Adapting Measures of AI Literacy and GAI-Supported Academic Writing for Vietnamese EFL Learners: A Pilot Factor-Analytic Study
Abstract
Generative artificial intelligence (GAI) is increasingly used in second-language academic writing, yet its benefits may depend on learners’ AI literacy. This pilot instrument-development study examined the factor structure and reliability of an adapted 18-item instrument measuring AI literacy, writing performance with GAI, GAI-driven well-being, and academic writing ability, and explored how the first three related to writing ability. Data came from 51 Vietnamese EFL students. Because this sample is small, all results are preliminary. Using Principal Axis Factoring with Promax rotation, the hypothesised four-construct model did not emerge: Academic Writing Ability formed a clear factor, Writing Performance and Well-Being converged, and AI Literacy items dispersed. Reliability was good for three constructs (α = .80–.82) and marginal for AI Literacy (α = .67). In exploratory regression, AI Literacy was the strongest unique predictor (β = .40). The study’s contribution is primarily methodological, identifying where the instrument needs revision.
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Tóm tắt
[bookmark: _GoBack]Nghiên cứu thử nghiệm này đánh giá công cụ 18 mục đo lường năng lực trí tuệ nhân tạo tạo sinh (GAI), hiệu suất viết với GAI, sự thoải mái tâm lý do GAI mang lại và năng lực viết học thuật trên 51 sinh viên EFL Việt Nam. Sử dụng Phân tích Nhân tố trục chính (Promax), kết quả sơ bộ cho thấy mô hình 4 nhân tố giả định không xuất hiện. Ba trên bốn thang đo đạt độ tin cậy tốt (α = .80–.82), Năng lực AI đạt mức trung bình (α = .67). Phân tích hồi quy xác định Năng lực AI là yếu tố dự báo độc lập mạnh nhất đối với năng lực viết (β = .40). Đóng góp chính của nghiên cứu mang tính phương pháp luận, giúp xác định các điểm cần hoàn thiện của công cụ đo lường.
Từ khóa: năng lực AI, trí tuệ nhân tạo tạo sinh, viết học thuật, tiếng Anh như ngoại ngữ, Việt Nam, nghiên cứu thử nghiệm, phát triển công cụ
Introduction
Background of the study
Generative artificial intelligence (GAI) has moved quickly into higher education, and survey evidence indicates that most university students now use GAI tools in at least some of their academic work (Vieriu & Petrea, 2025). Second-language academic writing has been one of the most visible sites of this shift, with tools such as ChatGPT and Grammarly used for idea generation, grammar correction, vocabulary support, and stylistic revision (Kim et al., 2025). The benefits, however, are uneven: learners differ in how well they can use these tools, and this difference, commonly labelled AI literacy, has emerged as a predictor of learning outcomes (Long & Magerko, 2020; Ng et al., 2022).
In Vietnam, English is learned as a foreign language and academic writing is often treated as a difficult skill. GAI tools have been adopted quickly in Vietnamese universities and language centres, but there is still a thin empirical base describing how learner characteristics shape the outcomes of GAI use in this setting. Prior work on AI literacy has been conducted mainly in Chinese or Western contexts (Shi et al., 2025), and the psychometric properties of AI-literacy and related scales in Vietnamese EFL settings remain underexplored. This gap motivates the present study.
Purpose and research questions
This pilot instrument-development study has two aims. The primary aim is to examine the factor structure and reliability of an adapted instrument measuring AI literacy, writing performance with GAI, GAI-driven well-being, and academic writing ability. The secondary aim is to explore, in a preliminary way, how AI literacy and its associated constructs relate to self-perceived academic writing ability among Vietnamese EFL university students at a private language centre. Because the sample (N = 51) is small relative to the number of items, the study is intended to inform the revision of the instrument and the design of a larger confirmatory study, not to provide definitive estimates of the relationships among the constructs.
Two research questions follow:
RQ1: What factor structure and internal reliability do the AI literacy, writing performance, GAI-driven well-being, and academic writing ability scales show in a Vietnamese EFL sample?
RQ2: In this pilot sample, how are AI literacy, writing performance with GAI, and GAI-driven well-being associated with academic writing ability, and which relationships warrant testing in a larger confirmatory study?
Significance of the study
This study adds evidence from Vietnamese EFL learners, a group that has received limited attention in research on AI literacy and GAI-supported academic writing, and provides a first check on whether measures developed in other contexts transfer to this setting. It identifies where existing scales may need further adaptation before use with these learners, and offers a preliminary, testable hypothesis: that AI literacy, rather than GAI use or perceived benefits alone, is the learner characteristic most closely associated with self-perceived academic writing ability. This directs research attention to what learners can actually do with AI rather than treating GAI use as a sufficient indicator of effective AI-supported writing.
Literature Review
AI literacy
Long and Magerko (2020) defined AI literacy as a set of competencies for critically evaluating, communicating with, and collaborating with AI technologies. Later frameworks extended this to include awareness, use, evaluation, and ethical reasoning (Wang et al., 2023), and argued that AI literacy is now a general 21st-century competence rather than a specialised technical skill (Ng et al., 2022). In language education, Hakim (2025) proposed a five-component framework for L2 learners covering understanding, access, prompting, corroboration, and incorporation. Across these frameworks, AI literacy is treated as a learner trait that shapes interaction with AI tools (Huang et al., 2025). This study uses items adapted from Wang et al. (2023), as implemented in Shi et al. (2025), focusing on observable abilities: prompting, choosing appropriate AI functionalities, and integrating AI with the learner’s academic domain. This operationalisation fits EFL learners who are active users of GAI but are not specialists in computer science (Chiu, 2025).
Writing performance with generative AI
GAI tools can support writing in several ways. Kim et al. (2025) found that students with higher AI literacy used more collaborative prompting patterns and produced higher-quality texts, and other studies report gains in vocabulary and grammatical accuracy (Deep & Chen, 2025). These gains are not automatic; they depend on whether learners can formulate useful prompts, judge the quality of GAI outputs, and integrate suggestions into their own drafts. In the present study, writing performance with GAI is defined as the learner’s perceived use of GAI to generate ideas, improve vocabulary, strengthen grammatical accuracy, and develop overall language expression.
Generative AI-driven well-being
Most AI-in-education research focuses on cognitive and performance outcomes, but a smaller body of work addresses psychological effects. Klimova and Pikhart (2025) reported mixed findings: AI tools can support well-being through personalised learning, accessible mental-health support, and reduced academic stress, but also raise concerns about technostress, digital fatigue, and over-reliance. Cambra-Fierro et al. (2024) found ChatGPT use associated with increased happiness and reduced stress, whereas Crawford et al. (2024) reported more ambivalent effects, including increased loneliness when AI was used as a primary source of support. Building on this work, GAI-driven well-being is defined here as learners’ recognition of GAI’s value in their learning, their sense that GAI has improved their writing, reduced writing-related anxiety, and overall satisfaction with GAI use. This is not general psychological well-being; it captures how learners evaluate GAI as a source of academic and emotional support.
Academic writing ability
Academic writing requires the coordination of logical organisation, appropriate vocabulary, critical argumentation, coherence, and grammatical accuracy (Giray et al., 2025). In the digital era, this definition has expanded to include the ability to work with digital resources and, increasingly, AI tools (Wang & Wang, 2025). This study measures self-perceived academic writing ability using items adapted from Deep and Chen (2025) covering these five dimensions in an AI-supported learning context.
Research gap and proposed model
Three gaps motivate the study. First, most prior work on AI literacy and academic writing has been conducted in Chinese or Western settings, leaving Vietnamese EFL learners underrepresented. Second, few studies have examined the psychometric properties of AI-literacy instruments outside Chinese EFL contexts. Third, well-being is rarely modelled alongside AI literacy as a predictor of writing outcomes (Klimova & Pikhart, 2025; Shi et al., 2025).
To address these gaps, the study proposes a four-construct model (Figure 1), examined in this pilot through Exploratory Factor Analysis, reliability analysis, correlation, and exploratory regression. AI Literacy is positioned as the antecedent construct, with arrows leading to Writing Performance with GAI, to GAI-Driven Well-Being, and directly to Academic Writing Ability; Writing Performance and Well-Being each lead in turn to Academic Writing Ability. The figure thus represents a direct link from AI Literacy to Academic Writing Ability and indirect links through the two GAI-experience constructs. Because of the small sample, these paths are not tested as a mediation or structural model; the regression examines only the joint contribution of the other three constructs to Academic Writing Ability.
Figure 1
Hypothesised relationships among the four constructs
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Note.  Arrows indicate hypothesised directional relationships. These paths were not tested as a structural model in this pilot study.
Methodology
Research design
The study uses a quantitative, cross-sectional survey design and is framed as a pilot instrument-development study, following the approach of Shi et al. (2025) and Huang et al. (2025). A pilot of this kind checks how an adapted instrument functions (item behaviour, factor structure, and reliability) before a larger study, rather than testing hypotheses with adequate statistical power, and the results below should be read in that light.
Participants and setting
The study was conducted at a private English language centre in Ho Chi Minh City, Vietnam, which offers academic English courses for university students. A total of 51 valid responses were retained after incomplete cases were removed. Of these, 47 respondents (92.2%) identified as female and 4 (7.8%) as male; 19 (37.3%) were aged 18–22, 30 (58.8%) were 23–30, and 2 (3.9%) were 31–40. Convenience sampling was used because the researcher had direct access to students at the centre.
The sample size is a central limitation and shapes how the results should be interpreted. With 18 items, the commonly cited guideline of 5 to 10 cases per item (Tabachnick & Fidell, 2019) implies 90 to 180 participants, whereas the present sample provides about 2.8 cases per item. Smaller samples yield stable factor solutions only when communalities are high and each factor is defined by several strongly loading items (MacCallum et al., 1999), conditions only partly met here. For the regression, Green’s (1991) rules of thumb suggest at least 74 cases (50 + 8k) for the overall model and 107 (104 + k) for individual predictors with three predictors. The data are therefore used to evaluate how the adapted items function and to generate hypotheses, not to confirm the factor structure or to estimate predictive relationships precisely.
Instrument
The questionnaire contained 21 Likert-scale items drawn from three sources. Five items measuring AI literacy were adapted from Wang et al. (2023), as implemented in Shi et al. (2025), covering prompting, functional selection, problem-solving with AI, creative integration, and domain integration. Four items each measured writing performance with GAI and GAI-driven well-being, adapted from Shi et al. (2025). Five items measuring self-perceived academic writing ability were adapted from Deep and Chen (2025), covering logical structure, academic vocabulary, critical argumentation, coherence, and grammatical accuracy. All items were rated on a 5-point Likert scale from 1 (strongly disagree) to 5 (strongly agree).
A three-item Self-Regulated Learning subscale, drawn from a shortened version of the SRL measure in Shi et al. (2025), was also included but returned α = .42 in preliminary testing, most likely because three items are too few for an SRL measure. It was excluded from the main analysis, which used the 18 items covering the four target constructs (Hair et al., 2019).
Data collection procedure
The questionnaire was distributed online through Google Forms between 22 and 30 March 2026. Before completing the survey, all participants were informed of the study’s purpose, the anonymity of their responses, and their right to withdraw at any time without consequence. Informed consent was obtained at the start of the questionnaire.
Data analysis
Analyses were conducted in IBM SPSS Statistics in five stages. First, item-level descriptive statistics (means, standard deviations, skewness, and kurtosis) were computed. Second, Exploratory Factor Analysis was run using Principal Axis Factoring with Promax (oblique) rotation, since the four constructs were expected to correlate (Fabrigar et al., 1999); the Kaiser–Meyer–Olkin measure and Bartlett’s test of sphericity were used to assess suitability (Kaiser, 1974), and factors were retained on the basis of eigenvalues greater than 1, the scree plot, and theoretical interpretability, with loadings below .30 or serious cross-loadings flagged for inspection (Hair et al., 2019). Third, Cronbach’s alpha was computed for each construct, with α ≥ .70 treated as acceptable and α between .60 and .70 acceptable for exploratory work (Nunnally & Bernstein, 1994). Fourth, Pearson correlations were computed between the four construct scores. Fifth, an exploratory multiple linear regression was run with academic writing ability as the dependent variable and the other three constructs as predictors; given the sample size, it is reported descriptively, with 95% confidence intervals for the unstandardised coefficients. Following APA conventions, statistics are reported to two decimal places and p values to three.
Ethical considerations
Participation was voluntary and anonymous, and no identifying information was retained in the analytic dataset. Participants were told the data would be used only for academic research, and consent was obtained prior to data collection. Approval to recruit participants and collect data was granted by the management of the participating language centre.
Results
Descriptive statistics
Construct means ranged from 3.46 (Academic Writing Ability) to 3.91 (GAI-Driven Well-Being) on the 5-point scale, showing moderately positive responses. Construct-level standard deviations were 0.65 (AI Literacy), 0.89 (Writing Performance), 0.85 (GAI-Driven Well-Being), and 0.71 (Academic Writing Ability). At the item level, standard deviations fell between 0.83 and 1.23, skewness between −1.50 and 0.12, and kurtosis between −1.21 and 2.60, within the limits commonly used for parametric analysis (|skew| < 2, |kurt| < 7; Hair et al., 2019). Item-level statistics appear in Table 1.
Table 1
Descriptive statistics for the 18 items (N = 51)
	Item
	Mean
	SD
	Skewness
	Kurtosis

	AIL1
	3.86
	0.89
	−0.24
	−0.80

	AIL2
	3.88
	0.91
	−0.43
	−0.57

	AIL3
	3.47
	1.06
	−0.02
	−1.21

	AIL4
	3.75
	0.93
	−0.22
	−0.80

	AIL5
	3.84
	1.08
	−0.75
	−0.28

	WP1
	3.67
	1.23
	−0.67
	−0.34

	WP2
	3.80
	1.08
	−0.89
	0.30

	WP3
	3.55
	1.17
	−0.43
	−0.55

	WP4
	3.53
	1.01
	−0.63
	0.62

	WB1
	3.84
	1.12
	−0.92
	0.47

	WB2
	4.06
	1.03
	−1.50
	2.60

	WB3
	3.90
	1.08
	−0.79
	−0.21

	WB4
	3.84
	0.99
	−0.97
	1.14

	AW1
	3.55
	0.94
	−0.44
	−0.07

	AW2
	3.43
	0.83
	0.12
	−0.44

	AW3
	3.20
	0.98
	0.12
	−0.58

	AW4
	3.53
	1.08
	−0.42
	−0.43

	AW5
	3.59
	0.90
	−0.28
	0.23


Note. AIL = AI Literacy; WP = Writing Performance with GAI; WB = GAI-Driven Well-Being; AW = Academic Writing Ability.
Exploratory Factor Analysis
KMO and Bartlett’s test
The Kaiser–Meyer–Olkin measure of sampling adequacy was .77, above the recommended .60 threshold (Kaiser, 1974). Bartlett’s test of sphericity was significant, χ²(153) = 448.38, p < .001, indicating the correlation matrix was not an identity matrix. Anti-image MSA values exceeded .60 for 16 of the 18 items; two items (AW1 = .50, AIL4 = .58) fell below this value but were retained because their rotated loadings were clear. The data were therefore judged adequate for exploratory factor analysis, although these indices do not compensate for the small ratio of cases to items (see Participants and setting).
Table 2
KMO and Bartlett’s test of sphericity
	Measure
	Value

	Kaiser–Meyer–Olkin Measure of Sampling Adequacy
	.77

	Bartlett’s Test of Sphericity — Approx. χ²
	448.38

	df
	153

	Sig.
	< .001


Factor extraction
Principal Axis Factoring was applied to the 18 items. Four factors had eigenvalues greater than 1 (6.74, 2.33, 1.34, 1.14). Together they accounted for 64.1% of the total variance (37.4%, 12.9%, 7.4%, and 6.3%, respectively). The scree plot (Figure 2) showed a pronounced drop after the first two factors and a flattening of the curve around the fourth factor, which supported retaining four factors.
Figure 2
Scree plot of eigenvalues from Principal Axis Factoring
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Rotated factor loadings
Table 3 reports the Promax-rotated pattern matrix. The structure departed from the hypothesised four-construct model in two important ways.
The cleanest part of the structure was Academic Writing Ability. All five AW items loaded on a single factor (Factor 2), with primary loadings between .63 and .87 and no strong secondary loadings, with the one exception of AW1, which showed a secondary loading of −.65 on Factor 4.
Writing Performance and GAI-Driven Well-Being did not separate. Three of the four WP items (WP1, WP3, and WP4) and all four WB items loaded primarily on the same factor (Factor 1). WP2 had no loading of .30 or above on Factor 1 and only weak loadings on Factor 2 (.32) and Factor 4 (.35). Primary loadings on Factor 1 were .70 to .80 for the three WP items and .60 to .94 for the WB items. This pattern is consistent with the strong correlation between the two construct scores (r = .80) and suggests that in this sample the two scales capture largely overlapping content.
AI Literacy items were dispersed. AIL1 cross-loaded on three factors; AIL5 loaded on both Factor 1 and Factor 3; AIL2 loaded alone on Factor 4; and AIL3 and AIL4 each loaded on a different factor. The five AIL items therefore did not form a single coherent factor in this sample.
Factor correlations from the Promax rotation were moderate between Factor 1 and Factor 2 (r = .47) and between Factor 1 and Factor 4 (r = .43), lower between Factor 2 and Factor 4 (r = .28), and close to zero for pairs involving Factor 3.
Table 3
Promax-rotated pattern matrix for the four-factor solution
	Item
	F1
	F2
	F3
	F4

	AIL1
	
	.55
	.35
	.39

	AIL2
	
	
	
	.75

	AIL3
	
	.55
	
	

	AIL4
	
	
	.83
	

	AIL5
	.56
	
	.53
	

	WP1
	.80
	
	
	

	WP2
	
	.32
	
	.35

	WP3
	.70
	
	
	

	WP4
	.80
	
	
	

	WB1
	.60
	
	
	

	WB2
	.85
	
	
	

	WB3
	.75
	
	
	

	WB4
	.94
	
	
	−.40

	AW1
	
	.63
	
	−.65

	AW2
	
	.81
	
	

	AW3
	
	.78
	
	

	AW4
	
	.87
	
	

	AW5
	
	.64
	
	


Note. Extraction method: Principal Axis Factoring; rotation method: Promax with Kaiser normalisation. Loadings below |.30| are suppressed. Negative secondary loadings (AW1 = −.65 and WB4 = −.40 on Factor 4) indicate that these items are associated with Factor 4 in the opposite direction to its other items; because Factor 4 was weakly defined (only AIL2 loaded cleanly on it), these secondary loadings are not interpreted substantively.
Reliability
Internal consistency was good for three of the four retained constructs and marginal for AI Literacy. Cronbach’s α was .82 for GAI-Driven Well-Being, .81 for Writing Performance, .80 for Academic Writing Ability, and .67 for AI Literacy. The AI Literacy value is below the conventional .70 cut-off but within the .60 range commonly accepted for short, exploratory scales (Nunnally & Bernstein, 1994). Item-total correlations for AI Literacy ranged from .28 to .54, and no single-item deletion would have raised α above .70 for that subscale. The three-item SRL subscale (α = .42) was excluded from analysis.
Table 4
Cronbach’s alpha per construct
	Construct
	Number of items
	Cronbach’s α

	AI Literacy (AIL)
	5
	.67

	Writing Performance (WP)
	4
	.81

	GAI-Driven Well-Being (WB)
	4
	.82

	Academic Writing Ability (AW)
	5
	.80


Correlations between constructs
Pearson correlations are reported in Table 5. AI Literacy was positively correlated with Writing Performance (r = .61, p < .001), GAI-Driven Well-Being (r = .53, p < .001), and Academic Writing Ability (r = .50, p < .001). Writing Performance and GAI-Driven Well-Being were very strongly correlated (r = .80, p < .001). Both Writing Performance (r = .40, p = .003) and GAI-Driven Well-Being (r = .37, p = .007) were moderately correlated with Academic Writing Ability.
Table 5
Pearson correlations between the four constructs (N = 51)
	
	AIL
	WP
	WB
	AW

	AIL
	—
	
	
	

	WP
	.61***
	—
	
	

	WB
	.53***
	.80***
	—
	

	AW
	.50***
	.40**
	.37**
	—


Note. **p < .01. ***p < .001.
Multiple linear regression
An exploratory standard multiple regression was run with Academic Writing Ability as the dependent variable and AI Literacy, Writing Performance, and GAI-Driven Well-Being as predictors. The overall model was significant, F(3, 47) = 5.73, p = .002, R² = .27, adjusted R² = .22. AI Literacy was the only predictor with a significant unique association (β = .40, t = 2.51, p = .016), though its 95% confidence interval was wide (B = 0.44, 95% CI [0.09, 0.79]), indicating an imprecise estimate. Writing Performance (β = .07, p = .742; 95% CI [−0.30, 0.41]) and GAI-Driven Well-Being (β = .10, p = .614; 95% CI [−0.26, 0.43]) added no unique variance once AI Literacy was controlled. Variance inflation factors were 1.62 (AI Literacy), 3.18 (Writing Performance), and 2.74 (GAI-Driven Well-Being); although below the threshold of 5, the high VIFs for WP and WB reflect the near-collinearity noted above and explain their limited unique contribution. With 51 cases and three predictors, the regression falls below recommended sample sizes (Green, 1991), so the non-significant coefficients for WP and WB cannot be taken as evidence that these constructs are unrelated to academic writing ability; the model describes the pattern in this pilot sample rather than establishing which construct is the critical predictor.
Table 6
Multiple regression predicting Academic Writing Ability (N = 51)
	Predictor
	B
	SE B
	β
	t
	p

	Constant
	1.26
	0.55
	
	2.28
	.027

	AIL
	0.44
	0.17
	.40
	2.51
	.016

	WP
	0.06
	0.18
	.07
	0.33
	.742

	WB
	0.09
	0.17
	.10
	0.51
	.614


Note. R² = .27, adjusted R² = .22, F(3, 47) = 5.73, p = .002.
Discussion
This pilot study examined the factor structure of an adapted instrument and the preliminary associations among four GAI-related constructs in 51 Vietnamese EFL learners. Three findings stand out, the last qualifying the others.
The first concerns factor structure. Although sampling adequacy supported factor analysis, the rotated pattern did not match the hypothesised model: Academic Writing held together, Writing Performance and Well-Being merged, and the AI Literacy items were dispersed. At face value the sample supports at most a two-factor solution—Academic Writing Ability and a combined GAI-Experience factor—rather than four distinct constructs (Shi et al., 2025); given the small ratio of cases to items, the loadings are best read as identifying items to revise rather than as a definitive structure. The Writing Performance–Well-Being overlap is unsurprising given item content: “GAI has helped me improve the quality of my writing” (WB2) and “I have improved my overall language expression with the help of GAI” (WP4) are close in meaning, suggesting learners do not distinguish the cognitive benefit of using GAI from their emotional satisfaction with it. Whether this is a property of the scale or the sample is a question for replication.
The second finding concerns reliability. AI Literacy (α = .67) was the only subscale below the conventional .70 cut-off, and because no single-item deletion would raise it to .70, the limitation likely lies with sample size or with the content span of the five items, which stretch from concrete skills (prompting) to more abstract ones (cross-domain integration).
The third finding, the exploratory regression, is more modest than the bivariate correlations suggest. Once AI Literacy was accounted for, Writing Performance and GAI-Driven Well-Being contributed almost nothing, because their strong mutual overlap leaves them little unique variance and AI Literacy overlaps meaningfully with both. Because the sample is small, a larger study could reorder the predictors, and the analysis does not show that AI Literacy is the critical predictor of academic writing ability.
The pattern that emerges is narrower than the four-construct model but still interpretable: in this sample, AI Literacy is associated with higher self-rated academic writing ability and with more positive GAI experiences, consistent with Shi et al. (2025) and Kim et al. (2025), who report that learners with stronger AI competencies engage with GAI more productively. What the data do not support is a claim that perceived writing gains and GAI-related well-being make independent contributions; in this sample they do not function as separable predictors.
Pedagogical and measurement implications
The findings suggest several practical implications, though they should be read cautiously given the cross-sectional design and reliance on self-report. First, the association between AI Literacy and self-rated writing ability, if confirmed in larger samples, would suggest treating AI use in writing as a competence rather than simply as access to a tool. Because the instrument’s AI-literacy items concern formulating prompts, selecting appropriate AI functions, solving problems with AI, and integrating AI into an academic domain, classroom support may be more useful when it develops these judgement-based practices explicitly—asking learners to justify why a prompt or tool function is appropriate, compare alternative outputs, and explain how a suggestion is incorporated into an argument—rather than assuming that frequent GAI use alone will produce stronger writing. The present data do not show that such instruction causes better writing, but they provide a rationale for testing this in future intervention studies.
Second, the overlap between Writing Performance and GAI-Driven Well-Being has consequences for how GAI-supported writing is evaluated. A learner who reports that GAI improves writing quality may also report greater satisfaction and lower anxiety for the same underlying reason. Future instruments should therefore separate performance-oriented judgements (idea development, lexical choice, grammatical accuracy, revision quality) from affective responses (anxiety, frustration, confidence, satisfaction, cognitive burden), and, where feasible, pair self-report with direct indicators of writing performance so that AI literacy can be related not only to learners’ perceptions but to observable changes in their texts.
Finally, the dispersed AI Literacy items indicate that scale adaptation requires more than transferring items developed in another setting. A larger Vietnamese EFL sample would allow researchers to examine whether these dimensions form a single construct, several related dimensions, or a hierarchical model, and cognitive interviewing before large-scale data collection could clarify how learners interpret terms related to prompting, AI functionality, and integration. In this sense the present results are useful not because they confirm the original model but because they identify where it becomes unstable in a new educational context.
Limitations
Several limitations should be kept in mind. The most important is sample size: at about 2.8 cases per item, N = 51 falls well below the sizes recommended for EFA and for regression with three predictors (see Participants and setting), so the factor loadings and regression coefficients may not be stable and should be treated as pilot findings. A follow-up study with at least 180 participants is needed to re-examine the revised instrument, ideally using confirmatory factor analysis. All measures are self-report, allowing common-method bias and socially desirable responding. The sample was recruited by convenience from a single language centre and is heavily skewed female, limiting generalisability. The cross-sectional design does not support causal inference: AI literacy is treated as a predictor of academic writing ability, but a longitudinal or experimental design would be needed to test directionality.
Conclusion
As a pilot study, this work offers a useful starting point for research in the Vietnamese EFL context. The adapted instrument showed acceptable reliability for three of four constructs. The Writing Performance and GAI-Driven Well-Being subscales did not separate empirically and made no independent contribution in regression, indicating that the four-construct model needs refinement. A larger, more balanced sample, a longer AI Literacy scale adapted to the Vietnamese context, and clearer item wording for Writing Performance and Well-Being are the main priorities for follow-up. The findings support a narrower, provisional claim: in this pilot sample, AI literacy was the learner characteristic most clearly associated with self-rated academic writing outcomes in GAI-supported language learning—a pattern that now needs testing in a larger, confirmatory study.
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