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Abstract—Accurately predicting student performance in
e-learning environments is a significant challenge that is
essential for personalizing education and enhancing learning
outcomes. This study examines the effectiveness of machine
learning techniques in forecasting learner success within
e-learning ecosystems, using the Open University Learning
Analytics Dataset (OULAD). We conducted a comparative
analysis of four machine learning algorithms—Random Forest,
Logistic Regression, Support Vector Machine (SVM), and
Linear Discriminant Analysis (LDA)—employing
comprehensive data pre-processing and feature engineering
methods. The Random Forest algorithm outperformed the
others, achieving a 91% accuracy rate in classifying student
outcomes into “Distinction,” “Pass,” and “Fail” categories.
Despite this high accuracy, differentiating between certain
performance classes, especially “Distinction” and “Fail,”
remained challenging, highlighting the complexity of student
performance metrics in online learning contexts. These results
demonstrate the potential of machine learning, particularly the
Random Forest algorithm, as a valuable tool for enhancing
predictive analytics in e-learning systems. The study contributes
to the optimization of educational technologies by indicating
that refined predictive models can lead to more effective,
data-driven interventions and personalized learning pathways.

Keywords—machine learning, predictive analysis, e-learning,
student performance, learning analytics, random forest
algorithm

I. INTRODUCTION

In the era of digital transformation, the education sector has
radically evolved, moving from traditional classrooms to
sophisticated online learning ecosystems [1]. These
ecosystems offer unprecedented possibilities for learners and
educators, marking the beginning of a new era of learning
characterized by accessibility, flexibility, and
interactivity [2].

Several key elements, including content providers, learners
(content consumers), consultants, infrastructure, and learning
materials [3], play crucial roles in shaping this enriching
learning experience [4]. In the e-learning ecosystem, these
elements interact dynamically, forming a living network that
promotes intellectual development and facilitates the
exchange of knowledge [5, 6].

Understanding learner behavior within the e-learning
ecosystem is essential for optimizing learning outcomes and
improving the overall effectiveness of e-learning [7, 8].
Learner behavior, which encompasses interactions with
learning materials, levels of engagement, assessment results,
demographic information, and other parameters, plays a key
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role in shaping individual and collective learning experiences.
By analyzing these behavioral patterns and their relationships
with other ecosystem components, valuable insights can be
gained into learner performance, allowing for tailored
interventions to meet specific learning needs [9, 10].

Integrating machine learning into the e-learning ecosystem
is a promising way to achieve these goals [11]. By analyzing
data on learner behavior, engagement patterns, and
performance metrics, machine learning algorithms can
identify trends and make predictions, enabling personalized
learning experiences and targeted interventions that enhance
educational outcomes. This article explores the application of
machine learning within the e-learning ecosystem, utilizing
the OULAD dataset, a comprehensive repository of student
data, to demonstrate the potential of these techniques in
improving educational experiences and outcomes.

This study provides a novel approach by applying and
comparing four distinct machine learning models—Random
Forest, Logistic Regression, SVM, and LDA—to predict
student outcomes within an e-learning ecosystem. Unlike
prior studies that typically focus on a single model or less
robust datasets, this study utilizes comprehensive feature
engineering and preprocessing techniques to handle
large-scale educational data effectively. The findings offer
valuable insights into personalized learning interventions, as
the models enable accurate predictions of distinct outcomes
like ‘Distinction,” ‘Pass,” and ‘Fail,” which are crucial for
adaptive learning systems. By achieving high prediction
accuracy with the Random Forest model, this study provides
valuable insights into model selection for data-driven
interventions, supporting educators in tailoring personalized
learning experiences.

The main objective of this study is to develop machine
learning models capable of predicting learner performance in
an online learning environment. By analyzing various data
such as learner demographic information, interactions with
learning platforms, assessment results, and engagement in
course activities, this research aims to identify factors that
influence learner success and propose personalized
interventions to improve their learning experience and
outcomes.

Additionally, this research contributes to the wider field of
educational technology by providing empirical evidence of
the effectiveness of machine learning models in predicting
student performance. By analyzing the OULAD, this study
aims not only to improve educational outcomes but also to
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enrich the literature on learning analytics and machine
learning applications in education. The results of this study
should enable educators, course designers, and policymakers
to adapt educational content, interventions, and support
services to meet the needs of learners in e-learning
ecosystems.

The paper is structured as follows: following the
introduction, Section Il presents the background and related
work, exploring the theoretical foundations and prior research
on the application of machine learning in e-learning
ecosystems.  Section Il describes the dataset and
methodology, detailing the data preprocessing, analysis, and
evaluation of machine learning models, including Random
Forest, Logistic Regression, SVM, and LDA. Section 1V
presents the results of our analysis, highlighting the
performance of each model, with particular emphasis on the
Random Forest algorithm. Section V discusses these results,
interpreting their significance for the e-learning ecosystem
and suggesting directions for future research. Finally, Section
VI concludes the paper by summarizing the main findings and
proposing future research avenues in the field of machine
learning within e-learning ecosystems.

Il. LITERATURE REVIEW

A. Evolution of e-Learning Ecosystems

The educational landscape has undergone significant
transformations over the last few decades, driven by rapid
technological advancements and evolving societal needs [12].
This section explores the historical development and
evolution of e-learning ecosystems, from traditional
classrooms to today’s sophisticated online platforms.

The shift from traditional classrooms to online learning
platforms represents a major change in teaching
methodologies. Initially, e-learning emerged as a solution to
overcome geographical and temporal barriers, providing
learners with global access to educational content [13]. Over
time, technological advancements have transformed
e-learning into interactive, learner-centered
ecosystems [14, 15]. Modern digital platforms now integrate
multimedia content, collaboration tools, and communication
features such as forums, chats, and videoconferencing,
catering to diverse learning preferences and styles [16].

The development of Learning Management Systems (LMS)
and other educational technologies has further accelerated
this transition, enabling educators to create, distribute, and
manage educational content more efficiently [17, 18]. These
systems provide a structured environment for online learning,
supporting both synchronous and asynchronous learning
activities [4, 19].

In summary, the e-learning ecosystem has rapidly evolved
from a solution to geographical barriers into a platform rich
with pedagogical possibilities. This evolution has made
education more accessible, adaptable, and focused on
individual learners’ needs, profoundly transforming both
teaching methods and the educational experience as a whole.

B. Overview of e-Learning Ecosystems

The e-learning ecosystem is a major evolution in digital
learning, representing a comprehensive approach that
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includes all the elements necessary to support e-learning. This
concept, viewed as the next step in digital education,
combines e-learning with the ecosystem metaphor,
emphasizing the importance of integrating technologies,
teaching methods, and participant interactions to create an
effective, holistic learning experience.

1) E-Learning

E-learning is at the forefront of modern education [20],
embodying the fusion of pedagogy and digital innovation. It
refers to a teaching method that uses digital technologies to
deliver courses and training remotely [21]. Its primary
objective is to offer flexible access to education, enabling
learners to take courses at their own pace and according to
their schedules [20, 22]. E-learning transcends geographical
barriers, offering learners access to educational resources and
experiences via digital platforms and tools [23]. It allows
learning paths to be tailored to individual needs, reducing the
time and distance constraints associated with traditional
face-to-face education [24]. E-learning also offers a diverse
range of educational resources (text, video, audio, articles,
podcasts, quizzes) and methods (virtual classrooms, MOQOCs,
social learning, mobile learning, discussion forums, online
conferences) [25], making it possible to learn anytime,
anywhere.

E-learning can occur synchronously or
asynchronously [26]. In synchronous learning, learners
participate in real-time online sessions with instructors and
other learners [27]. In asynchronous learning, they can access
resources and complete activities at their own pace, without
real-time constraints [27]. Both formats offer flexibility to
accommaodate the diverse needs of learners.

2) Ecosystem

The term “ecosystem” originates from biology and was first
coined by British botanist Arthur George Tansley in
1935 [28]. It refers to a community of living and non-living
entities interacting with each other and their environment [29].
Ecosystems are characterized by features such as
self-organization, self-regulation, dynamics, flexibility,
evolution, and collaboration [30], all of which facilitate the
flow and exchange of energy and matter necessary for the
maintenance and sustainability of life [30]. This concept has
been metaphorically extended to fields such as business,
technology, industry, and education [31].

In the context of e-learning, an ecosystem consists of
various elements—Ilearners, educators, content providers,
platforms, tools, and policies—interconnected and
interdependent, working together to support learning
activities and outcomes [32]. Like a natural ecosystem, the
e-learning ecosystem is characterized by complexity,
adaptability, and the symbiotic relationships among its
components.

3) E-Learning ecosystem

The term “e-learning ecosystem” encapsulates the holistic
nature of digital learning environments, highlighting the
intricate web of interactions between learners, educators,
content providers, platforms, and infrastructures [33]. It
emphasizes that successful e-learning experiences depend not
only on the provision of content but also on the creation of
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immersive and engaging environments that cater to diverse
learning styles and preferences. By conceptualizing
e-learning as an ecosystem, stakeholders can foster
environments that promote the creation, exchange, and
application of knowledge [33].

The e-learning  ecosystem  comprises  multiple
interdependent components that collectively enhance the
learning experience [33-35]. The key players are:

Content providers: These include educators and
institutions that create, curate, and deliver the learning
materials essential for learner engagement and success. Their
contributions range from traditional course materials to
innovative digital resources, covering a wide array of subjects
and learning styles.

Content consumers (learners): At the center of the
ecosystem, learners interact with the provided content to
acquire knowledge and skills. This group includes students
from diverse backgrounds and educational levels, each with
unique learning objectives and needs, making personalized
learning a critical feature of the e-learning ecosystem.

Consultants: These experts provide technical and
pedagogical support, ensuring that the ecosystem’s offerings
are both accessible and effective. Their advice ranges from
technical assistance to curriculum development.

Infrastructure: The backbone of the e-learning ecosystem,
infrastructure includes LMS platforms, digital tools, and
network  services that support content delivery,
communication, collaboration, and learner progress tracking.

Learning Materials: A diverse range of educational
resources, from textbooks to interactive simulations and
multimedia elements, designed to engage learners and
accommodate different learning preferences, enhancing the
overall educational experience.

Together, these elements form a dynamic and integrated
network that supports personalized learning pathways,
highlighting the e-learning ecosystem’s adaptability to
individual learner needs and goals.

C. Literature Review on the Application of Machine
Learning in e-Learning

Machine learning applications in e-learning have
significantly evolved, driven by the increasing availability of
educational data and advancements in analytical techniques.
Previous research has laid a solid foundation for using
machine learning to improve educational outcomes,
presenting various approaches and methodologies. One key
area of study involves the development of predictive models
for student performance and engagement [36]. Researchers
have investigated factors such as demographic data, prior
academic  performance, learning  behaviors, and
socio-economic background to predict academic success [37].
These models have proven useful in identifying at-risk

students, enabling timely interventions and support
mechanisms [38].
Additionally, research has focused on personalized

learning systems that adjust content and activities based on
individual learner needs and preferences [39]. Machine
learning algorithms analyze learner interactions, preferences,
and performance data to offer tailored learning
experiences [40]. Adaptive learning platforms powered by
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artificial intelligence dynamically adjust content difficulty,
pace, and presentation based on real-time feedback and
assessments [41].

Machine learning techniques have also been applied to
automated assessment and feedback generation [42]. Natural
language processing algorithms assess written responses,
essays, and discussion forum posts, providing instant
feedback to learners and educators. Automated scoring
systems, powered by machine learning, allow scalable and
efficient processing of large assessment volumes while
maintaining reliability and validity [42].

Overall, research on the application of machine learning in
e-learning shows great potential for improving educational
experiences and learner outcomes. However, challenges
related to data privacy, algorithmic bias, interpretability, and
scalability persist, requiring ongoing interdisciplinary
collaboration and ethical considerations in future
projects [43].

I11. DATASET AND METHODS

The main objective of this study is to develop machine
learning models capable of predicting learner performance in
an e-learning environment. By analyzing a variety of data,
including learner demographic information, interactions with
learning platforms, assessment results, and engagement in
course activities, this research aims to identify factors that
influence learner success and propose personalized
interventions to improve their learning experiences and
outcomes.

This study employs a quantitative research approach to
examine the impact of machine learning techniques on
improving the e-learning ecosystem. Using the OULAD
dataset, the goal is to develop predictive models that can
accurately forecast learner performance and engagement.
Specifically, the research explores four distinct machine
learning algorithms to determine the most effective model for
predicting outcomes in our e-learning context. This approach
aims to contribute to more personalized and effective learning
experiences by identifying the algorithm that best captures the
complexities of learner data and interactions within the
e-learning ecosystem.

A. Dataset Description

The dataset used in this study is the OULAD [44], which
provides a comprehensive repository of student data collected
from various courses offered by the Open University. The
dataset includes demographics, course interactions
(aggregated clickstream data of student interactions in the
Virtual Learning Environment (VLE)), assessment results,
engagement metrics, and course materials. It covers 22
courses, 32,593 students, their assessment results, and logs of
their interactions with the VLE, represented by daily
summaries of student clicks (10,655,280 entries). This data is
utilized to train and test predictive models aimed at improving
educational  outcomes and  personalizing  learning
experiences.

The dataset is structured into several tables, each capturing
specific aspects of student behavior and performance. For
simplicity, an integrated view of the key variables is presented
in Table 1. To provide a glimpse of the dataset, a sample of
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is shown in Table 2, illustrating the

structure and content used for training and testing predictive

models.

Table 1. Overview of key variables in the OULAD

disability

Final_result

final results of the student in the module
presentation

VARIABLE NAME

DESCRIPTION

Date_registration

Number of days between the student’s
registration on the module presentation and
the course start date

Date_unregistration

Number of days between unregistration and
the course start date, if the student withdrew
before completion

id_assessment

Unique ID for assessment

assessment_type

Type of assessment (TMA, CMA, Exam)

The date of student submission, measured as

Code_module course module identifier

Code_presentation course session identifier

Id_student Unique student identifier

Gender gender of student

Region geographic region of student’s residence

High_education Student’s highest level of education at entry

imd band mu_ltiple deprivation index band for place of
- residence

Age_band student’s age group

Num_of_prev_attempts

number of previous attempts at the module
by the student

total number of credits for the modules

Students_credits studied by the student

Date_submit the number of days since the start of the
module presentation
The student’s score in this assessment. The
Score range is from 0 to 100. The score <40 is
interpreted as Fail
. Number of times a student interacts with the
Sum_click

material during the day

Handicap indicates whether the student has declared a
Table 2. Sample entries from OULAD dataset illustrating student data structure
Code_module  Code_presentation Id_student Gender Region  Age band Final _result Sum clik Date registration  Score
AAA 2013 123456 M '\\;\7;? 30-39 Pass 120 50 78
South S
BBB 2014) 789012 F East 40-49 Distinction 340 10 92
CCC 2013B 345678 M London 20-29 Fail 90 15 35
experiences. We collaborate with educational stakeholders to
B. Methods

Our study follows the Cross-Industry Standard Process for
Data Mining (CRISP-DM) methodology [45] to apply
machine learning techniques aimed at improving outcomes
within the e-learning ecosystem. This structured approach is
illustrated in Fig. 1 below, which visually outlines the
essential phases of our methodology. These phases guide the
entire process, from initial data understanding to the
deployment of the final model.

Data
Understanding

Business
Understanding

Deployment

Data
Preparation

Evaluation

Fig. 1. CRISP-DM process model applied in machine learning for e-learning
ecosystem [46].

1) Business understanding

The Business Understanding phase is crucial in defining
the scope and objectives of our study within the context of the
e-learning ecosystem. This initial step involves identifying the
specific educational goals that our machine learning project
aims to support, such as enhancing student engagement,
improving assessment outcomes, and personalizing learning
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gather requirements and define Key Performance Indicators
(KPIs) for student success. By understanding these elements,
we ensure that our data mining efforts are aligned with
educational objectives and designed to address real-world
educational challenges effectively. This phase establishes a
clear framework for what the machine learning models need
to achieve, guiding the selection and application of analytical
methods and tools in the subsequent phases.

2) Data understanding

This phase begins with the initial loading of data from the
OULAD. We analyze the structure of the dataset, identifying
key variables such as student age, assessment scores, and
interaction data. Understanding these variables allows us to
formulate hypotheses about the factors influencing student
success and engagement.

3) Data preparation

Data preparation is a critical step in the machine learning
process, essential for transforming raw data into a structured
and usable format suitable for modeling. This phase involves
data loading, transformation, cleaning, and organization to
ensure compatibility with machine learning algorithms. Each
step is meticulously designed to improve the quality and
reliability of the data, facilitating robust and accurate
predictive modeling.

The initial stage involves extracting information from
structured sources, typically formatted into tables where each
row represents an observation (e.g., a student or interaction)
and each column corresponds to a specific variable (e.g.,
student age, assessment score). The extracted data undergoes
preliminary processing, including categorizing assessments
by type due to their distinct properties and impacts on student
performance. For instance, exams—often key indicators of
subject mastery—are treated separately from other types of
assessments.
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Assessments are tallied for each course and session,
providing insights into the required level of academic
engagement and helping weigh overall student performance.
Success on these assessments is determined using a threshold
function, where a score exceeding a predefined pass mark
(typically 40%) is considered successful, in line with
institutional academic standards. Furthermore, student scores
are adjusted by weight, acknowledging that not all
assessments contribute equally to the final grade.

Engagement metrics, such as the average number of clicks
per resource, serve as key indicators of student interaction
with online learning materials. These metrics are crucial for
understanding student engagement levels. Students who
withdraw before course completion are excluded from these
calculations to ensure that performance metrics accurately
reflect the outcomes of those who complete their learning
journey.

The next phase involves merging all relevant information
into a single DataFrame for comprehensive analysis. This
integrated DataFrame combines data from multiple sources
and tables, covering various aspects of student behavior and
performance. Data cleansing is performed to remove
inconsistencies or missing values, ensuring the reliability of
the modeling process. Additionally, unnecessary or redundant
columns are removed to streamline the dataset, enhancing its
usability for machine learning applications.

Fig. 2 outlines the essential steps in the data preparation
process, visually representing the sequence from data
extraction to the final preparation of data for modeling.

—
Loading data (

<

—
Separate assessments
\

/

Ve —
( Accounting for valuations  (
\ \

/

If: Merging scores and weighting {:

/

Success rate

—
N,

Preparing for modeling 'f:

/

Merging and cleaning data If:

/

~ 7
Exclusion of withdrawn students
“ .

’

7
Interaction analysis {
\

i 4
L
. “~

Fig. 2. Steps in data preparation for machine learning.

After cleansing, the final DataFrame is meticulously
prepared for predictive modeling. This preparation involves
transforming and structuring the data to facilitate the
application of machine learning techniques. The final
DataFrame, which contains 4950 rows, includes variables that
capture the complex relationships between student
characteristics, engagement, and performance. Table 3
provides an overview of the key variables included in the final
DataFrame:

Careful data preparation is essential to ensure the accuracy
of predictive models and their capacity to generate
meaningful insights. This process reflects the rigor necessary
for data manipulation and analysis in online education, aiming
to enhance learning experiences and outcomes for students
through evidence-based interventions.
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Table 3. Variables of the final DataFrame used for predictive modeling
Variables Description

Number of previous attempts of the
module by the student.

Student’s weighted average grade

Student success rate, perhaps as a

Num_of_prev_attempts

Weighted_grade

Pass_rate .
percentage or normalized score.
Score_exam Student’s final exam score.
Date associated with the assessment or
Date . . .
interaction, expressed in number of days.
. Total number of student interactions with
Sum_click . -
- VLE material on a given day.
The model’s target variable, which
Final_result indicates the student’s final result in the
module, such as “Pass”, “Fail” or
“Distinction”.
4) Modeling

Once the data has been prepared, we select and apply
appropriate machine learning models to predict student
performance. This phase involves an iterative process of
model selection, parameter tuning and training. We chose
models including Random Forest, SVM, Logistic Regression
and LDA, is based on their ability to handle the specific data
types and patterns identified during the data understanding
phase. To assess model performance, we use accuracy,
precision, recall, and F1-score, enabling a multi-dimensional
evaluation of classification accuracy for student outcomes. In
the following paragraphs, we detail the modeling process and
results for each of these algorithms, discussing their
individual performances and the insights gained from their
application.

5) Evaluation

For this study, we selected four machine learning
algorithms—Random Forest, Logistic Regression, SVM, and
LDA—based on their unique strengths in handling
educational data and their suitability for classification tasks.
Random Forest is known for its robustness and ability to
reduce overfitting by aggregating multiple decision trees [47].
Logistic Regression is well-regarded for providing
probabilistic outputs, which are beneficial for multiclass
classification tasks [48]. SVM s particularly effective in
high-dimensional spaces and seeks to maximize the margin
between classes, making it suitable for distinguishing between
performance levels [49]. Finally, LDA enhances class
separability, facilitating classification into distinct categories
[50] such as ‘Distinction,” ‘Pass,” and ‘Fail.” These models
offer a diverse basis for comparison, allowing us to evaluate
their effectiveness in predicting student performance
outcomes.

To assess the effectiveness of each model, we utilized four
key performance metrics: accuracy, precision, recall, and
F1-score. Accuracy provides an overall measure of correct
predictions, precision assesses the accuracy of positive
predictions within each category, recall reflects the model’s
sensitivity in identifying actual instances, and F1-score
balances precision and recall, providing a robust measure
when class distributions vary [51]. These metrics offer a
comprehensive basis for evaluating the classification
performance of each model.

6) Deployment
The deployment phase consists of implementing the
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best-performing model in a real educational environment,
such as within a Learning Management System (LMS) or as a
standalone application accessible to educators and
administrators. We continuously monitor the model’s
performance using relevant educational metrics, such as
student engagement, assessment scores, and completion rates,
to evaluate whether the model is effectively enhancing
learning outcomes. Feedback from educators and students is
collected periodically to assess user satisfaction and identify
any necessary adjustments. Based on this feedback and
ongoing performance data, we make optimizations and
recalibrate the model as needed, ensuring its continued
relevance and effectiveness over time. This deployment and
improvement cycle are the focus of our future work, where we
aim to refine these processes further to adapt to the dynamic
needs of e-learning environments.

IV. RESULTS

In our exploration of machine learning methods for
enhancing the e-learning ecosystem, we have entered a
critical phase: predictive modeling. This step has enabled us
to develop models capable of predicting student performance
with notable accuracy. To achieve this, we divided our dataset
into two parts: 80% for training and 20% for testing.

This strategic split ensures that our models are trained on a
representative portion of the data while being evaluated on a
separate set, thereby verifying their ability to generalize and
perform under realistic conditions. The test set, distinct from
the training data, acts as an unbiased measure of the model’s
effectiveness when faced with new data.

The models selected for this comparative analysis include:
Random Forest, Logistic Regression, SVM, and LDA. These
models were chosen due to their widespread recognition and
proven performance across many areas of machine learning,
making them reliable choices for this study. They have been
tested and validated in various contexts, consistently yielding
strong results.

A. Random Forest

Random Forest is an ensemble model consisting of
multiple individual decision trees, each trained on a subset of
the data [47]. For predictions, Random Forest aggregates the
outcomes from all decision trees and either follows the
majority vote for classification or takes the average prediction
for regression tasks [47]. This model is well-known for its
robustness and ability to mitigate overfitting, due in part to the
diversity of its trees and the bagging (Bootstrap Aggregating)
method it employs.

1) Confusion matrix

The performance of the Random Forest model is
summarized visually in the confusion matrix shown in Fig. 3.
This matrix illustrates the number of true and false predictions
for each class, providing an immediate assessment of the
model’s performance. Since our objective is classification
rather than regression or forecasting, the confusion matrix is
appropriate for evaluating how well the model differentiates
between the discrete classes. For predictive tasks involving
continuous outcomes, metrics such as MAE, MSE, RMSE,
and R-squared are commonly used. However, for this
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classification task, we focus on classification-specific metrics.

600

124 30

Distinction

500

400

98 24

True values
Fail

- 300

22 18

Pass
'

- 100

I
Fail
Forecasts

Fig. 3. Confusion matrix for random forest model.

Pass

I
Distinction

The confusion matrix details:

Distinction: The model correctly predicted 124 students as
achieving Distinction (True Positives), while 22 students
who should have been classified as Distinction were
missed (False Negatives).

Fail: The model correctly identified 98 students as Fail
(True Positives), while 18 students who failed were
incorrectly classified as passing (False Negatives).

Pass: The model accurately predicted 674 students as Pass
(True Positives), though 40 students were mistakenly
classified as Pass (False Positives).

2) Classification report

As shown in Table 4, the Random Forest model achieves an
overall accuracy of 91%. Its strongest performance is in
predicting students who will pass, with a precision of 0.93 and
a recall of 0.94, indicating a high number of correct
predictions and comprehensive coverage of actual pass cases.
Predictions for Distinction are also fairly accurate, although
with a slightly lower recall, indicating that some
high-performing students were not identified. The model
performs well in identifying Failures, with balanced precision
and recall values around 0.80. These results demonstrate the
model’s robustness in distinguishing between different levels
of student performance, particularly excelling at recognizing
students who will pass.

Table 4. Classification report for random forest model

Precision Recall Fl-score  Support
Distinction 0.85 0.81 0.83 154
Fail 0.84 0.80 0.82 122
Pass 0.93 0.94 0.93 714
Accuracy 0.91 990
Macro avg 0.87 0.85 0.86 990
Weighted avg  0.90 0.091 0.90 990

B. Logistic Regression

Despite its name, logistic regression is primarily used for
binary classification but can also be extended to handle
multiclass classification [48]. It estimates the probability that
a given input belongs to a particular class, which can then be
converted into a binary prediction by applying a threshold
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[48]. Logistic regression is particularly useful in cases where
explicit probabilities are required, and it offers the advantage
of being easily updated with new data.

1) Confusion matrix

The performance of the logistic regression model, as shown
in the confusion matrix (Fig. 4), is summarized as follows:

e Distinction: The model correctly predicted 118 students as
achieving Distinction (True Positives), with zero false
positives. However, 36 students who should have been
classified as Distinction were incorrectly predicted as Pass
(False Negatives).

e Fail: The model correctly identified 99 students as Fail
(True Positives), with no instances wrongly classified as
Fail. However, 23 students who should have been
classified as Fail were misclassified as Pass (False
Negatives).

e Pass: The model correctly predicted 658 students as Pass
(True Positives), but 32 Distinction and 24 Fail students
were misclassified as Pass, totaling 56 false positives.

600

118 0 36

Distinction
\

500

400

99 23
- 300

True values
Fail
o

- 200

32 24

Pass
'

- 100

i i 0
Distinction Fail Pass
Forecasts

Fig. 4. Confusion matrix for logistic regression model.

The confusion matrix highlights the logistic regression
model’s strong ability to classify ‘Pass’ instances with high
accuracy. However, it also reveals challenges in
distinguishing ‘Distinction’ and ‘Fail” from ‘Pass,” as
evidenced by the respective false negatives and false
positives.

2) Classification report

Asshown in Table 5, the logistic regression model achieves
an overall accuracy of 88%, reflecting a high level of correct
predictions across all classes. The model performs best in
predicting ‘Pass’ instances, with a precision and recall of 92%,
indicating both accuracy and a high rate of capturing true
‘Pass’ cases.

For ‘Distinction’ and ‘Fail,” the model demonstrates
reasonable performance, with precision and recall rates near
80%. The F1-scores align with these precisions and recall
values, suggesting balanced classification ability. True
positives are highest for ‘Pass’ predictions, showcasing the
model’s strong predictive power for this category. However,
for ‘Distinction’ and ‘Fail,” the model exhibits some
limitations due to the higher number of false negatives and
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false positives.

Overall, these metrics underscore the model’s reliability,
particularly in identifying students who will pass, while also
highlighting areas for improvement in distinguishing between
‘Distinction’ and “Fail.’

Table 5. Classification report for Logistic Regression model

Precision Recall F1-score Support

Distinction 0.79 0.77 0.78 154
Fail 0.80 0.81 0.81 122
Pass 0.92 0.92 0.92 714
Accuracy 0.88 990
Macro avg 0.84 0.83 0.83 990
Weighted avg ~ 0.88 0.88 0.88 990
C. SVWM

SVM is a powerful and versatile supervised learning model
used for classification, regression, and anomaly detection [49].
SVM is particularly effective in high-dimensional spaces and
is characterized by its use of kernels, which allow it to handle
complex data, as well as its focus on minimizing classification
errors and maximizing the margin between data classes [52].
For classification tasks, SVM creates a hyperplane, or set of
hyperplanes, in a high-dimensional space. The best
hyperplane is one that maximizes the distance to the nearest
data points from all classes, ensuring the best possible
separation of the classes [53].

1) Confusion matrix

The performance of the SVM model, as shown in the
confusion matrix (Fig. 5), is summarized as follows:

e Distinction (0): The model correctly predicted 115
instances of Distinction (True Positives). However, it
misclassified 39 instances as Pass (False Negatives) and 29
instances as Fail (False Negatives). There were no
instances of Fail or Pass misclassified as Distinction.

e Fail (1): The model accurately predicted 95 instances of
Fail (True Positives), but 27 instances were misclassified
as Pass, and 21 instances were incorrectly predicted as
Distinction.

e Pass (2): The model showed high effectiveness in
identifying Pass cases, with 664 correct predictions (True
Positives). However, it misclassified 29 Distinction and 21
Fail instances as Pass (False Positives), totaling 48
incorrect classifications.

600
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500

400

95 27
- 300

True values
Fail
o
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7q) 21
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|

-100

\ !
Distinction Fail Pass
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Fig. 5. Confusion matrix for SVM model.
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The confusion matrix highlights the SVM model’s strong
predictive ability for ‘Pass’ outcomes, while also pointing out
areas for improvement in distinguishing between
‘Distinction” and “Fail’ classes.

2) Classification report

As shown in Table 6, the SVM model achieves an overall
accuracy of 88%, indicating solid performance in classifying
students into ‘Distinction,” ‘Fail,” and ‘Pass’ categories. The
model is particularly effective in predicting ‘Pass’ outcomes,
with a precision of 91% and a recall of 93%, reflecting its
ability to correctly identify students who will pass while
capturing the majority of actual Pass cases.

The model’s performance for ‘Distinction’ and ‘Fail’
categories is slightly less accurate, with precision and recall
values around 80%. The F1-scores are consistent with these
precisions and recall figures, indicating balanced accuracy
and coverage across all categories. The SVM model’s
strengths are most evident in the ‘Pass’ category, though there
is room for improvement in accurately classifying
‘Distinction’ and ‘Fail’ cases.

Table 6. Classification report for SVM model

Precision Recall F1-score Support
Distinction 0.80 0.75 0.77 154
Fail 0.82 0.78 0.80 122
Pass 0.91 0.93 0.92 714
Accuracy 0.88 990
Macro avg 0.84 0.82 0.83 990
Weighted avg  0.88 0.88 0.88 990

D. LDA

LDA is a technique used for both classification and
dimensionality reduction. It works by finding a linear
combination of features that best separates two or more
classes [50]. The goal is to project the data onto a
lower-dimensional space that maximizes class separability
while retaining as much relevant information as possible.
LDA is also known for being resistant to overfitting,
particularly when classes are well-separated and the number
of features is relatively small.

1) Confusion matrix
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Fig. 6. Confusion matrix for LDA model.
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The performance of the LDA model, as shown in the
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confusion matrix (Fig. 6), is summarized as follows:

e Distinction: The model successfully predicted 124
instances as Distinction (True Positives), but misclassified
30 Distinction students as Pass (False Negatives) and 52 as
Fail (False Negatives). There were no instances of students
from Fail or Pass categories being misclassified as
Distinction.

Fail: The model correctly predicted 101 Fail instances
(True Positives). However, 21 students who should have
been classified as Fail were misclassified as Pass, and 29 as
Distinction (False Negatives).

Pass: The model accurately predicted 633 instances as Pass
(True Positives), but incorrectly classified 52 Distinction
and 29 Fail students as Pass (False Positives), leading to a
total of 81 misclassifications.

The confusion matrix for the LDA model reveals
commendable accuracy in identifying ‘Pass’ instances, while
also indicating areas for improvement in correctly classifying
‘Distinction’ and ‘Fail’ outcomes.

2) Classification report

As summarized in Table 7, the LDA model achieves an
overall accuracy of 87%. It is highly precise in predicting
students who will pass, with a precision of 93%, though there
is a notable number of false positives in this category. The
model shows good sensitivity in identifying students who will
achieve Distinction and those who will fail, with recall rates
of 81% and 83%, respectively.

However, precision for the ‘Distinction” and ‘Fail’
categories is lower, at 70% for Distinction and 78% for Fail,
indicating a cautious approach in predicting both higher and
lower achievements. The F1-scores reflect a balanced
accuracy between precision and recall across all categories.
Overall, the model effectively predicts student performance,
with a strong emphasis on correctly identifying students who
will pass.

Table 7. Classification report for LDA model

Precision Recall F1-score Support
Distinction 0.70 0.81 0.75 154
Fail 0.78 0.83 0.80 122
Pass 0.93 0.89 0.91 714
Accuracy 0.87 990
Macro avg 0.80 0.84 0.82 990
Weighted avg  0.87 0.87 0.87 990

V. DISCUSSION

The bar chart (Fig. 7) illustrates the accuracy of four
classification models—Random Forest, Logistic Regression,
SVM, and LDA—on both the training and test sets. The blue
bars represent the accuracy on the test set, while the cyan bars
indicate the accuracy on the training set.

Among the models, the Random Forest achieved the
highest test set accuracy at 91%, demonstrating its superior
performance in classifying student outcomes. This suggests
that Random Forest is the most effective model for predicting
student performance, particularly when accuracy is the
primary consideration.

This research explored machine learning techniques for
improving the predictability and understanding of learner
performance within the e-learning ecosystem. Utilizing the
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Open University Learning Analytics Dataset (OULAD), our
aim was to develop models that provide accurate,
personalized insights into student success, supporting
data-driven decision-making in e-learning strategies.

0.95
091 I 0.88 0.89 0.88 0.89
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Fig. 7. Accuracy of classification models on training and test sets.
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We conducted a comparative analysis of machine learning
models to evaluate their effectiveness in predicting learner
performance. This approach allowed us to thoroughly
examine the strengths and limitations of each model while
identifying key factors that influence learner outcomes. The
objective was to create a predictive model that accurately
classifies students into “Distinction,” “Pass,” and “Fail”
categories using the rich feature set provided by OULAD.

Our methodology included rigorous data preprocessing,
covering data loading, separation, assessment categorization,
success thresholds, score merging and weighting, interaction
analysis, and the exclusion of withdrawn students. This
pre-treatment ensured that the dataset was optimized for
modeling, accounting for student engagement, academic
performance, and learning behaviors.

The selection of machine learning models—Random
Forest, Logistic Regression, SVM, and LDA—was strategic,
aimed at evaluating diverse algorithms with varying
complexities. Dividing the dataset into 80% training and 20%
testing ensured that the models were trained on representative
data and evaluated under realistic conditions, thereby
validating their generalizability and performance.

The results highlighted Random Forest’s superior accuracy
and its effectiveness in generalizing to unseen data. It was
particularly adept at predicting “Pass” outcomes, indicating
its potential as a reliable tool in the e-learning context for
anticipating student needs. While Logistic Regression and
SVM performed well in identifying “Pass” instances, they
struggled with differentiating between “Distinction” and
“Fail” cases. Similarly, LDA showed promise but required
refinement for classifying higher success levels like
“Distinction.”

However, across all models, distinguishing between
“Distinction” and “Fail” categories presented challenges.
This limitation reflects the complexity of student performance
metrics and the need for models capable of better navigating
these subtleties.

The study’s findings offer insights for future research and
application. Incorporating machine learning models, such as
Random Forest, into e-learning platforms could lead to more
adaptive, responsive  educational experiences. The

309

classification challenges highlighted by this study suggest that
further refinement of predictive models is necessary,
potentially through the use of more nuanced features or
advanced modeling techniques.

In conclusion, this research demonstrates the effectiveness
of machine learning in e-learning ecosystems. While our
models successfully predicted student performance,
continuous improvements are needed to address the evolving
dynamics of e-learning environments. Future research could
focus on integrating additional datasets, applying more
complex algorithms, and implementing real-time predictive
systems that dynamically respond to student activities. This
approach not only underscores the challenges and
opportunities in predictive analytics for online learning but
also contributes to the ongoing discussion on optimizing
educational technologies for personalized learning and
informed academic decision-making.

VI.

This study has successfully demonstrated the potential of
machine learning techniques to analyze and predict learner
performance in e-learning ecosystems. By utilizing the Open
University Learning Analytics dataset, we developed and
compared various predictive models, with the Random Forest
algorithm exhibiting superior accuracy and generalizability.
These findings reinforce the hypothesis that machine learning
can significantly enhance predictive analytics within
e-learning systems, paving the way for more personalized and
effective learning interventions.

However, the challenge of accurately distinguishing
between different performance categories, particularly
“Distinction” and “Fail,” highlights the complexity of
learning analysis and the need for more nuanced modeling
approaches. Insights gained from this research underscore the
importance of ongoing model refinement and the potential
benefits of integrating multi-faceted data sources to capture
the full range of factors influencing student outcomes. Further
exploration of advanced machine learning techniques and a
more granular approach to data analysis could improve the
accuracy and effectiveness of predictive models.

Looking ahead, the integration of machine learning models
into e-learning platforms has the potential to revolutionize
education by enabling more adaptive, personalized, and
responsive teaching and learning experiences. Future research
should focus on operationalizing these models within real
e-learning environments, assessing their impact on
educational outcomes, and ensuring their ethical and fair
application. The advancement of e-learning through machine
learning is underway, and this study represents a critical step
toward realizing the full potential of this dynamic field.
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