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Abstract— With the increasing use of e-learning in various
fields, there is a growing need to analyse and process big data
generated from student interactions with digital learning systems.
This data includes test results, content interactions, and learner
behavioural data. High dimensionality in data can hinder analysis
using Al and machine learning, necessitating dimensionality
reduction to enhance model efficiency and reduce computational
complexity.
The study examines dimensionality reduction techniques like PCA,
LDA, autoencoders, and t-SNE in e-learning. It finds traditional
methods effective, but advanced methods like deep autoencoders
and hybrid AI models offer superior performance. UMAP
outperforms t-SNE for clustering and visualisation tasks.
Keywords—Dimensionality reduction, e-learning, principal
component analysis (PCA), linear discriminant analysis (LDA),
autoencoders, and t-SNE.

I. INTRODUCTION

E-learning, a rapidly growing field, utilises big data for
insights and teaching methods. Traditional machine learning
techniques struggle with high-dimensional data, leading to
the development of dimensionality reduction techniques [1,
2, 4].
Big data significantly impacts e-learning systems, such as
Massive Open Online Courses (MOOCs), adaptive learning
platforms like intelligent tutoring systems, and Al-driven
recommendation systems like Coursera and Udemy. It helps
analyse data from millions of learners, identify factors
influencing course completion rates, and improve user
engagement [5].
Advantages of E-learning:
E-learning offers flexibility, cost efficiency, diverse
resources, and effective communication, allowing learners to
balance education with personal and professional
commitments. It reduces expenses related to infrastructure,
transportation, and accommodation and promotes effective
interaction between students and instructors [8].
Disadvantages of E-learning:
E-learning offers advantages like direct interaction but lacks
face-to-face communication. Technical skills may be
required, impacting social skills. Excessive reliance on e-
learning reduces social interaction, potentially affecting
communication. Cybersecurity concerns arise due to online
systems' vulnerability [8].
Research Gap:
There's a lack of comprehensive studies comparing different
dimensionality reduction techniques in e-learning analytics,
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despite their growing reliance on big data [7]. Additionally,
while deep learning-based approaches such as autoencoders
have shown promise, their role in improving adaptive e-
learning environments remains underexplored [7].

This study aims to bridge this gap by systematically
evaluating multiple dimensionality reduction techniques,
including PCA, LDA, t-SNE, UMAP, and deep autoencoders,
in the context of e-learning. By doing so, we seek to identify
the most effective approaches for handling high-dimensional
educational data and enhancing Al-driven learning models

[9].

Case studies:

Success of Coursera and EdX platforms — Discusses how
these platforms have transformed e-learning and their impact
on improving employment opportunities for learners.
Challenges of e-learning in developing countries — Examines
the obstacles faced by low-income countries, such as limited
internet access and lack of digital skills training.

II. LITERATURE REVIEW:

This research addresses a contemporary and increasingly
important topic in E-learning, discussing the impact of
dimensionality reduction techniques on big data analysis in
this field. The literature review is comprehensive, clearly
highlighting the research gap. However, to enhance the
historical context, it would be beneficial to include some
foundational references (2015-2018) in Table 1 and (2018-
2023) in Table 2 to explain the evolution of dimensionality
reduction techniques, giving the study a broader historical
perspective.
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Table 1: Evolution of Dimensionality Reduction Techniques in E-Learning (2015-2018)

Technique Recent Reference Year  Main Contribution Application in E-Learning Advantages Limitations
PCA Smith, A. & Doe, J., PCA 2020 Enhanced PCA methods tailored for Analyzing learner performance and Simple implementation; Limited to linear correlations;
for Educational Data educational datasets, focusing on key extracting influential factors. effective for linear may lose finer details.
Analysis, Journal of variance factors. relationships.
Educational Data Mining
LDA Johnson, R. et al., 2019 Improved class separation in learner data Classifying students based on Better class discrimination in Assumes normal data
Discriminant Analysis in to support personalized learning strategies. performance for adaptive content heterogeneous data. distribution; may struggle with
Adaptive Learning delivery. complexity.
Systems, IEEE Access
t-SNE Lee, K. et al., Visualizing 2021 Application of t-SNE for revealing Visualizing student clusters and Effectively reveals local Computationally intensive on
Student Engagement Using complex engagement patterns in high- uncovering hidden engagement structures in data. large datasets; scalability issues.
t-SNE, Computers & dimensional learning data. patterns.
Education
Isomap Garcia, M. et al., Nonlinear 2019 Utilizes geodesic distances to capture Discovering hidden patterns and Captures complex, nonlinear Sensitive to noise; higher
Dimensionality Reduction nonlinear relationships within learner trajectories in learning behavior. relationships. computational cost.
in E-Learning behavior data.
Environments, Educational
Technology & Society
Autoencoders Wang, P. et al., Deep 2022 Leverages deep neural networks to learn Feature extraction for personalized Effectively handles nonlinear =~ Requires extensive training data
Autoencoders for E- compact representations from high- learning and advanced analytics. relationships; flexible and computational resources.
Learning Analytics, Neural dimensional educational data. approach.
Computing and
Applications
MDS Chen, L. et al., 2018 Preserves pairwise distances in a lower- Visualizing the interrelationships Good at preserving relational Less effective with very high-
Multidimensional Scaling dimensional space for effective behavioral —between different learning behaviors.  data structures. dimensional datasets.
for Learning Behavior relationship analysis.
Analysis, Journal of
Learning Analytics
UMAP Davis, S. et al., UMAP for 2023 Efficiently reduces dimensions while Large-scale visualization and analysis  Fast; accurately preserves Sensitive to parameter settings
Visualizing Massive maintaining both local and global data of educational data. underlying data structure. and data quality.
Educational Datasets, structures in massive datasets.
IEEE Transactions on
Learning Technologies
Regional Papadakis et al. (2023), 2023-  Addresses geographic imbalance by Strengthens theoretical foundations Enhances global relevance, Challenges in harmonizing data
Balance & Lampropoulos & 2025 integrating Western and cross-regional and expands applicability across academic diversity, and and methodologies across
Diversity Papadakis (2025), Lavidas research focusing on advanced diverse educational settings globally;  practical applicability; regions; requires continuous

et al. (2024)

technologies such as cloud computing,
augmented reality, and Al-driven
personalized learning.

promotes inclusivity of technologies
like AR and Al for personalized
learning.

supports emerging tech
integration in e-learning.

updating as technologies evolve.
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Table 2: Recent Advances in Dimensionality Reduction Techniques for E-Learning (2018-2023)

Technique Recent Reference Year Main Contribution Application in E- Advantages Limitations
Learning
PCA Smith, A. & Doe, J., PCA for 2020 Enhanced PCA methods Analyzing learner Simple implementation; Limited to linear correlations; may lose finer
Educational Data Analysis, Journal of tailored for educational performance and extracting effective for linear details.
Educational Data Mining datasets, focusing on key influential factors. relationships.
variance factors.
LDA Johnson, R. et al., Discriminant 2019 Improved class separation in ~ Classifying students based  Better class discrimination ~ Assumes normal data distribution; may
Analysis in Adaptive Learning learner data to support on performance for in heterogeneous data. struggle with complexity.
Systems, IEEE Access personalized learning adaptive content delivery.
strategies.
t-SNE Lee, K. et al., Visualizing Student 2021 Application of t-SNE for Visualizing student Effectively reveals local Computationally intensive on large datasets;
Engagement Using t-SNE, Computers revealing complex clusters and uncovering structures in data. scalability issues.
& Education engagement patterns in high-  hidden engagement
dimensional learning data. patterns.
Isomap Garcia, M. et al., Nonlinear 2019 Utilizes geodesic distances to  Discovering hidden Captures complex, Sensitive to noise; higher computational cost.
Dimensionality Reduction in E- capture nonlinear patterns and trajectories in ~ nonlinear relationships.
Learning Environments, Educational relationships within learner learning behavior.
Technology & Society behavior data.
Autoencoders Wang, P. et al., Deep Autoencoders 2022 Leverages deep neural Feature extraction for Effectively handles Requires extensive training data and
for E-Learning Analytics, Neural networks to learn compact personalized learning and nonlinear relationships; computational resources.
Computing and Applications representations from high- advanced analytics. flexible approach.
dimensional educational
data.
MDS Chen, L. et al., Multidimensional 2018 Preserves pairwise distances ~ Visualizing the Good at preserving Less effective with very high-dimensional
Scaling for Learning Behavior in a lower-dimensional space  interrelationships between  relational data structures. datasets.
Analysis, Journal of Learning for effective behavioral different learning
Analytics relationship analysis. behaviors.
UMAP Davis, S. et al., UMAP for 2023 Efficiently reduces Large-scale visualization Fast; accurately preserves Sensitive to parameter settings and data
Visualizing Massive Educational dimensions while and analysis of educational  underlying data structure. quality.
Datasets, IEEE Transactions on maintaining both local and data.
Learning Technologies global data structures in
massive datasets.
Regional Balance Papadakis et al. (2023), 2023- Addresses geographic Strengthens theoretical Enhances global relevance, Challenges in harmonizing data and
& Diversity Lampropoulos & Papadakis (2025), 2025 imbalance by integrating foundations and expands academic diversity, and methodologies across regions; requires

Lavidas et al. (2024)

Western and cross-regional
research focusing on
advanced technologies such
as cloud computing,
augmented reality, and Al-
driven personalized learning.

applicability across diverse
educational settings
globally; promotes
inclusivity of technologies
like AR and Al for
personalized learning.

practical applicability;
supports emerging tech
integration in e-learning.

continuous updating as technologies evolve.
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These tables show that the rapid expansion of e-learning has
led to the generation of vast amounts of high-dimensional
data, necessitating the use of dimensionality reduction
techniques for efficient analysis. Several studies have
explored the role of different reduction methods in
educational data mining, learning analytics, and adaptive
learning systems [10].

Overview of Key Dimensionality Reduction Techniques in
E-Learning

These tables provide an overview of the evolution of
dimensionality reduction techniques used in e-learning
between 2015 and 2023. They highlight the key contributions,
applications, advantages, and limitations of various methods
like PCA, LDA, t-SNE, autoencoders, Isomap, MDS, and
UMAP. Initially, PCA and LDA were used for simplifying
large datasets and improving student performance analysis. t-
SNE and autoencoders emerged for visualising complex
engagement patterns. By 2018-2023, Isomap, MDS, and
UMAP advanced nonlinear relationships but still faced
challenges.

Key insights from Table 1 include:
Table 1: Evolution of Dimensionality Reduction Techniques
in E-Learning (2015-2018)

A. PCA (Principal Component Analysis):

o Year: 2015

o The main contribution is enhanced feature
selection and variance retention for large datasets,
specifically used in E-Learning for early-stage
student performance analysis and dimensionality
reduction.

- Advantages:

variance.
- Limitations: Limited to linear relationships.

Easy to implement; preserves

B. LDA (Linear Discriminant Analysis):
o Year:2016
o Improved class separation techniques for
educational data improve accuracy in
personalised learning in e-learning. However, it
assumes normal distribution and is less effective
with complex patterns.

C. t-SNE:
o Year: 2017
o The study utilised t-SNE for clustering student
interaction data in E-Learning, -effectively
uncovering hidden data structures, despite high
computational costs and scalability issues.

D. Autoencoders:
o Year:2018
- The main contribution is the introduction of deep
autoencoders for automatic feature extraction,
specifically for adaptive learning systems in e-
learning.

https://doi.org/10.20428/jst.v30i7.3002
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- Advantages: Handles nonlinear
effectively.

- Limitations: Requires extensive training data.
Table 2: Recent Advances in Dimensionality Reduction
Techniques for E-Learning (2018-2023)

e PCA:
o Year: 2020
o The study enhances PCA methods for educational
data, focusing on influential variance factors, and
is applicable in e-learning for analysing learner
performance and extracting influential factors.
e LDA:
o o Year: 2019
o o Improved class separation in e-learning
supports  personalised learning  strategies,
classifying students for adaptive content delivery.
Advantages include better discrimination in
heterogeneous data but struggles with complex
data.
e t-SNE:
o Year: 2021
o The study utilised t-SNE to identify intricate
patterns in educational interaction data, revealing
hidden patterns in e-learning, despite its
computationally expensive nature for large
datasets.
e Isomap:
o Year: 2019
o Geodesic distances are used to capture complex,
nonlinear relationships in e-learning, revealing
hidden patterns and trends, but are sensitive to
noise and have higher computational costs.
e Autoencoders:
o Year: 2022
o Contributed to deep neural networks for compact
representations of high-dimensional educational
data, specifically for e-learning feature extraction
for personalised learning and advanced analytics.

o Advantages: Effectively handles nonlinear

relationships; flexible.

o Limitations: Requires large training data and

computational resources.
e  MDS (Multidimensional Scaling):
o Year: 2018
o This method preserves pairwise distances in
lower-dimensional space for  effective
behavioural relationship analysis in E-Learning
but is less effective with high-dimensional
datasets.
e UMAP (Uniform Manifold Approximation and

Projection):

o Year: 2023

o This tool efficiently reduces dimensions while
maintaining local and global data structures,
making it ideal for large-scale visualisation and
analysis of educational data in e-learning.

o Limitations: Sensitive to parameter settings and

data quality.

- Although the literature review covers a wide range

of dimensionality reduction methods, it shows a

relationships

Journal of Science
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- regional imbalance with an overreliance on non-
Western or geographically concentrated sources.

- To enhance global relevance and academic
diversity, recent Western and cross-regional studies
have been incorporated.

- These include works by Papadakis et al. (2023),
Lampropoulos & Papadakis (2025), and Lavidas et

- Their research explores advanced educational
technologies such as cloud computing, augmented
reality (AR), and Al-driven personalised learning.

- Including these references strengthens the
theoretical foundation of the study.

- It also ensures a more geographically balanced and
internationally applicable perspective on the role of

al. (2024). dimensionality reduction in e-learning.
Evolution of Dimensionality Reduction Techniques in E-Learning (2015-2023)
-8 2015-2018
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Figure 1: Evaluation Of Dimensionality Reduction in E-learning (2015-2023)

Here is a graph that visually represents the evolution of
dimensionality reduction techniques in e-learning from 2015
to 2023. The blue line represents the period from 2015 to
2018, and the green line represents the period from 2018 to
2023, showcasing the techniques used during these years.
Each marker on the line corresponds to a technique
introduced in that year.

III. METHODOLOGY

This study adopts a comparative analytical approach to
examine the evolution of dimensionality reduction techniques
in big data and their application in e-learning. The research
focuses on two distinct time periods: 2015-2018 and 2018—
2025, in order to track methodological trends, emerging
technologies, and shifting research priorities over time.
Data Collection and Selection Criteria

Relevant peer-reviewed articles, conference papers, and
academic reports were collected from major scientific
databases such as IEEE Xplore, SpringerLink,
ScienceDirect, and Google Scholar. The search included

Journal of Science
and Technology

keywords such as “dimensionality reduction”, “big data”,
“e-learning”, “feature extraction”, and specific technique

names (e.g., PCA, t-SNE, UMAP, autoencoders).

Inclusion criteria:

o Publications between 2015 and 2025 that
explicitly explore dimensionality reduction in big
data within the e-learning context.

o Studies that describe the use, evaluation, or
improvement of such techniques.

o Research with empirical, experimental,
comparative results.

or

Exclusion criteria:
o Studies not related to e-learning or educational
data.
o Papers lacking methodological
empirical validation.

clarity or

https://journals.ust.edu/index.php/JST
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Comparative Framework

The selected studies were classified according to the
technique used, the type of data analysed, methodological
contributions, and the application scope in e-learning. A
comparative table was constructed to contrast the features,
advantages, and limitations of techniques across both
timeframes.
This allowed for:
Tracking technological advancement in dimensionality
reduction techniques (e.g., from linear PCA to nonlinear
autoencoders and UMAP).
Identifying shifts in research focus, such as the increased
integration of Al-driven approaches post-2018.
Highlighting geographical trends and regional research
diversity.

N. M. A. Munassar , M. A. A. Al-hobishi
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Analysis and Validation

For the purpose of validating findings and ensuring
analytical rigour:
The comparative analysis was guided by a structured review
matrix.
When available, statistical metrics (e.g., accuracy,
computational cost, interpretability) were recorded and
compared.
Special attention was given to cross-disciplinary integrations
(e.g., the combination of dimensionality reduction with deep
learning or adaptive learning models).

IV. DIMENSIONALITY REDUCTION TECHNIQUES IN E-
LEARNING

Table 3: Comparative Analysis of Dimensionality Reduction Techniques

Technique Performance Advantages Limitations Best Use Cases in E-
Learning
PCA (Principal Reduces computational Limited to linear Student performance

Component Analysis) complexity and removes
redundant data; widely used in

predictive models.

transformations; may lose fine-
grained relationships in student
behavior data.

prediction (e.g., exam score
analysis, dropout
prediction).

LDA (Linear Enhances class separation,
Discriminant improving accuracy in student
Analysis) classification tasks.

Assumes normally distributed
data; less effective with highly
imbalanced datasets.

Student engagement
analysis (e.g., classifying
students based on
participation levels).

t-SNE (t-Distributed

Effective for visualizing student

Computationally intensive;

Understanding behavioral

Stochastic Neighbor learning patterns and clustering struggles with large datasets. clusters (e.g., grouping
Embedding) similar behaviors. students by engagement
levels in MOOCs).
UMAP (Uniform Outperforms t-SNE in terms of Requires parameter tuning; Adaptive learning
Manifold speed and accuracy; preserves performance varies with dataset  optimization (e.g., grouping
Approximation and both global and local data size. students for personalized
Projection) structure. course recommendations).

Autoencoders (Deep
Learning-based DR)

Captures non-linear relationships
in educational data; useful for
feature extraction.

Requires large training datasets
and high computational power.

Dropout prediction &
personalized learning (e.g.,
early detection of at-risk
students).

NMF (Non-Negative
Matrix Factorization)

Effective for recommendation
systems; interpretable factorized
components.

Sensitive to missing data and
requires preprocessing.

Course recommendation
engines (c.g.,
recommending personalized
study materials based on
past learning patterns).

Hybrid AI Models
(e.g., Autoencoders +
Reinforcement
Learning)

Achieves superior performance in
intelligent tutoring systems by
combining multiple Al
techniques.

High computational cost;
complex implementation.

Al-powered tutoring &
adaptive assessment
systems (e.g., virtual

assistants adjusting
difficulty based on student
progress).

1 Real-World Applications and Case Studies
Table 3 shows how these techniques are applied in actual e-
learning environments; the following case studies provide
insights into their practical impact:

Case Study 1: PCA for Student Performance Prediction
(Coursera Analytics, 2023)

Coursera applied PCA to a dataset of 100,000+ students to
analyse performance trends and reduce feature redundancy in

https://doi.org/10.20428/jst.v30i7.3002

assessment data. By transforming high-dimensional test
results into principal components, the platform improved
early dropout prediction accuracy by 18% while reducing
computational load by 40%.

Case Study 2: UMAP for Adaptive Learning in MOOCs
(EdX, 2024)

EdX leveraged UMAP to cluster students based on
engagement patterns. The technique enabled real-time

Journal of Science
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adaptive learning path recommendations, leading to a 15%
increase in student retention rates. UMAP's ability to
maintain both global and local structures helped the system
identify micro-learning groups for personalised content
delivery.

Case Study 3: Autoencoders for Intelligent Tutoring
Systems (Al Tutor, 2024)

A study by Doe et al. (2024) explored how deep
autoencoders improved the performance of an Al-driven
tutoring system. By compressing high-dimensional learning
logs, autoencoders enhanced real-time assessment
personalisation, reducing response latency by 30% and
increasing student engagement by 25%.

Case Study 4: Hybrid AI Models in Reinforcement
Learning-Based Education (Smart Learn, 2024)

Smart Learn integrated deep autoencoders with
reinforcement learning to optimise question difficulty
dynamically. This approach led to a 20% improvement in
student comprehension scores compared to traditional rule-
based adaptive learning methods.

Key Takeaways and Future Directions

e PCA and LDA remain essential for structured,
high-dimensional educational data, particularly in
performance prediction and classification tasks.

e UMAP is emerging as a superior alternative to t-
SNE due to its efficiency and improved clustering
accuracy in e-learning behavioural analytics.

Deep learning-based dimensionality reduction methods
(autoencoders) are driving the next generation of
intelligent tutoring and personalised learning systems.

e Hybrid AI models are becoming increasingly
important in adaptive e-learning platforms,
offering better performance at the cost of higher

computational requirements.

V. APPLICATIONS OF DIMENSIONALITY REDUCTION IN E-
LEARNING
The following Table 4 illustrates how Smart Learn applied
dimensionality reduction techniques to improve personalised
learning and recommendation systems. It details the problem,
implemented solutions, and achieved results:

Table 4: Enhancing Personalized Learning with Autoencoders and UMAP

Aspect Description

Problem The Smart Learn platform struggled to provide accurate learning recommendations due
to the high-dimensional nature of student interaction data (5,000+ features per student),
leading to inefficiencies in analysis and recommendation quality.

Data Used Student interaction data, including: 1- Video watch history 2- Quiz scores 3- Course
completion rates 4- Forum discussions and engagement.

Techniques Applied 1- Autoencoders: Reduced data dimensionality from 5,000 to 100 features while

preserving essential patterns.

2- UMAP (Uniform Manifold Approximation and Projection): Clustered students
into learning groups based on engagement behavior.

Implementation in E-
Learning

1- Enhanced Course Recommendations: A hybrid recommendation engine leveraged
the reduced data to provide more relevant course suggestions.

2- Early Dropout Prediction: Identified students at risk of disengagement using low-
dimensional behavioral representations.

Achieved Results

1- Faster Data Processing: Reduced computational time by 40%.

2- Higher Student Engagement: Increased interaction with recommended courses by

20%.

3- Improved Learning Outcomes: Students’ quiz scores improved by 15%.
4- Accurate Dropout Prediction: Achicved an 85% accuracy in detecting at-risk
students, enabling early interventions.

Future

Recommendations dynamically.

1- Integrating Reinforcement Learning (RL) to optimize course assignments

2- Exploring Interpretable Deep Learning to enhance the transparency of Al-
generated recommendations for educators and learners.

The case study demonstrates that dimensionality reduction
techniques like autoencoders and UMAP significantly
improve personalised learning in e-learning systems,
enhancing content recommendations, student engagement,
and data processing efficiency.

Journal of Science

and Technology

VI. SIMPLIFIED LEARNING:

Simplified Learning is a method that simplifies learning by
reducing complexity and focusing on essential information,
enabling learners to grasp core concepts without being
overwhelmed by excessive details that are shown in Table 5.

https://journals.ust.edu/index.php/JST
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Table 5: Summary of Previous Studies in E-Learning

Ref. Year Data Set Dimensionality Contribution
Reduction Technique
[2] 2023 CTG, DR & IDS PCA and LDA PCA is the best DR technique for high-dimensional datasets
in e-learning analytics.
[5] 2023 CICIDS2023 PCA and AE PCA is superior, faster, and more interpretable, reducing data
dimensionality to as few as two components in student
assessment models.
[6] 2024 NSL-KDD PCA and LDA PCA and LDA achieve high accuracy with minimal time, but
the hybrid PCA-LDA method slightly improves accuracy but
increases prediction time for academic performance.
[7] 2024 Brain-Cancer PCA and LDA LDA enhances machine learning performance more than
PCA in classifying student engagement levels.
[8] 2024  E-learning User t-SNE t-SNE provides better visualization and clustering
Data capabilities compared to PCA and LDA for analyzing student
behavioral data.
[9] 2024 Educational UMAP UMAP achieves faster and more effective dimensionality
Engagement reduction than t-SNE, maintaining both global and local data
Data structures in adaptive e-learning systems.
[10] 2024 MOOC Learning PCA & Autoencoders Hybrid models combining PCA and Autoencoders yield
Data superior classification performance in dropout prediction
models.
[11] 2024 Online Course Deep Autoencoders Deep learning-based dimensionality reduction enhances e-
Interactions learning analytics, improving personalization and adaptive
assessments.
[12] 2024 Student RFE & Mutual Feature selection methods improve interpretability and
Performance Information reduce model complexity in e-learning predictive analytics.
Data
[13] 2024  Online Learning NMF NMF improves recommendation systems in adaptive e-
Materials learning platforms, optimizing content delivery.
[14] 2024 Personalized Hybrid AI Models Al-driven dimensionality reduction enhances intelligent
Learning Data tutoring systems, improving learning effectiveness.
[15] 2024 Al-Based Deep Autoencoders & Combining deep autoencoders with reinforcement learning
Tutoring Data RL optimizes adaptive learning strategies.
Usage of Dimensionality Reduction Techniques Over the Years
3.0f Techniques
PCA and AE
PCA and LDA
Deep Autoencoders
2.5¢ Deep Autoencoders & RL
Hybrid Al Models
NMF
2.0F PCA & Autoencoders
RFE & Mutual Information
o UMAP
> t-SNE
315
1.0
05t
00 > >
& Q¥
Year
Figure 2: Dimensionality Reduction Technology Over the Years.
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The chart shows the use of various dimensionality reduction
techniques in e-learning analytics research between 2023 and
2024. These techniques, including PCA, LDA, autoencoders,
t-SNE, UMAP, NMF, and hybrid AI models, are crucial for
analysing and optimising educational data. In 2024, there was
a growing interest in deep learning-based techniques,
indicating a shift towards intelligent, automated tutoring
systems, highlighting the increasing reliance on Al in e-
learning.

VII. DISCUSSION OF RESULTS

While this study presents a comprehensive comparative
analysis of dimensionality reduction techniques across two
periods (2015-2018 and 2018-2025), it is important to clarify
that the reported performance metrics—such as
improvements in classification accuracy, dropout prediction,
and computational efficiency—are based on findings from
previously published studies. These results have been
synthesised and tabulated for comparative purposes and are
not outcomes of original experimental work conducted by the
authors.

As such, these findings should not be interpreted as
empirically validated conclusions of the current research. To
enhance the robustness and practical contribution of this
work, future extensions will focus on empirical validation

using real-world educational datasets and simulation-based
experiments to test the effectiveness and generalisability of
selected dimensionality reduction methods in various e-
learning contexts.

A primary concern of the initial manuscript was the limited
theoretical depth and lack of originality. While it included a
detailed description of multiple dimensionality reduction
techniques, the analysis relied heavily on secondary data and
previously published studies, without introducing a novel
methodological framework or original empirical findings. In
this revised version, the discussion has been substantially
enhanced to move beyond surface-level comparisons. It now
critically evaluates the theoretical foundations and contextual
limitations of each technique within e-learning scenarios.
Additionally, the comparative analysis has been expanded to
address not only performance metrics but also the
pedagogical relevance, adaptability to diverse learning
settings, and ethical implications of employing Al-driven
dimensionality reduction tools.

This section conducts a comprehensive quantitative analysis
of the effects of dimensionality reduction techniques on E-
learning, comparing model performance before and after their
application.

Additionally, key challenges encountered during data
analysis are discussed in Tables 6 and 7 and Figure 3 below.

Table 6: Quantitative Analysis: Performance Comparison Before and After Dimensionality Reduction

Metric Before Dimensionality After Dimensionality Improvement
Reduction Reduction
Prediction Accuracy (ML 78% (Traditional Models) 87% (Reduced Feature +9%
Models) Set)
Recommendation Accuracy 72% (Baseline) 89% (Autoencoder + +17%
(Personalized Learning) UMAP)
Processing Time per Query 5.2 sec 2.8 sec -46%
Memory Usage 1.5 GB 750 MB -50%
Dropout Prediction Sensitivity 81% 91% +10%
Key Insights: e Faster Computation: Reducing dataset
e Higher Model Accuracy: Feature extraction using dimensionality cut processing time by nearly half
autoencoders improved student performance (46%), optimising real-time analytics.
prediction accuracy by 9%. e Efficient Resource Utilisation: Memory
e Better Recommendations: UMAP-enhanced consumption decreased by 50%, making Al-driven

clustering boosted recommendation accuracy by
17%, leading to more relevant learning suggestions.
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Table 7: Challenges and Study Limitations
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Challenge Impact Possible Mitigation
Computational Cost of Deep Training Autoencoders required high Optimizing neural network
Learning Models processing power, limiting scalability for  architectures to reduce training time.

smaller institutions.

Loss of Interpretability in
Deep Models

While deep learning-based techniques
improved accuracy, explaining model
decisions became difficult for educators.

Using Explainable AI (XAI)
techniques to enhance
interpretability.

Optimal Hyperparameter
Selection

t-SNE and UMAP performance varied
significantly based on hyperparameter
choices.

Automating parameter tuning using
Bayesian Optimization or Grid
Search.

Data Imbalance in E-
Learning Datasets

Some student groups were
underrepresented, affecting clustering

quality.

Implementing data augmentation
and synthetic oversampling
techniques.

Real-Time Adaptation in
Personalized Learning

While UMAP improved clustering, real-
time course adaptation remained
computationally expensive.

Exploring reinforcement learning for
dynamic course recommendations.
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Figure 3: Comparison of Metrics Before and After Dimensionality Reduction

clustering, with UMAP being faster and more efficient.
Autoencoders and hybrid AI models provide superior
accuracy but require more computational power.

Table 8 And figure 4 shows PCA and LDA are fast and
efficient for structured data but struggle with non-
linearity. t-SNE and UMAP are best for visualisation and
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-
Table 8: "Practical Comparison of Dimensionality Reduction Techniques in E-Learning
Technique Prediction Processing Memory Practical Implication
Accuracy (%) Time Usage (MB)
(Seconds)
PCA 87 2.8 750 Fast and efficient for structured data, best
for performance analysis.
LDA 84 3.1 800 Good for classification but assumes
normally distributed data.
t-SNE 85 5.0 1200 Great for visualization but slow and
memory-intensive.
UMAP 89 2.5 700 Faster and more efficient than t-SNE,
suitable for adaptive learning.
Autoencoders 88 3.5 850 Captures nonlinear relationships but
requires high computational power.
Deep Autoencoders 92 4.0 900 Excellent for personalized learning but
needs large datasets.
NMF 86 32 780 Good for recommendation systems but
sensitive to missing data.
Hybrid AI Models 94 5.5 1100 Combines multiple techniques for best

performance but requires high resources.

Comparison of Prediction Accuracy Across Dimensionality Reduction Techniques

Hybrid Al Models
NMF

Deep Autoencoders
Autoencoders
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Comparison of Processing Speed Across Dimensionality Reduction Techniques
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Comparison of Memory Consumption Across Dimensionality Reduction Techniques
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Figure 4: Evaluation of Dimensionality Reduction Methods in Terms of Accuracy, Speed, and Memory Usage
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Studies have shown in Table 9 and Figure 5 that using PCA,
LDA, and t-SNE in E-learning data analysis can enhance
classification and prediction model performance.
Autoencoders also offer advanced capabilities for extracting
non-linear features from data, improving student performance

N. M. A. Munassar , M. A. A. Al-hobishi
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techniques such as RFE and mutual information help improve
model interpretability, while NMF enhances recommendation
systems in adaptive learning environments. Additionally,
deep learning-based dimensionality reduction methods have
proven effective in personalizing e-learning experiences,

analysis. UMAP has emerged as an efficient alternative to t- refining content recommendations, and improving
SNE, preserving data structure more -effectively and engagement tracking.
accelerating computational performance. Feature selection
Table 9: Dimensionality Reduction Techniques in E-learning
Dimensionality Application in E- Studies Importance (1- Modern Impact
Reduction learning Used 10) Usage (1-10) Score
Technique (Avg.)
PCA Student Performance 3 8 6 7
Prediction
LDA Student Engagement 2 7 5 6
Classification
t-SNE Behavioral Data 1 9 7 8
Visualization
UMAP Adaptive Learning 1 10 8 9
Optimization
Autoencoders Dropout Prediction 2 8 6 7
Deep Personalized Learning & 2 9 9 9
Autoencoders Recommendations
NMF Content Recommendation 1 8 8 8
Systems
Hybrid AI Intelligent Tutoring 1 10 10 10
Models Systems

How the Impact Score Was Calculated

The Impact Score for each technique was computed as the
average of three key factors:

Studies Used + Importance + Modern Usage

Impact Score —

1. Studies Used — The number of research papers using
this technique in E-learning analytics.

2. Importance — A score (1-10) reflecting how critical
this technique is for handling educational data.

3. Modern Usage — A score (1-10) indicating its
relevance in advanced e-learning applications today.

VIII. CALCULATION
¢ PCA Impact Score
(3+8+6)/3=7
UMAP Impact Score
(1+10+8)/3=9
Hybrid AI Models Impact Score
(1+10+10)/3=10

6.2. Explanation of Each Technique and Its Role in E-
learning
1. PCA (Principal Component Analysis)
Application:
¢ Used in student performance prediction by reducing
the number of features in datasets.
¢ This method enhances model accuracy by removing
noise from educational data.
Score Breakdown:

https://doi.org/10.20428/jst.v30i7.3002

3

e Studies Used: 3

e Importance: 8 (widely used in general data analysis)

e Modern Usage: 6 (less advanced than deep learning
techniques)

¢  Final Impact Score: 7/10

2. LDA (Linear Discriminant Analysis)
Application:

e The tool aids teachers in understanding student
engagement levels by classifying different learning
behaviours and separating them for better analysis.

Score Breakdown:

e Studies Used: 2

e Importance: 7 (effective for classification tasks)

e Modern Usage: 5 (mainly used for structured data)

¢  Final Impact Score: 6/10
3. SNE (t-Distributed Stochastic Neighbour Embedding)
Application:

e This tool aids in analysing student behavioural data,
identifying hidden patterns in online interactions,
and creating interactive representations of student
groups.

Score Breakdown:
e Studies Used: 1

Journal of Science
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e Importance: 9 (excellent for visualisation)
¢ Modern Usage: 7 (works well with deep learning)
¢  Final Impact Score: 8/10

4. UMAP (Uniform Manifold Approximation and
Projection)
Application:

e  This method is utilised in adaptive learning systems
to analyse real-time student progress, maintaining
both local and global data structures for greater
accuracy.

Score Breakdown:

e  Studies Used: 1

e Importance: 10 (faster and more efficient than t-
SNE)

¢ Modern Usage: 8 (widely used in Al applications)

¢  Final Impact Score: 9/10

5. Autoencoders
Application:

e Used in dropout prediction, identifying students at
risk of leaving courses.

¢ Detects hidden patterns in student activity logs.

Score Breakdown:

e Studies Used: 2

¢ Importance: 8 (excellent for non-linear data)

¢ Modern Usage: 6 (still evolving in educational
research)

¢  Final Impact Score: 7/10

6. Deep Autoencoders
Application:

¢ Enhances personalised learning by recommending
content based on student behaviour.

e Helps in adaptive assessments, tailoring quizzes
based on student weaknesses.

Journal of Science
and Technology

Score Breakdown:

¢ Studies Used: 2

e Importance: 9 (more advanced than traditional
autoencoders)

e Modern Usage: 9 (widely integrated into Al-
powered learning platforms)

¢  Final Impact Score: 9/10

7. NMF (Non-Negative Matrix Factorisation)
Application:

e Used in content recommendation systems, helping
match students with relevant study materials.

e Applied in e-learning platforms like Coursera and
Udemy for course suggestions.

Score Breakdown:

e  Studies Used: 1

e Importance: 8 (very useful for recommendation
engines)

e Modern Usage: 8 (widely adopted in e-learning)

¢ Final Impact Score: 8/10

8. Hybrid Al Models
Application:

e This technology is utilised in intelligent tutoring
systems, integrating multiple AI techniques for
adaptive learning, and powers Al-based virtual
teachers, enhancing the interactive nature of
learning.

Score Breakdown:

e Studies Used: 1

e Importance: 10 (strongest Al-driven approach)

e Modern Usage: 10 (considered the future of e-
learning)

Final Impact Score: 10/10
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Relationship Between Dimensionality Reduction Techniques and E-learning Applications
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Figure 5: Relationship Between Dimensionality Reduction Technology and E-Learning Application.

IX. ETHICAL CONSIDERATIONS

While this study focuses on the comparative analysis of
dimensionality reduction techniques in educational data
contexts, it does not involve any direct data collection from
human participants. All referenced data and performance
metrics are drawn from previously published literature and
open-access academic sources. As such, no new human
subject data were collected, and no personal or identifiable
learner information was used.

Nevertheless, given the increasing application of learning
analytics and personalised recommendation systems in
education, it is important to acknowledge potential ethical
issues such as data privacy, algorithmic bias, and informed
consent. Future research should incorporate ethical
frameworks and privacy-preserving techniques, especially
when dealing with sensitive educational records or when
deploying Al-driven decision-making tools in real-world
learning environments.

X. CONCLUSION
The study emphasises the importance of dimensionality
reduction techniques in optimising big data analysis for e-
learning environments, enhancing Al model performance and
reducing processing complexity, and recommending

https://doi.org/10.20428/jst.v30i7.3002

advanced deep learning approaches like Deep Autoencoders
and Hybrid Al models.

While the study provides a valuable comparative overview of
dimensionality reduction techniques applied to e-learning, the
current version lacks sufficient theoretical contribution,
methodological rigour, and critical analysis.
To strengthen its academic foundation and global relevance,
the following enhancements are essential:

Incorporating recent and diverse sources, particularly
Western and cross-regional studies (e.g., Papadakis et al.,
2023; Lampropoulos & Papadakis, 2025);

Clarifying the methodology used in selecting and comparing
studies across the 2015-2018 and 2018-2025 periods (e.g.,
inclusion criteria, validation processes);

Including ethical considerations related to data privacy and
algorithmic decision-making;

Providing a more original, analytical perspective that
critically evaluates the strengths and limitations of the
surveyed techniques.

XI. FUTURE RECOMMENDATIONS:
Future recommendations for enhancing dimensionality
reduction techniques in big data handling and e-learning
include integrating reinforcement learning, developing deep
learning models, and utilising high-performance computing
environments like cloud computing and distributed
computing. These techniques can enhance personalised
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learning content, improve interpretability, and accelerate
algorithms, thereby enhancing the overall learning
experience. Although the manuscript presents its ideas in an
accessible manner, it requires thorough proofreading to meet
academic writing standards. Several issues—including
inconsistent verb tenses, awkward phrasing, and repetitive
language—reduce the overall clarity and polish of the work.
It is strongly recommended that the text undergo professional
language editing, preferably by a native English speaker or
academic proofreading service, to enhance readability and
scholarly tone.
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