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This research introduces PACE (Python AI Companion for Enhanced Engagement),
an Al-driven, interactive tutoring system designed to support Python programming stu-
dents through personalized, responsive guidance. Addressing common challenges in tradi-
tional educational settings, such as limited individualized feedback and scalability, PACE
leverages the capabilities of Large Language Models (LLMs) to create a tailored, human-
like tutoring experience. Fine-tuned using the Gemma 2B model with scaffolding and con-
versational datasets, PACE offers step-by-step instruction and adaptive problem-solving
support that encourages active learning without directly revealing answers.

The development of PACE involved a robust design and implementation process, in-
cluding backend development with FastAPI, frontend construction in React, and data
management in MySQL, to deliver seamless, real-time interactions with students. Inter-
action design and user interface principles were carefully applied to create an intuitive en-
vironment that promotes engagement and reduces cognitive load. The model’s fine-tuning
was achieved using Low-Rank Adaptation (LoRA), optimizing computational efficiency
while enhancing PACE’s ability to deliver domain-specific instruction in Python.

The system was evaluated with undergraduate students using five pedagogical metrics:
Relevancy, Correctness, Completeness, Motivation, and Clarity, and included a System
Usability Scale (SUS) assessment. Findings demonstrate PACE’s success in fostering un-
derstanding, boosting student engagement, and encouraging critical thinking. By tracking
student progress and providing scalable, personalized support, PACE also eases the in-
structional burden on educators in large classes. This work showcases the potential of
LLM-based intelligent tutoring systems to deliver cost-effective, high-quality, personalized
learning experiences, making them viable for broader educational deployment.
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1 Introduction

1.1 Motivation

Students encounter various challenges in introductory programming courses. These diffi-
culties stem from unfamiliar syntax, lack of math knowledge, inaccurate mental models, a
lack of effective strategies, complexities within programming environments, and the qual-
ity of instruction from teachers. Additionally, limited personalized feedback and large
class sizes contribute to these struggles [1]. In traditional classroom settings, personal-
ized attention is minimal, which can hinder students’ ability to receive tailored support
that addresses their specific learning needs. Studies have demonstrated that personalized
feedback and targeted explanations are crucial in helping students overcome these chal-
lenges [2]. Tutorials in introductory programming courses have been shown to significantly
help students understand basic concepts and develop necessary skills [3]. As Kiesler et
al. focused in their research, students learn much more if they have personalized feedback
and step-by-step explanations, which are rare in conventional educational environments
[4].

Despite an overflow of online tutorials and automated feedback systems, the major-
ity of them do not provide the level of interaction depth and personalization required
by the student. For instance, systems such as Codecademy, LeetCode, and HackerRank
are widely used for programming education [5][6][7]. While they offer structured lessons,
instant feedback, and coding challenges, their limitations lie in the lack of real-time, adap-
tive guidance based on individual student progress. These systems often follow predefined
paths that may not accommodate diverse learning styles or varying levels of prior knowl-
edge [5]. Sheese et al. go on to point out the inadequacies of current systems as they are
not configured or designed in such a way that they cater to the needs of every individual
learner, hence the establishment of a void in the learning process [§].

Personalization is important since, through personalization, the learning tools can an-
swer every student’s unique challenges and learning pace. Without personal help, the
student may struggle with specific concepts, resulting in knowledge gaps that could hold
them back from advancing into more advanced topics. Intelligent Tutoring Systems (I'TS)
were designed to mimic human tutoring through AI and domain knowledge, featuring
adaptability and real-time feedback [9]. Early ITS models like INTUITEL tailored learn-
ing based on student profiles but were limited by rule-based, domain-specific designs and
lacked advanced reasoning capabilities [L0]. The emergence of Large Language Models
(LLMs) has transformed ITS by enabling richer, context-aware interactions and detailed,
adaptive feedback. LLM-based I'TS overcome earlier limitations, providing more scalable,
conversational, and personalized learning support. Large language models can provide a
solution to this problem by providing personalized assistance that can simulate human-
like tutoring. Though LLMs have shown great potential, basic models such as Llama 3.1
and other closed models such as GPT-40 tend to provide direct answers, which can be
detrimental to learners and may lead to incorrect responses when multi-step reasoning is
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a design methodology that fine-tunes Large Language Models (LLMs) to create advanced
Intelligent Tutoring Systems (ITS) tailored for biology. CLASS leverages principles from
learning science to equip I'TS with two essential capabilities: step-by-step guidance and
conversational adaptability. This framework offers an approach for providing tailored
explanations and feedback based on each learner’s understanding level. We plan to adopt
this framework in our programming tutoring system to scale support for beginners in
both classroom and individual learning settings, enabling personalized, interactive help
that enhances programming comprehension and course outcomes.

By continuously adapting to each learner’s unique needs, our system can foster better
understanding of programming concepts, improve learning outcomes, and boost engage-
ment in programming courses. This approach not only encourages active participation
and reduces dissatisfaction among students but also alleviates the burden on instructors,
allowing them to focus on strategic teaching methods instead of repetitive guidance in
large classrooms. Consequently, our system aims to improve overall student performance
and satisfaction.

In this work, we use the CLASS framework to fine-tune an LLM-based tutoring sys-
tem that mimics human tutors by guiding students toward solutions. In line with the
CLASS framework, Chen et al.[13] suggest that the use of curated datasets and struc-
tured scaffolding allows a fine-tuned model to deconstruct problems and provide learners
with step-by-step guidance. This approach promotes deeper understanding and helps
learners grasp core concepts incrementally. By deconstructing problems, the fine-tuned
model encourages learners to solve them incrementally, fostering a deeper understanding
of the underlying concepts. Another important feature will be adding guardrails to pre-
vent the system from providing direct solutions to problems. A fine-tuned model built
on the CLASS framework will prevent the model from offering direct solutions. Instead,
it will deconstruct the problem and guide learners to solve it step by step, encouraging
deeper understanding and helping them grasp the underlying concepts effectively.

1.2 Challenges and Design Space

The project addresses the challenges of delivering scalable, personalized tutoring to stu-
dents in introductory Python courses by using Large Language Models (LLMs). Some
of the limiting factors for traditional tutoring are the time human tutors have and how
difficult it is to provide consistent, personalized guidance to hundreds or thousands of
students. Although LLMs harbor big potential, they face some key issues that need to be
addressed to effectively support learning in this context.

1.2.1 Challenges

Below, we will outline the key challenges that need to be addressed and the essential
features that an effective tutoring system must incorporate to develop a successful Al-
based tutor. These challenges have been identified based on current research on the
application of intelligent tutoring systems:

o Personalization and Adaptability: Perhaps the most critical challenge is to de-
liver personalized tutoring at scale. In large classroom settings, providing support at
an individual level becomes almost impossible, resulting in low student engagement
and poor learning outcomes [14][15]. Though LLMs can overcome this, what they
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needs.

o Step-by-Step Guidance: Good tutoring is where the student is talked through a
problem without being given a direct solution. This step-by-step approach is nec-
essary to establish deep understanding and exercise critical thinking [16]. Students
in an introductory programming or data science course often prioritize seeking im-
mediate solutions with programming assignments over focusing on related concepts
or deepening understanding when using an LLM-powered tool, leading to a lack of
core knowledge and subsequent struggles [§].

o Reliability and Trust: The use of LLMs in education has led to growing con-
cerns regarding the issues of accuracy and potential misuse. Ensuring these models
provide reliable and trustworthy guidance is critical for classroom integration [[17].

« Computational Resources: In an academic environment, deploying very large
LLMs is resource-intensive [[18]. Proper deployment should be performed to consider
performance versus accessibility.

1.2.2 Interaction Design Space

Based on the discussion above, we arrive at a few interaction design choices that can be
made to address the challenges:

o Leveraging Prompting Techniques: Prompt engineering can be utilized to
guide LLMs in providing incremental hints, explanations, and problem-solving strate-
gies that maintain engagement and promote in-depth learning without revealing
complete answers. This structured prompting can replicate a human-like tutoring
experience, fostering critical thinking and comprehension in students [12][19].

e Fine-Tuning with Conversational Dataset: Fine-tuning LLMs with curated
conversational datasets allows them to adapt to varying student learning levels
and styles [12]. This customization enables models to deliver context-specific and
adaptive responses, aligning with individual student progress and needs. It helps
enhance engagement and learning retention by tailoring feedback dynamically.

e Performing Knowledge Tracing: Knowledge tracing algorithms can be imple-
mented to monitor and map students’ understanding over time [20]. This approach
involves tracking their learning progression and updating a student model, which
the LLM can reference to provide adaptive feedback and task recommendations.
Such mechanisms ensure that students are presented with content that matches
their current competence level, preventing gaps in learning.

o Gamification: Integrating gamification elements, such as badges, levels, and progress
tracking, can enhance student engagement and motivation. These features make the
learning experience more interactive and enjoyable, encouraging students to partic-
ipate actively and persevere through challenges [21].

« Real-time Monitoring: It can allow educators to monitor students’ progress and
intervene at any time. It maintains the effectiveness of tutoring systems by offering
due support to students [22].

10
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Model Selection: Selecting an appropriate model is essential for building an ef-
fective educational system. Gemma 2B is a suitable choice among small open-
source models due to its reliable performance in benchmarks, lightweight nature,
and low computational cost. Its flexibility for fine-tuning in specific domains, such
as Python tutoring, and its open-source nature and computational efficiency make
it cost-effective and suitable for large-scale deployment, ensuring platform acces-
sibility. Additionally, a model like Gemma 2B guarantees accessibility across all
platforms, making high-quality tutoring available to more students.

Model Fine-Tuning: Fine-tuning LLMs on curated datasets, especially in Python
programming, can provide the correct step-by-step guidance. This training is done
with respect to a special class of problems and solutions that represent the typical
challenges faced by beginners. Fine-tuning not only enhances the model’s accuracy
but also ensures relevance to the educational context.

Modular Design: A modular design approach can make the architecture of the
tutoring system flexible for integrating new features or changes according to student
feedback. This approach ensures that the system evolves and improves over time,
allowing for seamless updates and the addition of new educational resources or tools
without significant overhauls to the existing infrastructure.

Efficient Model Deployment: To make LLM-based tutors available across di-
verse learning platforms, focus on efficient deployment strategies. There are primar-
ily two options for deploying the system:

1. Cloud-Based Deployment: In this option, the model runs on cloud-based
GPUs, such as NVIDIA A100, which offers high performance but incurs hourly
usage charges. Running the entire LLM system in the cloud allows for scalabil-
ity and accessibility across devices. It requires a stable internet connection and
robust cloud infrastructure to handle multiple concurrent users. Advantages
include reduced local resource requirements and the ability to leverage pow-
erful server-side processing. However, disadvantages include potential latency
issues and dependency on internet access.

2. Standalone System Deployment: Deploying the system as a standalone
application can provide offline functionality and reduce latency. This involves
deploying the model locally on a GPU with at least 12GB VRAM, like an
NVIDIA RTX 3060 or RTX 4060. For better performance, models can be run
on GPUs with higher CUDA cores, such as the RTX 4070 Super. Standalone
setups offer cost-efficiency after the initial hardware investment and ensure
faster processing due to dedicated resources. However, disadvantages may
include increased system requirements and challenges in updates or feature
integration.

Proper design and engineering of the system will address these challenges and lead to

a scalable, reliable, and effective Python tutoring system for students and educators.

1.3 Goals

Based on the discussion of interactio

n design space in L‘ubsection 1.2.ﬂ and system imple-

mentation choices in lsubsection 1.2.3

, we list below the specific goals for this project:

11
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adapt to individual students’ unique needs and learning paces, particularly in large
classroom settings.

Enhance Step-by-Step Learning: Implement an approach that offers step-by-
step guidance to help students incrementally understand programming concepts,
ensuring deeper comprehension without directly providing solutions.

Improve Engagement and Understanding: Create an interactive, personalized
tutoring environment that promotes student participation, lowers dissatisfaction,
and increases engagement, helping students grasp core concepts effectively.

Ensure Trustworthy and Accurate Guidance: Design the tutoring system to
deliver reliable and accurate information, establishing guardrails to prevent misin-
formation, enhance safety, and maintain trust among learners and educators.

Optimize Resource Efficiency: Utilize lightweight LLMs, like Gemma 2B, and
efficient model deployment strategies to ensure broad accessibility and lower com-
putational requirements, making high-quality tutoring more available and feasible
in academic settings.

Alleviate Educator Workload: Provide a tool that assists teachers by handling
personalized student interactions, enabling educators to focus on strategic teaching
and support without needing one-on-one tutoring in large classes.

Progress Tracking Dashboard: Rather than gamification elements, incorporate
a progress-tracking dashboard that allows students to monitor their learning jour-
ney. This feature provides visual feedback to encourage ongoing engagement and
commitment.

e

I'm having trouble understanding how
loops work in Python. Can you help? e

Hello! Nice to meet you. What would
you like to know about Python?

®

Of course! Loops in Python are used to
repeat a block of code multiple times.
There are two main types of loops in
Python: the “for" loop and the "while®
loop. The *for" loop is used when you
know the number of times you want to
repeat the code. The ‘while" loop is used
when you want to repeat the code until

a certain condition is met. Would you
like me to explain how to use the “for"
loop, or would you like me to explain
how to use the ‘while" loop?

Figure 1: Chat Interface

12
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The results of the project include a fully functioning LLM-based Python tutoring system
that effectively mimics human tutoring. It motivates and guides students step-by-step
toward reaching a solution without explicitly providing the answer. The key deliverables
are:

o Educational Adaptation-Trained Gemma 2B Model: A version of the Gemma
2B model fine-tuned on scaffolding and conversational data, generated using a
Chain-of-Thought (CoT) prompt[23] with GPT-3.5 Turbo.

o Interactive Tutoring System: A deployable system in educational environments
that offers personalized and responsive tutoring tailored to individual learners’ needs.
The intuitive UI, shown in , provides real-time feedback and a simple layout,
enabling seamless student interaction.

» Repository of Interaction Data: A system for collecting student-tutorbot inter-
actions for further research and model refinement.

o System Deployment: A standalone system achieved using RTX 4090 with 24 GB
VRAM, demonstrating successful processing times and consistent response quality.

e Quality Dataset Generation: Created synthetic datasets and evaluated them
against five major metrics.

o Usability Evaluation of the System: A usability-evaluated system involving
several undergraduate students based on a series of questionnaires and using the
System Usability Scale (SUS) methodology.

1.5 Outline of the Report

The report is organized into several key chapters. Chapter 1, the introduction, motivates
the project, highlighting the challenges traditional tutoring systems face and present-
ing the proposed solution, which uses LLM-powered tutoring for Python programming.
Chapter 2 reviews existing literature on Intelligent Tutoring Systems (ITS) and explores
the evolution of large language models (LLMs) in educational settings, focusing on their
capabilities and challenges in tutoring environments. Chapter 3 discusses the system’s ar-
chitecture and interaction design, detailing the methods for generating datasets and how
scaffolding and conversational data were employed for adaptive tutoring. The technical
aspects of the project are covered in Chapter 4, including backend, frontend, and database
implementations, as well as the integration of the fine-tuned Gemma 2B model to deliver
tutoring services. Chapter 5 assesses the fine-tuned tutor model compared to others, using
metrics such as motivation, clarity, correctness, relevance, and completeness to measure ef-
fectiveness. Chapter 6 summarizes the project’s key findings, discusses its limitations, and
offers recommendations for future improvements, including enhancements to the model
and potential features such as knowledge tracing and real-time progress tracking. The ap-
pendices provide supplementary materials, such as dataset generation prompts, example
conversations, and evaluation data from the development and testing phases.

13



2 Background

This chapter will go into more detail regarding the evolutionary path of Intelligent Tu-
toring Systems (ITS) from their early designs to their modern implementations based on
Large Language Models. Section 2.1 overviews foundational I'TS systems prior to LLMs,
including design recommendations and subsequent initial implementations based on them.
Section 2.2 analyzes the potentials of LLMs in zero-shot/few-shot learning and reasoning,.
Section 2.3 continues this comparison, discussing how LLM-based tutoring systems have
improved on early ITS, what their limitations are, and what challenges lie ahead.

2.1 Pre-LLMs ITS and Design Recommendations

Before LLMs, Intelligent Tutoring Systems (ITS) had been designed to mimic human
tutoring through the provision of personalized instruction. These have been realized
through a combination of Al and domain knowledge.

Table 2.1: Early ITS and Design Recommendations (Pre-LLMs)

Feature Description Design Recommenda- | Ref
tions
Model-Tracing Early ITS required hand- | Automate content gener- | [24]
coded rules for problem- | ation using Al tools.
solving.
Student Modeling Tracked learners’ knowl- | Use real-time data and | [10]
edge to tailor feedback. | adaptive algorithms for
enhanced personaliza-
tion.
Gamification Early ITS lacked engag- | Include rewards, leader- | [21]
ing game-like elements. boards, and progress
tracking for engagement.
Domain-Specific Focus | ITS were tailored for spe- | Develop  cross-domain | [25]
cific subjects. ITS with reusable modu-
lar components.
Rule Creation Early rule creation was | Adopt Al-driven meth- | [24]
manual and costly. ods for scalable learning
material generation.

The adaptability and personalization of ITS models are evident in early projects

like INTUITEL, which offered adaptive learning through recommendations tailored to
a learner’s profile, progress, and context [10]. For instance, Muangprathub et al. devel-
oped an adaptive algorithm predicting the needs of learners and then tailored the content
with improvements in learning outcomes [26]. These early systems dealt with individual

14
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teraction depth and response detail. Thus, design recommendations for early I'TS models
often emphasized flexibility, adaptability, and real-time feedback. Bacic et al. empha-
sized the development of scalable and web-based systems that can provide individualized
real-time feedback [24].

The constrained Al models used did not have the ability to handle complex reasoning
and conversational capabilities. Early I'TSs were rule-based, step-guidance presentation,
and domain-specific implementations. Table presents the key features of early
ITSs and design recommendations learned from such early systems.

2.2 Transition to LLM-Based Tutor Systems

The emergence of Large Language Models (LLMs) has revolutionized the capabilities of
intelligent tutoring systems, enabling them to provide more dynamic, responsive, and
personalized educational experiences. These models offer advanced features such as zero-
shot and few-shot prompting, which allow systems to generate accurate responses without
task-specific training, significantly expanding their versatility across different domains.

2.2.1 Capabilities of Large Language Models (LLMs)

Large Language Models (LLMs) have significantly advanced the field of intelligent tutor-
ing and reasoning, primarily through innovations in zero-shot, few-shot, and Chain-of-
Thought (CoT) prompting.

Zero-shot Prompting

Zero-shot prompting shows that the LLM could furnish useful and relevant outputs by
just seeing a prompt about a task instead of task-specific examples. It generalizes LLMs
across a wide range of tasks based on abilities pre-trained with extensive knowledge. Just
by prompting the model with "Let’s think step by step,” the model’s performance on
complex reasoning tasks can be drastically improved, increasing accuracy on arithmetic
benchmarks like MultiArith from 17.7% to 78.7% [27].

Few-shot prompting

It allows LLMs to do tasks by providing a few task-specific examples in the prompt.
This approach boosts the model’s ability to understand the structure of a task through
minimal data, allowing it to apply reasoning patterns across new problems [28]. Notably,
few-shot chaining of thoughts in prompts leads to great performance because one can walk
through a series of reasoning steps with a few examples, making LLMs highly effective
for multi-step reasoning problems.

Chain-of-Thought (CoT) Prompting

The CoT prompting helps LLMs in decomposing problems into smaller logical steps,
which is reasoning like humans. This really assists in stepwise tasks that involve multi-
step calculations, logical deductions, and complex reasoning. When considering CoT
prompting, we tell the LLM to "think step by step”; this can push the model to produce
intermediate reasoning steps, leading to better accuracy on reasoning tasks [29].

15
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Pushing this a bit further, zero-shot CoT prompting can manage those cases where no
examples are given. The model could perform well if it had the right kind of general
direction, for example, prompting like "Let’s think step by step” to guide it in reasoning
when even task-specific examples are not provided prior [28]. For example, zero-shot CoT
increased arithmetic solution accuracy from 10.4% to 40.7% with problems like GSM8K
27].

Reasoning and Conversational Capabilities

LLMs can now handle complex reasoning tasks in a conversational way. They are useful
tools for educational applications like intelligent tutoring systems because of their capac-
ity to produce meaningful dialogue and guide users through reasoning steps. To further
improve these reasoning tasks, self-prompting zero-shot CoT techniques have been devel-
oped, wherein models can independently prompt themselves to validate or improve their
reasoning process, leading to improved performance on various benchmarks [29].

Table 2.2: LLM-Based ITS and Design Recommendations (Post-LLMs)

Feature Description Design Recommenda- | Ref

tions

Conversational Capabilities | LLMs provide natural | Use zero-shot, few-shot, | [12]
language dialogues and | and CoT prompting to
explanations. simulate human-like in-

teractions.

Real-Time Feedback LLMs adapt feedback dy- | Integrate adaptive algo-| [13]
namically based on stu- | rithms to provide instant,
dent input. personalized feedback.

Scaffolding LLMs deliver structured, | Leverage Chain-of- | [12]
step-by-step problem- | Thought (CoT) prompt-
solving guidance. ing for effective scaffold-

ing.

Cross-Domain Flexibility LLMs can be applied | Develop modular compo- | [30]
across multiple subjects | nents that are reusable
and tasks. across domains.

Continuous Learning LLMs update knowledge | Use memory modules to | [13]
dynamically based on in- | adapt to prolonged inter-
teraction history. actions and improve over

time.

LLMs also offer several capabilities that are critical for the design of modern intelligent
tutoring systems. highlights these features, and we will expand on each one to provide
a deeper understanding of their implementation:

Conversational Capabilities: LLMs are adept at generating natural language di-
alogues, making interactions with students more human-like. Using zero-shot, few-shot,
and Chain-of-Thought (CoT) prompting techniques, LLMs can simulate meaningful con-
versations, guiding learners through complex problem-solving processes [[12].

Real-Time Feedback: These models adapt to student input in real time, provid-
ing instant and personalized feedback. Incorporating adaptive algorithms enables LLMs
to respond effectively to various levels of student understanding, thereby enhancing the
learning experience [13].

16
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ing that learners receive structured assistance in problem-solving tasks. This scaffolding
approach is particularly effective for guiding students through multi-step reasoning chal-
lenges, where breaking down complex problems is essential [[12].

Cross-Domain Flexibility: LLMs exhibit remarkable versatility, capable of adapt-
ing to various subjects and tasks. This cross-domain capability enables educators to lever-
age LLM-based tutoring across different disciplines by developing modular and reusable
components [30].

Continuous Learning: LLMs can dynamically update their knowledge base based
on ongoing interactions, allowing them to adapt and improve over time. By integrating
memory modules, these systems can learn from prolonged interactions with students and
provide increasingly tailored support [13].

2.2.2 Capabilities of LLM-Based Tutor Systems
CLASS and SPOCK Systems [12]

Sonkar et al. implemented the CLASS (Conversational Learning Augmentation and Scaf-
folding System) framework using LLMs to provide step-by-step scaffolding and conver-
sational guidance for learners. Their system, SPOCK, was designed specifically to tutor
students in biology, delivering comprehensive, scaffolded learning experiences that guide
students through complex biological concepts.

The SPOCK system’s strength lies in its ability to:

Provide Detailed Explanations: The LLM offers in-depth explanations of biolog-
ical processes, adapting the complexity and detail based on the student’s level of under-
standing.

Step-by-Step Scaffolding: Utilizing CoT prompting, the system helps students
tackle complex problems by breaking them down into manageable steps.

Real-Time Feedback: As students interact with SPOCK, the system dynamically
adjusts its guidance, providing immediate feedback and adapting to their learning pace.

These features exemplify how LLM-based tutors can mimic the role of a human tutor,
effectively guiding learners through complex tasks.

Al-Backed Tutoring System [13]

Chen et al. developed an Al-backed tutoring system incorporating features like auto-
matic course planning tools, instructional tailoring, and quiz evaluation. This system is
particularly notable for its ability to:

Automatic Course Planning: The LLM can dynamically plan courses based on a
student’s progress, adapting the curriculum to address their strengths and weaknesses.

Instruction Tailoring: By utilizing memory updates and tracking interaction his-
tory, the system delivers individualized responses and learning paths for each student.

Quiz Evaluation: The AI can generate and evaluate quizzes, offering targeted feed-
back based on student responses, which helps reinforce learning outcomes.

This level of personalization ensures that each learner receives an experience tailored
to their unique needs, enhancing engagement and knowledge retention.
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Although LLMs enhance tutoring systems, major challenges exist, especially in developing
Python tutoring tools. Some of these include:

» Tailored Feedback: Even providing personalized feedback that is adaptive to each
individual student’s programming level can be somewhat of a challenge since the
tutors created in Python tend to over-simplify or over-complicate the feedback.

o Scaffolding: Gradual guidance should be designed such that it does not result in
the LLMs solving problems for the learners, which is detrimental to programming
learning.

e Error Correction: Python tutors should be able to assist students in debugging
their code by explaining the errors instead of just giving them the right code.

o Computational Resources: The running of LLM-based Python tutors demands
finding a balance between computational efficiency and the quality of the response.

These challenges are being addressed in our system through the implementation of fine-
tuning for Python-specific tasks and in designing real-time error correction mechanisms,
with the underlying principle that the system be resource-efficient for large-scale use.

While LLMs have improved tutoring systems with their conversational and personal-
ized capabilities, there remains much to be done in handling programming-specific chal-
lenges, especially on how to balance feedback and scaffolding with resource efficiency.
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3 System Design

In this chapter, we present the interaction design of PACE, detailing how students interact
with the system and how their progress is continuously tracked and updated. We also
explain the dataset generation process used to fine-tune the model. Finally, we discuss
the design principles to ensure an effective and user-friendly system.

3.1 Interaction Design

Interaction design is the process of creating user-friendly interfaces by considering the
psychological and social aspects of users, as well as interaction styles, user requirements,
usability, and evaluation. It focuses on ensuring that users can interact with the sys-
tem efficiently and intuitively while considering their mental models and social behaviors
during the interaction [31].

In our system, users interact with the Al Tutor chatbot to learn Python programming
through queries. The chatbot is designed to respond in a way that guides students toward
solutions while adapting to their individual needs. For new students, the system begins
with a brief set of Python questions to assess their current knowledge levels. This initial
evaluation allows the AI Tutor to tailor the learning experience based on each student’s
understanding. This section will explore how these interactions are structured to create
an engaging and adaptive learning environment, ensuring both ease of use and effective
learning outcomes.

3.1.1 Interaction with the Newly Joined Student

The diagram shows that when a new student joins the system, they will be
welcomed with a few questions to assess their current knowledge level of Python. The
chapter progress will be updated based on their responses, and the student may skip this
interaction. If they skip the interaction, no chapter progress will be updated, and this is
a one-time interaction.

3.1.2 Interaction with the PACE Chatbot
The shows the interaction immediately following the welcome interaction. A chat

window will appear where students can discuss their Python problems with the chatbot.
The model server will generate every response, and the entire conversation will be stored
in the database for future reference.

3.2 Dataset Generation for Model Fine-tuning

This section describes the methodology for generating the synthetic dataset employed in
our adaptive Python tutoring system. Drawing inspiration from large language models
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Figure 2: Sequence diagram showing the interaction between the student, user
interface, backend, Al tutor, and database during a learning session. The Al
tutor processes the student’s input and provides feedback via the backend
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Figure 3: Sequence diagram illustrating new students signing up for the system.
The AI tutor evaluates the students’ initial knowledge, retrieves data from the
database, and updates student knowledge progress through the backend
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we created a dataset that simulates human tutoring by scaffolding learning tasks, engaging
in conversations, and motivating students through carefully crafted prompts. This dataset
plays a pivotal role in enhancing student learning and eniaiement within the system. The

whole dataset generation process is outlined in the [Figure 4.

section_name section_learning_obj problems

Book Retrieved Columns
Scaffolding Dataset

Conversation Dataset
section_name .
section_learning_obj o )] —> problems — LN -

skill level
GPT3.5-Turbo GPT3.5-Turbo

Figure 4: This workflow shows how datasets are generated by retrieving
columns from a Python book and feeding them into GPT-3.5-Turbo. The
model first generates problems for a scaffolding dataset using book-retrieved
columns and then creates the conversational dataset by using problems from
the scaffolding dataset

3.2.1 Scaffolding Dataset

The scaffolding dataset was generated using a specialized zero-shot CoT prompt in @
using GPT3.5-Turbo to guide students through Python programming problems incremen-
tally by breaking down core concepts into manageable steps. Inspired by the scaffolding
approach outlined by Sonkar et el. in [12] and educational frameworks in learning science,
the dataset facilitates the stepwise development of skills. It provides progressively more
complex tasks while offering hints and explanations that align with a learner’s current
understanding.

Tasks in the scaffolding dataset cover key Python topics such as variables, control struc-
tures, functions, and error handling. Content was extracted from Python programming
textbooks, focusing on major sections like "Control Structures,” "Data Types,” and "Func-
tions.” Learning objectives were defined for each section, such as "Understanding loops and
conditionals” or ”Applying recursion in Python.” Student skill levels were categorized as
“Lacking Background Knowledge,” “Encountering Syntax Errors,” and “Logic Implemen-
tation Challenges” to align with Bloom’s Taxonomy, a framework for organizing cognitive
skills from basic knowledge to advanced problem-solving [32]. Lacking Background Knowl-
edge corresponds to remembering and understanding, focusing on foundational concepts
like syntax and patterns. Encountering Syntax Errors aligns with applying, involving the
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Generate a hard, challenging, and unique Python problem which
— can be broken down into subproblems for the following

- section on {section_name}, whose learning objective is:
- {section_learning_objective}, and skill level is

< {skill_level}.

For the generated main problem for this learning objective,
- also output the following:

1) Facts necessary to answer it,

2) Subproblems that the main problem can be broken down into,
3) The final answer.

For each subproblem, generate A hint, One incorrect student
- response to the subproblem, and Corresponding feedback to
- the student.

Put all the output in the following JSON structure:

{

"Problem™: "..",

"SubProblems™: [

{
llQueStionll: ll. -ll,
llAnswerll: ll- -ll’
llHintll: ll- -ll’
"Incorrect Response': "..",
"Feedback™: ".."

}

1,

"Facts": [

1,

"Solution™: "

}

Only provide this JSON result in the output-no other
- drrelevant messages are required.

Table 3.1: Scaffolding Dataset Generation Prompt
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analyzing and evaluating, emphasizing problem-solving and algorithm design to prepare
students for creating solutions.

Each section was broken down into subproblems, hints, incorrect solutions, and feed-
back. Hints are progressively released as students demonstrate the need for additional
support, following a gradual release of responsibility. Some examples of generated data
are shown here in . This manages cognitive load and encourages learners to internal-
ize problem-solving processes. By offering an adaptive learning experience that scales in
difficulty based on performance, the scaffolding dataset helps learners build confidence
and competence to solve more complex problems independently.

3.2.2 Conversational Dataset

The conversational dataset is designed to replicate a natural dialogue between a tutor and
a student, focusing on the interactive and dynamic aspects of the learning process. Also
inspired by the conversational structures discussed in [12], this dataset includes a variety
of dialogues that address common learner misconceptions, provide motivational feedback,
and guide students toward self-correction.

To create this dataset, we generated dialogue pairs consisting of student inputs (e.g.,
questions, coding errors, or misconceptions) and tutor responses using a specialized CoT
prompt given in . We used the scaffolding dataset generated before as the context
to generate the conversational data. These dialogues are structured to ensure that the
tutor’s responses are pedagogically effective, focusing on encouraging student inquiry,
explaining complex concepts, and guiding students without directly providing answers.
The conversational dataset was tailored to cover typical Python errors, including syntax
issues, logic problems, incorrect function usage, and general programming-related queries.
Some examples of conversational data are shown here in @)

By maintaining an interactive flow, this dataset enhances student engagement and
supports the development of problem-solving skills through structured, dialogue-based
learning.

3.2.3 Prompt Design Strategy

The prompt design strategy is central to the efficacy of the tutoring system, as it de-
termines how the model interacts with students and delivers educational content. We
employed a systematic approach to prompt design, leveraging the techniques of CoT
prompting, where LLMs were utilized to generate contextually appropriate and pedagog-
ically sound prompts.

Each prompt was crafted to elicit specific types of student behavior, ranging from
exploratory coding to reflective problem-solving. The design strategy emphasized main-
taining a balance between open-ended and directive prompts, depending on the complexity
of the learning task. Open-ended prompts were designed to foster creative thinking, allow-
ing students to experiment with multiple coding solutions. Conversely, directive prompts
were used for tasks requiring a more structured approach, particularly in cases where
students encountered conceptual roadblocks.

Our strategy also incorporated mechanisms for providing feedback and hints at critical
moments, ensuring that students were neither overwhelmed by tasks nor under-challenged.
Also, our prompt strategy ensured that the generated content maintained a high degree
of clarity, correctness, and engagement. By doing so, the prompt design contributed to
an adaptive learning environment responsive to individual student needs.
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The generated synthetic dataset was evaluated based on five key metrics by 3 senior
computer science undergrad students: Motivation (M), Clarity (Cl), Correctness (C),
Relevancy (R), and Completeness (Co). Each metric was rated on a scale of 1 to 5, focus-
ing on understanding how well the dataset supported learning in Python programming.
For evaluation, we picked 55 random data from the dataset and evaluated those based on
given matrices.

Dataset Evaluation Score

5
454 4.6 4.56
4.48 4.36

4
2
o 3
(=)
wn
[
o
o
[T
> 2
<

1

0

Motivation Clarity Correctness Relevancy Completeness
Categories

Figure 5: Evaluation of Conversational Dataset

o Motivation (M): The ability of the tutorbot to keep the student engaged and
motivated was assessed. This was done by simulating extended interactions and
observing whether the feedback maintained student interest.

o Clarity (Cl): The clarity of explanations and instructions given by the tutorbot
was evaluated. Students needed to understand the steps involved in solving each
problem clearly.

o Correctness (C): The factual accuracy of the tutorbot’s responses was scrutinized
to ensure that no incorrect or misleading information was presented.

« Relevancy (R): Each conversation was reviewed to ensure that the responses and
hints provided were directly applicable to the problem at hand.

« Completeness (Co): The tutorbot’s ability to fully address student queries, cov-
ering all aspects of the problem before moving on, was measured.

The presents the evaluation scores of the dataset across five categories, each
rated on a scale of 0 to 5. The average scores for these categories are 4.54, 4.6, 4.48, 4.56,
and 4.36, respectively. The highest score is observed in the Clarity category, suggesting
that the dataset provides clear information, making it comprehensible for users. Motiva-
tion (M) and Relevancy (R) also scored well, reflecting that the dataset effectively engages
users and is relevant to the intended purpose. Correctness (C) received a slightly lower,
though still high, score, indicating a minor scope for improvement in ensuring accuracy.
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ness standards, there could be further enhancement to ensure all necessary information is
fully covered. Overall, the scores indicate a high-quality dataset, with opportunities for
slight improvements in certain areas to achieve excellence in all aspects.

The overall generation of the dataset across these metrics demonstrated its effective-
ness in enhancing the student learning experience in Python programming.

3.3 User-Interface Design

Our application’s user interface (UI) is designed with a focus on minimalism, ease of
use, and consistency. By adhering to essential UI principles and drawing from research
in Human-Computer Interaction (HCI), we have crafted an interface that enhances user
engagement and reduces cognitive load. Below is a detailed explanation of each design
principle we have applied, along with suggestions on what could be added from an HCI
perspective to further optimize the interface. The UI design principles we have followed
to create our Ul are given in [Table 3.2 and discussed below:

Figure UI Design Principle Description Supporting Research
Figure § | Consistency Uniform color palette and clear | [33][34]

iconography reduce cognitive load
and improve navigation.

Visual Hierarchy Key metrics are highlighted using | [35]
size and icons to guide attention.
Feedback Streak counters provide immedi- | [36]

ate progress feedback to encour-
age engagement.

Data Graphics Data graph designs encourage | [B7]
users to engage more intuitively.

Figure 1| | Familiarity Chat interface mimics messaging | [3§]
platforms for intuitive navigation.

Figure 1§ | Modular Layout Separate topic boxes for orga- | [B9]

nized navigation.
Figure 14 | Progressive Disclosure | Gradual reveal of content helps | [40]
users focus on one topic at a time.
Figure 16 | Simplicity Minimalist login design reduces | [41]
cognitive load.

Table 3.2: UI Design Principles and Supporting Research for Various Interface Designs

« Consistency: Consistency across design elements ensures a smooth and predictable
user experience. By using a uniform color palette and clear iconography, we reduce
the cognitive load, enabling users to navigate through the application effortlessly.
The consistency of design elements, such as font styles and button placements, helps
users become familiar with the interface and builds confidence in their interactions

B3] [34].

e Visual Hierarchy: The use of size, color, and icons to highlight key metrics is a
crucial aspect of guiding user attention. Visual hierarchy ensures that important
elements stand out, allowing users to focus on critical data first. For instance, larger
fonts and contrasting colors emphasize primary actions, while smaller fonts indicate
secondary information [35].
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is essential for engaging users. This feedback helps users track their progress and
adjust their behavior accordingly. It also creates a sense of accomplishment that
enhances motivation, especially when users receive immediate responses to their
actions [36].

Data Graphics: Interactive data graphics are used to present information in a
more intuitive way, allowing users to grasp trends and insights quickly. Graphical
representations help users engage with data more meaningfully by making complex
information easier to understand [37].

Familiarity: The chat interface is modeled after commonly used messaging plat-
forms, making it familiar to users and easy to navigate. Familiar Ul patterns allow
users to focus on the content rather than learning how to use the interface. This
reduces friction and improves user satisfaction [3§].

Modular Layout: A modular layout organizes content into separate boxes, allow-
ing users to navigate through different topics without feeling overwhelmed. This
structured approach helps users locate information quickly and focus on one section
at a time [39].

Progressive Disclosure: This principle ensures that information is revealed grad-
ually, helping users focus on one topic at a time. By limiting the amount of infor-
mation presented at once, users are not overwhelmed and can concentrate on their
current task without distractions [40].

Simplicity: The minimalist design of the login screen reduces cognitive load by
presenting only the essential elements. Simplicity is a core design principle in HCI,
as it enhances usability by focusing on the most important tasks [41].
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4 System Development

The chapter covers the development of our chatbot-based educational system, PACE. It
addresses the backend, frontend, and database implementation using Fast API, React, and
MySQL, respectively.

Dashboard

&8 N2
Day Streak Completed Chapter

M chat Turns

9) 13

Average Chat Turns

20
1
10
Session

Figure 6: Student Performance Dashboard

4.1 Development

The developed system is a chatbot designed for educational purposes, allowing students
to interact with a fine-tuned Gemma 2b model for Python programming tutoring. The
system is built using a combination of FastAPI for the backend, MySQL for database
management, and React for the frontend. Each component plays a critical role in en-
suring seamless functionality and a smooth user experience. This section elaborates on
the implementation details of the system, dividing it into three main parts: Backend,
Frontend, and Database.

4.1.1 Backend

The core logic of the system is handled in its backend, including preparation of responses
to the inquiries of students and maintenance of communication between the front-end
interface and the MySQL database.
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The chatbot is built on the fine-tuned version of the Gemma 2b language model. The
model was pushed to the Hugging Face repository for access and versioning. The model
has been fine-tuned with the student-tutor conversational data; hence, it is for educa-
tional purposes whereby students’ queries are responded to meaningfully. The API that
will handle the requests and generate responses is built upon the high-performance Python
web framework for building APIs: FastAPI. Fast API’s choice is based on its asynchronous
capabilities; it therefore efficiently handles multiple requests, which improves system re-
sponsiveness. Upon the submission of the query by a student in the chat interface, a
request is sent to this API endpoint, which asks for a response using the fine-tuned
Gemma 2b model. Finally, the responses are returned to the frontend and displayed to
the user in the chat interface. The communication is frictionless, and this counts as real-
time communication between user and chatbot. Not only this all the functionality of the
website is handled using FastAPI.

4.1.2 Frontend

The responsibility of the frontend part of this system is to reflect an interactive, user-
friendly interface. It has been developed in React, one of the most widely used JavaScript
libraries for dynamic user interface development. The focus of the frontend is to let the
student interact with the system seamlessly by assuring intuitive navigation within all the
different components.

React Interface Design

React was used here, as these are component-based architecture features that allow for
modular and reusable design. Every feature of the system has been designed as an inde-
pendent component: the login page, chat page, dashboard, etc.—all have maintainable
codebases that can confront scalability. The chat interface is the point at which the user
interacts with the chatbot, and here the design is simple and responsive. It takes query
input from the user and supports the output that would be generated from the system in
real time. It also provides easy navigation through different sections, such as Dashboard,
Chat, with its responsive sidebar navigation.

User Interaction

Once the student submits a query in the chat window, the request gets forwarded to the
backend API, while the response of the model is reflected instantaneously. Further, the
system keeps track of the student’s progress and history of interaction-engagement, all of
which get updated dynamically in the dashboard. Efficient rendering by React ensures
minimal delays for the user during interactions.

4.1.3 Database

The database layer of the system is built using MySQL, a robust relational database
management system that is well-suited for handling structured data. The database is
responsible for storing and managing all critical information related to the system, such
as user details, user history, and progress.
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The MySQL database consists of several tables, each of which is responsible for storing
different types of information:

User Information: This table stores user credentials, personal information, and
activity logs.

Progress Tracking: This table maintains each user’s progress in learning modules,
storing data such as completion status and performance.

Chat History: A separate table stores user queries and the system’s generated re-
sponses, allowing for tracking interactions over time. This feature helps in personalizing
user experience based on past interactions.

Data Flow

Whenever a user interacts with the system (e.g., submitting a query), the data is logged
in the MySQL database. The backend interacts with the database through SQL queries
to retrieve, insert, or update data as required. This allows the system to maintain a
comprehensive record of user activity, which is crucial for tracking progress and generating
personalized feedback.

Data Security and Integrity

Ensuring the security and integrity of user data is a primary concern. All sensitive data,
such as user credentials, are encrypted before being stored in the database. Additionally,
MySQL provides robust mechanisms to ensure data integrity, such as transaction control
and error handling during database operations.
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5 Model Selection & Evaluation

Fine-tuning is essential for adapting a pre-trained model to specific tasks, enhancing
performance and relevance in particular domains. In this chapter, we outline the fine-
tuning process for the Gemma 2B Instruct model by Google DeepMind [42], using Low-
Rank Adaptation (LoRA), which allows for computational efficiency by updating a limited
number of parameters while maintaining most of the pre-trained weights. This strategy
is particularly beneficial for fine-tuning large models like Gemma 2B for domain-specific
tasks such as Python tutoring[43].

5.1 Model Selection

There are few small open-source models with around 2 billion parameters, making Gemma
2B a unique option. Compared to models like Tiny Llama, GPT-Neo 1.3B, GPT-Neo
2.7B, and Microsoft’s Phi, Gemma 2B consistently outperforms its peers across various
benchmarks. Its open-source nature allows for greater flexibility, including fine-tuning for
specific domains such as Python tutoring, which makes it an attractive choice over pro-
prietary models like GPT-3, where usage costs can be prohibitive. Additionally, Gemma
2B is more computationally efficient, requiring fewer resources during both training and
inference, making it a cost-effective solution for large-scale deployment.

For instance, models like GPT-Neo 2.7B, while comparatively larger in size, struggle
with the same level of efficiency and versatility that Gemma 2B offers, especially in specific
task domains. Recent comparisons show that Llama-2 and GPT-Neo models may compete
on broader natural language tasks, but when it comes to instruction-based and domain-
specific tasks like tutoring, Gemma 2B’s optimization strategies and resource efficiency
make it the superior choice [44][18]. This positions Gemma 2B as a cost-efficient, open-
source alternative with robust performance across targeted tasks.

5.2 LoRA Fine-tuning

LoRA fine-tuning was chosen because it reduces the computational resources required
for training large models by updating only low-rank matrices while keeping the original
model weights frozen. This approach is particularly efficient when fine-tuning models
like Gemma 2B, which has billions of parameters. In the case of Python tutoring, LoRA
adapts the model’s ability to answer complex coding questions and provide step-by-step
guidance [45].

Recent advancements have demonstrated the effectiveness of LoRA in reducing the
number of trainable parameters by up to 10,000 times, making it highly efficient for large-
scale models [43]. Studies have also shown that LoRA performs on par or even better
than full fine-tuning on tasks such as summarization, question answering, and instruction
following [46].
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Figure 7: Distribution of Python Knowledge Levels Among Students

5.3 System Evaluation

The performance of the PACE is assessed using several metrics that measure the system’s
impact on learning outcomes and the quality of interaction it provides. The evaluation
aims to understand how effectively the system supports learning and fosters an engaging
educational environment.

5.3.1 Chat Response Evaluation

We surveyed 18 students who interacted with our system to evaluate the chatbot’s re-
sponses. Students answered 25 questions across five categories: Relevancy (R), Correct-
ness (C), Completeness (Co), Motivation (M), and Clarity (Cl), based on metrics discussed
in ﬁ This feedback measured the perceived effectiveness of the chatbot in supporting
learning through its interactions. Each question was rated on a Likert scale from 1 (low-
est) to 5 (highest). The [Table 5.1 summarizes the mean scores for each question across five
evaluation categories, highlighting both strengths and areas for improvement in the chat-
bot’s performance. In addition to evaluating the chatbot’s effectiveness, we assessed the
respondents’ Python knowledge levels. The [Figure 7 results indicated that 44.4% of partic-
ipants identified as Absolute Beginners, while 55.6% considered themselves Intermediate
Learners. The Absolute Beginners are those who are currently learning Python and have
not completed courses on data structures and algorithms. On the other hand, the Inter-
mediate Learners are those who have taken courses on data structures and/or algorithms
in Python or any other programming language. The highest scores were seen in areas such
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N | N E | Y

Relevancy (R) 3.83 1 3.72 | 3.33 | 3.61 | 3.50
Correctness (C) 3.83 | 3.78 | 3.33 | 4.06 | 3.56
Completeness (Co) 3.78 | 3.83 | 3.78 | 3.67 | 3.28
Motivation (M) 3.72 | 3.67 | 3.83 | 3.67 | 3.83
Clarity (Cl) 3.61 | 3.50 | 3.33 | 3.78 | 3.72

Table 5.1: Mean scores for Relevancy (R), Correctness (C), Completeness (Co),
Motivation (M), and Clarity (Cl) across questions Q1 to Q5

as the relevance of suggestions (RQ1, 3.83) and correct definitions of programming terms
(CQ4, 4.06), demonstrating that users found the chatbot effective in providing appropri-
ate guidance and accurate explanations. Motivation-related questions (MQ1 and MQ5,
3.83) also received positive ratings, showing that the chatbot was generally successful in
inspiring users to continue coding and sparking their interest. However, lower scores were
noted for questions like the appropriateness of examples (RQ3, 3.33) and solutions leading
to correct outputs (CQ3, 3.33), suggesting that the chatbot could benefit from improve-
ments in tailoring examples and ensuring reliable solution outputs. Completeness-related
aspects, such as follow-up recommendations (CoQ5, 3.28), and guidance clarity (ClQ3,
3.33) also showed potential for enhancement. While the chatbot performs well in sev-
eral key areas, refining certain aspects, such as appropriateness, solution reliability, and
comprehensive guidance, could further enhance user satisfaction and learning outcomes.
Additionally, some of the best chat responses can be found in . A comprehensive
review of the evaluation categories and survey is discussed below:

Relevancy (R) This category evaluates the relevance of the chatbot’s responses to the
students’ programming needs:

« RQ1: Relevance of suggestions for programming challenges.

« RQ2: Relevance of responses to topics asked about.

« RQ3: Appropriateness of provided examples.

« RQ4: Applicability of responses to real-world scenarios.

« RQ5: Alignment with user expectations for Python help.

The , focusing on the Relevancy (R) of the chatbot’s responses, shows how well

the system meets students’ programming needs. Each bar represents a different research
question (RQ1 to RQ5), evaluating the relevance of the chatbot’s output. The distribution
for RQ1, which assesses the relevance of suggestions for programming challenges, shows
a balanced mix of mid-to-high scores, indicating that users generally found the chatbot’s
suggestions useful but with some variability. RQ2, addressing the relevance of the chat-
bot’s responses to the topics asked, and RQ4, assessing the applicability of responses to
real-world programming scenarios, are both skewed towards higher scores. This suggests
that users found the chatbot’s responses largely relevant and practical. RQ3, which eval-
uates the appropriateness of provided examples, shows a broader range of scores with
more mid-level responses, suggesting mixed feedback in this area. Finally, RQ5, which
measures how well the chatbot’s responses align with user expectations for Python help,
indicates a mixed range of scores, from 2 to 5, with most scores being 3 and above. This
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Figure 8: Relevancy (R): Distribution of scores on the chatbot’s relevance to
user programming needs.

suggests that while there is some variability in user satisfaction, most users find the chat-
bot’s responses to be at least moderately applicable. Overall, the findings for Relevancy
demonstrate that while the chatbot is generally effective in providing relevant support,
there are opportunities to enhance consistency in how examples and responses align with
users’ programming needs.

Correctness (C) Correctness evaluates the accuracy of responses:
o CQ1: Correct syntax in examples.
o CQ2: Accuracy of concept explanations.
o CQ3: Solutions leading to correct outputs.
o« CQ4: Correct definitions of terms.

o CQ5: Effectiveness in correcting misconceptions.

The centers on Correctness (C), evaluating the accuracy of the chatbot’s
responses. The CQ1 to CQb categories reveal insights into various aspects of correctness,
such as whether the chatbot provided the correct syntax in examples (CQ1) and the
accuracy of concept explanations (CQ2). CQ1 displays a distribution where most users
rated it between 3 and 5, suggesting the examples were often correct but with occasional
inaccuracies. CQ2, which examines the chatbot’s accuracy in explaining concepts, shows
a higher concentration of scores in the 4 and 5 range, indicating strong user satisfaction.
However, CQ3, which evaluates whether the chatbot’s solutions led to correct outputs, has
a more even distribution, implying some variability in users’ experiences. CQ4, assessing
the correctness of definitions for programming terms, shows a favorable rating trend,
highlighting that users generally found the chatbot reliable in this aspect. Lastly, CQ5,
which measures the chatbot’s effectiveness in correcting misconceptions, shows a moderate
spread of responses, suggesting there is room for improvement in this area. While the
chatbot demonstrates high accuracy in its explanations and definitions, certain aspects,
such as ensuring solutions consistently lead to correct outputs, could be refined.
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Figure 9: Correctness (C): Distribution of scores assessing the chatbot’s accu-
racy and correctness in responses.

Completeness (Co) Completeness assesses how thorough the responses are:

e CoQ1: Provision of necessary problem-solving steps.
o« CoQ2: Completeness of explanations.

e CoQ3: Inclusion of relevant examples.

e CoQ4: Thoroughness in covering topics.

o CoQ5: Recommendations for further learning.
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Figure 10: Completeness (Co): Distribution of scores evaluating the thorough-
ness of the chatbot’s responses.

The , representing Completeness (Co), assesses how thorough the chatbot’s
responses are. CoQ1 through CoQ5 address various aspects of completeness, such as the
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erage (CoQ4). CoQ1 shows a spread of scores predominantly around 3 and 4, indicating
that while many users found the chatbot thorough in providing steps, there were instances
where completeness was lacking. CoQ2, evaluating the completeness of explanations, re-
flects a similar trend, with a balance between mid-level and high scores. CoQ3, which
assesses the inclusion of relevant examples, shows a slightly lower distribution, with some
users rating it a 3, highlighting potential areas for enhancement in the completeness of
examples. CoQ4, focusing on the thoroughness in covering topics, received higher scores
overall, suggesting that users found the chatbot generally comprehensive. Finally, CoQ5,
measuring the chatbot’s recommendations for further learning, shows a diverse distribu-
tion, indicating variability in how helpful users found the follow-up suggestions. This
illustrates that while the chatbot tends to provide thorough responses, certain aspects, in-
cluding examples and recommendations for further learning, could be improved for better
completeness.

Motivation (M) Motivation assesses the chatbot’s ability to inspire learning:
« MQ1: Encouragement to continue coding.
« MQ2: Motivation to tackle complex tasks.
o« MQ3: Inspiration to practice Python.
« MQ4: Confidence-building feedback.

e MQ5: Interest sparked by responses.
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Figure 11: Motivation (M): Distribution of scores on the chatbot’s effectiveness
in motivating users.

The discusses Motivation (M) and the chatbot’s ability to inspire students.
MQ1 to MQ5 represent how the system encourages learning and fosters user engagement.
MQ1, related to the chatbot’s encouragement to continue coding, shows a positive distri-
bution, with many users rating it 4 or 5, indicating that users felt somewhat motivated.
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gramming tasks, has a mix of high and mid-level scores, reflecting variability in how
inspired users felt to take on challenges. MQ3, which focuses on the inspiration to prac-
tice Python, presents a broad range of scores with notable responses at 3 and 4, showing
that while the chatbot has an encouraging effect, it might not fully motivate all users.
MQ4, which evaluates whether feedback from the chatbot boosted user confidence, shows
higher ratings, indicating that many users felt more confident after receiving assistance.
MQJ5, assessing whether the chatbot sparked interest in programming, also has strong
positive scores, indicating that the system effectively engages users and stimulates their
interest. This highlights that the chatbot has motivational capabilities but suggests that
targeted improvements could make interactions more uniformly inspiring and engaging.

Clarity (Cl) Clarity measures the clarity of responses:
o CIQ1: Clarity of error-fixing instructions.
o ClQ2: Clear explanation of reasoning.
« ClQ3: Ease of following guidance.
o ClQ4: Understandability of terms.

o ClQ5: Straightforwardness of examples.
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Figure 12: Clarity (Cl): Distribution of scores assessing the clarity and under-
standability of the chatbot’s responses.

The focuses on Clarity (Cl) and the instructional quality of the chatbot’s
responses. The ClQ1 to ClQ5 categories explore different aspects, including the clarity
of instructions (CIQ1) and the chatbot’s ability to use understandable terms (ClQ4).
ClQ1 shows a strong rating distribution with scores centered around 3 and 4, implying
that while users found instructions fairly clear, there were instances of ambiguity. ClQ2,
which assesses how well the chatbot explained the reasoning behind solutions, received
high scores in the 4 and 5 range, showing that users were satisfied with this aspect.
ClQ3, which measures the ease of following the chatbot’s guidance, presents a broader
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harder to follow instructions. ClQ4, focusing on the ease of understanding the terms used,
shows a favorable response, suggesting that the chatbot effectively communicated using
accessible language. ClQ5, which evaluates how straightforward the examples were, has
a mixed distribution, with many users rating it 4 but also a notable portion at 3. This
pattern suggests that while the chatbot generally excels in clarity, refining how examples
are presented and ensuring consistent simplicity in instructions would further enhance the
user experience.

In summary, the above figures and the mean scores across the five evaluation categories—
Relevancy (R), Correctness (C), Completeness (Co), Motivation (M), and Clarity (Cl)—
reveals that the chatbot demonstrates solid performance in delivering relevant, motivating,
and accurate support for programming needs. Strengths are evident in areas such as the
relevance of suggestions, correct definitions, and the ability to inspire users to continue
coding. However, the evaluation also identifies specific areas where enhancements could
be made, such as providing m