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Abstract

Programming error messages are often difficult for novice programmers to understand, which
can hinder the debugging process and negatively affect learning. This study investigates the
use of provide personalized feedback on programming error messages and implements artificial
intelligence (AI). A web-based application was developed to simulate coding exercises and de-
liver enhanced error messages using six corrective feedback strategies. A reinforcement learning
(RL) model based on the Gradient Bandit method was implemented to adaptively select the
most suitable feedback strategy, while a large language model (LLM) was used to generate im-
proved error messages and assess participants’ answers. The study involved 24 higher education
students with limited or no programming background.

The results indicate that most participants perceived the AI-based personalized feedback
positively, as reflected in the Technology Acceptance Model (TAM) survey results. Log data
analysis shows that the RL model was able to adaptively recommend feedback strategies, with
Explicit Correction being the most frequently selected strategy. The LLM successfully gen-
erated enhanced error messages, although its answer assessment performance was sensitive to
prompt design. Overall, the findings suggest that AI-based personalized feedback for program-
ming error messages is technically feasible and generally acceptable for novice learners, while
further improvements are needed to enhance reliability and scalability.
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1 Introduction

Recent advances in artificial intelligence (AI) have influenced the popularity of the computer
science field. The growing interest in computer science, results in the rising number of higher
education students in computer science and related disciplines. In Europe, most countries have
experienced an increase in the enrollments of Bachelor’s computer science programmes over the
past five years [4]. Furthermore, the demand of learning computer science subjects from other
disciplines has also been expanding with more diverse students [8].

Computer science education can provide a lot of valuable and important skills. Programming is
one of the core component skills in computer science that has become an important skill for many
other disciplines outside of the computer science field. However, learning programming can be
challenging, especially for students with little or no computer science background. These difficulties
include understanding the program, structure, algorithm, and debugging [16, 15].

One of the most common difficulties in learning programming is the debugging process. In
debugging, the methods that provide information to the user (error message) are more effective
than immediate interruption of the program [21]. Therefore, error message plays an important role
to help identifying and troubleshooting the problem to solve the errors in a code or program.

However, programming error messages are sometimes difficult to understand [38], especially for
people who are still new in learning programming. New programmers can struggle and spend a lot
of time trying to understand the error messages [3]. This can be caused by the length, structure,
and technical terms of the error message [3], and also the readability of error messages by experts,
non-experts, and students are different [3].

Programming error messages can be enhanced to better support the novice programmers. Zhou
(2021) [38] explored the effectiveness of Enhanced Programming Error Messages (EPEM), and
suggested that more research on the role of errors can be explored further, as mistakes and debugging
can contribute to learning programming. Therefore, it is important to have clear and helpful error
messages, to help novice programmers in learning programming.

On the other hand, it is also important to consider the human capability in processing the
information. Providing excessive information in the error message feedback can cause cognitive
overload, thereby reducing learners’ ability to effectively process and understand the information
needed to solve the problem [29]. Meanwhile, an effective feedback of error message can also be
different for each student, because each individual may have different prior knowledge, learning
style, personalities, and even each error message might also need different treatment, thus need a
different feedback strategy.

Recent study by Pomp (2025)[25] analyzed the influence of personalized feedback of error mes-
sage on coding education, that personalizes different feedback strategies. However, it did not find
any clear evidence that the personalized feedback was the reason of the improvement in the learning
process. It also had several limitations, such as the low number and variety of the participants, and
some technical issues in the experiment. The study can be explored further to better analyze the
use of personalized feedback by addressing the limitations, and also by integrating with AI.

AI has been growing rapidly, and applied widely to support many areas, including education in
computer science. This study will extend the work of personalized feedback by Pomp [25] with im-
plementing AI and experiment on broader participants. Hence, it will focus on how AI can be used
for the personalized feedback and how the learners perceive the AI-based personalized feedback.

1



1.1 Research Questions

This research will analyze on how the AI-based personalized feedback of error messages can be
helpful in learning programming for students in the university. Additionally, this research will also
analyze the implementation of AI for the personalized feedback in programming error messages. A
reinforcement learning (RL) model will be applied for the personalization technique, and a large
language model (LLM) will be used for the enhanced error message generation.

The study will focus on the following research questions:

• How can AI-based personalized feedback of error messages be helpful in programming educa-
tion for higher education students?

The sub-questions are as follows:

– How do students experience and perceive the AI-based personalized feedback in learning
programming?

– How can RL and LLM be used for AI-based personalized feedback on programming error
messages?

2 Related Works

2.1 Computer Science Education

Computer science is a fast growing and evolving field. The rapid evolution of computer science
has contributed to the emergence of many new fields [9]. As a result, the demands for education
in computer science and related subjects are increasing. This growth is not only in the number of
students, but also in the diversity, such as different levels of prior knowledge, experience, background
field, skills, motivations, gender, and many other factors [8]. Therefore, computer science education
needs to be able to reach broader and more diverse students.

The diversity in the knowledge and/or experience is one of the most frequently occurred. Some
countries in Europe have introduced Informatics as a separate compulsory subject since primary
school [7]. However, a few other countries still have students that do not receive Informatics
education in school (because it was optional for the school and the students) [7]. Hence, students
have different levels of prior knowledge/experience in computer science while starting in higher
education.

Early exposure to computer science provides a lot of benefit. It can support the development
of important skills for the future and to adapt in this era of the digital age [32, 9], these skills
include analytical, creativity, problem solving, and computational thinking. Moreover, computer
science education can be done as a self-contained discipline and also as both interdisciplinary and
transdisciplinary way [9]. On the other hand, students with little or no computer science background
may encounter difficulties on subjects that require computer science skills, such as programming.
This highlights the need for computer education system that can support students with various
background, prior knowledge, and experience.

2.2 Programming Skill and Challenges

Programming is one of the fundamental skills in computer science. It has been widely applied
in many other disciplines, and has become an increasingly required skill. As a result, the demand
of programming education has also been increasing. However, learning programming can be very
challenging, especially for students with little or no background in computer science. Programming
is often considered as a cognitively difficult subject by beginners because it involves learning complex
new knowledge, strategies, and technical skills [36].
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There can be many difficulties in learning programming. These difficulties include understand-
ing the program, structure, algorithm, and debugging [16, 15]. Qian et al. (2017) [26] classifies these
difficulties into 3 knowledge misconceptions: syntactic, conceptual, and strategic. Syntactic knowl-
edge misconception is a difficulty in understanding programming syntax. Conceptual knowledge
misconception is a difficulty in understanding the programming concept, such as variables, data
types, conditions, and many other concepts. Strategic knowledge is a skill about planning, process-
ing, and troubleshooting program. These misconceptions and challenges are mostly related to the
student’s prior knowledge, and identifying and solving the student’s misconceptions is important in
programming education [26].

One of the most common difficulties in learning programming is debugging the program. De-
bugging is an important process to solve problems that occurred in the code/program. Previous
studies have explored on what types of knowledge are helpful, and what strategies are used in de-
bugging. These types of knowledge include general programming skill, knowledge of the program,
knowledge of the error, and the troubleshooting method [21]. The strategies include determining
the problem, understanding the program, exploring the process, evaluating the program, and fixing
the error [21, 35]. However, some of the current debugging processes are still ineffective in helping
to understand the problems. Beginners often struggle to understand error message, locate the error,
and solve the problem effectively. Even people with more programming experience may still have
difficulty when debugging program [15].

In debugging process, the methods that provide information to the user (error message) are more
effective than immediate interruption of the program [21]. Error messages are a type of feedback
that the user receive in the process of debugging a code or program. Programmers rely on the error
message feedback, to understand and fix the code [6]. Therefore, error messages play an important
role to help identifying and solving errors in a program.

2.3 Programming Error Message

Programming error message contains a set of information that can be used for understanding,
locating, and solving the error in the program. However, the information provided in the error
messages can be difficult to understand. This could be due to the length, structure, and technical
terms of the error message [3]. The raw and obscure error messages are also insufficient to guide
the user to solve the problem, and causing the user to be pessimistic [6].

Figure 1: A simple error message.

Figure 1 shows an example of error message that can be hard to understand by new programmers,
because it is short and contains some technical terms (data types) that might not have been learnt
by the students. The difficulty in understanding the error message has become one of the major
barrier that the new programmers encounter [6]. Previous studies have explored on enhancing
the error message to better support programmers in solving the error effectively. Becker (2016)
[2] designed and implemented enhanced error messages and reported a reduced number of overall
errors, however, the enhanced error message is applied manually on each possible error message,
thus not reliable and not flexible in the future. Several studies attempted using LLMs to generate
enhanced error messages [18, 27, 19] for a more flexible method, however, the results are still not
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optimal due to several limitations, such as the model performance, dataset, and prompt design.
Nonetheless, these can still be explored to better enhance the error messages.

Designing error message with understandable sentence, avoid difficult or technical terms [12],
describing the causes, and providing possible solutions can help students in solving the errors [6],
and also help them in learning programming [38]. However, it is also important to consider the
human capability in processing the information. Providing excessive information can cause cognitive
overload, thereby reducing learners’ ability to effectively process and understand the information
needed to solve the problem [29].

2.4 Feedback Strategies

In order to learn effectively, the information (from the error messages) presented should not
exceed the capacity of human’s working memory that process information [29, 22]. The cognitive
load theory by John Sweller can be applied to improve the error message feedback, for instance, by
managing the intrinsic load by splitting long context of explanation into smaller chunks, reduce the
extraneous load by removing technical terms, and enhance the germane load by providing examples.

However, an effective feedback of error message can also be different for each student, because
each individual may have different prior knowledge, learning style, personalities, and even each
error message might also need different treatment, thus need a personalization. A recent study by
Pomp (2025) [25] analyzed the influence of personalized feedback on programming education for
children using a list of corrective feedback strategies [33][30, 1], to find the suitable feedback type
for the student. This personalized feedback strategy [25] seems to perform better than using only
one feedback strategy, and this study can be further explored, such as by implementing AI methods
for both, the feedback strategy recommendation and the error message generation, and experiment
on broader participants.

The personalized feedback strategy selection in this study [25] is based on the corrective feedback
strategy categories listed by Van Amerongen [33] from Teddick [30] and Astia [1]. Table 1 shows
the six categories of corrective feedback strategies.

Explicit correction The error is clearly mentioned and/or repeated, and
then the correction is provided directly.

Recast The error information is indirectly recreated to the
correct answer.

Clarification request The error is highlighted with an expression and ask-
ing for clarification. But no correction is provided.

Metalinguistic clues The error is indirectly highlighted with expression
that contains related information/knowledge.

Elicitation An expression or statement is formulated to be com-
pleted with the correct answer.

Repetition An expression is repeated by directly highlighting the
error.

Table 1: The 6 Corrective Feedback Strategies.

Several studies showed that some of the feedback strategies can perform better than the others
[20, 13, 24]. For example, Explicit Correction and Elicitation are more preferred than the other,
because these feedback strategies explicitly provide the correct solution.

However, these feedback strategies have their own advantages and disadvantages. For example,
feedback strategies that provide explicit answer might be more efficient for user that already has
prior knowledge in programming, while the implicit feedback strategies are more effective for user
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with no knowledge in programming. Hence, a suitable feedback strategy needs to be selected
properly. This can be done using an AI model that can learn adaptively, such as reinforcement
learning.

2.5 Artificial Intelligence Integration

Artificial Intelligence (AI) has kept growing and has been used widely in various aspects such
as research, industry, education, and many other areas. The emergence of transformer models in
2017 by Vaswani et al. [34] has boosted the growth of AI, especially in natural language processing
(NLP), large language models (LLMs) and the related tasks.

In education, AI has had a huge effect on student’s learning achievement in computer science
education [31], such as an AI-based instructions to teach online master computer science students
[23], AI-based interactive e-book [37], and an adaptable programming tutor [14]. Many other studies
also have explored on improving programming education using AI that focus on enhancing the error
messages.

Large language models are AI models that have recently become popular due to their powerful
performance in NLP tasks. LLMs can be used to generate a more understandable error messages
[18], to help students in learning programming. However, several studies that explored on the
use of LLMs for generating feedback on programming error messages have reported some negative
outcomes, such as vague, misleading and even incorrect results [17, 27, 19]. These poor performance
may arise from multiple factors, including model quality, prompt design, and different individual
preferences and needs (prior knowledge, learning style, etc.). This could be improved by using the
latest and better performing model, better prompt design, and personalization strategy.

For a personalized feedback strategy, an AI model can be applied to effectively recommend the
suitable feedback strategy. This can be implemented with reinforcement learning (RL) [28] using the
bandit algorithms to adaptively learn and select the effective feedback strategy [5]. Reinforcement
learning model learns directly from the action performances, then it uses a ”reward and punishment”
system to adjust its policy (decision rule). This makes the model always updated automatically
and continuously in dynamic environments, thus very suitable as a recommendation system for the
personalized feedback strategy selection. This implementation can further improve the personalized
feedback system in this study.

3 Methods

This study extends the work of Pomp (2025)[25] on personalized corrective feedback of error
message in learning programming, by implementing AI for both selecting the feedback strategy
using a reinforcement learning model and generating the enhanced error message using a large
language model, and experimenting with more participant number and variety.

Figure 2: Application user interface.
Figure 3: Use Case Diagram.
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In this research, an application is developed to experiment with the AI-based personalized feed-
back system, by simulating a coding exercise, and followed by a survey with Technology Acceptance
Model (TAM) [10, 11]. Figure 2 shows the frontpage user interface of the application where its fea-
tures and functionalities are illustrated in the use case diagram in figure 3.

An empirical study is performed using the collected data from the application logs and the survey
responses, to observe the use of the personalized feedback of error message. The target participants
are students from higher education who have programming related course in their study, and have
little or no computer science background or programming experience.

3.1 Application

The application is a web-based program that simulates a coding exercise and a survey. In the
exercise, participants will be asked to solve programming codes that contain error(s) with the help
of the personalized feedback of error message, as shown in figure 4. The personalized feedback
of error message is an enhanced error message using specific feedback strategy. The system will
adjust the personalized feedback strategy based on the participant’s performance on the submitted
answer. After completing the exercise, the participants will be required to answer a set of survey
questions for the data collection of their experiences on the personalized feedback.

A tutorial is provided in the application to guide the user on how to use the application.
Participants can access the application through their web browser at anytime and from anywhere.

Figure 4: The application explaining the error message.

There are 2 roles and 4 main tasks (cases) in the application as illustrated in figure 3. The
admin role is used to manage the list of the exercises, survey questions, feedback strategies, and
other configurations. The participant role is the main role that conducts the exercise and survey.
The application data are stored in a relational database system using SQLite. It is designed to be
flexible so that the contents can be configured and adjusted for further experiment and research.

The application is developed in Javascript using React library with Nextjs framework for the
interface (frontend), and using PHP with Laravel framework for the database connection (backend).
The source code for the application is available in the GitHub repository (https://github.com/
arief-office/lu_research_frontend, https://github.com/arief-office/lu_research_backend),
and is open for further development.

6

https://github.com/arief-office/lu_research_frontend
https://github.com/arief-office/lu_research_frontend
https://github.com/arief-office/lu_research_backend


The AI model for the feedback strategy selection is a reinforcement learning (RL) model that
uses Gradient Bandit method [28], implemented using Javascript in the frontend side. While AI
model for the text generation is using large language model (LLM) from Ollama API service in
another server that supports more GPU power. Further details about the AI will be explained in
section 3.1.2.

3.1.1 Feedback Strategies

The personalized feedback strategy selection is based on the corrective feedback strategy cat-
egories as mentioned earlier in section 2.4 table 1. One of the feedback strategies will be selected
randomly, based on the probability distribution calculated by the AI model. The list of feedback
strategies along side its probability value are displayed in the application as shown in figure 5.
The selected feedback strategy will then be applied to generate the error message and provided to
the participant to help solving the error. If the participant fails, the AI will recommend another
feedback strategy for generating the error message again. This flow is demonstrated in figure 6.

Figure 5: Feedback strategy probabilities from the RL model.

The initial probability distribution of the feedback strategy selection is not equal and adjusted
slightly, as mentioned in section 2.4. This is to ensure that the better strategy [20, 13, 24] has
a slightly higher chance to be selected, thus could enhance the recommendation process of the
personalized feedback. This initial probability distribution can also be changed and adjusted in the
application configuration.

To prevent from randomly selecting the same feedback strategy that has been selected previously,
that previously selected feedback strategy will be excluded from the next selection, until there are
no more available selections. This will make sure that the system will always recommend the
new/different feedback if the previous fails.

3.1.2 Artificial Intelligence

There are two AI models implemented in the application. The first is a reinforcement learning
(RL) model, to recommend/predict a corrective feedback strategy from the list of feedback strate-
gies. This RL model uses the Gradient Bandit method [28], where in every round/step, the selected
feedback strategy will be rewarded (gain points) if the participant succeeds in fixing the code, and
punished (lose points) if the participant fails. The feedback strategy with higher points has higher
probability to be selected.
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Figure 6: Exercise model flow.

The other AI model is the Large language models (LLMs), that will be used for generating the
enhanced error messages with the specified feedback strategy. The LLM will also be used to check
whether the submitted answer is correct or wrong.

Reinforcement Learning The list of selections (feedback strategies) is considered as actions,
and the RL model (agent) will select one action (a) on every step t. Each action has a preference
value H(a), this can be any real numbers, and the initial value is defined from the initial probability
distributions. The preference values will then be used to define the new probability distributions
P for every step, using the softmax function.

P (a) =
eH(a)∑
b e

H(b)

The Softmax function normalizes the preference values into probability values of each action P (a)
between 0 − 1, and their sum value is 1 (100% total probability). This function also acts as the
policy for the agent. In reinforcement learning, a policy is the rule that will determine how the
agent will decide which action to take [28].

On each step t, the action will get R, either a reward or a punishment (negative reward) for
selecting an action (rewarding is based on the successfulless of the error message). The reward value
Rt will be used to update the preference value of each action Ht+1(a) scaled with the learning rate
α.

Ht+1(a) = Ht(a) + α ·Rt ·
[
1(a = At)− Pt(a)

]
.

• 1(a = At) is 1 if a is the selected action, else it is 0

After being updated, the new preference values are used to define the new probability distributions
using the softmax function again for the next step. An additional logic is added to improve the
model’s performance (as explained in the previous section), if the selected action gets punishment,
it will be excluded from the list of action selection until there are no more available selections.

Learning rate α is one of the hyperparameter that can be adjusted to improve the model’s
performance. This and the other parameters can be configured in the application configuration.

Large Language Model The LLM is used in this application for generating the enhanced error
message. It is configured with an instruction to explain error messages with the specified rules and
feedback strategy. This instruction can be adjusted in the application configuration.
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You are an expert programming tutor. Provide a short and clear feedback to explain the
error message in the code to a beginner programmer using feedback type (selected feedback
strategy)

Table 2: Instruction prompt for LLM.

Table 2 shows the instruction rules for the LLM. The rules for the feedback strategy use the
definition as in Table 1.

Following the instruction, the prompt contains the code snippet that has error, and the raw/native
error message. The LLM will then generate the new (enhanced) error message using the defined
instruction to be presented in the exercise.

Apart from generating feedback, the LLM is also used for evaluating the submitted answer from
the participant. This is very important because the result will be used to adjust the personalized
feedback. The instruction for this task can also be configured in the application.

This experiment uses the Meta’s pre-trained Llama3.1 model, which is a multipurpose model
and capable of understanding code. The model runs on local server using Ollama, a service that
can provide LLM API.

3.2 Experiment

The experiment consists of 10 coding exercises with each contains a piece of code that has
error(s) related to several concepts in programming, such as Basic Syntax, Variables, Data Types,
Operators, Conditions, Iteration, Functions, and other concepts. The exercise can be configured in
the application.

The participant can pause and logout during the exercise, and then login again to continue the
progress. After completing the exercise, a survey will be conducted.

The experiment takes around 20-40 minutes to complete, with 15-30 minutes for the exercise
and 5-10 minutes for the survey.

3.2.1 Participant

The participants consist of 24 students from various study programme. They are students from
bachelor and master programmes who have a programming related course and still new to learning
programming. A few of the participants don’t have a computer science background, and half from
the total participants do not have programming experience.

Before participation, all participants are informed about the purpose of the study and provided
informed consent. They are also guided to use the application with the tutorial in the application.

3.2.2 Data Collection

The application collects experiment data for the empirical study. The experiment is conducted
anonymously, no personal information is collected. The study programme information collected
from the participant will only be used for group-level analysis and will not be used to identify an
individual.

The application will also collect the student’s exercise submissions and the RL model parameter
in addition to the survey responses for the data analysis. The collected data is stored in a structured
database system.
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Technology Acceptance Model The survey uses the Technology Acceptance Model (TAM)
[10] [11], which categorizes the questions into 3 components: Perceived Usefulness, Perceived Ease
of Use, and Behavioral Intention. This survey model is very effective to analyse the user perception.
Each question is measured with a value scaled between 1-5. Table 3 4 5 display the list of survey
questions based on TAM.

Code Item
PU1 The feedback help you understand the error.
PU2 The feedback help you fix the error faster.
PU3 This method help you in learning programming.

Table 3: Perceived Usefulness.

Code Item
PEU1 This method is easy to use (user-friendly) without needing much technical support.
PEU2 The error message feedback looks clear and concise (not complicated).
PEU3 The error message feedback is easy to follow and understand.

Table 4: Perceived Ease of Use.

Code Item
BI1 Would you like to use this method of detailed feedback to help you in learning programming?
BI2 Would you recommend your friend to use the personalized feedback?
BI3 Would you like to use the detailed feedback again in the future?

Table 5: Behavioral Intention.

3.2.3 Data Analysis

The application processes the collected data and displays it in the application (accessed using
admin role) in a table view, and can be exported to excel or csv format for analysis. The data can
also be extracted directly from the database system.

Before analysis, the data is cleaned to ensure completeness and consistency. Incomplete re-
sponses and invalid entries will be removed. The data is processed to normalize the scale value
where necessary.

The first analysis is by calculating the descriptive statistics to provide a general overview of the
dataset. This is done on both the application record/log data and the survey response data. The
application log data includes the participant’s submission performance, feedback strategy selection
frequencies, and the reinforcement learning model parameter. The survey responses contain the
participant’s background/experience, programme study, and the TAM survey items. This analysis
will help for further detailed analysis.

For the TAM survey items, the mean, standard deviation, and frequencies are computed to
summarize participants’ perceptions of perceived usefulness, perceived ease of use, and behavioral
intention. This analysis will help to address the research question ”how the students experience
and perceive the AI-based personalized feedback in learning programming”.

Furthermore, the TAM survey responses will also be used to analyse the implementation of the
artificial intelligence for the personalized feedback system in addition to the application log data.
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For the reinforcement learning performance, the probability value updates, selection frequency of
each feedback strategy, and the convergence will be analysed along side the participant’s perception.
On the other hand, the performance of the LLM is analysed through the generated error message,
participant submission performance, and manual evaluation.

4 Results

A total of 24 participants have carried out the experiment, where the 14 of them do not have
computer science background, and 19 of them do not have programming experience. Table 6
displays the participant’s exercise submission performances. From the total of 298 submissions,
there are 58 incorrect answers. Despite the considerable number of incorrect answers, the number
of correct answers 240 indicates that the AI-based personalized feedback system was able to help
all 24 students to finish the 10 exercises.

True False
Explicit correction 63 6 69
Recast 47 9 56
Clarification request 28 17 45
Metalinguistic clues 26 14 40
Elicitation 39 7 46
Repetition 37 5 42

240 58 298

Table 6: The participant’s performance on the feedback strategies.

The numbers in table 6 also indicate the occurrence of the feedback strategy that is selected
by the reinforcement learning model from its probability distribution. It shows that the most
recommended feedback strategy is Explicit Correction with a total of 69 occurrences. This feedback
strategy is also considered the most effective as it has the highest number of correct submissions.

4.1 TAM Survey Items

In general, students perceive the personalized feedback positively, as shown in figure 7, the
survey results achieved a mean score above the midpoint on all of the items and components of
Technology Acceptance Model. However, there is also a relatively high standard deviation, which
indicates a slight variation in the score distribution. Although the responses are mostly positive,
there are a considerable number of participants that give neutral responses, and some participants
perceived negatively.

Figure 7: The mean and standard deviation of each TAM survey items.
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4.1.1 Perceived Usefulness

The Perceived Usefulness achieved 3.99 mean score, which is a considerably high mean score.
This indicates that most participants perceive the personalized feedback to be useful. On the other
hand, it also has a slightly high standard deviation (0.79). As shown in table 8, this variation comes
from a wide distribution between the different scores, reflecting different ”value” of usefulness. A
moderate number of participants perceive the personalized feedback as ”very useful”. However,
there are also a few participants (3 out of 24) that do not agree, and perceived this as ”not useful”.

Score PU1 PU1 PU3 Total
5 8 5 6 19
4 11 12 13 36
3 5 4 5 14
2 0 3 0 3
1 0 0 0 0

Figure 8: The score distribution of Perceived Usefulness items.

4.1.2 Perceived Easy of Use

The Perceived Easy of Use has 3.54 mean score, slightly above the midpoint. The table 9
shows that there is almost similar score distribution between the positive and neutral responses.
Furthermore, there is a very few participant that perceived this system as very easy to use, and
there is the same few number of participants that perceive this system as not easy to use.

Score PEU1 PEU1 PEU3 Total
5 2 0 1 3
4 14 11 11 36
3 8 10 12 30
2 0 3 0 3
1 0 0 0 0

Figure 9: The score distribution of Perceived Easy of Use items.
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4.1.3 Behavioral Intention

The Behavioral Intention obtained 3.67 mean score, and 0.67 standard deviation. The score
distributions in table 10 shows that beside the higher number of positive responses, there is also a
slight number of participants (2 out of 24) that would not like to continue using the system.

Score BI1 BI1 BI3 Total
5 4 2 0 6
4 12 12 14 38
3 6 10 10 26
2 2 0 0 2
1 0 0 0 0

Figure 10: The score distribution of Behavioral Intention items.

4.2 AI Implementation

The reinforcement learning model implementation in the personalized feedback system works
relatively well for selecting the feedback strategy. This is indicated by the high ratio in correct
answer after failure compared to failure after failure (42:16). However, this performance is also
slightly affected by the initial probability distribution of the feedback strategies as listed in table 1.

On the other hand, the large language model performs well for generating the enhanced error
messages, despite a very slightly longer processing time around 2-4 seconds. However, it does not
perform very well for assessing the submitted answer. It approximately only assess 65% correctly,
and was improved to 90% accuracy by designing better prompt.

5 Discussion

This study extends the work of Pomp (2025)[25] on analyzing the influence of personalized
corrective feedback of error message in learning programming, by addressing some of the limitations
and implementing the artificial intelligence. These limitations include the technical issue in the
system during the experimentation, the number of participant, and the variety of the participants.
The AI implemented on this research is a reinforcement learning model for the feedback strategy
recommendation, and a large language model for the enhanced error message generation.

5.1 Student’s Perception and Experience

The results from the TAM surveys show that most students perceive and experience personalized
feedback positively. However, there are also a number of participant that do not agree, and there
are several factors that could influence their perception and behavioural intention.

The high mean score for Perceived Usefulness shows that the personalized feedback was per-
ceived as helpful in supporting to solve the exercise and learning programming. It suggests that the
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generated feedback with the selected strategy was generally effective for most of the participants.
This aligns with the previous research by Pomp (2025)[25] that the students perceived the person-
alized feedback as helpful or useful. However, there is a slight variation in participant’s perception.
The score distribution in figure 8 shows 3 ”Disagree” responses on the item ”The feedback help you
fix the error faster.”. A possible explanation is that the 3 participants have both computer science
background and programming experience, hence able to answer the exercise easily, and therefore
perceived the feedback as time-consuming.

Perceived Easy of Use has a slightly above midpoint mean score implies that a moderate number
of participants perceived this method as complex. This is probably because many of the participants
do not have background in computer science and do not have programming experience. Another
possible cause is that the generated feedback from the LLM is still difficult to understand for
beginner. This is also reflected by the negative perception on item ”The error message feedback
looks clear and concise (not complicated).”.

The moderate mean score for Behavioral Intention indicates that beside the general positive
responses, there are also a number of participants that expressed lower willingness to continue
using the system. This variation appears to be related to the previous perception. Participants
who did not perceive this useful or did not perceive this easy to use are less likely to continue using
it.

5.2 Feedback Strategies

The feedback strategy ”Explicit Correction” was the most frequently selected strategy, this is
probably not only because of the high initial probability, but also due to its ”explicit” strategy.
This strategy directly provides the correct answer in the feedback. As a result, participants were
able to answer the exercise correctly after receiving feedback with this strategy.

In contrast, the feedback strategy ”Metalinguistic Clues” is the least frequently selected. This
may be caused its implicit strategy, which makes students struggle to understand the error message
and failed to answer correctly. This finding is also reflected on the student’s perception that show
a few number of disagreement.

5.3 Artificial Intelligence

Overall, the use of AI for the personalized feedback of error message demonstrate that the AI
implementation was generally effective and received mainly positive perception. However, there are
several problems that occurred in the implementation.

The reinforcement learning (RL) model for personalized feedback of error message had performed
effectively, indicated by adaptive and steady correct answer after each failure. However, this rec-
ommendation method may still have some classic limitations, such as the cold start problem, and
the randomness of exploration, which results in the increased time of convergence.

On the other hand, the large language model (LLM) has also performed well in generating
the enhanced error message. However, a notable critical issue occurred in the process of answer
assessment. The not properly designed prompt for checking the submitted answer may occasionally
result in a very low accuracy: a correct answer sometimes assessed as incorrect, and vice versa.
This behaviour really affects the performance of the personalized feedback system. Therefore a
carefully designed prompt is important for the model to be able to do an assessment.

5.4 Limitations

This study has several limitations that can be improved for further research. First, the exercise
questions are too small and limited. More varied exercise questions may improve the experiment
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outcome. Second, the participant number is relatively small, this can be increased further and more
diverse to better reflect the participant’s perception.

One of the most important part of this system is to assess the user’s understanding. This is
done by assessing the user’s submitted answer. The explicitly provided answer from the feedback
makes the user to be able to answer the exercise easily regardless of their actual understanding.
This can be improved by adding different exercise questions for each feedback generation and the
actual exercise question, thus the student’s understanding can be evaluated correctly.

Furthermore, the LLM used in the experiment is slightly low quality and outdated. This affects
the assessment of the user’s understanding. A better quality model may improve the generated
feedback and perform better assessment.

5.5 Conclusion

This study analyzed the use of AI-based personalized feedback of error messages in learning
programming for higher education students, with focus on the student’s perception and technical
feasibility.

The results showed that most participants perceived the personalized feedback positively, as
indicated by the Technology Acceptance Model (TAM) survey analysis. This suggests that AI-
based personalized feedback can be considered acceptable and potentially supportive for novice
programmers in helping them to learn and understand programming through feedback of error
messages. However, the relatively high standard deviations also indicate a notable variation in each
individual perception and experience, reflecting a few negative effectiveness.

The implementation of AI demonstrated both the potential and challenges. The reinforcement
learning model was able to adaptively personalize the feedback strategy based on the learner’s per-
formance, but it also still face issues such as the cold-start problem and exploration randomness.
On the other hand, the large language model was also effective in generating enhanced error mes-
sages. However, the inaccuracies in answer assessment revealed that the model quality and prompt
design are very important for this implementation.

Future research could improve this study by addressing the limitations on the exercise con-
tent, participants, and LLM quality, to further explore the influence of personalized feedback in
programming education.
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