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The rapid integration of generative artificial intelligence (AI) into peer assessment is 
reshaping feedback practices in higher education. However, empirical evidence directly 
comparing human and AI-generated feedback remains limited. This mixed methods study 
compared feedback quality and student perceptions between 13 undergraduate peer 
groups comprising 39 students and ChatGPT-4o in a smart learning environment design 
course. Quantitative analyses indicated no significant difference during the first assessment 
stage; however, in the second stage, ChatGPT-4o provided feedback that was significantly 
higher in constructiveness, accuracy and concreteness. Thematic analysis further revealed 
that students perceived group feedback as contextually rich but sometimes subjective, 
whereas ChatGPT-4o feedback was viewed as more objective and well structured, though 
occasionally lacking contextual sensitivity. Overall, students demonstrated high levels of 
acceptance towards both feedback sources, but high-acceptance groups made more 
effective use of AI feedback during revision, resulting in higher accuracy scores. These 
findings highlight the complementary roles of human and AI feedback in strengthening the 
formative value of peer assessment and provide implications for the design of AI-
augmented feedback systems in higher education. 
 
Implications for practice or policy: 

• Clear rubrics and explicit guidance for AI use are essential to improve the quality, 
consistency,and transparency of peer assessment. 

• Combining peer group feedback with AI-generated feedback can enhance formative 
assessment by integrating contextualised human insights with structured and objective 
AI support. 

• AI-generated feedback should be used as a supplementary tool rather than a 
standalone assessor, with ongoing human oversight to address potential inaccuracies 
and ensure pedagogical quality. 
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Introduction 
 
In recent years, a growing body of research has highlighted the pivotal role of assessment in higher 
education, not only as a mechanism for measuring learning outcomes but also as a powerful driver of 
learning processes (Cheong et al., 2023; Ma & Bui, 2022). Among various assessment forms, peer 
assessment has been widely recognised for fostering critical thinking, collaborative learning and self-
regulated learning (Butler & Winne, 1995; Freeman & McKenzie, 2002; Hwang & Chang, 2021; Topping, 
2017). However, persistent challenges – such as biased grading, insufficient feedback provision (Cho & 
Cho, 2011) and lack of recognition or acceptance by high-achieving students (Li & Gao, 2016; Ramon-
Casas et al., 2019) – often undermine its pedagogical potential (Panadero, 2016). These limitations 
highlight the need for more reliable and engaging feedback mechanisms that can sustain the educational 
value of peer assessment. 
 
To address these challenges, researchers have explored two complementary approaches: group-based 
peer feedback and technology-enhanced assessment. Group-based peer feedback allows students to 
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engage in collective evaluation and negotiation, thereby promoting deeper reflection and improving the 
reliability of evaluative judgements through shared reasoning (Zhang et al., 2023). In parallel, technology-
enhanced assessment – particularly those powered by generative artificial intelligence (AI) – has shown 
growing potential in automating and enriching feedback delivery (Guo & Wang, 2024). Recent studies 
have suggested that generative AI tools such as ChatGPT can produce feedback that is coherent, specific 
and sometimes comparable to that of human tutors (Banihashem et al., 2024; Dai et al., 2023). These 
emerging capabilities position generative AI as a potentially valuable partner in assessment processes, 
calling for empirical scrutiny of how AI-generated feedback might complement human evaluative 
processes within peer assessment contexts. 
 
Studies have primarily compared AI-generated feedback with teacher or individual peer feedback 
(Banihashem et al., 2024; Guo et al., 2024; Lu et al., 2024). However, limited attention has been paid to 
feedback jointly generated through peer-group discussion, which can be conceptualised as a collaborative 
activity involving socially shared and co-regulation (Er et al., 2021). From this perspective, comparing 
group and AI feedback is theoretically significant: group feedback reflects socially shared regulation 
processes (Hadwin et al., 2018), while AI-generated feedback represents a data-driven, algorithmic form 
of external regulation. Examining their relative effectiveness can thus deepen understanding of how 
human and artificial agents co-construct evaluative knowledge in higher education. 
 
To address this gap, this study conducted a comparative analysis of feedback produced by student groups 
and ChatGPT-4o within a peer assessment activity embedded in a smart learning environment design 
course. Specifically, it investigates differences in feedback quality, students’ perceptions of feedback 
usefulness and how students acted upon feedback during revision. By integrating perspectives from 
collaborative learning and feedback uptake research, this study advances theoretical understanding of 
human–AI interaction in formative assessment and provides pedagogical insights for designing hybrid 
peer assessment models that leverage both human and AI feedback strengths. 
 

Literature review 
 
Feedback in assessment 
 
Feedback has long been recognised as a central mechanism in assessment and learning. In educational 
research, feedback is commonly defined as information provided regarding aspects of a learner’s 
performance or understanding that can be used to reduce the gap between current and desired 
performance (Hattie & Timperley, 2007). Rather than serving merely as corrective information, feedback 
increasingly functions as a mechanism that guides learners’ reflection, judgement and improvement 
throughout the learning process. Scholarship has therefore conceptualised feedback as an interactive and 
dialogic process that supports learners in interpreting information, making judgements about quality and 
taking action to improve their work (Boud & Molloy, 2013; Nicol, 2021). Furthermore, Carless and Boud 
(2018) have emphasised that feedback is effective only when learners are able to interpret and use it 
appropriately, highlighting the importance of considering how feedback is understood and applied in 
learning contexts. 
 
Feedback can take different forms and serve multiple functions. Hattie and Timperley (2007) distinguished 
four levels – task-level feedback, process-level feedback, self-regulation feedback and self-level feedback. 
They argued that feedback directed at the task, the processes underlying task performance and self-
regulation can facilitate learning, whereas self-level feedback is generally less effective. Feedback may 
also vary in source, including teacher feedback, peer feedback, automated feedback and self-generated 
feedback (Nicol, 2021; Shute, 2008), each contributing distinct perspectives and informational value to 
the learning process. 
 
Within collaborative learning contexts, feedback often emerges through peer or group interactions, 
where evaluative judgements are not simply transmitted but co-constructed through dialogue, discussion 
and negotiation. Understanding feedback in such contexts therefore requires attention not only to the 
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information provided but also to the social processes through which feedback is generated, interpreted 
and enacted. 
 
Group assessment 
 
Within the broader framework of feedback in assessment, peer assessment has long been regarded as a 
critical pedagogical approach within computer-supported collaborative learning, fostering reflective 
thinking, mutual understanding and accountability among learners (Tenenbaum et al., 2020; Topping, 
2017). Within this paradigm, group assessment – a process in which one group evaluates the work of 
another – extends the pedagogical value of traditional peer assessment by embedding evaluation within 
collective reasoning and negotiated judgement (Topping, 1998; Zhang et al., 2021; Zhang et al., 2023). 
Such inter-group interactions promote shared knowledge construction, enhance evaluative judgement 
and cultivate metacognitive awareness at the group level (Chen et al., 2021; Tan & Chen, 2022). From a 
theoretical standpoint, group assessment aligns with the socially shared regulation of learning framework, 
which views collaborative regulation as an emergent, co-constructed process rather than an aggregation 
of individual self-regulation (Hadwin et al., 2018). During the feedback generation process, groups 
collectively plan, monitor and evaluate their understanding, engaging in joint regulation of the evaluative 
task.  
 
Empirical studies have shown that group-generated feedback tends to emphasise conceptual clarity and 
content relevance more strongly than individual feedback (Kessler, 2009; Memari Hanjani, 2016). 
Moreover, collaborative discussions within groups mitigate issues of linguistic insecurity and self-doubt, 
particularly among second-language learners (Alshuraidah & Storch, 2019). Despite these benefits, 
challenges persist: the quality of group-generated feedback often depends on group dynamics, equity in 
participation and the group’s regulatory capacity (Kirschner & Erkens, 2013). Uneven participation, limited 
evaluative expertise or insufficient coordination may weaken the depth and reliability of feedback. Those 
social and regulatory dynamics are not merely contextual variables but integral determinants of how 
effectively feedback is produced and utilised within groups (Yukawa, 2006). 
 
Nevertheless, while research has demonstrated that group assessment enhances interaction and 
reflective engagement, relatively few studies have examined how group-generated feedback is 
subsequently interpreted and enacted by learners. As Butler and Winne (1995) and Nicol (2021) have 
emphasised, feedback effectiveness depends not merely on its quality but on how learners interpret, 
internalise and act upon it. Therefore, examining both feedback production and feedback uptake provides 
a more comprehensive perspective for understanding the educational value of group assessment. 
 
AI-generated assessment 
 
Recent advancements in large language models have transformed how feedback can be generated and 
delivered. ChatGPT, powered by generative pre-trained transformer  architecture, enables context-
sensitive dialogue and personalised feedback that surpasses the limitations of static automated scoring 
systems (Barrot, 2024; Preiksaitis & Rose, 2023; Sol & Heng, 2024). Its linguistic fluency and adaptability 
enable it to produce detailed, structured and constructive feedback in near real time, expanding the 
accessibility of formative assessment (Guo & Wang, 2024; Su et al., 2023). Empirical findings have 
suggested that AI-generated feedback can enhance learners’ understanding by offering elaborated 
explanations, scaffolding cognitive engagement, and sustaining learning motivation through supportive 
tone (Dai et al., 2023; Lu et al., 2024). However, scholars caution that ChatGPT’s performance is not 
without limitations. The model may generate factually incorrect or contextually irrelevant responses 
(Thorp, 2023), lack socio-emotional sensitivity and interpersonal attunement typical of human feedback 
(Allagui, 2023), and exhibit biases in tone or depth (Mohamed, 2024). Such limitations may reduce 
learners’ trust in AI-generated feedback and influence their willingness to adopt it, particularly in learning 
environments where affective and relational dimensions play an important role (Carless & Boud, 2018). 
 
The release of ChatGPT-4o in May 2024 marked a significant leap in multimodal comprehension and real-
time responsiveness (Kleinman, 2024; OpenAI, 2024). Its improved contextual reasoning and linguistic 
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coherence suggest the potential to provide feedback comparable to or even exceeding human-generated 
responses, especially in terms of structural clarity and descriptive depth (Wiggers, 2024). Despite these 
advancements, empirical studies directly comparing feedback produced by ChatGPT-4o and human 
groups remain scarce. Studies have primarily contrasted teacher feedback with AI feedback (Guo et al., 
2024; Lu et al., 2024) or individual peer feedback with AI feedback (Banihashem et al., 2024), overlooking 
the collective and socially regulated nature of group assessment. 
 
Theoretically, comparing AI-generated feedback with group-generated feedback provides a valuable lens 
for exploring two distinct forms of regulation: data-driven algorithmic regulation versus socially shared 
human regulation. While ChatGPT relies on probabilistic language modelling to evaluate and suggest 
improvements, human groups rely on negotiation, shared meaning-making and the co-construction of 
evaluative standards. This distinction reflects a fundamental shift in the source and nature of regulation 
– from socially constructed to computationally generated (Urzúa et al., 2025). Investigating these 
differences not only advances understanding of how feedback functions across human and machine 
systems but also informs the design of hybrid assessment models that integrate human judgement with 
AI support to enhance feedback quality, fairness and uptake (Shvets et al., 2025). 
 
Research questions 
 
Building on the preceding review, this study sought to compare feedback generated by student groups 
and ChatGPT-4o in the context of peer assessment. Specifically, the study examined differences in 
feedback quality, explored students’ perceptions of feedback from both sources and investigated how 
learners adopt and apply the feedback during the revision process. The following research questions (RQs) 
guided the study: 
 

• RQ1: What are the differences in feedback quality between those generated by groups and those 
generated by ChatGPT-4o? 

• RQ2: What are the students’ perceptions of the feedback produced by groups compared to that 
generated by ChatGPT-4o? 

• RQ3: How do students adopt and apply feedback from both groups and ChatGPT-4o in the 
process of improving their learning outcomes? 

 

Methods 
 
Participants and learning context 
 
The study was conducted in an undergraduate course titled Smart Learning Environment Design at a 
university in China. The course focuses on the conceptualisation and design of smart learning 
environments across diverse settings, including kindergartens, schools, homes and libraries, with the aim 
of developing students’ abilities to design innovative learning environments supported by digital 
technologies. The study involved 39 third-year undergraduates (comprising 13 males and 26 females aged 
between 20 and 21) majoring in educational technology. Participants were randomly assigned to 12 
groups, each consisting of three or four members.  
 
The study followed established ethical guidelines for educational research and was approved by the 
Institutional Ethics Review Board of the university prior to data collection. Students were informed of the 
study’s purpose and procedures before participation, and informed consent was obtained from all 
participants. Participation was voluntary and had no influence on course grades. All data were 
anonymised prior to analysis and used solely for research purposes. 
 
  



Australasian Journal of Educational Technology, 2026, 42(4). 
 

 

 
133 

Materials 
 
Group tasks and assessment criteria 
This study followed a two-phase design. In Phase 1, groups designed a smart library; in Phase 2, they 
designed a smart home learning environment. For each phase, groups submitted a comprehensive design 
report (approximately 1,000 words). These tasks were selected to align with the course objectives and to 
encourage collaborative problem-solving and creative design. 
 
Designs were evaluated across five dimensions: innovation, practicality, technical feasibility, user-
friendliness and environmental adaptability. Each dimension was assessed using a 5-level rubric ranging 
from very poor (1–5) to excellent (21–25). 
 
To ensure the validity of the rubric, two external senior scholars in educational technology reviewed and 
refined the assessment criteria. The initial rubric was generated using a large language model and 
subsequently revised by the experts to ensure content validity and clarity of evaluation standards. These 
experts were not involved in teaching, scoring or data analysis. 
 
To ensure scoring reliability, one faculty member and two teaching assistants independently evaluated all 
submissions. The final teacher score was calculated as the average of the three ratings. The intra-class 
correlation coefficient was 0.882, indicating high inter-rater reliability. The two teaching assistants also 
reviewed group scores to ensure that evaluations were generally consistent with the rubric. 
 
Feedback instrument 
To evaluate feedback quality, a feedback rating instrument was developed. It measured five dimensions: 
effectiveness, constructiveness, accuracy, completeness and concreteness (Banihashem et al., 2024; Guo 
& Wang, 2024; Steiss et al., 2024):  
 

• effectiveness: the extent to which the feedback was perceived as helpful in improving designs 

• constructiveness: whether the feedback provided actionable suggestions for refinement 

• accuracy: whether the feedback correctly identified strengths and weaknesses 

• completeness: whether the feedback covered all key aspects of the design 

• concreteness: whether the feedback contained specific examples and explanations. 
 
Students rated each dimension on a 5-point Likert scale (1 = very low, 5 = very high). They were also 
required to justify their scores in writing, fostering reflection and transparency. 
 
Preparation for ChatGPT-4o feedback  
 
ChatGPT-4o was used to generate feedback on group designs. This multimodal model processes text, 
images and video, and outputs in corresponding formats (OpenAI, 2024).  
 
To ensure consistency in prompt design, we adopted the CO-STAR framework, a prompt engineering 
approach commonly used in AI-assisted instructional design (Kurniawan et al., 2025). Each prompt 
consisted of six elements: 
 

• context: the role and expertise of the evaluator (“as a university faculty member specialising in 
smart learning environment design”) 

• objective: the intended purpose of the feedback (evaluating the student-designed program using 
the given rubric) 

• style: the expected writing style (academic and professional) 

• tone: the desired tone of the feedback (objective and neutral) 

• audience: the target recipients of the feedback (student groups) 

• response: the expected content of the output (rating, detailed rationale, and suggestions for 
improvement). 
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All prompts were pilot-tested internally by the research team prior to the study to ensure clarity, 
alignment with the rubric and consistency across design submissions. 
 
Procedure 
 
The experiment included two rounds of activities, each lasting 3 weeks (see Figure 1). The procedures 
were identical across rounds, differing only in the design tasks. 
 
In Week 1, groups collaboratively developed a smart learning environment design. In Week 2, each design 
was evaluated by another group and by ChatGPT-4o using established grading criteria. Groups discussed 
the criteria before assigning scores, providing justifications and offering improvement suggestions. Each 
group member then evaluated the two types of feedback, which were anonymised as Feedback 1 (group 
feedback) and Feedback 2 (ChatGPT-4o feedback). 
 
In Week 3, groups revised and resubmitted their designs based on the received feedback. The same 
procedure was repeated in the second round. 
 
After completing both rounds, six groups were randomly selected to participate in 15-minute focus group 
interviews (one interview per round). The interviews were audio-recorded and transcribed to explore 
participants’ perceptions of the two feedback types, consisting of their strengths, weaknesses, overall 
preference and expectations for feedback. 
 

 
Figure 1. Experimental procedure of the study 
 
Data collection and analysis 
 
To address RQ1, students’ ratings of the two feedback types were compared across five dimensions. 
Descriptive statistics were calculated, followed by Mann–Whitney U tests to examine statistically 
significant differences between group feedback and ChatGPT-4o feedback. 
 
To address RQ2, interview data were analysed using thematic analysis following Braun and Clarke’s (2006) 
framework. Transcripts were iteratively reviewed to generate initial codes representing students’ 
perceptions of Feedback 1 and Feedback 2, which were subsequently refined into overarching themes. To 
enhance analytical credibility, the coding scheme was reviewed and revised collaboratively by two of us 
authors. Both then independently applied the finalised scheme, achieving an inter-coder agreement of 
82.6%. Discrepancies were resolved through discussion until consensus was reached. 
 
To address RQ3, students’ revision behaviours were examined using the “Track Changes” function in 
Microsoft Word. Revisions were categorised into four patterns: revisions based solely on group feedback, 
revisions based solely on ChatGPT-4o feedback, revisions informed by both feedback sources and 
revisions unrelated to either feedback source. Feedback acceptance was operationalised as the number 
of revisions derived from each feedback source. Based on acceptance rates, groups were classified into 
high-acceptance and low-acceptance categories, and their revision patterns were compared to investigate 
differences in feedback adoption and utilisation. 
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Results 
 
Differences in feedback quality between group-generated and ChatGPT-4o feedback 
 
Table 1 presents a statistical comparison of group feedback and ChatGPT-4o feedback across five 
dimensions. In the first round, the average scores for both feedback types were comparable across all 
dimensions. Specifically, group feedback had a slight advantage in most areas, while ChatGPT-4o feedback 
was marginally better in concreteness. However, in the second round, ChatGPT-4o feedback consistently 
achieved higher average scores across all dimensions, indicating a change in the relative performance of 
the two assessment methods from the first round. 
 
Table 1 
Results of statistical analysis of the two rounds of assessment 

Dimension Round 1 Round 2 
Group feedback ChatGPT-4o 

feedback 
Group feedback ChatGPT-4o 

feedback 
Mean SD Mean SD Mean SD Mean SD 

Effectiveness 3.79 0.732 3.69 0.766 3.77 0.667 4.05 0.647 
Constructiveness 3.77 0.842 3.67 0.772 3.64 0.537 4.10 0.598 
Accuracy 3.90 0.680 3.54 0.854 3.74 0.637 4.13 0.615 
Completeness 3.72 0.686 3.51 0.914 3.77 0.667 3.92 0.664 
Concreteness 3.54 0.854 3.74 0.818 3.59 0.715 4.00 0.688 

 
Subsequently, the Mann–Whitney U test was employed to analye the feedback from the two rounds 
across the five dimensions, with results presented in Tables 2 and 3. In the first round, no significant 
differences were detected between group and ChatGPT-4o feedback for any dimension, indicating that 
students perceived the quality of feedback from their peers and ChatGPT-4o to be comparable. However, 
in the second round, differences emerged in constructiveness (p < .001), accuracy (p = .010) and 
concreteness (p = .021), with ChatGPT-4o feedback receiving higher average score. This trend suggests an 
enhanced quality of assessment provided by ChatGPT-4o in the second round. 
 
Table 2  
Results of the Mann–Whitney U test for the 1st round of assessment 

Dimension Assessment 
type 

N Average 
rank 

Sum of 
ranks 

Mann–
Whitney U 

Z p 

Effectiveness Groups 39 40.82 1592.00 709.000 -0.578 0.563 
ChatGPT-4o 39 38.18 1489.00 

Constructiveness Groups 39 40.78 1590.50 710.500 -0.544 0.586 
ChatGPT-4o 39 38.22 1490.50 

Accuracy Groups 39 43.23 1686.00 615.000 -1.624 0.104 
ChatGPT-4o 39 35.77 1395.00 

Completeness Groups 39 41.17 1605.50 695.500 -0.717 0.473 
ChatGPT-4o 39 37.83 1475.50 

Concreteness Groups 39 36.42 1420.50 640.500 -1.294 0.196 
ChatGPT-4o 39 42.58 1660.50 

 
  



Australasian Journal of Educational Technology, 2026, 42(4). 
 

 

 
136 

Table 3  
Results of the Mann–Whitney U test for the 2nd round of assessment 

Dimension Assessment 
source 

N Average 
rank 

Sum of 
ranks 

Mann–
Whitney U 

Z p 

Effectiveness Groups 39 35.44 1382.00 602.000 -1.796 0.073 
ChatGPT-4o 39 43.56 1699.00 

Constructiveness Groups 39 32.17 1254.00 474.500 -3.304 <0.001 
ChatGPT-4o 39 46.83 1826.00 

Accuracy Groups 39 33.78 1317.50 537.500 -2.567 0.010 
ChatGPT-4o 39 45.22 1763.50 

Completeness Groups 39 37.76 1472.50 692.500 -0.783 0.433 
ChatGPT-4o 39 41.24 1608.50 

Concreteness Groups 39 34.15 1332.00 552.000 -2.315 0.021 
ChatGPT-4o 39 44.85 1749.00 

 
Students’ perceptions of group-generated and ChatGPT-4o feedback 
 
Thematic analysis of interview data revealed distinct perceptions of group and ChatGPT-4o feedback, as 
shown in Tables 4 and 5. 
 
For group feedback, students valued its comprehensiveness, noting that it often addressed multiple 
aspects of their design proposals, including ideas, expression, logic and formatting. For example, a student 
from Group 6 remarked that their peers’ feedback was thorough, covering technological features, 
practicality, strengths, costs, user needs and formatting. Group feedback was also appreciated for its 
specificity, as it provided detailed and precise evaluations. A student from Group 7 emphasised that their 
peers accurately identified both strengths and weaknesses, including minor issues. However, students 
also recognised its subjective nature. Some expressed concerns that personal opinions, emotions, 
experiences or even considerations related to final grades could bias peer feedback. As one student from 
Group 7 observed, certain comments and scores appeared less objective and potentially inaccurate due 
to these subjective factors. 
 
For ChatGPT-4o feedback, students praised its constructiveness, highlighting its actionable and 
improvement-oriented suggestions. For instance, a student from Group 1 mentioned that ChatGPT-4o 
offered detailed recommendations, such as the need for a comprehensive user manual. Its specificity was 
also valued, as it provided targeted comments that identified both strengths and shortcomings. A student 
from Group 4 noted that ChatGPT-4o captured key aspects of their design and offered concrete 
suggestions for refinement. Moreover, ChatGPT-4o’s objectivity was a major advantage: students 
appreciated that it adhered strictly to the assessment criteria and delivered consistent, unbiased 
evaluations. A student from Group 8 described it as “objective and acceptable”. Nevertheless, some 
students perceived ChatGPT-4o’s feedback as somewhat mechanistic or template-driven. A student from 
Group 5 described it as rigid and “robotic”, suggesting that it sometimes lacked depth and personalisation. 
 
Table 4  
Students’ perceptions of group feedback 

Themes Definition Examples 

Completeness The feedback covers all aspects of the 
work, including ideas, expression, logic 
and formatting. 

Feedback 1 was comprehensive, 
mentioning the technological features, 
practicality, strengths, costs, user needs 
and formatting of our proposal (Group 
6-1). 

Specificity The feedback is clear, detailed, and 
targeted, accurately reflecting the true 
level of the work. 

Feedback 1 accurately identified the 
strengths and weaknesses of our 
proposal, including some detailed issues 
(Group 7-2). 
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Themes Definition Examples 
Subjectivity The feedback is influenced by personal 

emotions, opinions, experiences and 
biases. 

Feedback 1 may have been influenced 
by personal factors or final grades, 
making some comments and scores 
seem less objective and accurate (Group 
7-2). 

Note. In each identifier, the first number indicates the group and the second indicates the student within that 
group; for example, Group 6-1 refers to Student 1 in Group 6. 
 
Table 5  
Students’ perceptions of ChatGPT-4o feedback 

Themes Definition Examples 

Constructiveness The feedback provides targeted 
suggestions and ideas for 
improvement based on the strengths 
and weaknesses of the work. 

Feedback 2 included detailed 
suggestions for improvement, such as 
providing a comprehensive user manual 
(Group 1-2). 

Specificity The feedback is clear, detailed and 
targeted, accurately reflecting the 
true level of the work. 

Feedback 2 accurately captured the 
highlights and shortcomings of the 
proposal and offered detailed 
suggestions for improvement (Group 4-
3). 

Objectivity The feedback accurately reflects the 
quality and level of the work based 
on the scoring criteria. 

Feedback 2 was scored strictly according 
to the scoring criteria, and I found it 
quite objective and acceptable (Group 
8-1). 

Templatisation The feedback follows a fixed format 
and phrasing, appearing mechanical 
and lacking a personal touch. 

The phrasing in Feedback 2 seemed 
somewhat rigid, like it was generated by 
a robot, lacking flexibility (Group 5-3). 

Note. In each identifier, the first number indicates the group and the second indicates the student within that 
group; for example, Group 6-1 refers to Student 2 in Group 1. 

 
Adoption and application of group-generated and ChatGPT-4o feedback in learning 
improvements 
 
Table 6 summarises the extent to which groups adopted group feedback and ChatGPT-4o feedback across 
the two experimental rounds. Across both rounds, a total of 127 revisions were made. In the first round, 
29 revisions were based on group feedback, compared to 19 from ChatGPT-4o. This trend reversed in the 
second round, where 28 revisions stemmed from ChatGPT-4o feedback and 27 from group feedback. 
Overall, group feedback was applied slightly more often than ChatGPT-4o feedback, with implementation 
rates of 44.09% and 37%, respectively. Additionally, 3.15% of revisions integrated both feedback types. In 
total, 107 out of 127 revisions were directly adopted from one or both feedback sources (group feedback 
only, ChatGPT-4o feedback only, or combined feedback), corresponding to an overall acceptance rate of 
85.09%. Notably, some groups did not rely directly on either feedback source, instead opting for 
independent group discussions or alternative methods, which accounted for 15.75% of revisions (20 
total). This tendency was more evident in the second round, where 16 out of 72 revisions were 
independent, reflecting an increased inclination toward self-directed revision in the later stage of the 
experiment.  
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Table 6 
Revision behaviours matched with group and ChatGPT-4o feedback 

Reference source Round 1 Round 2 Total 

Revision based on group feedback only 29 27 56 (44.09%) 
Revision based on ChatGPT-4o feedback only 19 28 47 (37.00%) 
Revision based on both 3 1 4 (3.15%) 
Extra revision 4 16 20 (15.75%) 
Total 55 72 127 (100%) 

 
To further examine feedback acceptance, we aggregated the total revisions per group across both rounds 
and categorised them into four types: group feedback only, ChatGPT-4o feedback only, combined 
feedback, extra revisions. The mean number of accepted revisions per group was 8.92, obtained by 
averaging the total accepted revisions across the 12 groups (N = 107). Groups above this threshold were 
classified as “high-acceptance”, while those below were considered “low-acceptance” (Table 7). 
 
Table 7  
Grouping of high- and low-acceptance groups 

Group Group 
assessment 

ChatGPT-4o 
assessment 

Both Neither Acceptance group 

1 7 0 0 1 Low acceptance  
2 3 3 1 2 Low acceptance 
3 2 11 0 0 High acceptance 
4 3 4 0 0 Low acceptance 
5 3 8 0 1 High acceptance 
6 3 4 1 0 Low acceptance 
7 5 1 0 0 Low acceptance 
8 10 6 1 10 High acceptance 
9 8 0 0 1 Low acceptance 
10 4 4 0 1 Low acceptance 
11 6 4 0 0 High acceptance 
12 2 2 1 4 Low acceptance 

 
A comparative analysis (Figure 2) revealed distinct patterns between high- and low-acceptance groups. 
High-acceptance groups incorporated more ChatGPT-4o feedback, averaging 7.25 accepted revisions, 
whereas low-acceptance groups relied more on peer feedback, averaging 4.38 revisions. Furthermore, 
differences in the perceived quality of feedback (Figure 3) highlighted that high-acceptance groups 
achieved significantly higher scores across all five dimensions, with accuracy showing the largest 
discrepancy. 
 

   
Figure 2. Differences in feedback uptake between high- and low-acceptance groups 
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Figure 3. Differences in feedback quality between high- and low-acceptance groups 
 

Discussion 
 
Discussion on the results of RQ1 
 
The first-round peer assessment findings indicated no statistically significant differences in quality 
between group feedback and ChatGPT-4o-generated feedback. This outcome may be attributed to the 
use of clearly defined evaluation criteria in both conditions, which promoted consistency in feedback 
quality. This finding is consistent with research emphasising the role of explicit criteria in improving 
feedback effectiveness (Roscoe et al., 2013). The slightly higher mean quality of group feedback across 
the five dimensions may reflect the collaborative nature of group discussions, where diverse perspectives 
are integrated to generate well-grounded arguments (Noroozi et al., 2011; Weinberger et al., 2007). In 
contrast, in the second-round peer assessment, ChatGPT-4o feedback received higher average ratings in 
constructiveness, accuracy, and concreteness than group feedback. This shift can be explained by task- 
and context-related factors. Compared with the initial submissions, the second-round designs were more 
refined and structured, enabling the model to generate more precise and actionable feedback. Studies 
have similarly indicated that the effectiveness of AI-generated feedback depends strongly on input clarity 
and completeness (De Winter et al., 2023; Jo, 2024). In addition, the model’s consistent application of 
evaluation criteria may have provided an advantage over human groups, whose judgements are more 
susceptible to subjective interpretation and fatigue across repeated assessments. 
 
Taken together, these findings suggest that although group assessments may initially benefit from 
collaborative reasoning processes, ChatGPT-4o demonstrates strong iterative assessment capabilities, 
achieving comparable or even superior feedback quality in later stages. This highlights the potential of 
generative AI as a reliable assessment partner that can complement – and in some contexts enhance – 
traditional peer assessment practices (Barrot, 2024; Farrokhnia et al., 2024; Guo & Wang, 2024; Su et al., 
2023).  
 
Discussion on the results of RQ2 
 
Analysis of interview data revealed distinct strengths and weaknesses in both group and ChatGPT-4o 
feedback. Group feedback was perceived as comprehensive and context sensitive, largely due to the 
collaborative process through which members shared knowledge and integrated multiple perspectives 
related to content, language and structure. Such collaborative sense-making enables more nuanced 
evaluation and aligns with research showing that collective discussion supports clearer judgement and 
deeper understanding (Yukawa, 2006). Students’ disciplinary backgrounds and interactive discussions 
further contributed to the specificity of group feedback, supporting findings that peer collaboration 
enhances critical thinking and evaluative precision (Zhang et al., 2023). However, participants also 
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highlighted the subjective nature of group feedback, as evaluations may be shaped by individual emotions 
and experiences, potentially affecting consistency and impartiality (Panadero, 2016).  
 
ChatGPT-4o feedback, in contrast, was perceived as constructive, specific and objective. Its cross-
disciplinary knowledge base enables the generation of clear and actionable suggestions, consistent with 
evidence that AI systems can provide detailed diagnostic and solution-oriented feedback (Finnie-Ansley 
et al., 2022; Ouyang et al., 2024). Moreover, the model’s systematic adherence to evaluation criteria 
contributes to greater consistency and reduced emotional bias (Fokides & Peristeraki, 2025; Kooli & Yusuf, 
2025). Despite these strengths, students noted a tendency towards formulaic expression, reflecting the 
model’s reliance on standardised linguistic and evaluative patterns. Such templated responses may limit 
personalisation and reduce sensitivity to nuanced aspects of student work, a limitation also identified in 
research (AlGhamdi, 2024). 
 
Overall, the findings suggest a complementary relationship between group and AI feedback. While group 
assessment provides contextualised and socially grounded insights, ChatGPT-4o contributes consistency 
and structured guidance. Integrating both sources may therefore produce more balanced and effective 
feedback outcomes, supporting emerging evidence on the synergistic potential of human–AI collaborative 
assessment (Banihashem et al., 2024). 
 
Discussion on the results of RQ3  
 
The findings indicated a high level of student acceptance of group and ChatGPT-4o feedback, with an 
overall acceptance rate of 85.09% during the revision process. This suggests that both feedback sources 
were perceived as reliable and actionable. Interview evidence further showed that group feedback was 
valued for its comprehensiveness and specificity, whereas ChatGPT-4o feedback was perceived as 
constructive, specific, and objective (Tables 4 and 5). Importantly, acceptance extended beyond surface-
level satisfaction and shaped students’ revision strategies: group feedback often supported immediate 
textual revisions, while ChatGPT-4o feedback encouraged reconsideration of broader design coherence 
and logic. This indicates that feedback acceptance involves an interpretive process in which students 
decide not only whether to adopt feedback but also how to integrate it into their learning processes. 
 
Approximately 15.75% of revisions were classified as extra revisions, suggesting that feedback also 
functioned as a catalyst for additional improvements beyond explicit suggestions. Similarly, research has 
shown that general and forward-looking feedback can stimulate further revisions and reflective 
engagement (Lu et al., 2024). Rather than responding mechanically to corrective comments, students 
engaged in reflective dialogue with feedback, evaluating its relevance and generating new revisions. This 
process reflects metacognitive regulation, whereby learners monitor, evaluate and adapt their strategies 
during revision (AlGhamdi, 2024). 
 
A notable shift was observed across rounds: group feedback was more readily accepted in the first round, 
whereas acceptance of ChatGPT-4o feedback increased substantially in the second round. Interview data 
suggest that this change resulted not only from improved feedback quality but also from students’ 
growing familiarity with the model’s evaluative logic. Repeated exposure enabled students to better 
interpret AI-generated suggestions, fostering trust and supporting the development of self-regulatory 
revision routines. This finding aligns with studies indicating that sustained interaction enhances learners’ 
openness to AI-supported feedback (Noroozi et al., 2016; Valero Haro et al., 2024). 
 
Overall, group feedback showed slightly higher acceptance, likely because its suggestions were closely 
aligned with students’ intentions and easier to implement. In contrast, ChatGPT-4o feedback, while often 
more constructive, sometimes required greater cognitive effort to interpret due to its professional and 
formulaic expression. From a self-regulation perspective, acceptance appears to depend not only on 
perceived quality but also on cognitive accessibility: feedback that can be readily translated into action is 
more likely to be adopted, whereas more complex feedback demands additional reflective effort (Grimes 
& Warschauer, 2010). 
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Accuracy also emerged as a critical factor influencing feedback uptake (Figure 3). Accurate and 
contextually relevant feedback enhanced students’ confidence in self-evaluation and strengthened trust 
in the feedback source, supporting autonomous learning behaviours. At the same time, acceptance was 
shaped by task conditions, including the initial quality of group work, which influenced perceived needs 
for revision (Kerman et al., 2024; Noroozi et al., 2016). Taken together, these findings suggest that 
feedback acceptance should be understood as a multidimensional process shaped by feedback quality, 
cognitive accessibility, self-regulatory engagement and learners’ reflective practices. This perspective 
highlights the value of hybrid feedback systems that integrate the contextual sensitivity of peer feedback 
with the consistency and reliability of AI-generated feedback. 
 

Implications, limitations and conclusions 
 
By comparing feedback quality, students’ perceptions and revision behaviours across group and ChatGPT-
4o feedback, this study provides pedagogical and analytical insights for improving peer assessment in 
higher education. 
 
Implications 
 
First, the findings highlight the central role of clear evaluation criteria in ensuring feedback quality. 
Providing explicit rubrics and targeted training can enhance consistency, fairness and effectiveness in peer 
assessment processes. Second, group and ChatGPT-4o feedback demonstrated complementary strengths 
and were broadly accepted by students, suggesting that integrating human and AI feedback can optimise 
assessment outcomes. While group feedback offers contextualised and discussion-based insights, 
ChatGPT-4o contributes structured, constructive and objective guidance. Third, educators should remain 
attentive to potential risks associated with AI-generated feedback, particularly hallucinations and 
pedagogically unsound suggestions. Human oversight remains essential to verify AI outputs and provide 
corrective guidance. The observed improvement in ChatGPT-4o feedback across rounds further indicates 
that prompt design, task clarity and iterative interaction may influence AI feedback quality, highlighting 
the importance of structured instructional design when integrating AI into assessment practices. 
 
From a practical perspective, these findings support positioning ChatGPT-4o as a supplementary feedback 
source rather than a standalone assessment tool. A hybrid feedback approach may enhance learning 
outcomes by combining AI consistency with human contextual sensitivity, while maintaining instructor 
supervision to ensure educational reliability. 
 
Limitations 
 
Several limitations should be acknowledged. First, the study involved a relatively small sample and short 
intervention period, and participants had limited prior experience with ChatGPT-4o. Future studies should 
include longer-term implementations and multiple experimental rounds to examine developmental 
trends in AI-supported feedback. Second, participants were primarily drawn from the educational 
technology field, limiting generalisability across disciplines. Broader and more diverse samples are needed 
to validate the findings in varied academic contexts. Third, the study focused mainly on textual 
assessment and did not fully explore ChatGPT-4o’s multimodal evaluation capabilities. Future research 
could investigate prompt designs supporting multimodal feedback. In addition, the study did not directly 
examine how feedback influenced measurable improvements in revised work, leaving aspects of the 
feedback–learning relationship under-explored. Finally, the validity of AI-generated feedback was not 
systematically evaluated. Future research should incorporate validation mechanisms, such as expert 
review or fact-checking protocols, to ensure that AI feedback is not only fluent but also accurate and 
pedagogically sound. 
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Conclusions 
 
This study provides a comprehensive comparison of group and ChatGPT-4o feedback within peer 
assessment contexts. Results show comparable feedback quality in the first round, whereas ChatGPT-4o 
demonstrated advantages in constructiveness, accuracy and specificity in the second round. Interview 
findings indicated that students perceived group feedback as comprehensive yet subjective, while 
ChatGPT-4o feedback was viewed as constructive and objective but sometimes formulaic. Both feedback 
sources achieved high acceptance rates, though preferences varied across learner groups. 
 
Rather than advocating the uncritical adoption of AI as an assessment tool, the findings highlight a 
balanced perspective: generative AI can enhance peer assessment through consistency, structured 
guidance and scalability, but risks such as hallucination necessitate sustained human oversight. Future 
research should further explore long-term human–AI collaborative feedback models and develop 
safeguards that ensure the validity, reliability and educational integrity of AI-supported assessment across 
diverse learning environments. 
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