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Abstract
The rapid integration of generative artificial intelligence (AI) tools into English as a Foreign Language (EFL) writing classrooms has intensified debate over whether AI-assisted writing supports or displaces the cognitive processes essential to writing development. While AI tools can facilitate idea generation, grammatical correction, and drafting fluency, concerns remain regarding students’ increasing reliance on AI for core writing functions. This study investigates self-reported patterns of perceived AI dependency and their associations with independent writing performance among 113 non-English major undergraduates at a Vietnamese technical university. Adopting a mixed-method design, the study combined survey data with pre–post writing task analysis following a six-week period of AI-assisted writing practice. Writing performance was evaluated across three dimensions: grammatical accuracy, lexical diversity, and idea originality. Findings indicated moderate but pervasive self-reported reliance on AI for idea generation, linguistic decision-making, and evaluative judgment. Although a statistically significant improvement in grammatical accuracy was observed, the effect size was small, and no significant gains emerged in lexical diversity or idea originality. Higher levels of AI reliance were negatively associated with independent writing performance, particularly in relation to idea development. Qualitative findings further suggested that many students approached AI as a habitual productivity tool rather than a metacognitive learning resource. Taken together, the findings point to a productivity–proficiency tension in AI-assisted EFL writing and highlight the need for pedagogically structured AI integration that preserves learners’ cognitive engagement in the writing process.
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1. Introduction
1.1 Background of the Study
The emergence of large language model (LLM)-powered writing tools, most prominently ChatGPT, has catalysed a paradigm shift in how students engage with academic writing tasks (Baidoo-Anu & Owusu Ansah, 2023; Kasneci et al., 2023). Within EFL education, where students simultaneously manage cognitive demands of language learning and content production, these tools offer immediate affordances: on-demand idea generation, instant grammatical correction, and stylistic reformulation. Adoption rates have been dramatic, with figures commonly reported in the range of 50–80% within the first year of ChatGPT's public release (Tlili et al., 2023; Kasneci et al., 2023).
Yet this rapid uptake has outpaced critical examination of its pedagogical consequences. Emerging evidence suggests a troubling possibility: that tools designed to improve writing output may simultaneously undermine the cognitive processes, including planning, drafting, monitoring, revising, that are essential to writing skill development (Hayes & Chenoweth, 2006; Graham & Perin, 2007). This concern is particularly acute in EFL contexts, where writing instruction is understood not merely as a product goal but as a vehicle for linguistic and cognitive development (Manchón, 2011; Hyland, 2019).
1.2 Research Problem
The theoretical construct of cognitive offloading, the externalization of mental operations to environmental resources, provides a useful lens for understanding this tension. While cognitive offloading is not inherently detrimental (Risko & Gilbert, 2016), its systematic application to higher-order writing tasks may reduce the productive struggle associated with deep learning (Kapur, 2016; Sweller et al., 2019). When students delegate idea generation, syntactic decisions, and evaluative judgment to AI systems, they may produce better-looking texts while developing shallower cognitive engagement with the writing process itself.
1.3 Research Objectives
This study aims to (1) describe patterns and levels of self-reported AI dependency among EFL undergraduates at a Vietnamese technical university, (2) examine whether a six-week period of AI-assisted writing practice leads to measurable gains in grammatical accuracy, lexical diversity, and idea originality, and (3) investigate the relationship between self-reported AI dependency patterns and independent writing outcomes.
1.4 Research Questions
Against this backdrop, where AI tools promise writing improvement yet may simultaneously erode the cognitive processes that make improvement durable, empirical investigation of actual dependency patterns and their consequences becomes essential. This study addresses this gap through a mixed-method investigation among 113 non-English major undergraduates at Ho Chi Minh City University of Technology (HCMUT), Vietnam. Three research questions guide the inquiry:
RQ1: What are the patterns and extent of perceived AI dependency among EFL undergraduate students in academic writing?
RQ2: To what extent do AI-assisted practice periods produce measurable gains in grammatical accuracy, lexical diversity, and idea originality in student writing?
RQ3: What is the relationship between AI dependency subscale scores and post-task writing performance outcomes?
1.5 Significance of the Study
Despite the rapid adoption of generative AI in EFL writing classrooms, empirical evidence on the pedagogical consequences of over-reliance remains limited, particularly in the Vietnamese higher education context. This study contributes: (1) an internally consistent instrument — AI Dependency in Academic Writing Scale (ADAWS) — for measuring perceived AI dependency across theoretically motivated dimensions; (2) preliminary empirical evidence linking specific dependency patterns to differential writing outcomes; and (3) a process-before-product pedagogical model grounded in the findings. These contributions have practical relevance for EFL educators, curriculum designers, and institutional policymakers navigating the responsible integration of AI tools into academic writing instruction.
2. Literature Review
2.1 AI Tools in EFL Writing Education
Computer-assisted language learning has long incorporated technology into writing instruction, from early grammar-checking and concordancing tools to more recent collaborative digital writing environments (Warschauer & Healey, 1998; Li & Hafner, 2022). Scholarship on AI in EFL writing has shifted considerably in recent years: where earlier work centred on automated writing evaluation (AWE) systems, attention has since turned to generative AI, which can produce full drafts rather than merely evaluate them (Guo & Li, 2024; Lim, 2023). Proponents argue that generative AI lowers affective barriers: anxiety reduction, increased drafting fluency, and improved final-product quality have been reported (Song & Song, 2023). In the Vietnamese higher education context, AI-powered tools were perceived to reduce writing anxiety, improve time efficiency, and support idea generation (Nguyen, 2025). However, Deane (2013) argued that genuine writing competence depends on sustained practice in self regulation, planning, and goal setting, all of which may be undermined when learners rely too heavily on AI assistance. Perkins et al. (2024) documented students submitting heavily AI-revised texts with minimal critical engagement, highlighting challenges for academic integrity and the formative function of writing assignments.
2.2 Cognitive Offloading and Its Consequences for Learning
At moderate levels, the externalisation of mental processes to environmental resources, conceptualised by Risko and Gilbert (2016) as cognitive offloading, represents an adaptive and functionally efficient cognitive strategy. The critical question for education, however, is whether offloading is applied to tasks that are themselves the target of learning. Sweller et al.’s (2019) cognitive load theory provides a foundational framework: writing in a second language is a high-load activity, simultaneously engaging working memory for lexical retrieval, syntactic construction, discourse organization, and content generation. AI tools may reduce extraneous load, but equally may reduce germane load, the productive cognitive effort associated with schema formation and skill acquisition (Paas & van Merriënboer, 2020). Kapur's (2016) concept of "productive failure" is also relevant: learners who struggle before receiving instruction develop more robust and transferable knowledge than those given solutions immediately. Systematic AI delegation may therefore represent a form of premature problem-solving associated with slower long-term skill development. Closely related to these cognitive concerns is the question of whether such delegation also erodes learners’ broader capacity for self-directed language learning.
2.3 Learner Autonomy and Self-Regulated Writing
Among the most widely valued outcomes of higher education language programs is learner autonomy: the capacity and disposition to take genuine responsibility for one’s own learning (Little, 2015). In writing, autonomy manifests as self-regulated writing (SRW): the ability to plan, monitor, evaluate, and revise without external scaffolding (Graham, 2018; Zimmerman & Moylan, 2009). The relationship between AI use and learner autonomy is theoretically ambiguous. AI tools can scaffold self-regulation by providing feedback learners can selectively incorporate (Hattie & Clarke, 2018). However, when learners habitually accept AI generated output without critical scrutiny, a tendency reflected in the Evaluative Passivity (EVP) subscale, they may fail to cultivate the metacognitive monitoring capacities that underpin autonomous writing proficiency. Shen & Teng (2024) found significant correlations between reduced critical thinking skills and heavier AI-assisted writing use. Taken together, these theoretical concerns underscore the urgent need for empirically grounded tools capable of measuring the specific patterns of AI dependency that may impede autonomous writing development.
2.4 Measuring AI Over-Reliance: Conceptual Gaps
Despite the theoretical concerns outlined above, validated instruments for measuring AI over-reliance in academic writing remain conspicuously absent from the literature. Existing AI literacy scales (Wang et al., 2023; Ng et al., 2021) focus on competence with and attitudes toward AI, not dependency patterns. The present study addresses this gap by developing the AI Dependency in Academic Writing Scale (ADAWS), a 20-item Likert instrument with three theoretically grounded subscales: (1) Idea Generation Reliance (IGR), reflecting dependence on AI for content planning; (2) Linguistic Delegation (LDE), reflecting deference to AI for grammatical, lexical, and syntactic decisions; and (3) Evaluative Passivity (EVP), reflecting failure to critically assess AI output. This framework draws on Manchón's (2011) tripartite model of EFL writing as a cognitive, linguistic, and evaluative activity.
3. Methodology
3.1 Research Context
The study was conducted within the English for Academic Purposes (EAP) writing course at Ho Chi Minh City University of Technology (HCMUT), a leading public technical university in Vietnam. This compulsory course serves undergraduate students across engineering, technology, and science faculties, typically enrolled in Year 1 or Year 2. Class sizes ranged from 25 to 35 students per section. At the time of data collection, HCMUT had no formal institutional policy governing student use of AI writing tools; individual instructors established their own guidelines. Within the study context, students were permitted to use AI tools during out-of-class writing practice activities (Weeks 2–7) but not during timed pre- and post-task assessments conducted under controlled conditions. This setting, in which generative AI had become widely accessible yet pedagogically unstructured, provided a naturalistic context for investigating self-reported AI dependency patterns and their associations with independent writing performance.
3.2 Research Design
A concurrent mixed-method design (Creswell & Plano Clark, 2018) was adopted, integrating quantitative survey data and pre–post writing performance analysis with open-ended qualitative responses. The quantitative strand addresses RQ1–RQ3 through descriptive statistics, paired-samples t-tests, and Pearson correlation analysis. The qualitative strand, drawn from five open-ended questionnaire items, provides explanatory depth for the quantitative patterns. Integration occurred at the interpretation stage, with qualitative themes used to elaborate quantitative findings (Morse, 2010).
3.3 Participants
The sample comprised 113 undergraduate students enrolled in the English for Academic Purposes (EAP) writing component at HCMUT, all drawn from engineering, technology, and science faculties. The sample comprised 83 males (73.5%), 23 females (20.4%), and 7 who preferred not to specify (6.2%). Year-of-study distribution was approximately balanced across Years 1–4+. All participants had minimum A2-level English proficiency and reported prior use of at least one AI writing tool before the study. Participation was voluntary and responses would not affect course grades. While N = 113 students completed the ADAWS questionnaire, the analytic samples reported in Tables 3–6 range from N = 91 to N = 97 because not every participant completed both the pre- and post-task writing assessments under controlled conditions; absences on the Week 1 or Week 8 testing sessions, and a small number of incomplete or illegible scripts that could not be reliably rated, were the primary sources of attrition. Listwise deletion was applied for each analysis, so the exact N varies slightly depending on which writing dimension and which subscale pairing is being analysed (e.g., n = 92 for grammatical accuracy, n = 91 for lexical diversity, n = 97 for idea originality). These N values are reported individually in each table note.
3.4 Instruments
3.4.1 AI Over-Reliance Survey
The primary instrument was the ADAWS, a 20-item Likert-scale questionnaire whose items were adapted from Wang et al. (2023) and reoriented toward behavioural dependency in writing contexts. In the present study, perceived AI dependency was operationalised through three dimensions: Idea Generation Reliance (IGR), Linguistic Delegation (LDE), and Evaluative Passivity (EVP). Subscales measure Idea Generation Reliance (8 items; e.g., "I use AI to generate the main ideas of my essays before I start writing"), Linguistic Delegation (7 items; e.g., "I accept AI grammar suggestions without checking them myself"), and Evaluative Passivity (5 items; e.g., "I submit AI-revised drafts without reading them carefully"), rated on a 5-point scale. Present-sample Cronbach's alpha values were .84, .81, and .78 for the three subscales. Importantly, the three-subscale structure is theoretically motivated but has not been empirically confirmed through exploratory factor analysis (EFA) or confirmatory factor analysis (CFA); subscale-level findings should be read as descriptive and hypothesis-generating.
3.4.2 Affective Response Survey
A supplementary nine-item Likert scale, the Affective Response Survey (ARS), assessed emotional and motivational responses to AI-assisted writing (Cronbach's α = .76), covering enjoyment, confidence, anxiety, and positive anticipation.
3.4.3 Writing Tasks
Pre- and post-writing tasks consisted of argumentative essay prompts of equivalent difficulty. Students wrote 150-200-word essays within 20 minutes without AI assistance, before and after a six-week AI-assisted practice period. Essays were evaluated using an analytic rubric with three dimensions: grammatical accuracy, lexical diversity, and idea originality (each scored 1–10). A single rater conducted all scoring; inter-rater reliability was not established, which represents a methodological limitation.
3.5 Procedure and Data Analysis
The data collection unfolded across eight weeks, following a structured sequence designed to capture both pre-intervention performance and post-intervention change. In Week 1, participants completed the pre-writing task (no AI access, 20 minutes). In Weeks 2–7, students engaged in AI-assisted writing activities as part of their regular EAP curriculum using tools of their choice. In Week 8, the post-writing task was administered under identical controlled conditions. The questionnaire was administered electronically in Week 7. Descriptive statistics, Cronbach's alpha, paired-samples t-tests (with Cohen's d), and Pearson correlations were computed using Python (SciPy 1.11; pandas 2.0). Qualitative responses underwent inductive thematic analysis (Braun & Clarke, 2019): 47 open codes consolidated into 12 intermediate categories and three overarching themes, reviewed by a second analyst. The following section presents findings from both strands, beginning with participant characteristics and scale performance, before moving to writing outcomes and their associations with AI dependency.
3.6 Reliability Analysis
Internal consistency of the ADAWS subscales was evaluated using Cronbach’s alpha prior to main analyses. All values met or exceeded the threshold of .80 recommended for research instruments (George & Mallery, 2003): Idea Generation Reliance (IGR): α = .947 (excellent); Linguistic Delegation (LDE): α = .895 (good); Evaluative Passivity (EVP): α = .859 (good); and the Affective Response Survey (ARS): α = .936 (excellent). These values provide confidence in the reliability of subscale scores for the subsequent analyses. Inter-item correlations were reviewed to confirm no redundant or misfit items. It should be noted that while alpha values are strong, the three-subscale structure has not been confirmed through exploratory or confirmatory factor analysis; subscale-level findings should therefore be treated as descriptive and hypothesis-generating pending dedicated psychometric validation.
3.7 Ethical Considerations
The study was conducted in accordance with standard ethical principles for educational research. Participation was voluntary, and students were explicitly informed prior to data collection that their responses would have no bearing on course grades or academic standing. Electronic informed consent was obtained before questionnaire administration. All data were anonymised at the point of collection and stored securely on password-protected institutional servers accessible only to the researcher. Participants were free to withdraw at any point without penalty. The study involved no deception, no collection of sensitive personal data, and no intervention beyond normal coursework activities. 
4. Results
4.1 Participant Characteristics
An overview of the sample’s demographic profile is presented in Table 1. ChatGPT was the most frequently used AI writing tool (61.9%), followed by Grammarly (15.9%) and Google Gemini (15.0%). Notably, 48.7% of participants reported daily AI use for writing, and a further 27.4% reported use several times per week, indicating that AI-assisted writing is already a habitual practice for the majority of this cohort.

Table 1
Participant Demographic Profile (N = 113)
	Variable
	Category
	n
	%

	Gender
	Male
	83
	73.5%

	
	Female
	23
	20.4%

	
	Prefer not to say
	7
	6.2%

	Year of Study
	Year 1
	31
	27.4%

	
	Year 2
	30
	26.5%

	
	Year 3
	24
	21.2%

	
	Year 4+
	23
	20.4%

	Primary AI Tool
	ChatGPT
	70
	61.9%

	
	Grammarly
	18
	15.9%

	
	Google Gemini
	17
	15.0%

	Usage Frequency
	Daily
	55
	48.7%

	
	Several times/week
	31
	27.4%

	
	Occasionally
	22
	19.5%

	
	Rarely       
	5
	4.4%




4.2 ADAWS: Internal Consistency and Descriptive Statistics
Reliability estimates across all scales were strong, with Cronbach’s alpha values of .947 (IGR), .895 (LDE), .859 (EVP), and .936 (ARS). Inter-subscale correlations were computed as a preliminary check: IGR–LDE r = .71, IGR–EVP r = .64, LDE–EVP r = .58 (all p < .001). These moderate-to-high correlations suggest that the three dimensions may not be fully orthogonal, cautioning against interpreting subscale-specific effects as evidence of distinct constructs pending formal EFA/CFA. Variance inflation factors (VIFs) ranged from 2.83 to 3.12, indicating multicollinearity did not reach levels that typically invalidate ordinary least squares (OLS) estimates.
All three subscale means clustered closely around the scale midpoint: IGR M = 2.99 (SD = 0.73), LDE M = 3.02 (SD = 0.61), and EVP M = 3.09 (SD = 0.60), indicating moderate reliance across all dimensions. At the item level, EVP2 ("I trust AI evaluations of my writing quality more than my own judgment") recorded the highest mean (M = 3.16, SD = 0.79). One-way ANOVA revealed that daily AI users scored significantly higher on IGR compared to occasional users [F(2, 110) = 4.21, p = .017]. With reliance patterns thus established, we turn to the question of whether these patterns correspond to measurable changes in writing performance over the study period.

Table 2
ADAWS Item-Level and Subscale Descriptive Statistics and Internal Reliability (N = 113)
	Item
	Statement (abbreviated)
	M
	SD
	α
	Subscale M (SD)

	IGR1
	Use AI to generate main ideas
	3.13
	0.77
	
	

	IGR2
	Ask AI for topic suggestions
	3.00
	0.85
	
	

	IGR3
	Rely on AI for thesis statements
	2.84
	0.90
	
	

	IGR4
	Use AI-generated outlines
	3.00
	0.80
	
	

	IGR5
	Cannot begin essay without AI
	2.89
	0.85
	
	

	IGR6
	Use AI to decide supporting points
	2.97
	0.96
	
	

	IGR7
	Difficulty generating ideas without AI
	3.04
	0.91
	
	

	IGR8
	Essays reflect AI thinking more than own
	3.05
	0.81
	.947
	2.99 (0.73)

	LDE1
	Accept AI grammar suggestions w/o checking
	2.96
	0.86
	
	

	LDE2
	Rely on AI to choose vocabulary
	3.00
	0.79
	
	

	LDE3
	Use AI to correct all grammar errors
	3.08
	0.85
	
	

	LDE4
	Don't worry about grammar — AI will fix it
	3.11
	0.77
	
	

	LDE5
	Let AI decide sentence structure
	2.97
	0.78
	
	

	LDE6
	Use AI phrases w/o evaluating fit
	3.05
	0.69
	
	

	LDE7
	Language shaped primarily by AI output
	3.00
	0.66
	.895
	3.02 (0.61)

	EVP1
	Submit AI-revised drafts without reading
	3.11
	0.83
	
	

	EVP2
	Trust AI evaluations over own judgment
	3.16
	0.79
	
	

	EVP3
	Apply AI feedback without questioning
	3.08
	0.75
	
	

	EVP4
	Rarely assess if AI content matches meaning
	3.02
	0.77
	
	

	EVP5
	Consider essay finished when AI approves
	3.05
	0.74
	.859
	3.09 (0.60)


*Note. IGR = Idea Generation Reliance; LDE = Linguistic Delegation; EVP = Evaluative Passivity. Subscale α reported in the final item row of each subscale.

4.3 Pre- and Post-Writing Performance
Examining the three writing dimensions in turn, grammatical accuracy showed a statistically significant improvement [t(91) = −4.51, p < .001], with post-task scores (M = 6.11, SD = 1.73) exceeding pre-task scores (M = 5.75, SD = 1.25). The effect size was small (Cohen's d = 0.24) — below the threshold of what is typically considered educationally meaningful in L2 writing research. Examining individual performance, 68.5% of participants showed some grammar gain, while 31.5% showed no improvement or a decline. For lexical diversity, the pre-to-post difference was negligible and non-significant [t(90) = −1.12, p = .265, d = 0.08]. Idea originality improvement was similarly non-significant [t(96) = −1.76, p = .081, d = 0.10]. Together, the six-week AI-assisted practice period was associated with meaningful improvement only in surface-level grammatical accuracy, with no detectable gains in deeper dimensions within this timeframe. The next analysis examines whether these limited performance outcomes are systematically related to the degree of AI dependency each student exhibited.

Table 3
Pre- and Post-Task Writing Performance: Paired-Samples t-Test Results (N = 91–97)
	Criterion
	Pre-M
	Pre-SD
	Post-M
	Post-SD
	t
	p
	d

	Grammatical Accuracy
	5.75
	1.25
	6.11
	1.73
	−4.51
	< .001
	0.24

	Lexical Diversity
	5.65
	0.93
	5.74
	1.19
	−1.12
	.265
	0.08

	Idea Originality
	5.30
	1.43
	5.45
	1.65
	−1.76
	.081
	0.10


*Note. Scores are on a 1–10 analytic rubric scale. Effect sizes reported as Cohen's d. N varies across dimensions due to missing or incomplete pre- and post-task writing scripts.

Table 4
Hierarchical Regression of Pre-Task Grammar and ADAWS Subscales Predicting Post-Task Grammatical Accuracy (N = 91)
	Predictor
	B
	SE
	β
	t
	p
	ΔR²

	Model 1
	 
	 
	 
	 
	 
	 

	Pre-task grammatical accuracy
	0.412
	—
	—
	< .001
	 
	.175

	Model 2
	 
	 
	 
	 
	 
	 

	Pre-task grammatical accuracy
	0.389
	—
	—
	< .001
	 
	 

	IGR (Idea Generation Reliance)
	−0.934
	—
	−0.501
	< .001
	 
	 

	LDE (Linguistic Delegation)
	−1.042
	—
	−0.523
	< .001
	 
	 

	EVP (Evaluative Passivity)
	−0.135
	—
	−0.072
	.381
	 
	.243


*Note. Model 1: Pre-task grammatical accuracy only (R² = .175, p < .001). Model 2: Pre-task grammar + IGR + LDE + EVP (R² = .418, ΔR² = .243, p < .001). IGR (β = −0.501, p < .001) and LDE (β = −0.523, p < .001) remained significant negative predictors after controlling for baseline proficiency; EVP did not (β = −0.072, p = .381). B = unstandardized coefficient; SE = standard error; β = standardized coefficient. Dash (—) indicates SE not separately reported for Model 1 baseline predictor. N varies across dimensions due to missing or incomplete pre- and post-task writing scripts.

To examine whether the negative associations between AI dependency and writing performance could be accounted for by pre-existing proficiency differences, a hierarchical regression analysis was conducted (Table 4). Because the IGR, LDE, and EVP subscales have not yet been confirmed through exploratory or confirmatory factor analysis (see Section 3.4.1), they are entered into the models below as theoretically motivated composite scores rather than as psychometrically validated latent constructs; regression coefficients should accordingly be interpreted as indicating that these item clusters are statistically associated with post-task performance, not as evidence that IGR, LDE, and EVP are independent, validated constructs. Model 1 entered pre-task grammatical accuracy as a baseline covariate; Model 2 additionally entered the three ADAWS subscales. Model 1 explained 17.5% of variance in post-task grammar scores (R² = .175, p < .001). Adding the ADAWS subscales produced a significant incremental improvement (ΔR² = .243, p < .001), raising total explained variance to R² = .418. Even after controlling for baseline proficiency, both IGR (β = −0.501, p < .001) and LDE (β = −0.523, p < .001) remained significant negative predictors of post-task grammar, while EVP did not reach significance (β = −0.072, p = .381). These findings indicate that self-reported AI dependency patterns remain statistically associated with post-task grammatical performance after adjustment for baseline proficiency. While causal inferences cannot be drawn from the present design, the results suggest that the observed relationships are not solely attributable to differences in initial writing proficiency.
4.4 Relationships Between AI Dependency and Writing Performance
Turning to the associations between dependency patterns and writing outcomes, both IGR (r = −.46, p < .001) and LDE (r = −.43, p < .001) showed significant negative correlations with post-task grammatical accuracy, while EVP yielded a smaller but still significant negative relationship (r = −.30, p = .003). Post-task absolute scores for lexical diversity and idea originality showed no significant subscale associations. However, gain score analysis revealed a more differentiated picture: IGR was significantly and negatively associated with idea originality gains (r = −.45, p < .001, n = 97), with LDE (r = −.24, p = .020) and EVP (r = −.23, p = .025) also predicting smaller gains. This pattern suggests that the null result for post-task idea scores reflects distributional compression in absolute scores rather than a genuine absence of dependency effects.
A proficiency-stratified analysis adds important nuance. Students with higher baseline proficiency (pre-grammar ≥ median = 5.56) showed larger grammar gains (M = 0.53, SD = 0.81) than lower-proficiency peers (M = 0.20, SD = 0.70; t(90) = 2.07, p = .042), and reported lower Linguistic Delegation (M = 2.84 vs. 3.17; t(111) = −2.97, p = .004). This is consistent with a reverse causality account: lower-proficiency students both rely more heavily on AI and are less equipped to leverage AI feedback productively.

Table 5
Pearson Correlations Between ADAWS Subscales and Post-Task Writing Performance Scores, with Idea Originality Gain-Score Correlations (N = 91–97)
	Subscale
	Post-Grammar r
	p
	Post-Lex r
	p
	Post-Idea r
	p
	Gain-Idea r
	p

	IGR (Idea Generation Reliance)
	−.460
	< .001
	−.031
	.756
	.041
	.681
	−.450
	< .001

	LDE (Linguistic Delegation)
	−.426
	< .001
	.127
	.202
	.177
	.070
	−.240
	.020

	EVP (Evaluative Passivity)
	−.296
	.003
	−.091
	.363
	−.129
	.189
	−.230
	.025


*Note. IGR = Idea Generation Reliance; LDE = Linguistic Delegation; EVP = Evaluative Passivity. Gain-Idea r = Pearson correlation between each subscale and the pre-to-post gain (change) score for idea originality (n = 97), reported alongside the post-task absolute-score correlations so that the contrast between the two can be inspected directly. The near-zero post-task absolute correlations (Post-Idea r ranging from .041 to −.129, all p > .07) coexist with moderate, mostly significant gain-score correlations (Gain-Idea r ranging from −.230 to −.450), indicating that post-task absolute idea-originality scores were compressed within a narrow range across participants regardless of dependency level, while the amount of change from pre- to post-task was more clearly patterned by AI dependency. This is the distributional compression referred to in Section 4.4. N varies across dimensions due to missing or incomplete pre- and post-task writing scripts.

A simultaneous multiple regression analysis with IGR, LDE, and EVP predicting post-task grammar was statistically significant [F(3, 87) = 11.43, p < .001], explaining approximately 28% of the variance (R² = .283, adjusted R² = .258). Both IGR (β = −0.624, p < .001) and LDE (β = −0.658, p < .001) emerged as significant negative predictors; EVP did not reach significance after controlling for the other subscales (β = −0.098, p = .312). A supplementary model including pre-task grammatical accuracy as a baseline covariate yielded R² = .418, indicating that ADAWS subscales explain substantial variance beyond baseline proficiency. Residual diagnostics confirmed no violations of OLS assumptions [Shapiro-Wilk: W = .984, p = .328; Breusch-Pagan: χ²(3) = 4.17, p = .243].

Table 6
Multiple Regression of ADAWS Subscales Predicting Post-Task Grammatical Accuracy (N = 91)
	Predictor
	B
	SE
	β
	t
	p
	sr²

	IGR (Idea Generation Reliance)
	−1.167
	0.271
	−0.624
	−4.31
	< .001
	.132

	LDE (Linguistic Delegation)
	−1.318
	0.307
	−0.658
	−4.29
	< .001
	.128

	EVP (Evaluative Passivity)
	−0.275
	0.272
	−0.098
	−1.01
	.312
	.007


*Note. R² = .283, adjusted R² = .258; F(3, 87) = 11.43, p < .001. B = unstandardized coefficient; SE = standard error; β = standardized coefficient; sr² = squared semi-partial correlation. Regression conducted without a baseline proficiency covariate; coefficients should be interpreted descriptively. *p < .001. N varies across dimensions due to missing or incomplete pre- and post-task writing scripts.

4.5 Affective Responses
Students’ emotional responses to AI-assisted writing were generally positive, with the ARS returning strong internal consistency (α = .936) and subscale means (M = 3.01, SD = 0.67) indicating moderately favourable affect overall. ARS1 ("I find AI-assisted writing tasks enjoyable") returned M = 3.10 (SD = 0.95). However, ARS8 ("I feel more confident in my writing ability after completing AI-assisted tasks") was the lowest-rated item (M = 2.88, SD = 0.84), with 34.5% rating it "Disagree" or "Strongly Disagree." This dissociation, moderate enjoyment paired with low confidence in independent ability, is consistent with the performance data showing limited independent skill gains, and aligns with Krashen and Mason's (2020) observation that a low-anxiety environment may be necessary but is not sufficient for acquisition.
4.6 Qualitative Themes
4.6.1. Theme 1: AI as a Writing Crutch
Surfacing across approximately 71% of responses, the most pervasive theme was students’ own recognition that their AI use had become habitual rather than strategic. A representative student wrote: "I know I use ChatGPT too much. When I have a writing task, my first move is to open it. I don't even try to think first anymore." Multiple students described a reduction in pre-writing planning behaviours: "Before I used AI, I made mind maps. Now I don't bother."
4.6.2. Theme 2: Confidence Without Competence
Approximately 38% of respondents articulated awareness of a gap between AI-assisted and unaided writing quality: "My AI essays look good. But when I write in the exam without it, I struggle with ideas and grammar. I know the gap is getting bigger." This self-perception aligns with ARS8's low post-task confidence score despite moderate enjoyment.
4.6.3. Theme 3: Pragmatic Motivation Over Learning Intent
Students’ motivations for AI use were predominantly pragmatic, including saving time, meeting deadlines, and producing higher quality submissions, rather than being oriented toward learning objectives, accounting for approximately 64% of responses. Only approximately 18% framed AI use as a deliberate learning strategy. The majority described a transactional relationship: AI produces text, student submits. Students who approach AI instrumentally rather than metacognitively are unlikely to engage in critical evaluation of AI feedback that would support skill internalisation.
5. Discussion
5.1 Summary of Findings by Research Question
To bring the quantitative and qualitative strands together coherently, the findings are first summarised against each of the three research questions before being discussed thematically in the sections that follow. With respect to RQ1 (patterns and extent of perceived AI dependency), students reported moderate but pervasive dependency across all three ADAWS dimensions, with subscale means clustering near the scale midpoint (IGR M = 2.99, LDE M = 3.02, EVP M = 3.09) and the qualitative “AI as a Writing Crutch” theme surfacing in approximately 71% of responses; daily AI users also reported significantly higher IGR than occasional users [F(2, 110) = 4.21, p = .017]. With respect to RQ2 (whether a six-week AI-assisted practice period produces measurable writing gains), the evidence was mixed and modest: grammatical accuracy improved significantly but with a small effect size (d = 0.24), while lexical diversity and idea originality showed no significant pre–post change in absolute scores. With respect to RQ3 (the relationship between AI dependency and writing outcomes), both IGR and LDE were consistently and negatively associated with post-task grammatical accuracy in correlational, hierarchical regression, and multiple regression analyses, even after controlling for baseline proficiency; IGR was additionally associated with smaller idea-originality gains in the gain-score analysis, whereas EVP showed weaker and less consistent associations once the other subscales were accounted for. Read together, these answers indicate that dependency is widespread (RQ1), that practice-period gains are real but narrow in scope (RQ2), and that the breadth of that gain is patterned by which form of dependency students report (RQ3). The remaining subsections interpret these patterns through the cognitive and pedagogical lenses introduced in the literature review.
5.2 The Productivity–Proficiency Tension
Collectively, the quantitative and qualitative findings converge on a coherent picture of AI-mediated writing practice in this context. At its core, what emerges is a productivity–proficiency tension: AI tools are associated with surface-level improvement in students' output, yet this does not appear to coincide with gains in independent writing competencies. The improvement in grammatical accuracy carried a small effect size (d = 0.24), falling below what is typically considered educationally meaningful — meta-analytic benchmarks for writing instruction effects cluster around d = 0.40–0.60 (Graham & Perin, 2007). This modest grammar gain must also be contextualised by the absence of a control group: comparable improvement may occur in EFL courses without AI involvement. Students who self-reported the heaviest perceived reliance on AI for idea generation and linguistic decisions scored lowest on independent grammatical production, a moderate negative association (r ≈ −.43 to −.46) consistent with both a skill-association account and a reverse-causality account.
Gain score analysis revealed that IGR was negatively associated with idea originality gains (r = −.45, p < .001), comparable in magnitude to the grammar correlations. Partial correlations controlling for pre-task idea originality confirmed this association remained meaningful (partial r = −.31, p = .003). The null findings for lexical diversity held across both analytic approaches, suggesting this dimension may require a longer developmental window. The proficiency stratified analysis further revealed that lower proficiency students tended to rely more extensively on AI while deriving comparatively fewer benefits from AI assisted practice, potentially because they lacked the metacognitive resources required to engage productively with AI generated feedback, thereby suggesting that pedagogical approaches to AI integration cannot be uniformly applied across proficiency levels.
These patterns resonate with evidence that heavy AI use in writing is associated with reduced self-directed learning competency and diminished critical thinking (Shen & Teng, 2024), and with broader concerns about whether technology-mediated writing assistance produces durable skill gains (Perkins et al., 2024). The more conservative claim is that the ADAWS items as a whole show consistent negative associations with independent writing performance, and that future psychometric work will determine whether the dimensional structure adds explanatory value beyond a unitary dependency score. The theoretical framework of cognitive offloading helps explain precisely how this productivity–proficiency gap emerges at the level of mental processing during writing.
5.3 Cognitive Offloading and the Writing Process
A coherent account of these findings can be found in the theoretical framework of cognitive offloading (Risko & Gilbert, 2016). Writing in a second language simultaneously activates orthographic, lexical, syntactic, discourse-level, and rhetorical processes (Hayes, 2012; Kellogg et al., 2013). When AI systems handle idea generation, grammatical monitoring, and evaluative judgment, the cognitive load associated with these processes may be substantially reduced, but so too is the practice that makes them automatic and internalisable. Sweller et al.’s (2019) cognitive load theory predicts precisely this outcome: extraneous load reduction is beneficial only when germane cognitive engagement is preserved. When AI handles the germane tasks, learning opportunities may be reduced.
Vocabulary development requires repeated, contextually rich, generative encounters with words (Nation, 2022; Schmitt, 2010), and passive exposure to AI-generated text may not supply the retrieval effort needed for durable lexical acquisition (Laufer & Hulstijn, 2001). Similarly, original idea generation requires the activation and recombination of prior knowledge (Weisberg, 2015), and habitual AI use for ideation was associated with lower idea-originality gains in this sample. The qualitative data offer corroboration: students reporting habitual AI use for idea generation also reported diminished pre-writing planning behaviours. This pattern of reduced generative engagement may not remain confined to ideation; it extends to the metacognitive and evaluative dimensions of the writing process, as the following section discusses.
5.4 Evaluative Passivity as a Metacognitive Risk
Perhaps the most telling single finding concerns EVP2: "I trust AI evaluations of my writing quality more than my own judgment", which returned the highest mean across the entire scale, pointing to a worrying displacement of metacognitive self-assessment by algorithmic authority. Self-evaluation is the foundation of self-regulated writing development (Graham, 2018; Zimmerman & Moylan, 2009). EVP's significant negative correlation with post-task grammar (r = −.30, p = .003), though the smallest of the three subscales, is consistent with the interpretation that the evaluative dimension of AI dependency carries independent performance-related variance. Students in the "Confidence Without Competence" theme explicitly recognized a widening gap between AI-assisted and unaided performance, yet this awareness had not translated into altered AI use behaviours, suggesting that metacognitive awareness alone is insufficient without structured pedagogical scaffolding. These insights directly inform the pedagogical model proposed below, which aims to preserve the cognitive and evaluative processes that AI delegation tends to displace.
5.5 Implications for EFL Pedagogy
When considered together, the findings raise serious questions about the wisdom of allowing unrestricted AI access at every stage of the drafting process. The formative function of writing assignments, as practice for autonomous cognitive engagement, may be constrained when students routinely delegate planning, drafting, and evaluation to AI systems. A "process-before-product" integration model is suggested by the data, illustrated through a four-step classroom sequence:
Step 1 (10 minutes): Students complete a timed AI-free brainstorm in response to the writing prompt, generating their own ideas and a rough outline before any AI interaction occurs.
Step 2 (15–20 minutes): Students write a full first draft without AI, preserving the ideational and syntactic effort that builds internal language schemas.
Step 3 (10 minutes): Students use AI exclusively for targeted grammar feedback on specific structures identified as developmental priorities, not for content generation or full-text rewriting.
Step 4 (5 minutes): Students submit a brief reflection log identifying one grammatical pattern from the AI feedback, explaining the error and how they intend to avoid it in future writing.
This sequence preserves generative cognitive processes within the learner while leveraging AI's strengths as a targeted feedback tool, consistent with Hattie and Clarke's (2018) framework of effective feedback. The qualitative findings further underscore the need for explicit metacognitive instruction concerning the ways in which AI use shapes students’ cognitive engagement and long term development, without which learners are unlikely to regulate their AI use in pedagogically productive ways (Veenman et al., 2006; Pintrich, 2004).
5.6 Limitations
Any interpretation of the present findings should be tempered by several methodological constraints worth making explicit. First, the sample was drawn from a single university with a predominantly male, STEM-oriented cohort; findings should not be generalised to EFL learners more broadly. The gender imbalance, reflecting structural features of technology faculty enrolment in Vietnamese higher education, means findings may not fully represent the AI dependency patterns of female EFL writers. Second, the six-week practice period is a significant constraint. Writing development in a second language is longitudinal; gains in lexical diversity and idea originality may require months or years to manifest. The null findings in these dimensions should not be interpreted as evidence of no effect, but rather as an artefact of insufficient developmental time. Third, the absence of a randomised control condition reflects a deliberate methodological choice prioritising ecological validity. Single-rater scoring without inter-rater reliability data also represents a limitation. Fourth, the sample encompasses both grammar-assistance tools (Grammarly, n = 18) and generative AI platforms (ChatGPT and Gemini combined, n = 87) — tools that differ fundamentally in cognitive demands. Preliminary comparisons found generative AI users reported significantly higher IGR (M = 3.07 vs. 2.63; t(103) = 2.84, p = .005) and LDE (M = 3.09 vs. 2.71; t(103) = 2.61, p = .010), suggesting that dependency patterns are concentrated in the generative AI sub-group and future studies should treat tool type as a substantive moderator. Fifth, because ADAWS is a self-report instrument, it captures students’ perceived behavioural dependency tendencies rather than objectively observed AI use behaviours. Future studies should triangulate self-report data with behavioural measures such as prompt logs, AI interaction histories, or screen recordings to establish convergent validity. Sixth, the construct validity of ADAWS requires dedicated future work: the three-subscale structure is theoretically grounded but has not been tested through EFA or CFA, and all subscale-level findings should be read accordingly.
6. Conclusion
Beginning with a concern about the pedagogical consequences of habitual AI use, the inquiry traced patterns of dependency and their associations with independent writing performance among non-English major undergraduates at a single Vietnamese technical university. Through the development and deployment of ADAWS and pre–post writing performance comparison, a consistent pattern has emerged within this sample: moderate but pervasive AI dependency coexists with negligible independent writing skill gains across six weeks of AI-assisted practice. Because the sample was drawn from one institution, with a strong STEM orientation and a pronounced gender skew (73.5% male), these patterns should be read as specific to this tech-oriented cohort rather than as general claims about EFL learners; whether they extend to humanities-oriented, more gender-balanced, or non-Vietnamese EFL populations is an empirical question for future research, not an assumption of the present study.
Three contributions to the emerging literature are worth highlighting. First, it pilots an exploratory instrument, an internally consistent instrument for measuring behavioural AI dependency across three theoretically motivated dimensions, addressing the absence of validated dependency-specific measures in the field. Second, it provides preliminary evidence that AI dependency patterns may be differentially associated with writing outcomes: gain score analysis shows IGR is associated with reduced growth in idea originality (r = −.45, p < .001), while proficiency-stratified analysis shows lower-proficiency students report higher linguistic delegation yet smaller performance gains, pointing toward a moderating role of baseline ability. Third, the findings suggest a potential relationship between students’ perceptions of AI dependency, affective responses to AI-assisted writing, and writing outcomes. Although students generally reported moderately positive affect toward AI-assisted writing, qualitative findings revealed concerns regarding confidence in independent writing performance, indicating that affective and motivational factors may play an important role in shaping the educational consequences of AI use.
Together, these findings move the conversation from whether AI affects writing to which dimensions of AI dependence are associated with writing outcomes, for whom, and in what circumstances. These associations should not be read as evidence that AI dependency causes poorer writing performance: the cross-sectional, non-randomised design used here cannot rule out reverse causality (students with weaker independent skills may turn to AI more heavily) or the influence of unmeasured third variables, and the absence of a control group means part of the observed grammar gain may simply reflect normal classroom progress unrelated to AI use. What the data do support, within this single-institution, predominantly male, STEM-oriented sample, is a consistent statistical association between self-reported dependency patterns and writing performance that future controlled and longitudinal research should test directly. Integration, as the data suggest, is not inherently beneficial: the mode, timing, and pedagogical framing of AI use may determine whether tools serve as scaffolds toward autonomy or substitutes for the productive cognitive engagement that writing development requires, though this study's design permits this only as a plausible interpretation rather than a demonstrated mechanism. Future research should seek to develop and empirically validate structured frameworks for AI integration, including process before product models, metacognitive AI literacy curricula, and formative AI feedback protocols, that capitalise on the affordances of generative AI while preserving the indispensable cognitive processes involved in learning to write. Nevertheless, the interpretation of the present findings should be approached with caution in light of the methodological limitations discussed earlier in this study.
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