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1. Introduction offer new opportunities to enhance instructional quality

while addressing long-standing challenges related to

he rapid advancement of artificial intelligence (AI) has scalability, consistency, and individual learner support [1,

profoundly  transformed educational practices,

2]. As a result, Al has emerged as a key enabler of data-

reshaping how learning, assessment, and feedback are
designed and delivered. In higher education, Al-driven
systems are increasingly employed to support personalized
learning, automate assessment processes, and provide
timely formative feedback at scale. These technologies

informed and learner-centered educational environments.
One critical area in which AI holds considerable

promise is formative assessment and feedback. Feedback

plays a central role in learning by helping students identify
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gaps in understanding, regulate their learning strategies,
and develop higher-order thinking skills. Among various
feedback approaches, peer feedback has gained increasing
attention as a pedagogically powerful strategy that actively
engages students in evaluating and commenting on their
peers’ work. By positioning students as assessors rather
than passive recipients, peer feedback can foster reflective
thinking, metacognitive awareness, and critical judgment
skills [3, 4].

Peer feedback is commonly situated within the broader
concept of peer assessment, which encompasses practices
such as peer evaluation and peer grading. It is typically
defined as a structured process in which students assess the
quality of their peers’ work using predefined criteria or
rubrics [5, 6]. A substantial body of empirical research and
meta-analyses has demonstrated that, when appropriately
designed, peer assessment can positively influence learning
outcomes, conceptual understanding, and academic
performance [5]. Factors such as clarity of criteria,
alignment with learning objectives, and opportunities for
explanatory feedback are critical to its effectiveness [6].

Despite its pedagogical benefits, peer feedback faces
persistent challenges that limit its reliability and wider
adoption in formal assessment contexts. Prior studies have
documented considerable variability in the accuracy and
quality of peer evaluations, often arising from differences
in students’ domain knowledge, confidence, motivation,
and evaluative skills [3]. Additionally, systematic biases
such as leniency, severity, and social influence can distort
peer judgments, reducing their alignment with expert or
instructor assessments. Consequently, improving the
consistency and reliability of peer feedback remains a
central concern in educational research and practice.

Recent research has increasingly emphasized the role of
technological and Al-based support in addressing these
challenges. Advances in Al and natural language
processing have enabled the development of systems
capable of delivering scalable, timely, and context-aware
feedback to learners. Within peer assessment settings, Al-
generated feedback can function as a formative scaffold,
guiding students toward more accurate evaluations and
feedback

Frameworks such as Al-supported peer assessment

more  constructive explanations [7, 8].
environments suggest that AI guidance can enhance
evaluative judgment by modeling expert reasoning and
reinforcing assessment criteria.

—
(O8]
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From a theoretical perspective, the potential of Al to
improve the reliability of peer assessment can be explained
through mechanisms related to evaluative judgement,
cognitive scaffolding, and metacognitive regulation.
Evaluative judgement refers to students’ capability to make
informed decisions about the quality of work based on
explicit criteria and standards [9]. When students receive
structured, criterion-aligned Al-generated feedback after
completing peer evaluations, they are repeatedly exposed to
expert-like reasoning and calibrated standards. This
iterative exposure can function as a form of cognitive
scaffolding, gradually aligning students’ internal judgment
processes with disciplinary expectations.

Furthermore, engagement with structured feedback has
been shown to strengthen assessment literacy and reduce
common biases such as leniency or severity effects [10]. By
providing consistent, criteria-based guidance across
multiple sessions, Al-generated feedback may support
metacognitive monitoring, enabling students to reflect on
discrepancies between their evaluations and benchmark
standards. Over time, this process can reduce variability in
peer ratings and enhance alignment with instructor
assessments, thereby improving reliability.

However, despite growing interest in Al-assisted peer
feedback, existing studies remain largely exploratory,
short-term, or perception-based. Systematic reviews
highlight a lack of robust empirical evidence examining
how Al-generated guidance influences the development
and reliability of peer assessment judgments over time,
particularly within iterative instructional cycles and
authentic course settings [1, 2]. Moreover, few studies
explicitly account for task difficulty and individual
differences when evaluating the impact of Al-supported
peer feedback.

To address these gaps, the present study investigates the
effects of Al-generated formative feedback on the accuracy
and reliability of peer feedback in an undergraduate data
structures and algorithms course. By embedding Al
guidance within a repeated peer feedback cycle and
systematically comparing peer evaluations with instructor
benchmarks across multiple sessions, this study aims to
examine whether sustained exposure to Al feedback can
improve students’ evaluative accuracy while controlling for
task difficulty and individual variability. In doing so, the
study contributes empirical evidence to the emerging field
of Al-enhanced peer assessment and offers practical
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insights for integrating Al-supported feedback into higher
education.

2. Literature Review
2.1.  Artificial Intelligence in Education

Recent research indicates that artificial intelligence (AI)
technologies are increasingly integrated into educational
practices to support learning .. Reviews highlight that Al
has transformed traditional teaching by enabling
personalized learning, real-time feedback, and intelligent
tutoring systems. These capabilities suggest that Al could
similarly enhance peer feedback processes, improving
reliability and engagement in student-generated evaluations
[11].

Prior reviews also indicate that most Al applications
have focused on higher education, particularly on

assessment  automation, learning  analytics, and
performance prediction, whereas pedagogically grounded
feedback practices have received comparatively less
attention. While early reviews emphasize Al’s potential to
support feedback, they reveal a predominant focus on
automation and prediction rather than enhancing the quality
and reliability of peer feedback, suggesting a critical gap in
existing research.

Generative Al tools, in particular, offer scalable,
personalized, and timely feedback that can enhance learner
engagement and performance, especially in large or
resource-constrained settings. However, concerns remain

regarding the accuracy and pedagogical appropriateness of
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valuable instructional strategy in higher education. It
fosters critical thinking, reflection, collaborative learning,
and helps students internalize quality standards for
academic work. Nevertheless, learners often struggle to
provide consistent and constructive feedback due to limited
feedback literacy and interpersonal dynamics, which can
undermine the effectiveness of peer feedback practices [8,
12].

To improve the accuracy and quality of peer feedback,
multiple strategies have been explored. For example,
rubrics provide explicit evaluation criteria and performance
descriptors to guide students’ judgments, improving
fairness and alignment with instructor scores [13-15].
Another method is using iterative review processes that
allows students to revise their work based on successive
evaluations, enhancing learning and internalizing
assessment criteria [16]. Developing students’ ability to
understand, interpret, and act on feedback is another
approach that improves the reliability and quality of peer

evaluations [16-18].

2.3.  Al-Supported Peer Feedback

To address challenges in peer feedback, recent studies
have investigated how Al can support and enhance peer
evaluation. Al can evaluate the quality, consistency, and
structure of peer feedback, improving trust, consistency,
and scalability of feedback systems [19, 20] [21] [22].
Explainable Al and deep learning models can transparently
assess feedback quality, increasing reliability [23, 24].
Also, Al-generated scores or feedback can act as a

fully automated‘ .feedback, 1nd1cat1ng. that  hybrid benchmark for human peer evaluations, enhancing fairness,
approaches Cf)mbm.lng Al and. human g%udance may .be accuracy, and perceived validity [25] [26] [27] [7]. AT also
more. effective in promoting meaningful learning used to motivate students, increase feedback quantity and
CXPETICNCes. quality, and improve learners’ feedback literacy [28] [29]
301.
2.2.  The Role of Peer Feedback in Learning (301 ) .
Table 2 provides an overview of Al-based
Peer feedback, in which learners provide comments and enhancements.
suggestions to each other, has long been recognized as a
Table 1. Overview of Al-Based Peer-Assessment Improvement Studies
Study Year Al Technique Analyzer Comparator  Trust /  Tterative / Rubric-aligned / Telegram bot /
Calibration Multi- Personalized Real-world
session Guidance deployment
[22] 2025  NLP framework v
[31] 2024  Generative Al + NLP N
[21] 2024 NLP-based feedback N4
scaffolding
[23] 2024 ML + Explainable Al N N
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[25] 2024  Generative Al v
[26] 2024 Al speech scoring N v
[24] 2024  Deep learning models v v
[30] 2024  Al-assisted forms N
[19] 2025 Al + Learning v
Analytics
[27] 2025  Calibrated genAl N4 N4 v N4
[28] 2025  genAl + gamification v
[20] 2025 Al + Learning N
Analytics
[29] 2024  Al-supported peer NG NG
review
[11] 2023  Al-supported peer v
review
[7] 2025 Generative Al vs v
instructor vs peer
PeerReli-Al 2026 GeminAit+Telegram bot v N4 N4 v v

(this study)

PeerReli-Al not only employs a within-subject, multi-
session experimental design and Al-guided feedback cycle,
but also leverages GeminAi integrated via a Telegram bot
for quiz delivery, peer feedback collection, and Al-
generated formative guidance. This implementation enables
scalable, real-world deployment, allowing students to
interact with Al seamlessly while receiving personalized,
rubric-aligned feedback that improves reliability and
constructiveness across six consecutive sessions.

3.  Method
3.1.  Study Design

This study employed a within-subject experimental
design to examine the effect of Al-generated feedback on
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the reliability of peer feedback. The instructional and
assessment process followed the PeerReli-Al workflow,
consisting of instruction, student quiz completion, peer
feedback,
formative guidance, as illustrated in Figure 1. This cycle

instructor  assessment, and Al-generated
was repeated across six consecutive sessions, enabling
systematic examination of changes in peer feedback
reliability over time while accounting for differences in

question difficulty.
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Figure 1. Workflow of the PeerReli-Al integrating Al-generated formative feedback
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Step 1: Instruction and Quiz Administration

At the end of each instructional session, quizzes were
scored on a 0—1 scale and administered via a Telegram bot
immediately after instruction.

Each quiz was designed to cover the key concepts taught
in the session. Table 2 summarizes the instructional content
of the six sessions.

Table 2. Overview of Session Instructional Content

Artificial Intelligence Applications and Innovations 2:2 (2025) 12-26

Step 2: Student Quiz Response

Quizzes were administered individually to students via a
Telegram bot, which delivered the questions and collected
responses along with timestamps and student identifiers.
This setup ensured data integrity and provided the basis for
peer feedback. Each student received a complete
anonymized set of peer responses for evaluation. Figure 2
shows an example of the quiz interface as presented to
students.

Session  Topic Description

1 Time Complexity Analysis Evaluation of the computational complexity of algorithms containing two nested loops with varying step
increments.

2 Array Address Calculation Determination of the memory address of a specific array element.

3 Stack Operations Execution of insertion and deletion operations across multiple stacks.

4 Multiple Stack Operations Systematic addition and removal of elements in a multi-stack environment.

5 Circular Queue Performing enqueue and dequeue operations on a circular queue.

6 Linked List Traversal — Designing and implementing a function to traverse a linked list.

Function

Azmoon

941651165

Figure 2. Example of a quiz page presented to students. The left image shows the entrance page and the right one show an example quiz

page.

Step 3: Peer Feedback Procedure

Peer feedbacks were conducted using a custom script
that randomly assigned each student’s responses to another
student for assessment. Full anonymity was maintained:
evaluators did not know the identity of the quiz owner, and
students did not know who evaluated their work.

Students were instructed to provide written justifications
for each response rather than simply assigning scores,

16

encouraging reflective judgment, deeper engagement, and
high-quality peer feedback. Figure 3 presents an example
of the peer evaluation form, including rating criteria and
space for qualitative feedback. Evaluation links were
automatically

distributed via email, providing secure access to the
assigned peer’s quiz; the code snippet responsible for this
email distribution is provided in Appendix A.
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void print(node* first)
while (first = null)

cout << first -» info << endl;
first = first -> next;

Answer has been successfully submitted.

Use Bottom Below

Your Assessment is correct. The
student’s answer is correct regarding the
initialization step P = first. However, the
while loop condition is completely
incorrect; P should be compared with null
(i.e., while (P! = null)).

Time complexity as O(n) is correct.

Figure 3. Example of the peer evaluation form used in the study. Example of the peer evaluation form used in the study. The left figure

shows the button that directs the student to the assessment page. The middle figure shows the assessment form, and the right figure shows

the Al feedback on the student's assessment.

Step 4: Instructor Assessment

The course instructor independently evaluated all quiz
responses using the same scoring criteria applied to peer
evaluations. These scores served as benchmark references
for measuring the reliability of peer feedback at both the
individual question and overall quiz levels.

Step 5: AI-Generated Feedback and Delivery

Completed peer evaluations were submitted to a large
language model, Google Gemini (via the Google Gemini
Chat API), to generate structured formative feedback. The
model was configured within the n8n automation
environment and accessed through the Google Gemini API
integration.

Each AI prompt was explicitly structured to ensure
replicability and consistency. The prompt defined the
model’s role as a university instructor in Data Structures
and Algorithms and included the following elements:

The original quiz question

The instructor’s reference solution

The student’s submitted answer

The peer reviewer’s assigned score

The peer reviewer’s written justification

17

The model was instructed to evaluate whether the peer
assessment was accurate and to provide concise, corrective
formative feedback (maximum five lines), focusing on
conceptual  accuracy, scoring  consistency, and
identification of potential misunderstandings. For domain-
specific computational tasks (e.g., array address calculation
or Eulerian graph problems), structured computational cues
were embedded within the prompt to enhance reasoning
precision.

To ensure response consistency, deterministic
generation settings were used (temperature set to a low
value), and identical prompt templates were applied across
all sessions. A complete example of the prompt template is
provided in Appendix B, and screenshots of the workflow
configuration and automation scripts are included in
Appendix A for full technical transparency.

Al-generated feedback was automatically delivered to
students via a Telegram bot immediately after the peer
review phase. To prevent delivery throttling and ensure
stable automation performance, a brief pause was
implemented after every ten consecutive messages. This

structured feedback cycle was repeated across six sessions,
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enabling students to iteratively refine their peer evaluation

accuracy over time.

3.2.  Participants

Participants were 53 undergraduate students enrolled in
the Data Structures and Algorithms course within the
Computer Engineering program at Payame Noor University
during the first semester of the 2025-2026 academic year.
The sample included 22 male and 31 female students.

For analysis, students who were absent for more than
three of the six sessions were excluded. As a result, the
final dataset consisted of 46 students, some of whom were
absent in one or two sessions.

3.2.1.  Ethics and Data Privacy

All participants provided informed consent prior to
taking part in the study. The study protocol was reviewed
and approved by the Institutional Review Board (IRB) of
Payame Noor University, ensuring adherence to ethical
standards in research involving human subjects. Student
responses, peer evaluations, and Al-generated feedback
were anonymized, with all identifying information removed
prior to analysis. Data were securely stored and accessed
only by authorized researchers, in compliance with

institutional guidelines on data privacy and protection.

3.3.  Data Analysis

Figure 4 presents an example of the dataset collected
during the study. For each student and quiz, the dataset

Artificial Intelligence Applications and Innovations 2:2 (2025) 12-26

recorded submission times, student identifiers, and email
addresses (used to distribute peer feedback forms and
deliver students’

Al-generated guidance), answers,

timestamps of peer evaluations, assigned evaluators,
qualitative comments from peers, and the corresponding
Al-generated feedback. This rich dataset enabled detailed
analysis of the accuracy and reliability of peer feedback as
well as the effects of Al-supported guidance on improving
the quality of Evaluations.

Prior to analysis, the data underwent preprocessing.
Students who were absent in more than three sessions were
excluded, and the remaining data were transformed into a
long format suitable for analysis in SPSS. In this format,
each row corresponds to a student’s evaluation in a specific
session, with the following fields:

e  Student: student identifier

e Session: session number (1-6)

e Diff: the difference between the student’s evaluation
and the instructor’s evaluation

e Difficulty: the difficulty of the quiz in that session,
scaled from O (easiest) to 1 (hardest)

Pre_AI Feedback: a binary variable indicating whether
Al feedback had been provided before that session (0 = no,
1 = yes). For Session 1, this value is 0 because the quiz and
peer evaluations were completed before Al feedback was
delivered; for all subsequent sessions, it is 1.

. 5
e 2 g e
9 » 2 ) : & g g
E g_ % g %' 2 <] 3 g 5]
2 ] =4 2 < & A & g o
g 2 H g =2 o g S 2 @
£ S & T F 3 E z & &
= ® B g 2 & 3
[}
P=first He assigned First to p, The student’s answer is correct regarding the initialization 05 0.25
(While info P=null) and used a while step P = first. However, the while loop condition is
Cout<<Info P--- 2 condition; however, in completely incorrect; P should be compared with null (i.e.,
- >next = § the while statement, the while (P !=null)).
o ] 5 condition should check  Additionally, the method used to print the content and move
§ Time order=1 § 2 that it is not equal to to the next node (Cout << Info P--->next) is incorrect. The
e @ e @ null. function should first print the data of the current node and
= g = "5 Time complexity: O(n) then update P to P->next.
4 g = =3 Score=0.25 The time complexity of the function is O(n), since to display
© 3 - 8 all 'n' nodes, the algorithm must traverse each node exactly
3 once.

The student’s evaluation in identifying the error in the while
condition and stating the time complexity as O(n) is correct.

Figure 4. A screenshot of the collected data
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3.4.  Statistical Methods

To assess the accuracy and reliability of peer
assessments, two complementary statistical approaches
were employed. First, a repeated-measures ANOVA was
conducted to examine whether the observed reduction in
discrepancies between peer and instructor scores across the
six sessions was statistically significant. This approach is
particularly suitable for analyzing longitudinal within-
subject data, as it accounts for the dependency of repeated
observations and allows for the evaluation of polynomial
trends (e.g., linear improvement) over time. Missing values
due to occasional absences were imputed using both the
median and the mean of each session, and analyses were
conducted separately for each imputation strategy.

Second, to examine the effects of AI feedback and
question difficulty on peer assessment accuracy, a linear
mixed-effects model (LMM) was applied. LMMs provide a
robust framework for analyzing nested or repeated
measurements by including fixed effects (predictors of
theoretical interest) and random effects (sources of
individual variability), making them particularly suitable
for educational datasets with multiple observations
clustered within participants [32-34].

Additionally, the reliability of peer evaluations was
quantified using Intraclass Correlation Coefficients (ICC,
two-way  mixed-effects, absolute agreement) and
Cronbach’s alpha, providing complementary measures of
consistency and internal agreement across sessions. ICC
values were computed for each session to evaluate
agreement between peer and instructor scores at the
individual question level, while Cronbach’s alpha assessed
the overall internal consistency of peer ratings across all
quiz items. These reliability metrics offer robust evidence
regarding the stability and dependability of peer
assessments over time.

3.4.1.  Subjective Evaluation

To complement objective measures of peer feedback
reliability, a survey was conducted to capture students’
perceptions and experiences with the PeerReli-Al
framework, focusing on its Al-generated formative
guidance. The survey included 8 statements rated on a 5-

19

Artificial Intelligence Applications and Innovations 2:2 (2025) 12-26

point Likert scale (1 = Strongly Disagree, 5 = Strongly
Agree) and was designed based on established technology
acceptance models, including TAM (Technology
Acceptance Model)[35] and UTAUT (Unified Theory of
Acceptance and Use of Technology). The constructs
assessed included overall user satisfaction, learner
engagement, perceived learning support, perceived
performance benefit, peer feedback quality, system
usability, and intention to use the platform in future
courses.

The survey items were:

1. Satisfaction with using PeerReli-Al for peer

feedback (Overall User Satisfaction — TAM).

2. Engagement and motivation from reviewing

peers’ submissions (Learner Engagement —
UTAUT).
3. Improvement in understanding course concepts

through  Al-supported feedback
Learning Support — TAM/UTAUT).
4. Enhancement of assignment performance through

(Perceived

Al guidance (Perceived Performance Benefit —
TAM/UTAUT).

5. Increased overall class participation from peer
feedback activities (Active Class Participation —
TAM/UTAUT).

6. Encouragement to provide more accurate and
thoughtful feedback (Peer Feedback Quality —
Extended TAM).

7. Ease of use and intuitiveness of the PeerReli-Al
platform (System Usability - TAM/UTAUT).

8. Preference to use the Al-supported feedback
process in future courses (Future Use Intention —
TAM/UTAUT).

Cronbach’s alpha indicated good reliability of the survey
(a = 0.87). Responses were summarized using frequency
counts and visualized to illustrate trends in students’
subjective evaluations, with detailed distributions presented
in Section 4.2.

4. Results

4.1.  Descriptive Statistics

Figure 5 visually illustrates the trends in peer assessment
accuracy and quiz difficulty across the six sessions.
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Figure 5. Dual-axis line chart illustrating mean absolute differences between peer and instructor evaluations and quiz difficulty across six

sessions. The left vertical axis represents the mean absolute discrepancy, while the right vertical axis indicates quiz difficulty.

In Session 1, which served as the baseline without Al
feedback, the largest mean absolute discrepancy between
peer and instructor scores was observed, indicating greater
variability in student evaluations. Following the
introduction of PeerReli-Al in Sessions 2 through 6, the
mean differences showed a consistent downward trend,
despite a concurrent increase in question difficulty.
Sessions 2 to 4 exhibited relatively stable discrepancies,
while Session 5 showed a slight increase. Notably, Session
6 recorded the lowest discrepancy, suggesting a progressive
improvement in alignment between student and instructor
evaluations with sustained use of Al-supported feedback.

In Figure 5, the two vertical axes represent distinct but
complementary measures. The left axis corresponds to the
mean absolute difference between student and instructor
evaluations, reflecting the degree of alignment in scoring
across sessions. The right axis represents quiz difficulty,
indicating the relative complexity of the assessment tasks
administered in each session.

Overall, these descriptive results indicate that PeerReli-
Al feedback is associated with enhanced alignment
between peer and instructor evaluations, even under
varying levels of task difficulty.

In addition to mean differences between peer and
instructor scores, the reliability of peer evaluations was
assessed using Intraclass Correlation Coefficients (ICC)
and Cronbach’s alpha. ICC values (two-way mixed-effects,
absolute agreement) ranged from 0.68 to 0.82 across the six
sessions, indicating moderate to excellent agreement
between peer and instructor ratings. Cronbach’s alpha for
the overall set of peer evaluations was 0.85, reflecting high
internal consistency of peer assessments across all quiz
items. These metrics provide complementary evidence that

the structured Al-supported feedback and repeated
evaluation cycles contributed to stable and reliable peer
scoring over time.

4.2.  Inferential Analysis of Discrepancy Reduction
Using Repeated-Measures ANOVA

To examine whether the observed reduction in mean
discrepancies across sessions was statistically significant, a
repeated-measures ANOVA was conducted. This approach
accounts for the within-subject dependency of repeated
observations and allows for evaluation of polynomial
trends, such as linear improvement over time.

As described in the Methods section, students who were
absent for more than three sessions were excluded from the
analysis. For the remaining cases, missing values arising
from occasional absences were imputed using both the
median and the mean of each session, and separate analyses
were conducted for each imputation strategy.

The ANOVA revealed a significant effect of session on
scoring discrepancies under both imputation strategies.

In the median-imputed dataset, a repeated-measures
ANOVA revealed a significant effect of session on scoring
discrepancies, F(5, 43) = 3.000, p = .012 (Greenhouse-
Geisser corrected: F(4.374, 205.583) = 3.000, p = .016),
indicating a systematic reduction in peer assessment error
across sessions (See Figure 6(a)). Polynomial contrasts
further indicated a significant linear trend, F(1, 47) =
11.005, p = .002, suggesting that scoring accuracy
improved progressively over time (See Figure 6(b)).

A parallel analysis using mean imputation for missing
values yielded consistent results, F(5, 43) =2.981, p=.013
(Greenhouse-Geisser corrected: F(4.366, 205.204) = 2.981,
p = .017), with a significant linear trend, F(1, 47) = 11.230,
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p = .002 (See Figure 6¢,d). These results indicate that the imputation method.
reduction in scoring discrepancies is robust to the choice of
Tests of Within-Subjects Effects Tests of Within-Subjects Contrasts
Source Ig}g:ﬁn df Sl\;l z:?e F Sig. Source Sessions Type 111 df Mean F Sig.
of Sum of Square
Squares Squares
Sphericity 922 5 184 3.000 012 Linear 647 1 647 11.005  .002
Assumed
@ Greenhouse- 922 4374 211 3.000 .016 » Quadratic 001 1 -001 017 -896
g Geisser z. Cubic 264 1 264 3609 064
%  Huynh-Feldt  .922 4.879 189 3.000 .013 3
@ Order 4 .001 1 .001 .008 929
Lower- 922 1.000 922 3.000 .090
bound Order 5 .010 1 .010 230 .634
Sphericity  14.450 235 061 Linear 2.763 47 .059
g Assumed o -
S Greenhouse- 14450 205583 070 g Quadnatic 2794 47 059
g Geisser g Cubic 3432 47 073
g‘ Huynh-Feldt  14.450  229.297 .063 g' Order 4 3343 47 071
z Lower- 14.450  47.000 307 &
| bound ) Order 5 2118 47 045
(a) (b)
Tests of Within-Subjects Effects Tests of Within-Subjects Contrasts
T df M F ig.
Source 1 }éi em quZ?e Sig Source Sessions Type 111 df Mean F Sig.
of Sum of Square
Squares Squares
Sphericity 914 3 183 2.981 013 Linear 650 1 650 11230 002
Assumed
& Greenhouse- 914 4.366 209 2981 017 p Quadratic  4.586E-5 1 4586E-5 001 978
g Geisser Z. Cubic 252 1 252 3410 071
%  Huynh-Feldt 914 4.869 188 2981  .013 =]
“ Order 4 .003 1 .003 .042 .839
Lower- 914 1.000 914 2981 .091
bound Order 5 .009 1 .009 208 651
Sphericity 14.406 235 .061 Linear 2.720 47 058
g’ Assumed Eﬂ -
S Greenhouse- 14406 205204 070 g Quadratic 2800 47 060
g Geisser g Cubic 3468 47 074
& HuynhFeldt 14406 228.827  .063 g Order 4 1337 47 071
z Lower- 14.406  47.000 307 &
3 bound 4 Order 5 2.081 47 044
(c) (d)

Figure 6. Session-wise peer assessment discrepancies across six sessions. Panels (a) and (b) show the median-imputed dataset: (a) mean
discrepancies per session, (b) linear trend in discrepancy reduction. Panels (c¢) and (d) show the mean-imputed dataset: (c) mean
discrepancies per session, (d) linear trend in discrepancy reduction. Across both imputation strategies, discrepancies decreased

systematically, indicating progressive improvement in scoring accuracy over time.

scores. Al feedback and difficulty were specified as fixed
4.3. Linear Mixed-Effects Analysis effects, while individual differences in scoring behavior

. . . were captured through random intercepts for students.
A linear mixed-effects model was used to examine how R ted . . deled 1
) . . epeated measurements across sessions were modeled to
Al-generated feedback and question difficulty influenced p o o
. account for within-participant dependence.

the accuracy of peer assessments. The outcome variable

was the absolute discrepancy between peer and instructor
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Type III Tests of Fixed Effects®

Source Numerator df Denominator df F Sig.
Intercept 1 44.206 164.100 .000
Difficulty 3 84.595 1.292 282
Pre_AI Feedback 0

a. Dependent Variable: Diff.

Figure 7. Fixed effects estimate from the Linear Mixed-Effects model predicting absolute differences between peer and instructor scores

(Diff).

As is shown in Figure 7, the analysis revealed that
question difficulty did not significantly predict peer—
instructor discrepancies (F = 1.29, p = 0.282),
indicating that increased task complexity did not
adversely affect assessment accuracy.

Although a formal statistical test of the AI feedback
effect was not feasible, descriptive evidence consistently
showed reduced discrepancies following the introduction of
Al-supported feedback.
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4.4.  Subjective Evaluation

Students’ perceptions of the PeerReli-Al framework
were assessed using an 8-item Likert-scale survey (1 =
Strongly Disagree, 5 = Strongly Agree), as described in
Section 3.4. Figure 8 presents the distribution of responses.

S . >
) fz;“\é\ \@\& %"\\ Q&‘o
-O‘Q (S & &
S & & &
N & & 5
o () &
%\\o N &8 S @@
& A
Q
B Strongly Disagree O Disagree OSomewhat Agree
DAgree OStrongly Agree
Figure 8. The Results of subjective evaluation
The majority of students reported positive perceptions of Only a small minority of students expressed

PeerReli-Al. Most participants selected Agree or Strongly
2 and 5),
perceived learning support (Question 3), performance
(Question  4),
(Questions 7 and 8). Responses to Question 6 further

Agree regarding engagement (Questions

improvement

and platform usability

indicate that PeerReli-Al encouraged students to conduct
more careful and thoughtful peer evaluations.
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disagreement, and very few selected Strongly Disagree,
reflecting minimal negative perceptions of the system.
Overall, these results suggest that PeerReli-Al not only
contributed to improved accuracy in peer assessments but
also enhanced student engagement, satisfaction, and

perceived learning support across the sessions.
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5. Conclusion

This study introduced PeerReli-Al, a hybrid framework
that integrates Al-generated formative feedback with
incentive-compatible peer assessment mechanisms to
support the accuracy and reliability of peer evaluations.
Empirical results suggest that PeerReli-Al was associated
with reduced discrepancies between peer and instructor
scores across multiple sessions, improved the consistency
of peer assessments, and maintained these trends even as
students

reported high engagement, perceived learning support, and

question difficulty increased. Furthermore,

satisfaction, indicating positive reception and usability of
the platform.

These findings suggest that combining structured Al
guidance and strategic incentives may enhance the quality
and reliability of peer assessment in higher education.
However, given the within-subject quasi-experimental
design, causal inferences cannot be definitively established.
Future

generalizability in larger and more diverse classes, explore

research should examine the framework’s
the integration of advanced Al models for personalized and
adaptive feedback, and develop dynamic, performance-
sensitive incentive mechanisms to maintain high-effort
evaluations over time. Additionally, improvements in
usability, dashboards,

gamification, and analytics tools, may further enhance

platform including  real-time

student engagement and the visibility of feedback for both
students and instructors.
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"parameters”: {
"jsCode": "const students = items.map(item => ({\n email: item.json['Column
1']1,\n answer: item.json.Comments\n}));\n\n// sjlups \nconst shuffled
students.sort(() => Math.random() - ©.5);\n\n// _ | o L
5 a8 L,\nconst assignments = [];\n\nfc ; shuffled.
length; i++) {\n 1let reviewer = shuffled[i];\n // =gl | I Ly reviewee
; +s\n 1let revieweeIndex = (i + 1) shuffled.length;\n
gnments.push({\n json: {\n reviewer: reviewer.email,\n
ewee_answer: shuffled[revieweelIndex].answer\n \n  });\n}\n\nreturn

a nments;\n"

}J

"type": "n8n-nodes-base.code”,
"typeVersion™: 2,
"position™: [

384,

-176

"8 1bac-1b81-4b87-bab7-1e99cf492a7e",
"name": "Code in JavaScript",
"executeOnce”:

Appendix B: Relevant JavaScript Code Segments for Al-Based Peer Assessment Feedback

“parameters™
"options":
1,
@n8n/n8n-nodes-langchain.1lmChatGoogleGemini®,
"typeVersion”: 1,
"position": [

9-9a74-62d8ed235cde",
hat Model”,

1
C

"credentials": {
“googlePalmApi™: {
"id": "jOsCBquyNUAMID6b",
"name”: "Google Gemini(PalLM) Api account™
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"Google Gemini Chat Model":
"ai_languageModel™: [

"parameters
promptType":

"options": {
"systemMessage":

"typeVersion
"position™:




