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ABSTRACT
This action research study examined how an AI-supported automated writing evaluation (AISAWE) tool can 
be integrated into EFL writing instruction through a hybrid AI+teacher feedback loop. Because classroom use 
of AISAWE can introduce feedback overload, interpretation problems, and concerns about learner agency, 
we implemented an eight-week exploratory action research (EAR) cycle to adapt instructional routines while 
documenting classroom uptake in a naturalistic setting. Data were primarily qualitative (field notes, teacher 
focus group data, and student reflections), supplemented by quantitative indicators (pre–post rubric scores, 
self-report scales, and the System Usability Scale) to contextualize patterns of change. Findings address three 
research questions. First, uptake was shaped by three recurring practices: managing feedback load, clarifying 
AI feedback through teacher mediation, and regulating reliance on AI feedback. Second, indicators showed 
gains in micro-level linguistic accuracy alongside stability in rhetorical structure across the cycle. Third, while 
students valued speed and coverage, engagement was constrained by usability friction, digital fluency gaps, 
and motivational and voice-related concerns. Overall, results suggest that AISAWE can support micro-level 
revision when teacher mediation structures dense feedback and protects learner authorship.

Keywords:	 Exploratory Action Research (EAR), Automated Writing Evaluation (AWE), EFL, writing 
skills, usability.

INTRODUCTION
AI-supported Automated Writing evaluation (AISAWE) tools are increasingly used in English language 
writing classrooms because they provide immediate feedback at scale, particularly on grammar, lexis, and 
mechanics. In instructional settings with limited time for individualized teacher feedback, AISAWE is often 
adopted as a practical response to a longstanding tension: learners require frequent, timely information 
about their language production, yet teachers cannot always provide dense, individualized feedback on every 
draft. Recent studies, however, indicate that AISAWE outcomes are neither uniform nor guaranteed. Fan 
and Ma (2022) report mixed effects across AISAWE contexts in their systematic review of AWE research, 
while Fleckenstein et al. (2023), in a multi-level meta-analysis, identify a medium overall effect of automated 
feedback alongside substantial heterogeneity across studies and settings. Taken together, these findings 
suggest that the central issue is not simply whether AISAWE works, but how high-volume feedback is 
taken up during instruction and under what conditions it becomes usable and instructionally productive. 
One reason outcomes vary is that AISAWE feedback does not operate in a vacuum. Rather than directly 
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producing learning, automated feedback enters classrooms as a stream of prompts that must be interpreted, 
prioritized, and transformed into revision decisions by learners and teachers. 
From an interactionist perspective, Long (1996) and Gass and Mackey (2015) conceptualize second language 
development as emerging through cycles of noticing, negotiation of meaning, and modified output. Applied 
to writing instruction, AISAWE can multiply opportunities for noticing and micro-edits by making local 
gaps salient. By contrast, discourse-level development typically depends on contingent, dialogic teacher 
support that helps learners interpret feedback, prioritize revisions, and align changes with the communicative 
aims of the task. Classroom-based AWE research reflects this distinction. Warschauer and Ware (2006) 
and Woodworth and Barkaoui (2020) describe AWE as most effective when embedded within instruction 
rather than used in isolation, while Li et al. (2015) show that learners often require teacher mediation to 
understand feedback labels and make principled revision decisions. Taken together, this work highlights that 
instructional value lies not in feedback volume alone, but in how feedback is integrated into pedagogical 
routines. This focus on classroom workflow is especially important because AWE feedback streams can 
be dense and technically worded. Prior classroom studies report that when feedback is long, repetitive, or 
metalinguistically complex, learners may struggle to decide what to address first, misunderstand system flags, 
or adopt suggested rewrites mechanically, outcomes that can reduce learning value and shift teacher time 
toward triage rather than writing development (Li et al., 2015; Woodworth & Barkaoui, 2020). Thus, uptake 
is shaped not only by what feedback is given, but by how it is curated, explained, sequenced, and negotiated 
during instruction. In addition to interpretability, classroom uptake is shaped by conditions of use. Even 
when feedback content is potentially useful, usability barriers can constrain productive engagement. When 
tools introduce login problems, lag, compatibility issues, or interface confusion, instructional time may shift 
toward troubleshooting, peer-dependence can increase, and teacher mediation can be diverted from writing 
development toward ad hoc technical support. 
The System Usability Scale (SUS), introduced by Brooke (1996) and later benchmarked by Lewis and Sauro 
(2018), provides a reference point for interpreting usability experience. However, usability metrics alone 
cannot explain when and how friction becomes pedagogically consequential; process-sensitive qualitative 
evidence is required to capture how usability issues intersect with feedback interpretation and instructional 
decision-making during writing tasks. These implementation realities point to a practical gap in the literature. 
Despite widespread AISAWE adoption and a growing body of outcome-focused studies, fewer investigations 
provide pointed accounts of the classroom mechanisms that make AISAWE feedback usable: how teachers and 
learners manage feedback density, interpret and rephrase technical prompts, and sustain voice and authorship 
under real conditions of access and usability. This gap matters because implementation is where AISAWE 
either functions as an efficient support for revision or becomes a source of overload, misunderstanding, and 
increased teacher workload (Karagoz, 2025). Although emerging studies examine AI-generated feedback 
in writing contexts (Abdaoui, 2025; Shi & Aryadoust, 2024), few provide a detailed analysis of classroom 
uptake routines and instructional negotiation of AI feedback in naturalistic EFL settings. To address this gap, 
the present study adopts an exploratory action research design to examine how an AISAWE tool is integrated 
into classroom writing instruction within a hybrid feedback loop, with particular attention to (a) uptake 
processes during weekly writing tasks, (b) outcome patterns in linguistic accuracy and rhetorical structure 
over the action research cycle, and (c) conditions of use that facilitate or constrain classroom engagement. 
The study contributes by (1) specifying observable uptake routines that link automated prompts to revision 
decisions, (2) relating these routines to changes in micro-accuracy and rhetorical organization over time, and 
(3) documenting how usability frictions become pedagogically consequential in everyday classroom work. 
Guided by this framing, the study is structured around the following research questions:

1.	 How is AI-supported AWE feedback taken up during weekly writing tasks in an EFL classroom?
2.	 To what extent does the hybrid AI+teacher feedback loop relate to changes in linguistic accuracy and 

rhetorical structure across the EAR cycle?
3.	 What factors shape the classroom use of AI-supported AWE?
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METHODOLOGY 
Research Design
This study is situated within the action research tradition, which broadly encompasses two orientations: 
participatory/critical action research, aimed at collective empowerment and systemic transformation, and 
exploratory action research, which focuses on improving local pedagogical practice through iterative inquiry. 
The present study adopts the latter orientation to examine how an AISAWE can be integrated into the 
workflow of an EFL writing classroom. EAR was selected because it foregrounds iterative cycles of planning, 
action, observation, and reflection, allowing pedagogical decisions to evolve responsively as classroom 
insights emerge in a naturalistic setting (O’Leary, 2004; Macintyre, 2000). Rather than pursuing systemic 
change or participatory reform, the study aims to generate situated understanding of instructional uptake 
and teacher mediation in everyday classroom practice. In contrast to experimental designs that prioritize 
control and statistical generalization, this EAR cycle emphasizes ecological validity and process explanation, 
with particular attention to the how and why of learner uptake in context.
Data sources were aligned with this process-oriented stance. Field notes and student reflections were used to 
document uptake during weekly writing tasks, while a teacher focus group provided pedagogical evaluation 
of AI-supported AWE feedback and contextual classroom constraints. Quantitative measures were collected 
to serve a heuristic and contextual function: rather than operating as the primary evidentiary base or as 
formal triangulation for validation, they were used to situate qualitative interpretations and refine analytic 
insights. This methodological positioning aligns with the study’s research questions, which foreground 
classroom uptake routines and conditions of use, while using outcome indicators to describe the direction 
and scope of change within the EAR cycle.
Following Kemmis and McTaggart’s (2000) spiral model, EAR was operationalized through iterative 
planning and reflection across the intervention period (McNiff, 2017). As illustrated in Figure 1, classroom 
implementation was organized around a weekly AI → student → teacher routine grounded in Interaction 
Theory: AI-supported AWE feedback increased opportunities for noticing and micro-level revisions, while 
teacher mediation supported negotiation of meaning and discourse-level development. The EAR structure 
thus enabled small-scale experi
mentation, close observation, and timely pedagogical adjustment, while generating analyzable evidence 
related to process (RQ1), outcomes (RQ2), and conditions of use (RQ3).

Figure 1. Adapted from the classroom action research model (Kemmis & McTaggart, 2000)
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Participants
Participants comprised an intact cohort of 30 intermediate (B1-level) EFL learners (17–18 years old) enrolled 
in a writing-focused preparatory program. Because the study was implemented within regular instruction, 
the whole class participated as the study group. Eligibility was defined by course enrollment, CEFR-defined 
proficiency level, and active attendance during the study period. The shared instructional context and similar 
learning objectives of this cohort provided a stable classroom setting for examining the integration and 
uptake of the AI-supported AWE tool. All 30 participants completed both the pre-intervention (Week 1) 
and post-intervention (Week 8) writing tasks. There were no missing data and no participants were excluded 
from the quantitative analysis. 
Informed consent was obtained before data collection. Participants were informed about the study’s 
purpose and procedures, potential risks and benefits, and their right to withdraw without penalty. To 
protect confidentiality, identifying information was removed during analysis and reporting. The study was 
conducted in accordance with the university’s Institutional Review Board (IRB) requirements and relevant 
ethical standards.

Data Collection Tools
AISAWE Tool Selection

To select an AISAWE tool suitable for higher-education EFL classes, we reviewed ProWritingAid, Grammarly, 
Write & Improve, and Criterion against pedagogically relevant criteria (usability, feedback coverage and 
specificity, affordability/access, customizability, privacy, and support). Following a brief classroom pilot and 
documentation review, ProWritingAid was adopted because it provides granular feedback on grammar, lexis, 
and mechanics while also flagging cohesion/structure features at a level appropriate for B1 writers; this 
combination most closely approximated teacher comments in our context (Warschauer & Grimes, 2008). 
The selection criteria and comparative overview are presented in Table 1.

Table 1. The Selection Criteria of the AISAWE tool

ProWritingAid Grammarly Write and Improve Criterion

Ease of Use ✓ ✓ ✓ ✓

Feedback Quality ✓ ✓ ✓ ✓

Integration with MS Word ✓ ✓ ✓ ✓

Affordability ✓ ✓ ✓ ✓

Accessibility for Students ✓ ✓ ✓ ✓

Customizability ✓ ✓ ✓ ✓

Support and Documentation ✓ ✓ ✓ ✓

Quantitative Data Collection Tools

Quantitative data targeted attitudes, usability, and performance and were used as supplementary context. 
Writing apprehension was measured with the Daly–Miller Writing Apprehension Test (30 items, 5-point 
Likert), a widely used instrument for affective responses to writing tasks (Daly & Miller, 1975). Writing 
self-efficacy was assessed with a 22-item scale adapted from Chen and Zhang (2019) and grounded in 
Bandura’s (1997) self-efficacy framework; items cover confidence in both conceptual and technical aspects of 
writing. Usability perceptions of the AWE tool were gathered at the end of the intervention using the System 
Usability Scale (SUS) (Brooke, 1996), providing a benchmarkable summary score (with 68 commonly cited 
as the “average” reference point). These quantitative measures were used to provide contextual and heuristic 
support for the qualitative analysis rather than to establish predictive or correlational relationships. Writing 
performance was captured through timed essays in Week 1 and Week 8, each scored on a 1–4 analytic rubric 
across Organization, Content, Vocabulary, Grammar, and Spelling & Punctuation (total = 20). For analysis, 
rubric categories were also combined into two composites, which are Rhetorical Structure (Organization 
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+ Content) and Linguistic Accuracy (Vocabulary + Grammar + Spelling & Punctuation), to distinguish 
discourse-level outcomes from micro-level accuracy. Independent raters scored the essays following a brief 
calibration; reliability details are reported in the Reliability/Validity subsection.

Qualitative Data Collection Tools

To examine uptake routines and classroom conditions in depth, three qualitative sources were used. Field 
notes were written during every lab and feedback session, documenting participation patterns, moments of 
confusion or overload, and logistical/technical issues that affected uptake; notes also recorded instructional 
adjustments made under the exploratory action research (EAR) cycle. Student reflections, short in-class 
written comments collected via e-mails at the end of sessions across the eight weeks, captured immediate 
perceptions of usefulness, clarity, and perceived learning. Finally, a focus group with teacher/SME participants 
explored the pedagogical quality of AI suggestions and practical constraints in classroom deployment. 
The combined instrument set was chosen for established validity/reliability and for alignment with our 
research questions: scales index affects and usability; the rubric provides performance evidence; and 
qualitative sources reveal mechanisms of uptake. Together, they allow us to connect what changed with how 
and why change occurred in the hybrid feedback loop.

Data Collection Procedures
Data collection was systematically integrated into the eight-week research cycle to capture a comprehensive 
picture of student progress and experiences. In Week 1, baseline measures were established through a timed 
pre-essay, the Daly–Miller Writing Anxiety Test, and the Writing Self-Efficacy Scale to capture initial 
attitudes. In Week 8, a comparable post-essay and the System Usability Scale (SUS) were administered to 
evaluate writing development and perceptions of the tool’s interface.
Throughout the intervention, qualitative data were gathered to provide rich contextual insights. This 
included continuous classroom field notes documenting learner interactions and informal student reflections 
(captured via in-class emails) to document immediate, lived experiences with the AI. Finally, a focus group 
was conducted with teachers acting as subject matter experts to provide a pedagogical evaluation of the AI-
generated feedback.

Research Process
As summarized in Figure 2, this study was conducted over an eight-week EAR cycle, divided into two main phases.

Figure 2. Weekly actions during the research process
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Phase 1: Orientation (Weeks 1–2)

Participants first provided informed consent and completed baseline measures, including the Daly–Miller 
Writing Anxiety Test, the Writing Self-Efficacy Scale, and a pre-study essay. They then attended a hands-on 
training session to familiarize themselves with the ProWritingAid tool, emphasizing its role as a supplement 
to teacher feedback.

Phase 2: Application and Feedback Cycle (Weeks 3–8)

During the application phase, students 
engaged in a weekly cycle. On Thursdays, they 
wrote essays, used ProWritingAid to get instant 
AI-generated feedback for immediate revision, 
and submitted final drafts. On the following 
Monday, they received teacher feedback 
based on a standardized rubric. This process 
encouraged students to compare automated 
and human commentary on everything from 
grammar to argumentation.
Consistent with the EAR framework, the 
intervention was refined based on real-
time observations; for example, weekly 
brainstorming sessions were added to 
support students’ pre-writing process. 

Conclusion of the Cycle (Week 8)

The study concluded with a final essay and 
post-intervention surveys, including the 
System Usability Scale (SUS), to assess changes 
in writing performance, student attitudes, and 
perceptions of the AWE tool.

Data Analysis 
The study followed a qualitative-dominant approach, where quantitative data served as a descriptive baseline 
to inform the primary qualitative inquiry. Quantitative measures, including anxiety/efficacy scales, essay 
scores, and SUS results, were analyzed using descriptive statistics and paired-sample t-tests to identify 
performance trends and provide context for field notes.
The core qualitative analysis followed Braun and Clarke’s (2006) thematic analysis framework. To ensure 
a transparent audit trail, the process began with inductive coding, where “raw” descriptive labels from 
the transcript of the focus group and field notes were iteratively grouped into subthemes. These findings 
were organized into a thematic mapping table, linking each theme directly to its corresponding research 
questions. In line with the EAR framework, quantitative findings were used heuristically to situate and 
refine the qualitative interpretations, rather than for formal data triangulation. This allowed the numerical 
trends (the “what”) to be deeply explained by the qualitative process data (the “how” and “why”). 
 To ensure analytical rigor, coding proceeded inductively, with initial codes generated directly from the data. 
The emerging categories were subsequently mapped against the study’s conceptual framework to situate the 
findings theoretically. The codebook was applied across the full range of qualitative data sources, including 
classroom observation field notes, semi-structured interview transcripts, and written communication records 
such as email exchanges, thereby enabling cross-source triangulation and reducing the risk of interpretive 
narrowness associated with single-source analysis. Following an initial independent coding phase, an inter-
rater reliability procedure was conducted in which a domain expert and an independent researcher reviewed a 

Figure 3. Feedback cycle combining AI feedback and 
teacher feedback
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stratified sample of coded data segments. Discrepancies were addressed through a consensus meeting, during 
which coding definitions, boundaries, and labelling were deliberated. As an outcome of this process, several 
codes were refined in terms of their descriptive precision and conceptual clarity, with some category labels 
being reformulated to more accurately capture the empirical content of the data. Final coding decisions were 
reached through negotiated agreement rather than majority rule, consistent with established principles of 
trustworthiness in qualitative inquiry (Saldana, 2021).

Trustworthiness and Rigor
To ensure the trustworthiness of this study, several strategies were employed to maintain rigor and transparency 
(Lincoln & Guba, 1985). Instead of traditional triangulation for validation, data complementarity was 
achieved by using quantitative survey trends to provide context for the qualitative observations and focus 
group insights. For the quantitative assessment of student writing, inter-rater reliability was established 
with an intra-class correlation coefficient (ICC) of 0.82, ensuring a consistent baseline for the researcher’s 
subsequent reflections.
To enhance the credibility of the qualitative analysis, multiple peer debriefing procedures were employed. 
A subject matter expert and an independent researcher each reviewed the emergent codes, subthemes, 
and themes independently and provided critical feedback. Following these reviews, the authors convened 
to discuss alternative interpretations of the thematic structure; any points of disagreement were resolved 
through discussion and return to the primary data. To strengthen the audit trail, the coding structure 
was revisited approximately three months after the initial analysis to verify internal consistency, and no 
substantive changes to the thematic framework were required (Mays & Pope, 2000). Member checking was 
conducted by sharing interview transcripts with participants for verification of accuracy (Lincoln & Guba, 
1985). Data source triangulation was achieved by drawing supporting evidence across field notes, focus 
group transcripts, student reflections, and classroom documents, ensuring that each theme was grounded in 
multiple independent data streams rather than a single source. 
The inclusion of spontaneous student email reflections provided a form of ecological validity, capturing 
authentic learner reactions in real-time rather than relying solely on retrospective interviews. This multi-
vocal approach, combining teacher, observer, and student perspectives, strengthened the credibility of the 
findings. 

Reflexivity 
The researcher who conducted this study was also the teacher of the classroom. The study grew out of a 
problem the researcher was living through as a teacher, namely the difficulty of making AI feedback work 
in a real writing class without overwhelming students or creating more work than it solved. Because of this, 
the research could draw on a close, firsthand understanding of what was actually happening in the room, 
including the small moments of confusion, adjustment, and negotiation that tend to go unnoticed by an 
outside observer. That kind of access is genuinely useful in action research (Cochran-Smith & Lytle, 1999). 
The researcher’s expertiƒse in educational technology, acquired through both master’s and doctoral studies 
in the discipline, also influenced the interpretation of the challenges and the designated solutions in the 
classroom. One moment that made this visible was the decision, several weeks into the study, to add 
structured brainstorming sessions to the weekly routine. The researcher noticed, as a teacher, that students 
were coming to the writing task without enough preparation and acted on it. As a research event, though, 
the addition changed what was being studied. This is acknowledged openly rather than treated as a minor 
procedural note, because it is precisely the kind of judgment that comes with practitioner research and that 
needs to be named rather than smoothed over.
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FINDINGS
The findings of this study are presented in relation to the three research questions. 
The analysis draws on multiple data sources, including field notes, student reflections, and teacher focus 
group data, collected across the intervention period. The first section addresses RQ1: How is AI-supported 
AWE feedback taken up during weekly writing tasks in an EFL classroom? This section reports patterns of 
student and teacher interaction with AI-generated feedback during classroom writing activities, as observed 
in field notes, focus group and reflected in student accounts. The second section responds to RQ2: To what 
extent does the hybrid AI+teacher feedback loop relate to changes in linguistic accuracy (micro-accuracy) 
and rhetorical structure? This section presents outcome-related indicators derived from writing samples and 
classroom records. The final section addresses RQ3: What factors shape the classroom use of AI-supported 
AWE feedback? Findings in this section report contextual and instructional factors identified across student 
reflections, field notes, and teacher focus group discussion.

Table 2. Thematic Mapping of Findings Across Research Questions
RQ Theme (ID) Subtheme Codes  Definition

1

1. Managing feedback 
load during uptake

Prioritizing actionable 
issues Reading long feedback lists

Focusing on two or three points 

Feeling overwhelmed by feedback 

Reducing long AI comment 
lists to 2–3 actionable items 
per pass to enable student 

uptake and minimize 
cognitive fatigue.

Sequencing edits

2. Clarifying AI feedback 
through teacher 

mediation

Translating AI 
language into 

instructional cues

Simple wording

Explaining AI comments

Making it clearer

Translating technical AI 
terms into accessible 

language and modeling 
single edits to bridge the 

gap between detection and 
action.

Modeling minimal 
edits

Showing one example

Fixing one thing

Making small changes first

3. Regulating reliance on 
AI feedback

Requiring justification 
for changes

Making copy-paste moves

Explaining choices

Losing voice

Same-style writing

Requiring justifications for 
accepted AI suggestions 

and re-writing in th 
student’s own voice to 
preserve authorship.

Preserving authorial 
voice

2
4. Differentiating 

patterns of writing 
development

Experiencing gains in 
micro-level linguistic 

accuracy

Fixing grammar

Changing only surface-level

Showing easy-to-fix errors

Improvements 
concentrated in grammar, 

lexis, and mechanics under 
the hybrid loop.

Showing limited 
change in macro-level 

rhetorical structure

Keeping the same organization

Having no big changes

Feeling still stuck

Organization and Content 
show no reliable change in 

the 8-week window.

3

5. Perceived affordances 
of AI feedback tools

-

Checking quickly

Being always available

Covering many issues

Useful as first revision step

Learners value speed, 
coverage, and availability 

for first-pass editing.

6. Technological 
infrastructure conditions

Infrastructure hurdles

System freezing

Screen lagging

Having Login problems

Tool not working

The teacher acting as IT

Technical and interface 
obstacles that displace 
instruction and divert 

teacher time to ad-hoc IT 
support.

Workload shift

Navigation issues

7. Experiencing 
Motivational fragility 

-

Feeling anxious

Afraid of scores

Stressing due to numbers

Confidence drop

Percentage dashboards and 
evaluation salience depress 

confidence for apprehensive 
writers.
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RQ1. How is AI-supported AWE Feedback Taken Up During Weekly Writing Tasks in An 
EFL Classroom?
Analysis of field notes, student reflections, and teacher focus group data identified three recurring practices 
that characterized the uptake of AI-supported AWE feedback during weekly writing tasks: managing 
feedback load during uptake, clarifying AI feedback through teacher mediation, and regulating reliance on 
AI feedback. 

Managing Feedback Load during Uptake

The first uptake practice involved managing the volume of AI-generated feedback presented to students. 
Both classroom observations and teacher accounts indicated that long feedback lists were rarely addressed 
in full during a single revision cycle. Instead, uptake was typically limited to a small number of actionable 
items.One teacher described this challenge during the focus group discussion:

“The response is really long. Students find reading and comprehending such extensive comments 
exhausting and distracting. They often pause to ask peers which flags to address first.” 

Field notes documented that the teacher frequently guided students to prioritize two or three feedback points 
per task. This prioritization was often accompanied by sequencing edits, in which attention was directed first 
to local accuracy issues, such as verb forms or article use, before addressing broader textual concerns. Across 
observations, attempts to address all AI-generated feedback simultaneously were rare. Student reflections 
further supported this pattern, with several students reporting that focusing on a limited number of issues 
made revision more manageable. These data indicate that feedback uptake involved selective engagement 
with AI feedback rather than comprehensive implementation.

Clarifying AI Feedback through Teacher Mediation

A second uptake practice involved clarifying AI-generated feedback through teacher mediation. Teacher 
frequently reformulated technical or metalinguistic feedback into simpler instructional cues to support 
student understanding. During the focus group discussion, one teacher explained this approach:

“When the comment is too technical, I need to explain it in simple terms and show at least one 
example. Then they try the rest themselves.”

Classroom observations showed that this mediation often took the form of minimal modeling. Rather than 
revising entire texts, the teacher demonstrated a single example of a targeted correction or highlighted one 
instance of an error type on the screen. The notes recorded multiple instances in which teachers corrected 
one sentence publicly before asking students to apply the same pattern independently. Student reflections 
indicated that such clarification helped them interpret AI feedback more accurately, particularly when initial 
revisions introduced new errors. 

Regulating Reliance on AI Feedback

The third uptake practice concerned regulating students’ reliance on AI feedback. While AI-generated 
suggestions were frequently consulted during revision, teachers introduced strategies aimed at preventing 
uncritical acceptance of feedback. One commonly observed practice involved requiring students to justify 
changes made in response to AI feedback. The teacher asked students to explain why a revision was necessary 
or how it improved the text before accepting the suggestion. Field notes documented several instances in 
which students initially attempted to copy and paste AI-generated suggestions directly into their drafts. 
In response, the teacher prompted students to rephrase suggestions in their own words or to articulate the 
rationale for a change prior to implementation. As one teacher noted during the focus group, concerns were 
raised about students “losing their own voice” when AI phrasing was adopted without modification. Across 
data sources, maintaining authorial voice was repeatedly referenced during extended writing tasks.
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RQ2. To what Extent does the Hybrid AI+Teacher Feedback Loop Relate to Changes in 
Linguistic Accuracy and Rhetorical Structure?
Analysis of writing samples, field notes, and teacher focus group data indicated differentiated patterns of 
writing development under the hybrid AI+teacher feedback loop. Two distinct patterns were identified: 
changes at the micro-level of linguistic accuracy and limited change at the macro-level of rhetorical structure.

Experiencing Gains in Micro-Level Linguistic Accuracy

The first pattern involved changes in micro-level linguistic accuracy, particularly in grammar and surface-
level language use. Teachers frequently observed that AI-supported AWE feedback drew attention to easily 
identifiable and correctable errors, such as verb forms, article use, and sentence-level agreement. One teacher 
described this pattern during the focus group discussion: “It clearly helps with grammar. Students notice 
small mistakes more quickly and fix them.” Field notes recorded repeated instances in which students revised 
grammatical errors immediately after reviewing AI-generated feedback. These revisions typically involved 
correcting verb tense, adjusting articles, or fixing subject–verb agreement. Across observed tasks, such 
changes were concentrated at the sentence level and were often completed within a short revision window. 
Student reflections also referred to improvements in accuracy-related aspects of writing. Several students 
noted that AI feedback helped them “see grammar mistakes” or “fix small errors faster.” Across data sources, 
changes in writing were most visible in areas related to linguistic form rather than content or organization.

Showing Limited Change in Macro-Level Rhetorical Structure

In contrast, changes at the macro-level of rhetorical structure were limited during the intervention period. 
Analysis of writing samples indicated that overall organization, paragraph development, and content structure 
remained largely stable across tasks. One student reflected on this experience by noting: “I mostly changed 
grammar, but I couldn’t know what to do next.” Field notes documented those students tended to retain 
existing paragraph structures and overall organization, even after engaging with AI-supported feedback. 
Teachers similarly reported that while surface-level issues were frequently revised, broader concerns related 
to argument development or text organization were less commonly addressed. During the focus group 
discussion, teachers noted that students often “kept the same structure” and focused primarily on correcting 
errors highlighted by the AI tool. Across the eight-week intervention window, no consistent patterns of 
structural reorganization were observed in student texts.
The second research question also examined outcome patterns using pre–post scores. The paired-samples t-tests 
showed a statistically significant improvement in Linguistic Accuracy (p = .026) and in the Total Score (p = 
.009). In contrast, the change in Rhetorical Structure was not statistically significant (p = .18), indicating 
stability in organization and content across the measurement points. These results are summarized in Table 3.

Table 3. Paired-samples t-test of students’ essays

Pair Mean Std. Dev. Std. Error 
Mean

95% Confidence Interval

t df Sig. 
(2-tailed)

Lower Upper

Rhetorical 
Structure* 

(Pre–Post)
−0.30 1.23 0.22 −0.74 0.14 −1.37 29 .18

Linguistic 
Accuracy* 

(Pre–Post)
−0.80 1.85 0.34 −1.50 −0.10 −2.35 29 .026*

Total Score 
(Pre–Post) −1.10 2.12 0.39 −1.90 −0.30 −2.82 29 .009**

Note. *Rhetorical Structure = Organization + Content; Linguistic Accuracy = Vocabulary + Grammar + Spelling & Punctuation.
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Together, qualitative and quantitative data indicate change concentrated at the micro-level and stability at 
the macro-level.

RQ3. What Factors do Shape the Classroom Use of AI-Supported AWE Feedback?
Analysis of field notes, and teacher focus group data identified three factors that shaped the classroom use 
of AI-supported AWE feedback: perceived affordances of AI feedback tools, technological infrastructure 
conditions, and experiences of motivational fragility. These factors were reported across data sources and 
recurred throughout the intervention period.

Perceived Affordances of AI Feedback Tools

One factor shaping classroom use concerned learners’ perceived affordances of the AI-supported AWE tool. 
Students frequently referred to the speed, availability, and breadth of feedback as salient features during 
revision. One student noted in a reflection: “It is fast and to the point. I can check many things at once.” Field 
notes recorded those students often consulted the AI tool as an initial revision step, particularly under time 
pressure. The teacher also observed that students tended to use AI feedback for first-pass editing, focusing 
on identifying surface-level issues before seeking teacher input. Across data sources, the tool was consistently 
described as useful for quick checking and broad coverage rather than for deeper revision decisions.

Technological Infrastructure Conditions

A second factor shaping classroom use involved technological and infrastructural conditions. Both students 
and teachers reported technical issues that interrupted the flow of writing activities. Field notes documented 
recurring technical disruptions during classroom use of the tool. In one session, the teacher commented, 
“Sometimes the system freezes or the screen lags. Then the lesson stops and I have to deal with the technical 
problem.” The notes also documented instances of login failures and screen lag during classroom sessions. In 
several observed lessons, the teacher temporarily shifted from instructional roles to providing ad hoc technical 
support. The teacher also reported increased workload related to navigating the tool and troubleshooting 
student access issues. These infrastructural constraints affected how smoothly AI-supported feedback could 
be integrated into regular classroom routines.

Experiencing Motivational Fragility

A third factor concerned students’ affective responses to AI-supported feedback, particularly in relation 
to evaluation displays and numerical indicators. Some students reported feelings of anxiety or reduced 
confidence when engaging with scores or percentage-based feedback dashboards. One student reflected: 
“When I see the numbers and lots of information, I feel stressed and think my writing is bad.” Field notes 
recorded those students occasionally hesitated to revise after viewing evaluation metrics, especially those 
who already expressed low confidence in writing. Teachers similarly noted that some learners might react 
negatively to score-oriented feedback, requiring reassurance or additional explanation during revision 
activities. Across data sources, motivational responses varied, with apprehensive writers appearing more 
sensitive to evaluative indicators.

DISCUSSION
This study examined how an AISAWE tool functioned within a hybrid feedback loop in an EFL writing 
classroom, using exploratory action research to document uptake practices, outcome patterns, and 
contextual shaping factors. Taken together, the findings indicate that while AI-supported feedback expanded 
opportunities for noticing and rapid micro-level revision, the quality and direction of uptake were strongly 
mediated by instructional practices and classroom conditions.
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Uptake of AI-Supported Feedback through Pedagogical Mediation
Findings related to the first research question show that uptake of AI-supported AWE feedback was not 
automatic but occurred through recurring classroom practices that structured how feedback was selected, 
interpreted, and applied. In line with Interaction Theory, which conceptualizes second language development 
as emerging through cycles of noticing, negotiation of meaning, and modified output (Long, 1996; Gass & 
Mackey, 2015), AI-supported feedback in this study appeared to increase opportunities for noticing at the 
sentence level, while teacher mediation supported negotiation of meaning and guided revision decisions. 
Teachers acted as mediators by narrowing feedback to a limited number of priorities, translating technical 
comments into accessible instructional cues, and modeling minimal revisions. These practices enabled students 
to move from detection to action, aligning AI feedback with task goals and learners’ proficiency levels. This 
pattern echoes classroom-based research showing that AWE functions most productively as a complement 
to instruction rather than as a replacement for teacher feedback, particularly when teachers actively mediate 
how feedback is interpreted and applied (Warschauer & Ware, 2006; Woodworth & Barkaoui, 2020). 
Rather than functioning independently, the AI tool in this study became effective only when embedded in a 
structured routine that included teacher triage, clarification, and sequencing of revisions.

Differentiated Patterns of Writing Development
Findings addressing the second research question revealed differentiated outcome patterns under the hybrid 
feedback loop. Changes were more consistently observed in micro-level linguistic accuracy, such as grammar 
and surface-level language use, while macro-level rhetorical structure remained largely stable over the eight-
week period. This pattern is consistent with recent syntheses, which report that AWE tools tend to support 
gains in accuracy and other surface features more reliably than improvements in higher-order dimensions 
of writing quality (Fan & Ma, 2022; Fleckenstein et al., 2023). From an interactionist perspective, these 
outcomes can be understood in relation to the nature of the feedback provided. AI-supported AWE tools are 
optimized for identifying form-focused issues, which can be addressed through relatively direct revision. In 
contrast, changes in organization, cohesion, and argument typically require dialogic interaction, contextual 
judgment, and sustained instructional focus. The stability of rhetorical structure observed in this study aligns 
with this distinction and suggests that such dimensions are unlikely to change without explicit pedagogical 
targeting, even when AI-supported feedback is available.

Contextual and Affective Factors Shaping Classroom Use
Findings related to the third research question indicate that classroom use of AISAWE feedback was shaped 
by a combination of perceived affordances, technological conditions, and affective responses. Students valued 
the speed, availability, and coverage of AI feedback, frequently using the tool for first-pass editing. At the 
same time, technical issues such as system freezing, login problems, and interface lag disrupted instructional 
flow and shifted teacher attention toward ad hoc technical support. Research on AWE implementation has 
similarly emphasized that learning outcomes depend not only on feedback quality but also on how tools are 
integrated into classroom workflows and experienced by users (Ding & Zou, 2024; Woodworth & Barkaoui, 
2020). In addition to these practical constraints, affective responses to evaluative displays and numerical 
indicators introduced motivational challenges for some learners. Concerns related to anxiety, confidence, 
and authorial voice echo longstanding discussions in L2 writing research regarding the social and identity-
related dimensions of feedback (Hyland & Hyland, 2019).
It is important to note that usability indicators and affective measures such as writing anxiety and self-
efficacy were not treated as predictive variables in a correlational sense in this study. Instead, they were used 
to contextualize classroom practices and to interpret how students engaged with AI-supported feedback 
during revision. In line with the exploratory action research design, these measures functioned as lenses for 
understanding when and how uptake was facilitated or constrained, rather than as factors statistically linked 
to learning gains. In this respect, usability, usage, and learning outcomes were examined as interrelated 
aspects of classroom activity, with qualitative process evidence providing the primary basis for interpretation.
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Integrating AI-supported Feedback into a Hybrid Instructional Mechanism
Taken together, the findings point to an instructional mechanism: AISAWE feedback can accelerate micro-
level accuracy work by making linguistic gaps salient at scale, while teacher mediation supplies the selection, 
interpretation, and sequencing needed to convert feedback into learning opportunities. When mediation 
was present and technological friction was low, accuracy-related revisions were more readily observed; when 
mediation weakened or usability barriers increased, uptake became constrained, and concerns related to 
motivation and voice became more prominent. Recent work on AI-supported academic writing similarly 
cautions that while AI feedback can support revision efficiency, it also raises risks related to learner agency and 
over-reliance if not carefully mediated (Chen & Gong, 2025). This concern is also reflected in UNESCO’s 
(2023) human-centered guidance on generative AI in education, which emphasizes the need to preserve 
learners’ authorship and decision-making in AI-supported learning environments. In this study, the practices 
of requiring brief rationales for revisions and encouraging own-voice reformulation functioned as practical 
safeguards that re-centered decision-making with learners.

Implications
Taken together, the findings suggest that AI-supported writing tools can effectively support micro-level 
revision; however, this effectiveness is contingent upon embedding such tools within a hybrid instructional 
framework structured around teacher mediation, technological reliability, and the preservation of learner 
autonomy. One of the strengths of this study lies in its use of students’ real-time and authentic reactions 
throughout the process as data, which allowed for greater data diversity and a more robust feedback–
revision process, and in doing so, brought the classroom environment into sharper focus. Through this 
lens, it was observed that negative affective responses to technological disruptions constrained the uptake 
of feedback. Furthermore, practical safeguards such as requiring revision rationales and encouraging own-
voice reformulation demonstrated the potential to preserve learner agency and reduce over-reliance on AI. 
Collectively, these findings reinforce the importance of a stable technological infrastructure and learner-
centered instructional design.
At the classroom level, the findings point to the value of a simple, repeatable routine consisting of an initial 
AI feedback pass, teacher-led prioritization of a small number of issues, brief clarification or modeling, and 
student revision with justification. If discourse-level development is an instructional goal, it may need to be 
incorporated explicitly into such routines rather than assumed to emerge from accuracy-oriented feedback 
alone. Taken together, the results suggest that AI-supported AWE can support efficient micro-level revision, 
but sustained development in higher-order writing depends on how feedback is curated, mediated, and 
integrated into instruction.

Limitations and Future Research
This study is limited to one program, one tool, and an eight-week intervention period, and rhetorical development 
may require longer exposure and tasks designed specifically to target organization and argumentation. In 
addition, because the study did not aim to model statistical relationships between usability, affective variables, 
and learning outcomes, the findings do not allow claims about predictive effects. Future research could extend 
the duration of action research cycles, introduce discourse-focused prompts, and examine whether hybrid 
feedback routines transfer across genres and proficiency levels using larger samples and longitudinal designs. 
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