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Abstract
The utilization of machine learning (ML) methods has the potential to address the chal-
lenges posed by the rapid growth of student-related data, enabling better predictions
of student performance and supporting informed managerial decisions. These tech-
niques analyze data through advanced models and algorithms to predict academic out-
comes. This research identifies key factors that influence student performance using ML
approaches. Using statistical and classification algorithms, machine learning improves
the accuracy of predictions. The research explores relevant factors and applies them in
state-of-the-artmodels to achieve precise performance predictions. Various studies have
used ML techniques to predict student success, highlighting its broad applicability. This
research proposes a framework for assessing students’ academic achievements. The
dataset includes information such as demographic details, previous academic records,
and family history. Data was sourced from students across multiple universities using
online surveys, comprising 24 attributes adapted from prior research. The objective is to
identify critical attributes that significantly affect student performance. It also evaluates
distinguish classification techniques to enhance prediction accuracy. Experimental find-
ings reveal that the Support VectorMachine (SVM) outperformsothermethods, achieving
a maximum accuracy of 62.50 %.
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1 Introduction
Anticipating the outcomes of tasks performed by indi-
viduals has become a captivating topic, attracting sig-
nificant attention in recent years. Predictive Analysis
offers a systematic approach to examining past events
and forecasting future outcomes. This approach inte-
grates various methods, such as data mining, ML, sta-
tistical modeling, and artificial intelligence, to analyze
data and generate predictions. By utilizing these tech-
niques, student grade performance can be predicted
with precision. Emerging fields like educational data
analysis, learning analytics, academic analytics, educa-
tional datamining, predictive analytics, and learner an-
alytics have become crucial research areas. Numer-
ous personal, socioeconomic, psychological, and en-
vironmental factors shape students’ academic perfor-
mance. Accurate prediction models must account for
these factors to deliver reliable results. High-accuracy
predictions can help identify students requiring addi-
tional academic support.

This research investigates the critically analyzes
existing models for predicting student performance,
and determines the impact of various features on
academic outcomes. The objectives of this research in-
clude identifying key attributes that enhance student
performance, designing a more precise machine-
learning algorithm, and validating the proposed
model by benchmarking it against existing systems.
The research question is whether it is possible to
predict a student’s performance in an academic
setting. For instance, can one determine if a student
will successfully complete their degree? [1]. However,
learning is increasingly seen as an individual effort,
making it challenging to develop models that evaluate
a student’s academic efforts effectively. Recent ad-
vancements in ML techniques have introduced fresh
perspectives on this challenge.

Studies emphasize that success in life is closely tied
to education, which plays a pivotal role in securing
a brighter future [2]. Governments and educational
institutions engage in various initiatives to enhance
the quality of education nationwide. Education con-
tributes to personal growth, improved social status,
economic progress, global awareness, and solutions

to environmental issues. ML, a subfield of artificial
intelligence, has advanced the creation of algorithms
that enable computers to analyze datasets and predict
outcomes [3]. The application of these algorithms
in education has grown rapidly in recent years. ML
focuses on pattern recognition and decision-making,
identifying patterns and generating rules from data
inputs. It is a distinct field within computer science,
differing from traditional computing methods in
problem-solving [4]. Its algorithms are designed to al-
low systems to process data, create training sets, and
deliver outputs based on statistical analysis. Super-
vised learning techniques, particularly classification
algorithms, are widely used to predict academic suc-
cess [5]. This research examined various classification
methods to analyze and forecast final-year student
grades. The algorithm’s performance, combined with
the dataset quality, determines the success of these
ML models. Statistical methods for predicting student
outcomes were carefully assessed in this study [6].
It was found that a student’s academic success is
influenced by their background and other relevant
factors.

Research has consistently shown that personal
characteristics, family background, and previous
academic achievements significantly affect a student’s
performance. Predicting academic outcomes is espe-
cially critical in educational contexts, as it facilitates
the creation of strategies to improve academic results
and reduce dropout rates [7]. ML techniques are
frequently applied to predict final grades by analyzing
data from similar students’ past performances [8].
Information such as age, gender, and field of study
is often readily available in university databases,
making it a common resource for researchers. Several
techniques have been explored to enhance student’s
academic outcomes and promote their holistic devel-
opment. The study also evaluated student’s behavior
to anticipate academic challenges and suggested
personalized interventions to improve their learning
experience [9]. Accurate predictions of student perfor-
mance are highly beneficial, as they enable educators
to identify at-risk students early and provide targeted
support [10]. While predicting academic success is
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critical for fostering growth, it remains complex due
to the interplay of multiple influencing factors.
2 RELATED WORK
ML encompasses a range of techniques that allow
computers to learn andmake decisions autonomously,
without direct human intervention. This technology
has been widely applied across various domains,
including medical diagnostics, stock market predic-
tions, DNA sequence classification, gaming, robotics,
and predictive analysis, among others. In the educa-
tional sector, machine learning offers opportunities
to enhance understanding of the learning process
by identifying, extracting, and analyzing factors that
influence students’ educational journeys. Predict-
ing student performance involves identifying key
attributes and examining the relationships between
these features and the factors that impact academic
outcomes. This study evaluates whether learners can
complete specific tasks or achieve defined learning
objectives. In recent years, significant research ef-
forts have focused on developing models to predict
student performance, emphasizing its importance
in improving educational outcomes. A framework
was developed to predict the academic performance
of first-year bachelor students in computer science
courses, emphasizing the identification of critical
factors contributing to success [11]. The dataset,
spanning eight years from July 2003/2004 to July
2013/2014, included information such as students’
academic records, family backgrounds, and demo-
graphics. Classification methods like Decision Tree,
Naïve Bayes, and Rule-Based (RB)models were applied
to this data to identify the most effective prediction
model. The finding concluded that the Rule-Based
model achieved the highest accuracy compared to the
others.

This model was particularly effective for students
with poor or average grades, helping teachers identify
and support students needing academic assistance.
Clustering analysis was introduced to study student
behavior, yielding insightful findings. Data mining al-
gorithms have proven instrumental in understanding
and consistently improving student performance [12].

These analyses play a crucial role in the admissions
and placement processes, leveraging parameters
such as projects, internships, skill sets, and academic
marks from 10th, 12th, and undergraduate programs.
The K-means algorithm was used for clustering due
to its simplicity and computational efficiency, with
additional clustering strategies proposed to further
enhance performance. Ranking or classification within
clusters was also suggested to better evaluate student
performance.

The increasing volume of information in academic
databases has been noted, and classification algo-
rithms have been applied to educational datasets
to extract insights into student performance [13]. A
prediction model based on K-Nearest Neighbor (KNN)
and Naïve Bayes algorithms was proposed to evaluate
students’ academic outcomes. These algorithms were
compared using achievement parameters, with Naïve
Bayes achieving an accuracy rate of 93.17%. The
study [13] identified a strong relationship between
significant features and student performance. An-
other analysis used various analytical methods to
assess student achievements, abilities, and develop-
ment [14]. The Student Attribute Matrix (SAM) was
employed to model performance-related and non-
performance-related attributes. BP-NN algorithms
were utilized to create a performance estimation tool
using current student data, such as achievements and
features. Data from 60 high schools were analyzed,
providing indicators and predictors to understand
factors influencing student outcomes. The evaluation
showed strong results, offering valuable insights into
the educational process.

Data mining techniques have also been applied to
analyze undergraduate students’ performance and
reveal patterns [15]. Academic achievements were
assessed after completing a four-year program, cate-
gorizing students into low- and high-achieving groups.
This research highlighted the importance of focusing
on fewer courses to improve academic performance
and provided early warnings for students at risk of
underachievement. A comparative study of linear
regression and multilayer perceptron algorithms was
conducted to predict student outcomes [16]. Based

113



VFAST Transactions on Software Engineering Volume 13, Issue 1, 2025

on mean values and absolute error, the multilayer
perceptron outperformed linear regression. The
inclusion of online discussion forums was shown to
enhance students’ learning experiences.

Categorization techniques were used to analyze
students’ knowledge, applying past performance data
to predict semester outcomes [17]. Various classi-
fication methods were implemented, with localized
theorems playing a key role. The study enabled
educators to identify students requiring additional
support and reduce failure rates through targeted
interventions. The research also informed strategies
for improving academic outcomes in subsequent
semesters.

A system to predict secondary school grades
employed data mining methods, including binary, re-
gression, and five-level classification techniques, along
with models such as decision trees, random forests,
neural networks, and support vector machines (SVM)
[18]. The findings indicated that predictive accuracy
was highest when first- and second-term grades were
available. The study confirmed that earlier academic
performance strongly influences future success. The
use of data mining techniques also provided insights
into additional attributes, such as prior academic
records and feedback from educational institutions.
3 DETAILS OF PROPOSED METHOD
Predicting a student’s academic performance requires
a model that incorporates all relevant features affect-
ing their outcomes. The base line model used for this
study is inaccurate. as shown in Figure 1.

This study employs a quantitative researchmethod-
ology, analyzing numerical data collected via surveys
distributed to students across various universities.
A pilot study validated the questionnaire before full
deployment, ensuring clarity and relevance. Data pre-
processing involved cleaning missing values through
mean and mode imputation, encoding categorical
variables, and normalizing numerical data. Feature
selection identified key academic and socio-economic
factors influencing student performance, with a target
classification of high, medium, and low achievers.
Machine learning models such as Decision Trees,

Figure 1. Baseline Model.

Random Forest, and Support Vector Machines (SVM)
were trained and tested using an 80-20 data split. To
establish a performance benchmark, baseline meth-
ods such as Logistic Regression, K-Nearest Neighbors
(KNN), Naïve Bayes, Linear Regression, and Majority
Class Baseline were implemented for comparison.
Educational data mining techniques were applied to
extract patterns, highlighting geographic disparities in
academic performance, particularly in a local context
compared to existing datasets from Europe and
America. Data analysis utilized statistical methods
and visualizations through tables, graphs, and figures
to illustrate key trends. The structured workflow
involved survey distribution, data collection, prepro-
cessing, feature selection, model training and testing,
and results interpretation, ensuring a methodical
approach to deriving meaningful insights, as outlined
in Figure 3.
4 EXPERIMENTAL WORK
This research aims to evaluate the effectiveness
of popular machine learning algorithms for early
detection of students likely to underperform and to
assess the impact of process mining variables on
the performance of these techniques. The study
employs classification algorithms suitable for datasets
with imbalances. Specifically, Random Forest (RF),
Logistic Regression (LR), Naïve Bayes, and K-Nearest
Neighbors (KNN) were utilized in the experiments.
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Figure 2. Dataset processing workflow diagram.

4.1 Data Collection
This study employed a structured survey methodol-
ogy to gather student data from multiple universities.
The dataset includes demographic details, academic
records, and socio-economic factors, with 24 at-
tributes identified as potential predictors of student
performance. Data was collected through online
surveys and preprocessed to handle inconsistencies
such as missing values and noisy data.
4.2 Sample Size
The sample size reflects the number of completed
responses from the survey, representing the target
population. A random sample of students from
three universities was chosen, initially targeting 450
students. After applying preprocessing techniques,
318 valid student responses remained, each char-
acterized by 24 unique attributes. This sample size
aligns with previous studies that used similar datasets.
The decision to use this sample size was based on

its successful application in four to five comparable
studies.
4.3 Data Preprocessing
Data preprocessing is a critical step in machine learn-
ing, as it transforms raw data into a format suitable
for analysis. The dataset collected from students con-
tained various inconsistencies, such as missing values
and noisy data. The preprocessing phase addressed
these issues to enhance data quality. Techniques
such as handling missing values, correcting errors,
and filtering noisy data were implemented to ensure
the dataset’s reliability. This step also eliminated any
anomalies that could obscure patterns in the analysis.
4.4 Feature Extraction
Feature extraction involves reducing the number
of features in a dataset by creating new ones from
existing attributes and discarding the originals. This
technique ensures that the dataset retainsmeaningful
information while reducing complexity. In this study,
the extracted features effectively summarized the
original dataset, enabling a more concise analysis.
4.5 Feature Selection
Although the dataset does not include an excessive
number of features, some attributes were deemed
irrelevant to predicting student achievement. The
WEKA tool was employed for feature selection, of-
fering automated algorithms to identify and remove
unnecessary features. Feature selection refines the
dataset by eliminating irrelevant attributes, enhancing
the accuracy and efficiency of the predictive models.
This process also ensured that the dataset included
only significant variables, such as demographics,
socioeconomics, and course-related factors.
4.6 Feature Engineering
Feature engineering was conducted to optimize the
dataset for machine learning models. Categorical vari-
ables such as gender and parental occupation were
encoded, while numerical attributes were normalized
to ensure uniformity. The WEKA tool was used for
feature selection, removing irrelevant or redundant
features to enhance model performance.
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4.7 Data Description
The dataset included 24 attributes categorized into
demographic, learning environment, socioeconomics,
and course-related features. Examples include stu-
dent gender, living address, family size, parental
job status, daily travel time, study hours, internet
connectivity, co-curricular activities, health status,
and teacher encouragement. The study utilized the
10-fold cross-validation technique to evaluate the
generalizability of the models. This method splits the
dataset into ten equal parts, iteratively training on
nine parts and testing on the tenth, ensuring robust
validation.
4.8 Model Selection and

Hyperparameter Tuning
Classification is a key component of supervised
machine learning. This study used four algorithms
to predict student performance: Naïve Bayes, J48
Decision Tree, Random Forest, and Support Vector
Machine (SVM). These algorithms were chosen based
on their prevalence in existing research. The inclusion
criteria for features considered geographical location,
social culture, and alignment with study objectives.
Features irrelevant to the context or lacking predictive
significance were excluded. This approach ensures
the dataset aligns with the research goals, enhancing
the reliability of the results. This section provides a
comprehensive overview of the data gathered from
students, the results obtained, and the methodology
used to address the research questions. After ana-
lyzing the dataset, the outcomes were reproduced.
WEKA (Waikato Environment for Knowledge Analy-
sis), an open-source software, was utilized for this
study. WEKA offers a collection of machine learning
algorithms designed specifically for tasks such as data
preprocessing, classification, regression, visualization,
and other data mining applications. Many researchers
rely on WEKA for implementing prediction algorithms.
Various machine-learning classification techniques
were tested using WEKA for data mining purposes.
The classifiers in WEKA were used to predict different
levels of accuracy.

Four classification algorithms were employed,

which are Naive Bayes, Decision Tree, Random For-
est, and Support Vector Machine. Hyperparameter
tuning was performed using grid search to optimize
parameters such as the number of trees for Random
Forest, Kernel type for SVM (linear, polynomial, RBF),
Minimum instances per leaf for J48 Table 1 outlines
the accuracy of the features in the dataset.

Table 1. Attributes with Their Accuracy
Attribute Accuracy %
Gender 62.5
Previous Degree 68.75
Level of Study 68.75
Current Semester 68.75
Address 46.875
Family Size 62.5
Order in Family 56.25
Parents’ Relationship Status 62.5
Occupation of Father 40.625
Occupation of Mother 65.62
Guardian 68.75
Travel Time 40.625
Weekly Study Hours 50
Extracurricular Activities 62.5
Internet Facility 40.625
Go Outing with Friends 40.625
Educational Expense 62.5

Table 1 presents the accuracy of individual
attributes using the classifier. Four classifiers
were tested to determine accuracy, with the best-
performing classifier providing the final results. The
research dataset yielded these accuracies based on
the target class "CGPA." Accuracy for each attribute
was evaluated against the target class, though some
features did not produce significant results as antici-
pated. For instance, the feature "Father’s Occupation"
demonstrated lower-than-expected accuracy due to
specific factors, such as the distribution of accuracy
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across three trials, which impacted the results. Cer-
tain attributes in the dataset also displayed minimal
accuracy. Among the classifiers, SVM achieved the
highest accuracy at 62.5%. The confusion matrix for
the SVM classifier is shown below.

Table 2. Values of SVM Classifier
Parameter Value %
Health Status 50
Encourage by Teacher 62.5
Marks Increase/Decrease 56.25
Suitable System 62.5
Coursework Provides Sufficient Information 43.75

4.8.1 Model Evaluation and Confusion
Matrix

The models were assessed based on multiple perfor-
mance metrics such as accuracy [19] which measures
correct predictions across all instances[20].The pre-
cision [21] evaluates the proportion of correctly
predicted positive instances[22]. recall [23] deter-
mines the proportion of actual positives correctly
identified [24] and F1-score [25] harmonic mean of
[26] precision and recall [27].

The confusionmatrix of an SVM classifier shows the
sensitivity, specificity, and false positive values. Here
are the values of the SVM classifier confusion matrix.

The confusionmatrix is generatedby theWEKA tool.
The confusion matrix gives you a brief overview of the
model’s performance and accuracy level. The matrix
contains detailed information about the model’s pre-
dictions. The confusion matrix table, which comprises
information on actual and expected classifications, is
then generated. For the pass and fail categories, the
prediction is correct, as seen in the matrix. The cross-
tabulation of true labels from the labelled dataset and
predicted labels from a classifier is called a confusion
matrix. A confusion matrix was generated for each
classifier. Below is the confusion matrix for the best-
performing model (SVM).

From this, we calculated:

Figure 3. Confusion Matrix of SVM Classifier

• Precision = 6 / (6+6) = 50%
• Recall = 6 / (6+6) = 50%
• F1-score = 50%
Table 3. Confusion Matrix with parameters and theirs

respective values
Parameter Value

Total Samples (N) 32
Predicted No
True Negative (TN) 14
False Negative (FN) 6
Predicted Yes
False Positive (FP) 6
True Positive (TP) 6

Table 4 highlights the accuracies of the proposed
and existing studies using four classifiers commonly
employed in prior research. These classifiers were
selected as they are frequently utilized in various
existing studies to determine accuracy [28]. The table
demonstrates that while both studies used the same
classifiers, they yielded different results. The existing
study achieved a maximum accuracy of 64.10%, while
the proposed study’s highest accuracy was 62.5% with
the SVM classifier. The accuracy of the proposed study
closely aligns with that of the existing study[29]. The
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Table 4. Comparison of Proposed Study with Existing Study
Parameter Value

Student’s CGPA
Classifier Naive Bayes
Proposed Study Accuracy 53.125%
Existing Study Accuracy 55.3%
Students Final Grade G3
Classifier J48
Proposed Study Accuracy 56.25%
Existing Study Accuracy 58.97%
Classifier Random Forest
Proposed Study Accuracy 59.37%
Existing Study Accuracy 61.5%
Classifier Support Vector Machine
Proposed Study Accuracy 62.5%
Existing Study Accuracy 64.10%

figure below provides a graphical comparison of the
accuracies from both studies.

Figure 2 illustrates the accuracies of the proposed
study dataset compared to the existing study, both of
which utilized different classifiers. To ensure accuracy,
this research employed four classifiers: Naive Bayes,
J48, Support Vector Machine (SVM), and Random
Forest, each producing varying levels of accuracy. In
the bar chart, blue represents the accuracy of the
proposed study, while red represents the accuracy of
the existing research. The chart demonstrates that
the SVM classifier achieved the highest accuracy in
both studies [30]. The highest accuracy in the existing
study was greater than that of the proposed study,
which reached 62.5%.
5 Results
The dataset was analyzed using four machine learning
classifiers: Naive Bayes, Random Forest, Support
Vector Machine (SVM), and J48. The results of our
dataset were compared with an existing dataset using
these classifiers. Data collected from university-level
students underwent preprocessing techniques such
as data cleaning and handling missing values. The
SVM classifier achieved the highest accuracy on our
dataset, outperforming the other classifiers. Some fea-

Figure 4. Comparison of results of existing and proposed
studies

tures from the existing dataset were selected because
they were utilized in 4 to 5 research papers, while
others were excluded due to demographic differences.
Modifying input data and selecting suitable methods
were crucial factors in analyzing student performance.
Applying various approaches to student data revealed
that SVM consistently outperformed other methods
in predicting student performance.
6 Conclusion
The study found that Support Vector Machine (SVM)
achieved the highest accuracy in predicting student
performance. Proper data preprocessing and careful
feature selection significantly impacted the results.
The comparison with an existing dataset further
emphasized the importance of choosing relevant
attributes. Overall, SVM proved to be the most effec-
tive model, highlighting the role of data handling in
educational analysis.
7 Future Work
In the future, advanced machine learning algorithms,
such as deep learning and Reinforcement Learning,
could be utilized to enhance the prediction of student
performance. The research scope can be expanded
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to include college-level students, incorporating ad-
ditional features and a larger sample size for more
robust analysis.
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