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Chapter 1 Introduction 
In recent years, the evaluation and prediction of student academic performance have become essential in shaping modern educational systems. Accurate forecasting of student outcomes enables institutions to implement early interventions, reduce dropout rates, and optimize personalized learning pathways. The widespread adoption of Learning Management Systems (LMSs), Massive Open Online Courses (MOOCs), and intelligent tutoring platforms has led to the generation of vast educational datasets, including attendance records, assignment submissions, interaction logs, and behavioral trends (Magalhães et al., 2020; Pem et al., 2021) [1]. Artificial Intelligence (AI) techniques—particularly Machine Learning (ML) and Deep Learning (DL)—have demonstrated significant effectiveness in uncovering meaningful patterns in educational data. These models can learn complex relationships between student behavior and historical performance to classify academic outcomes with high precision (Guo, 2015) [2]. Among DL models, Artificial Neural Networks (ANNs) are especially powerful due to their ability to capture nonlinear dependencies. Isljamovic and Suknovic (2014) found that ANNs could predict student performance accurately based on features like previous grades, attendance, and participation [3]. The integration of Large Language Models (LLMs), such as OpenAI's GPT and Google’s BERT, has further advanced educational analytics by facilitating the analysis of unstructured data—like student essays, forum discussions, and peer feedback (Alnasyan, 2024) [4]. These models provide new insights through sentiment analysis, emotion detection, and engagement tracking, offering a more comprehensive view of student profiles. Feature selection is a critical step in building efficient predictive models. By identifying the most relevant attributes—such as study habits, socioeconomic status, and emotional well-being—feature selection enhances model interpretability, reduces overfitting, and shortens training time (Al-Din, 2024) [5]. Furthermore, Explainable AI (XAI) has become increasingly important in educational contexts, promoting transparency and trust by enabling educators and stakeholders to understand how predictions are made (Sameer et al., 2023) [6]. By combining ML, DL, LLMs, feature selection, and XAI, this study aims to develop intelligent and interpretable models for classifying student performance. These tools contribute to a shift from reactive to proactive educational strategies, empowering institutions to make informed decisions that foster academic achievement and equity in learning. 


1.1 Problem Definition 
Despite the increasing availability of student data in academic institutions, many educational systems still struggle to identify students at risk of underperformance early enough to intervene effectively. Traditional evaluation methods often rely on post-exam results, which limits opportunities for timely support and personalized learning adjustments. Moreover, the complexity and diversity of educational data—including demographic, behavioral, attendance, and psychometric variables—makes it challenging to isolate the most influential factors in predicting academic outcomes.
Including irrelevant or redundant features in predictive models can lead to overfitting, increased computational cost, and reduced interpretability. This highlights the need for efficient feature selection techniques that prioritize relevant attributes and support meaningful analysis. In parallel, classification algorithms based on machine learning (ML), deep learning (DL), and large language models (LLMs) offer powerful tools for forecasting student success, yet their effectiveness depends heavily on data quality and model transparency.
Therefore, this research addresses the pressing need to develop a data-driven classification framework that combines advanced prediction models with explainable artificial intelligence (XAI), enabling institutions to make timely, evidence-based decisions and understand the underlying drivers of student achievement.






1.2 Thesis Objectives 
using artificial intelligence techniques. The core objective is to design and evaluate intelligent systems that leverage machine learning (ML), deep learning (DL), and large language models (LLMs) to classify students based on diverse academic, demographic, behavioral, and psychometric data. Through the integration of feature selection techniques, the study aims to identify the most relevant attributes that influence academic success, enhancing model accuracy, reducing computational complexity, and minimizing overfitting. Furthermore, explainable AI (XAI) will be utilized to ensure that the decision-making processes of the models are transparent and interpretable for educational stakeholders. Ultimately, the goal is to support data-driven interventions, enable early identification of at-risk students, and contribute to fair and effective academic planning across educational institutions.


1.3 Thesis Contribution 
This thesis contributes to the field of educational analytics by proposing an integrated framework for student performance classification based on machine learning (ML), deep learning (DL), and large language models (LLMs). First, it introduces a robust data preprocessing and feature selection pipeline designed to enhance the accuracy and efficiency of classification models by isolating the most impactful student attributes. Second, it explores and compares multiple intelligent algorithms for categorizing academic outcomes, using real-world student data to evaluate their effectiveness. Third, the thesis incorporates explainable AI (XAI) mechanisms to interpret model decisions, allowing educators and decision-makers to understand the rationale behind predictions and take informed actions. Together, these contributions offer a practical, transparent, and scalable solution for early academic intervention and strategic educational planning. 
 
 



1.4 Thesis Organization 
The remainder of the thesis is structured as follows: 
Chapter 2 This chapter introduces core AI concepts such as ML, DL, LLMs, and XAI, and explains their roles in education and learning analytics. It then presents the foundations of Educational Data Mining (EDM), classification techniques, and types of learning algorithms. The importance of feature selection in predictive modeling is discussed. Finally, it highlights modern trends in AI-driven student analytics and their impact on proactive education.
Chapter 3 Examines recent academic research and comparative studies related to student performance prediction, machine learning applications in education, and the use of deep learning and language models. It identifies current research gaps that this thesis aims to address.

Chapter 4 Describes the research design and methodology, including data collection, preprocessing, algorithm selection, and the integration of feature selection techniques. It explains how different classification models and feature selection methods are applied and evaluated.


Chapter 5 Reports the experimental setup and presents results obtained from various classification models. The chapter includes a detailed performance analysis using accuracy, precision, recall, and F1-score. It also discusses the impact of feature selection on the model's performance.

Chapter 6 Summarizes the key findings, contributions, and implications of the study. It provides practical recommendations for educators and policymakers and outlines potential directions for future research in predictive analytics and educational AI systems.

 
 


 


[bookmark: _Hlk205027000]Chapter 2 Overview 
2.1 Introduction
Intelligence (AI) and its subfields contribute to Educational Data Mining (EDM). It begins by introducing essential AI concepts relevant to the education domain—namely Machine Learning (ML), Deep Learning (DL), Large Language Models (LLMs), and Explainable AI (XAI)—with clear illustrations of how each contributes to modern learning analytics.
Building upon this, the chapter delves into the core principles and methodologies of EDM, outlining how data-driven insights are extracted and utilized within academic environments. It then explores classification techniques, various types of learning algorithms (supervised, unsupervised, and reinforcement learning), and the critical role of feature selection in developing accurate, efficient, and interpretable predictive models.
The chapter concludes by highlighting recent trends in AI-based student analytics, demonstrating how the integration of advanced AI techniques enables a transition from traditional reactive educational practices to more proactive, personalized, and insight-driven approaches.








2.2 Artificial Intelligence (AI)
Artificial Intelligence (AI) is the broad science of mimicking human abilities. In the context of education, AI involves building systems that can perform tasks such as grading, tutoring, and personalizing learning without direct human intervention. AI serves as the foundation for more specific subfields like ML, DL, and LLM.
[image: ]
Fig. 1. Artificial Intelligence (AI)
2.3 Machine Learning (ML)
Machine Learning (ML) is a subset of AI that focuses on building systems that can learn from data and improve their performance over time without being explicitly programmed. In education, ML is commonly used to predict student outcomes, classify performance levels, and recommend learning resources [7].
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قد يكون المحتوى الذي تم إنشاؤه بواسطة الذكاء الاصطناعي غير صحيح.]
Fig. 2. Machine Learning (ML)
2.4 Deep Learning (DL)
Deep Learning (DL) is a specialized branch of ML that uses neural networks with multiple layers (deep networks) to model complex patterns in data. In educational applications, DL is used for tasks like handwriting recognition, speech-to-text processing, and analyzing visual learning behaviors [8].
[image: ]
Fig. 3. Deep Learning (DL)
2.5 Large Language Models (LLMs)
Large Language Models (LLMs) like OpenAI's GPT and Google's BERT are advanced AI systems trained on vast amounts of text data. They are capable of understanding and generating human-like text. In education, LLMs are used to analyze student writing, conduct sentiment analysis, and generate automated feedback or tutoring responses [9].
[image: ]
Fig. 4. Large Language Models (LLMs)
[bookmark: _Hlk203814750]2.6 Explainable AI (XAI)
Explainable AI (XAI) refers to AI systems that offer transparent decision-making processes. XAI is crucial in education to ensure that predictions made by ML and DL models can be understood and trusted by educators and students. It helps in identifying which features influenced a prediction and supports ethical use of AI [10].
[image: ]
Fig. 5. Explainable AI (XAI)

[bookmark: _Toc203751252][bookmark: _Hlk205026059]2.7 Classification Techniques
Classification is a supervised learning technique used in EDM to predict student outcomes, such as pass/fail or grade categories. Common algorithms include Decision Trees, Support Vector Machines (SVM), Random Forests, and Neural Networks. These models can learn from historical data to classify new instances based on input features [11].

2.7.1 Machine Learning Technique
· DT: 
· SVM:
· RF:
2.7.2 Deep Learning Technique
· NN:
· RNN:
· LSTM:
2.7.3 Large Language Model Technique
[bookmark: _Toc203751254][bookmark: _Hlk205029010]2.8 Feature Selection
Feature selection is crucial in building efficient and interpretable models. By choosing the most relevant attributes (e.g., attendance, study time, prior grades), it enhances model performance and reduces complexity. Techniques include filter methods, wrapper methods, and embedded methods  [12].
[image: ]
Fig. 6. Feature Selection



[bookmark: _Toc203751255][bookmark: _Hlk205029873][bookmark: _Hlk205103042]2.9 Evaluation Metrics
In machine learning classification tasks, evaluating model performance is essential to ensure that predictions are not only accurate but also meaningful in real-world contexts. The most widely used evaluation metrics include Accuracy, Recall, Precision, and F1-Score. These metrics are derived from the confusion matrix and are particularly valuable when dealing with imbalanced datasets [13]. 

2.9.1 Accuracy:
Accuracy is the ratio of correctly predicted observations (both positive and negative) to the total number of predictions made.

Accuracy=TP+TNTP+TN+FP+FN\text{Accuracy} = \frac{TP + TN}{TP + TN + FP + FN} Accuracy=TP+TN+FP+FNTP+TN

2.9.2 Recall (Sensitivity):
Recall measures the model’s ability to detect all relevant (positive) instances. It is also known as True Positive Rate.

Recall=TPTP+FN\text{Recall} = \frac{TP}{TP + FN}Recall=TP+FNTP

2.9.3 Precision:
Precision indicates how many of the positively predicted cases are actually positive.

Precision=TPTP+FP\text{Precision} = \frac{TP}{TP + FP}Precision=TP+FPTP

2.9.4 F1-Score:
The F1-Score is the harmonic mean of Precision and Recall. It provides a single score that balances both concerns and is particularly helpful in scenarios with class imbalance.

F1-Score=2×Precision×RecallPrecision+Recall\text{F1-Score} = 2 \times \frac{\text{Precision} \times \text{Recall}}{\text{Precision} + \text{Recall}}F1-Score=2×Precision+RecallPrecision×Recall



Chapter 3 Related Work 
3.1 Introduction 
In recent years, the application of Artificial Intelligence (AI) techniques in education has grown rapidly, especially in the area of student performance classification. Researchers have explored various AI approaches—ranging from traditional Machine Learning (ML) algorithms to advanced Deep Learning (DL) models and Large Language Models (LLMs)—to analyze educational data and predict academic outcomes. This chapter presents a comprehensive review of existing literature focused on optimizing student performance classification. It highlights key datasets, methodologies, and findings from previous studies, and provides a comparative analysis of their strengths and limitations. The goal is to identify the most effective models and techniques that can enhance the accuracy and reliability of academic performance prediction.


3.2 History 
Jing Wang and Yun Yu [7] conducted a study using behavioral data from an online learning platform, consisting of eleven interaction indicators such as login frequency and learning duration. They performed correlation analysis to select the most relevant features and developed a logistic regression model enhanced by Taylor expansion. The proposed model achieved higher prediction accuracy compared to traditional methods, identifying initiative and total learning time as key predictors. Advantages include its lightweight structure, strong interpretability, and efficient feature selection. However, a major limitation lies in the dataset's focus on online behaviors only, potentially excluding other influential academic or psychological factors.

Althaqafi et al. [8] conducted a study using the xAPI‑Edu‑Data dataset to predict student academic performance within Learning Management Systems (LMS). They applied resampling techniques (SMOTE and others) to address class imbalance, then developed and compared various ML models including SVM, Logistic Regression, Decision Tree, and an ensemble (stacking with Random Forest as meta‑learner). Their ensemble model achieved the highest weighted precision of 0.83, improving from 0.60 when using the original imbalanced data. The study highlighted the importance of data enrichment for performance prediction and the influence of student engagement features. Advantages include balanced class handling and robust ensemble learning; limitations involve dependency on LMS logs, raising questions on feature generalizability and real‑world adaptability.

Sandeepa and Mohottala [9] conducted a study using a real-world school dataset to evaluate multiple machine learning models—such as multi-layer perceptron classifier (MLPC), decision tree, SVM, and others—for predicting student academic performance. They trained and tested these models using 10-fold cross-validation and found that MLPC achieved the highest test accuracy of 86.46%. They highlighted that the MLPC excelled over other classical models and emphasized the importance of integrating explainable ML and feature selection approaches. Advantages include high predictive accuracy and the use of explainable techniques to improve model transparency; limitations involve potential overfitting indicated by the 99.65% training accuracy and dependency on a single school's dataset, which may affect generalizability.

Balaji et al. [10] conducted a study using a real-world educational dataset collected from secondary school students to evaluate multiple machine learning models—including Decision Tree, Random Forest, Naïve Bayes, Support Vector Machine, and Logistic Regression—for academic performance prediction. They addressed class imbalance issues using SMOTE and hyperparameter optimization via grid search. Their optimized Decision Tree model achieved the highest accuracy, improving from 90.9% to 93.4%, while Naïve Bayes saw the largest gain among models with accuracy rising from 77.3% to 83.3%. Advantages included clear interpretability, efficient handling of imbalance, and rigorous optimization; limitations involved reliance on a single school dataset limiting generalizability, and potential overfitting in the Decision Tree model.

Yuan et al. [11] conducted a study using a real-world dataset from edX to develop an integrated framework for predicting online learning performance. They first identified learning behavior patterns using clustering (e.g., low autonomy vs. motivated students), then applied machine learning models—specifically XGBoost enhanced with SHAP-based feature analysis. The framework achieved nearly perfect prediction accuracy for autonomous learners and strong performance for motivated students, demonstrating superior results compared to models without behavior pattern analysis. Advantages include personalized modeling per behavior cluster, enhanced interpretability via SHAP, and better accuracy than traditional ML methods; limitations involve dependencies on clustering quality and potential overfitting within small or unbalanced clusters.

Arya et al. [12] conducted a study using the UCI ML Repository’s Portuguese student dataset to tackle issues like sample imbalance and lack of feature feedback. They developed a hybrid CNN–LSTM model to extract spatial and temporal patterns in student performance data. The model achieved 98.45% accuracy with a loss of 0.1989, outperforming standalone machine learning benchmarks. Advantages include its ability to capture both local feature correlations (via CNN) and sequence dependencies (via LSTM), as well as effective handling of data imbalance. Limitations involve dependency on a specific dataset and potential complexity overhead due to the hybrid architecture.

Adefemi et al. [13] conducted a study using public datasets (UCI, WOU, XAPI, and AV) to develop a hybrid CNN–LSTM model for predicting student academic performance across multiple educational contexts. They incorporated preprocessing techniques such as data balancing, missing value handling, and feature engineering. The hybrid model achieved exceptionally high accuracies—for example, 99.67% on the UCI Portuguese dataset and 99.40% on the AV-Mathematics dataset—surpassing all seven traditional classifiers evaluated. Advantages include broad dataset coverage, strong generalization, and significant performance improvements; limitations include high computational demands and less clarity on interpretability of the hybrid model.

Ben Said et al. [14] conducted a study using the Open University Learning Analytics Dataset (OULAD) to predict online learner performance during COVID‑19. They proposed a two‑pathway deep learning model that transforms clickstream time‑series into Gramian Angular Field images for input to CNN, and incorporates demographic and assessment data via fully‑connected layers. Their model achieved 92.7% accuracy, outperforming baseline approaches, and demonstrated the value of combining clickstream image representation with demographic features. Advantages include innovative time‑series imaging, robust performance, and clear handling of class imbalance via batch normalization. Limitations involve increased model complexity and reliance on image‑based encoding, which may impede interpretability in educational settings.

Junejo et al. [15] conducted a study using the Open University Learning Analytics (OULAD) dataset to develop a deep neural network model capable of forecasting student performance across multiple categories (Distinction, Pass, Fail, Withdrawn) early in the course. They proposed a multi-layer feedforward neural network that incorporates demographic, assessment, and clickstream features extracted from the first 20% of course data. Their model achieved approximately 25% higher accuracy than state-of-the-art baselines, significantly improving early-stage prediction. Advantages include multi-class classification early in the course, strong generalizability across temporal course progression, and superior performance over traditional ML and RNN-LSTM models; limitations involve potential bias from imbalanced class distributions and dependence on early-stage data quality.

Moubayed et al. [16] conducted a study using three global online course datasets collected from different regions to predict student performance at the course midpoint. They proposed hybrid CNN and RNN-LSTM models to process clickstream and time-series interaction data. The models outperformed optimized traditional ML methods in two datasets and showed comparable results in the third, demonstrating both effectiveness and robustness. Advantages include strong generalization to diverse contexts and improved performance over traditional models; limitations involve potential overfitting in small datasets and dependence on clickstream availability.

Neshaei et al. [17] conducted a study using multiple real-world knowledge tracing datasets (e.g., ASSISTments, EdNet) to evaluate large language models (LLMs) for learner performance prediction. They compared zero-shot prompting and fine-tuning approaches on LLMs like GPT-3 and GPT-4 against traditional Bayesian Knowledge Tracing (BKT). While LLMs did not surpass state-of-the-art BKT models, the fine-tuned LLM version matched BKT performance and surpassed naive baselines across metrics like accuracy and AUC. The study highlighted that LLMs’ sequence modeling abilities can be leveraged for knowledge tracing tasks. Advantages include simplified modeling without heavy feature engineering and competitive performance; limitations involve high computational cost and lack of interpretability compared to BKT approaches.

Zhang et al. [18] conducted a study using reading-comprehension datasets from the AutoTutor intelligent tutoring system in adult literacy courses to assess the predictive capacity of GPT‑4. They compared GPT‑4 against traditional models (BKT, PFA, SPARFA-Lite, tensor factorization, XGBoost), using five-fold cross-validation. While XGBoost outperformed GPT‑4 in accuracy, instructing GPT‑4 to tune XGBoost on its platform produced better results than local execution. They highlighted that GPT‑4 could select and configure strong traditional models and hyperparameters, though it was slightly less stable than grid-search. Advantages include leveraging GPT‑4’s reasoning for model selection and hyperparameter tuning; limitations involve lower raw predictive accuracy than XGBoost and reduced tuning stability.

Li et al. [19] conducted a study using a dataset of 5,278 student reflections collected across three academic terms from Kyushu University. They developed an LLM-based approach comparing single-agent and multi-agent strategies, combined with zero-shot and few-shot prompting, to automatically assess open-text reflections and predict academic performance. Their model using a single-agent with few-shot prompting achieved the highest match rate with human evaluations, and reflection scores generated by the LLM improved downstream performance prediction. Advantages include scalable automation for text assessment and enhanced predictive accuracy; limitations involve dependence on prompt design and potential bias from LLM-generated scores.

Savelka et al. [20] conducted a study using a dataset of student help requests collected from an introductory programming course to evaluate LLMs (GPT‑3.5 and GPT‑4) for classifying types of assistance requested. They evaluated both zero-shot prompting and a fine-tuned GPT‑3.5 model across various help categories (e.g., debugging, conceptual understanding). In zero-shot trials, GPT‑4 matched GPT‑3.5 across most categories and outperformed it in debugging-related queries; after fine-tuning, GPT‑3.5 achieved human-level performance, approximating inter-rater agreement. Advantages include effective classification of student intent without extensive annotation and strong performance across categories; limitations involve dependency on quality of prompt design and potential misclassification in ambiguous cases.

Lundgren [21] conducted a study using a dataset of 60 master-level political science essays to compare GPT‑4’s performance to human graders for assessment tasks. They evaluated GPT‑4’s ability to assign grades and measured inter-rater reliability against university instructors’ scores. GPT‑4’s mean grades closely matched human judgment, although it displayed a risk‑averse grading pattern and exhibited lower inter-rater consistency. Advantages include potential scalability, grading consistency, and reduced educator workload; limitations involve cautious grading biases and limited alignment with human variance.

Jing Wang and Yun Yu [22] conducted a study using the PLOS ONE dataset comprising eleven behavioral indicators derived from online learning logs. They analyzed correlations to select the most predictive features and developed a logistic regression model with Taylor expansion. Their model outperformed comparative benchmarks, achieving the highest prediction accuracy and demonstrating that students’ initiative and total learning duration were key predictors. Advantages include data-driven feature selection and model simplicity; limitations involve reliance solely on online behavior data, possibly overlooking external academic or personal factors .

Fernandes et al. [23] conducted a study using the ISABELA smartphone dataset, which includes passive (activity, location) and self-reported data from students before and during COVID-19. They evaluated various classifiers—SVM, XGBoost, AdaBoost-SAMME with Random Forest, and an ensemble decision-level median voting pipeline—comparing weekly vs. monthly data windows. Their best models achieved over 90% accuracy using weekly aggregated data. Advantages include real-world behavioral sensing and improved accuracy with weekly data; limitations involve potential privacy concerns and variability across contexts.

Yang et al. [24] conducted a study on predicting student academic performance using multi-source campus behavioral data (e.g., movement, study habits). They developed a hybrid model combining hypergraph convolution to capture higher-order relationships and TabNet for interpretable classification. Their method outperformed baseline approaches in precision, recall, and F1-score on real student data. Advantages include modeling complex student interactions and providing feature-level interpretability; limitations involve dependence on institution-specific behavior data and potential scalability challenges due to hypergraph computation complexity.

Peng et al. [25] conducted a study on predicting student performance in collaborative learning environments, focusing on team-based software engineering coursework. They built an interaction graph of student team activities and proposed CLGT (Collaborative Learning Graph Transformer) incorporating an interpretability module to visualize interaction patterns. Their model outperformed baseline graph and non-graph models, achieving higher accuracy and early identification of underperforming individuals. Advantages include leveraging social collaboration dynamics and providing interpretable results; limitations involve reliance on specific course settings and potential generalization issues to different disciplines.

Yang et al. [26] conducted a study using a heterogeneous educational dataset to evaluate student performance, integrating academic, behavioral, and social indicators. They proposed a dual hypergraph neural network that leverages framelet-based hypergraph convolutions to capture multi-level relationships among students and features. Their model achieved superior classification accuracy compared to conventional graph neural networks, showing a notable improvement in detecting at-risk learners. Advantages include capturing complex high‑order interactions and robustness to sparsity; limitations include increased computational demand and potential need for large datasets for stability.






	Ref
	Year
	Datasets
	Models
	Results
	Advantages
	Limitations

	Wang & Yu [7]
	2025
	Online learning behavioral data (11 interaction indicators)
	Logistic Regression enhanced with Taylor Expansion
	Outperformed traditional models in accuracy (exact % not specified)
	Lightweight model, high interpretability, effective feature selection
	Depends solely on online behavior data; may miss academic/personal factors

	Althaqafi et al. [8]
	2025
	xAPI-Edu-Data (LMS logs: engagement, academic, cognitive)
	SVM, Logistic Regression, Decision Tree, Ensemble (Stacking with RF)
	Ensemble Precision = 0.83 (vs 0.60 without enrichment)
	Handled class imbalance; ensemble improved accuracy; focused on engagement features
	Depends on LMS-specific logs; may lack generalizability

	Sandeepa & Mohottala [9]
	2025
	School-level behavioral, academic, and demographic dataset
	MLPC, Decision Tree, SVM, etc
	MLPC achieved 86.46% accuracy (test set)
	High test accuracy; applied explainable ML and feature selection
	Training accuracy (99.65%) suggests overfitting; single-site data limits generalizability

	Balaji et al. [10]
	2024
	Secondary school academic dataset (demographic + behavioral)
	Decision Tree, Random Forest, Naïve Bayes, SVM, Logistic Regression
	Decision Tree accuracy increased from 90.9% to 93.4%; Naïve Bayes from 77.3% to 83.3%
	Interpretable model; effective use of SMOTE and grid search; strong optimization
	Single-site data; possible overfitting in Decision Tree

	Yuan et al. [11]
	2024
	edX platform dataset with clickstream and demographic data
	Clustering + XGBoost with SHAP feature importance
	Nearly perfect accuracy for autonomous learners; strong accuracy for motivated cluster
	Cluster-specific modeling; improved interpretability; better overall accuracy
	Reliant on cluster quality; potential overfitting in small clusters

	Arya et al. [12]
	2024
	UCI Portuguese student dataset
	CNN–LSTM hybrid
	98.45% accuracy, loss = 0.1989
	Captures spatial and temporal patterns; handles imbalance
	Specific to this dataset; hybrid model complexity

	Adefemi et al. [13]
	2025
	UCI (Math & Portuguese), WOU, xAPI, AV
	Hybrid CNN–LSTM architecture
	Up to 99.67% accuracy (UCI‑Por); 99.40% (AV‑Math)
	High accuracy across diverse datasets; robust preprocessing; generalizable
	Heavy computation; model interpretability is limited

	Ben Said et al. [14]
	2023
	Open University Learning Analytics Dataset (OULAD)
	Dual‑path CNN (clickstream images + FC layers)
	92.7% accuracy in online learner classification
	Novel time‑series imaging; combined multimodal (clickstream & demo) features; robust to imbalance
	Complex architecture; image encoding reduces interpretability for educators

	Junejo et al. [15]
	2024
	Open University Learning Analytics Dataset (OULAD)
	Multi‑layer neural network (MLP)
	~25% improvement over baselines; high early-stage predictive accuracy
	Multi-category early prediction; temporal generalizability; strong performance gains
	Imbalanced classes; quality dependency on early course data

	Moubayed et al. [16]
	2024
	Three online course datasets from different regions
	CNN + RNN-LSTM hybrid
	Outperformed optimized ML in two datasets; comparable in third
	Strong generalization; better accuracy than ML
	Overfitting risk on smaller sets; requires clickstream data

	Neshaei et al. [17]
	2024
	Real-world knowledge tracing sets (e.g., ASSISTments, EdNet)
	Fine-tuned LLMs (e.g., GPT-3/GPT-4)
	Matched Bayesian Knowledge Tracing performance on accuracy and AUC
	Simplified modeling; competitive without manual features
	High computational requirements; less transparent interpretability

	Zhang et al. [18]
	2024
	AutoTutor reading-comprehension ITS (adult literacy)
	GPT‑4 prompting for model selection and hyperparameter tuning (XGBoost engine)
	GPT‑4–guided XGBoost outperformed local XGBoost; XGBoost alone had higher raw accuracy
	Uses GPT‑4 reasoning to select/tune models; human-like strategy without extensive trials
	Raw accuracy slightly below direct XGBoost; tuning stability issues

	Li et al. [19]
	2025
	5,278 open-text student reflections (377 students over 3 terms)
	Single-agent and multi-agent LLM strategies with zero/few-shot prompting
	Few-shot single-agent strategy achieved highest agreement with human scoring; improved academic performance prediction
	Automates qualitative text evaluation; supports performance prediction via reflection scoring
	Prompt-dependence; risk of bias from LLM-generated assessments

	Savelka et al. [20]
	2023
	Help-request logs from introductory programming class
	GPT‑3.5 (fine-tuned) and GPT‑4 (zero-shot)
	GPT‑4 outperformed in debugging query classification; fine-tuned GPT‑3.5 matched human agreement levels
	Human-like intent classification; effective with minimal supervision
	Relies on prompt quality; misclassifies ambiguous queries

	Lundgren [21]
	2024
	60 master-level political science essays
	GPT‑4 for grading
	Mean GPT‑4 grades matched instructor levels; lower inter-rater reliability
	Scalable grading; consistent outcomes; less faculty burden
	Grading bias; weaker alignment with human grading variance

	Jing Wang & Yun Yu [22]
	2025
	PLOS ONE online learning behavioral indicators
	Logistic regression with Taylor expansion
	Best prediction accuracy compared to comparative models
	Data-driven feature selection; model simplicity
	Dependence on online behavior only—misses external factors

	Fernandes et al. [23]
	2022
	ISABELA smartphone data (activity, location, self-report)
	SVM, XGBoost, AdaBoost‑SAMME + RF ensemble
	>90% accuracy with weekly windows
	Real‑life behavioral data; weekly aggregation improves results
	Privacy/variability concerns; needs cross-context validation

	Yang et al. [24]
	2025
	Multi-source campus behavior data (movement, study habits, online usage)
	Hypergraph convolution + TabNet
	Improved precision, recall, and F1 over baselines
	Captures higher-order student interactions; interpretable feature analysis
	Institution-specific data; scalability concerns due to hypergraph complexity

	Peng et al. [25]
	2023
	Collaborative learning interaction logs (software engineering teams)
	CLGT (Graph Transformer with interpretability module)
	Outperformed baselines; early detection of struggling students
	Models social interactions; interpretable; early-warning capability
	Course-specific data; limited to collaborative projects; may not generalize

	Yang et al. [26]
	2024
	Heterogeneous educational data (academic, behavioral, social features)
	Framelet-based dual hypergraph neural network
	Higher classification accuracy over standard GNNs; improved at-risk detection
	Models high-order relationships; robust with sparse data
	Higher computation cost; requires large data for model stability
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