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Abstract

Traditional learning methodologies often fall short of accommodating diverse
learner needs and adapting dynamically to individual learning paces and
styles. This limitation underscores the growing need for personalized learn-
ing, which has the potential to significantly improve learning outcomes, foster
deeper engagement, and enhance learner motivation. This study introduces a
novel personalized recommendation framework (PRF) that leverages large
language models (LLMs) and chain-of-thought (CoT) prompting techniques
to advance personalized learning. Specifically, it proposes a strategic person-
alization framework that addresses learner heterogeneity by incorporating
both preference-based and performance-based features. CoT prompting is
integrated to simulate human-like sequential reasoning in LLMs, thereby
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improving the framework’s adaptability and effectiveness. A case study
was conducted in a computer programming course, a domain that requires
both conceptual understanding and practical problem-solving, to evaluate
the proposed framework. The assessment involved 15 expert reviewers who
examined the framework’s effectiveness and overall satisfaction. Experi-
mental results showed that the proposed PRF generated recommendations
perceived as significantly more satisfactory than those produced by the non-
PRF system (M = 4.50 + 0.30 vs. 3.73 £ 0.21, p < 0.001). In addition,
the experts strongly agreed that the framework effectively identified students
in urgent need of support, provided timely recommendations, and delivered
personalized learning experiences aligned with individual learner needs.

Keywords: Recommendation system, personalized learning, chain-of-
thought prompting, large language model.

1 Introduction

Personalized learning is a key component of modern education that tailors the
learning process to the requirements, abilities, and interests of each student. A
personalized recommendation system enables educators to offer customized
learning trajectories, thereby enhancing student engagement, motivation, and
overall outcomes. Such systems have become essential in contemporary
education because students possess distinct learning styles and skill levels,
and traditional teaching approaches are insufficient to address their diverse
needs. More specifically, personalized learning aims to deliver educational
experiences that meet individual needs and improve learning performance.
In recent years, personalized learning has evolved through the integration
of artificial intelligence (AI), which can analyze large datasets [1], predict
learner preferences [2], and provide tailored resources and experiences [3].
Al-powered recommendation systems have significantly improved adaptive
learning across disciplines. The evolution from basic Al-driven recommen-
dation systems [4] to advanced models of knowledge diffusion [5] has
accelerated the development of modern e-learning ecosystems [6—8].
Currently, large language models (LLMs) represent a major advancement
in natural language processing. These Al models are capable of text recogni-
tion, generation, and a wide range of other tasks. LLMs employ deep learning
techniques to generate human-like text and engage in meaningful dialogue,
making them valuable tools for various educational applications. Prompting
techniques are used to create input requests that guide LL.Ms toward desired
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outputs. One such technique is chain-of-thought (CoT) prompting [9], which
encourages LL.Ms to perform complex reasoning through intermediate steps.
Similar to human cognitive processes, CoT breaks a larger task or problem
into smaller sub-tasks and then connects these steps into a logical sequence.
Recently, several CoT-based methods have been made publicly available,
including Google Gemini [10] and Meta’s large language model (Meta
Al [11].

Recent advancements in LLMs have significantly enhanced the capabil-
ities of Al-driven educational systems, enabling more nuanced and context-
aware learner interactions. A key innovation in this area is the application
of CoT prompting, which guides LL.Ms to produce structured, step-by-step
reasoning processes. While CoT prompting improves LLM performance in
tasks such as arithmetic and common-sense reasoning by making reasoning
processes more transparent, it often relies on rigid, human-annotated reason-
ing chains. This dependence presents challenges for real-world applications
where labeled data are scarce or unavailable [12, 13]. Furthermore, LLMs
with CoT prompting have been effectively employed in task-specific rec-
ommendation systems [14], particularly in computational thinking-oriented
learning [15, 16]. However, there is currently no online learning frame-
work that leverages LLMs and CoT prompting specifically for personalized
learning, particularly for diverse learners with varying learning styles.

Existing Al-driven learning platforms primarily focus on adaptive content
delivery or recommendation mechanisms but lack features that explicitly
guide reasoning processes aligned with learners’ individual learning path-
ways. Additionally, most current solutions fail to integrate multimodal
learning preferences (such as visual, auditory, and kinesthetic) and related
behaviors into their reasoning models, resulting in limited inclusivity for
diverse learner populations. While LLMs exhibit strong general reasoning
capabilities, there is limited evidence of their systematic application in struc-
tured personalized education frameworks that combine CoT prompting with
established pedagogical theories. This research gap highlights the novelty
and necessity of developing such a framework. This study contributes to
the field by demonstrating how CoT prompting can be effectively utilized to
generate individualized learning recommendations that are not only tailored
to learners’ performance and preferences but also supported by transparent
reasoning paths. Unlike traditional black-box recommendation algorithms,
CoT-based responses provide interpretable justifications that enhance learner
understanding and self-regulation. By dynamically adapting explanations and
recommendations to each learner’s unique profile, the proposed approach
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improves both the personalization and pedagogical value of Al-generated
feedback. This contribution addresses a critical limitation in existing person-
alized learning systems and establishes a foundation for more explainable and
learner-centered intelligent tutoring frameworks.

This study focuses on developing a personalized learning recommen-
dation framework that leverages LLMs and CoT prompting to enhance
individualized learning experiences. The framework is specifically applied
to computer programming courses, which inherently require both conceptual
understanding and practical problem-solving skills. The diversity of learning
needs and varying levels of student proficiency make this context suitable for
evaluating the effectiveness of a personalized learning approach. To achieve
personalization, the proposed strategy incorporates both preference-based
and performance-based features, enabling the LLM and CoT mechanisms to
generate learner-specific recommendations. The effectiveness of the proposed
framework was assessed through expert evaluations conducted within a com-
puter programming course setting to validate its performance and practical
relevance.

2 Related Works

This section reviews previous studies that provide the conceptual foundation
for the proposed framework.

2.1 Personalized Recommendation Systems

Personalized recommendation systems are educational technologies designed
to tailor learning experiences to individual students’ characteristics, interests,
and needs. These systems optimize resource utilization, enhance engagement,
and improve learning outcomes while fostering motivation and sustained
progress [17]. In general, such systems consist of two primary components:
learner modeling or classification, and the recommendation module [18].
Learner modeling evaluates student performance and characterizes learner
attributes, whereas the recommendation module identifies suitable materials,
activities, or learning pathways to strengthen understanding and engage-
ment [19]. Learner modeling plays a crucial role in personalized recommen-
dation systems, as it helps identify the unique traits and requirements of each
student [20]. It is also fundamental to understanding differences in learning
styles, pacing, and preferences [21]. Typically, learner models employ data-
driven methods to build dynamic student profiles that capture aptitudes,
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learning preferences, strengths, weaknesses, and progress across subjects.
These models analyze a variety of data, including performance results, behav-
ioral patterns, demographics, and even biometric indicators [22]. Algorithms
such as collaborative filtering [23], matrix factorization [24], deep learn-
ing [25], and reinforcement learning [26] are commonly applied to extract
actionable insights from this data. Advancements in learner modeling have
led to the development of intelligent tutoring systems such as Cognitive Tutor
and AutoTutor [27]. More recent efforts incorporate affective computing —
such as emotion recognition and sentiment analysis — to account for the
emotional dimensions of learning [28]. These developments underscore the
ongoing need to refine learner models for more effective, adaptive, and
individualized educational experiences.

Personalized learning recommendation systems utilize various features
such as learner profiles (e.g., learning style, competency level) [29], con-
tent attributes (e.g., topic, format, difficulty) [30], historical interactions
(e.g., resource usage, ratings) [31], and contextual data (e.g., time of day,
location) [32]. These systems are typically categorized into four main
types: content-based, collaborative filtering, hybrid, and deep learning-based
approaches [33]. Content-based systems match learning resources to a
learner’s preferences. For example, a student interested in mathematics may
receive related videos, exercises, or quizzes [34, 35]. Collaborative filtering
systems, in contrast, draw on group behavior patterns to suggest learning
materials [36], often using data such as user ratings and reviews [37]. Hybrid
systems integrate both content-based and collaborative filtering methods,
resulting in more accurate and diverse recommendations [38, 39]. Deep
learning-based approaches can model complex relationships between learners
and resources [40], but they still face challenges in adapting to individual
learning needs, styles, and pacing due to technological constraints and limited
interpretability.

2.2 Large Language Models (LLMs)

LLMs employ deep learning techniques to generate text that closely mimics
human language [41]. Trained on massive datasets, these models can respond
to diverse inputs with natural articulation, often relying on transformer-based
neural network architectures for advanced natural language generation [42].
LLMs have demonstrated remarkable versatility across a wide range of tasks,
including natural language processing and creative content generation, with
their success largely attributed to sophisticated algorithms and extensive
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training data [43]. These models can be grouped by function, such as chatbots
designed for conversational interaction, and content generation systems that
produce written material like stories, essays, or reports [44, 45]. Another
category includes language translation models trained on parallel corpora
to convert text between languages. Recent studies have underscored the
potential of LLMs in education, particularly in supporting language learning
and adult education. They facilitate rapid content generation and personalized
learning materials, although human oversight remains crucial to maintain
quality and reliability [46]. While the integration of LLMs represents a
significant advancement in personalized learning, several challenges per-
sist, including implementation complexity and the difficulty of capturing
the nuances of human language in complex learning contexts [47, 48].
These findings highlight both the promise and the limitations of LLMs as
transformative tools in modern educational practice.

2.3 Chain-of-thought (CoT) Prompting

CoT prompting enhances the reasoning capabilities of LLMs by generat-
ing intermediate steps that simulate human thought processes for complex
problem-solving. This reasoning behavior naturally emerges in large-scale
LLMs when they are exposed to examples of CoT-based reasoning. Unlike
standard prompts, which typically present only a question and a final answer,
CoT prompting provides a logical sequence of reasoning steps leading to the
conclusion. This structured approach improves problem-solving accuracy in
areas such as arithmetic, commonsense reasoning, and symbolic reasoning
by offering greater transparency into the model’s decision-making process.
CoT prompting has emerged as a key technique for guiding LLMs toward
coherent and contextually relevant interactions that more closely resemble
human reasoning [49]. By structuring inputs in a logical and progressive
manner, it enhances both the accuracy and context-awareness of model
outputs [50]. Recent research continues to investigate the nuances of CoT’s
effectiveness [51]. For instance, the program of thoughts method separates
computation from reasoning through the use of external interpreters, further
improving performance in numerical reasoning tasks — particularly in zero-
shot scenarios — and outperforming traditional CoT methods [52]. In this
study, a novel framework is proposed that integrates LLMs with CoT prompt-
ing to advance personalized learning systems. Leveraging LLMs’ capacity for
sophisticated content generation, the framework employs a personalization
strategy that adapts responses to diverse learner profiles. CoT prompting
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enhances this process by structuring reasoning to produce more relevant
and pedagogically aligned content, particularly for computer programming
courses. Unlike prior educational applications of LLMs, which have primarily
focused on rapid content generation or interactivity in language and adult
learning, this study extends their application to deliver a more nuanced and
individualized approach to personalized learning.

2.4 Al-powered Learning Systems

Current Al-powered learning systems can be broadly classified into four
categories: content retrieval, personalized learning, adaptive delivery, and
reasoning-driven systems. Content retrieval systems, such as Study Pilot [53],
aggregate diverse educational resources to support self-directed learning
but lack explicit instructional reasoning mechanisms. Personalized learning
systems, such as OpenRAG [54], employ modular, learner profile-based per-
sonalization through open-source pipelines designed primarily for secondary
STEM education. Adaptive delivery systems, exemplified by LearnRAG [55],
utilize hybrid retrieval techniques — including Best Matching 25 (BM25),
term frequency-inverse document frequency (TF-IDF), and dense retrieval
with Facebook AI Similarity Search (FAISS) indexing — to improve effi-
ciency, although they offer limited metacognitive adaptability. Reasoning-
driven systems, such as Graph-RAG for MOOC:s [56] and PersonaRAG [57],
incorporate cognitive mechanisms to enhance conceptual understanding and
question—answer accuracy, yet their applications remain largely outside
structured instructional settings.

2.5 The Proposed Framework

A review of the literature indicates that no prior work has explicitly integrated
LLMs with CoT reasoning for personalized learning recommendations. This
study advances Al-enhanced education by employing a CoT-augmented LLM
to deliver explicit, step-by-step personalized recommendations, bridging scal-
able information retrieval with learner-centered and explainable pedagogy
that supports instructional reasoning and metacognitive development. The
primary contribution of this research is the introduction of a personalized
strategy that integrates LLMs and CoT prompting within a personalized
learning framework to help diverse learners achieve their individual learning
goals. The proposed personalized recommendation framework (PRF) adopts
a content-based approach that delivers appropriate learning materials tailored
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Figure 1 Research methodology.

to each learner’s profile through the integration of both preference-based and
performance-based features. The framework processes information sequen-
tially, mirroring human reasoning patterns, to improve performance on tasks
that require computational thinking and structured problem-solving. By
tailoring step-by-step instructional recommendations to individual learners
based on their performance and preferences, this integration is expected
to enhance learning effectiveness and contribute to the advancement of
personalized education systems.

3 Research Methodology

This study received a certificate of approval from the Mae Fah Luang Univer-
sity Ethics Committee on Human Research (Protocol No. EC 24110-13; dated
June 24, 2024 with an amendment approval dated April 1, 2025). The overall
research methodology is illustrated in Figure 1.

The details of each process are explained in this section.

3.1 Design and Development of Learner Profiles

For this study, each learner profile was developed based on two key fea-
ture types: performance and preference. The performance feature represents
cognitive abilities, while the preference feature encompasses learning styles
and other behaviorally oriented characteristics. The following subsections
describe these two feature types in detail.
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(1) Learner’s preference

Two primary groups of features were used to characterize each learner’s
preferences: learning style attributes and behavior-oriented characteristics, as
described below.

(1.1) Learning style

Learners differ in how they prefer to engage with and process content.
Some learn best through visual materials such as videos or infographics,
others through hands-on (kinesthetic) activities, while some prefer reading
or listening to explanations. In this study, the VAK learning style model —
comprising visual, auditory, and kinesthetic styles — was used to construct
learner profiles. This model was selected for its simplicity, practicality, and
widespread adoption in educational contexts [58]. It provides a clear structure
for classifying learners according to how they prefer to receive and process
information. Moreover, it remains highly effective in online learning environ-
ments, where digital platforms can deliver multimodal content aligned with
diverse sensory preferences, thereby enhancing engagement and information
retention.

The visual category includes learners who prefer annotated text or screen-
shot walkthroughs, short video demonstrations, and visual aids such as
diagrams, flowcharts, or code maps, charts, and graphs to facilitate under-
standing. The auditory category includes learners who benefit most from
listening to explanations or lectures, engaging in Q&A or self-explanation,
and using podcasts or audio recordings to process information. The kines-
thetic category encompasses learners who prefer hands-on activities, such
as collaborative group work, experimenting with new tasks, or observ-
ing live demonstrations. By identifying a learner’s dominant style within
this model, the framework can generate personalized recommendations
that align with preferred modalities, thereby improving engagement and
comprehension.

To capture more nuanced learning behavior, this study extends the VAK
model by defining detailed learner profile categories that combine specific
preferences across modalities. These hybrid profiles provide deeper insight
into how students process information and allow the recommendation frame-
work to adapt instructional strategies accordingly. It is assumed that each
learner may exhibit multiple learning styles simultaneously, with each style
represented by a degree of confidence, as shown in Table 1. Accordingly,
the simulation was conducted under the assumption that a single learner can
demonstrate characteristics of several learning styles at once.
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Table 1 VAK confidence levels

Learning Degree of
Styles (L) Confidence Description
\Y% V1 Reading from texts and notes.
V2 Watching videos and following instructions.
V3 Using diagrams, flowcharts/code maps, or graphs.
A Al Listening to explanations or lectures.
A2 Self-explanation or brief instructor Q&A (verbal).
A3 Listening to podcasts or audio recordings.
K K1 Working with others in a group.
K2 Trying out new experiences or experimenting.
K3 Observing how something is done.

(1.2) Behavior-oriented characteristics

Additional features were incorporated to capture a broader range of learner
preferences based on behavioral interactions within online learning environ-
ments. These additional preference features are activity engagement (A) and
system engagement (U). Their inclusion is supported by prior research [60],
which emphasizes that learner preferences in digital learning environments
extend beyond cognitive and sensory styles to include engagement behaviors
and interaction patterns. Specifically, activity engagement (A) represents a
learner’s tendency toward active participation and task completion. Prior
studies indicate that learners differ in their preference for engaging proac-
tively or participating passively in learning activities, and these tendencies
directly influence interaction patterns and the effectiveness of personalized
instruction. System engagement (U) refers to the frequency and intensity of a
learner’s interactions with digital learning platforms. Learners exhibit distinct
preferences regarding how often they access content and digital resources,
and these preferences significantly shape their learning trajectories. Further
details on behavior-based preference features are presented in Table 2.

By combining learning style attributes with activity engagement (A)
and system engagement (U), the recommendation framework constructs a
more comprehensive learner preference profile, thereby better supporting
personalized and contextually appropriate learning experiences.

(2) Learner’s performance

Performance indicators provide valuable insights into learners’ cognitive
abilities, knowledge levels, and learning progress, thereby supporting the
generation of personalized and adaptive instructional recommendations. In
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Table 2 Behavior-oriented characteristics

Behavior-oriented characteristics Description

Activity engagement (A) High engagement: Frequent use, full completion.
Moderate engagement: Occasional use, partial
completion.

Low engagement: Minimal use, incomplete tasks.
System engagement (U) High engagement: Total engagement >60 minutes

per session.

Moderate engagement: Total engagement between 30

and 59 minutes per session.

Low engagement: Total engagement <30 minutes

per session.

Table 3 Performance feature detail

Features Description
Performance (1) High: A total score of 80% or higher (e.g., >32 out of 40).
level (P) (2) Moderate: A total score between 50% and 79% (e.g., 20-31 out of 40).

(3) Low: A total score below 50% (e.g., <20 out of 40).

this study, learner performance was analyzed using the performance level (P)
classification, as presented in Table 3.

By clearly defining this proportional content structure, educators and
recommendation frameworks can more precisely monitor and evaluate stu-
dent progress within specific content domains. These features enable more
accurate identification of learning gaps and targeted areas for improvement,
thereby enhancing the effectiveness and adaptability of personalized learning
strategies.

3.2 Design and Development of Personalized Strategy

To generate personalized responses from LLMs, this study proposes a strate-
gic framework that integrates CoT prompting with detailed learner profiles.
The framework ensures that system-generated feedback is both logically
structured and contextually appropriate for each learner’s profile. Specifically,
the personalization strategy draws on learner profiles that combine preference
and performance features. Using these features as inputs, the framework
constructs a personalized prompt that guides the LLM to produce tailored
recommendation messages. CoT prompting supports this process by decom-
posing complex tasks into clear, step-by-step reasoning paths that align with
each learner’s preferred modalities and demonstrated performance level.
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Table 4 Personalized strategy components and descriptions

Required
Components Description features
Weakness (W) Assigning topics that require improvement; the P

learner’s performance level (P) is below the
cut-score; targeted remediation is required.
Strength (S) Assigning topics that show mastery; the learner’s P
performance level (P) meets or exceeds the
cut-score; assign extension tasks.

Learner Adapts the recommendation strategy based on the AU
engagement learner’s activity (A) and system usage (U).
strategy (RE)
Learning style Selects the optimal content format by matching the L
strategy (RL) learner’s VAK (visual, auditory, kinesthetic) profile.
Recommendation  Providing Al-generated, CoT-structured guidance RE,RL, S, W, P
message (M) with actionable next steps and motivational support.
Test completion Tracking chapter-level progress (e.g., “Completed P
status (G) Ch. 1-2; Pending Ch. 3—4”) to monitor learning

advancement.

The personalized learning framework developed in this study is grounded
in constructivism [61], metacognition [62], and behaviorism (operant condi-
tioning) [63]. From a constructivist perspective, the framework emphasizes
learner performance through active engagement and scaffolded problem-
solving, enabling knowledge construction within authentic contexts. The
integration of chain-of-thought (CoT) reasoning directly supports metacogni-
tive development by externalizing the reasoning pathway, which encourages
learners to reflect on, monitor, and regulate their thought processes. Simulta-
neously, principles of behaviorism — particularly operant conditioning — are
incorporated through the inclusion of learning styles and behavioral factors,
where personalized recommendations function as reinforcements that guide
and sustain desirable learning behaviors. Together, these theoretical under-
pinnings ensure that the framework not only adapts instructional content to
individual learners but also enhances performance, fosters reflective thinking,
and strengthens grounded learning outcomes. To implement the proposed
strategy, the framework includes several key components, as outlined in
Table 4.

As shown in Table 4, each component is derived from its corresponding
inputs. For instance, the recommendation message (M) is generated based on
RE,RL, W, S, and P.
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(1) Personalized recommendation algorithm

The algorithms for constructing personalized recommendations are presented
in Algorithms 1-5 below:

Algorithm 1: Retrieve learner profile

Input: LearnerID
Output: LearnerProfile = {L, A, U, P}

Begin:
1. Query database using LearnerID
2. Retrieve:
L < learner info; A <— activity data; U <— system engagement; P <— performance
3. Construct LearnerProfile < {L, A, U, P}
4. Return LearnerProfile
End

Algorithm 2: Determine strengths and weaknesses
Input: P = {p1...pn}, T = {t1...ta }, threshold 6
Output: S = Strengths, W = Weaknesses

Begin:
For each (p;, ti):
Ifpi >0 —addtitoS
Else — add t; to W
Return (S, W)
End

Algorithm 3: Determine engagement strategy (3 x 3 table lookup)
Input: Ai € {Al, A2, A3}, Ui € {Ul, U2, U3}

Resources: StrategyTable[Ai, Ui] — (RE, RecE)

Output: RE = Engagement Strategy, RecE = Recommended Actions

Begin:
RE < StrategyTable[Ai, Ui].Strategy
RecE < StrategyTable[Ai, Ui].Recommendations
Return (RE, RecE)

End

Algorithm 4: Determine personalized recommendation (v—a-k lookup)
Input: Vi € {V1, V2, V3}, Ai € {Al, A2, A3}, Ki € {Kl, K2, K3}
Resources: LearningActivitiesTable[ Vi, Ai, Ki] — (RL, RecL)
Output: RL = Personalized Strategy, RecL = Recommended Learning Activities
Begin:
RL « LearningActivitiesTable[ Vi, Ai, Ki].Strategy
RecL ¢ LearningActivitiesTable[ Vi, Ai, Ki].Recommendations
Return (RL, RecL)
End

Algorithm 5: Generate personalized recommendation
Input: LearnerProfile = {L, A, U, P}, RE,RL, S, W
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Resources: RecE <« StrategyTable[A _level, U_level]. Recommendations
RecL < LearningActivitiesTable[V, A, K].Recommendations
PendingStatusTable: 0 — “Complete”, 1-2 — “Partially Complete”, >2 —
“Incomplete”, all pending — “Not Started”
Output: Recommendation, TestCompletionStatus
Begin
1. CoT_Prompt <— Integrate(LearnerProfile, RE, RL, S, W, P, RecE, RecL)
2. Recommendation <— LLM(CoT_Prompt)
3. n_pending < count(items in P with status € {Pending, Missing, Unanswered})
4. if n_pending = |P|then
TestCompletionStatus <— “Not Started”
else
TestCompletionStatus <— PendingStatusTable[n_pending]
5. return (Recommendation, TestCompletionStatus)
End

The integration of CoT prompting with learner-specific profiles repre-
sents a significant advancement in personalized recommendation systems.
By aligning learning content with individual learning styles, performance
data, and engagement patterns, the proposed algorithm generates recommen-
dations that are both accurate and contextually relevant. The step-by-step
reasoning process supported by CoT enhances transparency in decision-
making and enables learning pathways to dynamically respond to each
student’s unique needs. This structured yet flexible framework facilitates
the delivery of truly personalized learning experiences, which are increas-
ingly vital in diverse and evolving educational environments. Ultimately,
the proposed framework fosters greater learner autonomy and contributes to
improved academic outcomes.

(2) Sample generated recommendations
Examples of two learners with distinct profiles and their corresponding
generated recommendations are presented in Table 5.

Table 5 illustrates how the proposed learning framework generates per-
sonalized recommendations based on distinct learner profiles. Although both
Student 01 and Student 02 demonstrate similarly high performance scores
and share comparable strengths and weaknesses in programming concepts,
their learning styles and engagement behaviors differ substantially. Student
01 (V1A1K1) exhibits high levels of activity and system engagement, indi-
cating a preference for structured and collaborative learning. Accordingly,
the framework recommends peer-based activities such as co-coding sessions,
group discussions, and guided logic exercises to reinforce conceptual under-
standing. In contrast, Student 02 (V1A3K3) displays a more independent
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Table S Samples of student profiles and recommendations

Items

Student 01

Student 02

Student name
Learning style (L)
Activity level (A)
System
engagement (U)
Score level (P)
Weakness (W)

Strengths (S)

Recommendation
message (M)

Test completion
status (G)

Student 01
V1AIK1

High engagement
High engagement

High (30)

Assignment operators;
floating-point precision;
if/if-else/nested if; continue;
general loop concepts.

Loop constructs; conditional
logic; operators (modulo,
comparison); data structures
(lists, indexing, dictionaries).
Use structured readings, clear
explanations, and peer
collaboration; verify
understanding through
discussion and co-coding.

(1) Pair-program a currency
converter to practice +=, -= and
float handling.

(2) Co-design grading logic with
nested if.

(3) Convert for <+ while using
continue in a small team.

Student 02

V1A3K3

Moderate engagement
High engagement

High (32)

Assignment operators;
floating-point precision;
if/if-else/nested if; continue;
general loop concepts.

Loop constructs; conditional
logic; operators (modulo,
comparison); data structures
(lists, indexing, dictionaries).
Use self-paced study in a quiet
setting with step-wise demos and
visual examples; emphasize
independent problem-solving.

(1) Build a solo currency
converter with unit tests.

(2) Complete logic drills on
nested conditions and continue.
(3) Create a number-pattern
generator to consolidate loop
control.

and kinesthetic learning style with moderate activity engagement. For this
learner, the framework suggests self-paced, hands-on activities supported by
visual examples and individual problem-solving exercises. This differentia-
tion demonstrates the framework’s capacity to deliver tailored learning expe-
riences that align with each learner’s cognitive and behavioral profile, thereby
enhancing engagement and promoting deeper conceptual understanding.

3.3 Implementation of Recommendation Framework

This section outlines the configuration and integration of the personalized
learning recommendation framework developed to enhance learning out-
comes. The key components of the technical implementation are presented

in Table 6.
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Table 6 Technical details of framework implementation

Component Description Implementation details

LangChain Library ~ Supports the development of Utilizes pretrained models for
conversational Al agents. natural language understanding

and generation.

OpenAl’s APIs Enables custom interactions with ~ Provides access to powerful
OpenAl’s models for tailored language models like GPT-4
educational experiences. through API calls for generating

responses.

Vector DB Manages document embeddings ~ Uses state-of-the-art embedding
to facilitate efficient data techniques to store and retrieve
retrieval. relevant documents quickly.

Chroma DB Another database system used Similar to Vector DB, it
for managing document enhances the speed and accuracy
embeddings. of data retrieval through efficient

embedding storage.

External services Includes services like OpenAl Integrates various APIs to
and HuggingFace for model enhance the functionality and
responses and Wikipedia API for  coverage of the recommendation
content retrieval. system.

Recommendation Manages user requests and Employs advanced algorithms to

module coordinates with other interpret user data and generate
subsystems to process data and personalized learning
generate recommendations. recommendations.

As shown in Table 6, the learning framework employs various pro-
gramming libraries and APIs to embed Al-driven functionalities within the
learning platform. Figure 2 illustrates how learner interactions with subject
content are facilitated through an interactive framework that incorporates
prompting techniques.

Figure 2 illustrates the architecture of the proposed recommendation
framework, which functions as an integrated system for managing user
requests and generating intelligent, context-aware recommendations. At its
core, the recommendation module acts as the central controller, coordinat-
ing data flow and interactions among various components. The framework
employs a directory loader to import data from directories, supported by Text
Splitter and PyPDFLoader modules that divide large text files and extract
content from PDF documents. Once the data are prepared, LangChain man-
ages user queries and facilitates communication between internal components
and external Al models. The Vector DB and Chroma DB store and retrieve
document embeddings, enabling efficient semantic search and contextual
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Recommendation System

Main module handling user requests and processing data

| Recommendation Module {l | Directory Loader {l
sends user queries  loads directories Text Spliter 3 |
splits large texts

Vector DB & | sends prompts LangChain & |
loads PDF files
PyPDFLoader E

stores emlbeddmgs accesses pre-trained models  fetches articles
~.

v v Y ~
| Chroma DB E ‘ | OpenAl {l] | HuggingFace {l| ‘ Wikipedia API E ‘

—

\
uses Al models
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Figure 2 Architecture operationalizing the personalized-learning framework.

matching. External Al resources, including OpenAl, Hugging Face, and
the Wikipedia API, provide pretrained models and factual information that
enhance the relevance and quality of recommendations. An external services
layer offers access to GPT models, model hosting, and data access ser-
vices, ensuring that the framework remains scalable, current, and capable of
leveraging advanced Al models. Collectively, these interconnected modules
enable the framework to process diverse data sources, interpret user intent,
and deliver adaptive, personalized recommendations with high efficiency and
contextual accuracy.

3.4 Evaluation of the Personalized Recommendation Framework
(PRF)

An assessment was conducted to evaluate both the effectiveness of the
proposed personalized recommendation framework (PRF) and expert satis-
faction with its performance. The first assessment analyzed the statistical
differences between the system with and without the PRF to determine
whether integrating the PRF yields greater instructional benefits despite the
longer computational time compared to the non-personalized version. The
second assessment examined the perceived benefits of the proposed frame-
work for real learners from an instructional perspective. The details of each
assessment are described below.
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(1) Evaluation of the effectiveness of the personalized framework
The evaluation was conducted against a baseline consisting of recommen-
dations generated by the system without the personalized recommendation
framework (PRF) to determine whether the inclusion of the proposed frame-
work yields measurable improvements. The assessment focused on key
metrics, including the quality, relevance, and perceived usefulness or satisfac-
tion of the generated recommendations. A total of fifteen experts participated
in the evaluation. All participants were university lecturers who taught com-
puter programming-oriented courses and met the pre-specified criterion of
having at least three years of teaching experience in the subject. Each expert
reviewed the generated recommendations and completed a 10-item survey
using a S-point Likert scale (1 = strongly disagree, 5 = strongly agree)
to capture their perceptions. The following hypotheses were established for
analysis:

HO: There is no significant difference in mean satisfaction scores between
recommendations generated by the system with and without the PRF.

H1: Recommendations generated by the system with the PRF achieve higher
mean satisfaction scores than those without it.

To test these hypotheses, a paired t-test was performed at a significance level
of a = 0.001.

(2) Evaluation of expert satisfaction

Based on the survey results, expert satisfaction with both systems (with and
without the PRF) was analyzed in greater detail across specific satisfaction
dimensions. The interpretation of mean scores was defined as follows: values
between 4.51-5.00 indicate a very high level of agreement, 3.51-4.50 a high
level, 2.51-3.50 a moderate level, 1.51-2.50 a low level, and 1.00-1.50 a very
low level of agreement. This scoring and interpretation scheme provided a
consistent basis for evaluating and interpreting the experts’ satisfaction with
the proposed framework.

4 Results and Discussion
The results of the two assessments are presented and discussed in this section,

with detailed findings summarized below.

4.1 Evaluation Results of the Effectiveness of PRF

Table 7 presents the satisfaction scores provided by fifteen experts for the
recommendations generated by the system with and without the PRF.
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Table 7 Average expert satisfaction scores for system with and without PRF

Question

Average satisfaction score

System with PRF

System without PRF

1.

10.

The recommendations provided by the
method accurately reflect the individual
learning needs of each student.

The content suggested by the method is
relevant and suitable for the educational
level and capabilities of the students.

The timing and pacing of the recommended
interventions are appropriate for the
students’ learning progressions.

The method effectively identifies students
who are in urgent need of support and
provides timely recommendations for them.
The recommendations include a diverse
range of resources and activities that cater to
different learning styles and preferences.
The volume of content recommended by the
method is manageable for students without
causing overwhelm.

The recommendations facilitate
personalized learning experiences that are
tailored to the unique needs of each student.
The method’s recommendations encourage
student engagement and motivation in the
learning process.

The feedback and follow-up actions
suggested by the method are clear,
actionable, and beneficial for student
improvement.

Overall, I am confident in the method’s
ability to provide accurate and effective
recommendations for enhancing student
learning outcomes.

4.5

4.5

4.5

4.5

4.5

4.5

3.67

4.0

3.67

4.33

3.67

4.00

4.33

3.00

3.33

3.33

As shown in Table 7, item-level satisfaction scores were higher for all 10
items when the personalized recommendation framework (PRF) was applied.
The highest mean scores with the PRF were observed for Item 4 and Item
7 (both 5.00), while the lowest means were recorded for Item 8 and Item
9 (both 4.00). Even these lowest PRF means remained higher than their
corresponding non-PRF means (3.00 and 3.33, respectively).
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Table 8 Mean differences from experts for systems with and without the PRF

Mean
Key Metric System with PRF  System without PRF  Mean Difference
Quality (Item 1,3,4,9) 4.33 3.56 +0.77
Relevance (Item 2,5) 4.63 3.83 +0.80
Perceived usefulness and 4.50 3.78 +0.72
satisfaction (Item 6,7,8,10)
Overall average 4.50 3.73 +0.77

Table 9 Comparative satisfaction scores: System with and without PRF (paired t-test, one-
tailed)

System N Mean S.D. t Sig. (1-tailed)
With PRF 15 4.5 0.30 7.25 <0.001*
Without PRF 15 3.73  0.21

*p < 0.001.

Table 8 presents the average mean differences across all key metrics,
based on the responses of fifteen experts comparing the system with and
without the PRF.

As shown in Table 8, the mean scores for the system with the PRF were
consistently higher than those for the system without it. Quality averaged
4.33 with the PRF compared to 3.56 without (difference = 0.77). Relevance
averaged 4.63 with the PRF versus 3.83 without (difference = 0.80). Per-
ceived usefulness and satisfaction averaged 4.50 with the PRF compared to
3.78 without (difference = 0.72). Overall, the system with the PRF achieved
an average score of 4.50, while the system without it averaged 3.73 (differ-
ence = 0.77). The statistical significance test comparing the two systems is
presented in Table 9.

As shown in Table 9, the results of the paired t-test reveal a highly sig-
nificant difference in expert satisfaction between the two systems (t = 7.25,
p < 0.001). Recommendations generated by the system with the personal-
ized recommendation framework (PRF) (M = 4.50, SD = 0.30) received
significantly higher satisfaction ratings than those generated by the system
without the PRF (M = 3.73, SD = 0.21). This finding strongly supports
the alternative hypothesis (H1), confirming that integrating the PRF produces
recommendations perceived as more accurate, relevant, and useful. Although
the PRF requires slightly more computational time, its structured reasoning —
particularly through the CoT component — plays a key role in enhancing the
quality and pedagogical value of the personalized guidance.
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4.2 Evaluation Results of Expert Satisfaction

As shown in Table 7, the system without the personalized recommendation
framework (PRF) received moderate-to-high ratings, with an overall mean of
3.73/5. Its primary strengths were in identifying learners in urgent need of
support and providing personalization (both 4.33), along with solid ratings
for relevance and manageable workload (4.00 each). However, lower scores
were reported for engagement and motivation (3.00), clarity and actionability
of feedback (3.33), and alignment with individual needs, pacing, and resource
diversity. In contrast, experts rated the system with the PRF highly across all
dimensions, yielding an overall mean of 4.50/5. The highest confidence was
expressed in the framework’s ability to identify urgent learners and provide
timely, personalized support (both 5.00). Accuracy to individual needs, rele-
vance to learning level, pacing, resource diversity, and manageable workload
each scored 4.50, reflecting consistent alignment with instructional priori-
ties. Engagement and clarity of feedback were slightly lower but remained
positive (4.00 each). Overall, experts viewed the CoT-enhanced approach
as delivering reliably accurate, well-paced, and actionable recommendations
that effectively support differentiated instruction. In summary, while the non-
PRF system demonstrated some usefulness, it was perceived as less precise,
less engaging, and less actionable than the personalized framework.

4.3 Discussion

Based on the satisfaction results, experts consistently favored the system
with the PRF, citing higher overall satisfaction and top ratings for its abil-
ity to identify learners in urgent need of support and to deliver timely,
truly personalized recommendations. The PRF-based system also performed
strongly in terms of accuracy to individual needs, relevance, pacing, resource
diversity, and manageable workload, indicating that its structured reason-
ing improves both instructional alignment and actionability. However, two
areas still present opportunities for improvement: engagement and motiva-
tion and clarity and actionability of follow-up feedback. Although these
dimensions received positive ratings, they were comparatively lower than
other metrics. This suggests potential for enhancement through strategies
such as incorporating motivational cues (e.g., gamified nudges) and refining
feedback templates (e.g., stepwise corrections or exemplar-based guidance).
A practical limitation of the PRF is its higher computational cost resulting
from the chain-of-thought (CoT) structure, which may affect real-time per-
formance as the system scales. This challenge could be mitigated through
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prompt optimization, caching mechanisms, or selectively applying CoT rea-
soning to complex or high-priority cases. Finally, given the relatively small
expert panel, these findings should be considered promising yet exploratory,
underscoring the need for validation with larger and more diverse instructor
cohorts.

In this framework, personalization arises from the combined use of
preference and performance features. Preference features determine how
support is provided by aligning the format, pace, and interaction style with
each learner’s habits, thereby enhancing relevance, motivation, and comfort.
Performance features determine what to focus on by identifying errors,
knowledge gaps, and learning plateaus, ensuring that recommendations target
areas with the greatest potential for improvement. The table-lookup strategies
enable fast and interpretable decision-making, while the CoT layer translates
these insights into actionable guidance for instructors. Together, these ele-
ments improve accuracy (delivering the right content), usability (using the
right format), and timeliness (at the right moment), ultimately increasing
satisfaction and instructional effectiveness.

The proposed framework can be adapted to other courses by modifying
its preference and performance features to reflect subject-specific characteris-
tics. By redefining learning attributes, activities, and feedback modalities, the
same personalization algorithm can be applied across multiple disciplines.
The CoT component can also be fine-tuned with domain-specific prompts,
supporting scalable and adaptable personalized learning across diverse edu-
cational contexts. A key limitation of this study is that the framework has
not yet been tested with real learners, leaving its practical effectiveness and
adaptability in authentic online classroom environments unverified. Without
empirical validation, important factors such as learner engagement, cognitive
load, and responsiveness to dynamic personalization cannot be fully assessed.
Moreover, the simulation-based evaluation may not capture contextual influ-
ences such as instructor intervention, classroom diversity, or technological
constraints. Future research should therefore include pilot implementations
involving real learners to assess usability, learning outcomes, and scalability
in practical settings.

In practical application, the proposed personalized learning framework
has the potential to substantially enhance both teaching and learning effec-
tiveness. By dynamically adapting content, modality, and feedback to each
learner’s preferences and performance, it can improve engagement, com-
prehension, and knowledge retention. Teachers benefit from the actionable
insights produced through the CoT layer, which enables more targeted
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support and timely intervention. At scale, the framework facilitates data-
driven decision-making, reduces instructional workload, and promotes equity
by ensuring that diverse learners receive personalized yet transparent learning
experiences. Overall, its implementation can contribute to more efficient,
inclusive, and learner-centered educational environments.

5 Conclusion

This study examined the integration of CoT prompting with LLMs in a
personalized recommendation system, focusing on applications in computer
programming courses. Specifically, it presented a novel PRF that employs
LLMs and CoT prompting to enhance personalized learning in online envi-
ronments. By incorporating both preference and performance features of
learners, the framework effectively accommodates diverse learner profiles
and adapts instructional delivery accordingly. The integration of CoT prompt-
ing enables human-like sequential reasoning within LLMs, improving the
relevance and precision of generated learning recommendations. A case
study conducted in a computer programming course — an area that requires
both conceptual understanding and practical problem-solving — served as
the evaluation context. The framework’s effectiveness and expert satisfaction
were assessed through reviews from fifteen domain experts. Results indicated
that the proposed PRF produced recommendations perceived as significantly
more satisfactory than those generated without PRF (M = 4.50 &£ 0.30 vs.
3.73 + 0.21, p < 0.001). Experts also strongly agreed that the framework
effectively identified students in urgent need of support, provided timely
recommendations, and delivered personalized learning experiences tailored
to individual learner needs. Future research on personalized learning frame-
works integrating diverse prompting strategies and LLM architectures should
focus on enhancing applicability, scalability, and validity while ensuring
learner acceptance and trust. In particular, rigorous empirical testing across
various subject domains and proficiency levels is essential to evaluate the
adaptability, accuracy, and pedagogical value of such Al-driven personalized
learning systems.
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