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Abstract

This research explores the application of machine learning in predicting
student academic outcomes, analyzing data from 236 students enrolled at
a Saudi university from 2021-2024. The comprehensive dataset
encompassed multiple variables, including gender, academic history
(previous GPA), assessment performance (quizzes, midterms,
assignments, and final exams), engagement metrics (course hours), and
attendance patterns. The study evaluated multiple machine learning
approaches, comparing the effectiveness of Random Forest (RF), Support
Vector Machines (SVM), Logistic Regression, and k-nearest Neighbors
(kNN). Gradient Boosting demonstrated superior performance through
tenfold cross-validation, achieving an AUC score of 0.987. While Random
Forest and kNN also yielded strong results, Logistic Regression and SVM
showed comparatively lower predictive accuracy. Feature importance
analysis revealed that assignment performance and final examination
scores were the most significant predictors of academic success. These
findings provide educators with actionable insights to develop targeted
interventions and optimize learning environments for enhanced student
achievement according to the evidence shown in this study serving higher
education institutions.

Keywords: Machine Learning Approaches, Student Success Prediction,
Higher Education.

1. Introduction

There has been a notable surge in interest in applying data mining
(DM) techniques within education in recent years. DM, fundamentally
centered on the exploration of data, endeavors to uncover novel and
potentially valuable insights or meaningful outcomes from extensive
datasets (Witten et al., 2011). Its primary objective is to identify emerging
trends and patterns from vast datasets using a variety of classification
algorithms (Baker & Inventado, 2014). Educational data mining (EDM)
involves adapting conventional data mining methodologies to address
educational challenges (Fernandes et al., 2019). It involves applying DM
techniques to educational datasets encompassing student particulars,
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academic records, examination outcomes, class participation metrics, and
the frequency of student inquiries. In recent times, EDM has emerged as a
powerful tool for uncovering hidden patterns within educational data,
predicting academic performance, and transforming the educational
environment. The integration of EDM has endowed learning analytics
with a newfound dimension (Waheed et al., 2020; Dolmark et al., 2022).
Learning analytics involves a comprehensive approach to analyzing
student data to gain a deep understanding of their learning environment.
This analysis helps optimize learning and instructional effectiveness
(Long & Siemens, 2011). It encompasses aggregating, quantifying, and
disseminating data about students and their contextual milieu to
comprehend and enhance learning experiences and the associated
environments. Additionally, it involves the formulation of novel
institutional strategies.

Learning analytics encompasses predicting student academic
performance, unraveling patterns in system interactions and navigational
behaviors, and identifying students at risk of academic underperformance
(Waheed et al., 2020). Learning management systems (LMS), student
information systems (SIS), intelligent teaching systems (ITS), Massive
Open Online Courses (MOOCs), and other web-based educational
platforms generate digital footprints ripe for analysis to discern behavioral
trends among successful students and those at academic risk. By
employing EDM techniques, these data can be leveraged to scrutinize the
behaviors of successful students and those in jeopardy of failure, devise
corrective measures informed by academic performance, and thereby aid
educators in refining pedagogical methodologies (Kang et al. 2023;
Casquero et al., 2016; Fidalgo-Blanco et al., 2015). The collation of
educational process data offers novel avenues for enhancing the learning
journey and optimizing user engagement with technological interfaces
(Shorfuzzaman et al., 2019). The processing of educational data engenders
enhancements across various domains, such as predictive modeling of
student behavior, analytical learning methodologies, and formulation of
novel educational policies (Capuano & Toti, 2019; Viberg et al., 2018).
This holistic data assimilation furnishes education authorities with
empirical foundations for policymaking and lays the groundwork for
developing Al-infused learning platforms (Qahl & Sohaib, 2023).
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EDM empowers educators to predict student attrition or declining
course engagement scenarios, analyze internal factors affecting academic
performance, and utilize statistical methods to forecast students’ academic
achievements. Diverse data mining techniques are employed to predict
student performance, identify struggling learners, and anticipate dropout
cases (Hardman et al., 2013; Kaur et al., 2015). Early prediction, a nascent
phenomenon, encompasses evaluative methodologies to support students
by proffering tailored corrective strategies and policies within this domain
(Waheed et al., 2020). Especially amidst the backdrop of the pandemic,
the rapid deployment of learning management systems has rendered them
indispensable within higher education. As students engage with these
systems, the generated log records have become increasingly accessible
(Binsawad et al., 2022; Macfadyen & Dawson, 2010; Kotsiantis et al.,
2013; Saqr et al., 2017). Universities are thus tasked with enhancing their
capacity to harness these data reservoirs to foster student progression
(Bernacki et al., 2020).

This study examines the use of machine learning (ML) models to
predict student academic performance, a well-explored area in educational
data mining (EDM) and learning analytics. It contributes by offering a
detailed comparison of various ML models, including Random Forest
(RF), Support Vector Machines (SVM), Logistic Regression, and k-
nearest Neighbors (kNN) algorithms, and their effectiveness in predicting
student grades within a specific institutional context. The various input
features, such as gender, students' previous GPA, quiz scores, midterm
grades, assignments, final exam results, the amount of time they spend on
the course on the blackboard, their attendance records, and their final
marks. By synthesizing these heterogeneous variables, the research
provides a nuanced comprehension of the intricate determinants impinging
upon students' scholastic achievements within the Saudi University
context. To enhance the practical value and clarity of the research, the
study is reframed around three distinct objectives, each addressing a
critical aspect of the prediction process.

The study aims to provide educators and administrators with
practical insights to design tailored interventions, allocate resources
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wisely, and create an educational environment that fosters academic
excellence and student success within the Saudi University ecosystem
(Alammari et al., 2022).

1.1 Research Objectives and Research Questions:

Objective 1: Identify significant predictors of student academic
performance through data-driven analysis.

Related Question 1: What are the key factors that influence student
success in higher education?

This objective aims to uncover the most impactful features (e.g.,
assignment scores, attendance, and final exams) that contribute to student
performance. Identifying these factors equips educators with insights to
focus on areas that directly affect student outcomes, thereby enabling
targeted interventions.

Objective 2: Evaluate and compare the performance of machine learning
models to determine the most effective one for grade prediction.

Related Question 2: Which machine learning model demonstrates the
highest accuracy in predicting student grades?

This objective focuses on assessing various algorithms, such as
Gradient Boosting, Random Forest, and SVM, to identify the most reliable
approach. Highlighting the effectiveness of the ML models to ensure that
educators and institutions can adopt the best-performing tools for accurate
predictions.

Objective 3: Demonstrate the practical application of the selected model,
emphasizing ease of use and its integration into educational systems.

Related Question 3: How can the selected model be practically applied
to enhance educational outcomes?
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This objective addresses the application of the ML models in real-
world educational settings. By integrating the model into platforms like
learning management systems, educators can input student data to
generate actionable insights, enabling early identification of at-risk
students and fostering a data-driven approach to improving academic
success.

2. Literature Review and Theoretical Perspective

Students' academic performance is paramount in higher education,
prompting researchers to utilize Educational Data Mining (EDM)
applications for predictive analysis and decision-making processes. The
most common indicators for predicting and evaluating students' academic
achievement at the university level include Cumulative Grade Point
Average (CGPA) and Grade Point Average (GPA). Additionally,
attributes such as quiz grades, midterm marks, assessments, attendance,
and lab work have been employed. Some researchers have utilized
students' academic achievements in previous courses to predict their
performance in upcoming courses. Traditional ML techniques have been
utilized to predict students' grades in forthcoming courses and identify at-
risk students early in the semester.

Research on predicting students' academic performance has
employed various machine-learning techniques to address diverse
contexts. Al Mayabhi et al. (2020) utilized Support Vector Classifiers and
Naive Bayes algorithms to predict students' grades in a mathematics
course, demonstrating the effectiveness of these methods in educational
settings. Similarly, Badr et al. (2016) explored grade prediction in
programming courses, employing classification techniques based on
association rule mining, highlighting the relevance of rule-based
approaches for targeted educational domains. Extending the scope to deep
learning, Nabil et al. (2021) proposed a framework using Deep Neural
Networks to predict academic performance based on students' course
grades, showcasing the potential of advanced neural architectures for
capturing complex relationships in educational data.
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In a series of studies, Akour et al. (2020), Sultana et al. (2019),
Pujianto et al. (2020), Gajwani and Chakraborty (2021); Kumar et al.
(2021) predicted student performance. Various ML algorithms were
applied, including Convolutional Neural Network (CNN), Artificial
Neural Networks (ANN), Decision Trees, Random Forest, and Naive
Bayes. Different ensemble methods and oversampling techniques were
also explored to enhance model performance (Alharbi and Sohaib, 2021).
CNN emerged as the most effective approach, outperforming other
methods in accuracy without requiring manual feature selection. Malini
(2021) utilized an online dataset from the machine learning repository to
predict students' academic performance in high school. Features such as
academic background, personal attributes, and economic background were
analyzed, and ML techniques were employed, including bagging, ANNSs,
and boosting. The study underscored the significant impact of economic
background on student performance. In studies (Kostopoulos et al. (2020),
Olalekan et al. (2020), Aggarwal et al. (2021)), efforts were focused on
identifying students at risk of failure early in the semester. ML techniques
such as deep, dense neural networks, decision trees, K-nearest neighbor,
random forest, and naive Bayes were employed. It was observed that non-
academic parameters significantly influenced student performance, with
results improved when considering both academic and non-academic
parameters.

Agaoglu (2016) employed four classification techniques to forecast
instructors' performance based on students' evaluations of courses. Qiu et
al. (2018) introduced an integrated framework named Feature Selection
Prediction to anticipate dropout rates in Massive Open Online Courses
(MOOCs), encompassing feature generation, feature selection, and
dropout prediction. Akram et al. (2019) presented the Students' Academic
Performance Enhancement through Homework Late/Non-submission
Detection (SAPE) algorithm for predicting students' academic
performance. Considering MOOC learning characteristics, Wen et al.
(2020) proposed a simplified feature matrix to retain information
regarding the local correlation of learning behavior and introduced a new
Convolutional Neural Network (CNN) model to forecast dropout rates.
Lin et al. (2020) devised a method for continuous facial emotion pattern
recognition using deep learning, amalgamating Convolutional Neural

2025 b ¥ amd) 45 e Gualdd) alaall




uajJZSS:J\ Hla:\ﬂ @Jﬁ\ :U;.d\

Networks (CNNs) and Long Short-Term Memory (LSTM) networks to
analyze students' continuous facial expressions and predict academic
emotions. Farissi et al. (2020) suggested integrating genetic algorithm
feature selection with classification methods to anticipate student
academic performance. Turabieh et al. (2021) proposed a modified version
of the Harris Hawks Optimization (HHO) algorithm to enhance feature
selection for predicting student performance by regulating population
diversity. Ma et al. (2021) introduced a novel approach called progressive
imitation learning to train a lightweight CNN model by mimicking the
learning trajectory of a teacher model for constructing a prediction model.
Lastly, Gao et al. (2022) proposed a deep cognitive diagnosis framework
to assess students' mastery of skills and problem-solving abilities,
enhancing traditional cognitive diagnosis methods with deep learning
techniques.

Asif et al. (2017) delved into the performance of undergraduate
students using Data Mining (DM) methods. Their study aimed to predict
academic achievements at the culmination of a four-year program while
examining students' developmental trajectories. Notably, they emphasized
the importance of identifying specific courses indicative of exceptional or
poor performance to provide timely support to struggling students and
foster opportunities for high achievers. Cruz-Jesus et al. (2020) undertook
the prediction of student academic performance by considering a range of
demographic variables. Employing machine learning techniques such as
Random Forest, Logistic Regression, k-nearest Neighbors, and Support
Vector Machines, they achieved prediction accuracies varying from 50%
to 81%. Fernandes et al. (2019) developed a model integrating
demographic characteristics and achievement grades to forecast academic
success. Their findings highlighted the significance of previous
achievement scores and attendance in estimating academic performance.

Hoffait and Schyns (2017) utilized DM methods to identify students
at risk of failure, leveraging registration data and environmental factors.
Their approach facilitated precise classification and ranking of students
based on their risk levels. Rebai et al. (2020) proposed a machine-learning
model to elucidate key factors influencing school performance,
emphasizing school size, competition, and parental pressure. Ahmad and
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Shahzadi (2018) employed machine learning techniques to identify
academically at-risk students based on learning skills and study habits,
achieving an accuracy of 85%. Musso et al. (2020) predicted academic
performance and dropouts using learning strategies and socio-
demographic factors, underlining the influence of background
information. Waheed et al. (2020) designed a model employing artificial
neural networks to analyze students' navigation through Learning
Management Systems (LMS), identifying significant impacts of
demographics and clickstream activities on student performance.

Similarly, Xu et al. (2019) explored the relationship between internet
usage behaviors and academic performance, achieving high prediction
accuracy. Bernacki et al. (2020) investigated the predictive power of log
records in LMS, successfully identifying students needing course repeats
and potential future failures. Burgos et al. (2018) predicted subsequent
semester achievement grades and developed interventions for at-risk
students, resulting in decreased dropout rates.

Collectively, these studies underscore the growing reliance on
machine learning and deep learning models for enhancing academic
performance prediction and personalized learning interventions. These
studies underscore the multifaceted nature of factors influencing student
academic performance. Researchers aim to develop robust predictive
models that inform effective educational interventions and policies by
employing machine learning algorithms and considering diverse variables.
Overall, the literature underscores the significance of EDM in predicting
academic performance, guiding targeted interventions, and informing
educational policies.

To strengthen the educational focus of this study, it is imperative to
delve deeper into the applications of learning analytics (LA) within
educational contexts. Learning analytics represents the intersection of
educational research, data analysis, and technology, providing a powerful
means to enhance teaching and learning processes. This addition shifts the
study’s perspective from a predominantly computational lens to one that
resonates more with the educational community.
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2.1 Learning Analytics in Education

Learning analytics (LA) refers to the measurement, collection,
analysis, and reporting of data concerning learners and their contexts to
understand and enhance learning as well as the environments in which it
takes place (Siemens & Long, 2011). It includes a broad range of
applications, such as predicting student performance, personalizing
learning pathways, identifying at-risk students, and improving
instructional design. LA can predict academic success or failure by
analyzing historical data and real-time student behaviors. Tools like
dashboards enable educators to monitor student progress and intervene
early for those at risk (Waheed et al., 2020; Viberg et al., 2018). For
example, early warning systems driven by LA can alert instructors to
students with declining engagement or poor academic performance,
prompting timely interventions (Macfadyen & Dawson, 2010).

In addition, By analyzing student interaction patterns, LA enables
the customization of learning materials to suit individual needs. This
approach has been shown to improve learner engagement and outcomes
(Shorfuzzaman et al., 2019). Adaptive learning platforms leverage LA to
recommend tailored activities and resources, accommodating diverse
learning styles and paces (Fidalgo-Blanco et al., 2015).

Moreover, Data-driven insights derived from LA can inform
curriculum revisions and teaching methodologies. For instance,
identifying topics where students struggle most allows educators to adjust
course content or provide additional resources (Capuano & Toti, 2019).
LA also facilitates the alignment of instructional strategies with student
needs, creating more inclusive and effective learning environments
(Fernandes et al., 2019).

Also, Learning analytics systems analyze participation metrics, such
as forum interactions or resource usage, to gauge engagement levels.
Research has shown that higher engagement correlates strongly with
academic success (Viberg et al., 2018). Platforms like LMS (Learning
Management Systems) use these insights to recommend peer
collaborations or suggest interactive activities to re-engage students.

Learning analytics can enhance formative assessment by tracking
student progress and providing detailed feedback. Visualization tools,
such as heatmaps and progression graphs, help both students and
instructors understand learning trajectories (Kang et al., 2023). Automated
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feedback systems powered by LA ensure timely, specific, and actionable
insights for learners.

While this study leverages machine learning methods—an essential
aspect of EDM—to predict student outcomes, integrating learning
analytics applications enriches the theoretical foundation. Unlike EDM,
which often focuses on algorithms and techniques, LA emphasizes
actionable insights for educational practice (Baker & Yacef, 2009). The
synergy between these domains enhances the capacity of educators and
administrators to foster academic success through evidence-based
strategies.

3. Method

This study collected data from the students’ records at Umm Al-
Qura University in Saudi Arabia. The dataset comprises information from
236 students who successfully completed the course between 2021 and
2024. These records encompass a wide range of details, including student
demographics, academic achievements, and course-related data such as
gender, previous GPA, quiz scores, midterm exam grades, assignment
scores, final exam grades, hours spent in the course recorded on the
blackboard, attendance records, final marks, and the target variable, grade.
Table 1 shows the data information.

Table 1: Variables used in the study

Features/Target Type Descriptions/Values

Student ID Numeric Unique identifier for each student. Meta attribute.
Gender Catogorical | Gender of the student.

Previous GPA Numeric Grade Point Average from the previous semester term.
Quiz Numeric Score on quizzes during the course.

Midterm Numeric Score on the midterm exam.

Assignment Numeric Score on assignment.

Final Exam Numeric The score obtained in the final exam.

Hours Spentin | Numeric Number of hours spent in the course recorded on the
Course blackboard.

Attendance Numeric Attendance percentage in the course.

Final Marks Numeric Final total marks out of 100

Grade (Target) Catogorial | The corresponding grade symbol based on the GPA.
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Features/Target Type Descriptions/Values

Excellent: 3.50 — 4.00 GPA

Very Good: 2.75 to less than 3.50 GPA
Good: 1.75 to less than 2.75 GPA
Pass: 1.00 to less than 1.75 GPA

3.1 Machine Learning Models

To predict students' academic performance, Random Forest (RF),
Support Vector Machines (SVM), Logistic Regression and k-nearest
Neighbors (kNN) algorithms were deployed. Prediction accuracy was
evaluated using tenfold cross-validation. The Data Mining (DM) process
serves two purposes: predictive and descriptive modeling. Predictive
models leverage known data to predict outcomes for unknown datasets,
while descriptive models identify patterns to inform decision-making. In
prediction analysis, machine learning techniques such as support vector
machines, kNN, decision trees, and random forests offer greater efficiency
and accuracy for forecasting purposes (Huang & Fang, 2013; Delen, 2010;
Hani et al., 2024; Nassar and Sohaib, 2024). Statistical techniques aim to
construct predictive models based on available input data, whereas
machine learning methods automatically generate models matching input
data with expected target values. Model performance was assessed using
confusion matrix metrics.

3.2 Experiment

The experimental phase was conducted using the Orange machine
learning software, renowned for its user-friendly interface and powerful
capabilities in data mining. Orange provides a component-based
programming environment suitable for both expert data scientists and
beginners in data science. Its workflow-based approach allows users to
stack widgets for various data analysis tasks, including retrieval,
preprocessing, visualization, modeling, and evaluation.

A workflow in Orange represents a sequence of actions to achieve a
specific task, facilitating comprehensive data analysis by combining
different components. Figure 1 illustrates the workflow diagram designed
for this study. Table 2 describes the parameters used in this study. Model
performance was assessed using various metrics, including confusion
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matrix, classification accuracy (CA), precision, recall, F1-score, and area
under the ROC curve (AUC). Table 3 describes the metrics.

Remaining Data - Data

D Data EEé " Sampye - . ot predic™” 9 Evaluation Results 2z
9, L ¢
Student data Data Sampler (»% 5&‘0 Predictions Confusion Matrix
2, <
° ey kNN ¥ 2 Y
2\ O o S
B & /8
“%g % 0w $ $
% v Random Forest .?,7\ o
s\9 3/ &
(4 I/ ¢
B -~ &
2 ‘ H
% s
SVM
/
Logistic Regression
&
Gradient Boosting
Figure 1: ML workflow
Table 2: ML parameters
ML Method Parameters
Random Forest (RF) - Number of trees <10> - Criterion (entropy) - Minimum
samples split/leaf <5>
Support Vector Machines

(SVM)
Logistic Regression

- Kernel type (radial basis function)- Regularization parameter
(=138

- Penalty (L2) - Regularization parameter (C)= 1

Gradient Boosting

- Number of trees <100> - Learning rate <0.1> - Maximum
depth <5>

k-Nearest Neighbors (kNN)

- Number of neighbors <5> - Distance metric (Euclidean)

Table 3: Metrics descriptions

Metric |

Description
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AUC

Area Under the ROC Curve: A measure of the model's ability to distinguish
between classes. A higher AUC indicates better performance, with a
maximum value of 1 indicating perfect classification.

CA

Classification Accuracy: The proportion of correctly classified instances out
of the total instances. It represents the overall correctness of the model's
predictions.

F1 Score

The harmonic means of precision and recall. It considers both false positives
and false negatives and is useful when the classes are imbalanced.

Precision

The proportion of true positive predictions out of all positive predictions. It
measures the accuracy of positive predictions.

Recall
(Sensitivity)

The proportion of true positive predictions out of all actual positive
instances. It measures the ability of the model to correctly identify positive
instances.

MCC

Matthews Correlation Coefficient: A correlation coefficient between the
observed and predicted binary classifications. It ranges from -1 to 1, where 1
indicates perfect prediction, 0 indicates random prediction, and -1 indicates

total disagreement.

4. Results

The evaluation results depict the performance of various machine
learning models in predicting grades based on features such as gender,
previous GPA, quiz scores, midterm scores, assignment scores, final exam
scores, hours spent in the course on the blackboard, and attendance. Table
4 shows the results. Among the models assessed, Gradient Boosting
emerges as the most effective, achieving the highest AUC score of 0.987
and consistently strong performance across all metrics. Following closely,
Random Forest demonstrates robust performance, albeit with slightly
lower scores than Gradient Boosting. kNN also shows competitive
performance, although it slightly trails behind the top-performing models.
Conversely, Logistic Regression delivers moderate performance, while
SVM exhibits the lowest overall performance among the models
evaluated. These results suggest that Gradient Boosting is the most reliable
model for accurately predicting grades based on the given features, with
the potential for further optimization to enhance the performance of other
models like Logistic Regression and SVM.

2025 b ¥ amd) 52 e Gualdd) alaall




9 ASTY) aulasll aglgal) dlaal)

Table 4: Target class (Average over classes)

Model AUC | CA F1 Prec | Recal | MCC
1

Gradient Boosting | 0.98 | 098 | 0.98 | 098 | 0.985 | 0.980
7 5 5 6

Random Forest 098 095 [095 |095 |0.95 | 0.939
6 6 5 6

kNN 098 (094 | 094 |094 |0.941 | 0919
6 1 0 2

Logistic Regression | 0.98 | 093 | 0.93 | 0.93 | 0.933 | 0.910
2 3 3 8

SVM 097 089 |0.88 |090 |0.896 | 0.859
9 6 8 3

Table 5 confusion matrices, which show the proportion of predicted

grades compared to the actual grades, help evaluate the performance of
the models in accurately classifying students into their respective grade
categories.

Table 5: Confusion matrix (showing the proportion of predicted)

Model Excellent | Fail Good Pass Very Good Total
Random 96.1% 0.0% 0.0% 0.0% 0.0% 49
Forest
0.0% 100.0% 0.0% 0.0% 0.0% 5
0.0% 0.0% 92.3% 0.0% 5.1% 26
0.0% 0.0% 7.7% 100.0% 0.0% 16
3.9% 0.0% 0.0% 0.0% 94.9% 39
SVM 89.1% 0.0% 0.0% 0.0% 0.0% 49
0.0% 100.0% 0.0% 22.2% 0.0% 5
1.8% 0.0% 92.0% 0.0% 5.6% 26
0.0% 0.0% 8.0% 77.8% 0.0% 16
9.1% 0.0% 0.0% 0.0% 94.4% 39
kNN 94.2% 0.0% 0.0% 0.0% 0.0% 49
0.0% 100.0% 0.0% 0.0% 0.0% 5
0.0% 0.0% 88.9% 0.0% 5.3% 26
0.0% 0.0% 11.1% 100.0% 0.0% 16
5.8% 0.0% 0.0% 0.0% 94.7% 39
Logistic 96.1% 0.0% 0.0% 0.0% 0.0% 49
Regression
0.0% 71.4% 0.0% 0.0% 0.0% 5
0.0% 0.0% 88.9% 0.0% 5.4% 26
0.0% 28.6% 3.7% 100.0% 0.0% 16
3.9% 0.0% 7.4% 0.0% 94.6% 39
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Gradient 96.1% 0.0% 0.0% 0.0% 0.0% 49
Boosting
0.0% 100.0% 0.0% 0.0% 0.0% 5
0.0% 0.0% 100.0% 0.0% 0.0% 26
0.0% 0.0% 0.0% 100.0% 0.0% 16
3.9% 0.0% 0.0% 0.0% 100.0% 39

The confusion matrices comprehensively summarize each model's
performance in predicting grade categories.

Random Forest: This model demonstrated exceptional
performance across all grade categories, achieving high accuracy
rates for each grade. Notably, it attained perfect classification
accuracy for "Fail," "Pass," and "Very Good" grades.

SVM (Support Vector Machine): SVM also performed well,
particularly excelling in accurately classifying "Excellent" and
"Very Good" grades. However, it faced challenges in accurately
predicting "Fail" and "Good" grades, resulting in lower accuracy
percentages for those categories.

kNN (k-Nearest Neighbors): Similar to Random Forest, kNN
achieved high accuracy across all grade categories. It notably
performed excellently in classifying "Excellent" and "Very Good"
grades without misclassifications.

Logistic Regression: While Logistic Regression demonstrated
strong performance in classifying "Excellent" and "Very Good"
grades, it encountered difficulties in accurately predicting "Fail"
and "Pass" grades. This led to comparatively lower accuracy
percentages in those categories.

Gradient Boosting: Like Random Forest and kNN, Gradient
Boosting achieved high accuracy across all grade categories. It
particularly excelled in accurately classifying "Excellent" and
"Very Good" grades.

Overall, Random Forest and Gradient Boosting showcased the highest
classification accuracy across all grade categories, while Logistic
Regression and SVM exhibited slightly lower accuracy in specific
categories. Notably, the "Fail" category generally had lower accuracy
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across all models, suggesting potential areas for improvement in
predicting this grade category.

Table 6 analysis also reveals which factors are most important for
predicting final grades in this study. We used three methods to rank these
factors: Information Gain, Gain Ratio, and Gini Index.

Table 6: Feature Ranking

Features Info. gain | Gain ratio | Gini
1 | Assignment 1.137 0.569 | 0.332
2 | Final Marks 1.133 0.568 | 0.331
3 | Previous GPA 1.101 0.551 | 0.313
4 | Final Exam 1.096 0.551 | 0.339
5 | Midterm 1.051 0.529 | 0.318
6 | Quiz 1.044 0.532 | 0.306
7 | Attendance 0.727 0.375 | 0.222
8 | Hours Spent in Course on Blackboard | 0.647 0.327 | 0.180

Information Gain: This method examines how much each factor
reduces the overall uncertainty about final grades. Here,
"Assignment" and "Final Marks" showed the most significant
reduction in uncertainty, suggesting they're the most informative
for predicting final grades.
Gain Ratio: This method considers the information gain while
accounting for the number of categories within a factor. Similar to
Information Gain, "Assignment" and "Final Marks" came out on
top, solidifying their importance.
Gini Index: This method focuses on how well each factor
separates students into different final grade categories.
"Attendance" and "Hours Spent in Course" had the lowest values,
indicating they were most effective in separating students based on
final grades.

Overall, "Assignment" and "Final Marks" consistently ranked high

across all three methods, highlighting their significant role in predicting

final

grades. "Previous GPA" and "Final Exam" also scored well,

suggesting their importance. Interestingly, "Attendance" and "Hours Spent
in Course" ranked lower, implying they might not be as influential in
predicting final grades as other factors.

S. Discussions

The evaluation results demonstrate the effectiveness of various

machine learning models in predicting final grades based on several

2025 b ¥ amd) 55 e Gualdd) alaall




9 ASTY) aulasll aglgal) dlaal)

features, including gender, previous GPA, quiz scores, midterm scores,
assignment scores, final exam scores, hours spent in the course on the
blackboard, and attendance. These results indicate that Gradient Boosting
is the most reliable model for accurately predicting grades based on the
given features, with the potential for further optimization to enhance the
performance of other models like Logistic Regression and SVM.

The confusion matrices provide a detailed breakdown of each
model's performance in accurately classifying students into their
respective grade categories. Random Forest and Gradient Boosting
consistently demonstrate high accuracy rates across all grade categories,
with Random Forest achieving perfect classification accuracy for "Fail,"
"Pass," and "Very Good" grades. SVM also performs well, particularly
excelling in accurately classifying "Excellent" and "Very Good" grades,
although it faces challenges with "Fail" and "Good" grades. kNN
showcases strong performance with no misclassifications in "Excellent"
and "Very Good" grades. Logistic Regression, while showing robust
classification for "Excellent" and "Very Good" grades, struggles with
"Fail" and "Pass" grades, resulting in lower accuracy percentages in those
categories.

The feature ranking analysis using the Information Gain, Gain Ratio,
and Gini Index highlights the importance of specific features in predicting
final grades. "Assignment" and "Final Marks" consistently rank high
across all three methods, indicating their significant contribution to
predicting final grades. "Previous GPA" and "Final Exam" also emerge as
essential features, while "Attendance" and "Hours Spent in Course" rank
lower, suggesting they may not be as influential in predicting final grades
compared to other factors.

The results suggest that Gradient Boosting is the most effective
model for predicting final grades based on the given features, with
"Assignment" and "Final Marks" being crucial predictors. Further
optimization of other models, like Logistic Regression and SVM, could
enhance their performance. Additionally, while certain features like
"Attendance" and "Hours Spent in Course on the Blackboard" may not
play a significant role in predicting final grades, further investigation into
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their impact may provide insights for improvement. However, achieving
accurate predictions of student academic performance hinges upon
thoroughly comprehending the factors and variables influencing students'
outcomes and accomplishments (Dolmark et al., 2021; Alshanqiti &
Namoun, 2020).

5.1 Conclusion and Future Work

The study shows that machine learning can be a powerful tool for
predicting student grades, with Gradient Boosting leading the pack in this
study. However, other models like Random Forest and KNN were also
very effective. The best choice depends on the specific needs, such as
prioritizing identifying failing students. It is important to remember that
these models rely on the quality of their training data. Biases or missing
information in the data can lead to biased predictions. These models are
for informational purposes and should not solely determine student grades.
However, they can be precious for educators by flagging students who
might be struggling or could benefit from extra help. Future research can
focus on improving these models by including more data sources or
exploring more advanced machine-learning techniques.
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