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Abstract: Reflective learning in education offers various benefits, including a deeper understanding of concepts, in-
creased self-awareness, and higher-quality project work. However, integrating reflective learning into the
syllabus presents challenges, such as the difficulty of grading and the manual effort required to provide in-
dividualised feedback. In this paper, we explore the use of Large Language Models (LLMs) to automate
formative feedback on student reflections. Our study is conducted in the CS4350 Game Development Project
course, where students work in teams to develop a game through multiple milestone assessments over the
semester. As part of the reflective learning process, students write reflections at the end of each milestone
to prepare for the next. Students are given the option to use our automated feedback tool to improve their
submissions. These reflections are graded by Teaching Assistants (TAs). We analyse the impact of the tool
by comparing students’ initial reflection drafts with their final submissions and surveying them on their expe-
rience with automated feedback. In addition, we assess students’ perceptions of the usefulness of reflective
writing in the game development process. Our findings indicate that students who revised their reflections after
using the tool showed an improvement in their overall reflection scores, suggesting that automated feedback
improves reflection quality. Furthermore, most of the students reported that reflective writing improved their
learning experience, citing benefits such as increased self-awareness, better project and time management, and
enhanced technical skills.

1 INTRODUCTION

Reflective learning has received greater attention
since the 1980s for its potential role in education
as a form of self-directed learning. Schön (1984)
had demonstrated how reflective learning is rooted
within diverse professional contexts, from creative
disciplines to science-based fields. Kolb (1984) also
identified critical reflection as a core element in expe-
riential learning. In particular, Bhojan and Hu (2024),
after integrating reflective writing into project-based
game development courses, have found that the qual-
ity of student reflections has a positive correlation
with the quality of the final submitted project.

While there has been much interest in integrating
reflective learning into higher education, there are a
number of challenges that hinder its application (Chan
and Lee, 2021). One difficulty is the task of objec-
tively assessing student reflections; educators are of-
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ten not specifically trained in grading reflective writ-
ing while also being susceptible to bias. Another dif-
ficulty is the additional burden on the educator with
the time and effort required for manually grading each
and every student’s reflections and providing individ-
ualized feedback.

With Bhojan and Hu (2024)’s work as the primary
motivation, this study aims to develop an automated
feedback feature using generative AI and Large Lan-
guage Models (LLMs) that students can utilise to im-
prove the quality of their reflections, thereby improv-
ing the quality of their work. By developing an au-
tomated system, each reflection can be assessed con-
sistently without personal bias and timely feedback
can be given to students at their own convenience.
LLMs also have the added advantage of being able
to generate feedback that can be tailored to each stu-
dent’s unique experiences. So far, only two automated
feedback systems have been developed specifically
for reflective writing, both of which use rule-based AI
(Knight et al., 2020; Solopova et al., 2023). However,
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no studies have yet explored the use of generative AI
or large language models (LLMs) in this context.

The automated feedback system is implemented
as a feature in iReflect, a web application tool devel-
oped in our university that can facilitate critical peer
review, discussions over peer reviews and individ-
ual reflections over multiple milestones (Tan, 2022).
To study the effectiveness of our automated feedback
tool in enhancing reflective learning, we conducted
a study in the course CS4350: Game Development
Project. CS4350 is a project-based game develop-
ment course with high demand on creative and tech-
nical skills, which has integrated reflective learning as
part of its coursework after the study by Bhojan and
Hu (2024).

The current study is guided by the following two
questions:

1. Does our LLM-based automated feedback tool
improve the quality of student reflections?

2. Do the students perceive benefits from accom-
plishing the reflective tasks? If so, what kind of
benefits do they perceive?

2 LITERATURE REVIEW

Reflective learning was first coined by Dewey (1933),
who argued that reflection is a necessary process to
draw out meaning from experience and to use that
meaning in future experiences. Following that, Schön
(1984) notably identified two distinct types of reflec-
tion: "reflection-in-action", where learners reflect and
adjust during an ongoing process, and "reflection-on-
action", where learners reflect and analyze after the
end of a process. He argues that both reflections are
essential to practitioner’s practice. Meanwhile, Kolb
(1984) had proposed a model of experiential learning
and had noted that experience alone does not trans-
form into knowledge, critical reflection is necessary to
bring about learning from experience. Subsequently,
with the accelerating pace of technological changes in
the world, there has been greater interest in reflective
learning as a pedagogical approach that builds up stu-
dent capacities for lifelong learning (Bourner, 2003).

While the benefits of reflective writing have been
studied and documented, there have been a number of
challenges in integrating it into curriculum. Chan and
Lee (2021) reviews many of these challenges found
in literature and notes that there are multiple levels
of challenges, from the student learning level, to the
teacher pedagogical level, institutional level and fi-
nally the sociocultural level. On the teacher pedagogi-
cal level, one challenging area is the assessment of re-

flections, where a number of studies found that teach-
ers faced difficulties setting standards to grade reflec-
tions and assess them objectively. Bourner (2003)
also notes that student reflections involve personal,
emergent learning which is hard to assess with a pre-
determined criteria.

To grade objectively, an objective assessment cri-
teria would be necessary. Currently, there is no sin-
gular accepted model for reflective learning as a ba-
sis for reflection assessment. A number of different
reflections models have been proposed and each has
been widely adapted for use, such as Gibbs’ Reflec-
tive Cycle (Gibbs and Unit, 1988) and Rolfe et al.’s
Reflective Model (Rolfe et al., 2001).

One proposed rubric is by Tsingos et al. (2015),
who paired the different stages of reflections sug-
gested by Boud et al. (1985) and the different levels
of depth of critical reflection as proposed by Mezirow
(1991) to make a new matrix rubric for reflective writ-
ing in the context of pharmaceutical education. Build-
ing upon Tsingos et al.’s work, Bhojan and Hu (2024)
then proposed a simplified rubric that omits two of the
more complex stages of reflection to improve consis-
tency of grading between human graders while main-
taining the reflective learning outcomes, which was
used in the context of creative media and game devel-
opment courses.

Automated feedback and scoring is an area that
is still being actively studied, particularly in the area
of essay writing. However, there are few studies in
the specific context of reflective writing. There has
only been two published automated feedback systems
tailored for reflective writing, AcaWriter (Knight
et al., 2020) and PapagAI (Solopova et al., 2023).
AcaWriter is a learning analytics tool developed by
Knight et al. to provide feedback on academic writ-
ing, including reflective writing. It was developed
with the text analysis pipeline by Gibson et al. (2017)
and uses a rule-based AI framework to identify the
presence of certain literary features that are hallmarks
of reflective writing.

Meanwhile, PapagAI is an open source automated
feedback tool system developed by Solopova et al.
based on didactic theory, implemented as a system of
multiple machine learning model modules, each fine-
tuned to detect different elements of reflective writing
before coming up with an overall feedback regarding
lacking elements. These elements include the detec-
tion of emotions, identifying which phases of Gibbs’
Reflective Cycle (Gibbs and Unit, 1988) are present,
and the level of reflections according to the Fleck and
Fitzpatrick Scheme (Fleck and Fitzpatrick, 2010).

There are no studies yet on utilizing generative
AI and LLMs for automated feedback for reflections.
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Some concerns pointed out by Solopova et al. (2023)
regarding the use of LLMs is the lack of transparency
and control over the output and hallucinations, which
was why a rule-based AI using traditional machine
learning models was preferred. Still, they note that
LLMs do hold great promise and have advantages
such as greater speed over a full system of language
models.

In the relatively new area of prompting strategies,
there has been a great influx of studies in recent years.
While there are no studies on prompting in the spe-
cific context of reflective writing feedback, there are
many studies done on feedback in the context of es-
say writing or English as a Foreign Language (EFL)
learning (Stahl et al., 2024; Yuan et al., 2024; Han
et al., 2024).

3 iReflect FRAMEWORK

iReflect (https://ireflect.comp.nus.edu.sg) is an in-
house web application tool developed by our uni-
versity’s students that helps educators facilitate crit-
ical peer review, discussions over peer reviews and
individual reflections over multiple milestones (Tan,
2022). One of our key objectives is to be able to
facilitate reflective learning for the student. To this
end, iReflect provides an automated reflection feed-
back feature that can generate timely feedback for a
student’s reflection at the student’s own convenience.
Before this study, the automated feedback genera-
tion feature was based on AcaWriter Knight et al.
(2020). AcaWriter uses traditional machine learning
models trained to detect the presence of literary fea-
tures deemed important for reflective learning. In this
study, a new feedback system based on LLM prompt-
ing was developed and integrated into iReflect and re-
places the use of AcaWriter. A prompt engineering
approach was selected over a data-driven approach
due to the limited quantity and quality of data avail-
able for qualitative feedback for student reflections.

The new feedback system utilises OpenAI’s GPT-
4o model, which is considered to be at the forefront of
developed LLMs. At the time of this paper, the latest
GPT-4o model we adopted is gpt-4o-2024-08-06.

In engineering the prompt, we refer to findings
on prompting strategies on generating feedback from
Stahl et al. (2024), Yuan et al. (2024) and Han et al.
(2024).

Stahl et al. (2024) explored different prompting
strategies in the context of automated essay writ-
ing, which shares many commonalities with reflec-
tive writing. They explored the use of personas, var-
ious instruction patterns (scoring, feedback, Chain-

Figure 1: iReflect System: The interface for students to en-
ter their reflection writing with the option to generate feed-
back.
of-Thought and combinations of the three) and in-
context learning (adding examples to the prompt).
For the personas, it is noted that the Teaching As-
sistant persona and Educational Researcher persona
performed better than no persona and Creative Writ-
ing persona. Among instruction patterns, Feed-
back, Feedback+Scoring and Feedback with Chain-
of-Thought+Scoring produced the most helpful re-
sponses in descending order.

Yuan et al. (2024) had found that providing spe-
cific guidelines and criteria in generating feedback for
paper introduction writing task provides more con-
structive and helpful responses, with one of the mod-
els tested being GPT4. The responses were evaluated
by feeding prompts to Claude2, and were also vali-
dated by having two of their experienced NLP (Nat-
ural Language Processing) researchers grade a subset
of samples and comparing the accuracies.

Han et al. (2024) had explored the use of LLM-
as-a-tutor in the context of EFL (English as a Foreign
Language) learning. They introduce educational met-
rics specifically designed to assess student-LLM in-
teractions within the context of EFL writing education
and use them as a basis for assessing and comparing
the feedback given by standard prompting and score-
based prompting. As a result, it is found that score-
based prompting generates more negative, straight-
forward, direct, and extensive feedback than standard
prompting, which are preferred attributes for student
learners. This is also corroborated by majority of
teacher annotators prefer the former over the latter.

In summary, we utilise score-based feedback
prompting to generate more negative, straightforward
and direct feedback (Han et al., 2024) and explic-
itly describe the full criteria for reflection assessment
to improve the constructiveness of feedback (Yuan

iReflect: Enhancing Reflective Learning with LLMs: A Study on Automated Feedback in Project Based Courses

397



et al., 2024). Additionally, we utilise the strategies of
adopting a persona of an educator and requesting for
feedback and scoring with chain of thought structure
(Stahl et al., 2024).

Bhojan and Hu (2024) ’s reflection assessment
rubric (see Table 1) was used as the basis for the LLM
to evaluate and generate feedback for student reflec-
tions. The usage of the rubric in tandem with the re-
flective writing tasks has been found to improve the
reflection quality and project quality of students in
creative media and game development courses (Bho-
jan and Hu, 2024).

After writing their reflection, the students have the
option to generate feedback using the automated feed-
back system. The generated feedback is displayed be-
low their reflection as shown in Figure 2.

Figure 2: iReflect System: The display of feedback gener-
ated for the student’s reflection.

4 STUDY AND ANALYSIS

4.1 Course Selected for the Study

The study was conducted in the game development
course: CS4350 Game Development Project in our
university. The course is project-based, aiming to pro-
vide hands-on practical experience in game develop-
ment by having students form teams and work on de-
veloping a complete game from start to end through-
out the semester. The final game product accounts for
45% of the total grades in the course. Lectures on
game development practices were given in the first
half of the course, while the rest of the time was
dedicated to allowing students work on their project.
Apart from a selected theme (for example, the theme

for this iteration was "Serious Games"), the project
is open-ended and the students have the freedom to
decide the content.

Throughout the course, to track progress and pro-
vide formative feedback on the work so far, the stu-
dents have 5 milestone assessments in total: Concept
Phase, Prototype Phase, Alpha Phase, Beta Phase
and Gold Phase. For each milestone assessment,
teams are to prepare a presentation for the rest of the
class, showcasing their current progress. For mile-
stones from Alpha Phase onward, teams are also ex-
pected to prepare a playable version of their game
for other teams to play-test. After the presentations
and play-testing the games , teams will then criti-
cally peer-review each other. Teams can respond to
these peer reviews and participate in discussion be-
fore deciding whether to accept or reject the other
team’s suggestions. Finally, every student is tasked
to write an individual reflection on their overall ex-
perience working towards the latest milestone. The
peer review process and the reflective writing tasks
are hosted on our web application tool iReflect.

For the reflection task, the students are tasked to
write a single short reflection essay based on a given
prompt. One example of the prompts used:

“Based on your experience in the previous weeks,
write a reflection that documents what you have
done, your thoughts and feelings, linkage to your
past experiences, what you have learned from the
experiences and what you plan to do in the fu-
ture. Be sure to reflect on the feedback other teams
have provided you, the feedback you have pro-
vided to other teams and your response to feedback
provided by other teams. What have you learned
through independent game design/development,
play-testing, and responding to play-test?”

The submitted reflections are graded by the two
TAs for CS4350 using the rubric proposed by Bhojan
et al. (2024) shown in Table 1.

4.2 Study Methodology

A total of 26 students participated in the study. They
were first introduced to the automated reflection feed-
back tool during the Prototype Phase and given the
option to use it. Students were informed that using
the tool was voluntary, would not affect their grades,
and that their responses would be collected for re-
search if they chose to participate. Reflection re-
sponses were then gathered during the Alpha Phase
and Beta Phase, with all submissions collected after
the respective deadlines. For students who used the
feedback tool, their initial draft—the version submit-
ted for feedback—was also collected for analysis.

After the collection of initial and final reflection
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Table 1: Six Stage Rubrics for Reflection Statement Assessment in Project Based Courses (Bhojan and Hu, 2024).

Rubric Nonreflector (0 Marks) Reflector (1 Mark) Critical Reflector (2 Marks)

Stage 1: Returning
to Experience

Statement does not provide a clear
description of the task itself.

Statement provides a description of the
task.

Statement provides description of the task
chronologically and is clear of any judg-
ments.

Stage 2: Attending
to Feelings

Statement provides little of no evi-
dence of personal feelings, thoughts.

Statement conveys some personal feelings
and thoughts of the clinical experience but
does not relate to personal learning.

Statement conveys personal feelings,
thoughts (positive or negative) of the experi-
ence and relates to future personal learning.

Stage 3: Integra-
tion

Statement shows no evidence of in-
tegration of prior knowledge, feel-
ings, or attitudes with new knowl-
edge, feelings or attitudes, thus not
arriving at new perspectives.

Statement provides some evidence of in-
tegration of prior knowledge, feelings, or
attitudes with new knowledge, feelings or
attitudes, thus arriving at a new perspec-
tive.

Statement clearly provides evidence of inte-
gration of prior knowledge, feelings, or atti-
tudes with new knowledge, feelings or atti-
tudes, thus arriving at new perspectives.

Stage 4: Appropri-
ation

Statement does not indicate appropri-
ation of knowledge.

Statement shows appropriation of knowl-
edge and makes inferences relating to
prior inferences and prior experience.

Statement clearly shows evidence that infer-
ences have been made using their own prior
knowledge and previous experience through-
out the task.

Stage 5: Outcomes
of Reflection

Statement shows little or no reflec-
tion on own work, does not show
how to improve knowledge or behav-
ior, and does not provide any exam-
ples for future improvement.

Statement shows some evidence of re-
flecting on own work, shows evidence to
apply new knowledge with relevance to
future practice for improvement of future
practice. Provides examples of possible
new actions that can be implemented most
of the time.

Statement clearly shows evidence of reflec-
tion and clearly states: (1) a change in be-
havior or development of new perspectives
as a result of the task; (2) ability to reflect
on own task, apply new knowledge, feelings,
thoughts, opinions to enhance new future ex-
periences; and (3) examples.

Stage 6:1Readabil-
ity and Accuracy

Difficult to understand, includes er-
rors in spelling, grammar, documen-
tation, and/or inaccurate key details.

Accurate, understandable text, includes
all key details.

Clear, engaging, accurate and comprehensive
text.

1 Readability and Accuracy - To what extent does this reflection convey the effect of the learning event?

responses, the responses were coded and compiled to-
gether in a randomized order before being graded by
the TAs of CS4350. This is to allow the graders to
grade both initial and final responses equally without
bias.

At the end of each reflection task in Alpha and
Beta Phase, the students were given survey ques-
tions to gather their self-perceived effects of the self-
reflection task on their learning experience. The fol-
lowing survey questions were asked:

1. To what extent do you agree that the learning re-
flection in the Prototype phase has helped you in
completing tasks in the Alpha phase?

2. If you agreed with the previous statement, what
are some areas that the learning reflection has
helped in this project? (E.g. greater self-
awareness, deeper understanding of concepts,
new perspectives, etc.) If you disagreed with the
previous statement, what are some of the reasons
you found it unhelpful?

3. To what extent do you agree that engaging in
learning reflection improved your overall learning
experience during this project so far?

4. If you agreed with the previous statement, what
are some areas that the learning reflection has
helped you overall, both within and outside of the
course? (E.g. greater self-awareness, deeper un-
derstanding of concepts, new perspectives, etc.) If
you disagreed with the previous statement, what
are some of the reasons you found it unhelpful?

For Questions 1 and 3, the students were given a 7-
point Likert scale to indicate their level of agreement.
For Questions 2 and 4, the response was open-ended
to allow students to freely express their perceived ben-
efits or detriments.

Lastly, at the end of the final milestone Gold
Phase, students were given the following survey ques-
tions to gather their opinions on the automated feed-
back feature:

1. Rate your agreement with the following state-
ment: "The automated feedback probed me to
think and reflect more deeply."

2. Which of the following aspect(s) of the automated
feedback do you find helpful?
[Available Options: Concrete suggestions, Spe-
cific comments, Good balance of both positive
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and negative comments, Stimulating questions,
Others]

3. What are some problems / areas for improvement
that you identify in the automated feedback?

4. If you did not use the automated feedback feature,
what are the reasons for not using it?

4.3 Study Results

A total of 26 students signed up for CS4350. In to-
tal, 20 and 22 submissions were collected for the re-
flection task for Alpha Phase and Beta Phase respec-
tively, giving a respective submission rate of 76.9%
and 84.6%.

Out of the submissions, students were differenti-
ated into whether they used the automated feedback
feature or not. Additionally, students that used the
feature were further differentiated by whether they
made changes between the initial response and final
response after using the feedback feature. The distri-
bution of students across the three groups is detailed
in Table 2. Subsequently, the mean score of students
in each group was calculated for each scoring cate-
gory and presented in Tables 3 and 4.

Table 2: Student Usage of Automatic Feedback Feature
across Alpha and Beta Phase.

Usage Type Alpha Phase Beta Phase

Used Feedback Feature 16 16
Made Changes 9 9
No Change 7 7

Did Not Use Feedback 4 6

Total Submissions 20 22

The results of the survey on the students’ opin-
ions of the automated feedback feature are collated in
Figures 3 and 4. Figure 3 shows the distribution of re-
sponses on a 7-point Likert scale regarding agreement
to the statement "The automated feedback probed me
to think and reflect more deeply." Figure 4 lists as-
pects of constructive feedback with the number of stu-
dents that found that aspect present in the automated
feedback and felt that it was useful.

Figure 3: Gold Phase Survey Results on agreement with
the statement: "The automated feedback probed me to think
and reflect more deeply.".

Finally, the results of the survey on students’ per-
ceived feedback from the reflective writing task are

Figure 4: Gold Phase Survey Results on aspect(s) of the
automated feedback that were found useful.

detailed in Figures 5 and 6 for Alpha Phase and Beta
Phase respectively.

Figure 5: Alpha Phase Survey Results.

Figure 6: Beta Phase Survey Results.

4.4 Study Results Analysis

4.4.1 Reflection Scores

From the final reflection score statistics in Tables
3 and 4, students that used the feedback feature,
whether they made changes after feedback or not,
achieved higher scores than students that did not use
the feedback feature at all. It is also seen that stu-
dents generally scored the lowest in the reflection
stage Stage 4: Appropriation, regardless of feature us-
age.

CSEDU 2025 - 17th International Conference on Computer Supported Education

400



Table 3: Statistics of Final Reflection Scores by Feature Usage in Alpha Phase.

Scoring Category Mean Users (Made
Changes)

Mean Users
(No Changes)

Mean Non-Users Overall Mean

Stage 1 1.78 ± 0.36 1.83 ± 0.26 1.88 ± 0.25 1.82 ± 0.30
Stage 2 1.72 ± 0.44 1.58 ± 0.58 1.38 ± 0.25 1.61 ± 0.46
Stage 3 1.44 ± 0.53 0.92 ± 0.49 0.88 ± 0.75 1.16 ± 0.60
Stage 4 1.17 ± 0.66 0.75 ± 0.61 0.75 ± 0.65 0.95 ± 0.64
Stage 5 1.56 ± 0.53 1.50 ± 0.45 1.38 ± 0.25 1.50 ± 0.44
Readability and Accuracy 1.89 ± 0.22 1.83 ± 0.26 1.75 ± 0.50 1.84 ± 0.29

Total Score 9.56 ± 1.47 8.42 ± 1.99 8.00 ± 1.83 8.87 ± 1.75

Table 4: Statistics of Final Reflection Scores by Feature Usage in Beta Phase.

Scoring Category Mean Users
(Made Changes)

Mean Users
(No Changes)

Mean Non-Users Overall Mean

Stage 1 1.83 ± 0.35 1.93 ± 0.19 1.75 ± 0.42 1.84 ± 0.32
Stage 2 1.72 ± 0.44 1.43 ± 0.45 1.50 ± 0.45 1.57 ± 0.44
Stage 3 1.72 ± 0.51 1.71 ± 0.27 1.42 ± 0.74 1.64 ± 0.52
Stage 4 1.56 ± 0.53 1.43 ± 0.53 1.25 ± 0.61 1.43 ± 0.54
Stage 5 1.72 ± 0.36 1.79 ± 0.27 1.33 ± 0.82 1.64 ± 0.52
Readability and Accuracy 1.89 ± 0.22 1.93 ± 0.19 1.67 ± 0.52 1.84 ± 0.32

Total 10.44 ± 1.49 10.21 ± 1.32 8.92 ± 2.25 9.95 ± 1.72

Table 5: Paired t-test Results for Initial and Final Reflection Scores for Alpha Phase.

Scoring Category Mean Initial
Score

Mean Final
Score

Change in
Score

t-value p-value

Stage 1 1.44 1.78 +0.34 2.828 0.022*
Stage 2 1.17 1.72 +0.55 2.626 0.030*
Stage 3 0.50 1.44 +0.94 4.857 0.001**
Stage 4 0.44 1.17 +0.73 3.043 0.016*
Stage 5 0.78 1.56 +0.78 3.092 0.015*
Readability and Accuracy 2.00 1.89 -0.11 -1.512 0.169

Total Score 6.33 9.56 +3.23 4.685 0.002**
Note: * indicates p < 0.05, ** indicates p < 0.01.

Table 6: Paired t-test Results for Initial and Final Reflection Scores for Beta Phase.

Scoring Category Mean Initial
Score

Mean Final
Score

Change in
Score

t-value p-value

Stage 1 1.89 1.83 -0.056 -1.000 0.35
Stage 2 1.33 1.72 +0.39 2.135 0.065
Stage 3 1.33 1.72 +0.39 2.135 0.065
Stage 4 1.17 1.56 +0.39 2.135 0.065
Stage 5 1.39 1.72 +0.33 2.828 0.022*
Readability and Accuracy 1.94 1.89 -0.056 -0.555 0.59

Total Score 9.06 10.44 +1.39 2.786 0.024*
Note: * indicates p < 0.05.

A paired t-test was conducted to examine the dif-
ferences between initial and final reflection scores
across the different stages described by the assess-
ment rubric. Table 6 shows the mean initial scores,
the mean final scores, t-values and p-values for each
category.

In the Alpha Phase, it is seen that across the 5
stages of reflection and in total, there has been an in-
crease in score from the initial reflection to the final

reflection (p < 0.05). In particular, the students gen-
erally had scores below 1 for Stage 3, 4 and 5, which
is below the standard for a basic reflector in the ini-
tial reflection. However, after making changes with
the help of the feedback feature, they were able to im-
prove their scores to well above a score of 1.

In the Beta Phase, students generally had a higher
score across all stages of reflection in their initial
reflection as compared to in Alpha Phase. Subse-
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quently, it is seen that there is a smaller improvement
in scores across all stages of reflection, with Stage 1
even having a slight reduction in score. In Total, there
is still an improvement in score (p < 0.05).

The above results suggest that overall, the auto-
mated feedback feature has improved the quality of
student reflections. While significant improvements
in scores were seen in Alpha Phase, these improve-
ments were much smaller in Beta Phase, which sug-
gests that the students did not have a clear understand-
ing of the different reflection stages when first doing
reflections in Alpha Phase until the first round of au-
tomated feedback.

On the other hand, the readability and accuracy
category does not show any conclusive changes be-
tween initial and final (p > 0.05) in both Alpha and
Beta Phases. This suggests that our feedback feature
does not provide helpful feedback in terms of improv-
ing the overall coherence and flow of the students’ re-
flections.

4.4.2 Survey Results

From the Gold Phase survey results in Figure 3, it is
seen that slightly more than half of the students agree
that overall, the automated feedback directed them to
think and reflect more deeply, which suggests that the
automated feedback has been relatively successful in
encouraging deeper reflective learning. From Figure
4, some of the strengths of the automated feedback
are the concrete suggestions (47.6% of responses, n =
10) and specific comments (38.1% of responses, n =
8) provided in the feedback.

However, it is noted that there is still a sizable
number of students who do not find the feedback use-
ful in encouraging deeper reflection, replying with
neutral or even disagreement to the first question.
Among these responses, there are various reasons pro-
vided, the most common reason was that the fea-
ture which used a rubric as its basis of feedback felt
too "rigid" and "formulaic". They felt that the feed-
back system was just "ticking off criteria" without en-
couraging "deeper exploration or improvement in the
quality and depth of the content", and that these sec-
tions may not always be relevant to all reflections.
This relates back to Bourner (2003)’s theory that stu-
dent reflections involve personal, emergent learning
which is hard to assess with a predetermined crite-
ria. Another point of improvement that students men-
tioned is that inconsistency of the feedback, which
may still provide different scores and replies given the
same or just slightly different input.

From the survey results in Figures 5 and 6, it is
seen that majority of the students agree that the self-
reflection tasks had improved their learning experi-

ence both for the following milestone and overall for
the project so far.

Some common areas that they felt the reflection
has helped include:

1. Self-awareness and Identification of Strengths
and Weaknesses
Students gained more self-awareness about their
strengths, weaknesses, and learning habits, help-
ing them adjust their approach in future work.

2. Improved Collaboration and Team Dynamics
Reflection enhanced their understanding of indi-
vidual contributions and team dynamics, leading
to better collaboration.

3. Better Project or Time Management
Reflecting on past experiences improved project
management and task prioritisation.

4. Improvement in Technical Skills
Students refined their technical approaches,
adapted to new tools, and leveraged prior expe-
rience to solve problems.

Meanwhile, among disagreeing responses, the
most common complaint is that the reflection tasks
were too frequent within the project time frame.
While they generally find the self-reflection task is
useful, they feel that 2-3 weeks between each reflec-
tive task is too short of a time to have enough mean-
ingful experience to reflect, reducing the effectiveness
of the reflection and making task itself more tedious.
This seems to be supported by how the number of
responses agreeing that the reflective task improved
their learning experience decreased from Alpha Phase
to Beta Phase, when the students felt that the time be-
tween Alpha Phase and Beta Phase reflections was too
short.

From the remaining disagreeing responses, one
student mentions that the self-reflection task did not
bring additional benefit since they already reflect in
their own time.

From these responses, we note that when inte-
grating reflective learning into coursework, reflection
tasks should be spaced adequately to allow students to
gather meaningful experiences. Too frequent reflec-
tions might compromise the effectiveness of the re-
flection and provide additional workload that detracts
students’ learning from the rest of the course. Addi-
tionally, we note that reflective learning is not always
limited to reflective writing in class.

Overall, a majority of the students still do find re-
flective writing to be helpful, suggesting that it is ben-
eficial overall to include reflective writing in the cur-
riculum for a game development course.

CSEDU 2025 - 17th International Conference on Computer Supported Education

402



5 LIMITATIONS AND FUTURE
WORK

Our implementation is limited by the lack of high-
quality reflection feedback data for training and fine-
tuning. Enlisting trained human graders to provide
gold-standard data would help establish a stronger
benchmark for LLM-generated feedback.

Another challenge is the use of OpenAI’s GPT
model, which, while powerful, operates as a black-
box system. Unlike rule-based AI, its feedback gen-
eration lacks transparency, making theoretical sound-
ness difficult to verify. As such, it is best suited for
formative feedback, complemented by human review.

Lastly, using a third-party LLM raises privacy
concerns. To mitigate risks, we restricted reflec-
tions to coursework-related content, excluding per-
sonal data. However, one student still cited privacy
concerns as a reason for avoiding the tool.

6 CONCLUSIONS

By leveraging LLMs, we developed an automated
feedback system that provided students with timely,
personalized insights on their reflections. Findings
from the CS4350 course study show that the sys-
tem significantly improved reflection quality, with
students appreciating its concrete suggestions and
specific feedback. While some noted minor draw-
backs—such as occasional rigidity and formulaic re-
sponses—the overall reception was highly positive,
reinforcing its value in the learning process.

Survey results further highlight the benefits of
reflective writing, with students reporting increased
self-awareness, improved teamwork, better project
management, and enhanced technical skills. These
findings affirm the value of reflective learning in
project based courses. Integrating automated feed-
back can further enrich student learning, provided
that reflective tasks are scheduled thoughtfully to en-
sure meaningful engagement without adding exces-
sive workload.
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