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Abstract
Generative AI now shapes how many English as a foreign language (EFL) students write, yet little is known about whether their understanding of responsible use matches what they report doing. This sequential mixed-methods study surveyed 100 third-year English majors at a Vietnamese university and interviewed 10 of them. Because the questionnaire data showed a strong general-agreement component, the analysis focused on individual items rather than composite scores. Students broadly endorsed responsible AI use (71%) and acknowledged that AI-assisted essays may misrepresent their proficiency (80%), but only 33% reported verifying AI information and 72% reported incorporating AI-generated content. Awareness of AI's inaccuracy accompanied reported verification, but awareness of overreliance risks did not accompany lower reliance. Interviewees viewed AI as "a supplement, not a substitute" yet adjusted their use to deadlines and assessment conditions. As all practices were self-reported, the pedagogical implications offered require further testing.
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Tích cực nhưng thận trọng? Nhận thức và thực hành sử dụng AI có trách nhiệm trong viết tiếng Anh của sinh viên Việt Nam
Tóm tắt
AI tạo sinh đang định hình cách nhiều sinh viên học tiếng Anh như một ngoại ngữ (EFL) viết bài, nhưng nhận thức của sinh viên về việc sử dụng AI có trách nhiệm có tương ứng với những gì các em cho biết mình thực hiện hay không vẫn chưa rõ. Nghiên cứu hỗn hợp theo trình tự này khảo sát 100 sinh viên năm ba chuyên ngữ tiếng Anh tại một trường đại học Việt Nam và phỏng vấn 10 em trong số đó. Do dữ liệu bảng hỏi có một thành phần đồng ý chung mạnh, phân tích tập trung vào từng câu hỏi thay vì điểm tổng hợp. Sinh viên nhìn chung ủng hộ việc sử dụng AI có trách nhiệm (71%) và thừa nhận bài luận có AI hỗ trợ có thể không phản ánh đúng năng lực của mình (80%), nhưng chỉ 33% cho biết có kiểm chứng thông tin từ AI và 72% cho biết có đưa nội dung do AI tạo ra vào bài luận. Nhận thức về tính thiếu chính xác của AI đi kèm với việc kiểm chứng theo tự báo cáo, nhưng nhận thức về rủi ro lệ thuộc không đi kèm với mức độ lệ thuộc thấp hơn. Những người được phỏng vấn xem AI là "công cụ bổ trợ, không phải công cụ thay thế" nhưng vẫn điều chỉnh mức độ sử dụng theo thời hạn và điều kiện đánh giá. Vì mọi thực hành đều do sinh viên tự báo cáo, các hàm ý sư phạm được đưa ra cần được kiểm nghiệm thêm.
Từ khóa: AI tạo sinh, sử dụng AI có trách nhiệm, liêm chính học thuật, viết bằng ngôn ngữ thứ hai, sinh viên Việt Nam học tiếng Anh

1. Introduction
Within three years of ChatGPT's public release, generative artificial intelligence (GenAI) has become a popular tool that many university students may use to write in English. Large language models can generate ideas, propose outlines, paraphrase, correct grammar and comment on drafts in seconds. For writers of English as a second language (L2) or English as a foreign language (EFL), these affordances are especially attractive because they promise to narrow the gap between what learners want to say and what they can yet say (Barrot, 2023; Warschauer et al., 2023). The question is therefore no longer whether GenAI will be present in writing classrooms but how its use can be shaped so that it supports, rather than replaces, learning (Godwin-Jones, 2024).
The question is most critical in academic essay writing. Unlike many uses of AI in study, an essay is assessed as evidence of a student's own linguistic competence, argumentation and authorship, so the same assistance can be legitimate at one stage, such as brainstorming, and a breach of integrity at another, such as submitting generated paragraphs. The boundary is rarely obvious. University policies have tended to frame the problem in terms of "originality" and detection (Luo, 2024), while L2 writers report that AI makes them feel more capable even when they understand little about how the tools work, a condition Moorhouse et al. (2025) describe as potentially "false empowerment". Researchers have therefore called for critical digital and AI literacies that help writers judge when, how and how far to use GenAI (Darvin, 2025; Ng et al., 2024).
What remains poorly understood is whether students who can articulate what responsible use involves also report acting on it. Much existing research has examined students' acceptance of AI, that is, perceived usefulness, ease of use and intention to use (Liu & Ma, 2024; Strzelecki, 2024), or their perceptions of its benefits and risks (Chan & Hu, 2023; Xiao & Zhi, 2023). These studies show that students value AI while worrying about accuracy and dependence. They rarely examine, within the same learners, how students' perceptions of responsible use relate to reported writing practices, or how students account for the gaps between them. Social psychology has long shown that endorsed intentions are imperfect guides to behaviour (Sheeran, 2002), and there is little reason to expect AI-assisted writing to be an exception.
Vietnam offers an instructive context. University students there already use ChatGPT widely for study, valuing its speed while voicing doubts about its accuracy (Ngo, 2023). English majors are expected to produce academic essays in English, often under assessment pressure, and institutional guidance on AI is still emerging. Recent Vietnamese research has examined students' preferences for ChatGPT feedback in revision (Nguyen & Nguyen, 2026), but evidence on how students understand responsible AI use in essay writing, and whether their reported practices reflect that understanding, remains scarce.
This study therefore examines Vietnamese EFL students' perceptions and practices of responsible AI use in academic essay writing, combining a questionnaire completed by 100 English majors with interviews with 10 of them. The title's characterisation, positive but cautious, describes what students said they believed; as the following sections show, their caution was expressed more readily in their thinking than in their reported practice. We present this as an interpretation of self-reported patterns, not as a measure of actual behaviour.
2. Literature Review
2.1 Generative AI and L2 Essay Writing
Unlike earlier automated writing evaluation tools, which largely flagged errors in finished texts, large language models converse, generate and revise, and so can participate in every stage of composing, from invention to final polish (Barrot, 2023; Warschauer et al., 2023). Godwin-Jones (2024) argues that agency in AI-mediated writing is therefore distributed rather than individual, and Warschauer et al. (2023) caution that the affordances that help L2 writers most also raise contradictions concerning authorship, learning and equity. Classroom studies report benefits for outlining, revision, motivation and self-efficacy (Su et al., 2023), while case-study evidence shows GenAI pulling EAL writing toward standardised, monolingual norms that can erode writers' voice (Sun, 2026).
2.2 Four Lenses on Students and AI-Assisted Writing
Research on students and GenAI has approached the topic through at least four lenses, which measure different things. The first is acceptance. Studies grounded in the Technology Acceptance Model (TAM) and the Unified Theory of Acceptance and Use of Technology (UTAUT) model attitude as a single evaluative construct that predicts intention and use. Among 405 EFL learners, perceived usefulness fully mediated the effect of ease of use on attitude, which predicted intention and use of ChatGPT (Liu & Ma, 2024); habit and performance expectancy have also been identified as drivers (Strzelecki, 2024). These models explain adoption but treat more use as the outcome of interest; whether use is responsible lies outside their scope.
The second is literacy. Ng et al. (2024) conceptualised AI literacy as affective, behavioural, cognitive and ethical (ABCE), and recent L2 writing instruments distinguish behavioural, cognitive and ethical components (Du & Yang, 2026) or critical evaluation, ethical use and metacognitive self-regulation (Yao & Fan, 2026). Darvin (2025) argues for critical digital literacies that question how GenAI shapes meaning, voice and power. Literacy measures capture what learners know and can do, typically through self-assessed capability, rather than what they value or actually do.
The third is perceptions and ethics. Across contexts, students value AI for brainstorming, language support and feedback while worrying about accuracy, dependence and their own development (Chan & Hu, 2023; Xiao & Zhi, 2023). In Vietnam, English majors valued ChatGPT's immediacy in revision but doubted its suitability for complex academic tasks and asked for training (Nguyen & Nguyen, 2026). Ethical positions are less settled: most learners of languages other than English judged GenAI use ethical for various purposes (Kessler et al., 2025), Swedish students held mixed views where guidance was unclear (Ou et al., 2024), and Hong Kong postgraduates felt empowered by GenAI and rejected bans while showing limited understanding of the tools (Moorhouse et al., 2025).
The fourth is practice. A smaller body of work observes what writers do, using interaction logs, screen recordings and drafts. Doctoral writers who engaged iteratively with an AI tool outperformed those who used it as an information source in a linear way (Nguyen et al., 2024), and screen-recorded cases show writers delegating language choices to AI in ways that narrow their voice (Sun, 2026). These studies reveal practices but rarely relate them to the writers' own stated perceptions.
Across these lenses, policy principles for responsible use are well established. Guidance calls for human oversight and validation of AI output (Miao & Holmes, 2023), explicit task-level expectations about permitted AI involvement (Perkins et al., 2024) and assessment redesign rather than reliance on detection (Cotton et al., 2024), not least because detectors misclassify non-native English writing (Liang et al., 2023). Luo (2024) shows that university policies frame GenAI as a threat to "original work". Drawing on these sources, this study defines responsible AI use in academic writing as learners' informed, critical, transparent and accountable use of AI to support, rather than supplant, their own thinking, language development and authorship, within the expectations of their institution.
2.3 Research Gaps
Three interconnected gaps motivate the study. First, perceptions and practices of responsible use are rarely examined in the same learners. Perception and literacy studies capture what students believe or can do, and practice studies capture what writers do, but few relate the two, although existing evidence hints at a mismatch between students' sense of empowerment or ethical acceptability and their understanding or use of the tools (Kessler et al., 2025; Moorhouse et al., 2025; Ou et al., 2024). Second, evidence on academic essay writing in particular, and from Vietnamese EFL settings, remains thin; most studies concern general academic AI use or Chinese and Hong Kong learners (Chan & Hu, 2023; Liu & Ma, 2024; Ngo, 2023). Third, where tensions between perceptions and practices appear, little is known about how students themselves explain them, which is the knowledge teachers need to design responsive pedagogy.
2.4 Conceptual Framework and Research Questions
This study separates four constructs that are often merged under "attitude". Perceptions are students' normative understandings of responsible use, comprising cognitive awareness of AI's limits and ethical orientations toward accountability, disclosure, authorship and rules. Affective responses are the positive feelings and concerns students associate with AI-assisted writing. Reported practices are what students say they do with AI, distinguishing constructive use (generating ideas, checking language, editing AI output), incorporation of and reliance on AI-generated content, and verification. Endorsement is students' global evaluation of, and stated intention toward, responsible AI use. The ABCE framework (Ng et al., 2024) informed the generation of questionnaire items, but it is used here as a heuristic for coverage, not as a claim that these domains form four components of a single attitude. Research on the intention–behaviour gap (Sheeran, 2002) instead directs attention to the relationship between what students endorse and what they report doing (Figure 1).
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Figure 1
Conceptual Framework: Perceptions, Affective Responses, and Reported Practices of Responsible AI Use
Note. Questionnaire items were developed with reference to the ABCE domains of Ng et al. (2024).

The following two research questions guided the study:
1. How do Vietnamese EFL students understand responsible AI use in academic essay writing, and what feelings do they associate with using AI for this task?
2. What AI-assisted writing practices do students report, how far do these align with their stated perceptions, and how do students explain any misalignment?
3. Methodology
3.1 Research Design
The study used a sequential mixed-methods design with an explanatory purpose (Creswell & Plano Clark, 2018): a questionnaire was followed by semi-structured interviews. The interview protocol was prepared before the questionnaire data were analysed because the interviews were designed to capture in-depth explanations of how students used AI in learning to write. The interviewees were invited at random from the respondents who had indicated willingness to be interviewed and were not selected on the basis of their questionnaire responses. The strands were therefore connected through shared content, since both addressed when and how far students use AI and what they consider responsible, and were integrated at the interpretation stage through a joint display (Table 6). We acknowledge that this is a weaker form of connection than quantitatively informed sampling.
3.2 Context and Participants
The study took place in the English department of a public university in central Vietnam. Year 3 English majors take Writing 5, a course targeting CEFR levels B2 to C1 that develops students' skills in writing academic essays of various types, including argumentative, opinion and compare-and-contrast essays. While practising, students were allowed to use AI at many stages, from brainstorming and outlining to polishing, typically writing a first draft themselves and then revising it with AI feedback. They could use a range of GenAI tools, including ChatGPT and Gemini, and had received basic instruction in prompting and in using AI tools at different stages of essay writing. The final examination, by contrast, was an AI-prohibited essay written in traditional examination rooms. Beyond this course, the university had no comprehensive policy on GenAI in coursework, and expectations varied by instructor.
The Year 3 cohort comprised approximately 800 students. The questionnaire link was shared with randomly selected classes and was closed once 100 students who reported using AI for English essay writing had completed it. The sample is therefore voluntary and, by design, consists entirely of AI users from one university, so the findings describe students who already use AI rather than EFL students in general. Of the participants, 86 identified as female, 12 as male and two preferred not to say. Self-reported proficiency on the Common European Framework of Reference, which was not independently assessed, was B1 for 10 students, B2 for 55 and C1 for 35. Of the 28 respondents who indicated willingness to be interviewed, 10 were invited at random and took part voluntarily; they are identified as I1 to I10.
3.3 Instruments
A questionnaire was developed for this study with 28 statements written by the research team from the definitions of the ABCE domains of AI literacy (Ng et al., 2024) and from the literature on AI-assisted writing, and rated on a five-point scale (1 = strongly disagree, 5 = strongly agree). All statements were positively worded, and none was reverse-keyed. The statements were presented in English with Vietnamese translations prepared and checked by the researchers. An experienced writing lecturer reviewed the items for content relevance, and 10 students piloted the questionnaire; the pilot raised no problems of clarity, so no changes were made. Table 1 maps the items to the constructs used in the analysis; the full wording appears in Table 2.
Table 1
Constructs and Questionnaire Items Used in the Analysis
	Construct
	Sub-construct
	Items

	Perceptions
	Cognitive awareness of AI's limits
	Q16, Q17, Q21

	Perceptions
	Self-assessed evaluative capability
	Q19, Q20

	Perceptions
	Ethical orientations (disclosure, authorship, rules, accountability, limits)
	Q22–Q27

	Affective responses
	Positive feelings
	Q4, Q5

	Affective responses
	Concerns
	Q6, Q7, Q9

	Affective responses
	Decisional pressure
	Q8

	Reported practices
	Constructive use
	Q10–Q13

	Reported practices
	Incorporation of and reliance on AI content
	Q14, Q15

	Reported practices
	Verification
	Q18

	Endorsement
	Evaluation of and intention toward responsible use
	Q28–Q31



The interview protocol asked four questions: in what situations and why students use AI when writing English essays; what determines how much AI they use; how they define responsible AI use; and what measures would encourage responsible use. Participants answered in English or Vietnamese, as they chose.
3.4 Ethics and Data Management
The department's research proposal review committee approved the study. Participation was voluntary, and respondents were informed of the study's purpose. Data were collected after the Writing 5 course had ended, so participation had no bearing on course grades, and the researchers did not teach the participating students in that course. Questionnaire responses were anonymous, interviews were audio-recorded only with participants' consent, and contact details provided by interview volunteers were removed from the dataset before analysis. All data were stored in passcode-protected files accessible only to the researchers.
3.5 Quantitative Analysis
The questionnaire structure was examined before we decided how to score it. Sampling adequacy was acceptable (Kaiser–Meyer–Olkin = .78; Bartlett's χ²(378) = 1962.9, p < .001), although item-level values fell to .58 (Q23). Principal axis factoring of all 28 items showed a strong general factor: the first unrotated factor had an eigenvalue of 9.56, accounted for 34% of the variance, and every item loaded on it (.37 to .74). Parallel analysis (1,000 random datasets, 95th percentile) supported three factors. A theory-guided four-factor solution with promax rotation broadly reproduced the four intended item sets (Appendix, Table A1), but Q8 cross-loaded on the affective and behavioural factors (.68 and .43), Q25 on the affective and ethical factors (.52 and .50), and Q17 on the cognitive and ethical factors (.65 and .44), while Q16 and Q27 produced loadings above 1.0 (Heywood cases), indicating an unstable solution.
Two further patterns shaped the analysis. Items expressing opposing positions correlated positively: agreeing that disclosure of grammar-only assistance is unnecessary (Q22) went with willingness to disclose AI use (Q27; ρ = .47), and positive feelings went with concerns. In addition, factors grouped items by topic rather than direction, so a high score on the practice factor could reflect constructive use, substitutive use or both. Together with the general factor, these patterns indicate a substantial general-agreement component. Because all statements were positively worded, this is consistent with acquiescence, a tendency to agree regardless of content (Baumgartner & Steenkamp, 2001), and with common-method variance (Podsakoff et al., 2003), although genuinely related views about AI may also contribute. We therefore did not compute domain composites, compare their means or model relationships among them.
These limitations also constrain how individual items can be read. First, single-item agreement rates are probably inflated by general agreement, so they are interpreted comparatively, as showing which statements students endorsed more or less readily, rather than as prevalence estimates. Second, items with cross-loadings or Heywood cases (Q8, Q16, Q17, Q25 and Q27) are interpreted only through their wording, not as indicators of a latent construct. Third, correlations between items partly reflect shared response tendencies, so associations were checked against general agreement before being interpreted.
Analyses were therefore conducted at item level and organised by the constructs in Table 1, with agreement defined as a response of 4 or 5. To examine alignment between perceptions and practices within individuals, we report cross-tabulations, φ coefficients indicating whether agreement with one item accompanied agreement with the other, and exact McNemar tests, which compare only the overall agreement rates of two items answered by the same students. Spearman correlations are reported with bootstrapped 95% confidence intervals (2,000 resamples). All analyses are descriptive or associational. The four endorsement items were summarised descriptively (α = .79).
As a sensitivity check, each correlation was re-estimated as a partial Spearman correlation controlling for the respondent's mean response to the other 26 items, which serves as a proxy for each student's overall tendency to agree. This adjustment rests on three assumptions: that the mean of the remaining items indexes general agreement; that this tendency affects all items additively and to a similar degree; and that the remaining items share little substantive content with the pair examined. The third assumption is only partly met, because the remaining items also capture related views about AI, so the adjustment probably removes some substantive covariance along with response style and is best regarded as conservative. An association that persists after adjustment is unlikely to be produced by general agreement alone; one that disappears may be artefactual or may be substantive but confounded with overall agreement. Because the adjustment cannot separate substantive association from overlapping item meaning, the strongest correlations were also examined through item wording and position, identical responses and the exclusion of the 25 respondents with the least variation across items. Methods better suited to separating acquiescence from content, such as balanced scales or random-intercept factor models (Maydeu-Olivares & Coffman, 2006), require reverse-keyed items, which the questionnaire lacked.
3.6 Qualitative Analysis
The one-on-one interviews, conducted face-to-face or online, were scheduled for 40 to 60 minutes, but because interviewees answered directly and concisely, each lasted about 15 minutes. Six interviewees answered in Vietnamese and four in English. The transcribed answers, of roughly 250 to 460 words per participant, formed the dataset analysed here. Analysis followed Braun and Clarke's (2006) thematic approach. After repeated reading, answers were coded first for what participants said responsible use should involve (normative conceptions) and what they reported doing in particular circumstances (situated decisions), and then inductively for the conditions and reasons attached to those decisions. Candidate themes were checked against the full dataset, and we searched for contrasting cases, such as participants who described stable boundaries regardless of circumstances. The data were coded by a student researcher, and the coding was checked throughout by her supervisor, an experienced researcher in foreign language teaching and learning. Table 5 records which interviewees contributed to each theme, and Table 6 integrates the two strands.
4. Findings
4.1 Students' Perceptions and Feelings
The students broadly endorsed responsible AI use: 71% held a positive view of it and 73% intended to continue using AI responsibly (endorsement items M = 3.89, SD = 0.72; Table 2). Their perceptions, however, were uneven. Most (80%) acknowledged that AI-assisted essays may not reflect their real proficiency, but fewer agreed that AI can provide inaccurate information (40%) or that they were aware of the risks of overreliance (46%). Self-assessed evaluative capability was modest: 32% felt able to judge the quality of AI output.
Ethical orientations were similarly mixed. Personal accountability was widely accepted (65%), but only 42% were willing to disclose AI use even when asked, and 38% agreed that AI use should follow instructors' or institutional rules. The students were divided on whether outlining help leaves an essay entirely their own (32% agreed, 22% disagreed), and few supported limiting AI use in essays (15%).
Feelings were more apprehensive than enthusiastic. Only 28% agreed that AI made essay writing easier and 20% that it made them more confident, whereas 42% worried that AI use might be perceived as dishonest and 36% that their writing skills would decline. The most widely shared feeling was pressure when deciding how much AI to use (76%; Q8). Q8 cross-loaded in the factor analysis, which suggests that this pressure is not simply an emotion but is bound up with decisions about practice.
Table 2
Item-Level Results by Construct (N = 100)
	Item
	M
	SD
	Agree (%)
	Disagree (%)

	Perceptions: cognitive awareness and evaluative capability

	Q16 I understand that AI can provide inaccurate information
	3.30
	0.86
	40
	15

	Q17 I understand that using AI in essay writing may not accurately reflect my English proficiency
	4.19
	0.86
	80
	3

	Q19 I am able to assess the quality of AI-generated content
	3.18
	0.93
	32
	20

	Q20 I understand how to use AI as a tool to support my learning
	3.52
	1.04
	50
	15

	Q21 I am aware of the risks of overreliance on AI
	3.38
	1.00
	46
	17

	Perceptions: ethical orientations

	Q22 I believe it is unnecessary to disclose my use of AI if I only use it for grammar correction
	2.89
	0.93
	21
	36

	Q23 I believe the essay remains entirely my work if AI only helps with outlining
	3.18
	0.97
	32
	22

	Q24 I believe the use of AI should comply with the regulations of instructors or the institution
	3.35
	1.00
	38
	19

	Q25 I take responsibility for my essay, even if I use AI
	3.81
	0.95
	65
	6

	Q26 I believe the level of AI use should be limited in essay writing
	2.77
	0.80
	15
	36

	Q27 I am willing to disclose my use of AI if requested
	3.40
	0.83
	42
	12

	Affective responses

	Q4 I feel AI makes essay writing easier
	3.25
	0.87
	28
	14

	Q5 AI helps me feel more confident when writing in English
	3.11
	0.91
	20
	18

	Q6 I am concerned that using AI may be perceived as dishonest
	3.51
	0.99
	42
	12

	Q7 I feel uncertain about the reliability of information provided by AI
	3.29
	0.91
	29
	14

	Q8 I feel pressured when deciding how much AI to use in my writing
	4.16
	0.94
	76
	5

	Q9 I am concerned that my English writing skills will decline if I become too reliant on AI
	3.43
	0.90
	36
	9

	Reported practices

	Q10 I use AI to generate ideas or create outlines for my essays
	4.18
	0.87
	76
	3

	Q11 I use AI to rephrase my ideas
	3.80
	0.92
	61
	6

	Q12 I use AI to check grammar and vocabulary
	3.63
	0.91
	53
	8

	Q13 I edit AI-generated content before including it in my writing
	3.84
	0.84
	64
	4

	Q14 I copy AI-generated content into my essays
	3.93
	0.96
	72
	6

	Q15 I rely heavily on AI when completing my essays
	3.64
	0.88
	51
	7

	Q18 I double-check the information provided by AI before using it
	3.15
	1.03
	33
	23

	Endorsement

	Q28 I have a positive view on the responsible use of AI in English essay writing
	3.87
	0.93
	71
	6

	Q29 I intend to continue using AI responsibly for my English essays in the future
	4.00
	0.91
	73
	4

	Q30 I support allowing students to use AI responsibly in English writing tasks
	3.91
	0.91
	70
	5

	Q31 I would encourage my friends to use AI responsibly instead of avoiding it entirely
	3.79
	0.96
	62
	7


Note. Agree = 4 or 5; Disagree = 1 or 2. Because all items are positively worded, agreement rates may be inflated by general agreement and are best compared across items rather than read as prevalence estimates.

In the interviews, students' normative conceptions were strikingly consistent. All 10 defined responsible use as support rather than replacement: I7 called it "using AI as a supplement, not a substitute", and I9 "a balance between transparency, critical thinking, and personal ownership". Nine of the 10 named verification as part of responsible use, and six stressed that the final text should reflect their own thinking or voice (Table 5).
4.2 Students' Reported Practices and Their Alignment With Perceptions
Constructive uses were common. Three quarters of the students used AI to generate ideas or outlines, and between 53% and 64% used it to rephrase, check language or edit AI output. At the same time, 72% agreed that they copy AI-generated content into their essays and 51% that they rely heavily on AI. The wording of Q14 does not distinguish between borrowing a phrase for later revision, incorporating edited sentences and reproducing whole paragraphs, so we describe this practice as incorporation of AI-generated content rather than as misconduct. Most students who reported incorporation also reported editing AI output (52 of 72), but only 28 of 72 also agreed that they double-check AI information. Agreement with verification was low overall (33%), and 23% disagreed.
Within-person contrasts show that alignment depended on the facet examined (Table 3). Where a perception and a practice corresponded directly, alignment could be strong: 32 of the 40 students who agreed that AI can be inaccurate also agreed that they double-check AI information, compared with 1 of the 60 who did not (φ = .82). Awareness of overreliance risks, by contrast, did not accompany lower reliance: 65% of the students aware of these risks reported relying heavily on AI, compared with 39% of the others (φ = .26). Contrasts between related but non-equivalent items were larger. Forty-seven students acknowledged that AI-assisted essays may misrepresent their proficiency but did not agree that they double-check AI information, whereas no student showed the reverse pattern. Among the 65 students who took responsibility for their essays, 83% also reported incorporating AI-generated content, and 38% did not agree that they would disclose AI use if asked. Among the 71 who endorsed responsible use, 80% reported incorporation and 44% verification.
Table 3
Within-Person Contrasts Between Perceptions and Reported Practices (N = 100)
	Item pair
	Agree first (%)
	Agree second (%)
	First only (n)
	Second only (n)
	φ
	McNemar p

	Q16 AI can be inaccurate vs Q18 double-check AI information
	40
	33
	8
	1
	.82
	.039

	Q21 aware of overreliance risks vs Q15 rely heavily on AI
	46
	51
	16
	21
	.26
	.511

	Q17 AI-assisted essays may misrepresent proficiency vs Q18 double-check AI information
	80
	33
	47
	0
	.35
	< .001

	Q17 may misrepresent proficiency vs Q19 able to assess AI output
	80
	32
	50
	2
	.24
	< .001

	Q25 take responsibility vs Q27 willing to disclose if requested
	65
	42
	25
	2
	.54
	< .001

	Q28 positive view of responsible use vs Q24 follow instructors' or institutional rules
	71
	38
	38
	5
	.27
	< .001


Note. Agreement = 4 or 5. First only and Second only give the numbers of students agreeing with only one item of the pair. φ indexes whether agreement with one item accompanied agreement with the other (all chi-square p < .05). Exact McNemar tests compare only the overall agreement rates of the two items and are not tests of alignment. In each pair, the perception or endorsement item is listed first and the item it is compared with second, so the order of items follows the direction of the comparison rather than item number. The first two pairs link a perception to the practice it most directly implies; the others link related but non-equivalent items.

Correlations help to separate substantive associations from general agreement (Table 4). Endorsement of responsible use correlated with incorporation (ρ = .34), but this association disappeared once each student's general level of agreement was controlled (partial ρ = .00), as did the association between accountability and incorporation. It should therefore not be read as evidence that students who approve of responsible use also approve of irresponsible practice. By contrast, awareness that AI can be inaccurate was strongly associated with reported verification, and decisional pressure was associated with both incorporation and integrity concern, even after controlling for general agreement.
Table 4
Selected Item Correlations With and Without Adjustment for General Agreement
	Item pair
	ρ [95% CI]
	Partial ρ [95% CI]

	Q6 concern about dishonesty – Q8 decisional pressure
	.56 [.40, .69]
	.48 [.29, .63]

	Q8 decisional pressure – Q14 incorporation
	.66 [.51, .79]
	.54 [.34, .70]

	Q14 incorporation – Q25 take responsibility
	.40 [.20, .57]
	.08 [−.17, .32]

	Q14 incorporation – Q28 positive view of responsible use
	.34 [.15, .52]
	.00 [−.19, .19]

	Q16 AI can be inaccurate – Q18 double-check
	.85 [.79, .90]
	.78 [.69, .86]

	Q17 may misrepresent proficiency – Q18 double-check
	.70 [.60, .79]
	.54 [.38, .68]


Note. Spearman correlations; CIs from 2,000 bootstrap resamples. Partial ρ controls for each respondent's mean response to the other 26 items; it is a conservative sensitivity estimate, not an estimate free of response bias (see Section 3.5).

4.3 Examining the Strongest Associations
The two strongest associations deserve particular scrutiny because they may reflect overlapping item meaning or shared response tendencies rather than substantive relationships. The correlation between awareness of AI's inaccuracy (Q16) and verification (Q18; ρ = .85) was the highest of the 378 inter-item correlations (median ρ = .27). It was not produced by students who answered uniformly, since excluding the 25 respondents with the least variation left it virtually unchanged (ρ = .84). However, 71 students gave identical answers to the two items, which appeared only two positions apart, and Q16 correlated almost as strongly with its neighbouring perception items (ρ = .76 with Q17 and .78 with Q19). The strength of this association is therefore likely to be inflated by similar responding to a block of adjacent items about evaluating AI, and it is best read as robust co-endorsement rather than a precise estimate of how closely awareness and verification go together.
The association between decisional pressure (Q8) and incorporation (Q14; ρ = .66) is less likely to reflect overlapping wording, because the items differ in meaning and appeared in different sections of the questionnaire. It remained when low-variation respondents were excluded (ρ = .60) and after adjustment (partial ρ = .54). Both items were, however, endorsed by most students (76% and 72%), and 63 students gave identical answers, so shared high agreement contributes to its size. A substantive reading, that students who incorporate more AI-generated content feel more pressure about how much to use, is plausible and consistent with the interviews, but it cannot be separated from response tendencies with these data.
4.4 How Students Explained Misalignment
Three themes help to explain why perceptions and reported practices diverged (Table 5).
Table 5
Interview Themes, Distribution, and Illustrative Extracts
	Theme
	Definition
	Interviewees
	Illustrative extract

	1. Normative conceptions
	What responsible use should involve: support not substitution, verification, ownership
	Support: all 10. Verification: all except I2. Ownership: I1, I4, I6, I7, I9, I10
	"never taking AI-generated facts at face value" (I7)

	2. Situated recalibration
	Reliance shifting with task difficulty, topic familiarity, confidence, time and assessment conditions
	All 10. More reliance under deadlines or lighter checking: I5, I9, I10. Less reliance when original thinking was assessed: I1, I6, I7. Stable boundary: I4, I8
	"if a deadline is tight, I may use AI to draft repetitive or standard paragraphs" (I9)

	3. Boundaries sought from outside
	Calls for teachers and institutions to define acceptable AI involvement
	All 10. Teacher guidance: I2–I6, I8, I10. Institutional rules: I1, I4, I9, I10. Detection or percentage limits: I2, I5, I7
	"limit the acceptable levels of AI usage so students aren't left in a gray area" (I7)



4.4.1 Normative conceptions
The students articulated responsibility in terms of control and checking. I1 argued that users "must keep control over the final content and never treat what AI produces as absolute truth without verification" (translated). These conceptions closely matched the high agreement with Q17 and Q25, but they were stated as what one should do rather than as descriptions of routine practice.
4.4.2 Situated recalibration
Every interviewee described reliance that changed with circumstances; in three accounts (I5, I9, I10) what students reported doing in particular situations contradicted their own stated perceptions of responsible use. I10 defined responsible use as not copying verbatim, yet explained: "If the essay is checked carefully for plagiarism, I only use AI to suggest an outline or ideas. If the requirements are lower, I may use AI more, such as asking it to write a sample paragraph" (I10, translated).
I5 likewise rejected complete copying but used AI "a bit more" when an essay was to be submitted rather than practised (translated), and I9, who stressed ownership, would "draft repetitive or standard paragraphs" under a tight deadline. Contrasting cases show that stakes did not always increase reliance. I6 limited AI to "checking grammar or getting feedback" when an essay was for assessment, and I1 used AI only for outlining when an essay required her own viewpoint, "to keep my own voice" (translated). I8 kept a stable boundary, limiting AI "to outlining rather than generating full paragraphs". Incorporation, in these accounts, ranged from using an AI-suggested direction that was then rewritten ("I revise it my own way so the essay still has my voice", I10, translated) to drafting whole paragraphs, a range that Q14 could not capture.
4.4.3 Boundaries sought from outside
All 10 interviewees called for clearer guidance and none supported a ban. Their proposals included teacher guidance on when AI is appropriate, training in prompting and evaluating output, in-class writing, process-based assessment of outlines, drafts and revision logs, and "AI disclosure statements" (I9). Three students framed acceptable use as a quantity: I2 suggested that students check their paragraphs on AI-detection websites and keep AI content below 30% (translated). Students thus located the boundaries of responsible use partly outside themselves, in the rules and checks they expected institutions to provide.
4.5 Integrating the Two Strands
Table 6 sets the main quantitative results beside the related qualitative evidence.
Table 6
Joint Display of Quantitative and Qualitative Findings
	Quantitative finding
	Qualitative evidence
	Integrated interpretation

	80% acknowledged that AI-assisted essays may misrepresent proficiency, but 33% agreed that they double-check AI information; 47 students showed this pattern, none the reverse
	Nine of 10 interviewees named verification as part of responsible use
	Verification belongs to students' normative conception of responsible use more than to their reported practice

	72% reported incorporating AI-generated content, including 83% of those who took responsibility for their essays; 52 of the 72 also edited AI output
	Incorporation ranged from rewriting AI-suggested directions to drafting paragraphs under deadlines or lighter checking (I5, I9, I10)
	Incorporation is heterogeneous; for some students it is a scaffold that is revised, for others a situated departure from their stated perceptions

	76% felt pressure deciding how much AI to use; this pressure correlated with incorporation (partial ρ = .54)
	All 10 described reliance shifting with difficulty, time and assessment conditions
	Decisional pressure appears to accompany case-by-case negotiation of AI involvement

	65% accepted accountability, but 42% were willing to disclose AI use and 38% agreed to follow rules
	Students called for disclosure statements, explicit rules and, in three cases, numerical limits
	Students perceive themselves as responsible but look to institutions to define its boundaries



5. Discussion
5.1 Endorsing Without Enacting?
The students in this study were positive about responsible AI use and cautious in what they felt and believed, but their caution was less evident in what they reported doing. Most endorsed responsible use and accepted accountability, yet many reported incorporating AI-generated content and few agreed that they verify it. This pattern is consistent with the well-documented gap between intentions and behaviour (Sheeran, 2002), and it extends Moorhouse et al.'s (2025) observation that L2 writers' sense of empowerment can outrun their understanding of the tools. Alignment was nonetheless uneven rather than uniformly weak: awareness of AI's inaccuracy went closely with reported verification, whereas awareness of overreliance risks did not go with lower reliance.
The item-level analysis also suggests which perceptions matter for practice. The most widely shared perception, that AI-assisted essays may misrepresent one's proficiency, concerns the authenticity of assessed work; awareness that AI can be inaccurate, held by fewer students, was the item most strongly associated with verification, although the size of this association is probably inflated by the items' proximity (Section 4.3). Responsible practice may therefore depend less on general ethical endorsement than on specific evaluative knowledge, which supports calls to build critical and evaluative AI literacies in L2 writing (Darvin, 2025; Du & Yang, 2026; Yao & Fan, 2026). For EFL writers, evaluation has a linguistic dimension too: students cannot easily judge the accuracy or appropriateness of language that exceeds their own proficiency.
Competing explanations must be weighed. Self-reports may overstate responsible perceptions and understate substitutive practice, and the strong general-agreement component means that associations between items partly reflect response style; the apparent link between endorsement and incorporation disappeared once this was controlled. Moreover, "copying" in Q14 covers practices from borrowing a phrase to reproducing a paragraph, and because AI use was permitted during formative practice in Writing 5, some reported incorporation may reflect sanctioned drafting that students later revised rather than unauthorised use. Because the sample consisted of volunteer AI users from one university and all practices were self-reported, the findings describe what students said they believed and did; they cannot establish students' actual writing behaviour or the prevalence of academic misconduct, and the gap is best read as a contrast in what students agreed with.
5.2 Responsibility Recalibrated Under Assessment
The interviewees described responsibility as something negotiated case by case, adjusted to difficulty, time and assessment conditions. This matters particularly for academic essays, where the text stands as evidence of the writer's own language and argument. Some students used more AI when work was to be submitted or less strictly checked, which suggests that integrity was anchored partly to surveillance rather than to authorship and learning. This mirrors the policy framing that Luo (2024) critiques, in which originality is policed rather than redefined, and it is risky in EFL settings, because detectors misclassify non-native writing (Liang et al., 2023).
The contrasting cases are equally instructive. The students who framed an essay as a test of their own thinking or voice reduced their reliance when stakes were high, and two maintained stable boundaries. How students understood the purpose of the task appeared to shape whether pressure pushed reliance up or down. This is consistent with a distributed view of agency in AI-mediated writing (Godwin-Jones, 2024), in which the legitimacy of an AI-assisted text depends on who does the thinking, and with concerns about GenAI's homogenising effect on writers' voice (Sun, 2026).
5.3 Pressure and Borrowed Boundaries
Three quarters of the students felt pressure deciding how much AI to use, and this pressure was associated with both incorporation and concern about being seen as dishonest. Together with students' calls for teachers and institutions to define acceptable use, this suggests that much of the misalignment arises from improvising without shared boundaries, as Ou et al. (2024) also found where guidance was unclear. Students elsewhere have likewise rejected bans while asking for accountable, flexible policies (Moorhouse et al., 2025; Nguyen & Nguyen, 2026). Defining acceptable use as a percentage of AI content, as three students suggested, would relocate responsibility to a detection score rather than to the writer's judgement.
5.4 Contribution
The study's contribution is interpretive. First, it suggests that endorsement of responsible AI use is weak evidence of responsible practice in L2 essay writing, which qualifies acceptance-based research in which favourable attitude is the outcome of interest (Liu & Ma, 2024; Strzelecki, 2024). Second, it suggests that students' boundaries for AI involvement are situated and assessment-sensitive rather than fixed. Third, it offers a methodological caution: questionnaires on "attitudes toward responsible AI use" can be dominated by general agreement, so item-level findings need to be checked against response tendencies before they are interpreted.
6. Conclusion
6.1 Summary of Findings
This study examined Vietnamese EFL students' perceptions and practices of responsible AI use in academic essay writing. In answer to the first research question, students broadly endorsed responsible use, accepted accountability for their essays and recognised that AI-assisted texts may misrepresent their ability, while feeling more apprehension and pressure than enthusiasm. Their perceptions were uneven, however: fewer recognised AI's inaccuracy, felt able to evaluate its output or committed to disclosure. In answer to the second, most students reported constructive uses of AI, but many also reported incorporating AI-generated content and few agreed that they verify it. Alignment between these reported practices and the same students' stated perceptions was uneven, close for verification but weak for reliance and disclosure. Interviews showed a shared normative conception of AI as a supplement, not a substitute, alongside decisions recalibrated to difficulty, deadlines and assessment conditions, and a wish for institutions to draw clearer boundaries. The students were positive and cautious in their thinking; in their reported practice, their caution was negotiated.
6.2 Pedagogical Implications
The following implications are drawn from students' self-reports and were not evaluated in this study, so they are offered as proposals whose effectiveness remains to be tested in classroom research. First, since awareness of AI's inaccuracy, rather than general endorsement, was most closely associated with reported verification, verification could be taught as a writing skill. A teacher might ask students to submit a short verification log listing AI suggestions they accepted or rejected and how each was checked. Second, because students negotiated boundaries case by case and felt pressure doing so, permitted AI involvement could be stated for each task and stage. Assignment briefs could use graded levels such as those of the AI Assessment Scale (Perkins et al., 2024), for example permitting AI for brainstorming and language checking but not for drafting body paragraphs. Third, as accountability was more widely accepted than disclosure, disclosure could be normalised rather than penalised, for instance through a brief statement naming the tool, the stage of use and what the writer changed. Fourth, since reported reliance rose under deadlines and lighter checking but fell when tasks were framed as tests of students' own thinking, assessment could value process: staged submission of outlines and drafts, some in-class writing and a short reflection on how the final text reflects the writer's own voice.
For institutions, the findings point to educative policy that defines acceptable AI involvement rather than prohibition or reliance on detection thresholds (Cotton et al., 2024; Liang et al., 2023; Miao & Holmes, 2023), for AI literacy embedded across the writing curriculum, and for professional development that equips teachers to discuss authorship and voice with students.
6.3 Limitations and Further Research
Several limitations qualify these conclusions. The sample consisted of 100 volunteer AI users from one university, so the findings cannot be generalised to all EFL students or to students who do not use AI. All practices were self-reported, and some items, notably Q14, did not distinguish between degrees of incorporation. The questionnaire showed a strong general-agreement component, cross-loadings and two Heywood cases, so individual agreement rates are likely to be inflated and associations between items partly reflect shared response tendencies; the partial-correlation check reduces but cannot remove this ambiguity. The interviews were also short.
Future research should strengthen the instrument by using balanced wording with reverse-keyed items, separating perceptions from specific and frequency-based practice items, defining degrees of AI incorporation, and validating the revised scale through confirmatory factor analysis with new and larger samples from several institutions. Reported practices also need to be validated against evidence of what students actually do, such as successive drafts and revision histories, AI interaction logs, screen recordings or classroom observation, which would show whether the alignment patterns reported here hold for observed behaviour. Classroom studies could then test whether verification logs, disclosure statements and process-based assessment change how students use AI.
Declaration of Generative AI Use
Generative AI (Claude, Anthropic) was used to assist with translating interview extracts from Vietnamese into English and improving readability and language. The authors carefully reviewed and edited the translated interview contents against the Vietnamese originals, checked all analyses against the data, verified all sources and take full responsibility for the article content. 
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Appendix
Table A1 Pattern Matrix From Principal Axis Factoring With Promax Rotation, Four-Factor Solution (N = 100)
	Item
	Affective
	Practice
	Cognitive
	Ethical
	h²

	Q4
	.53
	−.02
	.05
	−.01
	.30

	Q5
	.85
	−.18
	−.05
	−.07
	.53

	Q6
	.66
	.07
	−.06
	−.09
	.41

	Q7
	.61
	−.29
	.08
	.17
	.40

	Q8
	.68
	.43
	−.12
	−.11
	.75

	Q9
	.69
	−.12
	.13
	−.18
	.40

	Q10
	−.02
	.67
	.11
	.12
	.62

	Q11
	−.14
	.69
	.09
	−.07
	.44

	Q12
	−.18
	.76
	.11
	.08
	.60

	Q13
	.22
	.40
	−.05
	.05
	.29

	Q14
	.22
	.62
	.01
	−.08
	.53

	Q15
	−.14
	.74
	.02
	−.02
	.47

	Q16
	−.01
	.00
	1.08
	−.19
	1.00

	Q17
	.02
	−.16
	.65
	.44
	.76

	Q18
	.06
	−.05
	.84
	−.12
	.62

	Q19
	−.14
	.16
	.69
	−.02
	.52

	Q20
	−.08
	.09
	.51
	.20
	.42

	Q21
	.02
	.17
	.55
	−.14
	.37

	Q22
	.05
	−.13
	−.11
	.73
	.44

	Q23
	−.08
	.10
	−.16
	.79
	.54

	Q24
	−.07
	−.06
	.08
	.77
	.57

	Q25
	.52
	.08
	−.12
	.50
	.74

	Q26
	−.02
	.12
	.01
	.63
	.46

	Q27
	−.18
	.01
	−.04
	1.04
	.92

	Q28
	.26
	.04
	.44
	.16
	.53

	Q29
	.32
	.09
	.26
	.16
	.44

	Q30
	.28
	.32
	.10
	.06
	.39

	Q31
	.19
	.12
	.19
	.26
	.34


Note. Loadings ≥ .40 in bold. The four factors together explained 53% of the variance; factor correlations ranged from .39 to .55. Parallel analysis supported three factors; the four-factor solution is shown because it corresponds to the domains used to write the items. Loadings above 1.0 (Q16, Q27) indicate Heywood cases.
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