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The growing use of artificial intelligence (AI) in second language 
writing has increased interest in AI-generated written corrective 
feedback; however, little is known about how different feedback 
types influence the retention of grammatical knowledge over time. 
Grounded in form-focused instruction and written corrective 
feedback research, this study examined the effects of AI-generated 
corrective feedback and metalinguistic feedback on EFL learners’ 
sentence-level grammatical accuracy. Fifty-eight university 
students were assigned to two feedback conditions, and their 
accuracy was assessed through a pretest, immediate posttest, and 
delayed posttest targeting the English passive causative 
construction. Both feedback types produced substantial 
improvements in grammatical accuracy on the immediate posttest. 
However, learners who received AI-generated metalinguistic 
feedback maintained higher accuracy on the delayed posttest than 
those receiving direct corrective feedback, indicating different 
developmental trajectories. These findings highlight the importance 
of feedback explicitness in AI-mediated grammar instruction and 
offer pedagogical implications for integrating AI into writing 
instruction. 
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Introduction 

Providing effective written corrective feedback (WCF) remains one of the most demanding aspects of 

second language (L2) writing instruction. In many EFL classrooms, teachers are expected to provide 

timely and individualized feedback on learners' grammatical errors despite constraints on instructional 

time and workload. Recent advances in artificial intelligence (AI), particularly the emergence of large 

language models such as ChatGPT, have introduced new possibilities for supporting feedback provision 

by generating context-sensitive responses that can be delivered consistently and efficiently (Teng, 2024). 

These developments have renewed interest in how AI-generated feedback may contribute to learners' 

grammatical development in L2 writing. 

Within the broader literature on written corrective feedback, considerable attention has been devoted to 

feedback explicitness, particularly the distinction between direct corrective feedback (DCF) and 

metalinguistic feedback (MF). DCF provides learners with the correct linguistic form, whereas MF 

encourages learners to reflect on the underlying grammatical rule (Ellis, 2009). Previous research 

suggests that these feedback types may lead to different learning outcomes, although findings remain 

mixed across learner populations, instructional contexts, and target structures (Bitchener & Knoch, 2010; 

Li, 2010; Shintani & Ellis, 2013; Suzuki et al., 2019). 

     Building on these established distinctions in written corrective feedback, generative AI now provides 

a new means of delivering different forms of corrective feedback in language teaching contexts. Unlike 

earlier automated writing evaluation (AWE) systems, which were largely limited to surface-level error 

detection and formulaic feedback (Ranalli et al., 2017; Saricaoglu, 2019), generative AI tools are capable 

of producing extended, context-sensitive responses, including grammatical explanations, reformulations, 

and adaptive feedback tailored to learner input (Kohnke et al., 2023). These affordances have generated 

considerable interest in AI as a potential means of addressing long-standing challenges in feedback 

provision, such as large class size, limited classroom time, and unequal access to individualized support. 

Consistent with this growing interest, emerging evidence suggests that AI-generated feedback can 

support learners' revision practices, engagement, and self-efficacy and may approximate human feedback 

in terms of clarity and elaboration (ElEbyary & Shabara, 2024; Yang et al., 2025). 

     Despite these developments, much of the existing research on AI-mediated WCF has focused on 

learners' perceptions, revision behaviors, or holistic writing quality (e.g., Zhang & Hyland, 2018; Yan & 

Zhang, 2024; Cengiz et al., 2025), rather than on structure-specific grammatical development measured 

through controlled sentence-level production. While these studies provide valuable insights into learners' 

engagement with AI-generated feedback, they offer limited evidence regarding whether such feedback 

supports the maintenance of grammatical accuracy over time. Moreover, few studies have directly 

compared different AI-generated feedback types under controlled experimental conditions using delayed 

measures of grammatical development. 

     Research on form-focused instruction further suggests that the effectiveness of feedback is influenced 

by multiple interacting variables, including feedback explicitness, the nature and intensity of instruction, 
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and the characteristics of the target structure (Ellis, 2002). Ellis (2002) notes that instructional success 

cannot be explained solely by structural complexity or the amount of instruction, as studies have reported 

positive learning outcomes under a range of instructional conditions. At the same time, learners may vary 

in the extent to which they transform explicit grammatical knowledge into consistent and spontaneous 

use over time (DeKeyser, 2007). These considerations raise important questions in the context of AI-

mediated feedback, particularly regarding whether different types of AI-generated written corrective 

feedback support grammatical development in similar or divergent ways across time. 

     In the current research, the English passive causative construction (e.g., I had my phone repaired) was 

selected as the target structure because it presents difficulty for many EFL learners due to its complex 

form–meaning relationships and the non-agentive role of the grammatical subject. As a relatively 

infrequent and structurally demanding feature, the passive causative provides an appropriate context for 

examining whether different forms of AI-generated feedback support learners’ accuracy development 

over time. 

     Accordingly, the present study investigates the effects of AI-generated direct written corrective 

feedback and AI-generated metalinguistic feedback on EFL learners’ grammatical accuracy across three 

testing occasions: pretest, immediate posttest, and delayed posttest. Using a 2 × 3 mixed-design quasi-

experimental approach, the study explores whether feedback type and time interact to shape learners’ 

grammatical accuracy in producing the English passive causative construction. By incorporating a 

delayed posttest and focusing on a specific grammatical structure, the study moves beyond immediate 

revision effects and contributes to ongoing debates on feedback explicitness, the maintenance of 

grammatical gains, and the pedagogical role of generative AI in L2 writing instruction.  
 

A brief note of previous works 
 

Written corrective feedback and feedback explicitness 

Research on written corrective feedback has consistently shown that appropriately designed feedback can 

facilitate second language development by directing learners' attention to linguistic form (Ellis, 2002; 

Lyster & Ranta, 1997). Although early critiques questioned the pedagogical value of grammar correction 

in writing instruction, most notably Truscott (1996), subsequent empirical and meta-analytic research has 

provided strong evidence that written corrective feedback can contribute to grammatical development 

when factors such as learner characteristics, proficiency level, instructional context, and feedback design 

are taken into account (Bitchener & Knoch, 2010; Li, 2010; Mao et al., 2024).  

     A well-established distinction in the written corrective feedback literature concerns direct corrective 

feedback and metalinguistic feedback (Ellis, 2009). Direct corrective feedback supplies learners with the 

correct linguistic form, which can ease processing demands and support rapid error correction. 

Metalinguistic feedback, by contrast, provides learners with grammatical explanations, rules, or error 

codes that require reflection on the underlying linguistic system. One explanation for the potential 

effectiveness of metalinguistic feedback comes from Skill Acquisition Theory (DeKeyser, 2007), which 
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proposes that explicit grammatical knowledge can gradually become proceduralized through practice. 

From this perspective, metalinguistic feedback may facilitate learners' reflection on grammatical rules 

and support subsequent grammatical performance, particularly for complex structures. 

     Empirical studies comparing direct corrective feedback and metalinguistic feedback have yielded 

mixed but informative findings. Rather than demonstrating the consistent superiority of one feedback 

type, previous research suggests that their relative effectiveness depends on factors such as the target 

structure, instructional conditions, and the outcomes used to measure learning. For example, Shintani et 

al. (2014) found that direct corrective feedback followed by revision produced the most durable 

improvement for a complex syntactic structure, whereas Rezazadeh et al. (2015) reported that 

metalinguistic explanation resulted in better maintenance of both explicit and implicit knowledge of 

English articles over time. Similarly, Shintani and Ellis (2013) showed that the effects of written 

corrective feedback varied according to the type of knowledge assessed and the grammatical feature 

under investigation. Collectively, these studies suggest that the effectiveness of written corrective 

feedback cannot be generalized independently of the linguistic target and instructional context. 

     Importantly, the effectiveness of written corrective feedback should not be evaluated solely on the 

basis of immediate performance. Li’s (2010) meta-analysis highlights the value of delayed posttests for 

distinguishing short-term performance gains from learning that is maintained over time. This 

consideration is particularly relevant when feedback targets relatively complex grammatical structures. 

Reviewing research on form-focused instruction, Ellis (2002) argues that instructional effectiveness 

depends on multiple interacting factors, including the characteristics of the target structure and the 

intensity of instruction. Although complex structures often benefit less from brief instructional treatments 

than simpler features, Ellis (2002) also notes that successful learning is possible under a range of 

instructional conditions. These observations make it important to examine how different forms of AI-

generated written corrective feedback influence learners’ development over time when instruction 

focuses on a relatively complex grammatical structure. 
 

Automated and AI-mediated written corrective feedback 

Alongside traditional research on written corrective feedback, an expanding body of work has examined 

automated approaches to feedback in second language writing. Early automated writing evaluation 

systems were shown to increase the availability of feedback to learners and support learner autonomy. 

Nevertheless, concerns remained regarding the accuracy of automated feedback across different error 

types and learners' ability to interpret and use that feedback effectively (Ranalli et al., 2017). Subsequent 

research has also emphasized that the effectiveness of automated written corrective feedback varies 

across learner characteristics and instructional contexts (Shiyao, 2021). Related research on sustained 

assessment practices has also highlighted the importance of learners’ continued engagement with 

evaluative information. Rahmani et al. (2025), for example, found that the ongoing use of structured peer- 

and self-assessment was associated with improvement in EFL learners’ writing over a semester. Although 

their study did not examine automated corrective feedback, it underscores the importance of repeated 
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engagement with feedback and assessment rather than viewing evaluative information as a one-time 

intervention. Comparative studies further suggest that automated and teacher feedback each possess 

distinct strengths, with their effectiveness influenced by factors such as learner engagement, writing task, 

and the linguistic features being assessed (Ajabshir & Ebadi, 2023; Zhang & Hyland, 2018). 

     Recent technological developments, particularly the emergence of generative artificial intelligence 

tools such as ChatGPT, have renewed scholarly interest in automated written corrective feedback. Unlike 

earlier automated writing evaluation systems, generative AI is capable of producing extended, adaptive, 

and linguistically explicit feedback that supports interactive revision processes. Recent studies suggest 

that learners actively engage with ChatGPT-generated feedback during revision, although the nature and 

extent of this engagement vary across feedback types and individual learners (Cengiz et al., 2025; Yan & 

Zhang, 2024). Learners have also generally perceived AI-generated feedback as helpful, detailed, and 

supportive, while also reporting challenges related to feedback length, specificity, and interpretation 

(Cengiz et al., 2025; ElEbyary & Shabara, 2024; Yan & Zhang, 2024). 

     Comparative research has also begun to examine AI-generated feedback alongside teacher feedback. 

Muñoz et al. (2025) found that ChatGPT-generated direct corrective feedback produced grammatical 

range and accuracy gains comparable to those achieved through teacher feedback, and suggested 

integration of AI tools to improve corrective feedback provision. Similarly, Zhang (2024) reported that 

the use of ChatGPT as a feedback tool enhanced learner motivation and revision quality, while also 

emphasizing the importance of pedagogical guidance to prevent superficial reliance on AI output. This 

broader point is also reflected in research on technology-mediated language learning. Mehrara et al. 

(2025), for example, found that guided mobile-assisted task performance was particularly beneficial for 

learners’ willingness to communicate and reactivity to mistakes, suggesting that the pedagogical guidance 

accompanying a technological tool can influence how productively its affordances are realized. Although 

their study did not concern generative AI or written corrective feedback, its findings reinforce the view 

that technology-mediated learning outcomes cannot necessarily be attributed to the technological tool 

alone. More broadly, Urzúa et al. (2025), in a systematic review of AI-assisted feedback in higher 

education, concluded that generative AI has considerable potential to improve writing accuracy, learner 

autonomy, and motivation, while emphasizing that its effectiveness depends on informed pedagogical 

implementation and appropriate teacher mediation. 

     Recent analyses also suggest that generative AI differs from teacher feedback not only in its 

immediacy but also in its scope. For example, Guo and Wang (2024) found that ChatGPT generated 

substantially more feedback than teachers and distributed its attention more evenly across content, 

organization, and language, whereas teacher feedback focused primarily on content- and language-related 

issues. These findings illustrate the flexibility of generative AI as a feedback provider, although they also 

suggest that the nature of AI-generated feedback may differ considerably depending on the instructional 

prompts and feedback objectives. 



 
6 Narges Nourizadeh et al.                                                          Effects of AI-Generated Direct and 

     Despite these advances, much of the existing research on AI-mediated written corrective feedback has 

focused on learner perceptions, revision behavior, or overall writing quality rather than on structure-

specific grammatical development across time. Moreover, relatively few studies have examined how 

different types of AI-generated feedback, such as direct and metalinguistic feedback, shape learners’ 

developmental trajectories. Given evidence from traditional feedback research showing that feedback 

explicitness interacts with grammatical complexity and retention (Suzuki et al., 2019), there is a clear 

need for experimental studies that combine AI-mediated feedback with delayed measures of grammatical 

development. 

     To address this gap, the present study compared the effects of AI-generated direct corrective feedback 

and AI-generated metalinguistic feedback on learners’ accuracy in producing the English passive 

causative construction across pretest, immediate posttest, and delayed posttest measures. Based on this 

gap, the following research questions guided the study: 

 RQ1. Does EFL learners' sentence-level accuracy in producing the English passive causative 

construction change significantly across the pretest, immediate posttest, and delayed posttest following 

AI-generated written corrective feedback? 

 RQ2. Does the development of sentence-level grammatical accuracy over time differ between learners 

receiving AI-generated metalinguistic feedback and those receiving AI-generated direct corrective 

feedback? 

 RQ3. Are gains in sentence-level grammatical accuracy better maintained following AI-generated 

metalinguistic feedback than following AI-generated direct corrective feedback, as measured by the 

delayed posttest? 
 

Theoretical framework 

This study is informed by the principles of form-focused instruction (FFI), which emphasizes integrating 

attention to linguistic form within meaning-oriented language use (R. Ellis, 2015). Within this 

perspective, written corrective feedback directs learners' attention to discrepancies between their own 

production and target language forms, thereby creating opportunities for noticing relevant grammatical 

features (Ellis, 2009). Research on form-focused instruction has generally shown that explicit 

instructional techniques can promote second language development and that these effects may be 

maintained over time. One explanation for these effects is that explicit instruction helps learners establish 

form–function connections that can subsequently be strengthened through continued language use (N. 

Ellis, 2015). 

     Feedback explicitness represents an important dimension of FFI. Both direct corrective feedback and 

metalinguistic feedback are generally regarded as explicit forms of feedback, although they differ in the 

type of information they provide to learners (Ellis, 2009). Direct corrective feedback supplies learners 

with the correct linguistic form, whereas metalinguistic feedback encourages reflection on the 

grammatical rule underlying the error. Previous research suggests that the effectiveness of these feedback 
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types may vary depending on learner characteristics, instructional context, and the complexity of the 

target structure (Ellis, 2002; Ellis, 2009; Shintani & Ellis, 2013). 

     In AI-mediated language instruction, generative AI provides a new means of delivering established 

forms of corrective feedback rather than introducing fundamentally new learning mechanisms. Against 

this theoretical background, the present study examines whether AI-generated direct corrective feedback 

and AI-generated metalinguistic feedback are associated with different patterns of grammatical 

development over time. 
 

Method 

Research design 

This study adopted a quasi-experimental design with a pretest, an immediate posttest, and a delayed 

posttest to examine the effects of two types of AI-generated written corrective feedback on EFL learners’ 

grammatical accuracy. Specifically, the study compared AI-generated metalinguistic feedback with AI-

generated direct corrective feedback in learners’ sentence-level production of the English passive 

causative construction. The inclusion of a delayed posttest made it possible to examine not only 

immediate learning gains, but also the extent to which any observed effects were sustained over time. 

Participants 

Participants were 58 first-year undergraduate students enrolled in a compulsory General English course 

at Farhangian University in Khorramabad. Because all participants were enrolled in the same course and 

had completed the same national English curriculum prior to university, they represented a relatively 

homogeneous educational background. Although no standardized proficiency test was administered, 

participants had completed the same national English curriculum prior to university. During the course 

orientation session, all participants reported that they had not received any additional formal English 

instruction beyond the national curriculum. 

     The study was conducted using two intact classes, each of which was assigned to one feedback 

condition. One class received AI-generated metalinguistic feedback, while the other received AI-

generated direct corrective feedback. Participation in the study was voluntary, and informed consent was 

obtained from all students prior to data collection. Participants were explicitly informed that their decision 

to participate or withdraw would have no effect on their course grades or academic standing. 

Target structure 

The instructional focus of the study was the English passive causative construction, operationalized as 

have or get followed by an object and a past participle, as in ‘I had my phone repaired’. This structure 

was selected because it is a rule-governed grammatical construction involving a complex form–meaning 

relationship, particularly the non-agentive role of the grammatical subject. These characteristics make it 

an appropriate target for examining learners' grammatical accuracy and the potential effects of different 

feedback types. To ensure structural consistency and scoring clarity, the study focused exclusively on 

passive causative forms, and active causative constructions were excluded from both instructional and 

assessment materials. Because this structure is not introduced in Iranian high school English textbooks 
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and is typically not covered in introductory university General English courses, and participants had not 

received instruction beyond the elementary levels of university English courses, prior exposure to the 

target structure was unlikely. This assumption was supported by the low accuracy scores observed on the 

pretest. 

Instruments 

Learners’ grammatical accuracy was assessed using a pretest, an immediate posttest, and a delayed 

posttest administered three weeks after the posttest. Each test was designed to elicit sentence-level 

production of the passive causative construction and included two task types, sentence completion and 

guided sentence writing. The same test format was used across testing occasions with minor lexical 

modifications to selected content words in order to reduce test–retest effects while maintaining the same 

grammatical focus and task requirements. 

     The sentence completion task consisted of ten items requiring learners to supply an appropriate passive 

causative form based on contextual cues. The guided sentence writing task included five prompts that 

required learners to produce a complete sentence using the target structure in a specified context. All 

three test versions were reviewed by two ELT experts to ensure that they were comparable in terms of 

grammatical targets, task format, level of difficulty, and linguistic appropriateness for the participants. 

The parallel forms differed only in contextual content while The parallel forms differed only in contextual 

content, while preserving equivalent grammatical targets and response demands. 

Treatment procedure 

At the beginning of the study, both groups completed the pretest during regular class time. No feedback 

was provided on the pretest in order to capture learners’ baseline ability to produce the target structure. 

Given that the passive causative had not been explicitly taught in any prior course taken by the 

participants, pretest performance was expected to be low and comparable across groups. 

     Following the pretest, both groups received a brief teacher-led instructional session, lasting 

approximately 15 minutes, introducing the English passive causative construction, including its 

grammatical form, meaning, and common communicative uses. The instructional content was identical 

for both groups. Learners then completed a treatment activity consisting of eight sentence-production 

tasks designed to elicit the passive causative construction. After submitting each response, learners 

received AI-generated written corrective feedback according to their assigned condition. 

     In the AI-generated direct corrective feedback condition, ChatGPT was guided by a fixed researcher-

designed prompting protocol that instructed the system to provide only the corrected version of an 

erroneous sentence without grammatical explanation or translation, and then ask learners to rewrite the 

sentence using the corrected form. In the AI-generated metalinguistic feedback condition, ChatGPT was 

guided by a parallel prompting protocol instructing the system to identify errors related to the passive 

causative construction, explain the relevant grammatical rule in Persian, refrain from providing the 

corrected sentence directly, and ask learners to rewrite their sentences independently. Persian was used 

for the metalinguistic explanations to ensure that learners clearly understood the grammatical rule being 
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explained, allowing the two treatment conditions to differ primarily in the type of feedback provided 

rather than in learners’ ability to comprehend the feedback. 

     In both conditions, learners were required to revise their original sentences after receiving feedback. 

To ensure consistency across participants, learners did not interact freely with ChatGPT. Instead, all 

feedback was generated using standardized researcher-designed prompts under the instructor's 

supervision, who monitored the session to ensure that the feedback remained focused on the target 

structure and that all learners completed the required revisions. 

     The immediate posttest was administered during the same week as the treatment session. The delayed 

posttest was administered three weeks later to examine the extent to which gains in grammatical accuracy 

were maintained over time. A three-week interval was selected because it is commonly used in written 

corrective feedback research to distinguish immediate learning gains from short-term retention while 

minimizing the influence of additional instruction (Rezazadeh et al., 2015). All test responses were scored 

dichotomously. One point was awarded for each grammatically accurate passive causative sentence, and 

zero points were assigned to inaccurate responses. Inaccurate responses included incorrect tense marking 

on have or get, incorrect past participle forms, incorrect word order, and the use of simple active or 

passive constructions that failed to convey causative meaning. Raw scores ranging from 0 to 15 were 

calculated for each test and used directly in all statistical analyses. 

Scoring procedure 

To establish scoring reliability, a second trained rater independently scored approximately twenty-five 

percent of the test data, randomly sampled across both feedback conditions and all testing occasions. 

Inter-rater agreement was calculated using Cohen’s kappa and indicated substantial agreement between 

raters, with a kappa value of .83. Any discrepancies were resolved through discussion prior to final 

scoring. 

Data analysis 

Before statistical analysis, the dataset was carefully screened for completeness and accuracy. All 

participants completed the pretest, posttest, and delayed posttest, and no missing data were identified. 

Potential outliers were examined using standardized z-scores for test performance at each testing 

occasion. As no scores exceeded plus or minus three standard deviations from the mean, all participants 

were retained for the final analyses. 

     The data were analyzed using a mixed-design analysis of variance, with feedback type as the between-

subjects factor and time as the within-subjects factor. Effect sizes were reported using partial eta squared. 

Assumptions of normality, homogeneity of variance, and sphericity were examined prior to analysis, and 

appropriate statistical corrections were applied where necessary. 

Ethical considerations 

All ethical guidelines for research involving human participants were observed throughout the study. No 

identifiable personal information was shared with the AI tool. Participants were fully informed about the 
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purpose of the study, the use of AI-generated feedback, and their right to withdraw at any stage without 

penalty. 
 

Results  

This section reports descriptive statistics and the results of the mixed-design ANOVA examining the 

effects of feedback type and time on learners’ sentence-level accuracy in producing the English passive 

causative construction. 

Descriptive statistics 

Based on the scores from pre-test, post-test, and delayed post-test, the means and standard deviations for 

sentence-level accuracy have been presented in Table 1 for each feedback condition. 
Table 1. Means and Standard Deviations of Accuracy Scores by Feedback Type and Time 

Feedback type Pretest  Posttest  

Delayed 

posttest  

AI Metalinguistic Mean 1.4400 11.4800 10.2000 

N 25 25 25 

Std. Deviation 1.87261 3.57211 3.59398 

AI Direct Mean 1.6061 10.5758 7.3636 

N 33 33 33 

Std. Deviation 1.86982 3.58844 3.27699 

Total Mean 1.5345 10.9655 8.5862 

N 58 58 58 

Std. Deviation 1.85638 3.57852 3.67082 

     As shown in Table 1, both groups demonstrated very low and comparable accuracy on the pretest, 

indicating limited prior knowledge of the target structure. Marked improvements were observed for 

both groups on the immediate posttest. However, performance declined on the delayed posttest for 

both groups, with a larger decrease observed in the AI direct corrective feedback group. 

Inferential statistics 

Prior to inferential analysis, the data were screened for missing values and outliers. No missing data were 

identified, and standardized z-scores indicated no extreme outliers. Levene’s tests confirmed that the 

assumption of homogeneity of variance was met at each testing occasion. However, Mauchly’s test 

indicated that the assumption of sphericity was violated; therefore, Greenhouse–Geisser corrections were 

applied to the within-subjects effects. Given the robustness of repeated-measures ANOVA and the 

consistency of multivariate test results, the data were deemed suitable for further analysis. 

     To answer the research questions, a mixed-design analysis of variance (ANOVA) was conducted with 

feedback type (AI-generated metalinguistic feedback vs. AI-generated direct corrective feedback) as the 

between-subjects factor and time (pretest, posttest, delayed posttest) as the within-subjects factor. 
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     As shown in Table 2, the analysis revealed a statistically significant main effect of time, F(1.28, 72.09) 

= 540.37, p < .001, ηp² = .90, indicating that learners’ sentence-level accuracy changed significantly 

across the three testing occasions. 
Table 2. Results of the Mixed-design ANOVA for Sentence-level Accuracy 

Effect F p ηp² 

Time 

 

Group 

(feedback type) 

 

Time×Group 

540.374 <.001 .906 

2.65 .109 .045 

12.675 <.001 .185 

     The main effect of feedback type was not statistically significant, F(1, 56) = 2.65, p = .109, ηp² = .045, 

suggesting that when accuracy scores were averaged across the three testing times, the two feedback 

conditions did not differ significantly overall. 

     Importantly, the interaction between time and feedback type was statistically significant, F(1.28, 

72.09) = 12.67, p < .001, ηp² = .18 (Table 2), indicating that the two feedback conditions exhibited 

different developmental paths over time. 
 

Table 3. Estimated Marginal Means of Accuracy by Feedback Condition and Time 

Feedback type Time Mean Std. Error 

AI 

Metalinguistic 

1 1.44 .37 

2 11.48 .71 

3 10.20 .68 

AI Direct 1 1.60 .32 

2 10.57 .62 

3 7.36 .59 

     As illustrated by the estimated marginal means in Table 3, both groups demonstrated marked 

improvement from pretest to posttest. However, learners who received AI-generated metalinguistic 

feedback showed less decline between the posttest and delayed posttest than those who received AI-

generated direct corrective feedback. This pattern suggests a relative advantage for metalinguistic 

feedback in maintaining gains in accuracy over the three-week interval examined in this study. 
 

Discussion 

Given the expanding role of artificial intelligence in language teaching, particularly in the development 

of writing skills, this study examined the effects of two types of AI-generated written corrective feedback, 

direct corrective feedback and metalinguistic feedback, on EFL learners’ grammatical accuracy over 
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time. Learners’ sentence-level accuracy in producing the passive causative construction was assessed 

across three testing occasions. The results showed a significant main effect of time, indicating changes 

in grammatical accuracy across the three testing occasions. More importantly, a significant interaction 

between time and feedback type suggested that the two feedback conditions were associated with distinct 

developmental patterns rather than uniform learning outcomes. 

     The significant main effect of time indicates that learners' grammatical accuracy changed across the 

three testing occasions. Both feedback groups showed marked improvement from the pretest to the 

immediate posttest, followed by some decline on the delayed posttest, although performance remained 

above baseline levels. This pattern suggests that the gains observed immediately after treatment were 

only partially maintained over the three-week interval examined in the present study. The overall 

improvement following treatment is consistent with previous written corrective feedback research 

demonstrating that corrective feedback can facilitate grammatical development (Bitchener & Knoch, 

2010). It also aligns with recent studies reporting improvements following AI-supported written 

corrective feedback (Abdi Tabari et al., 2025; Wang, 2024). 

     At the same time, the significant interaction between time and feedback type indicates that these gains 

did not develop in the same way across conditions. Although both groups showed marked improvement 

on the immediate posttest, learners who received AI-generated metalinguistic feedback demonstrated less 

decline in accuracy on the delayed posttest. This pattern suggests that metalinguistic feedback was 

associated with greater maintenance of grammatical accuracy over the three-week period for the target 

structure examined in this study. Similar variation in the relative effectiveness of feedback types has been 

reported in previous written corrective feedback research, with outcomes depending on the target 

structure and instructional conditions (Shintani & Ellis, 2013; Suzuki et al., 2019). 

     When accuracy scores were averaged across time, feedback type did not show an independent effect. 

This result highlights the importance of examining feedback effectiveness from a developmental rather 

than a cross-sectional perspective. Because the significant interaction showed that the two groups 

changed differently across the three testing occasions, the interaction effect provides a more informative 

account of feedback effectiveness than the main effect of feedback type alone. 

     The findings also extend research on AI-mediated written corrective feedback by demonstrating that 

the effectiveness of AI depends not only on the availability of automated feedback but also on how that 

feedback is designed. Rather than functioning as a single instructional approach, generative AI can deliver 

qualitatively different forms of corrective feedback that may be associated with different patterns of 

grammatical learning over time. These findings suggest that future research should move beyond 

evaluating AI as a single intervention and instead examine different AI feedback designs. 

     The present findings also complement emerging research on AI-generated written corrective feedback. 

Recent studies have shown that generative AI can provide adaptive and explanatory feedback during 

writing activities (ElEbyary & Shabara, 2024; Yang et al., 2025). The present study extends this work by 
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showing that different AI-generated feedback types may be associated with different developmental 

patterns in grammatical accuracy over time. 

     At the same time, the findings caution against assuming that one feedback type is universally superior 

across instructional contexts. Although both feedback conditions were associated with substantial 

immediate improvements in grammatical accuracy, direct corrective feedback appears particularly useful 

in contexts where immediate performance or rapid error correction is prioritized, such as drafting 

activities or time-constrained writing tasks. In contrast, the smaller decline observed in the metalinguistic 

feedback group suggests that explanatory feedback may be better suited to instructional goals 

emphasizing explicit understanding of the target structure and the maintenance of grammatical accuracy 

over time. 

     From a methodological perspective, the inclusion of both immediate and delayed posttests proved 

essential for interpreting feedback effectiveness. Studies relying solely on revision-based measures or 

immediate posttests risk conflating temporary performance gains with more stable learning outcomes. 

The divergent developmental patterns observed in the delayed posttest highlight the importance of 

including delayed measures when evaluating feedback effectiveness.  

     A further contribution of the present study lies in its focus on sentence-level production of a single 

grammatical structure. Unlike broader writing assessments, which combine grammatical accuracy with 

other dimensions of writing quality, this design allowed a more direct examination of changes in learners’ 

control of the passive causative construction. Although this focus limits generalizability to overall writing 

performance, it strengthens the interpretation of differences between feedback conditions. 

     Overall, the findings suggest that AI-generated written corrective feedback can support grammatical 

learning, but its effectiveness depends on the characteristics of the feedback provided rather than the use 

of AI alone. The different developmental patterns observed across the two feedback conditions suggest 

that feedback explicitness remains an important consideration when integrating generative AI into L2 

writing instruction. More broadly, the study suggests that insights from written corrective feedback 

research remain relevant for understanding the pedagogical potential of AI-assisted language learning. 
 

Conclusion 

The present study examined the effects of two types of AI-generated written corrective feedback on EFL 

learners’ grammatical accuracy across pretest, immediate posttest, and delayed posttest measures. The 

findings showed that AI-mediated feedback, regardless of type, led to significant improvements in 

grammatical accuracy over time, highlighting the potential of generative AI as an effective medium for 

delivering form-focused instruction. At the same time, the results indicated that feedback type interacted 

with time, with learners in the two feedback conditions following different developmental paths, resulting 

in different levels of accuracy at the delayed posttest. 

     Taken together, the findings are consistent with previous research suggesting that the explicitness of 

written corrective feedback may influence the maintenance of grammatical accuracy over time. While 

direct corrective feedback resulted in strong immediate improvement, metalinguistic feedback was 
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associated with greater stability of accuracy over time. This pattern suggests that explanatory feedback 

may be particularly effective in supporting retention of grammatical knowledge over time. In this respect, 

the study both aligns with and extends earlier research on written corrective feedback and form-focused 

instruction by showing that these well-established principles remain applicable when feedback is 

delivered through AI rather than by human instructors. 

     The study, however, should be interpreted in light of several limitations. It was conducted with intact 

classes from a single institutional context, and participants' proficiency was inferred from their 

educational background rather than measured through a standardized proficiency test. In addition, the 

intervention focused on a single grammatical structure and examined retention over a three-week period 

following one treatment session. Future research should investigate the effects of AI-generated feedback 

across different learner populations, grammatical structures, and longer instructional periods, while also 

exploring how AI-generated and teacher-mediated feedback may be combined to support language 

development. 
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