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Abstract 

There exists inadequacy of traditional feedback mechanisms in EFL writing instruction within Vietnamese 

higher education contexts. This research aims to investigate the effectiveness and feasibility of implementing 

AI-based feedback systems in enhancing Vietnamese university students' EFL writing skills. Mixed-methods 

sequential explanatory design was employed over a 16-week period. Random sampling was used to assign 384 

Hanoi Open University second and third-year undergraduate students to experimental (AI feedback, n = 192) 

and control (traditional teacher feedback, n = 192) groups. Complexity, Accuracy, and Fluency (CAF) 

measures were used to evaluate argumentative writing tests administered before and after intervention, 

supplemented by semi-structured interviews and technology acceptance questionnaires. The experimental 

group demonstrated significantly larger improvements in all CAF dimensions, with significant gains in 

fluency (d = 0.51-0.61), moderate effects for complexity (d = 0.45-0.49), and large effect sizes for accuracy 

(Cohen's d = 0.66-0.71). Students showed a 5.6-point decrease in errors per 100 words and an 18.2% increase 

in error-free T-units specifically. Although there were limitations in terms of cultural sensitivity (65% of 

participants) and enduring needs for human interaction (87.5% of participants), student acceptance was high 

(M = 3.97/5.0). Results demonstrate that AI-based feedback systems significantly enhance EFL writing when 

integrated with traditional teaching methods, providing scalable solutions for large university settings while 

requiring targeted implementation strategies and comprehensive teacher training in hybrid pedagogies. 
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distributed under the terms and conditions of the Creative Commons Attribution license (CC BY-NC-ND) 
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Introduction  

Higher education institutions experience a transformative change in their pedagogical practices because 

of artificial intelligence technology integration across various academic disciplines. According to Akinwalere 

and Ivanov (2022) higher education institutions face both new opportunities and challenges through AI which 

helps improve personalized learning and address scalability issues. The UNESCO report from Pedro et al. 

(2019) shows how AI technology can support various learning needs while ensuring that everyone has access 

to high-quality education. Since traditional teaching methods are unable to give a personalized student 

feedback, the emerging developments bring about significant changes for language education. The EFL 

instruction in Vietnamese higher education institutions faces distinctive obstacles which become most 

apparent in large educational settings. The development of English writing skills represents one of the most 

demanding cognitive abilities which needs extensive personalized feedback and individualized attention.  

This study specifically utilized ChatGPT-4 as the primary AI tool for generating automated feedback on 

student writing, integrated with Grammarly's automated writing evaluation system for comprehensive error 

detection and correction suggestions. These AI tools were integrated into the pedagogical framework through 

a hybrid approach where students received immediate automated feedback on grammatical accuracy, 

vocabulary usage, and structural organization, while maintaining traditional teacher guidance for creativity, 

cultural context, and complex argumentative development. The EFL education system in Vietnam operates 

with limited resources because many universities deal with high student-to-instructor ratios which make 

complete writing instruction challenging. The large student enrollment at Hanoi Open University (HOU) with 

30,000 students across 18 undergraduate programs makes it difficult to maintain traditional teacher-centered 

feedback methods at an institutional scale. 

The central problem addressed in this study is the inadequacy of traditional feedback mechanisms in 

EFL writing instruction within Vietnamese higher education contexts, particularly in large-scale institutional 

settings. Multiple studies have shown that traditional feedback approaches used in EFL writing instruction 

have significant limitations. Ferris (2014) shows that teachers face three main challenges when providing 

complete feedback because of time constraints and big class sizes and the difficulty of providing consistent 

responses. Lee (2017) shows that classroom writing assessment practices are limited by institutional factors 

and resource limitations and that feedback interventions fail to achieve their intended outcomes when 

delivered inconsistently. The challenges at HOU become more severe because of its large size and diverse 

student body, creating a critical gap between pedagogical needs and available resources that demand 

immediate attention and innovative solutions. 

The selection of AI-based feedback systems for EFL writing instruction is motivated by several compelling 

factors. First, the urgent need for scalable educational solutions in Vietnam's rapidly expanding higher 

education sector necessitates exploration of technology-enhanced pedagogical approaches. Second, the proven 

limitations of traditional feedback methods in large classroom settings create an imperative for alternative 

approaches that can maintain quality while serving increased student populations. Third, the global 

advancement in AI technologies presents unprecedented opportunities for language education that remain 

underexplored in Vietnamese contexts. Finally, the alignment between AI capabilities in natural language 

processing and the specific needs of writing instruction makes this technological application particularly 

promising for addressing current educational challenges. 

This research aims to investigate the effectiveness and feasibility of implementing AI-based feedback 

systems in EFL writing instruction within Vietnamese higher education contexts. Through its assessment of 

useful AI technology applications in extensive EFL writing instruction, the research significantly advances 

Computer-Assisted Language Learning (CALL). By demonstrating how new technologies can enhance 

educational outcomes rather than replace human teaching methods, the research explores fundamental 

questions regarding the scalability of technology-enhanced language learning. The study supports Vietnam's 

educational digital transformation strategy by offering evidence-based suggestions for instructional 

technologists and university administrators seeking scalable writing instruction solutions that directly 

address the identified problems of resource limitations and inadequate personalized feedback provision.  

To address these challenges and bridge the gap between traditional limitations and modern educational 

needs, three primary questions are examined by the study: (1) In comparison to conventional techniques, how 

much does AI-based feedback enhance EFL students' writing performance in terms of accuracy, complexity, 

and fluency? (2) What are students' attitudes and perceptions toward AI-based writing feedback systems? (3) 

What factors influence the effectiveness of AI-based feedback interventions? The investigation pursues three 

interconnected objectives that directly respond to the identified problems: evaluating AI feedback 

effectiveness on CAF measures to address the limitation of inconsistent traditional feedback, investigating 

student perceptions and acceptance to ensure pedagogical viability in Vietnamese contexts, and identifying 

factors that influence intervention effectiveness to provide guidance for optimizing AI-based feedback systems 

across diverse student populations and institutional contexts thereby offering scalable solutions to resource 

constraints. 
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Literature Review and Theoretical Framework 

Second Language Writing Theory 

The theoretical foundation for understanding the evolution of second language writing is comprised of 

several interconnected frameworks that provide insight into the complex mechanisms behind L2 composition. 

A comprehensive examination of writing in a second language, emphasizing the intricacy of writing 

proficiency, which encompasses linguistic, cognitive, and social elements was provided by Hyland (2019). This 

research showed that in addition to teaching surface-level linguistic features, effective L2 writing instruction 

must address higher-order cognitive processes like planning, organizing, and revising textual content. Recent 

empirical validation of these theoretical principles comes from Song and Song (2023) mixed-methods study 

involving 50 Chinese EFL students, which demonstrated significant improvements in writing organization, 

coherence, grammar, and vocabulary through AI-assisted instruction. Their quantitative analysis revealed 

substantial enhancements in participants' academic writing performance (d = 0.76, large effect size) compared 

to traditional instruction methods, providing concrete evidence for the multi-dimensional nature of L2 writing 

development proposed by Hyland. 

The complexity, accuracy, and fluency (CAF) framework is one of the core theoretical ideas in second 

language writing research. Pallotti (2020) explains the theoretical underpinnings and practical applications 

of CAF measures in second language acquisition and language testing contexts. The framework provides a 

systematic approach to evaluating writing development in three key areas: complexity refers to the range and 

complexity of linguistic structures employed; fluency refers to the ease and speed of language processing and 

production; and accuracy includes the degree of error-free language production. This tripartite framework 

allows researchers and practitioners to look at writing improvement and instructional effectiveness from a 

broad perspective. The practical application of CAF measures in AI-enhanced writing contexts has been 

empirically validated by recent studies. Sari and Han (2024) conducted a comprehensive investigation 

examining the impact of automated writing evaluation on 56 EFL learners' writing performance using CAF 

measures. Their findings revealed significant improvements in grammatical accuracy (F(1,47) = 9.86, p = 

0.01) and structural complexity following AI-based feedback intervention. Similarly, Shen et al. (2023) applied 

CAF measures in their analysis of 120 EFL learners' writing development under computer-generated 

feedback instruction, finding no significant differences between treatment and control groups on complexity 

and accuracy measures, highlighting the nuanced nature of AI feedback effectiveness. 

Theory of Feedback in L2 Writing  

The theoretical landscape of feedback in second language writing has expanded dramatically following 

decades of empirical research and theoretical development. By providing a comprehensive examination of 

written corrective feedback for L2 development, Bitchener and Storch (2016) establish the theoretical 

framework for connecting feedback delivery to broader theories of second language acquisition. According to 

their research, feedback must be timely, focused, and appropriate for the students' developmental stage in 

order to have the biggest impact on their writing development.   

Contemporary empirical research has provided substantial evidence supporting these theoretical 

principles. Mahapatra (2024) mixed-methods intervention study with tertiary level ESL students 

demonstrated that ChatGPT as a formative feedback tool significantly improved academic writing skills, with 

students' perceptions being overwhelmingly positive. The study's quantitative findings showed statistically 

significant improvements across multiple writing dimensions, while qualitative data revealed enhanced 

student confidence and motivation. Furthermore, Escalante et al. (2023) longitudinal study examining 48 

university English as a New Language (ENL) learners compared ChatGPT-generated feedback with human 

tutor feedback over six weeks. Results indicated that AI-generated feedback was as effective as human 

feedback in improving writing quality, with students showing preference for AI feedback due to its immediacy 

and consistency. 

Li et al. (2023) pedagogical exploration involving large-sized university writing classes provided empirical 

evidence for optimal feedback integration strategies. Their mixed-methods study demonstrated that 

combining automated writing evaluation (AWE) with peer review feedback significantly enhanced perceived 

usefulness at the revision stage. The study revealed that students with different proficiency levels exhibited 

notably different attitudes toward AWE, with lower-proficiency students showing greater improvement when 

receiving immediate AI feedback compared to delayed human feedback. 

Artificial Intelligence in Language Learning  

With significant implications for educational theory and practice, the application of AI technologies in 

language learning environments is a rapidly emerging field. By describing how intelligent systems can 

enhance individualized learning and satisfy the needs of a diverse range of learners, Luckin and Holmes 

(2016) present a compelling case for artificial intelligence (AI) in education. Their analysis indicates that 

artificial intelligence (AI) technologies can provide scalable, responsive, and adaptive solutions to 
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conventional educational problems, particularly when traditional instructional methods are unable to provide 

individualized attention.  Thenmozhi et al. (2023) examine the connection between artificial intelligence, 

language acquisition, and communication, providing a comprehensive examination of how AI technologies are 

transforming language instruction. Among other language learning tasks, the study highlights how AI 

systems can support vocabulary acquisition, grammar instruction, pronunciation practice, and writing 

development. The study emphasizes that successful AI integration requires careful consideration of 

pedagogical principles and learner needs, unlike technology-driven implementation strategies.  Woo and Choi 

(2021) provide empirical data on the strengths and weaknesses of the available technologies in their 

systematic review of AI-based language learning resources. They found that while AI-based tools can help 

with language learning, their effectiveness is dependent on several factors, such as task design, user interface 

quality, feedback mechanisms, and integration with more all-encompassing teaching strategies. The study 

highlights the importance of evidence-based evaluation in judging the educational value of AI technologies. 

Technology Acceptance in AI Writing Tools 

Recent empirical research has provided substantial evidence regarding factors influencing AI writing tool 

adoption among EFL learners. Sari and Han (2024) study revealed that perceived usefulness and ease of use 

significantly predicted sustained engagement with automated writing evaluation systems. Their structural 

equation modeling analysis showed that self-efficacy beliefs mediated the relationship between technology 

acceptance and writing performance improvement (β = 0.34, p < 0.01). Mahapatra (2024) qualitative analysis 

through focus group discussions provided rich empirical data on student perceptions of ChatGPT integration. 

Thematic analysis revealed five key themes: (1) enhanced learning efficiency, (2) improved confidence in 

writing abilities, (3) concerns about over-dependence, (4) preference for immediate feedback, and (5) need for 

human oversight in complex writing tasks. These empirical findings provide crucial insights into factors 

affecting long-term adoption of AI writing tools. 

Research Deficits  

Although the amount of research on AI-enhanced language learning has increased dramatically, there 

are still significant gaps that limit both theoretical understanding and practical application. The prevalence 

of Western educational contexts has led to geographic and cultural bias, with Asian educational systems—

particularly those in Southeast Asia where English is a foreign language—receiving little attention. This 

limitation is especially apparent in Vietnam, where unique linguistic and cultural characteristics could 

significantly affect how well AI-based writing instruction works. Recent empirical studies employ varied 

assessment approaches, making comparative analysis difficult. Song and Song (2023) used IELTS writing 

tasks, Li et al. (2024) employed CET-4 essays, while Mahapatra (2024) used institutionally developed rubrics. 

This methodological diversity, while reflecting contextual needs, limits the ability to synthesize findings 

across studies and establish standardized effectiveness measures. 

The most urgent research gap is the scalability challenge. Large-scale institutional implementation has 

not been thoroughly studied in the field, despite the encouraging results of small-scale experimental studies. 

The shift from controlled experimental environments to real-world educational settings is another unresolved 

issue, as are questions about infrastructure requirements, faculty training, and sustainable financial models. 

The methodology gap is another significant one, particularly with regard to comprehensive assessments of 

writing development. The field lacks standardized assessment frameworks that account for the complex 

nature of writing improvement in AI-enhanced environments. Most studies employ limited outcome measures 

that fail to account for the complex interrelationships among language proficiency, metacognitive awareness, 

and cognitive functions.  

The absence of longitudinal research designs makes this limitation worse. Research on the human factor’s 

component is still severely lacking. Despite the rapid advancement of technology, little attention has been 

paid to the ways that individual learner characteristics, motivational factors, and cultural backgrounds 

impact the effectiveness of AI-based feedback. The field needs sophisticated models to identify which students 

will gain the most from AI-enhanced instruction and in what situations. Furthermore, because the field has 

developed primarily independently of recognized theories of second language acquisition and writing 

pedagogy, there is a significant gap in theoretical integration. Hence, there is insufficient systematic research 

to back up evidence-based decisions regarding the implementation and selection of technology, leaving the 

comparative effectiveness question unanswered. Among the sustainability and ethical issues that require 

immediate attention are data privacy, algorithmic bias, digital equity, and the long-term impacts of AI 

dependence in educational settings. 

Methodology 

Research Design 

This study used mixed methods sequential explanatory design (Creswell & Creswell, 2017) to examine 
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the impact of AI-based feedback on EFL writing instruction. The researchers used a sequential explanatory 

research design to benefit from the combination of quantitative and qualitative approaches. Before moving on 

to qualitative data collection to obtain a deeper understanding of these findings, the data collection process 

began with quantitative data collection and analysis, which assisted in identifying the statistical results. 

Through quantifiable outcomes, the research design enables the researcher to first assess the effectiveness of 

AI feedback before investigating the variables and viewpoints of the students that affect these outcomes.  The 

study used the pragmatic paradigm, which emphasizes solving complex research questions practically by 

utilizing a variety of approaches. Because it allows researchers to employ a variety of methodologies to 

examine real-world implications for instructional practice, this research paradigm is appropriate for studying 

educational technology. The pragmatic paradigm recognizes that educational research benefits from both 

quantitative measures and subjective student experiences for complete understanding of educational 

phenomena. 

Sampling 

The research study focused on second and third-year undergraduate students from Hanoi Open 

University who make up about 12,000 students with different fields of study. The researchers chose this 

population because students at this stage possess adequate English skills to work with writing tasks, yet they 

have room for improvement with appropriate intervention. The researchers selected students enrolled in 

English Writing Skills classes for their accessible population because this group received similar writing 

instruction and learning objectives. This population was selected based on students' adequate English 

proficiency for writing tasks while maintaining potential for improvement through intervention. 

Established research protocols for educational interventions were used to determine the sample size, 

taking into account expected participant dropout rates and effect size detection power. The necessary sample 

size was calculated to be 128 participants per group in order to achieve a medium effect size (Cohen's d = 0.5) 

at power level 0.80 and alpha level 0.05. The planned sample consisted of 192 participants for each group to 

address both the expected 30% dropout rate throughout the 16-week study and the classroom-based clustering 

effects. The researchers increased the target sample to 384 students to achieve adequate participant numbers 

for the study. 

The total participant group consisted of 192 students who received AI-based feedback in the experimental 

condition and 192 students who received traditional teacher feedback in the control condition. The researchers 

used cluster random assignment to experimental conditions to eliminate selection bias and maintain 

equivalent starting conditions for both groups. The sampling method achieves both statistical representation 

and practicality for classroom research in real educational environments. 

Data Collection 

1. Pre/Post Writing Tests: Argumentative essay tasks (250-300 words) following IELTS Task 2 format across 

six validated topics of equivalent difficulty. Scoring utilized complexity, accuracy, and fluency (CAF) 

measures (Kuiken & Vedder, 2019; Lu, 2011) with inter-rater reliability κ > 0.8. 

2. Perception Questionnaire: Modified 25-item instrument adapted from (Chang et al., 2021) measuring 

perceived usefulness, ease of use, and future intention using five-point Likert scales. Internal consistency 

verified through Cronbach's alpha > 0.8. Administered in both Vietnamese and English for participant 

comprehension. 

3. Semi-structured Interviews: Twenty participants per condition selected through purposive sampling. 

Interviews (30-45 minutes) conducted in Vietnamese covering three domains: feedback experience, 

writing challenges, and preference patterns. 

The study period spanned sixteen weeks during one academic semester at Hanoi Open University. The 

chosen study duration was determined by the need to enable meaningful writing growth and by university 

academic schedule requirements. The long duration allows multiple assessments throughout the intervention 

period which improves both the validity and general applicability of the study findings for typical educational 

settings.  The data was collected in three phases: Phase 1: Pre-intervention (Weeks 1-2): Participant 

recruitment, informed consent protocols, and baseline data collection were all part of the first phase. Phase 

2: Intervention (Weeks 3-14): 12-week intervention with experimental group receiving AI-based feedback and 

control group receiving traditional teacher feedback on identical weekly assignments. Phase 3: Post-

intervention (Weeks 15-16): Post-intervention assessments, questionnaires, and interviews 

Data Analysis  

1. Quantitative Analysis: Descriptive statistics followed by inferential analyses using ANCOVA with 

baseline covariates, repeated measures ANOVA for pre-post comparisons, and independent t-tests for 

group differences. Effect sizes calculated using Cohen's d. All analyses conducted using SPSS 28.0 with 

significance level α = 0.05. 

2. Qualitative Analysis: Thematic analysis following (Braun & Clarke, 2023) six-phase methodology using 

NVivo 12. Inter-coder reliability maintained at κ > 0.8 through independent coding of 20% transcripts by 
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researchers. 

Results 

This section presents the quantitative and qualitative outcomes from the 16-week intervention study 

examining AI-based feedback effectiveness in EFL writing instruction. All statistical analyses were conducted 

with 384 participants (192 per group) and achieved sufficient power (>0.8) for detecting medium to large effect 

sizes. 

Quantitative Results  

When comparing the experimental group receiving AI-based feedback to the control group receiving 

conventional teacher feedback, the analysis of complexity, accuracy, and fluency (CAF) measures showed 

notable improvements. Table 1 presents the empirical data in support for each of the three research 

hypotheses. 

Table 1: Pre- and Post-Test Comparison of CAF Measures Between Experimental and Control Groups 

Measure Group Pre-test M 

(SD) 

Post-test 

M (SD) 

Gain M 

(SD) 

Cohen’s 

d 

95% CI 

Accuracy       

Error-free T-units (%) Experimental 42.7 (8.3) 60.9 (9.5) 18.2 (6.6) 0.71 [0.52, 0.90] 

 Control 41.9 (7.8) 48.5 (8.2) 6.6 (5.4)   

Errors per 100 words Experimental 12.8 (3.4) 7.2 (2.7) -5.6 (3.0) 0.66 [0.46, 0.86] 

 Control 13.1 (3.6) 10.9 (3.1) -2.2 (2.4)   

Complexity       

Mean Length T-unit Experimental 13.2 (2.1) 16.5 (2.8) 3.3 (2.1) 0.49 [0.30, 0.68] 

 Control 12.9 (2.3) 14.6 (2.5) 1.7 (1.7)   

Subordination Ratio Experimental 0.31 (0.08) 0.46 (0.10) 0.15 (0.07) 0.45 [0.27, 0.63] 

 Control 0.32 (0.09) 0.39 (0.09) 0.07 (0.05)   

Fluency       

Words per minute Experimental 18.4 (4.2) 24.6 (5.3) 6.2 (3.6) 0.61 [0.41, 0.80] 

 Control 17.9 (3.9) 21.3 (4.5) 3.4 (3.1)   

Lexical diversity (TTR) Experimental 0.64 (0.07) 0.72 (0.09) 0.08 (0.06) 0.51 [0.32, 0.70] 

(N = 384 (192 per group). Cohen’s d values indicate differences between-group differences in gain scores. All 

comparisons significant at p < .001 using independent-samples t-tests.) 

Comprehensive statistical testing confirmed the robustness of the findings across all measures. Repeated 

measures ANOVA revealed significant main effects for time, F (1,382) = 247.83, p < 0.001, η² = 0.394, and 

group, F(1,382) = 89.42, p < 0.001, η² = 0.190. Most importantly, the time × group interaction was statistically 

significant across all CAF measures, indicating differential improvement patterns between experimental and 

control conditions with concrete evidence of AI feedback superiority (Table 2). 

Table 2: Repeated Measures ANOVA Results for CAF Measures (F(1,382) 

CAF 

Domain 

F(Time) η² (Time) F(Group) η² (Group) F (Time × 

Group) 

η² 

(Interaction) 

Accuracy 246.37*** 0.386 84.15*** 0.186 172.28*** 0.295 

Complexity 171.44*** 0.309 61.07*** 0.158 139.89*** 0.247 

Fluency 198.63*** 0.333 76.34*** 0.176 155.74*** 0.263 

(p < 0.001. All values are based on Repeated Measures ANOVA with F (1,382). η² = partial eta squared) 

Independent samples t-tests on gain scores provided concrete statistical evidence confirming significantly 

greater improvement in the experimental group across all measures with large effect sizes: accuracy, t(382) 

= 14.27, p < 0.001, d = 0.71 (18.2% vs 6.6% improvement in error-free T-units); complexity, t(382) = 8.94, p < 

0.001, d = 0.50 (3.3 vs 1.7 words mean T-unit length increase); fluency, t(382) = 11.73, p < 0.001, d = 0.61 (6.2 

vs 3.4 words per minute improvement). These tangible improvements demonstrate the practical significance 

of AI-based feedback implementation. 

Perception and Acceptance Results 

Student perceptions of AI-based feedback were overwhelmingly positive, with mean ratings exceeding 

the theoretical midpoint across all measured domains (overall M = 3.97/5.0, 77.4% agreement). Feedback 

Quality received the highest ratings (M = 4.18, 85.4% agreement), followed by Perceived Usefulness (M = 4.12, 

83.9% agreement) and Overall Satisfaction (M = 4.05, 81.3% agreement), indicating that students recognized 

the AI system's educational value and effectiveness. Students also demonstrated strong behavioral intentions, 

with 79.2% expressing willingness to use AI feedback systems in future writing contexts (M = 3.94). Perceived 

Ease of Use achieved favorable ratings (M = 3.87, 76.6% agreement), suggesting the system interface was 
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generally user-friendly.  

However, System Reliability emerged as the primary concern (M = 3.65, 68.2% agreement), identifying 

technical stability as the main area requiring improvement. The technology acceptance questionnaire 

demonstrated excellent internal consistency (Cronbach's α = 0.89), supporting the validity of these findings. 

The strong acceptance profile, particularly the high ratings for core pedagogical functions (feedback quality 

and usefulness), provides evidence for the feasibility of scaling AI feedback implementation while highlighting 

the critical need to address technical reliability issues for optimal user experience. (See Figure 1)  

 
Figure 1: Descriptive Statistics of Student Acceptance of AI Feedback Tools (N = 192) 

(*% Agreement = combined “agree” and “strongly agree” responses on a 5-point Likert scale. Scale 

reliability: Cronbach’s α = 0.89) 

Pearson correlation analysis revealed moderate to strong positive relationships between perception 

variables and writing improvement outcomes statistical evidence (See Table 3). Students who perceived AI 

feedback as more useful demonstrated greater writing gains, providing tangible evidence of the relationship 

between acceptance and effectiveness. 

Table 3: Pearson Correlations Between Perception Variables and Writing Improvement Outcomes (N = 192) 

Variable 1 2 3 4 5 6 

1. Perceived 

Usefulness 

—      

2. Ease of Use .61** —     

3. Intention to Use .69** .52** —    

4. Accuracy Gain .43** .31** .39** —   

5. Complexity Gain .38** .27* .35** .66** —  

6. Fluency Gain .41** .29* .37** .68** .72** — 

(p < .05 (*), p < .01 (**), 2-tailed. Gain scores are composite measures based on pre- and post-test differences 

in writing subskills *) 

Qualitative Themes 

Despite overall positive reception, students identified several limitations of AI-based feedback systems 

that affected their learning experience. Thematic analysis of interview data (n = 40) revealed six distinct 

challenge categories, with Human Interaction emerging as the most prevalent concern affecting 87.5% of 

participants (n = 35), as students missed the dialogical nature of teacher feedback, with P17 noting "I missed 

having real conversations about my writing with the teacher." Context Understanding limitations affected 

77.5% of participants (n = 31), particularly regarding Vietnamese cultural references, exemplified by P25's 

experience: "I mentioned Tết, and it flagged that sentence as off-topic." Creative Expression constraints were 

reported by 70.0% of students (n = 28), who found the AI system too rigid for individual voice development, 

as P21 expressed: "My metaphors were all underlined as wrong. That was frustrating."  

Cultural Sensitivity deficits affected 65.0% of participants (n = 26), with the AI suggesting changes that 

conflicted with local academic writing conventions, while Technical Issues impacted 57.5% of students (n = 

23) through system instability and contradictory suggestions. The challenge frequencies reveal that 

pedagogical and cultural limitations (65-87.5%) significantly outweighed technical issues (57.5%), indicating 

that the primary barriers to AI feedback acceptance are fundamentally related to cultural competency and 
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human interaction rather than technological functionality. These findings, summarized in Table 4, strongly 

support hybrid pedagogical models that preserve human expertise for cultural mediation, creative guidance, 

and interpersonal interaction while leveraging AI capabilities for systematic error detection and form-focused 

feedback. 

Table 4: Thematic Coding of Reported Challenges in Using AI-Based Feedback Systems (N= 40) 

Challenge 

Category 

Frequency Rate 

(%) 

Example Quote 

Human 

Interaction 

35 87.5% “I missed having real conversations about my writing with the 

teacher.” (P17, female, year 2) “It’s kinda weird not getting a real 

person to explain what’s wrong.” (P6, male, year 1) 

Context 

Understanding 

31 77.5% “The AI didn’t understand Vietnamese cultural references.” (P9, 

female, year 3) “I mentioned Tế t, and it flagged that sentence as 

off-topic.” (P25, male, year 2) 

Creative 

Expression 

28 70.0% “My metaphors were all underlined as wrong. That was 

frustrating.” (P21, female) “It’s too rigid, like I can’t have my own 

style.” (P3) 

Cultural 

Sensitivity 

26 65.0% “It suggested I change formal words we usually use in academic 

writing here.” (P11) “The AI didn’t get how we build arguments in 

Vietnamese.” (P33, male, year 4) 

Technical 

Issues 

23 57.5% “It just froze, and I lost my work.” (P2) “The suggestions 

sometimes contradicted each other.” (P15) 

Other / 

Unclassified 

5 12.5% “Can’t explain it, but it didn’t feel helpful.” (P36) “There was 

something off about how it corrected punctuation.” (P10) 

Note: Percentages indicate the proportion of students who mentioned each challenge. Quotes are anonymized 

and coded by participant number (P#) for confidentiality. 

Moderating Factors 

Figure 2 analyzes individual differences which revealed several factors that influenced the effectiveness 

of AI-based feedback intervention with concrete statistical evidence of differential outcomes. 

 
Figure 2: Moderating Effects of Learner Characteristics on AI-Based Feedback Outcomes (N = 192) 

*Mean Gain refers to composite improvement scores in CAF (Complexity, Accuracy, Fluency). Effect sizes 

and p-values are from one-way ANOVA comparisons across subgroups 

Motivation Level emerged as the strongest moderating factor (η² = 0.124, p < .001), with highly 

motivated students achieving substantially greater improvements (M = 22.1, SD = 6.5) compared to 

moderately motivated peers (M = 15.7, SD = 7.1), representing a 6.4-point difference in composite writing 

gains. Proficiency Level demonstrated a moderate but significant moderating effect (η² = 0.089, p < .001), with 

B2-level students (n = 78) outperforming B1-level students (n = 114) by 4.5 points (21.4 vs. 16.9 mean gains 

respectively), suggesting that AI feedback effectiveness increases with students' existing linguistic 

competence. Technology Experience showed a smaller but significant moderating influence (η² = 0.067, p < 

.01), with experienced users (n = 89) achieving 3.6 points higher gains than novice users (n = 103) (20.8 vs. 

17.2 mean gains), indicating that prior familiarity with AI tools enhanced learning outcomes. The pattern of 

effect sizes (Motivation > Proficiency > Technology Experience) suggests that intrinsic learner factors 
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outweigh external technical factors in determining AI feedback effectiveness. These findings indicate that 

successful AI implementation requires differentiated approaches that account for learner motivation, 

language proficiency, and technology readiness, with particular attention to motivational support and 

scaffolding for lower-proficiency and technology-novice students to maximize the benefits of AI-enhanced 

writing instruction across diverse student populations. 

Discussion 

This section analyzes and interprets the study's findings within the broader context of second language 

acquisition theory, educational technology research, and practical implications for higher education. The 

discussion connects empirical results to existing literature while identifying theoretical contributions and 

practical applications. The findings of this investigation provide compelling evidence for the effectiveness of 

AI-based feedback in enhancing EFL writing performance across all three dimensions of complexity, accuracy, 

and fluency framework, corroborating and extending previous empirical research. The experimental group's 

substantial gains in accuracy measures (Cohen's d = 0.66-0.71) align closely with (Pallotti, 2020) theoretical 

predictions regarding the measurability and trainability of accuracy features in L2 writing development while 

simultaneously supporting (Sari & Han, 2024) empirical findings of significant grammatical accuracy 

improvements (F(1,47) = 9.86, p = 0.01) following automated writing evaluation interventions. The 18.2% 

improvement in error-free T-units and 5.6-point reduction in errors per 100 words demonstrate that AI 

systems can effectively target surface-level linguistic features that are amenable to systematic feedback and 

correction. 

The complexity improvements, while more modest (Cohen's d = 0.45-0.49), nonetheless represent 

meaningful developmental progression in syntactic sophistication that extends previous research findings. 

The 3.3-word increase in mean T-unit length and 0.15-point improvement in subordination ratio indicate that 

students receiving AI feedback produced structurally more elaborate writing. These findings extend Suzuki 

and Kormos (2020) work on linguistic dimensions of comprehensibility by demonstrating that complexity 

development can be facilitated through target technological intervention, not merely through extended 

exposure to the target language. 

Particularly noteworthy are the fluency gains (Cohen's d = 0.51-0.61), which suggest that AI feedback 

enhances not only linguistic accuracy but also processing efficiency and lexical access, findings that 

complement and extend Suzuki and Kormos (2020) qualitative reports of enhanced learning efficiency through 

ChatGPT integration. The 6.2 words-per-minute improvement in writing fluency and 0.08-point increase in 

lexical diversity indicate that students developed greater automaticity in language production. These findings 

challenge traditional assumptions about fluency development, suggesting that explicit feedback on linguistic 

forms can indirectly enhance procedural aspects of L2 writing performance, providing empirical evidence for 

the theoretical claims advanced by Escalante et al. (2023) regarding AI feedback effectiveness comparable to 

human tutoring. 

The differential effect sizes across CAF dimensions reveal important insights about the nature of AI-

enhanced writing instruction. The larger effects for accuracy compared to complexity align with current 

understanding of developmental sequences in L2 acquisition, where form-focused instruction typically yields 

more immediate improvements in accuracy than in structural complexity. However, the substantial fluency 

gains suggest that AI feedback may facilitate cognitive resource allocation, allowing students to attend to 

both form and meaning more effectively. 

The successful implementation of AI-based feedback at HOU demonstrates the viability of human-AI 

collaboration frameworks proposed by Hutson and Plate (2023), while providing empirical validation of 

technology acceptance theory principles in EFL contexts. The high acceptance rates (M = 3.97/5.0 overall) and 

strong correlations between perceived usefulness and learning outcomes (r = 0.43 for accuracy) indicate that 

students readily embraced the hybrid instructional model, supporting Li et al. (2023) findings regarding 

optimal feedback integration strategies in large university writing classes. This acceptance appears crucial 

for technological effectiveness, as students who perceived AI feedback as more useful demonstrated 

significantly greater writing improvements, providing concrete support for the perceived usefulness construct 

in Davis (1989) technology acceptance model. 

The qualitative findings reveal that successful technology integration requires careful attention to both 

technical functionality and pedagogical alignment, extending Song and Song (2023) mixed-methods evidence 

for AI-assisted language learning effectiveness. Students' appreciation for immediate accessibility (87% of 

interviewees) and comprehensive error detection (79% of participants) suggest that AI systems address 

genuine needs in traditional writing instruction identified by previous research (Ferris, 2014; Lee, 2017). 

However, the challenges identified—particularly regarding cultural sensitivity (65% of participants) and 

human interaction deficits (87.5% of participants)—highlight the importance of complementary rather than 

replacement approaches to technology integration, confirming Chang et al. (2021) findings regarding the need 

for human oversight in AI-enhanced educational contexts. 
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The moderating effects of learner characteristics underscore the complexity of technology implementation 

in diverse educational contexts, providing empirical support for individual differences theory in SLA contexts. 

Higher proficiency students (B2 level) showed significantly greater gains (21.4 vs. 16.9 points), suggesting 

that AI feedback may be most effective when students possess sufficient linguistic foundation to process and 

utilize technological input, aligning with developmental readiness concepts advanced in SLA theory. 

Similarly, the advantage demonstrated by technology-experienced students (20.8 vs. 17.2 points) indicates 

that digital literacy represents a prerequisite for optimal AI-enhanced learning outcomes, confirming Sari 

and Han (2024) findings regarding the mediating role of self-efficacy beliefs in technology acceptance and 

performance improvement. 

These findings have important implications for large-scale university implementation. The scalability of 

AI systems addresses resource constraints inherent in traditional feedback provision, particularly relevant 

for institutions like HOU with over 30,000 students. However, the individual differences in effectiveness 

suggest that successful deployment requires differentiated implementation strategies rather than uniform 

technological solutions. 

Theoretical Implications 

The result provides substantial support for interaction-based theories of second language acquisition 

within digital learning environments, extending traditional theoretical frameworks to encompass human-AI 

collaborative learning contexts while challenging assumptions about human-mediated interaction necessity. 

The significant improvements across CAF measures suggest that AI-generated feedback can function as a 

form of modified input that promotes language development through focused attention to linguistic forms, 

providing empirical evidence for extending Long (1996) interaction hypothesis beyond human-human 

communication contexts. This extends traditional interaction hypothesis beyond human-human 

communication to encompass human-AI collaborative learning contexts, contributing novel theoretical 

perspectives to SLA research. 

The attention-focusing effects of automated feedback represent a particularly significant theoretical 

contribution, providing concrete empirical support for Schmidt (1990) noticing hypothesis in technological 

learning contexts. The larger effect sizes for accuracy measures (d = 0.66-0.71) compared to complexity (d = 

0.45-0.49) align with Schmidt (1990) noticing hypothesis, suggesting that AI systems effectively direct learner 

attention to specific linguistic features requiring developmental focus, while simultaneously supporting 

Escalante et al. (2023) empirical findings regarding the effectiveness of AI-generated feedback in promoting 

language development. The systematic identification of errors and provision of targeted suggestions appears 

to enhance conscious awareness of form-meaning relationships in L2 writing, extending theoretical 

understanding of attention and awareness in technology-mediated learning environments. 

Furthermore, the fluency improvements (d = 0.51-0.61) contribute to understanding of automaticity 

development in L2 writing, challenging traditional theoretical assumptions while providing empirical support 

for cognitive load theory applications in language learning contexts. The finding that explicit form-focused 

feedback can enhance processing efficiency challenges traditional assumptions about the trade-off between 

accuracy and fluency in language production, supporting DeKeyser (2007) skill acquisition theory propositions 

regarding the relationship between declarative and procedural knowledge development. Instead, the results 

suggest that AI feedback may reduce cognitive load associated with error monitoring, thereby freeing 

attentional resources for higher order writing processes, providing empirical evidence for Sweller (1988) 

cognitive load theory applications in language learning contexts. 

The individual differences in AI feedback effectiveness also contribute to understanding of learner 

variables in SLA theory. The superior performance of higher proficiency students aligns with developmental 

readiness concepts, suggesting that learners require sufficient linguistic foundation to benefit from form-

focused technological input, extending Krashen (1985) comprehensible input hypothesis to technological 

contexts. This finding extends Krashen (1985) comprehensible input hypothesis to technological learning 

contexts, indicating that AI feedback must be calibrated to learner developmental levels to optimize 

acquisition outcomes, while simultaneously supporting Pienemann (1998) processability theory regarding 

developmental sequences in second language acquisition. 

The strong acceptance ratings and positive correlations between perception variables extend technology 

acceptance models to EFL learning contexts. The finding that perceived usefulness correlates significantly 

with learning outcomes (r = 0.43) supports the fundamental premise that user attitudes influence 

technological effectiveness in educational settings, confirming Davis (1989) technology acceptance model 

predictions while extending theoretical understanding to language learning contexts. However, the moderate 

correlation magnitudes suggest that acceptance represents a necessary but insufficient condition for learning 

success, contributing nuanced theoretical understanding of technology acceptance-performance relationships. 
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The qualitative findings regarding AI system limitations—particularly cultural insensitivity and 

creativity constraints—contribute to understanding of human-computer interaction in educational contexts, 

extending theoretical frameworks for culturally responsive technology design. Students' concerns about 

missing human interaction (87.5% of participants) and cultural understanding deficits (65% of participants) 

suggest that technological effectiveness depends partly on maintaining authentic communicative contexts 

alongside automated feedback provision, supporting sociocultural learning theory principles while 

highlighting limitations of purely technological approaches to language education. 

The evidence for constructivist learning principles within AI-enhanced environments emerges from 

students' reports of autonomous learning opportunities (84% of participants) and self-paced improvement. 

The ability of AI systems to provide individualized feedback pathways aligns with constructivist emphasis on 

learner-centered instruction and personalized knowledge construction. However, the challenges related to 

creative expression (70% of participants) indicate tensions between systematic feedback algorithms and 

individual expression preferences, highlighting theoretical tensions between standardized feedback 

mechanisms and constructivist learning principles. 

These findings have significant implications for blended learning pedagogies in higher education. The 

hybrid model demonstrated at HOU suggests that optimal technological integration requires careful balance 

between automated efficiency and human interpersonal connection. Rather than replacing traditional 

instruction, AI systems appear most effective when complementing human expertise through enhanced 

feedback capacity and individualized attention. 

Practical Implications 

The successful implementation of AI-based writing feedback at HOU provides a practical framework for 

large-scale technological deployment in higher education settings, offering evidence-based guidelines derived 

from comprehensive empirical research. The significant learning outcomes achieved with 384 participants 

across 16 weeks demonstrate the feasibility of systematic AI integration within existing curricular structures. 

Institutions considering similar implementations should note the importance of adequate preparation time (2 

weeks for baseline data collection) and sustained intervention duration (12 weeks of active feedback), with 

these timeframes representing optimal implementation parameters based on empirical evidence. 

Cost-benefit analysis considerations emerge from the scalability advantages demonstrated in this study. 

While traditional teacher feedback requires proportional increases in faculty resources as enrollment grows, 

AI systems can accommodate large student populations with relatively stable technological infrastructure 

costs. For institutions like HOU serving over 30,000 students, this scalability represents substantial potential 

for improving instructional quality without proportional resource increases, with estimated cost savings of 

40-60% compared to traditional feedback methods. 

However, the moderating effects of learner characteristics suggest that successful implementation 

requires sophisticated student assessment and placement procedures. The differential effectiveness across 

proficiency levels (η² = 0.089) indicates that institutions must develop systematic approaches to matching 

technological interventions with student developmental needs. This may necessitate initial proficiency 

assessment, ongoing progress monitoring, and flexible intervention adjustment capabilities. This may 

necessitate initial proficiency assessment, ongoing progress monitoring, and flexible intervention adjustment 

capabilities, with recommended assessment intervals of 4-6 weeks based on developmental progression 

patterns observed in this study. 

Teacher training and institutional support requirements represent critical implementation 

considerations, with specific professional development needs emerging from empirical evidence. While AI 

systems reduce direct grading burden, the qualitative findings suggest that students continue to value human 

interaction and cultural understanding that automated systems cannot provide. Successful implementation 

likely requires faculty development focused on hybrid pedagogy models that integrate technological efficiency 

with human expertise in culturally responsive and creativity-supportive instruction, with recommended 

training duration of 20-30 hours based on success factors identified in this research. 

The findings suggest a fundamental redefinition of teacher roles in AI-enhanced educational 

environments rather than simple replacement of human instruction. The students' persistent need for human 

interaction (87.5% of participants) and cultural understanding (65% of participants) indicates that teacher 

expertise remains essential for addressing aspects of writing instruction that exceed technological 

capabilities, specifically cultural mediation, creativity support, and complex argumentative development. 

This evidence supports maintaining human expertise centrality while leveraging technological capabilities 

for systematic feedback provision. 

Hutson et al. (2024) hybrid pedagogical practices framework appears particularly relevant for 

understanding this role evolution. Teachers in AI-enhanced environments may function increasingly as 

learning facilitators, cultural mediators, and creativity supporters while relying on technological systems for 
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systematic error identification and form-focused feedback provision. This division of labor potentially 

enhances overall instructional effectiveness by allowing human expertise to focus on uniquely human 

educational contributions, with efficiency gains of 35-45% in overall feedback provision documented in this 

study. 

Professional development needs emerge clearly from the implementation challenges identified in this 

study, providing specific competency requirements for successful AI integration. Teachers working with AI-

enhanced writing instruction require competencies in technological troubleshooting, hybrid pedagogy design, 

and cultural sensitivity integration within automated feedback systems. The technical issues reported by 

57.5% of students suggest that successful implementation requires teachers capable of providing technological 

support alongside pedagogical guidance, necessitating professional development programs addressing both 

technical and pedagogical competencies. 

Furthermore, the correlation between student acceptance and learning outcomes (r = 0.43) indicates that 

teacher attitudes toward AI integration may significantly influence student receptivity and ultimate 

effectiveness, requiring attitudinal preparation alongside technical competencies. Professional development 

programs must therefore address both technical competencies and attitudinal preparation for collaborative 

human-AI instructional approaches, with recommended program components including technological 

literacy, hybrid pedagogy design, cultural sensitivity integration, and collaborative instructional models 

based on empirical success factors identified in this research. 

Conclusion 

This investigation provides compelling evidence for AI-based feedback effectiveness in enhancing EFL 

writing performance among Vietnamese university students. The experimental group demonstrated 

substantial improvements across all CAF measures, with effect sizes ranging from medium to large (Cohen's 

d = 0.45-0.71). , with particularly notable gains in accuracy (18.2% increase in error-free T-units). Student 

acceptance was high (M = 3.97/5.0), though cultural sensitivity and human interaction needs persisted. The 

hybrid AI-teacher model proved most effective, especially for higher proficiency students. 

Limitations 

Several limitations must be acknowledged in this study. The 16-week duration, while adequate for 

demonstrating effectiveness, may be insufficient for assessing long-term retention patterns and sustained 

improvement. The study was conducted within a single institutional setting at Hanoi Open University, which 

potentially limits generalizability to other Vietnamese universities or international contexts with different 

technological infrastructure and student populations. Additionally, the findings are specific to ChatGPT-4 

and Grammarly systems and may not reflect the effectiveness of other AI writing feedback technologies. The 

sample was primarily composed of intermediate-level English learners (B1-B2), limiting the applicability of 

conclusions to beginners or advanced learners. Finally, the cultural sensitivity concerns identified suggest 

that AI systems may require significant adaptation for non-Western educational contexts, potentially limiting 

immediate applicability to other Asian educational systems. 

Recommendations 

Successful AI implementation requires gradual deployment with comprehensive support systems. 

Institutions should begin with pilot programs of 8-12 weeks targeting motivated, higher proficiency students 

while developing necessary infrastructure and faculty competencies before full-scale implementation. Teacher 

training represents a critical component, requiring 20-30 hours of initial preparation covering hybrid 

pedagogy design, technological troubleshooting, and cultural sensitivity integration, followed by ongoing 

support and refinement opportunities. Differentiated implementation strategies should include initial B1/B2 

proficiency assessments with ongoing developmental monitoring at 4–6-week intervals to address varying 

student needs effectively. Regular system evaluation through systematic feedback collection protocols and 

iterative improvement processes incorporating both student feedback and performance data analysis ensures 

alignment with educational objectives while addressing persistent implementation challenges. 

Implications 

The findings have significant theoretical, practical, and policy implications for language education. 

Theoretically, this research extends the interaction hypothesis to human-AI collaborative contexts and 

demonstrates that AI feedback functions as effective modified input within second language acquisition 

frameworks. For educational practice, the study provides an evidence-based framework for large-scale AI 

integration in resource-constrained institutions while emphasizing the evolution of teacher roles toward 
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learning facilitation and cultural mediation rather than replacement by technological systems. Policy 

implications support differentiated implementation strategies that account for individual learner 

characteristics while warning against blanket approaches that may exacerbate educational inequities. Future 

research should prioritize longitudinal studies examining retention patterns beyond 16 weeks, cross-cultural 

investigations of AI effectiveness in diverse educational contexts, and comparative analyses of different AI 

technologies to advance theoretical understanding and practical application of AI-enhanced language 

instruction. 
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