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Abstract: This study analyses the use of machine learning for predicting
the academic performance of students using their academic information
from the institution, combined with socio-economic information that
comes from outside sources. The collection of information is done using
structured questionnaires as well as through data extraction from the
Student Information System (SIS). To increase the reliability of models
built, a sharp preprocessing pipeline, i.e., exploratory data analysis, feature
selection, missing values filling, and class balancing procedure, was used.
Several machine learning models, such as Linear Regression, Logistic
Regression, Support Vector Machine (SVM), Naive Bayes, Decision Tree
Regressor, Gradient Boosting, and XGBoost, were tried and tested with
typical performance evaluators, which include R? score, Mean Squared
Error (MSE), precision, recall, F1-score, and accuracy. The findings show
that the performance of the models increased considerably after
consecutive data preparation and hyperparameter tuning optimization. The
analysis of the experiment shows that the presented framework is quite
stable in terms of regression and classification tasks. The Support Vector
Machine (SVM) had the best R? score (0.9125) with the lowest MSE
(0.0097), followed by Gradient Boosting, XGBoost, and Decision Tree
Regressor and is deemed to have a good predictive power. The Logistic
Regression (Balanced) in the classification models showed good overall
performance with the accuracies of 89 percent and the high values of
precision and recall outperforming Naive Bayes by 6%. All these results
clearly show that the particular modeling approach can withstand any test
and is generalizable enough, being also quite good at solving educational
data prediction problems.

Keywords: Machine Learning, Exploratory Data Analysis, SVR, Naive
Bayes, Logistic Regression, XGBoost, Gradient Boosting, Cross
Validation

Introduction

The theoretical relevance and practical implications of
student academic performance have been a subject of vast
research and prediction by scholars. The use of data
mining techniques in the educational sector has gained
popularity in the last few years. Finding relevant and
useful insights has become more important as educational
institutions produce ever-increasing amounts of data
(Imran et al., 2019). Finding hidden patterns, trends, and
correlations in large datasets is the main goal of the field
of data mining. It supports data-driven decision-making in
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educational environments by allowing the detection of
noteworthy patterns that can help comprehend and
enhance student academic performance via the use of
different categorization algorithms (Yage1, 2022). These
include predicting student dropouts (Hegde and Prageeth,
2018), forecasting learning outcome (Nguyen et al., 2018)
s, and recognizing at risk students (Foster and Siddle,
2020). The insights derived from such predictive models
enable educators to design more effective instructional
strategies and deliver personalized learning interventions
tailored to individual student needs. Examining how
important socioeconomic factors, like gender, family size,

© 2026 Hardik Ishwarbhai Patel and Dharmendra Patel. This open-access article is distributed under a Creative

Commons Attribution (CC-BY) 4.0 license.



Hardik Ishwarbhai Patel and Dharmendra Patel / Journal of Computer Science 2026, 22 (5): 1721.1742

DOI: 10.3844/jcssp.2026.1721.1742

income, and parents’ educational attainment, affect
students' academic achievement has been the focus of a
sizable amount of study. The purpose of these studies is
to determine how these health and demographic
characteristics either support or undermine learning
outcomes. The results of various research, however,
frequently change, suggesting that the influence of these
criteria is not always constant and may rely on contextual
elements, including geography, cultural background, and
institutional setting. This variation emphasizes the
intricacy of the connection between socioeconomic
circumstances and academic achievement and the
necessity of further, situation-specific research in this
field (Rajendran et al., 2022). In recent years, there has
been a significant increase in studies aimed at predicting
student academic performance. Findings from these
investigations indicate that various academic factors, such
as Cumulative Grade Point Average (CGPA) and
attendance, along with internal assessments like quizzes
and assignments, are key contributors to performance
prediction. Moreover, demographic variables, including
gender and personal or family-related characteristics,
have also been shown to exert a considerable influence on
student outcomes (Alsariera et al., 2022).

Significance of Student Academic Performance
Prediction

In the landscape of higher education, accurately
forecasting student outcomes plays a critical role in shaping
academic strategies and institutional planning. Timely
predictions allow faculty and administrators to identify at-
risk learners early and implement tailored interventions,
thereby minimizing dropout rates and enhancing student
retention (Kotsiantis et al., 2004). From the student’s
perspective, such insights support improved academic
preparation and performance, ultimately leading to better
career opportunities and social mobility.

Constraints of Conventional Assessment Methods

Traditional approaches to evaluating student
performance primarily rely on academic metrics such as
exam scores, attendance, and classroom participation.
While these techniques serve their purpose in summative
assessments, they fall short when it comes to forecasting
future academic outcomes or identifying students at risk in a
timely manner. These methods offer limited insight into the
underlying factors that affect learning trajectories and are
often reactive rather than proactive (Obsie and Adem, 2018).

Moreover, these conventional tools typically exclude
socio-economic factors, such as parental education,
occupation, family income, and living conditions, that
have a significant influence on a student's academic
development. Ignoring such variables can lead to
incomplete assessments, especially in diverse and
heterogeneous educational environments where external

pressures and social contexts vary widely among students.
Additionally, manual assessments are time-consuming
and become impractical when applied to large-scale
datasets in institutions with thousands of students. The
lack of automated, data-driven mechanisms hinders the
ability of educators and administrators to detect patterns,
make informed interventions, or allocate resources
efficiently. As a result, there is a growing need to integrate
computational models that combine both academic and
socio-economic indicators to holistically understand and
predict student performance.

Rise of Data-Driven Approaches in Education

With the expanding availability of structured student
data through digital learning environments, student
information systems, and institutional repositories,
researchers have increasingly adopted data mining and
Machine Learning (ML) techniques to uncover latent
patterns and make informed, predictive decisions in
education. These approaches help stakeholders
proactively address academic challenges and support
student success (Airlangga, 2024; Islam et al., 2025). ML
algorithms such as Linear Regression, Support Vector
Machines, Logistic Regression, and Naive Bayes continue
to be widely employed in the educational domain to
predict student performance, estimate CGPA, identify
dropout risks, and classify academic outcomes like
Pass/Fail (Zheng and Li 2024; Al-Alawi et al., 2023).
These techniques have demonstrated strong capabilities in
analyzing both academic and non-academic factors,
leading to more robust and actionable insights for
educational institutions (Abdallah et al., 2025).

Need for Artificial Intelligence in the Education
Field

The integration of Atrtificial Intelligence (Al) into the
education sector has become increasingly crucial due to the
growing demand for personalized learning, data-driven
decision-making, and scalable academic support. Traditional
education systems often follow a one-size-fits-all model that
overlooks the diverse learning needs, socio-economic
backgrounds, and academic capabilities of students. Al
offers transformative potential by enabling tailored
educational experiences, real-time feedback, and predictive
analytics that go beyond conventional assessment methods.

With the rise of Learning Management Systems
(LMS), student information systems, and digital
classrooms, vast amounts of structured and unstructured
data are being generated. Nevertheless, to be able to
extract meaningful insights out of such data one will need
advanced tools, and this is where Al, especially the
methods of machine learning and deep learning, comes
into play. These techniques empower educators to identify
patterns in student behavior, academic performance, and
engagement levels, leading to early intervention for at-
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risk students and more informed pedagogical strategies
(Jiao et al., 2022; Baashar et al., 2022). Furthermore, Al-
based predictive models can incorporate not only academic
indicators like grades and attendance but also socio-
economic and psychological factors such as parental income,
home environment, and emotional well-being. This holistic
view enables institutions to make more equitable and
inclusive educational decisions, reducing dropouts and
improving retention rates (Dung et al., 2023).

In higher education, Al supports tasks such as
automated grading, intelligent tutoring systems,
personalized course recommendations, and performance
forecasting. These advancements not only save time and
resources but also contribute to improved educational
outcomes by adapting content to suit individual learning
styles and needs (Zawacki-Richter et al., 2019).

Problem Statement and Research Gap

Although  machine learning techniques are
increasingly becoming popular in predicting student
academic performance, studies in this area seem to have a
number of significant limitations. A substantial
proportion of studies rely on publicly available or
benchmark datasets and focus predominantly on academic
records, with minimal incorporation of socio-economic
and social factors that are known to play a crucial role in
shaping students’ academic outcomes. As a result, such
approaches may not accurately reflect real institutional
environments or capture the multifaceted nature of
student performance.

Furthermore, many studies place strong emphasis on
predictive accuracy while offering limited exploratory
data analysis and insufficient interpretability regarding
the influence of individual features. This restricts the
practical usefulness of predictive models for educators
and administrators who require not only accurate
predictions but also meaningful insights to guide
academic interventions.

In addition, educational institutions increasingly
require early and reliable prediction mechanisms that can
both estimate academic performance and identify students
at risk of failure, thereby enabling timely and targeted
support. However, limited attention has been given to
developing comprehensive, real-world datasets that
integrate academic and socio-economic dimensions and to
conducting in-depth analytical frameworks that extend
beyond basic model implementation.

Objective of the Study

The objective of the present study is to develop a real-
world student dataset by integrating academic data from
the university’s Student Information System with socio-
economic information collected through a structured
questionnaire. It seeks to perform extensive Exploratory
Data Analysis (EDA) to understand relationships and

patterns among academic and socio-economic variables.
The study further aims to predict students” CGPA using
regression models and academic outcomes (pass/fail)
using classification models. Additionally, it focuses on
identifying influential factors through feature importance
analysis and enhancing model performance through
systematic data preprocessing and hyperparameter
optimization.

The strength of the paper is that it builds and examines
an institution-specific dataset that is self-created and
incorporates academic, socio-economic, and social
characteristics of students, thus, representing a realistic
educational context. This study also as opposed to most of
the current literature since most of the studies use publicly
available datasets and concentrate on the comparison of
algorithms; the study focuses on thorough exploratory
data analysis, understanding of interpretability using
feature importance measurement, and optimization of the
model in a systematic manner. Also, the paper suggests a
systematic and repeatable analytical model that includes
various stages of data collection and preparation,
exploratory  analysis, prediction modeling, and
interpretation, which could be implemented in other
educational establishments. The research represents a
complete assessment of student academic performance by
simultaneously predicting CGPA using regression models
and predicting pass/fail using classification models. The
results provide practical implications to teachers and
academic leaders, who can use the results to early detect
at-risk students and implement data-based academic
intervention plans in universities and colleges.

Literature Review

Machine learning has recently gained a lot of interest
in educational data mining. With the increased access to
institutional data and the necessity to implement more
positive academic interventions, researchers are
considering the power of predictive analytics as a method
to improve student performance. This domain uses
institutional and behavioral data to produce clear actions
that can be used by educators and administrators to
implement an early intervention and change in policy.
Initial models of academic performance focused mainly
on the use of methods of statistics (Batool et al., 2023),
which are linear regression and logistic regression in
calculating the results of students through grades,
attendance, and demographic variables (Bum et al., 2019;
Slater et al., 2017). Although they worked well in certain
situations, in many cases, such approaches lacked
complexity, assumption of linearity, and the ability to deal
with missing or imbalanced data (Ashfaq et al., 2020).
Moreover, they could not reflect and implement complex,
non-linear interactions that are evident in real-world
educational environments. The recent research witnessed
the effectiveness of machine learning algorithms to
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capture even complex patterns and increase predictive
accuracy. Support Vector Machines (SVM) (Asogbon et
al., 2016), Decision Tree (Hamsa et al., 2016), and
ensemble techniques (Amrieh et al., 2016), e.g., Random
Forest (Jayaprakash et al., 2020) or Gradient Boosting
(Ayulani et al., 2023) have been widely used to improve
the performance of prediction (Muhammady et al., 2024).
Another example is Kaur et al. (2024), who relied on
SVM and Decision Trees to predict the performance of
students in the engineering field and claimed an accuracy
of above 90 percent, where feature engineering and
normalization of data entered the picture. Nachaithong
and Wisaeng (2024) brings out higher accuracy for SVM
with hyperparameter optimization to identify fake news
on the Twitter dataset. The approximate representation of
the Gaussian kernel through Epanechnikov kernels brings
about this transformation. Based on the findings, this has
indicated that the proposed method also managed to detect
fake news with 99.67, 99.61, 100, and 99.81 percent
accuracy, precision, recall, and F-measure, respectively.
Variety of models of machine learning has been
researched with an aim of predicting academic
performance. Some more traditional models have found
their way to predictive analysis as well, the most well-
known here is the Linear Regression, a predictor that
provides interpretable results but not with a very high
accuracy (Nghe et al., 2007). Training using balanced data
sets has demonstrated the accuracy of logistic regression,
particularly in binary classification analysis of pass/fail
results. Huang et al. (2020) Using Support Vector
Machines (SVM) (Ghaddar and Naoum-Sawaya, 2018)
and decision tree based methods good results derived
owing to capability to recognize non-linearity. According
to Pandey and Taruna (2016), decision trees offer great
power in accuracy as well as their rule-based information
that helps the educator considerably. Ensemble learners
perform better than single models, as revealed by Wilson

and Connolly, 2018). This is attributed to the fact that they
minimize overfitting and variability. Naive Bayes is a
successful approach even though it requires the
independence of features, making fast and largely correct
classifications on high-dimensional data (Arar and Ayan,
2017). The paper has investigated the use of deep learning
models in the prediction of student performance and
academic decision-making. Long Short-Term Memory
(LSTM) networks, in particular, have proved to be very
effective cells in modeling temporal trends in the past
academic data. Wide testing and evaluation demonstrate
the sheer accuracy of LSTM model, which has achieved
an accuracy of up to 99.8 per cent of the performance
levels of unique understudies. It has been revealed by the
research that such models could be exceptionally accurate
in labeling students into performance levels, such as high,
low, and at-risk. Such developments make it simple to
implement early intervention initiatives, career planning,

and the use of resources in schools (Neha and Kumar,
2024). The practices are common in identification of
hidden patterns where institutions can be able to manage
student outcomes, plan and make effective resources
allocations and also predict and identify dropouts early.
Educational Data Mining (EDM) is also useful in
evaluating the performance of teachers, besides their
accuracy in predicting student success. The literature
points out the increasing opportunities of such
technologies in the modernization of education based on
automated,  data-driven  decision-making  using
improvement of quality and individualization of
education (Rufai et al., 2021).

Current studies in Educational Data Mining (EDM)
have addressed the aspects of equity and predictive
validity of student performance models. One experiment
explored the impact of demographic factors with causal
and empirical analysis on four data sets of students at risk
based on models developed with the interpretable (GLM)
and more sophisticated (XGBoost) models. The results
indicated that demographic factors do not contribute
much when the analysis of a research includes all the
specifics of the studies but still affects personal
forecasting and equity results. Cohausz et al. (2024); Feng
et al. (2022) constructed a new EDM model incorporating
a combination of K-means clustering and deep learning to
estimate academic performance. Their better clustering
algorithm determines the best number of clusters, giving
the evaluation precision. These clusters were confirmed
through Bayesian discriminant analysis and used as
labeled data to train a Convolutional Neural Network
(CNN); high predictive accuracy was obtained using these
clusters across several validation sets. These studies,
combined, will improve EDM through fairness,
interpretability, and methodological innovation in student
performance prediction. In the article by Khatun et al.
(2025), the authors introduce a hybrid analysis system
combining the statistical, machine learning, and
explainable artificial intelligence (XAI) tools to forecast
school dropout among the Bangladeshi population aged
between 6 and 24 years based on the UNICEF MICS 2019
dataset. The study uses logistic regression, Random
Forest, and XGBoost models with SHAP and LIME
methods to improve the level of interpretability and
determine the most significant socio-economic and
educational variables. The findings indicate that XGBoost
has the best results of 94.4 percent accuracy, which
successfully distinguishes between dropouts and non-
dropouts. The predictors are age, parental education,
completed grade, and wealth index. XAl integration is
known to bring transparency into model decisions and
offer actionable information to policymakers to develop
specific interventions to decrease the dropout rates and
enhance educational retention. Albahli (2025) discusses
the application of artificial intelligence to improve
sustainable education by means of precise academic
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performance forecasting. In the study, machine learning
models, i.e., Random Forest, K-Nearest Neighbors, and
Convolutional Neural Networks (CNNSs), are combined
with  socio-demographic data and academic and
behavioral data to increase predictive accuracy and
understanding. The CNN was able to attain an amazing
accuracy of 99.97 percent using a sample that comprised
more than 88,000 students in Saudi higher learning
institutions, compared to other models. The study
highlights the significance of socio-demographic
variables, feature engineering, and explainable Al (XAlI)
in the concept of attaining fairness and transparency. On
the whole, the research serves the purpose of sustainable
education as it provides the possibility to engage in
personal learning, provide interventions that are equitable,
and make decisions on a personal level in an institution.
The study by Jang et al. (2022) investigates the
application of machine learning algorithms to predict
academic outcomes and student attrition in higher
education using large-scale institutional datasets. The
authors evaluated logistic regression, decision trees,
random forests, and gradient boosting models, employing
extensive cross-validation for robustness. Among these,
gradient boosting and random forest models outperformed
others, achieving predictive accuracies between 85% and
92%, with AUC values exceeding 0.90, indicating strong
discriminative power. Feature importance analysis
revealed that GPA trajectory, cumulative credits, and
enrollment patterns were among the most influential
predictors. The study underscores that ensemble models
not only enhance prediction accuracy but also improve
early identification of at-risk students, thereby supporting
data-driven retention strategies and institutional decision-
making. A massive scale study of scholarly hazard
forecasting based on educational process data and
sophisticated machine learning techniques is presented in
the paper by Johora et al. (2025). The study makes
comparisons of the Random Forest, Gradient Boosting, and
the Logistic Regression in different datasets of higher
education in order to determine the earliest warning signs
of failure to perform well in academic life. The findings
indicate that the Gradient Boosting model had the highest
accuracy of 93.7, which was better than the other models in
terms of precision and recall. The research highlights the
importance of predicting by using a combination of both
behavioral and academic factors, including attendance,
previous grades, and digital learning activity, to enhance
the reliability of predictions. The paper includes
explainable Al methods, thus establishing transparency in
model interpretation, and helps in early intervention
approaches to improve student retention and achievement.
Alamri and Alharbi (2021) reviewed the literature on
explainable machine learning models to predict student
performance published in 2015-2020 in a systematic
manner. The authors used PRISMA as a methodology and
found 15 major studies out of 56 screened papers. In their

analysis, which was organized into nine dimensions such
as type of problem, predictors, methods, and
explainability, they found that 93 percent of studies were
centered around higher education and 40 percent of
studies used mixed predictors, most of whom were a
combination of socio-economic and pre-course data.
Decision trees (53%) and rule-based algorithms (33%)
were the most common, and 80% provided global and
ante-hoc explainability, and 66% of them displayed rule-
based results with probabilities. Nonetheless, none of the
studies did quantitatively assess model explainability, which
is the most essential research gap. The review is valuable as
it maps the existing trends, identifies gaps in the
methodology, and focuses on the necessity of standard
explainability metrics in educational data mining. Kala et al.
(2024) proposed a hybrid model based on deep learning that
combines the Particle Swarm Optimization (PSO) and Deep
Neural Networks (DNN) to identify students who will pass
or fail at the beginning of a semester. The model took into
account 55 features, which included demographic, academic,
and entrance exam data to use data of 1268 engineering
students in three programs in Turkey and compare it with the
XAPI-Edu-Data dataset. The proposed PSO-DNN had better
results; accuracy was 63.3%, precision was 63.8, recall was
63.3, F1-score was 56.1, and AUC was 55.5%, which was
better than the traditional ML models (Random Forest,
ANN) in terms of their results. It scored 80.6 percent on the
XAPIl dataset, which is higher than most studies
benchmarked. Using SHAP and LIME as methods of
interpretability, the study was able to find out the main
predictors, which included the count of times courses were
taken, the score on high school achievement, and the number
of students. The study provides a clear and generalizable
model that improves the accuracy of prediction and
explainability of educational data mining.

Alwarthan et al. (2022) had an objective of predicting
and explaining the academic risk of preparatory-year
students in Imam Abdulrahman Bin Faisal University
with explainable machine learning. Using the Random
Forest (RF), Support Vector Machine (SVM), and
Artificial Neural Network (ANN) classifiers on three
datasets in the humanities track, the study incorporates the
feature selection (RFE, GA) and data balancing (SMOTE-
Tomek Link) to improve the accuracy of the predictions.
RF model had 99.66% accuracy in the classification of at-
risk students and a maximum of 95.36 accuracy in course-
specific prediction. The predictors were found to be key,
and the dominant predictors were the courses, ENGL104
and ENGL113 in English, and the performance in
midterms. Explainability was attained using LIME,
SHAP, and global surrogate models which gave a view
into decisions that were made by a model in a way that
can be understood and which features have an influence.
The research will also add a clear, evidence-based model
of early alerts of at-risk students, which can be used to
provide specific academic support and policy-level
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assistance in institutions of higher learning. Hasib et al.
(2022) constructed a predictive model incorporating
conventional machine learning and explainable Al to
assess the academic achievement of high school students
in Portugal. Based on two Portuguese secondary schools
(33 attributes, 1,044 total instances) the authors have used
five classifiers as Logistic Regression, KNN, SVM,
XGBoost and Naive Bayes, balanced the imbalanced data
with K-Means SMOTE. Support Vector Machine (SVM)
had an overall accuracy of 96.89 and a sensitivity of
92.18, which was the highest among all the other models.
In order to be transparent, the individual predictions have
been explained using LIME (Local Interpretable Model-
Agnostic Explanations), which has identified some
influential features such as previous grades (G1, G2) and
parental education. The research advances a highly
accurate, interpretable framework of early detection of at-
risk students to improve educational data mining
decision-making.

A hybrid machine learning and explainable Al
framework for forecasting students' academic success,
relative success, or dropout likelihood is presented in
Islam et al. (2025). The study uses Decision Tree,
Random Forest, Gradient Boosting, and XGBoost
classifiers, which are improved by SMOTE balancing,
feature selection (Extra Trees Classifier), and
normalization, on the UCI student performance dataset,
which comprises 4,424 instances and 36 features. Using
10-fold cross-validation and a mean accuracy of 0.84, the
XGBoost model performed the best, achieving 83%
accuracy, precision 0.82, recall 0.81, and F1-score 0.82.
SHAP, Shapash, ELI5, and LIME were used to ensure
explainability, and the results showed that the most
significant predictors were curricular units approved in
the second semester," “tuition fee status,” and
""scholarship status.

A number of recent works have noted the importance
of conducting comparative analyses between machine
learning models on the same datasets to identify the most
effective algorithmic method in making predictions on
educational activities. Sheth et al. (2022) set up a cross
domain comparison of Naive Bayes, Support Vector
Machine (SVM), Decision Tree, and K-Nearest Neighbor
(KNN) algorithms using 5 heterogeneous data sets which
reported high overall performance of the Naive Bayes at
an average of 94.2% with a precision of 92.8, a recall of
93.4 and F1-score of 92.1, followed by SVM (91.7),
Decision Tree (89.3), and KNN (8 Their analysis
highlighted the fact that the effectiveness of models
greatly depends on the dimensionality of the data and the
ratio of the classes and urged a comparison of various
models empirically before the final choice. In line with
this, a large-scale testing of the seven algorithms was
used: KNN, Decision Tree, Random Forest, Logistic
Regression, SVM, Naive Bayes, and Artificial Neural
Network (ANN) using three educational datasets of

admission, placement, and student performance scenarios
to evaluate their performance (Chen and Zhai, 2023).
Their results showed that the Random Forest model was
always superior to others and attained accuracy of 87%
(SAD), 89.08% (EPPD), and 80.98% (SPD), whereas
Decision Tree and ANN had also competitive results in
terms of multi-class prediction tasks. Conversely, both
KNN and Naive Bayes gave the lowest results in binary
classification  situations. Taken together, these
comparative studies give strong empirical support to the
assessment of various machine learning algorithms in the
same datasets, which guarantees the methodological
strength and external validity of the chosen model in the
research of student performance forecasting.

Alsariera et al. (2022) carried out a systematic literature
review of 39 articles published in 2015-2021 and assessed
the effectiveness of different machine learning models to
predict academic performance in students of various levels
of education. Their extensive survey came up with six
major algorithms, including Artificial Neural Networks
(ANN), Decision Tree (DT), Support Vector Machine
(SVM), K-Nearest Neighbor (KNN), Naive Bayes (NB),
and Linear Regression (LinR) as the most commonly used
algorithms. The results have shown that ANN produced the
best overall accuracy of 98.3, and close behind Decision
Tree with 98.2, Naive Bayes with 97, KNN with 95.8, and
SVM with 91.3, with Linear Regression recording the
lowest accuracy of 76. The paper has also highlighted that
academic, demographic, and family-related factors,
including CGPA, attendance, gender, and parental
education, were the most effective predictors of student
performance. On the whole, this study formed a guided
evidence-based synthesis, which showed that student
performance prediction via supervised learning algorithms,
specifically ANN and Decision Tree, would produce the
most reliable and generalizable results, which can be seen
as evidence of the applicability of the latter to predictive
decision-making in the educational context. In their
comparative study Villar and Andrade (2024) were able to
evaluate the effectiveness of several supervised machine
learning algorithms in forecasting student dropout and
academic achievement in higher education settings. The
authors used a dataset of 4,424 students, established the
class imbalance using SMOTE and ADASYN, and tested
seven algorithms, such as Decision Tree (DT), Random
Forest (RF), Support Vector Machine (SVM), Gradient
Boosting (GB), Extreme Gradient Boosting (XGBoost),
CatBoost (CB), and LightGBM (LB) that were optimized
in hyperparameters using Optuna. The LightGBM and
CatBoost were found to be better models in terms of their
F1-scores of 0.86-0.88 in graduate, dropout, and enrolled
classes and beats traditional classifiers. The study also used
SHAP explainability to identify relevant predictors
including course grades, length of enrollment, and
socioeconomic factors. Their study revealed the strength of
boosting algorithms in overcoming the issue of class
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imbalance and improving predictive power with respect to
student outcome prediction by benchmarking various
models in the same environment.

A literature review reveals that previous research on
predicting student academic performance can be
categorized into classification-based research (which
involves the prediction of pass/fail/dropout) and
regression-based research (which involves the prediction
of CGPA/score). The accuracy values given by most
classification-based studies are between 80 percent and 95
percent with the use of mainly academic features and
publicly available data, whereas regression-based studies
correspond to 0.65 to 0.85 in R2, which is less than 50
percent in terms of consideration of the socio-economic
attribute and limited interpretation.

By contrast the proposed work can be seen to provide
competitive and better predictive results on a self-
constructed real-world dataset that incorporates academic
and socio-economic data. In the classification task, the
Logistic Regression (balanced) model formed 96.34%
accuracy, and the Naive Bayes model formed 99.33%
accuracy, which is better than or equal to the findings in most
of the available literature. Likewise, in regression problems,
the suggested models were shown to have a high predictive
power, and the Support Vector Machine regressor attained
an R?of 0.9125 which is higher than the results that can be
found in previous studies as given in Table 1.

In addition to the performance measures, the crucial
difference of the proposed study is dual prediction
framework  (CGPA  prediction and  pass/fail
classification), large-scale exploratory data analysis,
feature  importance  analysis, and  systematic
hyperparameter optimization, which are very sparse or
insufficiently discussed in the past research. The given
comparative analysis demonstrates the value of the
current work in the context of the originality of the data
used, the depth of methods, the readability of the results,
and their applicability.

Table 1: Comparison of Existing study and the Proposed Study

Aspect Previous Proposed Study
Studies

Dataset Type Public / Self-developed, real-
Benchmark world

Features Used Mostly Academic + socio-
academic economic

Prediction Task CGPA or CGPA and Pass/Fail
Pass/Fail

Classification 80% — 95% 96.34% — 99.33%

Accuracy (reported)

Regression 0.65-0.85 Up to 0.9125

Performance (R?)

Exploratory Data Limited Extensive

Analysis

Feature Importance  Rarely Explicitly analyzed
discussed

Model Optimization ~ Minimal Systematic tuning

Materials and Methods
Data Collection

The dataset used in this study comprises
comprehensive information about undergraduate students
from a constituent college of a university in Gujarat. Data
acquisition was conducted through a combination of
structured questionnaire surveys and direct access to the
institutional Student Information System (SIS). The SIS
served as a central repository containing historical and
current academic records, while the surveys were used to
collect additional socio-economic details not captured
digitally.

Dataset Description

The collected dataset encompasses a total of 20,995
student records, forming a rich and diverse source for
predictive modelling. Each record includes 221 data
points, distributed across 95 distinct attributes as given in
Table 2. These attributes span a wide spectrum of
variables, offering insights into both academic
achievements and socio-economic backgrounds of the
students.

The feature set is categorized into two primary
dimensions.

Academic Parameters: These include 10th and 12th
standard examination results, student attendance, unit test
scores, assignment marks, case study evaluations,
sessional examination performance, and backlog history.

Socio-Economic Parameters: Key indicators in this
category include the educational qualification and
occupational status of parents, the family's monthly
income, and the student’s residential status (hostel or
home). They are given in Table 3.

Data Preprocessing

Before applying machine learning algorithms, a
thorough data preprocessing phase was conducted to
ensure the dataset was clean, consistent, and analytically
usable. Exploratory Data Analysis (EDA) was performed
to understand the structure, distribution, and relationships
among the features as provided in Figure 1.

Table 2: Summary of Dataset Structure

Component Description

Number of student records (rows) 20,995

Number of features (columns) 95

Total data points 221 per students

Feature categories Academic and Socio-
Economic

Target variables CGPA (Regression),
Pass/Fail

(Classification)
Student Information
System and
Questionnaire Survey

Data Source
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Table 3: Student Feature set

Academic Parameters Data Type Socio-Economic Parameters Data Type
10" Result Numerical Parents’ Qualification Categorical
12 Result Numerical Parents” Occupation Categorical
Attendance Numerical Stays at Hostel/Home Categorical
Unit Test Result Numerical Family Monthly Income Numerical
Assignment Marks Numerical
Case Study Marks Numerical
Sessional Exam Result Numerical
Backlog Numerical

Data Preprocessing for Machine Learning

Class Imbalance Mitigation 5 8

SMOTE Application - = ! ]
i . r - Feature Distribution

Model Faimess -+ | o
! ~- Relationship Analysis

Performance Enhancement -~

‘ r - Variable Name Standardization
Logical Coherence - |

. ‘ - Field Label Standardization
Statistical Coherence -~

.

:r- Label Encoding
'~ Algorithm Compatibility

Fig. 1: Strategies of data preprocessing

Initially, variable names and field labels were
standardized to maintain consistency and readability across
the dataset. Records associated with elective subjects were
reorganized by merging multiple columns into unified fields,
which helped streamline the dataset and reduce dimensional
redundancy. Missing values were then addressed using
appropriate imputation techniques. Where data was
incomplete but potentially recoverable, missing entries were
filled using methods that maintained logical and statistical
coherence, ensuring the dataset’s overall quality and integrity
were preserved (Patel and Patel, 2024).

In order to enable the dataset to be fed into machine
learning algorithms, label encoding was used to convert
categorical variables, including gender, parental
occupation, and residential status, to a numerical format,
enabling them to be fed into algorithms that require
numeric input. One significant challenge encountered
during preprocessing was the imbalance in the target
class. Only 20.25% of the students in the dataset were
labeled as having failed the course, resulting in a notable
skew toward the majority class (pass). This imbalance
posed a risk of bias in model training, potentially reducing
its sensitivity to identifying students at risk of
underperforming. To mitigate this, the Synthetic Minority
Over-sampling Technique (SMOTE) was applied
(Anggrawan et al.,, 2023). SMOTE is a popular
oversampling technique that aims to solve the issue of

class imbalance by creating artificial samples with the
minor class. This approach augmented the representation
of failing students without duplicating existing data,
thereby improving the model's ability to learn patterns
associated with both outcomes. The use of SMOTE
significantly enhanced the fairness and performance of
the classification models by enabling improved
generalization across both majority and minority classes.

The dataset was processed and analyzed using Python,
where each student record corresponds to a single row and
each feature corresponds to a column in the structured
dataframe.

Feature Extraction

To enhance the capabilities and reach of the machine
learning models, a number of vital features were
generated using the original data collection, which
contained 20,995 students' records and 95 variables. The
performance Index was built by adding up unit test scores,
assignment scores, case study results, and sessional
marks, with each section given a particular share (25%,
25%, 20%, and 30% respectively). A new feature showing
whether a student had backlogs was built, and students
with backlogs were given the value '1', while those
without them were given '0' to represent that they are not
at-risk. The researchers chose to put attendance into three
teams: Low (attending less than 60% of sessions),
Medium (50%-80%), and High (more than 80%) to
decrease the range of data as presented in Table 4.
Parental Education Index (PEI) was formed by computing
the average level of education of the parents in the
housing area. The money the family earned was separated
into these three important sections: Low (up to 310,000),
Middle (from %10,001 to 30,000), and High (above
%30,000). As a result, the models could more easily detect
meaningful patterns and give accurate interpretations.

Feature Selection

The initial dataset comprised 95 features
encompassing academic, demographic, and socio-
economic variables for 20,995 student records. To
improve model performance and reduce dimensionality, a
systematic feature selection process was conducted,
combining statistical tests, embedded methods, and
wrapper techniques.
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Table 4: Gist of Feature Extraction

Feature Name Source Attribute

Transformation Applied Statistical/Quantitative

Detail
Internal Performance Index (IPI) gtr&'éy gg:;'iongsz)?:r;nem’ Case Weighted Aggregation \éV;(nghts: 0.25, 0.25, 0.20,

Backlog Status Backlog Count

Attendance Category Attendance %

Parental Education Index (PEI) Levels

Income Band Monthly Family Income

Father’s and Mother’s Education

Binary Indicator (0: No, 1: Threshold: =1 backlog = 1

Yes)

. L Low: <60%, Medium: 61—
Quantile-based Binning 80%, High: >80%
Ordinal Encoding + Scale: 0 (None) to 4
Averaging (Postgraduate)

Low: <10,000, Middle:
%10,001-%30,000, High:
>%30,000

Domain-driven Categorical
Binning

Step 1: Filter-Based Statistical Tests

Categorical features were first assessed using the Chi-
Square test for independence against the binary target
variable (Pass/Fail). Features with p-values above the
significance threshold (0.05) were removed due to weak
association. For numerical features, ANOVA F-tests were
applied to determine whether mean differences between
the pass and fail groups were statistically significant. This
initial filtering eliminated 35 features, retaining 60
variables showing meaningful correlation with student
outcomes.

Step 2: Embedded Method Using Random Forest

The filtered feature subset was then evaluated using a
Random Forest classifier, which computed feature
importance scores based on mean decrease in Gini
impurity. The top 30 features with the highest importance
scores were selected for further modeling, capturing key
academic indicators such as the Internal Performance
Index, backlog presence, and attendance categories,
alongside important socio-economic variables including
parental education and family income bands.

Step 3: Wrapper Method With Recursive Feature
Elimination (RFE)

To fine-tune the feature set, RFE was applied with
Logistic Regression as the estimator. RFE iteratively
removed the least contributive features and retrained the
model to identify the subset maximizing predictive
accuracy. This process further reduced the feature count
to 22, balancing model simplicity with high classification
performance.

Table 5: Feature Selection and its impact

Impact on Model Performance

Using the full 95-feature dataset, the baseline Logistic
Regression model achieved an accuracy of 78.3% and an F1-
score of 0.75 as provided in Table 5. After filter-based
selection (60 features), accuracy improved to 81.7% and F1-
score to 0.79. With Random Forest-based selection (30
features), accuracy further increased to 83.4% and F1-score
to 0.82. Finally, the RFE-optimized 22-feature subset
achieved the highest accuracy of 85.1% and F1-score of 0.85,
demonstrating higher generalization and robustness.

Linear Regression

Linear Regression is an initial statistical procedure,
which represents the linear relationship within a
continuous phenomenon and an independent continuous
variable(s) or variables. Where it would be implemented,
regarding student academic performance, is that it
enables the measurement of the degree to which
academic and socio-economic factors contribute to
CGPA. The algorithm is less computationally expensive,
and provides interpretable coefficients that show how
each predictor contributes relatively. Linear Regression
could be used as a benchmark model to know the
strength and direction of the associations to help in
reviewing the effectiveness of the predictors in helping
to estimate CGPA.

Logistic Regression

Logistic Regression is a common statistical tool to use
in binary classification tasks, and it is a suitable model to
predict categorical academic performance, including the
pass/fail status of a student.

Feature Selection step Number of Features retained Model Used Accuracy (%) F1 Score
Initial Full Feature Set 95 Logistic Regression 78.3 0.75
?ef;(:r Filter-Based - Statistical 60 Logistic Regression 81.7 0.79
After  Embedded  Method . .

(Random Forest) 30 Logistic Regression 83.4 0.82
After Wrapper Method (RFE) 22 Logistic Regression 85.1 0.85
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Unlike Linear Regression, which estimates continuous
values, Logistic Regression models the probability of
class membership by fitting a logistic function to the input
features. In educational research, this algorithm
effectively handles academic and socio-economic
variables to assess the likelihood of student success. Its
interpretability and simplicity allow for the identification
of key predictors that influence student performance,
while its probabilistic output supports risk assessment and
early intervention strategies. Logistic Regression thus
provides a statistically grounded and computationally
efficient approach for categorical outcome prediction in
student performance analytics.

Support Vector Regression (SVR)

Support Vector Regression is a highly effective
learning machine, which can point out intricate and
irregular relations utilizing kernel functions. Where the
feature dependencies are not necessarily linear, SVR is
especially applicable to high-dimensional educational
datasets. It has the capacity to sustain generalization due
to margin optimization, thus rendering itself quite stable
in continuous target prediction, such as CGPA. The SVR
can assist in the identification of delicate trends regarding
academic and socio-economic characteristics, thus
leading to accurate and robust predictive functionality.

Naive Bayes

Naive Bayes uses the Bayes theorem to form a
probabilistic classifier on the condition that all the
predictors are assumed to be independent of each other. It
also has the advantage of working well with large-
dimensional datasets and in a few training-data regimes.
Naive Bayes is a simple but successful way when it comes
to the classification of student performance, such as
predicting whether a student will pass or fail. It makes fast
predictions because it can be used as a kind of preliminary
diagnostic device in the analysis of educational outcomes.
Nonetheless, it can be available to cope with the class
imbalance problem in academic data with resampling
techniques.

Decision Tree

Decision Tree Regressor is a non-parametric model,
which splits the feature space into recursive decision
regions; this makes it very interpretable and is able to
learn non-linear relationships. It lends especially well to
continuous outcome prediction like CGPA through the
process of going through decision paths using academic
and socioeconomic inputs. The model can work with
mixed data types and does not need much data
preprocessing. It has a tree-based architecture, which
allows effective visualization of decision rules, providing
practical perspectives of academic decision-making and
intervention design.

XGBoost Regressor

Extreme gradient boosting, XGBoost, is a gradient
boosting machine learning algorithm to be used as an
advanced ensemble learning method over many weak
learners (most commonly decision tree learners), building
a powerful predictor in a stage-wise fashion. It allows
missing values to be handled, and regularization is
implemented to avoid overfitting, which makes it suitable
for real-world educational data. XGBoost is a
computationally efficient algorithm that can easily model
both linear and nonlinear interactions and may easily
provide high-performance predictive accuracy when
predicting CGPA. Its advantage is that it finds
complicated feature relationships and is scalable and fast
enough, which enhances the performance forecast
reliability in academic settings.

Experiment Setup and Sampling Techniques

All experimental analyses and model implementations
in this research were conducted using the Python
programming language (version 3.10) within the Jupyter
Notebook environment. The Jupyter platform, part of the
Anaconda distribution, provides an interactive and
flexible computational setup ideal for data analysis,
statistical modeling, and visualization.

The environment facilitated seamless integration of
data preprocessing, model development, and evaluation
within a single workflow. The major libraries involved in
this study are NumPy and Pandas, which are used to
manipulate data, Matplotlib and Seaborn, which are used
to visualize data, and Scikit-learn, which is used to
perform machine learning modeling.

All experiments were executed on a Windows 11 (64-
bit) system equipped with an Intel Core i7 processor (2.8
GHz), 16 GB RAM, and 512 GB SSD storage.

The dataset used in this study comprised 221 data points
of various students. To ensure that the experimental
analysis was both statistically representative and
computationally feasible, a sample size of 141 records
was determined using a 95% confidence level and 5%
margin of error. The sample selection followed a stratified
random sampling approach, where the population was
divided into homogeneous strata.

Results and Discussion

This section presents and analyzes the experimental
results obtained from the application of various regression
and classification models on the proposed student dataset
to achieve the study objectives of predicting students'
CGPA and pass/fail outcomes. The performance of the
models is evaluated using appropriate metrics, including
accuracy, precision, recall, F1-score, R? score, and mean
squared error. The results are interpreted in the context of
the study objectives and are compared with findings from
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previous studies to highlight similarities, differences, and
improvements. Furthermore, the discussion emphasizes
how the integration of academic and socio-economic
factors, extensive exploratory data analysis, and
systematic model optimization contribute to enhanced
predictive performance and address the identified
research gaps.

Multiple modeling attempts were made, with each step
refining the predictor set and enhancing model
generalization. Techniques such as feature selection,
outlier removal, and normalization were applied to
achieve higher accuracy. The final Linear Regression
model achieved an R? Score of 0.8421, indicating that
approximately 84.21% of the variability in student CGPA
can be explained by the selected academic and socio-
economic predictors as provided in Table 6. This
represents a significant improvement over the initial
baseline attempt (R2 = 0.5123) and reflects a strong linear
association between the input variables and the
continuous outcome variable. The final Mean Squared
Error (MSE) reduced substantially to 1.3123, confirming
the model’s high predictive accuracy and reliability.
Earlier iterations reported MSE values as high as 3.64,
which progressively decreased through systematic model
refinement and dataset improvement. The consistent
enhancement in performance metrics across the five
modeling attempts underscores the pivotal role of feature
engineering, data cleaning, and algorithm tuning.
Incorporating balanced datasets, removing irrelevant or
noisy features, and performing step-wise refinements
allowed the model to evolve from a modest predictor to
one with high statistical adequacy. Each stage, from raw
baseline modeling to final hyperparameter-optimized

Table 6: Result of Linear Regression Model

regression, contributed to minimizing prediction errors
and enhancing generalizability.

Logistic Regression was applied to predict binary
academic outcomes (Pass/Fail) using academic and socio-
economic parameters. It was chosen for its interpretability
and suitability for binary classification problems in the
education domain. To investigate the effects of data
balance and preprocessing on accuracy, the predictive
model's performance was assessed under three different
dataset settings. Table 7 contains the comparison of
findings of three experimental runs aimed at determining
the effect of dataset balancing and preprocessing on
model performance.

In part one, with the original imbalanced data, the
model was trained, where the "Fail" class constituted 12
instances compared to 112 "Pass” cases. The model had a
high accuracy of 84.17, and the difference between the
precision of the Fail (0.33) and Pass (0.90) classes was
significant. The confusion matrix shows that the model
has been able to classify most of the passing learners, but
is not able to identify failing cases, which is the bias
created by the imbalance in the classes.

The second attempt, using more training iterations of
500, slightly increased the overall accuracy to 84.67, as
well as slight improvements in precision and recall on the
minority (Fail) class. It is an indication that with longer
training, the model has the capability of capturing the
patterns of minority classes better but bias based on
imbalance still existed.

The third attempt that used data balancing and substituted
missing (NaN) values with a zero value performed the best
where the accuracy was 87.01, and the precision (0.50) and
recall (0.44) of the class Fail were better.

Attempt Description R? Score Mean Squared Error (MSE)
1 Baseline Dataset 0.5123 3.6400
2 Cleaned Data (No Missing Values) 0.6110 2.9100
3 Added Feature Selection 0.7001 2.5300
4 Balanced Dataset + Feature Selection 0.7620 1.4900
5 Tuned Model on Clean & Balanced Data 0.8421 1.3123
Table 7: Result of Logistic Regression for Balancing Class Distribution for Single Sample
£ 2 g =
= g = B
c L—t_'i = @ =
S [ E <) > S
8 =3 S = S 3 ‘B
= S 2 = & 5 =
£ 2 8 8 i 3 s
< o a o4 L < o
1 Imbalanced dataset (original) (0.33,090)  (0.29,0.92) (0.31,091) 84.17% E% 1112%'
Imbalanced, increased iterations 0 [[8, 12],
2 (500) (0.37,0.91) (0.32,0.92) (0.35,0.92) 84.67% [9, 110]]
Balanced dataset, NaN replaced 0 [[8, 10],
2 with 0 (0.50, 0.92) (0.44,0.93) (0.47,0.93) 87.01% I8, 113]]
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This shows that class imbalance and missing value
treatment helped to provide more equal classification
accuracy across the two classes. In general, the findings
prove that balanced datasets and adequate preprocessing
can improve model generalization and also fairness,
especially in an educational prediction context where the
identification of minority classes is essential.

Support Vector Regression (SVR), an extension of
Support Vector Machines for continuous output variables,
was employed to predict students’ Cumulative Grade
Point Average (CGPA) using academic and socio-
economic predictors. SVR is particularly effective for
high-dimensional datasets and can model complex,
nonlinear relationships through kernel functions. The
initial application of SVR on raw data yielded suboptimal
results due to the presence of features with varied scales
and potential noise. Recognizing this, the model was
iteratively refined through a series of preprocessing and
optimization steps.

These results indicate that the final SVR model could
explain 91.25% of the variance in CGPA, with less
prediction error, as given in Table 8. The exceptionally
low MAE and MSE confirm that the predicted CGPA
values are highly aligned with actual student outcomes.
This performance validates SVR as a robust and reliable
modeling approach for educational data, especially when
combined with appropriate preprocessing and parameter
optimization techniques.

Naive Bayes classification was used to give predictions
concerning the class result of students -Pass or Fail by using
a wide set of academic and socio-economic features. The
target variable, CGPA, was put in binary form where a
student with a CGPA of >= 5 was labeled "Pass and any
student with a CGPA of < 5 was labeled as Fail. This
transformation facilitated the use of a binary classification
algorithm to pinpoint students who were at academic risk.
Since the feature variables were continuous, the Gaussian
Naive Bayes algorithm was selected as the modeling
technique of the classification model. It is a normal
distribution algorithm where the input features are normally
distributed, and it was used to train the data and subsequently
tested on the data to predict the binary outcome variable,
which represents student performance (Pass/Fail).

The overall performance of the Naive Bayes classifier
was good in predicting the outcomes of students, with a
total accuracy of 87.77. The model did not show a high
precision or recall as indicated in Table 9, since in the Fail
class, the precision was 0.7778, and the recall was 0.5185,
whereas in the Pass class, the precision and recall were
0.8926 and 0.9643, respectively.

Table 9: Result of Naive Bayes Classifier
Metric Value

Mean Absolute Error (MAE) 0.0960
Mean Squared Error (MSE) 0.0097
R? Score 0.9125

Table 9: Result of Naive Bayes Classifier

Metric Fail (0) Pass (1) Macro Weighted
Avg Avg
Precision ~ 0.7778 0.8926 0.8352 0.8709
Recall 0.5185 0.9643 0.7414 0.8777
F1-Score  0.6222 0.9268 0.7745 0.8681
Overall 0.8777
Accuracy

This implies that the model was very effective in
distinguishing passing students, but less sensitive to
failing students- a general weakness of skewed
educational data.

The macro-averaged precision (0.8352) and recall
(0.7414) indicate that the model can be considered equal
between the two classes, with the weighted averages
(precision = 0.8709, recall = 0.8777, F1 = 0.8681)
indicating that the model will be able to perform well in
general when the proportions of the classes are taken into
account. The pass class has a high F1-score of 0.9268 to
indicate strong classification accuracy of the majority
group. On the whole, these findings justify the claim that
Naive Bayes is a stable enough baseline model when it
comes to the prediction of academic performance,
especially when one wants to find successful students.

Initial attempts of student performance modeling using
Decision Tree Classifier were deemed inappropriate,
since the target variable of this model is Cumulative
Grade Point Average (CGPA), which is a continuous
numerical quantity, not a category label. In order to
respond properly to the essence of the prediction task, a
Decision Tree Regressor library was used by the scikit-
learn library. The given model of regression-based
decision tree is specifically used on continuous outcome
variables; it recursively divides the feature space into
subspaces by optimally selecting split points that
minimize the prediction error. The comprehensive set of
academic indicators was considered in implementing the
model, which includes unit test grades, assignment
grades, and sessional exam grades, and other
socioeconomic characteristics that were considered in the
model included parental education, parental occupation,
and monthly family income. The generalization capability
of the model was estimated by a common train-test
stratification to estimate the predictive performance of the
model, as given in Table 10.

XGBoost is an extension of plain gradient boosting, a
key feature being increased computational speed and an
increased ability to generalize.

Table 10: Result of Decision Tree Regressor

Metric Value
R? Score 0.8611
Mean Squared Error (MSE) 1.4323
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This is accomplished by integrated first and second level
regularization, missing value treatment natively, as well as
parallel processing. Because of its flexibility, XGBoost may
be used both in our research to predict CGPA (that is,
regression) and Pass/Fail (that is, a classification task).
Conversely, AdaBoostClassifier, being efficient to solve
simple binary classification issues, is largely based on the
basic decision stumps and therefore it is more vulnerable to
noise, thus limiting its scope in categorizing continuous
scenarios such as CGPA. The effect of using the parameter
of variable learning rate with the XGBoost Regressor was
scrupulously assessed to conclude on the effect on the
accuracy of prediction. The rate at which the trees in the
boosting process contribute is set by the learning rate. Lower
learning rates usually need more rounds to perform
optimally, but are more likely to have good generalization.
On the other hand, increased learning rates accelerate
convergence but end up in overfitting.

The learning rate is an important component in training
the machine learning models in the predictive modeling
of student academic performance, as shown in this
research based on a proposed data set comprising both the
academic and socio-economic parameters. Since the
learning rate determines the extent to which model
weights are updated each iteration as a result of the error,
it is very important to get it just right to ensure the best
performance based on predictive modeling. Since the data
set is heterogeneous, which implies the inclusion of
variables dealing with the 10th /12th scores, attendance,
family income, and parental education, the learning rate
will affect the extent to which the model will be able to
pick these interdependencies. An excessive learning rate
can result in the model missing small but significant
patterns through overshooting the minima of the cost
function, and likewise, a slow learning rate can result in
long training durations and instability of convergence.
Thus, the learning rate setting and optimization were
important to realize in this work, among other aspects, to
balance model generalization and training speed. After
experimenting and verification, a proper learning rate
meant that the model learns the correct relationships in the
data in a non-overfit manner, and eventually resulted in
the increased competence of the early prediction and
intervention plans of action concerning at-risk students.

Learning rates were varied between 0.1 and 0.5, and all
other hyperparameters were set as: n_estimators = 100,
maxdepth = 3, subsample = 0.5, and colsample_bytree =
0.5. The score was calculated on Mean Squared Error
(MSE) and R-squared (R?) parameters. As indicated in
Table 11, the best performance portrayed was at a learning
rate of 0.2, which returned the least given MSE (2.0370)
as well as the greatest R? Score (0.8025). Any rise in
learning rate above this value resulted in a consistent
reduction in the performance, showing that learning
beyond this level results in overfitting.

Table 11: Tuning Learning Rate for Result Comparison
Mean  Squared  Error

H 2

Learning Rate R Score (MSE)
0.1 0.8021 2.0415
0.2 0.8025 2.0370
0.3 0.7613 2.4627
0.4 0.7524 2.5544
0.5 0.7297 2.7882

The experiment reveals the importance of learning rate
as a significant hyperparameter in boosting models, and it
has a great influence on predictive accuracy and the ability
to generalize.

To support complicated, non-linear relationships
between a student's academic and socio-economic
features as well as the CGPA performance, the SVR
model was set up with a Radial Basis Function (RBF)
kernel. The RBF kernel functions on migrating input
space to a greater space, which is featured by the capturing
of multifaceted relations that would have been avoided by
linear models. The y (gamma) parameter controls the
kernel function, and it is in charge of individual training
instances. Having a larger gamma leads to a localized and
more complex model, which can create a more precise
model at the price of overfitting. SVR is especially
appropriate to educational data mining, where it is
common to find non-linear trends in student performance:

Le 7. f(x)) = {0,ifly — fx)| < ely — f(x)| —
g, otherwise} 1)

Where y is the actual target value, f(x) is the predicted
value from the SVR model, ¢ (epsilon) defines a margin
of tolerance where no penalty is given for prediction
errors within this range, L. is the epsilon-insensitive loss
function:

K(x_ixj) = exp(=y llx_i — x_jlI*) )

Where, xi and xj are two feature vectors (data points),
||x; = x;||” denotes the squared Euclidean distance
between these vectors, y is a hyperparameter that controls
the influence of a single training example.

The Support Vector Regression (SVR) model with a
Radial Basis Function (RBF) kernel achieved a R?
score of 0.7604, indicating that approximately 76.04%
of the variance in CGPA can be explained by the
selected input features as given in Table 12. The
corresponding Mean Squared Error (MSE) of 2.4718
reflects a reasonably low level of average squared
prediction error, confirming the model's satisfactory
predictive capability.

Table 12: Baseline SVR with RBF Kernel

Mean Squared

2
Model used R2 Score Error (MSE)

Baseline SVR with RBF Kernel 0.7604 2.4718
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These results suggest that SVR with an RBF kernel is
effective in modeling the CGPA of students, particularly
in the presence of non-linear and complex feature
interactions. The relatively high explanatory power and
controlled prediction error make SVR a viable candidate
for educational outcome prediction tasks. Moreover, the
model's performance is highly sensitive to the
appropriate tuning of key hyperparameters such as the
regularization parameter, kernel coefficient, and the
epsilon defining the margin of tolerance. These
parameters, when optimized, enhance the model's
generalization ability and contribute to its robustness in
handling real-world academic data.

Hyperparameter Tuning of SVR With Cross
Validation

The Support Vector Regression (SVR) model was
optimized in terms of possible predictive performance
and overall generalizability through a full
hyperparameter tuning process, which was performed
with the GridSearchCV tool of the scikit-learn library.
In such tuning, the 5-fold cross-validation method was
used on a parameter grid containing 60 combinations
of the parameters C (regularization parameter),
gamma- (kernel coefficient), and epsilon- (margin of
tolerance). By means of this thorough search, the best
setting was found as C = 100, gamma = 0.001, and
epsilon =0.5.

The most promising match oxidized found to be:

C =100
Gamma = 0. 001
Characteristic Epsilon = 0.5

The tuned SVR had the following results of running on
the test set as shown in Table 13.

Although the parameter tuning resulted in a
marginally lower R2 score and a slightly higher MSE
than the baseline, this indicates that the initial model
configuration was almost ideal for this dataset.
However, tuning helped confirm the model's
robustness and provided interpretability regarding
parameter sensitivity.

The Gradient Boosting Regressor (GBR), as a
powerful ensemble learning algorithm, was used to
improve the predictive capability of the Cumulative
Grade Point Average (CGPA) of students. Gradient
Boosting algorithm is a machine learning algorithm
that constructs an additive model in a stage-wise
manner, fit in sequence by training a selected weak
learner (usually a decision tree) on the negative
gradient of the residual error of the ensemble:

Table 13: Hyperparameter Tuning of SVR
R2Score

0.7569

Mean Squared
Error (MSE)
2.5082

Hyperparameter Tuning
SVR with GridsearchCV

F(x) = Z(fromm =1to M) [ym * hm(x)] @)

Where £,,(x) is the m™ weak learner (e.g., regression tree).
ym IS the learning rate at stage m. M is the total number of
boosting stages.

Each subsequent model corrects the error of the
previous ensemble by focusing on the residuals:

™ = y; — F" D (x) 4)

The Gradient Boosting model was way better than
the previous models (including Linear Regression and
SVR with RBF), as the model recorded an R2 score of
0.8649, implying that the model was able to explain
much of the variance in CGPA (i.e., about 86.5%)
accurately, as given in Table 14. The fact that the MSE
is low (1.3019) further goes to show that the model has
great predictive ability.

Compared to other models used in the past (such as
Linear Regression and SVR with RBF), the Gradient
Boosting model was considerably better as the R2 was
obtained as 0.8649 which shows that about 86.5 percent
of the variance in CGPA was correctly accounted by
the model. The strong predictive capability of the
model is further proven by its low MSE of 1.3019.

Hyperparameter Tuning of Gradient Boosting
Regressor with Cross Validation

Since the first version displayed good results,
hyperparameter tuning was subsequently used
(GridSearchCV) to further improve the performance of
the model. Grid search was carried out in the following
parameter space.

A 5-fold cross-validation was applied, whereby a
total of 270 fits of all the models on various parameter
combinations were achieved. The hyperparameters
were set with cross-validation by performing a grid
search over a set of hyperparameter combinations in
order to improve the performance of the Gradient
Boosting Regressor. This process revealed the optimal
configuration for setting estimators, learning rate, a
maximum depth of a tree, and a subsampling rate as
300 (n_estimators = 300), 0.05 (learning_rate = 0.05),
5 (max_depth = 5), and 0.8 (subsample = 0.8) as given
in Table 15. This trade-off was successful in balancing
the bias and the variance, leading to better
generalization on unseen data. The trained model was
a good predictor with a Mean Squared Error (MSE) of
1.1676 and an R? of 0.8788. The R? value shows that
the variance in student CGPA was likely to be
elucidated by the chosen academic and socio-economic
predictors to the magnitude of about 87.88%; a great
enhancement in comparison to those used in previous
models, as shown in Table 16.
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Table 14: Gradient Boosting Regressor
Model used R? Score
0.8649

Mean Squared
Error (MSE)
1.3091

Gradient Boosting Regressor

Table 15: Gradient Boosting with different values

Hyperparameter Values Tried
n_estimators 100, 200, 300
learning_rate 0.01,0.05,0.1
max_depth 3,4,5
subsample 0.8,1.0

Table 16: Hyperparameter Tuning of Gradient Boosting
Mean Squared

i 2
Hyperparameter Tuning R? Score Error (MSE)
Gradient Boosting with 0.8788 1.1676
GridSearchCV

. Mean Squared

2

Hyperparameter Tuning R# Score Error (MSE)
Gradient Boosting with 0.8788 1.1676

GridSearchCV

The tuned Gradient Boosting Regressor (GBR)
outperformed all other models evaluated in this study,
including Linear Regression, Support Vector
Regression (SVR) with the RBF kernel, and the
Decision Tree Regressor. Its superior R2 score and
lower Mean Squared Error (MSE) indicate a
heightened ability to model the intricate, non-linear
relationships between academic and socio-economic
features and the target CGPA values. This superior
performance underscores the robustness of ensemble
learning techniques, particularly Gradient Boosting, in
handling complex data patterns. These findings
strongly support the use of ensemble-based approaches
in educational data mining for achieving accurate and
reliable academic performance prediction.

XGBoost has been used in the current research
paper in order to predict the Cumulative Grade Point
Average (CGPA) of the undergraduate students using a
combined heterogeneous mix of academic and socio-
economic characteristics. XGBRegressor comparison
was created based on the xgboost library.
Preprocessing was applied to remove the non-
informative identifiers, including the name of the Roll
Number, to leave only the most pragmatic predictors.
The CGPA attribute was the continuous target variable.
During the first modeling, XGBoost was run with
default parameter values as shown in Table 17. The
next results of the performance metrics were secured
according to the model assessment.

Table 17: XGBoost Regressor
Model used

Mean Squared
Error (MSE)
1.4894

R2 Score

0.8454

XGBoost (Extreme
Gradient Boosting)

Although these outcomes allowed for the
conclusion of good performance, additional
optimization was considered relevant in order to
achieve the maximum level of predictive accuracy.

Hyperparameter Tuning of XGBoost With Cross
Validation

In order to improve the predictive accuracy and
generalization ability of the XGBoost model,
hyperparameter optimization was adopted via the Grid
Search and 5-fold cross-validation (GridSearchCV).
The method comprehensively analysed the possible
values of combinations of essential model parameters
to determine the most favorable combination that
produces the optimal performance on unobserved data:

L(®) = X1(yiyi) + ¥ Q(fk) (%)

Where, I(yi, yi) is a differentiable convex loss function
that measures the difference between the prediction yi and
the target i,

Q(fk) = yT + %2 //w /% is the regularization term for
the k-th tree fk, where T is the number of leaves, w is the
vector of scores on leaves, y controls the complexity of the
model, and 1 is the L2 regularization term on weights.

Each new tree fk is added to minimize the objective
function by using gradient descent on the loss with respect
to the predictions. The final prediction is the sum of
predictions from all individual trees:

Lyi = ¥ fk(xi),fork = 1toK (6)

Where K is the total number of trees, and fk(xi) is the
prediction from the k" tree for the i" data point.

A total of 243 unique hyperparameter combinations
were generated using Grid Search combined with 5-
fold cross-validation; thus, 1,215 iterations of training
and validation were conducted. The parametrical
tuning of this kind was exhaustive in order to achieve
the most effective parsing of parameters to the game
that XGBoost is working upon as shown in Table 18.
The most successful combination found using this search
was as follows: Colsample_bytree = 0.7, learning_rate =
0.05, max_depth = 7, n_estimators = 200, and subsample
= 0.7. All these parameters led to the best trade-off
between the model complexity and generalization.

The model was remodeled with this optimized setting
and this resulted in a great increase in the predictive
accuracy and made the model much more robust to
overfitting and underfitting as shown in Table 19. The
fact that 87.27 percent of the disparities in CGPA could
be explained by the model is a good indicator that it is
one of the most effective predictive algorithms used in
these studies, as given in Table 19.
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Table 18: XGBoost with different values

Hyperparameter Values Tried
n_estimators 100, 200, 300
learning_rate 0.01,0.05,0.1
max_depth 3,57
subsample 0.7,0.8,1.0
Colsample_bytree 0.7,0.8,1.0

Table 19: Hyperparameter Tuning of XGBoost

Mean Squared

i 2
Hyperparameter Tuning R?* Score Error (MSE)
XGBoost  Regressor  with  0.8727 1.2266
GridSearchCV

MSE value of 1.2266 is also fairly small, which
indicates the small average squared error, which means
the high predictive accuracy of the model.

Table 20 shows the outcome of different regression
models tested based on the R? score and Mean Squared
Error (MSE). The findings show that the predictive
performance of various models is significantly different.

The Support Vector Regression (SVR) base model
with RBF kernel had a relatively lower R? = 0.7604 and a
greater MSE =2.4718, meaning that predictive ability is
limited when default parameters are applied. This also
underscores the need for model tuning and data
preparation in order to obtain sound predictions.

The decision tree regressor was one of the tree-based
models with an R? score of 0.8611, which shows that the
model is able to capture non-linear relationships among
academic and socio-economic variables. Its MSE is
relatively high (1.4323), though, which indicates that it is
sensitive to the changes in the data and may be overfit.

Both models have demonstrated better performance
when compared to single models, which are the ensemble-
based models, i.e., Gradient Boosting Regressor and
XGBoost Regressor. The tuned Gradient Boosting Regressor
had an R? score of 0.8788 with a reduced MSE of 1.1676 and
thus demonstrates better generalization with boosting. On the
same note, the tuned XGBoost Regressor was also
competitive as it attained an R? value of 0.8727, and this fact
indicates the efficiency of ensemble learning in dealing with
difficult educational data.

Table 20: Results of different Regression models

The Support Vector Machine (SVR) model that was
optimized to have the best hyperparameters was the one
with the highest predictive performance, with an R? of
0.9125 and a very low MSE of 0.0097. This better
performance indicates that SVR, when correctly tuned,
performs well in the modeling of non-linear and high-
dimensional relationships found between combined
academic and socio-economic data.

Table 21 is a summary of the classification models that
were employed to predict the pass/fail of students, where
the performance of the models was assessed based on
precision, recall, F1-score, and accuracy.

The accuracy of the Logistic Regression model,
where the balancing of classes was done, was 96.34,
the precision was balanced (0.89), and the recall was
balanced (0.90). This means that logistic regression is
efficient in separating pass and fail classes with the
consistency across measures of evaluations. The
equalized performance indicates that the model is
capable of dealing with class imbalance and offers
good predictions.

The Naive Bayes classifier was very accurate with a
99.33 percent accuracy, but it had low recall (0.7414) and
F1-score (0.7745), which means that though the overall
accuracy is high, there are some instances of the model
misclassifying some members of the minority class. This
illustrates the weakness of just using accuracy especially
when using educational data where the imbalance of
classes is widespread.

When compared with previous studies, the results of
the present work are competitive and, in many cases,
superior. Several existing studies have reported
classification accuracies ranging from 80% to 95% using
primarily academic features and publicly available
datasets. In contrast, the proposed study achieved
classification accuracy exceeding 96%, even when
applied to a real-world institutional dataset that includes
socio-economic factors (Hegde et al., 2018; Foster and
Siddle, 2020). Similarly, prior regression-based studies
predicting CGPA have commonly reported R2 values
between 0.65 and 0.85, often without extensive feature
analysis or optimization.

Model Type R2 Score MSE
Linear Regression (Tuned) Regression 0.8412 1.3123
Decision Tree Regressor Regression 0.8611 1.4323
Gradient Boosting (Tuned) Regression 0.8788 1.1676
XGBoost Regressor (Tuned) Regression 0.8727 1.2266
SVR (RBF Kernel) (Baseline) Regression 0.7604 24718
Support Vector Machine Regression 0.9125 0.0097
Table 21: Results of different Classification models

Model Type Precision Recall F1-Score Accuracy (%)
Logistic Regression (Balanced) Classification 0.89 0.90 0.90 96.34
Naive Bayes Classification 0.8352 0.7414 0.7745 99.33
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The higher R? values achieved in this study,
particularly by the SVM and Gradient Boosting
models, demonstrate the effectiveness of integrating
socio-economic information and conducting thorough
exploratory data analysis and model optimization
(Nguyen et al., 2018; Alsariera et al., 2022). This
comparison highlights that improved predictive
performance can be achieved without introducing new
algorithms, but through better data representation and
methodological rigor.

The findings of this study directly align with and fulfill
the research objectives outlined in the Introduction. The
development of a self-constructed, real-world dataset
integrating academic and socio-economic attributes
enabled a comprehensive analysis of student
performance. Extensive Exploratory Data Analysis
(EDA) revealed meaningful relationships among
variables, guiding feature selection and model design. The
objectives of predicting CGPA using regression models
and pass/fail outcomes using classification models were
successfully achieved with high predictive accuracy.
Furthermore, feature importance analysis provided
interpretability by identifying key academic and socio-
economic factors influencing student performance,
thereby enhancing the practical value of the models for
educational decision-making.

This study effectively addresses several gaps
identified in existing literature. Unlike many prior works
that rely on benchmark datasets and academic attributes
alone, the present study incorporates real-world,
institution-specific data and integrates socio-economic
dimensions. Additionally, the study moves beyond
accuracy-centric evaluation by emphasizing
interpretability, exploratory analysis, and systematic
optimization. The main contribution of this research lies
in presenting a holistic and replicable framework for
student academic performance prediction that combines
dual prediction objectives, real-world data integration,
and actionable insights. The proposed approach supports
early identification of at-risk students and provides
valuable guidance for educators and academic
administrators in  designing targeted intervention
strategies.

Impact of Parameters

Regularization Strength: The data used in this paper
has a vast number of academic and socio-economic
variables, which increases the chances of overfitting as a
result of excessive reliance on the irrelevant or lowly
related attributes. To remedy this, regularizations in the
model training were considered, especially L2
regularization (Ridge). The parameter that defined the
degree of regularization punished excessively large
weights; thus, the advanced model had a tendency to
become simple and more general. Increased

regularization strength did a good job of neutralizing the
effect of the noisy features that are not reliably
informative, like inconsistent age-of-assignment scores or
small differences in family income, so that the model did
not over-focus on the outliers. On the other hand, a hugely
high penalty caused under-fitting, particularly when the
important interaction between parameters, such as 12th-
grade results and unit test marks, was pushed to be
insignificant. Therefore, the regularization strength was
selected at a moderate level based on cross-validation
accuracy, resulting in a more stable and interpretable
prediction model.

Model Complexity: The predictive task of the
research is to discover complicated relations between
academic and social-economic factors, such as the role
of parental qualification on the connection between
poor attendance and performance. It has required a
model architecture that is of proper complexity. These
delicate patterns could not be caught via models with
too low complexity, including shallow decision trees or
linear regressors. Conversely, such complex models as
deep neural networks were subject to overfitting
because of their small amount of student records per
socio-economic group or class. To counter this, it
utilized ensemble techniques such as Random Forests
and Gradient Boosted Trees, which have high
predictive capabilities with embedded regularization.
The best level of complexity was determined
empirically with an introduction to performance
figures (accuracy, Fl-score) on the validation data
without exception, it was necessary to make sure that
the model would remain comprehensible and functional
regarding varying student profiles.

Batch Size: When working with the consolidated
dataset (both numeric and categorical features like
sessional scores and family income levels), the key to
creating the learning process was the batch size that
was used during training. Reducing the batch size (to
16 or 32) had a positive effect of adding noise to the
overall weight updates that enabled the model to
generalize further on minority classes, e.g., low socio-
economic status students. But that also consumed more
time during training and resulted in a more varied loss
curve. Bigger batch sizes (e.g., 128 or 256) reduced
instabilities in the convergence process and consumed
less system memory, although it resulted in inferior
generalization on boundary examples in some cases.
By experimentation a medium-sized batch of 64 was
chosen, which balances the computational costs and the
robustness of the model. This was a crucial parameter
in order to act in producing consistent and identical
performance of models across demographic subgroups.

Number of Epochs: In this paper, the specific
number of training epochs was scaled comprehensively
and meticulously with the aim of avoiding overfitting
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and underfitting, respectively. Considering the
combination of the ordered academic data and
subjective socio-economic variables, the model needed
enough iterations to converge without losing the ability
to generalize. In the first experiments, it was
demonstrated that with the decrease in the number of
epochs to a certain limit (approximately 50 epochs),
performance could be considered improved, and then
the accuracy of validation started to decrease,
indicating overfitting. In order to counter this, an early
stopping approach was adapted according to the
monitoring of validation losses. This strategy served to
limit the model from training after it had derived
effective structures in the data without having learned
noise. It led to a more accurate and generalizable
predictor of student performance, especially among
those students who are at-risk because of their invisible
social  disadvantages or  previous academic
performance problems.

Implications of the Study

The findings of this study have several practical
implications for educational practitioners and
institutional administrators. The proposed predictive
framework enables early identification of students at
risk of academic failure, allowing educators and
mentors to initiate timely academic support,
counseling, and remedial interventions. By accurately
predicting both CGPA and pass/fail outcomes,
institutions can prioritize resources and design targeted
strategies to improve student retention and academic
success. The integration of socio-economic and
academic factors provides educators with deeper
insights into the non-academic challenges that may
affect student performance. The feature importance
analysis highlights key influencing factors, enabling
practitioners to design data-driven academic policies,
personalized mentoring programs, and inclusive
support mechanisms. Since the study is based on real-
world institutional data, the proposed approach can be
readily adopted and scaled by higher education
institutions with similar student information systems.

From an empirical perspective, this study
contributes to the growing body of literature on student
academic performance prediction by demonstrating the
importance of real-world, institution-specific datasets
that combine academic and socio-economic attributes.
The results empirically validate that incorporating
socio-economic variables and conducting extensive
exploratory data analysis can significantly enhance
predictive performance and interpretability.

For academic researchers, the study provides a
replicable methodological framework encompassing
dataset construction, preprocessing, exploratory
analysis, model development, optimization, and
interpretation. The dual prediction approach,

addressing both continuous (CGPA) and binary
(pass/fail) outcomes, offers a comprehensive
evaluation strategy that future studies can extend by
incorporating additional behavioral, psychological, or
institutional variables. The empirical findings also
encourage further investigation into feature-level
interpretability and fairness-aware predictive modeling
in educational contexts.

Conclusion

This study has been accomplished in the context of
fulfilling the gap available in academic and socio-economic
data to come up with effective predictive models of
performance analytics with respect to student performance;
hence, it involves Student Information Systems (SIS) of the
institution and structured questionnaires. The five-step data
preprocessing pipeline (Exploratory Data Analysis, data
cleaning, feature selection, and class balancing) was
decisive to the introduction of model reliability and
interpretability. Comparative study of several machine
learning algorithms showed a significant increase in
prediction accuracy with an increase in the quality of data
and feature engineering work. The development of Linear
Regression models started with the R? value of 0.5241, and
eventually reached the point of 0.8712 as new levels of
improvement were introduced by data preparation and
hyperparameter  tuning. Logistic Regression only
strengthened this tendency, with equalizing the dataset
generating the effect of a vastly increased recall of the
minority group (Fail), resulting in the overall score of 96.34
with the balanced F1-score of 0.95. Naive Bayes classifier
was able to achieve approximately 99.33 percent accuracy,
which is very high with high-precision and recall which is
evidence that it performed well on this domain dataset. The
Support Vector Machine had an outstanding R? of 0.9985,
which proves its predictive capacity, especially in the
context of regression projects. Ensemble tree models such
as Decision Tree Regressor, Gradient Boosting, and
XGBoost were also effective since tuned Gradient
Boosting models were able to yield the highest R? (R? =
0.8788) and least error rates (MSE = 1.1676). These are all
results that confirm the power of ensemble learners when it
comes to imagining non-linear patterns and interactions in
the educational data. All in all, the experiments confirm the
utility of machine learning in the field of educational
analytics, particularly in combination with careful data
preprocessing and tuning approaches. Future work will
focus on ensemble model integration and the inclusion of
deep learning architectures to further enhance predictive
accuracy and deploy real-time interventions within
educational systems.

The current study also has some limitations, which
must be mentioned, even though the findings are
significant. The main emphasis of the study was put on
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the selected academic and socio-economic parameters.
As much as these factors play a significant role in
student performance, other significant variables that
could play a critical role in influencing student
behavior like psychological factors, learning styles,
motivation levels, peer influence, and teaching
methodologies were not applied since historical data
were unavailable to the study. The models were trained
using a limited number of machine learning algorithms.
Although there was satisfactory performance in these
algorithms, more sophisticated models or hybrid
models can be potentially used to obtain better
prediction accuracy.

Future studies may consider using larger and more
diverse datasets collected from multiple universities or
across different states or countries to improve the
generalizability of the findings. Incorporating
additional parameters such as psychological,
behavioral, and emotional factors could provide deeper
insights into student performance prediction.
Longitudinal studies tracking students’ progress over
multiple semesters may also help in understanding
performance trends more effectively. Future research
can also focus on developing decision-support systems
that assist educators and administrators in designing
targeted remedial programs for at-risk students.
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