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Abstract

As artificial intelligence (AI) tools become increasingly embedded in educational contexts, their role 
in supporting EFL writing development warrants closer empirical examination. Grounded in Flower 
and Hayes' Cognitive Process Model and informed by psycholinguistic research using keystroke 
logging, this exploratory pilot study explores the potential effects of AI-generated feedback on EFL 
learners' writing quality and writing processes from both product- and process-oriented perspectives. 
Using a between-subjects experimental design, fourteen EFL undergraduates were randomly assigned 
to either a ChatGPT-assisted revision group or a self-revision control group. Participants produced 
an initial draft and subsequently revised their texts under their assigned condition. Writing processes 
were examined through Inputlog keystroke data capturing pausing behavior and revision patterns, 
while writing quality was assessed using an analytic rubric with established inter-rater reliability. The 
findings indicate that both revision conditions improved writing quality; however, participants who 
received AI-generated feedback achieved significantly higher post-revision writing quality scores 
than those who relied on self-revision. AI-assisted revision was also associated with reductions in 
several pausing- and revision-related measures, suggesting changes in observable writing behavior 
during revision. These findings highlight the potential of AI-generated feedback to support both the 
product and process dimensions of EFL writing.
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Introduction

The integration of Information and Communication Technology (ICT) into educational settings has 
increasingly become a focal point of research and pedagogical practice, as numerous studies under-
score its potential to enhance teaching effectiveness, learning outcomes, and learner engagement. ICT 
encompasses a broad spectrum of digital tools, including computers, tablets, educational software, and 
internet-based platforms, which collectively facilitate knowledge acquisition, skill development, and 
active learning opportunities. In contemporary educational contexts, the use of such technologies by 
students has become ubiquitous, reflecting both global trends in digital literacy and the expanding role 
of technology in supporting formal and informal learning processes.

Generative AI Chatbots in Contemporary Educational Contexts

Within the broader landscape of information and communication technologies, the emergence of gen-
erative artificial intelligence tools such as ChatGPT has opened new and promising avenues for edu-
cational practice and research (Gayed et al., 2022; Mekheimer, 2025). Unlike traditional educational 
software, generative AI tools can provide readily available, interactive, and context-sensitive responses 
tailored to learners’ queries and instructional needs. Among these technologies, AI-powered chatbots 
have gained particular prominence in educational settings, functioning as interactive conversational 
agents that facilitate communication, guide learners through both structured and open-ended tasks, and 
support knowledge construction and skill development.

Through continuous interaction, chatbots can create dynamic learning environments in which learn-
ers can ask questions, seek clarification, and practice skills through repeated, on-demand exchanges, 
thereby providing interactive support that may encourage learner engagement. Their ability to adapt 
feedback to learners’ performance and preferences further supports personalized learning and has been 
shown to enhance motivation, engagement, and persistence across learning tasks (Benotti et al., 2017). 
Recent empirical research across diverse higher-education contexts has documented university stu-
dents’ use of and engagement with generative AI tools for academic and learning-related purposes 
(Kim et al., 2025; Kwakye et al., 2025; Machkour & Abriane, 2025; Stöhr et al., 2024).

Such engagement extends to language-learning contexts, where AI chatbots may support activities 
such as obtaining explanations of grammatical forms, exploring lexical choices, and receiving assis-
tance with written production. In language learning settings, for instance, learners use these tools to 
develop metalinguistic awareness, clarify grammatical rules, expand lexical knowledge, and refine 
written production. Such patterns of use highlight the relevance of AI chatbots within contemporary 
learner-centered pedagogical approaches and underscore the need for empirical research that examines 
not only learning outcomes but also the processes through which these technologies shape learners’ 
engagement and performance.

AI-Generated Feedback in EFL Writing

One of the most common ways learners currently engage with AI-based tools is through the use of 
chatbots such as ChatGPT to receive feedback on their written work and improve writing perfor-
mance. Writing competence constitutes a central component of academic success, particularly for 
learners of English as a Foreign Language (EFL), for whom writing functions not only as a primary 
mode of assessment but also as a cognitive tool that supports language development across domains. 
Despite its importance, the development of effective writing skills in EFL contexts remains a com-
plex and demanding process. Learners often have limited opportunities for sustained writing practice, 
while large class sizes and time constraints restrict instructors’ capacity to provide frequent, detailed, 
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and individualized feedback. As a result, many EFL students experience persistent difficulties with 
grammatical accuracy, lexical selection, textual coherence, and overall writing quality, underscoring 
the need for instructional support mechanisms that can meaningfully facilitate writing development 
(Hyland, 2007; Storch, 2011).

In response to these challenges, technological advances have introduced increasingly accessible 
forms of writing support, most notably Automated Writing Evaluation systems and AI-based writing 
assistants such as ChatGPT. These tools enable learners to receive immediate, detailed, and context- 
sensitive feedback on multiple aspects of their writing, often accompanied by explanations that align 
with their level of understanding. AWE systems, in particular, rely on natural language processing 
techniques to analyze written texts across dimensions such as grammatical accuracy, lexical sophisti-
cation, coherence, organization, and overall quality (Ekizoğlu & Demir, 2025). Beyond the correction 
of surface-level errors, AI-assisted feedback may support more active engagement with the writing 
process by facilitating iterative revision and helping learners identify and address linguistic and orga-
nizational aspects of their texts (Mekheimer, 2025). Similarly, Teng’s (2024b) systematic review iden-
tified both opportunities and challenges associated with ChatGPT use in EFL writing, highlighting its 
potential to provide immediate feedback and support writing development while also noting concerns 
related to AI dependency and the need for critical engagement with AI-generated output.

Theoretical Foundations of AI-Mediated Writing Feedback

The present study is primarily grounded in Flower and Hayes’ (1981) Cognitive Process Model, which 
conceptualizes writing as a recursive cognitive activity involving three interrelated processes: plan-
ning, translating, and reviewing. By shifting attention from the final written product to the processes 
through which writers generate, organize, and refine ideas, the model provides a theoretical basis 
for examining both writing outcomes and the process-oriented measures considered in this study. 
Within this framework, AI-generated feedback can be conceptualized as external support operating 
particularly during reviewing and revision, where writers evaluate linguistic accuracy, coherence, and 
appropriateness while refining an evolving text. For EFL writers, these processes may be especially 
demanding, and AI-generated feedback may shape how learners identify and respond to linguistic 
and organizational issues during revision. Examining observable writing behavior alongside final-
text quality therefore provides a means of considering AI-assisted writing from both process- and  
product-oriented perspectives.

While Flower and Hayes’ (1981) Cognitive Process Model explains the cognitive processes involved 
in writing, Cognitive Load Theory (Sweller, 1988) offers a complementary perspective on the mental 
demands associated with these processes. According to Cognitive Load Theory, writing places sub-
stantial demands on working memory because writers must simultaneously plan ideas, retrieve lexical 
and grammatical knowledge, translate ideas into text, and monitor and revise their output. External 
instructional support may help learners manage these cognitive demands by providing guidance that 
enables them to allocate greater attentional resources to higher-order aspects of writing and revision. 
In the context of AI-assisted writing, feedback generated by tools such as ChatGPT may therefore 
assist learners in managing the cognitive demands associated with identifying and correcting linguis-
tic problems during revision. Although the present study does not directly measure cognitive load,  
Cognitive Load Theory provides a complementary theoretical perspective for interpreting the observ-
able changes in writing behavior identified in the present study.

Complementing this cognitive-process perspective, sociocognitive theories of learning conceptualize 
feedback as a form of scaffolding that can support learners within their zone of proximal development 
(Vygotsky, 1987). From this perspective, AI-generated feedback may provide temporary, task-specific 
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guidance that learners can draw on while revising their texts (Escalante et al., 2023; John-Steiner &  
Mahn, 1996). The extent to which such support contributes to learning, however, depends partly 
on how learners engage with the feedback: suggestions may be critically evaluated and selectively 
incorporated or adopted with limited reflection. This scaffolding perspective thus complements the  
Cognitive Process Model by accounting for the potential supportive role of external feedback within 
the writing and revision process.

Keystroke Logging as a Process-Tracing Method in Writing Research

Flower and Hayes’ (1981) Cognitive Process Model conceptualizes writing as a dynamic and recur-
sive activity in which writers continuously alternate between planning, translating, and reviewing.  
Crucially, these processes unfold over time and are not directly observable in the final written prod-
uct. As a result, analyses that rely solely on text quality outcomes provide limited insight into how 
cognitive resources are allocated during writing or how instructional interventions reshape the writing 
process itself.

From a process-oriented perspective, temporal features of text production such as pausing, writing 
speed, and revision behavior provide observable indicators of how writing unfolds over time. Periods 
of sustained text production may be associated with relatively continuous text generation (Matsuhashi, 
1981; Sasaki, 2000), whereas pauses and revisions may occur during activities such as planning, eval-
uation, or problem solving (Olive et al., 2009; Wallot & Grabowski, 2013). Importantly, pauses are 
not necessarily indicative of writing difficulty or reduced fluency, as they may accompany a range of 
writing-related activities, including planning, evaluation, and idea generation. Pause-related measures 
should therefore be interpreted as behavioral indicators of writing processes rather than as direct evi-
dence of specific cognitive states.

To capture these dynamics empirically, the present study employs keystroke logging as a process- 
tracing method. Unlike traditional approaches such as think-aloud protocols or retrospective inter-
views, which rely on self-report and may interfere with natural writing behavior, keystroke logging 
enables the unobtrusive recording of writers’ real-time activity. By logging every keystroke, pause, 
deletion, and revision, this method provides fine-grained temporal data that make it possible to exam-
ine writing fluency as it unfolds during text production. 

Measures such as pause duration, burst characteristics, writing speed, and revision patterns provide 
process-level indicators of observable text-production behavior (Wengelin & Johansson, 2023). By 
examining these temporal and behavioral measures, the present study complements final-text assess-
ment with a process-oriented examination of how writing and revision unfold under AI-assisted and 
self-revision conditions, in alignment with the process-oriented assumptions of Flower and Hayes’ 
Cognitive Process Model.

Previous Research on AI-Mediated Writing Support

A growing body of research has examined AI-mediated feedback in writing, with findings varying 
across technologies, instructional contexts, and outcome measures. Studies focusing on writing and 
revision have documented benefits from different forms of AI support. Grammarly-based automated 
feedback, for example, was associated with improvements in EFL writing (Wei et al., 2023), while 
AI-assisted feedback produced greater writing gains than conventional teacher feedback in another 
instructional context (Ekizoğlu & Demir, 2025). Extending this evidence to generative AI, Meyer 
et al. (2024) reported better revision performance among students receiving LLM-generated feed-
back than among those revising without feedback. Research examining the feedback itself presents 



5� Technology in Language Teaching & Learning, 8

a more complex picture: Dai et al. (2023) identified both correspondences and differences between 
ChatGPT-generated and instructor feedback, while Jacobsen and Weber (2025) demonstrated that the 
quality of LLM-generated feedback can vary according to factors such as prompting and the standard 
of comparison. Collectively, these findings indicate potential benefits for writing and revision while 
cautioning against treating AI-mediated feedback as a uniform intervention or assuming equivalence 
with human feedback across contexts.

Research has also extended beyond textual outcomes to cognitive, affective, and motivational dimen-
sions. Essel et al. (2024) reported effects associated with ChatGPT use on critical, reflective, and 
creative thinking, whereas Huang and Teng (2025) observed significantly greater affective and behav-
ioral engagement with ChatGPT feedback than with peer feedback, although the difference in cogni-
tive engagement was not significant. Positive outcomes have additionally been reported for writing 
motivation, self-efficacy, engagement, and collaborative-writing orientation (Teng, 2024a), as well 
as dimensions of L2 motivation, particularly Ideal L2 Self and L2 Learning Experience (Huang &  
Mizumoto, 2024). Taken together, this strand of research suggests that AI-mediated support may be 
associated with outcomes extending beyond writing quality; however, variation in the constructs mea-
sured, interventions employed, and research designs limits broad generalization. Characteristics such 
as the immediacy and responsiveness of AI-mediated feedback may also shape learners’ engagement 
with such support (Ene & Yao, 2021; Huang & Teng, 2025).

Recent research has further broadened the range of technologies and instructional configurations 
examined. Al-Sofi (2026) reported that Google Gemini identified common writing problems and was 
positively perceived by learners as a source of writing support, whereas Emerson et al. (2026) doc-
umented grammar gains following learner-initiated GenAI feedback in collaborative L2 writing that 
were maintained at a two-week delayed post-test. These studies extend the evidence base to newer 
forms of generative AI support, while differences in tools, tasks, feedback procedures, and research 
designs warrant caution when attributing observed outcomes specifically to AI or generalizing them 
across instructional contexts.

Taken together, existing research has generated considerable evidence concerning AI-mediated writing 
outcomes, feedback characteristics, learner perceptions, engagement, and motivation. Comparatively 
less attention, however, has been given to the real-time writing and revision processes associated 
with AI-generated feedback. In particular, process-oriented evidence derived from keystroke logging 
remains limited, leaving less understood how AI-assisted revision is reflected in observable temporal 
and behavioral patterns such as pausing, text production, and revision. Examining these process-level 
measures alongside writing quality may therefore complement existing product-based evidence and 
provide a more comprehensive account of AI-assisted revision.

Current Study

Addressing this process-oriented gap, the present exploratory pilot study combines final-text assess-
ment with keystroke logging to examine AI-assisted and self-revision from complementary product- 
and process-oriented perspectives. Keystroke logging provides fine-grained temporal and behavioral 
data on text production, including pausing and revision patterns. Importantly, unlike methods such as 
think-aloud protocols or retrospective questionnaires, which rely on self-report and may interfere with 
or reconstruct aspects of the writing process, keystroke logging enables the non-intrusive recording of 
writing behavior as it unfolds. Its integration with final-text assessment therefore allows writing out-
comes to be examined alongside observable patterns of text production and revision. 

Given the exploratory nature of the investigation and the small sample, the study is intended as a pilot 
examination of AI-generated feedback in EFL writing rather than as a basis for broad generalization. 
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Accordingly, the study has two primary objectives. First, it explores potential differences in writing 
quality between AI-assisted revision and self-revision. Second, it examines whether observable writing-
process patterns, including pausing and revision-related measures captured through keystroke logging, 
differ between the two revision conditions. By integrating product- and process-oriented measures, the 
study aims to provide a more comprehensive account of AI-assisted revision in EFL writing.

Compared with many previous studies that primarily evaluated final writing products or investigated 
rule-based automated writing evaluation (AWE) systems such as Grammarly, the present study 
examines both product and process dimensions of writing through keystroke logging and focuses 
specifically on ChatGPT, a generative AI system capable of providing context-sensitive and adaptive 
feedback. Drawing on both product- and process-based perspectives, the study aims to provide a more 
comprehensive understanding of how AI-generated feedback may influence EFL writing and extend 
current knowledge of AI-mediated writing support in higher education. Based on these objectives, the 
following research questions guide the investigation:

RQ1: � To what extent does writing quality differ between EFL learners who revise their writing 
with AI-generated feedback and those who engage in self-revision?

RQ2: � How do observable writing-process patterns, particularly pausing and revision-related  
measures, differ between AI-assisted revision and self-revision?

Methods 

Participants

Seventeen first-year undergraduate students enrolled in the English Department at the Faculty of  
Education Sciences initially volunteered to participate in the study. Prior to the experimental writing 
task, all participants completed a five-minute baseline typing task to assess keyboarding proficiency 
and ensure that they were able to complete the computer-based writing tasks. During data screening 
conducted prior to statistical analysis, three participants were excluded because their keyboarding 
performance was markedly lower than that of the remaining participants and was considered likely to 
disproportionately influence the keystroke-based measures. The final analytic sample therefore con-
sisted of fourteen participants, including eight participants in the ChatGPT-assisted revision group and 
six participants in the self-revision group.

All participants were non-native speakers of English with Arabic as their first language and were 
enrolled in the same academic program and year of study. They had successfully completed compara-
ble English language and academic writing coursework and had been exposed to similar instructional 
content prior to participation. These characteristics were expected to reduce variability associated with 
educational background, writing experience, and language proficiency, thereby facilitating a more 
focused examination of revision processes under different feedback conditions. 

Although no standardized English proficiency test was administered, participants were recruited from 
a relatively homogeneous educational and linguistic background. Nevertheless, the absence of a for-
mal proficiency measure constitutes a limitation, and future research should incorporate standardized 
proficiency assessments to more precisely account for individual differences in language ability and 
responsiveness to AI-generated feedback. Prior to participation, all students provided informed con-
sent. Ethical procedures were maintained throughout the study, including assurances of anonymity, the 
right to withdraw at any stage, and the secure management of keystroke data.
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Design

This study employed a between-subjects experimental design to examine the effect of AI-generated 
feedback on EFL students’ writing fluency and quality. Participants were randomly assigned to one of 
two conditions using a computer-generated online randomization procedure: an experimental group 
that received AI-generated feedback on their written texts and a control group that engaged in self- 
revision without external guidance. Writing performance was recorded using Inputlog keystroke  
logging software, enabling the analysis of process-oriented measures such as pausing behavior, revi-
sion activity, and production bursts. Writing quality was assessed using an analytic rubric. Together 
with the keystroke-logging data, these measures enabled the investigation of both product- and  
process-oriented dimensions of writing. A between-subjects design was adopted to minimize potential 
carryover effects that might arise if participants were exposed to both revision conditions, thereby pre-
serving the independence of the experimental conditions.

To ensure the reliability and objectivity of writing quality assessment, all essays were independently 
evaluated by two adjunct professors of English at the Faculty of Education Sciences with experience in 
teaching and assessing EFL writing. Both raters used the analytic rubric developed by González et al. 
(2017), which evaluates content, organization, language use, vocabulary, and mechanics. The raters 
were blind to participants’ condition and were not informed whether essays represented pre- or post-
revision drafts. Inter-rater reliability was assessed using the average-measures Intraclass Correlation 
Coefficient (ICC) based on a two-way mixed-effects model with absolute agreement. Results indicated 
excellent agreement for both pre-revision texts (ICC = .898, 95% CI [.440, .972]) and post-revision 
texts (ICC = .965, 95% CI [.558, .992]). Although the average-measures ICCs indicated excellent 
inter-rater agreement, the relatively wide confidence intervals indicate some uncertainty around these 
reliability estimates because of the small sample size and should therefore be interpreted cautiously. 
Final writing quality scores were calculated by averaging the ratings assigned by the two evaluators.

Instruments

Inputlog 9.5.0.1 

In the present study, writing fluency was assessed using Inputlog, a specialized keystroke logging 
tool designed to capture the dynamic processes involved in text production. Writing fluency encom-
passes both the speed and ease with which writers generate and organize text, reflecting the interaction 
between cognitive planning, language formulation, and motor execution. By recording detailed typing 
behavior, Inputlog allows researchers to quantify fluency in a precise and objective manner, going 
beyond traditional product-based measures of writing.

Inputlog systematically tracks each keystroke, along with the timing of inputs, pauses, deletions, and 
insertions, providing a continuous, fine-grained record of the writing process. Unlike traditional meth-
ods such as thinking-aloud protocols, Inputlog is less intrusive, allowing participants to write naturally 
without the cognitive burden of verbalizing their thoughts. This non-intrusive approach helps preserve 
ecological validity while capturing real-time behavioral patterns during writing.

For the purposes of this study, writing fluency was operationalized through several key process mea-
sures derived from Inputlog data:

•	 Total pausing time: the cumulative duration of all pauses, reflecting the cognitive 
effort involved in planning and problem-solving during writing.

•	 Thinking-to-writing ratio: the proportion of pause time relative to active typing time, 
indicating the balance between cognitive planning and text production.
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•	 Number of pauses: the frequency of interruptions in typing, providing insight into 
moments of reflection, hesitation, or uncertainty.

•	 Within-word pauses: pauses occurring mid-word, signaling micro-level processing 
challenges or lexical retrieval difficulties.

•	 Number of bursts: sequences of uninterrupted keystrokes, representing periods of flu-
ent text generation.

•	 Deletions and insertions: the frequency of text modifications, capturing revision 
behaviors and self-monitoring strategies.

Following common practice in keystroke logging research, pauses were operationalized as interrup-
tions in keyboard activity lasting 2000 milliseconds (2 seconds) or longer. This threshold was used in 
Inputlog to distinguish meaningful pauses associated with planning, formulation, and revision pro-
cesses from brief motor interruptions that occur during normal typing. Accordingly, all pause-related 
measures reported in the study, including total pausing time, total number of pauses, within-word 
pauses, and between-word pauses, were calculated using the 2000 ms threshold. Because pause-based 
measures can be influenced by keyboarding proficiency, participants completed a baseline typing task 
prior to the experimental writing task, and individuals exhibiting markedly lower typing performance 
were excluded during data screening to reduce variability associated with typing skill.

By employing Inputlog, the study was able to capture both temporal and structural aspects of writing 
fluency, offering a comprehensive view of how participants produce, monitor, and revise their written 
texts. This method thus provides valuable insights into observable writing processes and allows for a 
detailed comparison of fluency patterns across different experimental conditions.

The Writing Prompt 

Participants were asked to compose a paragraph of 100–150 words addressing the topic: “The  
Positive and Negative Effects of using Technology on Education.” They were instructed to structure 
their writing according to standard academic conventions, beginning with a clear topic sentence, devel-
oping their ideas with coherent supporting explanations and illustrative examples, and concluding  
with a concise and appropriate closing sentence. This task was designed to elicit writing that reflects 
both organizational and linguistic competence, allowing for the assessment of content development, 
coherence, and argumentative clarity. The time limit for this task was 25 minutes.

All participants completed the same writing task, thereby standardizing the writing topic across the  
two revision conditions. The task addressed the positive and negative effects of technology in edu-
cation and did not require specialized disciplinary knowledge. However, participants’ individual 
familiarity with or prior knowledge of the topic was not independently assessed. This is an important 
consideration, as topic familiarity has been shown to influence the allocation of time across L2 writing 
processes as well as text production and revision behavior (Li & Yu, 2024). Accordingly, individual 
differences in prior topic knowledge cannot be ruled out as a potential source of variability in the writ-
ing-process measures observed in the present study.

The Writing Analytic Rubric 

The final written texts were evaluated using the analytic scoring rubric developed by González, Trejo, 
and Roux (2017), which draws on earlier frameworks (Jacobs, 1981) and is informed by the Common 
European Framework of Reference for Languages (CEFR). Rooted in the conceptualization of writ-
ing as a system of interrelated components (Weigle, 2002), this rubric is particularly well suited to 
EFL and ESL contexts (Hamp-Lyons, 1991; Weigle, 2002). It evaluates five key dimensions, namely 
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content, organization, language use, vocabulary, and mechanics/spelling, each rated on a 0–5-point 
scale, yielding a maximum score of 25. This analytic framework allows for a nuanced assessment by 
highlighting learners’ specific strengths and areas for improvement. To ensure inter-rater reliability, all 
texts were independently scored by two university professors.

Procedure

The experimental procedure consisted of two sequential phases, designed to investigate the effects of 
AI-generated feedback on EFL learners’ writing fluency and quality while maintaining controlled and 
replicable conditions.

Phase One: Initial Drafting

Prior to the experimental task, participants completed the standardized five-minute Inputlog Copy 
Task to assess keyboarding proficiency and familiarize themselves with the computer-based writ-
ing environment. This procedure was implemented because previous keystroke-logging research has 
shown that keyboarding proficiency may influence process measures such as pausing behavior and 
burst production (Leijten & Van Waes, 2013). Following the data-screening procedure described in the  
Participants section, three participants whose performance on the standardized copy task was markedly 
lower than that of the remaining participants were excluded from the final analyses, resulting in a final 
analytic sample of fourteen participants with relatively comparable keyboarding proficiency levels.

The typing task served as a screening procedure rather than as a statistical covariate; therefore, typing 
performance was not entered into the statistical analyses as a covariate. Instead, fluency measures 
were analyzed after excluding participants with markedly lower keyboarding proficiency. Following  
the baseline typing task, participants were asked to write a paragraph of 100–150 words on the topic: 
“The Positive and Negative Effects of using Technology on Education.” They were instructed to con-
struct their paragraphs with a clear topic sentence, supporting ideas and examples, and an appropriate 
concluding sentence in accordance with the Council of Europe Analytic Rubric. Participants were 
given twenty-five minutes to complete their initial drafts independently without external assistance.

The 25-minute time limit applied only to the initial drafting phase. This duration was selected to 
provide participants with sufficient time to generate ideas and complete their initial texts while min-
imizing the influence of time pressure on writing behavior, as the primary objective of the study was 
to examine revision processes rather than performance under strict time constraints. To ensure stan-
dardized writing conditions and comparability across participants, the same time limit was applied to 
all individuals, as allowing participants to complete the task at different times could have introduced 
additional variability unrelated to the revision conditions under investigation. The selected duration is 
also consistent with previous EFL paragraph-writing research, in which learners have commonly been 
allocated between 20 and 30 minutes to produce paragraphs of approximately 100–200 words (e.g., 
Apridayani et al., 2024; McDonough & Fuentes, 2015).

Phase Two: Revision

After completing the initial draft, participants entered the revision phase, with procedures differing 
according to group assignment. Participants in the experimental group used ChatGPT-5 to obtain 
AI-generated feedback on their drafts. They copied their paragraph into the system and submitted 
the following standardized prompt: “Please review the following paragraph and provide feedback to 
improve it in terms of: 1) Content, 2) Organization, 3) Use of Language, 4) Use of Vocabulary, and 
5) Mechanics and Spelling. Suggest specific edits or alternatives where necessary.” The feedback 
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included both sentence-level suggestions related to grammar, vocabulary, and mechanics, as well as 
broader comments concerning content and organization. To ensure consistency across participants, all 
members of the experimental group received feedback using the same prompt, and no follow-up inter-
actions with ChatGPT were permitted. Participants were allowed to incorporate AI-generated sugges-
tions into their revised drafts while remaining responsible for producing the final version of the text. 
The revision phase lasted twenty minutes.

The control group engaged in self-revision during the same twenty-minute period. Participants were 
instructed to revise their paragraphs independently while focusing on the same five dimensions 
addressed in the AI feedback: content, organization, language use, vocabulary, and mechanics/spelling. 
They were guided by the following instruction: “Revise your paragraph focusing on the following five 
areas: 1) Content, 2) Organization, 3) Use of Language, 4) Use of Vocabulary, and 5) Mechanics and 
Spelling. Make any changes you think will improve your text.” No AI or external assistance was pro-
vided, allowing participants to revise their texts using their own linguistic knowledge and judgment.

Throughout both phases, writing fluency was continuously monitored using Inputlog. Following the 
recommendations of Leijten and Van Waes (2013), the raw keystroke data were cleaned by removing 
logs unrelated to the writing task, such as those generated during the familiarization phase or partici-
pant registration. The cleaned dataset was subsequently analyzed to obtain process measures, includ-
ing pause duration, pausing frequency, revision activity, burst production, insertions, deletions, and 
overall writing fluency.

Data Analysis

Statistical analyses were conducted using IBM SPSS Statistics (Version 26). Given the exploratory 
nature of the study, the relatively small sample size, and the distributional characteristics of the data, 
non-parametric statistical procedures were employed throughout. Baseline comparability between the 
ChatGPT-assisted revision and self-revision groups was first examined using a Mann–Whitney U test 
on the pre-revision writing quality scores. Between-group differences in post-revision writing quality 
and keystroke logging measures were subsequently analyzed using Mann–Whitney U tests, whereas 
within-group changes from pre- to post-revision were examined using Wilcoxon signed-rank tests. 
Exact two-tailed p values are reported throughout because of the small sample size. Effect sizes (r) 
were calculated as the absolute Z value divided by the square root of the total number of observations 
(N) and interpreted according to Cohen’s (1988) guidelines. Keystroke logging measures, including 
total pausing time, thinking-to-writing ratio, total number of pauses, within-word pauses, between-
word pauses, P-bursts, insertions, and deletions, were analyzed separately to examine different dimen-
sions of writing fluency and revision behavior. Given the exploratory nature of this pilot study, no 
adjustment for multiple statistical comparisons was applied; therefore, the findings should be inter-
preted with appropriate caution.

Results

RQ1: � To what extent does writing quality differ between EFL learners who revise their writing 
with AI-generated feedback and those who engage in self-revision?

To provide a clearer representation of participants’ performance levels and score variability, descrip-
tive statistics are presented in Tables 1 and 2. Table 1 reports the means, standard deviations, medians, 
and interquartile ranges for writing quality scores before and after revision, whereas Table 2 presents 
the median and interquartile range values for the keystroke logging measures.
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Before examining the effects of the revision conditions, baseline comparability between the two groups 
was assessed using a Mann–Whitney U test. The analysis revealed no statistically significant differ-
ence in pre-revision writing quality between the two groups (U = 21.50, Z = −0.33, exact p = .755). 
Although this finding provides no statistical evidence of baseline differences in writing quality, the 
small sample size precludes firm conclusions regarding baseline equivalence. To determine whether  
the magnitude of improvement differed between the two revision conditions, change scores (post- 
revision minus pre-revision writing quality) were subsequently compared using a Mann–Whitney U 
test. The analysis revealed a statistically significant difference between the ChatGPT-assisted revision 
group and the self-revision group (U = 7.00, Z = −2.22, exact p = .029, r = .59), indicating that partic-
ipants who received ChatGPT-assisted feedback demonstrated significantly greater improvements in  
writing quality than those who engaged in self-revision. The descriptive statistics presented in  
Tables 1 and 2 provide an overview of participants’ performance and revision behaviors, while the 
statistical significance and magnitude of the observed differences are examined through the non- 
parametric analyses reported below.

The descriptive statistics suggest that both ChatGPT-assisted revision and self-revision were asso-
ciated with improvements in writing quality, although the magnitude and consistency of these gains 
differed between the two revision conditions. Consistent with the significant difference observed in 
the change-score analysis, descriptive statistics showed higher post-revision writing quality in the 
ChatGPT-assisted revision group than in the self-revision group. A Mann–Whitney U test (Table 3) 
further indicated that the experimental group achieved a higher mean rank (M = 9.63, Sum of Ranks =  
77.00) than the control group (M = 4.67, Sum of Ranks = 28.00). This difference was statistically sig-
nificant (U = 7.00, Z = −2.22, exact p = .029) and associated with a large effect size (r = .59), indicating 
that ChatGPT-assisted revision resulted in significantly greater improvements in writing quality than 
self-revision.

Table 1. Descriptive Statistics for Writing Quality Before and After Revision

Group Pre-revision  
Mean ± SD

Pre-revision  
Md (IQR)

Post-revision  
Mean ± SD

Post-revision  
Md (IQR)

Self-Revision 11.83 ± 3.66 11.5 (5.5) 15.00 ± 3.41 14.0 (6.0)
ChatGPT-Assisted Revision 10.88 ± 1.55 11.0 (2.0) 20.88 ± 4.39 23.0 (4.0)

Table 2. Descriptive Statistics (Median and Interquartile Range) for Keystroke Logging Measures 
Before and After Revision

Measure Self-revision 
pre Md (IQR)

Self-revision 
post Md (IQR)

ChatGPT  
pre Md (IQR)

ChatGPT  
post Md (IQR)

Total Pausing Time 9.22 (5.75) 8.37 (2.65) 7.42 (5.01) 3.59 (1.71)
Thinking-Writing Ratio 49.34 (17.85) 54.13 (26.51) 45.20 (18.50) 33.71 (25.24)
Total Number of Pauses 118 (63) 71 (28) 77 (35) 33 (21)
Within-Word Pauses 14 (30.50) 9 (14.50) 14 (24.00) 3 (3.00)
Between-Word Pauses 49 (30.00) 24 (16.50) 34 (10.00) 4 (7.00)
P-Bursts 112 (65.00) 64 (26.50) 78 (37.00) 32 (18.00)
Insertions 6 (51.00) 27 (64.00) 8 (19.00) 3 (12.00)
Deletions 31 (44.50) 48 (24.00) 5 (13.00) 56 (69.00)

Note. Md = Median; IQR = Interquartile Range.
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Within-group analyses further clarify these findings. In the experimental group, all eight participants 
improved their writing quality following ChatGPT-assisted revision, as reflected by eight positive 
ranks and no negative ranks (Table 4). The Wilcoxon signed-rank test confirmed a significant increase 
in writing quality (Z = −2.52, exact p = .008) with a very large effect size (r = .89), indicating that 
the improvement was observed consistently across all participants. Participants in the self-revision 
group also demonstrated significant gains, with all six participants showing positive ranks and no 
negative ranks (Table 5). The Wilcoxon signed-rank test likewise revealed a significant improvement  
(Z = −2.23, exact p = .031) with a very large effect size (r = .91). However, the magnitude of improve-
ment remained smaller than that observed in the ChatGPT-assisted revision group.

Taken together, these findings indicate that both revision conditions were associated with improved 
writing quality; however, participants who received ChatGPT-assisted feedback demonstrated signifi-
cantly greater gains than those who relied on self-revision. These results suggest that AI-generated 
feedback may provide additional support during the revision process, enabling EFL learners to pro-
duce higher-quality revised texts.

Table 3. Mann–Whitney U Test Comparing Writing Quality Between AI-Feedback and Self-Revision 
Groups

Revision type N Mean rank Sum of ranks U Z Exact sig. (2-tailed) r
Self-revision 6 4.67 28.00 07.00 -2.22 .029 .59
AI-Feedback 8 9.63 77.00

Table 4. Wilcoxon Signed-Rank Test Comparing Writing Quality Before and After ChatGPT Feedback

N Mean rank Sum of ranks Z Exact sig. (2-tailed) r
Before Revision 0a .00 .00 -2.52 .008 .89
After Revision 8b 4.50 36.00

Table 5. Wilcoxon Signed-Rank Test Comparing Writing Quality Before and After Self-Revision

N Mean rank Sum of ranks Z Exact sig. (2-tailed) r
Before Revision 0a .00 .00 -2.23 .031 0.91
After Revision 6b 3.50 21.00

RQ2: � How do observable writing-process patterns, particularly pausing and revision-related  
measures, differ between AI-assisted revision and self-revision?

The results suggest a clear and consistent pattern: AI-generated feedback was associated with substan-
tial changes in observable writing behavior, whereas self-revision produced comparatively modest 
changes. Participants who received AI feedback exhibited fewer pauses but greater deletion activ-
ity during revision, together with reductions in both within- and between-word pauses. By contrast, 
self-revision produced relatively limited changes across the keystroke measures.
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The large effect sizes observed in the present study should be interpreted with caution. Effect size esti-
mates may be inflated in studies involving small and relatively homogeneous samples, particularly in 
pilot research. Consequently, although the findings suggest potentially meaningful effects, replication 
with larger and more diverse samples is necessary to establish the stability and generalizability of the 
observed effect sizes.

When comparing groups (Table 6), participants in the AI-feedback condition showed significantly 
lower total pausing time (U = 2.00, Z = -2.84, Exact p = .003, r = .76), fewer total pauses (U = 3.00,  
Z = -2.71, Exact p = .005, r = .72), fewer within-word pauses (U = 0.00, Z = -3.01, Exact p = .001,  
r = .80), fewer between-word pauses (U = 3.50, Z = -2.51, Exact p = .008, r = .67), and fewer P-bursts 
(U = 1.00, Z = -2.97, Exact p = .001, r = .79). These large effect sizes are consistent with substantial 
differences between the two revision conditions, although they should be interpreted cautiously given 
the exploratory nature of the study. In contrast, thinking-writing ratio, total insertions, and total dele-
tions did not differ significantly between groups, suggesting that AI feedback primarily influenced 
pausing behavior and observable revision behavior.

Within-group analyses further clarify these patterns. Following ChatGPT-assisted revision (Table 7), 
participants significantly reduced total pausing time (Z = -2.52, Exact p = .008, r = .89), total number 
of pauses (Z = -2.52, Exact p = .008, r = .89), within-word pauses (Z = -2.38, Exact p = .016, r = .84), 

Table 6. Mann–Whitney U Test Comparing Writing Fluency Between AI-Feedback and Self-Revision 
Groups

Mann 
Whitney U

Wilcoxon 
W

Z Exact sig. 
(2-tailed)

r

Total Pausing Time 2.00 38.00 -2.84 .003 0.76
Thinking Writing Ratio 9.00 45.00 -1.93 .059 0.52
Total Number of Pauses 3.00 39.00 -2.71 .005 0.72
Within Words Pauses .00 28.00 -3.01 .001 0.80
Between Words Pauses 3.50 31.50 -2.51 .008 0.67
Number of P Bursts 1.00 37.00 -2.97 .001 0.79
Total Number of Insertions 9.50 45.50 -1.89 .059 0.51
Total Number of Deletions 14.00 35.00 -1.29 .228 0.34

Table 7. Wilcoxon Signed-Rank Test Comparing Writing Fluency Before and After ChatGPT Feedback

Z Exact sig. (2-tailed) r
Total Pausing Time -2.52 .008 0.89
Thinking Writing Ratio -1.54 .141 0.55
Total Number of Pauses -2.52 .008 0.89
Within Words Pauses -2.38 .016 0.84
Between Words Pauses -2.36 .016 0.84
Number of P Bursts -2.52 .008 0.89
Total Number of Insertions -.91 .406 0.32
Total Number of Deletions -2.38 .016 0.84
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between-word pauses (Z = -2.36, Exact p = .016, r = .84), and number of P-bursts (Z = -2.52, Exact 
p = .008, r = .89), while exhibiting a significant increase in deletion activity (Z = -2.38, Exact p = .016, 
r = .84). These very large effect sizes indicate substantial changes in observable writing behavior fol-
lowing AI-assisted revision. Conversely, thinking-writing ratio (Z = -1.54, Exact p = .141, r = .55) and 
total insertions (Z = -0.91, Exact p = .406, r = .32) did not change significantly.

By contrast, self-revision (Table 8) produced more limited changes. Participants exhibited reductions 
in within-word pauses (Z = -1.99, Exact p = .063, r = .81) and between-word pauses (Z = -1.99, Exact 
p = .063, r = .81); however, these changes did not reach statistical significance. Likewise, total pausing 
time (Z = -1.36, Exact p = .219, r = .56), thinking-writing ratio (Z = -0.94, Exact p = .430, r = .38),  
total number of pauses (Z = -1.57, Exact p = .150, r = .64), number of P-bursts (Z = -1.78, Exact  
p = .094, r = .73), total insertions (Z = -0.36, Exact p = .875, r = .15), and total deletions (Z = -0.94, 
Exact p = .438, r = .38) also remained statistically unchanged. Overall, these findings suggest that 
self-revision resulted in relatively limited changes in writing fluency.

Table 8. Wilcoxon Signed-Rank Test Comparing Writing Fluency Before and After Self-Revision

Z Exact sig. (2-tailed) r
Total Pausing Time -1.36 .219 0.56
Thinking Writing Ratio -.94 .43 0.38
Total Number of Pauses -1.57 .15 0.64
Within Words Pauses -1.99 .063 0.81
Between Words Pauses -1.99 .063 0.81
Number of P Bursts -1.78 .094 0.73
Total Number of Insertions -.36 .875 0.15
Total Number of Deletions -.94 .438 0.38

Taken together, the findings indicate that AI-generated feedback was associated with broader changes 
in observable writing behavior than self-revision. Across multiple measures, participants who received 
AI feedback exhibited reductions in several pausing measures together with increased deletion activity, 
whereas self-revision produced comparatively limited changes across the keystroke measures. These 
results suggest that AI-generated feedback may be associated with different revision processes than 
self-directed revision alone.

Discussion

The present study examined the effects of AI-generated feedback, specifically ChatGPT, on EFL  
undergraduate students’ writing quality and writing fluency, comparing these effects with those of 
self-revision. By adopting both product-oriented and process-oriented measures, the study provides a 
nuanced account of how AI-mediated feedback influences not only what learners write but also how 
they write. The findings reveal that AI feedback exerts differential yet complementary effects on writ-
ing quality and writing fluency, underscoring the importance of treating these constructs as theoreti-
cally and empirically distinct.

Effect of AI-Generated Feedback on Writing Quality

With respect to writing quality, the findings indicate that both ChatGPT-assisted revision and self- 
revision resulted in statistically significant improvements across drafting sessions. This finding is 
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consistent with the well-established view that revision plays a crucial role in enhancing written per-
formance. However, the experimental group that received AI-generated feedback significantly outper-
formed the self-revision group in post-revision writing quality, suggesting that AI-mediated feedback 
may provide additional pedagogical value beyond learners’ independent revision efforts.

The greater improvement in writing quality following AI-assisted revision may be attributable to the 
explicit, immediate, and multidimensional nature of the feedback provided. Unlike self-revision, which 
depends largely on learners’ existing linguistic knowledge and metalinguistic awareness, ChatGPT 
delivers targeted guidance addressing multiple dimensions of writing, including grammar, vocabulary, 
coherence, organization, and mechanics. Such feedback may facilitate linguistic noticing (Schmidt, 
1990) by drawing learners’ attention to discrepancies between their interlanguage and target-like 
forms, thereby supporting more effective revision decisions. This interpretation aligns with previous 
research demonstrating that AI-based feedback systems can promote engagement with both language 
form and textual organization, leading to higher-quality written outcomes (Ekizoğlu & Demir, 2025; 
Wei et al., 2023; Dai et al., 2023).

These findings are also broadly consistent with previous empirical studies. For instance, the quasi- 
experimental study by Ekizoğlu and Demir (2025) reported significant improvements in students’ over-
all writing performance following AI-assisted instruction. Similarly, previous research has highlighted 
the potential of AI-generated feedback to improve writing quality, particularly in contexts where indi-
vidualized teacher feedback is limited (Nazari et al., 2021; Ngo et al., 2024). The present findings 
extend this body of research by suggesting that these benefits may persist even when AI-assisted revi-
sion is compared directly with self-revision.

The consistency of improvement observed among participants in the experimental group suggests 
that ChatGPT functioned as an effective source of external support during revision. By providing 
accessible feedback across multiple dimensions of writing, the tool may have helped learners identify 
and address issues that might otherwise have gone unnoticed during self-revision. While self-revision 
remains valuable for fostering autonomy and reflective skills, its effectiveness may be constrained by 
learners’ linguistic knowledge and ability to detect weaknesses in their own texts, which may partly 
explain the comparatively smaller gains observed in the control group.

Effect of AI-Generated Feedback on Writing Fluency

In contrast to writing quality, which reflects the linguistic and rhetorical characteristics of the final 
written product, writing fluency captures the writing process, including the temporal, procedural, and 
behavioral dynamics of text production as it unfolds in real time. The findings of the present study 
demonstrate that ChatGPT-assisted revision exerted a pronounced and systematic effect on writing flu-
ency. Participants who received AI-generated feedback exhibited significant reductions in total pausing 
time, overall frequency of pauses, within-word and between-word pauses, and P-bursts, together with 
a significant increase in deletion activity. Collectively, these findings suggest substantial changes in 
observable writing behavior during revision. However, because pausing measures and P-burst counts 
may also be influenced by factors such as text length, active writing time, and revision strategies, 
they should be interpreted as behavioral indicators of writing processes rather than direct evidence of 
improved writing fluency. By comparison, self-revision produced only limited fluency-related gains, 
primarily at the micro-level of pausing behavior, with no significant improvements observed in broader 
fluency measures such as total pausing time or revision intensity.

From a psycholinguistic perspective, these findings may be interpreted through the lens of Cognitive 
Load Theory (Sweller, 1988) and the Cognitive Process Model (Flower & Hayes, 1981). Writing is 
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a cognitively demanding activity that requires the simultaneous coordination of planning, idea gen-
eration, lexical retrieval, syntactic encoding, and self-monitoring. Frequent pausing and deletions are 
often interpreted as indicators of processing difficulty, uncertainty, or disruptions in lexical and syn-
tactic formulation (Sinharay et al., 2019). Consequently, the substantial reduction in pausing behavior 
together with the increase in deletion activity following AI-assisted revision may suggest that partici-
pants revised their texts differently while spending less time pausing during the revision process. These 
findings may therefore be consistent with reduced attentional demands during revision and greater 
procedural stability during writing.

However, because keystroke logging provides only indirect behavioral indicators, these findings 
should not be interpreted as direct evidence of specific cognitive mechanisms. Alternative explanations 
remain plausible. For example, some learners may have incorporated AI-generated suggestions with 
limited critical evaluation, resulting in cognitive offloading or passive transcription rather than deeper 
linguistic processing. Consequently, the present study cannot determine whether AI feedback primar-
ily facilitated language learning or merely supported more efficient task completion. Nevertheless, 
keystroke logging remains valuable because it captures process-level behaviors that are not evident 
from analyses of the final written product alone. By recording every keystroke, pause, and revision  
in real time, Inputlog provided detailed evidence of how AI-assisted revision influenced writing  
processes throughout the revision stage, offering insights that could not have been obtained through 
product-based assessment alone.

An interesting finding concerns the self-revision group, which demonstrated a significant improvement 
in writing quality despite relatively limited changes in fluency measures. This pattern may suggest that 
improvements in text quality do not necessarily require substantial changes in observable writing 
behavior. Participants may have enhanced their texts through focused revisions, such as correcting 
grammatical errors, refining lexical choices, improving sentence clarity, and resolving local textual 
problems. Such targeted modifications can improve overall writing quality without necessarily pro-
ducing large changes in insertion, deletion, or pausing measures. Furthermore, although self-revision 
improved writing quality, the final writing scores remained considerably lower than those achieved 
following ChatGPT-assisted revision. This suggests that self-revision primarily supported localized 
improvements to the existing text, whereas AI-generated feedback was associated with substan-
tially higher-quality final drafts. Although reductions in within-word and between-word pauses were 
observed in the self-revision group, these changes did not reach statistical significance when exact 
significance values were calculated. Therefore, no firm conclusions can be drawn regarding underlying 
cognitive changes associated with these measures.

An important distinction should be made between immediate performance enhancement and long-term 
language acquisition. The present findings demonstrate that ChatGPT-assisted revision was associated 
with improvements in writing quality and observable writing behavior during a single revision ses-
sion. However, because the study did not include a delayed post-test, it remains unclear whether these 
improvements reflect durable learning or temporary performance gains supported by external assis-
tance. One possible interpretation is that AI-generated feedback functions as a pedagogical scaffold, 
helping learners notice linguistic problems and gradually internalize effective revision strategies. An 
alternative interpretation is that AI feedback primarily serves as a temporary support, enabling learners 
to produce stronger texts without necessarily developing the underlying knowledge and skills required 
for independent writing. Consequently, the present study cannot determine whether the observed ben-
efits reflect genuine language development, improved task performance, or a combination of both. 
Longitudinal research incorporating delayed post-tests is therefore needed to determine whether the 
benefits associated with AI-assisted revision are sustained once external support is removed.
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Synthesis and Theoretical Implications 

Taken together, the findings suggest that AI-generated feedback may support writing development at 
both the product and process levels. Participants who received ChatGPT-assisted feedback produced 
higher-quality texts while also demonstrating changes in observable writing behaviors, including 
reductions in pausing together with increased deletion activity. These findings highlight the potential 
of AI-generated feedback to influence not only the final written product but also the way revision 
is carried out during writing. From a theoretical perspective, the results are broadly consistent with 
models of writing that emphasize the interaction between planning, text production, and revision pro-
cesses. While self-revision remains valuable for fostering learner autonomy and reflective practice, 
AI-mediated feedback may serve as a complementary source of support for EFL learners engaged in 
cognitively demanding writing tasks.

Concluding Remarks

This exploratory pilot study contributes to the emerging literature on AI-assisted writing by integrating 
product- and process-oriented perspectives through the use of keystroke logging. The findings sug-
gest that ChatGPT-assisted revision was associated with greater improvements in writing quality and 
broader changes in observable writing behavior than self-revision, highlighting the potential of AI- 
generated feedback to support both writing outcomes and revision processes in EFL contexts. How-
ever, because keystroke measures provide indirect behavioral indicators and the study involved a 
relatively small sample and a single revision session, the findings should be interpreted as prelimi-
nary rather than definitive. Future research employing larger and more diverse samples, longitudinal 
designs, delayed post-tests, and complementary qualitative methods is needed to determine whether 
the observed process-level changes translate into sustained improvements in independent writing 
performance.

Pedagogical Implications

The findings of this study offer several practical implications for the teaching of academic writing in 
EFL contexts. One particularly promising application involves the use of AI-generated feedback as 
part of a structured revision process. Students may first use AI tools such as ChatGPT to identify and 
address linguistic issues related to grammar, vocabulary, mechanics, and clarity, allowing them to 
refine initial drafts before receiving teacher feedback. This approach may enable instructors to devote 
more attention to higher-order aspects of writing, such as argumentation, organization, originality, and 
critical engagement, thereby maximizing the complementary strengths of both AI and human feed-
back. Such an approach may be particularly valuable in EFL contexts characterized by large class sizes 
and limited opportunities for individualized feedback.

At the same time, the effective integration of AI-assisted revision requires the development of AI 
literacy skills. Students should be encouraged to formulate effective prompts and critically evaluate 
AI-generated suggestions rather than accepting them uncritically, as AI systems may occasionally 
provide inaccurate, incomplete, or contextually inappropriate feedback. The quality of AI-generated 
output depends partly on the quality of the prompts provided and the user’s ability to assess the appro-
priateness of the responses. Consequently, AI-generated feedback should be viewed as a support tool 
that complements, rather than replaces, learners’ own judgment and teacher guidance. This emphasis 
on AI literacy is consistent with recent research showing that learners’ effective use of AI tools depends 
not only on access to the technology itself but also on their ability to evaluate, interpret, and appropri-
ately integrate AI-generated support into their writing processes (Tran, 2026).



Exploring the Effects of AI-Generated Feedback on EFL Writing Fluency and Quality� 18

A second pedagogical implication concerns the potential use of keystroke logging as a metacognitive 
tool. By providing learners with visual representations of their writing processes, including pausing 
patterns, revision behaviors, and production bursts, keystroke logging may encourage greater aware-
ness of individual writing strategies and areas for improvement. Students can use these visualizations 
to identify moments where writing fluency breaks down, reflect on revision behaviors, and develop 
more effective writing strategies. When combined with AI-generated feedback and teacher guidance, 
keystroke logging may support a more reflective, process-oriented approach to writing instruction that 
promotes writing development, learner self-regulation, and metacognitive awareness.

Limitations and Future Research

Despite its contributions, this exploratory pilot study has several limitations that should be considered 
when interpreting the findings. First, the study relied on a relatively small and homogeneous sample. 
Given the time-intensive nature of keystroke logging data collection and analysis, the sample size was 
determined by participant availability rather than a priori statistical power considerations. As a result, 
the findings should be interpreted as exploratory because small samples may limit statistical generaliz-
ability, increase sensitivity to individual variability, and produce inflated effect size estimates. Further-
more, the relatively large number of statistical comparisons conducted in the present study increases 
the possibility of Type I error. Replication with larger and more diverse learner populations is therefore 
necessary to establish the robustness and generalizability of the findings.

Second, although participants were recruited from the same academic program and shared a relatively 
homogeneous educational and linguistic background, no standardized measure of English language 
proficiency was administered. In addition, participants were excluded following post hoc screening 
of markedly atypical keyboarding performance rather than on the basis of a prespecified numerical 
typing-speed criterion. Although the baseline typing task helped reduce variability associated with 
keyboarding proficiency, some degree of selection bias cannot be ruled out. Future studies should 
incorporate standardized measures of English proficiency, establish objective keyboarding-proficiency 
criteria prior to data collection, and statistically account for individual differences such as prior expe-
rience with AI tools, self-regulation skills, and typing ability.

A further limitation concerns participants’ familiarity with the writing topic. Although all participants 
completed the same writing task, participants’ individual familiarity with or prior knowledge of the 
topic was not independently assessed. Differences in prior topic knowledge may therefore have intro-
duced additional variability into the writing-process measures. Future research should directly assess 
topic familiarity prior to task completion or systematically manipulate familiarity across writing tasks.

Another limitation concerns the comparison between AI-assisted revision and self-revision. Although 
both groups revised their texts according to the same writing dimensions, only the AI-assisted group 
received individualized and elaborated feedback. Moreover, participants in the AI-assisted condition 
spent part of the revision phase reading and processing ChatGPT-generated feedback before revising 
their texts, whereas participants in the self-revision condition revised without external input. As a 
result, differences in keystroke patterns may partly reflect differences in task structure rather than the 
effects of AI-generated feedback alone. Accordingly, some of the observed advantages may be attrib-
utable to the benefits of structured external guidance rather than the unique effects of AI-generated 
feedback itself. Future research should therefore compare AI-generated feedback with other forms 
of structured support, such as teacher feedback, peer feedback, or checklist-guided revision, to better 
isolate the specific contribution of AI-assisted revision. The present findings should thus be interpreted 
as demonstrating the effectiveness of AI-assisted revision relative to self-revision under the conditions 
of this study rather than as evidence that AI feedback is superior to all alternative forms of feedback.
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An additional limitation concerns the interpretation of writing processes. Although keystroke log-
ging provides detailed information about pausing behavior, revision activity, and other observable 
aspects of writing, it cannot reveal the qualitative nature of textual changes or the cognitive processes 
underlying these behaviors. Consequently, the present study cannot determine whether revisions pri-
marily involved surface-level modifications or higher-order changes related to content, organization, 
and meaning. Future research could combine keystroke logging with qualitative analyses of revision 
types, such as the taxonomy proposed by Faigley and Witte (1981), to provide a more comprehensive 
understanding of how AI-generated feedback shapes revision processes.

Finally, the study examined only the immediate effects of AI-generated feedback during a single 
revision session using one writing task and a single standardized ChatGPT prompt. Consequently, 
it remains unclear whether the observed improvements reflect durable learning or temporary perfor-
mance gains supported by external assistance. Although AI-generated feedback may facilitate revision 
during individual writing tasks, its long-term influence on learners’ independent writing development 
remains uncertain. Longitudinal studies incorporating multiple writing tasks and delayed post-tests 
are needed to determine whether the observed improvements are maintained over time after external 
support is withdrawn.

Future research may also explore the pedagogical potential of keystroke logging as a metacognitive 
tool. Investigating whether regular exposure to keystroke visualizations, reflective prompts, and strat-
egy instruction enhances learners’ self-regulation, writing fluency, and writing quality would further 
extend the process-oriented contributions of the present study.
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