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A B S T R A C T

Soil salinization is a critical global issue for sustainable agriculture, impacting crop yields and posing a threat to 
achieving the Sustainable Development Goal (SDG) of ensuring food security. It is necessary to monitor it in 
detail and uncover its underlying factors at a regional scale. In this context, the present study aimed to evaluate 
soil health in the eastern Mediterranean region by using the Sodium Adsorption Ratio (SAR) as an indicator of 
soil salinity in three distinct soil horizons. The main objective of the research was to evaluate the performance of 
four machine learning (ML) models, including Random Forest (RF), Nu Support Vector Regression (NuSVR), 
Artificial Neural Network-Multi Layer Perceptron (ANN-MLP), and Gradient Boosting Regression (GBR), for 
accurate prediction of SAR following the Recursive Feature Elimination (RFE) as a feature selection method. 
Moreover, SHapely Additive exPlanations (SHAP) was applied as sensitivity analysis to identify the most 
influential covariates. Main findings of the research revealed that the average clay content in the surface horizon 
(H10-25cm) was 50.5% ± 10.4, which significantly increased to 57.5% ± 8.7 (p < 0.05). No significant mean 
differences were detected between the studied horizons for SAR and Na+. ML output revealed that NuSVR 
outperformed other algorithms in accurately predicting outcomes during both the training and testing stages. 
Moreover, Scenario 2 (SC2) with seven selected features from the RFE method facilitated highly accurate SAR 
predictions. Overall, the performance of ML models is ranked as NuSVR > GBR > ANN-MLP > RF. Lastly, SHAP 
sensitivity analysis identified CEC, Ca+2, Mg+2, and Na+ as the most influential variables for SAR prediction in 
both the training and testing stages. Hence, the research yielded valuable insights for efficient agricultural soil 
management at a regional level using state-of-the-art technology.

1. Introduction

Soil salinity is one of the most significant forms of land degradation, 
affecting the sustainability of agricultural production and food security 
(Sobhi Gollo et al., 2023; Wuyun et al., 2022). Salinization occurs when 
soil accumulates excessive soluble salts and comprises alkaline, sodic, 
and saline soils related to high pH, sodium (Na+), and salts (Klopp and 
Bleam, 2021). This can occur naturally or primarily through rainfall 

depositing oceanic salts, fluvial and aeolian deposition, and rock 
weathering, which is further facilitated by the streamflow or evapo
transpiration of underground water (Hassani et al., 2021). Furthermore, 
geological structures, karst processes, mineral composition, and topo
graphical features also aid in defining salinity patterns (Gorji et al., 
2017; Metternicht and Zinck, 2003). Additionally, soil characteristics, 
such as porosity, structure, texture, clay minerals, compaction and 
infiltration rate, water storage capacity, saturated and unsaturated 
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hydraulic conductivity, and potential salt content also play a role in this 
influence (Daliakopoulos et al., 2016; Pankova et al., 2015). In sec
ondary soil salinization, anthropogenic activities such as brackish water 
irrigation, poor land management practices, seawater intrusion in 
coastal lands, and excessive fertilization lead to the accumulation of 
water-soluble salts in various soil horizons (Gorji et al., 2017; Mandal, 
2019; Tedeschi, 2020). Moreover, flooding, over-irrigation, seepage, 
silting, and rising water tables accelerate these problems (Eswar et al., 
2021; Maliva, 2021; Wang et al., 2023a).

Soil salinization is a natural phenomenon, affecting approximately 
930 million hectares of saline/sodic soils globally (Rengasamy, 2006). 
Recently, Hopmans et al. (2021) reported that the salt affected soils 
cover 1 billion hectares, representing 7% of the total land area on the 
Earth’s land surface. Interestingly, 30% of the irrigated lands globally 
are salt-affected due to secondary human-induced salinization. On the 
other hand, Núñez and Finkbeiner (2020) calculated the average soil 
susceptibility to salt to be 0.19 dS/m per gram of salt in 1 m3, resulting in 
crop loss of 5.7 × 10⁻2 per gram of salt in 1 m3 of soil. Parallel to salinity, 
excessive concentration of Na + ions compared to other exchangeable 
and soluble cations such as Ca2+ and Mg2+ defines the concept of soil 
sodicity (Gharaibeh et al., 2021). The Exchangeable Sodium Percentage 
(ESP) and Sodium Adsorption Ratio (SAR) are the most common ex
pressions of soil sodicity and determine the suitability of soil or water for 
agricultural production (Daliakopoulos et al., 2016; Gautam et al., 
2023). In sodic soils, high Na + concentrations displace cations such as 
Ca2+ and Mg2+, causing significant structural degradation. As 
exchangeable sodium hydrolyzes, soil particles weaken and detach, 
leading to increased dispersibility and susceptibility to erosion (Abd 
El-Halim et al., 2023; de la Paix et al., 2013). Reports on the global 
extent of soil salinization vary, with estimates ranging from 10% arable 
land to one billion hectares covered with saline sodic soils. (Shahid et al., 
2018). In addition, secondary salinization renders 3 ha per minute un
productive, leading to an annual loss of 10–20 Mha per year (Cuevas 
et al., 2019).

Several countries have been identified as hotspots of soil salinity, 
including China, India, and Pakistan from South Asia, the United States, 
and a few Western and Central Asian countries (AquaStat, 2022). The 
Mediterranean region of the European continent is also reported to be 
vulnerable to extreme salinity and land degradation (Abu Hammad and 
Tumeizi, 2012; Daliakopoulos et al., 2016). Moreover, salt-affected soils 
are mostly persistent in arid and semiarid ecosystems due to less rainfall 
and a high rate of evapotranspiration, causing a decline in crop pro
duction (Shaaban et al., 2023; Singh, 2021). This is because excessive 
salt accumulation in the soil negatively affects plant growth and 
development, leading to physiological abnormalities and crop loss. 
Several studies have reported the impact of saline and sodic soils on 
decreased crop production (Li et al., 2023; Wang et al., 2016, 2023a). 
For instance, a recent study by Kafei et al. (2023) provided a quantita
tive evaluation of changes in wheat grain yield associated with saline 
sodic soil in the Mediterranean sub-humid region. Hence, it has become 
a major threat to global food security. Therefore, predicting soil salinity 
on global and regional scales is crucial for improving soil management 
to ensure crop production (Hassani et al., 2021; Zhou et al., 2022).

Spatiotemporal and vertical (soil horizon) variability in sodicity 
levels provides a clearer understanding of the impacts of climate change 
and terrestrial carbon dynamics (Hartemink et al., 2020; Hassani et al., 
2021; Mohammed et al., 2020b). Projected changes in climate change 
and altered hydrological balance increase the risk of soil problems and 
land degradation (Liu et al., 2022; Okur and Örçen, 2020). For instance, 
Tomaz et al. (2020) demonstrated the vulnerability of the Mediterra
nean region to climate-induced soil problems. Several salt and sodium 
control measures have been proven to reduce saline-sodic problems. For 
example, adding an appropriate amount of gypsum to the soil has been 
reported to reduce soil electrical conductivity (EC), pH, and SAR, 
thereby enhancing its fertility (Shaaban et al., 2023). Moreover, the use 
of halophytes through inter-and sequential cropping techniques has also 

been reported to control EC and SAR to improve soil performance 
(Jurado et al., 2024; Navarro-Torre et al., 2023). It will support to 
combating land degradation in a sustainable way to achieve sustainable 
development goals (UN-SDGs, 2030) mainly SDG-2 (zero hunger) 
(Mohammed et al., 2020b).

In the era of big data analytics, artificial intelligence and machine 
learning (ML) have been widely applied as decision-making tools to 
provide optimal solutions for complex environmental and agricultural 
problems (Arshad et al., 2023b; Mohammed et al., 2023; Singh et al., 
2022). ML was used in different aspects of research such as water quality 
(Mohammed et al., 2024b; Sajib et al., 2024; Uddin et al., 2023), agri
cultural research (Arshad et al., 2023b; Mohammed et al., 2024a), 
human health (Uddin et al., 2024), and many other disciplines. 
Numerous studies have employed data-driven modeling approaches to 
map and predict soil sodicity and salinity (Gautam et al., 2023; Wang 
et al., 2023b). For example, in a recent study in northwest China, Xiao 
et al. (2023) predicted soil salinity using three machine-learning (ML) 
algorithms. Similarly, Abedi et al. (2021) employed six ML algorithms to 
predict and model some salinity indicators, concluding that random 
forest (RF) is the best algorithm for predicting SAR. A bibliographic 
cluster analysis presentation for the keywords ‘(soil), (salinity)’ and 
‘machine learning’ (Fig. S1) revealed that significant research has been 
conducted in this domain, where more focus in using ML was recently 
adopted. However, the accurate prediction of soil salinity is dependent 
on several factors, including sample size, appropriate feature selection, 
and the selection of machine learning algorithms (Wang et al., 2023b). 
For instance, Andrade Foronda and Colinet (2023) utilized partial least 
squares (PLS), Support Vector Machines (SVM), and RF to predict soil 
sodicity from various cations and anions. Another recent study by Abba 
et al. (2023) resulted in the ANFIS-PSO metaheuristic algorithm with the 
highest accuracy (99%) and genetic algorithm feature selection with 
Ca2+, Mg2+, Na+, and Cl− as the main influential variables of ground
water salinization. Several other studies on SAR prediction in Mediter
ranean regions, including Morrocco, Turkey, and Jordan, have 
evaluated the performance of machine learning algorithms (El Bilali 
et al., 2021; Gharaibeh et al., 2021; Sattari et al., 2020).

Syria is one of the country most vulnerable to secondary salinization 
processes in the eastern Mediterranean (Kamrakji et al., 2016). Salini
zation is one of the land degradation aspects in Syrian soil, with 532,000 
ha of salt-affected soil. There is limited available information on the 
local drivers of salinity (Choukr-Allah et al., 2023). Furthermore, a 
thorough examination of studies predicting soil salinity and sodicity 
identified a research gap in this area. The region-specific machine 
learning modeling approach has proven to be indispensable for an 
in-depth understanding of soil problems and informed decision-making 
processes (Das et al., 2023; Jamei et al., 2024). Furthermore, imple
mentation of machine learning to predict SAR in Syria will provide re
searchers and decision-makers with appropriate tools for land 
rehabilitation and salinization assessment in the study area. Addressing 
this gap, this research aims to: 1) explore some soil characteristics in the 
eastern Mediterranean (southern Syria) employing Tukey mean differ
ence test and Principal Component Analysis (PCA); 2) explore the five 
iteratively selected input combinations or scenarios from SVM based 
Recursive Feature Elimination (RFE) for accurate SAR predictions in ML 
models 3) evaluate the performance of four competitive ML models 
including Random Forest (RF), Nu Support Vector Regression (NuSVR), 
Artificial Neural Network-Multi Layer Perceptron (ANN-MLP), and 
Gradient Boosting Regression (GBR), and 4) examine the impact of in
dividual predictors on highly accurate SAR predictions through SHapley 
Additive exPlanation (SHAP) method.

2. Material and method

2.1. Study area and data collection

Soil samples were collected from 107 representative soil profiles, in 
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the eastern Mediterranean (southern Syria) (Mohammed et al., 2020a) 
(Fig. 1b). Data collection and physicochemical soil properties were 
analyzed and explained by Mohammed et al. (2020a). Result of filed 
survey, laboratory analysis, soil mineralogy, and soil classification are 
freely available in: https://www.sciencedirect.com/science/article/pii/ 
S2352340920307265. The common soil orders were Aridisols, Incepti
sols, Mollisols, Entisols, and Vertisols (Fig. 1c). The predominant soil 
textures in the study area included clay, silty, sandy loam, and clay 
loam. For this research, the collected data encompasses clay (%), pH 
(H2O), EC (dsm− 1), total organic matter (TOM) (%), cation exchange 
capacity (CEC) (Cmolc kg⁻1), Ca2+ (Cmolc kg⁻1), Mg2+ (Cmolc kg⁻1), Na+

(Cmolc kg⁻1), and K+(Cmolc kg⁻1). To facilitate data handling and anal
ysis, data were organized into three horizons: the first group included 
soil samples collected from to 0–25 cm, referred to as H1 0-25; the second 
group from to 25–60 cm depth, referred to as (H2 25-60); and the third 
group included data collected deeper than 60 cm, referred to as (H3 <60).

2.2. Sodium-adsorption ratio (SAR)

The sodium adsorption ratio (SAR) gauges the quantity of sodium 
(Na+) compared to calcium (Ca2+) and magnesium (Mg2+) in the water 
extract from saturated soil paste. It was calculated by dividing the Na +

concentration by the square root of half the sum of the Ca2+ and Mg2+

concentrations (Daliakopoulos et al., 2016). Soils with SAR values 
exceeding 13 might exhibit heightened dispersion of organic matter and 
clay particles, lowered saturated hydraulic conductivity (Ksat) and 
aeration, and a decline in the overall soil structure (Salvato et al., 2024).

In the next step, the SAR value was calculated using Equation (1): 

SAR=
Na+

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
Ca2++Mg2+

2

√ (1) 

2.3. Statistical analysis

To determine whether there were significant differences between the 
means of the three studied groups (i.e., H10-25, H225-60, H3<60) for each 
soil characteristic, a post hoc Tukey test was implemented (Noguchi 
et al., 2020). Tukey devised an Honestly Significant Difference (HSD) 
test for easy pairwise comparisons. It calculates the significant differ
ence between means using the student’s q distribution, indicating the 
maximum difference from a set of means from the same population. All 
differences were measured against this distribution, making the HSD 
method conservative in its assessment (Richardson et al., 2021).

In addition, the multivariate statistical technique, namely Principal 
Component Analysis (PCA), was used to summarize soil characteristics 
from various groups into a few Principal Components (PCs) accounting 
for the majority of the variance explained (Wold et al., 1987). PCA, a 
multivariate statistical analysis method, is non-parametric and is 
extensively used in environmental science and climate studies (Islam 
Khan et al., 2022). PCA is commonly used to analyze complex datasets. 
Usually, three-dimensional visualizations are employed, or data are 
plotted based on their correlation with the components. However, 
because two or three dimensions may lose significant information, it is 
crucial to methodically test various component combinations when 
visualizing a dataset (Abdullah et al., 2019).

2.4. Machine learning application for SAR prediction

2.4.1. Feature selection method (Recursive feature elimination (RFE))
For accurate prediction modeling, two types of dimension reduction 

methods are commonly applied. These include feature selection and 
feature extraction. Feature extraction transforms the original data into a 
new set of uncorrelated features such as principal components. Feature 
selection identifies the most relevant set of features from the entire 

Fig. 1. Soil sampling locations (southern Syria) (Sentinel-2 RGB) with examples of soil profiles and their classification within the study area. a) D8: Vertic Hap
loxerepts (36.0889 _ 32.8306); b) D46: Typic Haplocalcids (36.1744 _ 32.5344), c) SW36: Chromic Haploxererts (36.3536 _ 32.7222); d) SW16: Chromic Haploxererts 
(36.529 _ 32.6742).
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dataset that are closer to accurate predictions. These include filter, 
wrapper, and embedded methods (Otchere et al., 2022).

Currently, we employ wrapper-based Recursive Feature Elimination 
(RFE), which performs a rigorous search for more relevant variables in 
each iteration using a machine learning algorithm. We used a support 
vector machine (SVM) with REF to determine the optimum subset of 
predictors. The weights corresponding to the hyperplane in the SVM 
algorithm served as indicators of the magnitude of importance. In the 
RFE algorithm, the weights represent the relative significance of the 
predictors. A larger weight indicates a higher level of importance for the 
respective predictors (Khan et al., 2020). In our case 9 potential pre
dictors (clay, pH, EC, TOM, CEC, Ca2+, Mg2+, Na+, and K+) are input in 
SVM-RFE process. The model was trained with a linear kernel and ran 
five times with n features = 8, 7, 6, 5, and 4, eliminating the less 
important features in each iteration.

The subset selection from SVR-RFE provided a set of input combi
nations, as depicted in Table 1.

2.4.2. Machine learning algorithms
The transformed feature subsets are further taken as input combi

nations in four competitive ML algorithms, RF, NuSVR, ANN-MLP, and 
GBR, for predicting SAR with a random split of 75% train and 25% test. 
We preferred to employ a diversified set of ML algorithms for more 
reliable predictions. Specifically, RF was chosen due to its ensemble 
nature and effective performance in high dimensional space. Flexible 
regularization and accurate non-linear relationship capturing capability 
of NuSVR made it a good choice. Furthermore, ANN-MLP provided a 
deep learning experience to the data for achieving high prediction ac
curacy. Lastly, GBR is a strengthened model for reducing variance and 
bias and enhance prediction accuracy using boosting techniques.

Furthermore, for more robustness and high prediction accuracy, 
optimal selection of hyperparameters is achieved through the grid 
search method and five-fold cross-validation (cv = 5) in model training. 
The cross-validation approach involved creating five subsets from the 
training data, with each subset having the same distribution of target 
variable. In each iteration, four subsets are used to train the model and 
the fifth one is used validation. Moreover, Grid search is a systematic 
approach that explores to identify the best hyperparameter combination 
for optimal model performance. We run all models in Python 3 envi
ronment, using the T4GPU in 32 GB RAM for robust model’s perfor
mance. A detail of hyperparameter configuration for each applied ML 
algorithm is presented in Table 2. Furthermore, applied ML algorithms 
are briefly explained below.

2.4.2.1. Random forest. Random Forest (RF) is a widely applied non- 
parametric ensemble machine learning algorithm based on the princi
ple of bagging or bootstrap aggregation. The algorithm works by con
structing multiple decision trees randomly sampled from rows and 
features, following the bootstrap sampling approach. Hence, each tree 
was trained on a different subset to reduce overfitting. Finally, the 
weighted average of the trees is utilized to obtain the final prediction 

(Breiman, 2001). Moreover, the techniques combined with randomized 
node optimization increase the efficiency of the model in handling 
complex high-dimensional data and provide insight into feature 
importance. This improves the generalization of the algorithm and in
creases its accuracy for prediction modeling. Currently, n estimators are 
set to 10, 50, and 100 with maximum depth of trees set as none, 10, 20, 
and 30. The detail of hyperparameter search applied is presented in 
Table 2. Recently, random forests have been used to predict soil and 
water quality parameters (Kushwaha et al., 2023; Xiao et al., 2023).

2.4.2.2. Nu Support Vector Regression. The (SVM) is based on several 
kernels that transform low-dimensional input into a high-dimensional 
feature space separated by a hyperplane (Arshad et al., 2023a). Sup
port Vector Regression is a variant of SVM based on the principles of 
statistical learning theory (Vapnik, 1997). Two primary SVM regression 
versions, epsilon-SVR and nu-SVR, differ in their approaches to margin 
control and penalty parameters. In epsilon-SVR, there is no regulation 
on the number of data vectors from the dataset that become support 
vectors. The regularization parameter C governs the errors allowed in 
the model. Nu versions of SVM are preferred because of their more 
meaningful interpretation: ’nu’ signifies an upper limit on the fraction of 
training samples considered as errors and a lower limit on the fraction of 
samples classified as support vectors (Langhammer and Česák, 2016; 
Schölkopf et al., 1998). Mathematically, presented as 

f(x)=wT . Φ (x) + b (2) 

Where f(x) is the predicted output of SAR, wT is the transpose of 
weight vector containing weights assigned to each feature, Φ (x) is the 
nonlinear mapping function which transforms the original input feature 
to high dimensional space, and b is the bias term (Bhatt et al., 2012). 
Parameter tuning, which is essential for NuSVR like other SVR methods, 
involves selecting the best regularization constant (C) and maximum 
deviation (ε), which can be time consuming and computationally 
demanding (Schölkopf et al., 1998). Currently, optimal hyperparameter 
are searched by nu = 0.1, 0.3, c = 0.1, 10, with kernel choices of linear 
and rbf (Table 2).

2.4.2.3. ANN-MLP. The (ANN) is a soft computational technique 
designed for the structure of a human brain neuron network with 
complex input and output interactions. Multilayer perceptron (MLP) is 
the most commonly applied feed-forward neural network with an input, 
one or more hidden, and output layers (Hornik et al., 1989). The ability 
of MLP to capture intricate and high-dimensional relationships makes it 
a reliable algorithm for several prediction studies (Jamei et al., 2024; 

Table 1 
Scenarios (input combinations) developed from SVR-RFE method for SAR 
prediction.

Scenario Input combination ML-model Output

SC1 (8F) pH, EC, TOM, CEC, Ca2+, Mg2+, 
Na+, K+

RF, NuSVR, ANN-MLP, 
GBR

SAR

SC2 (7F) pH, EC, CEC, Ca2+, Mg2+, Na+, K+ RF, NuSVR, ANN-MLP, 
GBR

SAR

SC3 (6F) pH, EC, CEC, Ca2+, Na+, K+ RF, NuSVR, ANN-MLP, 
GBR

SAR

SC4 (5F) pH, EC, Ca2+, Na+, K+ RF, NuSVR, ANN-MLP, 
GBR

SAR

SC5 (4F) pH, EC, Na+, K+ RF, NuSVR, ANN-MLP, 
GBR

SAR

Table 2 
Hyperparameter optimization in Grid search for applied ML algorithms.

ML algorithm Hyperparameter search range

Random Forest Number of trees ’n_estimators’: [10, 50, 100], 
Max depth of trees ’max_depth’: [None, 10, 20, 30], 
’min_samples_split’: [2, 5, 10], 
’min_samples_leaf’: [1, 2, 4]

NuSVR Nu SV ’nu’: [0.1, 0.3], 
Regularization ’C’: [0.1,10], 
’kernel’: [’linear’,’rbf’], 
’gamma’: [ 0.1, 0.01],

ANN-MLP ’hidden_layer_sizes’: [(50, 50), (100, 100), (100, 50, 25)], 
’activation’: [’relu’, ’tanh’], 
’alpha’: [0.0001, 0.001, 0.01], 
’learning_rate’: [’constant’, 
’invscaling’, ’adaptive’], 
’learning_rate_init’: [0.001, 0.01, 0.1],

GBR ’n_estimators’: [50, 100], 
’learning_rate’: [0.01, 0.1], 
’max_depth’: [3, 5], 
’min_samples_split’: [2, 5], 
’min_samples_leaf’: [1, 2], 
’subsample’: [0.8, 0.9]
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Kan et al., 2023). The MLP architecture is characterized by back
propagation and a nonlinear activation function that provides robust 
solutions to complex problems that minimize the chance of overfitting 
(Elsherbiny et al., 2021; Shadkani et al., 2021). Every neuron within the 
network receives inputs from neurons in the preceding layer. It com
putes a weighted sum of these inputs, incorporates a bias term, and 
subsequently applies an activation function. In mathematical terms, the 
output or activation of a neuron y can be formulated as 

y= f

(

b+
∑n

i=1

xiwi

)

(3) 

Where f denotes the activation function and b is the bias term, wi is the 
weight associated with the input feature. The activation function is 
meant to introduce non-linearity which enhances the architecture 
capability to capture intricate relationships. Currently, in grid search 
optimization, we evaluated the performance of ANN-MLP using Recti
fied Linear Unit (ReLU) and hyperbolic tangent (tanh) activation func
tions, coupled with hidden layers set as (50, 10), (100, 100), and (100, 
50, 25) (Table 2).

2.4.2.4. GBR. Gradient Boosting regression is another powerful 
ensemble ML algorithm which works by sequentially integrating weak 
learners, that are typically decision trees, iteratively to achieve accurate 
predictions (Friedman, 2002). It is based on the utilization of gradient 
descent optimization, which computes the gradient of loss in each iter
ation, whereas the gradient reflects the adjustments needed to minimize 
the prediction errors (Otchere et al., 2022). It is presented by. 

FM (x)=
∑M

m
αm hm

(
x1, x2,……. xn

)
(4) 

where FM (x) is the final predictive model of SAR, hm is the weak learner 
and αm is the learning rate. Currently, n estimators in grid search are set 
as 50, 100 with learning rate = 0.01, and 0.1 (Table 2).

2.4.3. Machine learning prediction performance evaluation
The machine learning performance was evaluated, and the coeffi

cient of determination R2, Root Mean Square Error (RMSE), Mean 
Squared Error (MSE), and mean absolute percentage error (MAPE) were 
calculated (Table 3). R2 is one of the indicators used to illustrate the 
goodness of fit between observed and predicted data (Piepho, 2023). R2 

ranges between 0 and 1. The higher the R2 value, the better the model 
performance. RMSE is used for normal (Gaussian) errors (Hodson, 

2022), representing the square root of the average of the squared errors. 
Lower RMSE values are an indicator of good model performance. The 
essence of MSE relies on calculating the average squared difference 
between predicted values by machine learning (ML) and observed SAR 
values (Li et al., 2022). MAPE is used to calculate the absolute error 
divided by the observed values of SAR, and then averages them. It was 
reported that the MAPE is biased towards low predicted values (Tofallis, 
2015), however, it remains one of the main indicators for evaluating the 
ML performance. The PBIAS value near to 0 indicates a good match in 
observed and predicted values, greater than 0 indicates underestimation 
and less than 0 (negative PBIAS) indicated overestimation. Moreover, 
model efficiency is evaluated using Nash Sutcliffe efficiency (NSE), 
range from − ∞ to 1, with value closer to 1 indicated the very good 
match between observed and predicted values (Sajib et al., 2024).

2.4.4. SHAP for ML interpretation
SHapely Additive exPlanations (SHAP) is an efficient ML method 

that provides an explanation for the output of the ML model (Descals 
et al., 2023). The background of SHAP is the utilization of game theory 
to determine the significant contribution of each model input and to 
identify the bias in the trained model (Bogdanova et al., 2023). Positive 
and negative SHAP values determine the influence of the input variables 
on the predicted output. Hence, the SHAP model provides an inter
pretable explanation for the selected ML algorithm in various studies 
(Chandra Joshi et al., 2023; Zhang et al., 2023). The output model 
produces a SHAP value ŷi for each predicted observation and ybase is the 
baseline of model. Mathematically presented by 

ŷi = ybase + f(xi1)+ f(xi2) + … f(xin) (5) 

If the SHAP value is greater than 0, then the relevant feature im
proves the final prediction output with high impact; otherwise, it de
creases the prediction. It is advantageous to use in explaining the 
influence or impact of each variable on the final predictions (Wang et al., 
2023b). Currently, the non-tree SHAP ‘kernelExplainer’ is employed as a 
sensitivity analysis to interpret highly accurate model performance.

3. Results

3.1. An Overview of the soil characteristics in the study area

3.1.1. Statistical exploration of soil properties in the eastern mediterranean
Descriptive statistics of soil properties (Table S1) showed that in the 

top horizon (H10-25), the average clay content was 50.40% ± 10.9, 
which increased to 57.55% ± 8.6 in the third soil horizon (H3<60). pH, a 
significant threshold of soil alkalinity, was found to have a minimum 
value of 6.0, and a maximum of 8.22 with a mean of 7.55 ± 0.44 H10-25. 
Furthermore, EC ranged between minimum 0.04 dsm− 1 (non-saline) to 
maximum 2.13 dsm− 1 (moderately saline) in H1, and 0.01 dsm− 1 (non- 
saline) to maximum 3.1 dsm− 1 (high saline) in H3 (Fig. S2). Similarly, 
the percentage age of TOM ranged (2.17%) between a minimum of 
0.39% and a maximum of 2.56% in H1 and 0.11%–1.67% in H3. 
Descriptive analysis of SAR determining cations including Ca2+ is 
ranged between minimum 10.3 Cmolc kg⁻1 to maximum 39 Cmolc kg⁻1 in 
H1, 12 Cmolc kg⁻1 to 40 Cmolc kg⁻1 in H2 and H3 in respective repre
sentative samples.

Similarly, Mg2+ is found to have a minimum value of 3.2 Cmolc kg⁻1 

and maximum 14.3 Cmolc kg⁻1 in H1, and 6.2 Cmolc kg⁻1 and 17.7 Cmolc 
kg⁻1 in H2. Na + ions reflecting the dominant sodicity characteristics of 
soil samples are found to range from minimum 0.30 Cmolc kg⁻1 to 2.63 
Cmolc kg⁻1 in H1, 0.30 Cmolc kg⁻1 to 2.7 Cmolc kg⁻1 Cmolc kg⁻1 in H2 and 
maximum 2.69 Cmolc kg⁻1 in H3. CEC is found to range from minimum 
20.2 Cmolc kg⁻1 to maximum 56.1 Cmolc kg⁻1 in H1, 24.5 Cmolc kg⁻1 to 
maximum 56.1 Cmolc kg⁻1 in H2, and 27.7 Cmolc kg⁻1 to 56.2 Cmolc kg⁻1 

in H3 (Fig. S2). Furthermore, the descriptive analysis of SAR showed a 
minimum 0.06 in H1, and 0.07 in H2 and H3. The maximum value of 

Table 3 
Indicators used for evaluating the performance of ML in predicting SAR value.

Indicator Equation Equation 
number

Range Best 
fit

R2 R2 = 1 −
∑n

i=1
(

SARpred − SARobs
)2

∑n
i=1 ( SARobs − SARobs)

2

(5) 0_ +1 +1

RMSE RMSE =
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1

(
SARobs − ŜARpred

)2
√

(6) 0_ +∞ 0

MSE MSE =

1
n
∑n

i=1

(
SARobs − ŜARpred

)2

(7) 0_ +∞ 0

MAPE MAPE =

1
n
∑n

i=1

⃒
⃒
⃒
⃒
SARobs − SARpred

SARobs

⃒
⃒
⃒
⃒

(8) 0_ +∞ 0

PBIAS PBIAS =
(∑n

i=1
(
SARobs − ŜARpred

)

SARobs

)
(9)

±∞
0

NSE NSE = 1 −
∑n

i=1
(
SARobs − ŜARpred

)2

∑n
i=1 (SARobs − SARobs)

2

(10) − ∞ to 
1

1
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SAR was found to be 0.64 in H1, 0.65 in H2, and 0.60 in H3 (Fig. S3).
The Tukey test indicated a significant (p < 0.05) difference between 

the clay contents across the three studied horizons (Fig. 2 (a)). The 
average pH ranged between 7.5 ± 0.4 and 7.6 ± 0.3; however, a sig
nificant (p < 0.05) difference was captured between H1 0–25 and H3 
<60 (Fig. 2 (b)). Within the three studied horizons, the average EC did 
not change significantly and remained within a range of 0.3 dsm-1 
(Fig. 2 (c)). The highest mean TOM value was observed in the topsoil 
horizons, measuring 1.11% ± 0.42. In the subsequent layer (H2 25–60), 
the average TOM value decreased significantly (p < 0.05) to 0.63% ±
0.29, and further decreased to 0.39% ± 0.28 in H3 <60 (Fig. 2 (d)).

The average of CEC was 39.38 ± 7.89 Cmolc kg⁻1 in the first horizon 
(H1 0-25), which significantly increased to 44.15 ± 5.90 Cmolc kg⁻1 in 
the H3 (Fig. 2 (e)). Moreover, the average Ca2+ was 23.17 ± 5.86 in H1 
and significantly increased to 26.61 ± 5.05 in H3 (Fig. 2 (f)). Similarly, 
mean Mg2+ ions also increased significantly from 9.96 ± 1.92 in H1 to 
11.62 ± 2.10 in H3 (Fig. 2 (g)).In contrast, Na+ concentration remained 
relatively consistent across the soil horizons, with an average of 1.214 ±
0.54 H3 (Fig. 2 (h)). Similarly, the SAR values did not exhibit any sig
nificant differences among the three studied layers, where the average 
ranged between 0.29 and 0.28 (Fig. 2 (j)).

3.1.2. Principal Component Analysis of soil properties
PCA analysis of all soil properties from representative samples 

revealed a high dimensionality in the data distribution with three 
principal components (PCs) above an eigenvalue of 1 with a cumulative 
percentage of 74.6% (Table S2). The biplot presentation (Fig. 2 (k)) 

showed that PC1 accounted for 34.13% of the total variance, whereas 
PC2 accounted for 27.97%. Consequently, both PC1 and PC2 accounted 
for 62.1% of the total variance. Three clusters were identified. The first 
cluster included CEC, Ca2+, Mg2+, and clay, which were highly corre
lated with PC1 with high positive loadings of 0.42, 0.47, 0.24, and 0.34, 
respectively. The second cluster, which had a strong correlation with 
PC2, consisted of SAR, Na+, EC, and pH with high positive loadings of 
0.30, 0.38, 0.25, and 0.35 (Table S3). In contrast, TOM stands apart from 
these groupings with a negative correlation with PC1 and the highest 
coefficient of 0.69 in PC3 (Table S3).

3.2. Assessment of ML algorithms in predicting SAR values

3.2.1. ML algorithms performance in training stage
The performance of the machine learning model in the training stage 

for five different scenarios (input combinations) derived from RFE 
showed that SC1 with eight input features performed with the highest 
accuracy in the NuSVR algorithm with the highest R2 = 0.997, lowest 
RMSE = 0.008, MSE = 0.00007, and MAPE = 2.10%. Followed by SC2 
with seven input features (R2 = 0.996, RMSE = 0.010, MSE = 0.00009, 
and MAPE = 2.36%). Then SC3 with six input features (R2 = 0.995, 
RMSE = 0.010, MSE = 0.0001, and MAPE = 2.32%), SC4 with five input 
features (R2 = 0.994, RMSE = 0.011, MSE = 0.0001, and MAPE =
3.11%), and SC5 with four input features (Fig S4, Fig S5). This was 
followed by GBR in SC1 (eight input features) and SC2 (seven input 
features), with R2 = 0.990, RMSE = 0.015, MSE = 0.0002, and MAPE =
3.61% and 3.59%, respectively. GBR for SC3 with six input features was 

Fig. 2. Box plot and PCA analysis for studied soil properties: a) clay (%), b) pH (H2O), c) EC (dsm− 1), d) total organic matter (TOM) (%), e) cation exchange capacity 
(CEC) (Cmolc kg⁻1), f) Ca2+ (Cmolc kg⁻1), g) Mg2+ (Cmolc kg⁻1), h) Na+ (Cmolc kg⁻1), i) K+(Cmolc kg⁻1), j) SAR, and k) PCA. (■: average, ●: outliers, ____: median, H1 0- 

25: soil depth 0–25 cm, H2 25-60: soil depth 25–60 cm, H3 <60cm: soil depth <60 cm).
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performed with R2 = 0.989, RMSE = 0.016, MSE = 0.0003, and MAPE 
= 3.54%, and for SC4 with five input features (R2 = 0.988, RMSE =
0.017, MSE = 0.003, MAPE = 3.823%) (Table 4).

Following the sequence, RF performance in SC3 with six features is 
ranked with R2 = 0.982, RMSE = 0.021, MSE = 0.0004, and MAPE =
4.153%, and SC2 with seven features (R2 = 0.981, RMSE = 0.021, MSE 
= 0.0005, and MAPE = 4.33%. Lastly, ANN-MLP performed the least in 
the ML model sequence, with high performance in SC4 with five features 
(R2 = 0.942, RMSE = 0.0379, MSE = 0.001, and MAPE = 8.9%) 
(Table 4). Overall, in the training stage, the performance of the ML 
models is ranked as NuSVR > GBR > RF > ANN-MLP, and the scenarios 
are ranked as SC1(eight features-8F) > SC2 (seven features-7F) > SC3 
(six features-6F) > SC4 (five features-5F) > SC5 (four features-4F) (Fig 
S4, Fig S5).

Furthermore, SAR predictions from all ML algorithms and input 
combinations presented by a half-box distribution with filter points 
showed that in the training set, NuSVR predictions were found to be 
closest to the observed ones, followed by GBR and RF in all scenarios. 
ANN-MLP predictions revealed a few outliers in SC2, SC3, and SC5. 
Interestingly, a comparison of the normal distributions of the predicted 
and observed data reveals that the NuSVR output closely aligns with the 
observed SAR in most of the studied scenarios (Fig. S6).

3.2.2. ML algorithms performance in testing stage
SAR predictions on the test data also revealed that the performance 

of NuSVR was superior to that of other ML models in SC2, with 
seven features achieving the highest R2 ¼ 0.999, lowest RMSE ¼
0.004, MSE ¼ 0.00001, and MAPE ¼ 1.673%. This was followed by 
SC1 with eight features, achieving R2 = 0.998, RMSE = 0.004, MSE =
0.00001, and MAPE = 1.77%, and SC3 with six features (R2 = 0.998, 
RMSE = 0.005, MSE = 0.00003, and MAPE = 1.92%) (Table 4). 
Furthermore, in NuSVR, SC4 with five features performed with R2 =

0.996, RMSE = 0.009, MSE = 0.00009, and MAPE = 2.93% (Fig. 3).
Following the sequence of accurate predictions by the ML algo

rithms, GBR in SC2 with seven features was performed with R2 = 0.991, 
RMSE = 0.016, MSE = 0.0003, and MAPE = 3.60%. Moreover, SC1, SC3, 
and SC4 achieved an R2 of 0.990 and RMSE = 0.0.16 for SAR pre
dictions, but with MAPE = 3.63%, 3.67%, and 3.78%, respectively. 
Furthermore, ANN-MLP proved for SAR prediction in SC1 and SC2 with 
eight and seven features, with R2 = 0.989 and 0.988, RMSE = 0.017 and 
0.018, MSE = 0.0003, and MAPE = 5.99% and 5.82%, respectively 
(Table 4).

Subsequently, RF in SC3 with six features was performed with R2 =

0.988, RMSE = 0.018, MSE = 0.0003, and MAPE = 3.86%, followed by 
SC2 with seven features (R2 = 0.987, RMSE = 0.019, MSE = 0.0004, and 
MAPE = 4.169 (Fig. 3). Hence, scatterplots of SAR predictions on the test 
data revealed that SC2 with seven features outperformed other input 
combinations from SVR-RFE and was ranked as SC2 (seven features) >
SC1 (eight features) > SC3 (six features) > SC4 (five features) > SC5 
(four features). Machine learning models, according to their perfor
mance accuracy, are ranked as NuSVR > GBR > ANN-MLP > RF (Fig. 4).

3.2.3. ML model’s prediction error and efficiency (training and testing 
stage)

After performance assessment, prediction error evaluation based on 
PBIAS showed the best observed and predicted match with negligible 
error in NuSVR algorithm in SC1 with eight selected features (PBIAS =
0.09%) and SC2 with seven features (PBIAS = − 0.01%) in testing stage. 
In training stage also, lowest PBIAS of 2.1% and 2.3% is shown by 
NuSVR in SC1 and SC2. The highest underestimation in training stage is 
shown by ANN-MLP in SC4 with PBIAS = 2.46% followed by RF in SC5 
with PBIAS = 1.64%. At testing stage highest underestimation is 
revealed by ANN-MLP in SC2 with PBIAS = 2.35% and highest over
estimation is also shown by ANN-MLP in SC5 and SC3. Overall, all ML 
models can be referred to perform good with less than 10% PBIAS. Af
terwards, the highest NSE = 0.999 is also achieved by NuSVR in SC2 and 
SC1 (Table 4).

Like training stage, SAR predictions from all ML algorithms pre
sented by half box distribution with fitter points showed that in test set, 
NuSVR predictions (blue color) are found to be closest to the observed 
ones (black color). The SAR predicted average from NuSVR was much 
closer to the observed average of SAR, followed by GBR and RF in all 
scenarios (Fig. 5).

3.2.4. SHAP analysis of best performed model
The SHAP interpretation of the best-performing model, specifically 

the NuSVR for SC2 (7F), displayed the rankings and values of the input 
variables for both the training and test datasets. (Fig. 6). It efficiently 
portrays the significant impact or contribution of each variable to model 
prediction. The rank of each individual variable is presented on the Y- 
axis with SHAP values on the X-axis, and each dot represents the cor
responding SHAP value for each instance. Hence, the data distribution 
along the X-axis signifies its influence on the output of the model, with 
positive (high) values indicating a higher influence on the prediction 
and negative (low) values indicating a lower contribution to the pre
dictions. In this sense, CEC, Ca2+, Mg2+, and Na+ were found to have a 

Table 4 
ML model’s performance evaluation, prediction error, and model’s efficiency evaluation at training and testing stages.

Algorithm
Scenario Training Testing

R2 RMSE MSE MAPE PBIAS NSE R2 RMSE MSE MAPE PBIAS NSE

RF SC1(8F) 0.975 0.025 0.0006 5.097 1.003 0.975 0.982 0.023 0.0005 4.66 0.666 0.988
SC2(7F) 0.982 0.021 0.0005 4.335 0.87 0.98 0.988 0.019 0.0004 4.17 0.996 0.988
SC3(6F) 0.982 0.021 0.0004 4.154 0.739 0.976 0.988 0.018 0.0003 3.866 1.675 0.986
SC4(5F) 0.976 0.024 0.0006 4.668 0.786 0.971 0.986 0.02 0.0004 4.006 2.123 0.962
SC5(4F) 0.971 0.027 0.0007 5.295 1.648 0.982 0.962 0.034 0.0011 6.328 0.581 0.982

NuSVR SC1(8F) 0.997 0.008 0.0001 2.101 − 0.389 0.997 0.998 0.004 0 1.771 0.090 0.999
SC2(7F) 0.996 0.01 0.0001 2.365 − 0.38 1.00 0.999 0.004 0 1.673 − 0.017 0.999
SC3(6F) 0.996 0.01 0.0001 2.328 − 0.508 0.994 0.999 0.006 0 1.927 0.205 0.997
SC4(5F) 0.994 0.012 0.0001 3.119 − 0.229 0.974 0.997 0.009 0.0001 2.936 0.174 0.974
SC5(4F) 0.974 0.026 0.0007 5.921 0.561 0.998 0.974 0.028 0.0008 6.403 − 0.419 0.996

ANN-MLP SC1(8F) 0.936 0.04 0.0016 12.443 − 0.849 0.936 0.99 0.017 0.0003 5.998 0.314 0.988
SC2(7F) 0.86 0.059 0.0035 15.297 0.37 0.93 0.988 0.018 0.0003 5.827 2.357 0.979
SC3(6F) 0.929 0.042 0.0018 11.99 − 0.912 0.943 0.979 0.025 0.0006 7.042 − 1.201 0.982
SC4(5F) 0.943 0.038 0.0014 8.935 2.466 0.873 0.982 0.023 0.0005 7.755 1.268 0.959
SC5(4F) 0.873 0.056 0.0032 13.612 − 1.369 0.990 0.959 0.035 0.0012 10.111 − 1.920 0.860

GBR SC1(8F) 0.99 0.016 0.0002 3.61 0.427 0.990 0.991 0.016 0.0003 3.634 0.433 0.991
SC2(7F) 0.99 0.015 0.0002 3.597 0.34 0.99 0.991 0.016 0.0003 3.601 0.301 0.991
SC3(6F) 0.99 0.016 0.0003 3.542 0.557 0.988 0.991 0.016 0.0003 3.676 0.257 0.991
SC4(5F) 0.988 0.017 0.0003 3.824 0.244 0.974 0.991 0.017 0.0003 3.783 1.248 0.969
SC5(4F) 0.974 0.025 0.0006 5.595 0.360 0.991 0.969 0.03 0.0009 6.018 0.208 0.990
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greater influence and contribution to predicting SAR in both the training 
and testing stages. pH, K+, and EC were found to have minimal influence 
on SAR prediction.

4. Discussion

4.1. Physical and human causes of salt affected soil in the Mediterranean 
region

Salt accumulation in Mediterranean soils is a naturally occurring 
phenomenon that is facilitated by ecological factors specific to the re
gion and is primarily regulated by the hydrological balance in the area 
(Aragüés et al., 2011; Herrero and Pérez-Coveta, 2005; Montazeri et al., 
2023). The geochemical properties of the groundwater also define the 
salinity of a region. For example, historic drainage canals in the coastal 
Mediterranean region suggest a long-term geological impact on soil 
salinity (Marien et al., 2023). For instance, our research findings imply 
that Na+ remained relatively consistent across the soil horizons, with an 
average 1.214 ± 0.54 in the H3 (Fig. 2 (h)) and mean SAR values in H1 
were found to be 0.299 ± 0.17 and 0.281 ± 0.13 in H3 reflecting less 
sensitivity to sodicity. This could be attributed to the inherited salinity 
from the parent material or sufficient soil moisture, which prevented 
any significant salt accumulation. Overall, soil structure, climatic 
regime, and irrigation pattern are key factors driving soil salinity and 
sodicity (Lagacherie et al., 2018). Nevertheless, inappropriate irrigation 
methods are a common cause of soil salinity in southern Syria (Kamrakji 
et al., 2016).

Agricultural activities alter the hydrological balance, which leads to 

the accumulation of salts under limited drainage conditions, thereby 
accelerating land degradation in many parts of the semi-arid Mediter
ranean environment (Aragüés et al., 2011). For instance, Kattan (2020)
demonstrated low electrical conductivity in rain samples from southern 
Syria linked to low-carbon atmospheric dust in the region. Moreover, the 
geological structure of the Mediterranean Basin is rich in limestone and 
calcareous rocks, leading to the deposition of calcium carbonate, high 
pH, and altered clay particles. These properties strongly affects the soil 
texture, water retention and drainage capacity (Lagacherie et al., 2018). 
Calcium rich soil is also supplemented by Mg2+ and affects the cation 
exchange capacity (CEC) (Bouajila et al., 2023). It is consistent with our 
findings with high coefficients loadings of CEC, Ca2+, and Mg2+ in PC1 
depicting their strong interrelationship (Fig. 2 (k)). Furthermore, the 
mean CEC values in the first horizon (H10-25) were found to be 39.38 ±
7.89 Cmolc kg⁻1 which significantly increased to 44.15 ± 5.90 Cmolc 
kg⁻1 in the H3 (Fig. 2 (e)). These high CEC values can be linked to the 
presence of clay minerals, such as montmorillonite and smectite in the 
soil profiles (Mohammed et al., 2020b) or due to accumulation of sec
ondary carbonates and/or weathering of calcareous parent material 
(Kargas et al., 2023). Afterwards, the mean TOM significantly (p < 0.05) 
decreased from 1.11% ± 0.42 in the first horizon (H1 0-25) to 0.39% ±
0.28 in H3<60. It aligns with previous research conducted in the Medi
terranean region and elsewhere, stating that the soil organic matter 
typically decreases with increasing soil depth (Çelik et al., 2019; Lie
berman et al., 2020). Previously, Mohammed et al. (2020a) reported a 
decreasing of TOM with increasing soil depth in all four Syrian soil or
ders, due to lack of different TOM sources and rapid humification pro
cess. Hence, high dimensionality and varied behavior of cations in 

Fig. 3. Machine learning performance evaluation in all input combinations (scenarios) in test set A) R2, B) RMSE, C) MSE, D) MAPE.
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different soil horizons lead to explaining the applicability of ML algo
rithms for accurate SAR prediction.

4.2. Comparative performance of ML in predicting soil-SAR

In this research, iterative selection of input combinations in SVR-RFE 
provided a good opportunity for ML algorithms to perform accurate SAR 
predictions. Previously, Khan et al. (2020) and recently, Mohamed et al. 
(2023) also employed the wrapper based Recursive Feature Elimination 
method to identify the best features for accurate drought and salinity 
predictions from SVM, RF, and ANN models. In our research, all sce
narios of selected input combinations were trained separately for ac
curate prediction modeling of soil salinity from four competitive and 
well performed ML algorithms and revealed the highest accuracy of 
NuSVR over RF, ANN, and GBR on both train and test datasets. The 
current selection of chosen ML algorithms is based on their competitive 
performance in recent soil prediction studies (Andrade Foronda and 
Colinet, 2023; Kaplan et al., 2023; Sarkar et al., 2023).

NuSVR is the least applied version of support vector regression for 
prediction modeling (Bhatt et al., 2012). The ability of SVR in dealing 
with high dimensional data and detecting outliers makes it a valuable 
algorithm in predicting soil problems (Mohamed et al., 2023; Tang et al., 
2023). Inclusion of regularization parameters (nu) helps in controlling 
the number of supports vectors and affects the balance between fitting 
the training data and generalizing to new data. Depending on the 
required level of regularization, NuSVR may outperform in specific 
scenarios (Onyekwena et al., 2022). Currently, following the Grid 
Search optimization with 5-fold CV, NuSVR outperformed other algo
rithms in all input combinations with the highest R2 = 0.999, lowest 
RMSE = 0.004, MSE = 0.00001, and MAPE = 1.673% in combination of 
7 variables pH, EC, CEC, Ca2+, Mg2+, Na+, and K+ (Table 4). Previously, 
pH and EC are proven to be accurate predictors of soil salinity with 

neural networks (Sarani et al., 2016). However, variables interpretation 
from SHAP analysis in our research provided a good explanation of CEC, 
Ca2+, and Mg2+ impact on SAR prediction (Fig. 6). SHAP is a compre
hensive method combining game theory with local explanations 
providing a better feature attribution approach (Vega García and 
Aznarte, 2020).

Decision trees (DT) based Random Forest and Gradient Boosting 
Regressions also supported the SAR prediction modeling through aver
aging multiple DTs and sequential learning of weak DTs. A large amount 
of less or decorrelated DTs form ensemble Random Forest, helped in 
reducing variance and overfitting, increasing the generalizability of the 
model (Tran et al., 2021). Moreover, Decision tree algorithm of RF also 
computes variable or feature importance score that facilitates in 
appropriate feature selection from a large dataset (Yang et al., 2023). 
Currently, the performance of RF in model trainings of SAR prediction is 
ranked 3rd after NuSVR and GBR with the highest R2 of 0.982 in SC3 
(6F) (Table 4). Random Forest is robust against outliers in the data 
which are significantly observant in the cations of different soil hori
zons. It takes into consideration the majority opinion of several trees, 
thereby decreasing the influence of outliers on the model’s performance. 
Moreover, training multiple trees can be parallelized, making Random 
Forest an efficient algorithm for large datasets, already proven in soil 
salinity prediction (Wang et al., 2020a, 2020b).

A boosting model creates decision trees in sequence, or one tree can 
be built on the experience of previous trees. The second tree focuses on 
cases where the first tree predicts poorly, and this process is repeated to 
capture the best relationship between response and explanatory vari
ables (Mantena et al., 2023). Currently, the performance of GBR is 
ranked 2nd highest after NuSVR for predicting SAR in both train and test 
datasets (Figs. 3 and 5). This is because GBR assesses weak prediction 
cases to minimize the overall loss function. Only valuable decision trees 
are kept in an ensemble. Moreover, the learning rate of GBR tunes the 

Fig. 4. Scatter plot comparing observed and ML-predicted SAR values for all input combinations (scenarios) in the testing set: a) Scenario 1 (8F), b) Scenario 2 (7F), 
c) Scenario 3 (6F), d) Scenario 4 (5F), e) Scenario 5 (4F).
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model performance to improve its generalizability. The GBM is proven 
to be advantageous in handling complex relationships of multivariable 
in soil salinity prediction (Chen et al., 2022; Zarei et al., 2021) and 
quantifying saline concentration in groundwater (Abba et al., 2023). For 
instance, Salem et al. (2023) proved the efficiency of boosting and ANN 
regressions for predicting SAR in arid eastern Mediterranean region. 
Another recent study by Das et al. (2023) proved the highest efficiency 
of RF and deep learning ensemble for soil salinity prediction aided by 
hyperspectral remote sensing. The efficiency of the MLP in prediction 
soil characteristics was previously reported by Tizpa et al. (2015) and 
recently by Cherif et al. (2023). Furthermore, several scholars high
lighted the potential of ANN-MLP in predicting different soil parameters 
(Šajn et al., 2022; Taha et al., 2018; Tizpa et al., 2015). The strength of 
ANN-MLP in predicting soil parameters lies in its ability to capture 
nonlinear relations between input and output variables (Verma and 
Kumar, 2021). For instance, Habibi et al. (2021) and Wang et al. (2020a)
also reported the high competency of ANN-MLP and RF in soil salinity 
prediction. The ANN-MLP architecture with hidden layers is driven by 
significant activation function which determines the non-linearity of 
neurons and handles the complex relationships of data. By adjusting 
synaptic weights and bias parameters through iterative training, 
ANN-MLP models can learn and adapt to the data (Wang et al., 2020a). 
Hence, the inherent structure of adopted algorithms such as ensemble 
nature of RF and GBR, regularization in ANN and NuSVR set a founda
tion for subsequent comprehensive analysis with less chance of uncer
tainty. Additionally, SHAP analysis is a valuable ML interpretation 
method measuring variable importance, particularly in scenarios of 
sensitivity and uncertainty assessment (Prots et al.). It helped us to un
derstand the significant contribution of each feature in model pre
dictions. SHAP analysis identifies the most influential parameters in the 
model, which facilitates to understand the model behavior and 

robustness, addressing the sensitivity concerns (Herren and Hahn, 2022; 
Prots et al.).

4.3. Limitation of ML in predicting soil SAR

Prediction models of soil salinity developed in one area cannot be 
implemented in another region due to disparities or differences in soil 
properties (Das et al., 2023). Hence, developing a universal soil pre
diction model with high accuracy is challenging. Model transferability 
failure is rooted in soil heterogeneity and different sensitive prediction 
features across sites (Das et al., 2023; Zeraatpisheh et al., 2020). How
ever, finding sensitive and more relevant features can improve the ac
curacy of soil salinity prediction in varied regions. Hence, NuSVR along 
with SHAP kernel implementation provided a new valid approach for 
soil salinity prediction in our research. In this context, the effectiveness 
of NuSVR is also sensitive to the kernel function chosen, making the 
selection process challenging. Implementing NuSVR involves solving a 
complex quadratic programming problem, demanding substantial 
computational resources. Additionally, NuSVR might require a 
data-dependent weighting function for parameter computation, further 
complicating the modeling process (Hao, 2017).

The limitations of Random Forest include insensitivity to variable 
group size, potential fine-tuning issues, challenging interpretation, and 
questions about bias reduction compared to boosting algorithms (Cai 
et al., 2020). On the other hand, model parameters control the learning 
efficiency of each algorithm, and for the XGB model, they include 
tree-specific, boosting, and metric groups (Chen et al., 2022). Selecting 
these parameters is challenging and may not always result in an opti
mum set. We used a grid-search algorithm with cross-validation which 
helped to improve the accuracy of the GBR. However, the complexity of 
ANN-MLP models can make them difficult to comprehend, especially for 

Fig. 5. Hybrid half box plot with fitter points showing the range of observed and predicted SAR in different ML algorithms along with density distribution for all 
input combinations (SC1 to SC5) in training stage. (Squar box ■ presents mean; central line __ presents median; half box presents interquartile range (IQR)).
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larger or deeper networks. Inadequate sizing might result in overfitting 
and restricted adaptability to new data. Training Neural networks 
require substantial computational resources, particularly with extensive 
datasets and complex structures (Ghorbani et al., 2016; Mandal and 
Mondal, 2019). Moreover, the performance of ANN-MLP is also sub
jected to limiting factors such as the input features, the number of hid
den layers, and soil type (Verma and Kumar, 2021).

5. Conclusion

Under the ongoing climatic change, salinization is one of the biggest 
challenges for agricultural sustainability, especially in the post-war 
phase in Syria. However, salinity and sodicity are region-specific prob
lems primarily associated with natural physical factors. Agricultural 
intensification and human activities have exaggerated the problem, with 
severe impacts on crop production. Geographical variations in soil 
properties enforce the need for a region-specific soil prediction modeling 
approach. Hence, considering the significance of this research problem, 
this study explored nine soil properties (clay, pH, EC, Na+, Mg2+, Ca2+, 

K+, TOM, and CEC) and the sodicity indicator SAR in three soil horizons 
H1 0-25, H2 25-60, and H3 <60, employing Tukey mean difference and 
Principal Component Analysis (PCA). The study also predicted the SAR 
from representative soil properties of southern Syria using five input 
combinations iteratively derived from the SVM Recursive Feature 
Elimination method. The major conclusions drawn from the analysis are 
as follows.

1. No significant (p < 0.001) mean difference is observed in SAR with 
mean value in H1 was found to be 0.299 ± 0.17 and 0.281 ± 0.13 in 
H3 reflecting less sensitivity to sodicity.

2. Three PCs with eigenvalues above 1 explained 74.6% of the total 
variance and high dimensionality of the data. The CEC, Ca2+, Mg2+, 
and clay exhibited high positive loadings of 0.42, 0.47, 0.24 and 0.34 
PC1. The second cluster consisted of SAR, Na+, EC, and pH, with high 
positive loadings of 0.30, 0.38, 0.25, and 0.35 PC2. The TOM was 
found to be more important in PC3.

3. The NuSVR ML model was found to be innovative and outperformed 
in a good competition with GBR and RF in both the training and test 

Fig. 6. SHAP score ranking the 7 features with impact on high accurate prediction model output of NuSVR in training set. The side bar presents the magnitude of 
impact with high positive SHAP values in red and low negative SHAP values in blue. a) train set, b) test set). (For interpretation of the references to color in this figure 
legend, the reader is referred to the Web version of this article.)
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datasets, with the highest accuracy achieved in SC2 (7F) with R2 =

0.999, lowest RMSE = 0.004, MSE = 0.00001, and MAPE = 1.673% 
in combination with pH, EC, CEC, Ca2+, Mg2+, Na+, and K+.

4. SHAP analysis from the best prediction model, NuSVR, revealed CEC, 
Ca2+, and Mg2+, and Na+ had more influence in accurately pre
dicting SAR in both training and testing sets, while pH, K+, and EC 
were found to have minimal influence on SAR prediction.

Hence, our study succeeded in developing a highly accurate SAR 
prediction model (NuSVR) with the highest accuracy, which has not 
been tested in previous salinity prediction studies. Moreover, finding 
more relevant predictors was supported by SVM-RFE, and the SHAP 
analysis provided a more in-depth understanding of intricate relation
ships. The illuminating insights gained from the SHAP analysis not only 
enhanced the interpretability of our findings, but also shed light on the 
profound impact of individual variables on SAR prediction. For future 
research, additional studies will be conducted to demonstrate the 
applicability of this innovative prediction modeling approach in other 
regions. Also, this research will be extended to include different 
geographical locations in Syria to test the performance of NuSVR in 
accurately predicting SAR. Finally, the practical implications of this 
research extend to the informed decision-making process aimed at 
revolutionizing soil management practices to optimize crop yields and 
resource utilization.
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