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Abstract

Writing is a foundational skill for educational, professional,
and civic participation, yet access to frequent and timely writ-
ing feedback remains deeply unequal. Teachers face signifi-
cant workload constraints, particularly in large classes, and
many learners lack alternative sources of individualized feed-
back. While large language models (LLMs) offer the opportu-
nity for scalable, adaptive support, little is known about how
students engage with such feedback tools in real-world, self-
directed settings. We present a large-scale, year-long analysis
of 23,650 voluntary interactions with an open-access Al writ-
ing feedback system used by students across diverse educa-
tional contexts and age groups, conducted in accordance with
strict data protection standards. Using a clustering approach,
we identify 2,800 iterative revision chains and apply a vali-
dated LLM-based multidimensional scoring framework to as-
sess text quality over time. Our findings reveal that students
who revised their texts after receiving Al feedback demon-
strated statistically significant, albeit modest, improvements
across both content and language-related dimensions (overall
writing quality: A = 0.067, p < .001, » = .17), with the
greatest gains observed among initially low-performing writ-
ers. Revision frequency was positively associated with im-
provement, particularly in higher-order writing skills. How-
ever, engagement was uneven, with higher usage among stu-
dents in academically oriented schools. These results demon-
strate both the technical feasibility and social potential of de-
ploying generative Al for educational support at scale, while
highlighting the need for inclusive infrastructure, accessible
design, and targeted outreach to truly democratize educa-
tional benefits.

Code — https://gitlab.Irz.de/hctl/ai-writing-feedback/-
/tree/9£32£35d999fd54a34ab5d16a60bf133c69ac3ab/

Introduction

Writing texts is a fundamental skill that enables individuals
to participate fully in society, access educational and pro-
fessional opportunities, and exercise their civic and personal
rights (Freedman et al. 2016). One of the most powerful and
widely recognized tools to improve student writing develop-
ment is feedback (Graham, Hebert, and Harris 2015). Fre-
quent, timely, and high-quality feedback helps learners iden-
tify gaps in understanding, refine their work, and engage in
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iterative cycles of drafting and revision, which are essen-
tial for mastering complex cognitive skills such as writing
(Hattie and Timperley 2007; Graham, Hebert, and Harris
2015). Yet, around the world, access to such feedback re-
mains deeply unequal. Students in under-resourced schools
often lack sufficient support to develop writing proficiency,
and even in well-funded educational systems, teachers face
significant time restrictions that limit their ability to provide
high-quality individualized feedback (Wiley 2006). These
challenges are particularly acute for learners whose parents
or caregivers may be unable to assist with writing tasks at
home, further exacerbating educational inequalities.

There is a large body of research investigating feed-
back based on automated writing evaluation, leveraging nat-
ural language processing and machine learning (Flecken-
stein, Liebenow, and Meyer 2023; Hahn et al. 2021); how-
ever, despite its demonstrated effectiveness (Fleckenstein,
Liebenow, and Meyer 2023), automated writing evaluation
has remained largely impractical for scalable use by teach-
ers or learners due to its task-specific nature, the high cost
and effort of generating annotated training data, and lim-
ited flexibility in evaluating diverse writing criteria (Ramesh
and Sanampudi 2022; Jansen, Horbach, and Meyer 2025).
The recent emergence of large language models marks a
paradigm shift in how written language can be analyzed,
generated, and supported by AL Their capability in un-
derstanding and generating natural language enables them
to provide detailed, adaptive feedback on student writing,
which offers a promising avenue to address these challenges
(Holmes, Miao et al. 2023; Kasneci et al. 2023). Initial ex-
perimental studies provide empirical evidence that GenAl-
generated feedback can improve student motivation and fa-
cilitate writing improvement (Meyer et al. 2024; Lo, Wong,
and Chan 2025; SeBler, Kepir, and Kasneci 2024). These
tools might have the potential to democratize access to high-
quality feedback, support self-regulated learning, and reduce
teacher workload (Kasneci et al. 2023; Meyer et al. 2024).

However, critical questions remain about how learners in-
teract with Al feedback systems in practice. We identify
three key research gaps in the study of Al-generated writ-
ing feedback: (1) Prior work predominantly relies on small-
scale, controlled experiments focused on specific school
types or age groups, limiting ecological validity. Large-scale
analyses of unsupervised, real-world use remain rare, par-



ticularly across diverse learner contexts spanning grades
1-13 (ages 6-18). (2) Most existing studies focus either on
classroom-based deployments or the usage of Al tools em-
bedded in assignments and supervised by teachers (Meyer
et al. 2024; Jansen, Horbach, and Meyer 2025; Meyer,
Jansen, and Fleckenstein 2025) and higher education set-
tings characterized by higher levels of student autonomy
(Kinder et al. 2025; Lo, Wong, and Chan 2025; Escalante,
Pack, and Barrett 2023). While informative, these contexts
do not capture how learners engage with feedback tools in
voluntary, self-directed settings, where motivation, agency,
and support structures vary widely. Moreover, scalable feed-
back alone does not ensure effective use: learners frequently
ignore or superficially apply feedback, limiting its impact
on learning (Attali 2004). (3) Writing is inherently iterative,
yet prior research often conceptualizes engagement with Al
tools as a one-time interaction (Meyer et al. 2024). It remains
unclear whether learners revise and improve their texts over
multiple iterations, an essential condition for realizing the
educational potential of Al feedback.

Contributions. To address these gaps, we analyzed a full
year of real-world interactions (n = 23,650) with an open-
access Gen-Al feedback tool used voluntarily in various ed-
ucational settings. Our contributions are:

Methodological insights for analyzing large-scale, non-
experimental data from authentic, self-directed Al tool
use, highlighting challenges and opportunities for evalu-
ating social impact.

A detailed analysis of learner engagement patterns across
text types, school types, grade levels, and temporal usage
trends.

A privacy-preserving approach to modeling iterative
writing behavior at scale, using anonymized data and
similarity-based clustering.

An evaluation of writing improvement across revisions
using a validated LLM-based multidimensional scoring
framework aligned with feedback criteria (e.g., narra-
tive coherence, stylistic quality, mechanics) (SeBler et al.
2025).

An investigation into how revision frequency and initial
writing quality shape improvement trajectories across up
to five rounds of revision.

By investigating these questions, we provide the first
large-scale, ecologically valid analysis of how students en-
gage with generative Al feedback tools in voluntary, un-
supervised settings, illustrating what can be learned from
privacy-compliant, real-world educational data. Our findings
shed light on engagement trajectories, revision patterns, and
associated changes in writing quality, informing the design
of scalable, equitable feedback systems.

Related Work

Research on LLM—generated writing feedback has evolved
along three interrelated dimensions: the quality of LLM-
generated feedback, its impact on writing outcomes, and the
extent which students engage meaningfully with such feed-
back. Taken together, these strands underscore the promise
and limits of LLMs in supporting writing development.
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Feedback Quality. Studies benchmarking LLM-
generated feedback often compare it to instructor, expert, or
peer alternatives. Dai et al. (2023) found GPT’s comments
on student reports were similar in polarity to instructor sen-
timent, but deeper comparisons reveal quality gaps. Steiss
et al. (2024) demonstrated that while ChatGPT slightly
outperformed teachers in terms of criteria alignment,
teachers excelled in clarity, accuracy, tone, and prioritizing
revisions. Banihashem et al. (2024) found that ChatGPT
provided more descriptive feedback than its peers, who were
better at identifying issues; neither approach significantly
improved writing. In creative writing, Rashkin et al. (2025)
found LLMs (GPT-4, Claude, Gemini) produced fluent but
vague comments, missing narrative-level issues, and trailing
experts in helpfulness (d = 0.86) and specificity (d = 0.72).
These findings suggest that while LLM feedback may be
less pedagogically precise than expert input, it remains
potentially useful, especially in contexts where human
feedback is unavailable.

Feedback Effectiveness. A second line of work has tested
whether LLM-generated feedback translates into measur-
able gains in student writing. In a randomized controlled
trial with 459 Grade 10 students in German academic-
track schools, Meyer et al. (2024) found that GPT-3.5-
turbo—generated feedback, designed based on writing re-
search and tailored to each student’s draft, improved revi-
sion quality (d = 0.19), task motivation (d = 0.36), and pos-
itive affect (d = 0.34) relative to a no-feedback control. In
this case, all students were explicitly prompted to revise.
Other studies show more mixed effects. Escalante, Pack, and
Barrett (2023) conducted two six-week longitudinal stud-
ies with university-level English learners. In Study 1, stu-
dents received feedback from either GPT-4 or a trained hu-
man tutor. While both groups revised after receiving feed-
back, no significant difference in learning gains was found.
Study 2 revealed that students viewed both sources as help-
ful but complementary, with preferences split. In a study
of 269 pre-service teachers, Kinder et al. (2025) compared
adaptive GPT-4 feedback to static expert-written feedback
during a diagnostic reasoning task. LLM feedback led to
higher justification quality (d = 0.31), longer responses (d
= 0.39), and greater perceived usefulness (d = 0.51), al-
though there was no significant effect on decision accuracy.
Finally, Lo, Wong, and Chan (2025) conducted a large-scale
RCT with 1,102 university students in Hong Kong. Com-
pared to a no-feedback control, students receiving ChatGPT
feedback showed significantly larger improvements in essay
quality (A = 3.34, p = .0031, r = .21), higher motivation
(r = .31), and increased engagement (r = .16). Interviews
highlighted the feedback’s usability and specificity, though
emotional responses were mixed and concerns about over-
reliance emerged. These studies suggest that while LLM-
generated feedback may not outperform expert human in-
struction, it can still support learning gains, particularly
when feedback is adaptive and embedded in revision cycles.

Engagement with Feedback. Recent work has empha-
sized that simply providing Al-generated feedback does
not guarantee that students will meaningfully engage with
it, especially in self-directed or minimally scaffolded con-



texts, where engagement becomes a key mediator of impact
(Fleckenstein et al. 2024). In a study of 14,236 secondary
students across 655 classrooms using GPT-4-generated
feedback, Jansen, Horbach, and Meyer (2025) found that
48% of students made no revisions, despite receiving feed-
back and being prompted to revise. Engagement rates were
unaffected by grade level, task type, or the linguistic fea-
tures of feedback or writing, suggesting that deeper moti-
vational or contextual barriers may be at play. Similarly,
Meyer, Jansen, and Fleckenstein (2025) studied 937 Ger-
man students (Grades 7-9) using automated feedback in a
controlled revision task. Although all students were asked to
revise, 20% did not revise at all, and 47% revised without
improving their performance. Non-engagement was more
likely among male students (d = 0.24) and those with lower
cognitive ability (d = 0.48), while unsuccessful engagement
was associated with weaker grades and lower task value.
By contrast, intrinsic task value predicted successful en-
gagement (d = 0.29). These results parallel earlier findings
on rule-based feedback systems: for example, Attali (2004)
found that in the Criterion system (used in U.S. middle and
high schools), 71% of students submitted only once, despite
access to feedback. Still, those who did revise tended to im-
prove, reinforcing the potential of automated feedback sys-
tems when they succeed in eliciting engagement.

Taken together, this body of work suggests that while
LLM-generated feedback is not yet equivalent to expert
human instruction in terms of diagnostic quality or im-
pact, it represents a scalable and adaptive alternative, es-
pecially in under-resourced contexts where human feed-
back is unavailable. Evidence suggests that LLM feedback
can support writing improvement, particularly when inte-
grated into structured revision workflows. However, consis-
tent with broader learning science research, the mere pro-
vision of feedback does not ensure its uptake: motivation,
task framing, and learner supports remain critical levers. Yet,
most existing studies have been conducted in structured, of-
ten short-term classroom deployments (Meyer et al. 2024;
Jansen, Horbach, and Meyer 2025), primarily with older stu-
dents in higher education (Kinder et al. 2025; Lo, Wong,
and Chan 2025; Escalante, Pack, and Barrett 2023) or late
secondary settings (Meyer et al. 2024). Thus, findings may
not generalize to younger learners or to voluntary, unsuper-
vised use. Moreover, while studies often capture single-shot
interactions, writing is inherently iterative; little is known
about how learners revise across multiple feedback rounds,
or whether revision quality improves with repeated usage.

Methods
Al Feedback System Description

Our study focuses on a publicly accessible Al writing feed-
back platform PEER (SeBler et al. 2023)', designed to pro-
vide personalized, constructive feedback to students across
a range of school levels and writing tasks. The system ac-
cepts student texts via direct input or OCR-based image up-
load and returns detailed feedback tailored to text type, grade

"https://www.edu.sot.tum.de/en/hctl/forschung/peer/
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level, and other metadata. Unlike traditional automated text
scoring systems that prioritize rubric-based grading, the tool
aims to replicate the function of a human teacher: offer-
ing encouragement, highlighting strengths, and suggesting
areas for improvement in a supportive tone. Students can
revise and resubmit their texts for new feedback, enabling
iterative improvement aligned with process-oriented writ-
ing pedagogy. The tool utilizes GPT-3 in a zero-shot frame-
work, generating feedback through optimized instructional
prompts selected via a weighted lottery based on Elo scores
(SeBler et al. 2023). Each feedback type is produced with
a distinct German-language prompt, tailored to emulate a
teacher’s tone and include the text type, grade level, task
description, and student text. This prompt design ensures
context-aware, curriculum-aligned feedback across three di-
mensions: (1) a general qualitative evaluation, (2) a criteria-
based assessment, and (3) actionable suggestions for im-
provement.

Dataset

Since its public launch in early 2023, the platform has
seen widespread usage. Users consented to the use of their
anonymized data for research by confirming the platform’s
data protection notice, in compliance with German data pri-
vacy laws. Collected data included text submissions and
non-identifying metadata. No persistent user identifiers were
stored. This paper focuses on interactions between Decem-
ber 2023 and November 2024. The dataset comprises 23,650
writing tasks submitted by learners across various educa-
tional contexts in Germany, including both the original stu-
dent texts and the Al-generated feedback provided by the
system. Each record contains metadata about the submis-
sion, including the text category (e.g., report, discussion),
study year (grade level), school type (e.g., primary, academic
secondary), a state within Germany, and a timestamp for
each interaction.

Data Pre-Processing

Before analysis, the dataset was cleaned to include only au-
thentic learner submissions and meaningful feedback inter-
actions. From the original 30,755 entries, we removed 2,494
texts with fewer than 35 words, approximately five sen-
tences of seven words each (Briigelmann and Richter 1994),
to exclude placeholders and incomplete drafts. We also re-
moved 4,063 exact duplicates, retaining only the first occur-
rence to prevent overrepresentation. Additionally, 458 en-
tries with default metadata values (e.g., text category ’re-
port”, study year 1, School Type “Elementary school”, and
state "Bavaria”) were excluded, as these improbable combi-
nations suggested placeholder data or test inputs. Lastly, 90
entries with missing values in critical fields, such as feed-
back, were discarded, likely due to failed feedback genera-
tion. The resulting cleaned dataset comprised 23,650 unique
submissions, providing a more reliable basis for analysis of
authentic interactions with the Al feedback tool.

A key challenge was the lack of persistent user iden-
tifiers, which hindered tracking individual learners across
submissions. To address this, we used a similarity-based



clustering approach to reconstruct feedback iteration cy-
cles. Texts were vectorized using TF-IDF (excluding Ger-
man stopwords), and pairwise cosine similarity scores were
computed. Submissions with scores above 0.8 were grouped
and assigned a shared identifier (text ID), yielding 18,741
unique texts. This method assumed that learners revising
their work would make substantial but not complete changes
between iterations. Clustering accuracy was spot-checked
manually, and multiple thresholds were tested to ensure con-
sistent grouping of text revisions. This approach allowed us
to analyze temporal engagement and revision behavior de-
spite the absence of explicit user tracking.

Analysis

To evaluate writing improvement following Al-generated
feedback, we focused on multiple-submission cases where
learners revised and resubmitted their texts. A total of 2,800
student texts were resubmitted at least once. Each origi-
nal and revised submission, totaling 7,564 texts, was scored
using an LLM-based multidimensional text evaluation ap-
proach validated in recent research by SeBler et al. (2025).
The authors evaluated various LLMs against ratings from 37
human teachers on ten criteria for German student texts. The
proprietary GPT ol model showed the strongest alignment
with human teacher ratings, particularly in language-related
aspects (e.g., spelling r 0.814, expression r 0.675,
overall » = 0.742), and demonstrated high internal consis-
tency (/C'C = 0.80). These findings support its use as a
reliable tool for assessing the quality of student writing.
Building on this validated framework, we scored each
text both before and after revision using a rubric adapted
to our text types for pedagogical relevance. This enabled
fine-grained tracking of writing changes beyond holistic
scores. By using a model with benchmarked human align-
ment and scoring consistency, we ensured the validity of our
automated assessment. We assessed pre- vs. post-feedback
gains in overall and criterion-specific scores using two-tailed
Wilcoxon signed-rank tests, as Shapiro—Wilk tests indicated
non-normality for all criteria (« = 0.05), reporting p-values
and effect sizes (r). In addition, we fit ordinary least-squares
regressions predicting score gain from revision rounds, ini-
tial score, and writer age/language background, using robust
standard errors. The code used for all data preparation, text
scoring, prompts, and analyses is available on GitLab.?

Results

Learner Engagement with AI Feedback in
Real-World Contexts

Analyzing a year of interaction data, comprising 18,741 text
submissions, from our open-access writing feedback tool
reveals several patterns in how learners engage with Al-
generated feedback in a self-directed context (see Figure 1
for an overview). The submissions were distributed across
various educational settings, encompassing a range of text
types, including reports, discussions, and stories. Among

“https://gitlab.Irz.de/hctl/ai- writing-feedback/-/tree/
9f3235d999fd54a34ab5d16a60bf133c69ac3ab/
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Figure 1: Interaction Data Overview

these, discussions and reports were the most frequently sub-
mitted text types, reflecting their prominence in school cur-
ricula. Submissions were drawn from various school forms
(primary, lower secondary, intermediate secondary, and aca-
demic secondary), with the majority originating from aca-
demic secondary schools. Engagement also varied by grade:
students in grades 8-13 accounted for the highest submis-
sions, suggesting that middle and upper secondary students
may be particularly receptive to Al feedback tools. A varia-
tion in dominant text types is observable across grade levels.
Narrative texts dominate in lower grades, while reports in
Grades 5-7 and analytical forms (e.g., discussions, essays)
become more frequent from Grade 8 onward, reflecting a
curricular shift toward analytical writing.

Temporal patterns indicate that learners most frequently
engaged with the tool during the week, with lower activity
observed on weekends. This suggests that usage is aligned
with school schedules and potentially after-school home-
work routines rather than leisure-time writing. In line with
these results, we observe a drop in engagement during July
and August, concurrent with German summer holidays (see
Figure 1). Geographical information indicates that, although
users are spread across all German states, the vast majority
are located in Bavaria, a region with high resources.

In terms of feedback iterations, a large proportion of
learners interacted with the tool only once, writing one text.
A notable subset of 15.5% engaged in multiple rounds of
feedback and revision, of which 4.4% submitted a revised
version of their text three to five times, indicating that some
learners perceived value in refining their texts over succes-
sive submissions. The mean interval between submissions
was 2.6 days, with a median of 0 days, over half of all re-
visions occurred on the same day as the initial submission,
and more than 75% within a single day. To quantify textual
changes across revisions, we computed the normalized Lev-
enshtein edit distance (c.f. Schiller et al. 2024) between con-
secutive drafts. Across all revision rounds, the average nor-
malized edit distance was (.15, indicating moderate textual
change between submissions. Most revision steps showed



consistent levels of modification (e.g., revision 1: 0.15; 2:
0.13), though some outliers were observed with unusually
high distances (e.g., round 4: 0.29), suggesting more sub-
stantial rewrites. These findings suggest that while many
learners made incremental edits, some engaged in more sub-
stantial textual restructuring during later revisions.

Writing Improvements Across Revisions

To analyze the effectiveness of the Al-generated feedback
provided within our system, we applied automated LLM-
based text scoring to a subset of texts within our data that
were submitted multiple times, comprising 7,564 unique
submissions and 2,800 distinct revision chains. Students’
writing showed statistically significant improvements across
most dimensions following Al feedback. Of the 2,800 texts
resubmitted multiple times, 540 (19.3%) exhibited a posi-
tive increase in their overall judgment score from the first to
the final draft (67.3% remained unchanged, 13% declined).
Table 1 shows the mean score changes by rating criterion
from the first to the last submission. Criterion-level score
changes were tested using the Wilcoxon signed-rank test;
all criteria except Headline showed statistically significant
improvements from first to last draft (p < .05) with ef-
fect sizes (r) ranging from small to moderate. The holistic
score (Overall judgment) increased by an average of 0.067
points, reflecting a modest but significant improvement in
overall quality. Among content criteria, the largest gains oc-
curred in the strength of the Conclusion (A = 0.138) and
the Main part (A = 0.073), indicating many students’ final
drafts had stronger endings or syntheses and main part co-
herence. Language-related dimensions also improved signif-
icantly, with Spelling & punctuation rising by 0.068 points
and Choice of words by 0.056 points. Together, these re-
sults suggest that iterative Al feedback use yields modest
improvements in both content and language-related criteria.

To better understand how learners respond to Al-
generated feedback, we analyzed whether the final recom-
mendation section of the first feedback cycle explicitly ref-
erenced specific rating criteria and whether those criteria
subsequently improved in the next revision. Using keyword
matching for each dimension (e.g., Introduction, Spelling),
we found that mentioning a criterion in the feedback was
weakly associated with improvement in that area. For in-
stance, when the ”Conclusion” was mentioned (n = 1,067),
25.3% of those cases showed improved scores in that di-
mension in the second draft. Similarly, ”Spelling & punctua-
tion” (n = 1,021) and "Headline” (n = 103) saw implementa-
tion rates of 23.3% and 24.3%, respectively. Content-related
criteria generally aligned more than language-related ones,
though uptake was not uniform. Notably, feedback referenc-
ing “Linguistic style requirements” resulted in improvement
only 10.7% of the time. These findings suggest that while
students partially respond to targeted feedback, the uptake
varies by the complexity of the criterion.

To explore who profits from the feedback, we examine
whether the effectiveness of the feedback correlates with
student grade or differs by school track. We found a small
positive correlation between overall score and grade (r =
0.036, p = 0.058), indicating a modest improvement for
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Criterion Type A 95% CI p-value 7
Overall judgment ~ C/L 0.067 [0.045,0.090] < 0.001 0.17
Headline C 0.022 [-0.014,0.058] 0.295 0.03
Introduction C 0.049 [0.023,0.076] < 0.001 0.10
Main part C 0.073 [0.049, 0.098] < 0.001 0.16
Conclusion C 0.138 [0.109, 0.168] < 0.001 0.25
Choice of words L 0.056 [0.029,0.083] < 0.001 0.11
Linguistic stylereq. L  0.044 [0.018, 0.070] 0.001 0.09
Plot/ Arg. logic C 0.056 [0.029,0.082] < 0.001 0.12
Expr. & sent. struct. L 0.045 [0.022, 0.068] < 0.001 0.11
Spelling & punct. L 0.068 [0.035,0.100] < 0.001 0.11

Table 1: Criterion-level score changes from first to last text
submission.

Note: All p-values from Wilcoxon signed-rank tests. A =
mean difference; C = content-related; L = language-related;
r = effect size.

older students. Notably, students from academic secondary
schools exhibited the largest average gains in performance
from first to final draft submissions (A = 0.083). In contrast,
those from lower secondary(A = 0.034) and intermediate
secondary schools (A = 0.037) showed the smallest gains.
Intermediate improvements were observed for students from
primary school (A = 0.061). These findings suggest slight
but observable differences in feedback uptake across educa-
tional stages and school types.

Greater Improvement Among Weaker Initial
Drafts

Further, we investigate whether revision gains depend on
initial text quality. Lower-quality drafts may offer more
readily addressable issues, enabling greater improvements
from Al feedback, while higher-quality drafts allow limited
scope for gains and may even risk score declines due to
less effective revisions. To assess this, we analyze the cor-
relation between initial scores and score changes. Our data
analysis indicates a moderate negative correlation (r=—0.29,
p < .001) between initial holistic score and improvement,
meaning students who started with lower scores tended to
improve more. In contrast, those who started high often saw
smaller gains or plateaued. This is also illustrated in Ta-
ble 2. Learners who began with low first-draft scores (1-2
on overall judgement) exhibited the most considerable im-
provements, with an average increase of 0.388 in holis-
tic score, 0.200 in content-related dimensions, and 0.192
in language-related dimensions. Those with medium ini-
tial performance (3 on overall judgement) saw more mod-
est gains (onerall = 0.207; Acontent = 0~153;(A1anguage =
0.137), whereas high-performing students (overall judge-
ment score of 4-5) showed virtually no change in holistic
score (Agyeranl = —0.035) and minimal shifts in analytic cri-
teria. These patterns indicate that iterative Al feedback dis-
proportionately benefits students with weaker initial drafts.

Marginal Gains Across Revision Rounds

Another important aspect is how text quality evolves across
successive rounds of feedback and revision. For a detailed



1st Score 1 Agverall Poverall Ac DPec A 2

Rev. n onerall Poverall Ac Pc A b

Low (1-2) 225 0.387 < 0.001 0.196 < 0.001 0.191 < 0.001
Med. 3) 819 0.208 < 0.001 0.153 < 0.001 0.137 < 0.001
High (4-5) 1643 -0.035 0.013 0.016  0.096 —0.000  0.704

Table 2: Mean improvement by initial score group from first
to last submission.

Note: Initial score refers to the first-draft overall score. All
p-values are from Wilcoxon signed-rank tests comparing
first and final drafts. ¢ = content-related; 1 = language-related
criteria.

iteration-by-iteration analysis, we focus on the first five re-
vision rounds (i.e., six total submissions), as the number of
texts still undergoing revision drops below 15% beyond this
point, leading to unstable estimates. Figure 2 shows the av-
erage scores by submission (left panel) and average within-
text score improvements from one draft to the next (right
panel). Average scores increase from the first to sixth sub-
mission (e.g., overall from 3.67 to 3.82), suggesting higher
quality in later drafts. However, these descriptive trends do
not reflect within-text improvement, as different texts and
students may appear across rounds.

To better capture revision effects, we analyze average im-
provements between drafts for the same text. The largest
gains occur between the first and second submissions (Av-
erage A = 0.045), with smaller and more variable gains in
later rounds. Structural dimensions, such as the main part
and conclusion, show strong early gains, while higher-order
features, like linguistic style and argumentation, improve
more steadily across rounds. Some criteria (e.g., headline,
main part) show fluctuation or decline in later rounds, pos-
sibly due to revision fatigue or experimentation.

Overall, these findings suggest that early revisions are the
most impactful, but some writing dimensions, particularly
higher-order skills, can continue to benefit from further it-
eration. Importantly, we find no meaningful correlation be-
tween the amount of textual change and score improve-
ment across early revisions (Pearson » = —0.020, Spearman
p = 0.046, rounds 1-5), indicating that larger edits do not
necessarily yield better results.

To analyze whether students with more revisions achieve
higher overall improvements, we examined the mean score
improvement from the first to the last draft in relation to
the total number of revisions. Due to the aforementioned
sample size constraints, we only included texts in our sam-
ple with equal to or fewer than five revision rounds (i.e.,
six total submissions). As shown in Table 3, mean im-
provements in students’ writing quality vary systematically
with the number of revision rounds. Texts revised only
once (n = 1,864) exhibited a modest overall gain of 0.049
points, with content-related criteria improving by 0.058 and
language-related criteria by 0.036. Twice-revised texts (n =
527) demonstrated larger gains (Agyeran = 0.076; Acontent
= 0.076; Alanguage = 0.068), and three rounds of revision
(n = 195) yielded even greater improvements (Agyerall =
0.154; (Acontent = 0.080; Ajanguage = 0.081). The largest
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1 1864  0.049 0.001 0.058 < 0.001 0.036  0.004
2 527  0.076 0.004 0.076 < 0.001 0.068 0.002
3 195  0.154 < 0.001 0.080  0.014 0.081 0.014
4 81  0.198 0.003 0.143 0.010 0.259 < 0.001
5 52 0.135 0.090 0.238 0.004 0.154  0.030

Table 3: Mean score improvements by number of revision
rounds from first to last submission.

Note: Only texts with < 5 submissions were included. All p-
values are from Wilcoxon signed-rank tests comparing first
and last drafts. ¢ = content-related criteria; 1 = language-
related criteria.

average gains occurred after four revisions (n = 81), particu-
larly in language (Ajanguage = 0.259) and content (Acontent
=0.143), with an overall mean increase of 0.198.

To assess whether score gains were explained by con-
founding factors, we ran an OLS regression including text
type, school type, federal state, study year, initial score,
number of revisions (capped at 5), time elapsed between
drafts, and normalized edit distance as predictors. The model
explained limited variance (R?> = 0.113), with only ini-
tial score (8 = —0.209, p < 0.001) and number of revi-
sions (8 = 0.036, p = 0.004) showing significant effects.
All other predictors, including school type, state, text type,
time elapsed, and magnitude of textual change, had no sig-
nificant impact on improvement. These results suggest that
score gains are not systematically driven by structural, de-
mographic, or surface-level revision factors.

Discussion

This study offers novel insights into the real-world usage of
an open-access, generative Al writing feedback tool, pro-
viding the first large-scale analysis (n = 23,650) of stu-
dent engagement in voluntary, self-directed contexts. Learn-
ers from various school types and grade levels, particularly
those in academic secondary schools, utilized the tool. How-
ever, consistent with prior work on engagement with feed-
back (Jansen, Horbach, and Meyer 2025; Meyer, Jansen, and
Fleckenstein 2025), only a small subset (15.5%) engaged in
multiple rounds of revision, reinforcing that availability of
feedback alone does not ensure uptake, particularly in unsu-
pervised settings where motivation and self-regulation play
a key role (Panadero 2017).

Among students who did revise, we observed statistically
significant improvements across both content and language
dimensions, with the largest gains among initially lower-
performing writers. This pattern aligns with prior studies,
which show that generative Al feedback can serve as an ef-
fective scaffold (Meyer et al. 2024), particularly for students.
Most improvements occurred during first revisions, though
further gains, especially in higher-order skills such as argu-
mentation and linguistic style, continued across later revi-
sions, albeit more variably. This suggests a design implica-
tion for feedback systems: while prompting iterative revision
is useful, tools should also monitor when progress plateaus
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Figure 2: Text Criteria Scores by Submission (left) and Score Gains by Revision Rounds (right)

or high quality is achieved, to help students focus effort
without causing unnecessary or demotivating revisions.

Given the scale of our dataset (7,564 revised submis-
sions), we used a validated LLM-based multidimensional
scoring method (SeBler et al. 2025). While human ratings
are ideal, automated scoring offers a practical, pedagogi-
cally aligned alternative at this scale. Additionally, our use of
privacy-preserving methods (e.g., text similarity clustering)
demonstrates that meaningful insights into revision behav-
ior can be obtained without persistent user tracking, thereby
supporting the ethical use of large-scale learning analytics.

From an equity perspective, our data raises critical ques-
tions. The current user base appears skewed toward rela-
tively privileged, academically tracked, older students, de-
spite the tool’s open-access design. This echoes broader con-
cerns in educational technology about the “inverse equity”
effect, where the students who stand to benefit the most are
the least likely to engage (Bulathwela et al. 2024). Reaching
underrepresented learners, including those with limited dig-
ital literacy or access, will require targeted outreach, simpli-
fied interfaces, and possibly alternative feedback modalities.
For example, younger learners or those with reading difficul-
ties may benefit from speech-based interactions or dialogic
feedback formats that reduce the cognitive demands of pro-
cessing long, text-based suggestions.

Limitations. While promising, these findings must be in-
terpreted with caution. As a non-experimental study, causal
claims cannot be made, and improvements may be attributed
to other confounding factors, such as teacher input, peer
feedback, or learner motivation. Although the evaluation
model employed here has been validated in prior work for its
alignment with teacher ratings, using LLMs for both feed-
back generation and assessment introduces the potential for
systemic bias or feedback—evaluation entanglement. Addi-
tionally, due to anonymized data, revision chains were re-
constructed via text similarity, which may introduce clas-
sification errors. We were unable to directly assess learner
engagement based on the feedback. Future research us-
ing behavioral data (e.g., clickstream logs) could offer a
stronger basis for interpreting uptake and engagement pat-
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terns (Schiller et al. 2024). Finally, although the tool is pub-
licly accessible, its user base is skewed toward students from
well-resourced, academically oriented schools and is re-
stricted to Germany. Lacking data on socioeconomic status,
digital access, or learner background limits the evaluation of
its impact on educational equity. While gains among lower-
performing students are promising, more inclusive sampling
and outreach are needed to assess and support equity claims.

Future work. Future studies should prioritize rigorous
evaluation designs and adaptive feedback strategies that ac-
count for learner profiles and engagement patterns. Longitu-
dinal studies will be necessary to determine whether short-
term improvements in text quality translate into durable
writing competence. New approaches to improving LLM-
generated feedback, such as feedback-in-the-loop optimiza-
tion, have recently been proposed, where feedback is itera-
tively refined based on simulated student revisions Nair et al.
(2024). Such techniques may have the potential to enhance
the educational impact of feedback by optimizing its quality,
and also its effectiveness in prompting meaningful revision;
however, they warrant real-world evaluations. Furthermore,
ensuring equitable access across sociocultural contexts and
educational systems remains a central challenge.

Conclusion. Despite these limitations, the results offer
encouraging evidence for the pedagogical potential of gen-
erative Al systems in educational settings. When designed
to deliver constructive, curriculum-aligned, and timely feed-
back, such tools can support learners in engaging with com-
plex writing tasks through iterative self-assessment. The
high levels of voluntary engagement and measurable im-
provements in writing quality suggest that generative feed-
back tools may serve as a valuable supplement to traditional
instruction, particularly in contexts where teacher feedback
is scarce or delayed. This study contributes to the growing
body of research on socially beneficial Al by demonstrat-
ing that carefully deployed generative feedback systems can
foster meaningful learner engagement and incremental writ-
ing gains beyond formal instruction. These findings support
developing inclusive, pedagogically grounded Al tools that
broaden access to individualized learning support at scale.
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