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Abstract 
Imbalanced datasets, high-dimensional features, and the presence of redundant attributes often leads to 
poor classification performance and reduced model interpretability. This study addresses these 
limitations by proposing a hybrid methodology that integrates SMOTE-ENN with Information Gain, 
wrapper, and embedded feature selection technique. The aim is to enhance the prediction accuracy and 
improve the interpretability of classification models applied to student assessment data collected from 
tertiary institutions in Nigeria. The procedure involved training four classification models Random 
Forest (RF), Support Vector Machine (SVM), Logistic Regression (LR), and XGBoost on resampled 
datasets with selected features. The evaluation is done using 10-fold cross-validation and performance 
metrics which include accuracy, precision, recall, F1-score, and AUC. The results show that SVM 
achieved the highest performance across all feature selection methods, recording a peak accuracy of 0.96 
and AUC of 0.99 when used with both Information Gain and Embedded RF features. RF performed 
robustly with a maximum accuracy of 0.95 and AUC of 0.98. XGBoost showed strong but slightly 
lower performance, while LR consistently recorded the lowest results, with a maximum accuracy of 
0.71 and F1-score of 0.60.  The findings confirm that integrating hybrid feature selection with SMOTE-
ENN significantly improves model performance, particularly for kernel-based and tree-based classifiers. 
 
Keywords: Multi-Classification, Machine Learning, Feature Selection, Hybrid Sampling, 
Imbalanced Dataset. 
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INTRODUCTION  
Education serves as the foundation for promoting sustainable development and uncovering 
the future potential of individuals. Accurately predicting student academic performance is 
crucial, as it provides significant opportunities for early intervention and enhanced learning 
outcomes. Educational data often entails unpredictability, noise, and imbalanced class 
distributions, which pose a significant challenge for traditional classification models 
(Ghorbani and Ghousi, 2020). These models can frequently underperform, favouring the 
majority class and leading to inaccurate results (Phua and Batcha, 2020). 
 
Machine Learning (ML) has made it possible for informed decision-making in education 
sector. A notable application of ML is in forecasting student academic achievement (Shaukat 
et al., 2017). The presence of imbalanced datasets reduce the efficiency ML models (Yin et al., 
2013). Also, the curse of dimensionality also affects educational datasets. (Zhang and Hu, 
2014). If these challenges in the dataset are not addressed, accurate prediction using ML 
models will not be achieved (Arif, 2020). 
 
Feature selection techniques are designed to extract and retain only the most important 
attributes within a dataset (Chandrashekar and Sahin, 2014). These techniques are classified 
into three distinct categories: filtering, wrapping, and embedding. Filtering algorithms 
identify a subset of attributes based on criteria such as correlation or information entropy, 
yielding a rank-ordered list of the most significant features (Spolaôr et al., 2013). The wrapper 
approach employs machine learning methods to assess the quality of attribute subsets. 
Embedded methods directly enhance the accuracy of machine learning algorithms in 
predicting student learning outcomes. Feature selection has demonstrated its significance 
across various applications, ranging from gene array analysis to intrusion detection and text 
mining (Bharti and Singh, 2014). In the realm of predicting student academic success, 
researchers utilize these methods to develop more effective subsets of characteristics (Sobnath 
et al., 2020). 
 
Data balancing methods have been to enhance prediction accuracy for a minority class 
(Mduma, 2023). SMOTE-ENN and SMOTE with Tomek links were evaluated using Logistic 
Regression, Random Forest, and Multi-Layer Perceptron models. The findings indicate that 
SMOTE-ENN provided the highest classification performance on the 10-fold holdout sample. 
The research did not include any feature selection methods. Nuanmeesri and Poomhiran 
(2023) developed models to accurately predict the likelihood of Avoidant Personality 
Disorder among students, using SMOTE-ENN with Information Gain, Gain Ratio, and 
Wrapper Approach. The results indicated that the Wrapper method yielded greater accuracy 
when compared to the Information Gain and Gain Ratio techniques. An enhanced soft voting-
based machine learning technique was employed to detect breast cancer, using SMOTE ENN 
(Indu and Ajmer, 2025). The results showed that the soft voting classifier achieved an accuracy 
of 99.42%, precision of 100.0%, recall of 98.41%, F1 score of 99.20%, and AUC of 1.0. The 
research was a binary classification task, which only determines the presence or absence of 
cancer. 
 
This research extends the work of (Sahlaoui et al., 2024). Their research emphasizes the 
performance enhancements achieved through resampling methods, excluding any feature 
selection techniques. The research did not investigate the effect of integrating SMOTE-ENN 
with feature selection techniques on ML model performance. Our research integrate SMOTE-
ENN with feature selection techniques, and expanding their binary classification approach 
into a multi-class classification task. 
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METHODOLOGY 
The research adopts a methodology that integrates hybrid data preprocessing methods with 
multi-model classification to assess and forecast student learning assessment trends. The 
procedure begins with the normalization of attributes using the StandardScaler framework. 
This ensures that features are adjusted to possess a zero mean and unit variance (Isteaq and 
Kibria, 2024). 
 
To address the class imbalance observed in educational datasets, a hybrid resampling 
technique known as SMOTE-ENN is implemented. SMOTE (Synthetic Minority Over-
sampling Technique) generates synthetic instances of the minority class by interpolating 
between existing samples and their nearest neighbors. However, this may lead to the 
introduction of noise or outliers. To refine this process, ENN (Edited Nearest Neighbors) is 
applied subsequent to SMOTE to eliminate misclassified samples based on their 
neighborhood conformity. 
 
After resampling, three feature selection methods are employed to decrease dimensionality, 
and improve predictive performance. The filter technique utilizes Information Gain via the 
SelectKBest function, selecting the top 10 attributes. The wrapper technique is executed 
through Recursive Feature Elimination (RFE) using the Logistic Regression estimator. RFE 
employs recursion to eliminate the least significant attributes while retaining the top 10 
attributes. An embedded feature technique selects scores from trained Random Forest 
classifier. 
 
The classification performance of the selected attributes are assessed using Random Forest 
(RF), Support Vector Machine (SVM), Logistic Regression (LR), and XGBoost (Arévalo-
Cordovilla and Peña, 2024). Each model undergoes evaluation using 10-fold Stratified Cross-
Validation to guarantee a balanced representation of all classes in each fold. For every fold, 
standard classification metrics are computed: accuracy, precision, recall, F1-score, and AUC 
(Area under the Receiver Operating Characteristic Curve). The multi-class AUC is determined 
using the One-vs-Rest (OvR) method following the binarization of the class variable. This 
succinct evaluation provides insights into the generalization capabilities of each model across 
multiple class labels. 
 
Feature significance plots are generated for all three selection methods. The top 10 attributes 
identified by the filter technique are illustrated based on their mutual information scores. For 
the wrapper technique, the selected attributes are represented using a binary ranking system 
(1 indicates selected, 0 indicates not selected). The top attributes from the embedded method 
are visually represented using their respective Random Forest significance values. The model 
architecture in Figure 1 graphically illustrates the processes captured in the methodology 
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Figure 1: Model Flow Diagram. 

 
Dataset Description and Source 
The dataset utilized in this study is a locally sourced collection of student assessment data 
gathered from selected tertiary institutions in Nigeria. The main aim of the data collection 
initiative was to examine various student learning characteristics in relation to their preferred 
methods of course assessment. Data was gathered through structured questionnaires 
distributed to participants via Google Forms. 
 
The dataset includes the following features: Sex, Age, GPA, Level, Course, Daily Study Hours, 
Class Participation, Online Material Usage, Lecture Notes Usage, Reading Material 
Preference, Self-Study Time, Goal Setting Attribute, Accommodation, and Course Assessment 
Mode. These attributes encompass a mix of demographic factors, academic behaviors, and 
learning preferences. The class variable, Course Assessment Mode, indicates the assessment 
method preferred or assigned in their subjects, which includes assignments, quizzes, projects, 
group work, and examinations. 
 
Performance Evaluation Metrics 
Performance evaluation metrics play a crucial role in assessing the reliability, robustness, and 
generalization capabilities of the machine learning models developed. To guarantee an 
unbiased evaluation, 10-fold stratified cross-validation is employed. The dataset is partitioned 
into ten equal segments (Chen, 2024). In each iteration, the model is trained on nine segments 
and validated on the remaining one. This process is repeated ten times, with each iteration 
using a different segment as the test set. The final performance score is calculated as the 
average of the evaluation scores obtained from all segments. This process can be 
mathematically represented as:    

𝕊̅ =  
1

𝑘
 ∑ 𝕊𝑖

𝑘
𝑖=1            (1) 
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Where 𝕊𝑖 represents the performance score (such as Accuracy or F1-Score) for the fold i-th, 
and k=10 indicates the number of folds. This approach mitigates the risk of biased estimation, 
reduces variance in model evaluation, and allows for the early identification of overfitting, 
thus ensuring reliable and generalized performance metrics. 
 
The performance of each model is assessed using filter, wrapper, and embedded attribute 
selection with Accuracy, Precision, Recall, F1-Score, and ROC-AUC evaluation metrics. These 
metrics are predominantly utilized in multi-class classification scenarios, particularly in 
domains where class imbalance and feature importance are vital factors represents the 
performance score (such as Accuracy or F1-Score) for the i-th fold, and k=10 indicates the 
number of folds. This approach mitigates the risk of biased estimation, reduces variance in 
model evaluation, and allows for the early identification of overfitting, thus ensuring reliable 
and generalized performance metrics. 
The performance of each model is assessed using various attribute selection methods (filter, 
wrapper, and embedded) with the following evaluation metrics: Accuracy, Precision, Recall, 
F1-Score, and ROC-AUC. Accuracy is computed using the formula:   

   𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 (𝐴) =  
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
      (2) 

 
TP, TN, FP, and FN denote true positives, true negatives, false positives, and false negatives, 
respectively. 
Kaensar and Wongnin (2023) explained that Precision measures the proportion of accurately 
predicted positive samples among all samples identified as positive. The formula is expressed 

as:               𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 (𝑃) =  
𝑇𝑃

𝑇𝑃+𝐹𝑃
        (3) 

 
Javed et al. (2025) stated that recall measures a model's capacity to accurately identify all 
significant positive instances. It is defined as: 

          𝑅𝑒𝑐𝑎𝑙𝑙 (𝑅) =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
         (4) 

 
The F1-Score represents the harmonic mean of Precision and Recall, providing a distinct 
metric that harmonizes both aspects (Zaffar et al., 2018). The calculation of the F1-Score is as 
follows: 

      𝐹1 − 𝑆𝑐𝑜𝑟𝑒 (𝐹1) = 2 𝑥 
𝑃 𝑥 𝑅

𝑃+𝑅
        (5) 

 
The ROC-AUC (Receiver Operating Characteristic - Area Under the Curve) is utilized to 
assess the effectiveness of multi-class classification models by determining the area beneath 
the ROC curve through a One-vs-Rest (OvR) approach. The AUC value ranges from 0 to 1, 
where higher values signify superior discrimination among classes. 
 
RESULTS AND DISCUSSION  
The results depict the performance of the models across different attribute subsets, utilizing 
standard evaluation metrics such as accuracy, precision, recall, F1-score, and ROC-AUC. Also, 
feature importance is investigated to see how it shapes student assessment decisions. 
  
Info Gain with SMOTE-EN 
This section states the result derived from assessing the performance of machine learning 
models through the Information Gain feature selection method with SMOTE-ENN. The 
findings illustrate the effectiveness of each model when utilizing the selected top features 
within a balanced data context. 
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Figure 2: Info-Gain feature selection output 

 
Figure 2 illustrates the ten most significant features selected through the Info-Gain selection 
technique. The bar graph highlights the importance scores attributed to each feature in 
relation to their mutual information with the class variable. This visualization effectively 
differentiates the attributes that play a crucial role in the classification task, with taller bars 
indicating greater predictive value. This graphical representation not only validates the 
discriminative power of the selected features but also provides a clear understanding of their 
individual contributions, thus enhancing model interpretability and rationalizing their 
inclusion in the final classification models. 
 
Table 1: Classification Report using Filter (Information Gain) Features selection method. 

Model name Accuracy  Precision  Recall  F1-score  AUC 

Random Forest 0.95 0.92 0.89 0.90 0.98 

Support Vector Machine 0.96 0.93 0.89 0.90 0.99 
Logistic Regression 0.71 0.63 0.60 0.60 0.87 
XGBoost 0.92 0.90 0.88 0.88 0.96 

 

The outcomes derived from the assessment of machine learning models utilizing the Filter 
feature selection method based on Information Gain reveal a notable disparity in performance 
among the classifiers evaluated. The SVM model achieved the highest overall performance 
among the assessed models, yielding an accuracy of 0.96, a precision of 0.93, a recall of 0.89, 
and an F1-score of 0.90. The AUC value was recorded at 0.99, signifying an exceptional 
capability to differentiate between the various classes present in the dataset. This indicates 
that SVM, when paired with the leading attributes selected through mutual information, is 
highly proficient in tackling multi-class classification challenges related to student learning 
assessment (Nayak et al., 2023). 
 
RF achieved an accuracy of 0.95, precision of 0.92, recall of 0.89, F1-score of 0.90, and an AUC 
of 0.98. These metrics demonstrate the model's strong performance and its ability to generalize 
effectively across the different folds during cross-validation. The consistent scores between 
SVM and Random Forest imply that both models possess the capability to learn complex 
patterns from the filtered attributes with minimal overfitting. 
 
XGBoost also delivered competitive results, achieving an accuracy of 0.92, precision of 0.90, 
recall of 0.88, and an F1-score of 0.88. Its AUC score of 0.96 confirms that the model retains a 
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robust discriminatory power. The slightly lower recall and F1-score in comparison to SVM 
and Random Forest suggest that while XGBoost captures the majority of significant instances, 
its performance is marginally less optimal in achieving a balance between precision and recall. 
LR exhibited the least effective performance among all classifiers. It achieved an accuracy of 
0.71, a precision of 0.63, a recall of 0.60, and an F1-score of 0.60, along with a corresponding 
AUC of 0.87. These findings indicate that Logistic Regression has difficulty in effectively 
learning from the chosen attributes, likely due to its linear characteristics and limited ability 
to model complex, nonlinear relationships present in the dataset (Javed et al. 2025). Figure 3 
illustrates the graphical representation of Table 1. 
 

 
Figure 3: Graphical analysis of evaluation metrics using Filter (Information Gain) Features. 

 
Wrapper (RFE) Features with SMOTE-EN 
The RFE method identifies the most significant subset of features by assessing model 
performance with SMOTE-ENN to handle class imbalance and the elimination of noise in the 
dataset. These   techniques are designed to enhance model accuracy, and improve the 
interpretability of classification results. 
 

 
Figure 4: Top ten feature importance using wrapper approach. 

 
Figure 4 illustrates the result of RFE technique showing features that enhance model 
performance by removing the least relevant attributes. In the chart, all ten attributes are 
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indicated as "Selected" (binary value = 1), confirming that each was retained as part of the 
optimal feature subset determined by the wrapper method. 
 
The RFE method selects subsets of attributes together. So, all 10 attributes are regarded as 
equally important in the chart. RFE assesses attributes within the framework of a specific 
model, rendering it more customized and frequently more effective than traditional statistical 
methods. It led to enhancements in classification accuracy, F1-score, and AUC (Hinojosa et 
al., 2025). 
 
Table 2: Evaluation using RFE Features  

Model name Accuracy  Precision  Recall  F1-score  AUC 

Random Forest 0.94 0.91 0.89 0.89 0.98 
Support Vector Machine 0.92 0.91 0.85 0.86 0.98 

Logistic Regression 0.71 0.65 0.61 0.60 0.88 

XGBoost 0.91 0.90 0.88 0.88 0.97 

 

The findings derived from the Wrapper feature selection method utilizing RFE, as illustrated 
in Table 2, demonstrate significant variations in model performance among the assessed 
classifiers. Random Forest was identified as the leading model, achieving an accuracy of 0.94, 
a precision of 0.91, a recall of 0.89, and an F1-score of 0.89. Its AUC score of 0.98 reflects 
discriminatory ability, indicating that the features selected by RFE were pertinent for the 
ensemble model.  
 
SVM also exhibited commendable performance, attaining an accuracy of 0.92 and matching 
Random Forest’s precision at 0.91. The recall of 0.85 and F1-score of 0.86 were lower, 
suggesting that while the model accurately predicted positive instances with high precision, 
it overlooked more relevant cases compared to Random Forest. The AUC score of 0.98 affirms 
that the model maintained a high level of sensitivity and specificity during classification. 
XGBoost achieved an accuracy of 0.91, a precision of 0.90, a recall of 0.88, and an F1-score of 
0.88. Its AUC of 0.97 confirms its strong predictive capability, asserting that RFE was 
successful in selecting the optimal attributes for this gradient boosting model. Although it 
lagged behind Random Forest and SVM in certain metrics, XGBoost produced a consistent 
performance. 
 
LR, as observed in earlier experiments, exhibited the weakest performance. With an accuracy 
of 0.71, a precision of 0.65, a recall of 0.61, and an F1-score of 0.60, the model struggled to 
classify the records effectively using the selected attributes. Its AUC of 0.88, while reasonable, 
was still considerably lower than that of the kernel-based models. This outcome highlights 
the limitations of linear models when addressing complex relationships in high-dimensional 
datasets, even when utilizing the best feature subsets. 
 
The Wrapper-based feature selection method, combined with SMOTE-ENN, enhanced the 
performance of non-linear classifiers, particularly RF, achieved the highest performance. 
These findings emphasize the importance of attribute optimization and hybrid preprocessing 
in prediction task. Figure 5 illustrates the graphical representation of Table 2. 
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Figure 5: Graphical analysis of evaluation metrics using Wrapper Features selection.  

 
Embedded (RF Feature Importance) Features with SMOTE-EN 
This section outlines the outcomes obtained through the embedded feature selection method 
that utilizes the significance of features from the RF model, in conjunction with the SMOTE-
ENN class balancing technique. The embedded method capitalizes on the inherent structure 
of the Random Forest model to evaluate and select the most impactful attributes during the 
training process, while SMOTE-ENN addresses class imbalance by combining synthetic 
oversampling with noise reduction. This combination seeks to enhance classification 
performance by emphasizing highly informative features and ensuring a balanced 
representation of all classes within the student learning assessment dataset. 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 6: Top ten feature importance using embedded approach. 

 
 
The figure 6 presents the result of embedded feature selection method. The significance of 
features is assessed during training of the model, based on the extent to which each feature 
enhances classification performance. Class participation emerges as the most significant 
feature, with the relevance score of about 0.17. This indicates that active engagement in class 
serves as a strong predictor of either student performance or classification outcomes. Reading 
material preference, GPA, and daily study hours also rank high, contributing to the model's 
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performance. Sex, accommodation, lecture notes usage, and age exhibit moderate significance. 
Self-study time and online material usage were ranked lowest. The feature analysis using 
embedded feature selection show that academic engagement attributes influence 
classification results. 
 
Table 3: Evaluation using Embedded (RF Feature Importance) Features  

Model name Accuracy  Precision  Recall  F1-score  AUC 

Random Forest 0.95 0.93 0.90 0.90 0.98 

Support Vector Machine 0.96 0.89 0.90 0.90 0.99 

Logistic Regression 0.71 0.63 0.60 0.60 0.87 

XGBoost 0.92 0.92 0.89 0.89 0.97 

 
The result from the embedded feature selection technique based on the importance of features 
in RF, with SMOTE-ENN in Table 3, highlight a robust classification performance evaluated 
ML models. The SVM achieved the highest accuracy of 0.96, accompanied by a recall and F1-
score of 0.90, and an AUC of 0.99. Although it exhibited a lower precision of 0.89 in 
comparison to other models, its overall performance is outstanding. 
 
RF which was also employed for feature selection, demonstrated consistent performance, 
yielding an accuracy of 0.95, a precision of 0.93, a recall of 0.90, and an F1-score of 0.90. Its 
AUC of 0.98 indicates a strong capability to distinguish between the target classes. The 
correlation between the model's high performance and the embedded feature selection 
method underscores the significance of the selected attributes in facilitating robust 
predictions. 
 
XGBoost also exhibited competitive performance, achieving an accuracy of 0.92, with 
precision and recall values of 0.92 and 0.89 respectively, and an F1-score of 0.89. Its AUC value 
of 0.97 illustrates that the selected attributes retained high predictive value. The performance 
indicates XGBoost’s proficiency in effectively learning from the attribute set derived from the 
significance scores of Random Forest, although it lagged behind the top two models in terms 
of accuracy and AUC. 
 
LR yielded the lowest performance metrics, achieving an accuracy of 0.71, a precision of 0.63, 
a recall of 0.60, and an F1-score of 0.60. The AUC score of 0.87 indicates that although the 
model possesses some degree of discriminative ability, it did not utilize the selected attributes 
for precise classification. The model was not able to capture complex relationships in the 
dataset. 

 
Figure 7: Graphical analysis of evaluation metrics using Embedded Features selection. 
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CONCLUSION 
The research employed a hybrid data preprocessing pipeline that integrates SMOTE-ENN and 
filter, wrapper, and embedded techniques. The filter-based method when applied, SVM 
achieved an accuracy of 0.96, precision of 0.93, recall of 0.89, F1-score of 0.90, and an AUC of 
0.99. RF got an accuracy of 0.95 and an AUC of 0.98. XGBoost attained an accuracy of 0.92, 
whereas LR lagged behind with an accuracy of 0.71 and the lowest F1-score of 0.60. When the 
wrapper-based Recursive method was applied, RF achieved an accuracy of 0.94, precision of 
0.91, recall of 0.89, F1-score of 0.89, and an AUC of 0.98. SVM recorded an accuracy of 0.92, 
precision of 0.91, and an AUC of 0.98. XGBoost got an accuracy of 0.91 and an AUC of 0.97. 
LR performed very poor, with an accuracy of only 0.71 and a F1-score of 0.60. The embedded 
technique produced significant output. SVM got an accuracy of 0.96, recall of 0.90, F1-score of 
0.90, and an AUC of 0.99. RF achieve an accuracy of 0.95 and an AUC of 0.98. XGBoost 
recorded an accuracy of 0.92, with both recall and F1-score at 0.89. LR achieved a maximum 
accuracy of only 0.71 and an AUC of 0.87. The result shows the significance of feature selection 
and data balancing in prediction tasks. 
 
RECOMMENDATION 
Additional classifiers such as k-Nearest Neighbors, Naïve Bayes, or Decision Trees should be 
used to evaluate their performance under similar preprocessing scenarios. Also, advanced 
optimization techniques like Bayesian hyperparameter tuning or evolutionary search could 
be utilized to refine model parameters further. The incorporation of explainable AI 
frameworks will yield insights into feature contributions. 
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