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In recent years, assessing and forecasting student academic performance has become increasingly important in the field of educational data mining. With the rise of digital learning platforms and the availability of massive quantities of student data, educators and institutions are looking for data-driven solutions to identify at-risk kids early on, tailor learning experiences, and enhance overall academic performance. One of the most promising ways is to classify student performance using machine learning techniques, which allows forecasts of future accomplishment based on historical and behavioral data [1].
However, the efficiency of any classification model is heavily reliant on the quality and relevancy of the characteristics utilized. In this setting, feature selection is critical for increasing model accuracy, decreasing overfitting, and boosting computing efficiency. Researchers may create more robust and interpretable models by identifying the most relevant factors, which include attendance, study time, parental education level, and past grades [2].
The combination of machine learning (ML), deep learning (DL), and large language models (LLM) has substantially expanded the field of educational analytics, particularly in terms of understanding and forecasting student performance. Machine learning algorithms are critical for evaluating large educational datasets, finding student behavior patterns, and categorizing pupils according to their academic risk levels. These models allow institutions to reliably forecast performance outcomes, which supports proactive interventions. Deep learning improves prediction accuracy by revealing hidden correlations between variables including attendance, socioeconomic background, emotional state, and learning engagement. Furthermore, massive language models, such as OpenAI's GPT and Google's BERT, have expanded educational capabilities by evaluating unstructured data such as student comments, essays, discussion forums, and communication logs. These algorithms may extract sentiment, detect perplexity or disinterest, and give tailored recommendations or learning assistance. These technologies enable educators and decision-makers to shift from reactive to predictive techniques, resulting in data-driven, student-centered education systems that enhance learning outcomes, lower dropout rates, and promote academic parity [3].

[bookmark: _Toc203104425]Problem Definition 
Despite the widespread availability of student data across academic institutions, many schools and colleges continue to struggle with identifying students at risk of academic underperformance in a timely and efficient way. Traditional methods of performance monitoring frequently rely on post-exam findings, which do not allow for early intervention or individualized assistance.
Furthermore, the increasing volume and complexity of educational data—from demographics and attendance to behavioral and psychometric factors—makes it difficult to identify the elements that are most likely to predict student performance. Including unnecessary or redundant features in predictive models can impair classification accuracy, increase computation time, and reduce the interpretability of outcomes.
There is thus an urgent need to create a data-driven categorization system capable of reliably predicting student success using just the most important features. This would necessitate merging attribute selection strategies with efficient classification algorithms in order to not only increase predicted performance but also give practical insights into the critical aspects determining academic attainment. There are many problems that we will seek to solve in this thesis:

· Delayed Identification: Traditional academic testing systems frequently detect troubled children after their low performance has begun, limiting prospects for early assistance.
· High Data Complexity: Educational statistics frequently comprise a diverse variety of attributes (e.g., demographics, attendance, and conduct), making it challenging to identify variables that genuinely impact student success.
· The Need for Accurate Classification: Efficient and accurate machine learning models are required to forecast student performance prior to final findings, allowing for more informed decision making.
· Unprioritized Characteristics: Without adequate characteristic selection approaches, models can become too complicated and difficult to understand for educators and stakeholders.
· Limited Insight for Educators: Many existing methods do not give clear and practical insights on the elements that most influence student success or failure.




[bookmark: _Toc203104426]Thesis Objectives 
This study focuses on using classification algorithms and feature selection strategies to predict student performance. The objective is not just to enhance forecast accuracy, but also to identify the most relevant characteristics that influence academic achievement. These findings can help inform data-driven decision-making in education policies and practices, resulting in more fair and effective learning environments.
· Create an effective model for categorizing student performance using machine learning techniques, then refine it by employing feature selection approaches to increase accuracy, efficiency, and interpretability.
· Collect and analyze student data from academic records, demographic files, behavior records, and attendance systems before analyzing.
· Use a variety of classification methods (e.g., decision trees, support vector machines, and random forests) to forecast student performance categories (high, average, and low).
· Apply and evaluate various feature selection strategies (e.g., filters, wrapper methods, and embedding methods) to determine the factors that have the greatest influence on academic achievement.
· Assess classification model performance utilizing important measures such as accuracy, precision, recall, and F1 score, with or without feature selection.
· Provide educational insights and suggestions based on the chosen characteristics and categorization findings to aid in early intervention and strategic planning in academic institutions.

[bookmark: _Toc203104427]Thesis Contribution 

This thesis contributes significantly to the subject of educational data mining and academic achievement prediction.
· Creating a Predictive Framework: This thesis introduces a complete framework that integrates machine learning classification techniques with feature selection approaches to predict student performance with improved accuracy and lower computing complexity.
· Practical Contribution to Early Intervention: The study provides a useful decision-support tool that assists institutions in identifying at-risk students early in the semester, allowing for timely interventions that can improve performance results.
· Beneficial and Comparative Analysis: The study contains a deep comparison of several machine learning models and feature selection strategies, which will serve as a baseline for future research in student analytics.
· Context-Related Value: If the study is carried out inside a given institution or area, it helps to provide relevant local information for policy and curricular changes in similar academic environments.
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This thesis is divided into six major parts, each covering an important aspect of study into student performance categorization and feature selection:


Chapter 2: Overview
· This chapter gives a fundamental introduction of educational data mining (EDM), including its concept, significance, and primary uses. It also provides insight into how educational data mining tools might be used to predict academic success.

Chapter 3: Related Works
· This chapter discusses recent studies and research on student performance prediction, feature selection, and machine learning applications in education. It provides a historical background on the evolution of the methodologies and identifies the research need filled by this thesis.

Chapter 4: Proposed Methodology
· This chapter goes over the research methods in depth. It encompasses the stages involved in data preparation, selecting classification algorithms, using feature selection approaches, and the entire experimental design.



Chapter 5: Experimental Results and Discussion
· This chapter shows and examines the experimental data obtained using the proposed models. Performance indicators including accuracy, precision, recall, and F1 score are used to assess and compare the efficacy of various techniques. The findings are evaluated in light of the research goals.

Chapter 6: Conclusion and Future Studies
· The last chapter highlights and examines the research's key results and contributions. It also highlights the most essential elements impacting student performance and makes recommendations for future study based on the findings of this thesis.
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In this chapter, we will discuss the Data flow diagram and the Entity relationship diagram, while addressing the importance of machine learning in extracting and predicting data in order to develop students’ efficiency based on their previous data.

[bookmark: _Toc203104430]Introduction 
Classification is important in educational analytics because it allows for the prediction and classification of student outcomes. It helps schools assess student behavior patterns, learning styles, and academic success. Educational systems can use classification algorithms such as decision trees, neural networks, or support vector machines to identify students as "at-risk," "average," or "high-performing." These findings are crucial for early intervention, targeted tutoring, resource allocation, and policy formulation. Without categorization, educational data is unorganized and underused, reducing its strategic value [4].
On the other hand, feature selection is critical for increasing the efficiency, accuracy, and interpretability of classification models. This entails picking the most important variables from a dataset while removing redundant or superfluous ones. In terms of student performance, this may entail determining which behavioral signals—such as attendance, involvement on online platforms, or homework submission rates—are most predictive of academic achievement. Feature selection reduces data dimensionality, which helps decrease overfitting, training time, and improves model generalization on previously unknown data.
When coupled, classification and feature selection form a strong foundation for developing accurate and computationally efficient forecasting algorithms. Feature selection ensures that only meaningful data is sent into the classifier, whereas classification converts this data into actionable predictions. This synergy leads to more effective learning environments by allowing instructors to make quick, evidence-based decisions that help students succeed.
In recent years, the use of feature selection algorithms on medical datasets has grown dramatically. The difficult challenge of feature selection is to find an ideal collection of relevant, non-redundant characteristics that will offer an optimal solution without complicating the modeling work. As a result, there is a need to educate practitioners about successful feature selection approaches for medical datasets, as well as highlight future developments in this sector. The findings show that the majority of available feature selection approaches use univariate classification, which overlooks variable interactions and selection algorithm stability. Furthermore, techniques with high accuracy use a greater number of characteristics [4].
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قد يكون المحتوى الذي تم إنشاؤه بواسطة الذكاء الاصطناعي غير صحيح.]
Figure 1: Data flow diagram
The method of categorizing student performance starts with the collecting of raw data, which includes demographic information, academic grades, and, most crucially for this study, online learning activities. These digital artifacts, such as login frequency, time spent on educational platforms, and assignment submission records, provide a wealth of behavioral data that may be utilized to predict students' involvement with learning and its consequences.
After data gathering, it goes through a cleaning process to assure dependability and quality. This step addresses missing data and removes characteristics with minimal variance using a variance threshold. This helps to reduce unnecessary or duplicate features that may bring noise or bias into the model.
The cleansed data is subsequently subjected to preprocessing operations that apply attribute metrics using approaches such as standardized score normalization. Furthermore, to solve class imbalance difficulties, such as when passing students exceed failing students, the synthetic minority oversampling method (SMOTE) is employed. These preprocessing processes are crucial for ensuring that the classifiers work accurately and fairly.
Next, the dataset is subjected to feature selection, in which several algorithms determine the most important predictors of student success. Both filter-based approaches (information gain, chi-square, and Pearson's correlation) and wrapper-based methods (forward and backward sequential selection) are investigated. This phase decreases the dataset's dimensionality, minimizes overfitting, and enhances the model's interpretability and efficiency.
After choosing the relevant features, the dataset is divided into training and testing sets using five-fold cross-validation, a strong approach that allows the model to be assessed on several test sets, increasing the reliability of the findings. The selected characteristics are then used to train a variety of machine learning models, including multi-layer perceptrons (MLPs), artificial neural networks (ANNs), support vector machines (SVMs), and k-nearest neighbors (KNNs).
The performance of each model is measured using common classification measures like as accuracy, precision, recall, and F1 score. These measures offer a complete picture of how effectively the model predicts student performance, particularly when dealing with imbalanced classrooms or complicated data patterns.
Finally, the procedure culminates with prediction outputs, which rank pupils according to their projected performance. Educators and organizations may utilize these predictions to identify at-risk pupils early on, conduct targeted interventions, and promote individualized learning practices.
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Figure 2: Entity relation diagram

The student performance prediction system combines student behavior patterns and academic outcomes to predict academic success or failure. The student is the focal point of this paradigm, interacting with the learning environment through a variety of channels, the most notable of which are online activities and formal examinations.
The online activities system captures data created by students when interacting with digital learning systems. This might include indicators like log-in frequency, time spent on learning modules, involvement in discussion forums, or passing online quizzes. These tasks give useful behavioral indications about a student's involvement, discipline, and study habits.
At the same time, students take part in evaluations that include test results, assignment grades, and project grades. These are classic indices of academic accomplishment, with set performance outcomes. Both online activities and assessment outcomes are critical primary sources for gaining a thorough grasp of student performance.
Specific traits are retrieved from both kinds of input—online activities and evaluations. Feature engineering is the process of extracting the most important characteristics from raw data, such as average session length, number of missed assignments, or top exam grade. This phase is critical since it minimizes the complexity of the dataset while keeping the most important components for prediction. These essential variables are isolated using feature selection approaches (e.g., chi-square, information gain, and sequential selection).
The chosen characteristics are then used to train a model, which can be any machine learning method designed for classification problems. Commonly utilized models include artificial neural networks (ANNs), multilayer perceptrons (MLPs), and support vector machines (SVMs). The model uses historical data to find trends and correlations that affect student performance results.
Finally, the model generates a performance estimate for each student. This output might categorize pupils as "excellent," "satisfactory," or "needs improvement." These projections are then connected to the actual student data, allowing teachers to take precise actions such as offering assistance, changing learning plans, or launching early interventions.
In general, this entity-relationship model demonstrates how organized and unstructured data are methodically acquired, analyzed, and converted into usable insights using data mining and machine learning. This approach offers a realistic framework for using educational data to improve academic performance and institutional decision-making.
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The study abstracts offered here illustrate an important trend in educational technology: the use of educational data mining (EDM) and machine learning to predict, categorize, and eventually enhance students' academic performance. A prominent and repeating topic in all research is the vital relevance of feature selection (FS) as a first step toward developing accurate and successful prediction models.

[bookmark: _Toc203104434]Literature review 
Student performance categorization includes categorizing students' performance based on input data such as demographic information and exam results. However, our study takes a novel method, highlighting students' online learning activities as a valuable source of data. To minimize misunderstanding during classification, we conducted a study that compared multiple feature selection (FS) approaches and an artificial neural network (ANN) to categorize students' performance based on their online learning activities. Initially, we addressed missing values by cleaning data with variance thresholding. Several feature selection strategies were used, including filter-based (information gain, chi-square, Pearson correlation) and covert-based sequential selection (forward and backward). In the classification phase, Multilayer Perceptron (MLP) with default hyperparameters was utilized, and each method was subjected to 5-fold cross-validation as well as the synthetic minority oversampling technique (SMOTE). We measured the performance of each feature selection approach using four essential metrics: precision, accuracy, recall, and F1 score. The findings revealed that data gathering and sequential selection (ahead and backward) were the most effective strategies, attaining 100% accuracy. This study supports the feasibility of using online learning activities to properly identify student performance under specific limits [10].
Student performance categorization refers to the process of determining student performance based on input data such as demographic information and final test results. Educational data mining has gained popularity for analyzing student performance. However, the purpose of this study is to assess the many features of student information within an educational institution utilizing data mining techniques. This study extensively reviews both prior and current approaches offered by academics, focusing on two major aspects: data pretreatment and classification algorithms used in student performance categorization. Data preprocessing focuses on feature selection strategies, which comprise three types of selection and search approaches. These strategies try to find the most relevant qualities, remove extraneous attributes, and minimize data dimensionality. Furthermore, classification algorithms are essential for categorizing or forecasting student performance. Models like k-nearest neighbor (KNN), decision tree (DT), artificial neural network (ANN), and linear model (LR) were tested based on their performance in prior studies. Finally, this work emphasizes the potential for additional research into feature selection strategies such as information gain, chi-square, and sequential selection, particularly when applied to novel datasets such as students' online learning activities employing a range of classification algorithms [11].
Education is at the heart of developmental advancement, demanding the investigation and implementation of numerous current ways to assure student success at all levels. However, there are impediments to this accomplishment, which are classified into three categories: individual characteristics, family issues, and social factors. These issues might emerge as absenteeism and disinterest, jeopardizing students' and society's futures. Addressing these hurdles is a difficult undertaking for educators, considering the unique issues that each kid experiences. This research intends to use a variety of feature selection and extraction approaches, some of which are novel in the education sector but have proven effective in other areas. We use machine learning (ML) and deep learning (DL) models to predict student success based on these unique criteria. A comparison study will then be performed to select the most effective model, taking into account the relative relevance of various parameters [12].
In recent years, the integration of informatics into the education system has resulted in a huge growth of educational data. Educational data mining can assist uncover the elements that influence student achievement. However, two issues have surfaced in the field of educational data mining: how to cope with the large amount of unlabeled data? How do you discover the most essential elements that affect student performance? In this study, a semi-supervised feature selection method is developed to investigate the elements that influence student performance. The suggested technique is semi-supervised, which allows it to handle a vast quantity of unlabeled data while only labeling a few cases. Furthermore, by solving the feature selection matrix, the weights of each feature may be computed, allowing us to order their relevance. In addition, the performance of the suggested feature selection technique is evaluated using a number of regularly used classification algorithms. Extensive trials illustrate the superiority of the suggested semi-supervised feature selection method. The results show that behavioral traits have a significant impact on student performance, and the suggested technique beats state-of-the-art feature selection methods by around 3.9% when extracting the most relevant feature [13].
Predicting student performance after the epidemic has attracted a lot of interest in academics. Worldwide, educational institutions have used blended learning techniques to instruction and evaluation. In this study, we used data from the evaluation platform "Offee" in Mumbai, India, from September 2020 to October 2022. This information enables us to determine the real impact of the COVID-19 epidemic on tests. To overcome the problems of high-dimensional data, we applied feature selection algorithms to save just the most important information for forecasting student success. Specifically, we assessed the efficacy of two decision tree-based methods—the J48 classifier and Random Forest—in combination with a classification search strategy that use pooled subset assessment.  The generated feature set was then utilized to train and evaluate a support vector machine model for predicting student achievement. Our findings show that both the J48 feature selection and Random Forest techniques achieve high accuracy rates for forecasting student performance, with 93.14% and 86.24%, respectively. In comparison, utilizing the dataset without feature selection resulted in a lower data accuracy of 79.9% and took longer to train and construct the model. In conclusion, this study emphasizes the relevance of feature selection in boosting the accuracy of forecasting student performance when compared to utilizing a dataset without feature selection [14].
Student performance categorization refers to the process of determining student performance based on input data such as demographic information and final test results. Educational data mining has gained popularity for analyzing student performance. However, the purpose of this study is to assess the many features of student information within an educational institution utilizing data mining techniques. This study extensively reviews both prior and current approaches offered by academics, focusing on two major aspects: data pretreatment and classification algorithms used in student performance categorization. Data preprocessing focuses on feature selection strategies, which comprise three types of selection and search approaches. These strategies try to find the most relevant qualities, remove extraneous attributes, and minimize data dimensionality. Furthermore, classification algorithms are essential for categorizing or forecasting student performance. Models like k-nearest neighbor (KNN), decision tree (DT), artificial neural network (ANN), and linear model (LR) were tested based on their performance in prior studies. Finally, this work emphasizes the potential for additional research into feature selection strategies such as information gain, chi-square, and sequential selection, particularly when applied to novel datasets such as students' online learning activities employing a range of classification algorithms [15].
All educational institutions strive to improve education quality and student academic achievement. Educational data mining (EDM) is a rapidly emerging research topic that assists academic institutions in improving student performance. Academic institutions are frequently rated based on student exam results. Educational data mining provides a variety of methods for forecasting students' academic success. In educational data mining, feature selection (FS) is critical to improve the quality of prediction models for educational datasets. Feature selection methods eliminate unnecessary data from educational data repositories, increasing the accuracy of classifiers used in different educational data mining activities to aid decision-making in educational environments. In light of this, it is critical to carefully choose feature selection methods. This research examines the performance of candidate feature selection algorithms and classification algorithms on two distinct student datasets. The findings acquired from multiple file system algorithms and classifiers on two student datasets with varying numbers of features will assist researchers in determining the optimal algorithm and classifier combinations for candidate feature selection. It is critical to emphasize the relevance of feature selection in forecasting student performance since the relevant feature set might yield constructive learning techniques. Their analysis found a 10% variation in prediction accuracy comparing datasets with varying numbers of characteristics [16].
Educational data mining is a critical component of increasing student performance in education. Educational data mining techniques and algorithms can be used to predict student and instructor academic achievement. The research provides a machine learning strategy for predicting high school students' academic achievement in math and Portuguese subjects. To handle the unbalanced class distribution problem, the proposed technique primarily uses normalization and z-score normalization during the preprocessing phase. The feature selection is then carried out using a genetic algorithm. K-nearest Neighbor (KNN) classification, linear discriminant analysis (LDA), and support vector machine (SVM) are used to measure student performance in mathematics and Portuguese classrooms. The experimental findings compare the accuracy, precision, F-score, and sensitivity values of the mentioned approaches [17].
The integration of technology into educational institutions has resulted in vast amounts of data, creating potential for educational data mining (EDM) to enhance learning results. This study presents a new feature selection model called Dynamic Evolution of Feature Set for Enhanced Feature Selection (DE-FS), which combines traditional methods like correlation matrix analysis, information gain, and chi-square with heat maps to select the most relevant features for predicting student performance. DE-FS's main novelty is its dynamic and adaptive thresholding mechanism, which adjusts thresholds depending on changing data patterns, overcoming the limits of static approaches and reducing concerns like overfitting and underfitting. This study offers three significant contributions: it presents an improved approach for set-based feature selection, incorporates dynamic and adaptive thresholding to increase accuracy and flexibility, and proves DE-FS's outstanding predictive performance across varied educational datasets. The findings show DE-FS's capacity to adapt to changing data patterns, allowing for precise and reliable prediction of student performance, targeted interventions, and optimal resource allocation to improve customized learning experiences [18].


[bookmark: _Toc203104435]Key Topics and Methodologies
The Critical Role of Feature Selection:
· Almost all research underline that feature selection is not only advantageous, but also necessary. Raw educational datasets are frequently multidimensional, containing useless or duplicate information. Using feature selection strategies has been proven to considerably improve predictive model accuracy  [14], [16], reduce model training time, and give more clarity into the aspects that drive student achievement.

Various Feature Selection Techniques:
· Researchers are testing a variety of feature selection strategies, spanning from classic to new approaches. Examples of filter-based approaches include information gain, chi-square, and Pearson correlation [ [11],  [18].
· Wrapper-based approaches, such as forward and backward sequential selection, have demonstrated excellent efficacy, with one research obtaining up to 100% accuracy  [11].
· Embedded Methods: Using tree-based classifiers like J48 and Random Forest to choose features [14]. Advanced and new methods include genetic algorithms [17], semi-supervised strategies for dealing with vast volumes of unlabeled data [13], and adaptive dynamic models like DE-FS that adapt to changing data patterns [18].

Diversity of classification algorithms:
· After selecting the most relevant characteristics, prediction models are built using a variety of classification methods. Commonly investigated models include artificial neural networks (ANN/MLP)  [11], decision trees (DT) [14], support vector machines (SVMs)  [14], [17], k-nearest neighbors (KNNs)  [11], [17] and linear discriminant analysis (LDA) [17]. The selected method is frequently compared to determine the best model for a particular dataset.

Advanced data sources:
· There is a definite trend toward using data sources other than standard demographic data and final test results. Data from students' online learning activities  [11] and behavioral factors  [13] have been found to have a substantial influence on academic success. This is especially relevant in the post-COVID-19 environment, which includes blended and online learning [14].

Main Results and Contributions:
· Feature Selection Improves Accuracy: Studies consistently indicate that feature selection beats unfiltered raw datasets. One research revealed an improvement in accuracy from 79.9% to 93.14% after using a feature selection approach [14], while another found a 10% difference in accuracy depending on the features employed [16].
· Behavior and Engagement are key predictors: Student conduct, whether in person (absence) or online (cross-platform contact), is a powerful predictor of future performance  [10],  [13].
· There are no one-size-fits-all solutions: The efficiency of a feature selection system or classification algorithm may differ depending on the dataset and context (for example, subject matter, learning environment) [16], [17]. This demands comparative research to establish the best technique for each challenge.
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