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Abstract 

AI literacy in L2 writing (AILL2W) has the potential to maximize AI’s affordances and mitigate risks, but 
its factor structure remains contested, and the relationship between AILL2W and L2 writing engagement 
is still unclear. To address the gaps, the study draws on the holistic AI literacy framework and the 
cognitive process theory of writing to develop and validate an AILL2W scale and explore its association 
with L2 writing engagement. Thirty-three items were generated based on previous AI literacy scales, 
empirical studies, and semi-structured interviews. Subsequently, the questionnaire was distributed to 
Chinese university students for exploratory (n = 740) and confirmatory factor analysis (n = 721). EFA 
and CFA results revealed that the questionnaire comprised 11 items across three dimensions: behavioral 
learning, cognitive learning, and ethical learning. The questionnaire demonstrated acceptable reliability, 
structural validity, convergent validity, and discriminant validity. Structural Equation Modeling results 
demonstrated significant paths from AILL2W to writing engagement. Theoretically, the study clarifies the 
factor structure of AILL2W, which displays features of AI literacy and L2 writing. Pedagogically, the 
study enables L2 writers to develop their AI literacy and assists English teachers in redesigning AI-based 
writing courses. 
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Introduction 

The widespread adoption of AI tools in L2 writing has reshaped the L2 writing process (Su et al., 2023). 
Despite the tremendous affordances of AI tools such as customized scaffolding and feedback, generative 
AI (GenAI) tools can bring about potential risks to L2 writing, including academic integrity violation, 
loss of author agency, creativity, and infringement of intellectual property (Barrot, 2023; Godwin-Jones, 
2024). Therefore, L2 writers need to be equipped with AI literacy, or the “knowledge, skills and mindset 
to utilise the potential of AI” (Kong et al., 2025, p. 477) to maximize affordances generated by AI and 
mitigate potential risks in AI-mediated L2 writing (Wang & Wang, 2025; Warschauer et al., 2023).  

Various perspectives exist in conceptualizing and measuring AI literacy, including the cognitive 
perspective, which defines AI literacy as a combination of hierarchical cognitive abilities (Ng et al., 2021; 
Wang et al., 2023), and the holistic perspective, which incorporates the social-affective dimension into the 
AI literacy framework (Ng et al., 2024). L2 writing tasks require writers to produce texts that are 
linguistically accurate, contextually relevant, and meaningful (Hyland, 2016), and alternate between 
different stages of planning, translating, and reviewing (Flower & Hayes, 1981). Moreover, apart from 
plagiarism concerns, L2 writers need to tackle complex ethical judgments pertaining to author identity 
and agency (Godwin-Jones, 2024). As AI-mediated L2 writing process appears to be complex in nature, 
the content and dimensions of AI literacy in L2 writing (AILL2W) merit further investigation.  
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Assessment tools designed for AILL2W are scarce. Shi et al. (2025) and Kim et al. (2025) adapted two 
generic AI literacy questionnaires to measure AILL2W. However, the items of generic AI literacy 
questionnaires may not reflect the complex features of AI-mediated L2 writing. To our knowledge, only 
Xu et al. (2025) developed a reliable and valid questionnaire to measure AILL2W, which lamentedly has 
a few limitations in questionnaire development and validation, as well as application.  

To fill the aforementioned gaps, the present study drew on the holistic AI literacy framework (Ng et al., 
2024) and the cognitive process theory of writing (Flower & Hayes, 1981) to develop and validate a 
questionnaire on AILL2W. In addition, the association between AILL2W and writing engagement was 
examined. The study may unravel the factor structure of AILL2W and provide a feasible assessment tool 
of AILL2W. It also provides a reference for designing AI literacy-based writing courses for writing 
practitioners and higher education institutions. 

Literature Review 

Conceptualization and Measurement of AI Literacy 

AI literacy was found to be positively associated with learners’ resilience (X. Wang et al., 2025), learning 
motivation (Zhao, 2025), learning engagement (Zhao, 2025), and academic performance (Bećirović et al., 
2025). However, scholars have yet to reach a consensus on the conceptualization of AI literacy. Drawing 
on Bloom’s taxonomy (1956), the cognitive perspective considers AI literacy as a combination of 
different cognitive abilities, including lower-order ones such as knowing and understanding AI tools, 
middle-order ones such as using and applying AI tools, as well as higher-order skills such as 
understanding, evaluating, and creating AI tools. In addition to the cognitive abilities, AI ethics, or the 
adherence to various ethical principles of using AI, has also been incorporated as an independent factor of 
AI literacy (Ng et al., 2021; Wang et al., 2023).  

In contrast to the cognitive perspective, the holistic perspective encompasses socio-emotional 
competencies in order to combine “technological expertise with humanistic values” (Palmquist et al., 
2025, p. 152). Studies conducted from this perspective conceptualized AI literacy as a construct 
comprising affective, behavioral, cognitive, sociocultural, and ethical aspects (Ng et al., 2024).  

Conceptualization and Measurement of AI Literacy in L2 Writing 
Compared with other domains of AI-mediated learning environments, such as general learning, AI-
mediated L2 writing poses a high demand on L2 writers’ L2 proficiency and ethical awareness 
(Warschauer et al., 2023). Additionally, the AI-mediated L2 writing setting affords L2 writers advantages, 
such as the ability to switch between registers, access to meaningful dialogue and guidance, and broader 
perspectives (Soyoof et al., 2025). 

L2 writing researchers have acknowledged the crucial role of AI literacy and made efforts to define 
AILL2W (Ngo & Hastie, 2025; Warschauer et al., 2023; Xu et al., 2025). According to Warschauer et al. 
(2023), AI-literate L2 writers are supposed to understand the strengths and weaknesses of AI tools 
(understand), access AI tools (access), provide suitable prompts to generate high-quality content via 
GenAI tools (prompt), validate the accuracy of GenAI-generated content (corroborate), and use the 
GenAI-generated content ethically in their writing (incorporate). Ngo and Hastie (2025), focusing on 
integrating AI literacy into English for Academic Purposes (EAP), proposed a framework, Artificial 
Intelligence for Academic Purposes (AIAP), to conceptualize AILL2W. It consists of five components 
including vocabulary, jargon, concepts (fundamental knowledge of GenAI tools), inner workings 
(knowledge of the functionality, strengths and limitations of GenAI tools), prompt engineering (skills to 
converse with GenAI tools to elicit satisfying responses), specific suggested tools and applications 
(operation of certain GenAI tools), as well as ethics and appropriacy (understanding ethical use of GenAI 
tools). Although Ngo and Hastie (2025) and Warschauer et al. (2023) have conceptualized AILL2W, they 
have not developed questionnaires grounded in their respective AI literacy frameworks. Therefore, 
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whether the dimensions they propose about AILL2W demonstrate structural validity needs to be tested. 

To our knowledge, Xu et al. (2025) is the only study that has developed a questionnaire on AILL2W. Xu 
et al. (2025) proposed that AILL2W comprised four dimensions: understanding, use, evaluation, and 
ethics; and they developed and validated a 22-item questionnaire among Chinese university students. The 
study validated the four-factor structure and demonstrated satisfactory reliability and validity of the scale. 
Despite its crucial insights, Xu et al.’s (2025) questionnaire had a few limitations. First, the researchers 
primarily generated questionnaire items from established questionnaires on AI literacy and AI-mediated 
L2 writing research. Therefore, their questionnaire items may not fully reflect AI-mediated L2 writing 
practices in the classroom and naturalistic settings. Additionally, the questionnaire’s convergent and 
discriminant validity have not been examined, which may undermine its psychometric robustness 
(Messick, 1989). Finally, Xu et al. (2025) did not utilize the newly developed questionnaire to measure 
the association between AILL2W and other outcome variables, which failed to examine the 
questionnaire’s nomological validity, or the extent to which one construct correlates with other 
theoretically related variables (Messick, 1989). Considering that writing engagement can influence L2 
writers and L2 writing outcomes (Huang, 2023), exploring the association between AILL2W and writing 
engagement may not only validate the hypothesized relationship between the construct and other outcome 
variables but also establish the questionnaire’s nomological validity.  

The Association between AI Literacy in L2 Writing and Writing Engagement 
Writing engagement, derived from learning engagement (Fredricks et al., 2004), refers to L2 writers’ 
devotion to L2 writing and encompasses behavioral (visible actions), emotional (emotions), and cognitive 
engagement (mental efforts) in writing.  

Learning engagement has been validated in SLA research as the consequence of AI literacy among 
Chinese university students in EFL learning (Zhao, 2025) and AI-mediated EFL classrooms (X. Wang et 
al., 2025). However, the AI literacy-engagement nexus has not been validated in L2 writing. To date, only 
qualitative evidence on the possible relationship between AI literacy and writing engagement exists. In a 
multiple-case study, Zhang and Hyland (2025) revealed that L2 writers’ digital literacy (as a higher-order 
construct of AI literacy) had a direct bearing on their engagement with Automatic Written Evaluation 
(AWE), or behavioral, emotional, and cognitive engagement with the pigai-generated feedback. Despite 
the study’s insights, it must be noted that writing engagement is broader than engagement with AWE, and 
AILL2W is a subordinate concept of digital literacy.  

In another multiple-case study, Du and Yang (2025) revealed that doctoral students with higher levels of 
AI literacy were more aware of ChatGPT’s affordances across different writing stages and more effective 
in using efficient prompts (e.g., follow-up prompts) when conversing with ChatGPT and evaluating 
ChatGPT-generated responses. Despite the tentative conclusion drawn from these two qualitative studies 
regarding AI literacy and L2 writing engagement, the findings may be difficult to generalize to other 
contexts. As a result, quantitative evidence on the relationship between AILL2W and writing engagement 
is needed.  

The Conceptual Framework 
The general learning and L2 writing contexts share some common features. First, affective factors such as 
motivation, attitudes, and self-efficacy align with the affective dimension of AI literacy in L2 writing, 
which incorporates L2 writers’ attitudes towards AI tools (Ng et al., 2024; Xu et al., 2025). Second, the 
lower- and higher-order cognitive skills outlined in Bloom’s taxonomy (1956), including knowing and 
using, evaluating and creating digital tools (Ng et al., 2021), are consistent with L2 writers’ cognitive 
competence to understand AI tools, employ suitable prompts, and evaluate AI-generated responses within 
the framework of AI literacy in L2 writing (Ngo & Hastie, 2025; Warschauer et al., 2023). Additionally, 
the ethical requirements for the responsible and accountable use of AI in the AI literacy framework (Ng et 
al., 2024) are parallel to those in AI-mediated L2 writing (Rowland, 2023; Su et al., 2023) and AI literacy 
in L2 writing (Ngo & Hastie, 2025). Therefore, the present study draws on Ng et al.’s (2024) holistic AI 
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literacy framework and literature on AI literacy in L2 writing (Ngo & Hastie, 2025; Warschauer et al., 
2023) to conceptualize the affective, cognitive, and ethical dimensions of AILL2W.  

In addition, the multi-stage nature of L2 writing—including planning (generating ideas, organizing, goal 
setting), translating (turning ideas into text), and reviewing (evaluating and revising) (Flower & Hayes, 
1981)—together with AI tools’ affordances of generating ideas, searching for vocabulary and sentence 
patterns, providing examples, and proofreading (Barrot, 2023; Su et al., 2023) may render the practices of 
AI use in L2 writing different from those in other settings. Therefore, Flower and Hayes’s (1981) 
cognitive process theory of writing was drawn upon to guide item generation for the behavioral 
dimension. Based on the theory, the behavioral dimension of AILL2W is further operationalized to 
include items pertaining to AI use in these processes, including assistance in idea generation (planning 
stage), information gathering (planning stage), language realization (translating stage), and revision 
(reviewing stage).  

Based on the aforementioned theories and relevant literature on AI-mediated L2 writing (Rowland, 2023; 
Su et al., 2023), AI literacy in L2 writing (Ngo & Hastie, 2025; Warschauer et al., 2023), and AI literacy 
(Wang et al., 2023), AILL2W is hypothesized to consist of four dimensions, including affective learning 
(L2 writers’ self-efficacy and intrinsic motivation and confidence in using AI), behavioral learning (L2 
writers’ use of AI tools in writing), cognitive learning (L2 writers’ abilities to interact with AI tools and 
evaluate AI-generated text to achieve intended goals), as well as ethical learning (L2 writers’ ethical 
awareness and responsible use of AI tools in L2 writing).  

Considering Xu et al.’s (2025) inadequacy in the development and validation procedure, it is necessary to 
develop and validate a new questionnaire on AILL2W. In addition, the extent to which AILL2W 
associates with writing engagement awaits further examination. To address the research gaps, the study 
attempts to answer the following research questions:  

1. What is the underlying factor structure of AILL2W, and how reliable and valid is the questionnaire?  

2. To what extent does AILL2W associate with writing engagement? 

Methods 

Participants 
A total of 1,481 Chinese university students in three cohorts and five English writing teachers were 
recruited for the research. All participants were informed of the purpose of the study, and their consent to 
participate was obtained. Ethical approval was also obtained from the university where the authors are 
affiliated. Since the questionnaire respondents should be “knowledgeable about the construct of interest” 
(Malhotra & Grover, 1998, p. 411), the researchers purposefully selected university students who (1) 
engaged in L2 writing on certain occasions; (2) had the experience of employing GenAI and non-GenAI 
tools in L2 writing. The selected students engaged in English writing mainly for exam preparation and 
course assignments. In addition, since students’ gender, major, and grade may influence their AI literacy 
(Hu et al., 2025), the study selected participants with different majors, school types, genders, and grades 
to ensure data representativeness (See Table 1). After completing the questionnaire, eligible participants 
would receive 3 RMB (around 0.42 dollars) as a token of appreciation.  

Sample 1 consists of 20 students (10 students for interviewing and 10 for questionnaire piloting). 
Subsequently, the initial questionnaire was distributed to 788 students, yielding 740 valid responses for 
EFA (sample 2). The final 11-item questionnaire was then administered to 812 students to validate the 
questionnaire, with 721 valid responses for CFA (sample 3).  

AILL2W Questionnaire Development Procedure  
To develop and validate a questionnaire assessing AILL2W (RQ1), the study followed the process of item 
generation, item review, and statistical analysis (DeVellis, 2016). During item generation, semi-structured 
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interviews were conducted among 10 university students to explore their AI-mediated L2 writing 
experience. A thematic analysis of the interview data was conducted following Braun and Clarke’s (2021) 
content analysis procedure. From L2 writers’ semi-structured interviews, 6 themes (behavioral learning, 
cognitive learning, affective learning, ethical learning, English writing proficiency, and cultural 
knowledge) and 24 categories were identified. Following Zhang and Zhang (2024), three 
categories―meta-knowledge about L2 writing, cultural knowledge reserve, and hampering 
creativity―were excluded, since these categories were more relevant to L2 writing than to AI literacy.  

Table 1  

Demographic Information of Three Samples  

 Sample 1 (n = 20) Sample 2 (n = 740) Sample 3 (n = 721) 
Gender male (8);  

female (12) 
male (464);  
female (276) 

male (367);  
female (354) 

Grade freshman (2), sophomore 
(8), senior (8), graduate 
(2) 

freshman (29), 
sophomore (294), senior 
(287), 
graduate (130) 

freshman (56), 
sophomore (261), senior 
(238), 
graduate (166) 

Institution type double-first-class (12);  
non-double-first-class 
(8) 

double-first-class (396); 
non-double-first-class 
(344) 

double-first-class (247); 
non-double-first-class 
(474) 

Major language majors (8),  
non-language liberal arts 
majors (8), science and 
engineering majors (4) 

language majors (234), 
non-language liberal arts 
majors (142), science 
and engineering majors 
(329), medicine (19), 
others (16) 

language majors (224), 
non-language liberal arts 
majors (192), science 
and engineering majors 
(258), medicine (23), 
others (24) 

The remaining 21 categories derived from interview data were incorporated alongside items from the 
cognitive process theory of writing (Flower & Hayes, 1981), literature on AI literacy in L2 writing and 
AI-mediated L2 writing (Ngo & Hastie, 2025; Rowland, 2023; Su et al., 2023; Warschauer et al., 2023), 
and those from existing AI literacy questionnaires (Ng et al., 2024; Wang et al., 2023). After removing 
overlapping items, 33 items were finalized and undergone translation and back translation by two Ph.D. 
students in applied linguistics. By doing so, the content validity of the questionnaire was ensured. The 
sources and initial expression of the 33 items of the questionnaire are presented in Appendix A.  

The questionnaire’s face validity was achieved through the Subject Matter Expert review and piloting. 
Five experienced English writing instructors underwent Subject Matter Expert review by independently 
rating the item-dimension alignment and providing specific feedback on the appropriateness of item 
content and expression. The five instructors reached a high level of agreement on item-dimension 
alignment (Cohen’s kappa = 0.82) and provided feedback on item wording. For example, since the 
definition and examples of AI tools were already specified in the questionnaire instructions, the experts 
indicated the phrase “artificial intelligence-assisted writing tools” was redundant and suggested replacing 
it with “AI tools”. Subsequently, the questionnaire was piloted among 10 university students, and their 
feedback was also incorporated to modify items. For example, the item “I can evaluate whether the 
responses from generative artificial intelligence-assisted writing tools align with my writing goals” was 
revised to “I can evaluate whether the responses of generative AI tools have effectively handled my 
prompts” to address students’ confusion about the phrase “writing goals”. 
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Data Analysis 
AILL2W Questionnaire Validation Procedure 
The 33-item questionnaire was distributed via Wenjuanxing, a popular survey platform in China. 
Participants rated each item on a 5-point Likert scale (1 = “strongly disagree”, 5 = “strongly agree”). The 
questionnaire data were first screened for outliers, and normality was assessed based on skewness and 
kurtosis. Afterward, the Kaiser-Meyer-Olkin (KMO) value and Bartlett’s Test of Sphericity were 
examined to assess factorability (Kaiser, 1974). Subsequently, EFA was performed on sample 2 using 
Principal Component Analysis (PCA) with varimax rotation in SPSS 26 (IBM Corp, 2019) to extract 
factors with eigenvalues greater than 1. PCA was selected because it can reduce “the dimensionality of a 
data set” (Jolliffe, 2011, p. 10), support flexible data types, reduce multicollinearities, and yield similar 
results to other approaches of EFA (Fabrigar et al., 1999). Integrating PCA with varimax rotation can 
maximize the variance of squared loadings and improve the interpretability of the factor structure 
(Tabachnick & Fidell, 2019), and is therefore frequently used in SLA questionnaire development studies 
for factor extraction (Gkonou, 2011; Khodabakhshzadeh et al., 2018). Items were removed if their 
loadings were less than 0.4 (Hair et al., 2021), if cross-loadings exceeded 0.2 (Shvedko et al., 2023), or 
for conceptual misalignment (DeVellis, 2016), as well as factors with fewer than 3 items.  

The structural validity and measurement invariance of the questionnaire were assessed by conducting 
CFA and multi-group CFA. CFA with maximum likelihood estimation was performed in AMOS 26 on 
sample 3. Following previous studies on scale development and validation (Xu et al., 2023; Zhang & Yu, 
2025), first-order CFA and second-order CFA were conducted. Then, the better-fitting model was 
selected based on the model fit criteria (χ²/df < 3, RMSEA < 0.05, SRMR < 0.08, CFI > 0.90, and GFI > 
0.90), which was indicative of the questionnaire’s structural validity. Items with low standardized factor 
loadings were removed. After CFA, multi-group CFA was performed to examine the measurement 
invariance of the AILL2W across groups. Following previous studies on AI literacy questionnaire 
development (Xu et al., 2025) and AI literacy (Hu et al., 2025), gender and residential types were selected 
as the grouping variables for conducting multi-group CFA.  

Four nested models with increasing parameter constraints were specified to examine configural, metric, 
scalar, and strict invariance, each of which was tested only after the previous one had been established 
(Cheung & Rensvold, 2002). Subsequently, the adjacent models were compared using differences in fit 
indices such as CFI, TLI, SRMR, and RMSEA to examine whether the imposition of parameter 
constraints across groups reduces model fit. If the thresholds are met (ΔCFI ≤ 0.01, ΔTLI ≤ 0.01, ΔSRMR 
≤ 0.03, ΔRMSEA ≤ 0.015), all measurement invariance tests are supported and full measurement 
invariance is achieved, indicating participants across groups interpret the scale items similarly (Cheung & 
Rensvold, 2002). In addition to structural validity and measurement invariance, reliability (Cronbach’s 
alpha > 0.7), convergent validity (AVE, average variance extracted > 0.5, CR, composite reliability > 
0.7), and discriminant validity (the square root of the AVE of factors exceeds the correlations between 
factors) of the questionnaire were also assessed (Fornell & Larcker, 1981; Hair et al., 2021). The final 
questionnaire on AI literacy in L2 writing is presented in Appendix B. 

The Association between AILL2W and Writing Engagement  
Writing engagement was measured employing a questionnaire adapted from the writing engagement 
questionnaire reported in Hao and Lu (2024). The questionnaire was developed based on Philp and 
Duchesne’s (2016) conceptualization of learning engagement and was validated among Chinese 
university students, displaying satisfactory reliability and validity. In adapting the questionnaire, the 
phrase “in the writing class” was replaced with “in writing” to emphasize context specificity. In addition, 
since the original questionnaire was in English, the adapted questionnaire underwent translation and back-
translation by two Ph.D. students majoring in translation, was reviewed by experts, and was piloted 
among 10 university students. The adapted questionnaire consisted of 12 items on behavioral engagement 
(n = 3, e.g., Even on really difficult writing work, I keep working hard), cognitive engagement (n = 5, e.g., 

https://www.wjx.cn/


Chenxi Du and Yingli Yang  7 
  

  
  
Before starting a writing task, I try to figure out the best way to do it), and emotional engagement (n = 4, 
e.g., I feel good when I engage in writing). After removing one item with a factor loading lower than 0.5 
from cognitive engagement, 11 items were retained. The reliability of behavioral engagement, cognitive 
engagement, emotional engagement, and overall writing engagement was 0.61, 0.72, 0.84, and 0.88, 
respectively. The questionnaire displayed an acceptable structural validity (χ²/df = 2.92, CFI = 0.97, TLI 
= 0.96, RMSEA = 0.05), composite reliability (CR = 0.89), and convergent validity (AVE = 0.59). The 
questionnaire on writing engagement was administered alongside the AILL2W questionnaire via 
Wenjuanxing. Participants rated each item on a 5-point Likert scale (1 = “strongly disagree”, 5 = 
“strongly agree”). 

To examine the association between AILL2W and writing engagement (RQ2), Harman’s single-factor 
test was first conducted in SPSS 26.0 (IBM Corp, 2019) to detect common method bias, as both variables 
were measured via self-report data. If the first factor accounts for less than 50% of the items’ variance, no 
serious common method bias is incurred (Rodríguez-Ardura & Meseguer-Artola, 2020). Subsequently, a 
Structural Equation Model (SEM) consisting of AILL2W and writing engagement via the lavaan package 
(Version 0.6.21) (Rosseel, 2012) in R (Version 4.4.2) (R Core Team, 2024), with AILL2W predicting 
three sub-dimensions of writing engagement, was performed. Good fit of the SEM model and significant 
paths (p < 0.05) suggest that AILL2W and writing engagement are positively associated. 

Results 

AILL2W Questionnaire Structure, Validity, and Reliability 
EFA Results  
Prior to EFA, an examination of the Kaiser-Meyer-Olkin and Bartlett’s test was conducted. The KMO 
value of the scale was 0.92, and the Bartlett’s test of sphericity was significant (p < 0.05), indicating that 
the scale was suitable for subsequent factor analysis.  

Items that did not meet the EFA criteria were discarded before another round of EFA, and the process 
continued until all retained items met the EFA criteria. In this way, a total of 11 items were retained. In 
addition, three factors were extracted, contributing to a total variance of 50.87%, surpassing the 
frequently employed cutoff value (40%) for total variance extracted in questionnaire development studies 
(Ekinci et al., 2023). Among the three factors, Factor 1, Factor 2, and Factor 3 explained 27.92%, 
13.18%, and 9.77% of the total variance, respectively. Based on previous literature on AI literacy (Ng et 
al., 2024; Wang et al., 2023), these three factors were named “behavioral learning”, “cognitive learning”, 
and “ethical learning”. According to Table 2, all 11 items had factor loadings greater than 0.5, and no 
cross-loadings were present.  

CFA Results 
A first-order CFA (Model 1) was conducted, which demonstrated an excellent fit (χ²/df = 2.86; TLI = 
0.97; GFI = 0.97; CFI = 0.98; RMSEA = 0.051). Standardized factor loadings of the model, as shown in 
Table 3, ranged from 0.61 to 0.78. Therefore, all the items were retained. Given the strong model fit and 
satisfactory item loadings, the questionnaire displays satisfactory structural validity. Subsequently, a 
second-order CFA model (Model 2) was specified, which showed identical fit indices to Model 1 and 
indicated no improvement in model fit. To achieve parsimony, Model 1 was selected.  

Descriptive statistics are presented in Table 4. According to the table, the three sub-dimensions of 
“behavioral learning”, “cognitive learning”, and “ethical learning” had average values of 4.09, 3.95, and 
4.22, suggesting that Chinese university students possessed a high level of AILL2W. In addition, the 
skewness and kurtosis of the three sub-dimensions of AI literacy met the criteria recommended by Hair et 
al. (2021), indicating normality of the data. 
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Reliability, Discriminant Validity, and Convergent Validity of the Questionnaire 
The reliabilities of the behavioral, cognitive, and ethical dimensions and of overall AI literacy were 0.83, 
0.80, 0.82, and 0.85, respectively, suggesting that the questionnaire had satisfactory internal consistency. 

Based on the factor loadings of the items, the values of AVE and CR were calculated (see Table 5). The 
CR values for overall AI literacy and the three dimensions—behavioral, cognitive, and ethical learning—
were 0.93, 0.83, 0.81, and 0.81, respectively, all exceeding 0.7 and confirming the scale’s composite 
reliability. In addition, the AVE values for overall AI literacy and the three dimensions of behavioral, 
cognitive, and ethical learning were 0.55, 0.55, 0.52, and 0.59, all exceeding 0.5 and indicating 
satisfactory convergent validity.  

Table 2  

Factor Loadings of the Questionnaire in the Final Round of EFA 

Item Factor loading 
Cognitive learning 
CL2 0.76   
CL7 0.71   
CL6 0.57   
CL4 0.56   
Behavioral learning 
BL1  0.72  
BL2  0.71  
BL4  0.60  
BL5  0.60  
Ethical learning 
EL6   0.74 
EL3   0.74 
EL2   0.71 

Table 3  

Standardized Factor Loading of Items in the First-Order CFA 

Dimension Item Standardized factor loading 
Behavioral learning BL1 0.78 

BL2 0.70 
BL4 0.70 
BL5 0.78 

Cognitive learning CL2 0.61 
CL4 0.75 
CL6 0.73 
CL7 0.77 

Ethical learning EL2 0.76 
EL3 0.77 
EL6 0.78 
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Measurement Invariance Across Groups 
Results regarding the measurement invariance of AI literacy in L2 writing across genders and residential 
types are presented in Table 7. As demonstrated in the table, the three-dimensional structure of the 
AILL2W questionnaire achieved full measurement invariance across genders and residential types. 
Specifically, the four models (configural, metric, scalar, and strict invariance) demonstrated acceptable fit 
across genders and residential types. In addition, changes in CFI, TLI, SRMR, and RMSEA between the 
configural model and the metric model, between the metric model and the scalar model, and between the 
scalar model and the strict model met the threshold, suggesting the constraints on models did not reduce 
model fit. 

Table 4  

Descriptive Statistics of AI Literacy in L2 Writing 

Variable Mean SD Skewness Kurtosis 
Behavioral learning 4.09 0.63 -1.41 4.20 
Cognitive learning 3.95 0.64 -1.03 1.98 
Ethical learning 4.22 0.62 -1.08 2.64 
Note. SD refers to standard deviation.  

Table 5 

The Values of AVE and CR of Three Dimensions of AI Literacy in L2 Writing 

 AVE CR 
Behavioral learning 0.55 0.83 
Cognitive learning 0.52 0.81 
Ethical learning 0.59 0.81 

Table 6 

Square Roots of AVEs and Correlation between Sub-Dimensions of AI Literacy in L2 Writing 

 Behavioral Cognitive Ethical 
Behavioral learning 0.74 0.48** 0.57** 
Cognitive learning  0.72 0.44** 
Ethical learning   0.77 

As reported in Table 6, the square roots of AVEs (ranging from 0.72 to 0.77) surpassed the value of 
correlation coefficients between sub-dimensions (0.44 to 0.57). This confirms the discriminant validity of 
the questionnaire. 

The Association between AILL2W and Writing Engagement 
The study investigated the association between AILL2W and writing engagement via SEM. Prior to 
SEM, Harman’s single-factor test results indicated that the first factor accounted for 32.22% of the total 
variance, suggesting that common method bias is not a concern. Additionally, the SEM model 
demonstrated an acceptable fit (χ²/df = 4.29, CFI = 0.93, TLI = 0.91, RMSEA = 0.07, SRMR = 0.05). 

The SEM results, displayed in Figure 1, demonstrated the significant predictive paths from AILL2W to 
the three sub-dimensions of writing engagement. In particular, the path from AILL2W to cognitive 
engagement was strongest (r1 = 0.80, p < 0.001), followed by the path to behavioral engagement (r2 = 
0.74, p < 0.001), and to emotional engagement (r3 = 0.52, p < 0.001). 
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Table 7 

Measurement Invariance of AI Literacy in L2 Writing Across Genders and Residential Types 

 χ²/df CFI TLI SRMR RMSEA ΔCFI ΔTLI ΔSRMR ΔRMSEA 

Gender 
M1 2.094 0.970 0.960 0.041 0.039     
M2 2.007 0.970 0.963 0.043 0.037 0.000 0.003 0.002 -0.002 
M3 2.280 0.959 0.953 0.055 0.042 -0.011 -0.010 0.012 0.005 
M4 2.292 0.954 0.953 0.052 0.042 -0.005 0.000 -0.003 0.000 
M1 2.051 0.972 0.962 0.038 0.038     
Residential type 
M2 1.988 0.971 0.964 0.040 0.037 -0.001 0.002 0.002 -0.001 
M3 1.985 0.969 0.964 0.051 0.037 -0.002 0.000 0.011 0.000 
M4 1.895 0.969 0.968 0.051 0.035 0.000 0.004 0.000 -0.002 
Criteria <3 ≥0.9 ≥0.9 ≤0.08 ≤0.08 ≤0.01 ≤0.01 ≤0.03 ≤0.015 
Note. M1, M2, M3, and M4 refer to the configural invariance model, metric invariance model, scalar invariance 
model, and strict invariance model, respectively. 

Figure 1 

SEM Model on the Relationship between AILL2W and Writing Engagement 

 

Discussion 

AI literacy in L2 Writing and its Factor Structure 
We set out to conceptualize AI literacy in L2 writing and validate its factor structure. After conducting 
EFA, CFA, and measurement invariance tests, we identified three factors of AI literacy in L2 writing: 



Chenxi Du and Yingli Yang  11 
  

  
  
behavioral, cognitive, and ethical learning. The inclusion of behavioral, cognitive, and ethical dimensions 
in AILL2W partially supports the holistic AI literacy framework (Ng et al., 2024), the cognitive 
perspective in AI literacy (Wang et al., 2023), and AI literacy in L2 writing (Xu et al., 2025).  

The retention of the cognitive learning dimension suggests that the AI literacy variable is distinct from AI 
use and closely related to the cognitive skills of understanding AI tools and evaluating AI-generated 
responses. This result echoes Chiu et al. (2024), which asserts that the essence of AI literacy lies in the 
cognitive aspects of using AI tools. Considering the evolution and proliferation of AI technology (Jensen 
et al., 2020), carefully examining the strengths and limitations of AI tools (CL2) is conducive to finding 
the most appropriate tool and maximizing the potential of AI tools in L2 writing. In addition, since the 
format and quality of prompts are closely associated with the quality of responses yielded by GenAI tools 
(Medina, 2010; Wang et al., 2024), the incorporation of item CL4 reflects L2 writers’ emphasis on 
prompt quality in employing AI tools. Moreover, the incorporation of two items (CL6 and CL7) 
demonstrates that the L2 writers are clearly aware of the importance of evaluation when interacting with 
generative AI tools, since GenAI tools can fabricate seemingly accurate but fake content (Jaidka et al., 
2025), or AI hallucination. Moreover, since the quality of GenAI responses depends on different prompts, 
tools, and environment (Medina, 2010; Wang et al., 2024), it is necessary for users to carefully examine 
the relevance and authenticity of GenAI-generated responses to improve the quality of GenAI-generated 
content.  

The behavioral learning dimension refers to the actual practices of employing AI tools in L2 writing. The 
present study consists of four items covering AI use in the pre-writing, during-writing, and after-writing 
stages in the behavioral dimension. The four items demonstrate unique AI affordances that L2 writers 
perceive at different writing stages (Barrot, 2023; Su et al., 2023). Specifically, GenAI tools can facilitate 
the planning and translating stages by providing scaffolding for idea generation, content organization, and 
goal setting, and by offering linguistic and ideational resources required for language formulation. In the 
revision stage, AI tools can foster error detection and correction (Barrot, 2023; Su et al., 2023). The 
behavioral dimension covers more purposes for using GenAI, such as integrating reading materials and 
generating writing samples, than the “use” dimension of Xu et al.’s (2025) questionnaire on AILL2W. 
The discrepancy may be attributed to the fact that Xu et al. (2025) generated items from empirical studies 
and existing AI literacy questionnaires, whereas the present study relied on semi-structured interviews 
with L2 writers, yielding richer and more nuanced accounts of AI use practices and purposes across 
naturalistic and classroom writing settings.  

The retention of the ethical learning factor in the present questionnaire is consistent with previous AI 
literacy questionnaires (Ng et al., 2024; Wang et al., 2023) and further underscores the importance of AI 
ethics. The three retained items in the present study reflected the AI ethics principles of responsibility, 
independent thinking, and information safety necessary in the AI-mediated L2 context, which correspond 
to the three principles of the “AI ethics” components of the AI Competency Framework for Students (AI 
CFS) (UNESCO, 2024). The inclusion of responsibility and independent thinking reflects the importance 
of maintaining learner agency in human-AI collaboration (Lee et al., 2025), especially in AI-mediated L2 
writing, as it can preserve authorship, promote writing engagement, and ensure academic integrity 
(Godwin-Jones, 2024; Warschauer et al., 2023). In addition, the item related to information safety reflects 
learners’ awareness of privacy risks of GenAI, which may expose L2 writers to unauthorized access to 
and use of uploaded content (Majeed & Hwang, 2023). Counterintuitively, items on dishonesty, 
plagiarism, and disclosure of AI use were not retained in the ethical dimension of AILL2W. This does not 
suggest that such items are not important in AI-mediated L2 writing. Rather, the exclusion of such items 
may be accounted for by their interrelation with retained items in this dimension and the blurry, evolving 
nature of ethical norms in the AI era.  

First, the items related to plagiarism and dishonesty may be reflected in the retained items on independent 
thinking and responsible AI use. 90% of the investigated Chinese university students considered their lax 
attitudes or reluctance to engage in independent thinking as the reason for plagiarism (Hu & Lei, 2015). 
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Another possible reason is that, compared with the beliefs of independent thinking and responsible use, 
specific norms and rules pertaining to AI use in L2 writing, such as the disclosure of AI use in writing and 
the proportion of AI-generated content, vary across institutions, which may lead to the inconsistent 
conceptualization of a construct among respondents (Gonsalves, 2025; He, 2025). As a consequence, 
when these items fail to elicit a shared understanding of a construct among participants, they may not 
converge on a single factor, yielding a less clear-cut factor structure. The affective learning dimension 
was not retained in AILL2W, which may be attributed to the fact that it is subject to the influence of the 
external context. In fact, the affective dimension is susceptible to change due to contextual influences 
such as social norms (e.g., school policies on AI use), facilitating conditions (e.g., teacher support) 
(Venkatesh et al., 2003), and individual emotional states (Bandura, 1977). In addition, affective factors 
such as attitudes and interests may serve as important predictors of how L2 writers engage with AI tools 
and evaluate AI-generated responses (Tian et al., 2024), rather than as inherent components of AI literacy.  

The Association between AILL2W and Writing Engagement 
The study validates the predictive paths from AILL2W to behavioral, cognitive, and emotional 
engagement in writing. In other words, L2 writers with higher levels of AILL2W tend to make greater 
efforts in English writing (behavioral engagement in L2 writing), display deep thinking in the writing 
process (cognitive engagement in L2 writing), and become more emotionally engaged (emotional 
engagement in L2 writing). The findings are in line with prior cross-sectional quantitative studies (Feng & 
Liu, 2024; X. Wang et al., 2025), which have demonstrated a positive association between digital/AI 
literacy and overall learning engagement and its sub-dimensions. In this way, the study extends the 
relationship between digital/AI literacy and learning engagement from the online and gamified learning 
environment to an AI-mediated L2 writing environment. Additionally, the study establishes the 
questionnaire’s nomological validity for AILL2W. 

The significant predictive path from AILL2W to cognitive engagement echoes Lin et al. (2024), which 
revealed a significant association between students’ AI literacy and deep learning strategies. Students 
with higher levels of AI literacy are more likely to excel at recognizing the affordances and limitations of 
various AI tools, providing appropriate prompts to GenAI tools, and evaluating GenAI-generated 
responses. The cognitive activities related to AI use involve analyzing and reasoning, which are 
manifestations of cognitive engagement (Greene, 2015). In addition, with scaffolding and feedback from 
AI tools (Su et al., 2023), L2 writers can reduce cognitive load and increase deep thinking (Lin et al., 
2024), both of which are manifestations of cognitive engagement.  

The predictive path from AILL2W to emotional engagement can be attributed to AILL2W’s potential to 
elicit positive emotions and mitigate negative emotions encountered in AI-mediated L2 writing. The 
finding echoes Feng (2024), which revealed that students’ levels of digital literacy were positively 
associated with levels of enjoyment. With higher levels of AI literacy, students are more capable of 
mobilizing AI tools to complete learning tasks and, therefore, experience positive emotions triggered by 
successful learning experience. In addition, the findings echo Feng and Liu (2024), which demonstrated 
that students’ AI literacy enabled them to experience less technostress.  

The predictive path from AILL2W to behavioral engagement may be accounted for by the 
interconnections between sub-dimensions of learning engagement, as well as the potential impact of AI 
literacy. On one hand, students’ cognitive and emotional engagement are significant predictors of their 
behavioral engagement (Archambault et al., 2022). On the other hand, with higher levels of AI literacy, 
students are more likely to exhibit greater resilience when tackling learning difficulties (X. Wang et al., 
2025), which may enhance their behavioral engagement. 

Since writing engagement can reflect students’ writing process (Oga-Baldwin, 2019), the findings of the 
present study call for reconceptualizing the AI-mediated L2 writing process. In contrast to the 
conventional writing process, where L2 writers are the sole agents of writing and owners of authorship, 
AI-mediated L2 writing becomes a dual-subject process in which agency is distributed between L2 
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writers and AI tools (Godwin-Jones, 2024). Furthermore, meaning-making emerges from the dynamic 
integration of L2 writers’ prior experiences, disciplinary knowledge, rhetorical intentions, and the 
semantic resources and outputs of AI tools (C. Wang et al., 2025). In addition, in the AI-mediated L2 
writing process, L2 writers’ workload shifts from solely producing the text to actively distributing work 
between L2 writers and AI tools by coordinating the L2 writer-AI collaboration, integrating semantic 
resources from AI tools, and negotiating sense-making (C. Wang et al., 2025). AI literacy in L2 writing 
emerges as a crucial individual competence in AI-mediated L2 writing, as it enables L2 writers to engage 
in writer-AI collaboration by fully capitalizing on AI affordances, negotiating a desirable division of labor 
with AI, and facilitating effective writer-AI collaboration. 

Conclusion, Limitations, and Implications 

The study adopted a mixed-methods approach to develop and validate a questionnaire on AILL2W and 
examine its association with writing engagement. The study revealed that AILL2W consisted of three 
factors (behavioral, cognitive, and ethical learning), and the questionnaire demonstrated high reliability 
and validity. In addition, the predictive paths from AILL2W to writing engagement were verified.  

Theoretically, the study contributes to the ongoing debate on the components of AI literacy by partially 
supporting the holistic AI literacy framework (Ng et al., 2024). Second, the findings extend the cognitive 
process theory of writing (Flower & Hayes, 1981) to AI-mediated L2 writing and call for expanding it to 
encompass both learners’ internal cognitive processes and external, AI-assisted cognitive support in this 
setting. Finally, the study verifies the AI literacy-engagement link in an AI-mediated L2 writing setting.  

Pedagogically, considering the significant association between AILL2W and writing engagement drawn 
from the cross-sectional data, L2 writers can employ the questionnaire for self-assessment. L2 writing 
instructors can also use it as a diagnostic tool to tailor their writing courses to students’ AILL2W levels. 
For example, English writing classes should encompass instructions on AI functionality, prompt 
engineering, AI ethics, and guided reflection on AI-generated responses. Universities may draw on the 
questionnaire dimensions to design AI-assisted English writing curricula and teacher-training programs in 
AI literacy.  

The study has a few limitations. First, the present study was situated in the AI-friendly Chinese higher 
education setting, where the central government has designated AI as a catalyst for transforming higher 
education and has formulated nationwide policies and schemes to integrate AI into higher education 
effectively and ethically (Liu & Tinmaz, 2025). Therefore, replication studies across educational levels 
and cultures are needed to further validate the questionnaire and the magnitude of the relationship 
between AILL2W and writing engagement. Additionally, given that the cognitive skills and ethical norms 
underpinning AI literacy may be transferable across L2 writing and general AI contexts, the cognitive and 
ethical dimensions of the AILL2W questionnaire show commonalities with AI literacy.  

Future studies may develop fine-tuned questionnaire items that capture L2-writing specific cognitive 
challenges and ethical dilemmas. Finally, longitudinal or intervention studies are needed to validate the 
causal effect of AILL2W on writing engagement and unravel the mechanism by which AILL2W 
influences the writing process and writing performance. 
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Appendix A. Sources and Expressions of the Initial 33 Items in the Item 
Generation Stage 

 
Dimension Item description Source of item 
Affective 
Learning 
(AL) 

1. I will use artificial intelligence-assisted writing tools to 
improve the quality of my English writing. 

interview 
Xu et al., 2025 

2. I will use artificial intelligence-assisted writing tools to 
improve my English writing efficiency. 

interview; Wang et al., 2023; 
Xu et al., 2025 

3. I will use artificial intelligence-assisted writing tools to 
improve my English writing motivation. 

interview 

4. I will use artificial intelligence-assisted writing tools to 
improve my English writing skills. 

interview; 
Xu et al., 2025 

5. I really enjoy using artificial intelligence-assisted writing 
tools when writing in English. 

Schepman & Rodway, 2020;  
Ng et al., 2024 

6. I am confident in effectively using artificial intelligence-
assisted writing tools to aid English writing. 

Ng et al., 2024 

7. I think the functions of artificial intelligence-assisted 
writing tools are very powerful. 

Schepman & Rodway, 2020  

8. I believe that artificial intelligence-assisted writing tools 
can have a positive impact on English writing. 

Schepman & Rodway, 2020 

Behavioral 
Learning 
(BL) 

1. I often use artificial intelligence-assisted writing tools to 
help me with brainstorming. 

interview; cognitive process 
theory of writing 

2. I often use artificial intelligence-assisted writing tools to 
help me search for and synthesize relevant English writing 
materials. 

interview; cognitive process 
theory of writing 

3. In the process of English writing, I often use artificial 
intelligence-assisted writing tools to select appropriate 
vocabulary and grammar structures. 

interview; cognitive process 
theory of writing 

4. After completing the initial English draft, I often use 
artificial intelligence-assisted writing tools to revise the 
article. 

interview; cognitive process 
theory of writing 

5. I often use generative artificial intelligence-assisted 
writing tools to generate writing samples for learning and 
reference. 

interview; cognitive process 
theory of writing 

6. I spend a lot of time exploring new features of artificial 
intelligence-assisted writing tools. 

Ng et al., 2024 

7. I actively participate in various learning activities related 
to artificial intelligence-assisted writing tools. 

Ng et al., 2024 

Cognitive 
Learning 
(CL) 

1. I am aware that there are various artificial intelligence-
assisted writing tools that can aid English writing. 

interview; 
Ng et al., 2024 

2. I understand the strengths and weaknesses of various 
artificial intelligence-assisted writing tools. 

interview; 
Warschauer et al., 2023 

3. I can choose suitable artificial intelligence-assisted 
writing tools based on English writing tasks. 

Wang et al., 2023; 
interview; Xu et al., 2025 

4. I can provide clear prompts to generative artificial 
intelligence-assisted writing tools. 

interview; 
Ngo & Hastie, 2025 

5. If I am not satisfied with the answer from the generative 
artificial intelligence-assisted writing tool, I know how to 
propose follow-up prompts. 

interview; 
Ngo & Hastie, 2025 

6. I can evaluate whether the responses of generative Wang et al., 2023; 



20 Language Learning & Technology 
  

 
 

artificial intelligence-assisted writing tools align with my 
writing goals. 

interview 

7. I can evaluate whether the responses of generative 
artificial intelligence-assisted writing tools contain 
fabricated content. 

Warschauer et al., 2023 

8. I can select the best answer from multiple responses 
provided by artificial intelligence-assisted writing tools. 

Wang et al., 2023 
 

9. I know how to paraphrase or integrate responses from 
generative artificial intelligence-assisted writing tools in 
English writing. 

interview;  
Warschauer et al., 2023 

Ethical 
Learning 
(EL) 

1. I believe that when writing in English, writers should 
cautiously use generative artificial intelligence-assisted 
writing tools (such as ChatGPT); otherwise, ethical issues 
may arise. 

Wang et al., 2023; 
interview; 
Su et al., 2023 

2. I believe that users should be responsible for their 
behavior when using generative artificial intelligence-
assisted writing tools. 

Ng et al., 2024; 
Ngo & Hastie, 2025 

3. I believe that English writers should maintain independent 
thinking when using artificial intelligence-assisted writing 
tools. 

interview; 
Su et al., 2023; 
Rowland, 2023 

4. When using artificial intelligence tools to assist in English 
writing, it is unethical to use the answers without 
modification. 

interview; 
Su et al., 2023 

5. I believe that artificial intelligence-assisted writing tools 
should benefit everyone and ensure educational equity.  

interview; 
Ng et al., 2024 

6. I believe that artificial intelligence-assisted writing tools 
should ensure the security of users’ personal information. 

Wang et al., 2023 
 

7. I believe that artificial intelligence-assisted writing tools 
should properly preserve the content uploaded by the author. 

Wang et al., 2023; 
Rowland, 2023 

8. When using artificial intelligence-assisted writing tools  
to assist English writing, if the similarity rate with AI-
generated content is within an acceptable range, the use is 
ethical. 

interview 

9. I think how generative artificial intelligence-assisted 
writing tools are used in the writing process should be fully 
explained. 

Ngo & Hastie (2025); 
Rowland, 2023 
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Appendix B. Questionnaire on AI Literacy in L2 Writing 

Instructions: The AI tools mentioned in the following items refer to various AI tools that can assist in 
English writing, including generative AI websites and software (which can create new content 
independently based on user instructions, such as Kimichat, Doubao, ERNIE Bot, Zhipu Chat, etc.) and 
non-generative AI websites and software (which can only analyze and process existing data and cannot 
create new content, such as Grammarly, Youdao Translation, iWrite, DeepL, etc.) 

Please click: I am sure I understand the difference between generative AI and non-generative AI tools. 
○Yes 
  
Please carefully read the following items and truthfully indicate your level of agreement on a scale of 1 to 
5. 1 represents “Strongly Disagree” and 5 represents “Strongly Agree”. Scores of 2, 3, 4 correspond to 
“Disagree,” “Neither Agree nor Disagree,” and “Agree”, respectively. 
  
Behavioral learning dimension  
BL1. I often use AI tools to help me with brainstorming. 
BL2. I often use AI tools to help me search for and synthesize English writing materials. 
BL4. After completing the first draft of the English essay, I often use AI tools to revise it. 
BL5. I often use AI tools to generate writing samples for learning and reference. 
  
Cognitive learning dimension 
CL2. I understand the strengths and limitations of various AI tools. 
CL4. I know how to provide clear prompts to generative AI tools. 
CL6. I can evaluate whether the responses of generative AI tools have effectively handled my prompts. 
CL7. I can evaluate whether the responses of generative AI tools contain fabricated content. 
  
Ethical learning dimension  
EL2. I think that users should be responsible for their behavior when using AI tools. 
EL3. I think English writers should maintain independent thinking when using AI tools. 
EL6. I think AI tools should ensure the security of users’ personal information.  
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