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Abstract 

The rapid adoption of generative artificial intelligence (AI) tools such as ChatGPT in second language (L2) writing instruction 

has produced a fast-growing body of research on AI-generated written corrective feedback. Two recent scoping reviews have 

mapped this literature broadly, focusing on feedback quality, learner uptake and pedagogical integration. However, neither 

review specifically examined how this literature treats grammatical and lexical development as distinct, measurable constructs, 

nor how it addresses the moderating role of learner proficiency over time. This scoping review synthesizes 30 empirical and 

methodological sources, identified through a targeted, PRISMA-ScR-informed search of Google Scholar, Scopus-indexed 

journal content and ERIC, together with citation networks, to map the state of longitudinal research on generative-AI-mediated 

feedback and grammatical-lexical development in L2/EFL writing. The review finds that most intervention studies remain 

limited to a single semester or shorter, that grammatical accuracy and lexical development are rarely measured as separate, co-

tracked outcomes and that only a small number of very recent studies (2025-2026) have applied longitudinal growth-modelling 

techniques, none of which disentangle grammar from vocabulary or systematically test proficiency level as a moderator of 

developmental trajectories. No such study appears to have been conducted in the Vietnamese EFL context, based on the sources 

identified in this review. The review proposes a research agenda for longitudinal, multi-proficiency-level, construct-

differentiated research on generative-AI-mediated feedback and outlines implications for instructional design and future primary 

research. 
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1. Introduction 

Written corrective feedback (WCF) is widely regarded as one 

of the central mechanisms supporting second language (L2) 

writing development and decades of research and meta-analysis 

have examined its effectiveness, moderators and boundary con-

ditions [1-4]. The public release of ChatGPT in November 2022 

introduced a qualitatively new source of WCF, namely a con-
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versational, generative artificial intelligence (AI) system capa-

ble of producing immediate, individualised feedback across 

multiple dimensions of writing at essentially unlimited scale [5]. 

Within roughly three years, research on generative-AI-medi-

ated feedback in L2 writing has expanded from a handful of ex-

ploratory case studies into a literature large enough to itself re-

quire synthesis. 

Two recent scoping reviews have begun this synthesis work. 

One review [6] mapped the early trajectory of generative AI 

and L2 written feedback research, documenting its rapid 

growth and the preliminary, largely exploratory nature of the 

evidence base. More recently, a considerably larger-scale 

scoping review of 185 empirical studies published between 

November 2022 and March 2026 was conducted [7], orga-

nized around feedback type, learner uptake, comparative ef-

fectiveness and pedagogical integration. That review identi-

fied four influential patterns. First, comparative AI-human 

feedback studies dominate the field. Second, content-level and 

higher-order feedback remain comparatively underexamined. 

Third, learner uptake is measured as a primary outcome in 

only a small minority of studies. Fourth, generative AI feed-

back performs comparably to teacher feedback on surface-

level accuracy but less consistently on content and argumen-

tation, with learner perceptions of AI feedback often exceed-

ing its measured effect on performance. 

These two reviews provide an invaluable map of the field's 

overall shape, but neither was designed to answer a narrower 

and, for L2 development research specifically, more conse-

quential question: how has this literature treated the linguistic 

constructs of grammatical accuracy and lexical development 

and to what extent has it employed the longitudinal, repeated-

measures designs needed to track how these constructs change 

over time and across learners at different proficiency levels? 

Grammatical accuracy and lexical richness are not inter-

changeable indicators of a single underlying "writing quality" 

factor. L2 acquisition theory treats them as at least partially 

dissociable systems that may develop along different time-

lines and respond differently to the same pedagogical input [8, 

9]. A synthesis focused specifically on this construct-level and 

temporal dimension of the literature is therefore a necessary 

complement to the broader scoping reviews already available. 

This review accordingly asks four questions. (1) How has 

generative-AI-mediated feedback research operationalised 

and measured grammatical accuracy and lexical development 

in L2 writing? (2) To what extent have these two constructs 

been examined jointly, within the same study and the same 

learners? (3) To what extent has this research employed lon-

gitudinal or growth-modelling designs capable of tracking de-

velopmental trajectories over time? (4) To what extent has 

learner proficiency level been examined as a moderator of 

these trajectories and in what geographic and institutional con-

texts? Answering these questions maps precisely the gap that 

a longitudinal, multi-proficiency-level study of generative-

AI-mediated feedback and grammatical-lexical development, 

of the kind proposed in the companion research proposal to 

this article, would need to be addressed. 

2. Method 

2.1. Design 

This review follows the scoping review framework [10], with 

the procedural refinements proposed in [11], and is reported in 

line with the PRISMA extension for scoping reviews 

(PRISMA-ScR [12]). A scoping design was chosen because the 

aim is to map the extent, distribution and characteristics of a 

specific slice of a fast-moving literature, its treatment of gram-

matical and lexical development and its use of longitudinal de-

signs, rather than to pool effect sizes or appraise the certainty of 

a body of intervention evidence, for which a systematic review 

or meta-analysis would be the more appropriate tool. Given that 

two broader scoping reviews of the general generative-AI-feed-

back literature already exist [6, 7], this review is deliberately 

narrower in scope: rather than re-mapping the entire field, it tar-

gets the intersection of three specific features such as grammat-

ical accuracy as an outcome, lexical development as an outcome 

and longitudinal or repeated-measures design that the broader 

reviews did not use as an organizing lens. 

2.2. Search Strategy 

A structured literature search was conducted using Google 

Scholar, Scopus-indexed journal content and ERIC (Educa-

tion Resources Information Center), together with backward 

citation searching of the reference lists of the two identified 

scoping reviews [6, 7] and of the highest-relevance primary 

studies identified. Search terms combined three concept clus-

ters using Boolean operators. The first cluster covered tech-

nology terms: "generative AI", "ChatGPT", "GPT-4" and 

"large language model (LLM)". The second cluster covered 

feedback and writing terms: "written corrective feedback", 

"feedback", "L2 writing", "EFL writing" (English as a Foreign 

Language) and "ESL writing" (English as a Second Language). 

The third cluster covered construct or design terms: "gram-

matical accuracy", "lexical diversity", "lexical development", 

"longitudinal", "growth curve", "developmental trajectory" 

and "proficiency level". The search covered publications from 

November 2022 (the public release of ChatGPT) through Au-

gust 2026 and was not restricted by publication type, allowing 

inclusion of both peer-reviewed journal articles and rigorously 

reported conference proceedings. The three concept clusters 

were combined using the syntax native to each platform (for 

example, in Scopus and ERIC: TITLE-ABS-KEY (("genera-

tive AI" OR "ChatGPT" OR "GPT-4" OR "large language 

model") AND ("written corrective feedback" OR feedback 

OR "L2 writing" OR "EFL writing" OR "ESL writing") AND 

("grammatical accuracy" OR "lexical diversity" OR "lexical 

development" OR longitudinal OR "growth curve" OR "de-

velopmental trajectory" OR "proficiency level")); Google 

Scholar searches used equivalent free-text combinations of the 
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same three clusters, screened manually because the platform 

does not support field-restricted Boolean strings. Screening 

proceeded in two stages: titles and abstracts were first 

screened against the eligibility criteria in Section 2.3, followed 

by full-text assessment of all records retained at the first stage; 

both stages were conducted by the authors, with disagree-

ments resolved through discussion. 

2.3. Eligibility Criteria 

Sources were included if they met three criteria. First, they 

reported original empirical data or a methodological/theoreti-

cal synthesis directly relevant to generative-AI-mediated feed-

back in L2/EFL writing. Second, they addressed grammatical 

accuracy, lexical development or both as an outcome or ex-

plicitly employed a longitudinal or repeated-measures design 

in this domain. Third, they were available in English with a 

verifiable author, venue and, where applicable, a DOI (Digital 

Object Identifier). Sources were excluded if they concerned 

feedback on speaking rather than writing, addressed auto-

mated writing evaluation (AWE) tools that predate generative 

AI (e.g., Grammarly, Criterion) without a generative-AI com-

parison condition or could not be bibliographically verified. 

Foundational theoretical and methodological works predating 

the generative-AI era (e.g., core WCF theory, feedback-liter-

acy theory, lexical-diversity measurement) were included 

where they provide the conceptual or methodological scaf-

folding for interpreting the generative-AI literature. 

2.4. Study Selection and Charting 

The search and citation-tracing process identified a working 

corpus of 30 sources meeting the eligibility criteria: 21 empiri-

cal studies of generative-AI-mediated feedback in L2 writing, 2 

existing scoping reviews of the broader field, 1 meta-analysis 

of written corrective feedback effectiveness and 6 foundational 

theoretical or methodological references. Each empirical source 

was charted along six dimensions. The first was publication 

year. The second was learner population and geographic/insti-

tutional context. The third was the generative-AI tool used. The 

fourth was the outcome construct(s) measured (grammatical ac-

curacy, lexical development, both or neither as a primary focus). 

The fifth was study duration and number of measurement waves. 

The sixth was whether proficiency level was examined as a 

moderating variable. This charting exercise, summarized in Ta-

ble 1, directly structures the thematic synthesis presented in 

Section 3. Consistent with scoping review methodology, no for-

mal risk-of-bias or effect-size pooling was undertaken. Where 

effect sizes or descriptive statistics are reported below, they are 

drawn from individual studies and presented as illustrative ra-

ther than pooled estimates. 

2.5. Synthesis Approach 

A narrative synthesis was conducted, organized themati-

cally around the review's four guiding questions. Given the 

modest and heterogeneous size of the corpus such as spanning 

experimental, quasi-experimental, case-study and mixed-

methods design, a narrative rather than a quantitative synthe-

sis was judged most appropriate, consistent with the approach 

taken in the two broader scoping reviews on which this review 

builds [6, 7]. 

3. Results 

3.1. Overview of the Literature Landscape 

Consistent with the two existing broad-scope reviews, the 

corpus charted here confirms an accelerating publication tra-

jectory: only a handful of studies appeared in 2023, growing 

to a substantial majority of the identified corpus published in 

2024 and 2025, with a further cluster already appearing in the 

first half of 2026 [7]. ChatGPT remains the overwhelmingly 

dominant tool studied, frequently without a specified model 

version, which limits model-level comparison [7] given that 

GPT-3.5, GPT-4, GPT-4o, Claude and Gemini differ substan-

tially in capability. Most studies in the present corpus are 

quasi-experimental or case-study designs conducted within a 

single institution and a single semester, a pattern that recurs 

throughout the thematic synthesis below. 

The charting of the broader field in [7] is informative for 

contextualizing the present, narrower synthesis. Across that 

185-study corpus, general or mixed feedback was the most 

frequently studied feedback type (40.5%), followed by com-

parative AI-human designs (27.6%). Corrective, form-fo-

cused feedback, the category most relevant to grammatical ac-

curacy, accounted for a smaller 18.4% of the field and content-

level or holistic feedback for a still smaller 13.5%. Learner 

uptake, that is, whether and how learners actually act on the 

feedback they receive, was charted as a primary outcome in 

only a small minority of studies. This distribution matters for 

the present review because it suggests that even the broader 

literature on which grammatical- and lexical-development re-

search depends is itself skewed toward describing feedback 

delivery and comparative quality rather than tracking what 

learners do with that feedback linguistically over time. 

How have outcomes been ope-rationalized? A closely re-

lated pattern concerns measurement choice. Across the studies 

charted for this review, three broad approaches to outcome op-

erationalization recur. The first, by far the most common, is a 

holistic or composite writing-quality score, often a rubric cov-

ering task achievement, organization, language use and me-

chanics collapsed into a single number, used in comparative 

studies such as [13] and in sequencing studies such as [14]. 

The second is a discrete linguistic index applied to a specific 

construct, exemplified by the use of the Measure of Textual 

Lexical Diversity (MTLD) and the Moving-Average Type-

Token Ratio (MATTR) for lexical diversity [15, 16] or manual 

error-taxonomy coding for grammatical accuracy [16]. The 

third, increasingly visible in the very newest studies, is a latent 
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variable estimated through growth-curve modelling from re-

peated observed indicators [17-19]. These three approaches 

are not evenly distributed across the corpus: composite scores 

dominate cross-sectional and short intervention studies, dis-

crete linguistic indices appear almost exclusively in the small 

number of corpus-linguistics-informed studies such as [16] 

and latent growth modelling appears only in the three longitu-

dinal studies discussed in Section 3.5. No study in the corpus 

was found to combine the second and third approaches. That 

is, no study feeds discrete, construct-specific linguistic indices 

such as MTLD or an error-free-clause ratio into a latent 

growth model to estimate their developmental trajectories sep-

arately over time. 

3.2. Generative AI Feedback and Grammatical 

Accuracy 

Grammatical accuracy is the outcome most consistently and 

successfully targeted by generative-AI feedback research, re-

flecting both the relative ease of operationalizing surface-level 

correctness and the well-documented strength of large lan-

guage models at local error detection. A mixed-method multi-

ple case study of four L2 writers over five weeks [5] found 

that ChatGPT-provided automated written corrective feed-

back (AWCF) yielded correct-revision rates for grammatical 

errors exceeding those reported in earlier research using 

Grammarly as the feedback source, a pattern attributed to 

ChatGPT's comparative strength in grammatical error correc-

tion. Similarly, ChatGPT-4 was reported to achieve high ac-

curacy in identifying grammatical and lexical issues [20], 

though with lower specificity for higher-order concerns such 

as task response and coherence. In a rigorously designed 

quasi-experimental comparison [13], no statistically signifi-

cant difference was found between AI-generated and teacher-

generated feedback on argumentative writing performance 

overall (Cohen's d = 0.10), even though both conditions pro-

duced significant within-group gains, an important null find-

ing given the study's comparatively strong design [7]. 

These generative-AI-specific findings sit within a much 

larger prior literature on written corrective feedback in general, 

which has consistently found feedback to be moderately ef-

fective for improving grammatical accuracy. A meta-analysis 

of 21 primary studies [4] estimated an overall effect size of g 

= 0.68 for the effect of WCF on L2 grammatical accuracy, 

while also identifying learner proficiency as one of the strong-

est moderators of feedback efficacy, with more advanced 

learners benefiting more consistently than beginners. Notably, 

this proficiency-moderation finding predates the generative-

AI literature entirely. It derives from decades of teacher- and 

peer-feedback research and as the synthesis in Section 3.6 

shows does not appear, based on the sources identified in this 

review, to have been systematically re-examined for genera-

tive-AI feedback specifically, let alone within a design capa-

ble of tracking how the moderating effect of proficiency un-

folds over time. 

A further complication for interpreting grammatical-accu-

racy findings across this literature is that accuracy gains are not 

always applied consistently once feedback is delivered. One 

study [21] found that ChatGPT-suggested grammatical revi-

sions were not always retained across successive drafts and that 

new errors occasionally emerged during more complex sen-

tence restructuring, indicating that a single-point accuracy 

measurement can understate the volatility of grammatical de-

velopment under generative-AI feedback conditions. Relatedly, 

a large-scale comparison of ChatGPT and teacher feedback [22], 

drawing on 1,200 feedback records from 60 EFL secondary stu-

dents, found a pronounced asymmetry in how learners acted on 

feedback depending on its linguistic level, surface-level versus 

meaning-level. Large grammatical feedback was acted on at a 

substantially higher rate (approximately 86% for ChatGPT and 

92% for teachers) than meaning-level feedback concerning or-

ganization or ideas (approximately 32% and 29%, respectively). 

Although this study did not measure lexical diversity as a sepa-

rate construct, its surface-versus-meaning distinction is concep-

tually adjacent to the grammar-versus-lexis distinction this re-

view is concerned with and suggests that uptake itself, not only 

feedback delivery, may differ systematically by linguistic level, 

a possibility that a longitudinal design tracking both constructs 

could test directly. 

3.3. Generative AI Feedback and Lexical 

Development 

Lexical development has received comparatively less direct 

attention than grammatical accuracy and is more often as-

sessed as a secondary or exploratory outcome than as a pri-

mary focus of study design. Where it has been measured, the 

Measure of Textual Lexical Diversity (MTLD [15]) has 

emerged as the preferred index in this domain, owing to its 

demonstrated stability across varying text lengths relative to 

older indices such as the type-token ratio. A comparison of 

pure generative-AI feedback with hybrid AI-plus-teacher 

feedback among 60 Chinese EFL students over a 12-week pe-

riod [23] reported that AI feedback alone was particularly ef-

fective at accelerating lexical refinement and surface-level ac-

curacy gains, whereas hybrid feedback produced compara-

tively stronger gains in deeper, discourse-level revision. This 

finding suggests generative AI feedback may have a compar-

ative advantage specifically in the lexical and grammatical do-

main relative to higher-order writing concerns, a pattern 

broadly consistent with the field-wide observation [7] that 

generative AI feedback performs more reliably on surface-

level than content-level dimensions of writing. 

Beyond this, however, lexical development remains a com-

paratively thin strand of the literature. Most studies that men-

tion vocabulary do so as part of a composite "writing quality" 

or holistic rubric score rather than through a dedicated, vali-

dated lexical-diversity metric, which limits the precision with 

which lexical gains attributable to generative-AI feedback can 

be distinguished from gains in other writing dimensions. For 
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example, one study [24] found that ChatGPT tended to gener-

ate a substantially greater volume of feedback than teachers 

across content, organization and language combined, but its 

coding scheme did not isolate lexical suggestions from gram-

matical or organizational ones, so the specific contribution of 

AI feedback to vocabulary growth cannot be recovered from 

that data. A similar pattern is evident in an otherwise fine-

grained analysis of ChatGPT-4's feedback specificity [20], 

where grammatical and lexical dimensions were reported to-

gether as a single "language use" category achieving higher 

specificity than task-response or coherence feedback, again 

precluding a separate estimate of lexical-feedback quality 

alone. This recurring conflation of grammar and lexis under 

broader "language" or "accuracy" categories is arguably the 

single most consistent measurement gap identified across the 

corpus and is precisely what the study discussed next [16] was 

designed to overcome. 

3.4. Studies Jointly Examining Grammatical 

and Lexical Outcomes 

Only one study identified in this review's corpus measured 

grammatical accuracy and lexical diversity as two explicit, 

separately ope-rationalized outcomes within the same genera-

tive-AI feedback study. One study [16] examined 91 in-class 

ESL texts alongside their revised versions following teacher-

moderated ChatGPT feedback, coding accuracy using an es-

tablished error taxonomy and computing lexical diversity us-

ing both MTLD and MATTR. It found that lexical diversity 

increased in the ChatGPT-revised texts relative to the in-class 

versions, with MTLD scores rising from a mean of approxi-

mately 78 to approximately 86, alongside accuracy gains, con-

cluding that ChatGPT-mediated revision can support inte-

grated, simultaneous gains across both linguistic dimensions 

in a way that pre-generative-AI automated writing evaluation 

tools were not well equipped to provide. 

This study is an important proof of concept. It demonstrates 

empirically that grammatical accuracy and lexical diversity 

can be measured jointly and can respond differently or with 

different magnitudes to the same generative-AI feedback in-

tervention. However, its design is a single-session, cross-sec-

tional comparison between an in-class draft and one AI-medi-

ated revision, rather than a repeated-measures design tracking 

how these two constructs co-develop over multiple writing 

tasks and multiple weeks or months. It therefore establishes 

the empirical and methodological feasibility of jointly track-

ing grammar and lexis, without answering the longitudinal 

question of how their developmental trajectories unfold, con-

verge or diverge over an extended period of instruction, pre-

cisely the gap that a longitudinal design would address. 

3.5. The Emergence of Longitudinal and 

Growth-Modelling Designs 

Until very recently, the generative-AI-feedback literature 

was almost entirely cross-sectional or limited to short inter-

ventions of a few weeks. It has been noted that the field as a 

whole shows a marked absence of longitudinal outcome re-

search [7], and the short duration of a five-week design was 

explicitly identified as its principal limitation [5], calling for 

future longitudinal investigations of the long-term effects of 

generative-AI feedback on learner behaviour and outcomes. 

This review's search identified an important and very recent 

shift: a small cluster of studies published in late 2025 and 2026 

have begun applying latent growth curve modelling 

(LGCM/LGCA), a structural-equation-modelling technique 

that estimates both the average developmental trajectory of an 

outcome over time and the extent to which individuals or 

groups deviate from it, to generative-AI feedback research. 

What appears to be the first such study [17] longitudinally 

compared generative-AI feedback, exemplar-based feedback 

and teacher feedback over a 12-week period among Chinese 

undergraduates, using latent growth curve analysis to model 

trajectories of L2 writing development and examining gender 

as a moderating variable. Its findings indicated that AI-gener-

ated and exemplar-based feedback were associated with more 

sustained developmental trajectories than teacher feedback 

alone. In a related study [18], the same longitudinal growth-

modelling approach was applied to a different but related out-

come, student feedback literacy, finding that generative-AI, 

peer and exemplar feedback modalities were associated with 

different trajectories of feedback-literacy development among 

162 Chinese undergraduates. This growth-modelling ap-

proach was extended further still [19], tracking the trajectory 

of L2 writing enjoyment (an affective rather than a linguistic 

outcome) across three time points in a single semester among 

328 participants, again using latent growth curve modelling. 

These three studies collectively establish that longitudinal, 

growth-modelling designs are methodologically feasible and 

are beginning to be adopted in this research area. However, 

none of them addresses the specific gap this review is concerned 

with. The study in [17] models "L2 writing development" as a 

global outcome rather than disentangling grammatical accuracy 

from lexical development as separate growth processes. Its cho-

sen moderator is gender rather than proficiency level. Its design 

also spans 12 weeks, equivalent to one semester, rather than a 

full academic year. Moreover, that study, like the other two 

growth-modelling studies identified, was conducted with Chi-

nese undergraduates, with no equivalent study identified in this 

review's search in a Vietnamese or, more broadly, Southeast 

Asian EFL context. Table 1 summarises how each longitudinal 

or joint-construct study charted in this review relates to the spe-

cific combination of features such as construct differentiation, 

proficiency-level moderation, extended duration and Vietnam-

ese context that remains unaddressed. 

3.6. Proficiency Level as a Moderator 

As noted in Section 3.2, proficiency level is well estab-

lished in the pre-generative-AI WCF literature as one of the 
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strongest moderators of feedback effectiveness [4], and Skill 

Acquisition Theory [8, 9] provides a strong theoretical basis 

for expecting learners at different stages of declarative-to-au-

tomatised knowledge to respond differently to the same cor-

rective input. Within the generative-AI-specific literature, 

however, this variable has been examined only sporadically 

and rarely as a primary focus. One study [13] tested for an 

interaction between feedback type (AI vs. teacher) and profi-

ciency level and found none, although learners at an interme-

diate-low level showed the largest within-group gains under 

both feedback conditions, a finding that hints at, without con-

firming, a possible curvilinear relationship between profi-

ciency and responsiveness to feedback. Beyond this single 

study, no source identified in this review examined profi-

ciency level as a moderator within a longitudinal or growth-

modelling design; on the basis of the literature located here, it 

remains unclear whether learners at different starting profi-

ciency levels exhibit different developmental slopes, different 

rates of acceleration or plateauing or different optimal feed-

back dosages over an extended period of generative-AI-medi-

ated instruction. 

Individual-difference research adjacent to proficiency of-

fers indirect support for expecting such heterogeneity. One 

study [5] found that higher-proficiency and more technologi-

cally competent learners refined their ChatGPT prompts iter-

atively and evaluated suggested feedback critically before re-

vising, whereas lower-proficiency learners engaged more su-

perficially and revised primarily at the surface level. A study 

of graduate ESL students' screencasted revision behaviour [25] 

similarly found that participants relied on ChatGPT chiefly for 

lower-order concerns such as paraphrasing and local correc-

tion even after being trained in more sophisticated prompting 

strategies, despite reporting high satisfaction with the tool. 

This pattern is consistent with the feedback-literacy findings 

synthesized in [7], in which evaluative judgement and meta-

cognitive awareness, rather than mere access to feedback, pre-

dicted the depth and productiveness of learner uptake. These 

findings suggest that proficiency level is likely to shape not 

only how much grammatical or lexical gain a learner realizes 

from generative-AI feedback, but also how selectively and 

critically that learner engages with the feedback in the first 

place. A longitudinal design is uniquely positioned to disen-

tangle these two possibilities. A multi-wave, multi-cohort 

study can examine whether proficiency-related differences in 

outcome trajectories are better explained by differences in lin-

guistic readiness to benefit from correction, by differences in 

feedback-engagement behaviour or by an interaction between 

the two that changes as learners themselves develop over the 

course of a year. 

3.7. Southeast Asian and Vietnamese Contexts 

The geographic distribution of the charted corpus is heavily 

weighted toward East Asian (particularly Chinese), Middle 

Eastern and Western European institutional contexts. Within 

Southeast Asia, one study [14] offers a directly relevant data 

point: a 15-week study of 14 Vietnamese undergraduates ex-

amining the sequencing of AI-generated and teacher-gener-

ated feedback, which found that AI-first feedback sequences 

were associated with stronger local, sentence-level revisions, 

while teacher-first sequences better supported higher-order 

content revision. This study demonstrates both that genera-

tive-AI feedback research is beginning to reach the Vietnam-

ese EFL context and that existing Vietnamese-context work 

remains limited to a single semester, a small sample and ho-

listic revision-quality outcomes rather than validated, sepa-

rately tracked measures of grammatical accuracy and lexical 

diversity. No study located through this review's search has 

been found to combine a Vietnamese or comparable Southeast 

Asian EFL population with a multi-wave longitudinal design 

and construct-differentiated (grammar and lexis) outcome 

measurement. 

3.8. Synthesis: Mapping the Research Gaps 

Table 1 consolidates the charting exercise described in Sec-

tion 2.4 for the studies most central to this review's four guid-

ing questions, mapping each against the four defining features 

of the gap this review has identified: differentiated gram-

mar/lexis measurement, a longitudinal or growth-modelling 

design, proficiency level as an examined moderator and a Vi-

etnamese/Southeast Asian research context. 

Table 1. Mapping of core studies against the review's four gap-defining features. 

Study 
Grammar + lexis differenti-

ated? 

Longitudinal / growth 

model? 

Proficiency as 

moderator? 

Vietnamese/SE 

Asian context? 

Yan & Zhang (2024) Grammar only 
No (5 weeks, single wave 

outcome) 

No (descriptive 

only) 
No 

Zhang, Aubrey, Huang 

& Chiu (2025) 

Both mentioned, not separately 

modelled 
No (12 weeks, pre/post) No No 

Alnemrat et al. (2025) No (holistic score) No 
Yes (tested, ns in-

teraction) 
No 
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Study 
Grammar + lexis differenti-

ated? 

Longitudinal / growth 

model? 

Proficiency as 

moderator? 

Vietnamese/SE 

Asian context? 

Pretorius & Thewissen 

(2026) 
Yes (both measured) 

No (single-session revi-

sion) 
No No 

Zhu, Wang & Qin 

(2025) 

No (global writing develop-

ment) 
Yes (LGCA, 12 weeks) 

No (gender exam-

ined instead) 
No 

Zhu, Qin, Wang & Liu 

(2026) 

No (feedback literacy, not lin-

guistic) 
Yes (LGCA) No No 

Shi et al. (2026) 
No (writing enjoyment, affec-

tive) 

Yes (LGCM, 3 waves/1 se-

mester) 
No No 

Tran (2025) No (holistic revision quality) 
No (15 weeks, cross-sec-

tional comparison) 
No Yes (Vietnam) 

Proposed study 
Yes (grammar and lexis as sepa-

rate growth processes) 

Yes (1 academic year, 4-6 

waves) 

Yes (3 proficiency 

cohorts) 
Yes (Vietnam) 

 

Reading across this table rather than down any single row 

is the central finding of this review: every one of the four fea-

tures has been demonstrated as individually feasible some-

where in the recent literature, including construct differentia-

tion [16], longitudinal growth modelling [17], proficiency-

level testing [13] and a Vietnamese research context [14], but 

no identified study combines more than two of these features 

at once and none combines all four. The gap this review iden-

tifies is therefore not a gap in any single method or measure, 

each of which now has a demonstrated precedent, but a gap in 

their integration. 

4. Discussion 

4.1. Why Grammar and Lexis Need to be 

Disentangled 

The tendency, documented throughout Section 3, to treat 

"writing quality" or "writing development" as a single compo-

site outcome is understandable from a practical standpoint. 

Holistic rubrics are easier to apply and often more directly 

aligned with high-stakes assessment. However, this practice 

obscures a theoretically important possibility: that grammati-

cal and lexical systems may respond to generative-AI feed-

back along different timelines. Skill Acquisition Theory [8, 9] 

predicts that grammatical rule learning proceeds through de-

clarative, procedural and automatised stages that depend on 

repeated, feedback-informed practice, while models of lexical 

growth (as reviewed in the context of MTLD's development 

[15]) treat vocabulary breadth and depth as accumulating 

somewhat more continuously through exposure and use. If 

these two systems do indeed follow different growth curves 

under generative-AI feedback, then studies that collapse them 

into a single score risk masking exactly the kind of differential, 

theoretically diagnostic finding that would most advance the 

field. For instance, grammatical accuracy might plateau after 

an initial period of rapid AI-assisted gain while lexical diver-

sity continues to increase steadily or vice versa. The finding 

that lexical diversity increased alongside accuracy gains in a 

single-session comparison [16] is a first hint that the two con-

structs can be jointly tracked and may show distinguishable 

patterns, but a single time point cannot reveal whether their 

trajectories diverge over an extended period. 

This distinction is not merely methodological pedantry. 

From a pedagogical standpoint, a finding that grammatical ac-

curacy and lexical diversity develop in lockstep under gener-

ative-AI feedback would justify continuing to treat "language 

use" as a single instructional target, consistent with how most 

rubrics in the charted corpus currently operate. A finding that 

the two constructs diverge would instead argue for differenti-

ated instructional emphasis and potentially for different feed-

back protocols (direct versus metalinguistic, in the terms of 

[26]) targeted at each construct. This could happen, for in-

stance, if repeated exposure to direct, error-specific AI correc-

tion accelerates grammatical gains while contributing compar-

atively little to lexical range or if the reverse pattern holds. 

Because no longitudinal study in the corpus has been designed 

to detect such divergence, this remains an open, empirically 

answerable and pedagogically consequential question rather 

than a settled matter of theoretical preference. 

4.2. Why Proficiency-Level Moderation Matters 

for Longitudinal Design 

The absence of proficiency-level moderation from the lon-

gitudinal generative-AI literature is arguably the more conse-

quential gap of the two identified in this review. The meta-

analytic finding that proficiency is among the strongest mod-

erators of WCF effectiveness in the pre-generative-AI litera-

ture [4], combined with a single, cross-sectional finding of 
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curvilinear-looking (though statistically non-significant) pro-

ficiency-related gain patterns [13], together suggest that a 

learner's starting proficiency level plausibly shapes not just 

how much they benefit from generative-AI feedback, but also 

how that benefit unfolds over time. For example, lower-profi-

ciency learners might show a slower initial uptake followed 

by accelerating gains as declarative knowledge proceduralises, 

while higher-proficiency learners might reach a ceiling more 

quickly. None of the growth-modelling studies identified in 

Section 3.5 examined this possibility. Instead, they selected 

gender [17] or no moderator at all [19] as their between-person 

variable of interest. A multi-cohort longitudinal design that 

follows learners at multiple, clearly defined starting profi-

ciency levels in parallel is therefore positioned to answer a 

question that is theoretically well-motivated but empirically 

untested. 

4.3. Implications for a Longitudinal,  

Multi-Proficiency Research Agenda 

Taken together, the synthesis in Section 3 supports three 

concrete implications for future primary research. Each impli-

cation corresponds directly to a design feature of the longitu-

dinal study proposed in the accompanying research proposal. 

First, future studies should measure grammatical accuracy and 

lexical development as separate, validated outcomes rather 

than defaulting to a composite writing-quality score. This fol-

lows the precedent set methodologically in [16]. Second, fu-

ture studies should adopt repeated-measures or growth-mod-

elling designs extending across at least one full academic year, 

building on the recently demonstrated feasibility of latent 

growth curve approaches [17-19] while extending their typical 

12-week/one-semester duration. Third, future studies should 

treat proficiency level as a primary, a priori moderator rather 

than as an incidental control variable. This is ideally done 

through a multi-cohort design that follows learners at several 

distinct proficiency bands in parallel. Future studies should 

also extend this line of enquiry into under-represented con-

texts such as Vietnam. As Section 3.7 shows, the existing ev-

idence base there remains limited to short, single-cohort, ho-

listically scored studies [14]. 

A fourth, more design-specific implication concerns the 

choice of feedback protocol itself. Although hybrid AI-teacher 

feedback models fall outside this review's core focus on con-

struct and design gaps, the broader literature charted in [7] 

found that such hybrid models consistently outperformed ei-

ther AI-only or teacher-only feedback. These hybrid models 

accounted for only 12.4% of that corpus. The sequencing of 

AI and teacher input also shaped which dimensions of writing 

improved most. This has a direct bearing on how a future lon-

gitudinal grammar-lexis study should specify its intervention. 

Rather than treating generative-AI feedback as a simple sub-

stitute for teacher feedback, researchers should document pre-

cisely which feedback types (direct, indirect or metalinguistic, 

following the typology in [26]) are delegated to the AI system 

and which, if any, remain with the instructor. This specifica-

tion is itself likely to influence the shape of the grammatical 

and lexical growth trajectories observed. 

5. Limitations of This Review 

This review has several limitations. First, its search, while 

structured and informed by PRISM A-ScR reporting princi-

ples, was not an exhaustive, database-native systematic search 

of the kind conducted in [7] across a full Scopus export. Some 

relevant studies may therefore not have been captured, partic-

ularly recent preprints, regional-language publications or 

studies indexed outside the databases and citation networks 

consulted. Readers seeking a comprehensive map of the entire 

generative-AI-feedback literature should consult [7] and [6] 

directly. The present review is deliberately narrower and is in-

tended to complement rather than replace those broader syn-

theses. Second, because this is a scoping rather than a system-

atic review, no formal risk-of-bias appraisal or effect-size 

pooling was conducted. The illustrative statistics reported in 

Section 3 (e.g., specific effect sizes, MTLD values) should 

therefore be read as characteristics of individual studies rather 

than as pooled, generalisable estimates. Third, the field itself 

is evolving extremely rapidly. Three of the most directly rele-

vant studies identified in this review were published within the 

twelve months preceding its completion. As a result, any syn-

thesis of this literature carries an unusually short shelf life and 

should be periodically revisited as new longitudinal studies 

emerge. 

6. Conclusion and Implications for 

Future Longitudinal Research 

This scoping review set out to map a specific, theoretically 

consequential slice of the rapidly growing literature on gener-

ative-AI-mediated feedback in L2 writing: its treatment of 

grammatical accuracy and lexical development as distinguish-

able outcomes and its use of longitudinal designs capable of 

tracking how these outcomes develop over time and across 

learners at different proficiency levels. Building on two recent 

broad-scope scoping reviews of this literature [6, 7], the pre-

sent synthesis of 30 sources shows that generative-AI feed-

back research has, until very recently, been dominated by 

short, single-semester, cross-sectional designs measuring a 

composite "writing quality" outcome. A small but growing 

cluster of 2025-2026 studies has begun to apply longitudinal 

growth-modelling techniques to this domain. A separate, 

methodologically important 2026 study has also demonstrated 

that grammatical accuracy and lexical diversity can be jointly 

and validly measured within a single generative-AI feedback 

study. However, no identified study combines all four features 

together: a longitudinal, growth-modelling design, separately 

tracked grammatical and lexical outcomes, proficiency level 

as a primary moderator and a Vietnamese or comparable 
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Southeast Asian EFL research context. A longitudinal, multi-

cohort study designed explicitly to integrate these four fea-

tures, of the kind detailed in the accompanying research pro-

posal, would therefore address a gap that is well motivated by 

existing theory [8, 9, 27] and precisely delimited by the em-

pirical literature synthesized here. Such a study would also ex-

tend both the construct-level precision and the geographic 

reach of a fast-moving and increasingly consequential field of 

applied linguistics research. 

More broadly, this review's core contribution is methodo-

logical rather than purely descriptive. It charts the corpus 

against four specific, jointly necessary design features: con-

struct differentiation, longitudinal growth modelling, a priori 

proficiency moderation and an under-represented research 

context, rather than against the field's overall size or thematic 

breadth. This approach shows that the apparent maturity of the 

generative-AI-feedback literature, now numbering in the hun-

dreds of studies [7], can coexist with a narrow, well-defined 

and still entirely open gap at the intersection of construct, de-

sign and context. Researchers planning primary studies in this 

area and the Vietnamese doctoral/PhD-candidate track or doc-

toral applicants scoping a dissertation topic within it, would 

therefore be well advised to look past the field's raw publica-

tion volume. Instead, they should ask which specific combi-

nations of construct, design and context remain untested. This 

review has attempted to answer that question precisely for the 

case of generative-AI-mediated feedback and L2 grammati-

cal-lexical development. 
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