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Soil water availability is one of the major challenges in many rainfed crop production systems of the Global 
South. Soil water conservation practices are being promoted to enhance climate change adaptation for 
rainfed cropping systems of southern Africa. However, the cost and time required to develop and test 
appropriate modelling and simulation tools can be enormous. The objectives of this study were to: (i) test the 
performance of the decision tree, adaptive boosting (AdaBoost), support vector machine, neural network, 
stochastic gradient descent, k-nearest neighbours, random forest and linear regression machine learning 
models in predicting soil water under different tillage practices, soil types and depths, and (ii) assess the 
soil water classification and prediction capabilities of 8 models under different tillage practices, soil types 
and depths. The neural network, random forest and decision tree models had the best soil water prediction 
capabilities. The neural network, random forest and decision tree models were the best algorithms  
(RMSE = 15.801–16.369; MAE = 11.997–12.315; R2 = 0.822–0.835) for predicting and classifying soil water 
from different soil types and depth intervals. The support vector machine learning model was the weakest 
algorithm (RMSE = 36.177; MAE = 30.84; R2 = 0.133) for predicting and classifying soil water. All the algorithms 
poorly predicted and classified soil water based on tillage practices. All the models closely predicted soil 
water at 300 and 900 mm depths but poorly predicted soil water at 600 mm depth intervals. Based on this 
study, the neural network model is the best machine learning tool for predicting soil water in clay and sandy 
soils under semi-arid agroecological conditions.
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INTRODUCTION

Smallholder agriculture heavily depends on total seasonal rainfall and its distribution in semi-arid 
sub-Saharan Africa. Annual rainfall in semi-arid south-western Zimbabwe is often less than 500 mm 
and exhibits extreme spatial and temporal variations (Sibanda et al., 2020). Rainfall occurs as short-
duration and high-intensity convective storms that generate high surface runoff, resulting in limited 
recharging of the soil profiles on smallholder farms (Mamombe et al., 2017). Frequent intra-seasonal 
dry spells and drought make rainfed crop production risky on smallholder farms. Consequently, soil 
water availability in rainfed cropping systems is one of the major challenges in the semi-arid parts 
of southern Africa. Research has been undertaken to assess the impact of different practices on soil 
water availability to crops (Nyagumbo et al., 2015; Thierfelder et al., 2018) to find ways to minimise 
the impacts of frequent droughts and dry spells on smallholder farming. Key findings from these 
studies indicate that soil water availability can be prolonged in different soil types during the growing 
season by using conservation agriculture and reduced tillage practices (Thierfelder and Wall, 2009; 
Madembo and Nyagumbo, 2026).

The use of process-based modelling tools helps in understanding the long-term impact of different 
practices, including soil tillage and mulching, on soil water dynamics in cropping systems (Keating 
et al., 2003; Vogeler et al., 2023). Biophysical models such as the Agricultural Production Systems 
Simulator (APSIM) (Keating et  al., 2003) have been used for simulating soil water patterns and 
surface runoff in agricultural systems (Ncube et al., 2009; Mupangwa and Jewitt, 2011; Vogeler 
et al., 2023). However, the capability of process-based models in predicting soil water balance in 
agricultural systems under different management practices and varying rainfall patterns gives mixed 
results (Chapagain et al., 2022). A study by Ncube et al. (2009) revealed that the APSIM model 
could closely predict soil water regimes in legume-cereal rotations on sandy soil under semi-arid 
conditions. Mupangwa et al. (2007; 2011) indicated that soil water prediction precision could vary 
with seasonal rainfall amounts, distribution, and depth in clay and sandy soils. In seasons with above-
average rainfall, the APSIM model over-predicted soil water content in different tillage practices.  
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Biophysical models such as the Decision Support System for 
Agrotechnology Transfer (DSSAT) (Jones et al., 1998) do 
not accurately predict soil water during high-rainfall seasons 
(Mkuhlani, 2013). On the other hand, such models predict soil 
water with considerable accuracy during average rainfall seasons 
and with reduced accuracy in dry seasons (Mupangwa et al., 2011). 
The DSSAT model had considerable inaccuracies in predicting 
soil water at different depths, but the inaccuracy increased with 
an increase in soil depth (Mkuhlani, 2013).

The shortcomings of mechanistic biophysical tools such as 
APSIM and DSSAT can be reduced by using machine learning 
(ML) approaches to predict soil water under different agricultural 
water management practices (Padarian et al., 2020; de Oliveira 
et al., 2020). Machine learning tools are good for predicting 
the non-linear nature of soil water dynamics (Padarian et al., 
2020). Furthermore, machine learning tools have fewer data 
requirements than the current mechanistic biophysical models 
(Young, 2006; King and Shellie, 2016). When there is limited 
data for the calibration and validation of the biophysical models 
(Wolfert et al., 2017), ML tools can be an alternative (Mishra et al.,  
2016; Crane-Droesch, 2018; Liakos et al., 2018) for learning 
complex relationships and trends (Gorni and Augusto, 2008). 
Machine learning comprises algorithms that allow software 
applications to learn and predict patterns and outcomes from 
systems of research interest (Crane-Droesch, 2018). The basic 
premise of ML is to build algorithms that can receive input data 
and use statistical analysis to predict an output. The advantages 
of ML tools include extracting more knowledge and identifying 
trends from big data sets (Wolfert et al., 2017). Additionally, 
ML algorithms can continuously improve as new data becomes 
available, increasing prediction efficiency (Balducci et al., 2018).

Different ML algorithms have been used to inform soil water 
management in regions outside southern Africa (Padarian et al., 
2020; de Oliveira et al., 2021; Rani et al., 2022; Teshome et al., 
2024). Machine learning techniques available for use in agriculture 
include regression, fuzzy cognitive map learning, artificial 
neural networks, classification and regression trees (CART), 
k-nearest neighbours (KNN), random forest and support vector 
machine (SVM) (Rosenblatt, 1958; Silverman and Jones, 1989; 
Dickerson and Kosko, 1993; Cortes and Vapnik, 1995; Breiman, 
2001). Results from applications of ML algorithms for soil water 
prediction under different conditions are often mixed (Cai et al., 
2019). Hou et al. (2016) applied the artificial neural network, and 
the tool closely predicted soil water variations with depth. Where 
the SVM was applied, soil water prediction over time had an 89% 
accuracy compared with the measured data (Gill et al., 2006). 
Machine learning tools such as fuzzy decision systems and neural 
networks have been applied in irrigation water management 
with satisfactory results (Giusti and Marsili-Libelli, 2015; King 
and Shellie, 2016). The prediction accuracy of ML algorithms is 
critical for their usefulness in agriculture. The different ML tools 
vary in accuracy levels, and selecting a tool to use is a crucial first 
step. The performance of a selected ML tool depends on various 
aspects, including the size of the data set used, experimental 
noise, and errors in data collection procedures, among others  
(Enke and Mehdiyev, 2012).

This study sought to answer the following research questions:

•	 Can the ML algorithms be used for soil water prediction 
in conventional and reduced tillage practices and clay and 
sandy soils at different soil depths?

•	 Which is the best ML algorithm that can be used for soil 
water prediction?

•	 How accurate and precise are the ML approaches in 
classifying and predicting soil water under different tillage 
practices, soil types and depths?

The objectives of the study were to: (i) evaluate the performance 
of the decision tree, adaptive boosting (AdaBoost), support vector 
machine, neural network, stochastic gradient descent, k-nearest 
neighbours, random forest and linear regression in predicting soil 
water under different tillage practices, soil types and depths, and 
(ii) evaluate the soil water prediction capabilities of decision tree, 
AdaBoost, support vector machine, neural network, stochastic 
gradient descent, k-nearest neighbours, random forest and linear 
regression in different tillage practices, soil types and depths.

MATERIALS AND METHODS

Description of experimental sites and simulated 
treatments

Machine learning and algorithmic predictions of soil water 
were based on experiments conducted at the Matopos Research 
Station in western Zimbabwe. Specifically, the experiments were 
performed at Westacre and Lucydale farms within the Matopos 
Research Station, where clay (28°30.92’ E, 20°23.32’ S, 1 344 m 
above sea level) and granitic sandy (28°24.46’ E, 20°25.64’ S, 1 378 m  
above sea level) soils were used, respectively. Matopos typically 
receives an average rainfall of 590 mm (Ncube et al., 2009), and the 
rainfall season is unimodal. The experiment consisted of 3 tillage 
methods as the main plot treatments: conventional mouldboard 
ploughing, animal traction ripping (ripper), and hand-dug planting 
basins. The sub-plot treatments were 4 mulch levels, namely, 0, 
2, 4 and 10 t·ha−1. The planting basins were created with a hand 
hoe, spaced at 0.6 m × 0.9 m, and each basin had dimensions of  
0.15 m (length) × 0.15 m (width) × 0.15 m (depth) (Twomlow  
et al., 2008). The rip lines were opened with a ripper tine attached 
to the beam of a donkey-drawn mouldboard plough, and the inter-
row spacing was 0.9 m. The ripping depth achieved on both soil 
types ranged from 0.15–0.18 m. Conventional ploughing, to a 
depth of 0.15–0.20 m, was performed soon after the first effective 
rain (at least 20 to 30 mm) in December each year, using an animal 
traction mouldboard plough. Mulch cover was applied annually 
to the conventional, ripper, and planting basin tillage treatments 
at 0, 2, 4, and 10 t·ha−1. Soil water measurements using a portable 
capacitance probe (Decagon Devices, Inc.) were taken weekly 
at soil depths of 0–0.3 m, 0.3–0.6 m and 0.6–0.9 m during the 
growing season (November–March) each year. For more detailed 
information on the experiments, refer to studies by Mupangwa  
et al. (2007; 2012). Maize was grown at 37 000 plants per hectare, 
while sorghum and cowpea had 55 555 plants per hectare. Further 
details of the cropping systems and management practices used are 
described by Mupangwa et al. (2012).

Machine learning algorithms

Predicting soil water content is important in agriculture, 
hydrology and environmental sciences (Legates and McCabe, 
1999; Sharma and Bharti, 2020). Machine learning offers 
powerful tools for tackling this complex task, due to its ability to 
handle non-linear relationships and complex data patterns. This 
study applied 8 ML algorithms for predicting soil water in 3 tillage 
systems and 2 soil types. The ML algorithms were decision tree, 
AdaBoost, support vector machine, neural network, stochastic 
gradient descent, k-nearest neighbours, random forest and linear 
regression (Ravi and Bhatia, 2021). The choice of models was 
influenced by their capabilities to predict soil properties such as 
water content (Teshome et al., 2024). Machine learning algorithms 
that balance several key features − high accuracy in predicting soil 
water, the ability to understand the factors influencing predictions 
(interpretability), and the efficiency to run and generate 
results quickly (computational efficiency) − were selected. 
Machine learning algorithms that can be trained and generate 
results quickly with the available data sets were prioritised.  
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These considerations were crucial given the characteristics of the 
data, including its size, complexity and the potential presence of 
non-linear relationships between variables. A detailed exposition 
of the algorithms’ mathematical underpinnings can be found 
within the existing body of published research (Rosenblatt, 1958; 
Silverman and Jones, 1989; Dickerson and Kosko, 1993; Cortes 
and Vapnik, 1995; Breiman, 2001). The modelling input variables 
were tillage method, soil depth, soil type, and mulch rate, while 
soil water content (mm) was used as the target variable.

Model evaluation and selection

Soil water data were split into training, 20-fold cross-validation, 
and testing sets. The training set was used to train the algorithms, 
the validation set was used for fine-tuning hyper-parameters, and 
the testing set was used to evaluate the final model performance 
(Singh and Mallick, 2020). First each algorithm learnt from the 
training data to predict soil water based on input features such as 
tillage method, soil depth, soil type and the target variable (soil 
water). Stratified 20-fold cross-validation ensured the proportions 
of classes or categories were maintained in the training and 
testing data sets (Tian and Zhang, 2020). The 20-fold cross-
validation involved splitting the data into 20 folds, training the 
algorithms on 19 folds, and evaluating it on the remaining fold. 
This process was repeated 20 times, using each fold for evaluation 
once. This approach provided a more robust estimate of model 
generalizability compared to a simple training–testing split.

Each algorithm’s performance was assessed by estimating mean 
absolute error (MAE), mean squared error (MSE), root mean 
square error (RMSE), coefficient of determination (R²), mean 
absolute percentage error (MAPE) and cross-validation root mean 
squared error (CVRMSE) to assess accuracy and generalisation 
ability (Sharma and Bharti, 2020). The MAE denotes the mean 
absolute deviation between predicted and actual values within 
the test dataset. Similar to RMSE, lower MAE signifies superior 
model accuracy. The MAPE resembles MAE but expresses errors 
as a percentage of actual values. The coefficient of determination 

gauges the fraction of variance in actual soil water content 
accounted for by the model’s predictions, with values ranging from 
0 to 1; higher values indicate stronger model performance (Tian 
and Zhang, 2020). The CVRMSE assesses model generalizability 
by dividing data into folds, training the model on one subset, and 
evaluating its performance on the others. This process is repeated 
across folds, with the average RMSE serving as the CVRMSE.

The major analyses were conducted in Orange-Miniconda version 
3.3.36.2 (Fig. 1), which is a Python library. It was developed by the 
Bioinformatics Laboratory at the University of Ljubljana, Slovenia, 
in collaboration with an open-source community. Orange is a free 
and versatile data visualisation and analysis tool (Demsar et al., 
2013). It empowers users to perform data-mining tasks through 
intuitive visual programming or by utilising Python scripting. The 
ML workflow shown in Fig. 1 involved connecting various model 
widgets to the data source. Additionally, test and score widgets were 
included to assess model performance. To gain deeper insights, 
widgets were placed between the data and models to explain 
predictions and extract feature importance. Finally, prediction and 
feature importance data were exported to R for visualisation.

RESULTS

Descriptive statistics

The violin with embedded box plots (Fig. 2) shows the distribution 
of soil water content (mm) across various factors influencing soil 
water. These factors include soil depth (300, 600 and 900 mm), 
tillage method (basins, plough, and ripper), soil type (clay and 
sand) and mulch rates (0, 2, 4, and 10 t·ha−1) (Table 1). The soil 
water distribution across the three soil depths had a positive skew, 
meaning more data points with lower water content values than the 
mean occurred in the data set. The few data points occurring above 
the mean soil water content can reflect wetting cycles after rainfall 
events that recharged the soil profiles. The median water content 
also decreased with increasing soil depth, indicating that topsoil 
layers (300 mm) held more water than deeper layers (900 mm)  
when measurements were taken in the experimental plots.

Figure 1. Model implementation architecture in Orange-Miniconda version 3.3.36.2. Notes: This workflow illustrates the complete machine-
learning pipeline used for predicting soil water content across different tillage systems and soil types. The process begins with the file widget, 
where the dataset (soil moisture, soil type, tillage practice, and related covariates) is imported. The dataset is then simultaneously routed to 
multiple supervised learning algorithms.
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Model performance in predicting soil water content

The models’ performance in predicting soil water content is 
summarised in Table 2. Training time reflects how long each model 
took to learn from the training data. As expected, complex models 
like neural network and decision tree needed more training time 
compared to simpler models such as linear regression. Neural 
networks, decision trees and random forests consistently achieved 
the lowest test errors (RMSE, MAE) and the best fit to the soil 

water content data (Figs A1, A2 and A3; Appendix), as indicated 
by the highest R2 value (Table 2). While other models performed 
adequately, these three consistently excelled and, based on these 
metrics, the neural network appears to be more appropriate for 
predicting soil water content. It achieved the lowest error rates 
(RMSE = 15.801, MAE = 11.997, MAPE = 0.264) and the highest 
R2 value (0.835), suggesting a strong fit between the model and 
the data (Table 2).

Figure 2. The distribution of soil water content (measured in millimetres) across various features influencing soil moisture (N = 1 188). Red circles 
inside the boxplots are the means, the horizontal line in the middle of the box represents the median, and the width of the box reflects the 
variability within the middle 50% of the data.

Table 1. Soil water content (mm) descriptive statistics across soil type, tillage methods, soil depth (mm) and mulch rate (t·ha−1)

Factor N Minimum Maximum Mean SD Variance

Clay 540 17.4 163.8 80 42.4 1794

Sand 648 6.1 159.7 51 29.9 895.4

Basins 396 6.1 153.9 64 38.3 1 468.4

Plough 396 6.3 163.8 63 38.9 1 519.7

Ripper 396 6.2 159.7 65 39.4 1 550.7

300 396 6.1 50.7 26 9.1 83

600 396 20.7 104.1 62 20.9 440.9

900 396 37.4 163.8 103 32.6 1 060.6

0 297 6.0 154.8 62 38.4 1 521

2 297 8.7 155.4 63 37.9 1 511

4 297 7.8 163.8 66 40.2 1 521

10 297 6.2 154.9 64 39.1 1 511

Table 2. Performance metrics of the machine-learning models for predicting soil water content, derived from the 20-fold stratified cross-
validation procedure applied to the full dataset (i.e., the training-validation folds). Notes: The results presented (MSE, RMSE, MAE, MAPE, R², 
CVRMSE) reflect averaged performance across all cross-validation folds; no external hold-out test set was used for generating this table. The 
training and testing times shown correspond to model fitting and internal fold-level evaluation during cross-validation.

Model *Time (s) Model performance metrics

Train Test MSE RMSE MAE MAPE R2 CVRMSE

Decision tree 2.744 0.003 267.164 16.345 12.315 0.273 0.823 25.629

AdaBoost 0.743 0.089 270.258 16.44 12.421 0.279 0.821 25.777

Support vector machine 0.530 0.133 1 308.8 36.177 30.840 0.869 0.133 56.726

Neural network 18.646 0.105 249.674 15.801 11.997 0.264 0.835 24.776

Stochastic gradient descent 0.292 0.106 335.448 18.315 14.711 0.321 0.778 28.718

K-nearest neighbours 0.254 0.093 302.417 17.39 12.934 0.287 0.800 27.268

Random forest 0.546 0.085 267.944 16.369 12.313 0.273 0.822 25.667

Linear regression 0.227 0.066 321.093 17.919 14.411 0.31 0.787 28.097

*Time (s): the time it took to train the model in seconds
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Figure 3. Feature importance evaluation based on a decrease in R2. The error bars are indicated in blue based on the mean and standard deviation 
estimated per model for each performance.

Figure 4. Decision tree for soil water prediction and feature interpretation. Note: The dependent variable is soil water content (mm). The decision 
tree was developed using Orange-Miniconda (version 3.3.36.2), which automatically manages internal randomization through the application’s 
global seed settings. Although the decision tree widget does not require an explicit “random_state” parameter, reproducibility of the model 
was ensured by (i) setting the global random seed within Orange, and (ii) using stratified 20-fold cross-validation for consistent and repeatable 
model evaluation across all runs. The tree was constructed under the following parameters: minimum tree size before splitting = 20 (primary and 
surrogate splits based on competing variables per node); maximum improvement rate by split = 0.01 (Gini impurity); maximum tree depth = 30; 
data splitting method = random; maximum percentage increase for minority class size = 200.

Importance of factors influencing soil water content

The impact of each factor on soil water content was analysed 
using R2 to understand which treatments are more influential for 
soil water content predictions (Fig. 3). Soil depth and soil type 
were the most important factors in all of the models, as they 
significantly decreased the models’ R2 value. The tillage method 
(Fig A4, Appendix) and mulch rate were less influential on soil 
water content than the aforementioned factors. A decision tree 
plot was created to gain a deeper understanding of how various 
factors influenced the predicted soil water content (Fig. 4). This 
plot revealed that the initial split considered the depth of soil 
water measurement. When the soil depth was 300 mm, the model 
analysed additional factors. At 300 mm soil depth, especially in 
sandy soil, soil water content was low (less than 23 mm). However, 
at this 300 mm soil depth, tillage method and mulch rate were 
more influential on soil water content in sandy soil. Individual 
conditional expectation (ICE) plots (Fig. 5) offer a detailed view 
of how predicted soil water content depends on specific factors 
for each data point, unlike partial dependence plots, which show 

one line representing the overall trend. Analysis of the soil water 
content data revealed the following insights: Soil water content 
increased with an increase in soil depth, and this is due to higher 
evaporation from the surface and increased uptake by plant roots 
concentrated in the top 300 mm soil layer.

Measured and predicted soil water based on model 
performance

Neural network, decision tree and random forest models exhibited 
a positive trend between measured and predicted soil water content. 
The algorithms also had similar soil water prediction power (0.91) 
illustrated by the Pearson correlation coefficients (R) (Fig. 6), 
suggesting they are all suitable for use under the soil properties 
and other conditions that influenced soil water content in the study 
environment. Notably, the three ML models achieved the highest 
R values (0.91), indicating a very strong ability to capture the 
variance in the soil water content data. This is further supported 
by their extremely low p-values (p < 0.001), signifying a statistically 
significant correlation between the measured and predicted values.



247Water SA 52(3) 242–253 / Jul 2026
https://doi.org/10.17159/wsa/2026.v52.i3.4220

Figure 6. Relationship between measured soil water content and predicted soil water content for the three machine-learning models (decision 
tree, neural network, and random forest). Each subplot shows the model’s scatter plot and regression line. In Orange-Miniconda, the visualisation 
widget automatically reports the Pearson correlation coefficient (R) and its p-value as part of its built-in plot outputs.

Figure 5. Individual conditional expectation (ICE) plots showing how mulch rate affects predicted changes in soil water content (Δ soil water) 
based on the best-performing model (neural network). Each thin coloured line represents the ICE curve for an individual observation within each 
category: Panel A: depth classes (300 mm, 600 mm, 900 mm), Panel B: soil types (clay, sand), Panel C: tillage methods (basins, plough, ripper). The 
orange line in each panel represents the averaged effect (centrally smoothed or ‘mean ICE’) across all individual ICE curves, providing a clearer 
interpretation of the overall trend. Legends correspond only to the coloured individual-observation curves; the orange line is not a separate class 
but the aggregate ICE trend.
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DISCUSSION

Soil water dynamics

More soil water in topsoil signifies recharged profiles after rainfall 
events (Madembo and Nyagumbo, 2025). The width of each violin 
plot represents the variability in soil water content at a given soil 
depth, with wider plots indicating greater variation. Notably, the 
violin plot for the 300 mm depth is wider than the one for 900 mm, 
signifying more variation in water content in the topsoil. More 
variation in topsoil could be a reflection of frequent changes in 
soil water content due to soil evaporation coupled with plant root 
extraction (Thierfelder and Wall, 2009).

There was high variability in soil water content in sandy soil, 
which was attributed to faster soil water loss through evaporation 
and deep drainage in sandy soil compared to clay soil. Soil water 
content was marginally higher in ripper treatment compared to 
the other two methods, although the overall impact of the tillage 
method on soil water content was minimal. Soil water content 
at the clay Matopos site exhibits a significantly higher and more 
concentrated distribution than the sandy soil at Lucydale, even 
displaying a trimodal structure (3 peaks). This suggests that water 
content at Matopos clay soil is not only higher but also exhibits 
distinct clusters within the overall distribution. Soils with high 
clay content (>30%) have high micropores and relatively low 
hydraulic conductivity, which help in retaining water (Al-Shayea, 
2001). Soil water content was not significantly affected by different 
mulch rates (0, 2, 4, and 10 t·ha−1), suggesting that mulch cover 
was not a major factor influencing soil water content compared 
to factors like soil depth and soil type during experimentation. 
However, mulch may still be important for slowing down soil 
evaporation from the top layer (Jat et al., 2016), which can benefit 
crops through the slowed drying cycle of the soil profile. In general, 
soil type and depth are crucial in determining the variability and 
overall storage of soil water in cropping systems. High variations 
in soil water content at the 300 mm depth can be attributed to the 
extraction of soil water by maize grown in the experimental plots, 
as well as evaporation. A study by Chikowo et al. (2004) revealed 
that maize root density is high for the 0–0.4 m soil depth during 
the critical vegetative stages of the plants.

Performance of ML algorithms

The ‘best’ model to use depends on the specific problem and the 
objective(s) of the analysis. Other factors, such as how easy it is to 
understand the model’s predictions (interpretability), training time, 
and ability to handle larger datasets (scalability), also play a role 
in choosing the right model. The data set generated during field 
experiments, and used for training and validation, was adequate for 
the neural network, decision tree and random forest models to give 
good predictions of soil water under the experimental conditions of 
the reported study. A study by De Oliveira et al. (2020) in a forest 
system showed that RF is a good algorithm (R2 = 0.51) for modelling 
spatial distribution of soil moisture. This is consistent with the 
findings of this study which indicated that RF can be applied to 
simulate (R2 = 0.82) soil water patterns in agricultural system. The 
DT outperformed (R2 = 0.83) the other algorithms tested, and this 
is consistent with results (R2 = 0.70–0.73) from Hateffard et al. 
(2019) in a study conducted at landscape scale. The SVM algorithm 
performed poorly (R2 = 0.24) in the study by De Oliveira et al. 
(2020), which is consistent with its simulation capability achieved 
(R2 = 0.13) in the current study.

The conventionally ploughed treatment had lower soil water 
content compared to ripping and basins. The disturbed topsoil 
loses soil water quickly through evaporation. Traditionally, winter 
ploughing is often done during the April–May period in southern 
Africa because the dry topsoil acts as a ‘mulch’ for the deeper 

soil layers (Twomlow et al., 2006), and this helps conserve soil 
water during the winter and spring seasons. At the onset of the 
rains in October–November, the soil profile recharges faster due 
to the conserved residual soil water in deeper layers. When the 
mulch rates exceeded 3 t·ha−1 in basins or ripping treatments, soil 
water content became significantly higher than in conventional 
ploughing treatment. Notably, for treatments with less than  
1 t·ha−1 mulch cover, the tillage method became a critical factor 
influencing soil water content. Soil water conservation in no-till 
and conservation agriculture-based systems has been reported 
in many studies from the Global North and South (Thierfelder 
and Wall, 2009; Li et al., 2011; Jat et al., 2013; Jat et al., 2016). 
Overall, the decision tree plot results align with the descriptive 
statistics and treatment importance analysis, highlighting the 
significant impact of soil depth, soil type, and their interaction, 
on soil water content. The plot in Fig. 4 also emphasises the 
importance of mulching and tillage methods in conserving soil 
water, particularly in treatments with lower soil water content. A 
clear difference exists between sand and clay soil, with the latter 
having higher soil water content. This is because clay particles 
have smaller pores which retain more water than the macropores 
in sandy soils. While some variations in soil water content existed 
between different tillage methods, the differences were not 
significant.

Building on this study, these ML algorithms can be coupled with 
biophysical models such as APSIM and DSSAT in understanding 
and predicting soil water dynamics and management in 
agricultural systems (Shahhosseini et al., 2021). The future 
research may focus on:

•	 Application of boosting techniques that can improve the 
performance of ML algorithms during the exploration of 
different issues affecting agriculture.

•	 Comparing the outputs of ML algorithms and biophysical 
models as a way of assessing the best tool to apply in under-
standing certain parameters such as soil water, crop yields 
and, pest and disease predictions in agricultural systems.

•	 Developing hybrid tools involving best-performing ML 
algorithms and biophysical models for selected parameters 
such as crop yields and water conservation in agricultural 
systems.

Measured and predicted soil water based on model 
performance

The correlation of predicted and measured soil water content 
strengthened with increase in soil depth (Fig. 6). This result 
confirms and is consistent with higher variability in soil water 
content in the top 300 mm soil layer compared to the deeper 
layers (Fig. 5). In essence, the results indicate that ML can be a 
viable tool for predicting soil water content with some degree 
of accuracy. However, within the scope of this experiment, 
the decision tree, random forest and neural network models 
displayed a clear advantage, in terms of both correlation strength 
and statistical significance, over the other models tested.

The ML algorithms used in this study were more precise in 
predicting soil water in both clay and sandy soils than the APSIM 
model in the same semi-arid agroecological conditions. A study 
by Ncube et al. (2007) indicated that APSIM prediction achieved 
an R2 of 0.58 and 0.65 when compared to the measured soil water 
content at the same sandy soil research site used for our study. 
This level of soil water prediction accuracy by APSIM is similar 
to the decision tree, random forest and neural network models 
used in this study, making the ML models a good option for soil 
water studies. However, Hateffard et al. (2019) emphasised the 
importance of pre-testing these ML models before use because 
their prediction accuracy for different soil properties varies 
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between environments; hence, universal recommendations are 
not appropriate. Furthermore, the selection of the ML model 
should be based on the soil property to be predicted and not on 
the prediction power of a model, because their accuracy varies 
with the soil property of interest (Rani et al., 2022).

CONCLUSION

The decision tree, random forest and neural network models 
accurately predicted soil water content under different treatments 
applied in this study. Therefore, decision tree, random forest and 
neural network models are appropriate ML tools for soil water 
prediction in sandy and clay soils under semi-arid agroecological 
conditions. All the ML models poorly predicted soil water based 
on tillage practices (conventional, ripper and basins) regardless of 
soil type. For the prediction and classification of soil water, neural 
network, decision tree and random forest models predicted soil 
water content more precisely in sandy than clay soil regardless 
of tillage practice and soil depth. The SVM was the weakest ML 
model for predicting soil water in sand and clay soils across 
tillage practices. The study recommends the application of 
neural network, decision tree and random forest models in soil 
water management and for informing decision making on water 
resource management in agricultural systems. The performance 
of the ML algorithms was influenced by soil type; hence there is 
need to conduct more studies incorporating other soil textural 
classes that are important for food production systems.
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APPENDIX

Figure A1. Distribution of neural network–predicted soil water across all stratified 20-fold cross validation

Figure A2. Distribution of random forest–predicted soil water across all stratified 20-fold cross validation
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Figure A3. Distribution of decision tree–predicted soil water across all stratified 20-fold cross validation

Figure A4. Soil water distribution under different tillage methods and soil depths 


