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 Student speculative victory is a vital area that needs to be predicted to 

improve the quality of education and aid the institutional decision making. 

This research work has to planned to use learning based enhanced evaluation 

(LEE) feature selection method with real world educational datasets for 

optimized data mining approach to predict student performance. High 

dimensionality and irrelevant features are common problems with enhanced 

models, affecting classification accuracy and efficiency. LEE feature 

algorithm is used to extract important features, that enhance the performance 

of the model, reduce the calculation quantity of the model. The methodology 

consists of pre-processing of the dataset, feature selection using LEE 

algorithm, and testing four classifiers namely support vector machine 

(SVM), k-nearest neighbor (KNN), adaptive learning, and naïve Bayes. The 

incorporation of LEE improves the model’s ability by reducing noise and 

highlighting the influential features. Experimental results show that 

optimized techniques are better in terms of accuracy and robustness than 

others. The models are evaluated based on important performance metrics 

such as accuracy, precision, recall, F1-score, and training time. The 

enhanced approach will help to add to the literature of the field of 

educational data mining (EDM), providing a practical and effective way of 

predicting student performance in real academic settings. 
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1. INTRODUCTION 

A new emphasis of educational data mining (EDM) has been the ability to envisage academic 

performance of students. To frustrate this, feature selection techniques play an important role in finding the 

attributes of utmost importance to affect students’ performance [1]. This study proposes an optimized data 

mining approach, which uses the learning based enhanced evaluation (LEE) feature selection algorithm to 

enhance the predictive model accuracy and efficiency. The proposed framework, which uses LEE to real 

world educational data, discards redundant and uninformative features and allows more accurate predictions 

https://creativecommons.org/licenses/by-sa/4.0/
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[2]. These selected features are then applied in training and testing several classification algorithms such as 

support vector machine (SVM), k-nearest neighbor (KNN), adaptive learning, and naïve Bayes classification 

which are well established in classification problems [3]. The traditional models are often found to be  

sub-optimal in capturing the complex nonlinear relationship in environmental data and thus in predicting the 

data with an acceptable accuracy [4].  

While the potential of machine learning algorithm to predict tunnel ground behavior has been shown 

in recent studies, there are still several key challenges [5]. There are very few publicly available large 

datasets of labelled, labeled data which support long-term tunnel performance and only a limited number of 

empirical models trained on small site-specific data sets which do not have the generality necessary for use 

across a range of geological and excavation conditions. This variety of student difference in learning styles is 

an important challenge when designing effective instructional strategies [6]. The visual, auditory, kinesthetic 

(VAK) model gives a theoretical basis for classification of learners, but conventional assessment methods are 

based on subjective questionnaires, manual assessment and require much time and are not accurate enough 

[7]. But the previous study lacks of strong predictive models which can classify learning activities into 

learning style categories with high accuracy without facing the problem of “feature selection,” “class 

imbalance,” and “overfitting”. Academic pressure, irregular life and psychological problems are often 

encountered by university students that have a great impact on their subjective well-being (SWB) [8].  

An important challenge in creating accurate predictive models is the fact that student performance 

data sets are often imbalanced, with a majority of students typically in the “average” or “pass” classes, and a 

minority of students in classes such as “excellent” or “fail” [9]. This imbalance creates an opportunity for 

biased model training, causing machine learning algorithms to be more effective at detecting the majority 

class and leading to inaccurate detection and misclassification of students at risk of academic failure. As a 

result, the models’ predictive reliability, fairness, and generalizability is considerably hampered [10]. 

 

 

2. LITERATURE REVIEW 

The recent research area is a growing area of research to gain insights from large-scale educational 

data, which can be used to improve student outcomes and to guide decision making. Many machine learning 

and data mining algorithms have been used to predict student performance including SVM, decision trees 

(DT), KNN, naïve Bayes, and ensemble models. Chen et al. [11] has subsidized to the existing body of 

knowledge by reviewing the application of machine learning techniques in higher education with a focus on 

predicting students’ performance, learning engagement, and self-efficacy. Bilal et al. [12] had illustrated with 

a methodical preprocessing method to overcome spelling variations, textual noise and lack of grammatical 

uniformity in Roman-Urdu opinions. Guo et al. [13] has indistinguishable momentous of this study that 

provides large-scale, prospective and multicenter cohort evidence on the health, behavioral and psychosocial 

development of Chinese adolescents [13]. Siddiqua et al. [14] has introduced with new enhances to the 

artificial intelligence (AI) field of mental health, proposing AIDA—a novel AI-based framework for 

assessing depression in the context of Bangladeshi students. The proposed methods with associations of 

socially relevant factors and validated psychological metrics to improve contextual accuracy.  

Pourhosseini et al. [15] has significant novelty of this work is the novel hybrid support vector 

machine (NHSVM) framework have been established and optimized for accurate prediction of total dissolved 

solids (TDS) in water systems. The anticipated hybrid SVM approach combines the strengths of conventional 

predictive models with optimization techniques and intelligent learning mechanisms, boosting the robustness 

and predictive accuracy of the models. Dashtgoli et al. [16] had illustrate of this research is based on  

data-driven methods to accurately and efficiently predict using conventional numerical or empirical methods, 

which demands complex assumptions, high computational cost, and limited adaptability to the heterogeneous 

soil conditions. Song et al. [17] has a context for multidimensional investigation is obtainable, coalescing 

idiosyncratic reaction and objective environmental parameters, to predict thermal comfort in library spaces 

where user satisfaction and concentration are highly sensitive to microclimatic conditions. The primary 

innovation of this work is the design of a modified and explicable assessment and enhancement of 

methodology for neurosurgical skills based on virtual reality (VR) simulations [18]. Its suggestions were 

thorough review of the current methodologies in EEG-based stress assessment, with a focus on trends, 

progress, and the efficacy of different signal processing and machine learning [19].  

Mumenin et al. [20] had illustrate on the existing method subsidizes to the field of mental health 

assessment in higher education by developing an effective and data-driven approach for early detection of 

depression among university students. Shoaib et al. [21] has illustrate on the key role is in uniting  

multi-attribute analysis with the development of advanced predictive modelling to facilitate the correct 

identification of graduates’ career change, job stability and sectoral mobility. The study presents a systematic 

combination of several predictive algorithms such as SVM, KNN, naïve Bayes and ensemble models, which 
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accounts for complex patterns in educational data [22]. The algorithm’s applicability in real-world academic 

environments is illustrated by the work of Khan et al. [23] which shows how the algorithm can be applied in 

a variety of academic contexts, making it a powerful and scalable tool for educational institutions to improve 

student success and retention. Waheed et al. [24] had shown how well neural network architectures handle 

complex, non-linear relationships inside educational data, providing a scalable and flexible approach for a 

variety of e-learning platforms. The work presented in this contribution highlights the promise of intelligent 

models that can yield higher quality personalized learning and better enable educational support in self-paced 

learning environment. Ismail and Yusof [25] had classifies different data preprocessing techniques, feature 

selection techniques, and model optimization techniques used in science, technology, engineering, and 

mathematics (STEM) education datasets and provides insightful information about factors that affect the 

prediction accuracy. One of the main drawbacks identified in previous research is inclusion of irrelevant and 

redundant features in education datasets, affecting the efficiency of the models and the computational cost. 

 

 

3. METHODS 

The anticipated approach syndicates with enhanced data mining framework with feature selection 

for improving the prediction of student performance. First, the raw teaching data is collected and  

pre-processed in order to guarantee the quality and consistency of the data. It considers with cut down the 

dimensionality and to remove irrelevant attributes, LEE feature selection algorithm is used which is used to 

identify the most important predictors leading to the student’s academic outcomes systematically and 

systematically. Enhanced LEE feature selection algorithm is one of the enhanced versions of the traditional 

LEE method that considered to recognize the most pertinent structures while plummeting redundancy and 

computational cost. It involves an iterative process of learning, evaluation, and elimination and is well suited 

to educational data sets with a number of academic, demographic, and behavioral attributes. It contains  

socio-economic, gender and demographic factors that aid in discerning trends and disparities at the 

population level. The basic data in the dataset are usually academic attributes, such as marks in the internal 

assessments, marks in assignments, attendance percentage, previous semester grades, and examination 

grades. The target variable is typically a numeric score or a pass/fail mark, or a grade category (excellent, 

good, average, and poor). Before the model is trained, there are preprocessing steps to be taken for the data 

set, including filling in missing data, normalizing the data, encoding categorical data and feature selection 

(such as modified LEE feature selection). 

 

3.1.  Optimized learning based enhanced evaluation feature selection with SVM classifier 

The proposed work syndicates the optimized LEE feature selection with SVM classifier, to achieve 

better accuracy and efficiency in predicting student performance. The optimized feature space is then fed to 

an SVM classifier which forms a decision boundary that separates the categories of students’ performance 

with a maximum margin. The process of optimized LEE feature selection with SVM classifier for student 

performance prediction (SPP) is shown in Figure 1. It starts with the preprocessing procedures, which include 

the imputation of missing values, normalization, and encoding. The evaluation of each feature is performed 

by LEE function that combines feature relevance with feature redundancy with weight parameters α and β. 

The best feature subset is then chosen to maximize the discriminative power. This simplified representation is 

given to the SVM classifier, and kernel functions are used to calculate the decision boundaries. 

 

3.1.1. Learning based enhanced evaluation feature selection 

LEE feature selection technique is used to select important features of student data to retain only the 

most informative predictors for performance modelling. 

 

LEE ( 𝑓𝑗) = 𝛼 × 𝑅𝑒𝑙( 𝑓𝑗, 𝑦) − 𝛽 × 𝑅𝑒𝑑 ( 𝑓𝑗, 𝐹) (1) 

 

𝐹∗ = 𝑎𝑟𝑔𝑚𝑎𝑥 ∑ 𝐿𝑒𝑒 (𝑓𝑗)  𝑓𝑜𝑟 𝑓𝑗  ∈ 𝑋 (2) 

 

Where 𝑅𝑒𝑙( 𝑓𝑗, 𝑦) relevance of feature 𝑓𝑗 with respect to target 𝑦 (measured using mutual information or 

correlation). 𝑅𝑒𝑑 (𝑓𝑗, 𝐹) redundancy of 𝑓𝑗with already selected feature set F. 𝛼, 𝑎𝑛𝑑 𝛽 weight parameters to 

balance relevance and redundancy. 𝐹∗represents the optimized subset of features. 

 

3.1.2. Optimized learning based enhanced evaluation based SVM classifier 

After feature selection, the refined dataset is classified using SVM. SVM aims to find the optimal 

hyperplane H that maximizes the margin between classes. 
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𝑓(𝑥) = 𝑠𝑖𝑔𝑛 (∑ 𝛼𝑖, 𝑦𝑖, 𝐾 (𝑥𝑖, 𝑥) + 𝑏) (3) 
 

Here, 𝛼𝑖 are lagrange multipliers, 𝑦𝑖 is a class label values, 𝐾 (𝑥𝑖, 𝑥) is the kernel function, b is the bias term. 
 

 

 
 

Figure 1. Optimized LEE based support vector machine (LSVM) algorithm used to SPP 
 

 

3.2.  Enhanced learning based enhanced evaluation feature selection with KNN 

The features are selected using the enhanced LEE feature selection method and classified using the 

KNN classifier with an aim of enhancing classification accuracy by eliminating irrelevant and redundant 

features. The optimized LEE feature selection and the KNN rule for predicting student performance is 

illustrated as in Figure 2. Data preprocessing steps start with the treatment of missing data, normalization, 

and encoding. The LEE function is used for each feature to determine its relevance to class labels and 

minimize redundancy. The optimal feature subset F* is the one that maximizes the value of LEE. This 

simplified feature set is then fed into the KNN classifier, and the Euclidean distance is calculated to find the 

K nearest neighbors. The predicted label is given by the majority voting with neighbor. 
 

3.2.1. Optimized learning based enhanced evaluation based KNN classifier rule 

The optimized LEE based k-nearest neighbor (LKNN) classifier rule classifies a new data point 

according to the maximum class of its nearest neighbors. It is based on the distance between the new instance 

and all the training instances and choose the k nearest ones and use majority voting (or weighted voting) for 

deciding which label to assign to the new instance. 
 

𝑑(𝑥, 𝑥𝑖) =  √∑ (𝑥𝑗 − 𝑥𝑖𝑗)
2𝑚

𝑗=1  (4) 

 

𝑦̂ = ∑ 1(𝑦𝑖 = 𝑐)𝑖∈𝑁𝑘𝑐∈𝐶

𝑎𝑟𝑔𝑚𝑎𝑥
 (5) 

 

Where c is class label values and 𝑦𝑖  is denoted by class of neighbor i, then 1 is denoted by indicator function 

(1 if true, 0 otherwise). The enhanced LEE method systematically selects features that are simultaneously 

informative, non-redundant, and stable across validation folds. 
 

3.3.  Optimized learning based enhanced evaluation feature selection with adaptive learning algorithm 

The optimized LEE feature selection with adaptive learning algorithm has integrated the advantages 

of dimensionality reduction and dynamic learning to improve prediction accuracy. However, the LEE method 

selects most informative and relevant features from the dataset, removing the redundant and noisy features 

and hence reducing the computational complexity. The optimized LEE feature selection integrated with 

adaptive learning algorithm for SPP is shown in Figure 3. The first step in the procedure is preprocessing of 

the educational data, such as dealing with missing values, normalizing the data, and encoding the data. These 

features are scored with the LEE function which is a balance measure of relevance to the target (student 

performance) and redundancy with other features. This adaptive mechanism will stabilize training, improve 

convergence and avoid overfitting. 
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Figure 2. Enhanced LEE feature selection with KNN applied on SPP 

 

 

 
 

Figure 3. Optimized LEE feature selection with adaptive learning algorithm using SPP 

 

 

3.3.1. Optimized adaptive learning classifier 

The optimized adaptive learning classifier (AdaBoost classifier algorithms are applied into student 

dataset to predict the student academic performance then integrating with feature selection techniques that 

incorporates with LEE techniques to reduce the noise and improve the efficiency) is a machine learning 

approach where the model dynamically adjusts its learning process based on the data, environment, or 

training progress. Adaptive learning classifiers change their learning rate, weights, and/or decision 

boundaries during learning to maximize performance and stabilize learning, whereas static classifiers do not 

adjust their parameters during learning and use a fixed learning rate. 
 

𝐿(𝜃) =  
1

𝑛
∑ 𝜄𝑛

𝑖=1 (𝑓(𝑥𝑖; 𝜃). 𝑦𝑖) (6) 

 

𝜂𝑡+1 =   𝜂𝑡  .
1

1+𝛼.𝑡
 (7) 

 

Here, 𝛼 is a decay factor and 𝑡 is the iteration. This prevents overshooting in early stages and allows  

fine-tuning later. 
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3.4.  Optimized learning based enhanced evaluation feature selection with naïve Bayes algorithm 

Optimized LEE feature selection with naïve Bayes algorithm improves the SPP by selecting most 

relevant features and eliminating noise and redundancy in the data. The LEE approach determines the subset 

of attributes that is most useful in maximizing classification accuracy and naïve Bayes is used on this 

streamlined feature space because of its simplicity and efficiency. The optimized LEE feature selection with 

naïve Bayes algorithm for SPP is shown in Figure 4. It starts with preprocessing, missing value treatment, 

normalization and encoding to make sure the data is consistent. Each feature is then examined by the LEE 

function, and the significance is calculated based on the correlation between the feature and the target class 

and on the redundancy of the features. This lowered dimensionality is then passed on to the naïve Bayes 

classifier, where the posterior probabilities of each class is computed based on Bayes’ theorem. 

 

3.4.1. Naïve Bayes classifier algorithm 

Naïve Bayes classifier is a simple, yet powerful probabilistic machine learning algorithm based on 

Bayes’ theorem assuming conditional independence of features. It approximates the probability of each class, 

given a set of features and assigns the most likely class to the set of input features. 

 

𝑃(𝐶𝑘| 𝑋) =  
𝑃(𝐶𝑘) ∏ 𝑃(𝑥𝑖|𝐶𝑘)𝑛

𝑖=1

𝑃(𝑋)
 (8) 

 

𝑌 = 𝑃(𝐶𝑘) ∏ 𝑃(𝑥𝑖|𝐶𝑘)𝑛
𝑖=1𝐶𝑘

𝑎𝑟𝑔𝑚𝑎𝑥
 (9) 

 

Here, 𝐶𝑘 is denoted with class label values and predict the student information, x is an iteration vector of the 

given data, 𝑃(𝐶𝑘) is denoted with the prior probability of class of 𝐶𝑘, then likelihood function is 𝑥𝑖 and give 

class of 𝐶𝑘. 

 

 

 
 

Figure 4. Optimized LEE feature selection with naïve Bayes algorithm using SPP 

 

 

4. RESULTS AND DISCUSSION 

The data set contains more than 2,765 students’ information and is used to assess the impact of 

LEE-based feature selection on academic performance prediction. The use of LEE greatly improved the 

accuracy of the models by choosing the most pertinent attributes. LEE-based SVM and adaptive learning 

models achieved high accuracy, precision and F1-score among the classifiers used: SVM, KNN, adaptive 

learning, and naïve Bayes. The results show that it is possible to improve the prediction accuracy and 

decrease the training time if the irrelevant and noisy features are removed. 

 

4.1.  Accuracy 

In optimized LEE feature selection framework, accuracy is calculated post feature selection  

(most suitable features) and after classification (KNN, SVM, naïve Bayes, and adaptive learning). The LEE 
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function eliminates redundant and irrelevant features, which can help to reduce noise and improve model 

efficiency. Hence, accuracy is used as a baseline criterion to assess the performance of each classifier in 

predicting student performance. 

 

𝐴𝐶𝑐
̅̅ ̅̅ ̅ =  

1

𝑘
∑ 𝐴𝐶𝐶𝑐

(𝑘)𝑘
𝑘=1  (10) 

 

𝜎𝑐 =  √
1

𝑘−1
 ∑ (𝐴𝐶𝐶𝑐

(𝑘)
−  𝐴𝑐𝑐𝑐

̅̅ ̅̅ ̅̅ )
2

𝑘
𝑘=1  (11) 

 

For comparison across algorithms, present a table of 𝐴𝐶𝑐
̅̅ ̅̅ ̅, 𝜎𝑐. Optionally perform a paired statistical 

test on fold-wise accuracies to check whether the observed 𝐴𝑐𝑐
̅̅ ̅̅ ̅ is statistically significant. This procedure 

ensures a fair, reproducible comparison of how optimized LEE affects each classifier’s predictive 

performance on the student-performance dataset. 

In the Table 1 shows that the overall comparison of the SPP, the prediction with LKNN has the 

highest precision (0.9356) and recall (0.925), which makes it have the best F measure (0.9236) and area 

under the curve or AUC (0.952). The overall balance of LEE based naïve Bayes (LNB) classifier is better 

with AUC =0.965 and it is precision and recall were consistently high with 0.9244 and 0.905 respectively. In 

the meantime, LSVM achieved reliable results with a precision of 0.9057 and an AUC of 0.956; likewise, the 

LEE based adaptive learning (LAL) model still achieved competitive results with a precision of 0.9081 and 

an AUC of 0.960. The results suggest that all algorithms are successful, with the LNB and LKNN algorithms 

providing the highest level of predictive student performance accuracy. 

The comparative performance of the different algorithms (LSVM, LKNN, LNB, and LAL) using the 

precision, recall and F-measure for predicting student performance is shown in Figure 5. The LKNN model 

yielded the best results with a precision of nearly 0.94, a recall rate exceeding 0.92, and an F-measure of 

0.923, demonstrating balanced and accurate classification. The LNB classifier also showed good 

performance with a precision of 0.923, the recall of 0.905 and a competitive F-measure of 0.908. However, 

LSVM and LAL achieved slightly lower results with a precision of about 0.90 and a recall of less than 0.88 

and F-measure below 0.88, which suggests that they lack the sensitivity of identifying real student outcomes. 

 

 

Table 1. Overall comparison of LEE performance measures 
Algorithms Precision  Recall F-measures ROC/AUC 

LSVM 0.905684 0.875 0.858762 0.956 

LKNN 0.935686 0.925 0.923626 0.952 

LNB 0.924397 0.905 0.907986 0.965 
LAL 0.908082 0.875 0.85956 0.960  

 

 

 
 

Figure 5. Performance comparison of optimization approach 

 

 

4.2.  Precision, recall, and F-measure 

The optimized LEE feature selection is done on the student performance dataset to select the most 

discriminative and least redundant attributes, and then fed into various classifiers including KNN, SVM, 

naïve Bayes, and adaptive learning. Each algorithm is tested with precision, recall, and F-measure, providing 
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more insight into the quality of classification than accuracy. For each algorithm, after the LEE selection, 

compute these metrics on the LEE optimized feature set (or on the LEE optimized algorithm-specific feature 

set if you optimize per algorithm). Typically, better improvements from LEE will result in an increase in true 

positive (TP) and decrease in false positive (FP) and/or false negative (FN), leading to an increase in 

precision and/or recall and a larger F-measure. The receiver operating characteristic (ROC) curves of selected 

features using LEE for various classifiers (KNN, SVM, naïve Bayes, and adaptive learning) are shown in 

Figure 6. The models have good discriminative power, with an AUC above 0.95 in all model. The highest 

AUC (0.965) is for the naïve Bayes classier which has the highest classification power for distinguishing 

successful and unsuccessful students. Adaptive learning is next with an AUC of 0.960, indicating good 

adaptability and prediction. SVM records AUC of 0.956, which indicates good decision boundaries while 

KNN records AUC of 0.952, which is slightly less but still useful for pattern recognition applications. 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
Σ𝑖𝑇𝑃𝑖

Σ𝑖(𝑇𝑃𝑖+ 𝐹𝑃𝑖)
 (12) 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
Σ𝑖𝑇𝑃𝑖

Σ𝑖(𝑇𝑃𝑖+ 𝐹𝑁𝑖)
  (13) 

 

𝐹 − 𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑠 =  
1

𝑐
∑ 𝐹, 𝑖.𝑐

𝑖=1  (14) 

 

 

 
 

Figure 6. ROC curves for optimize function applied on SPP 

 

 

4.3.  Time and ROC with AUC  

Typically, two measures are reported for optimized LEE: i) time (wall clock or CPU time) that 

reflects the cost of feature selection and model training/inference and ii) the discrimination performance in 

terms of the ROC curve and its summary measure AUC. In practice, you report the total running time, which 

includes the time spent in feature selection and the time spent computing the classifier output (it is 

continuous scores, which are probabilities or margins, on the test set), and you report the ROC/AUC 

calculated on the probabilities/margins output by the classifier on the test set. 

 

𝑇𝐿𝐸𝐸 = 𝑂(𝑛. 𝑑. 𝑐𝐿𝐸𝐸) (15) 

 

𝑅𝑂𝐶 =  ∑
𝑇𝑃𝑅𝑘+1+ 𝑇𝑃𝑅𝑘

2

𝑚−1
𝑘=1  . (𝐹𝑃𝑅𝑘+1 −  𝐹𝑃𝑅𝑘) (16) 

 

A larger AUC means better classification ability to distinguish students’ success vs failure. The optimized 

LEE-based KNN, SVM, naïve Bayes, and adaptive learning models are therefore compared and contrasted 

based on both execution time and ROC/AUC in order to make a balance between cost and accuracy of SPP. 

The performance of various algorithms with LEE feature selection approach is shown in Table 2, in 

which LKNN algorithm gives highest accuracy (0.925) with the lowest computation time (0.001354s) 

followed by LNB with accuracy (0.905) and computation time (0.001535s). The moderate accuracy of 0.875 
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was achieved by LSVM, whereas the comparatively higher execution times were 0.009047s and 0.007889s 

for LSVM and LAL, respectively. The results underline the efficiency of LKNN and LNB to achieve correct 

prediction of students’ performance while training time is kept to a minimum. As shown in the Figure 7, 

LKNN algorithm has the highest accuracy (0.925) and the lowest computation time (0.001354s), followed by 

LNB with the accuracy of 0.905 and time of 0.001535s. However, LSVM and LAL gave lesser accuracy, i.e., 

0.875, and higher execution time was 0.009047s and 0.007889s, respectively. The results show that LKNN 

and LNB can achieve better prediction accuracy while maintaining the demand for computational resources, 

and achieve better results than LSVM and LAL. 

 

 

Table 2. SPP based on LEE selection approach 
Algorithms Time Accuracy 

LSVM 0.009047 0.875 

LKNN 0.001354 0.925 
LNB 0.001535 0.905 

LAL 0.007889 0.875 

 

 

 
 

Figure 7. Comparison of accuracy and time based on LEE method 

 

 

5. CONCLUSION 

The research paper will be providing an improved data mining model to predict student performance 

using learning-based enhanced evaluation feature selection method and traditional learning classifiers. This 

article showed that pruning irrelevant and redundant features not only increased the classification rates but 

also reduced the computational complexity and was an effective and feasible method in an educational 

environment. Evaluation results thus confirmed that the use of feature optimization is of very critical 

importance in improving the predictive performance of the classifiers used in LEE based on SVM, KNN, 

adaptive learning and naïve Bayes. The experimental has acme the need to assimilate intellectual feature 

selection and predictive models for better decision-making in education. Optimized techniques, however, is 

robust but there is room for refinement. Experimental results show that the accuracy of the framework is 

92.5% and execution time is 0.001354 seconds, and the lowest accuracy is 87.5% with execution time 

0.009047 seconds respectively. In future studies, ensemble learning techniques, deep learning models or 

hybrid optimization methods could be incorporated to better capture more complex student behavior patterns. 

Moreover, having the data collected from a variety of academic institutions and with the integration of  

real-time learning analytics, generalizability and adaptability would be enhanced further. This would have 

even greater implications for the use of the approach and would give teachers even better tools for boosting 

student success. 
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