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ABSTRACT

The increasing demand for competent programmers has amplified the need for
instructional approaches that are both effective and personalized. Traditional
programming education methods often fall short in offering real-time feedback,
adaptive task difficulty, and contextual support, challenges that limit learner
engagement and hinder skill acquisition. While recent advances in Generative
Acrtificial Intelligence (GenAl), particularly through Large Language Models (LLMs),
offer potential to address these issues, existing educational frameworks rarely
integrate such tools in a way that ensures accuracy, coherence, adaptability, and
personalized feedback. This study addresses this gap by developing and evaluating a
framework that operationalizes GenAl for personalized C programming instruction
among undergraduate students. A systematic literature review was conducted to
identify key features essential for effective Al-enhanced learning, including
adaptability, contextual relevance, coherence, accuracy, prompt engineering,
personalized feedback, creativity, and usability. These features were validated through
expert opinion and used to guide the development of a web-based learning framework.
The framework integrates four key components: an LLM interaction module
(Node.js/Express.js), an adaptive learning engine, a collaborative coding platform, and
a React.js interface to deliver real-time, learner-specific support in C programming.
Architecture design followed agile prototyping cycles with iterative expert feedback.
To evaluate effectiveness, a mixed-method study was conducted with 139
undergraduate programming students at Murang’a University of Technology. A
purposive sample of 75 formed the experimental group and engaged with the GenAl-
powered system over two weeks, while 64 students in the control group received
conventional instruction. Data collection involved structured questionnaires, open-
ended surveys, and a pretest-posttest design aligned to core programming concepts.
Performance was assessed through gain scores in pretest-posttest evaluations, mean
ratings on personalization features, and learner feedback on usability and engagement.
The findings showed high student satisfaction, with a mean of 4.13 for usability and
4.14 for perceived learning enhancement. A pretest-posttest comparison revealed a
mean gain of 9.08 points in the experimental group, versus 2.14 in the control group.
A Mann-Whitney U test confirmed this difference was statistically significant (p =
0.008). This had a real impact, as more than half of the students (55%) said the
framework helped them become better at solving programming problems. These
results demonstrate that LLM-based tools can enhance personalized programming
education and have strong potential for industry use in developer training and
reskilling. The study recommends further refinement and ethical integration in
academic settings. Cross-sector collaboration is also encouraged to support
responsible, scalable adoption.
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OPERATIONAL DEFINITION OF TERMS

Adaptivity: The framework’s ability to modify learning pathways, task complexity,

and instructional strategies in real-time based on learner performance and behavior.

Coherence: The logical consistency and alignment of instructional elements ensuring
that feedback, content, and progression are integrated to support a unified learning
path.

Collaborative Learning: A mode of instruction that supports peer interaction, team-

based tasks, and shared problem-solving within the GenAl learning environment.

Contextual Relevance: The alignment of content, examples, and feedback with

learners’ current programming level, task difficulty, and practical applications.

Framework: A structured, coherent system integrating LLM-powered modules,
adaptive learning tools, and collaborative platforms to deliver personalized and

contextually relevant programming instruction.

Model: A computational system, specifically a large language model (LLM), used to
generate, interpret, and adapt instructional content based on learner inputs.

Personalization: The dynamic adjustment of instructional content, feedback, and
pacing to align with individual learner profiles, needs, preferences, and prior

knowledge.

Prompt Engineering: The design of structured, pedagogically oriented queries used

to guide LLM outputs in a way that supports learning goals and content coherence.

Xiv



CHAPTER ONE
INTRODUCTION

1.1 Background of the Study

Programming has become a foundational skill in the digital era, driving innovation
and problem-solving across industries. As the demand for skilled programmers rises
globally, educational systems face increasing pressure to deliver effective
programming instruction[1]. However, many learners encounter significant barriers,
including abstract concepts, complex syntax, and insufficient feedback
mechanisms[2]. These challenges are particularly acute in lower-level languages like
C programming, where debugging, memory management, and pointer manipulation

add layers of cognitive load for beginners.

In this context, the concept of personalized learning has gained traction as a powerful
educational approach. Personalized learning refers to instruction that is customized to
match individual students’ pace, needs, strengths, and areas for improvement[3], [4].
It shifts away from the one-size-fits-all model by offering differentiated content,
adaptive difficulty, and real-time feedback. For programming students, personalized
learning can significantly enhance understanding by providing targeted support on
specific problem areas, promoting confidence, and improving long-term retention of
coding principles[5]. However, implementing personalized learning effectively,
especially in technical subjects like programming, requires intelligent systems that can

monitor learner progress and respond dynamically.

Despite the proliferation of programming resources, traditional education methods
such as lectures, static textbooks, and template-based coding exercises remain
dominant[2]. These conventional approaches often fail to accommodate diverse
learning preferences, limiting learner engagement and practical skill acquisition[6].
Additionally, educators frequently struggle to update teaching materials to keep pace
with fast-evolving technologies, further limiting instructional relevance. Research
highlights that many programming learners struggle with understanding foundational
concepts and translating theory into practice, especially when instruction lacks
adaptability or personalized support[1], [7]. This gap between theory and application

underscores the limitations of conventional instructional approaches.
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To address these shortcomings, the education sector has increasingly turned to
Artificial Intelligence (Al) and, more specifically, to Generative Al (GenAl). GenAl
refers to machine learning models capable of creating new content including text,
images, or code by learning from vast datasets. These models offer significant
potential for transforming programming education by enabling real-time support,
contextual explanations, and customized guidance[8]. Among GenAl technologies,
Large Language Models (LLMs) such as Deepseek, GPT-3, GPT-4, OpenAl Codex,
and CodeT5 have shown promising results in generating meaningful code snippets,
translating natural language prompts into programming instructions, and simulating

tutor-like interactions[7].

Early tools like GitHub Copilot and Microsoft IntelliCode exemplify the potential of
LLMs to enhance productivity by auto-suggesting code and detecting errors[9]. These
platforms use machine learning to enhance coding efficiency by suggesting syntax,
identifying patterns, and streamlining development[10], [11]. However, these tools are
primarily designed for use by professional software engineers and lack the
instructional structure, scaffolding, and assessment features needed for novice
learners. Their outputs, while technically useful, do not address educational needs
such as curriculum alignment, conceptual progression, and personalized

remediation[12].

Further developments in Natural Language Processing (NLP) have bridged the gap
between human intent and machine-readable code. These advances allow learners to
pose natural-language queries and receive code-based responses, explanations, or
debugging suggestions in return[13]. However, while these approaches introduce a
degree of flexibility, they struggle with capturing the nuances of human language and
meeting contextual requirements in education. Many Al-generated responses lack
coherence, are contextually irrelevant, or include factual errors. These inaccuracies
can mislead learners and undermine trust in the system[11], [14]. Moreover, LLMs
often struggle to assess learners’ evolving knowledge levels or adjust task complexity

accordingly.

Several studies have evaluated the ability of these models to autonomously generate
code. One of the most notable models, OpenAl Codex (a descendant of GPT-3), which

2



was developed to solve coding tasks[15]. Codex can produce code in numerous
programming languages and solve a wide range of problems. Additionally, Microsoft
IntelliCode and GitHub Copilot use machine learning to assist programmers in writing
code more efficiently. However, even with this potential, its raw output often requires
refinement to be pedagogically useful. Without instructional design integration, these
tools risk producing content that is either too advanced or misaligned with a learner's
current understanding. These issues call for a structured, educationally informed
framework to guide the responsible and effective deployment of GenAl tools in the

classroom.

At present, Al-driven instructional models are still evolving. Many existing systems
focus more on demonstrating technical feasibility than ensuring educational
effectiveness[16]. As a result, they tend to overlook critical pedagogical dimensions
such as engagement, cognitive load, scaffolding, and learner diversity. Al-generated
content is often evaluated in terms of code accuracy but not in terms of learning
outcomes, learner satisfaction, or knowledge retention. Furthermore, most tools lack
feedback loops that allow learners to reflect, retry, and improve their understanding
based on interaction history. These limitations reduce their impact on long-term

educational outcomes.

Natural Language Processing and Machine Learning have been applied in
programming education for years, yet the integration of these technologies into well-
structured, personalized learning frameworks remains underexplored. Many students
continue to struggle with bridging the gap between abstract programming theories and
practical implementation[12], [17]. As programming languages evolve rapidly,
instructors find it increasingly difficult to keep content updated and relevant. This
situation makes the case stronger for Al-powered systems that not only assist in coding

but also support personalized, curriculum-aligned instruction.

This study seeks to bridge this critical gap by proposing and evaluating a web-based
instructional framework that utilizes GenAl specifically OpenAl GPT for personalized
C programming instruction. The framework incorporates prompt engineering,
adaptive difficulty scaling, and real-time learner interaction to create a dynamic,

student-centered experience. Emphasis is placed on ensuring content accuracy,
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contextual relevance, and usability, all within a pedagogically sound structure. The
ultimate goal is to transform traditional approaches to programming instruction by
making them more flexible, effective, and inclusive of each learner’s needs. The
outcomes of this research are expected to contribute to future designs of Al-driven

learning systems that align both technological innovation and instructional goals.

1.2 Problem Statement

Traditional approaches to computer programming education adopt a structured, step-
by-step learning process, focusing on syntax, logic, and procedural programming.
These methods involve learning programming concepts through formal instruction but
often overlook the diverse learning styles, prior knowledge, and individual pacing
needs of students[18]. This one-size-fits-all methodology can lead to several
challenges, such as students experiencing frustration and becoming disengaged when
they struggle to grasp programming concepts due to the absence of personalized
guidance and tailored learning materials. Additionally, inefficient learning occurs as
students spend time on topics they already understand or face unnecessary difficulties
with concepts they have not fully grasped. The lack of personalization in programming
education limits accessibility for students with diverse learning preferences, thereby
hindering their overall educational experience[7], [19], [20].

The emergence of Generative Artificial Intelligence (GenAl), particularly Large
Language Models (LLMs) such as OpenAl’s GPT series, Gemini, CodeT5, and
DeepSeek as well as LLM-powered tools like GitHub Copilot and TabNine, has
introduced innovative solutions that can be used to enhance personalization in
programming education by generating code and providing contextual
explanations[21]. These models have demonstrated potential in supporting learners by
explaining complex concepts and automating code generation. Researchers have
argued that such models can help automate learning processes by providing real-time
feedback tailored to learners’ abilities and facilitating adaptive learning paths[4], [22],
[23]. Several frameworks have emerged to operationalize these capabilities in
educational settings, including ITS-CAL, Artemis GPT-3.5 Tutor, and TutorLLM,
which integrate features such as hint generation, adaptive question delivery, and
conversational feedback to support personalized programming instruction[24], [25],
[26].



However, existing Large Language Model (LLM) frameworks lack the necessary
adaptability and responsiveness to provide personalized learning experiences that
cater to different learning styles and paces. The lack of standardized input structures
and the nuances of natural language processing often lead to inaccurate, contextually
inappropriate, or incoherent outputs[7], [8]. Moreover, existing frameworks still face
practical and pedagogical limitations, ITS-CAL often leads to over-reliance due to
limited scaffolding[24], Artemis GPT-3.5 Tutor suffers from inconsistent feedback
quality[25], and TutorLLM depends on complex infrastructure, which restricts
scalability and ease of deployment[26]. These shortcomings pose a substantial barrier
to the effective deployment of GenAl in educational settings, thereby undermining the
quality of the learning experience. Inaccurate outputs can potentially lead to
misconceptions, while irrelevant or incoherent Al-generated content may disrupt the

learning process instead of enhancing it.

The challenges are particularly evident among undergraduate students studying C
programming, where limited access to practical lab sessions, outdated teaching
materials, and large class sizes that hinder one-on-one instruction make learning more
difficult, especially in resource-constrained educational settings such as those found
in Kenya. Additionally, insufficient research exists on how GenAl inputs should be
structured and applied to optimize their effectiveness in educational
environments[27]. Current implementations of these models lack a standardized
framework, resulting in inconsistencies in content quality, contextual relevance, and
overall effectiveness[28]. Therefore, there is a critical need for a robust framework
that guides the structured implementation of these models in programming education.
This research seeks to develop such a framework to ensure the integrity, coherence,
relevance, and accuracy of Al-generated educational content, thereby enhancing

personalized learning experiences for students.

1.3 Research Objectives
1.3.1 General Objective
To develop a Large Language Model-Based Framework that enhances personalized

learning in C programming.



1.3.2 Specific Objectives

. To analyze existing LLM-based frameworks and tools to identify
features and best practices that support effective personalized learning
in C programming.

i. To develop a novel LLM-based framework that enhances personalized
programming instruction by incorporating the identified features and
best practices.

ii. To evaluate the effectiveness of the developed framework in improving

student engagement, learning outcomes, and content quality.

1.4 Research Questions

I. What features and best practices in existing LLM-based frameworks
support effective personalized learning in C programming?

i. How can a personalized programming instruction LLM-based framework
be developed using the features and best practices identified from existing
LLM-based tools?

Ii. To what extent does the developed framework improve student
engagement, learning outcomes, and the quality of instructional content in

C programming?

1.5 Scope of the Study

This study focuses on developing a personalized learning framework powered by
Large Language Models for introductory computer programming education,
specifically in the C programming language. The scope includes the design,
implementation, and empirical evaluation of a web-based framework that supports
adaptive content delivery, real-time assistance, and prompt-driven feedback. While C
programming is used as the initial implementation language, the framework is
designed to be extensible to other languages such as Python and Java in future
iterations. The research setting is confined to undergraduate students at Murang’a
University of Technology enrolled in an introductory programming course. The study
includes both an experimental group using the LLM-based system and a control group
relying on traditional learning resources. Comparative analysis is used to assess their

learning outcomes and engagement levels. Additionally, strategies are developed to
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mitigate biases in Al-generated content, ensuring fair and equitable learning

opportunities for all students.

1.6 Significance of the Study

This research is significant in advancing pedagogical approaches for computer
programming education through personalizing the learning experience. The study
builds a framework that leverages LLMs to deliver tailored instructional support based
on individual learner’s needs, abilities, and contexts. Embedding the framework into
existing programming curricula, educational institutions can shift from one-size-fits-
all instruction to adaptive, learner-centered environments. This shift is expected to
enhance student engagement, motivation, and retention by ensuring that each student
receives the right support at the right time. Additionally, the findings of this study
offer insights for educational policy by offering guidelines for the ethical
implementation of Al-driven learning tools, ensuring that they are deployed
effectively and equitably while addressing concerns related to bias and data privacy.

Personalized learning in this framework is achieved through multiple integrated
mechanisms. These include learner profiling to capture background knowledge and
learning styles, real-time analysis of student-written code, adaptive feedback
generation, and conversational tutoring powered by the LLM. This dynamic
interaction enables the system to identify learner weaknesses, provide targeted
explanations, and recommend appropriate resources such as exercises, examples, or
code corrections. As a result, learners are supported in a way that is responsive to their

specific struggles and progress, reducing cognitive overload and frustration.

This study conducts a detailed analysis of existing GenAl application frameworks to
identify features and best practices that contribute to high-quality educational content,
specifically in terms of coherence, relevance, and accuracy. These insights inform the
design of the proposed framework, ensuring that it not only supports personalization
but also upholds content integrity. From an instructional standpoint, educators benefit
from the framework’s ability to monitor learner interactions and performance. The
framework provides actionable insights that allow instructors to offer more precise
interventions where needed, while reducing their burden through automated,

intelligent tutoring.



Additionally, the study offers guidance for educational policy and system design by
addressing potential ethical concerns regarding bias mitigation, fairness, and data
privacy. Measures are implemented to anonymize student data, ensuring privacy and
compliance with relevant regulations. Although challenges exist, the potential benefits
for students such as enhanced engagement, motivation, and deeper comprehension of
programming concepts outweigh the limitations. Through the balancing of both
advantages and ethical concerns, this research contributes a well-informed argument

for the integration of LLMs in teaching and learning environments.

1.7 Limitations of the Study

Despite the framework’s promising approach, the study has certain limitations. It
focuses solely on C programming, which limits its immediate applicability to other
programming paradigms or languages. The research is conducted within a single
institution, which may affect the generalizability of the results to other academic or
cultural contexts. Additionally, the study only involves undergraduate students in
introductory courses, meaning outcomes might differ at advanced levels of study.
Long-term retention, code optimization, and the broader socio-cultural implications of
LLM integration are beyond the scope of this thesis and are recommended for future
research.

1.8 Contributions of the Thesis

This research makes significant contributions to theory, practice, and policy in the
domain of personalized programming education using Large Language Models
(LLMs). The core contribution is a structured framework designed to enhance
individual learning experiences through adaptive and intelligent support systems. This
framework is realized through a functional web-based application and supported by

empirical evaluation.

1.8.1 Contribution to Theory

This research contributes to the theoretical discourse by developing a web-based
framework that advances understanding of how Large Language Models can support
personalized learning in programming education. Specifically, it introduces an
integrated system in which adaptive learning, GenAl integration, collaborative coding,

and real-time feedback function collectively rather than in isolation. Another

8



contribution is the formalization of prompt engineering as a central mechanism in
optimizing LLM output for educational purposes, highlighting how the structure and
design of prompts directly influence content relevance, clarity, and coherence. This
contributes to existing literature on intelligent tutoring systems and adaptive learning
technologies by grounding personalization in both student context and LLM response

behaviour.

1.8.2 Contribution to Practice

The research makes a substantial practical contribution by translating the theoretical
framework into a fully functional web-based learning application. This application
enables undergraduate students learning the C programming language to interact with
an LLM for code analysis, feedback, and concept clarification in real time. The system
supports personalized learning pathways by adapting responses to each student’s input
and background. An empirical study involving undergraduate students demonstrated
that the system improved learner engagement, enhanced comprehension of
programming concepts, and increased overall satisfaction, validating the effectiveness

of the practical implementation.

1.8.3 Contribution to Policy

From a policy perspective, the research contributes to ongoing discussions around the
ethical deployment of Al in education. It addresses concerns related to data privacy,
fairness, and bias in Al-generated learning content. Strategies such as student data
anonymization and bias mitigation in prompt responses are embedded into the
framework. These considerations provide evidence-based recommendations for the
ethical integration of LLMs in learning environments, guiding institutions and
policymakers in the responsible adoption of generative Al tools.

1.9 Organization of the Thesis

This thesis is organized into five chapters as follows:

Chapter one describes the background of the study, the problem statement, the
research objectives and research questions, the study's significance, scope and

limitations, conceptual framework, and the contributions made by this thesis.



Chapter two presents the scholarly literature that was reviewed in this study. The
literature synthesizes explored theoretical foundations, empirical evidence, and the
challenges and limitations of using LLMs with an aim of exposing the existing gaps.
Chapter three outlines a detailed research methodology followed to achieve the
objectives of this study. The Research design, research process, data acquisition and
analysis, ethical considerations, and experimental materials are covered in this
chapter.

Chapter Four presents the results of this study and discusses their implications for the
design and implementation of Generative Artificial Intelligence frameworks in
supporting personalized learning experiences.

Chapter five presents the conclusion of the findings of this study, the proposed
recommendations from the findings, and future research directions that could be

adopted for future work.
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CHAPTER TWO
LITERATURE REVIEW

2.1 Introduction

This chapter reviews key developments in Al especially the emergence of Large
Language Models as applied to programming education. It synthesizes existing
theoretical foundations, empirical studies, and practical implementations of LLM-
driven tools, and highlights both strengths and shortcomings in personalizing
programming learning. The discussion sets the stage for designing an improved LLM-
based framework and evaluating its impact on student engagement, outcomes, and

content quality.

2.2 Theoretical Foundations for Personalized Instruction

Theoretical frameworks in educational research provide the foundation for designing
effective, learner-centered instructional strategies. In the context of this study, the
focus is on theories that inform personalized learning approaches in computer
programming, particularly those that support the integration of LLMs. These
frameworks guide the development of interventions that adapt to learners’ individual

needs, preferences, and learning trajectories.

2.2.1 Cognitive Theories Supporting Personalized Learning

2.2.1.1 Zone of Proximal Development (ZPD)

The Zone of Proximal Development (ZPD) is the difference between the actual level
of development of a person as assessed by his or her solving of problems on his/her
own and the prospective level of development as assessed by his/her solving of
problems with the help of an adult or a more experienced peer[30]. The trainers can
choose the right method for a particular student by evaluating his or her current ability
level and then they can make the necessary adjustments to the lesson so that the student
can be challenged appropriately but at the same time he or she is getting the help he
or she needs to move forward. The fact that students work together on programming
tasks helps them in acquiring better results due to the fact that they also acquire the
skills of critical thinking and communication[31]. Such group activities enable
students to get ready for their future careers as they are strengthening what they have

learned and simulating the real-world programming conditions.

11



2.2.1.2 Adaptive Learning Systems

Adaptive learning systems examine the learners' knowledge, abilities, and learning
preferences through the use of algorithms and data analytics. The highly personalized
educational experiences which can be obtained by modifying the learning materials,
the pace, and the evaluations using this data-driven technique are possible according
to the given fact[16]. In programming, adaptive learning systems can change the level
of content complexity according to the students' performances, thus ensuring that they
are appropriately challenged but not too much so that they become dissatisfied or
bored. Research shows that the process of learning programming becomes faster and
the learning outcomes are better when the feedback is given right after the errors
occur[32]. Through adaptive learning systems, individual learning gaps can be
recognized by recommending certain activities, modules, or resources based on the
analysis of learner data which in turn makes a group of learners the same. The trainers
may use the data to discover the zones of the problem, the performance patterns, and
the students' progress[33]. With the use of this data, educators can spot at-risk learners

early on, provide tailored assistance, and modify their lesson plans as necessary.

2.2.2 Pedagogical Theories Supporting Personalized Learning

2.2.2.1 Differentiated Instruction

Differentiation is basically the modification of the curriculum according to the needs
of the students. This way of instruction is effective because it utilizes flexible grouping
and ongoing assessment, irrespective of the fact that the teachers differentiate the
material, process, the products, or the learning environment[34]. The differentiated
instruction methods can significantly enhance students' learning and in-class
experience when it comes to the teaching of programming. Teachers may in turn make
the classroom a place where every student can succeed by the use of personalized
instruction strategies, resources and evaluation procedures which account for the
individual differences of students[35]. Differentiated instruction is based on the basis
that each student has unique backgrounds, experiences, learning styles, and skills

before the class starts[36].

2.2.2.2 Self-Determination Theory (SDT)
Self-Determination Theory (SDT) puts a lot of importance on satisfying the basic

psychological needs that are autonomy, competence, and relatedness, as well as the
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intrinsic motivation[37]. SDT, when used with the individualized learning in
programming, enables instructors to learn about the ways to create meaningful and
effective learning environments that will help students to achieve in-depth
understanding and skill development, hence, in this way, the learning process will be
made easy and memorable. Students are given a certain degree of freedom in the
educational programming which means that they can decide what they want to study
and how they want to study. As research shows, learners are more interested and
involved in learning situations that allow them to be independent[37]. Enabling
learners to select their programming projects or to choose among various learning
resources, authorizes them to control their learning process. Figure 2.1 below displays

the three major pillars of the SDT: autonomy, competence, and relatedness.

[C ompete nce]

Autonomy [Relatedness

Figure 2.1: Self-Determination Theory (SDT) by Deci and Ryan

Self-Determination Theory (SDT) holds that deep, lasting motivation emerges when
three basic needs are met. In autonomy learners choose tasks for example selecting
their own coding projects, in competence they receive timely, tailored feedback that
confirms and builds their skills, and for the relatedness the learners feel supported
through peer collaboration and mentoring. In a personalized programming
environment, honouring these needs means offering meaningful choices, delivering
scaffolded feedback on code, and fostering a sense of community together fuelling

students’ intrinsic drive to learn and persist.

As per the research, students who feel that they can learn are more likely to persevere
and go on when they are faced with difficulties in the programming assignments[38].
Humans are social creatures and therefore, SDT puts a high importance on the need

for connection and the feeling of being a part of a group. In programming, the
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opportunities for the students to work in teams, to be in the contact with their peers,
and to get mentored by the experienced people create the feeling of community among
the students. Via group discussions, online communities, and collaborating on the
programming projects, students may interact with one another, share experiences and
encourage one another on their path of learning[35].

2.2.2.3 Problem-Based Learning (PBL)

A teaching approach known as problem-based learning (PBL) puts students at the
centre of their learning settings by giving them real-world issues to answer. PBL
provides a dynamic, interesting method for learning programming principles and
abilities in the context of teaching programming[39]. The primary focus of PBL is on
how to incorporate real-world challenges into the teaching and learning process. PBL
fosters a contextual understanding of topics by immersing students in real-world
programming challenges, which aids in knowledge transfer and retention. PBL also
promotes active inquiry and investigation, encouraging students to pose questions,
look into issues, and refine their answers over time[39]. This method not only develops
critical thinking abilities but also gives students a feeling of control and ownership

over their education as shown in figure 2.2 below.

Problem-based Learning

Student learn
and apply to
solve the

Students are
assigned a

problem problem

Figure 2.2: Problem-based Learning

According to research, PBL helps students grasp programming ideas more deeply by
having them solve challenging issues in relevant situations[39]. Additionally, PBL
develops critical thinking and problem-solving abilities, giving students the mental
tools needed to understand the complexities of software development. Furthermore,
PBL's collaborative style encourages cooperation and communication skills, reflecting

the kind of collaborative settings common in the IT sector. To ensure relevance and
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engagement, educators need to carefully select real-world situations that align with the
interests and goals of their students. In addition, the success of PBL programs depends
critically on the efficient facilitation of group work, which calls on trainers to promote
a collaborative and respectful environment while offering direction and support.

2.2.3 LLMs in Educational Frameworks

Large Language Models (LLMs) like GPT-3 and BERT have been increasingly used
in educational settings to generate content and assist in teaching[12]. These models
are known for their ability to process and generate human-like text, making them
valuable tools in education. However, they are not without limitations. One significant
Issue is that these models can sometimes produce outputs that are not entirely aligned
with educational goals or that fail to fully grasp the nuances of instructional
content[17]. Addressing these limitations is crucial for ensuring that LLMs can be

effectively integrated into personalized learning frameworks.

2.2.3.1 Large Language Model Underpinnings

Language models are typically created in the field of natural language processing
(NLP) for a variety of specialized tasks, such as information extraction, machine
translation, answering questions, among others[40]. On the other hand, large language
models (LLMs) are machine learning-based language models with a high number of
parameters that have been trained on enormous amounts of data. This allows them to
handle a variety of jobs without the need for retraining in addition to having a more
powerful capability. LLMs in general are dramatically changing the field of NLP by
their outstanding capability to understand, produce and modify human language on a

huge scale[41].

The LLMs are based on the trailblazing Transformer Architecture, which is the basic
structure for the known examples like OpenAl's GPT series. This architectural style
will be the base that the LLMs will use to comprehend the complex long-range
connections and contextual subtleties that are included in the textual material. The
self-attention mechanism which is a part of the transformer architecture is a major
factor of its success, as it allows the LLMs to comprehend the meaning of single words
in a phrase as shown in figure 2.3. Through the process of the dynamic assessment of

word meaning, this method gives the greatest prediction accuracy and promotes a
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comprehensive study of language which has never been like before in both its breadth
and depth.
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Figure 2.3: Annotated Transformer Architecture

In the field of machine learning, the main idea of transfer learning is the application
of the data from one task to the better performance of another[18]. This method has
great potential in the field of Natural Language Processing (NLP), especially when
used with large language models pre-training[42]. The pre-training is the most crucial
part of the transfer learning which enables LLMs to be trained with a huge amount of
unlabelled text data and then they are optimized for specific tasks[31]. On the contrary,
this lets them have a very deep understanding of the language features, the semantics,

and the syntactic structures.

LLMs have the possibility of reviewing a lot of text sources like books, journals,

websites and other repositories during the pre-training stage. LLMs go through a phase

of fine-tuning in which they change their already acquired representations so that they
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fit in the downstream tasks, for example, sentiment analysis, language modelling, and
text categorization[12]. The parameters of the pre-trained model are tweaked by the
extra training that is done on the task-specific labelled data; thus, the model gets to
become specialized in its knowledge and its representations are brought to the level of
the target task. Pre-training and transfer learning are extremely important since they
help LLMs become more adaptive and generalized[14]. Due to their pre-training
exposure to a wide range of linguistic contexts, LLMs get a comprehensive grasp of
language patterns and semantics, which makes it easier for them to transfer their

knowledge to new tasks and domains with less task-specific training data.

The primary characteristic of the LLMs lies in their capability of turning the raw
language input into the dense vector representations, the so-called embeddings. These
embeddings are the short, high-dimensional representations of linguistic elements
which not only contain semantic but also syntactic information of the text data[22].
The semantic meaning and syntactic structure are the main part of LLMs' language
representation. Embeddings allow LLMs to be able to deal with the complexity of
human language by representing a wide range of semantic connections, contextual
interferences, and linguistic nuances, thus, LLMs can be able to understand the
meaning of the words with their correct context[10]. The information input is
translated into the dense vector representations which enables the LLMs to perform

various language-related tasks with the highest accuracy and efficiency.

2.2.3.2 Potential Applications in Education

Through its advanced natural language processing capabilities, LLMs allow the
teacher to change the traditional teaching methods and thus improve the learning of
the student[2]. Through the use of their knowledge in language processing, the LLMs
can cater to the needs of the students, improve teaching methods, and help in the
educational research, thus the educational system can be completely transformed[23].
Some of the innovations that facilitate this activity include automated grading,

personalized feedback, adaptive learning systems, and virtual tutoring.

The marking of written tasks and the giving of students personalized feedback through
the use of large language models is one of the most thrilling applications of LLMs in

education. Teachers' time and resources are often very much used by the traditional
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grading techniques, which limits the amount and level of feedback they can give
students[15]. Yet, LLMs are in a position to give an opinion by using their language
processing capabilities to match student answers to the pre-set rubrics or the model-
generated solutions. Among the factors that might be evaluated in a student's work are
their understanding, writing ability, critical thinking abilities, and the compliance with
some rules or learning objectives, which are just few of the components of their work.
Besides, LLMs are capable of giving individualized feedback to each student
according to his or her learning needs and the areas in which he or she needs to
improve[43]. LLMs can identify the usual mistakes, misunderstandings or the
questions that need to be answered further through the analysis of the subtleties of

students' answers.

LLMs change the teaching way of the educational information that is adjusted to the
different needs and preferences of the individual learners through the adaptive learning
systems. The usual educational systems are usually not sufficient to incorporate the
different learning styles, levels of understanding, and the rate of comprehension of
learners[31]. LLMs offer the student a solution by processing their language skills to
analyze how the student is dealing with the course materials and then they modify the
lessons in order to reach the learning objectives. Through LLMs, the educators are
able to clearly understand the students' individual learning patterns, their strengths and
weaknesses, and the extent of their engagement, thus, bridging the gap between the
students' personal as well as academic requirements are able to be met[16]. The
adaptive learning systems will provide to every student a distinct learning experience
that is adjusted to his/her own needs and learning path by changing the level of the

difficulty, the speed, and the order of the learning activities according to these insights.

Through the use of the language processing capabilities of large language models,
natural language tutoring systems make a big jump in educational technology and give
students one-to-one personalized and interactive help[44]. Through the role of virtual
tutors, these programs complement the traditional classroom education and motivate
the students to take on-demand help, explanations, and guidance in the natural
language. The ability of LLMs to comprehend natural language inquiries and to give
answers that look like human responses is what makes natural language tutoring

systems. Students can ask the tutoring system by raising questions, getting the
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explanation for the concepts, or requesting for assistance with the specific
projects[44]. LLMs analyze each student's input through the latest language
processing algorithms that generate answers that fit the specific needs of every student.

2.2.3.3 Retrieval-Augmented Generation

Retrieval-Augmented Generation (RAG) has gained traction in NLP for
knowledge-intensive tasks such as question answering or summarization by
combining the deep language understanding of transformer models with an explicit
retrieval step. In RAG, a retriever first searches a large corpus (for example, API
documentation or programming textbooks) to find passages most relevant to the
learner’s query. These passages are then fed into a generator, typically a fine-tuned
transformer, which weaves together the retrieved context and the original question to
produce an accurate, contextually grounded explanation or code snippet[45]. In the
context of personalized programming instruction, RAG ensures that generated hints
and examples are not only fluent but also factually correct and aligned with
authoritative sources. In the RAG pipeline as outlined in the illustration in figure 2.4
below, a retriever module retrieves relevant documents from an external knowledge
base; these documents are then passed to a generator module, which produces the final,

context-grounded output.

While RAG delivers more reliable responses than unaugmented LLMs, existing
educational prototypes fetch broadly relevant documents without tying retrieval
priorities to each student’s unique misunderstandings or mastery level. As a result,
learners may receive precise information, but not necessarily the right information for

their current knowledge gaps.
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Figure 2.4: RAG Architecture

2.2.3.4 Knowledge Tracing

Knowledge Tracing (KT) models a learner’s evolving understanding of discrete skills
by analyzing interaction logs such as quiz results or coding exercise attempts and
estimating mastery probabilities[46]. KT systems enable adaptive sequencing of
practice tasks, offering review where needed and advancing students through mastered
concepts. Although KT provides real-time mastery insights, existing RAG-powered
tutors rarely integrate these predictions into their retrieval strategy. As a result,
students receive high-quality information, but not necessarily the right information

that targets their specific knowledge deficiencies.

2.2.4 Features & Best Practices from Existing Tools
Research on LLM-powered programming assistants reveals recurring themes around
code generation, conversational tutoring, and adaptive prompt design. Critically

examining these features uncovers both strengths to build on and gaps to address.

2.2.4.1 Code Generation & Hint-Generation

GitHub Copilot and its underlying model, OpenAl Codex, pioneered automated code
completion by predicting what developers intend to write next. In an observational
study involving introductory programming students, researchers found that novices

appreciated Copilot’s ability to fill in syntactic boilerplate, but often accepted incorrect
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or suboptimal suggestions without question, slowing their development of debugging
skills[47]. The study on novice interaction reported that while Copilot can generate
entire functions, it frequently omits critical edge cases, forcing learners to patch rather
than understand underlying logic. Existing code generation tools accelerate coding but
lack pedagogical scaffolds to help learners internalize programming concepts, instead

encouraging over-reliance on opaque suggestions.

2.2.4.2 Dialogue-Based Tutors

LLM chat interfaces like the ChatGPT offer on-demand, conversational explanations.
Researchers conducted a study where students valued ChatGPT for clarifying error
messages in real time and found responses were often overly generic and disconnected
from course curricula[48]. Other studies similarly reported that Al tutors boost
productivity by suggesting alternative solutions, but without structured dialogue
flows, students struggled to request deeper elaboration on topics they
misunderstood[49]. Effective conversational tutors therefore require guided dialog
management predefined question-answer paths and fallback prompts to ensure
discussions remain pedagogically focused. The open-ended LLM dialogues provide
flexibility but lack structured conversational design to consistently scaffold learner

understanding within a programming curriculum.

2.2.4.3 Adaptive Content Delivery

Adaptive content delivery refers to the system’s ability to adjust instructional materials
including explanations, examples, and practice tasks in real time based on each
student’s demonstrated understanding. Traditional ITS employ knowledge tracing
algorithms such as deep knowledge tracing to model learner mastery and select the
next activity[46]. Recent work integrates LLMs into this pipeline: for instance, an
LLM-driven tutor can choose between multiple worked examples or scaffolded hints
depending on a learner’s error patterns logged during coding tasks[40]. In another
study, adaptive sequencing of code exercises guided by a Bayesian student model
improved problem-solving transfer by 20% compared to static modules[50]. However,
most LLM deployments today remain one-size-fits-all: they present the same
explanation regardless of whether a student has repeatedly shown mastery or is making
the same mistake for the third time. This lack of granularity limits their ability to keep

advanced learners challenged or to revisit foundational concepts for struggling
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students. Despite promising prototypes, no existing system dynamically curates and
re-orders LLM-generated content based on continuous assessment of individual

learners’ knowledge states.

2.2.4.4 Prompt Engineering Strategies

Prompt engineering shapes how an LLM interprets and answers a query. Techniques
such as chain-of-thought prompting coax the model into revealing intermediate
reasoning steps, dramatically boosting accuracy on reasoning tasks[51]. In
programming contexts, prompts that ask “Explain your debugging process step by
step” result in more pedagogically useful guidance than a simple “Fix this code”
instruction[52]. Few-shot prompting providing 3-5 exemplar Q&A pairs further
anchors the model in the desired explanation style[53]. Yet, these strategies are almost
always static: once chosen, the same prompt template is reused for all learners. There
IS no mechanism to automatically vary prompt complexity, hint depth, or the number
of examples based on a student’s prior responses. As a result, advanced students may
be under-challenged by overly scaffolded prompts, while novices may be

overwhelmed by insufficient guidance.

2.2.5 Integrating Technology in Education

Technology integration in school is a complicated and dynamic course of action which
Is more than just putting devices and software in classrooms. It is based on a complete
revision of teaching techniques, which are strongly tied to theoretical models that
provide the road map and the assistance for its successful implementation and the
significant impact. While theories like constructivism emphasize the active role of
learners in constructing their own understanding, applying these theories within Al-
driven frameworks presents challenges[54]. For example, ensuring that Al systems
can support constructivist learning without overwhelming students with too much
information is a delicate balance. Moreover, studies on Al in education have shown

mixed results, often due to variations in implementation and context.

2.2.5.1 Conventional Learning Materials for Computer Programming
The learning materials for computer programming which are given in the traditional
way have been the most important factor of the education to the students. These

materials, such as textbooks, lecture notes, and practice exercises, have been the
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mainstay of programming education[9]. Even though they are the main ways to teach
the basics, their immobility is often the reason for the difficulties of students' learning
styles and needs. Moreover, the fast development of the programming languages and
technologies is making it hard for these materials to be up-to-date and applicable.

2.2.5.2 Technological Pedagogical Content Knowledge (TPACK)

The technological pedagogical content knowledge (TPACK) framework is a
significant paradigm change in the educational practice, which put forward the
complex interactions of topic mastery, pedagogical competence and technological
competency[55]. At the core, TPACK underscores the significance of the teachers'
constant negotiation with various areas, using technology as a flexible tool to boost

the efficiency of the teaching and learning processes as shown in figure 2.5.
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Figure 2.5: The TPACK framework

Based on the TPACK, the teachers who are very good at the technology integration in
the classroom, they are good at the coordination of the technical resources, the
instructional techniques and the subject-matter knowledge and they should produce
the meaningful learning opportunities[55]. Besides, TPACK underlines the role of the
context, and it is very important for the teachers to adapt their methods of integrating
technology to the subject that they are teaching, the special needs of their students,

their interests and their histories.
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2.2.5.3 Pedagogical Approaches on Explaining Code

The skills of coding and editing, the understanding of its goals and the explanation of
its functionality are the main characteristics of programming students[43], [56], [57].
The computing students must gain the ability to be good not only in coding but also
in understanding the reason and explaining the function of the code they write or
manipulate. Explaining process of a code snippet to a student is the first step of
developing the student connection and his/her own understanding of the whole
execution of a given code snippet[57]. Besides that, clarifications are of great
importance in the reduction of stress and effort required for bug-fixing of one's code,

finally it makes the learning process more enjoyable.

Myriad of teaching methods have been studied in order to improve students' code
understanding. Activities that involve groups like pair programming and the
techniques such as misconception-based feedback make peer explanations and
discussions about code possible which in turn enable a deeper understanding[58].
These techniques are designed to provide students with the ways of studying the code
they encounter during the learning process and to increase their ability to explain the
code[59]. During the step of explaining code to peers and the one of tracing code
execution are cognitively demanding tasks, not all students are willing to participate
in these activities[60]. Instructors, due to time limitations, may find it difficult to create
a custom explanation for the student, hence the automatic feedback generation of

explanations to support the scalable learning will be a possible solution.

2.2.5.4 Principles of Artificial Intelligence and Machine Learning

Artificial Intelligence (Al) refers to the ability of machines to perform tasks that
typically require human intelligence. This includes understanding natural language,
recognizing patterns, solving problems, and making decisions[61]. Al comprises of
technologies which include machine learning, expert systems, neural networks,
robotics, and natural language processing (NLP). Machine Learning (ML), a subset of
Al, focuses on the development of algorithms that enable computers to learn from and
make predictions or decisions based on data[9]. Unlike traditional programming,
where specific instructions are coded, ML systems are trained using data to recognize

patterns and improve their performance over time.

24



Supervised learning algorithms are trained on labeled datasets where the input-output
pairs are provided. In personalizing computer programming, these algorithms predict
student performance based on historical data, enabling the creation of customized
learning paths[62]. For example, linear regression and support vector machines
(SVM) can analyze student performance data and recommend targeted programming
exercises to address specific areas of improvement. Unsupervised learning involves
training algorithms on data without labeled responses, identifying hidden patterns or
structures within the data. Techniques like clustering can group students based on their
learning behaviors and coding styles, allowing for tailored instructional strategies[63].
Dimensionality reduction methods such as principal component analysis (PCA)

simplify complex programming concepts, making them more accessible to students.

2.3 Theoretical Framework

The fusion of Large Language Models (LLMs) in the individualized learning settings
is one of the most promising innovation strategies that can be able to revolutionize
computer programming education. The main goal of this given proposed theoretical
framework is to give the mechanism of the LLMs to exploit their potential to make
the programming teaching and learning better. The coming to the realization of the
power of LLMs in transforming the educational system by providing learners with the

individual and flexible support is due to the ongoing development of the technology.

Personalized learning frameworks are crucial in programming education because
students often struggle in large class settings where individual doubts may go
unresolved. Traditional teaching methods cannot fully address the diverse pacing and
support needs of each student[24]. For instance, novices learning C may encounter
syntax errors or logical bugs and have to wait a long time for instructor feedback,
leading to frustration or loss of motivation[24]. A personalized Al-driven framework
can tackle this gap by giving immediate, tailored feedback. Research has shown that
Al tutors can significantly improve student performance and satisfaction in
programming courses by providing timely hints and adaptive learning paths. In other
words, students receive the right help at the right time, allowing them to overcome

obstacles and build confidence.
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2.3.1 Existing GenAl Application Frameworks

Recent advances in generative Al have introduced powerful tools for programming
education. Large Language Models (LLMs) like GPT-3.5 and GPT-4 can engage
learners in natural language, generate code examples on the fly, and provide
immediate feedback. This enables a level of interactivity and personalization
previously difficult to achieve at scale[64], [65]. In programming domains, LLM-
based assistants offer students on-demand help with coding tasks, explanations, and
debugging tips[65]. These generative tutors can simulate aspects of human tutoring by
adapting to a student’s input and questions in real time[64]. However, integrating
GenAl into education also raises challenges around maintaining instructional quality
and accuracy. Ensuring the AI’s responses remain coherent, relevant to the curriculum,

and free of serious errors is critical[64], [66].

2.3.2 Overview of GenAl in Education

Generative Al is increasingly applied to education as a means to deliver personalized
and scalable learning support. In broad educational contexts, LLM-based systems can
act as virtual tutors, providing interactive dialogue, answering questions, and adjusting
explanations to the learner[64]. Unlike static learning resources, these models generate
content dynamically for example, rephrasing a concept or giving a new coding
example on request[64]. This dynamic capability has been shown to increase learner
engagement and offer more human-like support compared to traditional computer-
based training[64]. Particularly in computer programming education, GenAl tools
supply students with instant help: they can suggest code snippets, identify syntax
errors, or explain programming concepts in natural language[65]. Such on-demand
assistance can democratize access to individualized tutoring, since an Al tutor can be
available 24/7 for any student with an internet connection. Early studies report positive
outcomes, like improved student motivation and faster problem resolution, when Al
assistance is available during coding tasks[50], [67]. At the same time, researchers
caution that unrestricted use of LLMs might lead to over-reliance. For instance, one
study found that students who heavily relied on LLMs for code generation and
debugging tended to have lower final exam scores, suggesting that critical thinking
skills may suffer if the Al simply provides answers[65]. These findings underscore the
importance of using GenAl as a supportive tool rather than a crutch, and designing
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frameworks that encourage learning (e.g. by guiding students through problems)
instead of just giving away solutions. Generative Al holds great promise in education
due to its adaptability and interactivity, but thoughtful framework design is required
to maintain pedagogical integrity and effectiveness.

2.3.3 Al-Driven Tutoring Frameworks for Programming Education

Generative Al has been implemented in various forms to support intelligent tutoring
systems in programming education. Modern frameworks utilize LLMs as
conversational agents, virtual assistants, or automated evaluators to provide
personalized instruction that exceeds the capabilities of traditional e-learning systems.
Unlike early rule-based systems that followed predetermined scripts, LLM-powered
tutors can dynamically generate context-sensitive explanations, questions, and
feedback[64]. Several universities have reported improved student engagement and
satisfaction following the integration of chatbot tutors into their programming courses
[24]. Similarly, commercial platforms like GitHub Copilot, driven by OpenAl Codex,
facilitate the learning process by suggesting code completions and functional
implementations. To better understand the scope and potential of GenAl in
programming education, table 2.1 provides a summary of notable frameworks
developed since 2019. These include tools and frameworks that utilize LLMs or
similar Al technologies to offer tutoring and coding support, with a specific emphasis

on applications relevant to C language instruction.
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Table 2.1: Examples of Al-Driven Frameworks for Programming

Framework Reported Identified Gaps
Approach Features
(YYear) Outcomes
Lacks
Hints generation Improved pass scaffolding; no
ITS-CAL LLM-based g . ' rates; overuse g
. debug assistance, long-term learner
(2023) coding tutor. and O&A support reduced trackin
pport. independence[24]. g
Artemis GPT-3.51n . Scalable, timely  Inconsistent
Real-time code
GPT-3.5 auto- help; some response; lacks
feedback and .
Tutor assessment . responses too adaptive control
corrections. }
(2024) system generic[25].
LLM + Personalized . Requires external
Higher user

TutorLLM Knowledge questions, ) ) retrieval; hard to
. satisfaction and ) .
(2024) Tracing+  grounded . align with
quiz scores[26]. .
RAG. responses. curriculum

) Better grammar Limited to
Socratic GPT-4 g

Tutor Socratic Dialogue-based  outcomes in language domain;
(SPL) method for  0Uestons, English[64]. not tested for
(2024) ITS dynamic lessons  Engaging and coding.

strong adaptivity

Current GenAl tutoring frameworks employ large language models in different roles.
Some frameworks embed an LLM into existing platforms to provide instant feedback
on coding tasks[25]. Others build dedicated chat-based tutors that can engage in open-
ended problem-solving dialogue with the student[24]. A common thread is that these
frameworks leverage the natural language understanding and generation capabilities
of LLMs to deliver explanations, hints, or corrections in a human-like manner. This
greatly extends what traditional IDE autocompletion or static e-learning content can
do. For instance, ITS-CAL’s hint and debug modules allow it to walk a student through
resolving a C bug step-by-step, mimicking how a human TA might guide the thought
process[24].

Artemis’s integration in an assessment system means students can get formative
feedback on homework immediately, rather than waiting days for an instructor to
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grade it[25]. Meanwhile, more experimental systems like TutorLLM combine LLMs
with student modeling (tracking what a learner knows) to proactively recommend
personalized practice material[26]. This hybrid approach addresses a limitation of out-
of-the-box LLMs (their lack of memory about a specific learner) by introducing
components that adapt to the individual’s progress. There are also domain-specific
adaptations; for example, OpenAl Codex a specialized GPT model for code that
demonstrated how an LLM fine-tuned on programming data could generate correct C
syntax and even explain code snippets[15].

Such advances indicate that an Al tutor for C programming can be built on a strong
foundation: an LLM with knowledge of C language syntax/semantics, augmented by
a framework that monitors student progress and context to steer the tutoring
interaction. These frameworks show improved timeliness and personalization of
feedback in programming education, but also underscore challenges like maintaining
response quality (avoiding vague or misleading answers) and ensuring that students
continue to think critically (mitigating over-reliance on Al hints)[25], [64]. These
insights inform the design of a more robust LLM-based framework for personalized

learning in C programming.

2.3.4 Al Tutoring Systems vs. LLM-Based Tutors

Intelligent Tutoring Systems (ITS) have a long history in computing education and
traditionally follow a modular architecture. A typical ITS includes four core
components: an Expert Module (domain knowledge), a Student Model (tracks
learner’s knowledge/state), a Tutor Module (pedagogical logic to decide what to do
next), and a User Interface for interaction[64]. In a conventional tutor, domain experts
predefine the curriculum content and rules for feedback. The system then uses the
student model to select appropriate next problems or hints, following fixed algorithms.
This rule-based approach can deliver effective, targeted instruction but is limited by
the scope of its pre-authored content and logic. In contrast, LLM-based tutors leverage
large pretrained models to generate responses on the fly, rather than relying solely on
predefined rules. An LLM-based system may collapse or augment some of the
traditional modules, for example, GPT-4 can function as both the Expert (with its vast

trained knowledge) and part of the Tutor module (deciding what explanation to give).
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This allows unprecedented flexibility: the tutor can answer novel questions or create

new examples beyond a fixed script. Table 2.2 highlights some key differences.

Table 2.2: Al Tutoring Systems vs. LLM-Based Tutors

Aspect Traditional ITS Tutor LLM-Based Tutor
Content Uses pre-authored content and Dynamically generates
Generation fixed hints[64]. explanations, code, or hints.
- Adapts within predefined Highly adaptable; can handle open-

Adaptability P . . _p - any p P

scenarios (limited flexibility). ended queries and contexts[26].

Bound to specific Broad general knowledge from
Knowledge . . .

curriculum/domain training data (e.g. many
Coverage R

knowledge base. programming libraries)[68].

May produce incorrect or

Integrity & Generally consistent if well- irrelevant output if prompt is
Accuracy authored; no novel errors. ambiguous (hallucinations risk)

[64], [66].
Requires prompt design and model

tuning, but less manual content
authoring.

Development  Requires significant expert
Effort authoring for each subject.

Opaque decision-making; can
explain in natural language but
reasoning is hidden in model
weights.

Transparent logic (rules are
Explainability known); limited to built-in
responses.

Traditional ITS architectures are valued for their structured approach, the student
model explicitly tracks mastery, and the tutor logic can be inspected and aligned with
pedagogy. LLM-based tutors trade some of that explicit structure for greater flexibility
and scale. They can carry on a free-form dialogue, answer a wide range of student
questions, and even generalize to topics not anticipated by the designers[69]. For
example, an LLM tutor might help with an unexpected coding error by drawing on

general programming knowledge from its training corpus.

This flexibility, however, comes with challenges in maintaining coherence and
truthfulness. The LLM might sometimes give an answer that is eloquently worded but
subtly incorrect or not aligned with the curriculum[70]. Ensuring coherence (staying

on topic and following logical instructional steps) and relevance to the learning
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objectives is an active research area for LLM-based education. A study integrated
GPT-4 into an existing tutoring framework to generate conversational scripts from
lesson plans, speeding up content creation while still using a structured lesson outline
[64]. Such approaches aim to get the best of both worlds: the rich, context-aware

generation of LLMs plus the pedagogical reliability of traditional ITS design.

2.3.5 Explainability and Trust in LLM-Based Tutors

As the use of large language models (LLMS) in educational contexts grows, the issue
of explainability how and why an Al system arrives at a given response becomes
increasingly critical. Explainability directly affects the level of trust learners and
educators can place in LLM-powered tutoring systems[68]. In traditional intelligent
tutoring systems (ITS), logic and feedback mechanisms are rule-based and
transparent, meaning that their decision-making pathways can be clearly traced and
audited. However, LLMs operate as black-box models; their internal reasoning is
embedded within millions of parameters learned from vast datasets, making it difficult

to interpret how a specific answer was generated[71].

This opacity introduces several risks to educational use. First, LLMs are prone to
generating plausible-sounding but incorrect responses commonly referred to as
“hallucinations” which can mislead novice learners[72]. Second, even when LLMs
provide accurate outputs, the lack of clarity on why a particular explanation or hint
was chosen raises concerns about pedagogical soundness. Learners may be unable to
verify or understand the underlying rationale, which can undermine their confidence
and critical thinking development. The reviewed frameworks in Table 2.1 reflect these
concerns. For instance, the Artemis GPT-3.5 tutor provides real-time feedback but
occasionally delivers overly generic or inconsistent responses due to prompt
sensitivity[73]. Similarly, TutorLLM combines an LLM with a student modeling
component, yet its reliance on external retrieval mechanisms introduces complexity

and challenges in maintaining pedagogical alignment.

Efforts to improve explainability in LLM-based tutoring systems include integrating
self-explaining prompts, hybrid models that pair LLMs with rule-based scaffolding,
and frameworks that log the rationale behind generated responses[66]. Retrieval-

Augmented Generation (RAG) techniques are also being explored to ground LLM
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outputs in verifiable sources, enhancing both transparency and factual accuracy [74].
These methods are essential to mitigating the risk of blind trust or over-reliance on Al
tutors, especially among beginners in programming who may lack the expertise to
detect subtle inaccuracies.

2.4 Empirical Literature

2.4.1 Learning Requirements in Computer Programming

Research into the learning requirements of computer programming students has long
focused on identifying learners’ needs, preferences, common challenges, and effective
pedagogical strategies[63]. Numerous studies involving novice programmers have
documented frequent difficulties such as understanding syntax, interpreting compiler
errors, and managing the complexity of debugging tasks[63]. According to [75],
students' preferences are often influenced by the programming language selected,
which in turn shapes their learning trajectories. Through surveys and interviews, it has
been observed that beginners demonstrate a strong preference for interactive and
visually engaging learning environments[75]. These environments which are
characterized by immediate feedback, graphical interfaces, and intuitive design,
facilitate comprehension and active participation among novices. Although these
studies provide valuable insights into beginner-level learning challenges and
preferences, most rely on short-term evaluations and self-reported data. As a result,
they often fall short in assessing long-term learning outcomes and the sustained

effectiveness of the recommended instructional strategies.

2.4.2 Integration of Technology in Programming Education

Recent studies have increasingly focused on the integration of technology particularly
Artificial Intelligence (Al) and Natural Language Processing (NLP) into programming
education, aiming to improve learning outcomes and instructional efficiency. In one
such study, [61] evaluated the performance of Al-assisted tutoring systems in
providing personalized guidance and feedback to programming students. The findings
confirmed that Al tutors can significantly enhance student performance and
satisfaction, as evidenced by experimental results and learner feedback gathered
through structured questionnaires[61]. These intelligent systems offer individualized
coaching, targeted interventions, and adaptive learning pathways, enabling students to

navigate complex programming concepts with greater confidence and effectiveness.
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Building on this foundation, [76] explored the use of NLP techniques to automate the
evaluation and feedback process for programming assignments. In leveraging
advanced NLP algorithms, the researchers developed a system capable of analyzing
student code submissions, identifying errors, and delivering detailed, context-specific
feedback. The study demonstrated that such tools can increase grading efficiency,
streamline the assessment process, and provide learners with timely, actionable
insights[76]. As a result, instructors are able to reallocate more time to personalized
instruction and mentorship, enhancing the overall quality of the learning experience.
While these studies demonstrate the potential of Al and NLP technologies to improve
programming education, they often overlook how these tools align with formal
curricular objectives or how instructors adapt pedagogical strategies to integrate them

effectively.

2.4.3 Generative Artificial Intelligence

The advent of generative Al (GenAl) has led to the emergence of an era of
transformation that is characterized by the development of models like Generative Pre-
trained Tranformer (GPT), Bidirectional Encoder Representations from Transformers
(BERT), Gemini, and other remarkable technologies. The Generative Al is a lot more
complex than the mere text comprehension. These models are able to compose code
that has a serious impact on the teaching of programming by means of creating
instructional content[15]. These generative Al tools have a skill of understanding and

generating code snippets in various programming languages.

2.4.3.1 Transition to Generative Al in Learning Programming

Recent literature highlights the increasing interest in using generative Al to
supplement or replace traditional programming learning materials. These models
present a novel approach to content creation that aligns with diverse student needs by
offering personalized, interactive, and contextually relevant learning resources[77].
Their dynamic nature allows for the real-time generation of examples and exercises
tailored to individual learner profiles. This flexibility helps bridge the persistent gap
between theoretical programming knowledge and hands-on skills development.
Nonetheless, existing studies often focus more on the technological novelty rather than

evaluating the sustained educational impact of these tools or their alignment with
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curriculum goals, indicating a need for more empirical studies assessing long-term

learner outcomes.

2.4.3.2 Automatic Generation of Programming Materials

The programming content creation is now experiencing a significant change due to
the introduction of the automatic generation, which mainly results from the
technological progress in Al. Many scientific works in this area have proved the
meaning of the automatic generation of programming resources[57]. The text explains
that there are lots of advantages to the automatic generation of the materials, but there
are still some issues like the assurance of the accuracy and the quality of the
information[7]. Figure 2.6 gives a general view of the procedure used for creating
programming exercises. Studies consistently emphasize that while the speed of
content delivery improves, the reliability and pedagogical quality of this content still

require rigorous validation to ensure effective learning.
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Figure 2.6: The Process of Generating Programming Exercises

2.4.3.3 Frameworks for Code Generation
The automation of the generation of programming materials has been the driving force
of the creation of a variety of frameworks like OpenAl Codex that is designed to use
this new approach to its full potential[15]. The discussion of the commonalities and
variations of the methodologies that are the basis of these frameworks, with the focus
on their adaptability to different phases of learning is given special attention[69].
Many existing Al frameworks for personalized learning, such as adaptive learning
systems and intelligent tutoring systems, have shown potential in tailoring educational
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experiences to individual students[69]. However, these systems often face challenges
related to their ability to scale effectively across different educational contexts.
Additionally, they sometimes struggle with providing content that remains coherent

and contextually relevant for diverse learners.

2.4.3.4 Assessment of Al-Generated Programming Content

In the era of Al-generated programming content, the need for robust assessment and
validation methodologies becomes paramount. The methodologies designed to
evaluate the quality and effectiveness of content created through automated processes
provides a valuable insight into best practices. They are employed to gauge the quality
of content, encompassing factors such as accuracy, relevance, and adherence to
programming standards[22]. This critical analysis sheds light on the strengths and
potential shortcomings of existing assessment approaches, highlighting the
complexities associated with evaluating dynamically generated materials. Existing
LLM-based approaches such as those by GitHub Copilot and OpenAl Codex which
generate and assess code without adapting explanations to learner profiles, tend to
adopt a generalized perspective, often overlooking learner-specific factors such as
prior knowledge, learning objectives, and individual learning trajectories. Moreover,
there is limited integration of pedagogical considerations in assessing how such
content supports novice programmers in understanding programming concepts or

overcoming misconceptions.

2.4.3.5 Intersection of Al and Programming Material Generation

With the development of the Al-generated programming content, the requirement for
the strong assessment and validation techniques becomes high. The methodologies
intended for the assessment of the quality and effectiveness of content made through
automated processes give a great insight into the best practices. They are used to
evaluate the whole content quality which includes the accuracy, the relevance and the
compliance to the standards of the program[16]. This pivotal analysis of the present
concerted methods for evaluation of dynamically created materials exposes the
strengths and possible weaknesses that are inherent in the current system, thus making
clear the intricacies associated with the process of assessing such materials[16]. This
highlights a critical gap in the literature and points to the need for developing adaptive
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validation models capable of aligning Al-generated content with both instructional

goals and learner competencies.

2.4.4 Empirical Insights on Personalization

Personalized learning approaches have increasingly been the focus of empirical
studies in programming education, with strong evidence emerging to support their
effectiveness in improving both student performance and engagement. In a
comprehensive meta-analysis, researcher[43] synthesized findings from multiple
studies evaluating individualized learning interventions in programming courses. The
analysis revealed consistent benefits of personalized strategies, such as adaptive
learning platforms and tailored feedback systems in enhancing learning outcomes and
student involvement. These techniques were shown to cater to individual learning
styles and needs, making the learning process more engaging and effective. However,
much of the research in this area tends to prioritize short-term outcomes and lacks in-
depth exploration of how these systems function over time across varied student

populations.

Complementary research focused specifically on personalized learning platforms has
further emphasized the value of adaptive instructional content and individualized
learning pathways. Through experiments and learner evaluations, researcher [78]
illustrated how such platforms enable students to progress at their own pace, receive
support when needed, and build programming proficiency through contextualized,
paced learning. These systems have demonstrated their capacity to enhance mastery
of programming concepts. Despite these promising results, many existing studies do
not fully account for implementation challenges or the need for broader curricular
integration, highlighting the necessity for scalable and context-aware personalization

strategies.

2.4.4.1 Impact of Large Language Models in Educational Settings

The application of Large Language Models (LLMs) in education has become an
emerging area of empirical investigation. Studies have begun to assess the impact of
these models on various educational processes, particularly in the realm of automated
feedback and assessment. For example, research by [42] demonstrated the utility of

LLMs in generating immediate, personalized feedback for programming assignments,
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significantly improving both the speed and perceived quality of feedback delivery.
Additionally, similar results have been reported in language learning environments,
where LLMs were integrated into instructional systems and were found to support
gains in both academic performance and language competence[69]. These studies
suggest that LLMs are capable of facilitating meaningful educational experiences
across diverse domains. Nonetheless, there remains a need to evaluate how
consistently these outcomes are reproduced across various learning environments and

student demographics.

2.4.4.2 Large Language Models for Code Generation

Large Language Models have proven particularly effective in generating code and
providing programming-related explanations, owing to their training on extensive
textual and code-based data. This capability has led researchers to explore their
integration into programming classrooms, where LLMs offer benefits such as real-
time code generation, error detection, and explanatory support[77]. Al-powered tools
allow students to engage more interactively with course material, providing instant
feedback, clarifying concepts, and automating routine tasks. These features can lead
to improvements in code quality, student efficiency, and learning motivation[22], [69],
[79]. However, empirical research into the educational effectiveness of these tools
remains limited, with calls for more targeted studies to assess their impact on learning
outcomes[78], [80], [81], [82].

Historically, code generation tools were confined to domain-specific languages and
required formal specifications, which restricted their educational usability[83]. Recent
advances in machine learning and deep learning have made it possible to use natural
language-based models, such as GPT, for more intuitive and powerful code
generation. While multiple studies, including reviews by [12], [84] have discussed the
applications of GPT in programming, there is still a notable gap in understanding how
such tools affect student learning processes and academic performance. LLMs are
increasingly being adopted in classrooms to explain code snippets and assist with
assignment generation, yet the pedagogical quality of these explanations is often
inconsistent[15], [83], [85]. The present study builds on prior empirical work that has
evaluated LLM-based instructional explanations, contributing new insights into their

practical effectiveness in programming education.
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2.5 Case Studies of Al-Assisted Programming Education

2.5.1 Al-Assisted Code Generation for Novice Coders

Researchers have explored how novice programmers interact with Al-based code
generation tools such as OpenAl Codex in a self-paced learning environment. In a
study, 33 students between the ages of 10 and 17 were observed using the tool to solve
introductory programming tasks[86]. The research identified varied usage patterns,
with some learners relying heavily on the Al to generate complete solutions, while
others used it incrementally or for specific sub-tasks. The study found that students
who relied on the Al to generate entire solutions achieved higher short-term task
completion rates. However, these students struggled when asked to modify or expand
their code independently, indicating limited understanding of the underlying
programming concepts. Conversely, students who engaged in an interactive process
with the Al demonstrated stronger comprehension and improved problem-solving
skills. The findings from this study highlight an important gap in Al-assisted
programming education: while Al can effectively enhance task completion, excessive
reliance may undermine deeper learning and hinder the development of independent

problem-solving skills.

2.5.2 Al-Generated Hints Versus Human Guidance

Researchers have investigated the effectiveness of Al-generated hints compared to
human-provided guidance in an algebra-focused educational setting. They aimed to
evaluate whether Al-generated hints could match the pedagogical value of human
tutor feedback[87]. Their findings revealed that although Al-generated hints were
generally accurate, they often lacked the contextual awareness required to tailor
responses to individual student needs. The study further noted that Al-generated hints
occasionally introduced technical language or concepts unfamiliar to the learners,
resulting in reduced comprehension[87]. In contrast, students who received
personalized guidance from human tutors demonstrated better problem-solving
outcomes, as human tutors were better equipped to adjust their explanations to align
with the student's level of understanding. These findings reveal a significant gap in
current Al implementations for educational support. While LLMs can efficiently
generate factually correct content, they lack the adaptive capabilities necessary to

personalize learning experiences effectively.

38



2.5.3 Al-Generated Explanations for Programming Errors

In another study, researchers examined the use of GPT-based models to provide
explanations for student coding errors in a computer science course. The study
compared Al-generated explanations with those provided by human teaching
assistants (TAs), with student participants evaluating the responses based on clarity,
accuracy, and usefulness[88]. While Al-generated explanations were often clear and
well-structured, they occasionally omitted critical details or introduced minor
inaccuracies. In contrast, explanations provided by human TAs, although sometimes
less polished, more consistently addressed the core issues underlying student errors.
The findings from this study suggest that while LLMs can play a valuable role in
reducing the burden on educators by automating feedback, their limitations necessitate
additional validation steps[88]. An important gap identified in this research is the
absence of mechanisms for ensuring the accuracy and completeness of Al-generated

explanations.

2.5.4 Adaptive Explanations Using Prompt Engineering

Researchers have explored the potential of prompt engineering to improve the
adaptability of Al-generated content in educational settings. Their study demonstrated
that by embedding contextual information such as the learner's educational
background, prior knowledge, and desired level of detail within the input prompt, Al-
generated explanations could be tailored to meet individual student needs more
effectively[89]. For instance, a high school student struggling with fundamental
syntax errors received simplified explanations that emphasized intuitive analogies,
while a university student was presented with technical explanations that incorporated
detailed programming concepts. The success of this adaptive prompting approach
highlights a key strategy for improving the personalization of Al-generated
content[90]. However, the study also identified a significant gap in the scalability of
this method. While prompt engineering can enhance personalization, developing
effective prompts requires expertise in both educational psychology and prompt

design, making it challenging for instructors without technical backgrounds.

2.5.5 Al-Generated Content for Programming Instruction
Several researchers have investigated the application of GPT-4 to generate

instructional content for Python programming courses. Their study evaluated the
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quality and accuracy of multiple-choice questions generated by the Al model when
prompted to align with specific learning objectives. The results revealed that Al-
generated questions were well-structured, appropriately challenging, and effectively
aligned with key course objectives[91]. The ability of GPT-4 to generate clear
explanations for correct and incorrect answers was particularly notable, reinforcing
the tool’s potential to support self-paced learning. Despite these positive findings, the
study also revealed limitations regarding the pedagogical alignment of Al-generated
content. While the questions accurately addressed coding concepts, they lacked the

scaffolding necessary to guide learners through incremental skill development.

2.5.6 Al-Assisted Code Review and Debugging Tools

Several studies have examined the effectiveness of Al-driven code review and
debugging tools such as GitHub Copilot, CodeWhisperer, and TabNine. These tools
leverage LLMs to provide real-time code suggestions, identify syntax errors, and
recommend improvements[85], [92], [93]. Research findings indicate that these tools
can significantly improve coding efficiency by reducing the time students spend
troubleshooting common syntax and logic errors. However, studies have also shown
that while Al tools excel at providing fast feedback on common coding mistakes, they
may misinterpret complex logic flaws or produce ambiguous recommendations when
faced with unconventional coding patterns. The primary gap identified in this area
relates to the potential for students to develop over-reliance on Al-generated feedback,

which may diminish their ability to engage in independent problem-solving.

2.6 Analysis of Key Features and Best Practices

2.6.1 Adaptability

Adaptability refers to the ability of Al systems to adjust learning materials, feedback,
and support mechanisms in response to individual learner progress, proficiency, or
behavior. In the context of personalized programming education, adaptability is
crucial for ensuring that students receive content aligned with their current skill level,

cognitive needs, and learning trajectory.

Adaptability in educational systems is grounded in the principles of learner-centered
pedagogy and formative feedback, where instruction dynamically evolves in response

to real-time learner inputs. In GenAl-based frameworks, adaptability often manifests
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through Automated adjustment of content difficulty (e.g., beginner to advanced tasks),
context-sensitive hint generation based on learner errors, and progress-aware feedback
and learning path modifications. These approaches aim to minimize cognitive
overload, sustain engagement, and promote mastery through timely, personalized
support. For instance, adaptive learning systems such as Multilingual Code Co-
evolution were found to dynamically adjust programming exercises to accommodate

different linguistic contexts, thereby enhancing engagement and accessibility [94].

Reviewed studies provided diverse implementations of adaptability. Studies by [29],
[73] described frameworks that monitored student performance in real time and altered
the complexity of coding tasks accordingly. Similarly, [95], [96] implemented
adaptive feedback loops where the Al tutor offered progressively targeted hints
depending on user interaction patterns. The other article, [97] demonstrated how
GenAl could personalize learning materials based on prior performance history,
learner goals, and observed challenges in syntax and logic.

2.6.2 Contextual Relevance

Contextual relevance refers to the ability of GenAl systems to align learning materials,
explanations, and tasks with the learner’s specific goals, interests, curriculum content,
and real-world programming scenarios. It enhances learning effectiveness by ensuring
that Al-generated outputs are not only syntactically correct but also pedagogically
meaningful and practically applicable to the learner’s context. Frameworks such as the
Generative Al-Based Personalized Guidance Tool focused on delivering tailored
content aligned with learner objectives, significantly enhancing student engagement

and real-time feedback integration[73].

Rooted in situated learning theory and constructivist pedagogy, contextual relevance
emphasizes the importance of anchoring educational content in authentic and relatable
experiences. In programming education, this involves tailoring exercises, examples,
and feedback to: match course-specific objectives, reflect real-world programming
applications and align with learner projects or domains of interest. This alignment
fosters deeper engagement, enhances problem-solving skills, and promotes transfer of
learning to practical settings.
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Contextual relevance is a recurring feature in frameworks aiming to personalize
content beyond surface-level correctness. Articles by [73], [96] reported systems that
adjusted feedback based on students’ learning paths and career-oriented goals. Article
[6] highlighted the value of embedding context-specific examples to overcome
common conceptual barriers in programming. Articles [61], [98] illustrated how
multimodal or domain-specific prompts improved understanding by situating coding
tasks in relevant, real-life problems. Again, [99] emphasized debugging assistants and
tutoring tools that customized guidance based on the learner’s current codebase and

logical flow.

2.6.3 Clarity and Coherence

Clarity and coherence refer to the degree to which Al-generated outputs maintain a
logical structure, semantic clarity, and progressive reasoning that is comprehensible
to learners. In programming education, coherence ensures that each explanation
follows a meaningful flow, enabling students to grasp concepts sequentially and avoid
confusion due to disjointed or contradictory statements. Techniques such as Chain-of-
Thought prompting and Modular Prompt Engineering found to enhance the logical
flow of Al-generated explanations, particularly in complex programming
exercises[100].

Clarity and coherence are grounded in cognitive load theory and instructional design
principles, which stress the importance of well-structured information to facilitate
understanding and long-term retention. Within the context of LLM-powered
education, these principles translate to: step-by-step breakdowns of programming
logic, avoidance of abrupt topic shifts or contradictions, and maintenance of semantic
consistency in generated code and explanations. When coherence is lacking, students
especially beginners can misinterpret logic, overlook dependencies, or misapply
syntax patterns, leading to conceptual errors. Several studies explored methods to
enhance coherence in GenAl systems: researcher [101] introduced structured
prompting techniques to ensure logical consistency in explanations and code
annotations. Articles by [102], [103] focused on developing metrics for assessing the
coherence of Al-generated outputs in programming contexts. Researchers [99], [104]
implemented chain-of-thought prompting to break down problem-solving processes

into logical sequences that mirror human reasoning patterns. Also, [105] reported that
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fine-tuning LLMs with curated educational data led to more coherent and linear

explanations, especially in multi-step programming tasks.

2.6.4 Accuracy and Reliability

Accuracy and reliability refer to the extent to which Al-generated outputs particularly
code, explanations, and feedback are logically correct, free of syntax and semantic
errors, and consistent with programming standards. Reliability also entails the
system’s ability to consistently produce correct outputs across multiple prompts or
contexts. In programming education, accuracy is not optional but rather essential.
Errors in Al-generated code can mislead learners, introduce incorrect logic, and hinder
concept mastery. This makes reliability a non-negotiable feature in educational
applications of GenAl. The foundation of this feature lies in the verification
mechanisms for ensuring code correctness, robust evaluation benchmarks, and error
detection and debugging support within Al explanations. Inaccuracies, whether
syntactic (e.g., missing brackets) or semantic (e.g., flawed logic), can erode learner

trust and result in misconceptions that are difficult to unlearn.

The reviewed studies employed several approaches to improve the accuracy and
reliability of GenAl systems. Frameworks like LEVER (Learning to Verify Language-
to-Code Generation) were found to enhance the reliability and syntactic correctness of
Al-generated code by using verification mechanisms to reduce errors[83]. The
researcher introduced a verification-enhanced framework that uses a language-to-code
validator to reduce logical errors in Al-generated programming solutions. Researchers
[91], [106] conducted benchmarking analyses of popular LLMs, identifying persistent
challenges in producing functionally accurate code. Researcher [107] used auto-
feedback mechanisms to compare student submissions against verified solutions,
promoting accuracy through iterative refinement. Researchers [108], [109] explored
few-shot learning and code evaluation frameworks that guided the Al toward
producing contextually correct answers. Also, [105] emphasized that fine-tuning
LLMs on curated educational data significantly improved the precision of syntax and

logic across programming tasks.
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2.6.5 Prompt Engineering Effectiveness

Prompt engineering refer to the strategic crafting, refinement, and adaptation of
prompts used to guide Al output toward accurate, relevant, and pedagogically useful
responses. Effective prompt engineering enhances not only the quality of Al responses
but also their coherence, relevance, and personalization to individual learner needs. In
the context of LLM-powered educational tools, prompt engineering functions as a
control interface that bridges human intentions and Al outputs. Well-structured
prompts help the Al to understand learner intent, follow a logical reasoning path (e.g.,
chain-of-thought), deliver scaffolded or step-wise explanations, and tailor responses
based on prior learner input or performance. Prompt engineering effectiveness is
grounded in instructional design, cognitive scaffolding, and dialogic learning all of

which benefit from clear, targeted, and context-aware instructions.

A growing body of work has demonstrated the importance of prompt engineering in
personalizing programming education. Structured and iterative prompt techniques
were found to enhance output quality by guiding the Al's reasoning process and
ensuring logical consistency[110]. From the review, Studies such as Smart Prompt
Advisor demonstrated the effectiveness of structured prompts in refining Al-generated
explanations and improving output relevance and coherence[101]. Additionally,
Adaptive Prompts were found to be particularly effective in personalized
programming education, as they dynamically adjusted to individual learner
needs[111]. Researchers like [103] cataloged reusable prompt patterns that were
shown to produce more accurate and coherent outputs across diverse coding tasks.
Researchers, [104], [108] explored chain-of-thought and few-shot prompting,
respectively, to enhance step-wise problem solving and contextual understanding.
Others like [105], [112] reported that refining prompts based on learner interaction
history helped improve relevance and eliminated unnecessary verbosity or semantic
drift.

2.6.6 Practical Usability

Practical usability is the extent to which GenAl-powered educational systems are
accessible, intuitive, and readily usable by learners and instructors within real-world
academic environments. Usability encompasses several dimensions, including ease of

navigation, clear system feedback, compatibility with diverse devices, and integration
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into existing learning management workflows. Practical usability in educational
technologies is grounded in the principles of human-computer interaction (HCI),
universal design for learning (UDL), and usability engineering. In programming
education, a usable system allows learners to seamlessly access and complete coding
tasks, interpret Al feedback without confusion, interact with the system across
different platforms (e.g., browser-based IDEs), and avoid distractions caused by
system errors or poorly designed interfaces. A highly usable GenAl framework
increases student adoption, reduces cognitive friction, and enhances the overall

learning experience.

The high prevalence of this feature in the literature reflects a growing recognition that
even the most powerful Al models are ineffective if learners find them difficult to use.
Researchers [62], [113] focused on multilingual and mobile-friendly interfaces to
improve accessibility across learner groups. Articles by [114], [115] described user-
centered interface designs embedded in LMS environments to reduce tool
fragmentation. Researchers [99], [107] integrated Al feedback directly into student
dashboards, allowing immediate and actionable guidance. Researcher [105]
demonstrated that simplifying response formats (e.g., using inline comments or error
highlights) improved clarity and reduced learner dropout. Again, [116] introduced
scaffolding tools and interface cues that reduced the need for constant instructor
support. Practical usability ensures that GenAl systems are not only pedagogically
sound but also technically accessible and easy to use a crucial factor in any educational

deployment.

2.6.7 Interactivity and Collaboration

Interactivity and collaboration refer to the design of systems that not only respond
meaningfully to user input (interactivity) but also support social learning, peer
discussions, or group-based coding tasks (collaboration). Together, these aspects
promote active learning and community-driven problem solving, especially important
in programming education. These features are rooted in social constructivist theory,
dialogic learning, and interactive system design. Interactivity helps learners feel
immersed in the learning process, receiving real-time responses to their actions, while
collaboration encourages knowledge co-construction, peer scaffolding, and collective

problem-solving. In GenAl contexts, this may involve conversational interfaces for
45



Q&A, multi-user shared workspaces for coding, discussion threads integrated with Al-
generated content, and context-aware feedback that responds to both individual and

group submissions.

Numerous studies incorporated interactive and collaborative elements into GenAl-
based programming environments. Researchers [3], [73] implemented interactive
chat-based agents that provided contextualized, real-time help. Others like [22], [117]
described collaborative code editors where learners could co-author, annotate, and
review programming solutions. Studies by [8], [107] reported increased engagement
when systems allowed two-way communication and feedback loops. Researcher [109]
emphasized scalable interactivity, enabling learners in large classes to benefit from
Al-mediated collaborative exercises. It is evident from the review that [118]
introduced visual collaborative prompt-building interfaces that allowed learners to

build prompts together and reflect on prompt effectiveness.

2.6.8 Creativity and Uniqueness

Creativity and uniqueness refer to the Al system’s ability to generate original, diverse,
and thought-provoking content, such as novel code examples, multiple solution paths,
or alternative approaches to problem-solving. It emphasizes not only correctness, but
also innovation and exploration, which are critical in nurturing higher-order thinking
skills in programming students. In educational contexts, creativity aligns with
constructivist and exploratory learning paradigms, where learners are encouraged to
discover, adapt, and critique solutions rather than merely follow fixed templates.
Uniqueness in GenAl systems involves generating diverse responses to similar
queries, proposing unconventional or optimized algorithms, encouraging learners to
reflect on alternative coding approaches, and avoiding repetitive or overly generic
solutions. Creativity supports engagement, flexible thinking, and transferable

problem-solving skills which are essential in programming education.

While not the primary focus of most frameworks, several studies acknowledged the
value of creativity as a byproduct or design goal. Studies [15], [103] emphasized
prompt variation techniques that led to multiple valid outputs, encouraging student
exploration. Researcher [119] investigated how brainstorming-style prompting

improved the diversity and novelty of Al-generated code while [91] benchmarked
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LLMs on their ability to propose non-trivial solutions to standard programming
challenges. Others like [51], [116] highlighted how adaptive hinting and error analysis
led learners to discover alternative logic structures, thereby enhancing creativity
through experimentation.

2.7 Gap ldentification

Despite the rapid advancement of Al in education, existing literature reveals notable
gaps that the present study aims to address. Firstly, many studies exploring generative
Al have limited access to individualized tutoring and minimal exposure to adaptive
technologies[7], [36], [37]. Secondly, much of the current research emphasizes
surface-level engagement metrics like learner satisfaction or usage frequency, but
offers limited evidence on actual personalization effectiveness particularly in C
programming, which is inherently difficult due to its low-level syntax and abstract
concepts[2]. Most frameworks fail to align feedback, project scaffolding, or
assessments with learners’ individual competencies, prior knowledge, or preferred
learning styles[16], [21], [40]. Thirdly, explainability and trust in LLMs remain
underexplored. Although LLMs can dynamically generate feedback and suggestions,
they often operate as black-box systems, raising concerns over opaque reasoning and
inconsistent pedagogical alignment[120]. This undermines both learner trust and
instructional transparency, especially in high-stakes environments such as formal

university education.

Finally, while some frameworks integrate personalized elements like adaptive pacing
or topic selection, they often lack a structured conceptual model that integrates learner
characteristics, instructional design, and ethical considerations[73]. There is
insufficient guidance on how these variables interact within GenAl-powered tutoring
systems to enhance learning outcomes in programming. This study seeks to bridge
these gaps by developing and evaluating a structured, ethically grounded LLM-based
framework that offers real-time, personalized, and explainable learning support for C
programming students in a Kenyan university context. The framework integrates
theories such as Self-Determination Theory (SDT) and differentiated instruction, and
explicitly considers learning style, prior programming experience, and data privacy

dimensions that are rarely addressed in a unified manner in current literature.
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2.8 Conceptual Framework

This study is guided by a conceptual framework that explains how instructional
strategies and Al-driven interventions particularly those powered by Large Language
Models (LLMs) can enhance personalized learning in C programming education. The
framework has been structured around four key components: learner characteristics,
LLM framework features, pedagogical approaches, and ethical considerations. These
components interact dynamically to achieve the study’s objective of improving learner
engagement, comprehension, and satisfaction through adaptive and personalized
instruction.

The first component, learner characteristics, represents the moderating variables that
influence how effectively personalized instruction can be delivered. These
characteristics include students’ prior programming experience, preferred learning
styles (such as visual, auditory, or kinesthetic), and levels of motivation and
engagement. Understanding these differences is essential for tailoring instructional
content and ensuring the relevance and accessibility of learning materials. Moderating
variables such as learner profiling based on individual performance, background
knowledge, and preferences plays a critical role in informing how adaptive features

are implemented.

The second component involves the core features of the LLM framework, which serve
as the independent variables in this study. These include prompt engineering, adaptive
content delivery, interactive tutoring, real-time feedback, and collaborative coding.
Prompt engineering allows for the generation of learner-specific instructional content
by crafting precise, context-aware input queries. Adaptive learning mechanisms adjust
task complexity and content based on learner performance data, ensuring that students
receive appropriate levels of challenge and support. The framework also includes
interactive tutoring features, where learners engage in natural language conversations
with the LLM to receive explanations or coding guidance. Real-time feedback enables
students to quickly correct mistakes and reinforce their understanding, while
collaborative coding fosters peer learning and engagement through joint problem-

solving activities.

Pedagogical approaches represent the third component of the framework and serve as
the theoretical foundation for the instructional strategies applied. Drawing on
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constructivist learning theory, the framework encourages students to build their own
understanding through exploration and guided discovery. Scaffolding techniques are
embedded within the framework, offering structured support that is gradually reduced
as learners gain competence and confidence. Collaborative learning is also
emphasized, with opportunities for learners to interact, share ideas, and solve

problems together, promoting deeper understanding and increased motivation.

Finally, ethical considerations are integrated into the conceptual framework to ensure
the responsible design and deployment of the Al-powered instructional system. While
this study does not focus on evaluating ethical dimensions in depth, it acknowledges
the importance of data privacy, bias mitigation, and equitable access as essential
elements of a trustworthy learning environment. Measures to protect learner
information and ensure confidentiality are considered, along with strategies to reduce
biases in LLM-generated content and to ensure that all students regardless of

background can benefit from the framework’s features.

These four components work together to achieve the dependent variable of this study:
enhanced personalized learning. This is operationalized in terms of increased student
engagement, improved comprehension of C programming concepts, greater
satisfaction with the learning process, and reduced frustration among undergraduate
learners. The interaction between learner characteristics and LLM features ensures
that adaptive mechanisms respond effectively to individual needs, while pedagogical
principles guide the application of these technologies in a manner consistent with best
practices. Ethical considerations underpin the entire framework, ensuring that

personalization efforts are conducted fairly and responsibly.
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Figure 2.7: Conceptual Framework

2.9 Summary

This chapter reviewed existing literature on personalized learning in programming
education and the role of generative artificial intelligence, particularly large language
models, in enhancing instructional experiences. It began by establishing the theoretical
foundations of personalized learning and examining how individual learner profiles,
prior knowledge, and pacing needs influence programming education outcomes. A
detailed review of existing LLM-based educational frameworks was conducted and
analyzed based on its features, outcomes, and limitations, identifying gaps such as
over-reliance, limited adaptivity, and lack of fine-grained control. The chapter
concluded by identifying critical instructional elements prompt engineering,
contextual relevance, coherence, personalization, and feedback that should inform any
GenAl-powered framework for programming education. These insights provided the
foundational blueprint for developing the LLM-based personalized instructional

framework proposed in this study.
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CHAPTER THREE
METHODOLOGY

3.1 Introduction

This chapter presents the methodology adopted in the study, describing the research
design, research process, target population, and the implementation of the framework
in a classroom setting. It also outlines the data collection instruments, as well as their
reliability and validity. Additionally, this chapter details the experimental materials,
data analysis techniques, and ethical considerations that were observed during the
study. In systematically outlining the methodological approach, this chapter ensures
the credibility, reliability, and reproducibility of the research findings.

3.2 Research Design

Research design refers to the overall strategy that guided the researcher in collecting,
analyzing, and interpreting data. This study employed a mixed-methods research
design, integrating both qualitative and quantitative approaches to ensure a holistic
exploration, development, and evaluation of a personalized learning framework for
introductory C programming using Large Language Models (LLMSs). The rationale for
adopting this design lies in its ability to capture both the contextual depth offered by
qualitative data and the statistical generalizability afforded by quantitative analysis.
This dual approach provides a more comprehensive understanding of the research
problem than either method alone could offer.

The mixed-methods framework aligns with the study’s three objectives. First, a
Systematic Literature Review (SLR) was conducted using qualitative methods to
analyze existing models and technologies in personalized programming instruction.
This review established the foundational insights and conceptual gaps that informed
the framework design. Second, the Design Science Research (DSR) paradigm was
adopted to guide the creation of the LLM-based instructional framework. DSR is
particularly suitable for studies focused on innovative artifact development, as it

supports iterative design, implementation, and evaluation phases.

Design-Science research is built around three iterative activities namely problem

identification, solution design, and evaluation[121]. This makes it ideally suited for a
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study that first diagnoses gaps in personalized programming education, then designs
an LLM-based instructional framework, and finally evaluates it in a classroom setup.
Third, a controlled implementation and evaluation phase was conducted using both
qualitative tools (e.g., thematic feedback analysis) and quantitative instruments (e.g.,
pre/post tests, Likert-scale surveys) to assess the framework’s pedagogical impact and

technical reliability.

The research adopted a mixed-methods research design, selected to leverage the
complementary strengths of qualitative and quantitative approaches, ensuring a
comprehensive assessment of both the framework’s technical fidelity and its
pedagogical impact[122]. The qualitative component of the study involved systematic
synthesis of literature to gain in-depth insights into user needs, learning preferences,
and perceptions of Al-assisted programming education[123]. Qualitative data were
analyzed using thematic analysis, which facilitated the identification of recurring
themes and patterns, providing a deeper understanding.

The quantitative component of the study aimed to objectively measure the
effectiveness of the developed framework in enhancing programming education. This
was achieved through structured surveys and pre-post assessments, which allowed for
statistical analysis of learning outcomes before and after using the Al-driven learning
framework. In combining both qualitative and quantitative methods, the study
achieved a balanced and rigorous analysis of the research problem[122]. The initial
qualitative findings from the surveys informed the design of quantitative surveys,
ensuring that survey questions effectively addressed key themes identified during the

qualitative phase.

Qualitative data provided rich contextual insights into student experiences, challenges,
and preferences, capturing nuances that would be difficult to quantify[123]. However,
qualitative methods alone lacked the statistical rigor and generalizability needed to
assess the framework’s impact across a larger population. To address this limitation,
quantitative analysis was used to validate and expand upon qualitative themes,

ensuring statistical robustness and broader applicability of the findings.
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This mixed-methods research design ensured a comprehensive, systematic, and
evidence-driven approach to addressing the research questions. The integration of
qualitative and quantitative data facilitated a deeper understanding of user needs,
enabled the empirical development of an Al-based learning framework, and ensured
robust evaluation of its effectiveness[122]. To synthesize qualitative insights with
quantitative metrics, the study enhanced the credibility and reliability of the research
findings, ultimately contributing to the development of a well-founded Al-assisted

framework for personalized programming education.

3.3 Research Process

The research process outlined the procedures followed to achieve the study’s
objectives. This section details the methodological approach undertaken to address
each research objective, ensuring a structured and systematic investigation of the
effectiveness of the developed framework in personalized programming education.
The first specific objective was to answer a research question on determining features
and best practices in existing LLM-based frameworks that support effective
personalized learning in programming education. A systematic literature review was
conducted as described in section 3.5 to answer this research question. The output
from the first specific objective that is, the identified features and best practices where
validated through an expert opinion survey to ensure reliability. These features where

necessary as they informed the second specific objective.

The second specific objective was to develop a personalized programming instruction
framework using the features identified from the existing LLM-based tools. This
development was informed by the findings of the systematic literature review and
expert validation conducted in the first phase. The framework was designed with a
modular architecture to support real-time interaction, content personalization, and
learner performance tracking. In addressing gaps highlighted in the literature, the
framework also incorporated enhancements to mitigate known limitations of
transformer-based models, such as hallucination and lack of contextual alignment. The
resulting artifact, described in detail in Section 3.6, served as the main output of this

phase and laid the foundation for empirical evaluation in the next stage of the study.
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The third specific objective was to evaluate the effectiveness of the proposed
framework in improving student engagement, learning outcomes, and the quality of
instructional content in programming education. This objective was addressed by
conducting a controlled classroom study, where the developed framework was
deployed alongside traditional instructional methods. The evaluation focused on
quantifiable metrics such as pre- and post-test performance and structured
questionnaire responses measuring learner engagement and content quality.
Additionally, qualitative feedback was gathered to capture user perceptions and
contextual insights into the learning experience. Section 3.7 provides a detailed
account of the evaluation procedures, while Figure 3.1 illustrates the overall research

process flow across the three specific objectives.

Objective 1
Aim- To analyze existing Gen Al Output - Features and best practices
application frameworks. identified.
Objective 2

Aim- To develop a framework
integrated on the Large Language
Model

Output - LLM-Based Personalized
Learning Framework

Objective 3

Aim- To evaluate the Framework Output - Evaluation results

Figure 3.1: Research Process

Table 3.1 shows a summary of objectives, method used to address the objectives,

whether the method is qualitative or quantitative, and the analyses technique used.
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Table 3.1: Summary of Research Objectives

Nature of
S/No. Objective Method Used Analysis Technique
) Method y a
Analyze existing  Systematic
LLM-based Literature Review .. ... Thematic analysis and
1 Qualitative .
frameworks and and Expert content synthesis
tools validation
Develop a . . . .
. Design Science Iterative prototyping,
personalized LLM- I .
2 . Research (Artefact Qualitative expert reviews, and
based programming . s
Development) design validation
framework
Evaluate the Quasi- Descriptive statistics,
3 effectiveness of the Experimental Mixed Mann-Whitney U test
developed Study (Pre-test and Methods  (quantitative); Thematic
framework Post-test) analysis (qualitative)

3.4 Participants and Data Collection Procedures

This section outlines the procedures used to identify study participants, determine
sample size and sampling strategies, and collect data in alignment with the study’s
objectives. Participants were drawn from two primary groups: expert stakeholders for
feature validation and undergraduate students for framework evaluation. Each
subgroup was selected using methodologically sound approaches, and data were
gathered using validated instruments tailored to their respective roles. The following
subsections detail the target population, sampling methods, and data collection

procedures.

3.4.1 Target Population

The target population for this study comprised two distinct groups: undergraduate
students enrolled in computing-related degree programs at Murang’a University of
Technology, and expert stakeholders engaged in programming education and practice.
These groups were selected to support the dual focus of the study, developing and
validating a personalized instructional framework and evaluating its effectiveness in

an authentic learning environment.
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The primary student population included undergraduate learners undertaking the
Introduction to Computer Programming course during the September—December 2024
semester. This group was selected based on two key criteria: (1) foundational exposure
to programming concepts, enabling meaningful engagement with the Al-powered
framework, and (2) the course’s relevance to the study’s aim of enhancing
personalized learning in early-stage programming education. Targeting this cohort
ensured that participants possessed sufficient background knowledge to benefit from
and critically interact with the learning tool, without introducing bias from advanced

programming expertise.

The expected population size was set at 225 participants, based on historical
enrollment data for the course across multiple computing degree programs. This
number was chosen based on an estimated minimum class size of 45 students per
computing degree program across the five programs offered in the School of
Computing and Information Technology, in alignment with typical enrollment trends
and academic planning benchmarks reported in educational research. This sample size
was deemed appropriate to ensure statistical power for comparative analysis between
experimental and control groups, support subgroup representation (e.g., based on prior
programming experience or learning style), and accommodate potential attrition while
maintaining the validity and generalizability of the study findings. This number was
considered sufficient to allow for the formation of two balanced cohorts, the
experimental and the control groups, while preserving statistical validity for
subsequent comparative analysis. Stratified participation was encouraged to reflect
diversity in learning styles, prior programming experience, and academic

backgrounds, thereby enhancing the representativeness of the study sample.

To address potential challenges in access and engagement such as varying attendance
levels, schedule conflicts, and differing levels of digital fluency the study collaborated
closely with course instructors and departmental administrators. Flexible participation
schedules, instructor-led awareness sessions, and the integration of the framework into
official classroom activities were adopted to encourage participation. These measures
ensured that the selected participants formed a representative subset of the broader
student population, thereby strengthening the validity and generalizability of the

research outcomes.
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In addition to the student participants, the study also targeted a population of expert
stakeholders for the feature validation phase. This group consisted of current senior
computing students, recent graduates, university lecturers involved in programming
instruction, and ICT professionals with practical experience in software development
or Al-assisted education tools. Each subgroup was purposefully selected for their
unique perspective: senior students contributed current user experience, recent
graduates provided reflective insights, lecturers offered pedagogical evaluation, and
industry experts ensured alignment with practical standards. This diverse but focused
group provided the necessary depth and breadth to assess the relevance, clarity, and
applicability of the proposed framework features. Inclusion of both learners and
experts ensured that the framework was shaped by pedagogical relevance, usability,

and practical feasibility.

To address the heterogeneity of the target population, comprising both experts (e.g.,
lecturers, senior students, and graduates) and novices (first-year undergraduates with
little or no C programming experience), the study employed stratified sampling,
followed by purposive selection within each group. This approach ensured that both
subgroups were proportionately and meaningfully represented in the evaluation phase.
Stratification controlled for differences in prior programming knowledge, allowing the
research to capture diverse perspectives on the framework’s usability and

effectiveness across varying learner profiles.

3.4.2 Sample Size and Sampling Strategy

This study employed a two-phase sampling strategy aligned with the sequential
structure of the research objectives. The sampling approach was guided by the need to
gather both expert feedback for framework development and valid learner data for
framework evaluation. Purposeful and stratified random sampling methods were used
to ensure the selection of participants with relevant expertise and learning contexts,

while also maintaining representativeness and analytical rigor.

For the expert validation phase, a sample of 20 participants was selected to validate
the features and best practices extracted from existing LLM-based tools. According to
prior research, qualitative studies typically require 10 to 50 participants, depending on

the research question and methodology[123]. The selection of 20 participants allowed
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for detailed analysis while maintaining a manageable sample size that facilitated
deeper engagement with participants. These participants were chosen using purposive
sampling strategy, based on their prior experience in programming education and
exposure to Al tools in learning. The sample consisted of six current third- or fourth-
year students, six recent computing graduates, six university lecturers actively
involved in teaching programming, and two ICT industry experts with experience in
Al-enhanced tools. This diverse composition ensured that the feature validation
incorporated perspectives from both learners and practitioners across academic and
industry settings. The expert sample size was guided by prior literature on opinion-
based surveys and was sufficient to achieve content validation while remaining

manageable for in-depth analysis.

In the framework evaluation phase, a separate sample of 139 undergraduate students
enrolled in the ‘Introduction to Computer Programming’ unit of study at Murang’a
University of Technology during the September—December 2024 semester was
selected. These students formed the study’s core participants for assessing the
effectiveness of the developed framework. Stratified random sampling was employed
to ensure representation across learning styles, academic performance levels, and
gender, while maintaining comparability between groups. The students were randomly
assigned to either a control group (traditional learning methods) or an experimental
group (using the LLM-based framework). This random allocation controlled for
confounding variables and enhanced the internal validity of the study by ensuring that
any observed differences in learning outcomes were attributable to the intervention

rather than individual characteristics.

The sample size for the evaluation phase was informed by statistical power analysis,
targeting a minimum threshold required to detect significant differences using non-
parametric tests such as Mann-Whitney U test. At the same time, the size allowed for
practical feasibility within the institutional context. Consideration was also given to
the principle of data saturation in qualitative feedback collected from the experimental
group, whereby data collection continued until no new themes emerged[123]. Through
this dual sampling strategy, the study ensured methodological robustness and

stakeholder inclusivity, strengthening the reliability and applicability of its findings.
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3.4.3 Data Acquisition

This study employed both quantitative and qualitative data collection methods to
comprehensively evaluate the effectiveness of the developed LLM-based personalized
programming framework. Data were collected in two distinct phases, expert validation
and classroom evaluation. The total number of participants involved in data collection
was 159, comprising 20 expert participants in the validation phase and 139 participants

in the evaluation phase.

3.4.3.1 Expert Opinion Survey

For the validation of features and best practices identified from the systematic
literature review, structured expert opinion questionnaires were used. The
questionnaire contained a 5-point Likert-scale items and a few open-ended questions
to allow for additional feedback. These items were directly derived from the feature
categories synthesized in the review. A sample of this expert questionnaire is provided
in the appendix section. The expert questionnaire was validated using content
validation and internal reliability testing. Content validity was established through
peer review by two senior faculty members who assessed the relevance and clarity of
each item. To ensure internal consistency of the instrument, a Cronbach’s Alpha test
was conducted during a piloting phase conducted with five participants to check on

the reliability of the questionnaire.

3.4.3.2 Framework Evaluation

In the second phase, a structured questionnaire was administered to a sample of 75
undergraduate students who participated in the framework evaluation. The purpose of
this instrument was to collect data on key indicators such as student engagement,
perceived usability, personalization, content clarity, and overall satisfaction with the
GenAl-powered programming framework. The questionnaire was administered after
the students interacted with the framework in a classroom setting. The instrument
comprised two sections. Section A featured 15 closed-ended items rated on a 5-point
Likert scale (ranging from 1 = Strongly Disagree to 5 = Strongly Agree). These items
were designed to assess constructs such as usability, motivation, adaptability, and
perceived effectiveness. Section B included open-ended questions that invited

students to share reflections on their learning experiences such as which programming
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concepts became clearer, challenges encountered, and suggestions for improving the

tool.

The questionnaire used in the framework evaluation was constructed by adapting
items from established survey instruments previously used in Al-in-education
research. The complete questionnaire is provided in the appendix section. To ensure
reliability and clarity, the questionnaire was pilot-tested with 10 students who were
not part of the main study. The pilot responses were analyzed using internal
consistency techniques, specifically Cronbach’s Alpha, as a measure of reliability. The
feedback from the pilot phase also informed minor adjustments to item wording and
structure. The final questionnaire was administered using Google Forms, immediately
after the intervention sessions. Clear instructions and researcher guidance were
provided to reduce confusion and ensure meaningful responses. This questionnaire
instrument formed the sole basis for data collection in the framework evaluation phase,
providing both quantitative and qualitative insights for assessing the framework’s

effectiveness in enhancing personalization in programming education.

3.4.3.3 Data Collection Procedures and Ethics

Data collection was carried out over a six-week period. For the expert phase, surveys
were distributed electronically via Google Forms, and reminders were issued to
maximize response rates. During the framework evaluation phase, questionnaires were
administered at the start and end of the intervention sessions, and qualitative data
collection took place in the two weeks following the classroom trial. The two-week
duration was selected based on the academic calendar constraints and the structured
timing of the course’s lab sessions, ensuring that the intervention could be seamlessly
integrated into ongoing class activities without disrupting the syllabus. To address
potential challenges such as low response rates and scheduling conflicts, the study
offered flexible data collection times and multiple formats (online and in-person)
based on participant availability. Clear instructions accompanied all instruments to

reduce the risk of incomplete or misunderstood responses.

All data collection procedures were conducted in compliance with ethical research
guidelines. Participants were informed of their rights, assured of confidentiality, and

asked to sign an informed consent. No personally identifiable data were collected or
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stored. In integrating both quantitative and qualitative data collection methods across
both expert validation and classroom deployment phases, this study ensured a robust
and multi-perspective evaluation of the developed LLM-based learning framework.
The use of validated instruments, appropriate sampling strategies, and ethical
safeguards contributed to the overall validity, reliability, and credibility of the

findings.

3.4.4 Data Analysis

The data analysis process integrated qualitative and quantitative approaches to
comprehensively evaluate the effectiveness of the LLM-based personalized
programming framework. Qualitative data, collected from open-ended survey
responses and participant reflections, were analyzed using NVivo through thematic
analysis. Codes were developed inductively, allowing key themes related to learner
engagement, usability, and perceived benefits to emerge. To ensure reliability, two
independent coders reviewed the data, and Cohen’s Kappa coefficient (x = 0.78)

confirmed substantial inter-coder agreement.

Quantitative data, derived from pre- and post-intervention questionnaires, were
analyzed using the Mann-Whitney U test, a non-parametric method suitable for
comparing two independent samples when normal distribution cannot be assumed.
This test was used to assess whether there was a significant difference in learning
outcomes and engagement metrics between the control and experimental groups.
Descriptive statistics (medians and interquartile ranges) were also reported to support
interpretation. In combining thematic insights with statistical evidence, this mixed-
methods approach enabled a nuanced understanding of both the learner experience
and the measurable impact of the proposed LLM-based framework.

3.5 Systematic Analysis of Features

To address the first specific objective a systematic literature review (SLR) was
conducted. This approach enabled the researcher to synthesize current knowledge in a
rigorous, structured, and reproducible manner, ensuring the framework developed in
the second phase was grounded in evidence-based design principles. The review was
guided by the Preferred Reporting Items for Systematic Reviews and Meta-Analyses

(PRISMA) qguidelines, ensuring a comprehensive and transparent selection
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process[124]. The primary aim was to identify and evaluate relevant studies focusing

on key features that enhance the personalization of computer programming learning.

3.5.1 Data Sources and Search Strategy

The literature search was conducted across five reputable academic databases: IEEE
Xplore, ACM Digital Library, Google Scholar, SpringerLink, and Scopus. These
sources were selected due to their extensive collection of peer-reviewed articles and
conference papers in the fields of artificial intelligence, educational technology, and
computer science. The review targeted studies published between 2019 and 2024 to
capture the most recent advancements in GenAl technologies and their applications in

education.

A structured search strategy was employed using a combination of keywords and
Boolean operators. The primary search terms included; “Generative AI” AND
“personalized learning”, “Al frameworks” OR “adaptive learning systems” AND
“computer programming”, and “Content accuracy” AND “coherence in educational
AI”. Boolean operators such as AND, OR, and NOT were used to refine the search
and exclude irrelevant results. This approach ensured a comprehensive coverage of
relevant studies while maintaining focus on educational applications of GenAl.
Additionally, the search was restricted to peer-reviewed articles published in English,
ensuring the inclusion of high-quality and credible research sources and exclusion
criteria. To ensure the relevance and quality of the studies included in the review,

specific inclusion and exclusion criteria were established.

3.5.2 Inclusion Criteria

The selection of literature for the review was guided by clearly defined inclusion
criteria to ensure the relevance and quality of the studies considered. Only peer-
reviewed journal articles and conference papers published between 2019 and 2024
were included, ensuring that the reviewed content reflected recent advancements and
ongoing trends in the field. The review focused on studies that explored the application
of Generative Al and Large Language Models (LLMs) within educational settings,
with particular emphasis on computer programming education. Preference was given
to research that examined how Al technologies enhance personalized learning

experiences. Key features of interest included adaptability, contextual relevance,
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coherence of instructional content, and content accuracy. These criteria ensured that
the selected literature aligned closely with the research objectives and provided a

robust foundation for developing and validating the proposed instructional framework.

3.5.3 Exclusion Criteria

To maintain focus and methodological rigor, specific exclusion criteria were applied
during the literature selection process. Studies that were not peer-reviewed, including
opinion articles, white papers, and blog posts, were excluded to ensure the academic
credibility of the sources. Additionally, research that did not address the use of Al in
educational contexts or that primarily examined non-educational applications of
Generative Al was excluded, as such studies did not align with the scope of this
research. Finally, articles published in languages other than English were omitted to
avoid potential misinterpretation and ensure consistency in the review process. These
exclusion parameters helped refine the literature pool to the most relevant and reliable
sources for informing the development of the LLM-based personalized programming

framework.

3.5.4 Study Selection

The study selection process was conducted in multiple phases to ensure that only high-
quality, relevant studies were included in the final synthesis. The process began with
an initial search across five major academic databases using pre-defined search strings.
Articles retrieved from these databases were subjected to a structured screening
procedure involving a title and abstract review, followed by a full-text evaluation of
eligible studies. At the title and abstract screening stage, articles were assessed against
the predefined inclusion and exclusion criteria to eliminate non-peer-reviewed
publications, studies unrelated to Al in education, and works focusing on non-
instructional applications of Generative Al. Articles that met the initial criteria were
then reviewed in full to determine their methodological soundness and relevance to
the study’s focus on LLM features supporting personalized programming education.
A detailed account of the study selection results and key outcomes is presented in
Chapter 4 of this thesis.
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3.5.,5 Data Extraction and Synthesis

Data extraction was conducted using a standardized data extraction form, designed to
ensure consistency, accuracy, and replicability throughout the review process. This
structured tool allowed for the systematic collection of information across all studies
selected during the review. Each entry in the form captured bibliographic details
(author, title, year), study objectives, research context, and a brief description of the
intervention or framework under study. The standardized approach minimized data

handling errors and supported a transparent audit trail for future reference.

In addition to basic bibliographic data, the extraction process specifically examined
the methodological approaches employed in each study. These were classified into
qualitative, quantitative, or mixed-methods designs based on explicit declarations in
the articles or through methodological inference from data collection techniques (e.g.,
use of interviews, surveys, or experimental trials). This categorization was important
for understanding the nature of evidence presented and for evaluating the robustness

and generalizability of the reported findings.

Further, the extraction focused on capturing information about each framework’s
functional design and instructional capabilities. This included identifying whether the
GenAl-powered tools implemented adaptive feedback loops, real-time learner
modelling, context-aware response generation, or scaffolded instruction. Studies were
reviewed in terms of how these mechanisms were integrated into programming
education environments such as intelligent tutoring systems, learning platforms, or Al
plug-ins used in classroom instruction. The design and operational descriptions were
collected verbatim or paraphrased, then stored in the extraction form for thematic
synthesis.

Following the extraction phase, a preliminary synthesis was conducted by grouping
similar attributes and feature descriptions across studies. This thematic organization
focused on how the tools addressed pedagogical principles such as content relevance,
adaptability, coherence, and feedback quality. A formal synthesis and critique of these
themes, including gaps and inconsistencies in current GenAl frameworks is presented
in Chapter Four. All data used in the review were obtained from publicly available

academic databases and peer-reviewed publications. No primary data collection
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involving direct contact with human participants was conducted at this stage of the
study. This means no surveys, interviews, or observational procedures were applied
during the SLR phase. Ethical considerations were therefore limited to proper citation,
avoidance of misrepresentation, and ensuring that secondary data were used
responsibly in line with academic integrity standards. In adhering to a rigorous and
transparent extraction and synthesis process, this phase of the study laid a sound
evidence-based foundation for the design of the LLM-powered instructional
framework, while maintaining methodological and ethical integrity throughout.

3.6 Developing the LLM-Based Learning Framework

This section outlines the development process of the LLM-based instructional
framework, aligned with the second specific objective of the study. The framework
was designed to support personalized programming education by integrating
pedagogically informed features derived from the systematic review. The
development process followed an iterative, modular approach informed by design-
science methodology, focusing on framework creation through problem identification,
solution design, and testing. The framework was developed using GPT-40 as the core
LLM component, selected for its conversational fluency, multilingual support, and
advanced reasoning capabilities[64]. Key development stages included requirement
analysis, system design, component integration, and testing to ensure the framework

was well-adapted to the instructional needs of computer programming learners.

3.6.1 Feature Mapping and Architecture Design

The development of the personalized programming instruction framework began by
mapping the features and best practices identified in the systematic review to system-
level functional components. This translation process ensured that each pedagogical
requirement such as real-time feedback, adaptive learning, prompting, and learner
progress tracking was addressed through specific, modular backend services. These
features were organized into the main components of the framework. To implement
these components, the backend was built using FastAPI, chosen for its speed,
asynchronous capabilities, and ease of integration with modern Python-based Al
toolchains. The modular backend design followed domain-driven principles, with

clearly defined directories for routes, services, database models, and configuration
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settings. This separation of concerns allowed for clean scalability, code

maintainability, and rapid prototyping cycles.

The framework included a structured RESTful API layer, exposing endpoints that
allowed student inputs, code attempts, and interactions with the Al model to be logged
and processed in real time. Prompts from students were routed through this layer to
the Prompt Processing Engine, which handled formatting, contextual augmentation,
and interaction with the LLM (GPT-40). The system’s architecture incorporated an
adaptive feedback loop, which used metadata from student sessions such as number
of attempts, hint requests, and time-on-task to inform subsequent prompts
dynamically.

All learner interaction data was persisted in a PostgreSQL database via SQLAlchemy
ORM, enabling detailed learner modeling and longitudinal progress tracking. To
ensure user data security, role-based access control and token-based authentication
(OAuth2) were implemented at the API layer. This architecture was designed not only
to support LLM-driven tutoring but also to serve as a scalable foundation for
integration with frontend components and learning management systems. The choice
of FastAPI and PostgreSQL, along with modular encapsulation of routing and service
logic, aligned with the goal of building a robust, testable, and extensible educational
platform tailored to programming instruction. Figure 3.2 below shows the system
architectural data flow, which integrates a user interface, FastAPI backend, prompt
and feedback engines, and external services (ChatGPT API, PostgreSQL, OAuth2,

and GitHub) to deliver secure, adaptive, and personalized programming support.
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Figure 3.2: Architectural Data Flow of the Framework

3.6.2 Prompt Engineering and Dialogue Flow Design

Following the architectural design, the next phase of development focused on
engineering effective prompts and structuring dynamic dialogue flows to support
personalized, context-aware learning. Prompt engineering was prioritized because
LLMs are highly sensitive to input phrasing, and poorly designed prompts often lead
to hallucinations, irrelevant suggestions, or misaligned content. Therefore, this
component was central to enabling coherent and pedagogically valid learner
interactions. To ensure relevance and instructional clarity, a set of base prompt
templates was created using insights from the literature review[89]. These templates
were organized by instructional intent explanatory prompts, code debugging prompts,
feedback prompts, and motivational scaffolds. Each template followed a structured
format that specified the tone, instructional objective, and expected output type from
the LLM. For instance, templates guiding learners through code tracing tasks included

“Think step-by-step” tokens to improve LLM reasoning coherence.

Prompt complexity was not static. A dynamic adaptation mechanism was
implemented in the backend using conditional logic that monitored student
performance indicators such as repeated errors, hint requests, or extended inactivity.
Based on these indicators, the system modified prompt phrasing in real-time, offering
either more detailed explanations, simplified examples, or conceptual hints. This

dynamic flow ensured that learners received tailored support matching their current
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cognitive load and level of understanding. The dialogue orchestration followed a turn-
based model, with the learner and the LLM engaging in a controlled back-and-forth.
Each LLM response was logged alongside the student’s previous code submission or
query, allowing for traceability and data-driven reflection. The backend stored session

context and prior exchanges, enabling continuity in multi-turn interactions.

Furthermore, a layer of content verification filters was added to the prompt output
phase to flag potentially incorrect or low-confidence responses from the LLM. This
safeguard served as a preliminary quality check before delivering responses to
students. The overall prompt interaction logic was encapsulated within dedicated
service files in the backend, ensuring modularity and testability. These services were
exposed through REST endpoints, allowing the frontend interface to trigger prompt
generation, record user responses, and update learner feedback dashboards in real
time. This prompt engineering and dialogue design process laid the foundation for a
personalized and pedagogically sound interaction flow that maximized the
instructional potential of the LLM, while reducing cognitive overload and minimizing
misleading outputs. Figure 3.3 illustrates a feedback-driven LLM interaction loop
where user input is processed through a prompt engine and adaptation logic to generate
refined prompts, with low-confidence responses triggering re-adaptation before final

display to the user.

In addressing bias, prompt design strategies were engineered to avoid culturally
insensitive phrasing, gender stereotypes, or regionally irrelevant examples. The
prompt templates were stress-tested using multiple simulated scenarios to observe any
biased or misleading completions. Additionally, a verification layer was employed to
flag potentially biased or hallucinated outputs by scoring the LLM’s confidence and
factual consistency. Low-confidence completions were automatically re-prompted or
filtered, ensuring that only pedagogically aligned and equitable responses were
delivered to students. These bias mitigation steps improved trustworthiness and

instructional neutrality in the system’s outputs.

68



User Input

Prompt Engine

h 4

Adaptation Logic

Refined Prompt \

<

LLM Request - ChatGPT API

Low Confidence or Incorrect
Answer

LLM Response

. N

Display to User

Figure 3.3: Prompt Adaptation Workflow

3.6.3 Collaborative Coding and Real-Time Interaction

To support peer-assisted learning and mirror real-world software development
practices, the framework incorporated a collaborative coding environment. This
module was designed to allow multiple learners to co-edit programming tasks,
exchange feedback, and engage in structured group problem-solving within a shared
digital space. The integration of collaborative features was guided by pedagogical
principles emphasizing social learning, critical thinking, and engagement through
active participation. Technically, the collaborative environment was implemented
using Monaco Editor, the open-source foundation behind Visual Studio Code,
embedded within the web interface. This editor supported syntax highlighting, real-
time linting, and autocompletion for C programming, the course’s primary language.
To enable live collaboration, the backend leveraged WebSocket communication
channels to broadcast code changes across participants’ sessions in real time. This
approach ensured low-latency interaction, enabling students to view updates as their

peers typed, much like a Google Docs experience for code.
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Each collaborative session was associated with a unique room ID and managed by the
session orchestration service. Users could either join existing rooms via secure access
tokens or initiate new collaborative exercises. GitHub API integration was included to
simulate real-world version control workflows, allowing students to fork code
examples, push changes, and conduct basic pull request-style reviews within a
classroom context. This functionality was essential in promoting team-based coding
practices and version awareness among novice programmers. The communication
between learners and instructors was facilitated through a chat and notification
module, built using Socket.lO for real-time messaging. This allowed students to ask
for help, provide feedback to peers, or receive instructor tips during coding sessions.
A threaded message structure was implemented to help group conversations by topic

or task, preventing fragmentation in peer discussions.

All collaborative interactions were logged in the backend database, enabling
instructors to review participation patterns and identify support needs. This data was
also useful in evaluating engagement metrics during the framework’s classroom
deployment. The inclusion of real-time collaborative coding was essential not just for
technical exposure but also for fostering a supportive learning community. Providing
students with the ability to view each other's problem-solving approaches, suggest
improvements, and ask questions in context, the framework aimed to simulate an
active lab environment that encouraged knowledge sharing and continuous peer-

driven feedback.

3.6.4 Testing and Deployment

Following the successful implementation of core framework components, a structured
testing and deployment process was undertaken to ensure system reliability, usability,
and readiness for classroom integration. This phase aligned with the evaluation stage
of the design science paradigm and served to verify that the developed system behaved
as intended under real-world usage conditions. Unit testing was conducted across all
backend modules using the Pytest framework. This ensured that core functions, such
as LLM integration for prompt handling, response generation, and data persistence
operated correctly and independently. Test coverage included edge cases such as

malformed input, session timeouts, and database connection failures. Additionally,
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mock LLM responses were used during testing to isolate system logic from third-party

API fluctuations, allowing for controlled verification of internal components.

End-to-end (E2E) testing was implemented using Cypress, focusing on user
workflows within the frontend. Scenarios tested included logging in, submitting a
programming query, receiving a hint, joining a collaborative session, and receiving
instructor feedback. These tests simulated learner interactions to confirm that all
integrated services worked seamlessly across modules. Any anomalies identified
during E2E tests were logged, triaged, and resolved during iterative refinement. The
application was containerized using Docker, facilitating consistent deployments
across development, staging, and production environments. Docker Compose scripts
were used to orchestrate services such as the API server, database, and WebSocket
engine. Deployment was carried out on Truehost Cloud, a reliable local cloud hosting
provider. The backend was hosted on a Truehost Linux VPS instance, chosen for its
affordability, high uptime, and support for custom configurations. A reverse proxy
was configured using NGINX to manage routing, enforce HTTPS, and optimize load
handling. User data was stored in a PostgreSQL instance managed within the same

server cluster, with scheduled backups enabled.

For continuous improvement, a lightweight CI/CD pipeline was set up using GitHub
Actions, enabling automated testing, linting, and deployment upon updates to the
repository. This ensured fast feedback during development and reduced the risk of
deploying unstable changes. The final deployed version of the system was then made
accessible to students and instructors through a secure web portal for real-world usage,
enabling logging of all interactions and feedback as part of the subsequent evaluation

phase.

3.7 Framework Performance Evaluation

The final phase of the research focused on evaluating the effectiveness of the
developed LLM-based personalized programming framework in a real-world
classroom setting. This phase was guided by the third specific research objective,
which aimed to assess the framework’s impact on student engagement, learning
outcomes, and the quality of instructional content. To achieve this, a quasi-

experimental design was implemented at Murang’a University of Technology during
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the September—December 2024 semester. The evaluation adopted a parallel
instructional model in which students enrolled in an “Introduction to Computer
Programming” unit of study were assigned to either a control group or an experimental
group. The control group received instruction using traditional programming
resources and materials, while the experimental group interacted with the developed
LLM-based framework as a supplementary instructional tool. This arrangement was
selected to isolate the framework’s contribution by comparing learning outcomes

across the two groups under similar instructional conditions.

Data collection was carried out using structured pre- and post-tests consisting of 10
standardized questions, each worth 5 marks, to objectively measure students’
understanding of core C programming concepts before and after engagement with the
framework (see Appendix 4). The tests covered a range of topics including program
writing, control structures, functions, arrays, pointers, debugging, and conceptual
explanations. The same set of questions was administered to both the experimental
and control groups under identical conditions, allowing for a consistent comparison of
knowledge gain attributable to the framework. This allowed for an objective

assessment of knowledge gain attributable to the framework.

Given that the sample size was relatively small and the data did not meet the
assumptions of normality, the Mann-Whitney U test, a non-parametric alternative to
the independent samples t-test, was used for statistical analysis. This method enabled
the researcher to determine whether there was a statistically significant difference in
learning outcomes between the two groups without relying on distributional
assumptions. The use of this test ensured the robustness and appropriateness of the
analysis method for the given dataset. Additionally, qualitative responses from
students were coded and analyzed thematically to uncover emerging insights into
learner engagement, perceived usefulness, and content quality. This mixed-method
approach allowed for triangulation of findings, enhancing the validity of the
evaluation. This comprehensive evaluation ensured that the framework was rigorously
tested under authentic learning conditions, providing both empirical and experiential
evidence to support its instructional effectiveness. The detailed analysis of results is

presented in Chapter Four.
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3.8 Experimental Materials

This section outlines the tools, technologies, and computing resources used to design,
develop, and test the LLM-based personalized programming learning framework. The
selection of experimental materials was guided by the need for scalability,
interoperability with modern Al services, and pedagogical suitability in a
programming education context. The development environment consisted of a cloud-
hosted backend, a modern front-end framework, and integration with OpenAlI’s GPT
API. The backend logic was implemented using Python and FastAPI, while the user
interface was built with React.js for responsiveness and interactivity. PostgreSQL was
selected for structured data persistence, and GitHub served both version control and
code collaboration purposes. For testing and deployment, CI/CD pipelines and virtual
private servers (VPS) were used to simulate live environments and maintain
continuous updates. Table 3.2 provides a summary of the main experimental materials

employed in this study.

Table 3.2: Experimental Materials

Experimental Material Description
Development Machine Windows 10 (64-bit), 16GB RAM, Intel® Core i7

CPU
Backend Stack Python 3.11, FastAPI, SQLAlchemy ORM
Frontend Stack React.js (with JSX), TailwindCSS
LLM Integration OpenAl ChatGPT API (GPT-40 model)
Database PostgreSQL 14
Code Collaboration GitHub + Git CLI
Authentication OAuth2 Protocol (Implemented via FastAPI
dependencies)
Deployment VPS via Truehost, NGINX server, HTTPS enabled
Environment
CI/CD Pipeline GitHub Actions (auto deploy on push to main)
Visualization Tools Python, Chart.js for analytics
Testing Tools Jest (frontend), PyTest (backend), Cypress (E2E
testing)

The use of cloud deployment ensured real-time accessibility for students during
evaluation, while secure authentication and structured data storage-maintained system

integrity and learner data privacy. Integration of modern development tools and
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automated testing frameworks facilitated efficient prototyping and iterative

improvement.

3.9 Controlled User Studies

To evaluate the effectiveness of the LLM-based framework, controlled user studies
were conducted with undergraduate students enrolled in an Introduction to
Programming course at Murang’a University of Technology. Participants were
randomly assigned to either the experimental group (which used the LLM-based

framework) or the control group (which continued with traditional teaching methods).

Prior to the experiment, both groups underwent pre-tests to establish their baseline
knowledge and skills in programming. Throughout the study, the experimental group
interacted with the Al-powered framework, receiving personalized recommendations,
feedback, and interactive tutoring based on their performance. The control group
followed conventional instruction methods, without Al assistance. After the
intervention period, both groups completed post-tests to measure their learning
progress and comprehension levels. Additionally, structured questionnaires and
interviews were conducted to collect qualitative feedback from participants regarding
their learning experiences. The structured questionnaire assessed variables such as
usability, effectiveness, and engagement, while the interviews explored student

perceptions, challenges, and areas for improvement.

Quantitative data from the pre- and post-tests were analyzed using the Mann—Whitney
U test, a non-parametric statistical method suitable for comparing two independent
groups when the assumption of normality is not guaranteed. This test facilitated
comparison of learning gains between the two groups to determine whether observed
differences were statistically significant. Qualitative data were analyzed thematically
to extract recurring patterns and insights about the usability and pedagogical value of
the framework. This rigorous mixed-methods evaluation ensured that the study
findings were empirically validated, contextually rich, and reproducible, providing a
solid foundation for assessing the impact of the LLM-powered learning framework on

programming education.
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3.10 Ethical Considerations

Ethical standards were upheld throughout all phases of the research to ensure the
rights, privacy, and confidentiality of participants. Given the application of Large
Language Models (LLMs) in education, special attention was given to ethical
concerns such as bias, fairness, and data privacy. The development process of the
framework included rigorous testing and validation to identify and mitigate potential
biases in LLM-generated outputs, ensuring that all students received equal and fair

treatment in the learning process.

To safeguard the rights of participants, the research received approval from the Board
of Postgraduate Studies (BPS) at Murang’a University of Technology and a research
permit from the National Council of Science and Technology (NACOSTI), as required
by government regulations. Participants were provided with an informed consent form
outlining the study’s purpose, procedures, potential risks and benefits, and their rights
as participants. The form clearly stated that participation was voluntary and that
students could withdraw at any time without penalty. Additionally, a verbal
explanation of the study was provided to ensure that participants fully understood the
research before giving their consent. Depending on the mode of data collection,
consent was documented through signed forms or recorded verbal agreements.
Confidentiality and data protection protocols were strictly observed. All collected data
were anonymized and stored securely, ensuring that personal identifiers were removed
before analysis. The data were used solely for research purposes, with restricted access

granted only to authorized research personnel.

Academic integrity was maintained by ensuring proper citation of all secondary
sources, respecting intellectual property rights, and adhering to recognized citation
formats. Additional measures were implemented to address potential ethical concerns
related to Al-generated content. This included regular audits of LLM outputs for
biases, the integration of feedback mechanisms to enhance fairness and accuracy, and
strict compliance with data protection laws and institutional policies. Participants were
informed about these measures and their significance in ensuring ethical compliance.
Through these steps, the research maintained high ethical standards, ensuring fairness,
transparency, and accountability in the study of Al-driven personalized programming

education.
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3.11  Summary

This research employed a design science research paradigm supported by a mixed-
methods design to guide the development and evaluation of a GenAl-based
personalized programming framework. The methodology unfolded in three phases:
problem identification through literature and expert consultation, solution
development via iterative prototyping, and classroom evaluation. The target
population comprised undergraduate students enrolled in programming courses across
five computing degree programs. Based on a conservative estimate of 45 learners per
program, consistent with academic planning norms, the minimum population size was
set at 225 students. Sampling involved purposive selection for both expert validation
and framework evaluation stages. Three distinct instruments were used: expert surveys
(students and professionals) to validate framework features, and a structured
questionnaire for evaluating the framework’s usability, interactivity, and pedagogical
effectiveness. The reliability and validity of the instruments were confirmed through
pilot testing and expert review. This chapter establishes the methodological rigor and

empirical foundation for assessing the framework.
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CHAPTER FOUR
RESULTS AND DISCUSSION

4.1 Introduction

This chapter presents the results and findings of the study in line with the three specific
research objectives. The chapter is structured to demonstrate how the proposed Large
Language Model (LLM)-based framework addressed the problem of limited
personalization in traditional computer programming education. The chapter begins
with an analysis of existing GenAl-based instructional tools, identifying the core
features that support personalized learning. This is followed by the design,
development, and implementation of the proposed LLM-integrated framework.
Finally, the chapter presents the results of the framework’s evaluation, drawing from
both quantitative and qualitative data to assess its effectiveness in improving learner

engagement, instructional quality, and learning outcomes.

4.2 Feature Analysis

This section presents the results addressing the first objective of the study: to analyze
existing LLM-based frameworks and tools to identify features and best practices that
support effective personalized learning in programming education. To accomplish
this, a Systematic Literature Review (SLR) was conducted using a structured protocol
detailed in the methodology chapter. The review synthesized existing empirical and
theoretical contributions on the integration of Generative Al (GenAl) into
programming education, with a specific focus on identifying capabilities that enhance

personalization.

The SLR followed a rigorous multi-stage process involving database searches, title
and abstract screening, full-text review, and quality assessment. A total of 120 articles
were initially retrieved from reputable academic databases including IEEE Xplore,
ACM Digital Library, SpringerLink, Scopus, and Google Scholar. After applying the
inclusion and exclusion criteria, 42 articles were selected for in-depth analysis.
Through thematic analysis of the selected articles, eight key features were identified
as critical in enabling personalized learning through GenAl tools. These are: i)
Adaptability ii) Contextual Relevance iii) Clarity and Coherence iv) Accuracy and

Reliability v) Prompt Engineering Effectiveness vi) Practical Usability vii)
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Interactivity and Collaboration viii) Creativity and Uniqueness. These features form
the foundation for the development of the proposed personalized learning framework
discussed in later sections. Their relevance to educational practice was subsequently
assessed through expert opinion surveys, presented in a separate section.

4.2.1 Overview of Literature Search and Study Selection

To systematically gather relevant studies for this review, a multi-stage literature search
process was conducted, as outlined in the methodology section. The goal was to
identify high-quality, peer-reviewed research focusing on the application of
Generative Al (GenAl) in personalized programming education. The search was
carried out using PRISMA guidelines and the initial database query yielded 120
articles. The first screening stage involved reviewing the titles and abstracts to
determine their relevance to the study objectives. At this stage, 63 articles were
excluded for reasons including duplication, non-peer-reviewed status, unrelated
domains (e.g., Al in business or healthcare), and a lack of focus on educational
outcomes. This left 57 articles for full-text assessment. A detailed review of each
article was then conducted to evaluate their alignment with the key personalization-
enhancing features under investigation in this study. During this phase, an additional
15 articles were excluded because they either lacked empirical backing, did not focus
on GenAl in personalized learning contexts, or failed to provide actionable findings
relevant to programming education. Figure 4.1 presents a summary of the article

selection stages using a PRISMA-style flow diagram.

Records identified through
database searching (n = 120)

N

Records excluded after title Full-text articles assessed for
and abstract screening (n = 63) eligibility (n = 57)
Full-text articles excluded (n = Studies included in synthesis (n
15) = 42)

Figure 4.1: PRISMA Diagram of Literature Selection Process
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Ultimately, 42 articles were selected for inclusion in the final synthesis. These studies
span the years 2020 to 2024 and provide comprehensive insights into the state-of-the-
art application of Generative Al (GenAl) in programming education. The selected
literature includes diverse research methodologies such as systematic reviews,
empirical case studies, experimental evaluations, and framework development. This
methodological diversity offered both breadth and depth, enabling a nuanced
understanding of the pedagogical, technical, and design principles guiding the use of

GenAl in personalized programming instruction.

Each entry in the 42 articles included in the final synthesis summarizes the study’s
citation, year of publication, methodology, key findings, and the core personalization-
enhancing features it supports. These studies collectively form the evidence base for
the thematic analysis in Section 4.2.2, which examine how these features contribute
to GenAl-driven personalized programming education. A complete table with the
entire 42 articles is available in appendix 3.

4.2.2 Thematic Synthesis of Key Features

Based on the final 42 studies synthesized in this review, eight core features emerged
as critical to the successful implementation of personalized programming education
using Generative Al (GenAl) technologies. These features represent recurring themes
across the literature and capture both the pedagogical and technical affordances of
GenAl in tailoring instruction to individual learner needs. The thematic synthesis was
guided by a qualitative coding approach, in which each study was analyzed for explicit
or implicit support of one or more personalization-enhancing features. The resulting
themes are not mutually exclusive; most studies contributed to more than one feature,
reflecting the interdependence of factors like adaptability, accuracy, and contextual
relevance in GenAl-driven educational systems. Table 4.1 provides a frequency
distribution of the eight synthesized features and best practices across the 42 selected

studies.
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Table 4.1: Frequency of Personalization Features Identified

Number of Supporting Percentage of
Features and Best Practices PP g g

Studies Total (N =42)
Practical Usability 17 40%
Adaptability 16 38%
Accuracy and Reliability 16 38%
Prompt Engineering Effectiveness 14 33%
Interactivity and Collaboration 13 31%
Contextual Relevance 8 19%
Clarity and Coherence 7 17%
Creativity and Uniqueness 7 17%

The frequencies represent the number of studies that directly addressed or
implemented each feature as part of their methodology or design. While some features
such as practical usability and adaptability appeared in a larger proportion of studies,
others like creativity and uniqueness were less common but nonetheless significant in

advancing personalized learning.

4.2.3 Expert Validation

Following the thematic synthesis from the SLR, an expert validation exercise was
conducted to assess the relevance, clarity, and practical applicability of the eight
features identified for enhancing personalized programming education through
Generative Al (GenAl). This validation step served a dual purpose: (i) to ensure that
the synthesized features reflect real-world instructional needs and expectations, and
(ii) to provide empirical support for their inclusion in the development of the proposed

framework.

4.2.3.1 Participants and Instruments

To validate the relevance and practical applicability of the eight features derived from
the SLR, expert opinion was gathered using structured questionnaires. Two distinct
groups were purposively selected to represent both the pedagogical and technical
dimensions of programming education. The first group consisted of 12 expert students,

including current third- and fourth-year undergraduate students and recent graduates
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from programs such as BSc. Information Technology, Computer Science, and
Business Information Technology. These participants were selected based on their
demonstrated proficiency in C programming, all had attained either a grade A or B,
and their advanced level within their academic programs, positioning them to critically
assess the learning experience. The second group comprised eight professional
experts, including six university lecturers with experience teaching programming and
two ICT industry professionals engaged in educational technology and Al-related

work.

Separate but thematically aligned questionnaires were developed for the two groups.
Each instrument was informed by the eight personalization-enhancing features
previously identified and was structured into two main sections: (i) closed-ended items
using a 5-point Likert scale to rate the importance, clarity, and applicability of each
feature; and (ii) open-ended items designed to elicit qualitative feedback on the
strengths, limitations, and improvement areas of GenAl in programming instruction.
The combination of learner and practitioner perspectives, along with both quantitative
and qualitative data, provided a robust basis for evaluating the conceptual and

functional validity of the proposed features.

4.2.3.2 Expert Reviews

This section presents the results from the expert validation survey, designed to assess
the relevance, clarity, and practical applicability of the eight personalization-
enhancing features identified in the SLR. A total of 20 participants, 12 expert students
and 8 professional experts contributed both quantitative and qualitative data to the
validation process. To ensure the validity and reliability of the questionnaire
instrument, a pilot test was conducted prior to full deployment. The internal
consistency of the survey items was assessed using Cronbach’s alpha, yielding a
coefficient of 0.84, which exceeds the commonly accepted threshold of 0.70. This

indicates that the items used to evaluate each feature were highly reliable.

Table 4.2 summarizes the demographic information of the student respondents while

Table 4.3 summarizes the demographics of the professional respondents.
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Table 4.2: Demographic Summary of Student Respondents (n = 12)

Attribute Category Frequency E;Zr)centage
Gender Male 8 66.7
Female 4 33.3
Study Program BSc. Information Technology 5 41.7
?Sgr.]ril:zg];ss Information ) 16.7
BSc. Computer Science 4 33.3
BSc. Cyber Security 1 8.3
Year of Study Year 3 3 25.0
Year 4 3 25.0
Recent Graduate 6 50.0
g;;zgrammlng Grade A 7 58.3
Grade B 5 41.7

The student group consisted of third- and fourth-year undergraduates as well as recent
graduates, with 50% having recently completed their studies. All student participants
had attained either an A or B in C programming, indicating strong technical
competence. Most were enrolled in Information Technology and Computer Science
programs, and 66.7% were male. This diverse group provided valuable insights into

the practical use of GenAl tools from the perspective of advanced learners.
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Table 4.3: Demographic Summary of Professional Expert Respondents (n = 8)

Attribute Category Frequency Percentage (%0)
Role/Sector Teaching 6 75.0
Industry 2 25.0
Academic Qualification First Degree 2 25.0
Master's Degree 6 75.0
GenAl Experience Basic 2 25.0
Intermediate 2 25.0
Advanced 2 25.0
Expert 2 25.0

The professional experts included six lecturers and two industry practitioners, with
75% of participants drawn from the teaching sector. The majority (75%) held a
Master’s degree, while the remaining 25% held a first degree. Their experience with
Generative Al was evenly distributed, with equal representation across basic,
intermediate, advanced, and expert levels. This group contributed practitioner-
oriented insights into the pedagogical applicability, accuracy, and classroom

integration of GenAl systems in programming instruction.

To enable quantitative validation of the eight key features identified in the systematic
literature review, five evaluation parameters were derived and used in the expert
opinion survey. These parameters, feedback on code syntax and explanations, prompt
response relevance, logical organization of GenAl responses, relevance of content to
real-world applications, and accuracy of content were carefully selected to reflect the
most observable and measurable aspects of the eight synthesized features. Each
evaluation parameter integrates two or more related features from the SLR. For
example, the parameter “feedback on code syntax and explanations” encapsulates
aspects of clarity and coherence, accuracy and reliability, and practical usability, while
“prompt response relevance” draws from contextual relevance and prompt
engineering effectiveness. Similarly, “logical organization” is rooted in clarity,
coherence, and prompt design, whereas “relevance to real-world applications” aligns
with contextual relevance, usability, and creativity. The parameter “accuracy of

content” directly reflects the precision and reliability of Al-generated outputs, as
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emphasized in the SLR. In condensing the eight qualitative features into five practical
evaluation items, the survey maintained conceptual integrity while ensuring clarity,
focus, and ease of response for participants. This methodological alignment ensured
that the quantitative validation remained firmly grounded in the thematic findings of
the literature review. Participants rated key GenAl capabilities in programming
education on a 5-point Likert scale. The results are presented in Table 4.4 and

visualized in Figure 4.2.

Table 4.4: Mean Ratings and Standard Deviations of GenAl Capabilities

Evaluation Parameter Mean Score ?)t:vr::ti:)(:\
Feedback on code syntax and explanations 4.50 0.51
Prompt response relevance 3.65 0.49
Logical organization of GenAl responses 3.95 0.51
Relevance of content to real-world applications 3.95 0.51
Accuracy of content 3.70 0.47

Each of the 20 participants rated the extent to which GenAl tools demonstrated each
capability using a five-point Likert scale. The scale ranged from 1 (“Not at all”) to 5
(“To a great extent”). Responses were recorded for each parameter, and the mean score
was calculated by summing all participant responses for a given parameter and
dividing the total by the number of participants (n = 20). The standard deviation for
each parameter was also computed to determine the extent of variation or agreement
among participants’ responses. A lower standard deviation indicates greater

consensus.

The highest-rated parameter was “Feedback on code syntax and explanations,” which
received a mean score of 4.50 and a standard deviation of 0.51. This indicates strong
consensus that GenAl tools are particularly effective in providing immediate,
corrective guidance on code-level issues, a function highly valued by both learners
and educators. Both “Logical organization of GenAl responses” and “Relevance of
content to real-world applications” received a mean score of 3.95 and a standard

deviation of 0.51. These scores suggest that the Al outputs are generally well-
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structured and applicable to practical contexts, although there remains some moderate
variability in user experiences. “Accuracy of content” was rated with a mean of 3.70
and a standard deviation of 0.47, showing that participants found the outputs to be
mostly accurate but occasionally flawed, especially in more complex coding
situations. The lowest-rated parameter was “Prompt response relevance,” which
received a mean of 3.65 and a standard deviation of 0.49, highlighting a commonly
shared concern that the Al responses sometimes failed to fully align with user intent

or learning objectives.

Figure 4.2: Perceived Effectiveness of GenAl Features in Programming Education (n = 20)

Feedback on code syntax and explanations

Prompt response relevance

Logical organization of GenAl responses

Relevance of content to real-world applications

Accuracy of content

Adaptability of content to learner needs

Suitability for interactive learning

Mean Score

Figure 4.2: Perceived Effectiveness of GenAl Features

These findings illustrated in figure 4.2 visualizes the mean scores across the five
parameters. The chart clearly shows a strong perceived strength in feedback
capabilities, followed by moderate satisfaction with structure and applicability, and

comparatively lower confidence in accuracy and prompt interpretation.

The qualitative responses provided rich, context-specific feedback on the instructional
potential of GenAl in programming education. A recurring strength highlighted by
both students and experts was GenAl’s ability to deliver clear, step-by-step
explanations, especially in relation to syntax and debugging tasks. This supports the
high quantitative rating for feedback and organizational clarity. Participants also

acknowledged GenAl’s relevance to practical programming contexts, though some
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raised concerns about occasional inaccuracies in more complex scenarios, echoing the

moderate scores for content accuracy.

One of the most critical insights related to prompt engineering. Several respondents
noted that effective use of GenAl depended heavily on the user’s ability to craft well-
structured prompts. As one participant observed, learners may fail to access the full
benefits of GenAl without prior knowledge of prompt design, potentially limiting its
impact in educational settings. This concern underscores the importance of designing
GenAl tools that are both responsive to diverse input styles and embedded with
scaffolding to support novice users. Suggestions for improvement included enhanced
adaptability to learner input, better alignment with course objectives, and integration

into collaborative learning environments.

The analysis indicates that GenAl tools are perceived as highly effective in providing
code-level feedback and logical structure in programming explanations. However,
areas such as prompt alignment and content adaptability warrant targeted
enhancements, especially if GenAl systems are to be integrated into formal learning
environments. The standard deviations across all parameters were relatively low
(ranging from 0.47 to 0.51), suggesting a strong level of agreement among respondents
regarding the evaluated features. These findings support the continued refinement of
GenAl frameworks, particularly in improving responsiveness to prompt context and
ensuring content adaptability to individual learner needs. The expert validation results,
therefore, reinforce the feature set established through the SLR and guide the next

phase of framework development.

4.3 Framework Development

This section presents the development of the proposed framework designed to enhance
personalized learning in computer programming through the integration of Generative
Al (GenAl). Guided by the eight key features identified through the systematic
literature review and validated by expert opinion, the framework was operationalized
into a set of five core components: (1) the LLM Integration Module, (2) the Adaptive
Learning Tool, (3) the Collaborative Coding Platform, (4) the Learning Management
System (LMS) Interface, and (5) the Database and Analytics Layer. These components

work in tandem to support real-time feedback, dynamic content generation, intelligent
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prompt handling, learner adaptability, and programming practice in a practical and

accessible environment.

The design and development of the framework prioritized functionality, accessibility,
and alignment with pedagogical goals. While the system integrates state-of-the-art
language model capabilities with existing tools such as an online coding platform, it
also offers a unified user interface to facilitate the delivery of content, prompts,
feedback, and learner progress tracking. The following sections describe the principles
that informed the system’s architecture and how each component contributes to the

realization of personalized learning features in programming education.

4.3.1 Design Principles and Component-Feature Alignment

The development of the framework was informed by a clear set of instructional and
technical principles that prioritize personalization, scalability, and practical usability
in programming education. Grounded in the findings of the systematic literature
review and expert validation, the framework operationalizes eight key pedagogical
features through five interconnected system components. These components were
designed not only to work independently but also to reinforce each other in delivering

a coherent and responsive learning experience.

At the core of the framework is the principle of feature-driven design. Each component
was mapped directly to specific personalization-enhancing features to ensure that the
final system was both theoretically aligned and practically functional. Rather than
treating features and architecture separately, the development process embedded the
features within the logic and responsibilities of the five primary modules. This
approach ensured that abstract qualities such as adaptability, contextual relevance, and
coherence were translated into tangible system behaviors. Another guiding principle
was modular scalability. Structuring the framework into self-contained components,
each responsible for a critical function such as content delivery, code execution, or
prompt generation, the system supports future extension and refinement without
requiring a complete redesign. This allows for seamless integration of new
functionalities, including expanded prompt repositories, learner analytics, or
additional collaboration tools.
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The third principle was learner accessibility. The framework was built as a browser-
based solution, requiring no local installation and compatible with standard computing
environments. The interface was kept simple and intuitive to support self-paced
learning while offering real-time feedback and guided practice opportunities. The
inclusion of an online coding platform further enhanced practical usability by enabling
learners to write, run, and test code without leaving the system environment. The
alignment between system components and pedagogical features is summarized in
Table 4.5, which illustrates how each module contributes to the realization of the eight

validated personalization features.

Table 4.5: Framework Components and Their Supported Features

System Component Features Embedded

) Contextual Relevance, Accuracy, Clarity and
LLM Integration Module o o
Coherence, Creativity, Prompt Engineering

) ) Adaptability, Feedback Personalization,
Adaptive Learning Tool o
Progress Monitoring

) ) Interactivity, Peer Engagement, Practical
Collaborative Coding Platform - ) )
Usability, Creative Exploration

Practical Usability, Prompt Input, Learning
LMS Interface o o
Navigation, Content Organization

Accuracy, Adaptability, Data-Driven

Database and Analytics Layer
Feedback

This alignment strategy ensures that the framework is not only conceptually grounded
in current pedagogical best practices, but also directly implementable through
functional components. The next section provides a detailed view of the framework’s

system architecture and the interaction among its modules.

4.3.2 Architecture of the Developed Framework
The developed framework is structured as a modular, web-based system comprising
five primary components: the LLM Integration Module, Adaptive Learning Tool,

Collaborative Coding Platform, LMS Interface, and Database and Analytics Layer.
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These components are designed to work in tandem to support personalized
programming instruction by integrating real-time feedback, dynamic content
generation, adaptive task allocation, and learner tracking into a unified educational
platform. The system is implemented as a cloud-based application accessible through
standard web browsers. The architecture leverages modern web technologies to ensure
scalability, usability, and responsiveness. Learners interact with the system through a
simplified dashboard-like interface that presents tasks, content, prompts, and feedback
mechanisms, while instructors can configure content, track learner progress, and

initiate discussions or support via integrated communication tools.

4.3.2.1 System Workflow

The instructional workflow begins with the instructor uploading or generating
programming exercises aligned with predefined learning objectives. These exercises,
along with contextual prompts and sample code, are made available to students
through the LMS interface. Students engage with these tasks by interacting with the
LLM to receive Al-generated explanations, hints, and error diagnostics. Upon
submission of code or queries, the adaptive learning tool monitors learner inputs,
solution quality, and task completion patterns. Based on this data, the system
automatically adjusts task difficulty, suggests next learning steps, or provides remedial
support. Students complete their programming tasks in the collaborative coding
platform, which allows code execution and practice within an interactive environment.
All activities are logged and analyzed via the database and analytics layer, providing

instructors with performance dashboards and feedback loops.
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Figure 4.3: Architecture and Data Flow in the Developed Framework

The overall architecture of the developed GenAl-based personalized programming
framework is illustrated in figure 4.3. It is composed of five functionally distinct yet
highly interconnected components, each designed to fulfill a specific instructional or
operational role. These include the LLM Integration Module, which enables intelligent
content generation and personalized feedback; the Adaptive Learning Tool, which
adjusts task complexity in real time based on learner performance; the Collaborative
Coding Platform, which facilitates hands-on programming in a guided environment;
the LMS Interface, which acts as the learner’s central access point and communication

hub; and the Database and Analytics Layer, which stores user interactions and informs
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adaptive decisions. These modules are supported by secure authentication and
integrated with external services such as GPT integration and an integrated online
compiler, enabling a seamless learning experience that is responsive, data-driven, and
context-aware. Each component was developed in alignment with the pedagogical
principles identified through literature and expert validation, ensuring the system

delivers personalized and scalable programming instruction.

4.3.2.2 Lifecycle of Programming Exercises

The learning experience within the framework follows a structured, feedback-rich
loop. The cycle begins with instructors or the system generating exercises using the
LLM. Students then attempt these exercises, receiving instant feedback and Al-
generated hints. Based on this feedback, learners revise their code before submitting
the final solution. Throughout this loop, the adaptive engine monitors learner
behaviour, and instructors have the option to intervene via the communication module
if needed. The interactive nature of this feedback loop ensure that students
continuously refine their coding skills, leading to deeper comprehension and improved
problem-solving abilities[85]. Figure 4.4 below shows the lifecycle of programming
exercises. The dashed arrows show the use of Generative Al for creating programming

exercises and providing feedback on students’ programming exercise attempts.

Instructor/ )
- - + - \

Lecturer Exercise ——» Attempt
|
|
|
|
\ 4

Materials —> Student — Feedback

Figure 8.4: Lifecycle of the Programming Exercises

4.3.2.3 Technology Stack and Design Considerations

The system was built using a modular, cloud-based architecture to ensure
maintainability and scalability. The front-end interface was developed using React.js
to deliver a responsive and intuitive user experience. The backend was implemented
with Node.js and Express.js, facilitating communication with both the OpenAl API

and the database. Data management was handled using PostgreSQL, which securely
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stores user profiles, learning progress, and Al-generated content. OAuth was
implemented for secure user authentication and role-based access, while session
management and data privacy features were aligned with standard ethical and security
guidelines.

Communication between modules is enabled through RESTful APIs, and the system
supports real-time interaction features via WebSockets, particularly in collaborative
coding and messaging contexts. This architecture supports easy integration with
external platforms such as online coding platform and GitHub, while maintaining a
central user interface for unified learning experiences. The resulting framework is not
only technically robust but also pedagogically aligned with the eight validated
personalization features. The next section describes the implementation details of each
core component and the specific role it plays in delivering adaptive, relevant, and

effective programming instruction.

4.3.3 Core Functional Components

The architecture of the developed framework is composed of five interrelated
functional components. Each component plays a distinct role in delivering the
system’s personalization capabilities, while collectively supporting adaptive,
interactive, and context-aware learning experiences for programming students. These
components were designed in alignment with both the pedagogical features identified
in the literature and expert validation, and they form the backbone of the system’s
ability to offer individualized support, Al-generated instruction, and hands-on coding

practice.

The components include the LLM Integration Module, which generates content and
explanations in real time; the Adaptive Learning Tool, which adjusts learning
difficulty based on user performance; the Collaborative Coding Platform, which
enables students to experiment with and test their solutions; the LMS Interface, which
houses all learning materials and user interactions; and the Database and Analytics
Layer, which tracks learning progress and supports adaptive decision-making. Each
module was developed using widely adopted technologies and structured software
design practices to ensure modularity, accessibility, and future scalability.
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4.3.3.1 LLM Integration Module

The Large Language Model (LLM) Integration Module serves as the intelligent
component of the personalized programming framework. It enables real-time, context-
aware interaction between learners and the system by interpreting user prompts,
generating tailored instructional content, and providing dynamic coding feedback.
Acting as a digital tutor, the LLM supports users with explanations, code hints, error
analysis, and concept reinforcement aligning with the framework’s goal of delivering

personalized, adaptive learning experiences.

This module was developed using a RESTful API architecture built on Node.js, with
Express.js handling routing and Axios managing communication with the OpenAl
API for GPT-40 accessed through an APl key. Prompt queries from the learner
interface, developed in React.js, are captured and refined using structured prompt
templates, a practice known as prompt engineering. For instance, when a student
enters a basic query such as “Explain this code: for (i = 0; i < n; i++)”, the system
internally enhances it with pedagogical scaffolding like “Explain this C code to a
beginner. Include a line-by-line explanation, describe the output, and mention
common mistakes.” This ensures the LLM delivers responses that are coherent,

context-aware, and aligned with instructional goals.

The module directly supports several validated personalization features, including
contextual relevance, clarity and coherence, prompt engineering effectiveness, and
creativity. It dynamically structures explanations to match a learner’s proficiency,
invites multiple valid solutions, and ensures content accuracy and reliability confirmed
during expert review. Learners interact with the LLM via a structured course
navigation panel, where students select topics and submit prompts. The LLM responds
with tailored explanations within the same environment. There is also an exercise
interface where learners work on tasks such as checking whether a number is even or
odd, with the LLM providing inline feedback or clarification based on learner input

upon request.

4.3.3.2 Adaptive Learning Tool
The Adaptive Learning Tool is one of the core innovations of the framework,

responsible for dynamically adjusting the difficulty and structure of programming
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tasks based on individual learner performance. This component enables real-time
personalization by continuously monitoring user interactions such as task completion
time, code correctness, and the frequency of request for assistance and then
automatically tailoring the next set of exercises or support materials to suit each
learner’s pace and proficiency level. In doing so, it ensures that students remain
appropriately challenged without becoming overwhelmed, thereby maintaining

engagement and promoting mastery.

The tool was developed using a rule-based adaptation technique, implemented in the
backend using Node.js. During each learner session, the system evaluates multiple
performance parameters: whether the student completed a task correctly, the time
taken, how many hints were used, and the number of failed attempts. Based on
predefined rules, the adaptive engine classifies the learner into a performance tier
beginner, intermediate, or advanced. This classification then informs the selection of
subsequent exercises. For instance, if a student completes two consecutive tasks
quickly and correctly without assistance, the system automatically progresses them to
a higher level of complexity, such as multi-dimensional arrays or pointer arithmetic.
Conversely, if a student repeatedly requests feedback on loops or syntax errors, the
tool delivers additional foundational tasks with step-by-step LLM support.

This adaptive functionality was integrated directly into the exercise routing logic of
the learning interface. Once the student submits a task, a backend process checks their
recent performance history from the PostgreSQL database, computes an engagement
score, and determines the appropriate difficulty level for the next exercise. Exercises
are stored in indexed difficulty bands, allowing the system to dynamically select
content aligned to learner performance. To enhance transparency, feedback is
provided at each stage, letting learners know when the system is offering

reinforcement or elevating the challenge based on their recent successes.

From a pedagogical standpoint, the Adaptive Learning Tool addresses three key
personalization features identified in this study. First, it embodies adaptability by
modulating the learning experience according to real-time performance metrics.
Second, it contributes to contextual relevance by ensuring that students engage with

content appropriate to their current skill trajectory, avoiding both repetition and
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premature advancement. Third, it reinforces feedback-driven progression, as learners
are encouraged to reflect, revise, and build confidence through timely difficulty

adjustments.

Initial testing of the tool during pilot implementation showed promising outcomes.
Students reported that the progression of tasks felt "appropriately challenging” and
appreciated the clarity in how the system responded to their performance. Instructors
also noted that the tool helped identify struggling learners early by flagging repeated
failures or extended task durations. While the adaptation logic is rule-based in this
version, it is designed to support future integration with machine learning algorithms

that could offer finer-grained personalization over time.

Input: task_result, completion_time, hint_count, failure_count
Output: next_exercise_level
BEGIN
IF task result == "correct” AND completion_time < threshold_time AND
hint_count ==0 THEN
success_counter +=1
failure_counter =0
ELSE IF task_result == "incorrect” OR hint_count > max_hints THEN
failure_counter +=1
success_counter =0
END IF
// Determine learner tier
IF success_counter >= 2 THEN
learner_tier = "advanced"
ELSE IF failure_counter >= 2 THEN
learner_tier = "beginner”
ELSE
learner_tier = "intermediate™
END IF

/I Select next exercise from corresponding difficulty band

next_exercise_level = getExercise(learner_tier)
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/I Store decision in database
logPerformance(learner_id, task_result, learner_tier, next_exercise_level)
RETURN next_exercise_level

END

This pseudocode outlines the core logic behind the adaptive engine, which calculates
the learner’s current tier based on their ongoing task performance and selects the next
task accordingly. This algorithm ensures the engine operates with consistent and
transparent decision-making logic that can be scaled or refined in future

implementations.

4.3.3.3 Collaborative Coding Platform

The collaborative coding platform provides learners with an interactive environment
to write, test, and refine programming solutions. It serves as the practical coding space
within the framework, allowing students to apply concepts learned through the LLM
and adaptive learning tool. This component is integrated with a web-based compiler
that enables real-time code execution, enhancing understanding through
experimentation and iterative feedback. The platform was implemented using a
browser-embedded editor that supports preloaded tasks linked from the learning
interface. Students can write and run code directly in the browser without additional
setup. The system also supports personalized Al hints and solution feedback via
integration with the LLM module. It promotes learner engagement, peer comparison,

and problem-solving autonomy core principles of personalized, exploratory learning.

4.3.3.4 Learning Interface and Communication Module

The learning interface serves as the central hub for accessing all learning content, Al
interactions, and communication tools within the developed framework. Built using
React.js, it was designed for responsiveness, modularity, and ease of use. Learners use
the interface to navigate course topics, submit prompts to the LLM module, view Al-
generated feedback, and track their progress through personalized dashboards. The
interface supports OAuth-based authentication and interacts with backend services via

RESTful APIs, ensuring secure and dynamic content delivery.
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A core feature of this module is the real-time communication system, developed using
Socket.io, which enables students to receive immediate notifications, chat with
instructors, and engage in peer-supported discussion. These interactions are logged
and used to inform adaptive learning decisions. The interface also supports prompt
engineering by guiding learners in how to structure their queries for better Al output,
and it promotes collaborative learning by facilitating instructor feedback and system-
driven alerts. This intuitive design ensures that learners can access structured content,
coding tasks, and feedback without needing any external setup or technical
configuration. The interface screenshot is provided at appendix 5 together with the

code of the entire framework pushed to GitHub.

4.3.3.5 Database and Analytics Layer

The database and analytics layer is the core data management component of the
framework, enabling real-time and historical analysis to support personalization.
Implemented using PostgreSQL, it securely stores structured learner data, including
profiles, submissions, prompt histories, performance logs, and system-generated
feedback. This data is critical for informing adaptive content delivery, particularly by
the adaptive learning tool and LLM integration module. Analytics functionality,
developed with Node.js and optimized SQL queries, allows the backend to track
learning patterns and performance trends. A dedicated API connects the database to
the LMS dashboard, enabling instructors to access key metrics such as task completion
rates and common learner errors. Security is enforced through user authentication,
role-based access control, encryption, and data anonymization to ensure ethical
handling of sensitive information. This component directly supports personalization
features like adaptability, accuracy, and feedback refinement, by enabling data-driven
decisions based on long-term learner behaviour. During testing, it demonstrated high
reliability, effectively supporting concurrent system activity while enhancing both

instructional oversight and learner progression.

4.3.4 End-to-End Framework Workflow

This section outlines the sequential flow of operations within the developed LLM-
based personalized learning framework, from user login to the final delivery of
personalized learning outcomes. The objective is to provide a detailed account of how

each functional component interacts with user data and system logic to deliver tailored
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instruction in C programming. Upon launching the system, learners are required to log
in using their institutional credentials. This authentication step ensures that individual
learning profiles are securely accessed. Once authenticated, the system retrieves the
user’s historical interaction data, such as prior tasks attempted, feedback received, and

recorded performance metrics.

Following authentication, the system executes a learner profiling procedure. This
involves analyzing stored data to estimate the user's current proficiency level.
Variables such as the number of errors in previous submissions, speed of task
completion, and the nature of feedback consumed are used to categorize the learner
into one of three predefined levels: beginner, intermediate, or advanced. This
classification directly influences how prompts are structured, how feedback is
delivered, and how content is sequenced. Learners then interact with the system by
selecting or entering a programming task. The LLM interaction module preprocesses
this input to ensure alignment with pedagogical goals. Prompts are dynamically
structured based on the learner’s profile, for example, a beginner’s prompt may
include scaffolded instructions, while an advanced learner might receive minimal

guidance to encourage problem-solving autonomy.

The system forwards the contextualized prompt to the OpenAl API via a secure
Node.js backend. This module formats the query, adds appropriate examples or
constraints, and routes it for inference. The returned output includes code samples,
explanations, or error diagnoses. These are post-processed to ensure syntactic and
semantic correctness before display. One of the core innovations of the framework is
the adaptive learning engine, which continuously monitors user interactions to update
the learner model. If a user completes a task with high accuracy and minimal support,
the engine increments their proficiency score, thereby increasing the difficulty level
of subsequent tasks. Conversely, repeated errors or help requests trigger the
assignment of simpler exercises and more detailed explanations. This adaptivity

ensures that learning remains appropriately challenging without becoming frustrating.

The system optionally offers access to a collaborative coding interface where learners
can engage in peer discussions or seek help on difficult tasks. This module operates

asynchronously, logging interactions to inform future adaptations. It also contributes
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to the relatedness component of self-determination theory by promoting a sense of
academic community. After the learner submits a solution, the system immediately
evaluates it using rule-based validators and heuristic checks. Identified errors are
mapped to likely misconceptions, and the feedback engine retrieves targeted
explanations and example fixes. These are displayed alongside the user’s submission
to promote reflection and correction. All learner actions, from prompt input to
response consumption, are logged in a secure backend database. These logs enable
instructors to monitor progress and allow the system to maintain continuity across
sessions. The learner profile is updated in real time, forming the basis for subsequent
task selection and feedback customization. Figure 4.5 illustrates the complete

operational sequence of the developed framework.
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Figure 4.5: Hierarchical Flow of the Developed Framework
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The flow begins with user authentication and learner profiling, followed by prompt
submission and interaction with the LLM. The adaptive learning engine evaluates user
performance and adjusts task difficulty dynamically. Personalized feedback is
generated and displayed in real time. Optionally, learners may engage in collaborative
coding. All interactions are logged and used to update learner profiles, ensuring

session continuity and progressive personalization.

4.4 Evaluation of the Developed Framework

This section presents a comprehensive evaluation of the developed GenAl-powered
programming education framework, drawing from survey data collected from 75
participants. The evaluation focused on usability, learning effectiveness, and, most

importantly, the extent to which the system enhanced personalized learning.

4.4.1 Survey Design and Administration

The evaluation utilized a structured online questionnaire comprising both closed-
ended (Likert-scale) and open-ended questions. The instrument was designed to gather
feedback on key educational dimensions, including usability, learning motivation,
personalization, and technical functionality. Quantitative data were analyzed using
descriptive statistics to determine the average performance of different system
features. To ensure the reliability of the instrument, internal consistency was evaluated
using Cronbach’s alpha. The personalization section of the questionnaire (comprising
five Likert-scale items) yielded a Cronbach’s alpha coefficient of 0.84, indicating high
internal consistency and confirming the reliability of the instrument for assessing
perceived personalization. Additionally, qualitative responses were thematically
analyzed to contextualize numeric trends and identify emergent needs. A total of 75
students were invited to participate in the system evaluation, and all 75 completed the
survey, yielding a response rate of 100%. This high response rate justifies the
statistical validity of the survey results and indicates strong engagement from

participants throughout the study period.

4.4.2 Quantitative Analysis of Personalization Features
One of the primary objectives of the study was to assess how well the framework
enhanced personalized learning. To measure this, five Likert-scale items focused

specifically on personalization were analyzed. Table 4.6 summarizes the findings.
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Table 4.6: Student Ratings on Personalization Aspects (n = 75)

Personalization Aspect Mean Std. Dev.
The tool adapted to your individual learning needs 3.72 0.98

The tool offered personalized feedback or guidance that was 411 078
useful for your learning ' '

The suggestions and resources provided by the tool were relevant 306 0.83

to your learning ' '

You were motivated to complete assignments and exercises using 427 098

the tool
The GenAl tool stimulated learning collaboratively or from peers 3.81 1.04

Figure 4.6 presents a visual summary of the participant’s perceptions regarding the
personalization features of the GenAl learning framework. The data highlights the
system’s strong performance in motivating learners, with the highest average rating of
4.27. This suggests that the adaptive task progression and timely feedback
mechanisms were effective in sustaining learner engagement. Personalized feedback
and guidance also received a high rating (4.11), affirming the tool’s ability to tailor
support to individual learning contexts. Similarly, the 3.96 rating for relevant content
suggestions indicates that students perceived the Al-generated resources as aligned

with their programming needs and goals.
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5 Student Perceptions of Personalization Features
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Figure 4.6: Student Perceptions of Personalization Features

In contrast, the tool’s ability to dynamically adapt to each learner’s performance
scored moderately at 3.72, reflecting room for improvement in real-time
responsiveness. Peer collaboration features received a slightly higher rating (3.81), but
were still noted as limited likely due to minimal integration of interactive or group-
based features. The higher standard deviation in this area (1.04) suggests varied
student experiences, pointing to inconsistencies in perceived collaboration
opportunities. Taken together, these results show that the framework successfully
delivered a functional and appreciated personalized learning experience. However, the
findings also emphasize the need for further refinement, especially in areas of dynamic
adaptivity and collaborative learning integration, to fully realize the potential of

personalized education using GenAl technologies.

4.4.3 Thematic Analysis of Qualitative Feedback

Thematic analysis was conducted manually using an inductive coding approach.
Responses were first open-coded to identify recurring themes, followed by axial
coding to categorize related concepts. Codes were reviewed iteratively to ensure
consistency and were validated through peer discussion. NVivo software was not
used; instead, spreadsheet-based matrix coding was applied to organize patterns. To

complement the quantitative findings, open-ended responses collected from students
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during the evaluation were thematically analyzed to gain deeper insights into their
experiences with the GenAl-powered learning framework, particularly its
personalization capabilities. Thematic coding followed an inductive approach,
identifying both praised aspects and areas where students recommended improvement.
Many students emphasized the clarity and structure of the explanations provided by
the framework. They frequently mentioned that the system’s ability to deliver line-by-
line or step-by-step breakdowns of programming tasks significantly aided their
understanding, especially when handling unfamiliar code. This structured guidance
was noted to be particularly helpful for reinforcing core concepts and debugging errors

independently.

Another widely cited strength was the personalized and timely feedback received after
submitting queries or exercises. Students appreciated how the framework provided
immediate and relevant responses, which they felt addressed their specific learning
needs. This responsiveness not only helped them resolve problems more efficiently
but also reduced dependency on instructor intervention. A number of respondents
shared that the platform helped them build confidence in managing tasks on their own,
thereby supporting independent learning. For many, the system’s open-ended response
style and provision of multiple solution paths encouraged critical thinking and

exploration.

Despite the generally positive sentiment, the participants also offered constructive
suggestions for enhancement. Language accessibility was mentioned by a few
participants. Although the feedback was generally informative, they felt that the
framework occasionally used overly technical or abstract terminology, which could
overwhelm beginners. Simplifying the language or offering layered explanations,
starting from the basics, was suggested as a way to improve accessibility for learners
at different levels. A recurring recommendation was the integration of peer
collaboration features. Students expressed interest in functionalities that would allow
them to engage in real-time group tasks, compare solutions, or seek feedback from
classmates. The thematic analysis reinforces the quantitative data by highlighting that
the framework effectively supports personalization through structured feedback,

relevant suggestions, and motivational support.
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4.4.4 Pretest-Posttest Comparison

To objectively assess the effectiveness of the GenAl-powered personalized
programming framework, a pretest-posttest experimental design was implemented
involving two distinct student groups. The experimental group (n = 75) used the
GenAl-enhanced learning system, while the control group (n = 64) received traditional
classroom instruction over the same period. Both groups were administered equivalent
pretests and posttests aligned to the same programming course objectives. Table 4.7
summarizes the average scores for both groups. While the control group began with a
slightly higher pretest mean (60.94) compared to the experimental group (57.16), the
experimental group demonstrated a significantly greater learning gain. After the
intervention, the experimental group improved to a mean score of 66.24, indicating a

9.08-point increase, compared to a 2.14-point increase in the control group.

Table 4.7: Group Performance on Pretest and Posttest Evaluations

Group Pre-test Mean Post-test Mean  Mean Gain
Control Group 60.94 63.08 +2.14
Experimental Group 57.16 66.24 +9.08

These findings are further illustrated in Figure 4.7, which presents a visual comparison
of performance progression across the two groups. The steeper trajectory in the
experimental group highlights the positive impact of the GenAl-based framework in
enhancing students’ programming skills. The results suggest that the adaptive
instructional design and real-time feedback features integrated into the GenAl
framework contributed substantially to improved learning outcomes. Despite
beginning with a lower baseline, students in the experimental group outperformed
their traditionally taught peers in the posttest phase.

Both the experimental and control groups had previously completed the same
foundational C programming module as part of their curriculum, ensuring a
comparable entry behavior and basic understanding of concepts such as syntax, data
types, and control structures. The slightly higher pretest performance of the control
group (mean = 60.94) compared to the experimental group (mean = 57.16) is attributed

to natural variation and does not indicate significant baseline differences. To minimize
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confounding factors, both groups received equivalent instructional content, with the
only difference being the use of the GenAl-powered framework by the experimental
group. This controlled approach supports the conclusion that the observed
performance gain in the experimental group was predominantly due to the

intervention.

A Mann-Whitney U test was conducted to compare the posttest scores of students in
the experimental group and those in the control group. The results revealed a
significant difference in learning outcomes between the groups (U = 1725.5, p <
0.008). This indicates that students who used the GenAl-powered learning framework
demonstrated significantly greater improvements compared to those taught through

traditional methods.
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Figure 4.7 Pretest and Posttest Scores Comparison

445 Framework Behavior in Personalized Code Generation

This section demonstrates how the developed framework dynamically adapts its
instructional output based on individual learner data. The example provided illustrates
a scenario in which a beginner-level student interacts with the system to receive

personalized support while learning C programming. The objective is to present the
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internal logic and flow of operations that result in tailored code generation, thereby

validating the framework’s responsiveness to learner profiles.

In this instance, a student logs into the system and initiates a request to generate a
basic C program that determines whether a number is even or odd. Upon
authentication, the system automatically retrieves and analyzes the learner’s profile,
which includes historical performance indicators such as frequent syntax errors, high
reliance on feedback tools, and prolonged task completion times. These data points
are interpreted by the learner profiling engine to classify the user as a novice. Once
the learner’s proficiency level is confirmed, the adaptive learning engine is triggered.
This component is responsible for selecting the appropriate instructional complexity
and content formatting. In this case, the engine identifies the task as suitable for
beginner-level instruction and prepares to scaffold the learning experience
accordingly. The prompt handler then reformats the learner’s initial input by
embedding guiding instructions for the LLM. Specifically, the system adds meta-
instructions that request the model to include explanatory comments, simplify logic,
and avoid advanced syntax constructs. This process is invisible to the user but serves

to shape the LLM’s output in a pedagogically responsive manner.

The structured prompt is sent through the LLM interaction module, which relays the
query to the OpenAl API via a secure backend. The returned output undergoes internal
validation to ensure that the generated code is syntactically correct, coherent, and
aligned with the prompt’s instructional intent. Below is the actual code produced by

the system in response to the learner’s query:

#include <stdio.h>

int main() {

int number;

/[ Prompt the user for input
printf("Enter an integer: ");

scanf("%d", &number);
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/I Check if the number is even using modulo operator
if (number % 2 ==0) {

/I 1f divisible by 2, it's even

printf("%d is even.\n", number);
}else {

// Otherwiseg, it's odd

printf("%d is odd.\n", number);

return O;

The generated output is noticeably beginner-friendly. It includes a high density of
inline comments to support code comprehension and explain the logic behind the
even-odd check. The syntax is deliberately simplified to exclude advanced structures,
thereby reducing cognitive load for the learner. Console prompts are phrased clearly,

enhancing user interaction and minimizing confusion.

Internally, this behavior reflects the collaboration of several components within the
system. The learner profiling engine establishes the user’s knowledge level, while the
adaptive learning engine selects the difficulty of the response. The prompt engineering
strategy, managed by the prompt handler, then guides the LLM to return content that
is educationally aligned with the learner’s needs. Finally, the feedback engine prepares
the output for display and updates the learner model with new interaction data to

inform future responses.

4.4.6 Comparative Framework Analysis

This section presents a structured comparison between the developed personalized
learning framework and selected existing frameworks. The purpose of the comparison
is to highlight how the proposed framework aligns with or improves upon prior
approaches, especially in terms of adaptability, learner modeling, and instructional
delivery. The comparison was conducted based on an evaluation of key functional and
pedagogical features derived from literature, including real-time feedback, learner

profiling, adaptability, prompt structuring, and collaborative support. Three existing
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frameworks were selected for comparison with the developed framework: (i) ITS-
CAL.: A rule-based intelligent tutoring system, (ii) Artemis GPT-3.5 Tutor: A natural
language-based Al tutor, and (iii) TutorLLM: A GPT-powered educational assistant
with prompt templates. Each framework was analyzed using publicly available
documentation, published evaluations, and where applicable, hands-on pilot testing
(for Artemis and TutorLLM). The comparison focused on whether these systems
addressed the challenges identified in the literature review, and how they implemented
personalization and adaptivity in instructional delivery. Table 4.8 provides a high-

level summary of these distinguishing features.

Table 4.8: Comparison of the Developed Framework with Existing Frameworks

) ITS- Artemis GPT- Proposed

Feature / Metric TutorLLM

CAL 3.5 Tutor Framework
Real-Time Feedback X v v v
Adaptive Learning

_p X X Limited  + (Continuous)

Engine
Learner Profiling X X Initial only «# (Ongoing)
Prompt Engineering ) ) Dynamic +

Static Semi-Structured Templated
Strategy Context-Aware
Collaborative Coding

X X X v
Support
Task Adaptation )

_ X X Partial v

Based on History
Instructional ) )

Moderate Variable Moderate High
Coherence
Ease of Deployment  High Moderate Low Moderate
Scalability and o o )

Limited Moderate Limited High

Modularity

The comparison clearly demonstrates that while existing systems such as ITS-CAL
and Artemis GPT-3.5 Tutor incorporate elements of intelligent feedback and natural
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language interaction, they lack robust support for real-time learner modeling and
adaptability. ITS-CAL is largely rule-based and static, while Artemis, though built on
GPT-3.5, lacks a structured pedagogical engine and provides variable-quality
feedback depending on prompt complexity. TutorLLM introduces prompt templating
and some user-level adaptation but does not sustain learner profiling over time,

limiting its instructional personalization.

In contrast, the developed framework integrates multiple advanced features into a
unified ecosystem. It continuously monitors user progress, dynamically adjusts task
difficulty, and generates instructional content tailored to individual learner profiles.
The inclusion of collaborative coding further differentiates it, offering peer interaction
within a personalized learning space. The system’s modular backend and frontend
design also ensure greater adaptability to different instructional contexts, making it
more scalable than many existing solutions. The comparison confirms that the
developed framework effectively addresses key limitations in previous systems,
offering a more adaptive, learner-centered, and pedagogically aligned solution for

programming instruction.

45  Results

This section presents the consolidated results of the study in relation to the three
research objectives. The findings are organized into two subsections: theoretical
results, which include the outcomes of the systematic literature review and expert
validation; and empirical results, derived from the evaluation of the implemented
framework through classroom deployment and experimental testing. The goal of this
section is to demonstrate how the developed framework operationalizes validated
features of personalization in computer programming education, and to provide

evidence of its effectiveness from both conceptual and practical standpoints.

45.1 Expert Survey Results

The theoretical results of this study are grounded in the outcomes of the systematic
literature review and the subsequent expert validation process. These two phases
addressed the first research objective of the study. The outcomes presented in this
section reflect how personalization in programming education was conceptualized,

validated, and embedded into the structure of the developed system.
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4.5.1.1 Systematic Review Findings

The SLR involved a multi-stage screening and synthesis process that yielded 42
relevant studies published between 2020 and 2024. These studies were drawn from
peer-reviewed journals and conference proceedings and focused on Generative Al
applications, LLM-based instruction, and adaptive learning frameworks within
programming education. Through thematic analysis of these studies, eight core
features were identified as critical to supporting personalized learning environments
powered by Al. These features include: adaptability, contextual relevance, clarity and
coherence, accuracy and reliability, prompt engineering effectiveness, practical
usability, interactivity and collaboration, and creativity and uniqueness. Adaptability
emerged as the most emphasized feature, with many studies highlighting the ability of
Al tools to tailor task difficulty, feedback, and pacing to the learner’s performance.
Contextual relevance together with clarity and coherence were also prominent,
underscoring the need for Al-generated content to align with real-world programming
scenarios and follow logical explanatory structures. Accuracy, particularly in code
generation and syntax validation, was repeatedly noted as essential for maintaining

credibility in programming education.

Prompt engineering was identified as a foundational mechanism that underpins the
quality of Al output, determining the relevance and coherence of responses. Several
studies also emphasized the importance of feedback that is responsive to learner
inputs, thereby enabling iterative learning. Additionally, frameworks that support
creativity such as through open-ended problem-solving and multiple solution paths,
were noted to enhance learner engagement. Finally, studies underscored the
importance of delivering all these features through platforms that are practically
usable: accessible via web browsers, intuitively navigable, and minimally dependent
on technical setup. This synthesis formed the theoretical basis for the framework,
guiding the specification of system features and influencing architectural decisions

presented in Section 4.3.

4.5.1.2 Expert Validation of Identified Features
To ensure that the features identified in the review were pedagogically relevant and
practically applicable, an expert validation exercise was conducted involving 20

participants. These included university lecturers, ICT industry professionals, senior-
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level programming students, and recent graduates. The validation process used a
structured questionnaire, composed of Likert-scale items and open-ended questions,
to assess expert agreement with the relevance and applicability of each feature. The
results revealed strong expert endorsement across all eight features. In particular, there
was high agreement on the importance of adaptability and prompt engineering in

improving Al-generated instructional content.

Experts emphasized the need for content that could adapt to the learner’s pace and
prior knowledge, and for Al outputs that were logically structured, technically
accurate, and pedagogically aligned. Ratings on items related to relevance, accuracy,
and structured explanation consistently scored above a mean of 4.0 on the five-point
Likert scale, while the feature of personalized feedback was frequently mentioned in
open-ended responses as essential for promoting learner autonomy and reducing
frustration. These validation results confirmed that the framework’s design not only
reflected theoretical best practices but was also aligned with stakeholder expectations
and practical classroom realities. This strengthened the internal validity of the features

and provided further justification for their integration into the system.

4.5.1.3 Feature Integration in the Framework Design

The theoretical features validated through the SLR and expert survey were
subsequently embedded into the design of the framework through dedicated functional
components. The adaptive learning tool operationalized adaptability by adjusting task
difficulty based on student performance metrics. The LLM integration module was
configured with prompt templates to improve contextual relevance, coherence, and
accuracy of responses. Personalized feedback was enabled through dynamic hint
generation and iterative task support. The platform's web-based interface and seamless
access to an online coding environment ensured practical usability, while creative
exploration was facilitated by open-ended prompts and opportunities for learners to
submit diverse solution paths. In directly aligning each personalization feature with a
system component, the framework translated theoretical insights into a cohesive and
functional architecture. This implementation validated the framework as a theory-
informed, practically accessible tool for enhancing personalized programming

education.
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4.5.1.4 Learner Reflections on Personalization and Learning Experience

The qualitative responses collected through the open-ended section of the framework
survey provided further insight into how students experienced the personalization
capabilities of the framework. Thematic analysis of the responses revealed recurring
patterns in how learners described their interactions with the system. A majority of
students emphasized the value of real-time, context-specific feedback. Many noted
that the tool offered step-by-step guidance and relevant code explanations that helped
them correct their mistakes without external assistance. Several students described the
tool as “functioning like a tutor” that adapted to their level of understanding and

provided support when they encountered difficulties.

Learners also appreciated the ability to progress at their own pace, revisiting prompts
or reattempting exercises based on the feedback they received. Others highlighted the
motivational aspect of being able to solve problems independently with the support of
the Al, stating that the system made programming feel less intimidating and more
engaging. The personalization experience, as described by students, aligned closely
with the system features designed to promote adaptability, feedback, contextual
relevance, and practical usability. The LLM-generated responses, supported by
prompt engineering and retrieval mechanisms, contributed to a guided and supportive

learning environment.

4.5.1.5 Challenges and Areas for Improvement

Despite the overwhelmingly positive reception, the participants identified a few
limitations that warrant further attention. Some respondents reported occasional slow
response times, likely due to internet connectivity or system resource constraints. A
few learners expressed concerns over the consistency of Al-generated responses,
noting that certain explanations or feedback items appeared overly generic or lacked
clarity when dealing with more complex programming logic. Although the platform
allowed for real-time messaging and interaction, students felt that opportunities for
peer-to-peer learning and shared problem-solving could be improved. These findings
suggest that future iterations of the framework should place greater emphasis on
building collaborative coding scenarios and refining the LLM’s ability to handle

nuanced coding problems.
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4.5.2 Experimental Results

The empirical results of this study provide evidence of the practical impact of the
developed LLM-based learning framework when deployed in a real educational
context. This section presents findings derived from the classroom implementation of
the framework, structured around the third research objective, which sought to
evaluate the system’s effectiveness in improving student engagement, learning
outcomes, and content quality in computer programming education. To obtain robust
empirical insights, the evaluation adopted a mixed-methods approach involving
quantitative data collection through a structured Likert-scale questionnaire, qualitative
data through open-ended survey items, and experimental comparison of learning
outcomes using a pretest-posttest design. The framework was implemented in a
classroom setup comprised of 75 students enrolled in an introductory course on the C

programming language.

4.5.2.1 Evaluation Through Survey Responses

The primary source of quantitative feedback was a 15-item Likert-scale questionnaire
administered after students interacted with the framework. The items were grouped
under five thematic areas: ease of use, learning enhancement, engagement and
motivation, personalization, and overall satisfaction. Each item was rated on a five-
point scale ranging from 1 (strongly disagree) to 5 (strongly agree). The results
revealed strong positive perceptions across all five evaluation categories. Among
these, the highest mean scores were recorded under learning enhancement with a mean
of 4.14 out of 5 and a standard deviation of 0.91. Ease of use had a mean of 4.13 and
a standard deviation of 0.89, suggesting that students found the system effective in
supporting their learning and intuitively navigable. The dimension of personalization
recorded a mean score of 3.86 and standard deviation of 0.91, which, while
comparatively lower than other categories, still indicated a positive reception of the

system’s adaptive capabilities.

The participant’s responses to items within the personalization category further
underscored the system’s impact. Many students agreed that the content and feedback
were tailored to their level of understanding and performance. Specifically, students
reported that the tool adjusted the difficulty of exercises based on their previous

responses and offered contextual hints that facilitated independent problem-solving.
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These findings support the claim that the personalization mechanisms embedded in

the framework were both noticeable and meaningful to learners.

4.5.2.2 Learning Outcome Comparison Through Pretest-Posttest Design

To assess the effectiveness of the GenAl-powered learning framework in improving
programming competencies, a pretest-posttest evaluation was conducted comparing
two groups: the experimental group (n = 75), which used the developed framework,
and a control group (n = 64), which received conventional instruction without GenAl
support. Both groups were administered equivalent assessments before and after the
learning intervention. Each test comprised ten programming-based questions totaling
50 marks, covering topics such as C syntax, control structures, functions, arrays,
pointers, and debugging. As summarized earlier in table 4.7, the experimental group
recorded a pretest mean of 57.16 and improved to a posttest mean of 66.24, yielding
a gain of +9.08 marks. The control group began with a higher pretest mean of 60.94
and achieved a posttest mean of 63.08, resulting in a comparatively lower gain of
+2.14 marks.

To determine whether the observed performance difference between the groups was
statistically significant, a Mann-Whitney U test was conducted on the posttest scores.
This non-parametric method was chosen due to the nature of the data and the lack of
assumption of normality. The test yielded a U-value of 1,725.5, a Z-score of -2.634,
and a p-value of 0.008, indicating that the difference between the experimental and
control groups was statistically significant at the p < 0.01 level. The median posttest
score for the experimental group was 67, compared to 63 for the control group. Table

4.9 illustrates the Mann-Whitney U Test results of posttest score.
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Table 4.9: Mann-Whitney U Test Results

p_
I Medi Medi .
Test U Z value edian © |ar_1 Interpretation
(2- (Control) (Experimental)
tailed)
Statisticall
Post-test signli?‘ilccsnty
Score 1,725.5 0.008 63 67 .
. 2.634 difference (p <
Comparison 01)

The results demonstrate the practical value of the GenAl-based framework in
enhancing student learning outcomes. Despite beginning with a lower average
performance, the experimental group surpassed the control group in posttest scores.
This outcome highlights the framework’s effectiveness in providing adaptive
feedback, structured task sequencing, and context-aware guidance that supports
learner progress, particularly for those who may start with weaker programming skills.
The statistically significant results validate the framework’s capacity to deliver

personalized, impactful learning experiences in programming education.

4.6 Discussion

This section interprets the theoretical and empirical results of the study, providing a
critical reflection on how the findings respond to the research objectives and contribute
to the field of computer programming education. The discussion is structured around
the dual focus of the study: (i) identifying and validating features of personalization
in Al-assisted learning, and (ii) implementing and evaluating a working framework
that integrates these features into actual practice. Sub-section 4.6.1 focuses on
theoretical implications, while 4.6.2 addresses empirical insights derived from the

deployment of the framework.

4.6.1 Implication of Expert Review Results

The theoretical results of this study offer several significant implications for the
ongoing discourse on the use of Generative Al in personalized education, particularly
within the domain of computer programming instruction. Through a systematic

literature review and expert validation, the study identified eight core features that are
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foundational to effective personalization. The integration of these features into a single
cohesive framework marks a departure from earlier models that focused on isolated
capabilities such as adaptive quizzes or Al-assisted grading. Instead, this study
presents a holistic vision of personalized programming education, wherein every stage
of the learning process from task generation and instructional delivery to feedback and
revision is informed by principles grounded in empirical research and expert

consensus.

One of the key theoretical contributions of this study lies in its formulation of a
feature-to-function mapping approach. Rather than treating personalization as an
abstract concept, the study demonstrates how each feature can be operationalized
through concrete system components. For example, adaptability is implemented
through a dynamic learning engine that adjusts content complexity, while prompt
engineering is translated into structured interaction patterns with the LLM to improve
the coherence and accuracy of responses. This mapping provides a practical blueprint

for future systems seeking to embed GenAl technologies within pedagogical models.

Furthermore, the study confirms that prompt engineering is not merely a technical
consideration, but a pedagogical design strategy. In treating prompts as instructional
scaffolding, the framework leverages LLMs not only to generate content, but to
generate content that is tailored, contextualized, and pedagogically appropriate. This
reinforces the theoretical positioning of LLMs as cognitive partners in the learning
process, rather than static content generators. The validation of the identified features
through expert input also adds a layer of credibility and pedagogical relevance to the
framework. The alignment between literature-derived themes and expert consensus
indicates that the framework is both theoretically sound and practically applicable. It
bridges the gap between educational research and technological innovation,
contributing to the broader body of knowledge on how artificial intelligence can be

responsibly and effectively integrated into formal learning environments.

The qualitative feedback offered by students enriches this perspective, revealing that
many learners experienced the system as a form of digital mentorship. Descriptions
such as “felt like a tutor” and “guided me step-by-step” highlight the tool’s perceived

instructional value beyond traditional content delivery. These experiences validate the
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human-centered design of the framework, which emphasized personalization not
merely as technical adaptability, but as a pedagogical experience characterized by

relevance, guidance, and interactivity.

The theoretical results of this study underscore the importance of design-driven
personalization in Al-powered learning systems. They suggest that effective GenAl
frameworks for programming education must go beyond novelty and automation, and
instead embed educationally grounded principles that support the learner’s
development through intelligent, responsive, and context-aware interaction. This
theoretical foundation not only informed the design of the current framework but also
offers a replicable model for future research and system development in Al-supported

personalized learning.

4.6.2 Implication of Experimental Results

The empirical results of this study offer compelling evidence regarding the practical
impact of the developed LLM-based framework on student engagement, content
understanding, and the overall learning experience in programming education. These
findings not only reinforce the theoretical design decisions that shaped the framework
but also provide valuable insights into how such technologies can be effectively

deployed in real instructional settings to enhance personalization.

One of the most significant implications arising from the empirical evaluation is the
confirmation that students are not only receptive to Al-powered educational tools but
can also benefit meaningfully from their adaptive capabilities. The positive ratings
recorded across the five evaluation dimensions, particularly learning enhancement and
ease of use, indicate that students found the framework intuitive and pedagogically
effective. Importantly, the personalization category reflected strong agreement that the
system responded to individual learning needs through contextual feedback,
scaffolded assistance, and adaptive content delivery.

These findings suggest that students are increasingly prepared to engage with
intelligent educational technologies, provided that these tools are thoughtfully
designed to meet pedagogical objectives. The data shows that learners recognized the

value of step-by-step feedback, dynamic exercise adjustments, and immediate
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clarification of coding errors, all of which are hallmarks of personalized learning
experiences. Such outcomes imply that LLMs, when properly configured, can serve
as powerful mediators of individualized learning, particularly in domains that require

iterative practice and conceptual reinforcement like programming.

The experimental comparison further underscores the framework’s educational value.
Although both the control and experimental groups showed improvement in posttest
scores, the Mann-Whitney U test results confirmed a statistically significant difference
in favor of the experimental group (U = 1,725.5, p = 0.008). Despite starting with a
slightly lower pretest mean (57.16 vs. 60.94), the experimental group achieved a
higher posttest median score (67 vs. 63) and a greater mean gain (+9.08 marks vs.
+2.14 marks). These results validate that the improvement experienced by students in
the experimental group was not due to chance but can be attributed to the personalized

instruction provided by the framework.

Notably, the framework was particularly beneficial for students who entered the
course with lower baseline scores, helping to close achievement gaps through targeted
feedback and adaptive support. This has broader implications for equity in education,
as Al-driven personalization can support differentiated instruction in diverse learning
environments. However, the empirical results also point to important considerations
for future development. While most students appreciated the system’s features, a
minority cited issues such as technical lag and limited support for peer collaboration.
These concerns highlight the need for ongoing enhancement of collaborative tools and
infrastructure optimization to ensure reliable access and response time. Addressing
these limitations is essential to ensure that the personalization experience is not only
rich and adaptive but also dependable and scalable.

The empirical findings of this study contribute to the growing body of evidence that
supports the integration of large language models into instructional practice. The study
demonstrates that personalization is not merely a theoretical affordance of Al but a
lived experience that can positively shape learner outcomes when designed with care.
The success of this framework provides a model for how LLMs can be harnessed to
create intelligent educational environments that adapt in real time, offer targeted

support, and empower learners to take ownership of their learning process. The
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empirical results establish that the developed framework fulfills its intended purpose:
it personalizes the programming learning experience, improves learner engagement,
supports differentiated instruction, and contributes to measurable academic progress.
These implications underscore the transformative potential of LLM-based systems in
reshaping how computer programming is taught and learned, especially in contexts

where scalability, feedback, and learner-centered design are critical.

Furthermore, the findings align with the Self-Determination Theory (SDT),
particularly in satisfying the psychological needs of competence and autonomy. The
adaptive feedback mechanism of the GenAl tool gave learners immediate,
personalized responses that helped them feel more capable in handling programming
tasks, directly supporting the competence need. Similarly, the tool’s on-demand nature
and ability to scaffold learning without constant instructor intervention enabled
students to exercise greater autonomy in navigating their learning paths. These
outcomes are consistent with prior studies (e.g., Chen et al., 2020; Kulik & Fletcher,
2016), which reported that intelligent tutoring systems supporting autonomy and
mastery led to increased learner motivation and better retention. However, other
studies (e.g., Cope et al., 2021) caution that over-reliance on Al guidance can
sometimes reduce critical thinking if learners are not encouraged to independently
reflect or experiment. Unlike these systems, the current framework encouraged
exploration by providing multiple solution paths and explanatory feedback, which
several students described as “mentorship” rather than “answers.” This distinction
demonstrates that when GenAl systems are designed with pedagogical awareness,
they can balance guidance with learner independence, resulting in more effective and
equitable learning environments. These connections not only reinforce the practical
outcomes observed but also situate the results within broader pedagogical theory and

discourse.

Although the results strongly suggest that the GenAl-powered framework contributed
to improved programming outcomes, alternative explanations must be considered. For
instance, the novelty effect associated with using advanced Al tools may have
temporarily boosted student engagement and motivation, independent of the
framework’s instructional design. Additionally, learners in the experimental group

may have possessed unmeasured motivational or digital literacy advantages, which
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could have contributed to their improved performance. Another possibility is that the
instructor’s familiarity with the experimental tool influenced the quality or clarity of
guidance received, thereby affecting learning gains. These alternative explanations
underscore the importance of conducting follow-up studies with randomized

assignment and multi-site trials to rule out context-specific biases.

Regarding scalability, while the framework has shown promising results in a
controlled environment and within the English-speaking Kenyan context, deploying it
in other educational settings or languages requires careful adaptation. The
personalization engine, for example, relies heavily on natural language understanding;
thus, linguistic and cultural nuances must be considered when localizing prompts and
responses. Furthermore, differences in curriculum structure, assessment formats, and
digital infrastructure across institutions may affect how well the system performs
elsewhere. Despite these challenges, the modular and language-agnostic design of the
framework, including its customizable prompt templates and open-source
architecture, offers a scalable foundation for adaptation across diverse learning

contexts and languages.

4.7 Summary

This chapter presented the results of evaluating the GenAl-based personalized
programming framework. Data were collected from students and experts through
structured questionnaires and pre- and post-tests. Quantitative results showed a
statistically significant improvement in learning outcomes for the experimental group,
with a mean gain of 9.08 points compared to 2.14 points in the control group. The
Mann-Whitney U test confirmed that this difference was statistically significant (p =
0.008), supporting the conclusion that the improvement was attributable to the
personalized instruction provided by the framework. Student feedback highlighted
high satisfaction with the tool’s usability, relevance, and real-time feedback. The
framework’s effectiveness was also evaluated through a detailed comparative
analysis, contrasting it with other existing Al-powered instructional systems. This
analysis demonstrated that the developed framework offered superior adaptability,
personalized guidance, and real-time support, especially due to its integrated
components such as the adaptive learning tool, collaborative coding platform, and

LLM module. An illustrated walkthrough of the framework’s operation, from user
120



login to personalized content delivery, was provided to explain how each component
contributes to the overall learning experience. A sample code output generated through
the system was also included to demonstrate how learner-specific prompts yielded
context-aware, customized programming support. These findings confirm the
framework’s potential to support personalized, engaging, and effective learning

experiences in programming education.
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CHAPTER FIVE
CONCLUSION, RECOMMENDATIONS AND FUTURE WORK

5.1 Conclusion

This research set out to design and evaluate a large language model-based framework
aimed at enhancing personalized learning in computer programming. Through
conducting a comprehensive systematic literature review, validating the findings
through expert input, and developing and evaluating a fully functional learning
framework, the study successfully met its three research objectives. This section
summarizes how each of these objectives was successfully achieved and reflects on

the overall performance and significance of the developed framework.

First, the study identified eight critical features of personalization in Al-enhanced
education through an extensive literature search. These features were rigorously
extracted from 42 peer-reviewed sources and validated by a group of experienced
educators, industry practitioners, and advanced learners. The features directly
informed the framework’s design, ensuring that it addressed specific gaps such as
prompt personalization, continuous profiling, and adaptive content delivery. Second,
the research operationalized these features into a functional web-based framework.
The framework integrated key components such as an LLM-based interaction module,
adaptive learning engine, collaborative coding platform, and intuitive user interface.
Each of these modules was carefully integrated to work cohesively, with learner data
flowing across components to enable real-time decision-making. The framework was
designed to be scalable, easy to deploy, and capable of continuously refining its

instructional responses based on learner behavior.

To address the third objective, the framework was empirically tested in a real
classroom environment involving 139 undergraduate students enrolled in introductory
programming courses. The participants were divided into control and experimental
groups. The experimental group used the developed system, while the control group
relied on traditional learning platforms. Analysis of pre- and post-test results revealed
a significant improvement in the performance of students who used the personalized
framework. This demonstrates that the framework not only functioned as intended but

also led to measurable learning gains.
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The evaluation demonstrated significant improvements in student engagement,
satisfaction, and learning outcomes, supported by both statistical data and thematic
insights from learner feedback. Students experienced the tool as responsive, helpful,
and effective in supporting their programming skills development. Overall, this
research contributes to the growing field of Al in education by presenting a validated,
deployable, and pedagogically grounded framework for enhancing personalized
learning. The study confirms that when designed with intentionality, LLMs can serve
as powerful tools for transforming the way programming is taught and learned in

higher education.

5.2 Recommendations

5.2.1 Recommendations for Practice

Higher education institutions, particularly those offering computing and engineering
programs, should integrate LLM-powered systems into foundational programming
courses. This curriculum integration can help address early learning challenges related
to syntax, debugging, and logic comprehension. The actors responsible for initiating
and overseeing this recommendation include curriculum committees and department
heads. In addition, academic institutions should introduce mandatory Al literacy
modules. These modules should help students understand how large language models
function, how to engage with them through effective prompt engineering, and how to
critically evaluate Al-generated outputs. This responsibility lies with teaching and

learning centres within universities.

To ensure successful classroom deployment, instructors must also receive structured
training in the use of generative Al. This includes learning how to craft pedagogically
aligned prompts and interpret LLM responses to support differentiated instruction.
Academic staff development units should take the lead in facilitating such capacity-
building programs. Finally, to promote ethical awareness, educational institutions
must incorporate specific instruction on Al bias and mitigation strategies. Students
should be taught how to identify, interpret, and minimize algorithmic bias in Al-
generated educational content. Ethics committees and curriculum designers are the

appropriate actors to implement this recommendation.
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5.2.2 Recommendation for Policy

In the policy domain, universities must establish clear and enforceable guidelines
regarding the use of Al in academic contexts. These policies should address critical
issues such as academic integrity, disclosure of Al assistance, and acceptable limits
for Al use during assessments. The responsibility for enacting these policies lies with
university senates and policy-making boards. Furthermore, institutions should
promote transparency in how Al tools are integrated into teaching and learning. This
includes documenting how Al systems are deployed, trained, updated, and evaluated.
IT services and data governance teams should lead this initiative to ensure
accountability and inclusiveness. Equally important is the need to invest in robust,
scalable infrastructure to support the use of intelligent learning environments. This
includes ensuring that cloud-based systems are secure, accessible, and optimized for
classroom use. University ICT departments and finance teams should collaborate to

plan and implement these infrastructure improvements.

5.2.3 Recommendation for Industry

From an industry perspective, the framework developed in this study can be extended
to corporate training and professional development contexts. Companies can adopt the
model to upskill new hires, retrain existing staff, or support employees transitioning
into software development roles. This task is most appropriately managed by human
resources departments and learning and development (L&D) managers. To enhance
real-world relevance, industries are encouraged to form strategic partnerships with
academic institutions. These partnerships can facilitate the piloting of Al-assisted
learning systems in workplace environments, especially for onboarding and technical
training. Tech companies and innovation hubs should take the lead in building and
maintaining such collaborations. Finally, there is great potential in customizing the
framework for specific industry needs. For example, adapting it for training in
embedded systems, data security, or other niche programming domains can increase
its practical utility. This recommendation is best executed by industry training

consultants who understand the demands of specific technical fields.

5.3 Future Work
Several important directions remain for future research and development. One key

area is the scalability of the proposed framework. Future studies should evaluate how
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the system performs across various educational institutions and cultural settings to
assess its broader applicability. Another area for expansion involves supporting
additional programming languages such as Python, Java, or JavaScript. By doing so,
the framework can serve a wider range of learners and curricular needs. Similarly, the
platform’s collaborative features should be strengthened. Enhancing peer-to-peer
learning options such as real-time coding, Al-supported group work, and shared

feedback channels will improve interactivity and engagement.

Longitudinal studies should also be conducted to track learners over time, examining
how the framework affects long-term academic performance, retention, and industry
readiness. This will provide deeper insights into the sustained impact of GenAl-
enhanced education. Finally, bias mitigation must become a core part of ongoing
development. Researchers should explore the integration of algorithmic transparency
tools and human-in-the-loop mechanisms to evaluate and minimize bias in Al-
generated content. These steps are essential for creating fair, inclusive, and

pedagogically sound learning environments.
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Appendix 1: Expert Opinion Questionnaire
Informed Consent Form for Participants

I am Fredrick Muema Mboya, registration number SC401/5825/2022, pursuing
Master of Science in Information Technology at the School of Computing and
Information Technology, Department of Information Technology of Murang’a
University of Technology. The research topic is “A Large Language Model Based
Framework for Enhancing Personalized Learning of C Programming”.

You are invited to participate in an expert opinion survey aimed at validating the
instructional features implemented in a Large Language Model (LLM)-based
framework developed to enhance personalized programming education. Your insights
will help improve the integration of LLMs in computer programming instruction.

Participation is voluntary, and all responses will remain anonymous and confidential.
The data collected will be used solely for academic research purposes.

Please check the consent statements below before proceeding with the
guestionnaire.

SN | STATEMENT I GIVE IDONOT
MY GIVE MY
CONSENT | CONSENT
1. | I have read and understood the purpose of
this project.
2. | I have been given the opportunity to ask

question about my participation and project.
3. | I voluntarily agree to participate in project.
4. | The procedure regarding confidentiality and
anonymity are clearly explained.

5. | The use of obtained data in research,
publication, sharing and archiving has been
clearly explained to me.

6. | | understand that other researchers can
access obtained data if they agree to preserve
confidentiality.

7. | For purpose of project recognition, |
understand the data obtained will be used in
reports, publications and other research outputs.

8. | | agree together with the researcher to sign
and date this informed consent form.

Please indicate your consent to participate by signing below.
144



Signature of Respondent: Date:

SECTION A:
Demographic Information
1. Gender [ ] Male [ ] Female
2. Programme of study
[ 1 Bsc. Computer Science
[ ] Bsc. Computer Technology
[ 1 Bsc. Information Technology
[ 1 Bsc. Software Engineering
[ 1 Bachelor of Business Information Technology
3. Year of Study
[ ] First year
[ 1 Second year
[ ] Third year
[ ] Fourth year
[ ] Recently graduated
4. Have you taken C Programming as part of your academic curriculum?
[]1 Yes
[1 No
If yes, what grade did you score?
SECTION B:

Rate use of Generative Al in teaching computer programming guided by questions
items below:

On a five-point Likert scale indicate your agreement with the statements given and
explain your selection as guided under explanations

1 - Not at All
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2 - Very Rarely

3 - To some little Extent

4 - To some Moderate Extent

5 - To some Great Extent

Theme

Question

1 2 3 45

Theme 1: Clarity
and Coherence

Theme 2: Accuracy
and Relevance

Theme 3:
Interactive
Feedback and
Collaboration

Code explanations are clear and
logically structured.

All major code components are covered
accurately.

Step-by-step logic is maintained in
walkthroughs.

Programming terminology IS
consistently applied.

Explanations address possible code
limitations or edge cases.

Code outputs match explanations
provided.

Generated responses reflect actual
language behaviour.

Algorithms are explained
appropriately, where applicable.
Examples are valid and contextually
relevant.

No major factual or logical inaccuracies
are present.

Learners are guided with actionable
real-time feedback.

Prompts encourage peer reflection and
discussion.

Exercises can be adapted for teamwork
or pair programming.

Students are guided to improve
solutions iteratively.

Feedback  mechanisms  reinforce
learning effectively.

Exercises align  with  practical
programming scenarios.
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Theme 4:
Practicality and
Usability

Theme 5:
Instructional
Readiness

Tasks are innovative, not repetitive or
template-based.

Challenges are suitable for building
programming skills.

Tasks reflect real-world application of
programming knowledge.

Prompts support creativity or open-
ended problem solving.

Generated tasks are suitable for direct
classroom use.

Content aligns with beginner-level
course objectives.

Tasks and explanations require
minimal revision.

Code samples are easy to understand
without extensive edits.

Exercises are instructional and
outcome-focused.
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Appendix 2: Framework Evaluation Questionnaire

SURVEY ON GENAI-BASED FRAMEWORK FOR PROGRAMMING
LEARNING

This instrument is designed to collect student feedback on the personalized learning
framework powered by Generative Al. Your honest responses will help improve the
tool and its effectiveness in supporting programming education.

Instructions:
Please indicate your level of agreement with each statement using the scale below:
1 — Strongly Disagree | 2 — Disagree | 3 — Neutral | 4 — Agree | 5 — Strongly Agree

SECTION A: System Usability and Interaction

No. Statement 1 2 3 4 5

1 The interface was easy to use and navigate.

2 The system provided helpful instructions during use.

3 I was able to complete tasks without unnecessary effort.
4  The feedback provided was understandable.

5 I felt confident using the system after the initial guidance.

SECTION B: Personalization and Feedback

No. Statement 12 345
6 The tool provided feedback based on my specific responses or
mistakes.
7 The explanations helped me understand C programming
concepts better.
g The system adjusted the difficulty of questions or tasks according
to my progress.
9 | received step-by-step guidance that supported my learning
process.
10 The tool helped me focus more on areas | needed improvement

n.

SECTION C: Engagement and Learning Outcomes
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No. Statement 1 234 5

11 Using the tool increased my interest in learning programming.

The tool helped me retain concepts better than traditional

12
lectures.

| felt more confident in solving programming problems after

13
using the tool.

The system helped me identify and correct my programming
errors.

14

I would recommend the tool to other students learning

15 .
programming.

SECTION D: Open-Ended Feedback

1. What did you like most about the GenAl-powered learning tool?
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Appendix 4: Pretest and Posttest Questions

The following table outlines the 10 questions used in both the pretest and posttest to
assess programming knowledge before and after the intervention. Each question
carried 5 marks, totaling 50 marks.

No. Question Marks
1 Write a C program to calculate the sum of two numbers. 5
2  Explain the use of loops in C programming with examples. 5
3 Write a C program to find the largest of three numbers using if-else. 5
4 What are functions in C? Write a user-defined function example. 5
5 Debug the following C code segment. 5
6 Explain the difference between call by value and call by reference in C. 5
7 Write a C program using arrays to calculate average marks for 5 5
students.
8 Describe pointers and write a C program that uses a pointer to swap two
values.
9 Implement a menu-driven program for basic arithmetic operations. 5
10 Explain syntax errors vs logical errors with examples in C. 5
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Appendix 5: Framework Interface

&€ 5 G ANotsecure 151.8093.1053000 e ) 0 Finish update ¢

wlnﬁnity Home About Collaration Contact

Wisdom is the key to prosperity

Access Learning
Resourses, courses and

more

You can get courses, leaming materials and documents and quizzes that will enable
you grasp the knowlwdge you need for either class or apply in your career .

Get Started

Robust Editor

Personalized leraning

All Courses and Learning materials vou need in one place

OO Infinity

search here... search here...

Course Topics
Stay Curious, Stay Ahead

introduction to programming

The world is changing fast. Stay ahead by continuously learning and upgrading your skills.

stages of program development
good programming practice
human computer interfaces (hci)
introdution to algorithms
introduction to ¢ programming
basics in ¢ programming

logic control structures

functions

Code available at: https://github.com/fredy7274/e-learning-dashboard
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Appendix 6: Approval Letter for Data Collection

MURANG'A UNIVERSITY OF TECHNOLOGY
OFFICE OF THE DEPUTY VICE-CHANCELLOR,

ACADEMIC AND STUDENT AFFAIRS
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mail: dvcasa .ac.
Website: www.mut.ac.ke Murang’a, KENYA
REF: SC401/5825/2022 DATE: 19% November, 2024

Mr. Fredrick Muema Mboya
P.0 Box 75-10200
MURANG’A

Email: fmuema72@gmail.com
Tel: +254700442146

Dear Ny~ M"’

RE: REQUEST FOR PERMISSION TO ENGAGE STUDENTS TO COLLECT DATA
FOR RESEARCH

Reference is made to your letter dated 30t September, 2024 on the above subject matter.

Your request tocollectdataon”A large Language Model-Based Framework for
Enhancing Personized Learning of Computer Programming” has been granted.

Kindly treat the information you will obtain in strict confidence and thereafter share the
findings of your study with us for information purposes.

Kindly liaise with the Office of the Dean, School of Computing and Information Technology
for further assistance.

Yours SNV\Q;Q% )
@z

PROF. PRISCA TUITOEK, Ph.D.
DEPUTY VICE CHANCELLOR,

ACADEMIC, RESEARCH AND STUDENT AFFAIRS

Copy to: Vice Chancellor
Registrar, ARSA
Registrar, AHR

MUT IS 1SO 9001:2015 CERTIFIED
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Appendix 7: NACOSTI License
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LANGUAGE MODEL-BASED FRAMEWORK FOR ENHANCING PERSONALIZED LEARNING OF COMPUTER
PROGRANMMING for the period ending : 13/September/2025.

License No: NACOSTI/P/24/39908

160685 v '\@’(‘“6’ }

i Applicant Identification Number Director General ,

; NATIONAL COMMISSION FOR I

SCIENCE,TECHNOLOGY &
INNOVATION

Verification QR Code

NOTE: This is a computer generated License. To verify the authenticity of this document,
Scan the QR Code using QR scanner application.

See overleaf for conditions

157




Appendix 8: Publication

The following paper has been published from this thesis.

[1]

Mboya, F.M., Wambugu, G.M., Oirere, A.M., Omuya, E.O., Musyoka, F.M.,
& Gikandi, J.W. (2025). Enhancing personalized learning in programming
education through Generative Artificial Intelligence Frameworks: A systematic
literature review. International Journal of Advanced Trends in Computer
Science and Engineering, 14(2), pp. 61-71.
https://doi:10.30534/ijatcse/2025/051422025.

158


https://doi:10.30534/ijatcse/2025/051422025

