Operationalising Responsible Generative AI Use in Academic Research: Design and Preliminary Evaluation of a Multi-Component Training Model in Teacher Education
Abstract: Generative artificial intelligence (GenAI) is increasingly used in university students’ academic research, yet responsible use requires more than access to AI tools or prompt-writing skills. Students also need to critically evaluate AI-generated information, verify sources, disclose AI use, revise AI outputs, and remain accountable for final academic products. This study describes the design and preliminary evaluation of a multi-component training model intended to operationalise responsible GenAI use in academic research within teacher education. The model integrated foundational GenAI instruction, prompt-writing training, AI tools for research support, academic ethics, a research-based post-training assignment, an AI Transparency Appendix, rubric-based assessment, and post-training support. A descriptive preliminary evaluation was conducted with 23 student research groups comprising 79 teacher education students in Viet Nam. Post-training products were assessed using a 100-point rubric covering research product quality and responsible AI use, supplemented by a post-training survey and open-ended responses. Of the 23 groups, 11 submitted complete research assignments, nine submitted partial AI-related evidence, and three provided no assessable submission. Among complete submissions, the mean total score was 63.82 ± 11.42. Students performed relatively better in methodology and prompt quality/tool appropriateness, but showed weaker performance in literature review, AI transparency, source verification, and critical revision of AI-generated outputs. Sixty-three valid survey responses indicated positive self-reported perceptions of AI-related knowledge, ethics awareness, prompting competence, and training usefulness, while reported frequent AI-use behaviours were lower. Because product-based evidence was limited to 11 complete group submissions and the rubric was scored by a single rater, the findings are interpreted as preliminary, implementation-informed evidence rather than evidence of training effectiveness. The findings suggest that responsible GenAI education should move beyond tool introduction toward structured, product-based, and transparency-oriented learning designs. Integrating transparency documentation with rubric-based assessment may help make responsible AI practices more observable, assessable, and supportable in student academic research.
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1. Introduction
Generative artificial intelligence (GenAI) is increasingly being integrated into higher education, creating new possibilities for supporting learners in information search, idea generation, summarisation, academic writing, and complex learning tasks (Kasneci et al., 2023; Zawacki-Richter et al., 2019). Large language models such as ChatGPT have changed how students access and process knowledge, while also raising challenges related to accuracy, reliability, source verification, transparency, and the role of human judgment in knowledge production (Kasneci et al., 2023). These challenges are particularly important in student academic research, where learners are expected not only to use available tools, but also to justify claims, cite evidence, and remain accountable for the final research product.
AI literacy is commonly understood as more than the ability to operate AI tools. It includes understanding how AI works, evaluating AI outputs, recognising technological limitations, and addressing ethical issues (Long & Magerko, 2020; Ng et al., 2021). Recent studies further suggest that AI literacy is multidimensional, involving cognitive, behavioural, affective, and ethical components; therefore, AI competence should be understood in relation to specific contexts of use rather than as a single technical skill (Koch et al., 2024; Lintner, 2024; Ng et al., 2024). UNESCO similarly emphasises that learners’ AI competence should be connected to safe, meaningful, and responsible AI use in educational contexts (UNESCO, 2024).
A continuing limitation in AI-related teaching and training is that responsible AI use is often presented as a general principle rather than translated into observable learning practices. In academic research training, simply advising students to use AI responsibly may be insufficient. Students need structured opportunities to document how AI was used, verify AI-generated information, revise or reject AI outputs, and explain their own contribution to the final work. From a technology-enhanced learning perspective, this points to the need for learning designs in which responsible AI use is embedded in authentic tasks, documented through traceable artefacts, and assessed as part of the research process.
This issue is especially relevant in teacher education. Teacher education students are not only university learners completing academic research assignments; they are also future educators who may later guide pupils in technology-rich learning environments. For this group, responsible GenAI use has a dual significance: it supports students’ own academic research and contributes to their professional preparation for digitally mediated educational practice. In Viet Nam, recent policy and competency frameworks have increased attention to digital competence and responsible technology use in higher education, while public discussion of AI in education has also expanded (Ministry of Education and Training, 2025a, 2025b; OECD, 2023; UNESCO, 2024; UNICEF Viet Nam, 2025).
In response to this need, a multi-component training model was designed to support responsible GenAI use in academic research among teacher education students. The model combined foundational GenAI training, prompt writing, AI tools for research support, practice with research-related tasks, an AI Transparency Appendix, rubric-based product assessment, and post-training support channels. Students were required to complete research tasks related to their registered topics, including literature review, research rationale and scope, methodology, references, and citations. They also submitted an AI Transparency Appendix documenting AI tools used, prompts, AI-generated outputs, student edits or verification, and any errors or risks encountered.
This study contributes to research on technology-enhanced learning in three ways. First, it presents a training model that operationalises responsible GenAI use as a set of academic research practices rather than as a general ethical statement. By requiring students to document AI tools, prompts, generated outputs, human edits, verification decisions, and encountered risks, the AI Transparency Appendix functioned as a pedagogical scaffold for transparency, traceability, and learner accountability. Second, the study connects responsible AI use with product-based assessment. The rubric assessed not only the quality of the research report, but also how students disclosed, verified, revised, and ethically handled AI-supported work. Third, the study provides preliminary implementation evidence from teacher education, where students’ responsible AI practices are relevant both to their own academic research and to their future professional roles as educators. In this way, the study offers a transferable design approach for higher education institutions seeking to integrate responsible GenAI use into student research training.
This study aimed to describe the design and preliminary evaluation of a multi-component training model supporting responsible GenAI use in student academic research. The study addressed the following research questions:
1. How was the multi-component training model designed to support responsible GenAI use in student academic research?
2. To what extent did students complete the post-training assignment, as indicated by submission status and rubric-based assessment?
3. What strengths and weaknesses did the rubric reveal in research product quality, AI transparency, information verification, handling of AI-generated outputs, and academic ethics?
4. What did the post-training survey and open-ended responses reveal about students’ perceived knowledge, AI ethics awareness, prompting competence, AI use behaviours, and continuing support needs?
2. Methods
2.1. Study design
This study used a descriptive preliminary evaluation design to examine a multi-component training model intended to support responsible GenAI use in student academic research. The study did not aim to establish causal effects or evaluate intervention effectiveness in an experimental sense. Instead, it focused on describing the design, implementation, and initial outcomes of the model using multiple sources of evidence: a research-based assignment, an AI Transparency Appendix, rubric-based product assessment, a post-training survey, and open-ended student responses.
This design was appropriate for the early stage of developing and refining a training model, where the main purpose was to examine feasibility, task completion, observed responsible AI-use practices, and students’ continuing support needs. The evaluation was therefore interpreted as implementation-informed evidence rather than as a definitive test of training effectiveness.
2.2. Context and participants
The study was conducted at a public university in Viet Nam within a training and support programme designed to promote responsible GenAI use in academic research among teacher education students. The primary target participants were students who had registered for student research projects in the social sciences and humanities during the 2025–2026 academic year. These students came from four teacher education programmes: English Language Teacher Education, Literature Teacher Education, Primary Education, and Early Childhood Education. In total, 23 student research projects involving 79 officially registered students were included in this implementation context.
In addition to students directly involved in registered research projects, the training activities were open to other interested students and staff. For this reason, the evaluation distinguished between the number of students participating in training, the number of groups assigned post-training tasks, the number of groups submitting complete research products, the number of groups submitting partial AI-related evidence, and the number of groups with no assessable product.
2.3. Multi-component training model
The training model consisted of multiple components: foundational knowledge about GenAI, prompt writing, AI tools for research support, application of AI to specific research tasks, academic ethics and regulations, a post-training research assignment, an AI Transparency Appendix, and post-training support channels. The overall structure of the multi-component training and preliminary evaluation model is illustrated in Figure 1.
The baseline needs assessment was used to inform the design of the training and was not treated as an outcome in the present preliminary evaluation.
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Figure 1. Multi-component training and preliminary evaluation model for responsible GenAI use in student academic research.
2.3.1. Foundational knowledge about GenAI and prompt writing
The training introduced the concept of GenAI, how GenAI systems generate outputs, and their potential benefits and limitations for academic research. Limitations such as hallucination, bias, fabricated references, and misinformation were emphasised to help students understand that AI should be treated as a support tool requiring human judgment and verification rather than as an authoritative source of knowledge.
Students were also introduced to prompt writing using the R-C-T-F process: Role, Context, Task, and Format. This approach was designed to help students construct prompts that were clear, contextualised, and aligned with academic research tasks.
2.3.2. Application of AI to research tasks
The training introduced several AI tools that could support academic research tasks, including ChatGPT, NotebookLM, and Perplexity. These tools were introduced in relation to specific research activities rather than as general-purpose applications. ChatGPT was used for tasks such as idea generation, outlining, drafting, and editing. NotebookLM was introduced to support literature review, summarisation and synthesis of documents, research gap identification, and support for developing methodology sections. Perplexity was introduced as a tool for searching literature, finding updated information, and checking sources.
Linking AI tools to specific research tasks was an important feature of the training model. The aim was not only to increase awareness of available tools, but also to help students understand how to select, combine, and verify tools at different stages of the research process.
2.3.3. Academic ethics, citation, and responsible AI use
One component of the training focused on institutional regulations related to student research, research ethics, research report presentation, and citation practices. The training emphasised appropriate use of citation styles such as APA or IEEE depending on the disciplinary context.
Students were also introduced to principles of responsible AI use, including transparency in AI use, not treating AI as an author, not using AI to replace the academic responsibility of the researcher, and verifying AI-generated content before incorporating it into research products. These principles were linked directly to the post-training assignment and the AI Transparency Appendix so that responsible AI use would be practised rather than only discussed.
2.3.4. Post-training support ecosystem
After the training, several support channels were provided, including a support blog, a Zalo discussion group, and a planned chatbot for questions related to academic research and AI use. These channels were intended to help students continue asking questions, seeking resources, receiving guidance, and addressing difficulties during research task completion.
In this study, the blog, Zalo group, and chatbot were described as support components of the training ecosystem. They were not treated as primary outcomes because complete usage log data were not available. These support channels were therefore included to describe the intervention context, but they were not analysed as independent intervention components.
2.4. Post-training assignment
After the first workshop, student groups were asked to apply the AI tools introduced in training to their registered research topics. The post-training assignment required students to write a literature review, formulate the research rationale and scope where relevant, describe the research methodology, identify and organise references, and apply the required citation style.
The submitted product consisted of a research report and an AI Transparency Appendix. The assignment was designed as an authentic research-related task linked to students’ actual research topics, allowing observation of how students applied AI across specific stages of academic research rather than relying only on post-training perceptions.
2.5. AI Transparency Appendix
Each group was required to submit an AI Transparency Appendix together with the research report. The appendix required students to document the project title, group members, AI tools used, exact prompts entered, AI-generated outputs, student edits, verification or rejection of AI outputs, and any errors or risks encountered, such as fabricated sources or incorrect responses.
In this study, the AI Transparency Appendix was treated as a pedagogical scaffold designed to promote transparency, traceability, and learner accountability. Requiring students to document AI tools, prompts, outputs, human edits or verification, and encountered risks helped translate responsible AI use into a practice that could be observed, supported, and assessed. Thus, the appendix was not merely an attachment to the assignment; it was a component of the learning design intended to cultivate habits of disclosure, verification, and accountability in AI-assisted academic research.
2.6. Rubric-based product assessment
The post-training assignment was assessed using a 100-point rubric consisting of two main domains: research product quality and responsible AI use. The research product quality domain accounted for 50 points and included literature review (20 points), research rationale/scope (10 points), proposed methodology (10 points), and references/citations (10 points). The responsible AI use domain accounted for 50 points and included AI transparency (15 points), prompt quality and tool appropriateness (10 points), verification of AI-supported information and sources (10 points), handling and critical revision of AI-generated outputs (10 points), and academic ethics/responsible AI use (5 points).
The research quality score was calculated as the sum of the criteria in the research product quality domain, with a maximum of 50 points. The responsible AI use score was calculated as the sum of the criteria in the responsible AI use domain, with a maximum of 50 points. The total score was the sum of the two domains, with a maximum of 100 points.
The rubric was developed for this implementation by aligning the assessment criteria with the training objectives, the required components of the post-training research assignment, and the information requested in the AI Transparency Appendix. The first domain captured the quality of the research product, while the second captured observable practices related to responsible AI use. The criteria were therefore intended to provide a structured, content-aligned assessment of the assignment rather than a general measure of AI literacy or a psychometrically validated scale.
The submitted products were assessed by one author using the rubric. Because this was a preliminary single-rater implementation, the scores were interpreted descriptively and formatively; inter-rater reliability could not be estimated, and the rubric scores should not be treated as validated measurement of student competence.
The post-training assignment instructions, AI Transparency Appendix, and assessment rubric were used as internally aligned assessment materials within the training model. Their purpose was to make selected research-quality and responsible-AI practices observable in submitted products and to identify areas requiring further instructional support.
2.7. Post-training survey
In addition to the practical assignment, students completed a post-training survey to report their perceived knowledge, AI ethics awareness, prompting competence, AI use behaviours, and evaluation of the training. The survey included 5-point Likert-type scales covering knowledge of AI applications in academic research, ethics and academic integrity when using AI, prompting competence, AI use behaviours in academic research, perceived quality and usefulness of the training, bias-control items, and open-ended questions.
Domain scores were calculated as the mean of items within each domain. Before analysis, duplicate survey entries were removed so that each valid respondent contributed only one record. Positive response rates were calculated as the proportion of students selecting scores of 4 or 5. For agreement scales, scores of 4-5 were interpreted as agree or strongly agree; for AI-use behaviour frequency items, scores of 4-5 were interpreted as frequently or very frequently. Internal consistency reliability was assessed using Cronbach’s alpha.
The post-training survey was developed for this evaluation by organising items around the training objectives and the domains that the programme sought to support: knowledge of AI applications in research, ethics and academic integrity, prompting competence, AI-use behaviours, and perceived training quality/usefulness. The survey was intended to capture students’ self-reported perceptions and behaviours after training; it was not designed as, or intended to replace, a standardised AI literacy scale. These self-reported data were therefore analysed as a distinct evidence source and interpreted alongside, but not as equivalent to, the rubric-based evidence from submitted research products.
2.8. Open-ended post-training responses
The post-training survey also included open-ended questions about the stages of research in which students applied AI, the main difficulties they encountered when using AI in research, the additional training content they wanted, and their suggestions for blog or chatbot support for academic research.
Open-ended responses were analysed using multi-code thematic coding. An initial coding frame was developed through repeated reading of the responses and was refined during coding to capture recurring patterns in AI application, difficulties, desired training content, and support needs. A single response could be assigned to multiple themes if it contained more than one idea. Because this was a descriptive preliminary evaluation, the qualitative coding was used to summarise implementation patterns rather than to produce an independently validated qualitative model.
2.9. Data analysis
Data analysis was conducted in four steps. First, assignment completion was described using the number and percentage of groups in three categories: complete research assignment, partial AI-related evidence without a complete research report, and no assessable submission.
Second, rubric results were analysed for the groups with complete research assignments. Scores were reported using mean, standard deviation, median, interquartile range, minimum, maximum, and percentage of the maximum possible score for each criterion. Reporting percentages of maximum scores was necessary because rubric criteria used different point ranges.
Third, the post-training survey was analysed using descriptive statistics. Domain scores were calculated as mean item scores. Results were reported using mean, standard deviation, median, interquartile range, and positive response rates. Cronbach’s alpha was used to assess internal consistency reliability.
Fourth, open-ended responses were coded thematically and reported using frequencies and percentages. These qualitative findings were used to clarify students’ difficulties and continuing support needs after training.
2.10. Ethical considerations
The survey and evaluation activities were conducted in an educational training context. Participation in the survey was voluntary, and students were informed that the data would be used in anonymised form for research and reporting purposes. Survey responses were processed anonymously and did not affect students’ academic results. For assignment products and AI Transparency Appendices, group information was coded during analysis to protect confidentiality. Further details on consent, confidentiality, and institutional data-use conditions were documented for editorial review where required.
3. Results and Discussion
3.1. Post-training assignment completion
A total of 23 groups were assigned post-training research tasks. Of these, 11 groups (47.8%) submitted complete research assignments, 9 groups (39.1%) submitted partial AI-related evidence without a complete research report, and 3 groups (13.0%) had no assessable submission. Thus, most groups provided some form of post-training evidence, but fewer than half provided the complete research report and AI Transparency Appendix required for full rubric assessment. Table 1 summarises the completion status of the post-training assignment across the 23 assigned groups.
Table 1. Post-training assignment completion
	Submission status
	n
	%

	Complete research assignment
	11
	47.8

	Partial submission: AI-related evidence only
	9
	39.1

	No assessable submission
	3
	13.0

	Total
	23
	100.0


3.2. Rubric-based performance among complete submissions
Full rubric analysis was restricted to the 11 groups with complete submissions. The mean total score was 63.82 ± 11.42 out of 100, with a median score of 66.0 and an interquartile range of 55.0–73.0. The mean research quality score was 31.82 ± 2.64 out of 50, corresponding to 63.6% of the maximum score. The mean responsible AI use score was 32.09 ± 9.28 out of 50, corresponding to 64.2% of the maximum score. Although the two domains had similar relative mean scores, the responsible AI use score showed greater variability across these 11 completed products. These results describe the assessed complete submissions and should not be interpreted as performance estimates for all 23 groups. Table 2 presents the rubric scores for research quality, responsible AI use, and total performance among groups with complete submissions.
Table 2. Rubric domain scores among complete submissions (n = 11)
	Score domain
	Maximum score
	Mean ± SD
	Median (IQR)
	Min–Max
	% of maximum score

	Research product quality
	50
	31.82 ± 2.64
	32.0 (29.0–34.0)
	28–35
	63.6

	Responsible AI use
	50
	32.09 ± 9.28
	31.0 (26.0–41.0)
	16–41
	64.2

	Total score
	100
	63.82 ± 11.42
	66.0 (55.0–73.0)
	44–76
	63.8



3.3. Criterion-level rubric performance
At the criterion level, the literature review component had the lowest relative score, with a mean of 8.82 ± 0.40 out of 20, corresponding to 44.1% of the maximum score. This suggests that groups still had difficulty synthesising, comparing, and presenting prior research, even though the assignment allowed AI-supported literature search and information processing. In contrast, methodology (84.5%), prompt quality/tool appropriateness (80.0%), research rationale/scope (75.5%), and references/citations (70.0%) showed higher relative performance.
Within the responsible AI use domain, prompt quality and tool appropriateness showed relatively high performance, while AI transparency, verification, and handling of AI-generated outputs were lower. Thus, the rubric indicated that groups differed not only in the completeness of their research products, but also in key practices of responsible AI use, especially transparency, verification, and handling of AI outputs. Table 3 provides a detailed breakdown of rubric performance across individual research quality and responsible AI use criteria.

Table 3. Criterion-level rubric performance among complete submissions (n = 11)
	Criterion
	Maximum score
	Mean ± SD
	Median (IQR)
	Min–Max
	% of maximum score

	Literature review
	20
	8.82 ± 0.40
	9.0 (9.0–9.0)
	8–9
	44.1

	Rationale/scope
	10
	7.55 ± 0.82
	8.0 (7.5–8.0)
	6–8
	75.5

	Methodology
	10
	8.45 ± 1.04
	9.0 (8.5–9.0)
	6–9
	84.5

	References/citations
	10
	7.00 ± 2.00
	8.0 (6.0–8.0)
	2–9
	70.0

	AI transparency
	15
	8.45 ± 2.25
	10.0 (6.5–10.0)
	4–10
	56.4

	Prompt/tool quality
	10
	8.00 ± 1.26
	9.0 (7.0–9.0)
	6–9
	80.0

	Verification of sources
	10
	6.73 ± 2.49
	8.0 (5.0–9.0)
	2–9
	67.3

	Revision of AI outputs
	10
	5.73 ± 3.29
	7.0 (3.0–9.0)
	1–9
	57.3

	Academic ethics
	5
	3.18 ± 0.98
	4.0 (2.0–4.0)
	2–4
	63.6



3.4. Post-training survey outcomes
After removing duplicate responses, the post-training survey included 63 valid responses. The survey results describe students’ self-reported perceptions and behaviours rather than directly observed competence. The highest mean score was observed for training evaluation (4.29 ± 0.55), followed by AI ethics (4.12 ± 0.85), knowledge of AI applications in research (4.03 ± 0.81), and prompting competence (4.02 ± 0.83). The AI use behaviours domain had a lower mean score (3.80 ± 0.63), indicating that frequent AI use in research tasks was reported less consistently than knowledge, ethics awareness, or prompting competence. Internal consistency was good to excellent across domains, with Cronbach’s alpha values ranging from 0.864 to 0.951. Table 4 summarises the post-training survey outcomes by domain.
Table 4. Post-training survey outcomes by domain (n = 63)
	Domain
	Mean ± SD
	Median (IQR)
	Positive response (%)
	Cronbach’s alpha

	Knowledge of AI applications in academic research
	4.03 ± 0.81
	4.00 (4.00–4.20)
	87.9
	0.912

	AI ethics and academic integrity
	4.12 ± 0.85
	4.00 (4.00–4.62)
	87.7
	0.948

	Prompting competence
	4.02 ± 0.83
	4.00 (3.75–4.25)
	85.7
	0.951

	AI use behaviours in academic research
	3.80 ± 0.63
	3.80 (3.30–4.00)
	66.7
	0.864

	Training quality/usefulness evaluation
	4.29 ± 0.55
	4.00 (4.00–4.90)
	95.9
	0.898



Note. For agreement-based scales, positive responses were defined as scores of 4 or 5. For AI-use behaviours, positive responses were defined as ‘frequently’ or ‘very frequently’ (scores of 4 or 5).
3.5. Open-ended post-training feedback
Open-ended responses further clarified the quantitative results. Students most frequently reported applying AI to literature search (76.2%), followed by outlining or structuring research tasks (44.4%), literature review or summarisation (28.6%), academic writing/editing (25.4%), and citations/references (23.8%). Applications of AI to methodology or data analysis appeared less frequently.
The most frequently reported difficulty was verifying the accuracy, sources, and reliability of AI-generated information (58.7%). Other difficulties included prompt writing, AI hallucinations or fabricated sources, overreliance on AI or academic ethics concerns, overly general or vague outputs, paid tool access, and lack of AI-related skills. Students’ requests for further support focused on source verification, AI tool guidance, additional practice or concrete examples, and prompt writing. Suggestions for blog or chatbot support mainly concerned research process guidance, citation/reference support, interactive Q&A, and literature search support. Table 5 presents the major themes from students’ open-ended post-training responses, including AI application, difficulties, further training needs, and suggestions for continued support.
Table 5. Main themes from open-ended post-training responses
	Open-ended question
	Main theme
	n
	%

	AI application after training
	Literature search
	48
	76.2

	
	Outlining/structuring research tasks
	28
	44.4

	
	Literature review/summarisation/synthesis
	18
	28.6

	
	Academic writing/editing
	16
	25.4

	
	Citations/references
	15
	23.8

	Difficulties in applying AI
	Verification of accuracy/sources
	37
	58.7

	
	Prompt writing difficulty
	8
	12.7

	
	AI hallucinations/fabricated sources
	7
	11.1

	
	Overreliance/academic ethics concerns
	7
	11.1

	Desired additional training
	Verification/source quality
	13
	20.6

	
	AI tool guidance
	12
	19.0

	
	More practice/concrete examples
	10
	15.9

	
	Prompt writing
	9
	14.3

	Suggestions for blog/chatbot
	Research process guidance
	10
	15.9

	
	Citation/reference support
	9
	14.3

	
	Interactive Q&A support
	8
	12.7

	
	Literature search support
	7
	11.1



Note. A single response could be assigned to multiple themes; therefore, percentages do not sum to 100%.
3.6. Discussion
3.6.1. Overview of the preliminary evaluation
This study described and preliminarily evaluated a multi-component model for responsible GenAI use in student academic research. The evidence should be read at three distinct levels. Assignment completion across all 23 groups provides evidence about implementation and engagement; rubric scores from the 11 complete submissions provide product-based evidence about the quality of those submitted research products and documented AI-use practices; and the 63 valid survey responses provide self-reported evidence about students’ perceptions, behaviours, and evaluation of the training.
These evidence sources are complementary but not interchangeable. The study does not establish causal improvement or training effectiveness. Its contribution is to describe how the model was implemented, identify patterns visible in completed products and self-reports, and show how responsible AI use can be operationalised through authentic tasks, traceable documentation, and structured assessment.
3.6.2. Assignment completion and implementation implications
Of the 23 groups assigned post-training tasks, 11 submitted complete research assignments, while 9 submitted partial AI-related evidence and 3 had no assessable submission. This completion pattern identifies an implementation challenge: participation in training did not consistently result in a complete post-training product that could be assessed with the full rubric.
The reasons for non-completion were not systematically measured, so the present data cannot determine whether incomplete submission reflected the training design, competing demands, motivation, follow-up conditions, or other factors. For future implementation, more structured follow-up, staged deadlines, and formative feedback may help improve completion and provide a larger base of assessable products.
3.6.3. Research product quality: Weakness in literature review
Among complete submissions, the research product quality score reached 63.6% of the maximum score. However, criterion-level results revealed substantial differences across components. The literature review component showed the lowest relative performance, reaching only 44.1% of the maximum score, whereas methodology, research rationale/scope, and references/citations showed higher relative performance.
Within the 11 complete submissions, the low literature-review score indicates that the assessed products showed difficulty with synthesis, comparison, and evaluation of prior research even when AI-supported search and information processing were available. This finding concerns the quality of completed products; it does not demonstrate that the training caused either the weakness or any improvement in literature-review ability.
This pattern is relevant to broader concerns about cognitive offloading when learners rely heavily on AI tools. AI may reduce cognitive load in some tasks, but without verification and critical engagement it may also reduce opportunities for independent reasoning and critical thinking (Gerlich, 2025). AI literacy frameworks similarly emphasise that competent AI use involves evaluation, interpretation, and critical use of outputs rather than tool operation alone (Long & Magerko, 2020; Ng et al., 2021).
3.6.4. Responsible AI use: Prompting was stronger than verification and output handling
In the responsible AI use domain, the mean score reached 64.2% of the maximum score. However, the detailed rubric results showed that students performed relatively better in prompt quality and tool appropriateness, while AI transparency, verification, and handling or critical revision of AI-generated outputs were lower.
Among the complete submissions, stronger scores for prompt quality and tool appropriateness than for verification and critical handling suggest that producing usable prompts was more consistently demonstrated than evaluating and revising AI-generated content. The present design cannot determine whether this pattern was produced by the training or reflected students’ prior skills. Nevertheless, the same practical difficulty was also reported in the open-ended survey responses, where verification of accuracy, sources, and reliability was the most frequently mentioned challenge.
For future iterations of the model, this pattern supports greater instructional emphasis on source checking, detecting fabricated references, comparing evidence across sources, and documenting why AI-generated content was accepted, revised, or rejected.
3.6.5. Difference between self-reported outcomes and product-based evidence
The post-training survey showed positive self-reported perceptions of knowledge, AI ethics, prompting competence, and training quality, whereas reported AI-use behaviour was lower. These survey results should be interpreted as perceptions and reported behaviours, not as direct evidence of demonstrated research competence.
The product-based evidence provides a different perspective. Among the 11 complete submissions, verification and critical handling of AI-generated outputs were uneven, and literature-review performance was comparatively weak. The contrast between these sources therefore indicates a possible gap between perceived capability and what was observable in the completed products, although the two datasets differ in unit of analysis and coverage and should not be treated as directly equivalent measures.
Combining self-report with product-based assessment is therefore useful when the role of each source is kept explicit. AI literacy scales such as AILQ and MAILS capture self-reported perceptions, behaviours, and perceived competence, whereas practical assignments and rubrics can provide more direct evidence of performance in a specific task context (Koch et al., 2024; Ng et al., 2024). Recent reviews likewise emphasise that AI competence should be examined in context and with attention to measurement quality (Lintner, 2024).
This interpretation is also compatible with UNESCO’s orientation toward AI competence, which links AI use to critical thinking, responsibility, safety, and evaluation of technological effects (UNESCO, 2024). In academic research, these principles imply that students need not only knowledge of tools but also the capacity to justify, verify, revise, and disclose AI-supported work.
3.6.6. The AI Transparency Appendix and rubric as tools for operationalising responsible AI use
A central design feature of the model was to make responsible AI use visible within the assignment. Students documented the tools used, prompts, AI-generated outputs, edits or verification, and errors or risks encountered, while corresponding rubric criteria assessed transparency, verification, handling of AI-generated outputs, and academic ethics. This alignment connected the training content with observable evidence in submitted work.
The AI Transparency Appendix therefore functioned as a structured record of the AI-assisted research process rather than only as a disclosure form. It enabled the evaluator to inspect how students described their use of AI and their subsequent human intervention. However, the appendix documents what students submitted about their process; it does not independently verify every underlying action or establish that responsible practice occurred beyond the submitted evidence.
The uneven rubric scores further show that requiring this documentation was not sufficient to ensure consistently strong performance. Future iterations should provide worked examples, clearer completion guidance, and formative feedback on the appendix during the research process rather than treating it only as a final submission requirement.
3.6.7. Transferable design principles for responsible GenAI research training
Beyond this implementation context, the preliminary findings point to several design considerations that may be useful for further testing. First, responsible AI use can be embedded in authentic academic tasks so that research-quality and AI-use practices become assessable within the same activity.
Second, transparency documentation appears useful as a scaffold when it is accompanied by explicit modelling and feedback; the incomplete and uneven submissions indicate that documentation requirements alone are insufficient.
Third, prompt production should be distinguished from academic judgment. The stronger prompt-related scores than verification and critical-handling scores suggest that future instruction should pair prompting practice with source checking, evidence comparison, and critical revision.
Fourth, evaluation should keep self-reported and product-based evidence analytically distinct. Using both sources can broaden the picture of implementation, but agreement or disagreement between them should not be interpreted as proof of effectiveness without a stronger study design.
Together, these considerations provide directions for refining the model and for evaluating it more rigorously in future studies rather than establishing a definitive set of effective design principles from the present preliminary data.
3.6.8. Limitations and future research
This study has several limitations. First, it was a preliminary evaluation conducted in a specific educational context; therefore, the findings cannot be generalised to all university students or disciplines. Second, the study did not include a control group or pre–post comparison and did not aim to establish causal relationships between the training and student outcomes. Third, only 11 of the 23 assigned groups submitted complete research assignments. The rubric results therefore describe a selected subset of complete submissions and may not represent the performance of groups that submitted partial evidence or no assessable product.
Fourth, the rubric was scored by a single rater and inter-rater reliability was not assessed; the rubric findings should therefore be interpreted as implementation-informed, product-based evidence rather than results from a validated multi-rater assessment procedure. Fifth, the 63 valid survey responses were self-reported and may have been affected by response bias or positive response tendencies; these responses provide perceptual evidence rather than direct evidence of competence. Sixth, the open-ended responses were coded descriptively by a single coder and were not independently validated. Seventh, complete usage log data were not available for the support blog, Zalo group, or planned chatbot, so the contribution of these support channels could not be evaluated independently.
Future research should test the model with larger and more complete samples, multiple rubric raters, explicit inter-rater reliability procedures, and clearer separation of implementation, self-report, and performance outcomes. Longitudinal, pre–post, or quasi-experimental designs could examine whether participation in the model is associated with changes in source verification, literature synthesis, and critical revision of AI-generated outputs. Future studies may also compare forms of follow-up support, such as worked examples, peer review, teacher feedback, or chatbot-supported guidance.
4. Conclusion
This study described the design and preliminary evaluation of a multi-component training model intended to support responsible GenAI use in student academic research. The model combined foundational GenAI training, prompt writing, AI tools for research support, practice on authentic research tasks, an AI Transparency Appendix, rubric-based product assessment, and post-training support channels.
The preliminary findings provide three kinds of evidence that should be interpreted separately. At the implementation level, only 11 of 23 groups submitted complete research products, indicating uneven task completion. At the product level, those 11 complete submissions showed relatively stronger performance in methodology and prompt quality but weaker performance in literature review, AI transparency, source verification, and critical handling of AI-generated outputs. At the self-report level, 63 valid survey responses indicated positive perceptions of knowledge, AI ethics awareness, prompting competence, and training usefulness, whereas frequent AI-use behaviours were reported less consistently.
Taken together, these findings identify areas for refining responsible GenAI research training, particularly literature synthesis, source verification, critical handling of AI-generated outputs, transparency documentation, and sustained follow-up. They should not be interpreted as evidence that the training model was effective, because the study lacked a comparison condition, complete product data for all groups, and multi-rater assessment.
The study’s main contribution is therefore methodological and design-oriented: it demonstrates one way to connect a research-based assignment, an AI Transparency Appendix, rubric-based product assessment, and post-training self-report data within a preliminary evaluation framework. This approach may be useful for higher education institutions seeking to make responsible AI practices more observable and assessable while generating clearer evidence for subsequent, more rigorous evaluation.
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