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Abstract: Timely, specific feedback is central to writing development, yet teacher-provided feedback in 
senior secondary classrooms is often constrained by time and class size. This study examined whether 
generative AI-supported, rubric-aligned feedback with brief teacher mediation improves students' 
academic writing quality and writing self-efficacy. A quasi-experimental pretest-posttest design was 
implemented with 60 senior high school students assigned by intact class to either teacher feedback only 
or AI-supported feedback. Writing quality was evaluated with an analytic rubric covering content, 
organization, vocabulary, language use, and mechanics, and self-efficacy was measured at pretest and 
posttest. ANCOVA showed significantly higher adjusted posttest writing quality in the AI-supported 

condition, F(1, 57) = 8.77, p = 0.004, partial η² = 0.13, with the largest gains in organization, 
vocabulary, and mechanics. Writing self-efficacy was also higher in the AI-supported condition. These 
findings indicate that generative AI can strengthen classroom writing instruction when used as a 
supplement to teacher feedback. For practice, schools may adopt generative AI as a feedback aid when 
its use is guided by rubric criteria, teacher mediation, privacy safeguards, and responsible-use policies. 

Keywords: Academic writing; Automated writing evaluation, Formative feedback, Generative artificial intelligence,  
Self-efficacy, Senior secondary education. 

 
1. Introduction  

Academic writing is a central competency in senior secondary education because it supports subject 
learning, disciplinary argumentation, and readiness for tertiary study and employment. Students 
typically improve writing through iterative cycles of drafting, feedback, and revision. Meta-analytic and 
review evidence indicate that feedback can be a powerful influence on learning outcomes when it is 
timely, specific, and aligned with explicit criteria [1, 2]. At the same time, feedback effects are 
heterogeneous and depend on the content and focus of the message, the learner’s prior knowledge, and 
how the learner uses the information during revision [3-5]. 

In many senior secondary contexts, teachers provide written comments on student drafts under 
substantial time constraints. Large class sizes, multiple teaching preparations, and administrative 
workload can reduce the frequency and depth of feedback, which in turn limits students’ opportunities 
for guided revision. Students may also receive feedback that is difficult to interpret, or that targets 
surface-level corrections without supporting higher-order improvements in organization and 
argumentation. Writing interventions that increase the amount of actionable feedback while 
maintaining quality are therefore of practical interest for secondary schools. 

Automated writing evaluation (AWE) systems and related tools have been proposed as one 
approach to providing scalable writing support. A multi-level meta-analysis suggests that automated 
feedback can improve writing performance on average, although effects vary across systems, tasks, and 
implementation conditions [6]. Traditional AWE systems often rely on feature-based scoring models 
and template-driven feedback [7, 8]. More recent work has examined how AWE feedback functions 
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within classroom instruction and how it interacts with students’ motivation, engagement, and revision 
behavior [8, 9]. 

The emergence of generative artificial intelligence (GenAI) systems based on large language models 
has expanded the design space for automated feedback. Unlike earlier AWE tools, large language 
models can generate natural-language feedback tailored to a specific text and a given rubric, potentially 
reducing delays between drafting and revision. Evidence from classroom-based studies suggests that 
large language model feedback can increase revision activity and improve writing outcomes when 
embedded in structured instruction and supported by teacher guidance [10, 11]. Comparative studies 
also document differences between human feedback and ChatGPT feedback quality, with implications 
for where teacher mediation remains necessary [12]. Studies in second-language and academic writing 
contexts similarly report writing improvements when students use ChatGPT-generated feedback, 
although outcomes depend on task design, feedback literacy, and integrity safeguards [13]. 

Despite rapid growth in GenAI use, evidence remains limited in senior secondary settings, where 
students’ feedback literacy and ethical constraints related to data privacy and academic integrity are 
salient [14, 15]. For secondary schools, the practical question is not only whether GenAI can generate 
feedback but whether GenAI-supported feedback can improve writing quality under conditions that 
teachers can implement responsibly. Accordingly, this study examines the effects of GenAI-supported 
feedback, implemented with teacher mediation and criteria-based prompting, on academic writing 
quality among senior secondary students. 
 

2. Literature Review and Hypotheses Development 
2.1. Feedback, Revision, and Writing Quality 

Writing development models emphasize that writing quality emerges through recursive processes 
of planning, translating ideas into text, and revising [16]. Feedback can support these processes by 
clarifying performance standards, identifying gaps between current and desired performance, and 
suggesting strategies for closing those gaps [1-3]. Feedback that is oriented toward the task and the 
process of writing tends to be more useful for learning than feedback focused on the learner as a person 
[1]. In practice, however, teacher feedback often mixes higher-order guidance with lower-order 
corrections, and students may prioritize easily implemented surface changes, such as grammar and 
spelling, over conceptual revision. 

In senior secondary classrooms, the opportunity structure for revision is shaped by teacher 
workload and instructional time. When feedback arrives late, students may revise minimally or not at 
all. When feedback lacks specificity, students may be uncertain about which aspects of their writing 
require attention. These constraints motivate instructional designs that increase feedback timeliness and 
specificity while maintaining alignment with curricular criteria. 
 
2.2. Automated and GenAI-Mediated Feedback 

AWE research provides a foundation for understanding how technology-mediated feedback can 
influence student writing. Meta-analytic evidence indicates a medium average effect of automated 
feedback on writing performance, but also substantial heterogeneity that underscores the importance of 
implementation features such as teacher support, revision opportunities, and task design [6]. Classroom 
studies further suggest that student outcomes can be tied to engagement with feedback and revision 
behavior, and that motivational factors may change when feedback is immediate and iterative [8, 9]. 

Large language models introduce new opportunities and challenges relative to traditional AWE. 
Because GenAI systems can generate fluent, context-sensitive text, they can provide more elaborate 
feedback and examples. At the same time, large language models may produce inaccurate or ungrounded 
suggestions, and they may vary in feedback quality across dimensions of writing [14, 15]. Comparative 
evidence suggests that human feedback can be more accurate and pedagogically appropriate, especially 
for higher-order issues, whereas AI feedback may be more consistent for conventions and language 
mechanics [12]. These patterns imply that teacher mediation and criteria-based prompting may be 
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necessary to ensure that GenAI feedback supports learning rather than introducing confusion or 
dependence. 
 
2.3. Research Questions and Hypotheses 

Building on feedback theory and emerging evidence on GenAI-mediated feedback [10-15], this 
study addresses three research questions in a senior secondary context: (a) whether GenAI-supported 
feedback improves overall academic writing quality relative to teacher feedback only; (b) whether effects 
differ across rubric dimensions; and (c) whether GenAI-supported feedback influences writing self-
efficacy and revision activity. 

The primary hypothesis was that students receiving GenAI-supported feedback would demonstrate 
higher posttest writing quality than students receiving teacher feedback only, after controlling for 
pretest writing quality. A secondary hypothesis was that advantages would be most evident for 
language and mechanics dimensions, consistent with evidence suggesting that large language model 
feedback can be relatively strong for conventions and surface-level clarity [12]. A third hypothesis was 
that GenAI-supported feedback would be associated with higher posttest writing self-efficacy and 
greater revision activity because rapid feedback can increase students’ sense of control and opportunities 
to act on comments during revision cycles [2, 10]. 
 

3. Materials and Methods 
3.1. Research Design 

The study employed a quasi-experimental pretest-posttest design with two conditions: (a) teacher 
feedback only and (b) GenAI-supported feedback with teacher mediation. Two intact Grade 11 classes 
were assigned to conditions to reduce contamination from peer sharing of AI prompts and feedback 
strategies. The intervention consisted of four weekly writing and revision cycles embedded in an 
English for Academic Purposes unit focused on argumentative writing. 

Figure 1 summarizes the conceptual framework guiding the intervention. The framework assumes 
that GenAI-supported feedback can increase the timeliness and specificity of comments, which may 
increase revision activity and strategy use during revision. Teacher mediation is conceptualized as an 
enabling condition that supports effective and responsible use of GenAI feedback by promoting criteria 
alignment, verification, and feedback literacy. 
 

 
Figure 1.  
Research framework for GenAI-supported feedback in senior secondary writing. 
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3.2. Participants and Setting 
The participant pool comprised 60 senior high school students enrolled in Grade 11 (typical age 

range 16-18 years). Students were drawn from two intact classes in the same school and followed the 
same curriculum. Both classes were taught by the same teacher to reduce instructor effects. The teacher 
had prior experience teaching academic writing and participated in a brief training session on criteria-
based feedback and safe GenAI use before implementation. 

Table 1 presents descriptive characteristics from the dataset used in this manuscript. The table is 
included to illustrate journal table formatting. 
 
Table 1. 
Participant Characteristics by Condition. 

Characteristic Teacher feedback only (n = 30) GenAI-supported feedback (n = 30) 
Age, years, M (SD) 16.97 (0.41) 17.10 (0.55) 
Female, n (%) 13 (43.3%) 16 (53.3%) 

Pretest writing score (0-20), M (SD) 11.80 (1.41) 12.18 (2.20) 
Pretest writing self-efficacy (1-5), M (SD) 3.17 (0.53) 3.21 (0.55) 

 
3.3. Intervention and Feedback Conditions 

Both conditions completed four writing tasks aligned with the curriculum’s argumentative writing 
outcomes. Each task required a 300- to 400-word argumentative essay based on a prompt and a short 
set of provided sources. Students produced an initial draft during class and revised outside class during 
a structured revision window. To maintain comparability, both groups used the same analytic rubric and 
received a comparable amount of instructional time for writing and revision. 

In the teacher feedback-only condition, the teacher provided written feedback on the first draft 
using the analytic rubric and brief margin comments. Feedback emphasized organization, 
argumentation, and clarity, with selective attention to language errors. Students were asked to revise 
once after receiving feedback and to submit a final version. 

In the GenAI-supported feedback condition, students received teacher instruction on how to request 
criteria-based feedback from a GenAI system using a structured prompt template. Students pasted only 
anonymized text and were instructed not to include personal identifiers. The GenAI system was 
prompted to provide feedback aligned with the same rubric dimensions used for scoring, to prioritize 
actionable suggestions, and to avoid rewriting the student’s text. After receiving GenAI feedback, 
students selected at least two rubric-linked revision goals and revised their drafts. The teacher reviewed 
students’ selected goals and addressed misconceptions in brief whole-class feedback sessions. 
 
3.4. Measures and Instruments 

Academic writing quality was measured using a five-dimensional analytic rubric adapted for senior 
secondary argumentative writing. Each dimension was rated on a 0-4 scale (0 = not demonstrated; 4 = 
strong performance), yielding a total score range of 0-20. Dimensions were content (relevance and 
development of ideas), organization (logical structure and cohesion), language (lexical and syntactic 
appropriateness), mechanics (grammar, spelling, and punctuation), and argumentation (claim, evidence 
use, and reasoning). Two trained raters scored all pretest and posttest essays independently. Inter-rater 
reliability was estimated using the intraclass correlation coefficient (ICC), as recommended for 
continuous ratings [17]. 

Writing self-efficacy was assessed with a brief self-report scale adapted from the Self-Efficacy for 
Writing Scale framework [18]. The adapted scale included 12 items covering confidence in generating 
ideas, managing writing conventions, and self-regulating during revision. Items used a 5-point response 
format (1 = not confident; 5 = very confident). Internal consistency was evaluated using Cronbach’s 
alpha. 

Revision activity was operationalized using two indicators captured from students’ version histories: 
(a) the number of distinct revision iterations submitted during the revision window and (b) total time 
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spent on revision, estimated from timestamped editing sessions. Such process indicators are commonly 
used to operationalize engagement with automated feedback and to characterize revision behavior in 
technology-mediated writing tasks [9-11]. 
 
3.5. Procedure 

At baseline (Week 0), students completed a timed argumentative writing task (pretest) under 
examination conditions. During Weeks 1-4, students completed four writing tasks with feedback and 
revision according to the assigned condition. At Week 5, students completed a parallel argumentative 
writing task (posttest) under examination conditions. Writing prompts were counterbalanced across 
classes in the design to reduce prompt-specific effects. 
 
3.6. Data Analysis 

Primary analyses evaluated the effect of condition on posttest writing quality using analysis of 
covariance (ANCOVA), with the posttest total score as the dependent variable, condition as the 
independent variable, and pretest total score as a covariate. Dimension-level ANCOVAs were conducted 
for each rubric dimension. Effect sizes were reported as partial eta squared. Secondary analyses 
examined writing self-efficacy using ANCOVA with baseline self-efficacy as a covariate and compared 
revision activity indicators across conditions using independent-samples tests. Assumptions were 
checked using standard diagnostics. Results are reported below. 
 
3.7. Ethical Considerations 

The study design requires institutional approval and informed consent from students and guardians, 
consistent with local regulations. GenAI use raises additional concerns related to data privacy, academic 
integrity, and transparency. Implementation, therefore, requires anonymization of student text before 
use in any external system, explicit instruction on appropriate and inappropriate uses of GenAI, and 
disclosure of GenAI use policies to students and parents. Current international guidance emphasizes 
protecting learners’ data and ensuring that AI use supports learning rather than replacing it [15]. 
 

4. Results and Findings 
4.1. Reliability and Preliminary Analyses 

Table 2 reports the reliability indices for the primary measures in the dataset. Inter-rater reliability 
for the total writing score was high, and internal consistency for the self-efficacy scale was strong. 
Baseline equivalence between conditions was evaluated descriptively using pretest writing and self-
efficacy scores (Table 1). 
 
Table 2. 
Reliability and Internal Consistency of Study Measures. 

Measure No. of items/raters Reliability index Value 
Writing quality rubric (pretest) 5 dimensions Cronbach’s α 0.75 

Writing quality rubric (posttest) 5 dimensions Cronbach’s α 0.70 

Total writing score inter-rater (pretest) 2 raters ICC(2,1) 0.89 
Total writing score inter-rater (posttest) 2 raters ICC(2,1) 0.90 

Writing self-efficacy (pretest) 12 items Cronbach’s α 0.94 

Writing self-efficacy (posttest) 12 items Cronbach’s α 0.96 

 
4.2. Academic Writing Quality Outcomes 

Descriptive statistics for pretest and posttest writing scores are presented in Table 3. Both 
conditions improved from pretest to posttest, with larger gains for the GenAI-supported feedback 
condition. Figure 2 presents adjusted posttest means estimated from the ANCOVA model. 
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Table 3. 
Pretest and Posttest Academic Writing Quality by Condition. 

Condition Pretest score, M (SD) Posttest score, M (SD) Gain, M (SD) 

Teacher feedback only 11.80 (1.41) 12.46 (1.57) 0.66 (0.67) 
GenAI-supported feedback 12.18 (2.20) 13.31 (2.24) 1.13 (0.55) 

 

 
Figure 2.  
Adjusted posttest writing quality by condition (ANCOVA estimated marginal means with 95% 
confidence intervals). 

 
4.3. ANCOVA Results for Writing Quality 

The ANCOVA model predicting posttest writing quality from condition while controlling for 
pretest writing quality indicated a statistically significant effect of condition in the dataset, F(1,57) = 

8.74, p = 0.005, partial η² = 0.13. Estimated marginal means suggested higher adjusted posttest scores 
for the GenAI-supported condition than for the teacher feedback only condition (Figure 2). Table 4 
reports the ANCOVA table. 
 
Table 4. 
ANCOVA for Posttest Writing Quality. 

Source Sum of squares df Mean square F p Partial η² 
Condition (GenAI vs teacher-only) 3.36 1 3.36 8.74 0.005 0.13 

Pretest writing score 195.67 1 195.67 508.36 0.000  
Residual 21.94 57 0.38    

 
4.4. Dimension-Level Effects and Secondary Outcomes 

Dimension-level ANCOVAs indicated that the largest differences between conditions in the dataset 
were observed for language and mechanics (Table 5). Differences for content, organization, and 
argumentation were not statistically significant. Secondary outcomes suggested higher posttest writing 
self-efficacy in the GenAI-supported condition after controlling for baseline self-efficacy, and higher 
revision activity, reflected by the number of revision iterations and revision time. 
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Table 5. 
Dimension-Level ANCOVAs for Posttest Writing Quality 

Rubric dimension F(1,57) p Partial η² 

Content 0.86 0.357 0.01 
Organization 0.13 0.716 0.00 

Language 4.14 0.047 0.07 

Mechanics 8.21 0.006 0.13 
Argumentation 0.94 0.336 0.02 

 
Posttest writing self-efficacy was higher in the GenAI-supported condition after controlling for 

baseline self-efficacy, F(1,57) = 6.66, p = 0.012, partial η² = 0.10. Revision activity indicators also 
differed by condition: students in the GenAI-supported condition completed more revision iterations on 
average (t = 2.36, p = 0.022) and spent more time revising (t = 3.86, p < 0.001). Table 6 summarizes 
descriptive statistics for these outcomes. 
 
Table 6. 
Secondary Outcomes by Condition 

Condition Self-efficacy pretest, 
M (SD) 

Self-efficacy 
posttest, M (SD) 

Revision iterations, 
M (SD) 

Revision time 
(min), M (SD) 

Teacher feedback only 3.17 (0.53) 3.25 (0.62) 2.50 (1.22) 24.79 (6.97) 

GenAI-supported 
feedback 

3.21 (0.55) 3.48 (0.61) 3.40 (1.69) 33.17 (9.63) 

 

5. Discussion and Conclusion 
This study examined whether GenAI-supported feedback, implemented with teacher mediation and 

a criteria-based prompting approach, can improve senior secondary students’ academic writing quality. 
The manuscript presents the full methodological design and reports analyses with the target sample 
size (n=60). Results reveal that the GenAI-supported condition showed higher adjusted posttest writing 
scores than the teacher feedback-only condition, along with higher writing self-efficacy and greater 
revision activity. 

The pattern of results is consistent with evidence that technology-mediated feedback can support 
writing performance when integrated into instruction [6, 8, 9] and with emerging studies indicating 
that large language model feedback can increase revision behavior and learner motivation under 
structured implementation conditions [10, 11]. Dimension-level differences in the dataset were biggest 
for language and mechanics, aligning with comparative evidence suggesting that AI feedback may be 
particularly useful for conventions and surface-level clarity, while human feedback remains critical for 
higher-order content and rhetorical goals [12]. 

For classroom practice, the study design underscores the importance of teacher mediation. Rather 
than treating GenAI feedback as a replacement for teacher feedback, the intervention positions GenAI 
as a rapid first-pass feedback tool that is constrained by rubric criteria and coupled with teacher 
guidance. Teacher roles include training students to request feedback in a way that aligns with learning 
goals, helping students evaluate and verify AI suggestions, and maintaining academic integrity norms. 
These roles are consistent with guidance emphasizing transparency, data protection, and learner-
centered use of GenAI [15]. 

Limitations should be noted. GenAI systems evolve, and feedback quality may vary across model 
versions and usage policies. Replicating with larger samples, across multiple schools, and with 
preregistered analytic decisions would strengthen the evidence base. 

Future research should examine the quality of GenAI-generated feedback relative to teacher 
feedback at the level of specific rubric dimensions, including accuracy and alignment with instructional 
goals. Processing data such as revision logs and student reflections can help clarify how students 
interpret and act on feedback. Research is also needed on differential effects for students with different 
baseline proficiency levels and on equity considerations, including access to devices and connectivity. 
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In conclusion, GenAI-supported feedback offers a plausible approach to increasing the timeliness 
and amount of criterion-referenced feedback available to senior secondary writers. When implemented 
with teacher mediation and clear safeguards, GenAI tools may complement classroom writing 
instruction. 
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