a more direct, yet less variable, impact, consistent

with its role as an external water addition. In contrast, the

meteorological variables (i.e., Tmean, RHmean, Wmean, and

SR) exhibit comparatively smaller SHAP values of ˂0.001,

reflecting weaker predictive influence. Their beeswarm dis-

tributions are centered closer to zero, with scattered reddish

and bluish points indicating occasional positive or negative

contributions. This pattern suggests that while weather fac-

tors modulate SM, their effects are secondary (relative to

antecedent SM and direct water inputs) and are likely medi-

ated by evapotranspiration processes over longer timescales

or in specific cover crop contexts.

Figure 5c further clarifies the joint feature–timestep effects.

Water input during the most recent 3 days emerges as uni-

versally important for all cover crops with distinctively high

SHAP values, aligning with the sharp response of SM to

irrigation and rainfall events. However, the influences of

other variables varies across treatments (e.g., fallow and SSM

plots), that appear more sensitive to weather conditions with

more variability across weather variables, are likely due to the

lack of canopy cover in fallow and the heterogeneous rooting

patterns in SSM. In contrast, pea and oat plots show greater

stability with very small SHAP values across features other

than WaT, which suggests that SM dynamics are more tightly

regulated by their own antecedent moisture and water inputs.

Together, these results highlight that daily SM prediction is

predominantly associated with short-term memory and direct

water additions, while crop management modulates sensitiv-

ity to meteorological drivers. This provides an explanation

of sensitivities for the performance differences (Figure 4)

and further validates the use of SHAP as a tool for linking

predictive modeling with process-level understanding. These

insights also informed the design of the short-term, high-

frequency prediction task, with the past 72 h selected as

the lookback window. By leveraging data with finer tempo-

ral resolution and greater variability, the subsequent 5-min

analysis enabled both improved short-term prediction and a

deeper investigation into how feature influences evolution

under rapidly changing conditions.

4.2 Higher frequency analysis

Building on the findings from the daily prediction task, we

extended the analysis to the 5-min high-frequency dataset to

capture short-term SM dynamics with greater temporal reso-
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12 of 20 Yin ET AL.Vadose Zone Journal

F I G U R E 5 SHapley Additive exPlanations (SHAP)-based interpretability analysis of daily soil moisture predictions using light gradient

boosting machine (LGBM). Each column of plots includes (a) aggregated SHAP values over timesteps, (b) aggregated SHAP values over features

(ranked over mean SHAP values from top to bottom), and (c) feature–timestep heatmaps, shown for each cover crop treatment (each row of plots).

SM, soil moisture; SR, solar radiation; SSM, six-species mixture; ST, soil temperature.

lution. In this setting, models were trained to predict SM for

the next 8 h using information from the past 72 h, a look-

back window heuristically selected based on SHAP-derived

timestep importance from the daily analysis (from Figure 5).

Compared to daily data, the 5-min dataset exhibits greater

variability and more abrupt fluctuations driven by rainfall and

irrigation events, making short-term predictions both more

challenging and more informative. This higher resolution

analysis also allows us to assess not only predictive accuracy

with more advanced neural networks but also the temporal

alignment of model outputs with observed SM changes. The

higher-resolution approach also allows us to further inves-

tigate feature influences under rapidly changing conditions

and uncover patterns that could not be reliably inferred from

the sparser daily data. To this end, both ML (LGBM and

XGBoost) and DL models (MLP, TCN, LSTM, and Trans-

former) were evaluated, with LGBM and XGBoost serving as

benchmark methods against which the performance of neural

architecture was compared (Figure 6). The results are pre-

sented for the Fallow plot, which is the most challenging to

predict, as shown previously in Figure 4. Among all models,

LGBM demonstrates a clear advantage, producing predic-

tions that are more closely aligned with the identity line and

achieving the highest R2 of 0.671. Both LGBM and XGBoost

achieve significant performance improvements compared to

using daily data. Transformer and LSTM models perform

comparably well, with R2 values approaching 0.5, whereas

MLP and TCN yield unsatisfactory performance with R2

close to 0.3. This poorer performance likely reflects their lim-

ited ability to capture long-term dependencies and nonlinear

responses to abrupt water input events.

Interestingly, the differences in RMSE values are relatively

minor among the stronger DL models (LGBM, XGBoost,

Transformer, and LSTM are all close to 0.045), suggesting

that while they achieve similar average error magnitudes, their

ability to explain variance (as captured by R2) diverges more

substantially (Figure 6). This pattern suggests that variance

in SM fluctuations is better captured by LGBM, even though

overall error magnitudes are not substantially different. In

terms of computational efficiency, the tree-based models

(LGBM and XGBoost) show a clear advantage, completing

training in under 5 min. In contrast, DL models are more com-

putationally demanding. LSTM and Transformer required 44

s and 295 s per epoch, on average, respectively, leading to total
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Yin ET AL. 13 of 20Vadose Zone Journal

F I G U R E 6 Prediction results on the 5-min testing set for the fallow plot using light gradient boosting machine (LGBM), eXtreme gradient

boosting (XGBoost), multi-layer perceptron (MLP), temporal convolutional network (TCN), long short-term memory (LSTM), and Transformer.

Each subplot shows predicted versus observed soil moisture with the identity line in red, annotated with R2 and root mean squared error (RMSE)

values. Noticeable deviations (across all six models) from the identity line when soil moisture (SM) is >0.3 were generally caused by irrigation or few

heavy rainfalls, indicating the inability to capture soil moisture variation patterns under large water input due to scarce data that include such events.

training times exceeding 30 min and 4 h. This highlights the

trade-off between accuracy, interpretability, and efficiency

when selecting models for operational use. The 72-h look-

back choice was informed by, but not independently validated

against, the daily SHAP results. To evaluate the robustness

of this assumption, sensitivity testing of the lookback length

(48, 72, and 96 h) produced negligible improvements in

model accuracy (ΔR2 < 0.01 with the increase of lookback

length) on the LGBM benchmark (Table S2), indicating that

temporal patterns identified are robust to moderate varia-

tions in input window length. The 72-h configuration thus

represents a practical balance, providing satisfactory predic-

tive performance while avoiding unnecessary computational

overhead. Additionally, across all models, the largest dis-

crepancies between predictions and observations appear as

data clusters below the identity line. These represent SM

underestimations associated with abrupt fluctuations caused

by external water inputs (irrigation or rainfall). Such events

remain particularly challenging to capture accurately due to

their stochastic nature.

To further evaluate the temporal prediction performance

of promising models, we then compare LGBM (daily and

5 min) and Transformer results directly in the time domain

in Figure 7. The 5-min predictions (Figure 7b,c) align

more closely with the observed SM curve compared to the

daily model (Figure 7a), where the prediction curve shows

a noticeable rightward shift relative to the observations.

This demonstrates that higher temporal resolution not only

improves accuracy but also reduces the lag effect, thereby

increasing the timeliness of the predictions. On the other

hand, all major predicted SM peaks also align temporally with

recorded irrigation events listed in Table 1, further confirm-

ing that the models accurately capture short-term responses to

water inputs, even though this correspondence should be inter-

preted as temporal alignment rather than physical causation.

Between the two high-frequency models, the Transformer

(Figure 7c) shows the least lag, with predictions nearly

synchronous with observed fluctuations. However, respon-

siveness to extreme spikes caused by water input events is

limited, as peak values approaching 0.5 in the observations

are underestimated below 0.3. In contrast, the LGBM 5-min

model (Figure 7b) achieves a more balanced performance. It

better reproduces the magnitude of peak responses (∼0.4),

while still maintaining close overall alignment, albeit with

slightly more lag than the Transformer. These results high-

light a trade-off between timeliness (Transformer) and event

responsiveness (LGBM), suggesting that ensemble tree-based

and attention-based neural architectures capture complemen-

tary aspects of short-term SM dynamics. SHAP analysis

was conducted on the 5-min LGBM model results to further

evaluate feature influence over the 3-day window.

Figure 8a shows that SM itself remains the most influ-

ential feature for predicting moisture content, with SHAP

values reaching the largest magnitudes (up to 0.0002 in model
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F I G U R E 7 Temporal prediction results for the Fallow plot using (a) light gradient boosting machine (LGBM) daily, (b) LGBM 5-min, and (c)

Transformer 5-min models. Blue solid lines indicate observed soil moisture, and orange dashed lines indicate model predictions.

output units), consistent with the persistence and memory

effects seen in the daily analysis. Because SHAP values are

computed continuously across the time series, their interpre-

tation reflects the overall influence of recent water inputs

rather than individual irrigation events. Therefore, the water

input variable (WaT), which aggregates rainfall and irriga-

tion into a continuous feature, ranked lower in aggregate but

exerts a consistently strong positive influence, as indicated

by the rightward skew of SHAP values. Unlike the daily

scale, SR emerges as the most aggregated feature contribu-

tor across the 72-h window in most treatments, despite its

narrower SHAP range. Variability across treatments is also

more pronounced than in the daily case: for example, air

temperature (Tmean) shows a stronger negative effect in the

fallow plot, suggesting enhanced evaporation driven by tem-

perature in the topsoil. In contrast, humidity (RHmean) shows

a stronger positive effect in the SSM plot, implying that SM

is closely related to evapotranspiration, as higher RHmean

helps mitigate crop transpiration. Together, these findings

indicate that over shorter 3-day periods, SM dynamics are

not only dominated by autoregression and water additions

but also become more sensitive to radiative and atmospheric

drivers.

Recent WaT values remain dominant predictors, but SR

also displays recurrent bands every 24 h, with strong influence

across the entire 72-h horizon (Figure 8b). Additionally, both

air and STs exhibit localized peaks in the most recent hours,

suggesting their role in modulating rapid evaporative losses

immediately following water input events. This implies that

short-term predictions depend strongly on immediate water

inputs and are shaped by near-real-time atmospheric forc-

ing. Specifically, WaT exhibits two clear peaks in positive

influence on SM predictions, centered around 4–5 cm/day

and 7–9 cm/day, with SHAP values approaching 1.0 × 10−5

(Figure 8c). These thresholds likely correspond to irrigation

or rainfall regimes that have the most pronounced impacts on

near-surface moisture conditions. The first peak (4–5 cm/day)

may represent typical irrigation or moderate rainfall events

that quickly recharge the upper soil layer and are well cap-

tured by the sensors. The second peak (7–9 cm/day) likely

reflects irrigation or larger rainfall that exceeds infiltration

capacity, leading to transient soil saturation, surface runoff,
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F I G U R E 8 SHapley Additive exPlanations (SHAP) analysis of 5-min prediction results using the light gradient boosting machine (LGBM)

model for different cover crop treatments (each row of plots). Beeswarm plots (a) of feature importance aggregated over the 72-h input window are

ranked by high to low feature importance, from top to bottom in each plot (left column). Middle column contains feature–timestep heatmaps (b), and

right column contains dependency plots (c) of water input (WaT, converted from cm/5 min to cm/day) and solar radiation (SR). The green dashed

line represents the average irrigation amount per event. SM, soil moisture; SSM, six-species moisture; ST, soil temperature.

or rapid drainage. Such nonlinear responses create stronger

contrasts in SM dynamics, which are then emphasized in the

SHAP attribution. By contrast, SR shows only minor modula-

tion of SHAP values across different WaT levels, suggesting

that its effect operates more indirectly through evapotranspira-

tion processes. In addition, we found higher SHAP variability

for cover crops, including oat (maximal SHAP value ∼ 3.0 ×
10−5) and SSM (maximal SHAP value ∼1.0 × 10−5), which

implies increased sensitivity in those treatments to water

input, improved water infiltration and uptake within 72 h of

rainfall/irrigation, and less water loss due to runoff and evapo-

ration. Together, these results highlight that within short 3-day

windows, SM variability is primarily driven by a balance

between immediate water additions and atmospheric influ-

ences, with crop cover influencing sensitivity to secondary

weather variables, which could be used to optimize water use

by improving water infiltration and uptake.

While SHAP provides valuable interpretability for under-

standing feature influence, it is essential to note that these

attributions represent statistical sensitivities within the model

space rather than direct causal mechanisms of soil–plant–

atmosphere interactions. Even though temporal autocorre-

lation is inherent in SM and water input variables, the

relatively low cross-feature correlations among weather pre-

dictors (Figure 2b,c) suggest that the derived feature influ-

ences largely reflect distinct, data-driven relationships within

the model space. Accordingly, SHAP interpretations in this

study should be viewed as data-driven associations that

enhance understanding of feature influence patterns rather

than mechanistic controls on soil water processes.
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5 DISCUSSION

5.1 Method strength and limitations

The results from both daily and 5-min analyses highlight

several important aspects of SM dynamics in the semi-arid

regions, such as the study area in Clovis, NM. The domi-

nance of recent SM and water inputs in the SHAP analyses

indicates strong short-term memory of near-surface soils

and their immediate responsiveness to irrigation and rainfall

pulses. This finding is consistent with previous research in

water-limited systems, where SM is primarily controlled by

antecedent water status and discrete recharge events, rather

than gradual meteorological forcing alone (Teshome et al.,

2024). At the same time, the emergence of SR and temperature

as important factors in the high-frequency analysis under-

scores the role of evaporative demand in driving rapid drying

cycles following wetting events.

The results for this new dual-resolution modeling frame-

work show performance that aligns with that of Teshome

et al. (2024), who reported that gradient-boosting algorithms

such as XGBoost and LGBM consistently outperformed

other ML and DL models in SM prediction tasks. How-

ever, while their analysis was limited to a single sub-hourly

scale, our dual-resolution framework extends this approach

by jointly evaluating daily and high-frequency dynamics and

incorporating SHAP-based interpretability to quantify feature

influence across temporal scales. Advantages of ensemble

boosting (Alahmad et al., 2025) and SHAP analysis (Wang

et al., 2024) for hydrological prediction have also been

reported in other regions and climates, suggesting that these

models provide a robust foundation for soil–water forecasting

under both humid and semi-arid conditions (Rahmati et al.,

2024). Prior studies have also shown that multiscale hydro-

logic modeling may include multiple length scales, multiple

time scales, or both (Scheibe et al., 2015). The results of

the new dual-resolution approach developed here advance

this understanding by demonstrating that predictive sensi-

tivity to meteorological and management variables is time

scale-dependent, with SR and short-term water inputs exert-

ing greater influence on finer temporal resolutions in the site

studied.

From an agronomic perspective, the ability of these mod-

els to capture both the persistence of soil water and the timing

of sharp fluctuations is highly relevant for irrigation man-

agement (Matei et al., 2017). The predictive framework for

ML/DL models incorporating SHAP analysis demonstrated

here better captures and predicts low moisture levels than high

moisture conditions, providing reliable, timely guidance to

farmers on when to irrigate. It can also help identify peri-

ods of heightened water sensitivity, enabling more efficient

irrigation scheduling to reduce losses from runoff or deep

percolation. Moreover, the observed differences among cover

crop treatments, with pea plots showing greater stability in

water storage and fallow or SSM plots exhibiting higher vari-

ability, suggest that cover cropping strategies can influence

not only soil water retention but also the predictability of SM

itself under various meteorological conditions (Florence &

McGuire, 2020). For example, farmers adopting mixed cover

cropping may need to consider the water-use characteristics

of the constituent species when making water management

decisions. Such insights may help farmers balance crop water

use, soil health, and management practices under semi-arid

conditions. In addition, the framework provides actionable

insights into irrigation management and cover crop selection

in the semi-arid site examined here. The ability to predict SM

with short lead times, identify critical water input thresholds

(4–5 and 7–9 cm/day), and quantify treatment-specific sensi-

tivities can help optimize irrigation scheduling, reduce water

losses, and improve crop water-use efficiency. The observed

differences among treatments further highlight the role of

cover crops in modulating SM predictability under semi-arid

conditions.

The methodological design presented here also offers

notable strengths. By combining ML and DL models with

SHAP-based interpretability and a dual-temporal resolution

strategy, the study provides both predictive skill and process-

level understanding. Tree-based boosting models (LGBM and

XGBoost) proved especially effective at capturing nonlinear

patterns and providing efficient, interpretable predictions of

moisture content, while DL models added value by reducing

lag in high-frequency predictions and highlighting complex

feature interactions. SHAP analysis further contributed by

disentangling the relative roles of soil, weather, and manage-

ment factors, indicating consistent short-term memory effects

of SM and identifying treatment-specific sensitivities that

would otherwise remain hidden in black-box model outputs.

Although SHAP analysis quantifies model sensitivities

and data-driven associations rather than mechanistic fluxes

of infiltration, evapotranspiration, or plant uptake, rather

than physical causality. The resulting feature attributions

remain valuable for both scientific interpretation and practi-

cal management. The analysis identifies which variables most

strongly affect SM predictability, informs irrigation schedul-

ing, and highlights periods of heightened water sensitivity

across crop treatments. The identified sensitivities, such as

the dominance of recent water input and SR, are action-

able even without formal causal validation. Therefore, SHAP

serves as an effective bridge between data-driven prediction

and agronomic interpretation, providing a transparent, quan-

titative basis for evaluating feature influence and improving

decision support in semi-arid agriculture.

On the other hand, several limitations should be acknowl-

edged. First, predictive accuracy was constrained by dataset

size, particularly at the daily scale, which limited the abil-

ity of more data-intensive DL architectures to realize their
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full potential. Second, while the models captured dominant

drivers and short-term memory effects, they may not fully

account for deeper soil processes such as percolation beyond

the sensor depth or plant water uptake at deeper rooting zones.

Third, high-frequency fluctuations associated with irrigation

or large rainfall events remained difficult to capture due to

the inherent stochasticity and sparseness of these inputs, as

rainfall and irrigation are common but scarce in the studied

semi-arid region. Finally, although SHAP provided valuable

interpretability, its reliability in feature attributions depends

on the quality of the underlying models, and caution is war-

ranted when interpreting results from models with weaker

performance. While model performance and SHAP-based

insights are consistent across treatments, future research with

multi-site datasets and deeper soil profiles is needed to

confirm model robustness and extend generalization.

5.2 Relation to physical water-balance
models

The statistical relationships identified by this proposed ML

+ DL + SHAP framework can be interpreted in the context

of established hydrologic processes represented in physically

based models such as HYDRUS-1D and SWAT. In similar

semi-arid soils, HYDRUS-1D simulations have shown that

near-surface water content responds sharply to irrigation or

rainfall pulses followed by rapid drainage and evaporation

under high SR (Er-Raki et al., 2021). These infiltration–

evaporation cycles described in process models align with

the short-term SHAP patterns identified in this study, in

which the most recent water-input events and strong radiative

forcing govern soil-moisture variations at sub-daily scales.

Similarly, SWAT simulations for the southern High Plains

indicate that evapotranspiration, canopy shading, and surface

storage dominate soil-water variability under limited precip-

itation, with slow percolation or lateral flow (Chen et al.,

2018). It should be noted, however, that several of the direct

measurements of individual water-balance components (e.g.,

infiltration rate, percolation, evapotranspiration, or canopy

interception) were not collected in this study, and there-

fore, mechanistic inference remains limited. The SHAP-based

interpretations should thus be viewed as data-driven sensitiv-

ities within the model space, complementary to rather than

substitutive of process-based modeling (Dai et al., 2025; Xi

et al., 2025).

6 CONCLUSIONS

This study developed a dual-resolution framework integrat-

ing ML, DL, and SHAP-based interpretability to predict and

explain SM dynamics under various cover crop treatments in a

semi-arid environment. Tree-based boosting models (LGBM

and XGBoost) achieved the highest predictive accuracy

and computational efficiency, while DL models, especially

Transformer and LSTM, effectively reduced temporal lag in

high-frequency predictions. SHAP analysis provided data-

driven insights into feature sensitivities across timescales,

indicating that recent SM and water input dominate daily vari-

ability, whereas SR and temperature exert stronger short-term

influences.

These results demonstrate that combining predictive mod-

eling with XAI enhances both accuracy and interpretability,

offering a practical basis for data-informed irrigation and

soil and water management. However, because analyses are

limited to surface (5 cm) moisture at a single site in Clo-

vis, NM, current results should be interpreted as site-specific

until verified across additional locations and depths. Looking

ahead, the framework can be further enhanced by coupling

the data-driven models with physically based hydrological or

soil–plant–atmosphere simulations to enable causal evalua-

tion of feature influences identified by SHAP. Such hybrid

modeling would allow comparison between model-derived

sensitivities and process-based fluxes such as infiltration,

evapotranspiration, and root water uptake, thereby improv-

ing both physical interpretability, mechanistic validation, and

transferability across sites.
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