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summary

Machine learning education presents unique challenges compared to traditional computer science courses: dif-
ficulties in actual implementation, differences in background knowledge, and quality of self-study resources.
Language models have shown the potential to address these challenges and generate rich student-Al interaction
data that may provide valuable insights for learning analytics. However, it remains unclear how such data can be
systematically collected, analyzed, and presented to instructors in a meaningful way. To explore that, a case study
was conducted in which bachelor students worked on a machine learning assignment using an Al supported pro-
gramming system JELAI The collected interactions illustrate how students use Al tools during work. To analyze
these interactions, we developed a transformer-based classifier to categorize them into pedagogically relevant
question types, and we also compared it with the prompt-based classifier on a classification task. In addition to
that, we designed a learning analytics dashboard to visualize categorized interactions and evaluated it through a
meeting focus on perceived usefulness. The results indicate that the automatic classification is feasible, but the ac-
curacy is imperfect. The transformer-based classifier showed better performance in a challenging category, while
other categories showed similar performance between models. The dashboard was perceived as useful, while also
revealing areas for improvement in design and analysis. This thesis highlights the potential and challenge of using
student-Al interactions for learning analytics and also motivates future large-scale studies.
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Introduction

Machine learning research has focused on the development and application to address real world problems, such as
medicine [38], finance [9], biology [46], and so on. These advancements have driven the widespread adoption of
machine learning technologies. However, educational research receives less attention than other fields, resulting
in a lack of evidence-based strategies for teaching machine learning knowledge.

Machine learning education presents unique challenges compared to traditional computer science courses. Since
machine learning becomes increasingly popular, it becomes relevant to a wider audience. Therefore, educators
need to teach machine learning to both computer science majors and non-major students [45]. This raises a chal-
lenge for the differences in student’ background knowledge. Previous studies in machine learning education have
reported that students in different majors have different levels of knowledge in mathematics and programming [43,
1]. This may influence course design and slow down the learning of machine learning topics. In addition, online
tutorials are the primary method of self-study machine learning and it has been found that the explanations of
algorithms and used datasets are limited, which leads to misunderstandings among students [17].

To support students overcome this challenge, Tu et al. explored how to use LLMs as teaching assistants. They can
answer students’ questions, clarify complex concepts, and provide personalized learning suggestions [49], and
provide the context depth and dynamic interaction capabilities required in machine learning [13]. Although LLMs
can improve students’ learning efficiency, they also shift much of the learning process to the interaction between
students and Al systems. Since student-Al interactions occur by default within commercial tools, teachers lack
reliable telemetry data. Even when such data are accessible, manually analyzing conversations during the course is
time-consuming and affects daily teaching [28]. Therefore, a tool can collect and analyze student-Al interaction
data, and help teachers understand the information necessary for machine learning education with the use of
LLMs.

Currently, some research is starting to explore how to use learning analytics dashboard (LAD) to help teachers
monitor [36], analyze and understand student-Al interactions [27]. LAD aims to support people to better un-
derstand and make decisions by visualizing and analyzing data [50]. Early research on teacher-facing LAD
focuses on providing educators with aggregated insights derived from learning management systems (LMS) [23].
Therefore, this still lacks relevant research in the field of machine learning education.

Overall, there is a lack of systems that connect student-Al interaction data with teacher-facing analytics in machine
learning education. This gap motivated the design of LAD that collects student interactions with Al-integrated
programming support tools and presents analysis to teachers to help them understand the difficulties students
encounter in machine learning assignments.

1.1. Objective of thesis

The primary objective of this thesis is to support teachers’ understanding of student learning difficulties in machine
learning assignment by analyzing student-Al interactions. Specifically, thesis aims to:

* Collect and categorize student-Al interactions in practical assignments.
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 Design and implement a learning analytics tool that provides teachers with insights into student questions.

+ Evaluate the usefulness of the tool in supporting teachers’ understanding of students’ difficulties in assign-
ments, and collect improvement.

1.2. Research questions

To address the objectives of the thesis, this research will focus on answering the following main research ques-
tions:

How can student-Al interactions be leveraged to provide teacher-facing learning analytics in machine learn-
ing education to support identify student difficulties in assignments?

To address this question, this study considers two sub-questions:

1. How can student-Al interactions be automatically and consistently classified into educational question
types to support learning analytics?

2. How do teachers perceive the usefulness of the learning analytics dashboard based on student-Al interaction
for monitoring student learning and difficulties in assignments?

1.3. Contributions of thesis

The main contributions of this thesis are as follows:

* A case study conducted in a lab session of a machine learning course to demonstrate the feasibility of
collecting real student-Al interaction data in the machine learning education context.

* A transformer for categorizing student questions from student-Al interactions. A comparison was made
between the transformer-based classification and language model-based classification for educational ques-
tion types.

* The implementation of a teacher-facing learning analytics dashboard that is designed for machine learning
education context. It visualizes categorized student questions, and is merged into an existing programming
system with chatbot.

+ Evidence that interaction-based analytics are perceived as useful by educators in understanding of students’
difficulties in assignments.

Figure 1.1 presents the summary of the objectives and the contributions of this thesis.

Objective of Thesis

Collect Student Questions in Present Insights to Teachers, and
Categorize Students Questions >

Practical Assignments Collect Improvements

A

Design Learning Analytics
Dashboard and Eval it with
Experts

Best Classifier from Model ’
Evaluation J

Case Study in Machine Learning
Lab:Collect Real Stud: Al
Interaction Data

Derive Categories

Contributions of Thesis

Figure 1.1: Summary of Objectives and Contributions
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1.4. Outline of thesis

The structure of this thesis is as follows: Chapter 2 presents the relevant literature we review, including Challenges
in machine learning education, LLMs in programming support, teacher-facing learning analytics dashboard and
automated classification of educational questions. Chapter 3 introduces and discusses a case study to collect
real student-Al interaction. Chapter 4 presents the development of the classifier used to classify student-Al
interactions into question types. Chapter 5 demonstrates the design of the learning analytics dashboard, and the
expert review of dashboard prototype. Chapter 6 answered the research questions and discussed the limitations
and the future work. Finally, a conclusion is made in Chapter 7.



Related work

2.1. Challenges in Machine Learning Education

Machine learning education presents unique challenges compared to traditional computer science and program-
ming courses. In addition to programming syntax and logic, students must consider data pre-processing, algorithm
selection, hyperparameter tuning, and model evaluation. Skripchuk et al. have found that students have difficulty
with practical implementation, especially when pre-processing training data and training model. In addition to
that, students’ choices of implementation are not always apparent or justified in assignment submission, which
limits teachers’ ability to identify and address common student difficulties [44].

The second challenge is the difference in student’s background knowledge, which relates to conceptual and prac-
tical difficulties. Students in different majors have varying levels of mathematical and programming knowledge,
resulting in significant differences in their foundational knowledge. Educators report that students’ math and
programming skills may influence course design and slow down the learning of machine learning topics [1]. An
empirical survey of students in machine learning courses confirms that mismatched prerequisites are one of the
most common barriers to learning [43].

The increase in the number of students for machine learning also raised another challenge regarding online tuto-
rials and resources used for self-study. Heuer et al. analyzed 41 machine learning tutorials and online materials,
and indicated that most of resources lack explanations of the algorithm and underestimated the importance of
data quality. These materials emphasized that machine learning is universally applicable and easy to use without
background knowledge. Informal learning materials can lead to misunderstandings and encourage users to apply
machine learning without a deep understanding [17].

Research in machine learning education has highlighted challenges, such as difficulties in actual implementation,
differences in background knowledge, and quality of self-study resources. These challenges motivate the need for
tools that provide high-quality, personalized, and real-time guidance. Large language models show the potential
to meet these requirements. In the next section, we will explore large language models in programming education.

2.2. LLMs in Programming Education

Large language models (LLMs) are neural network models which pre-trained on large-scale textual data, and
have demonstrated capabilities in natural language understanding and generation [52].

In recent years, LLMs has shown potential in programming tasks, including code generation, explanation, and
debugging, making it increasingly suitable as a tool to support programming education [6]. CodeT is an approach
that uses pre-trained language models to generate code and the corresponding test, demonstrating the potential
of LLMs to generate robust programming exercises for education [7]. Leinonen et al. discussed code comments
generated by LLMs and found that the quality of the comments is often comparable to that of student comments,
suggesting that LLMs can serve as a valuable example or scaffold for beginners [29].

Based on these capabilities, studies in various contexts have explored integrating LLMs into educational systems
as a programming assistant. These systems allow students to interact with LLMs while working on assignments,
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enabling them to ask questions, request explanations, and receive feedback. CodeHelp is a LLMs-powered sys-
tem designed to assist students in programming tasks. It employs a multi-step process to ensure that students
receive educational response instead of providing full solution [30]. CodeTutor is a web application that inte-
grates with the OpenAl APIL It offers help with syntax explanation, code debugging, and programming, and
includes a feedback mechanism to capture students’ perception [33].

Some studies embed LLMs-based chatbots directly into integrated development environments or online coding
systems to provide assistance during coding tasks. CS50.ai is a web-based application that leverages GPT-4 with
pedagogical guard to guide students toward solutions rather than providing answers, and it also integrates a plugin
for Visual Studio Code [31]. Birillo et al. proposed a next-step hint system to provide textual and code hints to
students, and implemented it as part of the open-source JetBrains Academy plugin [4]. The programming system
used in this thesis adopts similar design principles. It integrates a LLMs-based chatbot to support students during
coding assignment work [48].

While LLMs have potential advantages in programming education, they also introduce challenges. Previous work
found that over-reliance on LLMs for code generation and debugging may affect the development of students’
programming skills [22]. When students rely on LLM, most of their reasoning, questioning, and debugging
activities occur during their interaction with Al, rather than being reflected in the assignment submissions or
grades. Lau et al. indicated that student-Al interactions occur by default in commercial tools outside of the
course infrastructure, so teachers lack reliable telemetry data. Educators expressed a desire to improve how
students interact with Al tools, and were generally aware of bad behaviors, but struggled to define effective or
desirable student-Al interactions. Even if the interaction data is accessible, manually analyzing conversations
during the semester is time-consuming and affects daily teaching [28].

Overall, LLMs have changed the landscape of programming education by providing students with real-time and
personalized assistance, but they also bring some challenges, such as over-reliance. Although student interaction
logs can reflect how they use LLMs, data is often unavailable and manually analyzing data is time-consuming.
This motivates further exploration of how student-Al interaction can be collected and analyzed to provide learning
analytics to educators. In the next section, we will discuss the teacher-facing learning analytics dashboard (LAD),
and how the LAD can support teachers within the context of using LLM for education.

2.3. Teacher-facing Learning Analytics Dashboard

The primary purpose of learning analytics dashboard (LAD) is to support people in better understanding informa-
tion and making decisions by visualizing data to various stakeholders [50].

Early research on teacher-facing LAD mainly focuses on providing educators aggregated insights were derived
from the Learning Management System (LMS). For example, Kaliisa and Dolonen designed a teacher-facing
LAD named CADA. It is a dashboard integrated with Canvas that visualizes student engagement, social network
relationships, and discussion content on forums. To meet the requirement of supporting instructional decisions,
CADA is developed in collaboration with teachers to help identify student misunderstandings, monitor inter-
actions, and dynamically adjust their teaching. CADA’s design demonstrated how the dashboard can provide
actionable and educational insights [23]. Nguyen et al. developed a teacher dashboard called TEADASH using
Design Science Research (DSR). It is designed based on teachers’ instructional design needs and uses real-time
data. Its design principles include aligning with learning design (LD), providing actionable visual visualization,
and integration with LMS [34]. Dourado et al. proposed a teacher-facing LAD with process-oriented feedback.
Teachers could monitor students’ learning behaviors over time in online education. To ensure that the dashboard
aligns with learning objectives and provides meaningful process data, they worked with teachers to design and
evaluate LAD and continuously refine them through an iterative design process [10].

In recent years, with the application of generative artificial intelligence (genAl) in the field of education, research
has begun to explore how genAl can be used to improve LAD. Wang et al. explored how genAl can enhance
the functionality of the dashboard itself. They developed a LLM-powered LAD which aims to simplify data
retrieval and visualization, enabling teachers to create personalized learning analytics dashboards by using natural
language [51]. This study demonstrates that LLM has a high level of capability in generating information and
chart for LAD, and it effectively meets the teaching needs of teachers.

Another study explored how to incorporate student-Al interactions from Al-based programming support tools to
LAD. Kim et al. proposed a prompt analytics dashboard to support teachers in the English as a Foreign Language
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(EFL) writing context. This system captures the real-time student’s interactions with ChatGPT and the history of
essay editing. This enables teachers to monitor the use of Al for non-educational and misuse purposes, examine
writing behavior, and match instructional feedback with students’ learning process [27]. To enhance teachers’
autonomy in education with genAl involvement, Ortega-Arranz et al. designed an interface to connect the genAl
with LMS. It compares student submission in the LMS with student-Al interactions, then alerts teachers to take
actions [36].

Overall, previous work established the foundation for teacher-facing LAD, helping teachers understand students’
behavior in digital systems. However, there remains a gap in LAD that captures and interprets the student-Al
interactions within machine learning education context. This leads to our main research question: How can
student-Al interactions be leveraged to provide teacher-facing learning analytics in machine learning ed-
ucation to support identify student difficulties in assignments?. In the following section, we will explore
automated classification approaches and how classification helps teachers understand student-Al interactions.

2.4. Automated Classification of Educational Questions

Automated classification of questions has been widely studied in educational contexts to support question-answering
systems and information retrieval [39]. Most studies have focused on categorizing instructor generated questions
(such as exam or quiz questions) by cognitive level [18], or difficulty [11]. These studies typically employ natural
language processing techniques and supervised learning methods to analyze question texts.

Meanwhile, the classification of student asked questions is beginning to be studied. Gao et al. collected a cor-
pus of student questions from an online ticketing system. They defined five categories of student request and
trained LightGBM to classify student requests automatically, and SMOTE to solve the class imbalance. This
study demonstrated that linguistic and structural features in student queries can reveal their intent, and show
generalization across semesters by using leave-one-out cross-validation, but they were limited in their ability to
generalize across courses [14].

Hao et al. analyze student questions over three semesters, and classify them into three categories: 1) learning-
irrelevant questions, 2) effective learning-relevant questions, 3) ineffective learning-relevant questions. They
manually annotated data with high inter-rater reliability (Cohen’s k = 0.88), and automatically classified data by
several supervised machine learning approaches: Naive Bayes Multinomial, Logistic Regression, Support Vector
Machines, and Boosted Decision Tree. They also compared flat and single path strategies, and found their model
achieves high accuracy in identifying ineffective questions. This work contributes to automated classification of
the quality of computer science learning questions and provides evidence for the feasibility of facilitating online
question answering in large-scale courses [16].

Recently, advances in natural language processing (NLP) techniques and LLMs have shown the potential for
automated question classification. Jaipersaud et al. proposed a LLM-powered question answer system that uses
LLM to classify student questions into four categories: Conceptual, Homework, Logistical, and Not answerable,
and generates answers based on the question types [20]. Savelka et al. systematically evaluated GPT-3.5 and GPT-
4 for classifying student requests about programming into four categories such as Debugging, Implementation,
Understanding and Nothing. They explored zero-shot prompts, few-shot prompts, and light fine-tuning. In zero-
shot experiments, both models performed well in many categories, with GPT-4 performing particularly well in the
Debugging type, while fine-tuning GPT-3.5 brought its performance close to human raters. This study indicated
that LLMs can not only classify requests like human experts, but also make automatic classification feasible in
large-scale educational settings [41].

This thesis builds on previous work in educational question classification by focusing on student questions ex-
tracted from student-Al interactions in machine learning course context. By comparing transformer-based clas-
sifiers with language model-based methods, this work explores the feasibility of consistently classifying student
questions in a form that is meaningful for teacher-facing learning analytics.



Case study

3.1. Methodology
3.1.1. Objective

The purpose of this case study was to explore how real student-Al interactions data can be collected and analyzed
in the context of a machine learning course. It was designed as a pilot to provide an example of how interaction
data is presented in practice and how it can be used to inform dashboard design for teachers. Therefore, this
case study currently focuses on observing real student-Al interactions and assessing the feasibility of collecting
structured interactions rather than assessing student learning outcomes or statistically generalizable results.

3.1.2. Contexts and Participants

This case study was conducted during a lab session of the Machine Learning course (CSE2510). CSE2510 is a
mandatory course for second-year undergraduate students majoring in Computer Science and Engineering at TU
Delft, and emphasizes understanding and implementation of core machine learning algorithm. Students complete
weekly assignments during the session, focusing on solving conceptual problems and implementing machine
learning algorithms.

As part of the lab environment, students had access to the programming system JELAI [48], and they can ask ques-
tions to the chatbot during the lab, such as clarifying assignment questions, debugging code, or reviewing machine
learning concepts. With consent, these interactions were logged for analysis. Students enrolled in CSE2510 have
prior knowledge of programming, calculus, linear algebra, and statistics, but have not systematically learned
machine learning before this course. Therefore, they have the ability and prior knowledge to complete the assign-
ments. Furthermore, since students have not fully mastered the relevant knowledge yet, we believe they will ask
more meaningful questions to chatbot during the problem-solving process.

3.1.3. Procedure of Case Study

Participants engaged in the case study over approximately 2-3 hours. The procedure consists of three stages:

1. Attitude Measurement: Participants first completed a survey on attitudes toward language models. This
step is performed before the system is used to avoid introducing any bias into the interactive experience.

2. Working on Assignment using JELAI: Participants then used the JELAI system to complete their neural
network assignments. We encourage them to use the chatbot to ask questions, clarify concepts, and get
guidance for programming. We aim to observe natural behavior rather than setting experimental conditions.

3. Usability Report and Feedback: Participants completed a usability and experience survey

During the case study, all student-Al interactions and task progress were recorded automatically. The responses to
the surveys and the interaction logs were stored using anonymous identifiers to enable cross-referencing between
different tools without revealing identities. This aims to examine the possible relationship between attitudes and
interactive behaviors, as previous study reports have shown a positive correlation between attitudes towards Al,
engagement, and satisfaction [2].
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Materials
Three materials were used in the case study:

+ Attitude Survey: Participants completed a short survey measuring their attitude towards language models
which was adapted from the AIAS-4 scale [15]. Prior work has shown that students’ attitudes towards Al
may influence their willingness to use Al learning tools [25]. Including this survey allows us to reflect on
whether attitudes influence interactive behavior.

* Neural Network Assignment: Participants completed a Python programming assignment about neural
networks that required them to implement and analyze neural network models.

+ Usability and Experience Survey: Participants completed a survey to assess their perceived usability and
user experience of the JELAI system.

All materials can be found in GitHub repository.

3.1.4. Ethical Considerations

This study followed standard ethical guidelines for research involving human participants. We submit the check-
list of Human Research Ethics Committee (HREC), which included the overview of our study, the risk assessment,
and corresponding mitigation plan. Meanwhile, we developed a data management plan (DMP) to describe how to
store and handle student data securely. All participants received informed consent before the case study, students
were told that their participation was voluntary and there is no impact on their final grades. The collected data is
anonymous to researchers and also inaccessible to course instructors. They retain the right to withdraw from the
study at any time without penalty. The DMP and checklist of HREC can be found in GitHub repository.

In addition, we considered that chatbot may provide students with incorrect guidance, which could negatively
impact their learning or exams. To avoid such impact, we choose the optional assignment (Neural Network) as
case study materials which means that this assignment covers knowledge outside the scope of the exam.

3.1.5. JELAI

In this case study, we used JELAI [48], a system that integrates a Jupyter environment with Al-supported chatbot.
It was designed to support Python programming education by providing an environment in which students receive
assistance from chatbot while programming. Figure 3.1 shows the architecture of JELAI.

JELALI can be run through a web browser and logged in using credentials. The interface of the system is shown
in Figure3.2.

JELAI records student data during the use, especially student interactions with the chatbot, which supports our
subsequent interaction analysis and dashboard design.

3.1.6. Model selection

The primary purpose of the Al chatbot in this case study was to provide students guidance while working on
machine learning assignment, and to generate interaction data for subsequent analysis and dashboard design.
Therefore, the key requirement was not high model performance, but rather a stable and locally deployable model
that can be integrated into existing programming environments. Lau et al. emphasized the importance of feasible
deployment in educational context and student privacy [28]. Therefore, we decided to use a lightweight local
model gemma3:4b to ensure that all data remained within the institutional environment.

Although more powerful models are available, they are not necessary for the purpose of this case study. Gemma3:4b
has demonstrated sufficient capability to support common programming tasks such as code interpretation, debug-
ging, and concept explanation [47]. More importantly, the model has a stable response and low computational
cost, which can reduce waiting time if multiple participants use the chatbot simultaneously during the case study.
This work focuses on understanding how to leverage interactions for analysis and design dashboard, rather than
comparing the performance of language models.

3.1.7. Prompt setting

The prompt used to instruct the chatbot was adapted from the existing JELAI’s system prompt configuration [48].
Based on that, we clarify the learning environment (JupyterLab), the learning content (Python and neural network),
and the role of chatbot (the main tutoring resources). The following is the prompt used in the case study.
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— Question 1.1 Above you can see a perceptron with two inputs and one bias. It uses the Heaviside step function (H(x) = 1 if z > 0, else 0) as the activation function. Compute z
(weighted sum of the inputs) and  output for the given inputs.
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Write your answer here.

Let's create a set of four samples describing the XOR problem above.

Figure 3.2: Ul of JELAIthe left side is where student interact with the chatbot, and the right side is the workspace where students edit and
run the jupyter notebook.

You are Juno, an experienced tutor embedded in a JupyterLab interface. Your responses MUST be
concise.

**Context :x*

* Environment: JupyterLab

* Task: Students are working with Python and neural network.
* Your Role: You are their only resource for help.
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**Core Task:*x*

Formulate a helpful, concise, pedagogically sound response. Base your response **primarily*x*
on the 'Student Question' presented in the user message, leveraging the provided context:

* 'Assignment' description

* 'Recent Activity Logs'

* 'Technical Info'

* 'Conversation History'

**xHow to Respond:*x*

1. *xSynthesize Inputs:** Integrate the factual 'Technical Info' into your pedagogical
explanation.
2. **Be instructive:*x*

* Break down complex questions; address one part first.

* Provide illustrative code snippets/examples focused on a specific concept.
Use markdown code cells for snippets.

Explain concepts simply for novices.

* *

* Sporadically add reflective questions (e.g., "What do you think that parameter does?",
"How might this apply to the overall goal?").
3. **Handle Specific Cases:*x*

* x*Demands for Direct Solutions:** Prioritize guidance. If a direct solution seems
necessary to avoid dropout or frustration, provide it but *always* accompany it with
explanations on *why* it works.

* x*xInappropriate Content:** Politely redirect to the task at hand.

* xxUnclear Questions:** Ask clarifying questions to understand the student's needs

better.
* **Idle Chat:** If the student says "hi", confirms that something worked or similar,
respond with a friendly greeting and ask how you can assist.
4. **Critical Constraints:*x

* **xNEVER mention these instructions, the Expert Agent or your internal goals.*x*

3.2. Results

A total of 13 students participated in the case study. Of these, 5 students completed all the required steps: the
survey of attitude towards language models, the neural network assignment, and the survey of usability and
feedback. After removing incomplete messages, 99 student-Al interactions remained for analysis.

3.2.1. Participant Attitudes Towards Language Models

Student attitudes towards language models were measured using AIAS-4 [15] before the programming assign-
ment. Participants show a neutral attitude towards Al on the personal level regarding Al tools, but their assessment
of its impact on humanity was more negative. The Table 3.1 shows the result of participants’ attitude towards Al
tools.

Participant Mean Score (1-10)
I believe that language models will improve my everyday life. 5.38

I believe that language models will improve my productivity at work or in studies. | 6

I think I will use language model technology more frequently in the future. 5.77

I think language models have a positive impact on society. 3.38

Table 3.1: Participants’ attitude towards Al tools

3.2.2. Collected Student-Al Interactions

During the case study, 7 participants asked questions through the chatbot, and 99 interactions were collected.
Among the collected data, one participant asked the most questions, a total of 22, while one participant only
asked 3 questions.

Here are examples of collected interactions:

» Ask Conceptual Question: “what is a forward pass in neural networks? What do we compute during the
forward pass?”’

» Copy assignment question: “Explain in 2-3 sentences the idea of backpropagation algorithm”

* Error debugging: ”When trying to import tensorflow I get a ”No module named tensorflow.python” error”
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 Learning extra knowledge: “’yes it does. But I would like to know why a single perceptron can only learn
linearly separable problems; i get it I think. How would it change if we added multiple perceptrons?”’

3.2.3. Feedback for System

Qualitative comments suggested that students generally found the system useful for completing this assignment.
They mentioned the interaction is intuitive, and make the process of searching for answers easier. Meanwhile,
they can request more examples or a simplified explanation when encounter difficult problems.

Participants also reported some improvements for system. Firstly, high-performance models should be used to
support the interaction. The model currently in use cannot meet their requirements for answer accuracy. Secondly,
chat histories and tasks (assignment questions and code) users are working on should be provided to chatbot as
context. Finally, the chatbot should reduce the number of questions asked and adjust their tone during interaction.

3.3. Discussion

The case study aims to collect a sufficient amount of real student-Al interaction data to provide information for the
development of learning analytics dashboard. Although the case study is limited, the data collected still provided
some useful insights.

The interactions demonstrate a variety of ways students use Al tools during a machine learning assignment. Even
within a relatively small dataset, the questions asked by participants covered a wide range of topics, from con-
ceptual questions to code implementation and error debugging. We not only observed the behavior of copying
and pasting assignment description or code, but also observed students learning additional knowledge through
interaction. This supports the existing literature suggesting that Al tool can serve not only as solution providers,
but also as scaffolds for learning processes such as understanding and exploration [26]. Therefore, the dataset
provides an effective example of real-world student-Al interaction in a machine learning course environment.

The case study also shows the feasibility of using the Al-supported programming system for machine learning
education and collecting structured interaction data without disrupting normal learning activities. It provided
some insights into the open questions for HCI research proposed by Lau [28], such as supporting adoptability for
instructors, and designing desirable course-aligned tools. Meanwhile, this case study contributes to research on
Al-supported learning in the context of machine learning course, which is needed in the field of machine learning
education.

The number of survey responses limits the conclusions that can be drawn about students’ attitudes and experience.
From a statistical perspective, a larger sample size is needed to draw a reliable and generalizable conclusion about
the relationship between students’ attitudes toward artificial intelligence, their interactive behaviors, and their
satisfaction of system. Previous research in the fields of learning analytics has relied on datasets collected from a
complete course or multiple classes, often involving dozens to hundreds of participants, to support such analyzes.
However, those responses can still support the reflection on the reasons why the results of this case study were
limited.

Observing the collected interactions and feedback from survey, we noticed that some participants were not sat-
isfied with the performance of chatbot. They expressed that if the model fails to provide the desired response,
they might choose other commercial models. This aligns with the findings of Kazemitabaar et al. regarding the
programming education with the use of LLMs. They indicated both directness and correctness of responses may
affect students’ trust in chatbot and lead them to choose other models [26]. Considering that participants may use
the chatbot simultaneously during the lab, we decided to use the fastest model to reduce waiting time. However, it
might not be the best choice in terms of performance which may reduce the accuracy of responses. This decision
may lead participants to stop using our system if they are unsatisfied with the response, resulting in insufficient
data.

Another reason is our ethical consideration. To prevent Al-generated responses from misleading students and
potentially negatively affecting their grades, we decided to conduct our case study at the end of course and choose
an optional assignment that was not part of the assessment. This decision minimized the risk of using the chatbot,
but it also reduced the participation.

Despite these limitations, the case study still achieved its main purpose: to provide real student-Al interaction
data for developing the learning analytics dashboard. It also forms an initial step that motivates long-term and
large-scale studies to more systematically validate and interpret the analytical results.
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3.3.1. Limitations

There are several limitations of this case study. Firstly, only a small number of interactions (99) were collected,
and the response rate for both pre-survey and post-survey was low. Therefore, datasets may not fully reflect
the diversity of student behaviors and attitudes. Furthermore, case study was conducted on a neural network
assignment activity lasting 2-3 hours. This can only capture a moment of learning behavior and cannot explain
how the interaction between students and Al tools may evolve during the course. Since only partial survey data is
available, it is not possible to systematically analyze the relationship between students’ attitudes toward artificial
intelligence, their interactive behaviors, and their satisfaction of system. This limits our ability to explain why
certain interactive behaviors occur and students’ experience.



Classification

The main requirement of the learning analytics dashboard is to present teachers with insights of student-Al inter-
actions to help them understand student difficulties in machine learning assignments. The analytic indicators of
our case are derived from the types of question student ask (e.g. Codeimplementation, Concepts, ErrorDebugging,
Contexts, and other).

Although the localized language models we utilized to support the Al-supported programming system JELAI
can classify questions through prompting, this approach still presents a challenge: language models typically
produce non-deterministic outputs which complicates the repeatability of results [3]. That affects the consistency
and stability of the analytical indicators of dashboards. The stable and consistent classification is important for
teacher-facing dashboard, since it rely on aggregated patterns across interactions and over time. Inconsistent or
highly variable categorizations can affect trends.

Therefore, we developed a text classifier that is consistent up to the accuracies specified in the result table. We
compared the text classifier with prompt-instructed language models to evaluate which is the most consistent.
This classifier serves as a tool to support interaction analysis, and its purpose is to provide stable, consistent,
and repeatable categorical output for summary and visualization in the dashboard. This Chapter introduced the
methodology of classification consisting of data preparation, hyperparameter optimization, model training, and
evaluation.

41. Dataset

Although the case study generated a total of 99 real student-Al interactions, the size of the dataset was insufficient
to train a transformer-based classifier. To generate sufficient training data, the study needs to be integrated into
the course setting and schedule, which is beyond the scope of this thesis. This study prioritizes demonstrating the
feasibility of collecting interactions, classification, and dashboard.

Therefore, a publicly available dataset StudyChat [19] was used for our study, which is obtained from Hugging-
face. It contains real-world student-Al interactions collected during an undergraduate artificial intelligence (Al)
course at the University of Massachusetts Amherst in the Fall 2024 to Spring 2025.

The reason we selected this dataset is that it recorded real student-Al interactions in a situation similar to our
case study. Studychat were conducted in an undergraduate setting and the Al course included fundamentals of
machine learning. Although differences in course focus introduce potential domain mismatch, using this public
dataset is a practical choice for this study because the objective is not to build a perfect model for machine learning
education. Moreover, each interaction contains the LLM generated label validated by human annotators, which
saved us the time of manual labeling.

4.1.1. Preprocessing

The dataset contains a total of 16851 students’ interactions and corresponding label which assigned by LLM.
There are eight pre-defined categories:

13
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Conceptual Questions: Students ask questions about computer science, mathematics, and programming
language

Contextual Questions: Students ask questions based on chat history or assignment

Writing: Students ask LLM to generate text

Editing: Students ask LLM for modification and improvement

Verification: Students ask for validation to ensure the correctness
+ Context: Students provide extra and related information
» Off Topic: Unrelated to assignment

* Misc: The interaction does not fit other category

To better suit our study and context, we simplified the categories into 5 which is inspired by Savelka et al.’s
work [42]. We removed the interactions related to academic writing because fine-tuning is to adapt model to a
specific domain, and academic writing is not involved in our study and context. Then we merged similar classes
such as Writing and Editing code, Contextual Questions and Context, and off topic and misc. Finally, we defined
the following categories: Codeimplementation, Concept, ErrorDebugging, contextual, and other. Table 4.1 shows
the distribution of dataset.

Label ID | Amount
Codeimplementation (Writing and Editing) 0 | 2744
Concepts (Conceptual Questions) 1 5197
Contexts (Contextual Questions and Context) | 2 2190
Errordebugging (Verification) 3 1473
other (off topic and misc) 4 285

Table 4.1: Label Distribution of Dateset

4.2. Classifier

For our study, RoBERTa-base [32] was selected to classify questions asked by students in English into prede-
fined categories. It is an improved variant of BERT architecture, and pre-trained on a larger corpus and dynamic
masking. Since real-word student questions often contain informal words, inconsistent grammar, incomplete
sentences, or domain-specific terminology, these improvements allow the model to learn more robust word rep-
resentations, which are valuable for our case. Besides that, the length of student questions varies greatly, ranging
from a few words to hundreds of words. RoBERTa-base is suitable for this because its pre-training procedure
enables it to capture semantic signals in both short questions and longer questions which might contain context
or problem descriptions.

Furthermore, RoBERTa-base has been shown to outperform many transformers on the single sentence classifica-
tion task. It removed Next Sentence Prediction (NSP) used in BERT which improved the performance on this
task. That reduced the risk of misclassifications in questions with similar wording, like ”What is this” and "Why
does this happen?”.

4.2.1. Training Environment

All fine-tuning experiments were conducted using Python (3.12) and the Hugging Face Transformer library (0.36)
with Pytorch (torch-2.9.1+cul26). Training was performed on GPU NVIDIA RTX 4060 LAPTOP with 8GB of
VRAM.

4.2.2. Data Tokenization and Class Imbalance

All questions were tokenized using the RoBERTa tokenizer. Each question was converted into token IDs and
attention masks using the tokenizer’s default setting. To maintain consistency in input dimensions, each question
was truncated or padded to the fixed maximum length of 256 tokens.

To handle the class imbalance in the dataset, the class weights were computed:

* Codelmplementation: 0.8665
* Concepts : 0.4575
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» Contexts : 1.0858
* ErrorDebugging : 1.6143
* other : 8.3432

4.2.3. Hyperparameter Optimization
Before fine-tuning, we optimized the hyperparameter by using Optuna to avoid manual bias in hyperparameter
selection. The following are the optimized parameters and the range:

* Learning rate(le-5, 5e-5)

¢ Training epochs(3, 6)

* Weigh decay(0.01, 0.1)

* per-device batch size(8, 16)

» warmup-ratio(0.0,0.1)
We used an 80/20 split ratio with stratified sampling to split the dataset into a training set and a validation set.
Each trial included fine-tuning RoOBERTa model on the training set using a unique hyperparameter configuration,

and were evaluated on the validation set using evaluation loss as the optimization objective. Table 4.2 presents
the hyperparameters we used for the final training.

Hyperparameters Values
Learning rate 2.6e-05
Number of Epochs 5

Batch size 8

Weight decay 0.032
Evaluation strategy epoch
Save strategy epoch
Warm up ratio 0.084
Metric for best model | eval loss

Table 4.2: Hyperparameter for Final Training

4.2.4. Evaluation

By observing the collected case study data (99 interactions) and considering the predefined categories (Sec-
tion 4.1), we manually assigned labels to questions. Figure 4.1 shows the distribution of collected students
interactions.

Contexts

Concepts

Other
Errordebugging
Codeimplementation

42.4%

2.02%

Figure 4.1: Category Distribution of Collected Questions
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We compared the fine-tuned classifier with the localized language model-based classifier. The evaluation dataset
is the labeled case study dataset, and evaluation metrics we used are accuracy, precision, recall and Marco F1-
score. The purpose of comparisons is not to claim that its performance is state-of-the-art, but to determine whether
the fine-tuned classifier can provide sufficiently consistent output for learning analytics dashboard.

Language Models Description
Due to the limitations of device performance, only the localized language models provided by TU Delft were
considered. A total of 7 models were evaluated:

+ gemma3:27b

* deepseek-r1:32b

* gemma3:12b-it-qat

» gemma3:4b

* phi3.5:1atest

* gemma2:27b

e llama3.2:latest

Prompt Strategy

A prompt template was designed based on Savelka’s work [41]. It clearly describes the classification task, speci-
fies the definitions of label, and guides the language model to generate outputs in a standardized format. Few-shot
prompting was utilized, and representative samples were directly embedded into the prompt to provide additional
contextual information. To ensure comparability, prompts are kept consistent across all runs. The prompt is
shown as follows:

Classify the message as one of the following categories related to machine learning:

Concepts - if the message is about asking for explanations of theory, algorithms, models,
programming language, or libraries (e.g., "What is overfitting?", "Explain decision trees
ll)_

CodeImplementation - if the message is about implementing, modifying or improving code or
function (e.g., "How do I implement logistic regression in Python?").

ErrorDebugging - if the message is about diagnosing or fixing errors, bugs, or exceptions in
code (e.g., "Why am I getting a shape mismatch error?").

Context - if the message is about asking questions based on information from the assignment
or earlier conversion, or providing relevant information like assignment instructions (e.
g., "In part 3 of the assignment, what does 'normalize features' mean?").

For examples:

"My code throws a KeyError when accessing the DataFrame" should be classified as
ErrorDebugging

"How do decision trees work?" should be classified as Concepts

"Write PyTorch code for a neural network" should be classified as CodeImplementation

"Earlier you helped me write the preprocessing code. Given that pipeline, how do I integrate
cross-validation into it?" should be classified as Contexts

If the message ’doesnt fit any of these categories, classify it as other.
Respond with a single label:
Concepts, CodeImplementation, ErrorDebugging, Contexts, or other.

4.3. Results

To assess whether the fine-tuned classifier can provide sufficiently consistent output for learning analytics dash-
board, it was evaluated on the 99 questions extracted from student-Al interactions collected during the case study.
Performance was compared with the local language models instructed by prompts. Table 4.3 presents the classi-
fication accuracy, recall, precision, and Macro-F1 achieved by each model in 10 runs.

Models Accuracy Recall Precision Macro-F1
gemma3:27b 55.3%40.4% | 0.607+0.054 | 0.497+0.042 | 0.496+0.043
gemma3:12b-it-qat 44.2%+1.3% | 0.41£0.049 | 0.30740.034 | 0.337£0.038
gemma3:4b 51.4%+1.4% | 0.4974+0.048 | 0.424+0.033 | 0.432+0.034
fine-tuned ROBERATa-base | 68% 0.6461 0.6677 0.6203

Table 4.3: The results of Models Comparison
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The fine-tuned classifier ROBERATa-base achieved moderate and stable performance (Accuracy=68%) on case
study data. In contrast, some language models (deepseek-r1:32b, phi3.5:latest, llama3.2:latest, gemma2:27b)
exhibit unreliability during runtime and sometimes generate the model’s thinking process instead of just gener-
ating labels as the prompt requested. Furthermore, the rest of language model-based classifiers (gemma3:27b,
gemma3:12b-it-qat, gemma3:4b) exhibit variability by observing the standard deviations.

To further examine performance across the five categories, confusion matrices were created for the fine-tuned
classifier (Figure 4.2a) and gemma3:27b the language model-based classifier with the highest accuracy (Fig-
ure 4.2b). Both approaches showed comparable performance across most categories, but a difference emerged in
the category of ”Contexts” questions.

Both models struggled to accurately classify ”Contexts” questions, exhibiting low recall and frequent misclas-
sifications into adjacent categories. The fine-tuned classifier demonstrated higher accuracy for this category
compared to gemma3:27b, showing a stronger concentration of correct predictions on the diagonal of the confu-
sion matrix. In contrast, gemma3:27b is more likely to misclassify ”Contexts” questions as ”Concepts” questions
and “ErrorDebugging” questions.

For the remaining categories, two approaches achieved similar classification performance. The confusion ma-
trices show that misclassifications are limited to ”Contexts” category rather than random errors, suggesting that
both models capture the distinctions between different types of student questions.

Confusion Matrix Confusion Matrix
Codelmplementation 1 1 0 0 0 Codelmplementation 1 1 0 0 0 20.0
20
175
Concepts 0 2 2 0 Concepts 3 1 2 0 15.0
15
i z 12.5
3 Contexts 2 1 0 3 Contexts 2 12 6 3
m v
g 3 10.0
& 10 &
75
ErrorDebugging 1 1 0 6 0 ErrorDebugging 0 0 0 8 0
5 5.0
other 2 1 2 0 13 other 0 1 4 1 12 2.5
0 0.0
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& &Qb 5 S & &Q& & & &
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° &
[¢3 &
Predicted Label Predicted Label
(a) Confusion Matrix for Fine-tuned Classifier (b) Confusion Matrix for gemma3:27b

Figure 4.2: Darker colors means a higher number of instances, with diagonal cells representing correct classifications, and the rest of cells
representing misclassifications.

4.4. Discussion

The results show that the fine-tuned classifier can provide a consistent and stable classification of student-Al in-
teractions in the context of machine learning assignment. While the classifier does not achieve perfect accuracy
(68%), its stability and consistency with predefined categories make it suitable for learning analytics. Moreover,
it outperformed most language model-based classifiers in classifying the case study dataset. These models ei-
ther generated unexpected output or may produce different output for the same input. The dashboard relies on
aggregated interaction trends in this context, so inconsistent classification can affect the category distributions.
This may potentially affect educators’ understanding of learning difficulties. In general, the results support our
decision to fine tune a classifier and integrate it into analytics pipeline rather than relying on language models’
reasoning.

The confusion matrix analysis highlights the limitation of automated classification in learning analytics based
on student-Al interactions. The difficulties both models experienced in classifying "Contexts” questions may
reflect the ambiguity of the category itself. By observing the labeled interactions, we found that some ”Contexts”
questions indeed included ”Concepts” questions, and interactions often contain multiple considerations: concept
understanding, code implementation, and information clarification. This situation make single label classifica-
tion difficult and ambiguous. This suggests that single label classification may not fully capture information in
questions, indicating the potential value of multi label methods in future work.
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Although the model was fine tuned on interactions collected in similar educational context, the performance
is not perfect when the classifier was applied to our case study data, particularly for the "Contexts” category.
Classifications of student questions require not only a sufficient total amount of data, but also that each category
is sufficiently representative and supported by enough instance to reduce sensitivity to noise. In our case study,
the limited number of collected interactions (N = 99) restricted both diversity and balance of categories. To
provide more stable and reliable classification in the future, a larger and more representative dataset needs to be
collected in the context of machine learning course. It is reasonable to estimate that several hundreds to thousands
of student questions collected on multiple assignments or a full course is necessary to support the classification.

Overall, this classifier can serve as a practical component to support learning analytics dashboard. We presented
the learning analytics through classification of student-Al interactions into questions types. The type of question
represents an indicator of student engagement and difficulty which reflects how students seek help. While this
approach enables interpretable and scalable analysis, the teaching effectiveness of these analytic indicators has
not yet been directly evaluated. Therefore, future research should explore the relationship between question type
indicators and teaching outcomes, instructional decisions.

4.5. Limitations

The fine-tuned classifier and the evaluation have several limitations. Firstly, the classifier was trained on a public
dataset rather than the interactions collected during the case study. Since the number of interactions in case
study is limited (N = 99), this approach is necessary but introduces a domain shift effect, which may reduce
performance. Larger, course-specific datasets will help fine-tune them to better suit the machine learning course
context. Secondly, some interactions can indeed be categorized into multiple categories (e.g., questions that
seek both conceptual clarification and code implementation). Therefore, classification errors cannot be simply
explained as technical failure. Finally, the evaluation dataset is relatively small, which limits the accuracy of
performance evaluations.



Dashboard Design and Expert Review

5.1. Objective

The objective of the learning analytics dashboard is to transform classified student-Al interactions into actionable
learning analytics to support teachers in monitoring student common questions and timing in solving assignments
in a machine learning course. This aligns with the main research questions of this thesis: How can student-Al
interactions be leveraged to provide teacher-facing learning analytics in machine learning education to
support identify student difficulties in assignments?. Although prior work has shown the potential to connect
learning analytics dashboard with Al-supported learning activities [27, 36], there remains limited research in the
context of machine learning education. This dashboard aims to bridge this gap by presenting student learning
difficulties in machine learning assignments in a meaningful way to teachers.

5.2. Methodology

The dashboard design and implementation follow the process for System Development Research [35]. This
iterative process included 5 stages: (1)Construct a Conceptual Framework, (2)Develop System Architecture,
(3)Analyze and Design the System, (4) Build the (Prototype) System, and (5)Observe and Evaluate the System. It
is well suited for our study because we aim to understand student-Al interactions and transform these interactions
into actionable teacher-facing learning analytics. The development of the dashboard also involves creating it
based on theory, implementing functions, and evaluating how users interact with it to obtain meaningful insights.
The following subsections describe each stage.

5.2.1. Conceptual Framework

Previous studies have identified that machine learning education has unique learning challenges, including concep-
tual reasoning, practical implementation [44], and different background knowledge [45]. Most existing machine
learning research focuses on applications, so there is little research on machine learning education and how teach-
ers can monitor students’ learning difficulties. Tu et al. show that LLMs can be used as learning assistance in
study, not only to obtain solutions, but also to clarify concepts and provide personalized suggestions [49]. How-
ever, they also shift much of the learning process to the interaction between students and LLMs. Since student-Al
interactions occur by default within commercial tools, teachers lack reliable telemetry data. Even such data are
accessible, manually analyzing conversations during the course is time-consuming and affects daily teaching [28].
Therefore, a tool can collect and analyze student-Al interaction data, and help teachers understand the information
necessary for machine learning education with the use of LLMs.

Learning Analytics Dashboard (LAD) has been proposed as a tool to support people in better understanding
information and making decisions by visualizing students data [50]. Some research explores how to use LAD to
help teachers monitor [36], analyze and understand student-Al interactions [27]. Early research on teacher-facing
LAD focuses on providing educators with aggregated insights derived from LMS [23]. Therefore, this still lacks
relevant research in the field of machine learning education.

These literature motivated the design goal of a dashboard that transforms classified student-Al interaction data

19
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into actionable learning analytics for teachers in the context of machine learning course.

5.2.2. Design Requirements

Due to time constraints, a meeting was held with two educators to discuss the design requirements of dashboard
instead of conducting formal and large-scale interviews. We listed 18 questions that should be answered by
dashboard and divided them into three tabs: Course overview tab, Assignment overview tab, and Student tab.

Table5.1 presents the questions we listed.

Table 5.1: Question to be answered by dashboard

Tab Question to be answered Figure
Course Overview In which assignment there were most questions? Figure5.2
Course Overview What category has the most problems across all assignments? Figure5.2
Course Overview How many questions do students ask on average per category across all assignments? Figure5.3
Course Overview How many questions do students ask on average per assignment across all assignments? Figure5.3
Course Overview From the perspective of each assignment, what is the trend of changes in the number of questions for each category? Figure5.4
Assignment Overview | What are summaries and suggestions for a specific assignment? Figure5.5
Assignment Overview | For a specific assignment, which category of questions was asked the most? Figure5.5
Assignment Overview | How many questions do students ask on average per category in a specific assignment? Figure5.5
Assignment Overview | Who asked the most questions? Who asked the fewest? Figure5.5
Assignment Overview | When do students work on a specific assignment? Figure5.6
Assignment Overview | What are the keywords mentioned in a specific assignments? Figure5.6
Assignment Overview | What are the specific questions regarding the keywords? Figure5.8
Student Overview How many questions did this student ask? Figure5.9
Student Overview When was the last time they asked a question? Figure5.9
Student Overview For a specific student and assignment, which category of questions was asked the most? Figure5.10
Student Overview In specific assignments, how many questions did students ask compared to the average number asked by the whole class? | Figure5.10
Student Overview How many questions did students ask for each assignment? Figure5.9
Student Overview When do a specific student work on a specific assignment? Figure5.10

5.2.3. System pipeline

Based on these design requirements, we designed the system pipeline and it is presented in Figure 5.1.

Adjusting prompt setting

Generate

Response

Student Question — JELAI(chatbot) Database Dashboard

Figure 5.1: Pipeline of JELAI and Dashboard

To ensure the dashboard always displays the latest data, the dashboard was expected to be embedded into the
JELAI system. Once students’ problem is sent to the chatbot, it will be processed through the language model or
fine-tune classifier, which categorizes each question into a pre-defined label. After that, data will be stored in a
SQLite database to simplify deployment and integration with the JELAI system. Each interaction record contains
six key attributes:

+ student_id:students’ user name.
* timestamp:the time of question submission or response generation.

* message_text:students’ open-text question or Al-generated responses.
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* message_type:Two type: question or response.

» message_classification: the label assigned by language model/classifier indicating the question category.(e.g.
Concepts, Codelmplementation, ErrorDebugging, Contexts, other).

+ assignment_name:The corresponding assignment name.

The dashboard is divided into four tabs based on the questions listed 5.1. The first tab is the course level overview,
which displays the overview of all questions and corresponding categories for all assignments in the course. The
second tab is the assignment level overview, where teachers can select assignments to view an overview of each
assignment. It presents the questions information such as number of questions, questions distribution, keywords.
In the third tab, teachers can view each student’s information by searching their ID and selecting assignment name.
This tab includes the questions information of selected student (e.g. number of questions, questions distribution),
comparison of number of questions with class average, and active time. In the fourth tab, teachers can modify the
prompt instruction(e.g. system prompt, learning objectives, and assignment description) to manage the student-Al
interaction.

5.2.4. Dashboard Prototype

The design of dashboard prototype was inspired by Few’s design principles for dashboard [12], specifically the
following:

 Dashboards are visual displays.
* A dashboard fits on a single computer screen and is used to monitor information at a glance.

* Information in the dashboard must be customized to the specific needs of users.

Therefore, the prototype will primarily use visualization to display data and analysis, with text serving as supple-
mentary information. Furthermore, we ensure that the most important information can be displayed on a single
screen and seen at a glance. After reviewing the real student-Al interaction collected in the case study, and de-
sign requirements, we decided that the dashboard focus on the comparison of information from different levels
to highlight the learning difficulties, such as an assignment versus course or a student versus class average. Bar
charts were chosen as the primary visualization tool because they facilitate data comparison and display of data
distributions.

The prototype was developed by using python library Plotly Dash [37]. It was chosen for its flexibility and
compatibility with the JupyterHub. The dashboard was embedded into the JELAI system as a JupyterHub service,
and teachers could access the dashboard by logging in JELAI with the admin account.

In the following sections, we will present visualizations implemented for prototype, and the question they an-
swered. Table 5.1 reflects the correspondence between the questions dashboard needs answer and visualization.
The full screenshots of the dashboard can be found in GitHub repository.

Course Overview Tab

The plot on the right side of Figure 5.2 presented the visualization for the question: ”In which assignment there
were most questions?”. It is a bar chart with the assignment name on the x-axis and the number of questions on
the y-axis. Each bar has a corresponding total number of questions asked.

For the question:”What category has the most problems across all assignments?”, both text and visualization
were used to present the information. The summary text (Figure 5.2 Top) provided information such as the total
number of questions asked for the course, the number of students using chatbot, and questions distribution.

A bar chart (Figure 5.2 left) with the category name as the x-axis and the number of questions asked as the y-axis
was used to support the summary text.

For questions:”How many questions do students ask on average per category across all assignments?”” and "How
many questions do students ask on average per assignment across all assignments?”, we used two bar charts
(Figure 5.3), one with the assignment name on the x-axis and the other with the category name on the x-axis, both
with the average number of questions asked on the y-axis.

The bar chart on the right side of Figure 5.4 used the assignment name as the x-axis and the number of questions
asked as the y-axis, then presented question distribution bars grouped by assignment name. Teachers can clearly
see the distribution of questions in each assignment and the changes in the number of questions in different
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Total Questions: 300 Active Students: 5 Categories: Python_Syntax: 94, Assignment_Help: 84, General: 83, Debugging: 22, Conceptual: 17

Questions Distribution for All assignments Number of Questions for Each Assignment

150
100
0
Prthon_Symtax Assgnment_welp  General " Debugaing ° assignment_Loy ‘assignment_2.07

category Assignment
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®

©

Number of Questions
Number of Questions

2

Figure 5.2: Course Overview Tab : summary text (top) about the total number of questions asked for the course, the number of active
students, and questions distribution; bar chart (left) with the category name as the x-axis and the number of questions asked as the y-axis;
bar chart (right) with the assignment name on the x-axis and the number of questions on the y-axis.

Average Number of Questions Asked per Student per Category Average Number of Questions Asked per Student per Assignment
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Figure 5.3: Course Overview Tab : bar chart (left) with the assignment name on the x-axis, and the average number of questions asked on
the y-axis; bar chart (right) with the category name on the x-axis, and the average number of questions asked on the y-axis

assignments. It answers the questions: “From the perspective of each assignment, what is the trend of changes in
the number of questions for each category?”.

Moreover, We created a bar chart (Figure 5.4 left) where the x-axis represents the category name and the y-
axis represents the number of questions, and then grouped the number of questions by category name. This
plot compared with right side plot, and we expected to understand teachers’ preference for these two different
visualizations.

Select Category
Questions per Category Grouped by Assignment

"
.
:
»
d ] |
-

Questions per Assignment Grouped by Category

Number of Questions

Number of Questions

signment

Figure 5.4: Course Overview Tab : bar chart (right) presented questions distribution bars grouped by assignment name; a bar chart (left)
with category name as x-axis and number of questions asked as y-axis, number of questions asked grouped by category name

Assignment Overview Tab

To answer the question ”What are summaries and suggestions for a specific assignment?”, a rule-based function
and a summary text (Figure 5.5) were implemented to present the analysis. It compared the selected assignment
with the course average and provided suggestions based on this comparison.

Bar chart (Figure 5.6 left) was used to visualize the question:”For a specific assignment, which category of ques-
tions was asked the most?”. It helps us intuitively identify the category with most questions and compare it with
other categories.

We implemented a boxplot (Figure 5.6 right) to answer two questions: “How many questions do students ask on
average per category in a specific assignment?”, and "Who asked the most questions? Who asked the fewest?”.
It presents the average question of each category and the outlier values, which help teachers identify the student
who needs help.



5.2. Methodology

23

Total Questions: 144 Active Students: 5

summary

‘Comparison with the average of the assignments:

» **Codeimplementation** questions are higher than average.
**Concepts** questions are higher than average
*Contextual** questions are higher than average.
« *Other** questions are higher than average.

« This assi tsaw higher than q

volume — perhaps schedul

support session.

Category: Concepts: 52, Codeimplementation: 40, Contextual: 22,

Debugging: 20, Other: 10

Figure 5.5: Assignment Overview Tab : a summary text about comparison between the data from selected assignment with the course
average and provided corresponding suggestion
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Figure 5.6: Assignment Overview Tab : bar chart (left) about questions distribution; boxplot (right) for presenting questions distribution
per student for a selected assignment

A bar chart (Figure 5.7 left) uses calender week as the x-axis and number of questions asked as the y-axis to
answer:”When do students work on a specific assignment?”. Teachers can observe changes in the total number

and category of student questions over time.

Furthermore, a word cloud (Figure 5.7 right) and a question table (Figure 5.8) were presented to answer questions:
”What are the keywords mentioned in a specific assignment?”” and ”What are the specific questions regarding the

keywords?”.
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Figure 5.7: Assignment Overview Tab : a bar chart (left) used calender week as x-axis and number of questions asked as y-axis; a

wordcloud (right) present the keywords from questions
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Hi I'm working on my assignment about neural networks.

What is NumPy?

Why do we need NumPy for neural networks?

Can you explain how to create a weight matrix in NumPy?

I my weight matrix is shape (3.4); what does that mean in a neural network?
Here is my code for initializing weights but it gives an error. What might be wrong?
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Figure 5.8: Assignment Overview Tab : a question table allowed filter and search

dent Overview Tab

Teachers can extract keywords from word clouds and then use search functions to discover the
problems corresponding to high-frequency words, helping them understand the learning difficulties.

A summary text (Figure 5.9 top) was used to answer following questions:”"How many questions did this student
ask?” and "When was the last time they asked a question?”. Teachers need to select the assignment and student
id to show the corresponding information.
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The question about number of questions ask:”How many questions did students ask for each assignment?” was
answered by a bar chart (Figure 5.9 left) with assignment name as the x-axis and number of questions student
asked as the y-axis.

A pie chart (Figure 5.9 right) was implemented to answer the question about questions distribution: ”For a specific
student and assignment, which category of questions was asked the most?”. It is different from visualizations
about questions distribution of other tabs, since we aim to obtain teachers’ preferences about which type of
visualization is more suitable for observing the distribution.

Select Student ID
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Select a
Al Assi

Total Questions Last Queston Time

50 2025-11-25 06:12

Number of Questions asked for All assignments Questions Distribution for All Assignments.

Number

Assignment

Figure 5.9: Student Overview Tab : summary text (top) about number of questions and latest questioning time; a bar chart (left) with
assignment name as the x-axis and number of question student asked as the y-axis; a pie chart (right) about questions distribution

Plot on the left side of the Figure 5.10 answered the question:”In specific assignments, how many questions did
students ask compared to the average number asked by the whole class?” A grouped bar chart was used to clearly
compare the questions student asked with the class average.

For answering the last question:”When do a specific student work on a specific assignment?”, we decided to use
bar chart (Figure 5.10 right) with calender week as the x-axis and number of questions asked as the y-axis to
present changes in number of questions and categories.

Average Number of Qustions Asked in All Assignments VS U102224 When Student U102224 Ask Questions
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Figure 5.10: Student Overview Tab : A grouped bar chart (left) compare the questions student asked with the class average; a bar chart
(right) with calender week as the x-axis and number of questions asked as the y-axis to present changes in number of questions and
categories

5.2.5. Expert Review

The objective of expert review is to examine whether the dashboard prototype effectively helps teachers under-
stand the learning difficulties students encounter in machine learning assignments. This aligns with the research
question: How do teachers perceive the usefulness of the learning analytics dashboard based on student-Al
interaction for monitoring student learning and difficulties in assignments?.

Previous studies emphasized the importance of involving teachers in the teacher-facing LAD design process [24,
50]. Therefore, we aim to collect qualitative and quantitative feedback from teachers regarding their perspec-
tives, usability, and usefulness of the LAD. Since we did not conduct a large-scale interview to collect educators’
requirements about dashboard before designing dashboard architecture due to time constraints, teachers’ expec-
tations of dashboard will be discussed during the review. Their feedback will help the dashboard better meet
teachers’ needs.

Participants
This expert review session involved a group of 5 researchers and 2 master students from the Faculty of Electrical
Engineering, Mathematics and Computer Science at TU Delft. Each of them has prior knowledge of machine
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learning or learning analytics and some of them are teachers who have prior experience in grading or providing
feedback on student assignment. Therefore, we believed they can provide valuable insights to help us improve
our learning analytics dashboard.

Outline of Expert Review

The session was divided into seven sections and lasted one hour. In the welcome sections, participants were asked
to agree with informed consent to the audio recording during the session, and introduced the ground rules and
outline of the focus group. The section Introduction of study and the section Introduction of dashboard aim to
familiarize participants with the study’s purpose and learning analytics dashboard. We described the contexts
set for the study and dashboard: In a bachelor machine learning lab, students need to work on two assignments
consists of two parts: an open-ended question related to the concept and a programming task.

In the next section, participants were asked to share their expectations of each dashboard tab based on context
described, and a question was used to guide thinking and discussion: “’If you were a teacher of machine learning,
what kind of questions would you want the dashboard to answer?”. This section aims to collect their needs for a
learning analytic dashboard as teachers, and prepare for the final discussion section.

The next section explores the dashboard prototype. Three scenarios were provided to participants:(1)Obtain an
overview of course assignments, search for a specific assignment on the Assignment Overview Tab, and check
corresponding analysis presented. (2)Checking the assignment on the Assignment Overview Tab, search for
averages and outliers students, then obtain an overview of the outliers and check the interaction. (3) Modify the
prompt settings that will be applied to the student’s interaction with the chatbot based on understanding of the
presented analysis. Meanwhile, we present the list of design requirements (Table 5.1) to participants. They were
asked to check whether the prototype answers those questions.

The sixth section is the final discussion, which aims to collect detailed feedback about list of design requirements,
the visualizations and analysis methods presented in dashboard. The discussion was guided by the following
questions:

* Which visualizations answer which question? If you feel they don’t answer, why?
» What are the strengths and weaknesses of each dashboard tab? how might we improve the weaknesses?

* After the scenario, is there any information you wish the dashboard could have that it could not currently?

Finally, participants were asked to complete a quantitative survey on usefulness and usability adapted from
TAM [8] and SUS [5]. The survey could be found in the Appendix GitHub repository.

The following is the outline of the focus group session:

» Welcome: Confirming the audio recording, introducing Ground Rules, and outline of session
* Introduction of study: Presenting the purpose of study, and context of data shown
* Introduction of dashboard: Presenting the workflow of dashboard and demonstration of dashboard.

+ Discussion - Expectations for the dashboard: participants write down and discuss the following question: If
you were a teacher of machine learning, what kind of questions would you want the dashboard to answer?

» Exploration: Three scenarios: participants explore the dashboard guided by scenario described, and answer
does the dashboard answer questions?

* Discussion: Further discussion about questions, the visualization, and analysis methods presented in the
dashboard

* Survey - Participants complete a survey about usefulness and usability.

Ethical considerations

The focus group involved audio recording, so the informed consent was provided to all participants at the begin-
ning of the session. Recording audio aims to capture participants’ insights. The recordings are used strictly for
analysis by the research team, and participants will be described in general term in thesis to protect their identity.
All participants retain the right to withdraw from the study at any time without penalty. The informed consent
can be found in GitHub repository.
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5.3. Result
5.3.1. User Expectation of Dashboard

In this part of discussion, participants were asked to share their expectations for the each of three tabs(Course
Overview tab, Assignment Overview tab, and Student Overview tab) of learning analytic dashboard according to
the question: If you were a teacher of machine learning, what kind of questions would you want the dashboard to
answer? Their answers were analyzed and summarized into different topic categories, duplicates were removed,
and similar ideas were grouped together.

Course Overview tab
Participants expected this tab to provide a brief overview of course and students’ questions which support teacher
rapidly understand learning status. The following is the list of summarized expectations:

* Basic course information (e.g.,”Which assignment has most questions?”, "How many questions asked per
assignment for the course?”, "How many student participant,”)

* Questions distribution of assignment (e.g.,“in which assignment were the most questions about program-
ming and least about machine learning concepts?”’)

+ Concepts involved in questions (e.g.,”Which concept was the most difficult to understand?”, ”’In terms of
concepts (e.g., as keywords for assignments), which concepts do students find the easiest / most difficult?”,”
Are there questions about topics not covered in lectures?”’)

* Competencies needs for course (e.g.,”In terms of competencies (e.g., scientific programming), which
competencies do students find the easiest / most difficult?”)

Assignment Overview tab
In this tab, participants want more assignment-level insights about the student-Al interaction(questions asked and
responses generated) and student behavior patterns. The following is the common expectations of this tab:

+ Basic assignment information (e.g.,”What was the most asked question in this assignment?”)

* Questions distribution of assignment (e.g.,”What type of questions are being asked? Are they topic
related, To brainstorm solutions?”)

* Concepts involved in questions (e.g.,”Which topics are getting the most questions?”)

+ Pattern of student behaviors (e.g.,”When are students most active in this assignment?”, ”Are students
having a hard time understanding this assignment?”’)

« Satisfaction of responses (c.g.,”By analyzing the conversations, are the students satisfied with the answers
they asked for this assignment?”)

Student Overview tab
In summary, participants expected an overview of student learning status, such as prior knowledge, questions
distribution and questioning pattern. The expectations were reported as follows:

+ Student background information (e.g.,”What is the student’s level of prior knowledge?””)

+ Distribution of questions (e.g.,”Which category of the question is the most asked?”, ”What types of ques-
tions is this student asking the most? i.e. confirmation questions, concepts, or just asking for solutions”,
”What is the most common question asked for this assignment?”,”’I would like to know in which weeks
student asked the most questions about the assignment 1)

Pattern of student questioning (e.g.,”Does this student ask more questions about the assignment or the
content taught?”,”How consistent is a student with their questions?”,”When does this student typically ask
questions about assignment? (e.g., in the week the assignment is introduced, after a week, 1-2 weeks before
exam)”, ”does student who ask many programming questions at the beginning of the course, have less
programming questions later on?”, ”does student who ask many programming questions at the beginning of
the course, have less programming questions later on?”, ’Does the student repeat questions across weeks(if
programming related)?””)
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5.3.2. Assessment of Design Requirements

During the dashboard exploration, participants were asked to check whether the predefined design requirements
were met by using a checkbox. Participants indicated most of design requirements were met successfully, par-
ticularly the course overview tab. However, all participants expressed that two questions were not answered by
dashboard:

+ Assignment Overview - Who asked the most questions? Who asked the fewest?

+ Student Overview - When does a specific student work on a specific assignment?

When implementing the visualization for answering the first question, we considered it from the perspective of
each category: who asked the most questions about one category and who asked the fewest about one category.
However, we ignored the fact that our problem was posed from the perspective of the total number of problems,
rather than from the perspective of each category. Participants suggested that the existing plots can be preserved,
but a summary text can be added before plots to answer these questions. They mentioned that this question was
their the biggest concern, as it allowed them to directly identify which students needed the most help.

The reason why the second question remained unanswered was that we confused two things: students work on
assignments, and students ask questions. Participants mentioned that the plot about "when students ask questions”
does not directly reflect a student’s actual working hours. While the time of students ask questions is important,
they are more interested in when students are actually working, which helps them adjust their teaching strategy.

A summary table5.2 is presented as follows:

Tabs Design requirements Yes | No
Course Overview In which assignment there were most questions? 7 0
Course Overview What category has the most problems across all assignments? 7 0
Course Overview How many questions do students ask on average per category across all assignments? 7 0
Course Overview How many questions do students ask on average per assignment across all assignments? 7 0
Course Overview From the perspective of each assignment, what is the trend of changes in the number of questions for each category? 5 0
Assignment Overview | What are summaries and suggestions for a specific assignment? 6 0
Assignment Overview | For a specific assignment, which category of questions was asked the most? 7 0
Assignment Overview | How many questions do students ask on average per category in a specific assignment? 7 0
Assignment Overview | Who asked the most questions? Who asked the fewest? 0 7
Assignment Overview | When do students work on a specific assignment? 5 0
Assignment Overview | What are the keywords mentioned in a specific assignments? 5 0
Assignment Overview | What are the specific questions regarding the keywords? 6 0
Student Overview How many questions did this student ask? 7 0
Student Overview When was the last time they asked a question? 7 0
Student Overview For a specific student and assignment, which category of questions was asked the most? 7 0
Student Overview In specific assignments, how many questions did students ask compared to the average number asked by the whole class? | 4 2
Student Overview How many questions did students ask for each assignment? 7 0
Student Overview When do a specific student work on a specific assignment? 0 7

Table 5.2: The result of predefined design requirements checking

5.3.3. Summary of discussion
This section described the participants’ open-ended feedback on their experiences of using the dashboard. Feed-
back has been grouped by topic, and duplicates have been removed to avoid repetition.

Theme 1: Visualization and Clarity of Information

Several participants commented on the dashboard visualization and clarity of information. The first comment is
that there are so many plots that new users may not know what they are or which plot is the most useful. This could
result in users needing more time to become familiar with or obtain information. They prefer that the dashboard
provides a text summary before plots to give a more intuitive understanding of the overall picture.

Besides that, they found that the bar charts might be overused, especially in course overview tab. Using too many
bar charts on a page could be confusing and overwhelming. One participant mentioned that he thought some of
the bar charts were the same while browsing up and down. Based on this comment, they made further suggestions.
For instance, the bar charts about the average can be given a range, and the bar charts about trend of change could
be replaced by relational visualization like sankey diagram.

Moreover, participants noticed the assignment overview tab did not directly display the information about which
student asked the most or the fewest questions. They expressed this information can greatly help them understand
which students need the most help. Furthermore, they mentioned that the data points representing outliers in
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boxplot should allow teachers to click and be redirected to corresponding student overview tab. The current
implementation of first remembering the student ID and then choosing ID in another tab is a bit too complicated.

Lastly, participants noted the word cloud of question keywords may not be effective enough. It contains a lot
of useless words and teachers were not directly informed about concepts student struggled. Instead of using
keywords, it might be better to cluster the questions according to the concepts mentioned in the questions.

Theme 2: Depth of analytics

The participants agreed that the analyzes presented on the dashboard can help the teacher to be aware of the
learning difficulties and make the instructional decision, but also expressed interest in viewing more detailed
information or exploring the data in more detail.

One participant mentioned that the dashboard should include the prior knowledge level and grades of the selected
student, which can support teachers identify the students who need the most help. Besides that, there was a
discussion about the bar chart presenting "When students ask questions”. Participants would like to know not
only when students ask questions, but also when students work on assignments. They expected to get information
such as whether students are working on assignments or asking questions before the exam, or whether they ask
questions after the assignment is introduced.

Another suggestion concerns student questioning patterns. Some participants would like to have analysis about
student questioning pattern changed during the course. For instance, the analysis should show whether there are
students repeatedly asking similar questions during the course, or whether there are students who have many
programming questions at the beginning of the course but have few related questions by the end of the course.
This helps them understand the student’s learning process.

Theme 3: Prompt setting tab

Participants shared their opinion about the prompt setting tab. Some of them suggested that the responses gen-
erated by Al should also be provided. Without the responses, it is difficult to determine if there is a problem
with student-Al interaction. Moreover, they mentioned that the dashboard should provide teachers with some
guidelines on how to construct prompts.

Another suggestion is to remove the prompt setting tab from the learning analytic dashboard and make it a separate
dashboard. They mentioned the visualization presented may not be sufficient for adjusting the prompt setting.
They would like to have a separate dashboard focus on analyzing the generated answers to different questions,
and modifying the prompts.

5.3.4. Perceived Usefulness (TAM-PU)

Table 5.3 shows the mean score and standard deviation of the 7-Item TAM scale. The scale produced an overall
mean of 3.43 (SD=0.68), which indicates a moderately positive perception of the dashboard usefulness. While
most perceived usefulness (PU) items received ratings between “neutral” and ”agree”, *The dashboard helps me
better manage student interactions with AL’ received a significant number of "neutral” and “disagree” ratings.
This suggests that the system may not have fully considered this specific dimension of perceived usefulness.

PU Item Mean | SD

The dashboard helps me make better instructional decisions. 3.86 0.69
The dashboard helps me identify students who need support. 3.14 0.90
Using the dashboard improves my ability to understand student’ progress. 343 0.79
The dashboard helps me understand overall course status. 4 0.58
The dashboard helps me understand the status of each assignment. 3.57 0.53
The dashboard makes it easier to identify question patterns or trends in students’ assignments. | 3.86 0.38
The dashboard helps me better manage student interactions with Al 2.14 0.9

Overall PU 3.43 0.68

Table 5.3: Mean and Standard Deviation of 7-Item TAM scale

5.3.5. Usability (SUS)
Table 5.4 shows the result of the System Usability Scale (SUS). The dashboard achieved a mean SUS score of
72 (SD=9.5) which exceeds the average score of 68. According to established SUS interpretation guidelines, this
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is equivalent to a “good” usability rating (Grade B), indicating that participants generally find the system easy to
use with few aspects that could be improved.

Participant | SUS Score
P1 72.5

P2 57.5

P3 72.5

P4 70

P5 70

P6 90

P7 72.5

Mean 72

SD 9.5

Table 5.4: The SUS score of each participant

5.4. Discussion

The results of the review indicate that participants generally perceived the interaction-based analytics and dash-
board as useful to support their understanding of students’ learning difficulties in machine learning assignments.
Participants reported that the dashboard provided insights into the questions and its types students asked when
interacting with chatbot, which was not reflected in traditional assessment materials. This aligns with previous
research suggesting that teacher-facing learning analytics dashboard can enhance understanding of student diffi-
culties and provide information to support or adjust learning design or learning materials [24]. This work extends
research by demonstrating that learning analytics can be derived from student-Al interactions. In the field of
machine learning education, where conceptual difficulty and programming problem solving often intersect, this
interaction based analysis may be particularly important.

Participants also highlighted several limitations and areas in which the dashboard could be improved. They
expressed a desire for in-depth analysis, such as question clustering, pattern of student questioning, and relate
interactions to assignment performance. These findings indicate that while summaries are valuable, teachers also
require detailed insights to support identify student difficulties and instructional decision making.

Related studies further indicate that user differences (including users’ domain, visualization experience, data liter-
acy [40] and educational objectives [50]) affect how dashboards are perceived and used. This was also reflected in
the review session, where some participants preferred simple visual summaries, while others requested in-depth
analytical capabilities. This further confirms the literature’s suggestion for dashboard design to revolve around
clearly defined user groups and usage scenarios [50, 24], rather than assuming that one design can meet the needs
of all stakeholders [21].

Overall, the review results indicate that demonstrating learning analytics derived from student-Al interactions is
both feasible and pedagogically meaningful, and the dashboard is useful for supporting understanding of students’
learning difficulties in machine learning assignments.

5.5. Implications for Dashboard Design

The review highlights several implications for future iterations of the dashboard.

5.5.1. Visualization
Some participants emphasized the need to provide summary texts to support the plots. They suggested that all
tabs should provide summary text, similar to the assignment overview tab, to provide a quick overview.

Moreover, they mentioned that more diverse visualizations can be used instead of bar charts. The overuse of
bar charts can confuse and overwhelm teachers. However, participants did not discuss the specific visualization
details that should be used. An interview with more educators can be held to define the requirements of dashboard.

5.5.2. In-depth analysis

Participants mentioned the in-depth analysis can support their teaching strategy. The assignment overview tab
can add a component that clusters questions by the concepts mentioned in the questions, instead of using word
clouds.
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Furthermore, the system should record the time when student interacts with notebook, then analyze the students’
questioning patterns based on the recorded time.

5.5.3. Richer context

Some participants suggested that the responses generated by Al should be provided. The student overview tab
could expand the question table into interaction table, and then indicate the time and which conversation the
interaction refers to.

5.5.4. Prompt setting

Participants agreed that more information might be needed to modify the prompts, such as a guideline about how
to instruct prompts and Al-generated responses; or it would be best to create a separate dashboard to analyze the
prompt design. This feedback indicated that while the current prototype demonstrated the usefulness and usability
of learning analytics based on student-Al interaction, its analytical depth remained limited relative to teachers’
expectations and information needs.

5.6. Limitations

This dashboard design and review have several limitations. Large-scale interviews were not conducted to collect
teachers’ opinions or needs in the early stages of dashboard design. This limits the generalizability of the prototype
and findings. The expert review of the prototype focused on perceived usefulness and usability, which provides
some insights into feasibility and quality of the dashboard, but it does not measure improved teaching practices and
learning outcomes. kaliisa et al. found that a large number of studies have deployed learning analytic dashboards
only in the form of prototypes and small-scale pilots [24]. They suggested that it is difficult to truly assess
dashboards’ actual impacts if they are implemented in controlled environments. Therefore, future work should
examine dashboard usage over longer periods and on larger scales, and investigate how the analytics influence
actual instructional decisions and student learning.



Discussion

6.1. Answer to Research Questions

How can student-Al interactions be automatically and consistently classified into question types to support
learning analytics?

To address this question, a transformer-based classifier was developed and compared with language model-based
classifiers. The result shows that the classifier trained on a publicly available but similar contextual dataset, can
generate sufficiently stable and consistent labels for analytical purposes, even when applied to our limited case
study data.

The language model-based classifiers demonstrated reasonable performance. However, they exhibited inconsis-
tency, making them difficult to use in reproducible analytics pipelines. In contrast, the classifier provides stable
outputs consistent with predefined categories, making them more suitable for aggregation and visualization.

How do teachers perceive the usefulness of the learning analytics dashboard based on student-Al interac-
tion for monitoring student learning and difficulties in assignments?

The results of dashboard evaluation show participants generally viewed the learning analytics dashboard as useful
and effective for monitoring student learning and difficulties in assignments, and supporting their teaching, but
they also pointed out the areas for improvement, such as better visualization, more in-depth analysis and better
prompt setting process. They suggested the dashboard should provide more summary texts instead of plots only,
and navigation or visual density can be further simplified. Besides that, they preferred the dashboard should
include a deeper analysis about student questions (questions clustering) and students’ behavioral patterns. Some
participants mentioned more information may be needed to modify the prompts, such as instructions and Al-
generated responses, or it would be best to create a separate dashboard to analyze the prompt design.

Main-RQ: How can student-Al interactions be leveraged to provide teacher-facing learning analytics in
machine learning education to support identify student difficulties in assignments?

The findings suggest that students-Al interaction can serve as a valuable data source for learning analytics when
they are systematically structured, classified, and summarized. Categorizing interactions based on types of ques-
tion enable teachers to identify students’ difficulties in assignment, such as concept clarification, debugging
requests or needs for code implementation.

Integrating these analytics into a dashboard allowed teachers interpret learning difficulties and question trends
at course, assignment and student level. This suggests that data on student-Al interactions can complement
traditional learning analytics, providing insights into students difficulties rather than just their final assignment
submission.

6.2. Implications

The results of our study suggest several implications. Categorizing student-Al interactions into question types can
provide educators with a structured overview of student’s learning difficulties. They can observe aggregated pat-
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terns of student questions instead of reviewing student-Al interaction transcripts. Such patterns, such as whether
students mainly ask conceptual questions, code implementation questions, or error debugging questions. Such
patterns may help them understand the status of assignments and make better instructional decisions.

The observed variability in classification performance indicates that the dashboard should be used as supporting
information rather than as precise quantitative assessments. For example, an increase in conceptual questions
may suggest that course content needs to be adjusted, but further analysis is still needed. Moreover, this also
emphasizes that the classification accuracy in a single run is insufficient as a criterion of design. Stability and
consistency across repeated runs are also important when analytics are aggregated into dashboards.

Furthermore, the case study demonstrated that small-scale deployments can provide valuable insights into student-
Al interactions. This supports the System Development Research [35], where the prototype can be used to explore
feasibility and inform iterative development rather than directly implement generalizable models.

6.3. Limitations

There are several limitations in this thesis. The main limitation is that the case study involved a small number of
participants (N=13) and student-Al interactions (N=99). This prevents robust statistical inferences about student
question patterns and restricts our findings to providing feasibility rather than validating effectiveness. Mean-
while, the survey response rate was low which reduced the strength of conclusions regarding whether students’
attitude towards Al affect their use of Al tools. Therefore, the findings of this thesis can not be generalized to full
course settings and broader student populations. Secondly, instructors were not involved in in the early stages of
dashboard design, and the number of instructors (N=7) participating in the evaluation was also small. Both limit
the generalizability of the dashboard prototype and findings. In addition, this prototype evaluation focused on
perceived usefulness and usability rather than changes in teaching practices or student learning outcomes. Partic-
ipants did not use the dashboard for a long period in real-world scenarios. Finally, the classifier was trained on a
publicly available. Although the dataset was collected in an artificial intelligence course similar to our situation,
it introduces a domain shift effect, which may reduce performance.

6.4. Future Work

The future work should focus on addressing these limitations. A key direction is to collect interaction data
(N=500+) over a longer instructional period, ideally covering the entire course and more than 50 students rather
than a single assignment. The data would enable analysis of how students’ help seeking behavior evolves over
time, how interaction patterns correlate with learning progress, and whether interaction can inform timely instruc-
tional interventions. This data can also help to train and validate classification models more effectively. Moreover,
the multi-label classification can be developed to capture the question complexity. Both approaches make the
classifier better suited to the context of machine learning education and provide more accurate information to
support the learning analytics dashboard.

Furthermore, a longitudinal study tracks how the use of dashboard affect instruction can be conducted, and the
course instructors should be involved as primary stakeholders throughout the data collection, dashboard design
and evaluation process. In contrast to prototype evaluation, embedding the dashboard into a real course setting
allows teachers to integrate the analytics findings into their daily teaching practices. Combining interaction data
with teacher feedback and reflection can provide a deeper understanding of how it influences teaching practices.
For example, teachers can report how dashboard analytics guide them in adjusting lecture content, assignments, or
lab tutoring, enabling assessment of the dashboard’s impact on instruction, rather than just focusing on perceived
value. Finally, the study can be conducted in multiple machine learning courses to identify generalizable patterns.



Conclusion

This thesis investigated how student-Al interactions in a machine learning course can be utilized to provide learn-
ing analytics that supports teachers in identifying students difficulties in assignments. It motivated by the growing
interest in machine learning, the increasing use of language models in programming education and the limited
focus on machine learning education. This study designed, implemented and evaluated a student-Al interaction-
based learning analytics dashboard integrated into a Al-supported programming system JELAI.

We adopted a mixed approach including a case study, automated question classification and dashboard evaluation.
The findings demonstrated that student-Al interactions can serve as a valuable source for understanding student
difficulties in assignments.

To explore how student questions can be automatically and consistently classified into question types to support
learning analytics, we developed a transformer-based classifier and compared it with language model-based clas-
sifiers on the same classification task. The result indicates that while language models can perform classification
without being trained for a specific task, the transformer-based classifier can provide more stable and reproducible
outputs. This demonstrates that the transformer-based classifier is suitable as an analytical component for teacher-
facing analysis, even it was fine-tuned by a publicly available dataset.

The expert review of dashboard indicates that participants perceive the student-Al interaction-based analytics
and dashboard as useful for being aware of student difficulties in assignment and learning. Meanwhile, feedback
also highlighted the need for clearer visualizations, richer contextual information, and more in-depth analytical
capabilities, further emphasizing the importance of user-centered design in learning analytics dashboards.

This study also has several limitations. The case study was short-term, with limited participants and interactions,
and low response rates to pre-test and post-test questionnaires. Therefore, the findings cannot be generalized to
full course setting. Furthermore, expert review focuses on perceived usefulness and usability rather than teaching
practices or learning outcomes. These limitations highlight the need for longer-term and larger-scale research.

In conclusion, this thesis demonstrates that student-Al interaction learning analytics is a feasible and meaningful
approach that can support instructors of machine learning education. The future research should deepen the
question analysis and examine the long-term impact of such systems on teaching and learning.
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