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Abstract

This single-case design study explored the impact of AI-supported writing instruction 
for students with learning disabilities (LD). We examined how ChatGPT-generated feed-
back embedded within a structured Self-Regulated Strategy Development (SRSD)-based 
writing intervention affected students‘ writing productivity, as measured by Total Words 
Written (TWW), and text quality, as measured by the Teacher Evaluation of Story Ele-
ments rubric (TESE). Drawing on the Hayes and Flower (1980) writing process model and 
the SRSD framework, the intervention provided scaffolded task-level feedback using stan-
dardized prompts and iterative revision cycles. The effects were evaluated across alter-
nating baseline, intervention, and follow-up phases using visual inspection and non-para-
metric overlap indices. Results indicated positive effects on both TWW and TESE, with 
consistent level effects across intervention phases. Moreover, students gradually inter-
nalized feedback routines, indicating the development of metacognitive strategies. The 
findings highlight the pedagogical potential and limitations of AI-mediated scaffolding in 
inclusive education and call for critical reflection on its implementation.

Keywords: ChatGPT, self-regulated strategy development, learning disabilities, AI-generated 
feedback, inclusive writing instruction, single-case design, textuality

Introduction

Writing is widely recognized as a cornerstone 
of academic achievement, social engage-
ment, and vocational integration (Graham 

& Harris, 2018; Kellogg & Whiteford, 2009). High levels 
of writing proficiency allow individuals to articulate 
ideas, engage in critical thinking, and communicate 
effectively across varied contexts (Graham & Perin, 
2007). Writing proficiency is a complex, multicom-
ponent skill involving the interplay of subprocesses, 
including transcription, planning, text generation, and 
revision, regulated by metacognitive and motivation-
al processes (Berninger & Winn, 2006; Hayes, 2012). 
Developing this multifaceted competence poses con-
siderable challenges, particularly for students with 
learning disabilities (LD), who often exhibit persistent 

difficulties across both lower-order (e.g., spelling, 
handwriting) and higher-order (e.g., text organization, 
idea generation, revision) processes.

Educational Challenges in Writing for 
Students With LD

Students with LD – broadly defined as learners 
who experience specific, persistent difficulties in ac-
quiring conventional reading, writing, or mathema-
tics skills that cannot be attributed to intellectual disa-
bility, sensory impairment, or inadequate instruction 
(UNESCO, 2020) – face enduring academic challenges 
that typically manifest across the school years, often 
as difficulties in working memory, self-regulation, and 
linguistic planning, all of which are functions central 
to writing development (Swanson & Sachse-Lee, 2001; 
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Troia, 2011). In Germany, this population represents 
approximately 3% of all school-aged students (Euro-
pean Agency for Special Needs and Inclusive Edu-
cation, 2020), frequently categorized under broader 
special education frameworks. Notably, these learn-
ers tend to produce shorter, less cohesive, and struc-
turally weaker texts than their peers (Graham & Per-
in, 2007), and they struggle to revise and plan their 
writing independently (Graham et al., 2014).

The importance of addressing these deficits is 
underscored by large-scale assessments. For exam-
ple, according to the 2022 PISA report, 25.5% of 
German adolescents are classified as poor readers, 
and similar patterns are observable in writing out-
comes (Organisation for Economic Co-operation 
and Development [OECD], 2022). Given the recip-
rocal relationship between reading and writing 
(Graham et al., 2025), difficulties in one domain 
frequently reinforce problems in the other. Further-
more, data from the IQB Education Trends show 
that growing numbers of students fail to meet min-
imal literacy standards, reinforcing the urgency of 
evidence-based, targeted interventions, particularly 
for writing, which has received comparatively less 
attention than reading (Stanat et al., 2022).

Theoretical Foundations of Writing 
Instruction

The present study was grounded in two com-
plementary theoretical models. First, the Hayes and 
Flower (1980) cognitive process model conceptu-
alizes writing as a recursive, goal-directed activity 
comprising planning, translating, and reviewing. 
Second, the Self-Regulated Strategy Development 
(SRSD) model (Graham & Harris, 2005) provides 
a pedagogical framework that emphasizes explicit 
instruction, modeling, self-monitoring, and moti-
vation. Both frameworks underscore the need for 
structured, scaffolded, and individualized feedback 
–conditions that are often difficult to realize in con-
ventional classroom settings for learners with LD.

Beyond instructional frameworks, formative 
feedback – defined as information used to improve 
learning rather than to evaluate it – plays a central 
role in writing development. Hattie and Timperley 
(2007) conceptualized feedback along three levels: 
task level (information about correctness), process 
level (strategies for improvement), and self-regu-
lation level (supporting independent monitoring 
and control). These differentiated feedback types 
contribute uniquely to the development of writing 
competence. Particularly for students with LD, for-
mative and specific feedback has been shown to 

enhance metacognitive engagement, foster self-effi-
cacy, and improve text quality (Shute, 2008). 

Given the central role of feedback in writing 
development, the question arises whether recent 
advances in artificial intelligence (AI), particularly 
large language models, can provide feedback that 
meets these pedagogical requirements in a scalable 
and individualized manner by simulating core fea-
tures of both teacher and peer feedback – especially 
when scaffolded and goal-directed – and contribute 
to students’ internal feedback loops. This potential 
is particularly relevant in SRSD-based instruction, 
which explicitly incorporates feedback as a mecha-
nism for fostering strategic behavior, gradual auton-
omy, and reflective thinking.

AI and Its Pedagogical Promise
Recent advances in educational technology, es-

pecially in the field of generative AI, offer new pos-
sibilities for tailoring instruction to diverse learner 
needs. Thus, large language models such as ChatGPT 
can generate coherent, context-sensitive text and 
simulate dialogic interactions. A recent systematic 
review found that ChatGPT is increasingly adopted 
in K–12 educational contexts, particularly for les-
son planning, material creation, and differentiated 
instruction (Zhang & Tur, 2024). While the review 
highlights both opportunities and risks of classroom 
use of ChatGPT, such as concerns about academic in-
tegrity and the need for co-designed implementation, 
it does not address the specific challenges faced by 
students with diagnosed learning disabilities. 

When purposefully embedded into instruction, 
tools like ChatGPT may support writing development 
of this population of students by offering real-time 
feedback, prompting elaboration, and suggesting revi-
sions – functions that correspond directly to the cogni-
tive demands outlined in the Hayes-Flower and SRSD 
frameworks (Hayes & Flower, 1980; Mohammed & 
Khalid, 2025; Ya’u & Mohammed, 2025; Yan et al., 
2024). These feedback functions are not merely tech-
nical affordances but can be pedagogically framed as 
dialogic and empowering when intentionally integrat-
ed into writing instruction. For example, Dong (2024) 
introduced a ChatGPT Feedback Engagement Frame-
work that conceptualizes AI-generated responses not 
as automated output but as pedagogically meaningful 
dialogic interactions, particularly for learners who 
benefit from structured support, such as second-lan-
guage (L2) learners or students with LD.

However, the pedagogical use of ChatGPT also 
raises important ethical and epistemological con-
cerns. In an exploratory study, Price et al. (2024) 
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demonstrated that ChatGPT-generated feedback can 
reflect and reinforce stereotypical assumptions about 
learner groups, including those labeled as “gifted” 
or “special education.” This finding underscores the 
need to critically examine the latent biases embed-
ded in AI-generated language, particularly when en-
gaging with vulnerable student populations such as 
learners with disabilities.

Unlike corrective AI tools (e.g., Grammar-
ly, QuillBot) that focus on grammar and syntax, 
ChatGPT provides dialogic, content-oriented feed-
back that supports higher-order writing processes 
such as idea development, cohesion, and argu-
ment structure (Steiss et al., 2024; Yan et al., 2024; 
Zhai et al., 2024). Despite this potential, however, 
empirical research on the use of ChatGPT with 
students formally diagnosed with LD remains 
scarce. For example, a recent systematic review 
by Imran and Almusharraf (2023) confirmed that 
most studies focus on general or higher education 
contexts, rarely addressing the needs of margin-
alized learners. This is a critical gap, as students 
with LD often benefit disproportionately from 
timely, individualized, and structured feedback 
(Graham et al., 2025). The capacity of ChatGPT 
to provide low-stakes, adaptive practice, simulate 
peer or teacher feedback, and model effective re-
visions positions it as a potentially powerful tool 
for inclusive writing instruction, provided its im-
plementation is guided by pedagogical intent and 
ongoing critical oversight.

Clarifying Productive Writing Skills
To evaluate whether AI-generated feedback can 

meaningfully support writing development in stu-
dents with LD, it is necessary to clarify the specific 
construct under investigation. The present study 
focused on productive writing skills, a construct 
encompassing the capacity to generate, structure, 
and refine original written texts for communicative 
purposes. These skills differ from transcriptional or 
receptive language abilities, as they require active 
conceptualization, organization of ideas, lexical se-
lection, syntactic planning, and genre-specific struc-
turing (Berninger & Amtmann, 2003). For students 
with LD, this demands cognitive flexibility, working 
memory resources, and iterative feedback – areas in 
which they often experience marked impairments 
(Graham et al., 2016; Hooper et al., 2002). Yet, ex-
isting research on effective support strategies for 
productive writing remains sparse and lacks inte-
gration of current technological advances.

Positioning the Present Study in the Re-
search Landscape

As mentioned, there is a noticeable research 
gap at the intersection of AI-supported writing in-
struction and special education. Existing reviews on 
AI in education tend to focus on general education 
student populations, often overlooking the differen-
tiated pedagogical needs of students with LD (Imran 
& Almusharraf, 2023; Zhang & Tur, 2024). Similar-
ly, the literature on writing instruction for students 
with LD rarely addresses digital or AI-mediated scaf-
folding. Studies exploring feedback-based writing 
interventions in this population remain fragmented 
and methodologically heterogeneous, with few em-
ploying experimental or longitudinal designs (Gra-
ham et al., 2014; Troia, 2011).

Meta-analytic evidence confirms that students 
with LD benefit most from writing interventions 
that are both explicitly structured and responsive 
to individual needs. In particular, the SRSD mod-
el, which combines cognitive strategy instruction, 
modeling, and scaffolded feedback, has demonstrat-
ed robust effects across multiple studies (Graham et 
al., 2014). Similarly, Swanson and Sachse-Lee (2001) 
highlighted the importance of adaptive instruction-
al components that account for the cognitive diversi-
ty of this population. Despite this evidence, howev-
er, only a limited number of studies have examined 
whether and how technology-mediated feedback 
systems, such as AI-generated responses, align 
with these established pedagogical principles. The 
heterogeneity within the LD population, especially 
with regard to co-occurring attentional, linguistic, 
or executive function difficulties, further under-
scores the need for differentiated, context-sensitive 
feedback solutions. 

While AI tools may not yet be fully equipped to 
provide such support, nevertheless, promising find-
ings are beginning to emerge. For example, in an 
empirical study conducted in Saudi Arabia, Alsahli 
et al. (2025) found that ChatGPT facilitated learn-
ing gains among students with special educational 
needs, particularly when used to provide scaffold-
ed writing support aligned with curricular goals. A 
comprehensive synthesis of these strands – writing 
development, AI-generated feedback, and inclusive 
pedagogy – is, therefore, both timely and necessary.

Research Aim of the Present Study
Against this backdrop, the present study inves-

tigated the effectiveness of a ChatGPT-assisted writ-
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ing intervention for students with LD, implemented 
within a single-case ABABE design. Alternating be-
tween baseline (A) and intervention (B) phases, this 
design allows for within-subject comparison and 
causal inference (Babbie, 2020; Kazdin, 2019). The 
core research question was as follows: To what extent 
does ChatGPT-based feedback, embedded within a 
structured SRSD-informed intervention, improve the 
productive writing skills of students with LD?

By focusing on this underrepresented group, 
the study sought to contribute both to the theoreti-
cal understanding of AI as a pedagogical tool and to 
the practical development of inclusive instruction-
al strategies. In line with Sustainable Development 
Goal 4 (UNESCO, 2020), the study also aimed to 
support global efforts toward equitable, high-quality 
education for all learners. Initial empirical evidence 
supports this orientation: Ibrahim and Ajlouni 
(2024) demonstrated that ChatGPT can foster en-
gagement and standard-aligned progress among stu-
dents in special education settings, suggesting that 
AI tools may contribute meaningfully to inclusive 
education when applied with instructional care.

Methods
The study employed a single-case experimental 

design (ABABE) comprising two baseline phases 
(A1, A2), two intervention phases (B1, B2), and a 
follow-up phase (E). This design enabled within-sub-
ject comparisons and was chosen for its compati-
bility with small, heterogeneous samples in special 
education research (Kazdin, 2011). The ABABE de-
sign was selected because it allows for the demon-
stration of experimental control through the repli-
cation of effects across two intervention phases (B1 
and B2), whereas the return-to-baseline phase (A2) 
provides evidence that changes in the dependent 
variables are functionally related to the interven-
tion rather than attributable to maturation, practice, 
or other confounding variables. The inclusion of a 
follow-up phase (E) additionally permits evaluation 
of the maintenance of any observed effects. Phase 
transitions were determined on a time-based sched-
ule, with each phase comprising five sessions. This 
decision was guided by practical constraints (school 
schedules and participant availability) rather than 
data-based stability criteria. While data-based phase 
change rules would have strengthened experimen-
tal control, the consistent five-session structure 
across all phases ensured procedural comparability. 

Across 21 sessions of 45 minutes each, tasks 
were implemented in quiet, distraction-free school 

environments. To ensure internal validity, baseline 
and intervention phases were structurally aligned 
in duration, task format, and procedural compo-
nents. The defining distinction was the integration 
of ChatGPT-generated feedback during intervention 
phases.

Participants and Sampling Strategy 
Six ninth-grade students (four male, two female; 

average age 15.8 years) from inclusive and special 
education schools in North Rhine-Westphalia, Ger-
many, took part in the study. All participants were 
born in Germany, fluent in German, and formally di-
agnosed with LD, particularly affecting productive 
writing. Three had a migration background (two of 
Russian, one of Turkish descent). Pseudonyms were 
used to ensure anonymity. Detailed participant 
characteristics are summarized below. 

All students attended Grade 9 and were aged 
between 15 and 17 years. Cognitive ability was not 
formally assessed as part of this study; however, all 
participants had received a formal diagnosis of LD 
(Förderschwerpunkt Lernen) through the German 
special education assessment system, which includes 
standardized cognitive and achievement testing as 
part of the diagnostic process. No participant had a 
co-occurring diagnosis of attention deficit hyperac-
tivity disorder (ADHD) or autism spectrum disorder 
(ASD) according to available school records.

Participant selection followed a two-stage pro-
cess: (a) teacher nomination based on observed 
writing difficulties and (b) screening with the Ham-
burg Writing Test (HSP 5–10 EK; May et al., 2023). 
The HSP evaluates core writing skills and was se-
lected to confirm sufficient foundational compe-
tence for participation. The procedure ensured that 
only students with pronounced but modifiable writ-
ing difficulties were included. All procedures were 
conducted in accordance with the ethical standards 
of the Declaration of Helsinki and the Belmont Re-
port (World Medical Association, 2013). Written in-
formed consent was obtained from the legal guard-
ians of all participating students, and assent was 
obtained from the students themselves.

Procedures

Baseline Phases (A1, A2)
At baseline, students engaged in mindfulness 

activities (e.g., focused breathing, sensory aware-
ness), followed by unscaffolded reflective writ-
ing. These simple, cognitively undemanding tasks 
(Sweller, 1988) were designed to establish unbiased 
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baselines of spontaneous writing behavior. Structur-
al consistency across sessions enabled reliable phase 
comparisons.

Intervention Phases (B1, B2)
Structured writing tasks based on Hayes and 

Flower’s (1980) process model (planning, drafting, 
revising) were introduced. Each session began with 
a writing prompt to elicit creative or reflective re-
sponses. Students drafted a text and then received 
targeted feedback from ChatGPT based on six pre-
tested standardized prompts derived from key di-
mensions of the writing process as conceptualized 
by Hayes and Flower (1980) and Hayes (1996); see 
Table 1. Feedback was documented on worksheets, 
with students selecting up to three actionable sug-
gestions for revision. 

To illustrate the standardized procedure and sup-
port replicability, a typical ChatGPT interaction went 
as follows. After responding to the prompt “Imagine 
you are the principal of your school for one day. What 
would you change and why?,” one student wrote: 
“I would cancel homework because it is boring and 
students already learn enough in school.” ChatGPT 
generated the following feedback: “Your opinion is 
clear. To strengthen your argument, consider adding 
an example or consequence. For instance, explain 
how students could use the extra time instead.” Using 
the prioritization worksheet, the student selected this 

suggestion and revised the sentence accordingly. 
This four-step cycle – prompt, drafting, AI feed-

back, guided revision – was applied consistently across 
all intervention sessions using one of six standardized 
ChatGPT prompts. To ensure accessibility and instruc-
tional clarity, all students worked with preformulat-
ed prompts designed to elicit targeted feedback from 
ChatGPT. Prompts addressed key dimensions of text 
quality, including goal clarity, structure, creativity, and 
thematic depth. All questions were framed in simpli-
fied language to support comprehension and consisten-
cy. Table 1 provides an overview of the six dimensions, 
the exact prompts used during the intervention, and 
their pedagogical purposes.

No additional teacher feedback was provided to 
isolate the AI’s contribution to text revision.

Follow-Up Phase (E)
The follow-up session replicated the previous 

task format but excluded scaffolding and AI support, 
thereby assessing the durability and transferability 
of writing improvements (Horner et al., 2005).

Intervention Fidelity and Accessibility 
Enhancements

Treatment fidelity was monitored using post-ses-
sion checklists covering procedural adherence, clar-
ity of instruction, and material use (Kratochwill et 
al., 2010; O’Donnell, 2008; Scheibel et al., 2022). (The 

Table 1
Dimensions and Purposes of ChatGPT-Generated Feedback Questions

Dimension Question Purpose

Clarity of Goal “ChatGPT, in simple language, is my goal clear? 
Please suggest how I can make it better.”

Helped participants evaluate and refine 
the communicative intent of their texts.

Sequence of Ideas “ChatGPT, in simple language, are my ideas 
expressed in a good sequence? Please suggest how 

I can improve the order.”

Aimed to improve the logical flow and 
coherence of narratives.

Text Structure “ChatGPT, in simple language, is my story well 
structured? Please suggest improvements.”

Guided participants in refining the 
organizational framework of their texts.

Stylistic Quality “ChatGPT, in simple language, does my text sound 
good? Please suggest how to enhance it.”

Addressed tone, sentence variety, and 
word choice to improve readability.

Originality and Creativity “ChatGPT, in simple language, is my text original 
and creative? Please suggest improvements.”

Encouraged participants to develop more 
unique and imaginative writing.

Thematic Depth “ChatGPT, in simple language, does my essay have 
depth? Please suggest how I can add more.”

Supported the creation of richer, more 
nuanced content.

Note. All prompts were preformulated by the research team and delivered via preconfigured tablet templates to ensure 
consistency across sessions and to reduce cognitive demands on participants. Prompts were designed in simplified language 
to support accessibility for students with LD. Each dimension corresponded to a theoretically grounded writing component 
derived from the Hayes and Flower (1980) cognitive process model and the SRSD framework (Graham & Harris, 2005). 
Students selected up to three feedback suggestions per session for guided revision.
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following reporting follows the SCRIBE 2016 guide-
lines for single-case intervention studies; Tate et al., 
2016). Across all 21 sessions, the average fidelity 
adherence rate was 94%, indicating high procedur-
al integrity throughout the study. Initial difficulties 
in processing ChatGPT feedback led to two accessi-
bility adaptations: (a) tablets featured pre-installed 
templates with standardized prompts, and (b) pri-
oritization worksheets helped students identify and 
implement key suggestions.

Instruments and Materials
Writing Prompts and Tools

Writing tasks were based on counterbalanced 
prompts of comparable thematic and linguistic 
complexity designed to elicit expressive-reflective 
texts. Complexity was defined in terms of syntactic 
demands, vocabulary range, and abstractness of the 
prompt topic. For example, one representative writ-
ing prompt was: “Describe a moment when you felt 
proud of something you accomplished. What did 
you do, and how did it make you feel?”

This prompt was classified as expressive-reflec-
tive due to its personal-emotional frame, open-ended 
structure, and the demand for temporal and caus-
al coherence. Differentiation across prompts was 
achieved by systematically varying (a) temporal per-
spective (past vs. hypothetical future), (b) emotional 
valence (positive vs. challenging experiences), and (c) 
required text length (short vs. extended reflection). All 
prompts were piloted to ensure accessibility across 
reading levels and cultural backgrounds.

Materials included brainstorming scaffolds, 

structured feedback logs, and fidelity monitoring 
forms. To enhance transparency and replicability, 
all tools and materials used in the intervention are 
summarized in Table 2.

Writing Assessment Tools
Two dependent variables were assessed: writing 

fluency and writing quality. Writing fluency was op-
erationalized as the Total Words Written (TWW; Hosp 
et al., 2016), a validated metric for productivity in writ-
ten expression. Writing quality was measured using 
an adapted version of the Teacher Evaluation of Story 
Elements (TESE; Troia & Graham, 2002). While origi-
nally developed for narrative writing, the TESE rubric 
was systematically revised for expressive-reflective text 
types based on the Hayes and Flower (1980) model of 
the writing process. The adapted rubric comprised six 
dimensions, each rated on a 5-point Likert scale (1 = 
minimal proficiency; 5 = exceptional performance). For 
the purposes of this study, the dimensions were opera-
tionalized as follows:
•	 Goal Clarity: Presence of a clearly identifiable 

communicative intention or emotional focus, in-
dependent of narrative closure.

•	 Structure: Logical organization of ideas, includ-
ing thematic coherence and use of transitions to 
structure reflection.

•	 Creativity: Degree of original formulation, person-
al expression, and use of figurative language or 
imagery.

•	 Linguistic Quality: Syntactic accuracy, lexical va-
riety, and grammatical correctness.

•	 Thematic Depth: Engagement with abstract, com-
plex, or multi-layered aspects of the chosen theme.

Table 2
Materials and Tools Used in the Intervention

Category Description

Assessment Instruments The Hamburg Writing Test (HSP) was utilized to evaluate baseline writing skills, including 
orthography, grammar, and composition.

Digital Tools Tablets with preconfigured ChatGPT accounts were provided for drafting and revising.
Researchers monitored the accounts to ensure data integrity.

Supportive Materials • Worksheets for brainstorming and integrating feedback 
• Preloaded templates with standardized ChatGPT queries 
• Checklists to guide session steps and ensure consistency

Documentation Tools Treatment fidelity forms were employed to monitor adherence to the intervention 
protocol and document the accuracy of its implementation.

Note. All materials were developed specifically for this study and piloted prior to implementation. The Hamburg Writing 
Test (HSP 5–10 EK; May et al., 2023) was used exclusively for baseline screening and participant eligibility, not as an outcome 
measure. ChatGPT accounts were accessed via a standardized interface and monitored by the research team to ensure data 
integrity and prevent unintended use beyond the study protocol. (Brainstorming scaffolds and feedback logs are available from 
the authors upon reasonable request.)
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•	 Authenticity: Evident personal involvement, 
emotional congruence, and subjective credibility 
of the text.
Both dependent variables (TWW and TESE) 

were assessed at every session across all phases, re-
sulting in 21 measurement points per participant. 
TWW was counted immediately after each writ-
ing session, whereas TESE scores were rated inde-
pendently by three trained raters within one week 
of each session. These revised scoring criteria reflect 
the genre shift from narrative to expressive-reflec-
tive writing and were aligned with both cognitive 
models of composition and genre-specific demands. 
Rating consistency was ensured through structured 
training procedures (see below).

Rater Training and Interrater Reliability
Three trained raters independently evaluated 

all texts. Training consisted of two calibration ses-
sions using anchor texts and score norming, with 
consensus-building procedures in place for rating 
discrepancies. Anchor texts were drawn from pilot 
data and normed using rubric-based exemplars. 
Interrater agreement exceeded 85% across all di-
mensions; discrepancies were resolved through 
consensus-based discussion. 

Interrater reliability was assessed using per-
centage agreement, calculated as the number of ex-
act-match ratings divided by the total number of rated 
items. Agreement ranged from 85% to 96% across the 
six TESE dimensions. While percentage agreement 
provides a basic index of consistency, we acknowledge 
that it does not account for chance agreement. Future 
studies should supplement this with more robust in-
dices such as Cohen’s kappa or intraclass correlation 
coefficients (ICC) to strengthen psychometric rigor.

Data Analysis
Quantitative data (TWW and TESE scores) 

were analyzed using the R package scan (Wilbert & 
Lüke, 2022). Phase comparisons (A1→B1, B1→A2, 
A2→B2, A1→B2) were examined using non-over-
lap of all pairs (NAP; Parker et al., 2011) and per-
centage exceeding the median (PEM; Parker & Ha-
gan-Burke, 2007). For the B1→A2 comparison, the 
decreasing = TRUE command was specified due to 
the expected performance drop.

Effect sizes were interpreted as follows: Weak = 
0–.65; Moderate = .66–.92; and Strong = .93–1.0 Ad-
ditionally, piecewise regression analysis (Manolov 
& Moeyaert, 2017) was used to estimate slope and 
level changes across phases:

γ  i = β₀ + β₁(timeᵢ–time₁) + β₂phase i + β₃(timeᵢ–
timenₐ+1) × phase  iwhere γ  irepresents the outcome at 
time i, and timenₐ+1 refers to the first time point of 
the intervention phase. The parameters are defined as 
follows: β₀ = intercept (initial performance level), β₁ = 
slope within the baseline phase (time trend), β₂ = level 
change at the onset of the intervention, and β₃ = slope 
change indicating the difference in trend between 
baseline and intervention. While the single-case de-
sign focuses on individual trajectories, aggregated 
trends were analyzed for exploratory insight. 

Visual analysis followed the six-feature frame-
work specified in the What Works Clearinghouse 
single-case designs technical documentation (Kra-
tochwill et al., 2010). Specifically, phase comparisons 
were guided by evaluation of (a) level (mean perfor-
mance within and across phases), (b) trend (direction 
and slope of data within phases), (c) variability (ran-
ge and consistency of data points within phases), (d) 
immediacy of effect (change in level between the last 
data points of one phase and the first data points of 
the next), (e) overlap (proportion of data points in ad-
jacent phases that share the same range), and (f) con-
sistency of data patterns across similar phases (e.g., 
A1 vs. A2; B1 vs. B2). These criteria informed all in-
terpretive conclusions reported in the results section.

Social Validity
Social validity was assessed using a nine-item 

questionnaire adapted from Wolf (1978) and Hurley 
(2012), focusing on perceived task relevance, motiva-
tional value, usability, and self-efficacy. Items included 
statements such as “The writing task helped me ex-
press my thoughts clearly” and “Using ChatGPT made 
it easier to improve my text.” Participants rated their 
agreement on a four-point Likert scale (0 = never to 
3 = always). The questionnaire was administered im-
mediately after the final session to capture students’ 
retrospective evaluations of the full intervention. Re-
sponses were analyzed descriptively to complement 
outcome data and assess learner-oriented feasibility.

Psychometric Quality Criteria 
Reliability was evidenced by interrater agree-

ment (>85%). Construct validity was supported by the-
oretical alignment of the adapted TESE rubric with 
Hayes and Flower’s process model (Hayes & Flower, 
1980). Content validity was ensured through expert 
review of writing. Specifically, two writing research-
ers with expertise in educational psychology and one 
licensed language therapist independently reviewed 
all prompts for cognitive appropriateness, linguistic 
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Figure 1
TWW (Total Words Written)  

accessibility, and alignment with expressive-reflective 
writing goals. Ecological validity was considered high, 
given the authentic school-based implementation. So-
cial validity, as evaluated through student perceptions, 
further substantiated the intervention’s contextual 
relevance and practical feasibility. Due to the small 
sample size and idiographic nature of the design, gen-
eralizability remains limited. However, analytic gener-
alization through replication logic is pursued.

Results
Total Words Written (TWW)

Visual analysis based on the six-feature frame-
work (level, trend, variability, immediacy of effect, 
overlap, and consistency; Kratochwill et al., 2010) 
indicated that all students exhibited substantial im-
provements across intervention phases. Pronounced 
level changes were observed from baseline to inter-
vention phases (Figure 1), with low variability within 
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intervention phases and minimal overlap between 
adjacent A and B phases. The immediacy of effect 
was evident at each phase transition, as perfor-
mance levels changed markedly from the last data 
points of the preceding phase to the first data points 
of the subsequent phase. 

All students exhibited pronounced increases 
in total word output across intervention phases. 
Mean TWW scores rose substantially from A1 to B2 
for each participant (see Table 3), with the highest 
individual session score increasing from 53 words 
in A1 to 197 words in B2. Clear level effects were 
observed from the respective baseline phases to the 
intervention phases, with a decline in scores for all 
students from the B1 to the A2 phase. That is, when 

the ChatGPT-based writing training was removed, 
the students’ performance deteriorated. In the B2 
phase, a marked improvement was again evident, 
accompanied by pronounced level effects. The fol-
low-up survey revealed stable results for half of the 
students, while the scores for the other half showed 
a slight decline but remained considerably higher 
than in the initial baseline phases. The descriptive 
data (see Table 3) corroborated the findings of the 
visual inspection. That is, for each student, scores in-
creased substantially across phases, with a decline 
from the B1 to the A2 phase. The data indicated an 
increase from a maximum score of 37.00 in the A1 
phase to 197.00 in the B2 phase, highlighting sub-
stantial improvement. 

Table 3
Descriptive Data for TWW and TESE

Andreas Benjamin Carolin Dominik Eva Frank
TWW

M (A1) 36.00 37.40 48.60 34.60 35.80 32.80
SD (8.34) (17.00) (3.78) (8.39) (7.26) (3.90)
Max (A1) 47 50 53 45 48 37
M (B1) 97.60 95.20 124.20 99.20 99.60 85.80
SD (8.30) (20.19) (20.89) (16.69) (23.90) (9.01)
Max (B1) 106 121 150 110 125 96
M (A2) 73.00 73.40 98.80 67.00 77.60 62.20
SD (3.39) (12.50) (10.92) (8.89) (18.69) (16.66)
Max (A2) 77 92 108 78 109 79
M (B2) 148.69 157.80 169.60 140.60 148.80 134.20
SD (19.93) (22.83) (23.14) (1.82) (13.95) (14.45)
Max (B2) 177 182 197 161 171 157
M (E) 128 133 135 155 168 123

TESE
M (A1) 4.20 4.40 5.60 5.60 4.20 4.40
SD (4.27) (4.04) (4.56) (5.46) (2.17) (4.04)
Max (A1) 10 10 10 13 6 10
M (B1) 15.60 20.80 25.20 14.40 20.40 11.60
SD (3.21) (3.63) (2.86) (3.49) (3.51) (1.82)
Max (B1) 19 24 29 18 25 14
M (A2) 12.20 16.00 20.20 10.20 14.80 7.40
SD (1.92) (3.67) (3.27) (3.49) (3.90) (2.51)
Max (A2) 14 20 24 15 20 10
M (B2) 19.40 26.20 27.60 19.80 24.60 17.40
SD (1.52) (4.27) (1.67) (1.30) (3.10) (1.52)
Max (B2) 22 30 29 22 29 19
M (E) 16 24 24 17 20 13

Note. Mean (M) and standard deviation (SD) values represent phase averages across five measurement points per phase (A1, B1, 
A2, B2) and one measurement point for the follow-up phase (E). Maximum values (Max) indicate the highest single-session score 
within each phase. A decline in scores from B1 to A2 was expected, as the ChatGPT-based writing intervention was withdrawn 
during this phase. TWW reflects writing productivity. TESE reflects text quality rated on a 5-point Likert scale.
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The overlap measures revealed strong, signifi-
cant effects for the nonoverlap of all pairs (NAP) in 
the A1 to B1 phases (100.00, p < .01) across all stu-
dents. A similar pattern was observed for the A2 to 
B2 comparison as well as the A1 to B2 comparison. 
In contrast, the B1 to A2 comparison demonstrat-
ed that while scores decreased significantly, some 
overlap between phase points remained. All other 
phase comparisons (A1-B1, B1-A2, A2-B2) were also 
conducted for both TWW and TESE but revealed no 
additional differentiations beyond what is reported 
here. In every case, effect sizes remained consistent-
ly high (NAP and PEM ≥ 98.00), except for the B1-A2 
comparisons, which showed medium-range effects 
in several students. To enhance clarity and avoid 
redundancy, only the results for the A1-B2 compari-
son are presented in Table 4.

For the percentage of exceeding medians (PEM), 
the results mirrored those of the NAP for each indi-
vidual student. The regression analysis (see Table 5) 
revealed highly significant level effects from the A1 
to B1 phase, with a beta coefficient of 59.367 (p < 
.001), a decline in scores from B1 to A2 (B = -30.517), 
and a subsequent positive level effect from A2 to B2 
(B = 67.100, p < .001). No slope effects were detected 
in the dataset, as such effects were not anticipated 
given the strong level effects.

Teacher Evaluation of Story Elements 
Rubric (TESE)

The dependent variable TESE initially exhibit-
ed variable baseline data with some existing trends 
which can be seen through visual inspection (see 
Figure 2). Compared to TWW, it is worth noting 

the lower scaling of the variables and graphs in this 
context. Nevertheless, the level effects from A1 to 
B1, from B1 to A2, and from A2 to B2 were clearly 
similar to those observed for TWW. In the B2 phase, 
students exhibited notably stronger performance 
and higher text quality compared to the initial base-
line phase, despite declines in the follow-up survey 
for all students. However, these follow-up scores re-
mained substantially higher than the initial values. 

The descriptive data (see Table 3) supported the 
findings of the visual analysis. That is, all students 
showed substantial increases in scores from A1 to 
B2, with a noticeable decline from B1 to A2, coin-
ciding with the cessation of the ChatGPT-supported 
writing intervention. Maximum scores increased 
from 6.00 in the A1 phase to 30.00 in the B2 phase. 

Despite the visual decline in follow-up scores, the 
descriptive statistics indicated that these scores re-
mained relatively stable across students. With regard 
to the overlap measure NAP, strong effects were ob-
served for all students from A1 to B1 (100.00, p < .01), 
with the exception of Benjamin, who exhibited medi-
um effects, though these were directly at the cutoff for 
strong effects (92.00, p < .05). Similar to TWW, the B1 
to A2 phase exhibited some overlap in the phase data, 
with all students showing a decline in performance 
after the intervention was removed. Strong effects 
were consistently observed for the A2 to B2 and A1 to 
B2 comparisons (98.00–100.00, p < .01). 

The PEM analysis revealed a similar pattern 
to that of TWW, with strong effects across all stu-
dents (see Table 4). The regression analysis further 
highlighted significant level effects for TESE. These 
included an increase from A1 to B1 (B = 12.583, p < 
.001), a decline from B1 to A2 (B = -3.783, p < .05), and 

Table 4
Overlap Indices for TWW and TESE

Andreas Benjamin Carolin Dominik Eva Frank
TWW A1-B2

NAP

(p)

100.00

(<.01)

100.00

(<.01)

100.00

(<.01)

100.00

(<.01)

100.00

(<.01)

100.00

(<.01)

PEM 100.00 100.00 100.00 100.00 100.00 100.00

TESE A1-B2

NAP

(p)

100.00

(<.01)

100.00

(<.01)

100.00

(<.01)

100.00

(<.01)

100.00

(<.01)

100.00

(<.01)

PEM 100.00 100.00 100.00 100.00 100.00 100.00

Note. NAP = nonoverlap of all pairs; PEM = percentage of exceeding the median; TWW = Total Words Written; TESE = Teacher 
Evaluation of Story Elements Rubric. All additional phase comparisons (A1-B1, B1-A2, A2-B2) yielded comparable results with 
minimal variance. (Full data available upon request.) Effect sizes were interpreted as follows: weak = 0-.65, moderate = .66–.92, 
strong = .93–1.00 (Parker et al., 2011).
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Figure 2
TESE (Teacher Evaluation of Story Elements Rubric)  
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another increase from A2 to B2 (B = 10.017, p< .001). 
No overall slope effects were detected (see Table 5).

Social Validity
The social validity data (see detailed data in Ta-

ble 6) indicated that the majority of students enjoyed 
participating in the intervention. However, Dominik 
was the only one who reported that he did not par-

ticularly enjoy the ChatGPT-based writing interven-
tion. He also provided the lowest ratings overall. The 
results from the checklist were varied – some stu-
dents found it highly beneficial, while others did not 
find it as helpful. Additionally, students mentioned 
that the records did not always serve as a source of 
inspiration. Nevertheless, all students expressed the 
belief that after the intervention they were able to 

Table 6
Social Validity Results per Item and Mean Values for Each Item Across Participants

Item Andreas Benjamin Carolin Dominik Eva Frank Mean

1 2 3 3 0 1 2 1.83

2 1 2 3 1 2 2 1.83

3 1 2 3 1 0 2 1.50

4 2 1 2 1 1 2 1.50

5 2 2 1 3 0 2 1.67

6 3 2 3 3 3 2 2.67

7 3 3 3 1 2 2 2.33

8 3 3 3 1 3 2 2.50

9 2 3 3 2 3 2 2.50

Note. Items were adapted from Wolf (1978) and Hurley (2012). Ratings were assigned on a 4-point scale (0 = never, 1 = sometimes, 
2 = often, 3 = always). The questionnaire was administered once, immediately following the final session. Item content: (1) I en-
joyed coming to the ChatGPT writing training; (2) the tasks were simple; (3) the checklist helped me to concentrate better; (4) my 
records spurred me on to write more; (5) I always wanted to know how many words I had written; (6) I can write better texts now 
than before the training; (7) other teachers should also do ChatGPT writing training with their students; (8) I think it is important 
to be able to write down your opinion well; (9) the teacher often told me that I had worked well.

Table 5
Regression Analysis Level 2 for TWW and TESE (Across All Groups)

B SE t p

TWW

Level A1-B1 59.367 7.505 7.910 <.001

Level B1-A2 -30.517 7.986 -3.821 <.001

Level A2-B2 67.100 8.362 8.024 <.001

Slope A1-B1 -1.267 2.574 -0.492 .63

Slope B1-A2 1.583 2.739 0.578 .57

Slope A2-B2 -0.417 2.868 -0.145 .89

TESE

Level A1-B1 12.583 2.132 5.903 <.001

Level B1-A2 -3.783 1.578 -2.398 <.05

Level A2-B2 10.017 1.503 6.665 <.001

Slope A1-B1 -1.967 0.731 -2.690 .01

Slope B1-A2 0.833 0.541 1.540 .13

Slope A2-B2 -0.633 0.515 -1.229 .22

Note. Results reflect piecewise regression analyses conducted across all six participants. B = unstandardized regression coeffi-
cient; SE = standard error; t = t-statistic; p = two-tailed significance value. TWW = Total Words Written; TESE = Teacher Evaluation 
of Story Elements Rubric. Level effects indicate abrupt changes in performance at the onset of a new phase; slope effects reflect 
gradual within-phase trends. The absence of significant slope effects is consistent with pronounced level effects dominating the 
data pattern. Analyses were conducted using the R package scan (Wilbert & Lüke, 2022).
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write better texts. Furthermore, they reported that 
the teacher frequently praised their efforts.

Discussion
Summary and Interpretation of Key 
Findings

This study explored the potential of ChatGPT-
based feedback to enhance the productive writ-
ing skills of students with LD. Specifically, the re-
search addressed the question: To what extent does 
ChatGPT-based feedback, embedded within a struc-
tured SRSD-informed intervention, improve the 
productive writing skills of students with LD? 

Results showed substantial improvements in 
both text quality and quantity, lending initial empiri-
cal support to the notion that generative AI may help 
address specific challenges in written expression for 
students with LD. Regression analyses revealed no-
table increases in TWW during intervention phases 
(p < .001), alongside improvements in the TESE.

The pronounced level effects during interven-
tion phases and the decline during the return-to-ba-
seline phase (A2) are consistent with the withdra-
wal logic of the ABABE design, providing evidence 
that the observed changes were functionally related 
to the ChatGPT-supported feedback rather than to 
maturation or practice effects. The further impro-
vement in B2, surpassing B1 values, may reflect a 
cumulative learning effect: Students may have in-
ternalized aspects of the feedback routines from B1, 
allowing them to engage more effectively with AI-
generated feedback in B2. This interpretation aligns 
with Bangert-Drowns et al.’s (1991) finding that the 
instructional effect of feedback increases when le-
arners develop schemas for processing and applying 
evaluative information. From a cognitive load per-
spective (Sweller, 1988), it is plausible that reduced 
novelty of the feedback procedure in B2 freed up 
working memory resources for text generation and 
revision. Follow-up data showed a slight decline, 
yet values remained substantially higher than tho-
se in the A1 phase. This suggests partial retention 
of learned strategies and highlights the importance 
of incorporating mechanisms to support long-term 
skill transfer, such as periodic refresher sessions or 
embedded strategy use.

Comparison With Prior Research
The observed gains are consistent with prior re-

search emphasizing the importance of explicit feed-
back and structured scaffolding for students with 

LD (Graham & Harris, 2005; Troia & Graham, 2003). 
More specifically, our results substantiate Dong’s 
(2024) ChatGPT Feedback Engagement Framework, 
which conceptualizes AI-based responses not as 
static evaluations but as dialogic tools that promote 
iterative engagement. In our study, students engaged 
in a structured four-step cycle (prompt – drafting – 
AI feedback – revision), thereby operationalizing 
these principles.

Similar effects have been reported by Alsahli 
et al. (2025). Ibrahim and Ajlouni (2024) highlight-
ed ChatGPT’s potential in supporting goal-directed 
writing instruction for students in special education 
settings. Imran and Almusharraf (2023), in their sys-
tematic review of ChatGPT use in higher education, 
similarly identified AI-mediated feedback as a prom-
ising mechanism for scaffolded writing development 
– findings that may tentatively inform comparable 
applications at the secondary level. Our results ex-
tend this body of work by providing evidence from 
a rigorously designed single-case study with formally 
diagnosed LD learners. Together, these studies under-
line ChatGPT’s pedagogical utility when implement-
ed with scaffolding and curricular alignment.

At the same time, critical perspectives remain 
essential. Zhai et al. (2024) cautioned that AI feed-
back may reinforce surface-level changes and 
overwhelm students with lower metacognitive 
capacities. Price et al. (2024) further warned that 
generative AI can reproduce implicit stereotypes, 
particularly in feedback to marginalized learners. In 
our study, no stereotypical responses were observed, 
likely due to standardized prompts and structured 
usage. Nonetheless, these concerns call for ongoing 
refinement of prompt engineering and continuous 
ethical monitoring.

Feedback as a Mechanism for Skill 
Development

Our findings suggest that ChatGPT-based feed-
back may provide timely, specific, and actionable 
input, which are all key conditions for effective skill 
acquisition (AlGhamdi, 2024; Yan et al., 2024; Ya‘u 
& Mohammed, 2025). In line with Hattie and Tim-
perley’s (2007) model, feedback appeared to operate 
primarily at the task and process levels. However, 
the absence of feedback at the self-regulatory level 
raises limitations: Current AI tools may not yet be 
sufficiently equipped to support strategic self-mon-
itoring or the kind of motivational scaffolding that 
characterizes effective teacher-student interaction 
(cf. Graham & Harris, 2005).
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Nevertheless, students appeared to internal-
ize dialogic routines over time, as evidenced by 
stronger performance in the B2 phase. These find-
ings support Dong’s (2024) conceptualization of 
recursive feedback engagement and suggest that 
ChatGPT may serve not only as a corrective device, 
but also as a catalyst for developing metacognitive 
writing strategies. Future studies should investigate 
whether such recursive engagement fosters durable 
transfer across tasks and contexts.

Participant Engagement and Variability 
Social validity assessments revealed generally 

high levels of engagement and perceived usefulness. 
Most participants reported increased confidence 
and enjoyment in writing, supporting the motiva-
tional benefits associated with individualized feed-
back (Troia & Graham, 2003). However, individual 
variability was notable. One participant, Dominik, 
reported difficulties in understanding and applying 
feedback. This variability mirrors the findings of Al-
sahli et al. (2025), who emphasized the importance 
of accessibility enhancements and differentiated 
support when implementing AI-based tools with 
students who have special educational needs. Our 
study addressed this through template-based access 
and prioritization scaffolds, but future implemen-
tations should further explore adaptive feedback 
mechanisms responsive to learners’ cognitive and 
linguistic profiles.

Implications for Educational Practice 
The findings of this study have several impli-

cations for inclusive writing instruction. Specifi-
cally, ChatGPT’s capacity to deliver consistent and 
individualized feedback may offer a promising 
supplement to teacher-led instruction, particularly, 
in resource-constrained contexts where individu-
al scaffolding is limited. When aligned with estab-
lished instructional models such as SRSD and the 
Hayes-Flower writing process, AI feedback can be 
meaningfully integrated into existing curricular 
frameworks (Hayes & Flower, 1980). Preconfigured 
templates and structured scaffolds, as implemented 
in this study, support accessibility, procedural clarity, 
and learner autonomy. However, the scalability of 
such interventions depends on adequate infrastruc-
ture, teacher training, and critical digital literacy.

While the SRSD model provides a robust foun-
dation for writing instruction, its integration with 
AI-based systems raises fundamental theoretical 
challenges. For example, core SRSD elements, such 

as explicit modeling, motivational support, and grad-
ual release of responsibility, are only partially repli-
cable through AI interfaces. This tension highlights 
the need for future research examining whether, 
and under what conditions, AI-mediated scaffolding 
can effectively complement or substitute teacher-led 
instruction without compromising instructional in-
tegrity.

In addition, social validity ratings varied con-
siderably across participants, ranging from consis-
tently positive evaluations (e.g., Carolin, Benjamin) 
to more reserved responses (e.g., Dominik, Eva),  
underscoring the necessity of tailoring AI-supported 
interventions to individual learner profiles.

Limitations of the Study 
Despite the positive findings, several limitations 

must be considered. The single-case design, while 
methodologically robust for evaluating intervention 
effects, limits generalizability. In addition, digital 
infrastructure and student familiarity with tech-
nology may influence outcomes. The findings are 
also context-bound to students with specific types 
of LD within the German educational system and 
may not transfer to other settings without modifi-
cation. While structured prompts helped mitigate 
variability, they may have constrained creative ex-
pression. Furthermore, the ethical implications of 
AI feedback, particularly regarding equity and bias, 
warrant continued scrutiny. As noted by Price et al. 
(2024), stereotype reinforcement remains a latent 
risk in AI use and must be proactively addressed.

Future Research Directions 
Future research should pursue larger-scale, 

controlled studies to assess generalizability and 
long-term effects. Longitudinal studies are need-
ed to evaluate the durability of skill gains and de-
termine whether students internalize feedback 
routines over time. Investigations into adaptive AI 
systems – responsive to real-time learner needs – 
could further enhance differentiation. Research 
should also explore hybrid models that integrate AI 
with collaborative writing, peer feedback, and tradi-
tional instructional strategies. Additionally, studies 
should examine how ChatGPT-mediated interven-
tions perform across diverse cultural and linguistic 
contexts, ensuring broad accessibility and contex-
tual relevance. Finally, cross-validation with teach-
er-generated feedback could help clarify the relative 
strengths and limitations of AI-based support in in-
clusive writing instruction.
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Conclusion
This study provides initial empirical evidence to 

suggest that ChatGPT-based feedback may support 
productive writing development in inclusive settings 
for students with LD. That is, by providing structured, 
timely, and individualized feedback, generative AI 
may represent a promising supplement for addressing 
specific challenges in the development of productive 
writing skills, pending replication with larger samples. 
The observed gains in text quality and quantity,  com-
bined with generally positive social validity ratings, 
lend tentative support to the feasibility of integrating 
AI-mediated feedback into inclusive pedagogical 
frameworks. While limitations remain, our findings 
contribute novel empirical evidence to an emerging 
field and align with recent calls for equitable, tech-
nology-enhanced education. Further research and 
refinement are essential to ensure that AI-based inter-
ventions fulfill their promise as tools for inclusion, em-
powerment, and sustainable learning development.
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