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Abstract

The global food security challenge poses a significant risk due to climate change and
rapidly growing greenhouse gas (GHG) emissions. In this study, an ensemble learning
(EL) framework for global crop yield prediction was developed using key climate
variables and two major GHG emissions: carbon dioxide (CO2) and nitrous oxide (N20).
The key contribution lies in the proposed Weighted Mutual Information with Standard
Deviation Method (WMI_SDM), a feature selection to handle high-dimensional
dataset. The method estimates a mutually independent feature dependence score for
each feature relative to cropyield, normalizes these scores in feature weights and finds
a standard deviation-based threshold to identify the most significant features.
Features with weights exceeding this adaptive threshold are retained for model
training. Using these selected features, several machine learning (ML) models -
including Linear Regression (LR), Decision Tree (DT), Support Vector Machine (SVM), K-
Nearest ‘Neighbors (KNN), Random Forest (RF), and Extended Gradient Boost
(XGBoost) were trained and evaluated. The experimental results confirmed that the
proposed. approach outperformed other models, achieving a coefficient of
determination (R2) of 0.9673, MAE of 226.71 kg ha-1, and MAPE of 11.33%.
Furthermore, the proposed method showed remarkable computation efficiency,
consuming only 281.99 MiB of memory while completing in 0.55 seconds.

Keywords: Climate data; Greenhouse gas emissions; Feature selection; Mutual
information; Ensemble learning; Standard deviation thresholding; Crop vyield
prediction.
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1. Introduction

The prediction of global crop yield is critical for efficient
food security strategies and agricultural planning (Varma et
al. 2023, Karthikeyan et al. 2023). The need for agricultural
predictive modeling has grown as a result of issues such as
population expansion, environmental change, and scarcity
of arable land (Yewle et al. 2025, Iniyan et al. 2023).
Classical crop vyield forecast methodologies, which
generally rely on historical averages or expert judgment,
are no longer effective in reflecting the unpredictability and
complexity of present agricultural systems (Lokeshwari et
al. 2024). Crop development and final yields are
significantly influenced by agricultural inputs such as
precipitation, fertilizer use, and arable land (Abdulla et al.
2015). Furthermore, GHG emissions have an indirect effect
on crop performance by affecting the long-term quality of
the soil and air (Richa et al. 2015). Prediction models have
significantly improved as a result of including these
parameters (Gong et al. 2021, Sharafi et al. 2023).

There are many reasons why redundant inputs can
negatively affect the model performance. Thus, the
present state of ill-selected features is a major problem for
most ML models (Fraino et al. 2023). This prevents the
generalization of new data and has the potential to lead to
overfitting. Based on recent research, more advanced and
reliable approaches are needed to find and preserve only
the most important features of large and complicated
models (Kamangir et al. 2024).

Mutual Information (Ml) is a good FS method capable of
finding linear and non-linear associations between features
and a target variable (Zhou et al. 2022). WMI is another
method that weighs features based on their relevance
scores. In this method, threshold a decision point defined
by a significance set is used to select features with a higher
confidence in high-dimensional datasets (Abdel et al.
2024). If the FS problem does not yield the desired results
using other methods, a solution to this problem could be
provided by using an approach called SDM thresholding.
The FS algorithm can then eliminate all features with less
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information than the specified variability threshold to
preserve only stable and statistically significant
characteristics. By reducing the number of redundant input
features, WMI_SDM can facilitate successful
characterization of crop yields. Such strategies can be
coupled with EL techniques to attain a high degree of
accuracy and reduce the number of errors (Sah et al. 2022,
Singh et al. 2025).

This study aims to devise a precise and understandable
framework for forecasting crop yield by integrating climate
and emission data, applying a FS technique based on WMI,
enhanced using SDM, and tested on a strong ensemble of
ML models.

2. Dataset and pre-processing

The dataset used for this study was a full set of variables
from a publicly accessible repository from the World Bank
(http: //data. worldbank. org/indicator? tab=all), covering
all indicators related to crop production, socioeconomic
and environmental conditions. The World Bank data are
heavily validated and up-to-date, providing high quality
and credible data, which makes them more robust in terms
of the generalizability of research findings, especially in
regards to the analysis of global trends in development
(Fernandez et al. 2025, Heydari et al. 2025). There are 20
variables in the dataset, and the number of observations is
3,724 for different countries and years. Table 1 shows a
detailed description of global crop yield prediction dataset.

The dataset was pre-processed, that is, only values in the
fields were provided, missing data were replaced with
column means, and the feature distribution was
normalized to ensure there was a clean and well-structured
dataset that could be used in the model training.

3. Methodology

This section describes the overall framework of the
proposed crop yield prediction model, including WMI_SDM
to filter weak features, and EM design to enhance
prediction accuracy. This process has been validated using
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well-established evaluation metrics for multiple regression
models.

3.1. Overview of proposed crop yield model using
WMI_SDM

The objectives of this study were to predict global crop
yields with an EL strategy using WMI_SDM method, which
provides both optimal selection of features and improved
robustness of model predictions. The overall workflow of
the proposed crop yield model using WMI SDM method is
as shown in Figure 1. This study presents the WMI_SDM
model as a feature selection algorithm designed to
eliminate less informative predictors in high-dimensional
data on crop yield, weather conditions, and GHG emissions
by integrating information-theoretic and statistical
features. The ML process was divided into four major
stages: (i) data preprocessing, (ii) feature selection, (iii)
model building, and (iv) evaluation.

* Phase 1 - Data preprocessing: Phase 1 was the
numeric attribute filtering step, missing value
replacement with the mean calculation step, and
elimination of non-numeric or irrelevant data to
maintain the integrity of the dataset. A
PowerTransformer was subsequently used to
normalize the variance and make the distribution
more Gaussian, and normalization was then used to
transform all variables to a uniform distribution to
eliminate the effects of high-magnitude variables. The
data were divided in the relationship of 80:20 to be
used as training and testing. Finally, the outlier was
identified by the absolute errors of prediction by

Table 1. Data set description

absolute thresholds after first training the model; an
observation that surpassed the defined limit was
eliminated to enhance the strength and reliability of
the further model analysis.

*  Phase 2 - Feature selection: The proposed WMI SDM
method was used to identify features based on the
algorithm described below. The reason for computing
the Ml between each predictor and the target variable
such as crop yield was to capture both linear and
nonlinear dependencies. The resulting Ml scores were
then normalized to produce feature weights, and an
adaptive threshold, which is defined as the standard
deviation of the normalized MI values, was used to
eliminate redundant and less informative predictors.
Such an adaptive process also«eliminates ‘manual
hyperparameter tuning and dynamically adapts to the
underlying data distribution.

* Phase 3 - Model building: Phase three was
implemented where six regression algorithms,
including RF, SVR, KNN, DT, XGBoost and LR, were
trained on 80 percent of the data and evaluated on the
remaining 20 percent using default scikit-learn
parameter settings to provide a fair comparison.

® Phase 4 - Evaluation: Phase four focused on predictive
and computational performance. R2, MAE, RMSE, and
MAPE were used to evaluate the predictive accuracy,
and processing time and peak memory consumption
were used to evaluate the computational efficiency of
each feature-selection tool. This holistic evaluation
includes accuracy, scalability, and efficiency.

Variable name Description
Avg_Perc Average precipitation in depth (mm per year)
Annu_Fres_Wat_with Annual freshwater withdrawals, total (% of internal resources).
For_Area Forest area (% of land area)

Fert_Consump

Fertilizer consumption (kilograms per hectare of arable land)

Agri_Irri_Land Agricultural irrigated land (% of total agricultural land)

Agri_Land Agricultural land (% of land area)

Ara_Land Arable land (% of land area)
CO2_emis_agri Agricultural CO, emissions (Mt CO2e)
N20_emission Nitrous Oxide emissions (Mt)

Ene_Use Energy use (kg of oil equivalent per capita)

Ele_Pow_Consmp Electric power consumption (kWh per capita)
Ren_Elec_OP Renewable electricity output (% of total electricity output)
Ren_Ene_Consp Renewable energy consumption (% of total energy consumption)
Acc_To_Elect Access to electricity (% of population)
GDP_Per_Capita GDP per capita (current USS)
Pop_Growth Population growth (annual %)
Country Name Name of the country.
Country Code Country code.
Year Year of observation.

ALGORITHM: Proposed Feature selection using WMI_SDM
Input: Pre-processed Dataset D={X,y} with features
X ={X1,X2,..... Xp} and crop yield y as the target.

Output: Critical features X'c X .

https://doi.org/10.30955/gnj.07806

P Xi,y)

ST where

Step 1: Compute MI(Xi,y):ZZP(Xi,y)Iog
Xi oy
P(Xi.y) is the joint probability distribution of features X;

and Y, and P(X;), P(y) are the marginal distributions.
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MI (X
Step 2: Normalize Ml score with  w; _ My

Zle(xj,y) '

Where W, represents the WMI score for feature X; ,

ensuring that ZWi =1.
i

Step 3: Compute the standard deviation threshold using

_ nZin:lwiz _(Zin:lwi )2

n(n-1)

S

Where n is the total number of samples.
Step 4: Select critical features based on threshold (t):
Define threshold (t): t=S.
Select all features whose importance weights exceed or
equal the threshold (wi> t):

X ={X:| w, >t}

For instance, if the computed normalized MI score for
features

[ X, X,, X4, X, X5,] =[0.12,0.28,0.31,0.05,0.24]
and the adaptive threshold S = 0.09, then the features
satisfying w =009 that is X'=[X1,X2,X3,X5,] will be
selected as the critical features for model training.

Step 5: Use the selected features X for model training.

Proposed Feature
Selection

Weighted Mutual
Information

Threshold:
Standard deviation

/
B Data Gat Feature Qe
Pre-processing Selection

Improved
Random Forest

[, J] st |
Figure 1. Overall workflow of the proposed crop yield prediction
model using the WMI_SDM feature selection approach. The
process includes data preprocessing, feature selection using
WMI with SD-based thresholding, model training, prediction,
and evaluation.

3.2. WMI based FS

Ml is a measure of the degree of informational exchange
between the input features and the target variable, in this
case, cereal yield (Cheng et al. 2022 , Saleh et al. 2018). In
this study, we transform MI by assigning weights based on
relevance scores and obtain WMI. The aim of this approach
is to prioritize features with large informational value when
predicting yield while not overlying them. We computed
the MI and ranked the features according to their scores.
This provides a logical basis for isolating the most
informative predictors from high-dimensional input space.
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3.3. SDM based thresholding

The final FS strategy involves a thresholding algorithm
based on the SD, and features with Ml scores below one SD
from the mean are deleted, assuming they have a low
predictive value or noise, to produce a FS strategy that only
produces robust and consistently informative features. The
resulting optimization decreases overfitting and improves
model generalization. In this study, the SD of the
normalized MI score is used as an improvised threshold
whereby the most influential features are identified. The
SD is used to show how much the feature relevance scores
are scattered around; thus, a large SD would imply more
variability of feature importance. Setting the threshold to
the SD keeps only the features whose weighted Ml scores
exceed the natural variability that the data possesses.

3.4. EM framework

The basis of this study is a set of baseline learners (RF, SVM,
KNN, DT, XGBoost, LR) selected for their ability to capture
linear, nonlinear, and hierarchical dynamics of the data;
although each modelis evaluated separately, the ensemble
potential can be exploited by means of fusion strategies.
This work compensates for the performance weaknesses of
individual models and provides a more balanced output,
with RF and XGBoost used to mimic bagging and boosting
behaviors, respectively.

Overall, the proposed WMI_SDM method was
implemented in Python using the scikit-learn library to
ensure- transparency, reproducibility, and clear
parameterization. The method resulted in the selection of
fifteen critical predictors: Avg_Perc, Fert_Consump,
Agri_Land, Ara_Land, For_Area, Acc_To_Elect,
Ren_Elec_OP, Ren_Ene_Consp, Ele_Pow_Consmp,
Ene_Use, CO2_emis_agri, Annu_Fres_Wat_with,
GDP_Per_Capita, N2O_emission, and Pop_Growth.
Because WMI_SDM is a statistical threshold-based feature
selection technique, it does not require hyperparameter
tuning, ensuring consistent and interpretable results across
different datasets.

4, Evaluation metrics

In this study, four widely used regression evaluation
metrics were used to assess the proposed crop yield model:
Coefficient of Determination (R?), Mean Absolute Error
(MAE), Root Mean Squared Error (RMSE), and Mean
Absolute Percentage Error (MAPE). R? specifies the
percentage of variance in the observed yield values, and a
value close to one indicates a better fit between the
predicted and ground truth values (Anand et al. 2025). The
MAE was obtained by calculating the mean of predicted
and ground truth values (Garai et al. 2024). RMSE is the
square root of the average squared difference between the
predicted and ground truth values (Panigrahi et al. 2023).
MAPE describes prediction accuracy as a percentage (Singh
etal. 2025).

5. Results and Discussion

Table 2 shows the performance comparison of different
baseline (LR, RF, SVM, KNN, DT, and XGBoost) without FS.
As shown, the RF model is superior to all other regression

Global NEST Journal, 28(XX), 1-8


https://doi.org/10.30955/gnj.07806

OPTIMIZED MACHINE LEARNING FRAMEWORK FOR CROP YIELD PREDICTION 5

models. Table 3 presents a comparison of baseline models
with three different FS approaches before removing
outliers: proposed WMI_SDM, correlation-based selection
(CBS), and Recursive Feature Elimination (RFE). The

proposed WMI_SDM technique consistently outperformed
with baseline methods across most models.

Table 2. Performance comparison of various models without Feature selection

Model RZ(0-1) MAE (kg ha) RMSE (kg ha'?) MAPE (%)

LR 0.4496 1036.7347 1418.3994 58.29%

RF 0.8848 424.4335 648.8668 19.13%

SVM 0.0540 1370.8190 1859.4363 82.24%

KNN 0.8568 424.6861 723.5230 18.78%

DT 0.7809 647.3546 894.8645 29.85%

XGBoost 0.7800 659.8946 896.6243 35.23%

Table 3. Model performance across different Feature selection methods before removing outliers
Model Feature selection method No.of features RZ(0-1) MAE (kg ha) RMSE (kg ha't) MAPE (%)
WMI_SDM 15 0.4428 1043.8166 1427.0756 58.86%
LR CBS 0.4059 1087.7437 1473.5539 63.92%
RFE 5 0.4098 1092.1618 1468.7116 62.83%
WMI_SDM 15 0.9433 281.4370 455.0473 12.97%
RF CBS 0.8737 392.2563 679.4332 18.91%
RFE 5 0.8983 346.1991 609.6327 15.11%
WMI_SDM 15 0.0621 1362.7810 1851.4962 81.61%
SVM CBS 0.0875 1338.0578 1826.2969 79.77%
RFE 5 0.0861 1338.9177 1827.6542 79.26%
WMI_SDM 15 0.8935 359.6666 623.9856 15.89%
KNN CBS 0.8568 411.2501 723.4210 19.42%
RFE 5 0.9066 384.8964 584.2081 17.37%
WMI_SDM 15 0.7809 647.3546 894.8645 29.85%
DT CBS 0.5475 804.9802 1286.0917 41.12%
RFE 5 0.7461 682.7632 963.3275 31.27%
WMI_SDM 15 0.8095 624.7687 834.4900 34.95%
XGBoost CBS 8 0.7577 706.7919 941.0804 39.66%
RFE 5 0.7790 662.6792 898.7520 35.14%
Table 4. Performance comparison of models with proposed WMI_SDM method after removing outliers
Model RZ(0-1) MAE (kg ha'?) RMSE (kg ha) MAPE (%)

LR 0.4855 918.8378 1151.6394 56.06%

RF 0.9673 226.7113 306.1670 11.33%

SVM 0.0663 1183.0345 1428.3965 82.45%

KNN 0.9468 297.6387 404.4728 14.82%

DT 0.8118 540.0511 699.6213 26.94%

XGBoost 0.8297 562.9566 684.3553 34.01%

Table 5. Performance comparison of the proposed WMI_STD method for Random Forest and baseline feature selection approaches

using 5-fold and 10-fold cross-validation.

RMSE (kg ha™) £

Model Folds R? (Mean * SD) D MAE (kg ha™) £ SD MAPE (%) £ SD
WMI_STD 5 0.858 £ 0.071 916.64 + 23.44 360.18 + 47.64 14.44 +1.98
WMI_STD 10 0.884 +£0.088 811.68 £ 19.70 336.60 £ 59.47 13.41+3.01

CBS 10 0.869 £0.103 849.46 + 36.62 382.68 £ 71.62 16.45 + 3.62
RFE 10 0.879 £0.078 848.88 +390.87 387.08 £57.19 16.55 + 3.54

As shown in Figure 2, the R? results obtained from various
ML models using three feature selection techniques:
Proposed WMI_STD, CBS, and RFE are illustrated. Out of all
methods, proposed WMI_STD has the upper hand in R?
values on most models.

Table 4 shows the performance of regression models was
assessed after the proposed WMI_ SDM method and after
removal of outliers from the data set. As shown in table,
the RF achieved the best overall performance with an R?

https://doi.org/10.30955/gnj.07806

score of 0.9673, a low MAE of 226.7131 kg ha'!, a RMSE of
306.1670 kg ha* and a MAPE of 11.33%.

Based on the results in Table 4, the RF model demonstrated
the highest predictive performance (R? = 0.9673, MAE =
226.71 kg ha™, RMSE = 306.17 kg ha™, and MAPE = 11.33%),
outperforming other regression models when coupled with
the proposed WMI_SDM feature selection method.
Consequently, RF was selected for further evaluation using k-
fold cross-validation (k =5 and k = 10) to assess the robustness
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and reliability of the model’s performance. The corresponding
results, summarized in Table 5, include mean  SD values to
account for model uncertainty and variability across folds. The
proposed WMI_SDM method achieved the highest predictive
accuracy, with an R? of 0.884 + 0.088, RMSE of 811.68 +419.70
kg ha™", MAE of 336.60 + 59.47 kg ha™, and MAPE of 13.41 +
3.01% under 10-fold cross-validation. The improvement from
5-fold (R? = 0.858 + 0.071) to 10-fold validation indicates
enhanced model stability and better generalization with
increased data variability. Compared to CBS and RFE, the
proposed approach consistently yielded superior accuracy
and lower uncertainty in error metrics, confirming its
robustness, consistency, and efficiency in identifying the most
informative features for crop yield prediction.

088 030

aos

Proposed WhI STD cns ArE
Fealure Selestion Method

Figure 2. Model performance comparison in terms of R? scores
across different feature selection methods, showing that the
proposed WMI_SDM method achieves superior predictive
accuracy compared to CBS and RFE techniques.

Random Forest

C] if)

Figure 3(a)—(f). Scatter plots showing the relationship between
actual and predicted crop yield values for different baseline
models (RF, LR, SVM, KNN, DT, and XGBoost) using the proposed
WMI_SDM feature selection method after removing outliers.
The R? scores indicate that Random Forest and KNN achieved the
highest predictive accuracy.
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Figure 3(a)-(f) shows a scatter plot of the relationship
between an observed ground truth and predicted crop
yield for different models using the proposed WMI_SDM
after removing outlier. Each subplot illustrates the
performance of different models along with the
corresponding R? value. The dashed diagonal line
represents the ideal fit where predicted values equal actual
values. Models like RF (R? = 0.97) and KNN (R? = 0.95)
demonstrate superior predictive accuracy, while LR (R? =
0.49) shows relatively lower performance.

Figure 4(a) & (b) gives a comparative assessment of the
memory footprint and execution time for WMI_SDM, CBS,
and RFE feature selection techniques. The WMI_SDM
technique appears to work the best, needing the least
amount of memory (281.99 MiB) and the least amount of
execution time (0.55 seconds).

Memary Usage Execution Time

298.50 I
29150 i 035
e 281,99

50
Propased Wi_S0M 85 Ree Propased wital_s0M 3 e

Figure 4a & b. Comparison of feature selection methods in terms
of (a) memory usage and (b) execution time, showing that the
proposed WMI_SDM method achieves lower computational cost
and faster execution compared to CBS and RFE.

Table 6 presents an overview of the proposed model and
its competitive approaches with respect to their feature
selection techniques, ML models, and R? values. The
proposed model has significantly better predictive
performance compared to the existing approaches, not
only for the predictive performance but also in terms of the
robustness of the feature selection method employed. The
high R? value for the WMI_SDM method confirms the
proven ability of the WMI_SDM method to find the most
relevant and non-redundant features to predict crop yields
in data-driven agro-environmental systems.

Overall, the key findings presented in this study highlight
the benefits of the proposed WMI_SDM model in terms of
computational efficiency and predictive validity, thus
making it one of the most attractive solutions for large-
scale or resource-intensive agricultural systems. The ability
of the framework to handle high-dimensional data and
simultaneously reduce the time and memory required to
run the framework is a testimony to its functionality in real-
time decision-making. However, this research is limited by
the fact that it relies on region-specific climatic and
emission data, which can reduce its applicability in other
geographic settings. To increase generalizability, the
framework may be retrained or fine-tuned using external
data based on different regions and crops, thus helping to
evaluate the strength and flexibility of the framework in
out-of-sample conditions. Despite such restrictions, the
suggested strategy provides an effective and scalable basis
for further use in the framework of working systems of
agricultural prediction, where fast and correct vyield
prediction is one of the key requirements.
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Table 6. Comparison of proposed and existing methods

Study Feature selection method ML model used R2
Proposed Method WMI_SDM RF 0.9673
Iniyan et al. 2022 Mutual Information Feature Selection (MIFS) Stacked ensemble 0.9242

. Multiple Linear
Ingio et al. 2024 RFE ) 0.9031
Regression
Lietal. 2023 Pearson correlation coefficient and random forest importance RNN 0.6670
Fan et al. 2024 Correlation analysis RF 0.8501

6. Conclusion

This paper presents a crop yield prediction model under
changing climate conditions based on both climate and
emission data. A WMI_SDM technique was proposed to
reduce redundancy and noise in large, complex datasets.
Extensive experimental analysis was performed to test the
robustness and generalizability of the method, such as
performance comparisons of regressors without FS, with FS
methods prior to outlier removal, and with the proposed
WMI_SDM method after outlier removal. The FS methods
WMI_SDM, CBS, and RFE were also systematically
compared using memory utilization and execution time
(speed). The experiments showed that the proposed model
can achieve high accuracy predictions with R? = 0.9673,
MAE = 226.7113 kg ha'?, and MAPE =11.33%, which
is reasonably high compared with other baseline models.
FS using the WMI_SDM method was found to consistently
outperform traditional approaches, ensuring stable and
relevant feature selection in the presence of outliers.
Notably, the proposed WMI_SDM method demonstrated
superior efficiency, using only 281.99 MiB of memory and
executing in just 0.55 s, which is significantly lower than
other FS techniques. In this work, EL was used as a base for
reliable forecasting of crop yield and the experiments
demonstrated that the EL framework and several ML
algorithms produced very promising results. Our model
ensures the stability, relevance, and efficiency of selected
features giving a scalable, data-efficient approach that
policymakers and agricultural planners can use to tackle
the challenges of climate change and food security.
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