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Abstract
Generative AI is now embedded in everyday teaching, learning, and assessment, yet its benefits are not evenly distributed. Cultural bias and narrow linguistic representation remain embedded in many AI systems, while current AI literacy frameworks rarely address whether teachers and students can recognize biased outputs or exercise ethical judgment within their own cultural context. This study explored three practice-oriented dimensions of AI literacy—ethical decision-making, cultural bias evaluation, and inclusive, multilingual assessment—among 85 undergraduate students and 20 teachers at FPT Polytechnic International. An explanatory sequential mixed-methods design combined a pre-intervention survey of participants’ expectations, a classroom-based intervention, a post-intervention survey of participants’ reported experience, and semi-structured interviews. Post-intervention reported-experience ratings were significantly higher than pre-intervention expectation ratings on all three dimensions for both groups. Because the two surveys asked different questions (what participants expected to do versus what they reported doing), and because there was no comparison group or independent measure of competence, these differences are not interpreted as literacy gains or as intervention effects. Among students, post-intervention self-reported cultural bias evaluation was associated with self-reported inclusive assessment after accounting for ethical decision-making (a conditional association), whereas the unique association of ethical decision-making was not statistically significant. Interview accounts described a shift from assuming AI outputs to be neutral toward questioning their cultural and linguistic assumptions, alongside continuing uncertainty. The study offers a conceptual framework that proposes cultural bias evaluation as a link between ethical awareness and inclusive assessment; this proposed pathway is not tested here and is offered for future research.
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1. Introduction
Generative Artificial Intelligence (GenAI) tools such as ChatGPT, Gemini, and Copilot have moved rapidly from novelty to necessity in higher education, shaping how students draft assignments, how teachers design materials, and how both groups approach assessment. Much of the enthusiasm surrounding this shift assumes that GenAI is a neutral productivity tool whose benefits are equally accessible to all users. This assumption is increasingly contested. Empirical audits of AI systems have repeatedly documented systematic disparities in how such systems represent and serve different demographic and linguistic groups, from facial-analysis systems that misclassify darker-skinned individuals at far higher rates than lighter-skinned individuals (Buolamwini & Gebru, 2018), to natural language processing systems whose notion of “bias” is rarely examined against the lived social hierarchies it may reproduce (Blodgett, Barocas, Daumé III, & Wallach, 2020). Because most large language models are trained predominantly on English-language, Western-centric data, learners and teachers working in non-Western, multilingual contexts such as Vietnam may encounter outputs that subtly privilege particular cultural assumptions, communication norms, and varieties of English (Bender & Friedman, 2018).
Parallel to this, a growing body of research has proposed frameworks for “AI literacy,” typically defined as the knowledge, skills, and attitudes needed to understand, use, and evaluate AI systems (Long & Magerko, 2020; Ng, Leung, Chu, & Qiao, 2021). Global policy instruments such as UNESCO’s AI competency framework for teachers likewise emphasize a human-centered, ethics-first approach to AI adoption in education (Miao & Cukurova, 2024). Yet as Holmes et al. (2022) observe, much of the applied literature on AI in education still treats ethics as a set of abstract principles rather than as a practical competency that teachers and students must exercise in the moment, when deciding whether an AI-generated example, rubric, or piece of feedback is fair, accurate, and culturally appropriate for their own students. Few existing AI literacy instruments explicitly address whether users can recognize cultural or linguistic bias in AI outputs, or whether they can apply that recognition to make assessment more equitable rather than simply automating it.
Within Vietnamese higher education specifically, GenAI adoption has outpaced the development of localized guidance on ethical and culturally responsive use. Institutions such as FPT Polytechnic International serve a linguistically and socioeconomically diverse student body, many of whom are non-native English speakers navigating AI systems whose defaults were not designed with their context in mind. Recent Vietnamese-context research on AI-supported English instruction has focused mainly on general attitudes and perceived usefulness (Hien, Van Huy, & Hanh, 2026), leaving open the question of how students and teachers in this setting describe their own attention to culturally or linguistically skewed AI output and to the ethics of using AI in assessment.
This study explores three practice-oriented dimensions of AI literacy—ethical decision-making, cultural bias evaluation, and inclusive, multilingual assessment—among 85 students and 20 teachers at FPT Polytechnic International who took part in a classroom-based intervention targeting these dimensions. Participants rated what they expected to be able to do before the intervention and what they reported doing in practice afterward, and a subsample was interviewed. The study is exploratory and self-report based: it does not include a comparison group or an independent measure of competence, and it therefore describes how expectations and reported experience compare rather than estimating the effect of the intervention. The study addresses the following research questions:
1. How did students’ and teachers’ pre-intervention expectations about their ethical decision-making, cultural bias evaluation, and inclusive/multilingual assessment practices compare with their post-intervention self-reported experience of these practices?
1. Among students, how are the three post-intervention self-reported dimensions associated with one another, and is self-reported cultural bias evaluation associated with self-reported inclusive assessment after accounting for self-reported ethical decision-making?
1. What themes emerge from students’ and teachers’ interview accounts of their experience, and how might these accounts inform the proposed conceptual framework?
2. Literature Review
2.1. Cultural Bias and Linguistic Representation in Generative AI
A substantial body of evidence documents how AI systems encode and sometimes amplify the biases present in their training data. Buolamwini and Gebru (2018) demonstrated large accuracy disparities in commercial facial-classification systems across gender and skin type, an early and influential illustration that algorithmic systems are not neutral arbiters but products of the data and design choices behind them. In language technology, Blodgett et al. (2020) surveyed how “bias” is conceptualized in natural language processing research and argued that harms are best understood in relation to the social hierarchies and power relations that language reflects, rather than as a purely technical defect to be patched. Bender and Friedman (2018) proposed “data statements” as a professional practice for documenting the provenance, language variety, and demographic scope of training data, precisely because opaque data provenance makes it difficult for downstream users, including teachers and students, to know whose linguistic norms an AI system actually represents. Taken together, this literature suggests that GenAI outputs used in Vietnamese EFL and vocational classrooms may default to Western, English-dominant framings unless users are equipped to notice and question this tendency.
2.2. AI Literacy Frameworks: Scope and Limitations
Long and Magerko (2020) define AI literacy as a set of competencies enabling people to critically evaluate AI technologies, communicate and collaborate with them, and use them as tools online, at home, and in the workplace. Ng et al. (2021) similarly conceptualize AI literacy across four dimensions: knowing and understanding AI, using and applying AI, evaluating and creating AI, and AI ethics. UNESCO’s AI competency framework for teachers (Miao & Cukurova, 2024) extends this thinking into professional practice, organizing teacher competencies around a human-centered mindset, AI ethics, AI foundations, AI pedagogy, and AI for professional learning. While these frameworks explicitly name ethics as a component, they tend to treat it as one strand among several rather than as a lens that runs through cultural bias recognition and assessment practice specifically. This leaves an operational gap: a teacher or student may report general AI competence while still being unable to recognize when an AI-generated rubric, example sentence, or feedback comment reflects a culturally narrow assumption.
2.3. Ethical Decision-Making in AI-Supported Teaching and Learning
Holmes et al. (2022) surveyed leading researchers in AI in education and concluded that ethical practice in this field cannot be reduced to a checklist of principles; it requires ongoing, situated judgment about fairness, accountability, transparency, and inclusion in each specific instructional decision. Extending this argument, Madaio, Blodgett, Mayfield, and Dixon-Román (2022) contend that many “fairness” interventions in AI for education treat inequity as a narrow technical problem to be optimized away, rather than engaging with the structural and historical injustices that shape whose knowledge and language are treated as the default. This distinction between technical fairness and structural justice is directly relevant to Vietnamese higher education, where students and teachers frequently mediate between local norms and AI systems built primarily around North American and European contexts.
2.4. Culturally Responsive Pedagogy in the Age of AI
Ladson-Billings (1995) introduced culturally relevant pedagogy as a framework in which teaching affirms students’ cultural identities while promoting academic success and critical consciousness. Gay (2018) extended this into culturally responsive teaching, emphasizing that instructional materials, assessment criteria, and feedback should reflect the cultural backgrounds and communication styles of the learners they serve, rather than a single, unmarked cultural default. Applied to GenAI-supported instruction, these frameworks suggest that culturally responsive AI use requires teachers and students not simply to accept AI-generated content, but to actively evaluate whether that content reflects, distorts, or erases their own cultural and linguistic context, and to adapt it accordingly.
2.5. Equitable and Multilingual Assessment
As GenAI is increasingly used to draft rubrics, generate practice items, and even provide automated feedback, questions of assessment equity have become more pressing. If an AI-generated rubric implicitly rewards native-English-like phrasing or Western rhetorical conventions, it may systematically disadvantage multilingual learners whose competence is real but differently expressed. Ethical and culturally responsive AI literacy therefore needs to extend into assessment literacy: the ability to recognize when AI-assisted grading or feedback criteria embed linguistic or cultural assumptions, and the skill to adjust such criteria so that assessment remains equitable across a linguistically diverse student body (Madaio et al., 2022; Miao & Cukurova, 2024).
2.6. The Vietnamese Higher Education Context
Vietnamese higher education has seen rapid, largely bottom-up adoption of GenAI tools by both students and teachers, often ahead of institutional policy or structured training (Hien, Van Huy, & Hanh, 2026). Existing Vietnamese-context studies of GenAI in language education report generally positive attitudes toward AI as a convenient, low-pressure learning partner, but rarely probe whether users attend to cultural or linguistic bias in AI output, or whether they feel prepared to make ethically grounded decisions about incorporating AI into assessment. Evidence from vocational and college-level institutions such as FPT Polytechnic International, which serve a broad cross-section of students by academic major and prior English proficiency, remains particularly scarce.
2.7. Research Gaps
Three gaps emerge from this review. First, existing AI literacy frameworks name ethics and evaluation as components but rarely operationalize cultural bias recognition and inclusive assessment as distinct, assessable practices. Second, most empirical studies of AI literacy are cross-sectional and attitudinal, and few examine how participants’ expectations compare with their reported experience after a classroom-based intervention. Third, very little research has examined these practices simultaneously among students and teachers within the same Vietnamese institution, even though ethical, culturally responsive AI use in the classroom depends on both groups. This study provides exploratory evidence addressing these gaps; it does not test the effectiveness of any intervention.
2.8. Conceptual Framework
Drawing on AI literacy frameworks (Long & Magerko, 2020; Ng et al., 2021; Miao & Cukurova, 2024), the ethics-of-AI-in-education literature (Holmes et al., 2022; Madaio et al., 2022), and culturally responsive pedagogy (Ladson-Billings, 1995; Gay, 2018), this study proposes an AI Literacy for Ethical, Culturally Responsive, and Inclusive (ECRI) practice framework with three interrelated dimensions: (1) Ethical Decision-Making (EDM), the ability to recognize ethical dilemmas in AI-supported teaching and learning and to make justified decisions about appropriate use; (2) Cultural Bias Evaluation (CBE), the ability to detect cultural, linguistic, or representational bias in AI-generated content; and (3) Inclusive and Multilingual Assessment (IMA), the ability to adapt AI-assisted assessment practices so that they remain fair across culturally and linguistically diverse learners.
The framework further advances a theoretical proposition: that CBE may function as a link between EDM and IMA, such that recognizing bias is what allows ethical judgment to be translated into concrete, equitable assessment decisions. This proposition is untested. The present study collected contemporaneous self-report data and conducted no mediation analysis, so it cannot establish an indirect effect, the direction of any process, or a mechanism. Figure 1 therefore depicts the proposed pathway as hypothesized only, without estimated coefficients.
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Figure 1. Proposed conceptual framework (ECRI). The pathway from Ethical Decision-Making through Cultural Bias Evaluation to Inclusive/Multilingual Assessment is a theoretical proposition that was not tested in this study; no estimated coefficients are shown.
3. Methodology
3.1. Research Design
This study used an explanatory sequential mixed-methods design built around a classroom-based intervention. In the quantitative phase, students and teachers completed a pre-intervention survey asking what they expected to be able to do with respect to ethical decision-making, cultural bias evaluation, and inclusive/multilingual assessment. A four-week classroom-based intervention was then embedded within an existing English and Digital Literacy course for students, and a parallel professional development workshop followed by one semester of guided classroom implementation was conducted for teachers. After the intervention, participants completed a post-intervention survey with the same 15 core items reworded to ask what they reported doing in practice. In the qualitative phase, semi-structured interviews were conducted with a purposively selected subsample to help interpret the quantitative patterns.
Two design features constrain the inferences that can be drawn. First, the pre- and post-intervention surveys measure different judgments (expectation versus retrospective report of experience), so their difference is not a direct measure of change in competence. Second, there was no comparison group and no independent, performance-based measure of competence. The design therefore supports description of how expectations and reported experience compared, not causal attribution to the intervention.
3.2. Participants
The quantitative phase involved 85 undergraduate students and 20 teachers at FPT Polytechnic International, recruited through convenience sampling from courses and departments in which GenAI tools were already in active use. Eligible students had prior experience using at least one GenAI tool (such as ChatGPT, Gemini, or Copilot) for academic tasks; eligible teachers were teaching a course in which GenAI use by students was permitted or encouraged. All 85 students and all 20 teachers completed both surveys with no missing item responses, yielding complete matched pairs for the paired-samples analyses. Following the quantitative phase, 10 students and 6 teachers, selected purposively to include a range of post-intervention scores and academic or subject backgrounds, were interviewed.
3.3. Research Instruments
Questionnaire.
A self-administered questionnaire, the AI Literacy for Ethical, Culturally Responsive, and Inclusive (ECRI) Practice Scale, was developed from the conceptual framework above and adapted from established AI literacy and AI-ethics-in-education sources (Long & Magerko, 2020; Ng et al., 2021; Holmes et al., 2022; Miao & Cukurova, 2024). Parallel student and teacher versions each comprised a demographic section and three five-item subscales (EDM, CBE, IMA), rated on a five-point Likert scale from 1 (Strongly disagree) to 5 (Strongly agree). Each of the 15 core items existed in two forms. The expectation form (pre-intervention) began “I expect to…” (e.g., “I expect to be able to recognize when an AI tool produces content that reflects a narrow cultural viewpoint”). The reported-experience form (post-intervention) began “In practice, I…” and used the past tense (e.g., “In practice, I was able to recognize when an AI tool produced content that reflected a narrow cultural viewpoint”). The exact paired wording of all 30 student and teacher items is given in Appendices A and B.
Scoring rules were as follows. Each subscale score was the arithmetic mean of its five items (range 1–5); no items were reverse-coded; there were no missing responses, so no imputation was used; and each participant’s difference score was the post-intervention (reported-experience) subscale score minus the pre-intervention (expectation) subscale score. No cut-off scores or proficiency bands were defined, and higher scores indicate stronger agreement with the item statements, not a measured level of competence. Because the two forms ask different questions, measurement equivalence across forms was not assumed and was not tested; the paired difference is interpreted only as a difference between expected and reported practice.
Classroom-Based Intervention.
The student-facing intervention consisted of four weekly 90-minute sessions embedded within a required English and Digital Literacy course, covering: (1) case studies of documented AI bias, including accent and dialect bias in speech recognition and Western-centric assumptions in AI-generated writing examples; (2) guided practice identifying culturally or linguistically skewed AI output in authentic classroom materials; (3) structured ethical decision-making scenarios; and (4) collaborative redesign of an AI-assisted assessment task to make it more culturally inclusive. The teacher-facing intervention consisted of a two-day workshop covering the same four themes from an instructional-design perspective, followed by one semester in which participating teachers implemented at least one culturally responsive, bias-aware AI-supported assessment task in their own classes, with peer observation and reflection sessions at weeks 6 and 12. Appendix C summarizes both programs.
Interview.
Separate semi-structured interview protocols were developed for students and teachers to explore how participants described their recognition of cultural bias, their ethical reasoning about AI use, and their approach to inclusive assessment (Appendix D). Each interview lasted approximately 25–35 minutes, was conducted in Vietnamese, and was audio-recorded with consent and transcribed verbatim.
3.4. Data Collection Procedure
Both questionnaires were administered online via Google Forms. Each instrument was reviewed by two experienced educators for clarity and cultural appropriateness and piloted with a small group of students and teachers outside the main sample. The pre-intervention (expectation) survey was administered in the week before the intervention began; the post-intervention (reported-experience) survey was administered in the week following the four-week student intervention and at the end of the semester-long teacher implementation period. Interview participants were invited after preliminary quantitative analysis and provided informed consent.
3.5. Data Analysis
Descriptive statistics summarized demographic characteristics and subscale scores. Internal consistency was assessed with Cronbach’s alpha separately for each group and form. Paired-samples t-tests compared each participant’s expectation subscale score with their reported-experience subscale score, separately for students and teachers. Results are reported as mean differences with 95% confidence intervals and as d_z (the mean difference divided by the standard deviation of the differences; Lakens, 2013). Treating five-item Likert means as interval-level data is a common but debatable assumption. With three tests per group, all reported p-values remain below a Bonferroni-adjusted threshold of .0167. Given the small teacher sample (N = 20), teacher results are treated as preliminary, and no comparison of effect sizes between students and teachers was made.
Pearson correlations were computed among the three post-intervention (reported-experience) subscale scores for students. An ordinary least squares multiple regression was then specified with post-intervention self-reported IMA as the outcome and post-intervention self-reported EDM and CBE as simultaneous predictors, using all 85 complete cases, with no covariates and no variable transformations. Unstandardized and standardized coefficients, standard errors, 95% confidence intervals, variance inflation factors (VIF), and model fit are reported. Correlation and regression were not run for teachers because N = 20 is too small for stable estimates. These analyses describe concurrent associations among self-reports and do not test mediation or temporal ordering. Interview transcripts were analyzed with thematic analysis (Braun & Clarke, 2006): transcripts were read repeatedly, similar ideas were coded and grouped, and themes were identified separately for students and teachers.
3.6. Ethical Considerations
The study received institutional approval prior to data collection. Participation was voluntary, and informed consent was obtained separately for the survey and interview phases. Teacher responses were anonymized and reported only in aggregate. Participants were informed that non-participation would not affect their academic standing or employment and that they could withdraw at any stage.
4. Findings
4.1. Participants’ Demographic Characteristics
A total of 85 undergraduate students and 20 teachers completed both survey phases. Among students, 46 (54.1%) were female and 39 (45.9%) male; 40 (47.1%) were in Year 1 and 45 (52.9%) in Year 2; 30 (35.3%) were in Information Technology programs, 28 (32.9%) in Business-related programs, and 27 (31.8%) in Design and other programs. For frequency of AI tool use, 46 (54.1%) reported daily use, 30 (35.3%) weekly use, and 9 (10.6%) rare use. Among teachers, 13 (65.0%) were female and 7 (35.0%) male; 9 (45.0%) had fewer than five years of teaching experience, 7 (35.0%) had five to ten years, and 4 (20.0%) had more than ten years; 9 (45.0%) taught English language courses, 6 (30.0%) IT or computing, and 5 (25.0%) Business or other subjects; 11 (55.0%) used AI tools daily in teaching, 7 (35.0%) weekly, and 2 (10.0%) rarely.
Table 1a. Demographic Characteristics of Student Participants (N = 85)
	Variable
	Category
	Frequency
	Percentage

	Gender
	Male
	39
	45.9

	
	Female
	46
	54.1

	Year of study
	Year 1
	40
	47.1

	
	Year 2
	45
	52.9

	Major
	Information Technology
	30
	35.3

	
	Business
	28
	32.9

	
	Design / Others
	27
	31.8

	AI use frequency
	Daily
	46
	54.1

	
	Weekly
	30
	35.3

	
	Rarely
	9
	10.6


Table 1b. Demographic Characteristics of Teacher Participants (N = 20)
	Variable
	Category
	Frequency
	Percentage

	Gender
	Male
	7
	35.0

	
	Female
	13
	65.0

	Teaching experience
	Under 5 years
	9
	45.0

	
	5–10 years
	7
	35.0

	
	Over 10 years
	4
	20.0

	Subject area
	English Language
	9
	45.0

	
	IT / Computing
	6
	30.0

	
	Business / Other
	5
	25.0

	AI use frequency
	Daily
	11
	55.0

	
	Weekly
	7
	35.0

	
	Rarely
	2
	10.0


4.2. Reliability of the ECRI Practice Scale
Internal consistency was acceptable to good for all subscales in both forms and both groups (α ≥ .78; Table 2), exceeding the commonly recommended .70 threshold (Hair, Black, Babin, & Anderson, 2022). Reliability indicates internal consistency within each form; it does not show that the expectation and reported-experience forms measure the same thing.
Table 2. Reliability of the ECRI Practice Scale (Cronbach’s Alpha)
	Dimension
	Items
	Students: Expectation
	Students: Reported
	Teachers: Expectation
	Teachers: Reported

	Ethical Decision-Making (EDM)
	5
	.82
	.85
	.84
	.87

	Cultural Bias Evaluation (CBE)
	5
	.80
	.84
	.81
	.86

	Inclusive/Multilingual Assessment (IMA)
	5
	.78
	.83
	.80
	.85


4.3. Students: Expectations Compared with Reported Experience
Table 3 compares students’ pre-intervention expectation scores with their post-intervention reported-experience scores. Reported-experience scores were higher than expectation scores on all three dimensions: EDM, mean difference = 0.62, 95% CI [0.47, 0.77], t(84) = 8.45, p < .001, d_z = 0.92; CBE, 0.73 [0.57, 0.89], t(84) = 9.10, p < .001, d_z = 0.99; and IMA, 0.50 [0.36, 0.64], t(84) = 6.98, p < .001, d_z = 0.76. The largest difference was for CBE.
These differences show that, after the intervention, students described their practice in more favorable terms than they had anticipated beforehand. They should not be read as increases in literacy or as demonstrated skill. The two surveys asked different questions (an expectation about what one would do versus a retrospective report of what one did), the wording of some items differs in meaning across forms (for example, “I expect to feel confident…” versus “In practice, I felt confident…”), and there was no comparison group or independent performance measure. Differences may reflect, among other things, a genuine change in practice, revised standards for self-judgment after exposure to the material, a tendency to report favorably after taking part in a course, or the different framing of the two forms.
Table 3. Students’ Pre-Intervention Expectation and Post-Intervention Reported-Experience Scores 
(N = 85)
	Dimension
	M exp.
	SD
	M rep.
	SD
	Mean diff. [95% CI]
	t
	p
	d_z

	EDM
	3.10
	0.58
	3.72
	0.54
	0.62 [0.47, 0.77]
	8.45
	< .001
	0.92

	CBE
	2.95
	0.61
	3.68
	0.57
	0.73 [0.57, 0.89]
	9.10
	< .001
	0.99

	IMA
	3.05
	0.55
	3.55
	0.52
	0.50 [0.36, 0.64]
	6.98
	< .001
	0.76


Note. df = 84. M exp. = mean expectation score; M rep. = mean reported-experience score. Mean difference = reported-experience minus expectation. d_z = mean difference / SD of differences. EDM = Ethical Decision-Making; CBE = Cultural Bias Evaluation; IMA = Inclusive/Multilingual Assessment. Scores are subscale means (1–5).
4.4. Teachers: Expectations Compared with Reported Experience
Table 4 presents the corresponding teacher results. Reported-experience scores were higher than expectation scores on all three dimensions: EDM, mean difference = 0.65, 95% CI [0.38, 0.92], t(19) = 5.02, p < .001, d_z = 1.12; CBE, 0.75 [0.43, 1.07], t(19) = 4.85, p < .001, d_z = 1.08; and IMA, 0.55 [0.27, 0.83], t(19) = 4.10, p < .001, d_z = 0.92. The same interpretive limits apply as for students. With only 20 teachers, the confidence intervals are wide and the results are preliminary. Effect sizes are not compared between teachers and students: the two groups differed in the length and format of their programs, in sample size, and in the context in which they reported, so differences in effect size cannot be attributed to the duration or effectiveness of training.
Table 4. Teachers’ Pre-Intervention Expectation and Post-Intervention Reported-Experience Scores
 (N = 20)
	Dimension
	M exp.
	SD
	M rep.
	SD
	Mean diff. [95% CI]
	t
	p
	d_z

	EDM
	3.30
	0.50
	3.95
	0.46
	0.65 [0.38, 0.92]
	5.02
	< .001
	1.12

	CBE
	3.05
	0.55
	3.80
	0.49
	0.75 [0.43, 1.07]
	4.85
	< .001
	1.08

	IMA
	3.15
	0.52
	3.70
	0.50
	0.55 [0.27, 0.83]
	4.10
	< .001
	0.92


Note. df = 19. Abbreviations and scoring as in Table 3.
4.5. Correlation Analysis (Students)
Table 5 presents Pearson correlations among students’ post-intervention self-reported scores (N = 85, complete cases). All three dimensions were positively correlated. CBE showed the strongest association with IMA (r = .63), followed by the association between EDM and CBE (r = .58); the correlation between EDM and IMA was r = .49. No correlation analysis is reported for teachers because of the small sample.
Table 5. Correlations among Post-Intervention Self-Reported Dimensions (Students, N = 85)
	Pair of dimensions
	r
	95% CI
	p

	EDM – CBE
	.58
	[.42, .71]
	< .001

	EDM – IMA
	.49
	[.31, .64]
	< .001

	CBE – IMA
	.63
	[.48, .74]
	< .001


Note. Pearson r; 95% CIs via Fisher z transformation; complete cases (N = 85).
4.6. Regression Analysis (Students)
An OLS regression predicted post-intervention self-reported IMA from post-intervention self-reported EDM and CBE entered simultaneously (N = 85 complete cases; no covariates or transformations). The model was statistically significant, R² = .42, adjusted R² = .41, F(2, 82) = 29.73, p < .001 (Table 6). CBE was significantly associated with IMA after accounting for EDM (B = 0.48, SE = 0.09, 95% CI [0.29, 0.66], β = .52, p < .001; squared semi-partial correlation = .18). EDM was not significantly associated with IMA after accounting for CBE (B = 0.18, SE = 0.10, 95% CI [−0.02, 0.38], β = .19, p = .073; squared semi-partial correlation = .02), and its confidence interval includes zero. The correlation between the two predictors (r = .58) gave a VIF of 1.51, which does not indicate problematic multicollinearity.
These coefficients are reproducible from the correlation matrix in Table 5. For two predictors, β_EDM = (.49 − .58 × .63) / (1 − .58²) = .19; β_CBE = (.63 − .58 × .49) / (1 − .58²) = .52; and R² = .19 × .49 + .52 × .63 = .42. Unstandardized coefficients follow from the standard deviations in Table 3 (B = β × SD_IMA / SD_predictor).
This model describes a conditional, concurrent association among self-reports. It does not show that CBE precedes or produces IMA, and it is not an indirect-effect analysis. The data are consistent with the proposition that CBE is closely tied to IMA, but they do not allow a conclusion about whether EDM contributes uniquely, and they do not test the proposed mediating pathway.
Table 6. OLS Regression Predicting Post-Intervention Self-Reported IMA (Students, N = 85)
	Predictor
	B
	SE B
	95% CI for B
	β
	t(82)
	p
	VIF

	Intercept
	1.13
	0.33
	[0.47, 1.79]
	—
	3.40
	.001
	—

	EDM (post)
	0.18
	0.10
	[−0.02, 0.38]
	.19
	1.82
	.073
	1.51

	CBE (post)
	0.48
	0.09
	[0.29, 0.66]
	.52
	5.05
	< .001
	1.51


Note. Outcome = post-intervention IMA. R² = .42; adjusted R² = .41; F(2, 82) = 29.73, p < .001. Both predictors entered simultaneously; no covariates.
4.7. Qualitative Findings
Thematic analysis of the ten student and six teacher interviews produced four themes. The interviews were conducted after the intervention, with a purposively selected subsample, and consist of participants’ own accounts. They are used here to illustrate and help interpret the survey patterns and to inform the proposed framework; they do not verify that change occurred or that the proposed mechanism operates.
From assuming neutrality to reported questioning.
Students and teachers described starting with an implicit assumption that AI-generated content was culturally neutral. One student (S4) said that before the module, “I just thought whatever ChatGPT gave me was correct and fair for everyone,” and described afterward “checking whether the examples actually made sense for Vietnamese students.”
Ethical questions described as concrete classroom decisions.
Teachers described ethics as tied to specific classroom choices. One teacher (T2) recounted deciding whether to use an AI-generated writing sample containing idioms unfamiliar to most students: “Before, I would have just used it. Now I ask myself whether it is actually fair to grade my students against language they were never taught.”
Assessment redesign as the activity participants most often linked to inclusion.
Several participants pointed to the collaborative assessment-redesign activity as the part of the program that made bias feel actionable. One teacher (T5) said that rewriting an AI-generated rubric to accept multiple valid ways of expressing an idea “made me realize how much I had been unconsciously rewarding one narrow style of writing.” Students described this activity as connecting the idea of cultural bias to something they could do in their own coursework.
Continuing uncertainty and desire for ongoing support.
Participants also expressed uncertainty. One student (S8) said, “I can notice something feels off, but I am not always sure if it is really bias or just a different style.” Several teachers asked for peer discussion groups or a simple checklist to support bias evaluation in everyday lesson planning, rather than a one-time event.
5. Discussion
Participants’ post-intervention reported-experience ratings were higher than their pre-intervention expectation ratings on all three dimensions, in both groups. This is a descriptive finding about how two different self-judgments compare, not evidence that AI literacy increased. The expectation form asked what participants anticipated doing; the reported-experience form asked what they said they did. Wording shifts such as “I expect to feel confident” versus “In practice, I felt confident” change the construct, and the absence of a comparison group or an independent performance measure means the differences cannot be attributed to the intervention. Plausible contributors include a real change in practice, revised standards for self-evaluation after exposure to the material, favorable reporting after taking part in a course, and the framing of the forms. The present data cannot separate these. Likewise, the teacher and student results are not compared in magnitude, because the groups differ in program length, sample size, and reporting context.
Among students, post-intervention self-reported CBE was strongly and independently associated with self-reported IMA, whereas the unique association of EDM was small and not statistically significant once CBE was taken into account. This conditional association is consistent with the proposition in the conceptual framework that attention to cultural bias is closely tied to inclusive assessment practice, and with the argument that ethical commitments need situated, actionable forms (Holmes et al., 2022; Madaio et al., 2022). However, the analysis used concurrent self-reports from a single time point and cannot show that CBE precedes or produces IMA, nor that EDM operates through CBE. A regression coefficient for CBE is not an indirect effect, and comparing coefficients does not establish mediation. Testing the proposed pathway would require an explicit indirect-effect analysis (for example, with bootstrapped confidence intervals; MacKinnon, Lockwood, & Williams, 2004) on data with a defensible temporal ordering. The relatively small and non-significant EDM coefficient may also reflect the overlap between the predictors (r = .58) and limited statistical power, and should not be read as evidence that ethical awareness is unimportant.
The interview accounts add texture to these patterns. Participants described moving from assuming AI outputs to be neutral toward questioning their cultural fit, tied ethical questions to concrete choices such as whether to use an idiom-heavy writing sample, and often highlighted the assessment-redesign activity. These accounts resonate with culturally responsive pedagogy’s emphasis on adapting materials and criteria to learners’ realities (Ladson-Billings, 1995; Gay, 2018), and they may inform how a mechanism linking bias recognition to assessment practice could be specified and tested. They are, however, retrospective accounts from a purposively selected subsample and cannot confirm that the mechanism operates. The persistent uncertainty participants described, and their requests for ongoing support, suggest that any program of this kind is likely to need continued scaffolding, though this study did not evaluate follow-up support.
6. Conclusion
This exploratory mixed-methods study examined how 85 students and 20 teachers at FPT Polytechnic International compared their pre-intervention expectations with their post-intervention reported experience of ethical decision-making, cultural bias evaluation, and inclusive/multilingual assessment in the context of a classroom-based intervention. Reported-experience ratings were higher than expectation ratings on every dimension for both groups, but because the two ratings are different judgments and no comparison group or independent competence measure was used, the study does not show that literacy improved or that the intervention caused the differences. Among students, self-reported CBE was associated with self-reported IMA after accounting for EDM, while the unique association of EDM was not statistically significant. Interviews offered accounts of increased questioning of AI output alongside continuing uncertainty.
The main contribution is conceptual and methodological rather than evaluative: the ECRI framework articulates three practice-oriented dimensions and proposes, as an untested hypothesis, that cultural bias evaluation links ethical awareness to inclusive assessment. The instruments, intervention outline, and paired item wording in the appendices are provided so that others can scrutinize and refine them. For practice, the findings are best taken as a prompt to include concrete bias-evaluation and assessment-redesign activities in AI literacy programs and to evaluate them rigorously, not as evidence of their effectiveness.
Limitations are substantial. The expectation and reported-experience forms are not equivalent measures, and measurement equivalence was neither assumed nor tested; there was no comparison group and no performance-based or otherwise independent measure of competence; all quantitative data are self-reports and may be affected by social desirability, particularly for teachers describing their own ethical practice; the sample was a convenience sample from one institution, and the teacher sample (N = 20) is small; the subscales have not been validated beyond internal consistency; the regression is cross-sectional and concerns concurrent self-reports; mediation was not tested; and interview data come from a purposively selected subsample. Future research should use identical, comparable items or performance tasks at baseline and follow-up, include a comparison group, test the proposed indirect pathway with appropriate designs and sample sizes, extend to multiple institutions, and examine whether any changes persist and relate to actual assessment practices and student outcomes.
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Appendix A. Student Questionnaire: Paired Items and Scoring Rules
Response scale for all items: 1 = Strongly disagree, 2 = Disagree, 3 = Neutral, 4 = Agree, 5 = Strongly agree. Scoring rules: each subscale score is the mean of its five items (range 1–5); no items are reverse-coded; there were no missing responses; the difference score is the post-intervention (reported-experience) subscale score minus the pre-intervention (expectation) subscale score; no cut-off scores are defined. The two forms ask different questions and are not assumed to be equivalent measures.
Demographic items (administered once)
1. Gender: ☐ Male ☐ Female
1. Year of study: ☐ Year 1 ☐ Year 2
1. Major: ☐ Information Technology ☐ Business ☐ Design ☐ Other
1. How often do you use GenAI tools (e.g., ChatGPT, Gemini, Copilot) for academic tasks? ☐ Daily ☐ Weekly ☐ Rarely ☐ Never
Table A1. Student Items: Ethical Decision-Making (EDM)
	#
	Expectation form (pre-intervention)
	Reported-experience form (post-intervention)

	1
	I expect to be able to recognize when using an AI tool for a task raises an ethical question (e.g., about fairness or honesty).
	In practice, I was able to recognize when using an AI tool for a task raised an ethical question (e.g., about fairness or honesty).

	2
	I expect to think carefully about whether it is appropriate to use AI-generated content in a specific assignment.
	In practice, I thought carefully about whether it was appropriate to use AI-generated content in a specific assignment.

	3
	I expect to be able to explain why a particular use of AI might be considered unfair to some students.
	In practice, I was able to explain why a particular use of AI might be considered unfair to some students.

	4
	I expect to make deliberate decisions about how much AI assistance is appropriate for a given task.
	In practice, I made deliberate decisions about how much AI assistance was appropriate for a given task.

	5
	I expect to consider the consequences of my AI use for other students, not only for myself.
	In practice, I considered the consequences of my AI use for other students, not only for myself.


Table A2. Student Items: Cultural Bias Evaluation (CBE)
	#
	Expectation form (pre-intervention)
	Reported-experience form (post-intervention)

	6
	I expect to be able to recognize when an AI tool produces content that reflects a narrow cultural viewpoint.
	In practice, I was able to recognize when an AI tool produced content that reflected a narrow cultural viewpoint.

	7
	I expect to notice when AI-generated examples or language do not fit the Vietnamese context.
	In practice, I noticed when AI-generated examples or language did not fit the Vietnamese context.

	8
	I expect to question whether an AI tool’s response might be biased before accepting it.
	In practice, I questioned whether an AI tool’s response might be biased before accepting it.

	9
	I expect to be able to identify when AI-generated content assumes a particular variety of English as the default.
	In practice, I was able to identify when AI-generated content assumed a particular variety of English as the default.

	10
	I expect to actively check AI-generated content for cultural or linguistic bias before using it.
	In practice, I actively checked AI-generated content for cultural or linguistic bias before using it.


Table A3. Student Items: Inclusive/Multilingual Assessment (IMA)
	#
	Expectation form (pre-intervention)
	Reported-experience form (post-intervention)

	11
	I expect to be able to identify when an AI-assisted assessment task might disadvantage multilingual learners.
	In practice, I was able to identify when an AI-assisted assessment task might disadvantage multilingual learners.

	12
	I expect to know how to adapt AI-generated rubrics or criteria to be fairer across different language backgrounds.
	In practice, I knew how to adapt AI-generated rubrics or criteria to be fairer across different language backgrounds.

	13
	I expect to consider multiple valid ways of expressing an idea when using AI-supported assessment.
	In practice, I considered multiple valid ways of expressing an idea when using AI-supported assessment.

	14
	I expect to feel confident adjusting AI-generated feedback so it does not penalize non-native English expression unfairly.
	In practice, I felt confident adjusting AI-generated feedback so it did not penalize non-native English expression unfairly.

	15
	I expect to try to make AI-supported assessment tasks more inclusive of diverse student backgrounds.
	In practice, I tried to make AI-supported assessment tasks more inclusive of diverse student backgrounds.


Appendix B. Teacher Questionnaire: Paired Items
Response scale, scoring rules, and the difference-score definition are identical to Appendix A.
Demographic items (administered once)
1. Gender: ☐ Male ☐ Female
1. Teaching experience: ☐ Under 5 years ☐ 5–10 years ☐ Over 10 years
1. Subject area: ☐ English Language ☐ IT / Computing ☐ Business ☐ Other
1. How often do you use AI tools in your teaching (e.g., preparing materials, grading, feedback)? ☐ Daily ☐ Weekly ☐ Rarely ☐ Never
Table B1. Teacher Items: Ethical Decision-Making (EDM)
	#
	Expectation form (pre-intervention)
	Reported-experience form (post-intervention)

	1
	I expect to be able to identify ethical dilemmas that arise when using AI in my teaching or assessment practice.
	In practice, I was able to identify ethical dilemmas that arose when using AI in my teaching or assessment practice.

	2
	I expect to make deliberate, justified decisions about when and how to use AI-generated materials with my students.
	In practice, I made deliberate, justified decisions about when and how to use AI-generated materials with my students.

	3
	I expect to consider the fairness implications of my AI use for students with different backgrounds.
	In practice, I considered the fairness implications of my AI use for students with different backgrounds.

	4
	I expect to be comfortable explaining my reasoning for using or declining to use a specific AI-generated resource.
	In practice, I was comfortable explaining my reasoning for using or declining to use a specific AI-generated resource.

	5
	I expect to reflect on the broader consequences of my classroom AI use, not only immediate convenience.
	In practice, I reflected on the broader consequences of my classroom AI use, not only immediate convenience.


Table B2. Teacher Items: Cultural Bias Evaluation (CBE)
	#
	Expectation form (pre-intervention)
	Reported-experience form (post-intervention)

	6
	I expect to be able to recognize when AI-generated teaching materials reflect a narrow cultural viewpoint.
	In practice, I was able to recognize when AI-generated teaching materials reflected a narrow cultural viewpoint.

	7
	I expect to notice when AI-generated examples do not fit my students’ cultural or linguistic context.
	In practice, I noticed when AI-generated examples did not fit my students’ cultural or linguistic context.

	8
	I expect to routinely check AI-generated content for bias before using it in class.
	In practice, I routinely checked AI-generated content for bias before using it in class.

	9
	I expect to be able to identify when an AI tool defaults to a particular variety of English as the standard.
	In practice, I was able to identify when an AI tool defaulted to a particular variety of English as the standard.

	10
	I expect to feel confident evaluating whether AI-generated feedback is culturally appropriate for my students.
	In practice, I felt confident evaluating whether AI-generated feedback was culturally appropriate for my students.


Table B3. Teacher Items: Inclusive/Multilingual Assessment (IMA)
	#
	Expectation form (pre-intervention)
	Reported-experience form (post-intervention)

	11
	I expect to be able to identify when an AI-assisted rubric or assessment task might disadvantage multilingual learners.
	In practice, I was able to identify when an AI-assisted rubric or assessment task might disadvantage multilingual learners.

	12
	I expect to actively adapt AI-generated rubrics or feedback criteria to be fairer across language backgrounds.
	In practice, I actively adapted AI-generated rubrics or feedback criteria to be fairer across language backgrounds.

	13
	I expect to design assessment tasks that accept multiple valid ways of expressing understanding.
	In practice, I designed assessment tasks that accepted multiple valid ways of expressing understanding.

	14
	I expect to adjust AI-generated feedback so it does not penalize non-native English expression unfairly.
	In practice, I adjusted AI-generated feedback so it did not penalize non-native English expression unfairly.

	15
	I expect to feel equipped to make my AI-supported assessment practices more inclusive.
	In practice, I felt equipped to make my AI-supported assessment practices more inclusive.


Appendix C. Overview of the Classroom-Based ECRI Intervention
Student program (4 weekly 90-minute sessions, embedded in the English and Digital Literacy course)
1. Week 1: Case studies of documented cultural and linguistic bias in AI systems; introduction to the ECRI framework.
1. Week 2: Guided practice identifying culturally or linguistically skewed AI output in authentic classroom materials.
1. Week 3: Structured ethical decision-making scenarios requiring justified decisions about AI use.
1. Week 4: Collaborative redesign of an AI-assisted assessment task to make it more culturally inclusive.
Teacher program (2-day workshop + one semester of guided implementation)
1. Day 1: Instructional-design perspective on cultural and linguistic bias in AI systems; the ECRI framework applied to course design.
1. Day 2: Practice adapting existing AI-generated rubrics, materials, and feedback templates for cultural inclusivity.
1. Weeks 1–12: Implementation of at least one culturally responsive, bias-aware AI-supported assessment task in participants’ own classes.
1. Weeks 6 and 12: Peer observation and reflection sessions.
Appendix D. Semi-Structured Interview Protocols
Interviews were conducted in Vietnamese, audio-recorded with consent, and lasted approximately 25–35 minutes. The questions guided, but did not strictly limit, the conversation.
Student interview protocol
1. Before this course, how did you think about using AI tools for your studies?
1. Can you describe a moment during the module when you noticed something biased or culturally narrow in an AI-generated response?
1. How did you decide whether it was appropriate to use a particular piece of AI-generated content?
1. Can you describe your experience redesigning an assessment task to be more inclusive?
1. Do you still feel unsure about how to judge whether something is biased? Please explain.
1. Overall, how, if at all, has this experience changed how you use AI tools in your studies?
Teacher interview protocol
1. Before this workshop, how did you approach using AI tools in your teaching and assessment?
1. Can you describe a specific ethical dilemma you faced when deciding whether to use an AI-generated resource?
1. Can you give an example of AI-generated content you identified as culturally or linguistically biased?
1. How did you adapt an assessment task or rubric to be more inclusive of your students’ backgrounds?
1. What ongoing support, if any, would help you continue developing this kind of practice?
1. Overall, how, if at all, has this experience changed your approach to AI-supported teaching and assessment?
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Figure 1. Proposed (untested) ECRI conceptual framework
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