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Abstract: Artificial intelligence (AI) writing tools—including large language 
model (LLM)-based systems, automated writing evaluation (AWE) platforms, and 
AI-powered writing assistants—have become an increasingly prominent feature of 
second language (L2) writing pedagogy. Yet whether these tools reliably improve 
L2 writing performance, and under what instructional conditions, remains an open 
question. This study reports a systematic meta-analysis of experimental and quasi-
experimental evidence on the effects of AI writing tools on L2 writing performance. 
A multi-database search of Scopus, Web of Science, ERIC, and ProQuest 
Dissertations & Theses, supplemented by forward citation tracing and targeted 
hand-searching, identified 34 eligible focal effect sizes from studies published 
between 2021 and 2026. Effect sizes were expressed as Hedges’ g. A verified subset 
of 22 effects with directly extractable statistics was estimated using restricted 
maximum-likelihood (REML) with Knapp–Hartung adjustment; an expanded 
model (k = 34) incorporating conversion-based effects served as a robustness 
analysis. The verified model produced a pooled effect of g = 0.714, 95% CI [0.592, 
0.836], with low observed heterogeneity (I2 = 24.3%). Exploratory moderator 
analyses indicated that multidimensional feedback designs, sustained interventions, 
particularly those lasting eight weeks or longer, were associated with larger effects, 
while single-session and lower-order-only feedback showed smaller gains. 
Methodological quality was generally adequate but uneven: many studies lacked 
delayed transfer measures and transparent effect-size reporting. These findings 
position AI writing tools as pedagogically contingent rather than inherently 
effective—their educational value depends critically on how feedback literacy, 
teacher mediation, and instructional design shape opportunities for noticing, 
revision, and transferable writing development. 

 Keywords: AI writing tools; second language writing; ChatGPT; generative AI; 
meta-analysis; automated writing evaluation. 

1. Introduction 

Artificial intelligence (AI) writing tools are now central to computer-assisted language learning (CALL), yet 
their effects on L2 writing development remain theoretically and empirically contested. Rather than treating them 
simply as automated correctors or text generators, this article conceptualises AI writing tools as CALL feedback 
systems that may reshape learner engagement, revision practices, teacher mediation, and human–technology 
agency. It examines whether controlled intervention evidence supports claims that these tools improve L2 writing 
performance. Their appeal is especially strong in L2 writing, where learners must coordinate linguistic, rhetorical, 
cognitive, and affective demands, including grammar, vocabulary, organisation, coherence, content development, 



Du   J. Educ. Technol. Innov. 2026, 8(3), 80–103 

https://doi.org/10.61414/awr9xk46  81 

audience awareness, and disciplinary voice (Hyland, 2019; Ferris, 2011). Because teachers often have limited 
capacity to provide timely and individualised feedback, AI writing tools are increasingly positioned as scalable 
feedback resources that can supplement teacher response, expand revision opportunities, and offer immediate 
language support (Godwin-Jones, 2022; Mahapatra, 2024; Wiboolyasarin et al., 2024). 

1.1. AI Writing Tools and L2 Writing Development 

AI writing tools may support L2 development through several routes: rapid corrective feedback on grammar 
and vocabulary helps learners address surface concerns (Alsaweed & Aljebreen, 2024; Ding et al., 2026; Du & 
Chen, 2026); generative AI extends this to higher-order concerns such as idea development and rhetorical 
refinement (Su et al., 2023; Wang & Ren, 2024; Wiboolyasarin et al., 2024); and iterative dialogue allows learners 
to ask follow-up questions and refine drafts progressively (Koltovskaia et al., 2024; Yan & Zhang, 2024). When 
feedback is used reflectively, AI-supported environments also show gains in motivation and self-regulated learning 
(Du et al., 2026; Jin et al., 2025; Liu et al., 2026). 

At the same time, generative AI can produce fluent but inaccurate, generic, or rhetorically inappropriate text, 
and learners may accept suggestions without sufficient evaluation (Barrot, 2023; Cingillioglu, 2023; Lingard, 
2023). L2 writers do not always possess the metacognitive or critical AI literacy needed to regulate AI feedback 
effectively (Koltovskaia et al., 2024; Ou et al., 2024; Wang & Wang, 2025; Yan & Zhang, 2024), so effectiveness 
likely depends on pedagogical design, feedback focus, learner level, task type, and teacher or peer mediation. At 
the broader educational-ecology level, recent evidence on acceptance of large language models in education also 
shows that perceived usefulness coexists with concerns about data privacy, over-reliance, bias, and unequal AI 
knowledge (Stroud & Du, 2025; Wan et al., 2026), reinforcing the need to treat AI writing support as a 
sociotechnical rather than purely technical intervention. 

1.2. Fragmented Empirical Evidence and the Need for Quantitative Synthesis 

A growing body of intervention studies has examined AI writing tools’ effects on L2 writing performance: 
chatbot-based practice improved elementary EFL learners’ writing (Kwon et al., 2023); LLM-supported strategy 
instruction improved EFL writing, self-regulated learning, and motivation (Liu et al., 2026); ChatGPT-based 
formative feedback was associated with improved ESL/EFL academic writing (Ghafouri et al., 2024; Mahapatra, 
2024; Tsai et al., 2024); and AI-supported collaborative writing environments showed positive effects on specific 
writing aspects (Hu et al., 2025; Wiboolyasarin et al., 2024). 

Despite this accumulation of evidence, the field remains fragmented. Studies use different labels—ChatGPT, 
LLM-supported instruction, AI chatbots, AWE systems, automated feedback systems—making cross-study 
comparisons difficult (Godwin-Jones, 2022; Shi et al., 2026), and measured outcomes vary from holistic writing 
scores to accuracy, complexity, grammar, and coherence across designs ranging from RCTs to small-scale 
classroom studies. These variations make it hard to determine from individual studies whether AI writing tools 
produce reliable improvements and under what conditions. 

Existing reviews have mapped AI-assisted writing opportunities but are predominantly narrative, scoping, or 
perception-focused. The present study synthesises eligible experimental evidence quantitatively, reports study-
disposition decisions transparently, and distinguishes the primary model from records retained for background only. 

1.3. The Present Study 

The present study conducts a meta-analysis of experimental, quasi-experimental, and intervention-based 
studies examining the effects of AI writing tools on L2 writing performance. The study is positioned as a CALL-
focused quantitative synthesis rather than a broad review of all AI-in-writing scholarship. Its contribution is 
threefold: it estimates the overall effect of AI writing tools on L2 writing performance, examines moderator 
patterns that matter for CALL design, and evaluates the methodological maturity of this rapidly developing 
intervention literature. Three research questions guided the study: 

RQ1. What is the overall effect of AI writing tools on L2 writing performance in controlled intervention studies? 

RQ2. Do effects vary by AI architecture, feedback focus, outcome type, learner level, or intervention duration? 

RQ3. What is the methodological quality of existing experimental evidence on AI writing tools and L2 writing 
performance, and what does the observed evidence map suggest for future CALL research design? 
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2. Literature Review 

2.1. L2 Writing as a Cognitively and Pedagogically Demanding Activity 

Second language writing is a complex cognitive, linguistic, and socio-rhetorical activity (Ferris, 2011; 
Hyland, 2019), and L2 learners face additional constraints from limited lexical resources, incomplete grammatical 
control, and restricted feedback access. Teachers frequently cannot provide detailed formative feedback to large 
classes, creating a strong rationale for technology-supported writing assistance. Research on L2 writing feedback 
has shifted toward viewing it as a process requiring learner engagement, interpretation, and revision (Hyland & 
Hyland, 2006): if AI feedback merely produces a polished text without learner understanding, it may improve the 
immediate product while contributing little to transferable competence, but when learners compare alternatives, 
diagnose weaknesses, and revise deliberately, AI tools may function as scaffolds for language development and 
metacognitive regulation (Koltovskaia et al., 2024; Yan & Zhang, 2024). 

2.2. From Automated Writing Evaluation to Generative AI Writing Support 

AI-supported writing assistance did not begin with ChatGPT. Earlier technologies such as AWE, automated 
written corrective feedback, and grammar checkers supported L2 writing through automated scoring, error 
detection, and revision prompts (Godwin-Jones, 2022; Nazari et al., 2021; Xu & Zhang, 2022). These constrained 
systems were strongest in lower-order concerns such as grammar and sentence-level accuracy, but were criticised 
for limited contextual sensitivity, formulaic feedback, and insufficient attention to higher-order concerns such as 
argumentation and disciplinary voice. 

The expanded evidence map reinforces this pre-ChatGPT lineage: AWE and AI-writing-assistant studies 
(Fan, 2023; Nazari et al., 2021; Wei et al., 2023; Xu & Zhang, 2022) show that research has long addressed the 
same design questions now raised by LLMs: feedback timing, learner uptake, teacher mediation, and whether 
automated feedback supports durable learning. 

Generative AI and LLMs have expanded AI-assisted writing’s functional scope: such tools produce 
explanations, propose outlines, reformulate sentences, and engage in iterative dialogue, so empirical studies have 
examined ChatGPT and related systems as feedback providers, brainstorming partners, and self-regulated learning 
supports (Chen & Gong, 2025; Ghafouri et al., 2024; Liu et al., 2026; Mahapatra, 2024; Shi et al., 2026). This 
broader functionality also complicates evaluation because AI tools may simultaneously influence text quality, 
writing process, learner agency, and academic integrity. 

The newer generative-AI literature broadens this trajectory from automated correction to interactive 
feedback: recent studies compare ChatGPT/GenAI feedback against teacher feedback, AWE feedback, restricted-
access conditions, hybrid teacher-AI feedback, and AI-supported peer feedback (Chan et al., 2024; Teng et al., 
2026; Escalante et al., 2023; Guo et al., 2024; Hong & Shin, 2025; Luo et al., 2025; Wang & Ren, 2024; Zou et 
al., 2026), shifting the field from asking whether automated feedback can identify errors to asking how learners 
orchestrate tool suggestions, teacher guidance, and their own rhetorical intentions. 

2.3. Empirical Evidence on AI Tools and L2 Writing Performance 

Experimental and quasi-experimental studies increasingly report positive effects: chatbot-based practice 
improved young learners’ L2 writing (Kwon et al., 2023); LLM-supported strategy instruction enhanced EFL 
writing, self-regulated learning, and motivation (Liu et al., 2026); and ChatGPT-supported interventions improved 
overall writing quality, grammar, organisation, and coherence (Chen & Gong, 2025; Ghafouri et al., 2024; Hongxia 
& Razali, 2025; Mahapatra, 2024; Shi et al., 2026; Wiboolyasarin et al., 2024). 

Across the expanded corpus, several partially overlapping research traditions emerge: Grammarly/AWE 
studies focus on accuracy, grammar, or complexity; ChatGPT/LLM studies examine holistic quality, revision 
quality, or self-regulated learning; hybrid studies ask whether AI feedback should replace or supplement teacher 
feedback. A positive grammar-accuracy effect in a Grammarly study is not equivalent to a positive argument-
organisation effect in a ChatGPT study: effects are mediated by what kind of writing problem the tool is designed 
to address. 

The evidence is also methodologically heterogeneous: studies differ in tool type, learner population, outcome 
measurement, and comparison condition, making it difficult to infer overall effectiveness from individual studies alone. 

2.4. Potential Moderators in AI-Assisted L2 Writing Effects 

The effects of AI writing tools are unlikely to be uniform because technologies differ in feedback architecture, 
interactional capacity, and learner control (Zimmerman, 2000). Earlier AWE and automated corrective feedback 
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systems typically provide constrained diagnostic or error-level feedback, whereas generative AI and LLM-based 
systems offer dialogic explanations, revision alternatives, and metalinguistic justifications—changing not only the 
feedback provided but how learners question, negotiate, and regulate it. 

Several moderators therefore map directly onto CALL design principles: tool architecture distinguishes 
constrained AWE from dialogic LLM systems (Godwin-Jones, 2022; Nazari et al., 2021; Xu & Zhang, 2022); 
feedback source distinguishes AI-only, teacher-only, peer-supported, and hybrid teacher–AI designs; outcome 
focus distinguishes linguistic accuracy, syntactic complexity, coherence, rhetorical quality, revision quality, self-
efficacy, and engagement; and duration distinguishes one-shot revision tasks from sustained writing instruction. 
Together, these dimensions capture learner–tool interaction, teacher mediation, feedback-cycle depth, and 
opportunities for revision and transfer. Feedback focus may also shape outcomes. Lower-order feedback on 
grammar and mechanics, higher-order feedback on content and organisation, and multidimensional feedback are 
likely to support different aspects of writing development (Ferris, 2011; Hyland, 2019). Outcome type is equally 
important: immediate holistic scores may be more responsive to AI-assisted revision than delayed measures of 
independent accuracy, complexity, or rhetorical organisation. Learner level and duration add further variation, as 
novice writers may benefit from scaffolding but remain more vulnerable to uncritical uptake, while longer 
interventions may allow feedback to be internalised rather than merely applied (Schmidt, 1990). These moderators 
link tool affordances, feedback-mediated noticing, self-regulated revision, and writing performance. 

2.5. Risks, Methodological Gaps, and Rationale for the Present Meta-Analysis 

Scholars caution that AI writing tools introduce pedagogical and ethical risks: generative AI may produce 
inaccurate content, learners may over-rely on suggestions, and extensive AI-mediated revision may obscure 
authorship (Barrot, 2023; Cingillioglu, 2023; Du & Kohnke, 2026; Lingard, 2023; Tsai et al., 2024). L2 writers’ 
engagement varies substantially by proficiency and critical AI literacy (Koltovskaia et al., 2024; Ou et al., 2024; 
Wang & Wang, 2025; Yan, 2025; Yan & Zhang, 2024), so pedagogical value depends on how learners interpret, 
regulate, and learn from AI assistance. 

The expanded corpus further shows that risks span both AWE and generative AI contexts. In 
AWE/Grammarly studies, risks include over-attention to surface form and uncritical acceptance of suggestions; in 
ChatGPT/GenAI studies, risks extend to rhetorical homogenisation, loss of authorial voice, and untraceable 
revision histories. The underlying question—whether AI improves the submitted text or the writer—cannot be 
answered without designs separating assisted performance from independent competence. 

Existing reviews have mapped opportunities and challenges of AI tools in L2 writing, but many remain 
conceptual, narrative, or scoping. A quantitative synthesis is therefore useful for estimating the direction and 
magnitude of effects while exposing methodological limitations; the present study synthesises eligible 
experimental evidence and reports study-disposition decisions transparently, distinguishing the primary 
quantitative model from records retained only for background interpretation. 

3. Methods 

3.1. Review Design 

This study adopted a systematic search and meta-analytic design to synthesise empirical evidence on the 
effectiveness of AI writing tools for L2 writing, estimating a pooled effect size across experimental and quasi-
experimental studies. Given the limited number of eligible studies, the analysis was conducted as a random-effects 
meta-analysis with sensitivity and descriptive moderator analyses rather than a full multilevel model. 

The focal construct was AI-supported L2 writing performance: digital systems using AI to support planning, 
drafting, feedback, revision, evaluation, or instruction, including generative AI systems such as ChatGPT and large 
language models (LLM)-supported systems, AI chatbots, AWE systems, automated written corrective feedback 
systems, and AI-powered digital writing assistants, reflecting the literature’s overlapping traditions of AWE 
research, chatbot-assisted writing, generative AI feedback, and LLM-supported strategy instruction (Barrot, 2023; 
Godwin-Jones, 2022; Su et al., 2023; Warschauer et al., 2023). 

The synthesis prioritised studies estimating changes in actual writing performance rather than perceptions 
alone, focusing on experimental, quasi-experimental, intervention, counter-balanced, and closely comparable pre-
post designs. Studies reporting qualitative engagement, learner perceptions, AI literacy, feedback-seeking 
behaviour, or AI-detection performance were retained for contextual interpretation but excluded from the primary 
pooled effect unless they reported an extractable writing-performance effect. 
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3.2. Study Identification and Screening 

A systematic database search (see Figure 1) was conducted in Scopus, Web of Science, ERIC, and ProQuest 
Dissertations & Theses, with the final search completed in December 2025. These databases were selected for 
their broad coverage of applied linguistics, CALL, educational technology, and education research. The initial 
search returned 1595 records (Scopus n = 801; Web of Science n = 590; ERIC n = 120; ProQuest n = 76; Call for 
Unpublished Work n = 8). The search string combined terms for AI writing tools, generative AI, automated writing 
evaluation, ChatGPT, L2 writing, ESL/EFL, intervention, experimental and quasi-experimental designs, and 
writing performance. The core Boolean structure was: (“AI writing tool*” OR “artificial intelligence” OR 
“generative AI” OR “ChatGPT” OR “large language model*” OR “automated writing evaluation” OR AWE OR 
“AI feedback” OR “AI writing assistant*”) AND (“second language writing” OR “L2 writing” OR ESL OR EFL 
OR “foreign language writing”) AND (intervention OR experiment* OR “quasi-experiment*” OR “control group” 
OR “writing performance” OR “writing quality” OR “writing score*”). After removing 982 duplicates, 613 unique 
records were screened by title and abstract. Of the 613 screened records, 541 were excluded at title-and-abstract 
screening because they were not focused on L2 writing, did not examine AI writing tools, were conceptual/review 
articles, or did not report an intervention or writing-performance outcome. The remaining 72 reports were sought 
for retrieval. A further 21 reports were excluded for not focusing on L2 writing or AI writing tools, 10 for lacking 
an intervention or comparison design, and 7 for not reporting extractable writing-performance data, leaving 34 
reports from the database search. Reference searching of included publications identified 5 additional reports, and 
supplementary searching identified 29 further reports; all 34 of these passed full-text screening with no exclusions. 
Combining both pathways, 68 reports met full eligibility criteria; after removing 34 duplicate or overlapping 
datasets reported across multiple publications, 34 independent focal effects were retained for the quantitative 
synthesis. 

 

Figure 1. PRISMA flow diagram for study identification, screening, and inclusion. 

3.3. Inclusion and Exclusion Criteria 

Studies were included in the primary meta-analysis if they met four criteria. The study had to investigate an 
AI writing tool used in a second or foreign language writing context. This criterion allowed the inclusion of tools 
such as ChatGPT, AI KAKU, LLM-supported CALLA instruction, generative AI conversational agents, chatbot-
based writing practice systems, and AWE or AI-powered feedback systems. 

The study also had to report at least one writing-performance outcome (overall writing score, writing quality, 
accuracy, grammar, vocabulary, complexity, fluency, coherence, organisation, or other rubric-based dimension). 
Studies focusing solely on motivation, engagement, self-efficacy, or learner attitudes were excluded from the 
primary model unless they also reported a quantifiable writing-performance measure. 
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A third requirement was an experimental, quasi-experimental, intervention, counter-balanced, or comparable 
pre-post design. Studies with AI-supported and non-AI comparison groups were prioritised; studies with paired 
before-and-after comparisons or group-level outcomes were coded but flagged for sensitivity analysis because 
their effect sizes are not fully equivalent to independent-group standardised mean differences (Borenstein et al., 
2009; Morris, 2008). 

Finally, the study had to report sufficient statistical information to calculate or approximate an effect size. 
Eligible statistics included sample sizes, means, SDs, t/F/p values, partial eta-squared, Mann-Whitney statistics, 
or author-reported Cohen’s d; studies were excluded when no defensible conversion was possible. 

Studies were excluded if they were conceptual articles, reviews, purely qualitative studies, perception-only 
surveys, AI-detection studies, or studies in which all groups used AI with no AI-versus-comparison contrast (e.g., 
Koltovskaia et al., 2024; Ou et al., 2024; Wang & Wang, 2025; Yan & Zhang, 2024; Yang & Lin, 2025; Zou & 
Huang, 2024); these remained important for interpreting the field but did not provide primary writing-performance 
effects. 

3.4. Coding Procedure 

A structured coding sheet extracted bibliographic, methodological, intervention, outcome, and statistical 
information from each study, with each study receiving a unique study ID and each extractable outcome or 
comparison an effect ID. Extracted fields included design, participant population, educational level, AI tool, 
intervention description, comparison condition, outcome construct, duration, sample size, means, standard 
deviations, test statistics, computed effect size, standard error, quality score, and sensitivity flag. 

When studies reported multiple outcomes, time points, or comparison groups, all potentially relevant effects 
were initially coded, then one focal effect was selected per study following an a priori hierarchy: (a) the most direct 
AI-versus-non-AI comparison; (b) immediate post-test over delayed outcomes; (c) holistic over narrowly defined 
subcomponents; (d) independent-group over paired effects; and (e) for multi-arm studies, the contrast most aligned 
with the research question. Thus for Shi et al. (2026), the ChatGPT-versus-control contrast was selected as focal 
because this review centres on generative AI, with the AWE contrast retained as supplementary evidence. 

This rule avoided cherry-picking by magnitude; selected effects are rule-based focal estimates, not the largest 
or most favourable available. 

3.5. Moderator Coding 

Six moderators were coded to capture theoretically meaningful variation in how AI writing tools operate as 
affordances. This coding scheme (Table 1) is consistent with the tool-architecture and feedback-focus distinctions 
established in Sections 2.2 and 2.4 (Ferris, 2011; Godwin-Jones, 2022; Hyland, 2019; Nazari et al., 2021; Xu & 
Zhang, 2022). AI_tool_type (the user-facing implementation, e.g., chatbot, AWE system) and AI_generation_type 
(the underlying architecture, e.g., generative/LLM-based versus constrained automated systems) were defined at 
different analytic levels; a system could be a conversational agent at the tool-type level and generative AI at the 
architecture level. Feedback focus was recoded into multidimensional versus single-dimensional linguistic 
suggestion, as the small dataset did not support fine-grained comparisons across many one-study categories. 

Given the relatively small number of focal effects, moderator analyses were treated as exploratory and 
descriptive rather than confirmatory, since small subgroup sizes can produce unstable estimates and low statistical 
power (Borenstein et al., 2009; Harrer et al., 2021). 

Key coding decisions followed original-study descriptions: Hu et al. (2025) were coded as a GenAI 
conversational agent (tool type) and generative AI (generation type); Liu et al. (2026) as an LLM-supported writing 
system and generative AI; Kwon et al. (2023) as a chatbot/conversational agent but traditional AI generation type 
because the Dialogflow implementation functioned as a designed conversational practice system rather than an 
open-ended LLM generator. These decisions are operational rather than ontological and should be revisited as 
newer platforms integrate LLM capabilities. 

3.6. Methodological Quality Assessment 

Claims about AI-supported writing gains also depend on whether studies provide enough methodological 
detail for differences to be interpreted with confidence. Quality was therefore assessed using a nine-point checklist 
informed by the MMAT (Hong et al., 2018), the JBI critical appraisal approach (Munn et al., 2020), risk-of-bias 
principles (Higgins et al., 2019; Sterne et al., 2019), and applied linguistics research synthesis recommendations 
(Norris & Ortega, 2006; Plonsky, 2014). 
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The checklist assessed nine criteria: (1) participant description, (2) comparison condition, (3) pre-
test/baseline equivalence, (4) intervention replicability, (5) writing-performance measures specified, (6) 
assessment reliability, (7) statistics sufficient for effect-size extraction, (8) attrition addressed, and (9) delayed or 
transfer evidence. Each item was coded as present, partially present, or absent. 

Each criterion was scored 0 or 1 (maximum 9). Quality scores were used descriptively rather than as automatic 
exclusion criteria; studies with lower comparability or less direct effect-size extraction were flagged for sensitivity 
analysis, recognising that this emerging field is methodologically innovative but not yet uniformly reported. 

Table 1. Moderator coding scheme. 

Moderator Categories Coded Purpose and Operational Meaning 

AI tool type 

AWE; AI grammar/corrective feedback 
tool; AI chatbot/conversational agent; 
generative AI/LLM tool; intelligent 
writing assistant/AI tutor; mixed/unclear 

Indexes the user-facing pedagogical 
implementation or functional format of the 
writing support, not necessarily the 
underlying AI architecture. 

AI generation 
type 

Generative AI; traditional AI/automated 
feedback system; mixed; unclear 

Indexes the underlying generation 
architecture as reported by the authors; 
systems were coded as generative only 
when LLM/open-ended language 
generation was part of the implemented 
intervention. 

Feedback focus 
Grammar/mechanics; vocabulary/lexical; 
content/ideas; organisation/coherence; 
holistic; multiple; unclear 

Identifies whether the tool primarily 
targets lower-order concerns, higher-order 
concerns, or multiple writing dimensions. 

Writing outcome 
type 

Overall writing score; accuracy; 
complexity; fluency; lexical quality; 
coherence/organisation; content quality; 
other 

Classifies the writing construct used to 
compute the focal effect size. 

Learner level Primary; secondary; undergraduate; 
postgraduate; adult/other; mixed/unclear 

Captures developmental and educational-
level variation across samples. 

Intervention 
duration 

One-shot/single session; 2–4 weeks; 5–8 
weeks; >8 weeks; unclear 

Represents the intensity and temporal 
depth of the intervention. 

3.7. Effect-Size Calculation 

For Chan, Lo, and Wong (2024), the effect size was calculated using the sample size implied by the focal t-
test degrees of freedom (df = 192, implying n ≈ 194), rather than the total reported sample of 918, because the 
focal contrast appeared to involve a subset of participants. The study was retained with a sensitivity flag; omitting 
it did not alter the direction of the pooled result (g = 0.751, 95% CI [0.653, 0.849]). 

The primary effect-size metric was Hedges’ g, which estimates the standardised mean difference while 
correcting for small-sample bias (Hedges & Olkin, 1985). For independent-group studies reporting post-test 
means, standard deviations, and sample sizes, Hedges’ g was calculated from the difference between AI-supported 
and comparison conditions. When baseline differences were addressed using ANCOVA or adjusted means, the 
adjusted statistic was preferred where available. 

When studies reported t values, F values, partial eta-squared, Mann-Whitney statistics, paired t tests, or 
author-reported Cohen’s d, effect sizes were converted into approximate Hedges’ g using standard transformations. 
Converted effects were retained only when the source statistic reflected a writing-performance contrast relevant to 
the focal research question. Because such conversions can introduce additional uncertainty, all conversion-based 
effects were flagged for sensitivity analysis. 

The largest effect in the dataset, Ghafouri et al. (2024), was derived from an ANCOVA group effect rather 
than raw post-test standard deviations. The study reported F(1, 45) = 44.055 for the post-test writing outcome after 
controlling for pre-test performance. The conversion used t = sqrt(F) = 6.637 and d = t * sqrt(1/24 + 1/24) = 1.916, 
followed by the small-sample Hedges correction, yielding g = 1.885. This effect was therefore treated as 
statistically extractable but potentially influential, and it was examined explicitly in the leave-one-out analysis. 
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3.8. Statistical Analysis 

The model included all 34 focal effects. Substantive consistency between the two models was interpreted as 
evidence of robustness, with 95% prediction intervals reported for both. Sensitivity analyses omitted the largest 
original converted effect, the largest newly added effect, and studies below the highest quality ratings. Moderator 
analyses were exploratory subgroup tests using Q_between statistics. Publication bias and small-study effects were 
assessed through funnel-plot inspection, exploratory Egger regression (Egger et al., 1997), and influence 
diagnostics, interpreted cautiously given the inclusion of converted effects. 

4. Results 

4.1. Study Selection and Analytic Dataset 

Systematic screening identified 34 eligible focal effect sizes from independent studies. Twenty-two were 
directly extractable from complete descriptive statistics (means, SDs, sample sizes), constituting the verified 
model; the remaining 12 were derived through standard conversion from t, F, or partial η2 and are included in the 
expanded model (k = 34), flagged in Table 2 with a sensitivity indicator. Studies spanned ChatGPT-supported 
writing feedback, LLM-supported writing instruction, AWE and grammar-checking systems, AI-based writing 
assistants, chatbot-based writing practice, and AI-enhanced formative feedback across EFL, ESL, and CSL 
contexts (Aladini et al., 2025; Chen & Gong, 2025; Gayed et al., 2022; Ghafouri et al., 2024; Hongxia & Razali, 
2025; Hu et al., 2025; Kwon et al., 2023; Liu et al., 2026; Mahapatra, 2024; Shi et al., 2026; Wiboolyasarin et al., 
2024). 

A further group of studies was excluded because they did not estimate AI-versus-comparison writing-
performance effects, including qualitative engagement studies (Koltovskaia et al., 2024; Yan, 2025; Yan & Zhang, 
2024), large-scale modelling without intervention contrasts (Jin et al., 2025), perception-focused studies (Al-Raimi 
et al., 2024; Bibi & Atta, 2024; Meniado et al., 2024), AI literacy studies (Ou et al., 2024; Wang & Wang, 2025), and 
AI-detection studies (Cingillioglu, 2023). These remain important for theorising pedagogical and ethical conditions. 

4.2. Overall Effect of AI Writing Tools on L2 Writing Performance 

The primary verified model (k = 22; REML/Knapp–Hartung; Knapp & Hartung, 2003) indicated a positive 
overall effect: g = 0.714, 95% CI [0.592, 0.836], I2 = 24.3%, τ2 = 0.019. The expanded model (k = 34; 
DerSimonian–Laird) produced a closely consistent estimate: g = 0.731, 95% CI [0.631, 0.830], I2 = 29.9%, τ2 = 
0.023. Please see Figure 2. Using Plonsky and Oswald’s (2014) L2 benchmarks, both estimates fall in the large 
range. The prediction interval [0.414, 1.047] suggests moderate-to-large effects across future implementations; 
convergence between models supports robustness. 

The forest plot in Figure 2 shows that most individual effects were positive. Although effect magnitudes 
varied, the direction of evidence was consistently favourable to AI-supported writing across diverse tool types, 
learner populations, and instructional designs (Barrot, 2023; Gayed et al., 2022; Godwin-Jones, 2022; Mahapatra, 
2024; Su et al., 2023). 

4.3. Heterogeneity 

The primary verified model showed low observed heterogeneity (I2 = 24.3%, τ2 = 0.019). The expanded 
model showed similarly modest heterogeneity (I2 = 29.9%, τ2 = 0.023). Some between-study variance is expected 
given variation in tool type, duration, learner population, and outcome measure, reflecting genuine diversity in 
how AI writing tools operate. The prediction interval [0.414, 1.047] communicates this variability. 

The relatively low rather than extreme heterogeneity suggests that quantitative synthesis was appropriate, but 
it also indicates that AI writing tools do not constitute a uniform instructional category. Their effects likely depend 
on how tools are pedagogically integrated, what kind of feedback they provide, and whether learners are guided 
to process AI-generated suggestions critically rather than merely accept them. 

4.4. Influence Diagnostics and Sensitivity Analysis 

Influence diagnostics were conducted to assess whether the pooled effect was disproportionately shaped by 
the largest effects. Ghafouri et al. (2024) remained the largest original effect (g = 1.88), while Khany and Barzan 
(2026) contributed the largest newly added effect (g = 1.61). When Ghafouri et al. were omitted, the pooled 
estimate remained positive, g = 0.716, 95% CI [0.629, 0.803]. When Khany and Barzan were omitted, the pooled 
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estimate also remained positive, g = 0.713, 95% CI [0.623, 0.804]. These checks indicate that the direction of the 
finding was not dependent on either large effect. 

 

Figure 2. Forest plot of the effects of AI writing tools on L2 writing performance. Note: Effect sizes are reported 
as Hedges’ g. The pooled estimate was obtained from the expanded k = 34 random-effects model. 

The two large effects were retained because they addressed theoretically relevant AI-supported writing 
interventions and had extractable focal effects. They were also examined through leave-one-out sensitivity checks. 
The pooled effect remained positive after omitting Ghafouri et al. (2024) and after omitting Khany and Barzan 
(2026), indicating that the overall finding was not dependent on either large-effect study. 

A higher-quality sensitivity model restricted the dataset to studies scoring 8 or 9 on the methodological 
quality checklist. This model included 24 focal effects and produced a positive pooled estimate, g = 0.742, 95% 
CI [0.631, 0.854], indicating that the expanded finding remained positive when lower-scored studies were 
removed. 
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Table 2. Characteristics of studies included in the primary meta-analysis. 

Study Participants AI Condition/Comparison Design/Duration Outcome g Quality/9 

Aladini et al. 
(2025) 

Adult/institute L2 learners;  
EG = 276, CG = 285 AI self-directed writing tasks Quasi-experimental; Unclear Overall writing 

score 0.940 8 

Chen & Gong 
(2025) 

CSL higher-education learners;  
EG = 25, CG = 25 ChatGPT-assisted learning Mixed-methods 

experimental; Unclear 
Academic writing 
score 0.770 9 

Gayed et al. 
(2022) 

Adult English language learners;  
n = 10 AI KAKU writing assistant Counter-balanced; One 

session 

Fluency/ 
syntactic 
complexity 

1.010 7 

Ghafouri et al. 
(2024) 

EFL learners;  
EG = 24, CG = 24 ChatGPT writing protocol Quasi-experimental 

ANCOVA; >8 weeks 
Overall writing 
skills 1.880 9 

Hongxia & 
Razali (2025) 

Chinese EFL undergraduates;  
EG = 34, CG = 36 ChatGPT feedback Quasi-experimental; Unclear Academic writing 

ability 0.940 9 

Hu et al. (2025) Undergraduate collaborative-writing 
groups; 13 groups per condition GAI conversational agent Quasi-experimental group-

level; Short Group essay score 0.590 9 

Kwon et al. 
(2023) 

Elementary EFL learners;  
EG = 37, CG = 38 Dialogflow chatbot Randomized intervention;  

>8 weeks 
Adjusted post-test 
writing score 0.620 9 

Liu et al. (2026) Elementary EFL learners;  
EG = 32, CG = 33 LLM-supported CALLA Randomized controlled trial;  

5 weeks 
Composition post-
test 0.520 9 

Mahapatra 
(2024) 

Undergraduate ESL learners;  
two classes ChatGPT formative feedback Mixed-methods 

intervention; Short-medium 
Academic writing 
post-test 1.320 9 

Shi et al. (2026) Undergraduate EFL learners;  
about 50 per condition ChatGPT vs AWE vs control Three-arm intervention;  

>8 weeks 
Writing 
performance 0.800 9 

Wiboolyasarin 
et al. (2024) 

Thai-major exchange students;  
EG = 18, CG = 21 Wiki + ChatGPT feedback Quasi-experimental;  

>8 weeks 
Collaborative 
writing score 1.070 8 
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Table 2. Cont. 

Study Participants AI Condition/Comparison Design/Duration Outcome g Quality/9 

Wei et al. 
(2023) 

Chinese EFL learners;  
EG = 95, CG = 95 Grammarly/AWE Randomized controlled trial; 

12 weeks L2 writing skills 0.700 8 

Ajabshir & 
Ebadi (2023) EFL learners; n: see Table A1 † Automatic writing evaluation AWE vs teacher feedback; 

Genre-based treatment 
CALF and global 
writing quality 0.650 8 

Fan (2023) EFL university students;  
n: see Table A1 † Grammarly AWCF Quasi-experimental; Short Writing 

quality/CAF 0.300 7 

Guo et al. 
(2024) 

University EFL students;  
n: see Table A1 † AI-supported peer feedback 

Experimental/quasi-
experimental; Course 
intervention 

Writing ability 0.650 8 

Asadi et al. 
(2025) 

EFL learners;  
n: see Table A1 † ChatGPT + teacher feedback Quasi-experimental; 

Intervention 
Argumentative 
writing skills 0.800 8 

Chan et al. 
(2024) 

Hong Kong university L2 English 
students; focal t-test df = 192 implies 
analytic n ≈ 194; full article also 
reports FG = 342, CG = 576 

Generative AI automated 
feedback 

Randomized feedback/no-
feedback intervention; One 
session 

Essay revision 
gain score 0.420 8 

Alsofyani & 
Barzanji (2025) 

Saudi EFL tertiary;  
n: see Table A1 † ChatGPT-generated feedback 

Mixed-methods 
intervention; Tertiary-level 
treatment 

Writing skills 0.780 8 

Polakova & 
Ivenz (2024) EFL students; n: see Table A1 † ChatGPT feedback Intervention study; Unclear Writing skills 0.700 7 

Rad et al. 
(2024) EFL learners; n: see Table A1 † Wordtune Intervention study; Unclear Writing outcome 0.680 8 

Shan et al. 
(2025) 

Chinese L2 learners;  
n: see Table A1 † 

GPT-4 and native-speaker 
interaction 

Comparative intervention; 
Unclear 

Chinese L2 writing 
outcomes 0.550 8 

Tran (2025) EFL learners; n: see Table A1 † AI- and teacher-generated 
feedback 

Comparative intervention; 
Unclear 

Writing revision 
practices 0.550 7 
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Table 2. Cont. 

Study Participants AI Condition/Comparison Design/Duration Outcome g Quality/9 

Luo et al. 
(2025) EFL learners; EG = 30, CG = 30 AI and teacher feedback Quasi-experimental; 12 

weeks 
Argumentative 
writing 0.800 8 

Zou et al. 
(2026) EFL writers; n: see Table A1 † Teacher- and ChatGPT-

generated feedback Comparison study; Unclear Feedback uptake 
and writing 0.550 8 

Yan (2024) L2 writers; n: see Table A1 † Collaborative ChatGPT 
feedback processing 

Intervention/mixed-
methods; Short 

Task improvement 
and learning 0.700 7 

Escalante et al. 
(2023) 

ENL/EFL students; n = 48; converted 
effect flagged AI-generated feedback 

Quasi-
experimental/comparative; 
Semester 

Writing 
improvement 0.400 8 

Kurt & Kurt 
(2024) L2 writers; n: see Table A1 † ChatGPT automated feedback Intervention study; Unclear Writing skills 0.600 7 

Long (2024) EFL learners; n: see Table A1 † ChatGPT written corrective 
feedback Classroom study; Short Revision/writing 

outcomes 0.450 7 

Lo et al. (2025) GenAI users; n: see Table A1 † Generative AI essay revision 
support 

Intervention/revision study; 
Unclear 

Essay revision and 
engagement 0.450 7 

Yeung (2025) University students;  
n: see Table A1 † 

Generative-AI-supported 
AWE feedback Engagement study; Unclear 

AWE feedback 
engagement and 
writing 

0.400 7 

Tsai et al. 
(2024) 

EFL English majors;  
n: see Table A1 † ChatGPT-assisted writing Feasibility/intervention 

study; Unclear 
Writing 
performance 0.750 7 

Teng et al. 
(2026) 

Chinese university EFL learners; 
focal contrast ERNIE Bot GenAI 
feedback (EG = 29) vs no-feedback 
control (CG = 26); AWE arm n = 29 
not pooled 

AWE vs ERNIE Bot GenAI 
feedback 

Quasi-experimental three-
condition; 3 months 

Writing 
performance and 
SRL 

0.750 8 
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Table 2. Cont. 

Study Participants AI Condition/Comparison Design/Duration Outcome g Quality/9 

Hong & Shin 
(2025) 

University L2 academic writing 
students; focal contrast combines 
guided/free ChatGPT use (EG = 71) 
vs restricted use (CG = 32) 

Restricted/guided/free 
ChatGPT use 

Three-group classroom 
comparison; Course 
intervention 

Essay scores 0.850 8 

Khany & 
Barzan (2026) 

L2 English learners;  
EG = 30, CG = 30 

Grammarly/AI-powered 
writing assistant 

Mixed-methods quasi-
experimental; 12 weeks 

Writing 
proficiency, 
accuracy, 
coherence, 
complexity 

1.610 7 

Note: EG = experimental group; CG = comparison/control group. g = Hedges’ g for the focal AI-versus-comparison contrast. † Effect size derived from converted statistics (t, F, or partial η2); included in the expanded 
model (k = 34) only. These studies are included in sensitivity analyses but excluded from the verified primary model. For Chan, Lo, and Wong (2024), g was calculated using the sample size implied by df = 192 (analytic 
n ≈ 194); the full article also reports EG = 342, CG = 576. For Teng et al. (2026), the focal effect is the ERNIE Bot GenAI vs. no-feedback contrast (EG = 29, CG = 26); the AWE arm is not pooled. 
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4.5. Publication Bias and Small-Study Effects 

A funnel plot (Please see Figure 3) was generated to inspect possible small-study effects. Visual inspection 
did not reveal an obvious single-sided pattern, though this should be interpreted cautiously given converted effects 
and the publication pressures of a rapidly emerging field. Exploratory Egger regression produced an intercept of 
−0.192 (SE = 0.584), z = −0.328, p ≈ 0.743, indicating no strong small-study-effect signal but not ruling out 
publication bias.  

 

Figure 3. Funnel plot for assessing small-study effects in the expanded k = 34 model. Note: Effect sizes are plotted 
against their standard errors; the vertical line marks the pooled effect estimate. 

4.6. Moderator Patterns 

Because the expanded dataset contains 34 focal effects, moderator patterns are reported with exploratory Q 
between tests, but should still be interpreted cautiously. Table 3 focuses on contrasts most relevant to CALL theory 
and AI-assisted writing pedagogy: generative/LLM-based versus earlier non-LLM AI systems, multidimensional 
feedback/scaffolding, learner level, and intervention duration. Sparse cells, converted effects, and mixed classroom 
designs prevent strong causal claims about moderation. 

The technology categories should be interpreted as an evidence map rather than a ranking of effectiveness. 
Generative and LLM-based tools accounted for most available effects, whereas earlier non-LLM systems were 
represented by only two heterogeneous studies. The dataset cannot determine whether generative AI is more 
effective than traditional AWE or earlier chatbot systems; it only shows that current intervention evidence is 
concentrated around generative and LLM-supported designs. 

This distinction remains theoretically important because these systems differ in feedback architecture, learner 
agency, dialogic capacity, and cognitive demands. However, meaningful comparison requires larger samples that 
can model tool architecture while controlling for intervention duration, learner level, outcome type, and feedback 
focus. Feedback focus also warrants caution. Most interventions combined language feedback with planning, 
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revision, strategy instruction, or holistic guidance, suggesting that AI support may be most pedagogically plausible 
when it creates repeated opportunities for noticing and regulation rather than offering isolated corrections. Yet too 
few single-focus studies were available to test this contrast reliably. 

Learner level and intervention duration were examined descriptively. Evidence was concentrated in higher 
education, though positive effects also appeared in school contexts. Interventions ranged from one-shot revision 
tasks to multi-week designs. Longer, instructionally embedded studies may provide stronger evidence of writing 
development because they are more likely to capture learning transfer rather than immediate text improvement. 

Table 3. Main descriptive moderator patterns with at least two focal effects. 

Moderator Category k Pooled g [95% CI] Exploratory Moderator 
Test/Interpretation 

AI generation 
architecture Constrained/AWE 6 0.771 [0.451, 1.092] Q_between(1) = 0.021, p ≈ 0.884; 

subgroup I2 = 58.8% 
AI generation 
architecture GenAI/LLM 28 0.728 [0.625, 0.831] Q_between(1) = 0.021, p ≈ 0.884; 

subgroup I2 = 22.7% 

Feedback focus Lower-order 3 0.457 [0.107, 0.807] Q_between(1) = 2.744, p ≈ 0.098; 
subgroup I2 = 0.0% 

Feedback focus Multidimensional 31 0.748 [0.646, 0.849] Q_between(1) = 2.744, p ≈ 0.098; 
subgroup I2 = 29.6% 

Writing outcome type CAF/accuracy 4 0.517 [0.227, 0.808] Q_between(1) = 2.558, p ≈ 0.110; 
subgroup I2 = 0.0% 

Writing outcome type Overall 30 0.751 [0.646, 0.855] Q_between(1) = 2.558, p ≈ 0.110; 
subgroup I2 = 31.7% 

Learner level Primary/young 2 0.573 [0.235, 0.912] Q_between(1) = 1.053, p ≈ 0.305; 
subgroup I2 = 0.0% 

Learner level University/adult 32 0.741 [0.637, 0.845] Q_between(1) = 1.053, p ≈ 0.305; 
subgroup I2 = 32.5% 

Intervention duration 5–8 weeks 7 0.777 [0.593, 0.960] Q_between(3) = 8.955, p ≈ 0.030; 
subgroup I2 = 0.0% 

Intervention duration >8 weeks 9 0.912 [0.646, 1.178] Q_between(3) = 8.955, p ≈ 0.030; 
subgroup I2 = 60.3% 

Intervention duration Short/unclear 6 0.471 [0.270, 0.673] Q_between(3) = 8.955, p ≈ 0.030; 
subgroup I2 = 0.0% 

Intervention duration Unclear 12 0.770 [0.653, 0.887] Q_between(3) = 8.955, p ≈ 0.030; 
subgroup I2 = 0.0% 

Note: Subgroup estimates are based on the expanded k = 34 random-effects dataset. Q_between values are exploratory 
moderator tests and should not be interpreted as definitive causal comparisons because several cells still combine heterogeneous 
designs and converted effects. 

4.7. Methodological Quality of Included Studies 

The methodological quality assessment indicated that the evidence base is promising but still developing. 
Stronger studies included comparison groups, pre-test measures, clearly described interventions, and explicit 
writing-performance assessments. The quality scores in Table 2 evaluate reporting and design quality, whereas 
sensitivity flags evaluate effect-size comparability; the two dimensions are distinct, as a well-designed study may 
still require analytic caution if its effect size was converted from ANCOVA or group-level units. 

Several limitations were common across the literature. Sample sizes were often small and intervention 
periods frequently short, making it difficult to determine whether gains represent durable development or 
immediate task-level improvement. Many studies reported overall writing scores without disaggregating accuracy, 
complexity, fluency, or coherence; the role of teacher mediation was also underspecified, even though how 
students are guided to interpret and revise AI feedback shapes whether it supports learning. 

The field is moving beyond perception-focused research toward intervention-oriented evidence, but more 
rigorous studies are needed: larger samples, delayed post-tests, pre-registration, and clearer descriptions of AI tool 
use and instructional mediation. 

4.8. Summary of Findings 

Overall, the expanded k = 34 results provide stronger quantitative evidence. The random-effects model 
produced a positive pooled effect, and the larger evidence base permits exploratory moderator estimates and 
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Q_between tests that were not meaningful in the original model. At the same time, the expanded evidence base 
should be interpreted with caution because several newly added effects required converted extraction from 
available statistics and therefore carry greater uncertainty than effects extracted directly from complete means, 
standard deviations, and group sizes. The evidence supports the conclusion that AI writing tools can enhance L2 
writing performance, particularly when integrated into structured instructional designs. However, it does not 
support a simplistic claim that AI tools automatically improve independent writing competence. 

5. Discussion 

The expanded evidence map shows a field expanding faster than its reporting conventions: many recent AI-
writing studies report promising classroom outcomes but do not consistently provide the exact group sizes, means, 
standard deviations, or contrast definitions needed for reproducible meta-analysis. This mismatch is itself a 
substantive finding: as AI-writing interventions proliferate, the field needs not only more experiments but better 
reporting standards that make effect-size extraction and moderator coding possible. 

5.1. RQ1: Overall Effect of AI Writing Tools on L2 Writing Performance 

The size of the pooled effect suggests AI writing tools can provide more than superficial language polishing 
when embedded in pedagogically structured activities. These tools may operate as scaffolded affordances: making 
alternative formulations available, prompting learners to notice gaps, and creating repeated opportunities for 
planning, monitoring, and revision (Schmidt, 1990; Vygotsky, 1978), consistent with studies linking AI support 
to drafting, feedback uptake, and strategy use rather than one-off proofreading. 

The range of tools in the expanded corpus reinforces this reading: the positive pattern is not limited to one 
platform, spanning Dialogflow chatbots, LLM-supported CALLA instruction, ChatGPT formative feedback, wiki-
based collaborative writing, Grammarly/AWE systems, teacher-AI hybrid feedback, and GenAI revision support. 
What effective implementations share is not a brand name but a pedagogical function—diagnosing problems, 
prompting noticing, supporting revision, or providing repeated feedback-uptake opportunities. 

The finding also aligns with feedback-as-noticing and process-oriented accounts of L2 writing (Schmidt, 
1990). According to the noticing hypothesis, input or feedback contributes to acquisition only when learners 
consciously attend to the gap between their current output and the target form, rather than merely receiving a 
corrected version. Timely and usable feedback can promote learning when learners engage with it cognitively and 
revise purposefully, but it may have limited developmental value; that is, it may improve the immediate text 
without contributing to internalised, transferable writing competence: when learners simply accept suggestions 
without understanding their linguistic or rhetorical basis (Ferris, 2011; Hyland, 2019). This distinction helps 
explain why positive effects on writing products should not be equated automatically with internalised writing 
competence. 

The large pooled effect nonetheless calls for caution. Many included studies assessed short-term or task-
specific gains rather than long-term transfer; improvements in revised drafts or post-test scores may indicate 
enhanced task performance without necessarily reflecting durable independent competence. Learners may produce 
better texts with tool support without internalising the underlying linguistic, rhetorical, or strategic knowledge that 
produced them (Barrot, 2023; Warschauer et al., 2023). 

5.2. RQ2: Descriptive Moderator Patterns and Pedagogical Conditions 

The moderator patterns point to pedagogical conditionality rather than uniform effectiveness. Tools providing 
multiple forms of support—grammar, vocabulary, organisation, content, holistic feedback—appeared especially 
promising, consistent with L2 writing’s dual demands of lower-order accuracy and higher-order rhetorical control 
(Hyland, 2019). Tools focused narrowly on surface correctness may improve grammatical accuracy while leaving 
argumentation, coherence, and authorial voice underdeveloped; tools supporting planning, interpretation, and 
reflection have broader developmental potential. 

The distinction between generative AI and traditional AI-supported writing tools is not merely a technology 
label but a CALL design issue. Earlier AWE and corrective feedback tools typically operated within constrained 
feedback architectures and were often strongest in lower-order concerns such as grammar, mechanics, and 
sentence-level accuracy (Godwin-Jones, 2022; Nazari et al., 2021; Xu & Zhang, 2022), whereas LLM-based tools 
can generate explanations, alternatives, examples, and dialogic support. This shift changes the learner’s role from 
receiving automated correction to managing an interactive writing ecology in which prompting, evaluating, 
rejecting, revising, and justifying AI feedback become part of the writing task. This synthesis frames AI writing 
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tools as configurable affordance systems (Gibson, 1979; Hutchby, 2001) whose value depends on how interaction 
design, task structure, and learner feedback literacy shape opportunities for noticing and transferable development. 

The expanded corpus also complicates any simple GenAI-versus-AWE contrast. Traditional AWE systems 
can be pedagogically powerful when they are embedded in sustained revision cycles and teacher explanation; for 
instance, Ajabshir and Ebadi (2023) found that automatic writing evaluation combined with teacher-focused 
feedback improved CALF measures and overall writing quality across genres more effectively than either source 
alone. However, LLMs offer richer dialogic affordances, but only useful when learners know how to question and 
evaluate suggestions. The discussion should therefore move beyond tool typology toward implementation 
typology: AI-only, teacher-mediated, peer-AI, hybrid AWE-human, and strategy-focused designs likely produce 
different learning even with superficially similar tools. 

Learner level and intervention duration also merit attention. Most studies were conducted in higher education, 
with fewer involving younger or lower-proficiency learners, though included school-level studies suggest AI-
supported writing practice can benefit younger EFL learners when structured appropriately (Kwon et al., 2023; 
Liu et al., 2026). Sustained interventions may provide more meaningful evidence of learning than one-shot studies: 
short-term use demonstrates feasibility, but longer interventions are needed to determine whether learners develop 
transferable writing strategies and self-regulation. 

5.3. RQ3: Methodological Quality and Reporting Implications 

The methodological quality assessment indicates that AI-assisted L2 writing research is moving toward 
stronger intervention designs, but the evidence base remains uneven. Several studies used randomised or quasi-
experimental designs, control groups, pre-test measures, and rubric-based assessments (Chen & Gong, 2025; 
Kwon et al., 2023; Liu et al., 2026; Shi et al., 2026), representing an important maturation beyond perception-only 
studies, though many still suffer from small samples, short intervention periods, and inconsistent effect-size 
reporting. The expanded study list reveals a tension: many new studies investigate motivation, engagement, or 
emotional response alongside writing performance, but multidimensional designs complicate synthesis when 
performance outcomes are not reported separately. Future studies should report writing outcomes and learner-
experience outcomes distinctly. 

Future studies should improve transparency by reporting group means, standard deviations, sample sizes, 
attrition, scoring rubrics, and complete post-test and delayed post-test statistics—essential for cumulative meta-
analytic evidence building (Borenstein et al., 2009; Harrer et al., 2021; Viechtbauer, 2010)—and should 
distinguish writing performance with AI assistance from independent performance afterwards, since without this 
distinction it remains unclear whether observed gains reflect competence, AI-mediated text quality, or both. 

Another issue concerns outcome comparability: some studies measured holistic writing quality, others 
accuracy, fluency, or engagement-related outcomes. This diversity reflects L2 writing’s complexity but 
complicates synthesis; future research would benefit from clearer outcome taxonomies, more consistent 
assessment frameworks, and examination of whether gains transfer to new tasks, genres, and delayed post-test 
conditions.  

5.4. Pedagogical Implications 

The findings carry several implications for L2 writing pedagogy. AI writing tools work best as feedback and 
scaffolding resources rather than autonomous substitutes for instruction, and positive effects were consistently 
associated with structured pedagogical designs—writing protocols, strategy instruction, collaborative tasks, 
teacher-mediated feedback—rather than unrestricted tool access (Ghafouri et al., 2024; Liu et al., 2026; Shi et al., 
2026; Wiboolyasarin et al., 2024). 

Classroom integration should be organised around feedback routines rather than tool access alone: designing 
tasks in which learners draft independently, receive AI feedback, annotate which suggestions they accept or reject, 
explain their rationale, and transfer feedback to a new task. Such routines make AI use visible and assessable while 
supporting feedback literacy and metacognitive regulation. 

Cultivating AI feedback literacy deserves explicit attention. Learners need to understand how to prompt AI 
systems, evaluate feedback accuracy, reject inappropriate suggestions, and maintain authorship; students vary 
considerably in their capacity to regulate AI use critically (Koltovskaia et al., 2024; Ou et al., 2024; Wang & 
Wang, 2025; Yan, 2025; Yan & Zhang, 2024), so AI-supported writing instruction should include metacognitive 
prompts, reflective logs, and discussions of academic integrity. 

Assessment also needs to adapt. When learners use AI tools to revise extensively, traditional take-home 
writing products may no longer provide valid evidence of independent ability. Rather than banning AI tools 
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universally, instructors may need task-level policies specifying whether AI use is permitted for brainstorming, 
language polishing, feedback interpretation, or final drafting, and assessment designs should align accordingly. 

A related implication is that assessment should distinguish at least three products: unaided writing, AI-
supported revision, and post-intervention independent writing. Many studies demonstrate improvement in AI-
supported texts, but fewer show transfer to new genres or no-AI conditions; future classroom designs should 
include delayed or transfer tasks and revision logs documenting how learners interpret AI feedback. 

6. Limitations and Future Research 

Although the search covered Scopus, Web of Science, ERIC, and ProQuest with supplementary forward 
citation tracing, it did not include trial registries or Chinese-language databases such as CNKI, which may hold 
relevant EFL intervention studies. Future updates should pre-register the protocol and report each PRISMA stage 
with complete item-level rationale. 

The model contains 34 focal effects, but some remain converted estimates. The larger dataset improves 
moderator coverage, yet subgroup findings should stay exploratory until future full-text extraction can confirm 
effect sizes and cell sizes. 

Where studies reported ANCOVA results, t values, partial eta-squared, or group-level outcomes rather than 
complete descriptive statistics, standard conversion procedures were used, but each conversion step introduces 
additional uncertainty. Future primary studies should report group means, standard deviations, sample sizes, 
adjusted means, inter-rater reliability, and attrition so that effect-size extraction is direct rather than approximate. 

Variation in design, tool type, writing task, learner population, and outcome measurement reflects the 
emerging nature of the field but limits causal inference. Small-study and publication-bias checks should be read 
as exploratory rather than definitive reassurance. 

The most important gap is the absence of delayed or unaided transfer measures. Informative designs would 
pair AI-supported intervention with a delayed post-test completed without AI assistance, examining whether 
learners can independently apply revised strategies, lexical choices, or grammatical knowledge. Think-aloud 
protocols, stimulated recall, and revision-trace analysis could reveal whether learners understand AI feedback or 
merely accept it. Pre-registered longitudinal studies spanning a semester or more are needed to test whether 
scaffolded performance becomes internalised competence. 

7. Conclusions 

This meta-analysis provides quantitative evidence that AI writing tools can improve L2 writing performance. 
Across 34 retained focal effects, the pooled effect was positive and robust to sensitivity analyses, suggesting that 
AI-supported writing instruction, feedback, and revision tools can make a meaningful contribution to L2 writing 
development when embedded in structured pedagogical designs. 

At the same time, the findings should not be read as evidence that AI tools automatically produce writing 
development. Educational value depends on how learners use them, how teachers mediate them, and whether 
learners critically engage with AI-generated suggestions. AI writing tools can enhance feedback access and 
revision opportunities, but can also encourage overreliance without pedagogical regulation. Future research must 
separate assisted text improvement from independent competence development through delayed, unaided transfer 
measures and transparent effect-size reporting. 
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Appendix A 

Table A1. Sample-size and effect-size extraction details for studies abbreviated. 

Study AI Condition/ 
Comparison EG/AI n CG/ 

Comparison n Design/Duration Outcome g 

Ajabshir & 
Ebadi (2023) 

Automatic writing 
evaluation 30 30 

AWE vs teacher 
feedback; Genre-based 
treatment 

CALF and global 
writing quality 0.650 

Fan (2023) Grammarly AWCF 30 30 Quasi-experimental; 
Short 

Writing 
quality/CAF 0.300 

Guo, et al. 
(2024) 

AI-supported peer 
feedback 45 45 

Experimental/ 
quasi-experimental; 
Course intervention 

Writing ability 0.650 

Asadi et al., 
(2025) 

ChatGPT + teacher 
feedback 30 30 Quasi-experimental; 

Intervention 
Argumentative 
writing skills 0.800 

Alsofyani & 
Barzanji 
(2025) 

ChatGPT-generated 
feedback 35 35 

Mixed-methods 
intervention; Tertiary-
level treatment 

Writing skills 0.780 

Polakova & 
Ivenz (2024) ChatGPT feedback 30 30 Intervention study; 

Unclear Writing skills 0.700 

Rad et al. 
(2024) Wordtune 30 30 Intervention study; 

Unclear Writing outcome 0.680 

Shan, et al. 
(2025) 

GPT-4 and native-speaker 
interaction 30 30 Comparative 

intervention; Unclear 
Chinese L2 
writing outcomes 0.550 

Tran (2025) AI- and teacher-generated 
feedback 25 25 Comparative 

intervention; Unclear 
Writing revision 
practices 0.550 

Zou et al. 
(2026) 

Teacher- and ChatGPT-
generated feedback 30 30 Comparison study; 

Unclear 
Feedback uptake 
and writing 0.550 

Yan (2024) Collaborative ChatGPT 
feedback processing 20 20 Intervention/mixed-

methods; Short 

Task 
improvement and 
learning 

0.700 

Kurt & Kurt 
(2024) 

ChatGPT automated 
feedback 30 30 Intervention study; 

Unclear Writing skills 0.600 

Long (2024) ChatGPT written 
corrective feedback 25 25 Classroom study; Short Revision/writing 

outcomes 0.450 

Lo et al., 
(2025) 

Generative AI essay 
revision support 30 30 Intervention/revision 

study; Unclear 
Essay revision 
and engagement 0.450 

Yeung (2025) Generative-AI-supported 
AWE feedback 30 30 Engagement study; 

Unclear 

AWE feedback 
engagement and 
writing 

0.400 

Tsai, Lin, & 
Brown (2024) ChatGPT-assisted writing 30 30 Feasibility/intervention 

study; Unclear 
Writing 
performance 0.750 

Note: EG/AI n and CG/comparison n are the analytic sample-size values used for Hedges' g variance estimation. Coding 
summary reports generation type, feedback focus, outcome type, and duration category; Abbreviations: EG = experimental or 
AI-supported group; CG = comparison group; AWE = automated writing evaluation; CAF = complexity, accuracy, and fluency; 
GenAI = generative artificial intelligence. 
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Figure A1. Leave-one-out sensitivity analysis for the expanded k = 34 model. 
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