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Abstract


The accurate assessment of soil fertility is critical for guiding nutrient management and promoting sustainable agriculture in semi-arid agroecosystems. In this study, a machine learning-based Soil Fertility Index (SFI) model was developed using regularized regression techniques to evaluate fertility across a dryland maize-growing region in southeastern Türkiye. A total of 64 composite soil samples were collected from the Batman Plain, characterized by alkaline and salinity-prone conditions. Five soil chemical indicators, electrical conductivity (EC), pH, organic matter (OM), zinc (Zn), and iron (Fe), were selected for SFI estimation using a standardized rating approach. The dataset was randomly split into training (80%) and test (20%) subsets to calibrate and validate the models. Ridge, Lasso, and Elastic Net regression models were employed to predict SFI and assess variable importance. Among these, the Lasso model achieved the highest predictive accuracy on test data (R2 = 0.746, RMSE = 0.060), retaining only EC and Zn as significant predictors. Ridge and Elastic Net captured OM and pH, though their contributions were minimal (|β| < 0.01). Spatial predictions showed moderate alignment with observed SFI values (range: 0.48–0.76), but all models underestimated high-fertility zones (>0.69), likely due to coefficient shrinkage. Despite its simplicity, the Lasso model offered superior interpretability and spatial resolution. The results reveal the potential of interpretable machine learning for supporting sustainable, site-specific fertility assessment and informed nutrient management in data-scarce and environmentally vulnerable regions.
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1. Introduction


Soil fertility is a fundamental component of sustainable agriculture, directly influencing crop yield, soil resilience, and long-term ecosystem stability. Global projections indicate that up to 89% of agricultural soils may experience fertility degradation by 2050 [1], underscoring the need for more adaptive and data-driven approaches to fertility assessment. Traditional methods, primarily based on laboratory testing and manual sampling, are resource-intensive and often insufficient to capture the spatial heterogeneity of modern agricultural landscapes [2,3].



In response, researchers have developed composite indicators like the Soil Fertility Index (SFI), which integrate multiple soil attributes into a unified metric. Among them, Tunçay et al. [4] proposed a comprehensive SFI model that integrates chemical (e.g., pH, EC), physical (e.g., texture, bulk density), and biological (e.g., organic matter) soil indicators to classify fertility levels into five distinct classes: very low, low, moderate, high, and very high. This classification facilitates rapid, spatially explicit evaluation of fertility conditions, supporting localized management interventions, and land use planning. However, the methods used to construct SFI vary widely. Conventional statistical approaches, such as factor analysis, offer interpretability but may struggle with multicollinearity and nonlinear relationships [5]. Recently, machine learning (ML) techniques have gained prominence for their predictive power and ability to handle complex variable interactions [6]. The comparative evaluation by Jia et al. [6] across multiple agroecological zones revealed that machine learning models outperform conventional regression methods. Moreover, these models offer robust tools for variable importance analysis. This provides a semi-interpretable framework that helps bridge the gap between prediction and practical soil management. Complementary research has further shown the success of ML algorithms such as Support Vector Machines in modeling key fertility indicators like cation exchange capacity (CEC), pH, and soil organic carbon [7,8,9].



Despite their predictive accuracy, many ML models function as “black boxes,” offering limited interpretability, which constrains their application in agronomic decision-making. This limitation has prompted increased interest in interpretable machine learning (IML) techniques within soil science. Among them, regularized regression models, such as Ridge, Lasso, and ElasticNet, are particularly well-suited for soil fertility studies because they address multicollinearity while yielding interpretable coefficients. This allows researchers to assess the relative importance of highly correlated soil variables such as EC, pH, OM, Zn, and Fe [10,11,12].



In response to this need, the present study proposes a transparent and interpretable modeling framework for predicting the SFI using regularized regression methods. While most existing studies prioritize model accuracy, our focus is on understanding the underlying drivers of fertility by analyzing coefficient magnitudes and directions. The modeling pipeline outputs standardized coefficients and interceptions, allowing for meaningful integration of expert agronomic knowledge with data-driven insights. To operate this framework, the study pursues one general aim supported by three specific objectives. The general aim is to assess the predictive and interpretive capacity of regularized regression models for estimating a composite SFI based on key soil chemical properties in irrigated maize systems. Specifically, the study first constructs an SFI by standardizing and scoring five soil indicators, pH, EC, OM, Zn, and Fe, using agronomic thresholds and normalized weights. Second, it applies ridge, lasso, and elastic net regression models to predict the SFI from 64 composite soil samples collected from maize fields in the Batman Plain, using cross-validation and hyperparameter tuning for model optimization. Finally, model performance is evaluated using statistical indicators (R2, RMSE), and standardized coefficients are examined to interpret the relative contribution of each predictor to the overall fertility assessment.




2. Materials and Methods


2.1. Study Area and Soil Sampling


The study area is located between the city center of Batman and the Bismil district of Diyarbakır province, within the coordinates of 34°48′–37°55′ N latitude and 40°55′–41°05′ E longitude. This region is heavily used for maize cultivation. Situated north of the confluence of the Dicle River and the Batman Stream, the study area consists of young alluvial deposits formed by the accumulation of sediments from rivers and streams (Figure 1).



The area lies within a semi-arid climate zone, with a long-term annual average precipitation of 494 mm and an average annual temperature of 15.9 °C [13]. The region is composed primarily of the Şelmo Formation [14], which consists of grayish-green, pink, and occasionally brownish-purple sandstones, shales, and sandy siltstones. These are interlayered with gypsum, carbonate-cemented, poorly sorted, coarse-textured, porous materials, mollusk-bearing layers, and include fine-bedded calcareous gravels and thick cross-bedded hard sandstones in the upper parts. The dominant soil orders in the area are Entisols and Inceptisols, and a significant portion of the land lies within the area submerged by the Ilısu Dam reservoir.



A total of 64 composite soil samples (0–20 cm) were collected from a 1957 ha area characterized by geologically uniform Şelmo Formation and topographical homogeneity. Samples were obtained through a randomized design focused on intensively cultivated maize fields. The resulting sampling density (~1 sample per 30.6 ha) was deemed sufficient based on the area’s limited spatial variability and consistent land use. Similar findings in digital soil mapping studies (e.g., [15]) suggest that prediction performance improves with density but reaches an acceptable threshold near 1 profile per 2 km2, especially when using models such as quantile random forest and kriging in more heterogeneous contexts.



The geographic coordinates of each sampling location were recorded using a GPS device. The collected soil samples were air-dried and passed through a 2 mm sieve prior to laboratory analysis. Soil texture was determined using the Bouyoucos hydrometer method following the procedure described by Gee and Bauder [16]. Soil reaction (pH) and electrical conductivity (EC) were measured in a 1:2 soil-to-water suspension in accordance with the method outlined by Rhoades et al. [17]. Organic matter content was assessed using the modified Walkley–Black wet oxidation method as proposed by Nelson and Sommers [18], which provides reliable estimates of organic carbon through dichromate oxidation. Extractable zinc (Zn) and iron (Fe) concentrations were determined using the DTPA (diethylenetriaminepentaacetic acid) extraction method developed by Lindsay and Norvell [19], with subsequent quantification performed via atomic absorption spectrophotometry. These soil parameters were selected due to their foundational roles in soil fertility assessment and nutrient availability.




2.2. Calculation of Soil Fertility Index


This study introduces an interpretable machine learning (IML) approach to soil fertility modeling by applying regularized linear regression techniques to develop a scalable SFI. The SFI serves as an integrative metric that encapsulates yield potential by evaluating multiple soil chemical properties in a composite manner. The primary goal of the SFI is to synthesize complex soil fertility data into a single, standardized index, enabling objective comparisons and spatial analysis across sites [20].



In this study, five key parameters, soil pH, EC, OM, and DTPA-extractable Zn and Fe, were used in the SFI computation. The indicators were chosen based on their established roles in governing nutrient availability and soil productivity in semi-arid agroecosystems. Soil pH is a key determinant of nutrient solubility, while EC reflects the extent of salinity stress that can inhibit plant uptake. Organic matter contributes to cation exchange capacity and nutrient retention. DTPA-extractable Zn and Fe were included due to their frequent deficiencies in alkaline soils, where their availability is pH-sensitive. This selection also aligns with prior SFI frameworks (e.g., [4,21]) and supports both agronomic interpretability and statistical robustness in regularized regression modeling.



Each parameter was assigned a score ranging from 0 to 1, reflecting its suitability for agricultural productivity. These scores were derived using a rating system (Table 1) based on known threshold and optimal values for each parameter. The SFI was calculated using two mathematical formulations. The basic formulation is expressed as (Equation (1)):


  S F I =   R   m a x   × f (   V   1   ,   V   2   , … ,   V   n   ) .  



(1)







Here, V1, V2, …, Vn represent the individual rating scores of each parameter, and f is either an arithmetic or geometric mean function. Rmax denotes the maximum attainable index value under ideal soil conditions. To better reflect the relative importance of each parameter, a weighted geometric mean formulation was also used:


    F I =     R   m a x   ×     ∏  i = 1   n             V   i     100          w   i              1     ∑  i = 1   n      w   i          .  



(2)







Vi is the rating value (between 0 and 1) for the ith parameter, wi is the weight assigned to that parameter, n is the number of parameters, Rmax normalizes the final score based on maximum achievable productivity.



This dual-formula framework ensures interpretability and flexibility, allowing for domain expert judgment to be incorporated without introducing circular logic in the machine learning validation stage.



A comprehensive soil parameter rating system was used to objectively score each indicator, following the scale shown in Table 1, adapted from Steven Merumba et al. [21]. Each parameter was categorized into five levels (1, 0.8, 0.5, 0.2, 0) based on established agronomic thresholds. For instance, a pH between 6.5 and 7.5 received a full score of 1.0, while values below 4.5 or above 8.5 were rated 0.0, indicating critical fertility limitations. Similar thresholds were applied to EC, OM, Zn, and Fe.




2.3. Modeling Approach


2.3.1. Dataset Preparation


The independent variables include soil electrical EC, OM content, soil pH, and the concentrations of micronutrients, namely Zn and Fe, which are considered as pedo-variables. The dependent variable is the SFI, computed as described previously. To ensure the robust training of the regression models and to mitigate potential issues arising from the differing scales of the input variables, all variables were standardized according to Equation (3). This preprocessing step is critical for the accurate functioning and comparative evaluation of the Ridge, Lasso (Least Absolute Shrinkage and Selection Operator), and ElasticNet regression models. By standardizing the data, we can effectively harmonize the input variables, thereby reducing scale-induced biases and enhancing model performance.



Such an approach not only facilitates the proper training and convergence of these regression models, but it also allows for a direct comparison of their predictive capabilities when applied to complex, multi-dimensional soil datasets.


  z =    x − μ   σ     



(3)







In the equation, z is the standardized (or z-score) value, x is the original (raw) data value, μ is the mean of the data, σ is the standard deviation of the data. Thus, z represents the transformed value obtained by subtracting the mean from the original data value and then dividing by the standard deviation.




2.3.2. Establishment of Modeling Architecture


To address common challenges in regression analysis, such as multicollinearity, overfitting, and difficulties in model interpretation, modern studies frequently employ regularization techniques like Ridge, Lasso, and Elastic Net [22]. Among these, Ridge regression is particularly effective in high-dimensional contexts. It counteracts the impact of intercorrelated predictors by incorporating a penalty term into the loss function, which systematically reduces the size of the regression coefficients [23]. The objective function of Ridge regression is given in Equation (4), where a regularization parameter (λ) controls the extent of coefficient shrinkage and helps diminish the variance of the model’s predictions [24]. By minimizing the magnitude of the coefficients, this approach curbs the risk of overfitting and enhances the stability and interpretability of the model. In practice, these regularization methods enable researchers to extract clearer insights from complex datasets, ensuring that each predictor’s contribution is appropriately weighted.


      min   β     (     ∑  i = 1   n    ( y i − X i   β )   2   + λ   ∑  j 1   p      β   j   2   )      



(4)







In this equation, the parameter (λ) governs the strength of the penalty term. When (λ) is small, the results approximate those of ordinary least squares (OLS); conversely, a larger (λ) value induces a greater shrinkage of the regression coefficients, which is advantageous in handling multicollinearity [25]. Ridge regression, in particular, has proven to be highly effective in high-dimensional datasets where predictors exhibit strong correlations [26].



Lasso regression adopts an alternative regularization approach by incorporating the sum of the absolute values of the regression coefficients as a penalty term. This method not only reduces the magnitude of the coefficients but can also shrink some of them to exactly zero, thereby performing automatic variable selection. Consequently, the resulting model becomes simpler and more interpretable [27]. The objective function for Lasso regression is presented in Equation (3), where the penalty term imposes sparsity by favoring solutions with fewer non-zero coefficients [28,29].


      min   β         ∑  i = 1   n    ( y i − X i   β )   2   + λ   ∑  j = 1   p        β   j   2              



(5)







In this equation, β is regression coefficient, yi is dependent variable, Xi is vector of independent variables, n is number of observations, p is number of variables, λ is penalty coefficient, yi − Xiβ squared errors, βj is absolute value of the coefficients.



Elastic Net regression combines the strengths of both Ridge and Lasso regression, aiming to overcome the limitations encountered when each method is applied individually. By incorporating both λ1 and λ2 penalty terms, it encourages group selection and maintains stability even in the presence of high multicollinearity. The objective function to be minimized for Elastic Net is expressed as follows (Equation (6)).


      min   β         ∑  i = 1   n    ( y i − X i   β )   2   +   λ   1     ∑  j = 1   p        β   j     +   λ   2     ∑  j = 1   p      β   j   2              



(6)







Here, yi represents the dependent variable, while x{ij} denotes the independent variables. The parameter λ provides a balance between the λ1 and λ2 penalty terms [30,31].




2.3.3. Hyperparameter Optimization (GridSearchCV)


To determine the optimal values of the hyperparameters (e.g., λ and ρ) for the Ridge, Lasso, and Elastic Net models, the GridSearchCV method was employed. Each model was systematically scanned across predefined hyperparameter ranges (λ: 0.001, 0.01, 0.1, 1, 10; ρ: 0.2, 0.5, 0.8). The performance of each hyperparameter combination was evaluated using five-fold cross-validation (cv = 5) based on the negative mean squared error metric. This approach aimed to reduce the risk of overfitting and enhance model stability.




2.3.4. Model Validation and Performance Metrics


To evaluate the model’s generalizability, the dataset was divided into training (80%) and testing (20%) subsets. The training data facilitated the model’s learning process, while the test data allowed for the evaluation of model performance on previously unseen examples. Each model was retrained using the best-performing hyperparameter values on the training data.



To compare model performance, the Mean Squared Error (MSE, Equation (7)), Root Mean Squared Error (RMSE, Equation (8)), and the Coefficient of Determination (R2, Equation (9)) were calculated for both training and testing datasets. Additionally, the Residual Predictive Deviation (RPD, Equation (10)) metric was employed to assess the predictive performance of the models in relation to the natural variability of the dataset.


  M S E =   1 / n   x  ∑      y i −   y i  ^      2      



(7)






  R M S E =    ( 1 / n   x  ∑      y i −   y i  ^      2      )  



(8)






    R   2   = 1 −    ∑    y i   −       y i  ^      2   /  ∑      y i −   y i  ^      2          



(9)






  R P D = σ     y   t e s t     / R M S E  



(10)







In the equations above, yi denotes the actual values, ŷth the predicted values, and σ(y_test) represents the standard deviation of the test data.




2.3.5. Interpretation and Recording of Coefficients


Unlike conventional modeling efforts that prioritize only prediction accuracy, our methodology explicitly focuses on quantifying the agronomic significance of each soil parameter through model-derived coefficient analysis. The regression coefficients obtained from the trained models are crucial for quantitatively supporting expert opinions. In particular, the coefficients derived from Ridge, Lasso, and Elastic Net regressions objectively reveal the relative influence of each independent variable (EC, OM, pH, Zn, Fe) on the SFI score. Finally, the slope (coefficient) and intercept values for each model were recorded in a DataFrame for further analysis.





2.4. Statistical Analysis


Descriptive statistical measures, including mean, standard deviation, minimum, maximum, and interquartile range, were computed for all soil variables (EC, OM, pH, Zn, Fe) as well as the SFI, providing a comprehensive overview of central tendencies, variability, and distributional characteristics. To examine bivariate relationships, Pearson correlation coefficients were calculated, and the resulting correlation matrix enabled a quantitative evaluation of linear associations. All statistical computations and visualizations were performed using Python 3.9 (Python Software Foundation, Wilmington, DE, USA) with relevant packages from the Scikit-learn (version 1.2.2) library and Pandas library (version 2.0.3).





3. Results


3.1. Descriptive Statistics


The descriptive statistics (Table 2) reveal significant variability in soil parameters across sampling sites. Electrical conductivity exhibited moderate variability (mean = 5.39 dS/m; SD = 3.30), with extremes ranging from 1.33 dS/m (non-saline) to 15.71 dS/m (severely saline). Organic matter averaged 59.99 g/kg (SD = 15.13), indicating generally fertile soils, though localized hotspots (max = 97.13 g/kg) contrasted with lower values (min = 26.10 g/kg). Soil pH remained consistently alkaline (range = 7.54–8.19), with minimal spatial variability (SD = 0.13).



Micronutrient availability varied widely. Zinc concentrations were critically low (mean = 0.03 mg/kg), while Fe showed high variability (range = 0.35–248.97 mg/kg). The SFI scores indicated pH as the most stable fertility parameter (SFI pH = 0.76 ± 0.08), whereas Zn availability (SFI Zn = 0.22 ± 0.06) emerged as a critical limiting factor. OM consistently scored near-optimal (SFI OM = 0.99 ± 0.04), while EC-driven salinity stress (SFI EC = 0.60 ± 0.26) and Fe variability (SFI Fe = 0.49 ± 0.27) contributed to moderate overall soil fertility (SFI Score = 0.61 ± 0.07).



The correlation matrix (Figure 2) reveals complex interdependencies among soil properties and fertility indices. The EC demonstrates a strong negative correlation with SFI_EC (−0.90) and soil pH (−0.59), indicating that elevated salinity (high EC) is associated with reduced pH-adjusted fertility scores and alkaline conditions. EC also shows a moderate negative relationship with SFI_Total_Score (−0.53), underscoring the detrimental impact of salinity stress on overall soil fertility. Soil pH further exhibits a significant negative correlation with SFI_PH (−0.66), reflecting diminished nutrient availability under alkaline regimes. Micronutrients Zn and Fe display an exceptionally strong positive correlation (0.97), likely due to shared solubility controls (e.g., pH, redox dynamics) or co-sourced inputs, with both elements also positively linked to SFI_Zn (0.86 and 0.88, respectively), suggesting their bioavailability directly enhances Zn-specific fertility metrics. Soil OM content correlates moderately with SFI_OM (0.39), reinforcing its role in stabilizing nutrient retention. The SFI_Fe and SFI_Total_Score share a strong positive relationship (0.76), highlighting critical contribution of Fe to fertility assessments, while SFI_EC’s positive association with SFI_Total_Score (0.68) emphasizes the importance of salinity management in improving fertility outcomes. Contrasting trends emerge in the negative correlations between SFI_Fe and Zn/Fe (−0.57 and −0.53), suggesting potential antagonistic interactions or competing retention mechanisms in the soil matrix.



The correlation matrix reveals a significant negative trend between soil pH and several plant nutrients (Figure 3). Additionally, low to moderate positive correlations were observed between OM content and micronutrient concentrations. These observations highlight the multifaceted nature of nutrient dynamics in soil systems: while higher pH can limit micronutrient solubility, sufficient levels of OM have the potential to counterbalance these effects by facilitating nutrient mobilization and buffering against losses.



Potential linear and nonlinear relationships between selected pairs of variables are shown in Figure 4. These visualizations reveal that parameters such as EC, OM, pH, Zn, and Fe do not consistently exhibit strong linear correlations. Instead, multiple nuanced and complex interaction patterns emerge, indicating that soil properties are governed by multivariate relationships rather than simple pairwise associations. The interaction between EC and OM shows that a significant concentration of OM values occurs under low to moderate EC conditions. As OM content increases, EC values become more broadly distributed, suggesting that OM has a modulating but not singularly controlling effect on salinity levels. Soil pH remains relatively stable across the study area, ranging narrowly from 7.5 to 8.2. In contrast, EC varies widely, spanning from 1 to 16 dS/m. Although both parameters are known to interact in certain soil environments, the current data does not suggest a strong or consistent linear relationship between them.



In examining the relationship between Zn and EC, it is evident that Zn concentrations exhibit limited variation at low EC levels, generally remaining within the 0–0.10 mg/kg range. Even as EC increases, Zn concentrations do not rise proportionally, implying a weak or non-existent linear correlation between Zn availability and salinity. A more consistent pattern is observed between OM and Zn, where increasing OM content is associated with a gradual rise in Zn concentration. This trend highlights the potential role of OM in enhancing Zn mobility and bioavailability in soil. Another important pattern is the clustering of low Zn (0.00–0.05 mg/kg) and moderate Fe (0–50 mg/kg) concentrations within the higher pH range of 7.8 to 8.2. This suggests that rising pH levels are associated with reduced solubility and availability of these micronutrients, particularly in alkaline soil conditions.




3.2. Model Evaluation


In this study, Ridge, Lasso, and ElasticNet regression techniques were employed to quantify the influence of soil properties (EC, OM, pH) and micronutrient concentrations (Zn, Fe) on SFI scores. These regularization methods were selected not only to mitigate multicollinearity risks but also to identify robust predictors of soil fertility. The magnitude and significance of the regression coefficients derived from these models provide empirical validation for expert-driven assessments of variable importance, thus bridging domain knowledge with data-driven insights. In addition, error metrics such as RMSE and MAE were computed to evaluate predictive accuracy and ensure the models’ applicability for agronomic decision-making.



The results from the Ridge regression analysis indicate that all independent variables contributed to the prediction of the SFI, although each had relatively modest individual effects. The calculated β coefficients were as follows: EC = −0.009403, OM = −0.003393, pH = 0.005240, Zn = −0.006554, and Fe = −0.004987, with an intercept term of 0.617255 (see Equation (8)). Owing to Ridge regression’s nature of penalizing coefficient magnitude rather than excluding variables, every variable was retained in the model despite the relatively small coefficient values, which nonetheless suggest limited independent predictive power. The Lasso regression results, on the other hand, revealed significant predictive influence for EC (β = −0.021645) and Zn (β = −0.012754), while OM, pH, and Fe were excluded from the model as their coefficients were shrunk to zero. This sparsity-inducing property of Lasso regression simplifies the model by retaining only the most informative predictors [32]. Furthermore, the ElasticNet approach, which integrates regularization penalties from both Ridge and Lasso regression, demonstrated that while EC (β = −0.012621) and Zn (β = −0.004580) retained significant contributions to the model, OM, pH, and Fe exhibited near-zero or negligible coefficients, indicating their limited influence on SFI predictions. The final predictive equations derived from the three approaches were as follows (Equations (11)–(13)):


    S N I   R i d g e   = 0.617 − 0.010 × O M + 0.005 × p H − 0.018 × E C − 0.011 × Z n − 0.006 × F e ,  



(11)






    S N I   L a s s o   = 0.617 − 0.022 × E C − 0.013 × Z n ,  



(12)






    S N I   E l a s t i c N e t   = 0.617 − 0.013 × E C − 0.005 × Z n .  



(13)








3.3. Accuracy Assessment


Ridge, Lasso, and ElasticNet regression models were systematically evaluated to predict SFI scores using machine learning (Table 3). Hyperparameter tuning identified optimal configurations: Ridge regression achieved peak performance at a regularization strength (α) of 100, Lasso at α = 0.01, and ElasticNet at α = 0.10 with an l1 ratio of 0.2. Predictive performance on the test dataset revealed Lasso as the top performer, with an RMSE of 0.060, R2 of 0.746, and RPD of 1.152. Ridge ranked second (RMSE = 0.064, R2 = 0.632, RPD = 1.073), while ElasticNet yielded slightly lower accuracy (RMSE = 0.066, R2 = 0.684, RPD = 1.045).



Training dataset evaluations showed Lasso with the strongest fit (R2 = 0.885), followed by Ridge (R2 = 0.833) and ElasticNet (R2 = 0.781). The discrepancy between training and test R2 values was minimal for Lasso (0.885 vs. 0.746), whereas larger drops were observed for Ridge (0.833 vs. 0.632) and ElasticNet (0.781 vs. 0.684), indicating varying degrees of overfitting.




3.4. Model-Based Spatial Predictions


Figure 5 and Figure 6 presents the spatial distribution of SFI values based on observed data and predictions from three regularized linear regression models: Ridge, Lasso, and ElasticNet. The observed SFI scores exhibited a broad range (0.48–0.76), reflecting significant spatial heterogeneity in soil fertility across the study area. Higher values concentrated in the southern and southwestern zones, while lower values were prevalent in the northern and northeastern parts (Figure 5A). The Ridge model yielded predicted values ranging from 0.52 to 0.64, predominantly showing medium fertility scores throughout the region (Figure 5B).



While it captured broad spatial patterns, its predictions were smoother, underestimating both the highest and lowest SFI values seen in the observed dataset. Lasso demonstrated a better capacity to replicate spatial variation in SFI, particularly in distinguishing low-fertility zones in the north and higher scores in the southern part of the study area (Figure 6A). Predicted values spanned 0.52 to 0.64, aligning closely with the observed SFI map. The ElasticNet model produced predictions highly consistent with Lasso but demonstrated slightly improved delineation in transitional areas (Figure 6B), maintaining spatial heterogeneity without over-smoothing. All models consistently underestimated high SFI values (>0.69), failing to resolve localized nutrient-rich zones.



The Lasso model, which demonstrated superior statistical performance (RMSE = 0.060, R2 = 0.746), generated spatial predictions that closely mirrored the Ridge and ElasticNet outputs. This paradox highlights that while Lasso achieved higher numerical accuracy, its regularization-driven sparsity (retaining only EC and Zn as predictors) did not translate to distinct spatial differentiation compared to other models. Ridge regression ranked second (RMSE = 0.064, R2 = 0.632), and ElasticNet yielded slightly lower accuracy (RMSE = 0.066, R2 = 0.684). Training dataset evaluations revealed Lasso’s strong fit (R2 = 0.885) with minimal overfitting (test R2 = 0.746), whereas Ridge (R2 = 0.833 vs. 0.632) and ElasticNet (R2 = 0.781 vs. 0.684) exhibited larger training-test gaps.





4. Discussion


Slightly alkaline soil pH (6.5–8.0) is a critical determinant of nutrient bioavailability, especially micronutrients such as Fe, Zn, Mn, and Cu. In this range, nutrient solubility is highly sensitive to minor pH shifts, with alkaline conditions promoting precipitation or conversion of these elements into insoluble forms, thereby limiting plant uptake [33,34,35]. Electrical conductivity (EC) is another key electrochemical indicator, reflecting both salinity status and ionic nutrient mobility. While moderate EC levels may facilitate nutrient diffusion in the rhizosphere, elevated EC often signifies salinity stress, potentially linked to excessive irrigation, poor drainage, or inherent parent material composition. High salinity impairs osmotic potential and restricts nutrient assimilation, ultimately reducing crop yield [36,37]. While moderate EC can enhance ionic nutrient mobility, excessive salinity impairs osmotic balance and inhibits nutrient uptake, ultimately threatening crop yield [38].



Organic matter, by contrast, showed a relatively symmetrical spatial distribution in our dataset, interrupted by localized organic-rich patches. Such patterns likely stem from vegetative cover, crop residue accumulation, or targeted anthropogenic amendments. Increased OM enhances nutrient retention capacity, microbial biomass activity, and cation exchange capacity, particularly under no-tillage or organic management regimes [39]. These synergistic interactions between pH, OM, and EC suggest a multifactorial regulatory network governing soil fertility status. Therefore, integrated interpretation of these parameters is essential for designing precision soil management strategies that optimize nutrient use efficiency while sustaining long-term agricultural productivity.



4.1. Exploring Zinc and Iron Mobility Under the Influence of Alkaline pH and Organic Matter in Cultivated Soils


The observed right-skew in Zn and Fe concentrations may reflect localized accumulation processes influenced by variable fertilizer application rates, differing irrigation water quality, or historical land use practices. Particularly in peri-urban and intensively cultivated areas, cumulative agrochemical loading has been shown to induce these spatial anomalies [40,41]. Although soil heterogeneity driven by parent material and pedogenic processes contributes to this distribution, anthropogenic impacts remain dominant in cultivated regions [42].



The solubility and mobility of Zn and Fe are largely governed by soil pH, OM content, and redox potential. For instance, Fe precipitates under alkaline conditions, forming immobile oxides, especially under fluctuating moisture regimes. Similarly, availability of Zn is reduced at higher pH due to precipitation as carbonates or hydroxides [34,35]. These effects become more pronounced when irregular fertilizer application interacts with soil buffering capacity and microbial dynamics, necessitating integrated nutrient management [43].



The heatmap patterns reveal the complex, nonlinear nature of soil interactions. Weak linear correlations among EC, OM, pH, Zn, and Fe indicate that single-variable regressions are insufficient to capture soil behavior. The broad EC range observed in high-OM areas, under relatively stable pH, suggests a multifactorial influence involving soil texture, irrigation quality, and drainage performance, previously identified as key EC modulators [44].



While alkaline pH is commonly linked with increased salinity and sodium-induced stress due to disrupted ionic balance, emerging evidence indicates that this relationship is not universally consistent. Recent studies have shown that the interplay between soil pH, salinity, and nutrient availability is modulated by complex biogeochemical interactions rather than direct pH-EC correlation [45]. Our dataset similarly revealed no significant correlation between pH and EC, highlighting the importance of assessing salinity within a broader matrix of soil physical and chemical properties. Additionally, Zn concentrations did not proportionally increase with higher EC values, consistent with findings that Zn availability in saline–alkaline soils is more strongly governed by pH-induced solubility and ion competition than by salinity alone [46].



Organic matter plays a context-dependent but substantial role in soil fertility. OM can lower pH through the release of organic acids and facilitate micronutrient solubility by forming stable chelates with Zn2+ and Fe3+, enhancing their mobility and bioavailability [47,48]. This chelation mechanism becomes especially crucial in calcareous and alkaline soils, where Zn and Fe are prone to forming insoluble compounds. Recent studies have confirmed that humic acid-enriched organic amendments can improve micronutrient uptake and yield in crops grown in high-pH soils [49]. The positive association between OM and Zn in our data aligns with previous findings that OM additions reduce Zn sorption by up to 40% in alkaline soils [50]. Furthermore, field research continues to support the positive correlation between OM and Zn uptake in cereals like wheat and maize [51]. These insights affirm the importance of OM not only as a structural component but as a biochemical mediator of nutrient dynamics.



The co-occurrence of low Zn and moderate Fe levels at higher pH reinforces the susceptibility of micronutrient solubility to alkaline conditions. Classic studies [19,52] remain relevant in explaining how elevated pH favors the formation of insoluble Zn and Fe complexes. However, modern research emphasizes the interaction of pH with OM, redox state, and soil microbial activity as equally critical factors shaping micronutrient availability in semi-arid and calcareous systems [48,49].



The observed interactions between EC, pH, OM, and micronutrients align with established principles of soil fertility in agricultural systems. Elevated EC is widely documented to reduce crop yield by restricting water uptake and nutrient mobility, especially in semi-arid environments [53]. Our findings support this, showing strong negative correlations between EC and SFI_Total_Score. Similarly, alkaline pH impairs the availability of key micronutrients such as Zn and Fe [50], which explains the negative correlation trends between soil pH and SFI_Zn/Fe. In contrast, OM acts as a stabilizer of soil fertility by enhancing cation exchange, buffering pH, and forming complexes with metal ions [54]. The strong positive correlations observed between OM and SFI_OM, as well as between micronutrients and their SFI scores, support their use as diagnostic indicators of soil quality. These relationships are supported by findings from Bünemann et al. [55], who emphasize that nutrient availability and retention processes, modulated by pH, organic matter, and salinity, are fundamental to soil function and productivity assessments. Therefore, the inclusion of these indicators in our modeling framework is not only statistically relevant but also agronomically grounded, reflecting processes that govern soil productivity in intensively cultivated regions.




4.2. Data-Driven Identification of Critical Soil Fertility Drivers Using Regularized Regression Models


The negative coefficients for EC and Zn observed in the Ridge regression analysis are consistent with agronomic understanding of how elevated salinity and excessive micronutrient levels can inhibit plant nutrient uptake. High soil EC reflects salinity stress, which compromises osmotic balance and root membrane function, thereby reducing the efficiency of ion absorption and nutrient transport. Recent studies confirm that elevated salinity leads to reduced nutrient use efficiency due to disrupted soil–plant nutrient dynamics and increased physiological stress [56,57].



The positive coefficient associated with soil pH reaffirms its essential role in governing micronutrient availability, especially in alkaline soils where solubility dynamics are highly pH sensitive. Micronutrients such as Fe and Zn tend to form insoluble compounds at elevated pH, making them inaccessible to plants. Empirical relationships derived from regularized regression models reinforce the need for multivariate frameworks to capture these interactive and often nonlinear dynamics. Moreover, excess Zn may competitively inhibit the uptake of other micronutrients like Fe and Mn due to ionic competition at the root interface and altered cation exchange dynamics. These interactions are increasingly recognized as major contributors to nutrient imbalance and suboptimal crop growth, as corroborated by Kumar et al. [58] and supported by recent empirical evidence [59].



In the Lasso regression model, EC and Zn emerged as the only retained variables (EC, β = −0.021645; Zn, β = −0.012754), while OM, pH, and Fe were excluded due to their low explanatory contributions. This selective feature retention reflects the model’s capacity to isolate high-influence predictors, suggesting that EC and Zn are dominant fertility drivers under the specific physiochemical context of the study. Feng et al. [60] similarly demonstrated the robustness of EC and Zn as explanatory variables in soil nutrient transport models across diverse edaphic conditions.



The consistent prominence of EC and Zn across Ridge, Lasso, and ElasticNet models suggests that these variables play central roles in nutrient mobility, root uptake efficiency, and micronutrient homeostasis. EC’s negative effect is particularly notable in saline-prone zones where osmotic and ionic stress constrains root functionality, reducing the uptake of essential elements. Simultaneously, Zn’s dual role, as a nutrient and an antagonist, shows its delicate balance in soil systems. Excess Zn not only disrupts cationic balance but also exacerbates deficiencies in co-regulated nutrients like Fe and Mn, particularly in soils with low buffering capacity [57].



These results align with agronomic understanding that EC and Zn reflect critical constraints in irrigated alkaline soils. To further contextualize their inclusion in fertility modeling, it is essential to consider the broader roles of macro- and micronutrients in defining soil health. A meaningful SFI must capture the integrative effects of both macro- and micronutrients, as they jointly regulate plant health, productivity, and long-term soil function. Macronutrients such as nitrogen, phosphorus, and potassium govern vegetative and reproductive growth, while micronutrients, including An and Fe, play pivotal roles in enzymatic activity, chlorophyll formation, and hormonal balance. Importantly, deficiencies in micronutrients often occur despite adequate macronutrient supply and can lead to “hidden hunger” in plants [61]. The inclusion of DTPA-extractable Zn and Fe in our SFI framework is supported by findings from Kaur et al. [62], who reported strong correlations between micronutrient availability and soil pH, EC, and OM in Himalayan soils. Additionally, Athokpam et al. [63], demonstrated that micronutrient concentrations are often influenced by OM content and salinity, reinforcing the logic behind selecting pH, EC, and OM as explanatory variables. Recognizing these interactions enhances our index’s ability to reflect latent fertility constraints, particularly in semi-arid alkaline soils where Zn and Fe deficiencies are prevalent. Thus, this multidimensional approach bridges chemical, biological, and management-driven processes, and supports site-specific fertility assessment beyond a purely yield-focused framework.



ElasticNet, combining the strengths of Ridge and Lasso, confirmed this trend by assigning substantial weights to EC and Zn while minimizing the influence of OM, Fe, and pH. The approach effectively balanced sparsity with collinearity management, but its marginally lower predictive performance suggests that Lasso’s selective simplicity may offer greater utility for applied agronomy, particularly in digital soil fertility mapping contexts. This pattern mirrors findings from Swaminathan et al. [64], who noted Lasso’s practical superiority in filtering relevant predictors from high-dimensional soil datasets.



Lasso’s superior performance, reflected in a low training-test R2 gap, shows its generalization strength, avoiding overfitting through its capacity to suppress noise variables. In contrast, Ridge regression, with a high regularization parameter (α = 100), favored parameter shrinkage over feature selection, which may lead to underfitting in complex agronomic systems. The ElasticNet’s intermediate L1 ratio (0.2) produced smoother parameter gradients but failed to surpass Lasso in predictive accuracy, likely due to the overwhelming influence of dominant features that benefited more from sparse selection than coefficient smoothing.



Together, these results suggest that Lasso is best suited for scenarios requiring both model interpretability and actionable agronomic insights. It enables precise identification of key fertility constraints, offering a pathway for targeted nutrient interventions. Future work should explore hybrid ensemble models or kernel-based methods (e.g., SVM, XGBoost 2.1.1) to capture potential nonlinearities and spatial heterogeneity without sacrificing generalizability.




4.3. Trade-Offs in Regularization, Spatial Realism, and Practical Implications for Soil Fertility Modeling


The spatial prediction maps and model diagnostics reveal key contrasts in how different regularization methods address the heterogeneity of soil fertility across landscapes. The L2 distributed coefficient weights evenly, yielding smoothed, generalized predictions that favor model stability but suppress fine-scale variability, an issue particularly limiting for precision agriculture [65]. This trade-off reduces variance but often underrepresents nutrient hotspots critical for site-specific management.



Conversely, L1 regularization enhanced model interpretability and spatial differentiation by selecting a sparse set of predictors, primarily EC and Zn in this study. Its capacity to minimize overfitting, evidenced by a narrow training–test R2 gap, is advantageous for generalization. However, this sparsity came at the cost of excluding variables like OM and pH, which are known to modulate micronutrient mobility and retention, especially under alkaline conditions [34]. The omission of such variables likely contributed to homogenized predictions in microsites enriched in organic matter.



ElasticNet, which combines L1 and L2 penalties, offered a more balanced performance. While it retained multiple predictors, including OM and pH (albeit with low-weight coefficients), it delivered smoother spatial transitions between fertility zones, beneficial for preventing over-segmentation in zonal management [66]. This reflects a nuanced balance between variable selection and coefficient shrinkage, supporting gradual nutrient interpolation and avoiding abrupt classification changes across field boundaries.



The observed convergence of predicted SFI values across models, particularly in moderate fertility classes, indicates the dominant roles of EC and Zn as fertility drivers in the region. However, regularization techniques systematically attenuated extreme SFI values (>0.69), aligning with the right-skewed distributions of Zn and Fe. This highlights a broader limitation: regularization penalizes outlier-driven patterns, potentially masking fertility hotspots that are agronomically significant [58].



In practical terms, Lasso stands out for its simplicity and robust predictive capacity, making it well-suited for operational digital soil mapping. Yet, in contexts requiring gradient-based recommendations, such as variable-rate fertilization or land use zoning, ElasticNet’s continuous spatial rendering may offer superior agronomic value. Future research should explore hybrid frameworks integrating domain-specific rules (e.g., OM-pH interactions) or federated learning systems to maintain interpretability while capturing fine-grained spatial variability [67].



To complement these modeling insights, the spatial patterns illustrated in Figure 5 and Figure 6. offer additional implications for interpreting local fertility constraints and targeting site-specific management. The spatial distribution maps presented in Figure 5 reveal key patterns in observed and predicted SFI values across the Batman Plain. The southern and southeastern zones consistently appear as lower fertility areas across both observed and modeled maps. These regions correspond with higher EC and reduced Zn concentrations, two factors known to limit nutrient uptake in semi-arid alkaline soils [68,69,70]. In contrast, central and northeastern subregions demonstrate moderately high fertility scores, likely supported by more favorable OM content and lower salinity stress.



The predictive maps generated by Ridge, Lasso, and Elastic Net regressions follow the general spatial trend of the observed SFI but differ in the intensity and sharpness of contour transitions. Elastic Net and Lasso, in particular, better capture spatial smoothing and localized variability, aligning with their superior test performance and lower RMSE. These models offer strong potential for spatial diagnostics, especially when used in conjunction with observed soil constraints.



From a management perspective, the discrete fertility zones revealed in these maps provide a practical foundation for site-specific nutrient interventions, enabling more efficient targeting of amendments and conservation practices [71]. The ability to spatially delineate areas of suboptimal fertility supports the development of variable-rate fertilization plans, reducing input costs and environmental risks while improving productivity.



The use of regularized regression in this study represents an intermediate step toward more advanced artificial intelligence (AI)-based modeling in soil fertility diagnostics. These interpretable machine learning models (Ridge, Lasso, and Elastic Net) serve as robust tools capable of balancing model accuracy with agronomic interpretability. Their performance in capturing critical drivers of fertility (e.g., EC and Zn) underscores their value in early-stage digital agriculture applications. Looking ahead, the future of AI in soil fertility modeling lies in the integration of large-scale, multi-temporal data (e.g., remote sensing, crop yield sensors) with nonlinear modeling frameworks such as random forests, support vector machines, or deep neural networks [6,60]. These models could offer real-time diagnostics and adaptively update recommendations based on observed crop responses. While this study did not benchmark against traditional statistical models, the chosen regularized methods already extend classical regression by addressing multicollinearity and variable sparsity. Future research should incorporate side-by-side evaluations to quantify the added value of AI models over conventional approaches in real-world agronomic decision-making.



Comparative research in Mediterranean and similar semi-arid regions increasingly applies interpretable and high-performing machine learning to soil quality modeling. For instance, Mohammed et al. [72] used Recursive Feature Elimination and SHAP-enhanced Nu-Support Vector Regression and other ML models to pinpoint cation exchange capacity, Ca2+, Mg2+, and Na+ as key predictors of sodium adsorption ratio in the eastern Mediterranean. Further, Mohamed et al. [73] combined embedded Lasso regression with multisource remote sensing to enhance salinity mapping in arid Egypt; Mohammadifar et al. [74] merged deep learning with SHAP to reveal climatic and textural controls on salinity in southern Iran. Nutrient-focused studies such as Bouslihim et al. [75] in Morocco and Khosravani et al. [76] in Iran used feature-selected Random Forests for transparent, accurate soil fertility and aggregate stability maps. Regionally, Ozturk et al. [77] demonstrated that a stacked Multi-Layer Perceptron (MLP) meta-model outperformed kriging in mapping soil pH and EC; Abakay et al. [78] achieved superior particle size predictions using Boruta-selected covariates with XGBoost in southeastern Turkey; and Gunal et al. [79] reported that MLP-ANN and Support Vector Regression pH maps were up to 55% more accurate than ordinary kriging under limited covariate conditions. Together, these studies underscore how feature selection, model stacking, and explainable algorithms can outperform traditional approaches while maintaining agronomic interpretability. Our study builds on this foundation by showing that, in semi-arid alkaline soils, EC and Zn consistently emerge as dominant predictors of a composite fertility index, reinforcing their relevance for targeted management in data-scarce environments.





5. Conclusions


This study presents an interpretable framework for evaluating soil fertility using Ridge, Lasso, and ElasticNet regression models. These techniques reliably predicted Soil Fertility Index (SFI) scores using key indicators such as EC, OM, pH, Zn, and Fe, while also enabled transparent evaluation of variable importance, reinforcing the link between empirical data and expert knowledge. Lasso regression identified EC and Zn as primary predictors, aligning with known salinity and micronutrient dynamics in semi-arid soils. Ridge and ElasticNet added interpretive nuance by retaining context specific variables like OM and pH.



Despite moderate R2 values (0.632–0.746), the models performed well given the limited predictors and complexity of the SFI. Lasso achieved low RMSE (0.060) with minimal overfitting, supporting its use in data-scarce environments. Importantly, EC-related salinity stress may involve nonlinear effects not fully captured here, and model outputs may smooth out subtle spatial features or outliers. These caveats suggest future studies should explore hybrid approaches to enhance resolution and robustness.



While spatial maps smooth extreme values, they still show meaningful fertility gradients that support more efficient nutrient management. The findings reaffirm established chemical relationships, such as the inverse link between pH and micronutrient solubility, and the positive role of organic matter in enhancing micronutrient retention. Although regularized regressions addressed multicollinearity and overfitting effectively, they may underrepresent localized soil anomalies or nonlinear salinity responses. Future studies could adopt hybrid models to improve prediction robustness. This research advances digital soil mapping in data-sparse environments by combining predictive modeling with agronomic interpretability.
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Figure 1. Location of study area and sampling points. Created in ArcGIS 10.8 (Esri, Redlands, CA, USA) using Google Satellite Hybrid Map. 
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Figure 2. Flowchart of Soil Fertility Index (SFI) Modeling Framework. 






Figure 2. Flowchart of Soil Fertility Index (SFI) Modeling Framework.



[image: Sustainability 17 07547 g002]







[image: Sustainability 17 07547 g003] 





Figure 3. Correlation Patterns Among Soil Properties. 
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Figure 4. Bivariate Distribution of Soil Properties. Each × symbol marks one data point (individual soil sample) for the corresponding variable pair. 
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Figure 5. Comparison of observed and predicted SFI scores across regression models. The contour plots illustrate (A) actual SFI distribution and (B) Ridge predictions. 
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Figure 6. Comparison of observed and predicted SFI scores across regression models. The contour plots illustrate (A) Lasso and (B) ElasticNet predictions. 
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Table 1. Soil Parameter Rating Scales and Assigned Values (adapted from Steven Merumba et al. [21]).
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	Parameter
	1
	0.8
	0.5
	0.2
	0





	pH
	6.5–7.5
	7.4–8.5
	5.5–6.4
	4.5–5.4
	<4.5 or >8.5



	EC (dS m−1)
	0–2
	2.1–4
	4.1–6
	6.1–8
	>8



	OM (g kg−1)
	>30
	20.1–30
	10.1–20
	5.1–10
	0–5



	Zn (mg kg−1)
	0.71–2.41
	2.4–8.0
	0.2–0.7
	>8
	<0.2



	Fe (mg kg−1)
	2.1–4.5
	1.1–2.0
	0.2–1.0
	>4.5
	<0.2







Notes: EC, Electrical Conductivity; OM, Organic Matter; Zn, Available Zinc; Fe, Available Iron.













 





Table 2. Descriptive statistics of the data.
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Variable

	
Unit

	
Mean

	
Std Dev

	
Minimum

	
1.Quartile

	
Median

	
3.Quartile

	
Maximum






	
EC

	
dS/m

	
5.39

	
3.30

	
1.33

	
3.22

	
4.47

	
6.20

	
15.71




	
Organic Matter

	
g/kg

	
59.99

	
15.13

	
26.10

	
49.53

	
61.47

	
68.98

	
97.13




	
pH

	

	
7.90

	
0.13

	
7.54

	
7.81

	
7.92

	
7.99

	
8.19




	
Zn

	
mg/kg

	
0.03

	
0.04

	
0.00

	
0.01

	
0.02

	
0.04

	
0.25




	
Fe

	
27.22

	
39.62

	
0.35

	
6.13

	
13.79

	
31.73

	
248.97




	
SFI pH

	
0.76

	
0.08

	
0.60

	
0.80

	
0.80

	
0.80

	
0.80




	
SFI EC

	
0.60

	
0.26

	
0.20

	
0.40

	
0.60

	
0.80

	
1.00




	
SFI OM

	
0.99

	
0.04

	
0.80

	
1.00

	
1.00

	
1.00

	
1.00




	
SFI Zn

	
0.22

	
0.06

	
0.20

	
0.20

	
0.20

	
0.20

	
0.60




	
SFI Fe

	
0.49

	
0.27

	
0.20

	
0.20

	
0.50

	
0.80

	
1.00




	
SFI Score

	
0.61

	
0.07

	
0.48

	
0.56

	
0.60

	
0.68

	
0.76








Notes: EC, Electrical Conductivity; Zn, Available Zinc; Fe, Available Iron; SFI pH, Soil Fertility Index pH; SFI EC, Soil Fertility Index Electrical Conductivity; SFI OM, Soil Fertility Index Organic Matter; SFI Zn, Soil Fertility Index Available Zinc; SFI Fe, Soil Fertility Index Available Iron; SFI Score, Soil Fertility Index Score.













 





Table 3. Hyperparameters and Validation Metrics for Ridge, Lasso, and ElasticNet Regression Models.
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	Model
	Ridge
	Lasso
	ElasticNet





	Best Alpha
	100
	0.01
	0.1



	l1 ratio
	
	
	0.2



	MSE Train
	0.00
	0.00
	0.00



	RMSE Train
	0.06
	0.06
	0.06



	R2 Train
	0.83
	0.89
	0.78



	MSE Test
	0.00
	0.00
	0.00



	RMSE Test
	0.06
	0.06
	0.07



	R2 Test
	0.63
	0.75
	0.68



	RPD Test
	1.07
	1.15
	1.04







Notes: MSE, Mean Square Error; RMSE, Root Mean Squared Error; R2,the coefficient of determination; RPD, Residual Predictive Deviation.
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