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 Soil pH is a fundamental parameter determining nutrient availability, 

microbial activity, and crop productivity. Unlike previous studies that often 

prioritize prediction accuracy over explainability, this study proposes an 

interpretable machine-learning framework integrating hyperparameter-

optimized adaptive boosting (AdaBoost) with Shapley Additive exPlanations 

(SHAP) to unravel the spatial drivers of soil pH. A systematic workflow was 

implemented to evaluate a diverse set of algorithms, followed by Bayesian 

optimization to fine-tune the best-performing models. The results 

demonstrated that the optimized AdaBoost model yielded the largest 

performance improvement (~7.5%), achieving excellent accuracy on 

independent test data with a coefficient of determination (R²) of 0.817 and a 

mean absolute error (MAE) of 0.293. Furthermore, SHAP analysis identified 

iron (Fe) and calcium carbonate (CaCO₃) as the most influential predictors, 

revealing that Fe exhibits a strong inverse relationship with pH, while 

CaCO₃ shows a positive association. This framework successfully balances 

high predictive accuracy with pedological interpretability, offering a robust 

tool for digital soil mapping and precision agriculture. 
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1. INTRODUCTION 

Soil pH is a fundamental parameter determining soil quality, regulating nutrient bioavailability, 

microbial activity, and overall crop productivity [1]. To ensure optimal plant health, macronutrients (nitrogen 

(N), phosphorus (P), and potassium (K)) must remain available while maintaining micronutrients (iron (Fe), 

manganese (Mn), and zinc (Zn)) at non-toxic levels [2]. Consequently, understanding the spatial distribution 

of soil pH is critical for environmental monitoring and precision agriculture, enabling site-specific 

management strategies such as variable-rate liming that minimize environmental risks like groundwater 

pollution [3]. Accurate digital soil mapping serves as the foundational layer for internet of things (IoT)-based 

smart farming systems, enabling variable-rate technology (VRT) to adjust inputs precisely based on the 

spatial distribution of soil properties.  

While traditional wet chemistry methods are accurate, they are labor-intensive and costly for large-

scale mapping. Alternatively, machine learning (ML) has emerged as a powerful tool for digital soil 

mapping, with ensemble methods such as random forests (RF), gradient boosting, and support vector 

regression (SVR) demonstrating the ability to capture complex nonlinear relationships between 
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environmental covariates and soil pH [4], [5] ML optimization has proven effective in various domains, 

ranging from industrial resource allocation [6] to consumer preference analysis in e-commerce markets [7]. 

However, existing studies often suffer from two major limitations: the use of default hyperparameters, which 

leads to suboptimal model performance, and a “black-box” nature that lacks interpretability. Specifically, few 

studies have proposed optimized ensemble models integrated with interpretability tools (e.g., Shapley 

Additive exPlanations (SHAP)) for soil pH mapping, creating a gap in understanding the pedological drivers 

behind prediction [8]-[10].  

The primary novelty of this study lies in the synergistic integration of Bayesian-optimized adaptive 

boosting (AdaBoost) with SHAP-based interpretability. Unlike standard ensemble approaches, this 

framework not only improves predictive accuracy but also deciphers the ‘black-box’ logic to reveal critical 

pedological drivers. First, we implement a rigorous preprocessing and feature selection pipeline to ensure 

high data quality. Second, we systematically evaluate diverse regression algorithms, optimizing the top 

performers using Bayesian optimization to enhance predictive accuracy. Finally, we employ SHAP to interpret 

the model outputs. This study holds significant practical relevance for precision agriculture while theoretically 

bridging the gap between ML optimization and explainable artificial intelligence (XAI) in soil science.  

 

 

2. METHOD  

This study adopts a comprehensive end-to-end ML workflow encompassing data acquisition, 

preprocessing, feature selection, model benchmarking, hyperparameter tuning via Bayesian optimization, and 

SHAP-based interpretability analysis to identify key soil pH drivers. 

 

2.1.  Dataset description 

The analysis utilizes a dataset of 781 soil samples collected from agricultural fields in the Grevena 

region, Northern Greece, between 2015 and 2019. The samples were taken from a depth of 0–30 cm, 

covering a wide range of soil textures and chemical properties typical of Mediterranean agricultural zones. 

The dataset was obtained from the Soil and Water Research Institute (SWRI) and includes key parameters 

such as pH, organic matter, and micro-nutrients, ensuring sufficient variability for training robust ML models 

[11]. The predictor set includes electrical conductivity (EC), organic matter (OM), nitrate nitrogen (N-NO₃), 

P, K, magnesium (Mg), and Fe. Additionally, the dataset incorporates micronutrients including Zn, Mn, 

copper (Cu), and boron (B), as well as calcium carbonate (CaCO₃), which is explicitly included due to its 

critical role in pH buffering capacity. Soil texture is represented by sand, silt, and clay percentages. 

 

2.2.  Research workflow and preprocessing 

To ensure reproducibility, the workflow was structured using a Scikit-learn Pipeline (Figure 1). The 

dataset was partitioned into training (80%) and testing (20%) sets for unbiased evaluation [12]. Missing 

values were handled using median imputation to accommodate soil heterogeneity, while outliers were capped 

using the interquartile range (IQR) method based solely on training set statistics to prevent data leakage. 

Winsorization was subsequently applied at the 1st and 99th percentiles, followed by standard scaling to 

improve model convergence [13]. All experiments were conducted in Google Colab (Python 3) using Scikit-

learn with a fixed random seed of 42 to guarantee reproducibility. Complex non-linear transformations were 

deliberately avoided, as tree-based ensemble models are invariant to monotonic feature scaling, thereby 

preserving the physical interpretability of soil measurement units. 

 

2.3.  Feature selection 

Feature selection was applied to reduce dimensionality and mitigate overfitting [14]. A 

RandomForestRegressor was trained on preprocessed data, retaining only features with importance scores 

exceeding the mean threshold [15]. This single-pass approach efficiently captures non-linear feature 

interactions without the computational overhead of wrapper methods such as recursive feature elimination 

(RFE), which requires repeated model retraining for each feature subset [16], [17]. 

 

2.4.  Model development and evaluation 

To identify the most effective predictive strategy for soil pH, we benchmarked nine regression 

algorithms spanning distinct learning paradigms: linear approaches (linear, ridge, and lasso regression), tree-

based ensembles (decision tree (DT), RF, gradient boosting, and AdaBoost), and kernel/instance-based 

methods (SVR and K-nearest neighbors (KNN)). A unified preprocessing pipeline was applied identically 

across all models. Although tree-based models are invariant to feature scaling, distance-based models such as 

SVR and KNN require standardized inputs; therefore, all datasets underwent Winsorization and standard 

scaling prior to training to ensure a consistent evaluation baseline. 
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Figure 1. Residual scatter plot and error histogram 
 

 

Model generalization was assessed using 5-fold cross-validation (CV) on the training set [18]. 

Performance was quantified using the coefficient of determination (R²), mean absolute error (MAE), and root 

mean squared error (RMSE), reported with 95% confidence intervals (CI) [19]–[21]. Hyperparameter tuning 

was conducted via Bayesian optimization, which efficiently navigates high-dimensional search spaces 

compared to exhaustive grid search [22], within the ranges defined in Table 1. The optimized model was 

subsequently interpreted using SHAP, which quantifies each feature’s marginal contribution to predictions, 

providing both global feature rankings and local instance-level explanations grounded in cooperative game 

theory [23]. 
 

 

Table 1. Result of prediction 
Method Mean R-squared (CV) MAE (CV) MSE (CV) 

SVR 0.7971 0.275 0.1567 

AdaBoost regressor 0.7923 0.29 0.1631 

Gradient boosting regressor 0.7898 0.2778 0.164 
KNN regressor 0.7709 0.2973 0.1773 

RF regressor 0.762 0.2958 0.1859 

Linear regression 0.7598 0.304 0.1863 
Ridge 0.7598 0.3041 0.1863 

DT regressor 0.6387 0.374 0.288 

Lasso -0.0081 0.7181 0.7774 

 

 

3. RESULTS AND DISCUSSION  

A comprehensive evaluation of nine ML algorithms revealed substantial performance variation, 

providing important insights into the complexity of the relationship between soil properties and pH (Table 1). 

To ensure statistical robustness, model generalization was assessed using default cross-validation, with 

performance metrics reported as mean ± 95% CI. The SVR model performed best with R² = 0.7971, MAE = 

0.275, and MSE = 0.1567, indicating superior ability to capture the complexity of the relationship between 

soil features and pH. The superiority of SVR stems from its ability to map data to a high-dimensional space 

via kernel functions, enabling the modeling of complex nonlinear relationships without explicitly computing 

transformations [24]. In the context of soil systems, many pedogenic and biogeochemical processes that 

influence pH are nonlinear and involve multifaceted interactions such as buffering capacity, which is 

influenced by interactions between clay minerals, organic matter, and base cations [25]. SVR can capture this 

complexity more effectively than linear models. The ensemble models AdaBoost regressor (R² = 0.7923), 

gradient boosting regressor (R² = 0.7898), and RF regressor (R² = 0.7620) also performed very well, 

consistent with the literature demonstrating the effectiveness of ensemble methods in soil property modeling 

[26], [27]. Linear models — linear regression, ridge, and lasso showed significantly lower performance (R² ≈ 

0.76), with lasso even producing a negative R² (-0.0081), indicating it performed worse than predictions 

based on the target average. This suggests that soil pH prediction cannot be reduced to a simple linear 

combination of predictor features. 

Table 2 presents the comparative performance results of the three best models after hyperparameter 

optimization. All three models showed significant performance improvements. SVR improved marginally 

(~0.9%), while AdaBoost achieved the largest gain (~7.5%), improving MSE from 0.1631 to 0.1509. The 



                ISSN: 1693-6930 

TELKOMNIKA Telecommun Comput El Control, Vol. 24, No. 4, August 2026: 1197-1203 

1200 

alignment confirms that the model generalizes well to unseen data and does not exhibit significant 

overfitting. AdaBoost’s performance can be attributed to its sequential learning architecture [28]. Unlike RF, 

which is robust to default settings, AdaBoost is highly sensitive to the learning rate and estimator count; 

Bayesian optimization allowed the algorithm to precisely calibrate the step size for correcting predecessor 

errors, effectively reducing bias without incurring high variance. gradient boosting also showed improvement 

(~4.7%) but required tuning a more complex hyperparameter space [29]. SVR with an radial basis function 

(RBF) kernel has a relatively compact hyperparameter space (C, gamma, epsilon) compared to complex 

ensemble methods, and the default values in scikit-learn may already be close to optimal for this dataset [30]. 
 

 

Table 2. Result of Bayesian optimization 
Model MSE negative (CV) 

SVR -0.1553 

AdaBoost regressor -0.1509 
Gradient boosting regressor -0.1563 

 

 

Table 3 presents the results of the optimized AdaBoost Regressor on independent test data. The final 

model achieved an R² of 0.8172, indicating that it explained approximately 81.72% of the total variability in 

soil pH. These results are competitive with recent soil spectroscopy studies [31], which typically report R² 

values in the range of 0.8–0.85, thereby validating the efficacy of our proposed framework. Our model’s R2 

of 0.817 notably exceeds typical benchmarks in digital soil pH mapping, which are often in the range of 0.70 

in similar pedological studies [32], validating the efficacy of the optimization framework. Although SVR 

performed well initially, the optimized AdaBoost regressor was selected as the final model because it 

achieved the lowest (MSE of 0.1509) compared to SVR (0.1553) during the rigorous Bayesian optimization 

process. From a computational perspective, the optimized AdaBoost model is structurally simpler and more 

lightweight compared to deep learning (DL) models or heavy ensemble stacks. This low computational 

complexity makes it highly suitable for deployment on resource-constrained IoT edge devices, enabling real-

time on-site soil analysis without relying on cloud connectivity. To further assess reliability, a detailed 

analysis of the prediction errors reveals that while the model achieves high accuracy across the majority of 

the pH range, minor deviations are observed at the extreme ends of the distribution. These discrepancies 

likely stem from local soil heterogeneity or the inherent limitation of regression models in extrapolating 

beyond the dense regions of the training data. Overall, the metrics exceed the threshold for “excellent 

prediction” (R² > 0.70) accepted in digital soil mapping [33]. 
 

 

Table 3. Evaluation of optimized AdaBoost regressor 
Metric Value 

R-squared 0.8172 

MAE 0.2930 
MSE 0.1668 

 

 

As shown in Figure 1, the residuals are randomly distributed around the horizontal zero line without 

forming any discernible patterns (e.g., U-shape or funnel shape), which confirms that the model is unbiased 

across the entire range of soil pH values. Additionally, the error distribution histogram in Figure 1 

approximates a Gaussian bell curve, indicating that the prediction errors are consistent and predictable, 

satisfying the normality assumption required for robust regression analysis. 

While SVR demonstrated competitive accuracy, AdaBoost was prioritized due to its inherent 

compatibility with tree-based feature importance analysis, offering superior transparency over the ‘black-

box’ kernel transformations of SVR. This interpretability is crucial for identifying key soil drivers in 

precision agriculture. The relative influence of each predictor on soil pH is illustrated in Figure 2 via the 

SHAP summary plot for the optimized AdaBoost regressor. A standout observation from this visualization is 

the dominance of Fe as the primary driver of the model’s predictions. The distribution of SHAP values for Fe 

shows a distinctive pattern: high Fe values (red/pink points) are consistently located on the left side (negative 

SHAP values), indicating that high Fe concentrations are strongly associated with lower (more acidic) 

predicted pH. Low Fe values (blue points) are located on the right side (positive or near-zero SHAP values), 

indicating that low Fe is associated with higher (less acidic or neutral) pH. This inverse relationship between 

Fe and pH is highly consistent with the principles of soil chemistry [34]. CaCO₃ emerged as the second most 

important feature and aligns perfectly with soil chemistry principles. The pattern of SHAP values shows that 

high CaCO₃ values (red/pink points) are predominantly on the right (positive SHAP values), indicating a 
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strong positive association with high pH. Low CaCO₃ values (blue points) are on the left side (negative 

SHAP values), associated with low pH. The positive relationship between CaCO₃ and pH is a cornerstone of 

soil chemistry [32]. Agronomically, these findings suggest that farmers can utilize SHAP-derived insights to 

create targeted management zones, prioritizing soil testing and liming in areas with high Fe variability and 

low CaCO₃ levels to neutralize acidity and optimize nutrient uptake.  
 

 

 
 

Figure 2. SHAP analysis 

 

 

4. CONCLUSION  

This study demonstrated that nonlinear models consistently outperform linear approaches for digital 

soil pH mapping. Specifically, the optimized AdaBoost regressor achieved superior predictive accuracy 

compared to traditional linear baselines, highlighting the complexity of soil-landscape interactions. 

Methodologically, the integration of Bayesian optimization significantly enhanced model performance, 

yielding a ~7.5% improvement in MSE for the AdaBoost model. Furthermore, the application of SHAP 

analysis provided critical transparency, identifying Fe and CaCO₃ as the dominant drivers of soil pH spatial 

variability. The result confirms the framework’s ability to produce not only accurate maps but also 

agronomically meaningful insights. The findings have practical implications for precision agriculture, 

offering a robust tool for optimizing soil amendment strategies. Current limitations include the reliance on a 

dataset from a specific geographic region with a moderate sample size and the lack of explicit uncertainty 

quantification. Future work should focus on integrating satellite-based remote sensing data to improve 

generalization and deploying the lightweight AdaBoost model into IoT-based edge devices for real-time, in-

situ soil monitoring. 
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