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Abstract:
This study examines an ethically designed, human-led AI-supported peer assessment framework in a seven-week EMI preparatory writing course with 96 first-year non-English major students (B2–C1) from three intact classes. A convergent parallel mixed-methods design drew on rubric-guided peer feedback, pre- and post-intervention surveys, reflective journals, and LMS analytics. Peer feedback improved in specificity, criterion alignment, and constructiveness (d = 0.87–1.03, p < .001), alongside assessment literacy (d = 0.96) and learner agency (d = 0.89). AI-supported engagement correlated positively with feedback quality (r = .57, 95% CI [.42, .69], n = 96). Journals showed students using AI to check and refine feedback while retaining responsibility for final decisions. Given the single-group pre–post design, findings do not establish causal effects of AI. The study shows how human-led GenAI integration can support peer assessment while preserving learner agency.
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KHI SINH VIÊN DẪN DẮT PHẢN HỒI: ĐÁNH GIÁ ĐỒNG ĐẲNG CÓ HỖ TRỢ AI THEO HƯỚNG ĐẠO ĐỨC TRONG VIẾT HỌC THUẬT
Tóm tắt
Nghiên cứu khảo sát khung đánh giá đồng đẳng có hỗ trợ AI theo hướng đạo đức, lấy con người làm trung tâm, trong khóa tiếng Anh dự bị EMI bảy tuần với 96 sinh viên năm nhất không chuyên (B2–C1) thuộc ba lớp. Thiết kế hỗn hợp hội tụ dùng phản hồi theo rubric, khảo sát, nhật ký phản ánh và dữ liệu LMS. Chất lượng phản hồi tăng về tính cụ thể, bám sát tiêu chí và tính xây dựng (d = 0,87–1,03), cùng năng lực đánh giá (d = 0,96) và chủ thể học tập (d = 0,89). Mức độ tương tác với AI tương quan thuận với chất lượng phản hồi (r = 0,57; 95% CI [0,42; 0,69]). Sinh viên dùng AI để kiểm tra phản hồi nhưng giữ quyết định cuối cùng. Thiết kế một nhóm không cho phép suy luận nhân quả.
Từ khóa: Trí tuệ nhân tạo, Năng lực đánh giá, Chủ thể học tập, Đánh giá đạo đức, Viết học thuật EMI
1 Introduction
Peer assessment is a well-established component of Assessment for Learning (AfL) in second language (L2) writing: it engages learners with assessment criteria, develops evaluative judgement, and supports revision through dialogue. In English-medium instruction (EMI) contexts it also supports assessment literacy and independent learning. Implementation remains inconsistent: students often produce overly general or insufficiently criterion-based comments that limit formative value and raise concerns about reliability and fairness.
Generative AI (GenAI) can scaffold this process through structured prompts, rubric-based guidance, and linguistic support rather than autonomous feedback generation, which may help in large EMI classrooms. Yet over-reliance may reduce critical engagement, obscure responsibility for assessment decisions, and weaken evaluative-judgement development, so research increasingly asks how AI can be integrated in pedagogically meaningful and ethically responsible ways.
This study investigates an ethical AI-supported peer assessment framework in an EMI preparatory writing course. The framework combines structured peer-review protocols, analytic rubrics, standardized AI prompting, and iterative feedback cycles, preserving learner ownership of feedback decisions. Drawing on Sociocultural Theory (SCT), AfL, and learner agency, it treats AI as a mediational scaffold that supports interaction and reflection rather than replacing human evaluation.
Three gaps remain. First, existing studies examine feedback quality in isolation (e.g., chatbot-supported peer feedback; Guo et al., 2024) or compare human and AI feedback as competing sources (Banihashem et al., 2024; Steiss et al., 2024), without tracking whether sustained participation changes students' assessment literacy or evaluative ownership. Second, an AI scaffold should be judged not only by whether it improves the feedback product but also by whether it strengthens the evaluative competence and agency peer assessment is meant to develop, which matters in EMI preparatory courses where students assume growing responsibility for academic writing. Third, ethical guidance on responsible AI use (Miao & Holmes, 2023; Xia et al., 2024) is better developed as principles than as classroom practice; few studies show, from students' perspectives, how the tension between AI assistance and evaluative ownership is negotiated.
The study examines how participation in this framework relates to feedback practices and student learning through four interrelated research questions:
RQ1. How does participation in an AI-supported peer assessment framework relate to changes in the quality of peer feedback in academic writing?
RQ2. How does participation in the framework relate to the development of students' assessment literacy?
RQ3. In what ways does participation in the framework relate to students' learner agency during peer assessment?
RQ4. How do students perceive the role of AI and their own responsibility in the peer feedback process?
The four questions form one interlocking inquiry: RQ1 addresses the feedback product; RQ2 and RQ3 the assessment literacy and agency that repeated peer assessment is expected to cultivate; and RQ4 students' perceptions of the human–AI division of evaluative responsibility underpinning the framework's ethical design. Examining them together matters because the central claim concerns how improvement can be pursued without displacing students' evaluative role.
The study contributes theoretically by integrating SCT, AfL, and learner agency into a framework in which AI is an ethically designed mediational scaffold rather than an autonomous evaluator; practically, by offering a structured EMI writing model combining analytic rubrics, repeated peer-review protocols, and standardized AI prompts; and to debates on responsible AI use by showing how transparency, accountability, and learner control can be embedded in AI-supported assessment.
This study examines AI-supported peer assessment in an EMI preparatory academic writing context, focusing on feedback quality, assessment literacy, learner agency, and students’ evaluative responsibility.
2 Literature review
2.1 Peer Assessment and Feedback in L2 Writing
Peer assessment positions learners as readers and evaluators of one another's work, developing evaluative judgement through engagement with criteria rather than reliance on teacher feedback alone. Its value is not automatic: a meta-analysis of 26 empirical studies found that the effectiveness of peer feedback in L2 writing varies substantially with implementation and learner conditions, with recurring weaknesses such as superficial, non-criterion-based comments and uneven quality (Vuogan & Li, 2023). The focus thus shifts from participation to the quality of evaluative engagement, making assessment literacy, explicit criteria, and scaffolding central design considerations.
2.2 Theoretical Perspectives
The study draws on three complementary perspectives. SCT conceptualizes learning as socially mediated through interaction, language, and cultural tools, including digital technologies (Vygotsky, 1978); peer feedback offers a dialogic space for negotiating meaning within the Zone of Proximal Development, and AI can be seen as part of the mediational environment rather than an assessment authority.
AfL frames assessment as integral to learning, requiring clear expectations, engagement with criteria, and feedback that informs later learning (Black & Wiliam, 1998). Assessment literacy, the capacity to interpret criteria and apply them in making and explaining evaluative judgements, is central and develops when learners hold genuine evaluative responsibility rather than merely receiving feedback (Carless & Boud, 2018).
Learner agency refers to students' capacity to act intentionally in relation to their learning (Bandura, 2001); it becomes visible when students interpret criteria, make judgements, and decide how evaluative information is used, but is not automatic, as learners may defer to teacher authority or lack confidence. Here, “students as feedback leaders” remain responsible for interpreting criteria, generating peer feedback, evaluating AI suggestions, and making final decisions about the feedback they provide.
2.3 Generative AI, Peer Assessment, and Ethical Scaffolding
Large language models bring flexible natural-language interaction into education, with potential for personalized support but also concerns about accuracy, over-reliance, and ethical use (Kasneci et al., 2023). Guo et al. (2024) reported improved feedback quality and reviewers' writing ability in an AI-supported EFL peer-feedback intervention. Comparative research suggests complementarity rather than substitution: Banihashem et al. (2024) found differences between peer- and AI-generated feedback in essay writing, while Steiss et al. (2024) found that trained human evaluators outperformed ChatGPT on several formative-feedback dimensions. Noroozi et al. (2025) showed that some students deliberately limited GenAI use because they valued independent effort. These findings accord with guidance emphasizing human agency, transparency, accountability, and responsible use (Miao & Holmes, 2023; Xia et al., 2024). The study therefore treats ethical AI-supported peer assessment as a human–AI–peer process in which AI offers prompts and rubric-oriented scaffolding while students retain evaluative authority.
2.4 Conceptual Framework and Research Gap
The three perspectives are complementary: SCT explains peer interaction and mediation; AfL shared criteria and iterative feedback; and learner agency students' ownership of evaluative decisions. GenAI is positioned as a mediational scaffold offering targeted prompts, rubric-oriented checking, and opportunities for reflection, not as an autonomous evaluator; students decide whether to accept, modify, or reject its suggestions (Figure 2.1).[image: ]
Figure 2.1
Conceptual Framework for Ethical AI-Supported Peer Assessment
Note. SCT = Sociocultural Theory; AfL = Assessment for Learning. Solid arrows indicate theoretical input into designing GenAI as a mediational scaffold; the dashed arrow indicates that final evaluative authority is retained by students.
GenAI can scaffold student reviewers (Banihashem et al., 2024), and human and AI feedback have different strengths (Noroozi et al., 2025; Steiss et al., 2024); the open question is how AI's role can be pedagogically governed. Few studies combine AI scaffolding, shared criteria, peer interaction, and student responsibility for final decisions while examining feedback quality, assessment literacy, and learner agency together, and AI's value depends on transparent coordination of prompts, rubrics, and human oversight. This study addresses this gap in an EMI preparatory writing context.
Rather than testing whether AI independently improves peer assessment, the study examines how a structured AI-supported process is associated with changes in these three outcomes, with qualitative evidence on students' perceptions of AI and evaluative responsibility; the framing is deliberately non-causal.
3 Methodology
3.1 Research Approach and Design
A convergent parallel mixed-methods design was used: quantitative and qualitative data were collected during the same intervention, analyzed separately, and integrated during interpretation (Creswell & Plano Clark, 2018). The quantitative strand examined changes in feedback quality, assessment literacy, and learner agency; the qualitative strand explored students' experiences of AI-supported peer assessment and evaluative responsibility. SCT, AfL, and learner agency (operationalized as responsibility for generating, evaluating, and regulating feedback) informed the design.
3.2 Setting and Participants
The study took place in a seven-week (105-hour) preparatory English course for EMI programs at a Vietnamese university, focused on paragraph and short-essay development. The three intact sections (31, 33, and 32 students), taught by the same instructor, were at a comparable proficiency level and followed the same objectives, assessment procedures, analytic rubric, standardized AI prompt, and peer-assessment sequence. GPT-5.5, accessed through an LMS-linked interface with the same prompt throughout, served only as a feedback-refinement scaffold: it prompted students to examine the specificity, criterion alignment, and constructiveness of their draft feedback but did not grade, rank, rewrite final feedback, or make final decisions.
Participants were 96 first-year non-English major students (CEFR B2–C1) aged 18–20 (41 female, 42.7%; 55 male, 57.3%). All enrolled students were invited and all 96 consented; none was excluded for non-consent or missing responses. Participation did not affect grades. Students were assigned to stable peer groups of three to four within their classes, unchanged throughout.
3.3 Data Collection Procedure
Data collection spanned seven weeks: Week 1 for baseline measurement and orientation, Weeks 2–6 for five peer-assessment cycles, and Week 7 for post-intervention measurement and final reflection. Cycle 1 (Week 2) and Cycle 5 (Week 6) served as the early and late feedback measurements. Each cycle combined independent writing, independent peer review, AI-supported feedback checking, evaluation of AI suggestions, final peer feedback, and revision, with students responsible for all final decisions.
[image: ]
Figure 3.1
Repeated AI-Supported Peer Assessment Cycle (Weeks 2–6)
Note. Steps 3 and 4 are the AI-supported stages; students retained authorship of the final feedback in Step 5. The dashed arrow indicates the transition between cycles (Weeks 2–6). Cycle 1 was the early and Cycle 5 the late measurement.
Students first wrote a task without AI, then independently reviewed a peer's draft and drafted feedback with the course rubric. They then submitted their draft feedback to GPT-5.5 with a standardized prompt aligned with the three feedback-quality dimensions, which asked the system to review the feedback for specificity, criterion alignment, and constructiveness, identify vague, unsupported, or insufficiently actionable comments, and ask questions that might help improve it, and instructed it not to rewrite the feedback or score the writer:
“Review my draft peer feedback against the criteria of specificity, criterion alignment, and constructiveness. Identify comments that are vague, unsupported, or insufficiently actionable. Ask questions that may help me improve the feedback. Do not rewrite the feedback for me and do not assign a score to the writer.”
Students examined the AI response and decided whether to accept, modify, or reject each suggestion, so the final feedback sent to peers was student-authored and student-approved; the writer then used it to revise the text, and the completed cycle fed the next task.
3.4 Instruments and Measurement
Peer feedback quality was assessed in a corpus of students' written comments using a five-point analytic rubric developed specifically for this study (Table 3.1), with specificity, criterion alignment, and constructiveness scored separately. A score of 1 indicated minimal or absent evidence of the dimension, 3 partially developed performance, and 5 clear, specific, criterion-referenced, and actionable feedback.
Table 3.1
Analytic Rubric for Peer Feedback Quality
	Dimension
	Operational definition
	Scoring

	Specificity
	Degree to which feedback identifies a clear feature, problem, or strength in the peer's writing
	1–5

	Criterion alignment
	Degree to which feedback is explicitly connected to the stated assessment criteria
	1–5

	Constructiveness
	Degree to which feedback explains the issue and offers a useful direction for revision
	1–5


Concerning instrument development and validity, the rubric was developed to reflect the feedback practices targeted in the intervention, informed by work on formative assessment and feedback literacy (Black & Wiliam, 1998; Carless & Boud, 2018). Before use, its descriptors were reviewed by three experienced EFL writing and assessment instructors for relevance, clarity, and alignment with the study objectives and course assessment criteria, and minor wording revisions were made. Inter-rater reliability is reported in Section 3.5.
The assessment literacy and learner agency surveys were also newly developed rather than adopted from validated instruments. Each comprised six five-point Likert items informed by formative assessment and feedback literacy (Black & Wiliam, 1998; Carless & Boud, 2018) and learner agency (Bandura, 2001). Assessment literacy items addressed interpreting and applying assessment criteria, discriminating stronger from weaker writing, and explaining evaluative decisions; learner agency items addressed evaluative confidence, responsibility and ownership of feedback decisions, and willingness to exercise independent judgement.
The same three instructors reviewed the item pools for content relevance, clarity, and construct alignment, and the revised instruments were piloted with 12 students similar in academic level and course background to the target sample but not in the main study. Pilot feedback on item clarity and interpretation led to minor wording revisions. These procedures offer preliminary evidence of content relevance and comprehensibility, not full psychometric validation.
Internal consistency was examined separately before and after the intervention: Cronbach's alpha was .84 and .87 for assessment literacy and .82 and .86 for learner agency. These coefficients are preliminary evidence of internal consistency in this sample, not full-scale validation; the item-level dataset was retained to permit reproduction of the reported coefficients.
Reflective journals collected throughout the intervention addressed peer interaction, AI-supported scaffolding, evaluative confidence, responsibility, and control over feedback decisions, and were used mainly for RQ3 and RQ4. LMS records captured AI-supported engagement, operationalized as the number of logged AI feedback-refinement sessions per student. Table 3.2 maps research questions, variables, data sources, and analyses.
Table 3.2
Research Questions, Variables, Data Sources, and Analyses
	RQ
	Variable / focus
	Data source
	Analysis

	RQ1
	Feedback quality
	Peer feedback corpus; analytic rubric
	Paired-sample t-tests; Cohen's d

	RQ2
	Assessment literacy
	Pre-/post-intervention survey
	Paired-sample t-test; Cohen's d

	RQ3
	Learner agency
	Pre-/post-intervention survey; reflective journals
	Paired-sample t-test; Cohen's d; thematic analysis

	RQ4
	AI role and evaluative responsibility
	Reflective journals
	Thematic analysis

	Suppl.
	AI-supported engagement and feedback quality
	LMS records + feedback scores
	Pearson correlation; p; 95% CI


3.5 Rater Training and Inter-Rater Reliability
Two trained EFL writing instructors independently rated the peer feedback corpus with the rubric in Table 3.1, after a calibration session on representative samples excluded from the main analysis. To reduce expectancy bias, the 24 feedback records used for formal reliability analysis were anonymized and presented without cycle information; the sample was stratified across early and late cycles (12 each). Inter-rater reliability was estimated with a two-way random-effects, absolute-agreement, single-measure intraclass correlation coefficient (ICC[2,1]) (Koo & Li, 2016). Final feedback-quality scores were the mean of the two raters' scores.
3.6 Data Analysis
Changes in the three feedback-quality dimensions between Cycle 1 and Cycle 5, and pre–post differences in assessment literacy and learner agency, were examined with paired-sample t-tests, reporting Cohen's d (significance at p < .05). Pearson's correlation examined the relationship between AI-supported engagement and late-cycle overall feedback quality, reported with r, p, n, and a 95% confidence interval; given the single-group pre–post design without an AI-free comparison, it was interpreted as an association, not evidence of a causal effect of AI.
Reflective journals were analyzed thematically following Braun and Clarke (2006): initial coding addressed peer interaction, use of criteria, feedback development, AI use, evaluative confidence, responsibility, and learner control; related codes were grouped into broader themes and reviewed against all entries. Quantitative and qualitative findings were integrated during interpretation, with convergent patterns deepening interpretation and divergent patterns retained as potentially informative.
3.7 Ethical Considerations
Ethical procedures included informed consent, confidentiality, and data anonymization. Students were informed of the study's purpose, the role and limitations of AI, and the distinction between AI suggestions and formal assessment decisions; participation was voluntary, with withdrawal possible without academic penalty.
4 Findings
4.1 Peer Feedback Quality and Inter-Rater Reliability (RQ1)
Peer feedback improved on all three quality dimensions between Cycle 1 and Cycle 5 (Table 4.1): mean differences were .70 for specificity, .72 for criterion alignment, and .68 for constructiveness, all statistically significant with large effect sizes.
Table 4.1
Changes in Peer Feedback Quality Across the Intervention
	Measure
	Early M (SD)
	Late M (SD)
	t(95)
	p
	Cohen's d

	Specificity
	3.05 (0.62)
	3.75 (0.64)
	10.09
	< .001
	1.03

	Criterion alignment
	3.12 (0.66)
	3.84 (0.63)
	9.60
	< .001
	0.98

	Constructiveness
	3.18 (0.60)
	3.86 (0.62)
	8.52
	< .001
	0.87


The largest differences were for criterion alignment (0.72) and specificity (0.70), then constructiveness (0.68), with Cohen's d from 0.87 to 1.03. Early comments were often brief and evaluative (e.g., “good” or “needs improvement”); later feedback more often identified particular textual features, referred explicitly to rubric criteria, and suggested a direction for revision, consistent with the quantitative movement.
Inter-rater reliability for the overall feedback-quality score (mean of the three dimensions) was high, ICC(2,1) = .89, 95% CI [.77, .95], calculated from the 24 double-rated records, supporting the consistency of the ratings.
4.2 Assessment Literacy and Learner Agency (RQ2, RQ3)
Assessment literacy and learner agency both increased significantly from pre- to post-intervention with large effects (Table 4.2). Both scales showed acceptable internal consistency (Section 3.4).
Table 4.2
Pre- and Post-Intervention Assessment Literacy and Learner Agency
	Measure
	Pre M (SD)
	Post M (SD)
	t(95)
	p
	Cohen's d

	Assessment literacy
	3.26 (0.59)
	3.98 (0.57)
	9.41
	< .001
	0.96

	Learner agency
	3.41 (0.54)
	4.05 (0.52)
	8.72
	< .001
	0.89


For assessment literacy, early reflections commonly focused on whether a text was “good,” “clear,” or “interesting,” whereas later reflections referred to specific criteria and justified why a feature needed attention; students described becoming more aware of writing quality through evaluating peers' texts.
For learner agency, early entries conveyed uncertainty about being qualified to judge peers' writing or a preference for teacher confirmation; later reflections emphasized responsibility for helping peers improve and greater willingness to make independent judgements, and students described checking AI suggestions against their own reading of the rubric before using them.
4.3 AI-Supported Engagement and Feedback Quality 
LMS records were used to examine the relationship between AI-supported engagement (number of logged feedback-refinement sessions) and feedback quality (Table 4.3).
Table 4.3
Association Between AI-Supported Engagement and Feedback Quality
	Variables
	r
	95% CI
	p
	n

	AI-supported engagement – late overall feedback quality
	.57
	[.42, .69]
	< .001
	96


Students with more frequent engagement in AI-supported refinement tended to have higher late-cycle overall feedback quality (r = .57, 95% CI [.42, .69], p < .001, n = 96). This is an association, not evidence of a causal effect of AI: there was no AI-free control, and prior writing ability, motivation, or general participation may have contributed.
4.4 Students' Perceptions of AI and Evaluative Responsibility (RQ4)
Thematic analysis of reflective journals identified three themes. The first was AI as a checking and refinement tool: students used AI to examine whether their comments were specific, connected to the rubric, and actionable, particularly when initial feedback was too general.
“At first I wrote only that the paragraph was good. I could not explain clearly which part was good. The AI question made me go back to the paragraph and give a reason for my comment.”
“I mainly used the AI to check my comment. I did not want it to write the feedback because I still needed to understand why the comment would help my classmate.”
The second theme was continued student responsibility for evaluative decisions: students distinguished between receiving an AI suggestion and deciding whether it suited the peer's text and the criteria.
“Sometimes I did not agree with the suggestion. It sounded reasonable, but when I read my friend's paragraph again, I saw that it did not really match the point of the paragraph, so I changed it or did not use it.”
“I still felt that I was the one giving the feedback. The AI gave me another idea, but I had to decide whether it was suitable for the paragraph and for the rubric.”
The third theme was tension between assistance and over-reliance: students recognized that polished AI suggestions could seem persuasive even when not fully appropriate to the specific text.
“When the AI suggestion sounded very professional, I wanted to accept it immediately because it looked better than my sentence. But then I checked the paragraph again and thought about whether it was really relevant.”
“When I was not sure, I read the original paragraph and the rubric again before using the suggestion. Otherwise, I think it would be easy to depend on the AI too much.”
Taken together, these excerpts illustrate the three-part pattern that the qualitative analysis is intended to document: students used AI to interrogate and refine their own feedback, retained responsibility for final decisions, and recognized the risk that fluent AI output could encourage premature acceptance. 
5 Discussion and implications
5.1 Discussion
The findings show improvements in peer feedback quality, assessment literacy, and learner agency, supported by quantitative results and converging qualitative evidence. From an SCT perspective, the shift from general to specific, criterion-aligned, and constructive feedback is consistent with evaluative understanding developing through socially mediated activity (Vygotsky, 1978). The findings also align with AfL: repeated engagement with shared criteria gave students opportunities to use assessment information during learning (Black & Wiliam, 1998), and the gain in assessment literacy suggests growing capacity to apply criteria. Greater confidence and responsibility in giving feedback and more agentive self-positioning in reflections fit the view that agency develops through meaningful responsibility.
The association between AI-supported engagement and feedback quality (r = .57) should be read cautiously: the design does not show that AI caused the differences, and prior proficiency, motivation, and general engagement may contribute, although qualitative evidence that students used AI to check and refine comments rather than adopt suggestions fits the human-led design.
These results extend prior work in two ways. Guo et al. (2024) found that AI-supported peer feedback improved feedback quality and reviewers' writing ability among EFL students without separately tracking assessment literacy or agency; the present gains in feedback quality (d = 0.87–1.03) are broadly comparable, and literacy and agency changed alongside them, suggesting the outcomes may be mutually reinforcing. Banihashem et al. (2024) and Steiss et al. (2024) report that AI- and human-generated feedback differ and that trained human raters can outperform AI on several formative dimensions; here AI only interrogated student-authored feedback, which may explain why engagement correlated positively with feedback quality (r = .57) without evidence of wholesale adoption of AI output. The pattern also fits Noroozi et al. (2025), who found that roughly half of students deliberately limited GenAI use because they valued independent effort, mirrored here by students checking AI suggestions against the rubric.
A plausible mechanism is that the AI-supported step functioned less as a source of new evaluative content than as a forcing function for metacognitive reflection: justifying or revising a comment against explicit criteria, whether prompted by a partner or by the AI's questions, appears to have moved students from evaluative to diagnostic feedback, consistent with the AfL principle that criteria are internalized through repeated criterion-referenced use rather than exposure alone (Black & Wiliam, 1998; Carless & Boud, 2018). The ethical tension under RQ4, that polished AI suggestions can persuade even when inappropriate, is a pedagogical problem the design does not fully resolve: students' reports of “checking” AI suggestions are self-reported and were not verified against trace data (e.g., whether rejected suggestions differed systematically from accepted ones), so reliance on AI may have been under-reported through social desirability.
5.2 Theoretical and Pedagogical Implications
The study contributes theoretically by bringing SCT, AfL, and learner agency together within a human-led, GenAI-mediated assessment process. It offers not a new theory of AI-supported assessment but a clearer account of how evaluative responsibility can be distributed between students and AI without delegating final judgement. Pedagogically, the findings support a design in which students first generate and evaluate peer feedback independently, then use GenAI to interrogate it against explicit criteria, and finally retain responsibility for the submitted judgement.
For EMI preparatory writing, teachers can constrain GenAI to prompts that expose gaps in students' reasoning and send them back to the rubric and source text rather than generating ready-made comments. AI then adds a structured checking stage to a learner-led process rather than substituting for teacher or peer judgement, provided efficiency does not displace interaction, judgement, or transparency.
5.3 Limitations and Future Research
Several limitations should be considered. First, the study was conducted in one institutional and instructional context with 96 first-year students in three intact sections taught by the same instructor. A single instructor reduces variation in teaching style, but the design cannot show how the framework would work with other instructors or contexts; minor differences among intact classes may also have affected outcomes.
Second, the seven-week single-group pre–post design shows short-term change but cannot establish that AI caused the improvements: there was no AI-free comparison and no statistical control for prior writing ability, motivation, or general engagement, so the engagement–quality correlation is associational. With only three intact sections, no multilevel model was estimated.
Third, learner agency was assessed partly through self-report, which may be affected by response bias. The surveys were newly developed; the internal-consistency estimates are encouraging, but broader psychometric validation, including larger samples and factor-analytic work, is needed.
Furthermore, the findings reflect one implementation (GPT-5.5, standardized prompts, rubric-guided peer review, explicit student oversight); other models, prompts, or arrangements may produce different patterns. 
The final limitation concerns the newly developed instruments. Although they underwent expert review, pilot refinement, and showed high inter-rater reliability and acceptable internal consistency, these procedures do not constitute full psychometric validation. Their broader construct validity and transferability therefore require testing with larger and more diverse samples.
Future research should use comparative and longitudinal designs with AI-supported and non-AI peer-assessment conditions, controlling for initial proficiency, prior writing ability, and engagement, to clarify GenAI's contribution and test whether gains persist. It should compare forms of AI scaffolding, move from self-reported AI use to trace-level evidence of which suggestions students accept, modify, or reject, and compare patterns across proficiency levels, disciplines, instructors, and EMI contexts to establish when AI support strengthens evaluative judgement and when it risks displacing it.
6 Conclusion
This study examined an ethically designed, human-led AI-supported peer assessment framework, focusing on feedback quality, assessment literacy, learner agency, and students' perceptions of AI-supported evaluation. Participation in repeated peer assessment was associated with improvements in the specificity, criterion alignment, and constructiveness of peer feedback, and in assessment literacy and learner agency. The positive association between AI-supported engagement and feedback quality suggests that greater participation in refinement went with stronger feedback, although it is not evidence that AI caused the improvements.
The framework positioned GenAI as a mediational scaffold rather than an autonomous evaluator: students interpreted the rubric, examined peers' writing, evaluated AI suggestions, and made final decisions about their feedback. This allocation of responsibility is the study's central pedagogical and ethical implication. Findings remain bounded by the single-institution context, short duration, self-report measures, new scales, and non-experimental design. The educational value of GenAI in peer assessment lies not simply in what the technology can produce but in how pedagogical design keeps students responsible for the evaluative work peer assessment is meant to develop.
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