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Abstract. This review maps the recent findings on the AI-driven feedback 
given to undergraduate-level ESL/EFL academic writing, examining 
how it is implemented, what learning outcomes it produces, and what 
shapes those outcomes. Drawing on 39 peer-reviewed empirical studies 
retrieved from Web of Science, Scopus, and ERIC, and following the 
PRISMA extension for Scoping Reviews, this review covers 2,796 
participants across 18 countries and regions. The findings show that 27 of 
the 39 studies in the full corpus reported measurable improvement in 
ESL/EFL writing. Lower-proficiency students showed larger surface-
level gains but higher rates of passive uptake, while higher-proficiency 
learners engaged more critically when appropriately scaffolded. This 
review also identifies a persistent local-global revision gap: grammar and 
vocabulary improvements were reliably documented, but gains in 
argumentation, genre awareness, and critical reasoning remained weak 
and variable across the corpus. While AI-driven feedback shows genuine 
promise for addressing the feedback deficit in large-scale ESL/EFL 
writing instruction — a challenge with direct relevance to SDG 4 (Quality 
Education) and its advocation for inclusive, equitable access to quality 
learning at all levels - the conditions that produce durable learning gains 
remain poorly understood. The field's methodological development has 
not yet caught up with its empirical output.  
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1. Introduction  
Writing in a second language at the university level can be challenging. The 
demands go beyond language: students must also learn academic genres, 
argument structures, and disciplinary conventions that may differ markedly from 
those in their first language (Storch, 2018). Feedback is widely recognised as the 
mechanism through which L2 writers develop these skills (Hyland & Hyland, 
2006), and a substantial body of research has established that timely, specific and 
formative commentary can meaningfully improve both the quality of the written 
products and the metacognitive processes that underpin sustained writing 
development (Carless & Boud, 2018). The problem is scale. Providing genuinely 
useful feedback to large groups of students takes time, and quality tends to 
decline when marking loads are high. This gap between what effective feedback 
requires and what large-scale instruction can reliably deliver is directly relevant 
to Sustainable Development SDG 4 (Quality Education), which calls for inclusive 
and equitable access to quality learning at all levels, including higher education.  
 
Automated writing evaluation (AWE) systems or platforms such as Criterion and 
Pigai that use natural language processing to score and comment on student texts 
have been deployed in L2 writing classrooms since the early 2000s as one response 
to the scalability challenge. While the literature provides evidence that these tools 
can be effective at improving the surface-level aspects of students’ writing, they 
offer very limited information on argumentation (Link et al., 2022). The public 
release of ChatGPT in November 2022 represented a qualitative discontinuity in 
this landscape. Students can now submit drafts, receive contextually sensitive, 
multifaceted, and conversational feedback, and ask follow-up questions. The 
educational technology community responded quickly, and empirical research on 
LLM-based writing feedback began appearing in peer-reviewed journals within 
months of ChatGPT’s release. By 2025, the literature on AI-driven feedback in 
ESL/EFL academic writing had become substantial. Studies appeared across 
multiple disciplines. 
 
The effect sizes range from negligible to implausibly large. Some researchers 
frame AI feedback as a complement to teacher commentary, while others position 
it as a potential replacement. Barrot (2023) presented an early and influential 
analysis of the limitations and opportunities of using ChatGPT for ESL 
composition instruction. This review identified three primary concerns regarding 
AI-generated feedback: student overreliance, academic integrity issues, and its 
tendency to focus primarily on surface-level aspects of the students' writing. 
Other reviews addressed Generative Artificial Intelligence (GenAI) more broadly 
in language learning contexts (Kohnke et al., 2023) or focused on the benefits and 
drawbacks of utilising ChatGPT in ESL settings (Yan, 2023). These reviews were 
informative; however, each reviewed the literature up to 2024, when the number 
of studies was relatively small. Scoping reviews are particularly suitable for 
synthesising evidence to determine what is known within a field and what 
remains unknown (Tricco et al., 2018). 
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The review is guided by four research questions: 
RQ1: How is AI-driven feedback pedagogically implemented in university 
ESL/EFL academic writing instruction? 
RQ2: What writing and learner outcomes are reported following AI-driven 
feedback interventions? 
RQ3: What factors moderate the effectiveness of the AI-driven feedback on 
student writing? 
RQ4: What methodological limitations characterise the current evidence base? 
 
This review makes four specific contributions to the existing literature. Firstly, it 
covers the 2023–2026 publication window, which contains most of the empirically 
substantive work in this area that has not yet been systematically synthesised. 
Secondly, it addresses four explicit research questions spanning implementation, 
outcomes, moderators, and methodological characteristics, giving the review a 
structured account of these four dimensions. Thirdly, by analysing all empirical 
studies (n=39) from 18 countries and regions across three geographic regions, it 
provides a broad international mapping of the current evidence base. Fourthly, it 
describes the shortcomings of the existing body of evidence in sufficient detail to 
create a clear research agenda, rather than merely stating that additional work is 
needed. 
 

2. Methodology 
2.1 Research Design 
This review used a scoping review methodology, following the five-stage 
framework proposed by Arksey and O’Malley (2005), later refined by Levac et al. 
(2010). Reporting followed the PRISMA extension for Scoping Reviews (PRISMA-
ScR; Tricco et al., 2018). Because they map an area of research where studies use 
different methodologies and therefore cannot be pooled to identify 
commonalities, scoping reviews are particularly useful in areas such as AI-based 
feedback in ESL/EFL composition instruction. This area has grown dramatically 
since ChatGPT's introduction towards the end of 2022, and it continues to develop 
a common language and set of methods.  
 
2.2 Eligibility Criteria 
A priori criteria were set before the search began and held as fixed throughout. 
Methodological coherence (Criterion F) was applied as a data-extraction 
feasibility criterion at the full-text stage, not as a formal quality-appraisal 
threshold, in line with PRISMA-ScR (Tricco et al., 2018). Five conditions had to be 
met for a study to be included: 
 
2.2.1 Participant population 
University-level learners whose primary academic medium was English as a 
second or foreign language (ESL/EFL). Studies at primary, secondary, and other 
non-tertiary levels were excluded, as were those targeting native English-
speaking students. Following ESL/EFL field conventions, studies describing the 
participants as ‘university students’ or ‘college students’ without specifying 
graduate standing were treated as undergraduate. 
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2.2.2 Intervention 
The study had to involve AI-generated or AI-mediated written feedback in 
response to students’ academic writing. This covered LLM feedback (e.g., from 
ChatGPT), AI-augmented AWE platforms, and hybrid systems that combine AI 
with teacher feedback. Studies that used AI only for text generation or translation, 
without a feedback component focused on student writing, were excluded. 
 
2.2.3 Writing focus 
The writing task had to be academic. Argumentative essays, research reports, 
genre-based writing, and comparable formal tasks were included. Creative 
writing and casual online communication were excluded. 
 
2.2.4 Study type 
Peer-reviewed empirical research in English was included. Conceptual articles, 
editorials, book chapters, conference papers and theses were excluded. 
 
2.2.5 Publication window 
The search covered January 2017 to February 2026. Although the search window 
began in 2017 to capture pre-LLM AWE studies, no study published before 2023 
met all eligibility criteria. The corpus this review synthesises did not exist as a 
coherent line of inquiry prior to ChatGPT’s public release in November 2022. 
Studies available online ahead of print at the time of the search were also eligible. 
 
2.3 Information Sources and Search Strategy 
The search was conducted across three databases: Scopus, Web of Science (Core 
Collection), and ERIC (via ProQuest). These platforms together cover applied 
linguistics, CALL, educational technology, and second language acquisition, 
which is where empirical work on AI-mediated writing feedback predominantly 
appears. The search was completed in February 2026. 
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Table 1: Search Strings used in the three Databases 

Database Search String 

Scopus TITLE-ABS-KEY ( ( "ChatGPT" OR "generative AI" OR "large language 
model" OR LLM OR "automated writing evaluation" OR AWE OR "AI 
feedback" ) AND ( "feedback" OR "written corrective feedback" OR 
"corrective feedback" ) AND ( "academic writing" OR "L2 writing" OR 
"EFL writing" OR "ESL writing" ) AND ( "university" OR "higher 
education" OR "undergraduate" OR "tertiary" ) ) AND PUBYEAR > 2017 
AND PUBYEAR < 2026 

Web of Science 
(Core Collection) 

TS = ( ( "ChatGPT" OR "generative AI" OR "large language model" OR 
LLM OR "automated writing evaluation" OR AWE OR "AI feedback" ) 
AND ( "feedback" OR "written corrective feedback" OR "corrective 
feedback" ) AND ( "academic writing" OR "L2 writing" OR "EFL writing" 

OR "ESL writing" ) AND ( "university" OR "higher education" OR 
"undergraduate" OR "tertiary" ) ) Refined by: PUBLICATION YEARS: 
2017–2026; DOCUMENT TYPES: Article 

ERIC (via 
ProQuest) 

( "ChatGPT" OR "generative AI" OR "large language model" OR "LLM" 
OR "automated writing evaluation" OR "AWE" OR "AI feedback" ) AND 
( "feedback" OR "written corrective feedback" OR "corrective feedback" ) 
AND ( "academic writing" OR "L2 writing" OR "EFL writing" OR "ESL 
writing" ) AND ( "university" OR "higher education" OR "undergraduate" 
OR "tertiary" ) Filters: Peer-Reviewed; Date: 2017–2026 

Total records 
retrieved 

n = 636 (Scopus: 418; Web of Science: 36; ERIC: 182). Search was 
conducted in February 2026. 

 
2.4 Study Selection  
All records from the three databases were loaded into Rayyan (Ouzzani et al., 
2016) after duplicates were removed. The search yielded a total of 636 records 
(Scopus: n=418; Web of Science: n=36; ERIC: n=182). The first stage (screening) of 
the title and abstract review process for the 612 unique references yielded 24 
duplicates. Any disagreements as to whether an item was included for evaluation 
in the next stage were resolved through discussion. In total, 559 items were 
excluded for failing to meet one or more inclusion criteria. The next step in this 
process was to retrieve the full texts of all studies that met the incorporation 
criteria, for a total of 53. After reviewing the study details, the authors determined 
that an additional 14 studies did not qualify for inclusion in the review. Full 
citations and specific exclusion reasons for all 14 full-text excluded studies are 
reported in Appendix. The process outlined above is shown graphically in Figure 
1 in a format consistent with a PRISMA-ScR flow diagram. 
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Figure 1: PRISMA 2020 Flow Diagram used for the Study Selection 

 
2.5 Data Extraction 
A structured data extraction form was developed in Microsoft Excel and piloted 
on five studies before full implementation. The template used 38 fields across 
seven clusters: study identification, participant characteristics, AI tool specifics, 
pedagogical implementation, research design and methods, learning outcomes, 
and study quality indicators. The first author extracted all relevant data from the 
sources. The second author double-checked each field against the source articles, 
and any discrepancies were resolved by consulting the source articles. No 
conversions were made to the effect size values as they were reported in their 
existing form. 
 
2.6 Synthesis 
Due to the differences among the studies regarding design, tools and outcome 
measures, a statistical meta-analytic approach could not be employed. Instead, the 
studies were synthesised using narrative synthesis principles (Popay et al., 2006), 
enhanced with thematic analysis techniques (Braun & Clarke, 2006). Descriptive 
statistics were utilised to provide an overview of the bibliometric data. Narrative 
synthesis strategies were applied to address RQ1 (pedagogical implementation) 
and RQ2 (writing and learner outcomes). Cross-study comparisons were 
conducted to assess whether the outcome patterns varied by proficiency level, 
teaching method, treatment duration, type of AI tool, and student training, as per 
Research Question 3 (moderators of effectiveness). Finally, Research Question 4 
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(methodological limitations) involved conducting an examination of the research 
methodologies, measurement approaches, and areas of educational achievement 
that were either missing or underexplored.  
 

3. Results 
3.1 Overview of the Included Literature  
Despite a search window extending back to January 2017, no studies published 
before 2023 met all five eligibility criteria. The 39 included studies were published 
between 2023 and early 2026. However, the number of studies each year is 
uneven. There was only one study in 2023, and eight in 2024. In addition, 26 
studies were released in 2025, and four were released in early 2026 prior to 
conducting the search. The four 2026 publications include both formally 
published articles and advance online articles retrieved through the February 2026 
search date. Taken together, nearly 97.4% of the studies included in this review 
(n=38) appeared during the years 2024-2026.  
 
There is a heavy geographic clustering in East and Southeast Asia. A total of 21 
studies is from East Asia. Six studies are from Southeast Asia, including Vietnam, 
Thailand and Indonesia. The Middle East and North Africa contribute seven 
studies, mainly from Iran (n=3) and Saudi Arabia (n=2). The final five studies are 
distributed across Turkey (n=2), India, Chile, and a cross-institutional Egypt/UK 
collaboration. No included study was conducted in a Western anglophone 
context, a geographic skew that plausibly reflects the concentration of EFL 
university writing instruction in Asia and the Middle East. It also raises questions 
about the generalisability to ESL settings in countries such as Canada, the United 
Kingdom or Australia. Together, the 39 studies included in this review involved 
2796 participants. The sample sizes ranged from four (Yeung, 2025) to 452 (Teng, 
2025) participants, with a median of 50 (M=71.7). In terms of duration, 
approximately half of the studies were designed to run for anywhere from 9 to 16 
weeks within a single course. 
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Table 2: Characteristics of the Included Studies 

Characteristic Category n Percent
age 

Notes 

Publication year 2023 1 2.6%  

2024 8 20.5% Majority published 
2024–2026: 97.4% 

2025 26 66.7%  

2026 4 10.3%  

Study design Mixed methods 26 66.7%  

Qualitative 8 20.5%  

Quantitative (incl. 
experimental / quasi-
experimental) 

5 12.8%  

Usage mode Teacher-directed 23 59.0% Instructor-structured 
or assigned AI use 

Student-initiated / self-
directed 

15 38.5% Students used AI 
autonomously 

Mixed 1 2.6% Both modes present in 
the same study 

Feedback type Multiple types 33 84.6% Grammar, 
vocabulary, content, 
structure, 
organisation, etc. 

Content only 3 7.7% Ideas, argumentation, 
logical structure 

Grammar and mechanics 
only 

3 7.7% Surface-level error 
correction 

Human feedback 
combined 

No (AI only) 15 38.5% AI feedback without 
teacher or peer input 

Yes – teacher feedback 15 38.5% AI + teacher written 
corrective feedback 

Yes – teacher + peer 5 12.8% All three feedback 
sources combined 

Yes – peer feedback only 4 10.3% AI + peer review; no 
teacher feedback 

Writing pedagogy Process writing 33 84.6% Drafting, revision, 
and feedback cycles 

Product-based 3 7.7% Focus on final written 
product 

Genre-based 1 2.6% Explicit genre 
instruction (Tai et al., 
2025) 
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NR 2 5.1%  

Learning outcomes Writing quality – 
Improved 

27 69.2% Pre–post gains or 
positive holistic 
quality ratings 

Writing quality – Not 
measured / NR 

11 28.2% Qualitative, 
perceptual, or 
process-outcome 
studies only 

Writing quality – Mixed 1 2.6% Inconsistent findings 
across groups or 
criteria 

Student acceptance – 
Positive 

24 61.5% Favorable attitudes 
toward AI feedback 

Student acceptance – 
Mixed 

5 12.8% Some positive, some 
negative reactions 

Student acceptance – NR 10 25.6%  

Engagement / 
motivation – Increased 

23 59.0% Higher task 
motivation or writing 
confidence 

Engagement / 
motivation – Mixed / 
negative / NR 

16 41.0%  

Revision behavior – 
More revisions 

25 64.1% Greater number or 
depth of text revisions 

Learning outcomes Learner autonomy – 
Developed 

23 59.0% Self-regulation or 
independent writing 
gains 

RQ relevance RQ1 (Implementation) – 
High 

29 74.4%  

RQ1 – Medium 8 20.5%  

RQ1 – Low 2 5.1%  

RQ2 (Outcomes) – High 32 82.1%  

RQ2 – Medium 5 12.8%  

RQ2 – Low 2 5.1%  

RQ relevance RQ3 (Moderators) – All 
studies 

39 100.0% Cross-study synthesis; 
all studies contribute 

RQ relevance RQ4 (Methods) – All 
studies 

39 100.0% Methodological 
features charted 
across the full corpus 

 
Note: The RQ1 and RQ2 relevance ratings reflect individual study-level contributions 
(High/Medium/Low). RQ3 and RQ4 are addressed through cross-study synthesis. All 39 studies 
contribute to both. 
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3.2 RQ1: Pedagogical Implementation of AI-Driven Feedback 
Across the 39 included studies, the implementation of AI-driven feedback took 
strikingly varied forms—in the tools selected, the degree of teacher mediation, the 
duration and sequencing of activities, and the extent to which AI feedback was 
integrated with or treated as a substitute for human commentary. While these 
dimensions are not mutually exclusive, they illustrate an ongoing process among 
researchers as to what AI-driven feedback is and what role it should take in the 
pedagogy of writing instruction. 
 
The near ubiquity of ChatGPT is the most immediately striking feature of the 
corpus. It appeared in some form in 29 of the 39 studies (74.4%), typically without 
a comparative rationale. Studies rarely justified why they used ChatGPT rather 
than an alternative. The principal exception was Hong and Shin (2025), who 
explicitly contrasted restricted, guided, and free ChatGPT integration conditions. 
A smaller cluster of studies moved beyond ChatGPT. Derakhshan (2025) worked 
with Gemini across a 16-week intervention, finding significant gains in writing 
proficiency and reductions in writing anxiety.  
 
Tran (2025) also utilised Gemini to examine the impact of sequencing AI and 
teacher feedback during revision cycles. Wang and Xie (2025) utilised ERNIE Bot 
(Baidu's Chinese language model), because institutional restrictions prohibited 
researchers from utilising OpenAi tools. Researchers based in mainland China 
report having to obtain their students' drafts through researchers to collect 
ChatGPT feedback from the students where the students themselves could not 
access the platform directly (Chen et al., 2025). The tool landscape described in 
this body of literature is shaped by both the implemented research design and 
geopolitical infrastructure. 
 
Most implementations were conducted under the direction of teachers. In 23 
studies (59%), instructors developed the prompts for AI, located the AI within the 
writing cycle, and either reviewed the output prior to providing it to the students 
or organised discussions around the output after providing it. An example of this 
would be in Wang et al. (2026): this study involved a semester-long framework 
that included developing structures for using ChatGPT with the goal of creating 
active and inquiry-based learning environments. Student-initiated use of AI was 
present in 16 studies (41.0%).  
 
This distinction is important from a practical perspective. Implementations in 
teacher-directed environments limited what the students could ask AI to assist 
with in terms of producing complete and grammatically correct sentences, 
limiting the potential for the students to simply use AI to create correct answers 
to the writing assignments. Voluntary and self-directed participation when using 
AI was highly dependent upon individual levels of proficiency and pre-existing 
beliefs regarding feedback as found by Yeung (2025). These factors are far less 
controllable once AI use is allowed to occur without instruction from teachers. 
Four forms of human-AI interaction occurred throughout the literature. Fifteen 
studies (38.5%) relied solely on AI as a source of written feedback due to the 
nature of the study design or the lack of opportunity for teacher commentary. 
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Another 15 studies (38.5%) integrated AI with teacher feedback, treating them as 
complementary. Five studies (12.8%) paired AI with peer review, and four studies 
used all three sources. Zou et al. (2025) provided one of the most direct 
comparisons: students demonstrated greater utilisation and accuracy in their 
revisions when receiving teacher feedback overall, and they were more 
responsive to AI comments pertaining to organisational characteristics 
specifically. Bozorgian and Rahimi (2025) reported a similar finding: while AI 
produced technical consistency in grammar and coherence, peer feedback was 
more subjective and often prompted self-regulatory reflection. Neither form can 
accomplish everything independently. 
 
Multi-dimensionality in terms of feedback that includes content, organisation, 
accuracy, and vocabulary simultaneously was by far the most common design 
occurring in approximately 34 studies (87.2%). For the most part, this multi-
dimensionality was a result of how LLMs operate by default rather than being an 
intentional instructional decision made by educators. Students submitted draft 
versions of their papers and received broad-spectrum commentary. Whether this 
multi-dimensionality results in improvements is a separate question.  
 
Qualitative data collected from several studies indicated that students 
continuously prioritise suggestions made by AI that pertain to surface-level 
aspects of their work, even when both content and structural feedback are 
available. Most interventions ran for an entire semester, meaning that there were 
many opportunities for AI feedback to inform revisions between submissions.  
Some studies demonstrated how to complete a draft submission before the 
students began work on a draft (Al Mahmud, 2026; Mahapatra, 2024), while other 
studies developed multi-session preparatory training for students as part of the 
course design.  
 
The teachers' roles were identified as facilitative in 27 studies (69.2%): they 
designed the template prompts, reviewed the AI-generated outputs, facilitated 
post-AI feedback discussions, and planned the placement of AI comments within 
a broader course plan. Teacher involvement was limited in three studies. One of 
the clearer comparisons was offered by Alnemrat et al. (2025), in that AI-driven 
feedback led to a smaller increase in argumentative writing quality than teacher 
feedback alone. However, AI-driven feedback consistently produced better 
results and reduced the time spent grading by the teachers. 
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Table 3: Bibliographic Overview of the Included Studies 

No. Study Country / 
Region 

Journal AI tool 

1 Wang et al. (2026) China Comput. Educ.: 
Artif. Intell. 

ChatGPT 

2 Nguyen et al. 
(2025) 

Vietnam Educ. Inf. Technol. ChatGPT 

3 Ozdere (2025) Turkey IJTE ChatGPT + other 

4 Alnemrat et al. 
(2025) 

Jordan Front. Educ. ChatGPT 

5 Wei (2023) China Front. Psychol. Other 

6 Huang & Wang 
(2025) 

China System ChatGPT 

7 Zhang et al. 
(2025) 

Hong Kong System ChatGPT 

8 Allen & 
Mizumoto (2024) 

Japan RELC J. ChatGPT 

9 Xu & Jumaat 
(2024) 

China iJIM ChatGPT 

10 ElEbyary & 
Shabara (2024) 

Egypt / UK TET ChatGPT 

11 Muñoz Muñoz et 
al. (2025) 

Chile System ChatGPT 

12 Hong et al. (2025) Thailand Forum Linguist. 
Stud. 

ChatGPT 

13 Fan et al. (2024) Hong Kong Aust. J. Appl. 
Linguist. 

ChatGPT + Grammarly 
+ QuillBot 

14 Hong & Shin 
(2025) 

South Korea System ChatGPT 

15 Tran (2025) Vietnam Educ. Sci. Gemini 

16 Tseng & Lin 
(2024) 

Taiwan Electron. J. 
eLearning 

ChatGPT 

17 Kurt & Kurt 
(2024) 

Turkey JITE:R ChatGPT 

18 Aljohani (2025) Saudi Arabia Forum Linguist. 
Stud. 

ChatGPT 

19 Wang & Xie 
(2025) 

China Educ. Psychol. ERNIE (Baidu) 

20 Sawaki et al. 
(2025) 

Japan Lang. Test. GPT-4 turbo (API) 

21 Al Mahmud 
(2026) 

Saudi Arabia World J. Engl. 
Lang. 

ChatGPT 
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22 Han & Li (2024) China System ChatGPT 

23 Hao et al. (2026) China SAGE Open Pigai + ChatGPT 

24 Kohnke et al. 
(2025) 

Hong Kong Comput. Educ.: 
Artif. Intell. 

ChatGPT + other 

25 Ren et al. (2025) China Cogent Educ. ChatGPT 

26 Alyasin & Shah 
(2026) 

Qatar Ampersand ChatGPT 

27 Hongxia & Razali 
(2025) 

China Int. J. Instr. ChatGPT 

28 Mahapatra (2024) India Smart Learn. 
Environ. 

ChatGPT 

29 Tai et al. (2025) Taiwan Int. J. Appl. 
Linguist. 

ChatGPT 

30 Tanharat & 
Phootirat (2025) 

Thailand rEFLections ChatGPT 

31 Zare et al. (2025) Iran ReCALL ChatGPT 

32 Zou et al. (2025) China Comput. Assist. 
Lang. Learn. 

ChatGPT 

33 Bozorgian & 
Rahimi (2025) 

Iran J. Lang. Educ. ChatGPT 

34 Derakhshan 
(2025) 

Iran Asia-Pac. Educ. 
Res. 

Gemini 

35 Teng (2025) Macau System ChatGPT 

36 Yeung (2025) Hong Kong J. Second Lang. 
Writ. 

Learnalytics (AWE) 

37 Chen et al. (2025) Macau ECNU Rev. Educ. ChatGPT 

38 Puteri et al. (2025) Indonesia Indones. J. Appl. 
Linguist. 

ChatGPT 

39 Stofiana et al. 
(2025) 

Indonesia Ampersand Grammarly + ChatGPT 

Note. AI tool: 'ChatGPT + other' = ChatGPT combined with one or more additional platforms. NR 
= not reported.  

 
3.3 RQ2: Writing and Learner Outcomes 

Two categories of outcome are reported here. Writing outcomes concern changes 
in the texts that students produce, regarding quality ratings, accuracy and 
complexity measures and changes in specific textual features. Learner outcomes 
concern changes in the students themselves such as perceptions, revision 
behaviour, motivation, autonomy, and writing-related anxiety. 
  
3.3.1 Writing Outcomes 
Interpreting the outcomes report requires starting with an awareness of the 
measurements made. In addition to using different methods of assessment to 
measure the quality of writing and varying degrees of evaluation for instrument 
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use and the time to evaluate the outcomes, 11 studies report no measures of pre- 
to post-writing quality. Instead, these studies measured the writers' processes, 
their perceptions, or their writing strategies. While this variation among the 
studies does not limit our interpretation of the results, we need to consider the 
degree of variability when combining the data from these studies to draw general 
conclusions. 
 
The most consistent and analytically important finding across the corpus is not 
that AI feedback improves writing in general, but that improvement is 
systematically asymmetric across linguistic levels. Across the 28 studies reporting 
any pre-post writing measure, the pattern is recurrent: gains in grammatical 
accuracy, lexical range, and sentence-level clarity are reliably documented and 
frequently statistically significant; gains in argumentation, genre awareness, and 
critical reasoning are weaker, more variable, and in several cases statistically null. 
Zou et al. (2025) found that students preferentially uptook organisational and 
surface-level AI suggestions over content-level ones; Stofiana et al. (2025) reported 
that students accepted AI's structural suggestions more readily than its rhetorical 
ones; ElEbyary and Shabara (2024) documented that AI-generated commentary 
on argument structure was often technically plausible but contextually shallow. 
Hao et al. (2026) provided a large effect size for the application of higher-order 
thinking.  
 
3.3.2 Learner Outcomes 
Of the 29 studies on how students viewed AI-driven feedback, the vast majority 
(24) reported largely positive views. The students felt that AI-driven feedback 
provided them with timely, easily available, and broad-based feedback on their 
assignments which produced less anxiety than receiving feedback from an 
instructor or peer (Kurt & Kurt, 2024; Kohnke et al., 2025). The other five studies 
identified a mix of both positive and negative views towards AI-driven feedback. 
In one study (Fan et al., 2024), it was found that many EAP instructors were 
concerned that AI-driven feedback could adequately identify students' writing 
needs in relation to discipline-specific expectations. Another study (Stofiana et al., 
2025) demonstrated that students generally accepted the suggestions made by AI 
for structuring content better than they did for addressing how effectively the 
content was written rhetorically.  
 
The motivational and emotional responses of the sampled students were 
documented in 28 studies; student motivation, interest, and confidence in writing 
were documented positively in 22 studies. Writing anxiety as a construct was 
assessed in just one study, where Derakhshan (2025) measured writing anxiety 
using Gemini over 16 weeks and found a statistically significant decrease. The 
data also indicated a downward trend according to Latent Growth Curve 
Modelling. Writing anxiety has been widely recognised as a barrier to English 
language learners' acquisition of academic writing skills in their second language 
(Horwitz et al., 1986).  
 
3.4 RQ3: Moderators of Effectiveness 
Across all of the qualitative and quantitative studies reviewed, learner ability has 
been shown to have the largest impact on the amount of learning from an 
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aggregate perspective. Notably, less able students benefit the most from increases 
in overall writing quality yet are the least likely to engage in higher-level thinking 
when responding to feedback. Yeung (2025) noted that the student with the 
highest proficiency demonstrated a greater proportionate response to AWE 
feedback and used a higher proportion of content-based suggestions than their 
lower-proficiency peers, who primarily sought corrective language-level 
feedback. Finally, Teng (2025) provided what may well be the most detailed 
analysis regarding how student metacognitive awareness mediates the quality of 
autonomous engagement with ChatGPT.  
 
The degree to which usage was controlled and how much teachers structured the 
student's responses influenced the magnitude of treatment effects for both 
modalities. Using their three-level design, Hong and Shin (2025) demonstrated 
the same thing experimentally. Students who received guidance had better scores 
on the quality of their argumentative writings compared to those receiving only 
free usage and/or restricted usage. There was a high degree of variability among 
the group using free usage due to the varying degrees of metacognitive awareness 
and previous AI experience. The training provided to the students emerged as 
another moderating factor. The studies that included training on prompt usage 
(Tseng & Lin, 2024), evaluating AI-generated outputs (Wang et al., 2026), and 
ethically using AI commentary demonstrated more selectivity and criticism when 
it came to the use of AI commentary relative to studies that did not provide such 
training or that only provided a short demonstration.  
 
3.5 RQ4: Methodological Limitations and Research Gaps 
The 39 included studies provided valuable evidence related to both 
implementation and outcome issues. When viewing this body of knowledge as a 
methodological continuum, the evidence is limited by descriptive breadth while 
lacking in causality depth and time horizon length.  
 
3.6 Methodological Characteristics of the Included Studies 
Table 4 summarises the methodological characteristics of the 39 included studies 
across six domains: study design, sample size, presence of a control or comparison 
group, intervention duration, outcome measurement type, and evidence quality 
indicators. These characteristics have a direct impact on the strength of the 
effectiveness claims that can be drawn from the corpus. 
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Table 4: Methodological Characteristics of the Included Studies  

Criterion Category / metric n (%) Notes 

Study design Mixed methods 26 (66.7%) Predominant design across the 
corpus. 

 Qualitative 8 (20.5%) Interview-, case-, or thematic-
analysis-based studies. 

 Quantitative, non-
comparison 

3 (7.7%) Pure quantitative studies without 
a formal experimental/quasi-
experimental group comparison. 

 Experimental 1 (2.6%) True experimental design with a 
control/comparison condition. 

 Quasi-
experimental 

1 (2.6%) Non-randomised comparison-
group design. 

Sample size Range: 4-452; 
Median: 50 

39 studies Total N across the corpus = 2,796. 

 Small (N < 30) 8 (20.5%) Range: 4-20. 

 Medium (30 <= N 
<= 100) 

23 (59.0%) Actual range in the corpus: 30-97; 
median = 50. 

 Large (N > 100) 8 (20.5%) Range: 102-452. Largest study N = 
452. 

Formal control 
/ comparison 
group 

Present 2 (5.1%) Includes the experimental and 
quasi-experimental studies 
identified in Table 2. 

 Absent or not 
formally designed 
as a group 
comparison 

37 (94.9%) Includes mixed methods, 
qualitative, quantitative non-
comparison, single-group, or 
descriptive designs. 

Intervention 
duration 

Single session (< 1 
day) 

3 (7.7%) One-off writing task, AI-feedback 
activity, or rating/feedback 
session. 

 1-4 weeks 6 (15.4%) Short-term interventions, 
including approximately one 
month. 

 5-8 weeks 6 (15.4%) Medium-short interventions, 
including approximately two 
months. 

 9-12 weeks 3 (7.7%) Medium-term interventions. 

 >= 13 weeks / full 
semester 

15 (38.5%) Longer-term or semester-length 
interventions. 
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Criterion Category / metric n (%) Notes 

 Session-based, not 
directly 
convertible to 
weeks 

1 (2.6%) Reported as nine sessions rather 
than calendar weeks. 

 Not reported (NR) 5 (12.8%) Duration unspecified in the 
article. 

Outcome 
measurement 
type 

Writing quality 
assessed 

28 (71.8%) Includes 27 clearly positive 
writing-quality findings and one 
mixed writing-quality finding in 
Table 4. 

 Perception / 
process only or 
writing quality 
NR 

11 (28.2%) Studies without 
reported/measured writing-
product quality outcomes. 

Reported 
quantitative 
evidence 

Key statistics 
reported 

24 (61.5%) Includes effect sizes and other 
quantitative indicators reported in 
Table 4, such as d, eta-squared, r, 
beta, M, MD, chi-square, kappa, t, 
and uptake percentage. 

 No key statistic 
reported 

15 (38.5%) Indicated by an em dash in the 
Table 4 key-effect-size column. 

Note. Percentages are calculated from the total corpus (N = 39) and rounded to one 
decimal place.  
 
The research gaps identified across the corpus can be grouped into four domains. 
Design gaps include that the field needs preregistered studies with active 
comparators and random or quasi-random allocation, and no such study exists in 
the current corpus. The measurement gaps are that a shared battery of writing-
quality instruments is needed before cross-study comparisons become reliable, 
and that the current diversity of rubrics, indices, and self-reported measures make 
accumulation nearly impossible. The outcome gap is that writing transfer to non-
AI contexts, long-term retention, writing anxiety and academic integrity as a 
behavioural variable are each absent or near-absent from the evidence base and 
represent the highest-priority targets for future work. The geographic gaps is that 
anglophone ESL/EFL contexts, Latin America, sub-Saharan Africa, and South and 
Central Asia remain entirely unrepresented; whether the patterns documented 
here generalise to these settings is unknown. 
 

4. Discussion 
The most consistent finding across the corpus was not that AI-driven feedback 
improves writing quality overall, but that its benefits are unevenly distributed 
across the different levels of writing: surface-level accuracy gains are the most 
robustly documented outcome, while higher-order skills such as argumentation, 
genre awareness, and critical reasoning remain comparatively underexplored 
and, where measured, show more variable and condition-dependent gains. This 
surface–higher-order asymmetry is the central conceptual contribution of the 
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review, and it has direct implications for both pedagogical implementation and 
the research agenda. 
 
4.1 Pedagogical Implementation: AI as a Configured Resource 
The best-supported theoretical finding relates to how teachers can structure an 
implementation to produce better outcomes. Compared to other AI 
implementation methods, research has shown that teacher-driven 
implementations have led to greater improvements in higher-level writing 
characteristics and more deliberate student engagement with both the AI-
generated content and the AI's suggested revisions. Students also engaged less 
passively with AI-generated responses. These results support Vygotsky's (1978) 
idea of a "zone of proximal development," which holds that tools such as AI are 
used optimally when learners receive some form of mediation or scaffolding to 
engage with them at a level of difficulty beyond what they could achieve 
independently.  
 
4.2 Writing and Learner Outcomes: An Asymmetric Picture 
It is essential to interpret the persistent differential in the effective levels of 
surface-level and higher-order feedback. Barrot (2021) and Link et al. (2022) have 
previously noted this phenomenon in the AWE literature, attributing it to the 
limitations of rule-based NLP. It was anticipated that LLMs would overcome such 
limitations. Only partial success occurred. The corpus shows that while students 
can receive LLM-based feedback on their argument structure, content adequacy 
and genre conventions, they tend not to rely on it. It seems that the bottleneck has 
moved from the tool to the learner. To effectively engage with the feedback at the 
content level, learners need to possess the ability to assess whether the AI's 
suggestions are accurate, contextually relevant, and in alignment with their 
intended communication, all of which abilities that require learners to develop 
writing knowledge and feedback literacy (Carless & Boud, 2018). 
 
That AI plus human feedback generally outperforms AI-only configurations is 
both practically significant and theoretically predictable. Feedback in the SLA 
literature is not simply a mechanism for correction; it is a dialogical process that 
involves how informationally rich a comment is mediated by the social 
relationship between the provider and recipient, as well as the recipient's ability 
to process and utilise the feedback, and the instructional environment (Hyland & 
Hyland, 2006).  
 
4.3 Moderators: What Conditions Support Effectiveness 
Moderator evidence in this corpus identifies when and where AI feedback is more 
likely to be effective; it does not explain why. Learner-related moderators have 
been studied less often than context-related ones, and most research has focused 
on a single construct per study. Most studies have not examined interaction effects 
to determine whether learner-related variables should be classified as moderators 
or simply as covariates. As a result, claims about when AI "works for" or "does 
not work for" certain types of learners are supported by less empirical evidence 
than claims about combinations of contextual factors. Researchers need to design 
studies that examine at least two learner-related constructs alongside at least two 
contextual constructs. 



370 

 

http://ijlter.org/index.php/ijlter 

4.4 The Methodological Maturity of the Evidence Base 
Empirical output has grown sharply: 30 of 39 studies (76.9%) appeared in 2025–
2026. Methodological development has not kept pace. However, the growth in 
empirical output far exceeds that of the methodological structure. There are no 
studies employing pre-registration. Additionally, there are no studies utilising 
active comparators with random or quasi-random assignments. Operationalising 
writing quality has utilised rubrics, automated indexes, and self-report scales. As 
such, there is no single measure that is suitable for general use. The above 
describes the evidence maturity of the research field but does not describe a 
research field devoid of evidence. Rather, it describes a field where evidence of 
maturity lags behind the rapid increase in production. 
 
4.5 The East Asian Concentration: A Structural Reading 
The geographic concentration among the included studies can be justified and 
should be acknowledged. Specifically, 21 of 39 studies (53.8%) were conducted in 
East Asia—primarily mainland China —followed by research from Japan, South 
Korea, and so on. Several structural conditions may plausibly contribute to this 
pattern, and these are offered below as candidate explanations rather than 
established causal mechanisms.  
 
There are three possible contributing patterns to this study's dynamic. The first 
pattern is related to "policy." In mainland China, national initiatives have 
supported the integration of artificial intelligence into higher education to 
advance educational priorities in AI-assisted teaching and to provide institutional 
incentives for tertiary English instructors to utilise AI in their classrooms. The 
second contributing pattern is referred to as "industrial proximity." Both China 
and South Korea are leading players in the international technology industry, and 
there are active relationships between technology companies, universities, and 
education researchers. The final contributing factor is the size and visibility of the 
ESL/EFL learner population.  
 

5. Limitations and Conclusion 
5.1 Limitations 
Several limitations should be acknowledged before drawing conclusions. The first 
is that only research written in English has been used in this study; it is possible 
that additional research exists in Chinese, Spanish, Arabic, and possibly other 
languages that may have been overlooked because of this limitation, further 
compounding the geographical skew identified by RQ4. In addition, since a 
formal critical assessment of the methodology was not conducted as part of the 
scoping review (Peters et al., 2020), all studies were based on their ability to 
present coherent methodologies rather than on an evidence-based evaluation. 
Therefore, the conclusions derived from this review reflect the full breadth of 
methods utilised within this body of literature. The diversity of the design 
formats, measurement tools, and outcomes reported across the entire collection of 
studies precludes the possibility of developing a quantitative summary of results 
through pooled data or meta-analysis. All comparisons made among these studies 
will remain descriptive.  
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5.2 Conclusion  
Overall, across 39 studies carried out over 18 countries and regions during the 
LLM era of language education, the findings were generally positive but 
systematically asymmetric: gains were reliably observed at the surface level of 
writing, while higher-order outcomes — argumentation, genre awareness, and 
critical reasoning — remained the weakest dimension of the evidence base. First, 
teacher-structured AI use is more effective for student-AI interactions than for 
students working autonomously. Second, when both human and AI inputs are 
used together, AI-plus-human configurations tend to produce better results than 
either AI-alone or human-alone configurations. Third, explicit student training in 
interpreting, evaluating, and selectively applying AI-generated feedback is not 
supplemental scaffolding. Fourth, student proficiency impacts all of the previous 
conditions. AI feedback tools will continue to improve, and the specific platforms 
documented in this review will be superseded.  
 
The most conceptually consequential finding of this review is the systematic gap 
between surface and higher-order gains. Across the corpus, AI-driven feedback 
reliably improved grammatical accuracy and surface-level fluency; its 
contribution to argumentation, genre awareness, and critical reasoning was 
documented in a minority of studies and consistently depended on teacher-
directed implementation, explicit genre scaffolding, and the use of purpose-built 
AI tools designed for higher-order feedback. Finally, one last theme emerged from 
this review — that realising the potential of AI feedback to help achieve SDG 4 
will require research and implementation efforts extending far beyond those 
occurring primarily in university ESL/EFL settings. 
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