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This paper explores using generative artificial intelligence (Al) large language models (LLMs) to augment traditional peer
feedback processes within project-based learning (PBL) environments where students work in teams. Our study
contributes to the expanding digital educational frontier by harnessing the power of LLMs for summarizing and
enhancing self and peer feedback. We present a novel educational innovation that utilizes GPT-4 to effectively summarize
self and peer comments for student teams in PBL courses. Our research involved the development of a specific prompt
grounded in relevant educational theories and the analysis of 118 Al-summarized Performance Feedback Reports that
were generated for students. The findings reveal that the LLM significantly improves the quality of peer feedback by
making it more constructive and actionable, addresses off-topic or inappropriate comments, and provides a meaningful
comparison between a student’s self-evaluation and peer comments. Our paper underscores the importance of peer
feedback systems as valuable pedagogical tools in PBL classes and demonstrates how Al tools can enhance these systems.
The outcomes of this research serve as a foundational guide for faculty, especially those teaching in PBL environments
with student teams, who are considering using Al to enhance teaching and learning. We demonstrate the potential of
integrating these innovative practices in PBL classrooms to support students’ development of teamwork skills, marking a

significant step towards a new digital frontier in engineering education.
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1. Introduction

Developing and nurturing engineering students’
teamwork skills is vital to their professional forma-
tion, substantiated by its inclusion in the Accred-
itation Board for Engineering and Technology
(ABET) student outcome criteria. Engineering
work is characteristically collaborative, with team-
work recognized as an essential competency along-
side other professional skills such as problem-
solving and communication [l]. Project-based
learning (PBL) courses often offer a platform for
students to engage in team-oriented engineering
design projects that help foster professional skills.
In PBL contexts, peer evaluation systems such as
CATME (Comprehensive Assessment for Team
Member Effectiveness), ITP (Individual Team Per-
formance) Metrics, and TEAMMATES have
emerged as crucial pedagogical tools for facilitating
teaming. These tools assist engineering instructors
in forming teams, monitoring team dynamics, and
providing formative and summative peer feedback
to students on their teamwork behaviors and indi-
vidual performance. Research supports peer eva-
luations as a tool that can promote student
accountability and help mitigate social loafing [2—
5], the tendency of some students to exert less effort
than their peers when working in a group.

While peer evaluation systems have been used as
instructional tools for monitoring team dynamics
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over the years, their current design limits their
potential use as a formative feedback tool to
inform students’ development of teamwork skills.
A prominent feature of CATME and other peer
evaluation tools is using quantitative measures that
assess different dimensions of teamwork behaviors.
These ratings can be reviewed by instructors and
released to students so that they can gauge their
performance across these dimensions of teamwork.
The limitations of these ratings are that they are
subject to various biases, such as friendships and
personality perceptions, and impact on grades that
can compromise the assessment’s representative-
ness of actual individual performance [6].
Qualitative self and peer comments are a supple-
mental feature in CATME and other peer evalua-
tion systems; they can provide valuable insights into
teamwork behaviors by substantiating and explain-
ing the quantitative ratings. While qualitative self
and peer comments are a feature in these peer
evaluation systems, instructors may refrain from
releasing these peer comments to students because
of potential harm and biases. Further, students may
be apprehensive about providing critical feedback
in qualitative peer comments during the semester if
they know that instructors will release these com-
ments to their peers, as it can potentially create a
socially uncomfortable environment and negatively
impact team dynamics [7]. However, withholding
these peer comments to students may come at the
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expense of providing valuable formative feedback
that can support their individual professional devel-
opment, especially in developing teamwork skills.
Thus, there are nontrivial limitations with current
peer evaluation systems that inhibit the extent to
which students may receive formative feedback that
can benefit teamwork skill development.

This paper explores harnessing generative artifi-
cial intelligence (AI) large language models (LLMs)
to augment the peer evaluation process by mitigating
the limitations of current peer evaluation systems’
ability to provide students with high-quality, quali-
tative formative feedback. Specifically, we explore
using Al-summarized Performance Feedback
Reports (AI-PFRs) that use self and peer comments
collected from CATME. The use of AI-PFRs in peer
evaluation has several notable advantages. First,
they provide greater anonymity to student peer
comments, as individual comments are synthesized
into AI-PFRs, which can improve student comfort
in giving honest, critical feedback. Second, LLMs
can potentially provide enhancements that improve
the overall quality and organization of the original
self and peer comments. This includes addressing
harmful, unprofessional comments and comparing
self and peer comments. These features can alleviate
instructors’ concerns about releasing unfiltered peer
comments directly to students.

Overall, AI-PFRs are an opportunity to innovate
the current peer evaluation process and provide
students with timely and high-quality formative
feedback that can support their development of
teamwork skills. Our prior work [8] began to
explore the potential for Al to effectively summar-
ize self and peer comments into AI-PFRs, filter
unprofessional comments, compare discrepancies
between self-assessment and peer comments, and
elaborate on peer comments to provide actionable
feedback on how an individual can improve their
teamwork behaviors.

This paper builds on our preliminary work by
analyzing AI-PFRs created and implemented at
scale in six first-year engineering PBL courses in
the fall of 2023. We specifically explore the effec-
tiveness of LLMs in improving the quality of the
original peer comments through the following over-
arching research question: To what extent does
GPT-4 enhance the quality of feedback provided by
student self and peer comments?

Additional sub-questions that provide further
granularity on these potential enhancements
include:

1. To what extent does GPT-4 improve the qual-
ity of feedback to be more constructive and
actionable compared to original peer com-
ments?

2. How effective is GPT-4 in addressing inap-
propriate comments in original student peer
feedback comments?

3. How effective is GPT-4 in comparing students’
self-evaluation comments with peer comments
in regard to their team performance?

Through these research questions, we can better
understand the potential use of LLMs to enhance
and summarize original peer comments with the
purpose of supporting students’ development of
teamwork skills.

2. Literature Review

2.1 Theoretical Underpinnings

Feedback is an integral part of the learning process,
as it allows students to reflect, identify areas for
improvement, and increase motivation. While the
context of peer feedback may differ, the benefits
remain the same. Peer feedback can provide unique
insights that may otherwise be overlooked. Ban-
dura’s Social Cognitive Theory of Self-Regulation
posits that individuals learn and regulate their
behavior through an interplay between personal
factors, environmental influences, and cognitive
processes. Self-regulation, a central concept of this
theory, involves goal-setting, monitoring progress,
and behavior adjustment to achieve desired out-
comes [9]. Students can develop their self-regulated
learning skills through formative assessments and
feedback [10]. Regular access to feedback can
stimulate self-regulation, with more frequent atten-
tion to feedback-standard gaps that encourage
students to adjust their behavior and become
more self-aware [11]. Considering the complexity
of teamwork behaviors, multiple iterations of self-
regulation and feedback are expected to lead to
progressive improvements and mastery of these
behaviors [12]. Thus, it is critical for student learn-
ing to receive multiple feedback assessments [13].
In PBL classes, instructors can play a significant
role in organizing and implementing formative
assessment and feedback opportunities to support
self-regulated learning related to teamwork beha-
viors and skills [14]. However, in large PBL classes
involving many teams, instructors are not
immersed in the everyday team interactions and,
consequently, are not well-positioned to individu-
ally assess and provide feedback on teamwork
behavior to individual students. If students do not
receive formative feedback on their teamwork
behaviors, it can limit their ability to develop team-
work skills [15]. In our study, we focus on qualita-
tive peer feedback, where students provide written
feedback about each student’s performance on the
team. Peer feedback positively benefits students,
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instructors, and student teams in many ways and
can help improve student learning [16]. Peer feed-
back provides an opportunity for students to
receive formative and summative feedback. For
example, formative feedback is provided through-
out the semester and allows students to make
improvements, while summative feedback is only
provided at the end of the semester. Formative
feedback has been identified as a way to help
improve learning among students [17]. This is
especially salient considering the importance of
formative feedback in promoting the development
of self-regulated learners [14].

In order to attain these benefits of feedback,
studies have highlighted the importance of quality
feedback. Principles of quality feedback have been
highlighted by several researchers [12, 14, 18]. Shute
[18] conducted a literature review on formative
feedback in education and suggested that in order
to improve learning, formative feedback should
focus on the task, be specific, be as simple as
possible, and orient to a learning goal. Similarly,
Hattie and Timperly’s model of feedback identifies
four levels of feedback: task level, process level, self-
regulation level, and self level [12]. Task level
focuses on the performance of the tasks being
completed, while the process level highlights what
is needed to successfully perform the tasks at hand.
The self-regulation level consists of students mon-
itoring and regulating their actions, while the self
level discusses personal evaluations of the learner.
We developed the prompt for the AI-PFRs by
considering the literature on self-regulated learning
and effective feedback, which we further discuss in
the Methods section.

In this literature review, we further elaborate on
the benefits and limitations of peer feedback in
classrooms, prior work on peer feedback in engi-
neering education contexts, and the use of genera-
tive Al in engineering education contexts, including
ethical considerations for its use in peer evaluation.

2.2 Peer Feedback in Student Teams
2.2.1 Benefits of Peer Feedback

Research has shown several benefits of peer eva-
luation systems in promoting student teamwork
skills. For example, Brutus and Donia [13] found
that using a peer evaluation system significantly
improved the effectiveness of students working on
teams. O’Neill, Boyce, and McLarnon [19] found
that peer evaluations contribute to better team
health and improved project grades. Moreover,
Brutus, Donia, and Ronen [20] showed that
using peer evaluations increases students’ confi-
dence in evaluating and providing feedback to
their peers. Peer evaluation systems increase

accountability and reduce social loafing among
team members [3-5, 21], thus helping mitigate
the likelihood that students are part of a dysfunc-
tional team, which can undermine their potential
to benefit from group work. Indeed, social loafing
was the most frequently cited negative student
team behavior in a review of engineering education
articles and a source of conflict in student group
work [22]. Harkins and Jackson [2] argue that the
possibility of being evaluated by peers can moti-
vate individuals to contribute more actively, redu-
cing instances of social loafing. Similarly,
formative peer feedback can help improve student
motivation on student teams [20]. Research on an
introductory design course found that students felt
more motivated and accountable when they knew
their peers would evaluate them. These findings
collectively suggest the importance of peer evalua-
tions as an accountability structure that mitigates
social loafing, a major source of conflict in group
work.

2.2.2 Limitations of Peer Feedback

Peer evaluation systems play a critical role in PBL
contexts, but their full potential in providing stu-
dents with high-quality, written feedback on their
teamwork behaviors has yet to be fully realized.
Current peer evaluation systems (e.g., CATME,
ITP Metrics, TEAMMATES) contain quantitative
rating scales that assess dimensions of teamwork
behaviors with descriptive scales that are self-expla-
natory. However, they provide minimal to no
instruction to students on how to write qualitative
feedback, which likely negatively impacts the depth
and specificity of the written feedback students
receive. This lack of instruction and experience
can lead to considerable variation in the quality of
written feedback provided, as students may not be
familiar with effective practices for writing feed-
back. Prior work has found that students cut and
paste the same generic feedback for each of their
peers, and many students do not typically provide
enough specific detail in their feedback to be of
value to the receiver [7].

Poor feedback can even lead to negative conse-
quences, as evidenced by Kluger and DeNisi’s [23]
meta-analysis of feedback interventions. They
found that feedback directed at the personal or
ego level (e.g., feedback that praises or discourages
individuals) can negatively affect performance.
From our experience, even if students focus on
task or process level feedback, they may be reluc-
tant to identify areas for improvement or suggest
ways in which improvement might be made. Stu-
dents may also be hesitant to provide negative or
critical feedback to their peers due to anticipated
social discomfort, a prior experience that led to a
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negative impact on team dynamics, or fear of
impacting a peer’s academic record. Students who
provide critical or negative feedback may not write
it in an appropriate or constructive manner. For
these reasons, instructors may summarize peer
comments or screen them before releasing them to
students, but this is especially challenging at scale.
Alternatively, some instructors opt not to release
peer comments at all, which prevents students from
receiving formative feedback that can help inform
their development of teamwork skills.

2.2.3 Peer Feedback in Engineering Education

A recent literature review about teamwork in engi-
neering education identified feedback as a necessary
component of building effective teams [24].
Although peer feedback is a critical component
for teams in PBL classes, it can be a challenging
process to facilitate because not all students are
prepared to write effective feedback due to a lack of
experience, training, or limited incentivization to do
so. Recent work in engineering education has high-
lighted ways that peer feedback quality can be
improved. Strategies such as instructional interven-
tions [27] and collaborative peer review processes
[28] have been shown to improve feedback quality,
specificity, and breadth. Findings from a concur-
rent study on the impact of the feedback interven-
tion used in this work showed a statistically
significant increase in comment length and that
feedback was found to be more actionable when
students were trained on the elements of quality
feedback [25]. When students were presented with
examples of actionable peer feedback and able to
practice, they were more likely to add detail, include
both positive and negative feedback, and accom-
pany identified gaps with recommendations for
corrective action. These findings collectively
demonstrate that training students on how to
write feedback can improve the quality of feedback;
however, the limitations described in the prior
section remain.

2.3 Generative AI

Over the last year, Al language models have
become a part of many people’s daily routines.
The use of LLMs has prompted increased discus-
sion among researchers about generative AI’s
potential applications and its ethical utilization.
Generally, recent papers in education underscore
the potential advantages for educators using gen-
erative Al tools and potential drawbacks and
limitations [26, 27]. In addition, many subfields of
education have described potential uses of genera-
tive Al in teaching, learning, and research, such as
chemical education [28], journalism and media
education [29], and medical education [30].

In engineering education, a few papers have
highlighted the uses of generative Al for engineer-
ing educators. A recent editorial in the Journal of
Engineering Education described the potential
uses of generative Al for research and teaching
within the field [31]. Potential uses for research
include generative assistance, data analysis, and
research writing. Potential uses for teaching
include assessment and teaching support. The
authors highlight the importance of educators
being trained to use this type of technology and
the need for the community to work together to
address potential concerns. Similarly, a recent
conference paper used a metacognitive approach
to have a conversation with ChatGPT on its
potential uses in engineering education [32].
ChatGPT highlighted that instructors can use
generative Al to create customized feedback and
increase efficiency by automating certain tasks.
Although there has been an increase in the
number of people talking about generative Al in
education, at the time this paper was written, few
studies have showcased the use of generative Al in
the classroom. Recent educational studies are
increasingly exploring the use of generative Al
tools in classroom settings. These studies involve
applications such as aiding in physics lessons [33],
assisting in problem development for prospective
teachers [34], and evaluating the tool’s impact on
academic integrity and assessment standards [35].

Our study used GPT-4 to create personalized Al-
PFRs for students working on a team-based seme-
ster-long project using team members’ peer com-
ments and their self-assessments. To use GPT-4
effectively in this context, we needed to mediate
any potential harms of generative Al. In general,
the limitations of AI have been the same across
many fields; the most common include bias, lack of
context, lack of common sense, and privacy con-
cerns [27, 36]. A recent paper described that GPT-4
is limited because it lacks emotional intelligence
[26], which is a significant consideration for our
work. With our understanding and experiences
with student feedback, there is the potential for
peer comments to be unnecessarily rude or crass. If
GPT-4 does not have the emotional intelligence to
consider which comments may be hurtful, its poten-
tial use to summarize peer comments is limited. Su
and Yang’s paper provides a step-by-step frame-
work for educators to appropriately use generative
Al They stress the importance of educators identi-
fying desired outcomes, determining the appropri-
ate level of automation, ensuring ethical
considerations, and evaluating effectiveness [26].
This framework reflects our use of generative Al
in engineering education classrooms, which we
show in the methods section.
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3. Methods

In our methods section, we share details on our
participants, research site, data collection, data
analysis, positionality, and study limitations. Pro-
cess reliability and validity evidence are integrated
throughout these subsections to illuminate poten-
tial influences on the study [37, 38]. Ethical con-
siderations related to the use of Al, specifically
LLM:s, are also considered and discussed through-
out these subsections.

3.1 Participants and Research Site

This study was conducted at a large R1 university in
the mid-Atlantic region, where the College of
Engineering makes up about 30% of the under-
graduate student population. The participants in
the study were all students in the first-year engineer-
ing program participating in a PBL class. In the
PBL class, students work in teams on design
projects for the entire semester. Students provide
peer ratings and feedback to their teammates at
multiple time points throughout the semester. Six
classes participated in the pilot project involving
three different instructors, and 303 students con-
sented to their information being included in the
study. In our study sample of 118, the gender
distribution was reported as follows: 23% female,
73% male, and 2.5% either selected ’other’ or
preferred not to specify, with the remaining 1.5%
not responding. Regarding race/ethnicity, 39.8%
identified as White, 35.6% as Asian, 8.5% as His-
panic, 5.9% as Black, 1% as Middle Eastern or
North African, 5.9% selected “Other,” and 3.4%
either declined to answer or did not respond.

3.2 Data Collection

Prior to the commencement of the study, we
obtained approval from the university’s Institu-
tional Review Board (IRB) to ensure ethical com-
pliance in our research practices. A training session
about writing peer feedback was facilitated by one
of the study authors and had several key aims: (1)
emphasize the importance of peer feedback to
learning and students’ critical role in this process,
(2) provide students with information on how to
write effective peer feedback, and (3) introduce
students to the research study. We recognize that
the quality and effectiveness of the AI-PFRs are
directly contingent upon the quality of the student’s
comments, underscoring the importance of this
preparatory training. The session was designed to
motivate students to write quality feedback (both
positive and critical feedback) that focuses on
specific teamwork behaviors. A particular emphasis
was placed on encouraging students to provide
specific examples of observed teamwork behaviors

to support their comments and provide actionable
feedback for critical comments. Details of this
training and its impact on the peer comments can
be found in our supporting work [25].

We collected the peer comments from each class
after each training session at peer feedback time
points, which were weeks 5, 7, or 8 of the semester,
depending on the instructor. In each class, students
were asked to write a self-evaluation and provide
substantive comments for each of their team mem-
bers in the CATME system. Prior to producing the
AI-PFRs, we exported the data from CATME into
an Excel sheet, compiled all of the peer comments,
and then used a script to remove all names and
pronouns from the comments. This allowed us to
de-identify students from their data before sharing
it with GPT-4 and also mitigated the introduction
of any gender or other bias from GPT-4 based on
assumptions related to the student’s name or pro-
nouns. The script added the prompt and combined
all self and peer comments written for each student
into an Excel cell. For each student, their prompt
and de-identified self and peer comments were
copied into GPT-4, which synthesized the com-
ments into an AI-PFR.

We began the prompt by defining the context of
the class and the generative Al model’s role in
providing formative feedback to students. The
prompt then asks GPT-4 to summarize the com-
ments and provide constructive, actionable feed-
back. Constructive feedback highlights areas for
improvement and perceived weaknesses, and
actionable feedback offers tangible suggestions for
improvements. The prompt aligns with task and
process-level feedback (refer to definitions in the
Theoretical Underpinnings section), which are
effective forms of formative feedback that can
advance learning. The second part of the prompt
asked GPT-4 to compare students’ self-assessments
to the peer comments. Considering students’ self-
assessments allows them to self-regulate their learn-
ing to improve their teamwork behaviors. Finally,
the prompt concludes by asking to exclude inap-
propriate comments and output the report in letter
format. There was one team that had less than two
comments provided for some team members; since
some of the team members did not complete the
peer evaluations in time, we added a sentence that
only generic feedback be provided to prevent feed-
back from being easily identifiable in these cases.

The following prompt was used to produce each
AI-PFR:

Prompt: “I am an engineering instructor who teaches a
first-year engineering class where students work on
teams for the semester. You are my assistant, who is
going to help me provide formative feedback to my
students. I collect peer comments periodically through-
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out the semester, and I would like you to summarize
the comments into a performance feedback review in a
way that is constructive and actionable. Additionally,
the students assess themselves and I would like you to
compare their responses to the peer feedback. The
output should be in the form of a letter, and please
exclude anything that is inappropriate for the work-
place.” [If there are less than 2 comments for a student,
please provide generic feedback only.]

This outlined process was used to produce an Al-
PFR for all students across the six class sections.
We copied each AI-PFR from GPT-4 to a Word
document and re-inserted their names to the begin-
ning of the letter (i.e., Dear [insert name]). Each Al-
PFR was reviewed by the research team, and any
edits were documented before it was shared with the
instructor and student. We reviewed each report to
ensure the content reflected the original peer com-
ments and that there was no inappropriate content.
We did not have students review their teammates’
reports to ensure their raw comments were appro-
priately summarized and integrated. While there
may be some benefits to doing this, we did not
believe it was appropriate to have students also see
other peer-to-peer comments that were not directed
to them. We completed the process for each class
over a week to provide timely feedback for all
students. Data in this paper only includes com-
ments and AI-PFRs from students who consented
to their data being a part of the study. Further, we
focused our analysis on student teams where every
team member consented to the study, which
resulted in 118 participants. We de-identified the
data by replacing student names with pseudonymes.
While we opted to utilize OpenAl’s GPT-4 for this
project, we acknowledge the existence of numerous
alternative tools, including open-source options,
that can be used for this purpose with the same or
a similar prompt. We chose GPT-4 based on success
in initial testing and found it was more effective for
this task, especially for moderating inappropriate
comments, in comparison to ChatGPT 3.5. We also
note that OpenAl has recently partnered with a
university, positioning it as a tool for educators [39].

3.3 Data Analysis

Our study employed a thematic analysis approach
to identify patterns within the data. This method
enabled us to interpret and categorize the data
contained within the AI-PFRs and original student
comments systematically and meaningfully. The
thematic analysis process outlined by Braun and
Clarke [40] informed our process. First, the authors
read through all AI-PFRs to familiarize themselves
with the data. Next, we conducted an open coding
cycle on 118 AI-PFRs. This process involved
detailed memo writing to capture insights about

the general structure of the AI-PFRs and the
primary differences between the original comments
and the AI-PFRs, including noted improvements.
Notable observations emerged at this stage on the
structure of the AI-PFRs, which typically included a
brief introduction, an outline of strengths and areas
for improvement, a comparison of self and peer
comments, and a final summary. We observed that
the strengths and areas for improvement sections of
the AI-PFRs effectively summarized the original
comments, maintaining the core content but orga-
nizing it into coherent themes. This thematic sorting
by GPT-4 enhanced the clarity and flow of the
feedback while consolidating any redundant feed-
back. Moreover, the AI-PFRs often included
actionable feedback, which was either minimally
discussed or absent in the original comments. As a
group, we discussed the emergent themes, which
described the key characteristics of the AI-PFRs in
comparison to the original comments.

Following the discussion and comparison of
codes and memos, we decided to employ deductive
coding based on the features of the prompt. The
emergent themes we focused on include: (1) provid-
ing a summary of comments in a constructive,
actionable manner, (2) addressing inappropriate
comments, and (3) comparing self and peer feed-
back. A codebook was created with six distinct
codes under our three thematic categories, aligning
with our research sub-questions and the goals of the
study. All the authors reviewed and provided feed-
back on the codebook before the second cycle of
coding.

In the results section, representative examples
from the coded AI-PFRs are discussed to provide
evidence for each of the primary themes that align
with our research questions. This approach not
only underscores the effectiveness of GPT-4 in
enhancing the quality of peer feedback but also
illustrates how LLMs can address inappropriate
comments and draw meaningful comparisons
between self-evaluation and peer comments.

3.4 Positionality

The authors bring diverse experiences working in or
managing engineering design teams in industry and
academic contexts. Acknowledging how our back-
grounds and experiences shape this qualitative
research is essential to ensure an accurate represen-
tation of the data [41]. Through our previous
experiences, we recognize the importance of colla-
boration in engineering work and the necessity to
help students authentically practice and develop
teamwork skills. In prior or current roles as engi-
neers, engineering students, instructors, and teach-
ing assistants (TAs), we have observed the
limitations of the peer evaluation process from
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multiple perspectives and were aware of the chal-
lenge of providing students with actionable feed-
back on their teamwork behaviors. These
experiences motivated our research study to pio-
neer a new approach using Al language models that
can improve the peer feedback process and the
quality of formative feedback students receive to
support their professional development.

Similar to most educators in 2023, we were new to
LLMs at the beginning of this project. We sought
additional training in LLM tool prompting from
our university to bolster the knowledge gained from
current literature and our pilot study. While wary of
potential risks to generative Al, we believe that
tools like GPT-4 hold incredible potential for
educators. To minimize the risks involved in using
LLMs, we were intentional about protecting stu-
dents’ identities and mitigating potential gender
biases by removing names and pronouns from the
student comments. This practice was motivated by
several of the author’s experiences as women in
engineering who have received biased and proble-
matic feedback. The accuracy and quality of feed-
back tend to be even lower for women [42], which

led us to seek innovative ways to provide screened,
synthesized, and corroborated feedback reports.

4. Findings

In this section, we present a thematic analysis of the
AI-PFRs. We used GPT-4 to process peer com-
ments and generate comprehensive feedback
reports in a letter format, as illustrated in Fig. 1.
Each report encompasses multiple sections, includ-
ing an introduction, an assessment of strengths, a
discussion of areas for improvement, and conclud-
ing remarks. The LLM enhances the quality and
flow of original comments, generating clear, reader-
friendly reports. It processes inputs effectively,
producing comprehensive feedback in letter
format and organizing comments into coherent
themes. It is important to note that the structure
and content of these reports are adaptable and can
vary based on the specific prompt used. Fig. 1 in this
section illustrates how peer comments are trans-
formed into the various components of the feed-
back report, with arrows indicating the flow from
the initial comments to the final structured letter.

Peer Comment 1:

* Kurt is a reliable worker and active team member. He
always shows up to class and group meetings outside of -
school, he completes his work typically before we even
need it to be done, and goes above and beyond in his
work in terms of quality.

Peer Comment 2: -

| trust this feedback will serve as a valuable reflection of your performance and
contributions within your team throughout this semester. The feedback was compiled
based on insights shared by your peers as well as your own self-assessment. My aim is
to provide a comprehensive overview of your performance, highlighting areas of strength
and suggesting potential areas for growth.

. Strengths:
===

|
l—: — "2

* Not as pushy as before and does the work needed for t

his part. |
Peer Comment 3: | * =3

® Kurt provides great ideas on group discussions and |

brainstorming, and takes an active approach to | _ __,
completing work on time and of acceptable quality. He : >4
meets all the deadlines and I've never once been . ’

concerned about him not being able to turn in quality :

work and on a timely manner. He's also not afraid of |*""" """ ‘ aoie

Performance Feedback Review (PFR)

Commitment and Punctuality: Your consistent attendance in both class and
external team meetings is commendable. This punctuality plays a vital role in
ensuring smooth group dynamics and cohesion.

Proactiveness: Your ability to finish assignments well ahead of deadlines
showcases a proactive mindset. This trait is crucial in team settings and ensures
the group remains ahead of schedule.

Quality of Work: The feedback reflects that the quality of your work is above par.
Your dedication to providing the best outputs, especially during the prototyping
phase, has not gone unnoticed.

Effective Communication: Your willingness to ask questions and engage in team
messaging portrays your commitment to clarity and reducing misunderstandings.

Refl

asking questions in the team messaging group, which is
great as it means he's being proactive in giving his best
to group assignments.

Peer Comment 4: FEEEEE: :
Kurt can occasionally lose drive when working on certain

| feel that | have been doing a fair amount of work and 1
the quality of my work has been good. | also feel that my
input have been valuable during the prototyping phase.

. Your self-evaluation resonates well with the feedback provided by your peers. The
r - = -~ - =+ 4 acknowledgment of your significant contribution, especially during the prototyping phase,
. . aligns with the team's appreciation of your input and the quality of work you've delivered.

Areas for Growth:

assignments. He is motivated and a good worker on —l— R—— . -
important assignments and problems, but for the small 1
ones he looses some steam. i

Self-Assessment: : .

ion:

Consistent Motivation: While your commitment to major assignments is evident,
it's been observed that you may waver in enthusiasm for smaller tasks. Ensuring
consistent motivation across all tasks, regardless of size, will only enhance your
contribution and overall performance.

Balanced Approach: While being proactive is an asset, balancing it with not
appearing too forceful is essential. It's heartening to see improvements in this
area, and continued awareness will benefit team dynamics.

Kurt, your dedication, proactive approach, and consistent quality of work have been
significant assets to your team. As we progress through the semester, focusing on
maintaining consistent motivation and further refining your balanced approach will

undoubtedly lead to even more successful collaborations.

Fig. 1. The figure shows an example input (student comments) with the output (the PFR). We used arrows to illustrate how the comments
mapped to the specific sections of the PFR. As you can see, GPT-4 analyzes the comments to provide students with feedback about their
strengths, self-assessments, and areas for growth. Note: the comments were amended to remove names and pronouns when they were
input to GPT-4, but for this illustration, we included a pseudonym and the original pronouns.
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Every AI-PFR we generated was screened to
ensure there was nothing harmful, unconstructive,
or inappropriate. Throughout the screening pro-
cess, we tracked any edits we made to the AI-PFRs
and found our edits to be minimal. Most edits were
formatting-related or related to the introduction,
which could be changed by altering the prompt. We
did a preliminary analysis of changes made to Al-
PFRs, and we made edits to approximately 22% of
them. However, we estimate that 85% of these
changes were minimal and related to formatting,
word choice, introduction preference, etc. The
remaining changes were more substantial, which
included rewriting a piece of feedback or rearran-
ging the order of the feedback. We did not observe
instances of feedback not mentioned in the original
peer comments being introduced into the reports.
Overall, very few substantial adjustments needed to
be made to the AI-PFRs, which shows the reliability
of using Al tools to create these types of documents.

The remaining Results section addresses how
generative Al could enhance the quality of feedback
provided by student and peer comments. Three
primary themes (along with their underlying
codes) address our three sub-research questions
and are discussed further in the following subsec-
tions with supporting representative examples that
replace actual student names with pseudonyms.

4.1 Improving the Quality of Constructive and
Actionable Feedback

The AI-PFRs were able to both enhance construc-
tive, actionable feedback from critical peer com-
ments and enhance affirming feedback from
positive peer comments. These two codes are dis-
cussed below.

4.1.1 Enhancing Constructive Feedback from
Critical Comments

GPT-4 excelled in processing critical comments with
minimal to no actionable feedback and adding
specific, actionable feedback. Students often identi-
fied issues related to their peers’ teamwork perfor-
mance; however, they rarely suggested solutions,
which AI-PFRs did effectively. This is highlighted
in the following example in which Jayden’s peers
mentioned concerns about active and consistent
participation in their peer comments (PC):

PC: “Jayden is a mixed bag. On one hand he can be
very helpful, on the other he could not be paying
attention at all. It kind of just depends on the day.”

PC: “He’s a moderate teammate with a strong knowl-
edge base, however he lacks the necessary work ethic in
my opinion. He sometimes doesn’t contribute his
thoughts to the group and kind of goes with the flow.
However, I believe that in the future if he were to gain
the drive, he could be a valuable team member.”

The original feedback of being a “mixed bag” or a
“moderate” teammate may not be well received,
and although the feedback points out specific
issues, it does not have clear next steps. The Al-
PFR leverages these perhaps crass comments to
provide actionable feedback for Jayden to consider,
which was not present in the peer comment:

“Enhanced Participation: While your relaxed demea-
nor is appreciated, ensure you strike a balance and
actively share your ideas and thoughts during group
discussions. Remember, your input is valuable.

Seek Clarity Outside Class: You’ve mentioned some-
times feeling left out of certain discussions that occur
outside of class hours. Take the initiative to approach
teammates and request clarity or updates to ensure
you’re always in the loop.

Consistency: While everyone has their off days, it’s
crucial to maintain a level of consistency in participa-
tion and contribution to ensure the team’s success.”

The AI-PFR still relays the critical feedback, but in
a cordial manner with clear suggestions to the
student that they should enhance participation
and improve their consistency in participating. An
additional example involves Cole, who did provide
actionable feedback by writing the following, “I
believe he could be more considerate of the feelings
of others, since he sometimes is inconsiderate about
laughing at someone explaining their ideas”. The
LLM was able to enhance this by making a con-
nection to how this teamwork behavior can nega-

tively impact communication through the following
feedback:

“Sensitivity: While humor can be a positive force, it’s
essential to be considerate of others’ feelings. Laughing
at someone’s ideas, even unintentionally, can deter
open communication. It would be beneficial to
remain cognizant of this and to foster an environment
where all ideas are respected.”

Many of the examples showed trends toward tem-
pering crass feedback, adding actionable feedback,
and/or making connections to negative teamwork
behaviors and how they impact the team.

4.1.2 Enhancing Affirming Feedback from
Comments

The AI-PFRs were also effective in elaborating and
enhancing the quality of positive peer comments.
One illustrative example is Dylan, who only had
two team members who completed a peer evalua-
tion and wrote relatively brief comments. His
teammates wrote the following peer comments):

PC: “He is very encouraging for the team. He checks in
to people to see if we are all doing well. Also, shows
good effort for team project and interest.”

PC: “Dylan has an impressive depth of knowledge in
engineering; he knows what he is doing. Additionally,
he is a good communicator.”
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The AI-PFR organized and expanded these peer
comments into a robust, detailed ‘Strengths’ sec-
tion:

“Supportive Nature: Your encouragement and regular
check-ins with team members highlight your empa-
thetic nature and commitment to team well-being.
Such a supportive attitude fosters a healthy team
environment, promoting collaboration and mutual
respect.

Proficiency in Engineering: Your peers have expressed
their appreciation for your profound knowledge in
engineering. Such expertise is invaluable in ensuring
the project’s success.

Effective Communication: Effective communication is
pivotal in teamwork, and you shine in this regard. This
skill has a significant positive impact, ensuring every-
one is on the same page and moving forward cohe-
sively.

Decision Making: Your ability to take the initiative
and make decisions when required showcases your
leadership qualities. Prompt and informed decision-
making can be crucial, especially when deadlines
loom.”

This example illustrates how generative Al can
produce a detailed feedback report based on limited
information conveyed in the peer comments and
connect positive attributes to how they impact the
team. A detailed ‘Strengths’ section like this can be
encouraging and confidence-boosting for students
as it further elaborates and connects how a stu-
dent’s teamwork behaviors positively impact their
team. Table 1 provides an additional example for
each code for how GPT-4 enhances the quality of
both critical and positive peer comments.

4.2 Addressing Irrelevant or Inappropriate
Comments

Our prompt was designed to moderate inappropri-
ate comments or potentially exclude them. Some-
times, peer feedback included comments that were

entirely unrelated to teamwork behaviors or com-
ments that were crass to the point that instructors
may not be comfortable releasing them. In the
following sections, we share examples of how the
AI-PFRs addressed inappropriate or irrelevant
comments.

4.2.1 Addressing Comments Unrelated to
Teamwork Behaviors

While an opportunity for general feedback to the
instructor was included in the CATME form, some
students included course-related comments in their
peer feedback. For example, Alexia noted how a
teammate with the same name and similar minority
identity was on the same team, which is not relevant
to the team member on which they are commenting:

“I’'m guessing that Other [Alexia] is in my group
because CATME’s algorithm required itself to group
minorities into pairs before forming groups. However,
regardless of why they might be in my group, they are
the most approachable team member in this entire
group by a longshot (to me, at least).”

GPT-4 was able to ignore this mostly off-topic
comment and focus on the relevant feedback, like
the student’s approachability. Another notable
example of addressing an off-topic comment was
when fantasy football was mentioned in a peer
comment for Prem; the end of the AI-PFR included
the note below:

[*“As an aside, while your proficiency in fantasy foot-
ball might be a topic of light-hearted jest, remember
that everyone has diverse strengths and expertise.
Focus on what you bring to the academic table and
continue to grow in those areas.”]

The report identified that this was a joke within the
team and was able to address it appropriately.

Table 1. Additional examples of how GPT-4 improved the quality of constructive and actionable feedback. The table provides both the

original peer comments and the related AI-PFR excerpt

Code Original Comments Excerpt

AI-PFR Excerpt

Enhancing

PC: She has missed a few classes so sometimes

Presence and Punctuality: Your peers have mentioned that

Constructive she is lost on what the group needs to get done | there have been instances where you’ve missed classes and
Feedback from which makes her contributions a bit less joined group meetings late. We understand that unforeseen
Critical overall. She also tends to join group meetings | circumstances, such as illness, can affect participation.
Comments late, but is working on catching up. She However, timely communication about your unavailability

always helps with the work, although she can aid in smoother team dynamics.

tends not to be around for zoom meetings.

That is something that she could work on.
Enhancing PC: Donovan often is in charge of setting up | Communication: Your knack for communication stands out,
Positive meetings so we can get stuff done, and sending | and the team particularly appreciates your initiative in setting
Feedback from out zoom links. up meetings and ensuring a steady flow of information.
Comments Insightfulness: You bring depth to group discussions with your

PC: He is very insightful and adds thorough

ideas to the conversation which helps us build
strong ideas for our team assignments. He is

always excited and brings in the fun element

with his sense of humor.

thorough ideas. This insight is essential in creating well-
rounded and robust project outcomes.

Positive Atmosphere: The balance you strike between
seriousness and light-heartedness, with your sense of humor, is
essential in creating a comfortable and enjoyable working
environment.
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4.2.2 Moderating Inappropriate Comments

Despite training on writing effective feedback, some
students still wrote comments that instructors
would not be comfortable directly releasing to
students, or the comments used language that
would not be constructive for or likely well-received
by their peers. The LLM effectively removed or
reworded these types of comments. This is impor-
tant, as harsh language can be offensive and dimin-
ish any potential constructive elements of the
feedback. For example, one of Alden’s peers was
expressing in their feedback that they sometimes
voice their opinions over others and used the
descriptor “dictator vibe”:

“Alden seems to have a mind of his own sometimes as
he has the ideas and the passion for the engineering
project, however, sometimes it overpowers our opi-
nions. Voicing his opinion over ours has been common
and it gives off a dictator vibe.”

This feedback is not actionable nor constructive
and could be perceived as offensive. It could nega-
tively impact the working relationship if directly
released to the student. When this was summarized
with other feedback to create the AI-PFR using the
prompt suggested, the following was mentioned on
the topic within the report:

“Leadership Dynamics: While your passion and dili-
gence in the project are evident and admirable, there
are concerns about occasionally overshadowing
others’ opinions. Balancing leadership with collabora-
tive listening will enhance group synergy.”

This part of the report still conveyed the issue raised
by a peer but in a constructive way to the student. It
also frames the concern in relation to the student’s
leadership abilities. Table 2 provides an additional
example for each code for how the LLM addressed
irrelevant or inappropriate comments.

4.3 Comparing Self Comments with Peer Comments

In comparing self comments with peer comments,

the AI-PFRs would identify feedback discrepancies
or affirm alignment in these comments.

4.3.1 Identifying Discrepancies between Self and
Peer Comments

A powerful example of this discrepancy involves
Sophie, who has taken an active leadership role on
her team, but held reservations about how the other
team members perceived her organizational skills.
She explains in her self comment:

“Oftentimes I am the one who checks on other group
members and their progress in the current assignment
in the group chat. I will also usually be the person who
checks over all the work in the group document and I
will send messages out to group members asking them
to fix certain parts or elaborate a little more. I try to
hold back on doing this though, because although I
know that it’s a group project and I’'m just trying to
work towards a good grade for the whole group I feel a
little bossy when I do this.”

Sophie’s teammates did not see her as bossy, and
instead gave very complimentary feedback about
her work ethic. The AI-PFR addressed this discre-
pancy by reassuring Sophie that her skills are
valued by the team:

“Effective Communication: While you’ve noted your
hesitations about appearing “bossy’’, your teammates
value the clarity you provide, especially when checking
over collective work or suggesting improvements. This
shows you have the team’s best interests at heart.”

Furthermore, the AI-PFR provided actions that
Sophie could take in the future if she felt unsure
about group dynamics:

“Seek Feedback Actively: Given your occasional hes-
itation in how you come across to teammates, consider
actively seeking feedback after group tasks. This will
help address any concerns and also provide insights
into how best to approach collaborative work.”

This example demonstrates how AI-PFRs can
rebut internalized stereotypes found in self com-
ments.

Table 2. Additional examples of how GPT-4 addressed irrelevant or inappropriate comments. The table provides both the original peer
comments and the related AI-PFR excerpt. Self comments are shown as (SC) and peer comments as (PC)

Code Original Comments Excerpt AI-PFR Excerpt

Addressing SC: I decided coming into this class that I Expanding Engagement: While your contributions have been

Comments would not be committing a significant amount | substantial, there’s always room for further engagement.

Unrelated to of time to it. I have taken this exact class Going that ’extra mile’, even in familiar territory, can yield

Teamwork before at [other college] and the credit did not | unexpected learnings and deeper insights.

Behaviors transfer over for some reason I could not Share Past Experiences: Since you’ve previously encountered

explain. this course content, your insights and experiences could be

invaluable. Sharing more of these with the team might offer
fresh perspectives and shortcuts.

Moderating PC: Savannah sometimes isn’t fully mentally | Focus & Engagement: Feedback indicates moments of

Inappropriate with us . . . Sometimes she does the bare inattentiveness during group sessions. Ensuring consistent

Comments minimum . . . which gets under some of our presence and active participation during team discussions can

teammate.

skin . . . Savannah is a good but inconsistent

enhance collaboration and cohesion.

Task Quality: While you consistently complete your assigned
tasks, there’s an expressed desire for a consistent higher level of
effort, particularly in more complex assignments.
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4.3.2 Affirming Alignment between Self and Peer
Comments

An example of good alignment between self and
peer comments involves Victor, whose team mem-
bers recommended that he voice his ideas more:

PC: “Heis very quiet. I wish he would voice his opinion
more, especially in group discussions as he tends to
have good opinions and helpful perspectives. . .”

PC: “Victor has a lot of great ideas, but generally
prefers to work independently. Of course, he’ll still
speak out and share them verbally, just not as fre-
quently as some other team members. Victor has a
habit of working on other unrelated assignments
during group discussions or assignments. . .”

In his self comment, Victor acknowledged a similar
desire to engage further in group conversations:

SC: ““. .. However, I feel that it will be more beneficial
in the long run if I were to be more engaged in the
conversations that occur, rather than just being effi-
cient at completing work. Although I do contribute
one or two ideas to the conversations, I am rarely in
control of the conversation as well.”

The AI-PFR synthesized this consistent feedback
by confirming the alignment between self and peer

comments and encouraging Victor to engage in
discussions:

“Engagement in Discussions: Both your self-assess-
ment and peer feedback indicate that there’s room for
improvement in your active participation during group
discussions. Sharing your ideas and taking the lead in
conversations can add further value to your team’s
collaborative efforts.”

Table 3 provides an additional example for each
code on how GPT-4 compared self and peer com-
ments.

5. Discussion

In our study, we explored the potential of an LLM
to enhance the quality of feedback in a first-year
PBL context involving student teams. Our analysis
concentrated on whether GPT-4 could produce
feedback reports that enhance self and peer com-
ments. More specifically, we sought to understand
the extent to which GPT-4 could: (1) render feed-
back more actionable and constructive, (2) filter
harmful or irrelevant feedback, and (3) create
opportunity for self-awareness through comparing
self and peer comments. These objectives were
determined from literature in the education field

Table 3. Additional examples of how GPT-4 compared self and peer comments. The table provides both the original peer comments and

the related AI-PFR excerpt

Code Original Comment Excerpts AI-PFR Excerpt
Identifying SC: I feel I have performed well by contributing an equal amount | Areas for Growth:
Discrepancies of work to the group. I have made sure to speak up about any ideas | Active Participation: While your insights

between Self and
Peer Comments

or disagreements I have. Finally, I have made sure to communicate
my schedule so we can meet at everyone’s convenience.

PC1: Does not talk too much unless prompted, and does not
typically offer up his own ideas. Could be a little more open, as
when he does speak, it is worth listening to

PC2: Finn performs his work well and is often quite productive
during team meetings, listening to conversation and filling out
sections of whatever we’re working on. However, Finn could do
more to speak up and communicate his ideas with the group. He
certainly has a unique perspective that deserves to be heard more
often.

are valued when voiced, there’s a shared
feeling among your teammates that they
would benefit from hearing more from
you. Your perspective is unique and
deserves to be shared more frequently.
Reflection on Self-Assessment:

Your self-perception is mostly aligned
with the feedback from your peers. While
you have identified your contributions
and communication as strengths, there’s
an invitation from your team for more
vocal participation in group discussions.

Affirming
Alignment
between Self and
Peer Comments

PC: Ethan is very vocal and is always leading the conversation
towards new ideas. . ..He is always asking questions and making
suggestions.

PC: Ethan has been a major contributor to the team thus far. He
never dismisses anyone’s ideas and is quick to make sure everyone
is able to voice their feelings regarding ideas. . .

PC: Organizes and plans a lot of our team meetings to make sure
everyone’s working and up to date on the project. Is also very
encouraging towards everyone in the group.

SC: 1 have made an effort to keep the team on track, planning times
that we can meet and setting roadmaps for the work that must be
completed. I try to get every team members’ opinion on any major
project decisions to ensure that everyone is comfortable with
choices that may affect the team or the project. I respect every
member of the team and their expertise or limitations, making sure
that we are able to focus on our own individual skillsets, while still
encouraging feedback from all members of the team and
prompting conversations about our approach to problems and
ways that our solutions could be improved.

Your self-assessment mirrors the
sentiments of your peers. The effort
you’ve made in keeping the team aligned,
valuing every member’s input, and
acknowledging both strengths and areas
of improvement within the team has been
well-received. Your proactive approach
in seeking feedback and initiating
discussions to enhance solutions aligns
perfectly with the feedback.
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on the importance of quality feedback in promoting
the self-regulation of behaviors. Our findings reveal
that the AI-PFRs can effectively reach these objec-
tives, resulting in immense potential for use in the
PBL classroom.

Addressing our first sub-research question on
feedback quality, we observed that AI-PFRs were
adept at generating feedback linked to team beha-
viors and skills, even with sometimes limited input
in the comments. This enhancement was particu-
larly notable in making peer feedback comments
more actionable, effectively refining both positive
and critical comments to be more applicable and
tied to how certain behaviors influence team
dynamics. From our analysis, we observed many
students gave peer feedback that was critical but not
necessarily actionable. The AI-PFRs could draw
from these critical comments to provide practical
recommendations. Further, as shown in multiple
examples, students would use terminology that
could be seen as crass and may not be helpful to
the reader, even if the sentiment were rooted in
feedback that could be helpful. The ability to
temper critical remarks and distill what would be
useful was a strength of the AI-PFRs. This relates to
our second sub-research question focused on
addressing comments with inappropriate content,
a valid concern for instructors in releasing peer
feedback comments. We found that the AI-PFRs
effectively identified and managed comments that
may have been poorly received. Although instances
of inappropriate comments were relatively rare,
which could be partly attributed to prior student
training given in class, we did not observe any
instance when the AI-PFR included an inappropri-
ate comment in a form that would be harmful or
unconstructive to the student. Students also occa-
sionally shared irrelevant comments, which were
appropriately addressed.

Regarding our third sub-research question, the
AI-PFRs synthesized self and peer comments,
noting alignment and misalignment in peer feed-
back and self comments throughout the report or in
a dedicated section. In most cases, students did have
alignment between their self and peer comments.
However, for some students, there were discrepan-
cies between their self and peer comments, indicat-
ing some lack of self-awareness on how their
teamwork behaviors are perceived. For students
who may be over or under-confident about their
teamwork skills, formative feedback that promotes
awareness of teamwork behaviors can help them
more effectively monitor and regulate their team-
work behaviors, which aligns with Bandura’s Social
Cognitive Theory of Self-Regulation [9].

This study builds upon existing literature and
efforts in engineering education that solely focus on

training students to provide better feedback [43,
44]. The quality of student self and peer comments
is still critical to the quality of the AI-PFRs.
However, training students to write better feedback
does not fully address some of the challenges in
improving the peer evaluation process discussed in
the introduction and literature review sections.
Moreover, the process of receiving the reports
may help students see examples of how they can
write feedback more effectively to improve their
feedback writing skills. We designed our prompt to
create a report that aligns with performance feed-
back reviews engineers may receive in the work-
place as a way to promote useful and relevant
learning for students who are less experienced in
receiving peer feedback. Our findings suggest that
GPT-4 augments the peer evaluation process by
enhancing feedback quality, addressing irrelevant
or inappropriate comments, and comparing self
and peer comments, positioning it as a valuable
pedagogical tool. We emphasize that the use of
these reports complements, not replaces, the need
for students to learn how to give and receive peer
feedback. In the first-year PBL context, we see
many strengths in the use of AI-PFRs; however,
the goal is for this to be a stepping stone for students
learning to openly share feedback with their peers
constructively.

Overall, this study advocates for the potential of
Al language models in overcoming the limitations
of the peer evaluation process in PBL classes and
improving the quality of feedback students receive.
We recognize the benefits and potential challenges
of receiving Al-summarized feedback. The use of
AI-PFRs allows students to give and receive feed-
back without fear of teammates finding out exactly
what they said, which may allow them to be more
honest or transparent in their peer feedback com-
ments. While we suspect this may be true and a
valuable feature of this use of Al tools in the peer
feedback process, students’ perceptions of this were
not explored in this study. It’s possible some
students may feel apprehensive about receiving
personalized feedback from a non-human entity,
which may lose the original tone or voice of the
original peer comments. We also recognize that
there are benefits to students openly discussing
and managing conflicts directly with one another.
While the AI-PFRs can potentially help inform and
even catalyze these conversations, there may be
drawbacks in students becoming overly reliant on
using AI-PFRs as a means to safely communicate
feedback and avoid having meaningful dialogue to
resolve team issues. While pioneering in its applica-
tion of Al tools in peer feedback for PBL classes,
our research has limitations, which we will discuss
in the subsection below.
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5.1 Limitations

One limitation of our study stems from the training
students received in providing peer feedback. As
discussed, this influenced the quality and length of
the peer comments compared to the prior iteration
of the course [25], which directly influences the
quality of the AI-PFRs. We strongly urge instruc-
tors who are interested in implementing AI-PFRs in
their courses to provide guidance to students on
how to write self-reflection and peer feedback
comments. Assignment descriptions with specific
instructors and a rubric to assess the quality of self
and peer comments can help ensure students pro-
vide enough content to inform the AI-PFRs.

Finally, our study’s deductive approach to ana-
lysis focused on the tool’s effectiveness in producing
quality feedback based on established criteria from
the literature. However, preliminary analyses indi-
cate potential gender differences in feedback, sug-
gesting an avenue for future research. We also
acknowledge that the framing of our prompts, as
detailed in the methods section, is influenced by
researcher decisions, which may guide subsequent
iterations of this work. Our findings were meant to
show proof of concept of the use of LLMs in PBL
classes related to peer evaluations; therefore, our
findings were scoped to align with the research
questions.

5.2 Future Work

This study introduces an innovative tool to aid
instructors in providing timely and actionable feed-
back. To build upon the positive initial results
presented here, we propose further exploration
into the use and impact of AI-PFRs. Building
upon RQ?2, analysis of how inappropriate feedback
differs by gender and how these reports can reduce
bias is one area of interest. Further, future work
could explore how students perceive the AI-PFRs
and their integration into the classroom, such as
investigating optimal timing of feedback, frequency
of feedback, and methods for integrating these
reports into the learning environment. This may
include how to integrate complementary pedagogi-
cal approaches, such as individual reflections and
team debriefs, with the AI-PFRs that encourage
students and teams to meaningfully reflect on their
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