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Abstract

Wheat productivity is greatly influenced by soil nutrient variability, espe-
cially in areas with agroclimatic diversity like Jammu. The study analyzed
a comprehensive dataset comprising 5,196 soil samples and corresponding
wheat yield records from the districts of Jammu, Rajouri, and Kathua in
Jammu region. This work predicted wheat yield from soil factors using
machine learning (ML) models. The ML models used include Random For-
est, Gradient Boosting, Support Vector Regression, and Decision Trees, in
conjunction with embedded and wrapper-based feature selection methods.
The soil variables analyzed in this study included pH, EC, OC, N, P, K,
S, Cu, Zn, Mn, and Fe. Among the tested machine learning models, Ran-
dom Forest yielded the highest predictive accuracy, with RMSE = 2.6570,
MAE = 2.1578, and MAPE = 44.87%. Recursive Feature Elimination identi-
fied an optimal subset of 10 soil predictors, with S, Mn, Zn, and EC emerging
as the most influential variables for wheat yield estimation. In all models,
sulfur (S), manganese (Mn), electrical conductivity (EC), and zinc (Zn) were
consistently found to be the most significant predictors. In comparison to
other models, Random Forest and Support Vector Machines generated more
reliable and broadly applicable predictions, according to stability study using
k-fold cross-validation. The study highlights the effectiveness of machine
learning techniques, particularly Random Forest, in predicting wheat yield
from soil parameters. The consistent importance of micronutrients like S,
Mn, and Zn underscores the need for micronutrient-focused soil manage-
ment strategies. These findings demonstrate the usefulness of data-driven
approaches in heterogeneous soil and climatic conditions.

Keywords: Wheat yield, soil parameters, machine learning, feature selec-
tion, random forest.

1 Introduction

Wheat (Triticum spp.) is one of the world’s most important staple crops,
accounting for nearly 29% of the global cereal cultivation area and con-
tributing approximately 18% of global caloric intake and 19% of global
protein intake (Kruseman et al., 2025). Wheat is essential to food security
and rural livelihoods in India. Over 75,000 hectares of wheat are grown in
the Jammu division of the Union Territory of Jammu and Kashmir, making
it a crucial region even though the country’s output is dominated by large
wheat-producing states like Punjab, Haryana, and Uttar Pradesh. This area,
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which has temperate and sub-temperate agroclimatic zones, has particular
problems, such as water stress, fragmented landholdings, and depletion of
soil nutrients. These difficulties frequently result in wheat yields that are
below ideal and vary geographically; at the moment, they range from 24 to
27 quintals per hectare (Anonymous, 2025).

Soil health is a foundational pillar of sustainable agriculture, directly
influencing root development, nutrient availability, and microbial activity.
Macronutrients such as nitrogen (N), phosphorus (P), and potassium (K),
along with secondary and micronutrients like sulfur (S), manganese (Mn),
zinc (Zn), and iron (Fe), play vital physiological roles in plant growth, grain
filling, and protein synthesis (Fageria et al., 2002). However, the complex,
non-linear, and interaction effects of these variables on crop output are fre-
quently not captured by conventional yield estimation models, which usually
make use of linear assumptions. This is especially true in regions with a
variety of soil and climate patterns.

Recent advancements in machine learning (ML) have significantly
improved agricultural prediction by enabling models to learn complex and
nonlinear relationships among soil properties and crop yield. Several recent
studies (Khaki et al., 2020; Pathak et al., 2022; Singh et al., 2023; Raza et al.,
2024) have demonstrated the effectiveness of ML algorithms in enhancing
yield forecasting accuracy and soil fertility assessment. Ensemble meth-
ods such as Random Forest (RF) and Gradient Boosting (GB), as well as
Support Vector Machines (SVM), have demonstrated robust performance
in predictive agriculture, especially when coupled with feature selection
algorithms (Chlingaryan et al., 2018; Khaki and Wang, 2019). Feature
selection remains crucial in such models, particularly when handling high-
dimensional soil datasets with multicollinearity, as it helps improve model
accuracy, interpretability, and generalizability (Guyon and Elisseeff, 2003).
However, despite this progress, limited research has focused specifically on
soil nutrient–based wheat yield modeling for the Jammu region, where spatial
variability in soil fertility and micronutrient deficiencies strongly influence
wheat productivity. The novelty of the present study lies in integrating
two complementary feature selection approaches – embedded and wrapper
methods – with four widely used ML models (Random Forest, Support
Vector Machine, Gradient Boosting, and Decision Tree) to identify the most
influential soil nutrient predictors of wheat yield. Furthermore, the study
utilizes a large dataset of 5,196 soil samples collected from diverse wheat-
growing areas of the Jammu region, providing a robust and data-driven
framework for improving yield prediction and supporting location-specific
nutrient management strategies.



218 Afshan Tabassum et al.

Although ML-based yield prediction has been the subject of many studies
worldwide, very few have concentrated on soil nutrient-based modeling in
the northern hilly and semi-hilly regions of India. In order to close this
gap, the current work uses specific soil nutrient characteristics to apply and
compare machine learning models to forecast wheat output in the Jammu
region. Specifically, the objectives are: (i) To evaluate the performance of
different machine learning models for wheat yield prediction based on soil
data, and(ii) To identify key soil parameters influencing yield using embedded
and wrapper-based feature selection techniques.

2 Materials and Methods

The study’s dataset consists of secondary data on wheat production and soil
fertility that were gathered from the records of the Department of Agriculture,
Jammu & Kashmir’s Soil Testing Laboratory, Directorate of Agriculture,
Talab Tillo, Jammu. Data have been collected for major wheat-growing
regions of the Jammu region, including the districts of Jammu (Latitude:
32.7266◦N and Longitude: 74.8570◦E), Rajouri (Latitude: 33.3753◦N and
Longitude: 74.3047◦E), and Kathua (Latitude: 32.3700◦N and Longitude:
75.5200◦E), under Model Village Programme 2019–2020 (Figure 1).

The legend values in Figure 1 represent the high and low elevation
levels of each district. ‘High’ and ‘Low’ denote the maximum and minimum
elevation altitudes observed within Jammu, Rajouri, and Kathua districts,
respectively, which may influence soil characteristics and wheat yield.
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Figure 1 Location map of study area.
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The study’s dataset includes 5,196 soil samples that were taken from the
districts of Jammu, Rajouri, and Kathua in the Jammu region. The samples
included measurements of pH(A measure of the acidity or alkalinity of
soil), EC(Indicates the salinity level of the soil), OC(organic matter con-
tent), N(Nitrogen), P(Phosphorus), K(Potassium), S(Sulphur), and Zn(zinc),
Fe(Iron), Cu(copper), and Mn(Manganese) as it represents natural fluctua-
tions in soil fertility and covers a wide range of agro-ecological variables
within the chosen districts, the data appropriate for machine learning-based
modeling. These soil factors are included in each sample and are known to
affect wheat yield. These parameters are used as input features for predicting
the yield of wheat. This comprehensive data were randomly split into training
(80%) and testing (20%) sets using stratified sampling to maintain regional
proportions. All model results, including RMSE, MAE, and MAPE, were
based on predictions made on the test set and preprocessed for use in training
and evaluating various machine learning models, with the aim of predicting
wheat yield based on soil fertility status across the Jammu region.

To ensure model accuracy and consistency, statistical techniques like
Missing Value Imputation was applied where missing values in the dataset
were handled using median imputation, implemented using the prePro-
cess() function from the caret package in R.4.4.2; Factor Handling: where
non-numeric variables were appropriately encoded then Recursive Feature
Elimination (RFE) with cross-validation was used to identify the most
influential variables contributing to wheat yield. The Random Forest-based
(RFB) method was used to rank the features based on their predictive
importance. While tree-based algorithms (Random Forest, Decision Trees,
Gradient Boosting) are generally insensitive to the scale of input features
and therefore usually do not require normalization, we applied normal-
ization/standardization selectively for algorithms that rely on distance or
gradient-based optimization (for example, Support Vector Regression). This
ensured fair comparison across models and avoided introducing scale-related
bias in models that require scaled inputs.

Machine Learning Models:

The four supervised machine learning techniques were chosen because of
their solid theoretical underpinnings, capacity to manage high-dimensional
and non-linear data, and proven track record of performance in research
predicting agricultural output as in our case wheat.

a. Random Forest (RF): Breiman (2001) first proposed Random Forest
(RF) method, an ensemble learning method that combines predictions
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from several decision trees to improve robustness and lessen overfitting.
Because RF can capture non-linear interactions between soil, climate,
and crop variables, it has been frequently used in the agricultural
environment. Notably, Khaki and Wang (2019) used high-dimensional
remote sensing and soil datasets to apply RF for wheat yield predic-
tion, showcasing its excellent accuracy and interpretability. To ensure
stability, RF was implemented in this study using 500 trees and the
randomForest package in R.4.4.2. RFE was also used to incorporate it
into feature selection, identifying the key soil characteristics influencing
wheat yield.

b. Support Vector Machine (SVM): The Support Vector Machine
(SVM), a kernel-based technique developed by Vapnik(1995), which
can simulate intricate, non-linear interactions. Since SVM for Support
Vector Regression (SVR) fits a function within a given margin, it is
resistant to limited datasets and outliers, which are both frequent in
regional agronomic research. Applying SVM to wheat, Tao et al. (2017)
achieved high predicted accuracy by connecting wheat yield responses
to climate variables throughout northern China. Moreover, Lamorski
et al. (2008) showed how effective it is at simulating soil water retention,
a crucial crop modeling component. This study used the e1071 package
in R to implement SVM with a radial basis function (RBF) kernel. Its
performance was competitive, notwithstanding the need for parameter
adjustment, particularly when it came to capturing localized, non-linear
soil-yield correlations.

c. Gradient Boosting Machine (GBM): Friedman (2001) defined GBM,
which constructs a sequence of decision trees in which each tree fixes
the mistakes of the one before it. Because of its great accuracy and
adaptability, GBM has grown in popularity in agricultural prediction
applications. Khaki et al. (2020) demonstrated GBM’s flexibility to
geographical variability by modeling wheat yield across several agro-
ecological zones in the United States using it in combination with
environmental and soil data. The gbm package in R was used to build
GBM for this work, and cross-validation was used to optimize the tuning
parameters (learning rate and number of trees). The significance of fea-
tures was also evaluated using GBM, with a focus on sulfur, manganese,
and electrical conductivity as important soil factors that affect yield.

d. Decision Tree (DT): One of the first supervised learning techniques,
Decision Tree (DT) models were first presented by Quinlan (1986) by
recursively splitting input features. DT’s are straightforward and easy
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to understand, but they might overfit, particularly when working with
complicated datasets. These are still useful, though, for baseline compar-
isons and preliminary modeling. Misra et al. (2016) employed DT’s in
their wheat research to forecast wheat production under various fertilizer
treatments and discovered that the model was helpful in determining
nutrient thresholds. The “anova” approach for regression problems was
used in the current work to implement DTs using the R rpart package.
DTs shed light on the hierarchical nature of variable influence, albeit
having somewhat greater error rates.

The machine learning models used in this study were selected based on their
ability to capture the complex, nonlinear, and multivariate relationships that
typically exist between soil nutrient parameters and wheat yield. Random
Forest, Gradient Boosting, and Decision Tree models were chosen because
they can effectively handle high-dimensional data, multicollinearity, and
variable interactions while providing built-in feature importance measures.
Support Vector Regression (SVR) was included due to its strong performance
in modeling continuous outcomes and its capability to address nonlinear
patterns through kernel functions. The feature selection approaches were
also intentionally chosen: embedded methods were used to obtain importance
rankings directly from tree-based models, whereas Recursive Feature Elimi-
nation (RFE), a wrapper method, was applied to iteratively identify the most
influential soil nutrients. Together, these techniques provide a comprehensive
and reliable framework for selecting relevant predictors and improving the
accuracy of soil-based wheat yield estimation.

When combined, these models allowed for a comparative analysis of
machine learning approaches for estimating soil-based yield. In addition to
increasing accuracy, their incorporation with feature selection approaches
made it clearer which soil minerals were agronomically significant, providing
useful information for precision farming in the Jammu area.

2.1 Feature Selection Techniques

Feature selection is essential for improving model accuracy and interpretabil-
ity, especially in high-dimensional agronomic datasets. This study employed
two well-established approaches:

i. Embedded Methods-(Model-Based Feature Importance): This
method integrates feature selection into model training by calculat-
ing importance scores from the internal structure of algorithms such
as Random Forest and Gradient Boosting. These approaches were
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first formalized using ensemble techniques (Breiman, 2001; Friedman,
2001), and they have shown promise in problems involving agricultural
prediction. To be more precise, Khaki and Wang (2019) employed Ran-
dom Forest and Gradient Boosting to determine which environmental
and soil factors had the greatest impact on wheat production under
various growth circumstances. To rank nutritional variables influencing
wheat yield under Indian agroclimatic conditions, Pathak et al. (2022)
used Random Forest-based feature importance. Sulfur, manganese, zinc,
and electrical conductivity were consistently identified by embedded
approaches as important predictors of wheat production in the current
investigation.

ii. Wrapper Method (RFE): This method train models and measure per-
formance metrics like RMSE to iteratively evaluate subsets of features.
Since its initial proposal by Guyon et al. (2002), RFE has been used
in a number of agronomic settings. Raza et al. (2022) used RFE to
improve input factors in the prediction of wheat yield using remote
sensing indices and support vector regression. To filter important physic-
ochemical soil characteristics influencing wheat production in northern
India, Misra and Srivastava (2021) employed wrapper approaches.

Finally in order to measure the performance of proposed machine learning
models the following criteria are used:

Root Mean Square Error (RMSE): The average squared difference
between expected and actual data is measured by the root mean square error,
or RMSE. A lower RMSE is a sign of improved model performance. It
penalizes big mistakes more severely than minor ones.

RMSE =

√√√√ n∑
i=1

(yi − ŷi)2

/
n;

Where, n is the total number of observations, yi is the actual observation, ŷi
the predicted value and ȳ is the mean of observed value.

Mean Absolute Error (MAE): The average of the absolute deviations
between expected and actual values is determined by MAE. All errors,
regardless of direction, are given identical weight. Improved accuracy is
indicated by a lower MAE.

MAE =
1

n

n∑
i=1

|yi − ŷi|
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where, n is the total number of observations, yi is the actual observation, ŷi
the predicted value and ȳ is the mean of observed value.

Mean Absolute Percentage Error (MAPE): The prediction error is
expressed as a percentage of the actual values using MAPE. It is beneficial for
evaluating model performance on various scales. A lower MAPE indicates a
more accurate prediction.

MAPE =
1

n

n∑
i=1

∣∣∣∣yi−ŷi

yi

∣∣∣∣× 100

where yi is the actual value and ŷi is the forecast value.

3 Results

The soil nutrient profile showed notable spatial variability across the three
districts, with clear differences observed in macronutrients (N, P, K), Organic
Carbon, and key micronutrients such as Zn, Mn, and S (Figures 2, 3 and 4).
These variations indicate heterogeneous soil fertility conditions that can
influence wheat yield. District-wise nutrient trend plots were also included
to illustrate patterns in soil nutrient distribution, providing improved clarity
on how nutrient imbalances correspond to yield variations across the region.
These additions strengthen the analytical framework and support a more
comprehensive interpretation of the model outputs.

Using two feature selection techniques – embedded and wrapper meth-
ods – the study initially evaluated the importance of soil properties to identify
the most influential predictors (Table 1). The Embedded Methods i.e. Gra-
dient Boosting, Random Forest, and Decision Tree feature were employed.
The contribution of each variable to the prediction accuracy of the model is
computed internally. Sulphur, Manganese, Electrical conductivity, and Zinc
were consistently listed as the leading contributors in all tree-based mod-
els specifically ensemble algorithms such as Random Forest and Gradient
Boosting Machines, along with decision-tree-based techniques.

In the wrapper approach, feature selection was performed using Recursive
Feature Elimination (RFE) with Random Forest serving as the underlying
estimator. For every feature count, the Root Mean Square Error (RMSE)
was computed (Figure 5). At first, the RMSE is high (over 3.1) with few
features. RMSE steadily declines as the number of features rises. Using
about ten characteristics results in the lowest RMSE. Adding extra features
doesn’t substantially enhance performance; after ten features, RMSE is nearly
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Figure 2 Variation in soil nutrient distribution and wheat yield across Rajouri.

Figure 3 Variation in soil nutrient distribution and wheat yield across Kathua.

constant. Until approximately ten features, the RMSE dropped as the number
of characteristics increased. In addition, other qualities yielded declining
returns, proving that 10 was the ideal number. Sulfur, Manganese, Zinc, Phos-
phorus, Potassium, Iron, Copper, Organic Carbon, and Nitrogen are thus the
features that have been chosen. This dominance of Sulphur (S), Manganese
(Mn), and Zinc (Zn) is agronomically meaningful, as these micronutrients
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Figure 4 Variation in soil nutrient distribution and wheat yield across Jammu.

Table 1 Summary of models along with feature selection techniques
Model Recommended Method 1 Recommended Method 2
DT Embedded (Feature Importance) RFE or Permutation Importance
RF Embedded (Feature Importance) RFE or Permutation Importance
SVM RFE Permutation Importance
GB Embedded (Feature Importance) Permutation Importance

play crucial roles in nutrient balance, enzymatic regulation, and overall
plant growth, thereby influencing wheat productivity. Improvements were
negligible after ten characteristics, suggesting decreasing benefits. Conse-
quently, a 10-feature model provides a useful trade-off between complexity
and performance.

The MAE, MAPE, and RMSE were used to evaluate predictive accuracy
(Figure 6). All performance metrics reported in this section correspond
specifically to the test-set evaluation results. The refined values produced by
the final models employing ideal parameters and chosen characteristics are
shown in (Table 2). With the lowest RMSE (2.6570), lowest MAE (2.1578),
and lowest MAPE (44.8689), the Random Forest (RF) model fared better than
all others, according to the latest model evaluation results. Despite having
somewhat higher RMSE (2.8534), MAE (2.2670), and MAPE (46.72), Deci-
sion Tree’s interpretability is aided by its simplicity. Results from Support
Vector Machine and Gradient Boosting Machine were competitive, however
they had greater variability and error rates.
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Figure 5 RMSE vs. number of features plot.

Table 2 Model evaluation metrics
Model RMSE MAE MAPE (%)
RF 2.6570 2.1578 44.87
GBM 2.7877 2.1962 46.07
SVM 2.8010 2.2190 45.80
DT 2.8534 2.2670 46.72

Figure 6 Model performance summary.

The model stability and 10-fold cross-validation was used to evaluate
model stability across various data subsets. Random Forest (green) and
Support Vector Machine (purple) had the tightest RMSE distributions, indi-
cating consistent predictive behavior, while Decision Tree (red) had the
widest spread, suggesting variability and less generalizability, and Gradient
Boosting (dark green) performed moderately, with acceptable but broader
spread, according to the boxplot visualization (Figure 7). These findings



Prediction of Wheat Yield Through Soil Nutrient 227

Figure 7 Boxplots of RMSE across cross-validation folds.

Figure 8 Feature importance plot – random forest (RF).

further support RF’s applicability for soil data prediction by demonstrating
that both Random Forest and Support Vector Machine are accurate and
consistent across datasets. The interquartile ranges of the Random Forest and
Support Vector Machine models were the narrowest, indicating consistent and
trustworthy predictions. Gradient Boosting Machine displayed intermediate
stability, whereas Decision Tree shown significant variability. These results
highlight the superior accuracy and dependability of Random Forest and
Support Vector Machine across data splits.

Careful examination of the feature importance plots (Figures 8–11) shows
that the contribution of Soil nutrients was interpreted differently by the
ML approaches in relation to wheat yield. The Random Forest (RF) model
(Figure 8) clearly reveals that Mn is the most important predictor, followed
by EC, S, Zn, and least Affected PH with a smooth and well-distributed
importance gradient; This is in good agreement with agronomic studies that
highlight the critical impact of the micronutrients on wheat productivity. This
consistent and biologically meaningful ranking reflects RF’s ability to handle
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Figure 9 Feature importance plot – gradient boosting machine (GBM).

Figure 10 Feature importance plot – support vector machine (SVM).

multicollinearity and capture non-linear relationships through ensemble aver-
aging, resulting in stable and generalizable predictions On the other hand, the
Gradient Boosting Machine (Figure 9) also has high ranks for Mn and S, but
a wider and less coherent range of weights, suggesting moderate variance
and slightly reduced interpretability. The Support Vector Machine model
(Figure 10) though it acknowledges the environmental variable S as influ-
ential, but failed to capture the importance of Mn and Zn, and even assigned
negative weights (refers specifically to negative coefficients obtained under
the linear kernel, indicating an inverse association between those features and
wheat production) to pH and P – highlighting model instability and reduced
generalization performance under the chosen kernel. By the same token, the
weight of some characteristics (P and Fe, etc.) estimated by the Decision
Tree model (Figure 11) is excessive, which perhaps reflects the phenomenon
of overfitting by a classifier without ensemble averaging. These irregular-
ities reduce interpretability and raise concerns about generalizability. The
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Figure 11 Feature importance plot – decision tree (DT).

effectiveness of Random Forest is not only reflected in its lowest error metrics
(RMSE = 2.6570, MAE = 2.1578, MAPE = 44.87%) but also in its capacity
to prioritize agronomically relevant variables. Among all models, only Ran-
dom Forest maintained a statistically coherent feature ranking aligned with
agronomic expectations, confirming its robustness and suitability for yield
prediction in the respective three districts of Jammu region.

4 Discussion

The comparative evaluation of four machine learning models – Random
Forest (RF), Gradient Boosting Machine (GBM), Support Vector Machine
(SVM), and Decision Tree (DT) – provided clear insights into the pre-
dictive value of soil nutrients for wheat yield forecasting. Among these,
Random Forest (RF) demonstrated consistently strong performance, which
is expected due to its ability to handle nonlinear interactions and complex
variable relationships commonly observed in soil datasets. The reason for
this better performance was that RF can represent non-linear interactions and
use ensemble averaging to reduce overfitting. Moreover, interpretability is
improved by its integrated feature importance metrics, which are an essential
component of agronomic decision-making.

The feature selection process, utilizing both embedded and wrapper
methods, highlighted sulfur (S), manganese (Mn), zinc (Zn), and electrical
conductivity (EC) as the most influential soil parameters. This result is
agronomically coherent, as these micronutrients are essential for various
physiological processes in wheat. For instance, manganese plays a critical
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role in chlorophyll synthesis and photosynthetic activity (Sharma et al.,
2021), while zinc is important for enzyme activation and protein synthesis
(Singh and Prasad, 2020). Sulfur is indispensable for amino acid biosynthesis,
and its deficiency is increasingly recognized in Indian soils due to reduced
organic matter content.

The model performance trends across the ML algorithms also offered
important diagnostic insights. While Support Vector Machine achieved com-
petitive results, its sensitivity to kernel tuning and lack of reliable feature
attribution limited its practical applicability. In this study, the Support Vector
Machine (SVM) model was implemented using a linear kernel to allow
coefficient-based feature importance interpretation. GBM performed moder-
ately well but displayed greater variability across cross-validation folds. The
Decision Tree model, although interpretable, suffered from overfitting and
lower generalizability, as indicated by its higher RMSE and wider prediction
error spread. The stability of the RF and Support Vector Machine models
during 10-fold cross-validation, which indicates that the chosen features
generalize well across various data subsets, is another strength of the work.
But Decision Tree and Gradient Boosting Machine showed more variation,
highlighting the need for strong cross-validation in agronomic modeling at
the regional level.

These findings also align with other Indian studies that employed Random
Forest for soil nutrient modeling. For instance, Kumar et al. (2022) reported
similar dominance of Mn, S, and Zn as predictors of wheat productivity. The
agreement across these studies strengthens the evidence base for including
micronutrient-focused strategies in fertilizer recommendations. These results
underscore the importance of soil heterogeneity, as the identified key features
can directly inform site-specific nutrient management practices. Such insights
are valuable for farmers and policymakers by enabling targeted fertilizer
recommendations, improving resource efficiency, and ultimately supporting
more sustainable wheat production in variable soil conditions.

Despite the positive outcomes, limitations remain. In order to increase
the forecast accuracy, the model did not include variables related to climate,
management, or varietals. Furthermore, the existing dataset could not account
for yield variability brought on by dynamic pests, irrigation availability,
and temporal weather variables. Future research should think about using
climate indices and remote sensing to model yields more comprehensively.
It is important to note that machine learning approaches complement, but
do not replace, traditional field experimentation, which remains essential for
validating and contextualizing model-driven insights.
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5 Conclusion

This study demonstrates the efficacy of advanced machine learning tech-
niques, particularly Random Forest, in modeling wheat yield based solely
on soil nutrient parameters across the Jammu region. Among the evaluated
models, Random Forest model provided the most accurate wheat yield pre-
dictions, with RMSE = 2.6570, MAE = 2.1578, and MAPE = 44.87%. The
feature selection analysis identified ten key soil nutrient predictors, among
which sulfur (S), manganese (Mn), zinc (Zn), and electrical conductivity
(EC) consistently showed strong influence on yield. These results emphasize
the importance of soil nutrient management and highlight the effectiveness
of combining feature selection with machine learning for soil-based yield
estimation.

These findings have important implications for precision agriculture and
site-specific nutrient management. Enhancing productivity and sustainability
in nutrient-deficient areas may be possible by incorporating such ML-driven
insights into fertilizer advice systems and extension services, which could
allow for more effective and customized input utilization.

Future studies should concentrate on broadening the model’s scope by
adding factors related to climate, management, and remote sensing in order
to increase generalizability. Real-time soil and yield monitoring via IoT and
GIS integration may also help operationalize the results for wider application.

Limitations: This study relied solely on soil nutrient data and did not incor-
porate climatic variables, crop management practices, or varietal differences,
which also influence yield. Additionally, the analysis was based on a single
cropping season, limiting temporal generalizability.

Despite these limitations, the study provides a robust soil-driven mod-
eling framework and demonstrates the value of integrating feature selec-
tion techniques with ML algorithms to support precision farming. Future
research should incorporate multi-year datasets, weather indicators, and
remote sensing–based variables to further enhance prediction accuracy and
regional applicability.
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