)
Recent Research Reviews Journal (ISSN: 2583-7079)
https://irojournals.com/rrrj Recent Research Reviews

Smart Education for Slow and Fast

Learners: An Adaptive Learning Approach

Priya Upadhyay', Shruti Lashkari?, Raj Mishra?, Nisha Rathi?,
Rishikesh Pawar®, Ashwinee Gadwal®

Department of Computer Science & Information Technology (CSIT), Acropolis Institute of Technology

& Research, Indore, India.
E-mail: 'upriya232@gmail.com, %shrutilashkari@acropolis.in, 3mrrajmishra573@gmail.com, “nisharathi@acropolis.in,

Sspawar5501@gmail.com, ®ashwineegadwal@acropolis.in

Abstract

This study examines personalized learning within smart education to address the
diverse needs of both fast and slow learners. Traditional teaching methods frequently neglect
individual learning styles, resulting in disengagement and unequal academic performance. In
this study, we provide customized learning materials and support to participants. Following a
preliminary quiz that categorizes learners into distinct groups, personalized YouTube video
tutorials are made available. Continuous internal assessments monitor progress, ensuring that
learners receive the necessary support. A comprehensive course test concludes the evaluation
process. Our analysis reveals significant performance disparities between slow and fast
learners, highlighting the effectiveness of personalized learning in smart education. Slow
learners demonstrate improved comprehension and retention, while fast learners excel with
more challenging content. This underscores the importance of tailoring educational approaches
to meet diverse learner needs, thereby promoting equitable learning outcomes in smart

education environments.

Keywords: Smart Education, Slow Learners, Fast Learners, Prerequisite Quiz, YouTube

Tutorials, Personalized Education, Educational Assessment.

Recent Research Reviews Journal, June 2025, Volume 4, Issue 1, Pages 108-119
DOI: https://doi.org/10.36548/rr1j.2025.1.007 108

© 2025 Inventive Research Organization. This is an open access article under the Creative Commons Attribution-Non-commercial International (CC BY-NC 4.0) License



Smart Education for Slow and Fast Learners: An Adaptive Learning Approach

1. Introduction

In this study, we aim to investigate the efficacy of personalized learning, particularly
within the context of smart education, to address the diverse learning needs of both fast-paced
and slower-paced learners. The educational landscape presents significant challenges due to
the varying learning paces of students. Fast learners, who quickly grasp concepts, often become
disengaged in traditional classrooms, while slower learners, who require additional time to
absorb information, may feel overwhelmed. This disparity perpetuates academic inequalities
and exacerbates the achievement gap, as conventional teaching models struggle to

accommodate these diverse needs.

To address these challenges, we focus on adaptive learning, a personalized approach
that modifies instruction based on each student’s unique needs and progress. In our study,
adaptive learning is central to tailoring learning experiences for students in smart education
environments. By offering personalized materials, individualized support, and continuous
assessment mechanisms, adaptive learning ensures that each student progresses at their own
pace and level. This approach promotes fairness, engagement, and achievement by customizing

instruction to maximize student success.

Through this exploration, we seek to clarify the transformative potential of personalized
learning approaches in promoting equitable learning outcomes and enhancing student

engagement and achievement.

2. Related Work

In this literature review, we examine the concept of smart education tailored to
accommodate both slow and fast learners. Through an analysis of multiple related research
papers obtained from online portals, we present a concise summary of key findings and
insights. Our review highlights the importance of adaptive learning technologies in addressing
the individual needs of diverse learners, paving the way for a more inclusive and effective

educational environment.

The study [1] delves into the characteristics of running services in e-learning systems
for SMART education, aiming to identify common features. SMART education, a new system
in Korea, encourages learner participation, self-directed learning, and competence
development. The government, leveraging technology and pedagogical theories, seeks to
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transition to SMART education, emphasizing learner autonomy. Comparisons and analyses of
four digital content distribution services form the crux of the study, informing suggestions for
creating a conducive smart learning environment. Supported by the Ministry of Education, the
research underscores Korea's interest in refining e-learning environments and testing various
distribution methods. Notably, the SMART Education Development Strategy envisions

learner-centric environments, while ongoing initiatives prioritize usability and relevance.

The document [5] explores adaptive learning technologies in secondary mathematics
education, utilizing an Intelligent Tutoring System (ITS) to personalize instruction based on
students' interests. It reviews literature on interest-based interventions, emphasizing the
importance of contextualized instruction for enhancing engagement and learning outcomes.
Methodologically, it analyzes student interactions with the Cognitive Tutor Algebra software,
employing multilevel models to assess the impact of context personalization on performance
measures. Results indicate positive effects of personalization, particularly for struggling

students and challenging tasks.

The study [3] introduces an adaptive learning model for smart classrooms, aiming to
personalize the learning experience for individual students. This model integrates various
parameters such as motivation, prior knowledge, and environmental factors to tailor learning
strategies to each student's needs. Through assessment tests, it was found that students in the
experimental group using the adaptive learning model outperformed those in traditional
learning settings. The model employs an algorithm to assign students to specific learning
categories based on their personalization parameters. In these categories, specific learning
strategies are selected to optimize the learning process and improve educational outcomes. The
effectiveness of this personalized approach is demonstrated by the formula used to calculate
the learning category, incorporating motivation, prior knowledge, cognitive load, and
environmental parameters. Overall, the adaptive learning model offers a promising pathway to
enhance educational outcomes in smart classrooms through personalized approaches tailored

to individual student needs.

The paper [4] proposes an innovative approach to education by integrating knowledge
graphs and learning paths to create a personalized teaching assistant tool for students. This
method targets the challenge of identifying and bridging knowledge gaps, thereby enhancing

learning environments. Knowledge graphs are utilized to provide a semantic representation of

Recent Research Reviews Journal, June 2025, Volume 4, Issue 1 110



Smart Education for Slow and Fast Learners: An Adaptive Learning Approach

knowledge within a domain, linking different topics and prerequisite relationships to offer a
comprehensive overview. Learning paths are defined to guide students through their
educational journey, focusing on deep understanding and creating an abstract model of a graph
representation for individual educational domains. The adaptive learning recommendation
system leverages knowledge graphs to implement learning paths and track learners' knowledge
gaps, recommending topics based on directed links and identifying weaknesses. An algorithm
is introduced, representing knowledge nodes as learning outcomes from a learner-centric
perspective, aiming for high scalability and reproducibility. Overall, the integration of
knowledge graphs, learning paths, and assessment classifications in a smart learning
environment shows promise for enhancing educational experiences, improving student
outcomes, and providing valuable insights for educators and educational technology

companies.

The document [6] explores emerging technologies like Al, VR, robotics, and machine
learning in smart education, aiming to enhance teaching, learning, and collaboration. It
emphasizes personalized, adaptive learning experiences to improve education quality and
lifelong learning. Additionally, it discusses the importance of service-oriented technology in
higher education. In addressing the needs of fast and slow learners, the document advocates for
adaptive, personalized, and blended learning approaches. Adaptive learning customizes lessons
based on real-time data analysis, while personalized learning tailors’ content to individual
abilities. Blended learning combines various methods to accommodate diverse learning styles.
Continuous learning ensures ongoing skill development, while interactive learning engages
learners actively. Customized learning delivers localized content to meet individual needs.
These approaches collectively promote inclusive education in smart environments, catering to

the diverse needs of all learners.

The search [2] results yield a plethora of articles and papers elucidating self-regulated
learning (SRL) and its measurement in computer-based learning environments. Noteworthy
mentions encompass seminal works such as Zimmerman and Hadwin's "Studying as Self-
Regulated Learning" and Schraw's "Measuring Self-Regulation in Computer-Based Learning
Environments." Additionally, studies like [7] meta-analysis underscore the effectiveness of
self-regulation-based interventions, offering valuable insights into enhancing learning
outcomes. Complementing SRL discussions are references to machine learning techniques,

including Scikit-Learn and XGBoost, underscoring the interdisciplinary nature of smart
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education research. In tandem, approaches to address the needs of both fast and slow learners
are eclucidated [8]. Notable strategies include leveraging individualized student insights,
employing frameworks like SMART to characterize learning operations, and advocating for

real-time feedback mechanisms to dynamically adapt instruction.

3. Proposed Work

In this research, we propose a personalized learning approach under the framework of
smart education to cater to the learning needs of both slow and fast learners. The primary
objective is to optimize educational outcomes by providing tailored learning content to students
based on their learning pace and comprehension capacity. Our approach includes an adaptive

learning methodology and a proficiency assessment algorithm to track and categorize students.
3.1 Methodology

The proposed methodology involves the implementation of an adaptive learning system
that dynamically personalizes educational content according to the learning capabilities of

students. Figure 1 shows the proposed methodology.

The adaptive learning approach here is based on a systematic, decision-making process
that is meant to categorize and teach the learners according to their ability. The process begins
with a prerequisite test that is made up of randomly chosen questions meant to assess the
student's basic knowledge. The result on this test dictates the learner's category: Slow Learner
and Fast Learner. After being categorized, each student is assigned specialized video material
according to their learning speed. Slow learners are given material that is simplified and basic,
while fast learners are given advanced, difficult material to correspond with their enhanced

cognitive understanding.

Upon consumption of content, both groups then move into a stage of multiple internal
assignments. These assignments are meant to consolidate learning and track progress. Results
from these assignments play a significant role in preparing the learners for the final test, which
assesses their comprehensive knowledge of the course material. Upon completion of the final
test, quick learners are certified and permitted to leave the course directly. Slow learners receive
an evaluation determination based on test results. If they pass the threshold, they are certified

and also permitted to leave. If they fail, they are directed to an enhanced learning route offering
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more assistance or other resources, and may retake the test or move on to a subsequent related

course.

This flexible and iterative strategy guarantees that each student is engaged at his or her

appropriate level, which fosters fair learning experiences and optimizes retention and

achievement.
Random Questions for
Prefequisite Test
|
X
Prefeguisiie
Test
3
Ewaluate
Test
A
v egory T
Slow Learmner -
T
Watch Specialized Watch Specialized
Wideo for Slow Learner Wideo for Fast Learner
Multiple Internal
Assignments for
Slow Learner
P
Final Test For -L
Slow Learner
Final Test For
Fasi Leamer
Adwvance Learning path
Upcoming Certifiy and Exit Certifiy and Exi
Y an ertifiy and Exit
Courss Course Course

Figure 1. Flowchart of the Methodology
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3.2 Assessment Instrument and Process

Videos, tests, and engagement data were all delivered via a specially designed web
interface. A timed recall test was used to calculate the retention rate immediately after the
content was delivered. Ten multiple-choice questions, verified by subject matter experts,
comprised the assessments. A Python-based analytics engine was used to process the user
interaction data, which was stored in a secure cloud database. To ensure consistency, the
proficiency levels (Weak, Moderate, and Bright) were then compared to manually labeled

categories
3.3 Algorithm: Personalized Learning Proficiency Assessment

The Personalized Learning Proficiency Assessment Algorithm (PLPA) is designed to
evaluate and categorize student proficiency levels based on engagement, retention, and

assessment scores. The steps involved are as follows:
Input Parameters:

a: Percentage of video watched

b: Retention rate (Low, Moderate, High)

c: Assessment score (Low, Moderate, High)

Procedure:

Categorize Video Length:

If a <33% — Short

I£33% <a<66% — Medium

Ifa>66% — Long

Categorize Retention Rate:

Ifb <50% — Low Retention

I£ 50% < b < 75% — Moderate Retention
If b > 75% — High Retention

Categorize Assessment Score:

If ¢ <50% — Low Score
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If 50% < ¢ < 75% — Moderate Score

If ¢ > 75% — High Score

Assign Weights:

For Video Length: Short=1, Medium=2, Long=3
For Retention Rate: Low=1, Moderate=2, High=3
For Assessment Score: Low=1, Moderate=2, High=3
Calculate Weighted Score:

The proficiency score is calculated using the weighted formula:

(hxe)+(ixf)+(xg)
0= —
h+i+j

Where:

o: Final proficiency score

h, 1, j: Weights for each factor

e, f, g: Scores for video length, retention rate, and assessment score
Classify Proficiency Level:

If o falls in the lowest quartile — Weak Learner

If o falls in the middle quartile — Moderate Learner

If o falls in the highest quartile — Bright Learner

Output:

The final proficiency score is then used to provide a personalized learning path to each

student based on their performance.

4. Results and Discussion
4.1 Procedure for Validation and Testing

A dataset of 100 students, split into fast and slow learners according to the results of
the initial prerequisite quiz, was used to test the system. Metrics like assessment score, retention
rate, and engagement (video watch percentage) were used to gauge performance. To lessen
variability, we averaged the results of five evaluation rounds across various modules. By
comparing system predictions with manual expert classification, the detection of learning type

was verified, and a 92% accuracy rate was attained.
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We performed A/B testing on two groups, one receiving static content and the other
receiving personalized content, in order to optimize content delivery. Personalized learning
paths resulted in a 15% increase in final assessment scores and a 23% increase in average
retention rates. The results of this study provide valuable insights into the effectiveness of
adaptive learning strategies in addressing the diverse needs of learners within smart education
environments. Through a comprehensive analysis of learner types, we have identified distinct

characteristics and learning preferences associated with slow and fast learners.

We employed the Personalized Learning Proficiency Assessment algorithm to evaluate
the proficiency levels of students based on their engagement with learning materials and
assessment performance. Out of the 100 students assessed, we selected 20 students exhibiting
characteristics of slow learners and 20 students demonstrating traits of fast learners for further

analysis.
4.2 Slow Learner Profile

Among the selected 20 slow learners the majority displayed lower percentages of video
watched (typically below 50%) and retention rates categorized as low or moderate.
Additionally, assessment scores tended to fall within the low to moderate range. For example,
a student with a retention rate of 45%, having watched 30% of the video content, and achieving

an assessment score of 55% would be classified as a slow learner.

10 /

Marks

1]

Assessment! Assessmentl Assessment3 Assessmentd Assessmemd Assessments

Figure 2. Academic Performance of a Slow Learner
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Figure 2 illustrates the academic progress of a slow learner across multiple assessments.
The graph depicts the student's assessment scores over time, indicating a gradual improvement
in performance. Initially, the scores are lower, suggesting challenges in comprehension or
retention. However, as time progresses, there is a noticeable upward trend in the scores,
reflecting the student's increasing understanding and proficiency in the subject matter. This
graphical representation underscores the potential for improvement among slow learners

through personalized learning interventions and targeted support.
4.3 Fast Learner Profile

In contrast, the group of 20 fast learners had higher levels of engagement with learning
materials, often completing over 50% of the video content. Retention rates were predominantly
categorized as moderate to high, indicating a strong grasp of the material. Assessment scores
tended to be in the moderate to high range. For instance, a student with a retention rate of 70%,
who had watched 60% of the video content and achieved an assessment score of 80%, would

be classified as a fast learner.

These profiles highlight distinct patterns in engagement and performance between slow
and fast learners, demonstrating the efficacy of the Personalized Learning Proficiency

Assessment algorithm in identifying individual learning characteristics.

Marks

Assessmentl Assessment2 Assessmentd Assessmentd Assessments Assessmentd

Figure 3. Academic Performance of a Fast Learner
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Figure 3 illustrates the academic trajectory of a fast learner across multiple assessments.
The graph presents the assessment scores of the fast learner over time, showcasing consistently
high performance across various evaluations. In contrast to slow learners, the scores for fast
learners remain elevated from the outset, indicating a strong understanding of the subject matter
and efficient learning capabilities. This graphical representation highlights the proficiency and
rapid learning pace exhibited by fast learners, suggesting the effectiveness of personalized

learning approaches in addressing their advanced academic needs.

5. Limitations

Despite the significant potential of the adaptive system, several issues have been
identified. Firstly, precise classification is heavily reliant on initial test results, which may not
accurately reflect a learner's true capabilities due to factors such as anxiety or other contextual
influences. Secondly, recall tests employed to assess retention rates may introduce bias.
Thirdly, the system's functionality is limited in low-connectivity environments due to its
dependence on internet access and user commitment. Lastly, real-time feedback loops, which
could further enhance learner support, have not yet been integrated into the personalized video

recommendation system

6. Conclusion

This study examined the efficacy of personalized learning approaches in addressing the
diverse educational needs of students within smart education environments. Key findings
indicate significant performance disparities between fast and slow learners, underscoring the
effectiveness of customized learning materials and support in fostering equitable learning
outcomes. Slow learners exhibited improved comprehension and retention, while fast learners
thrived with advanced content designed to challenge them, emphasizing the necessity of
adapting educational strategies to individual learner profiles. These findings carry important

implications for future research and practical applications in educational settings.

Despite certain limitations, the current model provides a robust foundation for further
development. Future research on adaptive learning systems represents a crucial advancement
towards personalized education, with opportunities for additional enhancements. Potential

future developments could encompass the integration of artificial intelligence (Al) and machine
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learning (ML), natural language processing, multilingual content delivery, gamification, virtual

tutoring, and compatibility with Learning Management Systems. The model may also

incorporate intermediate learner categories and dynamic reclassification. Large-scale

implementation and real-world validation will be essential for refining the algorithm and

tailoring the system to meet specific learning needs.
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