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ABSTRACT 
Predicting soil available phosphorus (P) is crucial for optimizing fertilizer use and enhancing agricultural 
sustainability. However, its availability is governed by complex, interacting physicochemical factors that 
challenge conventional modeling approaches. This study evaluated the performance of four machine 
learning algorithms-Random Forest (RF), Extreme Gradient Boosting (XGBoost), Support Vector 
Regression (SVR), and Gradient Boosting Machine (GBM)-in estimating soil available P based on routinely 
measured soil properties (pH, electrical conductivity, organic matter, calcium carbonate, and texture 
fractions). A total of 56 surface soil samples (0-20 cm) were collected from intensively cultivated calcareous 
agricultural fields. The Random Forest model achieved the highest predictive accuracy, with a coefficient 
of determination (R²) of 0.673, a root mean square error (RMSE) of 0.717 kg da⁻¹, and a mean absolute error 
(MAE) of 0.588 kg da⁻¹. SHAP-based feature importance analysis identified electrical conductivity and soil 
organic matter as the most influential variables across all models, underscoring the role of soil chemical 
environment and biogeochemical processes in controlling P availability. The results demonstrate that 
ensemble tree-based methods, particularly RF, are robust tools for capturing nonlinear soil P dynamics in 
calcareous agricultural systems. This study provides a practical, data-driven framework to support precision 
phosphorus management and improve nutrient use efficiency in similar agroecological contexts. 
 
Keywords: Soil Available Phosphorus, Machine Learning, Feature İmportance, Precision Agriculture, Calcareous 
Soils. 
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1. Introduction 

1.1. Background and Significance 

Phosphorus (P) plays a fundamental role in plant development and agricultural yield formation. 
Nevertheless, the amount of phosphorus that is readily available in soils shows pronounced 
variability as a result of intricate physicochemical processes. In this context, Hall et al. (2024) 
emphasized that soil phosphorus behaviour in agroecosystems cannot be adequately represented 
by a single soil test value, noting that soil P dynamics involve multiple interacting mechanisms. 
Such variability poses significant challenges for fertilizer management practices and consequently 
elevates the likelihood of suboptimal phosphorus use efficiency as well as phosphorus losses to the 
environment. 

1.2. Phosphorus Dynamics in Soil 

The availability of phosphorus in soils is governed by a combination of chemical and physical 
properties, including soil reaction, carbonate content, organic matter levels, salinity, and particle 
size distribution. Hall et al. (2024) highlighted that phosphorus bioavailability and its potential 
losses are largely determined by soil buffering and sorption capacities, together with underlying 
biogeochemical processes operating in the soil system. In soils with high carbonate content, 
phosphorus availability is mainly constrained by fixation reactions, whereas organic matter and 
fine soil fractions such as clay play a key role in regulating phosphorus retention and release 
through sorption–desorption processes. 

1.3. Machine Learning in Soil Science 

In recent years, machine learning (ML) approaches have become increasingly prominent in soil 
science research owing to their effectiveness in capturing complex and nonlinear relationships 
among soil variables. Hall et al. (2024) reported that the Random Forest algorithm is particularly 
well suited for analysing large and heterogeneous datasets, as it does not rely on assumptions of 
normal data distribution or linear and collinear relationships among predictors. These 
characteristics make ML-based models especially advantageous for estimating soil available 
phosphorus in agricultural systems characterized by high spatial and physicochemical variability. 

1.4. Objectives of the Study 

The present study aimed to develop a robust framework for estimating soil available phosphorus 
by employing machine learning approaches based on physicochemical soil attributes. Specifically, 
the objectives were to (i) model soil available phosphorus using different machine learning 
algorithms, (ii) evaluate and compare the predictive accuracy of these models, and (iii) determine 
the key soil properties that exert the greatest influence on phosphorus availability. 
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2. Materials and Methods 

2.1. Study Area and Soil Sampling 

Soil samples were obtained from intensively cultivated agricultural lands. To ensure adequate 
spatial representation of soil variability, a systematic sampling strategy was implemented. Surface 
soil samples totaling 56 samples were collected from the 0-20 cm depth layer, then air-dried, 
sieved, and processed for further laboratory analysis. 

          

Figure 1. Location map of the study area. 

 

2.2. Laboratory Analyses of Soil Properties 

Soil physicochemical properties were determined using widely accepted standard analytical 
methods. Soil pH and electrical conductivity (EC) were measured in a soil–water suspension using 
a glass electrode pH meter and a conductivity meter, respectively, following standard procedures 
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(Jackson, 1973). Soil organic matter (OM) content was determined using the Walkley–Black wet 
oxidation method (Walkley & Black, 1934). Calcium carbonate (CaCO₃) content was measured 
using a volumetric calcimeter method based on CO₂ evolution (Scheibler method) (Nelson, 
1982).Particle size distribution was determined using the hydrometer method after appropriate 
dispersion, and soil texture fractions (clay, silt, and sand) were calculated according to standard 
sedimentation principles (Bouyoucos, 1962). Soil available phosphorus was extracted using the 
Olsen method, which is considered appropriate for alkaline and calcareous soils, and phosphorus 
concentrations were determined colorimetrically (Olsen et al., 1954). The results for available 
phosphorus were expressed in units of kg da⁻¹. 

 

2.3. Data Preprocessing and Feature Selection 

Prior to model development, descriptive statistical analyses were performed to characterize the 
distribution and variability of the measured soil properties. Relationships among variables were 
examined using correlation analysis, while principal component analysis (PCA) was applied to 
investigate the underlying multivariate structure of the dataset. Feature selection techniques were 
subsequently used to enhance model robustness and to minimize redundancy among predictor 
variables. 

2.4. Machine Learning Algorithms Used 

In this study, several (Random Forest, Extreme Gradient Boosting, Support Vector Regression, 
Gradient Boost Machine) machine learning algorithms were employed to model soil available 
phosphorus using physicochemical soil properties. These algorithms were selected due to their 
proven capability to capture complex and nonlinear relationships commonly observed in soil 
datasets. 

2.4.1. Random Forest (RF) 

The Random Forest method constructs a collection of decision trees and aggregates their individual 
forecasts to produce a final prediction. To foster variation, each tree is developed using 
bootstrapped data samples and a randomized subset of predictive features (El Bilali et al., 2021; 
Wu et al., 2021). The splitting criteria within each tree were optimized using the Gini Impurity 
Index to identify the most informative variables and cutoff points. Through iterative evaluation 
across random data samples and feature sets, the algorithm combines the outputs of all trees—by 
averaging in the case of regression—to yield the conclusive result (Sahani & Ghosh, 2021). 

2.4.2. Extreme Gradient Boosting (XGBoost) 

XGBoost, a gradient boosting framework created by Chen and Guestrin, employs an iterative 
approach where each new predictor is trained to address the shortcomings of the existing ensemble 
(Chen & Guestrin, 2016). The algorithm minimizes a regularized objective function that 
simultaneously penalizes prediction inaccuracies and model complexity, thus promoting 
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generalization (Weng et al., 2021; Zhang et al., 2021). By leveraging parallel processing and 
regularization, it maintains computational efficiency while guarding against overfitting. Every 
iteration focuses on refining the model by learning from the residuals—the errors left unexplained 
by earlier predictors (Zhang et al., 2021). 

2.4.3. Support Vector Regression (SVR) 

Support Vector Regression (SVR) is the adaptation of the Support Vector Machine (SVM) 
algorithm for solving regression tasks. This approach is capable of achieving high precision even 
with relatively small datasets and can capture nonlinear patterns through the use of kernel functions 
(Mountrakis et al., 2011; Alganci et al., 2013). The effectiveness of the model is influenced by 
hyperparameter settings, including the choice of kernel, the cost parameter, and the gamma value 
(Gorelick et al., 2017). 

2.4.4. Gradient Boost Machine (GBM) 

Gradient Boosting Machine (GBM) is an ensemble learning technique that builds weak predictive 
models (commonly decision trees) in a stage-wise sequence to minimize residual errors. Each 
subsequent model is trained to address the shortcomings of the preceding one, thereby collectively 
lowering both bias and variance to improve predictive accuracy (Ying & Sayed, 2017; Friedman 
et al., 2001). Hyperparameter optimization, including the number of trees (n_estimators) and the 
number of features (max_features), was conducted using a grid search approach. A recommended 
practice is to set the number of features equal to the square root of the total number of input 
variables. 

2.5. Model Evaluation Metrics 

R² (Coefficient of Determination): Ranging between 0 and 1, this coefficient measures the 
proportion of total variance in the dependent variable that is accounted for by the model. Values 
near 1 indicate a strong explanatory capacity and a well-fitted model (Freedman, 2009; Frost, 2019) 
(Equation 1). 

 

𝑅𝑅2 = 1 − ∑  (𝑌𝑌𝑌𝑌−𝑌𝑌𝑌𝑌�)2𝑛𝑛
𝑖𝑖=1

∑  (𝑌𝑌𝑌𝑌−Ȳi)2𝑛𝑛
𝑖𝑖=1

                                                           (Equation 1) 

 

RMSE (Root Mean Square Error): Calculated as the square root of the mean squared error, this 
metric represents the average magnitude of prediction error in the model. It penalizes larger errors 
more heavily and is often preferred in applications demanding high precision (Chai & Draxler, 
2014). 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = �1
𝑛𝑛
∑ (yi − ŷi)2𝑛𝑛
𝑖𝑖=1                                                 (Equation 2) 
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MAE (Mean Absolute Error): Commonly employed in regression model evaluation, this metric 
quantifies the average absolute deviation between predicted values and observed actual values 
(Willmott & Matsuura, 2005). 

 

𝑀𝑀𝑀𝑀𝑀𝑀 = 1
𝑛𝑛
∑ |yi − ŷi|𝑛𝑛
𝑖𝑖=1                                                         (Equation 3) 

 

3. Results 

3.1. Descriptive Statistics and Correlation Analysis 

 

Table 1. Descriptive statistics and correlation analysis of the studied variables. 

  pH EC 
(dS/cm) 

OM 
(%) 

CaCO3 
(%) 

Clay 
(%) 

Silt 
(%) 

Sand 
(%) 

P 
(kg/da) 

Average 
 

7.9 0.461 1.36 49.77 46.46 26.52 27 3.75 

Standard 
Error 

 

0.01 0.018 0.04 0.31 0.43 0.41 0.39 0.09 

Standard 
Deviation 

 

0.12 0.141 0.34 2.36 3.24 3.09 2.97 0.74 

Kurtosis 
 

1.85 2.072 0.78 2.24 0.09 -0.43 0.53 0.85 

Skewness 
 

-0.97 1.098 0.73 -0.96 0.03 -0.17 0.41 1.07 

Range 
 

0.65 0.82 1.76 13.49 16.67 12.5 14.59 3.34 

Min. 7.51 0.14 0.61 41.25 37.5 20.83 20.83 2.52 
Max. 8.16 0.96 2.37 54.74 54.17 33.33 35.42 5.86 

 

 

Descriptive statistics of soil physicochemical properties and available phosphorus (P) are presented 
in Table 3.1. Soil pH ranged from 7.51 to 8.16, with a mean value of 7.90, indicating predominantly 
alkaline soil conditions. Such conditions favor phosphorus immobilization through calcium-related 
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reactions, thereby limiting P availability (Hinsinger, 2001; Hall et al., 2024).Electrical conductivity 
values were low (mean 0.46 dS m⁻¹), suggesting that soil salinity did not impose a constraint on 
phosphorus availability. Organic matter content averaged 1.36%, reflecting low to moderate levels, 
which may restrict phosphorus mineralization and complexation processes (Bol et al., 2016).High 
calcium carbonate contents (mean 49.77%) indicate a strong tendency for phosphorus fixation in 
poorly soluble calcium phosphate forms. The relatively high clay content (mean 46.46%) further 
highlights the importance of fine soil fractions in regulating phosphorus sorption and desorption 
processes (Vance et al., 2003).Available phosphorus ranged from 2.52 to 5.86 kg da⁻¹ and exhibited 
a positively skewed distribution. Correlation analysis revealed that available phosphorus was 
associated with soil pH, CaCO₃, organic matter, and clay content) Figure 2. These findings confirm 
that phosphorus availability in calcareous, fine-textured soils is governed by multiple interacting 
physicochemical controls rather than a single soil property (Hall et al., 2024). 
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Figure 2. Pearson correlation heatmap showing the relationships between soil physicochemical 
properties and available phosphorus (P). Warm and cool colors represent positive and negative 
correlations,respectively. 

The histograms in Figure 3 illustrate the distributional characteristics of soil physicochemical 
properties and available phosphorus. Histograms are widely used descriptive tools for assessing 
data distribution, skewness, and potential outliers (Zuur et al., 2010; Hair et al., 2019).  

 

Figure 3. Histograms illustrating the frequency distributions of soil pH, electrical conductivity 
(EC), organic matter (OM), calcium carbonate (CaCO₃), clay, silt, sand, and available phosphorus 
(P) contents in the study area. 

 

The scatter plots presented in Figure X visually depict the relationships between available 
phosphorus and soil physicochemical properties. Scatter plots are commonly used exploratory tools 
to assess linear and nonlinear trends as well as potential interactions between variables (Zuur et al., 
2010; Hair et al., 2019). The results show that available phosphorus has more pronounced 
relationships with soil pH, calcium carbonate, and clay content. These patterns suggest that 
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phosphorus availability in calcareous, fine-textured soils is largely governed by physicochemical 
controls (Hinsinger, 2001; Hall et al., 2024). 

 

 

Figure 4.Scatter plots illustrating the relationships between soil pH, electrical conductivity (EC), 
organic matter (OM), calcium carbonate (CaCO₃), clay, silt, sand contents, and available 
phosphorus  

 

The PCA biplot and loadings heatmap presented in Figure X illustrate the multivariate relationships 
among soil physicochemical properties and available phosphorus. Principal component analysis is 
a widely used dimensionality reduction technique that summarizes correlation structures and 
identifies the dominant sources of variability within multivariate datasets (Jolliffe & Cadima, 
2016).The first principal component (PC1) explained 36.74% of the total variance and showed 
strong positive loadings for soil pH, silt, and calcium carbonate (CaCO₃). The second principal 
component (PC2), accounting for 18.63% of the variance, was primarily associated with clay 
content. The PCA loadings heatmap clearly highlights the dominant contribution of clay to PC2, 
whereas pH and silt were the main drivers along PC1.Available phosphorus was positioned closer 
to organic matter and EC vectors in the PCA space, suggesting that phosphorus availability is 
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influenced by chemical and biogeochemical soil processes. The clustering of samples within the 
PCA space indicates heterogeneity in soil properties and reflects the presence of distinct soil groups 
characterized by similar physicochemical attributes. These results confirm that phosphorus 
availability is controlled by multiple interacting soil factors rather than a single property (Hall et 
al., 2024). 

 

 

Figure 5. Principal component analysis (PCA) biplot illustrating soil physicochemical properties 
and available phosphorus (P), together with the PCA loadings heatmap showing variable 
contributions to the first (PC1) and second (PC2) principal components. 

3.2. Makine öğrenme modelleri ile fosfor parametresinin tahmini  

The predictive performance of the machine learning models for estimating soil available 
phosphorus was evaluated using scatter plots comparing observed and predicted values, along 
with statistical performance metrics (Figure X). Among the evaluated models, the Random Forest 
(RF) algorithm achieved the highest predictive accuracy (R² = 0.673; RMSE = 0.717; MAE = 
0.588). The RF model showed a strong agreement between observed and predicted values, with 
most data points closely aligned with the 1:1 reference line, indicating stable performance 
particularly within the medium to high phosphorus range. Similar behavior of Random Forest 
models in capturing nonlinear relationships in heterogeneous soil datasets has been reported in 
previous studies (Breiman, 2001; Hall et al., 2024). 
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Figure 6. Scatter plots comparing observed and predicted available phosphorus (P) values for the 
Random Forest (RF), Support Vector Regression (SVR), XGBoost, and Gradient Boost Machine 
(GBM) models (dashed line indicates the 1:1 reference line) 
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Support Vector Regression (SVR) exhibited a moderate predictive performance (R² = 0.594; 
RMSE = 0.926; MAE = 0.729). For the SVR model, prediction errors increased at higher 
phosphorus levels, accompanied by a wider dispersion of predicted values, a pattern that has also 
been observed in soil nutrient prediction studies using kernel-based methods (Smola & Schölkopf, 
2004). The explanatory power of the XGBoost and Gradient Boost Machine (GBM) models was 
comparatively lower, with R² values of 0.344 and 0.372, respectively. In both models, predictions 
showed greater dispersion at lower phosphorus concentrations and larger deviations from the 1:1 
reference line, indicating reduced predictive consistency under heterogeneous soil conditions. 

Overall, the superior performance of the ensemble-based RF model, characterized by higher 
accuracy and lower error metrics, suggests its greater ability to capture the nonlinear and 
multivariate structure of soil phosphorus dynamics compared to boosting-based and kernel-based 
approaches. These results are consistent with previous findings highlighting the robustness of 
ensemble tree-based algorithms for modeling complex soil processes (Breiman, 2001; Hall et al., 
2024). 

 

3.3. Feature Importance Analysis 

The contributions of input variables to the prediction of available soil phosphorus (P) were 
evaluated using the Shapley Additive Explanations (SHAP) approach. SHAP provides a unified 
framework to quantify the relative importance of each predictor by estimating its contribution to 
individual model outputs. This method enables both the magnitude and distribution of feature 
effects to be examined, thereby improving the interpretability of machine learning models. 

 

In this study, SHAP values were calculated for the Random Forest (RF), XGBoost, Support Vector 
Regression (SVR), and Gradient Boosting Machine (GBM) models. The results are presented as 
violin plots (Figure X), which illustrate the distribution and density of SHAP values for each 
predictor. The width of each violin represents the variability and frequency of SHAP values, while 
the internal box and median line indicate the central tendency of feature contributions. 
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Figure 7. Graphs illustrating the relative contributions of input variables used in machine 
learning models for the prediction of the phosphorus parameter 
 

Across all models, the relative importance of predictors exhibited a generally consistent pattern, 
although the magnitude and spread of their contributions varied depending on the modeling 
approach. Electrical conductivity (EC) and soil organic matter (OM) emerged as the most influential 
variables for predicting available phosphorus in all models, indicating their dominant role in 
controlling P availability. Textural fractions (clay, sand, and silt), calcium carbonate (CaCO₃), and 
soil pH showed comparatively lower but non-negligible contributions, supporting model predictions 
by capturing key physical and chemical soil constraints. 

Overall, the SHAP-based feature importance analysis enhances the transparency of the developed 
models and provides insight into the key soil properties governing phosphorus prediction, thereby 
supporting the robustness and interpretability of the modeling framework. 
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3.2.4. Model Performance Comparison  

Table 2. Model performance comparison based on R², RMSE, and MAE metrics. 

 

Model R² RMSE MAE 
Random Forest 0.673 0.717 0.588 
XGBoost 0.344 0.810 0.613 
SVR 0.594 0.926 0.729 
GBM 0.372 0.891 0.686 

 

The predictive performance of the machine learning models was assessed using the coefficient of 
determination (R²), root mean square error (RMSE), and mean absolute error (MAE) (Table X). 
Among the evaluated models, Random Forest (RF) achieved the highest predictive accuracy (R² = 
0.673) and the lowest error values (RMSE = 0.717; MAE = 0.588). 

Support Vector Regression (SVR) showed moderate performance (R² = 0.594), but with relatively 
higher prediction errors (RMSE = 0.926; MAE = 0.729). In contrast, XGBoost and Gradient 
Boosting Machine (GBM) exhibited lower predictive capability, with R² values of 0.344 and 0.372, 
respectively, accompanied by higher RMSE and MAE values. Overall, RF outperformed the other 
models in predicting the phosphorus parameter. 
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Figure 8. Bar and line graphs illustrating the comparison of performance metrics (R², RMSE, and 
MAE) among the evaluated machine learning models 

The comparison of error metrics among the machine learning models (Figure X) indicates clear 
differences in predictive performance. The Random Forest model achieved the highest coefficient 
of determination (R²) together with relatively low RMSE and MAE values, reflecting superior 
predictive accuracy and robustness. The Support Vector Regression (SVR) model showed 
comparable explanatory power, but higher error values suggest reduced precision in prediction. In 
contrast, XGBoost and Gradient Boosting Machine (GBM) exhibited lower R² values and higher 
prediction errors, indicating weaker model performance under the evaluated conditions. Overall, 
the results demonstrate variability in model effectiveness and highlight Random Forest as the most 
reliable model for predicting the phosphorus parameter in this study. 

4. Discussion 

The results of this study demonstrate that machine learning approaches can effectively predict soil 
available phosphorus based on physicochemical soil properties; however, model performance 
varied substantially among the evaluated algorithms. Among all models, Random Forest (RF) 
exhibited the highest predictive accuracy, indicating its superior capability to capture the complex 
and nonlinear relationships governing phosphorus dynamics in calcareous agricultural soils. This 
finding is consistent with the ensemble-based structure of RF, which reduces model variance and 
enhances robustness by aggregating multiple decision trees constructed from random subsets of 
predictors (Breiman, 2001). 
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The superior performance of RF compared to SVR, XGBoost, and GBM highlights the importance 
of algorithm selection when modeling soil nutrient availability. Tree-based ensemble methods have 
been widely reported to outperform kernel-based and boosting algorithms in heterogeneous soil 
datasets, particularly when interactions among soil properties are strong and non-additive. In such 
systems, RF effectively captures threshold effects and variable interactions without relying on strict 
distributional assumptions, making it well suited for modeling phosphorus availability under 
alkaline and calcareous conditions (Hall et al., 2024).The comparatively moderate performance of 
Support Vector Regression suggests that kernel-based approaches may be sensitive to data structure 
and parameterization, especially when predictor variables exhibit multicollinearity and uneven 
variance. Similarly, the lower predictive capability of XGBoost and GBM may be attributed to the 
tendency of boosting-based algorithms to overemphasize noise in relatively limited and 
heterogeneous datasets, thereby reducing generalization performance. These results collectively 
indicate that bagging-based ensemble approaches such as RF are more robust for soil phosphorus 
prediction than boosting-based or kernel-based methods under the studied conditions. 

The SHAP-based feature importance analysis provides important insight into the physicochemical 
controls governing soil phosphorus availability. Across all models, electrical conductivity (EC) 
and soil organic matter (OM) emerged as the most influential predictors, emphasizing the role of 
soil chemical environment and biogeochemical processes in regulating phosphorus dynamics. 
Organic matter influences phosphorus availability through mineralization, competitive sorption, 
and the formation of organo-mineral complexes that can temporarily protect phosphorus from 
fixation reactions (Bol et al., 2016). The strong contribution of EC may reflect its association with 
ionic strength and soluble nutrient pools, indirectly influencing phosphorus mobility and 
extractability.Although soil pH and calcium carbonate (CaCO₃) showed relatively lower SHAP 
contributions, their role remains fundamental in calcareous soils. High pH and CaCO₃ contents 
promote phosphorus precipitation and adsorption onto calcium-associated mineral phases, thereby 
limiting plant-available phosphorus (Hinsinger, 2001). The moderate importance of clay content 
further highlights the role of fine soil fractions in controlling phosphorus sorption–desorption 
equilibria, consistent with established concepts of phosphorus retention in clay-rich soils (Vance 
et al., 2003). These findings confirm that phosphorus availability is governed by multiple 
interacting soil properties rather than a single dominant factor. 

The consistency between machine learning outcomes and multivariate exploratory analyses 
strengthens confidence in the robustness of the proposed modeling framework. The PCA results 
indicated that available phosphorus was more closely associated with organic matter and EC, 
whereas pH and CaCO₃ dominated the primary axes of soil variability. This agreement between 
PCA structure and SHAP-based feature importance demonstrates that the machine learning models 
successfully captured the underlying physicochemical relationships present in the dataset, rather 
than producing purely statistical fits. 

From an applied perspective, the strong performance and interpretability of the RF model suggest 
that machine learning can serve as a practical decision-support tool for phosphorus management in 
calcareous agricultural soils. Accurate prediction of soil available phosphorus using routinely 
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measured soil properties can support site-specific fertilizer recommendations, improve phosphorus 
use efficiency, and reduce environmental risks associated with over-fertilization. The integration 
of explainable machine learning techniques further enhances the transparency of model predictions, 
facilitating their adoption in digital agriculture and precision nutrient management 
frameworks.Despite these promising results, certain limitations should be acknowledged. The 
dataset represents predominantly alkaline and calcareous soils, which may restrict the extrapolation 
of the models to acidic or highly weathered soil systems. In addition, biological indicators such as 
microbial biomass and enzyme activities were not included, potentially limiting the representation 
of biogeochemical processes influencing phosphorus availability. Future research should 
incorporate larger and more diverse datasets, biological soil indicators, and spatial information to 
further improve model generalizability and predictive performance. 

5. Conclusion 

This study demonstrated the potential of machine learning approaches to predict soil available 
phosphorus using routinely measured physicochemical soil properties. Among the evaluated 
algorithms, the Random Forest model outperformed Support Vector Regression, XGBoost, and 
Gradient Boosting Machine, achieving the highest predictive accuracy and the lowest error metrics. 
These results indicate that ensemble tree-based methods are particularly effective in capturing the 
nonlinear and multivariate relationships that characterize phosphorus dynamics in calcareous 
agricultural soils. 

The feature importance analysis based on SHAP values revealed that electrical conductivity and 
soil organic matter were the most influential predictors of available phosphorus, highlighting the 
dominant role of soil chemical environment and biogeochemical processes in regulating 
phosphorus availability. Although soil pH, calcium carbonate, and texture showed comparatively 
lower contributions, their collective influence remains essential in constraining phosphorus 
mobility and fixation under alkaline conditions. The consistency between machine learning outputs 
and multivariate exploratory analyses further supports the robustness and interpretability of the 
proposed modeling framework.From a practical perspective, the findings suggest that machine 
learning–based prediction of soil available phosphorus can serve as a valuable decision-support 
tool for precision nutrient management. Accurate estimation of phosphorus availability using 
existing soil data can contribute to improved fertilizer use efficiency and reduced environmental 
risks associated with excessive phosphorus application. Future research should focus on expanding 
model applicability by incorporating biological soil indicators, spatial variability, and diverse soil 
types to enhance model generalizability and support broader implementation in digital agriculture 
systems. 
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