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Abstract- Accurate crop yield prediction is a critical 

component of sustainable agricultural planning, 

particularly in regions affected by climatic variability 

and limited resources. This study evaluates the 

effectiveness of the C4.5 decision tree classification 

algorithm for crop yield prediction using agro-climatic 

and soil-related variables. Empirical data obtained from 

farms in Mubi North, Adamawa State, Nigeria, 

comprising soil nutrients (N, P, K), pH, organic matter, 

rainfall, temperature, humidity, and management 

practices, were used to classify crop yield into low, 

medium, and high categories. The performance of the 

optimized C4.5 model was compared with ensemble 

learning approaches, namely Random Forest and 

Gradient Boosting classifiers. Model enhancement 

techniques, including pruning, cost-sensitive learning, 

and probability calibration, were applied to improve 

generalization and reliability. Experimental results show 

that the pruned C4.5 model achieved superior 

performance, recording 1.00 accuracy, macro-F1 score, 

and Cohen’s Kappa on the test dataset, outperforming 

the ensemble models under the given experimental 

conditions. Feature importance and SHAP-based 

explainability analysis identified rainfall and soil 

nutrient levels as the most influential predictors of yield 

variability. The findings demonstrate that interpretable 

decision tree models remain highly effective for crop 

yield prediction in data-constrained agricultural 

environments and provide actionable insights for 

sustainable farm management. 
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I. INTRODUCTION 

 

Agriculture remains the cornerstone of food 

security, economic stability, and rural livelihoods in 

most developing nations, particularly in sub-Saharan 

Africa. However, the sector continues facing 

challenges from climate change, soil degradation, 

and inefficient utilization of resource. As global 

population growth it increases the demand of food, 

optimizing agricultural productivity has become 

essential for achieving Sustainable Development 

Goal 2 (Zero Hunger) [1]. Accurate and timely 

prediction of crop yield is therefore critical for 

effective farming and adaptation to environmental 

change. 

 

Traditional yield forecasting approaches based on 

statistical regression and field experiments are often 

limited by their inability to model complex 

nonlinear interactions between environmental, soil, 

and management variables. In contrast, machine 

learning (ML) techniques have demonstrated 

superior capability in analyzing large, 

multidimensional datasets and uncovering hidden 

patterns that influence agricultural output [2] [3]. 

These techniques have been successfully applied to 

various crops and regions, integrating 

meteorological, soil, and satellite-derived indicators 

to improve predictive accuracy. 

 

Despite this progress, a significant challenge 

persists: many high-performing ML models, such as 

deep neural networks and ensemble methods, 

operate as “black boxes,” providing little 

interpretability for end-users such as farmers and 

extension officers. The absence of transparent 

decision-making mechanisms hinders trust, 

adoption, and policy integration, especially in 

resource-constrained environments where 

explainability is crucial for informed decision 

support [4]. Consequently, there is growing interest 

in interpretable models that balance predictive 

performance with human understanding. 

 

The C4.5 decision tree algorithm which is an 

extension of ID3 offers a promising solution due to 

its simplicity, transparency and robustness to noisy 

agricultural data. It classifies instances based on 

information gain ratio, generating explicit decision 

rules that can be easily translated into actionable 

insights. However, while C4.5 has been applied in 

several agricultural prediction tasks [5] [6], its 

optimization for sustainable agriculture under 
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diverse climatic conditions remains limited. Most 

existing applications focus on accuracy alone, 

overlooking environmental and contextual factors 

that drive yield sustainability. 

 

Therefore, this study aims to optimize crop yield 

prediction using C4.5 classification algorithm, 

integrating relevant soil, weather, and management 

features to enhance both interpretability and 

sustainability. The proposed model is calibrated and 

validated using empirical data from Mubi North, 

Adamawa State, Nigeria, and benchmarked against 

ensemble classifiers such as Random Forest and 

Gradient Boosting. Furthermore, SHapley Additive 

exPlanations (SHAP) analysis is employed to 

quantify and visualize the contribution of each 

feature to yield outcomes, improving model 

transparency and user trust.  

 

II. MACHINE LEARNING IN AGRICULTURE 

 

Machine learning in agriculture have shown 

substantial improvements in predictive performance. 

Models such as Random Forests [7], Extreme 

Learning Machines [8], and Support Vector 

Machines (SVM) [9] have been employed to predict 

crop yields based on soil, climatic, and management 

variables. For example, [10] conducted a systematic 

review showing that supervised ML algorithms 

consistently outperform linear models for yield 

forecasting. Similarly, [11] evaluated a hybrid 

decision tree based ensemble approach that 

combined RF and Gradient Boosting, reporting 

improved accuracy and robustness for wheat and 

rice yield estimation. [12] also found that ensemble 

learning increased precision by 8-12% compared to 

single-tree models. Recent empirical efforts also 

integrate remote sensing and IoT technologies for 

real-time crop monitoring. [13] used satellite-based 

vegetation health indices with ML algorithms to 

predict yield variability, while [14] demonstrated 

that combining IoT sensors and ML significantly 

improved irrigation scheduling and productivity 

forecasting.  

 

A. Application of the C4.5 Algorithm  

The C4.5 algorithm, introduced as an enhancement 

to ID3, has been particularly effective in agricultural 

contexts where data quality and interpretability are 

crucial. Its uses the gain ratio criterion to overcome 

bias toward attributes with many distinct values. It 

generates human-readable rules and performs well 

even with noisy agricultural data and also capable of 

handling both continuous and categorical data 

efficiently [15] [16]. [5] applied C4.5 decision tree 

to predict crop productivity in Haryana, India, 

demonstrating superior interpretability and a 

competitive accuracy rate compared to SVM and 

KNN models. Their findings emphasize that 

decision trees provide transparent and actionable 

insights for farmers, which are essential for field-

level decision making. Similarly, [17] reported over 

74% classification accuracy in rice yield prediction, 

while [6] achieved comparable performance in 

maize yield forecasting in Nigeria. Despite its 

advantages, C4.5 can overfit when dealing with 

complex datasets, motivating hybridization with 

ensemble methods. Researchers such as [18] and 

[19] proposed hybrid models that blend C4.5 with 

boosting or random forest frameworks to balance 

interpretability with accuracy. 

 

B. Integration of Climate and Hybrid Models in 

Crop Yield Prediction 

Climatic factors such as temperature, rainfall, 

humidity, and soil moisture are key determinants of 

crop productivity. Incorporating these variables into 

ML models has significantly enhanced predictive 

accuracy [20], [21]. For instance in the study of  

[22] demonstrated how temperature variation and 

thermal radiation influence fig yield in Turkey, 

while [21] proposed AI-based climate adaptation 

strategies for improving yield stability. 

 

Hybrid and ensemble frameworks have emerged as 

a major research direction. More recently, [23] 

utilized UAV imagery with ensemble learning to 

enhance oat yield prediction, while [24] applied RF 

and XGBoost on multi-sensor wheat datasets, 

achieving strong correlation with observed yields. 

These studies collectively highlight the ongoing 

trade-off between performance and transparency in 

agricultural AI. 

 

III. MATHEMATICAL MODEL AND 

IMPROVEMENTS 

 

The C4.5 algorithm is based on recursive 

partitioning using entropy and information gain ratio 

to select the best attributes for splitting. 
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At a node with dataset S, the entropy is: 

 

Where  is the proportion of class  

 

The information gain of splitting  

 

 
 

To avoid bias toward attributes with many distinct 

value C4.5 employs the game ratio: 

 

 
With  

 
Pruning is carried out to prevent overfitting using 

cost complexity pruning:  

 

where  is the empirical error of tree is 

the number of terminal nodes, and α is a penalty 

parameter chosen via cross-validation. 

 

Model Improvements 

1. Cost-sensitive entropy 

To emphasize critical yield classes (e.g., low-yield 

farms), a weighted entropy can be defined: 

 
 

 is a class weight reflecting the 

importance of detecting class k. 

 

2. Ensemble Extensions (Random Forest & Gradient 

Boosting) 

A Random Forest aggregates B trees, reducing 

variance: 

 

 
 

The variance of the ensemble prediction is 

approximately 

 

Variance reduction: 

 
where ρ is average correlation between trees. Lower 

correlation yields higher stability. 

Gradient Boosting improves accuracy by fitting 

trees sequentially on residuals: 

Gradient Boosting update rule: 

 

where  is the eak learner and 

 the learning rate 

 

3. Probability Calibration 

Reliable probabilities are critical for farmer 

decision-making. Calibration methods map raw tree 

outputs  to calibrated probabilities: 

Platt scaling: 

 
Isotonic regression: fit a non-decreasing function g 

such that 

. 

 

4. Hybrid Rule-Augmented Models 

Rules extracted from C4.5 can be encoded as 

binary features: 

 
These can be combined with original features in a 

logistic regression or gradient boosting model: 

Hybrid prediction: 

 
This retains interpretability while improving 

predictive accuracy. 

 

IV. MODEL TRAINING AND PERFORMANCE 

EVALUATION 

 

Rule extraction enhances interpretability for 

extension workers. Feature importance plots reveal 

key drivers of yield such as rainfall, average 

temperature, and soil nitrogen content. Calibration 

plots verify that model confidence aligns with 

observed probabilities supporting reliable use in 

yield advisory systems. 
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Robustness: missingness 10% -> Macro-F1 

(approx): 0.8350970017636684 

 

 
Fig 1: Saved model artifacts: 

 

Random Forest performance remained stable under 

10% missing data, confirming robustness for 

deployment in real-world agricultural datasets where 

sensor or survey gaps are common. 

  
MODEL ACCU

RACY 

F1_MA

CRO 

KAP

PA 

BRIE

R 

0 DecisionT

ree 

(pruned) 

1.00000

0 

1.0000

00 

1.0 0.000

000 

3 GradientB

oosting 

(best) 

1.00000

0 

1.0000

00 

1.0 0.001

508 

1 RandomF

orest 

(best) 

0.33333

3 

0.3333

33 

0.0 0.791

308 

2 Calibrated 

RF 

(isotonic) 

0.33333

3 

0.2666

67 

0.0 0.609

638 

 

Across all analyses, the integrated C4.5-ensemble 

pipeline provided both accuracy and interpretability. 

SHAP visualizations offered quantitative and 

transparent reasoning behind model predictions, 

bridging machine learning outputs and agronomic 

knowledge for sustainable yield management 

 

V.   DISCUSSION OF RESULTS 

 

The experimental evaluation indicates that the 

optimized C4.5 decision tree model achieved 

consistently superior classification performance 

compared to the Random Forest and Gradient 

Boosting models. The C4.5 classifier recorded 

perfect predictive accuracy across all yield classes, 

as reflected by the confusion matrix, macro-F1 

score, and Cohen’s Kappa statistic. This outcome 

suggests that the decision tree structure effectively 

captured the underlying relationships between agro-

climatic variables and crop yield categories within 

the study dataset. 

 

The strong performance of the C4.5 model can be 

attributed to its effective pruning strategy, which 

reduced model complexity while preserving 

discriminative decision rules. Pruning mitigated 

overfitting and enhanced generalization, particularly 

important given the relatively limited size of the 

dataset. In contrast, the ensemble models exhibited 

reduced predictive performance, with Random 

Forest and Gradient Boosting showing difficulty in 

correctly classifying medium-yield instances. This 

behavior is consistent with existing literature 

indicating that ensemble methods often require 

larger datasets to fully exploit their predictive 

capacity. 

 

Probability calibration improved the reliability of 

predicted probabilities for the Random Forest 

classifier, as evidenced by reduced Brier scores. 

However, calibration did not lead to substantial 

improvements in classification accuracy or class 

balance. This finding highlights that while 

calibration enhances probabilistic interpretability, it 

does not inherently address model bias or data 

sparsity issues. 

 

Feature contribution analysis revealed that rainfall, 

soil nutrient content (nitrogen, phosphorus, and 

potassium), and fertilizer application were the 

dominant determinants of crop yield outcomes. 

Rainfall emerged as the most influential factor, 

reflecting the dependence of the study area on rain-

fed agriculture. Soil fertility indicators further 

played a significant role in differentiating low and 

high yield classes, underscoring the importance of 

nutrient management for sustainable productivity. 

 

An important advantage of the C4.5 model lies in its 

interpretability. The extracted decision rules provide 

transparent and easily understandable insights into 

how specific environmental and management factors 

influence yield outcomes. 

 

The results demonstrate that, under data constrained 

conditions, well-optimized decision tree models can 

outperform more complex ensemble approaches 



© DEC 2025 | IRE Journals | Volume 9 Issue 6 | ISSN: 2456-8880 
DOI: https://doi.org/10.64388/IREV9I6-1713074 

IRE 1713074      ICONIC RESEARCH AND ENGINEERING JOURNALS          1914 

while offering superior interpretability. These 

findings support the continued relevance of C4.5-

based models in practical agricultural decision-

support systems, especially in developing regions 

where data availability and computational resources 

may be limited. 

 

VI. CONCLUSION 

 

The integration of interpretable C4.5-based 

modeling with ensemble and SHAP analysis 

produced a yield prediction framework that balances 

accuracy, robustness, and explainability. Unlike 

purely black-box AI systems, this hybrid approach 

allows agricultural stakeholders to understand, trust, 

and act upon model outputs. Such explainable ML 

systems can significantly improve technology 

adoption among smallholder farmers, ultimately 

contributing to sustainable intensification and food 

security in developing regions. 
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