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Abstract 

Purpose – This study presents a framework that utilizes prompt engineering to refine AI-
generated content, ensuring its coherence, accuracy, and educational relevance. It explores 
the integration of LLMs to enhance personalized learning in introductory computer 
programming courses, focusing on the C programming language. 

Method – The quasi-experimental design was adopted to compare traditional teaching 
methods with LLM-supported learning. We evaluated adaptive learning algorithms to track 
changes in student performance over time using metrics like reduced error rates, average 
time spent on tasks, and task completion rates. 

Results – The experimental group recorded a pretest mean of 57.16 and an improved 
posttest mean of 66.24, yielding a gain of +9.08 marks. The control group began with a 
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 statistical significance between the groups, a Mann-
Whitney U test was conducted on the posttest scores.  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. 

Conclusion – Effective prompt engineering strategies reduce hallucinations and align 
generated content with curriculum objectives, thereby enabling scalable, adaptive, and 
student-centered support in programming education. 

Recommendations – Learning through LLM frameworks should adopt effective prompt 
engineering strategies to achieve a practical impact on student engagement, content 
understanding, and the overall learning experience. 

Practical Research Implications – The findings reinforce the pivotal role of prompt 
engineering in LLM-based learning. Effective GenAI frameworks for education must go 
beyond novelty and automation and instead embed educationally grounded principles that 
support learners' development through intelligent, responsive, and context-aware 
interactions. 

Keywords – large language models, prompt engineering, personalized learning, computer 
programming education, generative AI 
  

 
INTRODUCTION  
 

The rapid advancement of artificial intelligence (AI) has significantly impacted various 
educational domains, including computer programming (Zhai et al., 2021). The programming 
field is continuously evolving, with educators seeking innovative methods to enhance 
student engagement and learning outcomes (Durak, 2020). Despite the centrality of 
programming in computing education, students often report difficulties in maintaining 
engagement and achieving mastery, particularly in introductory courses. Factors 
contributing to low engagement include abstract concepts, a steep learning curve, and a 
lack of timely feedback or individualized support (Cheah, 2020; Chen et al., 2024). Traditional 
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teaching approaches, such as standardized assignments and lectures, often fail to 
accommodate diverse learning paces and styles, limiting students' ability to apply 
theoretical knowledge effectively (Wood and Moss, 2024). Personalized learning 
approaches have been used to address these challenges by tailoring content and support to 
individual needs. However, implementing such solutions at scale remains a significant 
challenge in programming education. 

 
In recent years, the advent of large language models (LLMs) such as GPT-4 has opened 

new avenues for personalized learning experiences. These models, with their ability to 
generate human-like text, hold promise for providing tailored code examples and 
explanations to students, potentially transforming the traditional learning environment 
(Chen et al., 2024; Li et al., 2024). However, leveraging LLMs in educational contexts is not 
without challenges. One of the primary issues is the quality of the prompts given to these 
models. The effectiveness of LLMs largely depends on how well the prompts are 
constructed (Banjade et al., 2024; Cain, 2024; Maity et al., 2024). A well-designed prompt can 
lead to accurate, relevant, and coherent outputs, while a poorly designed prompt can result 
in irrelevant, misleading, or nonsensical responses (Patil et al., 2024; Szymanski et al., 2024). 
This highlights the critical role of prompt engineering in optimizing the interaction between 
students and LLMs. 

 
Prompt engineering is the process of designing and refining prompts to elicit the 

desired output from LLMs (Marvin et al., 2024). It involves understanding the nuances of 
how these models interpret and respond to different types of inputs. Effective prompt 
engineering can significantly enhance the educational value of LLMs by ensuring that the 
generated content aligns with learning objectives and aids in comprehension (Cain, 2024; 
Wang et al., 2024). Good prompts should exhibit clarity, specificity, contextual relevance, 
and instructiveness. Clarity ensures that the model understands what is being asked, while 
specificity helps narrow down the possible responses. Contextual relevance ensures that the 
generated content is appropriate for the educational setting, and instructiveness provides 
clear guidance to the model (Sivarajkumar et al., 2024). 

 
To scientifically measure the efficiency of prompts, various metrics can be employed. 

Accuracy and relevance can be evaluated using precision and recall metrics, while coherence 
and fluency can be assessed through perplexity scores and human evaluations (Wang et al., 
2024). Additionally, the educational impact of the generated content can be measured 
through pre- and post-assessment scores, surveys, and feedback from students (Guo, 2022). 
Machine hallucination—where the model generates plausible but incorrect or irrelevant 
information—is a significant concern. Strategies to mitigate this issue include using high-
quality training data, fine-tuning models to specific domains, and employing clear and 
specific prompts (Ji et al., 2023). Reducing hallucination is crucial for maintaining the 
integrity and reliability of AI-generated educational content. 

 
Programming education often faces challenges such as meeting diverse learner needs, 

providing real-time feedback, and aligning learning content with curriculum goals. These 
issues are particularly critical for beginners who struggle with debugging, understanding 
abstract concepts, and applying theory to practice. The traditional learning approaches used 
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have low engagement due to abstract concepts, a steep learning curve, and a lack of timely 
feedback or individualized support. They often fail to accommodate diverse learning paces 
and styles, limiting students' ability to apply theoretical knowledge effectively. Large 
language models (LLMs) have been used to enhance personalized learning experiences. 
However, the quality of prompts pushed to these models remains a challenge. Poorly 
designed prompts result in irrelevant, misleading, or nonsensical responses. Some of these 
models also experience machine hallucination. This is where the model generates plausible 
but incorrect or irrelevant information. This study aimed to develop a framework to enhance 
personalized learning of computer programming using large language models. The 
framework utilizes prompt engineering to refine AI-generated content, ensuring its 
coherence, accuracy, and relevance. It reduces hallucinations through iterative feedback 
loops between students and instructors. The framework advances the use of LLMs in 
programming education, offering scalable, personalized, and adaptive solutions tailored to 
beginner programmers. 
 

LITERATURE REVIEW 
 

This study is grounded in constructivist learning theory, emphasizing active learner 
engagement, collaboration, and the co-construction of knowledge (Brown et al., 1989). 
Vygotsky's Zone of Proximal Development (ZPD) highlights the importance of scaffolding to 
help learners achieve tasks they cannot perform independently (Vygotsky, 1978). These 
theoretical principles align with personalized programming education, where beginner 
students require tailored guidance to overcome challenges in syntax, debugging, and logical 
structures (Mghsudi et al., 2021). 

 
Generative AI tools, particularly LLMs, enable scaffolding by offering real-time 

feedback, customized exercises, and adaptive support (Naseer et al., 2024). However, for 
these models to align with educational principles, techniques like prompt engineering are 
critical (Mboya et al., 2025). Prompt engineering facilitates precision and contextual 
relevance, ensuring that AI-generated outputs support learner engagement and 
constructivist goals. Additionally, various AI techniques underpin this study, each offering 
unique benefits: Supervised learning is effective for predictable, structured tasks but limited 
in adaptability (Han et al., 2021); Reinforcement learning (RL) enables adaptive systems but 
presents challenges in defining reward functions and managing computational complexity 
(Chen et al., 2024); Transformer-based models (e.g., the GPT series) are powerful in 
generating human-like outputs but prone to hallucinations without refined prompts 
(Yenduri et al., 2024). This theoretical framework positions prompt engineering as a 
mechanism to operationalize these AI capabilities in programming education. 

 

Large Language Models in Education 
 

LLMs such as GPT-4 have demonstrated remarkable capabilities in generating human-
like text, making them suitable for various applications, including education. Research has 
shown that these models can assist in providing personalized learning experiences by 
generating explanations, examples, and feedback tailored to individual students’ needs (Wei 
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et al., 2021; Lin et al., 2021). However, the effectiveness of LLMs heavily depends on the 
quality of the prompts used and the techniques employed to train and fine-tune them. 

 
Recent advancements in AI suggest that reinforcement learning offers promising 

opportunities to further improve LLMs for education. Unlike traditional supervised training 
on static datasets, where models learn from labeled examples, reinforcement learning 
allows models to optimize their behavior through feedback from an environment or user 
(Han et al., 2021). In educational contexts, such feedback could come from metrics like 
student engagement, task completion rates, or performance improvements. For example, 
Reinforcement Learning with Human Feedback (RLHF), a technique used to refine models 
like GPT-4, could be extended to prioritize outputs that maximize student comprehension 
and learning outcomes (Chen et al., 2021). Through iterative interactions, the model would 
learn to generate responses better aligned with pedagogical goals, reducing errors and 
hallucinations over time. 

 
Furthermore, reinforcement learning could enhance the framework's adaptive 

learning algorithms. By dynamically adjusting task difficulty or feedback based on real-time 
student performance, RL-driven systems can create a more personalized and effective 
learning environment (Naser & Alavi, 2020). Studies have shown that RL algorithms can 
improve the decision-making of AI tutors, enabling them to provide targeted support for 
struggling students while appropriately challenging advanced learners (Zhou et al., 2022). 
Despite its potential, implementing RL in educational settings comes with challenges, such 
as defining meaningful reward functions, ensuring sufficient training data to simulate 
diverse learning scenarios, and managing the computational complexity of RL algorithms. 
Future research should explore these challenges and develop practical ways to integrate 
reinforcement learning into LLM-based educational frameworks. 

 
Empirical studies have explored the use of generative AI for code generation in 

introductory programming courses. For instance, Finnie-Ansley et al. (2022), Hellas et al. 
(2023), and Kazemitabaar et al. (2023) demonstrated LLMs’ capability to generate code and 
assist in debugging, highlighting their potential as virtual programming tutors. In 
programming education, such tools can provide real-time support as students learn to code, 
which is particularly valuable when students struggle with understanding syntax and logical 
structures (Chen et al., 2021). Additionally, LLMs have been integrated into intelligent 
tutoring systems (ITS) to provide adaptive learning experiences by analyzing student 
performance data and customizing learning pathways, thereby addressing individual 
learning needs (Figueiredo & García-Peñalvo, 2020; Kochmar et al., 2022). The use of LLMs in 
ITS has been shown to improve student engagement and learning outcomes, making them a 
promising tool for personalized education. 

 
Despite their promise, LLMs have limitations. Bommasani et al. (2021) examined the 

opportunities and risks of these models, acknowledging their powerful content generation 
abilities but warning of issues like bias, misinformation, and content homogenization. A 
significant challenge is the tendency of LLMs to produce incorrect or irrelevant content 
(hallucinations), which can undermine the reliability of AI-generated educational material 
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(Cowan et al., 2023). Moreover, the quality of outputs is heavily dependent on prompt 
quality, underscoring the need for effective prompt engineering. 

 
Several studies underscore these points. Finnie-Ansley et al. (2022) explored LLM use 

for code generation and debugging in introductory courses. While they found that LLM 
support can enhance learning outcomes, they did not address hallucinations or the 
alignment of AI outputs with curriculum objectives—factors essential for reliable 
educational use. Similarly, Figueiredo and García-Peñalvo (2020) integrated LLMs into an ITS 
for introductory programming. Their system improved student engagement and provided 
tailored support but lacked a detailed framework for leveraging prompt engineering to 
optimize AI outputs. These gaps highlight the need for systematic methods to reduce 
hallucinations, ensure content relevance, and enhance the adaptability of LLMs in diverse 
learning environments. 

 

 Prompt Engineering 
 

Prompt engineering involves designing and refining prompts to guide LLMs in 
generating the desired output. The effectiveness of prompt engineering lies in its ability to 
enhance the accuracy, relevance, and coherence of LLM-generated content (Wang et al., 
2024). Figure 1 below shows the basic large language model prompt cycle. Effective prompts 
are clear, specific, and contextually relevant.  

 
Clarity ensures that the model understands the task, specificity helps narrow down the 

possible responses, and contextual relevance ensures the output is appropriate for the 
educational setting and aligns with learning objectives (Sivarajkumar et al., 2024). 
Additionally, instructive prompts provide clear guidance on what is expected in the response, 
further improving output quality (Cain, 2024). Recent research has explored how prompt 
structure influences LLM outputs. For instance, using multi-turn dialogue prompts or 
chaining simpler prompts can lead to more detailed and contextually accurate responses 
(Wang et al., 2024). This approach leverages the model’s ability to maintain context over 
multiple interactions, resulting in outputs that better meet the specific needs of educational 
applications. 

 
Various metrics can assess prompt performance. Precision and recall are commonly 

used to evaluate the accuracy and relevance of generated content. Perplexity scores assess 
the coherence and fluency of the text, while human evaluations (feedback from students 
and educators) provide insights into the educational impact of the prompts (Maity et al., 
2024). These metrics are essential for continuously refining prompts and improving the 
overall effectiveness of LLM-based educational tools (Chen et al., 2021). 
 

Machine Hallucination 
 

Machine hallucination, where LLMs generate plausible but incorrect information, is a 
significant concern in educational applications. Various strategies have been proposed to 
mitigate this issue, including the use of high-quality training data, fine-tuning models to 
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specific domains, and employing clear, specific prompts (Ji et al., 2023). Ensuring that the 
model has access to accurate and relevant information during training can also help reduce 
the likelihood of hallucination. 

 

 
Figure 1. Basic LLM Prompt Cycle 

Several studies have identified hallucination as a critical challenge in using LLMs for 
education. For example, Bommasani et al. (2021) highlighted that LLMs often generate 
plausible but factually incorrect outputs, particularly in domain-specific contexts such as 
programming. While they proposed fine-tuning as a mitigation strategy, they acknowledged 
that this approach alone cannot address the dynamic nature of real-time educational 
interactions. Similarly, Chen et al. (2023) observed that hallucination reduces user trust in AI 
systems, especially when generated outputs fail to align with curriculum objectives or 
contain logical errors. However, their work did not explore iterative feedback mechanisms 
as a potential solution. 

 
Another effective strategy for reducing hallucination is incorporating external 

knowledge bases and verification mechanisms. By cross-referencing generated content with 
authoritative sources, LLMs can provide more accurate and reliable outputs (Taiwo et al., 
2024). Furthermore, implementing user feedback loops—where students and educators can 
flag incorrect or misleading information—helps iteratively improve the model’s 
performance. 

 
Interactive techniques such as question-and-answer sessions and real-time feedback 

can also help mitigate hallucinations. These methods allow users to clarify ambiguities and 
correct errors on the spot, enhancing the accuracy and reliability of the generated content 
(Taiwo et al., 2024). Integrating such techniques into educational applications can create a 
more interactive and engaging learning experience, reducing the potential negative impact 
of hallucination. 

 

Addressing Gaps in Research 
 

The potential of LLMs in education is widely acknowledged, but significant gaps 
remain in their application to programming instruction, particularly in achieving personalized 
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learning outcomes (Chen et al., 2024). Programming courses often struggle to address the 
diverse needs of students due to limited adaptive content, one-size-fits-all teaching 
approaches, and insufficient real-time feedback mechanisms (MacNeil et al., 2023). These 
challenges disproportionately affect beginner programmers, who face difficulties such as 
debugging errors, understanding abstract programming concepts, and applying learned 
skills to practical problems. 

 
Recent advancements in generative AI have introduced new opportunities to address 

these challenges. Studies have demonstrated that LLMs can generate personalized content, 
such as coding exercises and real-time feedback (Kochmar et al., 2022). However, existing 
applications often face critical issues, including: 

 
1. Limited frameworks that integrate prompt engineering into active learning strategies 

for programming courses. 

2. Hallucinations in AI-generated content can undermine trust and hinder learning 
outcomes. 

3. Underexplored human-in-the-loop refinement, i.e., the role of students and 
educators in refining prompts and validating AI outputs. 

While prompt engineering has emerged as a promising technique for improving the 
accuracy, coherence, and relevance of AI-generated content, its potential in personalizing 
programming education remains underexplored (Cowan et al., 2023). Current studies have 
yet to fully address how prompt engineering can be systematically applied to reduce 
hallucinations, align outputs with curriculum objectives, and support active learning. 
Additionally, gaps exist in leveraging iterative feedback mechanisms to refine prompts and 
ensure adaptability to learners’ individual needs. This research aims to bridge these gaps by 
developing a comprehensive framework that integrates prompt engineering into 
programming education. The framework focuses on: 

 
1. Enhancing the accuracy, coherence, and relevance of LLM-generated content. 

2. Reducing hallucinations through iterative feedback loops involving students and 
educators. 

3. Supporting active learning strategies that involve students in co-creating prompts 
and critiquing AI-generated outputs, fostering critical thinking and engagement. 

In tackling these challenges, the proposed framework advances the use of LLMs in 
programming education, offering scalable, personalized, and adaptive solutions tailored to 
beginner programmers. 

 

METHODOLOGY 
 

This research adopts a systematic approach to develop, validate, and evaluate a 
framework for enhancing personalized learning in computer programming using LLMs. The 
methodology consists of five stages: framework design, data collection, experimental 
design, metrics for evaluation, and ethical consideration. 
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Framework Design 
 

In the proposed framework, students engage with AI-generated content by interacting 
with code examples and explanations provided by the LLM. Active learning is promoted 
through coding exercises and problem-solving tasks. Students also play a role in providing 
feedback on the relevance and clarity of the generated content (Mollick et al., 2023). 
Lecturers, in turn, are responsible for designing and evaluating prompts, supplementing AI 
content with additional explanations, and monitoring student performance. This 
collaborative approach ensures that both students and educators contribute to the 
optimization of AI-driven learning experiences. 

 
The framework was designed to address common challenges in programming 

education, such as limited personalized support and difficulties grasping abstract concepts. 
It incorporates LLM-generated content into active learning activities, emphasizing prompt 
engineering to optimize the quality of AI outputs. The framework’s design includes tailored 
coding exercises, real-time feedback mechanisms, and a collaborative model involving both 
students and lecturers. Prompt engineering plays a central role, focusing on clarity, 
specificity, and contextual relevance to reduce hallucinations and improve content accuracy. 
Figure 2 illustrates the main components of the proposed framework. 

 
 

 
 
 
 
 
 
 
 
 
 
 

In addition to these elements, the framework is built for seamless curriculum 
integration. It integrates active learning strategies to foster deeper student engagement. 
Students are empowered to co-create prompts, critique LLM-generated outputs, and 
participate in gamified learning experiences (e.g., prompt design challenges and debugging 
competitions) intended to motivate them and reinforce learning objectives. 

 
The framework aligns with educational objectives by ensuring that AI-generated 

content effectively supplements existing teaching materials. This integration allows 
educators to adapt the framework to a wide range of programming topics while maintaining 
coherence with course structures and expected learning outcomes. LLM-generated 
exercises and explanations are embedded directly into the curriculum, so students can 
engage with personalized, contextually relevant materials without requiring significant 
changes to traditional instruction. In this way, the framework complements—rather than 
replaces—instructor-led teaching. 

User Interface 

LMS 

OpenAI Codex 

Adaptive Learning 

Engine 

Collaborative Coding 

Database  Feedback 

Figure 2. The Main Components of the Proposed Framework 
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Adaptive learning algorithms tailor the difficulty of coding exercises and explanations 

to individual student needs. These algorithms use performance data (such as error patterns 
and completion times) to adjust the complexity of the materials presented. For example, 
students struggling with basic syntax might receive additional foundational exercises, while 
advanced learners are presented with more complex, logic-based problems (Zhai et al., 2021). 
This adaptability enhances the framework’s ability to address diverse learner requirements 
and fosters a more inclusive learning environment (Kochmar et al., 2022). 

 
To ensure practicality, the framework also prioritizes scalability. It is designed to be 

deployed across various institutional settings, accommodating both small and large class 
sizes. Scalability is achieved through modular components that can be tailored to specific 
class sizes, student demographics, and available resources. For instance, automated 
feedback mechanisms reduce reliance on instructor oversight, enabling large-scale 
implementation without compromising the quality of personalized learning experiences 
(Wei et al., 2021). Additionally, the integration of collaborative tools allows students to 
engage in peer learning activities, further enhancing the framework’s suitability for diverse 
educational contexts. 

 
The framework provides a structured method for integrating LLMs into programming 

instruction to improve individualized learning. By combining these interrelated elements, the 
framework establishes a flexible and dynamic educational setting that accommodates varied 
student needs and learning preferences, ultimately promoting improved learning outcomes 
and engagement. 

 
Within the framework, the process of creating and using programming exercises 

follows an iterative life cycle involving instructors, students, and the LLM. Lecturers begin by 
creating prompts that the LLM uses to produce adaptive learning materials and exercises. 
Students then attempt these exercises and receive real-time feedback and hints from the 
LLM. Based on student performance and feedback, both students and lecturers refine the 
prompts and the generated content. This iterative feedback loop ensures continuous 
improvement of the materials and alignment with learning objectives. In this cycle, the LLM 
engages with both lecturers and students in real time, enabling dynamic interactions. 
Overall, the life cycle emphasizes that content creation and feedback are integrated into the 
learning process, with generative AI used for generating exercises and providing feedback 
on student attempts. Figure 3 provides a diagrammatic representation of this iterative 
process. 
 
 
 
 
 
 
 
 
 

Instructor/ 

Lecturer 
Exercise Attempt  

Materials  Feedback  Student  

Figure 3. Lifecycle of Programming Exercises 
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Data Collection 
 

Data were collected through an expert opinion survey involving stakeholders from 
multiple domains, namely: ICT industry experts, university lecturers, and advanced 
programming students. The survey explored the effectiveness of LLM-generated content, 
challenges associated with its use, and recommendations for improvement. Structured 
questionnaires were used to gather a mix of quantitative and qualitative insights. Advanced 
programming students provided feedback on the usability and educational value of AI-
generated coding exercises, with emphasis on how well these exercises aligned with 
curriculum objectives and adapted to their skill levels. Lecturers evaluated the pedagogical 
relevance of the framework, focusing on how well the generated materials integrated into 
existing course structures and supported learning outcomes. 

 
The framework’s performance was assessed using a combination of quantitative and 

qualitative metrics. Quantitative measures included: (1) Accuracy – the proportion of correct 
AI-generated outputs, determined by comparing generated solutions and explanations 
against reference answers validated by programming instructors; (2) Relevance – the 
alignment of outputs with learning objectives, evaluated through Likert-scale feedback; (3) 
Coherence – measured by perplexity scores (with a threshold, e.g., perplexity < 30, 
indicating high fluency) and by Likert-scale feedback on logical flow and clarity. Qualitative 
evaluations were gathered through student and lecturer feedback, focusing on the 
perceived clarity, usefulness, and reliability of the outputs. The educational impact was 
further evaluated through pre- and post-assessment scores to measure improvements in 
students’ programming proficiency. 

 
Participant Observation 

 
Participant observation was utilized as a complementary data collection method. The 

lecturer, serving as a participant observer, monitored students’ interactions with the 
framework during classroom activities. This approach provided valuable real-time insights 
into student behavior, engagement levels, and challenges faced when using the framework. 
Observations focused on how students interacted with AI-generated exercises and feedback, 
the frequency and quality of student-initiated prompts or critiques of LLM-generated 
outputs, and engagement during gamified learning activities (such as debugging challenges 
or prompt design competitions). Observation data added qualitative context to the survey 
findings, capturing subtle behaviors not apparent from questionnaires alone. In particular, 
real-time observation helped illustrate how students approached problem-solving with the 
LLM’s assistance and where they encountered difficulties, informing iterative improvements 
to the framework. 
 
Participant Demographics 

 
The survey involved participants in three groups: advanced programming students, 

university lecturers, and ICT industry professionals. Most participants had over two years of 
experience in programming or teaching programming-related courses, making them well-
positioned to evaluate the framework’s effectiveness. Figure 4 illustrates the demographic 
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distribution of the survey respondents. Students constituted about 60% of participants, 
reflecting the framework’s primary focus on learners. Lecturers made up roughly 27%, 
contributing academic insights on pedagogy and curriculum alignment, while ICT 
professionals accounted for 13%, offering industry perspectives on practicality and scalability. 
This diverse representation helped ensure that the survey findings were well-rounded, 
incorporating input from multiple stakeholders in programming education. 

 
Figure 4. Opinion Survey Participant Demographics by Role 

Experimental Design 
 

The study employed a quasi-experimental design to compare traditional teaching 
methods with LLM-supported learning. 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. 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. 

 
Two groups of first-year programming students participated: a control group that 

followed conventional classroom instruction and resources, and an experimental group that 
interacted with the LLM-supported framework (receiving personalized exercises, real-time 
feedback, and adaptive support). Both groups engaged with the same curriculum content. 
We conducted the study with 225 undergraduate programming students aged between 19 
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and 23 years at Murang'a University of Technology. A purposive sample of 125 students 
formed the experimental group and engaged with the GenAI-powered system over two 
weeks, while 100 students in the control group received conventional instruction. The 
gender distribution was 40% female and 60% male. 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. 

 
All the participants completed a pre-assessment test to measure their baseline 

programming knowledge. After the intervention period, a post-assessment test was 
administered to evaluate learning gains. This pre/post comparison highlighted the 
framework’s effectiveness. During the intervention, the experimental group engaged with 
the LLM framework in scheduled sessions, solving programming exercises and receiving AI-
generated feedback and hints. They were also encouraged to critique the AI’s outputs using 
structured rubrics. The control group followed traditional instructional methods, relying on 
textbooks and in-person guidance from the lecturer. They worked on the same exercises 
and received feedback directly from instructors or peers, without LLM support. The study 
ran for six weeks, with students in both groups participating in two sessions per week. This 
setup provided sufficient exposure for the experimental group to integrate the LLM into 
their learning routine and for measurable differences to emerge between the groups. 

 
During the intervention, the lecturer observed both groups, documenting key aspects 

such as student engagement and participation rates, time spent on exercises and feedback 
interactions, and common errors or misconceptions that arose during programming tasks. 
These observations complemented the quantitative assessment data, helping to explain any 
differences observed between the control and experimental groups. 

 
Before the experiment, both groups underwent pre-tests to establish their baseline 

knowledge and skills in programming. This was done using questionnaires and background 
assessment of the participants. Throughout the study, the experimental group interacted 
with the AI-powered framework, receiving personalized recommendations, feedback, and 
interactive tutoring based on their performance. The control group followed conventional 
instruction methods, without AI assistance. After the intervention period, both groups 
completed post-tests through quizzes to measure their learning progress and 
comprehension levels. Additionally, structured questionnaires and interviews were used 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. 

 

Evaluation and Data Analysis 
 

The experiment was conducted in an introductory programming course, focusing on 
first-year undergraduate students learning the C programming language. Students began by 
completing a pre-assessment test to establish their baseline knowledge. They then engaged 
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with their assigned learning approach: either interacting with the LLM-supported framework 
or following traditional methods. Throughout the process, students and lecturers provided 
iterative feedback on the AI-generated content to refine the prompts and outputs. At the 
end of the study, a post-assessment test measured learning gains, which were compared to 
the baseline scores. 

 
To evaluate the effectiveness of curriculum integration, the framework’s outputs 

(exercises and explanations) were reviewed for alignment with course objectives. Lecturers 
assessed this alignment by rating the contextual relevance of LLM-generated content on a 
Likert scale. Additionally, student engagement metrics (such as time spent on exercises and 
participation rates) were analyzed to determine whether the framework enhanced 
engagement relative to the traditional approach. 
 

 
We used adaptive learning algorithms, which were evaluated by tracking changes in 

student performance over time. Metrics such as reduced error rates and the ability to 
progress to more advanced exercises were considered. We also gathered student feedback 

Figure 5: Prompt on the Integrated LLM 

Figure 6. Prompt on ChatGPT 
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on task difficulty to verify that the adaptive system appropriately adjusted to individual 
needs. To strengthen the validity of the results, we performed a comparative analysis 
between the control and experimental groups. Both groups’ pre- and post-assessment 
scores were compared to measure learning gains.  
 

 

 
 

Figure 8. Compiler integrated in the Learning Management System 
 

Engagement metrics (such as average time spent on tasks, participation frequency, 
and task completion rates) were analyzed to see how each approach influenced student 
involvement in learning activities. Additionally, we monitored error reduction rates to 

Figure 7. Follow-Up prompt on ChatGPT 
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determine how effectively each group resolved common coding mistakes during exercises. 
Finally, we evaluated the quality of feedback through student surveys, asking participants in 
both groups to rate the clarity and usefulness of the feedback they received (AI-driven 
feedback for the experimental group vs. human feedback for the control group). This 
comparative analysis provided insights into the added value of LLM-supported learning over 
traditional approaches, ensuring the framework’s effectiveness was thoroughly evaluated. 
Figures 4, 6, 7, and 8 below show sample screenshots of how the participants were 
interacting with the LLMs and the compiler integrated with the learning management 
system. 

 

Ethical Considerations 
 

Integrating LLMs into an educational framework introduces important ethical 
considerations, particularly around data privacy and bias mitigation. Addressing these issues 
is crucial for the responsible use of AI technologies and for maintaining trust among 
students, instructors, and other stakeholders. The framework incorporates specific 
strategies to uphold ethical integrity without compromising functionality. These include: 

 
i. Data Privacy: Protecting the privacy of students and lecturers is fundamental. To comply 

with institutional policies and regulations like the General Data Protection Regulation 
(GDPR), the framework implements several measures. First, all user data (including code 
submissions and interaction logs) are anonymized by removing identifiable information 
before processing. This ensures that personal details cannot be traced back to 
individuals, safeguarding their privacy. Additionally, secure data storage and 
transmission are prioritized. The framework uses robust encryption protocols to protect 
data both in transit and at rest. All communication between students, lecturers, and the 
framework is encrypted to prevent unauthorized access or data breaches. Furthermore, 
participants are provided with detailed consent forms explaining what data will be 
collected, how it will be stored, and how it will be used. This transparency allows 
students and lecturers to make informed decisions about their participation and 
includes an option to opt out if they have concerns. 

ii. Bias Mitigation: Bias in AI-generated content can perpetuate stereotypes and lead to 
inequitable learning experiences. The framework employs multiple strategies to 
mitigate bias. First, the LLMs are fine-tuned on datasets that are diverse and 
representative of various cultural, linguistic, and socioeconomic backgrounds. By 
training on a broad range of data, the likelihood of biased outputs is reduced, and the 
generated content becomes more inclusive and relevant to a wide spectrum of learners. 
A bias-detection module is also integrated into the framework to flag potentially biased 
or sensitive outputs. Flagged content is then reviewed by instructors (and even by 
students during critique exercises) to determine if it contains bias or inaccuracies. If 
biased content is identified, it can be corrected or removed, and the incident is used as a 
learning opportunity to improve the system’s fairness. Moreover, feedback loops are 
established for continuous refinement. Feedback from users regarding any biased or 
inappropriate outputs is analyzed to adjust the LLM’s parameters or training data, 
thereby iteratively improving the model’s performance with respect to fairness. 
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iii. Preventing Over-Reliance on AI: A potential risk of introducing LLMs into education is 
that students might become overly reliant on AI-generated solutions, which could 
impede their development of independent problem-solving skills. The framework 
addresses this by embedding safeguards to encourage critical engagement rather than 
passive acceptance of AI output. First, as noted, students are actively involved in 
critiquing AI-generated content and co-creating prompts, which requires them to 
evaluate and think deeply about the material rather than using it uncritically. These 
activities promote critical thinking and a better understanding of programming 
concepts.    The framework also uses a phased guidance approach: the level of AI 
assistance is gradually reduced as students gain proficiency. Early in a course or unit, 
exercises may come with substantial AI hints and guidance to help novices. As students 
improve, the AI provides less detailed help, prompting students to rely more on their 
own knowledge and problem-solving abilities. For example, initial exercises might 
highlight syntax errors and suggest fixes, whereas later exercises might only indicate 
that an error exists, leaving the student to diagnose and fix it. Additionally, instructors 
intentionally design certain assignments or tests where AI assistance is limited or 
disallowed, ensuring that students practice solving problems without the AI’s help. Peer 
collaboration is also encouraged for tasks without AI intervention, further reinforcing 
independent learning and group problem-solving skills. 

iv. Balancing Ethical Considerations with Functionality: While data privacy and bias 
mitigation are priorities, these measures are balanced with the framework’s need to 
function effectively as a learning tool. For instance, data anonymization is implemented 
in a way that preserves the information needed for personalization; the system might 
track an anonymized student ID’s progress to adapt the difficulty of exercises, without 
storing the student’s name. Similarly, bias monitoring and content review processes are 
designed to be efficient so that they do not interrupt the real-time feedback loop that 
students rely on during practice sessions. By embedding ethical considerations into the 
framework’s design from the outset, the system maintains both ethical integrity and 
practical usability. In essence, the framework strives to protect privacy and ensure 
fairness while still delivering timely, adaptive support to students as they learn 
programming. 

 
RESULTS 
 

To inform the framework’s development, we first gathered expert opinions via a 
structured survey. Participants included advanced programming students, university 
lecturers, and ICT industry professionals, each providing a unique perspective on the 
framework’s utility and challenges. Quantitative data were collected using five-point Likert 
scale items (1 = Strongly Disagree, 5 = Strongly Agree) focusing on the effectiveness of 
prompt engineering, the educational usefulness of the AI outputs, and potential issues with 
AI-generated content. Qualitative feedback was also gathered through open-ended 
questions. The key findings are organized into themes corresponding to the evaluation 
criteria. 
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Figure 5 shows the summary of results obtained from experiments with the proposed 
framework of this study. It summarizes the average ratings for each evaluation theme 
(clarity, accuracy, feedback/collaboration, practicality, and readiness). The results are 
discussed below. 

 

 
Figure 6: Average rating per theme 

Table 1. Mann-Whitney U Test Results 

Test U Z 
p-value 

(2-tailed) 
 Median 

(Control) 
Median 

(Experimental) 
Interpretation 

Post-test Score 
Comparison 

1,725.5 
-
2.634 

0.008 
 
63 67 

Statistically 
significant difference 
(p < .01) 

 

To assess the effectiveness of the GenAI-powered learning framework in improving 
programming competencies, a pretest-posttest evaluation was conducted comparing two 
groups: the experimental group (n = 125), which used the developed framework, and a 
control group (n = 100), which received conventional instruction without GenAI support. As 
summarized in Table 1, 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.  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. Table 4.9 illustrates the 
Mann-Whitney U Test results of the posttest score. 
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DISCUSSION 
 

The key findings, organized into themes corresponding to the evaluation criteria and 
other results, are discussed herein. 
 

Clarity: The clarity of AI-generated explanations is a fundamental metric for assessing 
the framework’s potential to enhance personalized learning (Mboya et al., 2025). 
Participants rated the LLM (ChatGPT-4 in this study) on its ability to deliver step-by-step 
guidance, use appropriate terminology, and explain programming concepts effectively. The 
average score for clarity-related items was 4.13, indicating that the explanations were 
generally perceived as clear and well-structured. In particular, the use of relevant 
terminology scored 4.06, and the quality of step-by-step explanations was rated 4.31. These 
findings suggest that prompt engineering contributed to high clarity by eliciting structured, 
logical, and student-friendly explanations from the LLM. Such clarity is crucial, as it directly 
supports better learner comprehension and engagement with programming tasks (Cain, 
2024; Taiwo et al., 2024). 

 
Accuracy of Explanations: Accuracy is critical in programming education, where 

incorrect or ambiguous information can hinder learning. This theme assessed the 
correctness, logical consistency, and quality of examples provided by the LLM. The average 
score for accuracy was 4.38. Notably, the highest rating (4.44) was for the correctness of 
code examples and explanations, indicating that participants found the LLM's outputs 
largely accurate and on point. Logical consistency was also well-rated, suggesting that the 
explanations generally made sense and followed sound reasoning. However, explanations 
for edge cases scored lower, at 3.38. This indicates that the framework requires further 
refinement to handle complex or less common scenarios in programming. These results 
align with the research objective of reducing hallucinations and ensuring reliability in AI 
outputs. The current results on the relevance of accuracy and reliability of information/ 
output in LLM models also confirm the previous findings (Wang et al., 2024; Taiwo et al., 
2024). Overall, the high accuracy scores build trust in the LLM as a learning tool, but the 
lower score for edge cases underscores the need to refine prompt engineering techniques 
to cover more complex programming problems and improve the depth of AI-generated 
explanations. 

 
Opportunities for Feedback and Collaboration: Interactive learning and collaboration 

are key to fostering engagement in programming education. This theme evaluated how well 
the framework supports feedback, peer interaction, and collaborative problem-solving 
among learners. The average score for this theme was 3.69, indicating moderate 
effectiveness. Participants gave high marks for the timeliness of feedback, with a score of 
4.13, suggesting that the framework’s real-time hints and corrections were valued. On the 
other hand, the framework’s ability to stimulate peer-to-peer collaboration and discussion 
was rated lower (around 3.68). These findings align with previous studies that indicated 
adequate feedback is an important aspect in enhancing learning in programming education 
(Naseer et al., 2024; Zhou et al., 2022). The current findings further reveal an area for 
improvement: while the AI-based system excels at providing individualized feedback, it 
could better facilitate collaborative learning experiences. In practice, this might mean 
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incorporating more features that encourage students to discuss AI outputs with each other 
or work together on challenges within the framework. Addressing this gap could enhance 
the framework’s overall impact by adding a social learning dimension to its personalized 
support. 

 
Practicality and Uniqueness of Content: Programming exercises need to be practical 

and varied to maintain student interest and relevance to real-world applications. This theme 
assessed whether the content generated by the LLM met those criteria. The average score 
was 3.94. Participants rated the practicality of exercises for real-world applications at 4.06, 
indicating that the AI-generated tasks were largely seen as useful and applicable to practical 
programming contexts. The uniqueness (novelty) of the exercises was rated slightly lower, 
at 3.75, suggesting that some participants felt the exercises were somewhat repetitive or 
not particularly innovative. These results imply that while the framework is effective at 
producing exercises that align well with curriculum goals and real-world needs, there is 
room to increase the diversity and creativity of the problems presented.  As observed in 
previous studies, ensuring a wider variety of exercise types or scenarios enhances learners' 
engagement and challenges them in different ways, thus enhancing adaptability and 
preventing monotony in the learning experience (MacNeil et al., 2023; Wei et al., 2021). 

 
Readiness for Classroom Use: This theme explored whether the framework’s outputs 

were ready for immediate use in a classroom setting without significant modification. The 
average score was 3.88, reflecting moderate readiness. The alignment of exercises with 
introductory programming learning objectives received a strong score of 4.13, 
demonstrating that the content fits well with typical course goals. However, the need for 
modifications before classroom use was rated at 3.12. In practical terms, this means that 
instructors saw value in the AI-generated content but often anticipated having to tweak or 
curate it before deploying it directly in their classes. For example, an instructor might want 
to edit an AI-generated problem description for clarity or adjust difficulty levels. To improve 
in this area, future iterations of the framework should aim to produce content that requires 
minimal adjustments—essentially "plug-and-play" exercises and explanations that 
instructors can trust out of the box. Literature underscores the need for domain-specific 
customization of AI- generated content to enhance contextual relevance and usefulness to 
learners with diverse needs (Sivarajkumar et al., 2024; Wang et al., 2024).   

 
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. In summary, 
the expert survey findings highlight the potential of the proposed LLM-supported 
framework in a practical sense to enhance personalized learning in programming education. 
The results demonstrate that prompt engineering plays a pivotal role in ensuring clarity and 
accuracy when handling practical programming tasks. Participants generally found the AI-
generated explanations to be clear and correct, confirming one of the study’s core 
hypotheses. This confirms previous research that underscores accuracy as a fundamental 
element of effective AI frameworks in programming education (Mboya et al., 2025).  
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The framework also showed strength in providing timely, individualized feedback, 
addressing a common challenge in programming instruction (namely, the lag in feedback 
that students often experience). The theoretical results of this study underscore the 
importance of design-driven personalization in AI-powered learning systems. They suggest 
that effective GenAI 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 AI-supported 
personalized learning. 

 
Previous studies have indicated that timely feedback is an important component in 

supporting students' meaningful and sustained engagement (Cheah, 2020; Chen et al., 2024). 
Moreover, the evaluation of the developed framework pointed out areas for improvement, 
which are part of the key findings in the current study. These improvements include 
enhancing the collaborative features that could foster peer learning and discussion around 
the AI-generated content. Additionally, the current findings reveal the need for increasing 
the novelty and variety of exercises, which could keep students more engaged and exposed 
to a broader range of problem-solving situations. The current findings also indicate that 
reducing the need for instructor intervention by improving the polish of AI outputs would 
make the framework more immediately useful in real classrooms. 

 
The results from the learning outcomes comparison through a pretest-posttest design 

demonstrate the practical value of the GenAI-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 support 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. 

 

CONCLUSIONS AND RECOMMENDATIONS 
 

This paper presented a comprehensive framework for enhancing personalized learning 
in computer programming education through the integration of LLMs. At the core of the 
framework lies prompt engineering, which is a critical tool for improving the clarity, accuracy, 
and relevance of AI-generated content. Additionally, the study highlighted the importance 
of careful curriculum integration, adaptive learning algorithms, and scalability in addressing 
the diverse needs of learners and ensuring the framework's practical applicability in real-
world educational settings. 

 
The proposed framework introduces effective strategies to design prompts, reduce 

hallucinations, and align generated content with curriculum objectives. By incorporating 
real-time feedback mechanisms and active learning approaches (such as prompt co-creation 
and critique), the framework fosters deeper engagement and supports individualized 
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learning experiences. Results from the expert evaluation affirm the framework’s potential 
to deliver scalable, adaptive, and student-centered support in programming education. 

 
While this work lays a strong foundation, future research should focus on extending 

the framework’s implementation and evaluation in live classroom settings. This will include 
conducting controlled studies to measure its impact on student learning outcomes, refining 
collaborative features to enhance peer interaction, and incorporating additional AI 
techniques (such as reinforcement learning) to further optimize educational content. 
Additionally, the framework’s adaptability to diverse programming courses and its scalability 
across different educational contexts can be explored to ensure broader applicability. 
 

IMPLICATIONS 
 

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. In summary, 
the expert survey findings highlight the potential of the proposed LLM-supported 
framework in a practical sense to enhance personalized learning in programming education. 
The results demonstrate that prompt engineering plays a pivotal role in ensuring clarity and 
accuracy when handling practical programming tasks. Participants generally found the AI-
generated explanations to be clear and correct, confirming one of the study’s core 
hypotheses. This confirms previous research that underscores accuracy as a fundamental 
element of effective AI frameworks in programming education (Mboya et al., 2025). 

  
The framework also showed strength in providing timely, individualized feedback, 

addressing a common challenge in programming instruction (namely, the lag in feedback 
that students often experience). The theoretical results of this study underscore the 
importance of design-driven personalization in AI-powered learning systems. They suggest 
that effective GenAI 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 AI-supported 
personalized learning. 
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