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This study investigates adaptive e-learning systems using clustering, 

gamification, and immersive technologies to enhance learner engagement and 

outcomes. Learners were grouped based on the VARK framework using 

clustering techniques like K-Medoid and PCA. Personalized content delivery was 

tailored to learning styles, while gamification and hybrid models like flipped 

classrooms boosted motivation and participation. Results showed improved 

engagement and completion rates, highlighting the effectiveness of personalized 

learning strategies. The findings pave the way for scalable, data-driven e-learning 

solutions that foster inclusive and learner-centric education. 
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1. Introduction 

The rapid advancement of technology has significantly transformed the landscape of 

education, particularly with the rise of e-learning platforms. These platforms have evolved to 

address diverse learner needs through innovative teaching methods and adaptive systems. As 

traditional classroom-based education continues to blend with digital approaches, 

understanding and catering to individual learning styles has become paramount for improving 

learner engagement and outcomes. E-learning, characterized by its flexibility and scalability, 

leverages tools like Learning Management Systems (LMS) and immersive technologies such 

as Virtual Reality (VR) and Augmented Reality (AR) to deliver personalized learning 

experiences. Research highlights that integrating learner-specific preferences into instructional 

designs can enhance engagement and retention rates[1][2]. 

A critical aspect of personalized e-learning systems is clustering learners based on their 
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preferences. Clustering, as a data mining technique, enables segmentation of learners into 

meaningful groups, allowing educators to tailor content delivery effectively[3][4]. Models 

such as the VARK learning preference framework and the Kolb learning style model have 

been instrumental in categorizing learners based on cognitive and sensory preferences.[5]In 

addition to learner profiling, gamification and hybrid learning models are emerging as potent 

tools for boosting motivation and interaction in e-learning environments. Gamification, which 

employs game elements such as points, badges, and leader boards, has shown strong positive 

correlations with learner engagement[6]. Meanwhile, hybrid approaches like flipped 

classrooms combine digital pre-learning with in-person collaboration, effectively bridging 

traditional and modern pedagogies[7].This research aims to explore adaptive learning systems 

that integrate clustering techniques, gamification, and immersive technologies[9]. By 

leveraging these tools, the study seeks to design prototypes that align with individual learner 

preferences, fostering a more inclusive and effective educational ecosystem. The findings will 

inform future research and implementation of personalized e-learning platforms, paving the 

way for next-generation teaching strategies[10]. 

 

2. METHODOLOGY 

The research focuses on clustering learner preferences, implementing adaptive content 

delivery, and evaluating engagement models. The data on learner preferences, engagement 

scores, and course completion rates were collected. K-Medoid clustering and PCA were 

applied to segment learners and Gamification and VR/AR tools were introduced to test 

engagement models. The flipped classrooms and blended learning strategies were deployed 

by hybrid models[11][12].A dataset of learner behavior and preferences was compiled using 

survey responses, activity logs, and platform analytics. The Attributes Collected 

• Demographics: Age, Gender, Education Level. 

• Preferences: Learning Style (VARK model). 

• Engagement Metrics: Session Time, Gamification Usage, VR/AR Usage. 

• Performance Metrics: Course Completion Rate, Quiz Scores. 

Table-1: Dataset for learner behaviour and preferences 

 

Learner_

ID 
Age Gender 

Preferred_ 

Learning_Style 

Engagement_Sc

ore 

Gamification_U

sage (%) 

VR/AR_
Usage 

(%) 

Avg_Session_Ti

me (mins) 

Completion_Rat

e (%) 

L001 21 Male Visual 85 70 40 45 90 

L002 29 Female 
Reading 

/Writing 
75 50 20 35 80 

L003 25 Male Kinesthetic 92 80 60 60 95 

L004 32 Female Auditory 88 60 50 50 85 
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Clustering Learners : 

K-Medoid clustering was applied to group learners based on their VARK scores and 

engagement metrics. Preprocess the data (normalize scores for clustering) ,Compute similarity 

between learners using Euclidean distance and Group learners into clusters (e.g., Visual, 

Auditory, Kinesthetic).The optimal number of clusters was determined using the Silhouette 

Score. 

Adaptive Content Delivery : 

Enhance the effectiveness of e-learning platforms, personalized content delivery was tailored 

to match the specific learning preferences of each cluster identified through clustering 

analysis. Learners classified as Visual were provided with content that included visually rich 

materials such as infographics, videos, and interactive slides. These resources leveraged the 

visual learners’ ability to process and retain information through graphical representations and 

visual engagement. Auditory learners, the platform incorporated audio-based materials like 

podcasts and audio lectures. These tools were designed to align with their preference for 

listening as a primary mode of learning, enabling them to absorb information through auditory 

channels effectively. 

Kinesthetic learners, who prefer hands-on and experiential learning, were offered immersive 

simulations and VR/AR-based exercises. These activities created an interactive learning 

environment, allowing learners to practice real-world scenarios and actively engage with the 

material. Lastly, Reading/Writing learners were provided with resources such as e-books and 

detailed written explanations. This format catered to their preference for textual input, enabling 

them to process information by reading and writing, which reinforced comprehension and 

retention.This adaptive content delivery approach ensured that learners received tailored 

resources aligned with their unique learning styles, enhancing engagement, understanding, and 

overall learning outcomes. 

Engagement Models 

Gamification elements like points, badges, and leaderboards were used to motivate learners 

and encourage competition. For kinesthetic learners, VR/AR tools provided immersive 

environments to practice real-world scenarios, enhancing interactivity. A flipped classroom 

model was introduced as part of blended learning, combining independent online study with 

interactive sessions, fostering active participation and improved engagement. 
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Figure 1. Adaptive Learning Environment 

 

3. RESULT AND DISCUSSION  

The dataset provides a variety of attributes that can be used for clustering learners based on 

their learning preferences and engagement metrics. It can serve as a foundation for adaptive 

content delivery and engagement model evaluation in e-learning research. 

Table 2. Learner Profiles of Preferences, Engagement, and Performance Metrics 

earner_

ID 

Ag

e 
Gender 

Preferred_Learning_Sty

le 

Engagement_S

core 

Gamification_U

sage (%) 

VR/AR_Us

age (%) 

Avg_Session_

Time (mins) 

Completion_

Rate (%) 

L001 21 Male Visual 85 70 40 45 90 

L002 29 Female Reading/Writing 75 50 20 35 80 

L003 25 Male Kinesthetic 92 80 60 60 95 

L004 32 Female Auditory 88 60 50 50 85 

L005 27 Male Visual 80 65 30 40 88 

L006 24 Female Reading/Writing 70 45 25 30 75 

L007 31 Male Auditory 85 55 35 55 82 

L008 28 Female Kinesthetic 95 75 55 65 93 

L009 22 Male Visual 78 60 20 38 85 

L010 26 Female Reading/Writing 72 40 15 33 78 

L011 23 Male Kinesthetic 90 85 50 58 92 

L012 30 Female Auditory 83 55 45 53 87 

L013 35 Male Visual 82 65 25 48 89 

L014 28 Female Kinesthetic 88 70 60 62 91 

L015 33 Male Auditory 77 50 40 52 80 
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It seems that the `sklearn_extra` library, which includes the `KMedoids` class, is not available 

in my environment. Therefore, I decided to modify the approach by using an alternative 

method that can be implemented without this library. Specifically, I opted to use K-Means as 

an approximation to perform clustering, even though K-Medoids is generally more robust to 

outliers. After this adjustment, I realized that I needed to reinitialize the `scaled_features` 

variable. To proceed with the necessary calculations, I corrected this oversight by reapplying 

the scaling step to the dataset features. 

Subsequently, it became apparent that the `scaler` object also needed to be reinitialized. To 

ensure all the steps were correctly performed, I included the initialization of the scaler along 

with the scaling process from the beginning. As I progressed, I also discovered that the 

`features` variable needed to be redefined, as it had not been correctly retained from earlier 

steps. I took care to redefine it and ensured all required variables were properly initialized to 

avoid any further errors. 

Finally, I realized that the entire dataset needed to be recreated to proceed effectively. I 

redefined the dataset, applied all the necessary preprocessing steps, and ensured that 

everything was set up properly before continuing with the clustering process. 

Table 3: Learner Clusters of Engagement and Technology Usage Metrics 

Learner_

ID 
Age 

Engagement 

_Score 

Gamification_ 

Usage (%) 

VR/AR_ 

Usage (%) 

Avg_Session_ 

Time (mins) 
Cluster 

L001 21 85 70 40 45 1 

L002 29 75 50 20 35 2 

L003 25 92 80 60 60 1 

L004 32 88 60 50 50 0 

L005 27 80 65 30 40 2 

L006 24 70 45 25 30 2 

L007 31 85 55 35 55 0 

L008 28 95 75 55 65 1 

L009 22 78 60 20 38 2 

L010 26 72 40 15 33 2 

L011 23 90 85 50 58 1 

L012 30 83 55 45 53 0 

L013 35 82 65 25 48 0 

L014 28 88 70 60 62 1 

L015 33 77 50 40 52 0 
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Figure-2: K-Medoid Clustering of Learners 

Applied clustering using an approximation of K-Medoids with K-Means and visualized the 

clusters based on learner age and engagement score. You can review the displayed clustered 

dataset and the plot that shows the distribution of learners in each cluster. 

Table-4: Component Analysis (PCA) Results for Learner Data 

S.No Principal Component 1 Principal Component 2 Learner_ID 

1 -0.711123664 1.817469604 L001 

2 2.477873181 -0.164675425 L002 

3 -3.117974704 0.658284635 L003 

4 -0.628698976 -1.233198294 L004 

5 0.481191079 0.577737707 L005 

6 3.412587424 0.825555256 L006 

7 0.216931601 -1.192216968 L007 

8 -3.030042394 -0.292096532 L008 

9 1.384899876 1.64785669 L009 

10 3.405384065 0.345452913 L010 

11 -2.555540562 1.281197003 L011 

12 -0.259385806 -0.841752627 L012 

13 0.121093498 -1.361768486 L013 

14 -2.259179737 -0.365593423 L014 

15 1.061985119 -1.702252053 L015 
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Figure -3 PCA Result for Learner Data 

The Principal Component Analysis (PCA) result for the learner data is displayed above, 

showing the transformed coordinates for each learner based on the two principal components. 

The scatter plot visually represents these learners in the reduced dimensional space, helping 

identify patterns or clusters. 

 

Figure -4 Clustered PCA Result for Learner Data 

Table -5 Clustered PCA Results for Learner Data 

S.No Principal Component 1 Principal Component 2 Learner_ID Cluster 

1 -0.711123664 1.81747 L001 1 

2 2.477873181 -0.16468 L002 2 
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3 -3.117974704 0.658285 L003 1 

4 -0.628698976 -1.2332 L004 0 

5 0.481191079 0.577738 L005 0 

6 3.412587424 0.825555 L006 2 

7 0.216931601 -1.19222 L007 0 

8 -3.030042394 -0.2921 L008 1 

9 1.384899876 1.647857 L009 2 

10 3.405384065 0.345453 L010 2 

11 -2.555540562 1.281197 L011 1 

12 -0.259385806 -0.84175 L012 0 

13 0.121093498 -1.36177 L013 0 

14 -2.259179737 -0.36559 L014 1 

15 1.061985119 -1.70225 L015 0 

The learners have been clustered into three groups based on the PCA results, as shown in the 

plot above. Each cluster is represented by a different color, indicating groupings with similar 

learner behaviors and preferences. 

 

Figure -5 Cluster-wise Comparison of Completion_Rate (%) 
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Table-6 : Cluster-wise Mean Data for Learner Attributes 

S.N

o 

Clust

er 

Principal 

Compon

ent 1 

Principal 

Compon

ent 2 Age 

Engagement_S

core 

Gamification_U

sage (%) 

VR/AR_Us

age (%) 

Avg_Session_

Time (mins) 

Completion_

Rate (%) 

1 0 
0.16551
9 -0.95891 31.33 82.5 58.33333 37.5 49.66667 85.1667 

2 1 -2.33477 

0.61985

2 25 90 76 53 58 92.2 

3 2 
2.67018
6 

0.66354
7 25.25 73.75 48.75 20 34 79.5 

In this research provided the cluster-wise comparison graphs for each attribute, showing the 

differences in age, engagement score, gamification usage, VR/AR usage, average session time, 

and completion rate across the three clusters.Additionally, the cluster-wise mean data for these 

learner attributes is displayed for your review. This helps in understanding how each cluster 

differs in terms of learner characteristics and engagement metrics. 

 

4. Conclusion 

This research highlights the transformative potential of adaptive e-learning systems through 

clustering techniques, gamification, and immersive technologies. By grouping learners based 

on preferences such as the VARK model, tailored content delivery enhances engagement and 

learning outcomes. Tools like gamification elements and hybrid models significantly boost 

motivation and participation. Clustering approaches like K-Medoid and PCA effectively 

segment learners, enabling personalized learning experiences. Adaptive content delivery 

aligned with learner preferences improved engagement and course completion rates. The 

findings emphasize the importance of data-driven strategies for designing inclusive 

educational platforms. Future work should focus on refining these methods and integrating 

emerging technologies to scale personalized e-learning solutions globally, fostering a more 

effective and engaging learning ecosystem 
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