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Abstract
Background  As Artificial Intelligence (AI) tools like ChatGPT gain traction in clinical contexts, their role in 
neurorehabilitation, particularly in addressing executive function impairments associated with ADHD, remains 
underexplored. This study examines whether generative AI can meaningfully support clinicians in designing 
individualized cognitive rehabilitation plans, not as a replacement but as a complementary aid.

Methods  The research consisted of three separate studies, each addressing distinct stages of the investigation. First, 
expert-driven prompts were developed based on literature and clinical insights to guide ChatGPT in generating 
rehabilitation plans for three hypothetical profiles of individuals with ADHD (adolescents, adults, and older 
adults). In Study 2, the outputs were analyzed using a semi-systematic qualitative framework (ISAAC), assessing 
structure, coherence, and adaptability across developmental stages. Study 3 involved an external panel of 27 
neuropsychologists and cognitive rehabilitation specialists (M = 6; F = 21; mean age = 46.5, SD = 15) who rated each 
plan’s theoretical validity, clinical relevance, and feasibility.

Results  Experts in Study 3 generally responded positively to the theoretical consistency of the plans, especially those 
for adolescents and adults, recognizing alignment with established models of executive function rehabilitation. Many 
professionals expressed openness to using AI as a support tool in practice. However, feasibility emerged as a key 
limitation, with concerns over a lack of personalization, unrealistic resource assumptions, and unvalidated techniques, 
particularly in adult and older adult profiles. These findings align with earlier studies in occupational therapy and 
clinical decision-making, which also identified challenges in real-world applicability.

Conclusion  While clinical experts express cautious optimism about AI-assisted rehabilitation planning, further 
development is necessary to enhance accuracy, personalization, and feasibility for the safe integration of AI into 
clinical practice.
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Introduction
ADHD and Executive Functions 
Attention-Deficit/Hyperactivity Disorder (ADHD) is a 
complex neurodevelopmental condition characterized 
by symptoms of inattention, hyperactivity, and impulsiv-
ity that manifest early in development and interfere with 
functioning across multiple domains [1]. While tradi-
tionally associated with childhood, ADHD is now recog-
nized as a lifelong disorder, affecting approximately 7% 
of children, 5.6% of teenagers, and 2.5% −6% of adults 
globally [2–4]. A central but often underemphasized fea-
ture of ADHD is executive dysfunction. Individuals with 
ADHD frequently show deficits in core executive func-
tions, including inhibitory control, working memory, 
cognitive flexibility, planning, and sustained attention [5, 
6]. These functions are essential for regulating behavior, 
maintaining focus, and adapting to new or complex situ-
ations. Impairments in these areas can thus affect aca-
demic achievement, occupational performance, social 
relationships, daily life functioning, and general quality 
of life [7–12]. Quintero-Lopez et al., (2024). Such execu-
tive difficulties are not uniform and manifest differently 
across developmental stages [7, 13]. For instance, ado-
lescents with ADHD may struggle with organization 
and impulse control, while adults may encounter chal-
lenges in managing responsibilities and long-term plan-
ning [9, 14, 15]. Older adults with ADHD, a population 
historically under-recognized, may experience acceler-
ated cognitive decline or social isolation due to persistent 
executive challenges [10, 16]. Addressing executive func-
tion impairments is thus a crucial target for intervention 
across the lifespan.

Challenges in intervention planning
Given the diversity of ADHD presentations and the 
way symptoms evolve across the lifespan, intervention 
planning must be both personalized and sensitive to 
developmental stage [15]. ADHD is not a static condi-
tion. Indeed, its clinical expression varies substantially 
between individuals and changes over time, influenced 
by developmental, environmental, and neurobiologi-
cal factors [9, 14, 15]. Therefore, effective rehabilitation 
cannot rely on fixed protocols but must respond flex-
ibly to each person’s evolving cognitive and psychosocial 
needs. Although evidence-based cognitive rehabilitation 
programs have demonstrated their potential to improve 
executive functioning, particularly through structured 
exercises, behavioral compensatory strategies, and meta-
cognitive techniques, their implementation in clinical 
practice remains challenging [17, 18].

First, clinicians must assess nuanced and often overlap-
ping cognitive impairments, align their intervention with 
appropriate theoretical frameworks (see, for instance, the 
models of Barkley or Miyake & Friedman; 19, 20), and 

translate abstract concepts into practical, engaging, and 
sustainable formats. These demands are intensified by 
time constraints, limited resources (especially in some 
low-income countries), and a rather negative public atti-
tude towards ADHD [18]. Specifically, there is currently 
a substantial imbalance between patients’ needs and the 
limited availability of qualified specialists. This disparity 
has led to prolonged waiting periods, delayed diagno-
ses, and unequal access to effective treatment [18, 21]. 
As Ishikawa [22] points out, there is an urgent need to 
attract more young professionals into this field to meet 
the increasing demands for evaluation and management, 
particularly as awareness of the condition rises and diag-
nosis rates continue to grow. Finally, further complex-
ity arises from the need to adapt interventions across 
the lifespan and comorbidities [10, 15, 17]. Indeed, what 
may be developmentally appropriate or motivating for a 
15-year-old adolescent likely differs from what is feasible 
or relevant for a 65-year-old adult. Without age-sensitive 
adaptation, interventions risk being too simplistic or mis-
aligned with the individual’s context, reducing efficacy 
and engagement. A standardized, one-size-fits-all model 
thus fails to account for the nuanced cognitive, emo-
tional, and contextual dynamics that influence rehabilita-
tion outcomes at different life stages [9, 15].

The presence of overlapping symptoms, evolving diag-
nostic criteria, and variability in diagnostic tools and 
informant reports can further complicate the diagnostic 
process, despite the availability of effective and scalable 
tools for tailored interventions. Designing a personalized 
rehabilitation plan is, therefore, a resource-intensive task 
that often relies on the clinician’s individual expertise and 
clinical intuition [17]. This limits the reproducibility of 
interventions and raises concerns about consistency and 
accessibility, particularly in under-resourced settings or 
among less experienced professionals.

The rise of AI in healthcare
Artificial intelligence (AI) has emerged as a transforma-
tive force in healthcare over the past few years. From 
diagnostics and decision-support systems to digital 
therapeutics and remote monitoring, AI-based tools are 
increasingly integrated into clinical workflows, promis-
ing to enhance efficiency, accuracy, and personalization 
(e.g., 23, 24, 25, 26). Within the domain of cognitive and 
mental health, AI has been applied to early detection of 
disorders, mood prediction, adaptive training platforms, 
and natural language processing for screening and inter-
vention purposes [27, 28]. One of the most recent and 
high-profile developments is the emergence of genera-
tive AI, including large language models (LLMs) such 
as ChatGPT [29], which can generate human-like text 
in response to natural language prompts. These models 
have demonstrated versatility across various domains, 



Page 3 of 15Dahò and Caci BMC Psychology           (2026) 14:25 

including education, academic writing, customer service, 
and content creation [30].

In the context of personalized healthcare and the grow-
ing use of digital tools for remote support, the intro-
duction of ChatGPT into neurorehabilitation settings 
presents a promising opportunity to address several 
existing challenges [31, 32]. By incorporating ChatGPT 
into therapeutic programs, clinicians can enhance tra-
ditional rehabilitation methods with AI-powered sup-
port. This integration may allow for a more adaptive and 
responsive form of care, where patients receive real-time, 
tailored guidance that can help sustain their motivation 
and active participation throughout the recovery jour-
ney [33]. ChatGPT, for example, can assist in tracking a 
patient’s rehabilitation progress, suggesting appropriate 
exercises, and offering immediate, constructive feedback 
[32]. Moreover, because ChatGPT is easily accessible on 
digital devices such as smartphones and laptops, it pro-
vides a flexible and user-friendly platform that patients 
can use both within and outside of clinical settings [31, 
33].

However, the use of these models for designing struc-
tured, clinically informed interventions, especially in 
neuropsychological rehabilitation, remains largely unex-
plored. This application introduces a set of significant 
and as-yet unresolved challenges. Key concerns include 
the accuracy of the generated content, its internal coher-
ence, and its ability to align with individual cognitive 
profiles and developmental needs (e.g., 34, 35, 36, 37). 
Furthermore, interventions must adhere to established 
clinical and theoretical standards, which generative AI 
models may not consistently respect without appropriate 
guidance or validation. While these tools hold potential 
as scalable, flexible support for busy clinicians, particu-
larly in contexts with limited time and resources, they 
also risk oversimplifying complex clinical phenomena or 
producing misleading outputs [32, 34–37]. Without rig-
orous evaluation, their integration into sensitive areas, 
such as cognitive rehabilitation, may compromise rather 
than enhance the quality of care. As such, the responsi-
ble exploration of generative AI’s role in clinical program 
design requires critical scrutiny.

Study purpose and research questions
This study aims to investigate the potential of ChatGPT 
as a support system in the development of structured 
neuropsychological rehabilitation programs for individu-
als with ADHD. In particular, the study explores whether 
ChatGPT can generate interventions tailored to individ-
ual cognitive profiles and sensitive to the developmental 
differences that characterize ADHD across the lifespan. 
The focus is on enhancing executive functioning, a core 
area of impairment in ADHD, through personalized and 
theoretically grounded rehabilitation plans.

The following questions guide the research:

1.	 What experts in neurorehabilitation might ask 
ChatGPT to generate a rehabilitation protocol for 
the executive functions of individuals with ADHD?

2.	 How coherent, structured, and adaptable are the 
outputs generated by ChatGPT when applied to 
different ADHD profiles and developmental stages?

3.	 To what extent do clinical experts evaluate these 
AI-generated interventions as relevant, feasible, 
and consistent with established models of executive 
function rehabilitation?

By addressing these questions, the study seeks to clarify 
whether generative AI can offer meaningful support to 
clinicians in designing individualized intervention pro-
grams, serving not as a substitute for clinical expertise 
but as a complementary resource that enhances effi-
ciency and personalization in therapeutic planning.

Study design overview
To explore the potential and limitations of AI-based sup-
port in neuropsychological rehabilitation planning for 
ADHD, the study was structured into three distinct yet 
interconnected studies. Each study addressed a specific 
objective, building upon the outcomes of the previous 
one: Study 1, a preliminary study focused on expert-
driven prompt development; Study 2, which involved 
the generation and comparative analysis of AI-produced 
rehabilitation plans; and Study 3, which assessed the 
quality and applicability of these outputs through exter-
nal expert evaluation. This tripartite structure allowed for 
an iterative approach to testing and refining AI-generated 
clinical content.

Specifically, in the first study, prompts were crafted 
using insights from clinical experts and existing litera-
ture (e.g., 34, 35, 36). These prompts were then assessed 
for quality, and the selected prompt was used to gener-
ate neuropsychological rehabilitation plans targeting 
executive functions with ChatGPT for three hypothetical 
ADHD profiles, each representing a different age group. 
The second study involved a semi-systematic compari-
son of the AI-generated plans, aimed at identifying com-
monalities, differences, and potential limitations across 
the profiles. This approach combines structured criteria 
with expert qualitative judgments, constituting a semi-
systematic qualitative evaluation method that was named 
ISAAC, in honor of the mathematician Isaac Newton. 
This model represents a novel methodological contribu-
tion introduced in the present study, originally designed 
and developed by the authors. Finally, in the third study, 
a panel of clinical experts completed a semi-structured 
survey to assess the quality, relevance, and clinical 
applicability of the AI-generated content. The following 
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sections provide a more detailed account of the method-
ology employed in each phase. The Institutional Ethical 
Board of the University of Palermo approved the study 
(N° 94232 − 2025).

Study 1 – Prompt generation based on expert input
Method
Participants
The first preliminary study focused on designing effec-
tive prompts for ChatGPT, informed by input from clini-
cal experts. To this end, a total of 17 professionals with 
expertise in neuropsychology or neurorehabilitation 
(M = 5; F = 12; Mean age = 44.8; SD = 10.9) voluntarily 
participated in an online survey. Informed consent was 
obtained from all participants before their involvement, 
and the questionnaire was completed anonymously using 
Google Forms.

Materials and procedure
Data was collected through social media platforms and 
a snowball sampling method to reach a diverse group of 
experts. Following a brief set of sociodemographic ques-
tions, participants were asked to imagine planning an 
executive function rehabilitation program for a person 
with ADHD using ChatGPT. Specifically, they were pre-
sented with the following open-ended question: “Imag-
ine you have to plan an executive function rehabilitation 
intervention for a person with ADHD using ChatGPT. 
How would you structure your request (prompt)? Please 
write the exact sentence or sentences you would use.”

To further refine the prompt design process, experts 
were also asked to identify the type of information they 
would include in the prompt to personalize the AI-gen-
erated response in a clinically meaningful way. They were 
presented with a list of possible elements (e.g., age, sever-
ity of symptoms, daily life context) and asked to select up 
to three that they considered most important. Additional 
questions explored their expectations regarding the qual-
ity and content of a helpful AI-generated response. In this 
regard, experts were invited to select up to three key fea-
tures they would expect from an effective output and up 
to three characteristics they believed a ChatGPT-gener-
ated rehabilitation program should have to be considered 
clinically useful (e.g., clarity, individualization, feasibility, 
etc.). The responses from this expert consultation were 
used to guide the construction of the final prompts sub-
mitted to ChatGPT in the next phase.

Data analysis
Socio-demographics questions and quantitative data 
from the closed-ended questions (e.g., selection of key 
information to include in prompts, expectations about 
AI-generated outputs) were analyzed using IBM SPSS 
Statistics (Version 26.0). Descriptive statistics were 

calculated to summarize the distribution of responses 
and highlight the most frequently selected options.

To analyze the open-ended responses collected in this 
first preliminary study, we adopted a structured mixed-
method approach, drawing on the analytical framework 
proposed by Cortini and Tria [38]. According to their 
model, qualitative data can be explored through three 
complementary lenses: the narrative style adopted by 
respondents, the frequency and association of specific 
terms, and an integrated qualitative–quantitative per-
spective that captures both thematic and lexical pat-
terns. For this study, we selected the third approach, as it 
enables a more comprehensive understanding of textual 
material by combining qualitative depth with quantita-
tive structure, particularly useful when aiming to distill 
practical insights from expert-generated content. Fol-
lowing this approach, we first conducted an inductive 
thematic analysis of the responses to the open-ended 
question. Recurring themes and linguistic patterns were 
identified to extract shared strategies and expectations 
across experts’ suggestions. To facilitate and support this 
process, we used NVivo [39], a qualitative data analysis 
software designed to help researchers organize, code, 
and analyze unstructured textual data. NVivo enabled 
the identification of word frequency patterns, clustering 
of similar responses, and the visualization of conceptual 
relationships. These analyses helped highlight which 
aspects of prompt design, such as the inclusion of specific 
executive functions, patient characteristics, or session 
structures, were most frequently prioritized by experts.

Prompt assessment and plan generation in Chat-GPT
To evaluate the quality of the prompts, a rapid assessment 
was conducted using three key criteria: Clarity (Is the 
prompt understandable and unambiguous?); Complete-
ness (Does the prompt contain all essential elements, 
such as age, cognitive profile, and theoretical alignment?); 
Clinical relevance (Is the prompt well-aligned to construct 
a practical cognitive rehabilitation intervention?). Each 
prompt was then independently rated by the two authors 
on a 3-point scale (1 = low, 3 = high) for each of the three 
criteria. The cumulative score (maximum = 9) was used 
to identify the most effective prompt while minimizing 
response bias. This evaluation method enables a rapid 
and replicable comparison of prompt quality, without 
requiring AI-generated outputs. Given the absence of a 
standardized framework for clinical prompt evaluation, 
this approach was inspired by methods used in prompt 
engineering and educational technology research (e.g., 
40, 41).

Following the independent ratings, the authors engaged 
in a discussion of their assessments. The ratings demon-
strated a high degree of agreement, and no discrepancies 
arose that required resolution. The chosen prompt was 
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subsequently adapted for other age groups, while main-
taining its structure and clinical complexity unchanged. 
Specifically, it was submitted to ChatGPT-4o [29] for 
three different patient profiles (17-, 40-, and 65-year-old 
individuals with ADHD).

Results
Socio-demographics and quantitative data
Seventeen healthcare professionals, 29.4% males and 
70.6% females, based in Italy, participated in the study, 
primarily from the regions of Sicily and Lombardy. The 
average age of participants was 44.8 years (SD = 10.9), 
with an average of over 15 years of professional expe-
rience in the field. Most reported working in private 
practice or rehabilitation centers and holding advanced 
degrees (postgraduate Master’s or PhD) in psychology or 
a related field, such as neuroscience. Regarding AI famil-
iarity, many participants indicated occasional or regular 
use of tools such as ChatGPT and reported a medium 
level of knowledge. Table 1 contains all relevant sociode-
mographic data.

In the closed-ended questions, three key elements 
emerged as the most frequently selected by participants 
when asked what information should be included in 
prompts to generate clinically useful AI responses. First, 
the patient’s age and developmental stage were consid-
ered essential to ensure that the AI-generated output 
would be developmentally appropriate and contextu-
ally relevant. Second, experts emphasized that the reha-
bilitation program should be consistent with recognized 
theoretical models, reflecting established evidence-based 
practices. Third, they emphasized the need for person-
alization based on the patient’s specific cognitive and 
functional profile, underscoring the importance of indi-
vidualized interventions over generic content. These 
selections indicate a strong preference for clinically 
grounded, tailored approaches to AI-assisted rehabilita-
tion. Further quantitative results, including frequency 
distributions and response breakdowns, are available in 
Supplementary File 1.

Thematic and content analysis regarding the prompt’s 
generation question
The thematic analysis conducted using NVivo identified 
three main themes in participants’ prompts to the AI 
system:

1.	 Planning Structured Rehabilitation Interventions: 
These prompts focused on designing structured 
cognitive rehabilitation programs targeting 
executive functions. Example: “Plan a cognitive 
rehabilitation intervention for the executive functions 
of a 17-year-old boy diagnosed with ADHD.”

2.	  Practical Exercises and Activities: Participants also 
requested the generation of specific exercises, often 
emphasizing hands-on or operational components. 
Example: “Create exercises for a patient with 
ADHD that stimulate executive functions, especially 
sequential mental planning.”

3.	  Guidelines and Theoretical Foundations: This 
theme included prompts referencing scientific 
standards or evidence-based practices. Example: 
“What are the evidence-based guidelines for 
executive function rehabilitation in ADHD?”

The content analysis examined 260 words of 17 answers, 
excluding articles and prepositions. The most frequently 
occurring terms were ADHD, with 12 occurrences 
(~ 4.6%), Executive Functions, with 12 occurrences 
(~ 4.6%), Rehabilitation, with 7 occurrences (~ 2.7%), and 
Intervention, with 5 occurrences (~ 1.9%). The full fre-
quency table is available in Supplementary File 1. 

Table 1  Sociodemographic characteristics of the sample (N = 17)
Variable Category Percemtage
Age 31–40 years 46.7%

41–50 years 26.6%

51–60 years 6.7%

Over 60 years 20.0%

Gender Male 29.4%

Female 70.6%

Highest Educa-
tional Qualification

Postgraduate Master’s Degree 53.3%

PhD 20.0%

Master of Science 13.3%

MD 13.4%

Main Work Setting Private Practice 66.7%

Rehabilitation Center 13.3%

Hospital/Clinical Center 13.3%

University/Research Institute 6.7%

Years of 
Experience

5–10 years 40.0%

11–15 years 13.3%

16–20 years 20.0%

Over 20 years 26.7%

Geographical 
Origin

Sicily 46.6%

Lombardy 33.3%

Piedmont 13.4%

Sardinia 6.7%

Experience with 
ADHD Clients

Regular (5–10 cases/month) 46.7%

Occasional (less than 5 cases/
month)

40.0%

Extensive (over 20 cases/month) 13.3%

AI Familiarity Very High 6.7%

High 20.0%

Medium 33.3%

Low 20.0%

Poor 20.0%
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Prompt generation and assessment
Based on the thematic analysis of both open- and closed-
ended survey responses, three options of prompts were 
crafted to guide the development of clinically useful cog-
nitive rehabilitation plans:

1)	 “Act as a cognitive rehabilitation professional. 
Design a personalized rehabilitation program that is 
consistent with recognized theoretical models for a 
17-year-old patient with ADHD, taking into account 
their cognitive functioning level and any comorbid 
diagnoses. The program should include practical 
exercises and specific metacognitive strategies 
to enhance executive functions, with clear and 
progressive goals.”

2)	 "Create rehabilitation exercises for a patient with 
ADHD aimed at improving executive functions, 
taking into account age and cognitive profile. The 
exercises should be clearly structured, applicable, 
and consistent with recognized theoretical models, 
including practical metacognitive strategies."

3)	 “Plan a cognitive rehabilitation intervention for 
a patient diagnosed with ADHD, focused on 
improving executive functions. Personalize the 
intervention based on the patient’s age, cognitive 
profile, and specific goals. Ensure the program aligns 
with recognized theoretical models and includes 
practical activities and effective metacognitive 
strategies.”

To identify the most effective input, three prompts were 
rated on clarity, completeness, and clinical relevance. 
The cumulative score (max = 9) guided prompt selection, 
independent of AI-generated outputs (Table 2).

Prompt 1 was therefore selected as the final AI input 
based on its highest overall score (9/9).

Discussion
This preliminary study provided a structured, transparent 
approach to designing and evaluating prompts for AI-
assisted neuropsychological rehabilitation. By involving 
17 anonymous clinical experts and combining qualita-
tive and quantitative methods, the study ensured that the 
selected prompt reflected both clinical insight and meth-
odological rigor. Unlike prior research (e.g., 34, 35, 36), 
which often lacks detail on how prompts or questions 
were generated, our process was explicitly documented 

and based on expert input, thematic analysis, and a mini 
framework for prompt assessment. For example, while 
Chen et al. [34] mention that questions were “crafted by 
a researcher and refined by a panel” (page 2), they do not 
report how these questions were selected or validated. 
Similarly, Latt et al. [36] derived inputs from telephone 
inquiries without detailing how they were summarized 
or rephrased by researchers, raising concerns about 
potential bias and reproducibility. In contrast, our three-
step evaluation, which assessed clarity, completeness, 
and clinical relevance, provided a replicable method 
for selecting the most effective prompt. This approach 
responds to growing evidence that the quality and speci-
ficity of prompts can significantly impact the accuracy 
and utility of AI-generated outputs [40].

To conclude, by prioritizing transparency and clini-
cal relevance, this phase laid the foundation for gen-
erating rehabilitation plans that are not only tailored 
but also methodologically sound. Yet, it is important to 
note that the prompts themselves were designed by the 
authors through several iterative steps, including litera-
ture review, expert consultation, and preliminary testing. 
Consequently, while our method provides a structured 
framework for prompt creation and assessment, the 
success of AI outputs relies heavily on the quality of the 
prompts. Therefore, clinicians must receive focused 
training in prompt creation, as this is essential to ensure 
that AI outputs are meaningful, accurate, and truly 
aligned with clinical goals.

Study 2 – Comparison of AI-generated outputs
Method and procedure
After selecting the final prompt, the procedure for gen-
erating the AI-based rehabilitation plans was carried out 
in a controlled and replicable manner. Specifically, the 
prompt was submitted to ChatGPT-4o on two separate 
occasions (June 23, 2025, and July 7, 2025) by two differ-
ent authors, each using a different laptop, IP address, and 
browser, without a logged-in account. This implies that 
each submission was performed on a different day and 
in a new chat session to reduce potential bias from ses-
sion history or personalization effects. The prompt was 
used to generate plans for three distinct ADHD profiles 
(adolescent, adult, and older adult), and each prompt 
was entered twice, resulting in a total of six AI-generated 
rehabilitation plans.

To evaluate the quality of the generated outputs, a qual-
itative semi-systematic comparison framework developed 
explicitly for this study was employed. This approach 
combines structured evaluation criteria with the authors’ 
judgment. While two key criteria were adapted from Xu 
et al. [35], the authors originally expanded and refined the 
framework by adding three additional criteria based on 
clinical reasoning and content analysis. This expansion 

Table 2  Assessment results of the prompts
Prompt Clarity Completeness Clinical Relevance Total
 1 st Option 3 3 3 9

2nd Option 2 3 2 7

3rd Option 3 2 3 8
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represents a novel contribution to the framework, spe-
cifically tailored to the aims and context of the present 
study. The resulting framework, named ISAAC, includes 
five core dimensions that together allow for a structured 
comparison of AI-generated interventions:

 	• Internal coherence (e.g., logical consistency and 
progression; clarity of objectives, congruence 
between activities and objectives, explicit links to 
executive functions, and logical flow across phases);

 	• Structural clarity (e.g., presence of distinct and 
organized phases within the intervention; clear 
division into temporal phases, use of section titles, 
detailed scheduling of sessions, and clarity of 
language and transitions);

 	• Accuracy (e.g., alignment with current clinical 
knowledge; reference to theoretical models, use 
of validated psychometric tools, and avoidance of 
unvalidated or theoretically weak content);

 	• Adaptability (e.g., suitability for the targeted 
age group; relevance to adolescents, presence of 
personalization strategies, use of digital tools, and 
adaptation to ADHD-specific needs);

 	• Comprehensiveness (e.g., extent to which key 
intervention components are addressed; coverage 
of multiple executive functions, inclusion of 
metacognitive strategies and practical activities, 
integration of contextual factors like school or 
family, and presence of follow-up or generalization 
strategies).

The evaluation was initially conducted independently by 
the first author using this framework. A follow-up dis-
cussion was then held with the second author to com-
pare impressions, resolve uncertainties, and refine the 
interpretation of scores. This collaborative process con-
tributed to the reliability and consistency of the final 
assessments. All evaluations were recorded in a compari-
son table that allows for structured cross-analysis of the 
outputs.

Results
The six rehabilitation plans generated by ChatGPT (two 
responses each for three different ADHD profiles: ado-
lescent, adult, and older adult) were evaluated using the 
ISAAC framework. For each profile, the second AI-gen-
erated output received the highest total score, as illus-
trated in Table 3.

While differences were often modest, the second out-
put was consistently rated slightly higher in terms of 
internal coherence, language flow, and clarity. Notably, 
both responses across all profiles performed well in terms 
of Internal Coherence and Comprehensiveness, particu-
larly in covering multiple executive functions and incor-
porating both practical and metacognitive strategies. 
However, Adaptability and Accuracy showed more vari-
ability, with lower scores on the inclusion of digital tools 
and explicit personalization.

Based on the overall scoring, Response 2 for all profiles 
was selected for expert review in the next phase (Study 
3). The full evaluation tables are available in Supplemen-
tary File 2.

Discussion
The methodological precaution employed, consistent 
with best practices in the prompt engineering litera-
ture, was designed to minimize residual bias from ses-
sion history or user-specific interactions (as suggested 
by Xu et al., 35), thereby contributing to the generation 
of high-quality outputs. Indeed, the results of Study 2 
highlight the consistency and overall quality of Chat-
GPT’s responses when guided by a well-structured and 
clinically grounded prompt. At the same time, the simi-
larity in responses across different runs may reflect the 
high specificity of the prompt, which likely constrained 
variability in the model’s output. This finding supports 
growing evidence (e.g., 40) that more specific and clini-
cally detailed prompts tend to elicit more consistent and 
focused responses, reinforcing the critical role of prompt 
design in clinical applications of AI.

To systematically examine the quality and subtle dis-
tinctions among the outputs, the ISAAC framework was 
applied. While the differences across outputs were mod-
est, the ISAAC framework proved essential in enabling a 
structured, clinically informed, and replicable compari-
son of the rehabilitation plans. Its systematic approach 
facilitated a nuanced evaluation that went beyond sur-
face-level impressions, allowing for assessment of the 
internal coherence, progression structure, and therapeu-
tic balance of each intervention. All plans demonstrated 
reasonable clinical plausibility, yet the highest-scoring 
responses distinguished themselves through well-orga-
nized phases and an effective integration of practical 
exercises with metacognitive strategies. Conversely, 
lower ratings in adaptability and contextual integration, 
such as limited personalization or insufficient refer-
ence to school or family environments, underscore areas 
where AI-generated interventions may fall short.Table 3  Summary of ISAAC evaluation scores by age profile

Age Profile Response 1 Response 2 Highest Score
Adolescent 39 42 Response 2

Adult 36 38 Response 2

Older Adult 39 40 Response 2
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Study 3- external expert evaluation
Method
Participants and procedure
In the third study, a sample of 27 experts (M = 6; F = 21; 
mean age = 46.5; SD = 15) in neuropsychology and cogni-
tive rehabilitation was recruited to independently evalu-
ate the selected AI-generated intervention plan. Informed 
consent was obtained from all participants before their 
involvement, and the questionnaire was completed anon-
ymously. The survey was created using Google Forms, 
and no email addresses or personal identifiers were col-
lected during the process. The invitation was sent via 
email and contained a direct link to the survey. Distribu-
tion occurred through a mailing list provided by AIFA 
(Associazione Italiana Famiglie ADHD/Italian Associa-
tion of ADHD Families), which included associations, 
healthcare professionals, and clinical centers across all 
Italian regions. More specifically, the mailing list tar-
geted healthcare professionals involved in the cognitive 
rehabilitation of individuals of all ages with ADHD. This 
recruitment strategy ensured broad geographical cover-
age and diversity in clinical expertise.

Experts received the chosen plan for each age profile 
and completed a semi-structured survey assessing three 
core dimensions:

 	• Clinical relevance (e.g., usefulness, appropriateness, 
and potential applicability in real-world settings);

 	• Feasibility (e.g., ease of implementation considering 
typical constraints such as time and resources);

 	• Theoretical consistency (e.g., congruence with 
established cognitive models and rehabilitation 
frameworks for ADHD and executive functioning).

In addition to these dimensions, the survey also included 
basic demographic questions, items assessing partici-
pants’ familiarity with and use of AI, as well as questions 
evaluating the potential of AI-generated content to serve 
as a helpful starting point for drafting neuropsychological 
rehabilitation plans. Furthermore, the survey explored 
the general strengths and limitations of AI outputs within 
the field of cognitive rehabilitation. Quantitative survey 
responses were analyzed using descriptive statistics in 
SPSS.

Results
Demographics
The sample comprises 27 Italian professionals working in 
the fields of psychology, psychiatry, and related clinical 
sciences. Most participants identified as female (77.8%), 
while 22.2% were male. The mean age was approximately 
46 years (M = 46.5; SD = 15). Regarding educational 
background, 40.7% held a postgraduate master’s degree, 
and 14.9% completed a PhD. Most respondents had an 

undergraduate education in Psychology or Cognitive Sci-
ences (74.1%). Consistently, the most common areas of 
specialization were Clinical Psychology, Cognitive Sci-
ences, Psychotherapy, and Neuropsychology.

The majority reported working primarily in private 
practice (70.1%), while 22.2% were employed in hospital 
or clinical settings, including community mental health 
services. A smaller portion (7.7%) worked in academic or 
educational institutions. In terms of professional expe-
rience, 25.9% had between 5 and 10 years of practice, 
and 25.9% had over 20 years of experience. Concerning 
clinical experience with clients diagnosed with ADHD, 
51.9% reported working with such cases regularly (5–15 
cases/month), while 29.6% reported an extensive level of 
engagement (> 15 cases/month). Finally, familiarity with 
AI varied across the sample. While 14.8% rated their 
familiarity at the lowest level, 59.3% rated themselves 
between 3 and 5 on a 5-point scale, indicating a moder-
ate to high level of awareness. A complete summary of all 
demographic variables is presented in Table 4.

Evaluation of adolescent rehabilitation plan
Twenty-seven professionals evaluated the ChatGPT-gen-
erated intervention plan aimed at rehabilitating execu-
tive functions in a 17-year-old adolescent with ADHD. 
Their assessments focused on six key dimensions: clini-
cal relevance, alignment with ADHD-related executive 
function challenges, consistency with current rehabili-
tation models, theoretical or empirical grounding of the 
proposed activities, feasibility in real-world settings, and 
the realism of the time, resources, and skills required for 
implementation.

As shown in Table  5, the intervention was rated as 
moderately to highly effective across most conceptual 
dimensions. The mean score for clinical relevance was 
3.15 (SD = 0.78), suggesting moderate alignment with the 
characteristics of the ADHD adolescent population. The 
plan was perceived as adequately addressing executive 
function deficits typical of ADHD (M = 3.61, SD = 0.69), 
and it was judged to be largely coherent with current 
models of executive function rehabilitation (M = 3.65, 
SD = 0.68). Notably, the highest average score was 
assigned to the theoretical and empirical foundation of 
the proposed activities (M = 3.73, SD = 0.77). Conversely, 
the experts expressed greater reservations about the fea-
sibility of the intervention. Ratings for implementation in 
real-world clinical settings averaged 2.5 (SD = 0.90), and 
the perceived realism of the time, resources, and compe-
tencies required scored similarly low, with a mean of 2.5 
(SD = 0.98).

Despite these logistical concerns, only two participants 
reported the presence of inaccuracies or the use of unval-
idated techniques. When asked whether they would feel 
comfortable using or adapting the intervention in their 
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clinical work, 37% of respondents answered “Maybe,” 
and another 37% “Probably yes,” while a smaller group 
expressed reluctance, selecting “Definitely not” (14.8%) 
or “Probably not” (11.1%), as summarized in Table 6.

Evaluation of adult rehabilitation plan
Professionals also evaluated the ChatGPT-generated 
intervention plan designed to support executive func-
tion rehabilitation in a 40-year-old adult with ADHD. 

The assessment followed the same structure used for the 
adolescent-focused version and the exact six core dimen-
sions. As shown in Table  7, the intervention received 
moderate to positive evaluations on conceptual dimen-
sions. The clinical relevance for the target population was 
rated with a mean of 3.16 (SD = 0.81). Experts judged that 
the plan adequately addresses the core executive dys-
functions of ADHD (M = 3.41, SD = 0.77) and is generally 
consistent with current rehabilitation models (M = 3.33, 
SD = 0.81). The highest average rating was for the theo-
retical or validated grounding of the proposed activities 
(M = 3.5, SD = 0.65), indicating moderate to strong align-
ment with existing literature and practices. However, fea-
sibility aspects received more cautious evaluations. The 
mean score for implementation feasibility in real-world 
clinical contexts was 2.75 (SD = 0.94), and the realism of 
time, resource, and competence requirements was rated 
slightly lower at 2.5 (SD = 0.97).

Table 4  Sociodemographic characteristics of participants, 
including age, gender, education, work setting, professional 
experience, and familiarity with AI
Variable Categories Percentage
Age group Under 30 years 7.5%

31–40 years 40.7%

41–50 years 14.8%

51–60 years 14.8%

Over 60 years 22.2%

Biological 
gender

Female 77.8%

Male 22.2%

Highest 
educational 
qualification

Master’s Degree (5-year or equivalent) 33.3%

Postgraduate Master’s (1–2 years after a 
master’s degree)

40.7%

PhD 14.9%

Medical Degree (MD) 11.1%

Field of under-
graduate degree

Psychology or Cognitive Sciences 74.1%

Neuroscience or Neuropsychology 7.4%

Psychiatry/Neurology/Neuropsychiatry 18.5%

Main work 
setting

Private Practice 70.1%

Hospital/Clinical Setting 22.2%

Academic/Educational Institution 7.7%

Italian region of 
work

Apulia 3.7%

Campania 7.4%

Emilia-Romagna 18.5%

Friuli Venezia Giulia 3.7%

Lazio 14.9%

Lombardy 18.5%

Piedmont 11.1%

Sicily 11.1%

Trentino-South Tyrol 3.7%

Veneto 7.4%

Years of experi-
ence in the field

Less than 5 years 22.2%

5–10 years 25.9%

11–15 years 14.8%

16–20 years 11.2%

More than 20 years 25.9%

Experience with 
ADHD patients

Occasional (< 5 cases/month) 18.5%

Regular (5–15 cases/month) 51.9%

Extensive (> 15 cases/month) 29.6%

Familiarity with 
AI

1 (Not familiar at all) 14.8%

2 25.9%

3 33.3%

4 14.8%

5 (Very familiar) 11.2%

Table 5  Mean expert ratings across evaluation dimensions 
(N = 24)
Evaluation Dimension Mean SD
Clinical relevance for the ADHD adolescent profile 3.15 0.78

Addresses core executive function issues typical of 
ADHD

3.61 0.69

Consistency with current models of EF rehabilitation 3.65 0.68

Theoretical or validated foundation of proposed 
activities

3.73 0.77

Feasibility of implementation in real-world clinical 
settings

2.5 0.90

Realism of required time, resources, and competencies 2.5 0.98

Table 6  Expert responses on accuracy and intention to use the 
intervention
Qualitative Item Response Category N %
Noticed inaccuracies or use 
of non-validated techniques

No 25 92.6%

Yes 2 7.4%

Would use/adapt the inter-
vention in clinical work

Definitely not 4 14.8%

Probably not 3 11.1%

Maybe 10 37%

Probably yes 10 37%

Definitely yes 0 0%

Table 7  Mean expert ratings across evaluation dimensions 
(N = 24)
Evaluation Dimension Mean SD
Clinical relevance for the ADHD adult profile 3.16 0.81

Addresses core executive function issues typical of 
ADHD

3.41 0.77

Consistency with current models of EF rehabilitation 3.33 0.81

Theoretical or validated foundation of proposed 
activities

3.5 0.65

Feasibility of implementation in real-world clinical 
settings

2.75 0.94

Realism of required time, resources, and competencies 2.5 0.97
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As reported in Table  8, six respondents (22.2%) indi-
cated they had noticed inaccuracies or the use of non-
validated methods in the proposed intervention. When 
asked whether they would feel comfortable using or 
adapting the intervention in their professional work, 
37% responded “Probably yes” and 3.7% “definitely yes”. 
A smaller group expressed strong reluctance, with 7.4% 
selecting “Definitely not” and 22.2% “Probably not”.

Evaluation of older adult rehabilitation plan
Finally, the same professionals evaluated the ChatGPT-
generated intervention aimed at rehabilitating executive 
functions of an older adult (age 65+) with ADHD. The 
evaluation framework mirrored that used for younger 
age groups. As summarized in Table 9, expert judgments 
suggest moderate confidence in the conceptual and theo-
retical foundations of the plan. The mean rating for clini-
cal relevance was 2.88 (SD = 0.98), while the ability to 
address executive function issues received a mean rating 
of 3.26 (SD = 0.60). Experts were more cautious in evalu-
ating consistency with current executive function reha-
bilitation models (M = 3.11, SD = 0.76) and the degree of 
theoretical or empirical grounding (M = 3.23, SD = 0.76). 
As with previous versions of the plan, feasibility aspects 
elicited lower scores. The feasibility of implementation in 
real-world settings was rated at 2.42 (SD = 0.90), and the 
realism of time, resource, and skill demands was scored 
similarly at 2.38 (SD = 0.98).

As shown in Tables  5 and 10 out of 27 professionals 
(18.5%) reported inaccuracies or the use of unvalidated 
techniques. When asked about their willingness to use 
or adapt the plan in clinical practice, responses varied. A 
combined 59.2% indicated some level of openness (18.5% 
“Probably yes”, 7.4% “Definitely yes”, and 33.3% “Maybe”), 
while 40.8% were reluctant, selecting either “Probably 
not” (29.7%) or “Definitely not” (11.1%).

General questions about AI outputs
At the end of the survey, professionals were invited to 
reflect on the potential of AI for supporting the develop-
ment of cognitive rehabilitation programs. Participants 
could select up to three perceived benefits and three 
limitations of AI-generated content from a predefined list 
and were then asked whether they would consider using 
AI as a starting point for designing personalized reha-
bilitation plans. Among the perceived benefits, the most 
frequently mentioned was the usefulness of AI-generated 
content as a clinical starting point, reported by 79% of 
participants. This was followed by the speed of content 
generation (67%), and the clarity and structure of the 
material (58%) and A smaller proportion of profession-
als highlighted adherence to known theoretical principles 
(46%), the use of accessible and understandable language 
(33%), and the potential for personalization (29%).

Regarding limitations, the most frequently cited con-
cern was the excessive generality of the proposed activi-
ties, noted by 83% of respondents. This was followed by 
concerns about limited real-world applicability (71%) and 
the absence of more explicit scientific references (42%). 
Additional limitations included the risk of inaccurate or 
fabricated content (38%), superficial theoretical depth 
(33%), insufficient adaptation to specific clinical condi-
tions (25%), and the use of language that was either too 
technical or overly simplistic (25%).

Overall, despite the identified limitations, the responses 
revealed a cautiously open attitude toward integrating AI 
tools in clinical practice. Specifically, 7.4% of participants 
stated they would definitely consider using AI as a sup-
port tool, while 33.3% responded probably yes, and 29.6% 
indicated maybe. Meanwhile, 22.2% expressed some 
reluctance, answering “probably not,” and a smaller pro-
portion (7.4%) stated that they would not consider using 
such tools (Fig. 1).

Table 8  Expert responses on accuracy and intention to use the 
intervention
Qualitative Item Response Category N %
Noticed inaccuracies or use 
of non-validated techniques

No 21 77.8%

Yes 6 22.2%

Would use/adapt the inter-
vention in clinical work

Definitely not 2 7.4%

Probably not 6 22.2%

Maybe 8 29.6%

Probably yes 10 37%

Definitely yes 1 3.7%

Table 9  Mean expert ratings across evaluation Dimensions – 
Older adult ADHD plan (N = 24)
Evaluation Dimension Mean SD
Clinical relevance for the 65 + ADHD population 2.88 0.98

Addresses core executive function issues typical of 
ADHD

3.26 0.60

Consistency with current models of EF rehabilitation 3.11 0.76

Theoretical or validated foundation of proposed 
activities

3.23 0.76

Feasibility of implementation in real-world clinical 
settings

2.42 0.90

Realism of required time, resources, and competencies 2.38 0.98

Table 10  Expert responses on accuracy and intention to use the 
intervention (N = 24)
Qualitative Item Response Category N %
Noticed inaccuracies or 
unvalidated techniques

No 22 81.5%

Yes 5 18.5%

Would use/adapt the 
intervention in clinical 
work

Definitely not 3 11.1%

Probably not 8 29.7%

Maybe 9 33.3%

Probably yes 5 18.5%

Definitely yes 2 7.4%
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Discussion
The evaluations indicate a generally positive reception 
of the AI-generated intervention plans across all age 
groups, particularly in terms of their conceptual valid-
ity and alignment with the executive function chal-
lenges associated with ADHD. Experts recognized the 
theoretical coherence of the interventions, especially for 
adolescent and adult profiles. Furthermore, the over-
all evaluation experience was positive. Indeed, many 
professionals stated they would consider using AI tools 
like ChatGPT as a supportive aid in planning cognitive 
rehabilitation programs, reflecting a cautiously optimis-
tic attitude toward AI integration in clinical practice. 
A minority of professionals, however, noted instances 
of inaccuracies or the inclusion of unvalidated tech-
niques, particularly in plans targeting adult and older 
adult populations. According to the authors’ view, this 
may be partly explained by the fact that ADHD is still 
largely conceptualized as a developmental disorder, with 
a stronger evidence base and clinical focus on childhood 
and adolescence. As a result, there is comparatively less 
structured guidance for adult and older adult popula-
tions, which may have contributed both to the limitations 
in the AI-generated outputs and to experts’ more critical 
evaluations of these profiles.

Moreover, feasibility remains the primary concern. 
Across all versions, implementation in real-world set-
tings, personalization, and the realism of required 

resources received lower ratings. These findings echo ear-
lier results from other healthcare domains. For instance, 
when ChatGPT was tasked with generating occupational 
therapy plans based on clinical case vignettes, experts 
acknowledged the overall structure and coherence of 
the outputs. However, they raised concerns about their 
lack of personalization and insufficient clinical detail 
[42]. Similarly, broader evaluations of ChatGPT in clini-
cal decision-making contexts have highlighted that, 
while the content may appear plausible, it often lacks the 
nuance, accuracy, and feasibility necessary for reliable 
real-world use, leading to cautious skepticism among 
healthcare providers [43].

Finally, we observed that, while experts primarily 
focused on personalization and accuracy, data security 
and confidentiality were considered less critical in this 
study. All prompts and outputs were fully anonymized, 
and no patient-identifiable information was used. Nev-
ertheless, in real-world clinical applications, attention to 
privacy, data protection, and secure storage of patient 
information would be essential.

General discussion
Although the use of AI in psychiatric and neurological 
fields is receiving increasing recognition (e.g., 23, 24, 25, 
26, 44), its application within neurorehabilitation remains 
largely underexplored [32], particularly regarding 
ADHD. This study thus explored whether generative AI, 

Fig. 1  Participants’ general attitudes toward the use of AI in clinical practice as a support tool at the end of the survey
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specifically ChatGPT-4o, can meaningfully support clini-
cians in designing individualized rehabilitation plans for 
executive function deficits in individuals with ADHD. It 
focused on identifying a specific prompt to generate such 
interventions, evaluating, then, the coherence, structure, 
and adaptability of the resulting outputs across various 
ADHD profiles and developmental stages. The outputs 
produced by the model were assessed using ISAAC, a 
novel framework explicitly developed by the authors for 
this study to evaluate the quality of AI-generated reha-
bilitation content systematically. ISAAC includes five 
key dimensions: internal coherence, structural clarity, 
accuracy, adaptability, and comprehensiveness. Based 
on this framework, the most coherent and well-struc-
tured responses were selected for external expert evalu-
ation. A panel of clinicians subsequently reviewed these 
selected plans, assessing their relevance, feasibility, and 
alignment with established models of executive function 
rehabilitation.

Findings showed that ChatGPT, when guided by care-
fully designed prompts, can generate neuropsychological 
rehabilitation plans that are conceptually valid and theo-
retically grounded. Experts consistently rated the plans 
positively in terms of addressing core executive function 
challenges and aligning with current rehabilitation prac-
tices. Nevertheless, feasibility emerged as a significant 
and recurrent concern. Despite the conceptual sound-
ness and clinical relevance of the AI-generated inter-
ventions, experts often questioned whether these plans 
could realistically be implemented with the intended 
populations. These concerns emerged particularly in the 
open comment section at the end of the survey, where 
clinicians were invited to share additional reflections. For 
example, one clinician remarked: “It is difficult to change 
the chronic habits of a 65-year-old ADHD patient.” While 
another commented, “ADHD patients are not able to fol-
low through with a program, so I find it difficult to imag-
ine planning out a week using a fixed schedule. They get 
bored easily.”

These comments reflect a broader tension between 
theoretical planning and the realities of clinical engage-
ment. Even when AI-generated plans are coherent and 
aligned with best practices, they may require consid-
erable professional adaptation to accommodate moti-
vational challenges, cognitive variability, and resource 
limitations common in ADHD populations. As such, the 
findings reaffirm that AI should be viewed as a support-
ive resource, capable of accelerating idea generation and 
aiding decision-making, but reliant on expert oversight 
to ensure ethical, personalized, and context-sensitive 
implementation [32, 45].

Clinical and ethical considerations
In addition to feasibility concerns, the integration of 
generative AI into cognitive rehabilitation raises several 
broader clinical and ethical issues that must be care-
fully addressed. One key clinical implication is the risk 
of deskilling and overreliance [46, 47]. As AI systems 
become increasingly capable of producing structured 
and clinically plausible interventions, there is a risk that 
clinicians, particularly those in training, at the beginning 
of their careers, or under pressure, may begin to rely on 
these tools without critically evaluating or adapting their 
outputs. This overreliance could also undermine not only 
the development but also the training of essential clinical 
competencies, as the brain, like muscle, requires regular 
exercise to strengthen skills such as individualized for-
mulation, flexible treatment planning, and therapeutic 
judgment [46].

Another concern is the issue of contextual and cul-
tural insensitivity. LLMs generate responses based on 
generalized patterns learned from vast and often cul-
turally homogeneous datasets. As a result, they may fail 
to account for nuances related to socio-cultural back-
ground, language, family dynamics, and educational or 
occupational settings, factors that are central to neuro-
psychological rehabilitation [48]. Without careful human 
mediation, AI-generated interventions may uninten-
tionally replicate existing biases or overlook the needs 
of underrepresented populations, thereby exacerbating 
healthcare disparities [49, 50]. Additionally, AI systems 
often lack the ethical reasoning and emotional intelli-
gence that are essential to clinical care [51, 52]. Decisions 
involving risk management, patient autonomy, informed 
consent, and the therapeutic alliance also require a 
nuanced understanding of the patient’s emotional state, 
personal values, and relational context, domains where 
AI has no genuine competence [49, 51, 52]. For instance, 
deciding whether to involve family members in a reha-
bilitation plan or how to address a patient’s ambivalence 
toward treatment in a sensitive manner demands human 
empathy, discretion, and moral judgment [51]. These 
complex, context-dependent decisions cannot be reliably 
replicated by AI, underscoring that such systems can only 
complement, not replace, expert clinical judgment [32, 
48, 53].

Ultimately, there is a need to consider the evolving 
relationship between clinicians and AI. As these tools 
become more integrated into practice, it will be essential 
to define boundaries, roles, and responsibilities [54–56]. 
Clear policies must distinguish between AI-assisted 
decision-making and autonomous clinical judgment [55, 
57]. For example, institutional guidelines might require 
clinicians to document any AI-generated recommenda-
tions they used explicitly and to provide a rationale for 
their acceptance or modification, ensuring that ultimate 
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responsibility remains with the human professional. 
Without such frameworks, there is a risk of ethical ambi-
guity or role confusion, particularly when adverse out-
comes occur or treatment plans prove ineffective [57]. 
This is particularly important because poor decisions in 
healthcare, whether made by clinicians or AI systems, 
can lead to a breakdown of patient trust, widen existing 
healthcare disparities, and ultimately result in harmful 
outcomes for individuals [58, 59].

Future directions
The integration of generative AI into neuropsychological 
rehabilitation presents both exciting opportunities and 
critical challenges. Looking ahead, one of the most prom-
ising applications of these tools lies in early-stage clinical 
planning, as demonstrated in this study. However, real-
izing their full potential will require a targeted research 
agenda. Future studies should continue evaluating the 
clinical effectiveness of AI-generated interventions in 
real-world settings. This includes controlled trials aimed 
at comparing AI-supported plans to traditional rehabili-
tation approaches (designed exclusively by human pro-
fessionals) to assess specific strengths and weaknesses, as 
well as longitudinal studies assessing outcomes such as 
adherence, functional improvement, and patient satisfac-
tion. Additionally, studies could examine the perspectives 
of end-users and patients regarding the usefulness, acces-
sibility, and motivational impact of AI-generated plans. 
Understanding patient and clinician experiences will help 
optimize AI integration and ensure interventions are 
practical, acceptable, and engaging.

Ultimately, research should investigate the optimal 
structure for human-AI collaboration in clinical settings. 
Questions remain about when and how clinicians should 
rely on AI input, how to maintain professional responsi-
bility, and how to foster trust without overdependence. 
Developing evidence-based frameworks to support ethi-
cal and practical use of generative AI in rehabilitation 
will be essential as these tools become more embedded 
in mental health practice. For this reason, there is also 
a need to investigate how different user profiles, such as 
students, early-career clinicians, and experienced pro-
fessionals, interact with AI tools and integrate them into 
their decision-making processes.

Limits and strengths of the study
This study represents the first systematic attempt to 
explore the potential of AI in generating neuropsycholog-
ical rehabilitation plans tailored to individuals of differ-
ent ages with ADHD, focusing on executive functions. A 
key strength lies in the multi-methodological approach, 
which combines prompt generation, analysis, and selec-
tion of the most effective prompt, AI content genera-
tion, structured evaluation through the newly developed 

ISAAC framework, and a final assessment by practicing 
clinicians. The design paid particular attention to mini-
mizing bias in both the prompt generation phase, through 
expert consultation and prompt quality assessment, and 
the output evaluation phase, using independent scoring 
and controlled AI input procedures. This methodological 
transparency and triangulation across phases contribute 
to the study’s reliability and replicability.

Nonetheless, some limitations should be acknowl-
edged. The sample size was relatively small and may not 
capture the full range of professional perspectives. Addi-
tionally, while experts were drawn from across Italy, the 
majority of participants in the third study were psycholo-
gists, resulting in an underrepresentation of other key 
professional groups such as child neuropsychiatrists, 
speech-language pathologists, occupational therapists, 
and psychiatric rehabilitation technicians, who might be 
involved in ADHD care. In addition, although the evalu-
ation of AI-generated outputs was carefully structured, 
including a third-party external evaluator might have 
enhanced objectivity and strengthened the consensus on 
the best output. Finally, although clinical experts rigor-
ously evaluated AI-generated outputs, no pilot studies 
or trials involving real patients were conducted. Conse-
quently, the study cannot determine how these AI-gen-
erated rehabilitation plans perform in practical clinical 
settings. This limitation affects the ability to assess criti-
cal outcomes such as patient adherence, engagement, 
functional improvements, and overall clinical impact.

Conclusions
This study offers preliminary insights into the potential of 
AI to support the design of clinically relevant and theo-
retically coherent neuropsychological rehabilitation plans 
for individuals with ADHD across different age groups. 
Methodologically, it highlights the value of structured 
prompt design and systematic expert evaluation in ensur-
ing the clinical soundness of AI-generated materials. 
Prompt formulation should be grounded in established 
therapeutic reasoning, and expert review remains essen-
tial to assess both the quality and applicability of AI out-
puts. At the same time, the findings emphasize the need 
for cautious interpretation. Although experts expressed 
interest in the potential use of AI-assisted tools, concerns 
regarding feasibility, validation, and integration into 
existing clinical workflows remain substantial.

In conclusion, AI-assisted rehabilitation design appears 
to be a promising yet still exploratory field. Future work 
should focus on empirical validation, interdisciplinary 
collaboration, and ethical oversight to ensure that such 
technologies complement, rather than replace, human 
clinical expertise in mental health care.
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