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I. INTRODUCTION

The prediction of student academic performance is an important research area in Educational Data Mining. It supports effective
teaching strategies, stronger learning outcomes, improved curriculum design, and informed institutional decision-making [1] .As the
increasing availability of student data from traditional academic performance to modern online learning platforms Machine Learning has
emerged as a powerful approach helps to provide the solution on multiple applications like predict academic success or the risk of dropout
[2]. In higher education, for accreditation, curriculum planning and maintain overall student achievement require to understand and track
student performance. It helps to attain overall growth of education. Traditionally we can achieve this growth with the help of some
parameters called assessment methods such as exams and assignments provide slight information and often do not identify deeper learning
behaviors [3]. Similarly, teacher observations alone cannot reveal hidden patterns or reliably predict future outcomes. It is very difficult
to manage large number of parameters values to identify the outcome. The rise of large-scale digital learning systems and academic
databases has increased the role of EDM in extracting meaningful insights from student data. Machine learning and Artificial Intelligence
now play a critical role in predicting grades, identifying at-risk students, and providing timely academic interventions [4]. As a result,
there is growing interest in using predictive models to support personalized learning and optimize educational practices Research
gradually shows that student performance is impacted by a combination of demographic, behavioral, psychological, and institutional
factors. Machine Learning techniques can help integrate these different variables into predictive models. While previous studies relied on
traditional statistical methods, recent research increasingly uses algorithms such as Random Forest, Support Vector Machines, Logistic
Regression, Decision Trees, and Neural Networks. [5] These algorithm have high predictive accuracy, especially in early warning systems
designed to prevent dropout. This paper provides a systematically reviews previous research and also presents new findings that highlight
emerging trends, challenges, and opportunities in Machine Learning based performance prediction.

II. LITERATURE REVIEW

Prior studies on student performance analysis primarily used supervised learning techniques such as Decision Trees, Random
Forests, Logistic Regression, and Support Vector Machines. These studies mainly applied on classification and regression models to
predict grades, dropout risk, and course outcomes.
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Recent research shifted towards explainability and fairness in Al applications, with models designed to ensure transparency and
reduce algorithmic bias. Some studies have also used to analyze student performance with limitation in existing research, especially in
linking predictive models with Outcome-Based Education frameworks. In future, various institute can implement developing scalable

solution to handle and mange such kinds of concerns.

Table 1: Analysis.

Author & Year Objective Metl{ods/ Dataset Research Gap Key Findings/Conclusion
Algorithms
Sachin S. Bere, Predict online DT, NN, Demograp hics, Need comp reheqs1ve ML accurately predicts online
assignments, socio-economic
2022 [3] course performance SVM T outcomes
participation models
Barnabas Holicza, | Compare online vs SVM, DT, | Online & offline Broader validation Student habits strongly
2023 [5] offline performance RF, KNN datasets needed influence outcomes
. . . Limited dataset and
Wen Xiao, 2021 Hybrld feature Gepetlc Academlc, . Lack of feature Hybrid method improves
selection for student | Algorithm + | socio-economic, . -
[6] . . selection methods for prediction accuracy
prediction SVM personal traits .
education.
Feiyue Qiu, 2022 Predict outcomes Classificatio ACUV.I ty logs, Need real-time Behavior-based models
. ) n, quizzes, . .
[7] using behavior data . behavior models forecast outcomes effectively
Regression engagement
G. Sugin Lal, Deep learning for LSTM + Large student Broader validation LSTM-CREF achieved 97%
2023 [8] student assessment CRF dataset needed accuracy
Mario Suaza- Standa.rdllzed.test XGBOOSt’ Colombian test Lack of region- Socio-economic level, gender
Medina, 2024 [9] prediction in LightGBM, data specific models & region key predictors
’ regions GBM P & ypP
Syed Uzma Paiam | - Identify academic Predictive Teacher/student Broader samples Class environment, pedagogy,
Bukhari, 2024 performance .
oo Analytics factors needed exposure matter
[10] indicators
Zheng Luo, 2024 Multi-dimensional A daﬁ;),os " Spatiotemporal Interpretation Multi-dimensional features
[11] prediction method XGBoost dataset complexity improve accuracy
Geeta Tripathi, Early warning for T-S.NE’ . ngher Needs more training ML enhances early
. . Classificatio education test . .
2024 [12] higher education N data data intervention

Source: Authors, (2026).

Research on academic performance metrics highlights the value features and function of machine learning in examining variables
including attendance, participation, and evaluations. The importance of feature engineering, dataset preprocessing, and managing missing
data is emphasized in EDM-based research [13]. Deep learning and ensemble-based studies demonstrate improved performance but also
require larger datasets and computational resources. Early prediction research consistently highlights the importance of identifying at-
risk students early through ML models.

Table 2: Major Findings in previous study.

Sr. No. Key Findings
1 Applied ML to diverse datasets, achieving effective predictions. [1]
2 Highlighted ML'’s potential in dropout prediction [2],
3 Evaluated ML for student knowledge assessment. [14]
4 Conducted a systematic review identifying gaps in student performance prediction,
emphasizing data diversity and methodological rigor.[15]
5 Conducted a systematic review identifying critical gaps, especially the lack of
remedial actions.[16]-17
6 Applied ML techniques to explore learning features, highlighting the importance of
behavioral attributes alongside demographics. -18 [17-19]
7 Investigated academic performance using supervised ML algorithms and noted
limitations of small datasets. [20], [21]
3 Applied ML for predicting academic outcomes, with Random Forest and SVM
emerging as effective model. [22]
9 Emphasized empirical validation of ML models. [23]
10 Introduced transformer-based knowledge tracing models. [24-26]
1 Evaluated student performance prediction frameworks, emphasizing intervention
Mechanisms through learning analytics. [27-30]
12 Reviewed ML applications for performance prediction and stressed data
Preprocessing challenges. [31]
13 Proposed regression-based models with learning coefficients. [32]
14 Applied ML for quantitative analysis of academic data. [33]
15 Explored EDM approaches for academic performance. [13]

Source: Authors, (2026).
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Random Forest, Decision Trees, and SVM appear most frequently due to their robustness, interpretability, and adaptability.
Neural Networks and hybrid models were also applied, yielding improved accuracy but requiring substantial tuning. A noticeable gap
identified in several studies is the absence of real-time intervention frameworks that convert ML predictions into action-oriented academic
support.
I1I. METHODOLOGY

After reading the previous work we identify that, building a model using machine learning requires different phases and at each
phase use different algorithms to implement and retrieve the result. These phases are create and extract dataset types, features,
preprocessing methods, machine learning algorithms and performance metrics. In previous research paper used several machine learning
models, including Regression Models use Linear Regression, Ridge Regression, and Gradient Boosting Regression. Classification
Models: Decision Trees, Random Forests, Logistic Regression, Neural Networks.Deep Learning: Transformer-based models for
knowledge tracing and sequential data analysis. Evaluation Metrics: Accuracy, Precision, Recall, F1-score, RMSE, and R2. [34-38]

IV. EXPERIMENTAL RESULTS

The result were obtained from anonymized student performance datasets and synthetic OBE-based records. A systematic analysis
show that Random Forest and Gradient Boosting consistently achieved the highest accuracy across all reviewed studies, often exceeding
90%. Support Vector Machines performed competitively when datasets were well-structured and feature-rich. Decision Trees provided
interpretability but lower accuracy on large datasets. [39-40] Hybrid models involving Neural Networks and deep learning architectures
showed great potential but required larger datasets (typically 5,000+ records) to avoid overfitting. Multimodal features integrating
academic, behavioral, and demographic data significantly improved model performance. However, a common limitation of all studies
was the lack of real-time intervention systems that integrate ML result with academic decision-making. Explainable Al (XAI) has been
identified as a critically missing component in most models needed to ensure trust and transparency. Overall, the results support the
integration of ensemble learning, XAI techniques, multimodal datasets, and OBE-aligned analytics for next-generation educational
prediction systems.

Table 3: Machine Learning Model Comparison in Reviewed Studies.

Model Accuracy (%) Pros Cons
Decision Tree 75-85% Easy to interpret Overfitting
Random Forest 85-92% Robust to overfitting Slow for large data
SVM 80-88% High precision Requires tuning
ANN 90-95% Works with nonlinear patterns Low explainability
XGBoost 92-97% Fast, accurate Complex to configure

Source: Authors, (2026).
V. DISCUSSION AND FINDINGS

The results of this study confirm that ensemble learning methods provide the most reliable predictions of student performance.
Although regression models are easy to interpret, but difficult to capture complex, non-linear learning patterns. Neural networks and
Transformer-based models perform well with sequential or time-dependent data, but their effectiveness depends on large datasets and
availability of adequate computing resources. The main conclusion is that predictive models can be integrate into Outcome based
Education frameworks to support real-time monitoring of Course Outcomes and Program Outcomes. This helps institutions move towards
more data-driven academic planning and continuous improvement. The paper define the significance of machine learning and Explainable
Al (XAI) needed to ensure transparency and promote correct educational decisions. With the use of multiple traditional algorithms like
Logistic Regression, Naive Bayes, Random Forest, and Decision Trees remain popular because they are simple, interpretable, and often
achieve good accuracy on large datasets. In past work also highlights that only research is a performed based on small datasets and limiting
model reliability. Most research relies only on static demographic or academic features, while rarely using of dynamic and multimodal
data that will show the best result and more promising except others. If we want to deal and create complex model then explainable Al is
the best option for transparency in educational decisions. [41-43] Predictions can be used to inform actual academic interventions, but
little research has been done on topics like algorithmic bias, privacy, and justice.

VI CONCLUSION AND FUTURE WORK

This synthesizes findings from multiple studies and confirms that machine learning has strong potential for predicting student
academic performance. From recent literature represent that ensemble models and transformer-based approaches generally achieve higher
predictive accuracy and can be effectively used in OBE-based attainment evaluation. Rather than merely summarizing earlier work, the
paper traces the shift from traditional machine-learning techniques to more advanced deep-learning architectures, while also identifying
several persistent gaps in the field. This paper highlights the challenges, including small or inconsistent datasets, limited model
generalizability, and a lack of frameworks that can translate predictions into actionable feedback. We propose a structured Machine
Learning based model aimed to improve the accuracy and usefulness of academic performance prediction. Future research can lead to
various directions such as the development of real-time feedback systems, the integration of explainable Al, the use of large and diverse
datasets, privacy-preserving approaches and validation across different student groups and institutional point of view. Addressing these
gaps may enable educational institutions to employ ML-driven systems not only to predict performance but also to support personalized
learning pathways and strengthen academic planning.
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