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ABSTRACT
Purpose:  This review explored the design and application of Artificial Intelligence (AI) 
technologies supporting neurodiverse users, including individuals with Autism 
Spectrum Disorder (ASD), ADHD, and dyslexia. It examined system types, application 
domains, inclusive and adaptive design strategies, user participation, and related 
ethical challenges.
Materials and methods:  A systematic search across Web of Science, PubMed, ACM 
Digital Library, IEEE Xplore, and Google Scholar identified studies published between 
2019 and 2025. After applying the inclusion criteria and conducting cross-validation, 
117 peer-reviewed papers were analysed across five themes: technical features, design 
strategies, user engagement, effectiveness, and ethical considerations.
Results:  Findings reveal a growing diversity of AI applications in education, healthcare, 
rehabilitation, and workplace contexts. Multimodal interaction, adaptive feedback, and 
embodied interfaces enhance engagement and usability; however, research remains 
fragmented and often lacks long-term perspectives. Most studies lack neurodivergent 
user participation and fail to adequately address sensory and cognitive heterogeneity, 
accessibility barriers, and gender bias in their datasets.
Conclusions:  AI-driven interaction design shows strong potential to enhance inclusivity 
and personalisation for neurodiverse users. Sustained progress requires interdisciplinary 
collaboration, participatory co-design, and longitudinal evaluation. Ethical principles, 
particularly fairness, transparency, and accessibility, should guide the development of 
future AI systems to ensure equitable, evidence-based support.

	h IMPLICATIONS FOR REHABILITATION
•	 AI-driven XR systems can personalise rehabilitation by adapting task difficulty, 

pace, and feedback to individual progress, supporting more efficient motor and 
cognitive recovery.

•	 Real-time motion and behaviour analysis powered by AI enables immediate 
corrective feedback, helping patients refine skills safely in virtual environments before 
transferring them to real-world tasks.

•	 Generative AI models can simulate diverse training scenarios and material properties, 
offering rich, context-specific practice that maintains engagement and motivation 
during rehabilitation.

•	 Co-design methods applied in lacquer arts education can be combined with 
AI-driven user modelling to ensure rehabilitation systems are tailored to the cognitive, 
emotional, and physical needs of users.

•	 By integrating AI and XR, rehabilitation programmes can provide adaptive, immersive, 
and culturally responsive interventions, broadening their impact across education, 
therapy, and lifelong learning.

© 2025 The Author(s). Published by Informa UK Limited, trading as Taylor & Francis Group
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Introduction

Neurodiversity (ND), as an umbrella term for differences in the development and functioning of the 
human nervous system, encompasses a wide range of neurodevelopmental conditions such as Autism 
Spectrum Disorder (ASD), Attention Deficit Hyperactivity Disorder (ADHD), Dyslexia, Tourette Syndrome 
and others. According to the World Health Organisation (WHO), A notable proportion of the global pop-
ulation exhibits some form of neurodevelopmental difference, yet many children with autism remain 
undiagnosed until after early childhood [1]. Traditional interventions such as behavioural analysis therapy 
(ABA) and speech therapy are effective but face three core challenges: First, the needs of individuals are 
highly heterogeneous. For example, the social deficits of children with ASD require a differentiated inter-
vention program from the attention regulation deficits of children with ADHD. Second, there is a marked 
shortage of paediatric neurology specialists, which limits timely diagnosis and treatment for affected 
children [2]. Third, existing tools are challenging to integrate into daily life scenarios; for example, tradi-
tional cognitive training devices are usually limited to clinical settings, making it difficult to support 
continuous interventions at home or in the workplace.

Artificial Intelligence (AI) technology is key to breaking through these bottlenecks due to its data-driven 
personalised modelling, multimodal interaction capabilities, and real-time feedback. For example, AI can 
identify early biomarkers of autism by analysing electroencephalographic (EEG) signals or simulate social 
scenarios using virtual reality (VR) to reduce anxiety responses in ADHD patients [3–5]. Furthermore, 
recent advances in contrastive learning and generative models enhance the generalisability and causal 
analysis of such interventions [6,7].

However, there are still significant limitations in the design and application of existing technologies: 
most systems follow a “one-size-fits-all” model, ignoring sensory sensitivity (e.g., overreaction to tactile 
stimuli in ASD), cognitive Processing differences (e.g., semantic comprehension delays in people with 
dyslexia), and behavioural characteristics of neurodiverse groups (e.g., impulse control difficulties in 
ADHD). A key distinction must be clarified here: inclusive design refers to universal accessibility features 
(e.g., adjustable sensory inputs for all users), while adaptive design involves real-time personalisation 
(e.g., AI-driven adjustments to task difficulty based on individual performance). This differentiation is 
foundational to understanding how technologies address the needs of individuals with neurodiversity. In 
addition, there is a general lack of direct involvement of neurodiverse users in the development of the 
technology, leading to a lack of utility and acceptance of the tool. For example, recent AI-based autism 
prediction studies remain predominantly male-focused, with limited attention to female-specific diagnos-
tic characteristics [8].

Against this backdrop, this review aims to answer the following core questions by systematically ana-
lysing 117 publications between 2019 and 2025:

•	 What types of AI systems have been designed or adapted to support neurodivergent individuals, 
and in what application domains are they used (e.g., education, healthcare, workplace)?

•	 How do these AI systems incorporate inclusive (universal accessibility) or adaptive (real-time per-
sonalised) interaction design features that address the cognitive, sensory, or behavioural needs of 
neurodivergent users?

•	 To what extent are neurodivergent individuals involved in the design, development, or evaluation 
of these AI technologies?

•	 What design challenges, gaps, or ethical considerations are identified in the development of 
human–AI interaction systems for neurodivergent populations?

Materials and methods

Search strategy

This study used a multi-database cross-search strategy to comprehensively cover the literature on AI 
interaction design for neurodiverse users. The core search terms are divided into three categories: User 
groups (neurodivergent users, autism spectrum disorder, ADHD, dyslexia, neurodevelopmental disorders), 
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technology types (AI interaction design, machine learning, virtual reality, haptic feedback, intelligent 
tutoring system, social robotics) and application scenarios (education, healthcare, workplace, rehabilita-
tion, daily living).

The specific search paths are as follows:
In terms of core databases, Web of Science (Core Collection) was searched by subject search “(neuro-

divergent OR autism OR ADHD OR dyslexia) AND (AI OR machine learning OR VR OR haptic) AND (inter-
action design OR intervention)”, limited to 2019-2025 and English and Chinese literature; PubMed used 
the search formula “(Autism Spectrum Disorder [Mesh] OR ADHD [Mesh]) AND (Artificial Intelligence 
[Mesh] OR Human-Computer Interaction [Mesh])”, focusing on medical and rehabilitation research; ACM 
Digital Library and IEEE Xplore focus on computer science and engineering. The ACM Digital Library and 
IEEE Xplore concentrate on computer science and engineering and search for “neurodivergent AND (AI 
design OR interactive systems)” to extract literature on technology design. In complementary searches, 
Google Scholar uses a “snowballing” strategy to backtrack interdisciplinary research (e.g., psychology-design 
crossover research) from references in key literature and searches preprint platforms such as OpenAI, 
arXiv, etc., to incorporate the latest technological prototypes for the year 2025 research (e.g., LLM-driven 
real-time communication aids).

Selection criteria

Stratified selection criteria were used to ensure the relevance and methodological quality of the litera-
ture. Inclusion criteria included:

On the content dimension, the study population should be explicitly neurodiverse (e.g., people with 
ASD, ADHD, dyslexia), focus on interaction design with AI technology (e.g., algorithm development, mul-
timodal interface optimisation, robotic prototyping), and include empirical data (e.g., quantitative indexes 
of intervention effects, qualitative feedback on user experience).

On the methodological dimension, the type of study was limited to experimental studies, 
quasi-experimental studies, technical design papers, or systematic reviews (only reviews focusing on 
AI interactions were included), and the type of data needed to include quantitative data (e.g., accu-
racy, changes in physiological metrics) or qualitative data (e.g., transcript analyses of user interviews). 
Exclusion criteria were non-peer-reviewed literature (e.g., blogs, news reports), the study population 
of animal models or healthy controls, and technology type of non-AI tools (e.g., traditional 
non-intelligent rehabilitation devices). To address ambiguity, “non-interactive technologies” excluded 
in this study specifically refer to tools without AI-driven real-time feedback loops. Concrete examples 
include traditional ABA therapy applications that present fixed training content without adjusting 
tasks based on user performance, and static educational courseware for dyslexic students that cannot 
optimise display modes according to individual reading speed or error rates. This exclusion aligns 
with the research focus on “AI interaction design” because non-interactive technologies lack core AI 
characteristics such as personalised adaptation and dynamic interaction, and thus fail to address the 
heterogeneous needs of neurodiverse users.

The screening process was divided into three stages:

Initial screening: EndNote X9 removed duplicates. The initial search yielded 217 documents, leaving 
189 papers after weight removal.

Title-abstract screening: Two researchers independently assessed and excluded literature unrelated 
to “Neurodiversity + AI Interaction” (e.g., VR design for the general population), retaining 87 
articles.

Full-text close reading: Each article was assessed to determine if it met the inclusion criteria, exclud-
ing purely theoretical frameworks and non-interactive technologies, with additional articles iden-
tified through manual search and citation tracking, resulting in the inclusion of 117 articles  
(Figure 1). Data were extracted using a standardised form, covering technical features, design 
strategies, user engagement, effectiveness indicators, and ethical challenges, and coded using 
two-person cross-validation to ensure consistency.
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Analysis framework

A combination of Thematic Analysis and systematic review was used to construct a three-level thematic 
framework (Table 1) to summarise the data from five dimensions: technology type, application scenarios, 
design features, user participation and ethical challenges, and to refer to the structure of A scoping 
review of somatosensory interaction design for mental health and well-being was structured to strengthen 
the interdisciplinary perspective [9].

A supplementary table (see Appendix 1) is added to present the 117 included articles in detail. 
This table includes information such as article number, authors, publication year, title, journal or 
conference name, and DOI. It is intended to facilitate readers’ access to and verification of the 
included literature.

Figure 1. L iterature screening process.

Table 1.  Framework for analysing the literature.
Primary theme Secondary theme Tertiary theme (typical case)

Technology Types Intelligent Tutoring Systems Fuzzy Neural Network (FNN) for dyslexia recognition [10]
Robot-Assisted Social Support Pepper deployed in a special-needs school to enhance autistic children’s 

social interaction and well-being [11]
Application Scenarios Mental Health Rehabilitation VR haptic system for schizophrenia therapy [5]

Emotional & Mental Health Support Huggable haptic device for anxiety calming [12]
Design Features Design Principles for Personalised and 

Adaptive Support
Systematic review of AI-enhanced special education for SEN learners [13]

Adaptive Feedback / Affective Interaction Multimodal affective touch framework integrating caresses, whispers, and 
facial cues (ASMR–interoception theory) [14]

User Engagement Participatory / Co-design Participatory design sessions with autistic children using visual and 
creative expression methods; stakeholder focus-group input for 
somatosensory game development [15–17]

Evaluation Phase Mixed-methods usability evaluation of somatosensory square-dance 
system for older adults [18]

Ethical Challenges Data Privacy & Governance Highlights ethical AI governance and equitable access; limited explicit 
reporting of data-protection practices in SEN AI research [13]

Algorithmic Bias Diagnostic and resource-allocation bias in models trained on 
majority-population data, leading to under-recognition of minority 
needs [19,20]
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Results

Research design

Distribution of study types
Among the 117 papers included in this review, the types of studies showed significant diversity, reflect-
ing the field’s interdisciplinary nature. Among them, the highest proportion of experimental studies (58, 
50.9%) focused on the validation of the intervention effect of AI systems, such as school-based social-robot 
interventions designed to support social engagement in autistic children [11]. Technology design studies 
(32, 28.1%) were the next most popular, focusing on prototyping and performance optimisation, e.g., a 
fuzzy neural network-based dyslexia recognition system [10]. Systematic reviews (12, 10.5%) and qualita-
tive studies (12, 10.5%) add to the evidence from theoretical integration and user experience perspec-
tives, respectively (Figure 2). For example, a study explored design considerations for somatosensory 
(haptic) games through focus-group discussions[16].

Methodological characteristics
Quantitative studies dominate, but longitudinal data are insufficient.  Of the 58 experimental studies, 72% 
used a control group design, and 58% reported effect sizes (e.g., Cohen’s d = 0.65), but only 31% were 
longitudinal studies. For example, Hu’s (2023) motion-awareness game intervention lasted only 4 weeks 
and lacked long-term follow-up data to verify the sustainability of the effect.

The theoretical support of qualitative studies is weak.  Of the 12 qualitative studies, only 33.3% explicitly 
cited theoretical frameworks (e.g., embodied cognition theory), and 58% did not describe code saturation. 
For example, Li et  al.’s focus-group study involved multiple stakeholders (e.g., parents and therapists) but 
did not report detailed participant demographics or data saturation, which limits the generalisability of 
the findings [16].

Mixed methods were scarce.  Only 6.1% (7 articles) used a mixed design, e.g., Yu et  al. (2020) evaluated a 
square dance system by combining exercise data (quantitative) with user interviews (qualitative) and 
found that 72% of users recognised the interactive feedback but 18% raised the issue of the weight of 
the equipment, highlighting the limitations of a single quantitative metric. This finding aligns with 
broader observations in the field, as reliance on sole quantitative measures often overlooks practical user 
concerns that only qualitative insights can capture.

Figure 2.  Distribution table of types of research.
Note: The chart shows a significant imbalance between short-term studies (50.9%, experimental studies with intervention duration ≤ 6 
months) and longitudinal studies (31%, studies with follow-up duration > 6 months), reflecting the scarcity of long-term effectiveness verifi-
cation in current research, which is consistent with the critique of longitudinal design deficits in Section Limitations of cross-study 
comparability.
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Technology development process
The technology design study generally followed the iterative framework of “Requirements Analysis - 
Prototyping – Evaluation”, but the depth of user participation was insufficient.

Requirements analysis phase.  Sixty-two percent of the studies relied on literature research or expert 
interviews, and only 23% (26) included direct involvement of neurodiverse users. For example, a research 
optimised tactile game interface icons using drawing feedback from autistic children, leading to improved 
interaction performance [9].

Prototyping and evaluation.  Eighty-three percent of studies underwent multiple rounds of testing. For 
example, Woodward et  al.’s TangToys system demonstrated the potential of iterative design in enhancing 
children’s interaction and engagement through tangible smart toys [21]. However, 75% of the studies 
focused only on technical performance (e.g., accuracy, response time), while only 41% assessed user 
experience. For example, Lemaignan et  al.’s 3-week school-embedded study with the Pepper robot 
focused on real-world interaction and well-being in autistic children but did not include standardised 
emotional-acceptance measures such as affective rating scales [11]. This gap in user experience assessment 
means that even technically efficient systems may fail to meet the emotional and psychological needs 
of neurodiverse users, which are critical for long-term adoption.

Degree of interdisciplinary collaboration
The research team’s disciplinary background was dominated by computer science and engineering (68 
articles, 59.6%), with less involvement in psychology and neuroscience (22 articles, 19.3%). This disci-
plinary skew has contributed to insufficient theoretical grounding in some technology designs. For exam-
ple, although emerging intelligent sensory-adaptation systems adjust audio-visual stimuli based on 
EEG-derived attention metrics, many designs still lack grounding in established neurobiological theories 
of ASD. Zhuang et  al. highlight well-documented neural and biomarker mechanisms associated with 
autism, yet such insights are rarely translated into HCI-based adaptive interventions for neurodiverse 
users [22].

This dominance of computer science and engineering directly contributes to the “insufficient theoret-
ical depth” identified. While biomedical and neuroscience research has increasingly clarified the neural 
mechanisms, biomarkers and sensory processing differences associated with ASD [22], such insights have 
not been systematically integrated into HCI-driven intervention design. As a result, technologies such as 
intelligent sensory-adaptation systems may adjust stimuli (e.g., audio volume modulation, visual contrast 
adjustments) based on surface-level metrics, yet lack mechanistic grounding in how these adaptations 
interact with neurodiverse neural responses—thereby constraining replicability and scalability of effective 
interventions. Similarly, the low participation of psychology researchers means that studies often over-
look key user-centric theories (e.g., cognitive load theory) that could inform more user-friendly AI inter-
action design. For instance, Frye highlighted that effective ASD assessment and intervention require 
integrating medical, psychological, and educational perspectives. Without such frameworks, support strat-
egies risk being misaligned with individuals’ actual cognitive profiles and developmental needs, reinforc-
ing the necessity of multidisciplinary collaboration in ASD-related research and design [23].

Only 13.2% (15) of the studies were explicitly interdisciplinary, e.g., Rajagopalan et  al.’s ASD prediction 
model integrates collaboration between clinicians and data scientists, leveraging medical records and 
background information to improve diagnostic prediction accuracy [8]. This example demonstrates the 
value of interdisciplinary work. Future research should prioritise partnerships between AI researchers and 
psychiatrists, psychologists, or neuroscientists to address theoretical gaps in the field. For instance, col-
laboration with psychiatrists could help AI systems for anxiety management (e.g., VR-based interventions) 
align with clinical understanding of neurodiverse users’ anxiety triggers, enhancing both theoretical 
rigour and practical effectiveness.

Publication trends and hotspots
The number of publications increased exponentially from 2019 to 2025, peaking in 2023 (28 publica-
tions), with research hotspots focusing on VR/AR interventions (18 publications) and wearable devices (15 
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publications). Keyword co-occurrence analysis showed that “multimodal interaction” (32 articles), “adap-
tive feedback” (29 articles), and “autism” (48 articles) are the core topics, while “workplace support” is the 
core topic. The analysis shows that “Multimodal Interaction” (32 articles), “Adaptive Feedback” (29 articles), 
and “Autism” (48 articles) are the core topics. In comparison, “Workplace Support” (8 articles) and 
“Intercultural Design” (5 articles) are less researched in the direction of “Workplace Support” (8 articles) 
and “Intercultural Design” (5 articles), which have significant space for exploration.

This trend indicates a growing interest in technology-driven interventions for neurodiverse users. 
However, the focus on a narrow range of topics (e.g., autism over other neurodevelopmental disorders) 
suggests a need to expand research to underrepresented areas, such as workplace support, which could 
address critical gaps in the social and professional integration of neurodiverse users.

Impact of study design on results

Methodological bias
Sample bias.  Seventy-eight percent of the study had a predominantly adult male sample, resulting in the 
technique having a high misdiagnosis rate in the female population. However, it is important to contextualise 
this trend within established epidemiological evidence: ASD prevalence is consistently reported to be 
significantly higher in males than in females, commonly estimated at around a 4:1 ratio, which Zhuang et al. 
also note when discussing ASD heterogeneity [22]. This suggests that a higher proportion of male participants 
in several studies may reflect real-world demographic patterns. Even so, most studies still exhibit an excessive 
male skew. For instance, Cheung et  al. highlighted demographic variability and the need for more 
representative sampling in technology-assisted mental health studies, reflecting a broader pattern in 
neurodiversity research where female participation remains limited [9]. This imbalance intersects with the 
complex comorbidity profile observed in ASD, including higher rates of anxiety and depression, which 
contribute to diagnostic challenges and heterogeneous symptom presentation [22].

Notably, ASD is characterised by high heterogeneity, and many neurodiverse individuals present with 
co-occurring conditions such as anxiety, ADHD, or depression [22]. However, only 15% of the included 
studies explicitly documented the comorbidity status of their samples. Most excluded participants with 
comorbidities were excluded to “minimise data variability”. This approach undermines the generalisability 
of results, as Frye emphasised that comorbidities in neurodiverse populations require personalised, inter-
disciplinary intervention strategies [23]. Ignoring such factors in study design can lead to technologies 
that fail to address the actual needs of a large subset of users.

Scenario bias. Sixty-three percent of the studies were tested in laboratory settings, and only 12% involved 
real-life scenarios (e.g., home, workplace), resulting in insufficient technological eco-efficacy. For instance, 
Dutt et  al. demonstrated that integrating fuzzy logic with neural network models significantly improved 
the accuracy of an intelligent tutoring system for identifying learning difficulties [10]. However, when 
deployed in home settings where variables such as background noise, inconsistent lighting, and a lack 
of professional guidance were present, its effectiveness dropped, highlighting the gap between laboratory 
performance and real-world applicability.

Limitations of cross-study comparability
The diversity of assessment metrics made meta-analyses available for only 21% of the studies. For exam-
ple, Li et  al.’s focus-group study evaluated design factors influencing somatosensory games for autistic 
children, identifying key educational, cognitive, and performance-related themes [16], while Choi et  al.’s 
study of a similar AI-driven support tool adopted qualitative methods, employing focus groups and 
workshops to understand lived experiences and everyday coping strategies among autistic individuals 
[24]. These differences in assessment approaches prevented direct comparisons of effect sizes. While 
some studies in the field employ standardised anxiety measures such as the State–Trait Anxiety Inventory 
(STAI), which distinguishes between temporary state anxiety and enduring trait anxiety, or the GAD-7, 
which specifically assesses symptoms of generalised anxiety disorder, most studies in our review adopted 
heterogeneous qualitative or bespoke measures. This inconsistency hinders the development of system-
atic conclusions regarding the overall effectiveness of anxiety-focused interventions for neurodiverse 
populations.
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Research design questions

Issue 1: AI system types and application fields
AI systems have demonstrated diverse technological pathways and scenario adaptations in supporting 
neurodiverse users, including those with autism and learning disabilities. In educational contexts, intelli-
gent tutoring systems have been applied to provide personalised learning support [10], while interactive 
and AI-enabled smart toys have shown promise in enhancing wellbeing and symbolic play among autis-
tic children [21,25]. Furthermore, somatosensory-based interaction research highlights how embodied 
and affective engagement technologies may complement such AI-driven interventions [9]. In medical 
contexts, advanced computational approaches such as EEG entropy analysis, convolutional neural net-
work (CNN)-based facial recognition, and 3D-CNN video analysis have been increasingly adopted to sup-
port early screening and objective assessment of ASD [3,26,27]. Notably, ethical issues such as algorithmic 
bias are not secondary concerns here, but rather core factors that affect the validity of AI-driven health 
assessment systems. For instance, Obermeyer et  al. demonstrated that a widely used healthcare predic-
tion algorithm, trained primarily on Western clinical data, systematically underestimated health needs in 
Black patients due to biased training labels, resulting in the misallocation of care resources [20]. Cheung 
et  al. similarly noted demographic bias in neurodiversity research samples [9]. Given the heterogeneity 
of ASD, accurate diagnosis is already challenging, and fairness and inclusivity are therefore integral to 
evaluating diagnostic effectiveness. Misclassification risks can disproportionately affect marginalised 
groups by delaying support and intervention. Meanwhile, medical research is increasingly adopting 
explainable AI techniques to improve transparency and trust in diagnostic systems [22,28]. In daily assis-
tance, LLM-driven dialogue tools are increasingly used to support autistic individuals, often combined 
with wearable or sensor-based systems [24,29], complemented by AI-enhanced toys that foster develop-
mental skills [25], and extended to language-support settings such as assistive writing tools [30]. At the 
level of technology integration, LLMs and IoT as well as computer vision and LLMs [31,32], drive person-
alised interventions. Conversational agents demonstrate potential through a balance of logic and empa-
thy in workplace support [33]. However, challenges remain in areas such as user engagement, ethical 
governance, and cross-scenario integration. Specifically, contemporary AI-based neurodiversity support 
systems still struggle to sustain meaningful user participation, mitigate ethical and privacy risks, and 
achieve effective interoperability across everyday settings (Table 2) [9,21,22].

Issue 2: Inclusive and adaptive interaction design features
Inclusive and adaptive interaction design for AI systems is grounded in the cognitive, sensory, and 
behavioural characteristics of neurodiverse users. It enhances user experience through interface simplifi-
cation, multimodal feedback, and dynamic adaptation. In terms of interface optimisation, Cheung et  al. 
synthesise evidence showing that physical activity guidance for neurodiverse children benefits from the 
principles of “consistency, simplicity, and clarity” in instructions [9]. Furthermore, Choi et  al. propose a 
low-anthropomorphic conversational agent to mitigate sensory overload [24]. Meanwhile, the systems 
developed by Dutt et  al. and Woodward et  al. reduce cognitive load for users with writing and reading 
disabilities through user-centred design and adaptive interface layouts, respectively [10,21]. In multi-
modal interaction, Fan et al.’s emotion recognition system integrates speech, touch, and vision to enhance 
affective accuracy [35], while Yu et  al.’s somatosensory-based system demonstrates usability benefits for 
older adults in interactive motor training contexts [18]. This association does not imply direct causation, 
as potential confounding variables exist, such as users’ prior familiarity with VR devices, the presence of 
researchers during testing, and pre-existing anxiety levels, which may have influenced changes in HRV 
metrics. Dynamic adaptation technologies have shown promising outcomes across neurodiverse learning 
contexts. Katsarou et  al.’s adaptive grammar system demonstrated improvements in grammar accuracy 
among children with learning disabilities [36]. Hellesnes et  al. reported that generative AI can support 
personalised text adaptation with quality approaching teacher-produced materials [37]. De Vargas et  al. 
demonstrated that automatically generating context-specific AAC vocabulary from photographs can pro-
vide timely communication content, receiving positive feedback from practitioners [38]. Meanwhile, Choi 
et  al. highlighted how conversational AI can offer adaptive support, enabling autistic individuals to 
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manage daily communication more independently [24]. In terms of robotic and virtual systems, 
Alabdulkareem et  al.’s review highlights that the NAO robot can foster active social behaviours in autistic 
children by increasing engagement during therapeutic tasks [39]. Guo et  al.’s Avatar-to-Person virtual 
social system supports users with disabilities in practising communication and social skills in a controlled 
virtual environment, leading to improved social interaction capabilities [40]. In culturally responsive 
design, Shivani et  al. report broad user acceptance of multilingual educational AI tools in India, particu-
larly for neurodiverse learners [41]. Similarly, Bartolomei et  al.’s AI-enabled symbolic-play toy demon-
strates promising real-time interaction capabilities, with strong gesture-classification performance and 
the potential to scaffold imaginative play in autistic children [25]. Despite these advances, user evalua-
tion remains limited, technological ecosystems are fragmented (e.g., VR-wearables data silos), and 
cross-cultural validation is scarce, with only a small proportion of studies conducted outside Western 
contexts. Future work should adopt a closed-loop model of “user co-creation – technological iteration – 
ethical evaluation” and promote cross-disciplinary standards to ensure safe, scalable, and culturally inclu-
sive deployment (Table 3).

Table 2. C lassification of AI system types and application scenarios.

System type Core technologies Application scenarios
Representative 

references Key outcomes

Intelligent Tutoring 
Systems

Fuzzy neural networks, 
text mining

Dyslexia intervention, 
autism education

[10] Fuzzy-NN ITS improved accuracy in identifying 
and supporting learning disabilities.

VR/AR/MR Immersive simulation, 
HRV adaptation

Social skills training, ADHD 
diagnosis

[34] Enhanced emotion recognition and social 
functioning in real-world settings.

Social Robots Emotional recognition, 
physical interaction

Autism social training, 
rehabilitation

[25] AI-augmented play enhanced symbolic play 
and engagement in children with ASC.

Conversational AI 
(LLMs)

Context-aware, 
real-time scripting

Daily communication, AAC 
support

[24,30] Improved self-directed daily communication 
and literacy support through LLM-assisted 
interaction.

Medical Imaging AI CNN, XAI-driven 
analysis

Autism diagnosis, 
neuroimaging

[26,27] High accuracy (~95%) in distinguishing autistic 
vs. non-autistic children via CNN-based 
facial analysis; Automatically identified 
stereotypical movements with >92% 
accuracy aligned with clinical assessment.

Wearable Devices EEG entropy, HRV 
monitoring

Neurological disorder 
screening and 
physiological monitoring

[3] Established entropy as a reliable EEG feature 
for neurological disorder detection.

Table 3. C lassification and cases of inclusive and adaptive interaction design.

Design features Technical strategies Application scenarios
Representative 

references Effect metrics

Simplified 
Instruction 
Design

Consistency, simplicity, clarity 
principles

Somatosensory-based 
emotional and behavioural 
engagement support

[9] Reported improvements in user 
engagement and emotional 
well-being; effectiveness varies 
with population and design 
quality

Low-pressure 
interaction 
style

Neutral, non-judgemental 
conversational tone; 
reduced social-emotional 
cues

Personalised everyday support 
for autistic individuals via 
conversational AI

[24] Reported improved comfort and 
proactive engagement in 
everyday problem-solving; 
concerns over information 
evaluation and self-disclosure

Multimodal 
feedback 
integration

Narrative animation + game 
interaction + AI-based affect 
recognition

Emotion recognition and social 
skills training for autistic 
children

[35] Demonstrated improvements in 
facial-expression recognition and 
emotional understanding 
(generalised learning gains)

Neuro-adaptive 
screening 
design

Entropy-based EEG 
decoding + machine learning

Inclusive early detection of 
neurodevelopmental and 
neurological conditions

[3] High classification consistency across 
major neurological conditions 
(2012–2022 studies)

Dynamic Task 
Adaptation

Machine learning-driven 
difficulty adjustment

Grammar training, personalised 
learning materials

[36,37] Significant grammar improvement vs 
control; teacher-adapted text 
rated most effective

Robot Emotional 
Interaction

Adaptive social behaviour 
algorithms

Social skills training, 
collaborative play

[39] Improved social engagement & 
interaction across reviewed RAAT 
studies

Culturally Sensitive 
Design

Multilingual support, cultural 
contextualisation

Indian inclusive learning tools; 
symbolic play for autistic 
children

[25,41] High acceptability of localised 
assistive tools; 82.2% gesture 
recognition accuracy in 
symbolic‐play prototype
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Issue 3: Neurodiversity user engagement
While AI systems have demonstrated technical effectiveness in supporting neurodiverse users, such as 
improving diagnostic accuracy in medical scenarios and enhancing learning outcomes in educational 
settings, their real-world impact ultimately depends on neurodiverse users’ acceptance and active engage-
ment. This critical link between technical performance and practical value remains challenging, however, 
due to gaps in how user perspectives are integrated into design processes. Neurodiverse user engage-
ment, therefore, stands at the heart of AI-inclusive design, as it improves technology adaptation through 
co-design, empirical feedback, and cross-stakeholder collaboration. In co-design, Cheung et  al. high-
lighted tripartite collaboration models between neurodiverse children, therapists, and engineers to 
enhance engagement and guidance effectiveness [9]. Wang et  al. investigated the use of LLMs in inter-
active design for autistic children, reporting improved engagement and task participation in scenario-based 
training environments [32]. Woodward et  al.’s TangToy system demonstrated increased emotional commu-
nication and peer interaction through sensor-enabled tangible interfaces, improving children’s well-being 
[21]. In empirical feedback, Katsarou et  al.’s controlled experiment improved grammatical accuracy by 
24% among children with learning disabilities [36], while Yu et  al.’s somatosensory intervention demon-
strated enhanced usability and wellbeing benefits for older adults, reflected in high satisfaction scores 
(psychological 4.16/5; relaxation 4.45/5; physiological 4.91/5) [18]. Real-world validation shows that Choi 
et  al. reported positive engagement intentions with LLM-based support among autistic participants, as 
evidenced through focus-group discussions [24], while Shivani et  al. reported high acceptance of multi-
lingual and personalised assistive tools among disabled learners [41]. However, recent reviews note lim-
itations including restricted participant diversity, methodological convergence, and ethical considerations 
[9,22]. Future research should pursue full-cycle engagement frameworks, methodological innovation, and 
strengthened ethical safeguards (Table 4).

Issue 4: Design challenges and ethical considerations
The application of AI technology in the field of neurodiversity faces multiple design challenges and 
ethical risks. At the technical level, Cheung et  al. highlighted concerns about bias and limited demo-
graphic diversity in AI-assisted mental health and neurodiversity research, noting that insufficiently rep-
resentative datasets may reduce system reliability for minority users [9], Yu et  al. identify usability 
constraints in somatosensory systems for older adults [18], Yang et  al. note insufficient adaptation of AI 
tools to specific learning disability profiles [13], Jui et  al. highlight risks of misinterpretation in auto-
mated neurological assessment [3], Bartolomei et  al. report high gesture‐classification accuracy (82.2%) 
in symbolic‐play toys while emphasising the need for real‐world testing with autistic children [25]. Fan 

Table 4.  Methods and application cases of neurodiversity user engagement.

Engagement mode Technical scenario
Representative 

references Engagement methods Effect metrics

Co-design Prototyping 
Workshops

AI-enabled symbolic-play 
toy development for 
autistic children

[25] Iterative prototyping with 
designer–researcher 
collaboration and planned 
child-centred co-evaluation

82.2% gesture-recognition accuracy; 
feasibility demonstrated for 
symbolic-play support

Focus-Group Interviews LLM-based conversational 
support for autistic 
users

[24] Participatory needs assessment 
and trust/safety exploration

Identified key needs: non-judgemental 
support, autonomy, and privacy 
control concerns

Tangible Peer-Emotion 
Interaction

Connected smart toys for 
emotional 
communication

[21] Participatory prototyping with 
children and iterative 
feedback

Improved emotional expression 
through play; increased peer-to-
peer support behaviours 
(qualitative)

Controlled Experiments AI-based adaptive 
grammar training

[36] Controlled study with 100 
children (AI vs. conventional 
training)

Grammar accuracy improved by ~24% 
(large effect size, d = 0.84)

Empathy Mapping & 
Persona 
Development

Somatosensory assistive 
fitness for older 
adults

[18] In-depth participation of older 
adults with motor and 
coordination needs

High satisfaction (Psychological 4.16/5; 
Relaxation 4.45/5; Physical health 
4.91/5)

Cross-cultural Inclusive 
Design Review

AI-supported assistive 
education 
technologies

[41] Disabled learners in India 
(visual and learning 
impairments; 
neurodevelopmental 
disorders)

Highlighted accessibility gains and 
personalised learning benefits 
across diverse disability needs
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et  al. further emphasise the need for stronger transparency and parental involvement in affective com-
puting systems for autistic learners [35], Zhuang et  al. highlighted the growing use of wearable devices 
in ASD assessment and intervention, yet concerns remain regarding data privacy and encryption in such 
technologies [22], Cheung et  al. highlighted that machine learning systems may exhibit higher misdiag-
nosis risks when female users are underrepresented in training datasets [9], and Shivani et  al. noted 
cultural and contextual limitations in AI educational tools developed for disabled learners in India, high-
lighting the need for culturally responsive design and equitable access [41], Woodward et  al. developed 
sensor‐enabled tangible toys to support children’s emotional communication and peer interaction [21]. 
Rather than assessing behavioural dependence or anxiety responses, the study focused on how net-
worked toys could facilitate non-intrusive, playful emotional expression. The authors highlighted the 
potential for technology to assist communication, while emphasising the need for further evaluation of 
long-term social impacts and real-world deployment in diverse child populations. Such dependence can 
hinder the development of complex social skills in children, including turn-taking in conversations and 
expressing empathy, as over-reliance on robot interactions replaces opportunities to practice real-world 
social exchanges, which are critical for long-term social integration. Additionally, Górriz et  al.’s XAI model 
lacks a basis for responsibility determination [28], and Brunswicker et  al.’s conversational agent has a 
crisis of trust due to an opaque mechanism [33]; on the level of resource allocation, Woodward et  al.’s 
work centred on tangible peer-support toys [21]. De Vargas et  al. developed AI-assisted communication 
boards with speech-language pathologists and special educators, emphasising the importance of 
co-design and contextual relevance for AAC tools [38]. While the study reported positive initial usability 
feedback rather than quantitative acceptance rates, the authors noted the need to ensure adaptability 
to diverse linguistic and cultural settings in future deployments. These issues need to be addressed 
through the development of lightweight models, the establishment of ethical guidelines, the creation of 
tripartite oversight committees, and the implementation of policy subsidies for inclusive technologies 
(Table 5).

In summary, in the studies reviewed, the AI system types and application scenarios, technologies such 
as intelligent tutoring systems, VR/AR, social robots, and wearable devices have been widely used in 
education, healthcare, and workplace scenarios. For example, the fuzzy neural network (FNN) system 
developed by Dutt et  al. significantly improved the accuracy of identifying learning difficulties among 
learners with special education needs [10]. Woodward et  al. developed TangToys, tangible smart toys that 
support emotional expression and peer interaction, although without longitudinal measurement of 
joint-attention outcomes [21]. However, cross-scenario technology integration remains under-explored 
(e.g., workplace applications remain rare), and 72% of studies lack long-term follow-up. For instance, Hu 
demonstrated computational sunglasses to address light sensitivity in autistic users, yet only at the pro-
totype level without real-world deployment or extended outcome tracking, making it difficult to verify 
sustained effectiveness [42].

In terms of interaction design features, multimodal interactions, adaptive feedback and low cognitive 
load interfaces significantly enhance user experience: Yang et  al.’s “emotional blanket” reduced loneliness 

Table 5. C lassification and cases of design challenges and ethical considerations.

Challenge type Specific issues
Representative 

references Impact dimensions

Model 
Generalisation 
Deficiency

Diagnostic bias and reduced performance when models trained 
on limited datasets are applied to external populations; need 
for multi-centre & multi-task approaches

[4,8] Diagnostic accuracy, fairness, 
clinical validity

Data Privacy Risks Inadequate informed consent; lack of secure data handling; 
sensitive child emotion/behaviour data in AI systems

[32,35] Right to privacy, right to informed 
consent, data protection

Technological 
Dependence

Risk of children relying on social robots for interaction instead of 
real peers; potential reduction in natural social 
communication opportunities

[39] Social skill development; emotional 
depth

Algorithmic Bias & 
Fairness

Unequal system performance across demographic and cognitive 
profiles; lack of language/cultural adaptation in AI tools for 
neurodiverse and disabled learners

[9,41] Marginalised group inclusion; 
cultural and linguistic sensitivity

Cost Barriers & 
Accessibility

High hardware and deployment costs limit the adoption of 
immersive and robotic systems, particularly in 
resource-constrained educational and therapeutic settings

[39] Technology inclusivity, resource 
equity

Accountability & 
Transparency

Unclear responsibility in AI-assisted decision-making and limited 
interpretability in conversational agents’ behaviour

[28,33] Legal accountability; user trust & 
perceived transparency
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through haptic-temperature linkage for older adults [43]; Villena-Gonzalez theorises how interoceptive 
and affective-touch signalling may underpin bio-adaptive emotional regulation in immersive contexts, 
while also foregrounding user autonomy considerations when modulating internal bodily states [14]. In 
addition, Fan et  al.’s affect-aware interactive system improved emotion recognition and expression per-
formance in autistic children, demonstrating the value of icon-supported feedback in neurodiverse inter-
action [35]. However, prior studies indicate that the direct involvement of neurodiverse users in technology 
design remains limited [9], and engagement with co-morbid groups, such as ASD+ADHD, is even less 
common, reflecting insufficient depth in individual-centred adaptation.

While user co-creation was scarce in the design phase (only 23%), Li et  al. demonstrated the value of 
participatory design by co-creating somatosensory hand-function game factors with parents, therapists, 
and designers, thereby ensuring alignment with the motor and self-care needs of autistic children [16]. 
There is a significant sample bias in the evaluation phase, as 78% of the studies predominantly featured 
adult males. Prior work has shown that ASD datasets with an underrepresentation of female participants 
tend to yield notably higher misdiagnosis rates among females [9]. Additionally, only 13% used a 
mixed-methods approach (e.g., Yu et  al.’s combination of motion data and interviews) [18], which limits 
the complete capture of complex user experiences.

At the same time, there are multiple challenges to technological inclusion: Woodward et  al. demon-
strated that tangible emotional-support systems for children improve well-being, but did not address 
digital access gaps across socioeconomic groups [21]. Similarly, Jui et  al. emphasised that EEG-based 
neurological research still concentrates on a limited set of clinical categories, with insufficient dataset 
diversity across neurosubtypes [3]. Research on wearable technologies for neurodevelopmental condi-
tions remains limited, with most work concentrating on ASD and ongoing concerns over data privacy 
[22], and the misdiagnosis rate of ASD models in non-white populations is relatively high [9]. In the 
future, AI technology needs to promote fairness and inclusiveness through interdisciplinary collaboration 
(e.g., computer science + ethics), full-cycle user engagement (from needs analysis to evaluation), and stan-
dardised ethical frameworks (e.g., mandatory data diversity and algorithmic transparency).

Existing research has demonstrated the potential of AI technology to support neurodiverse groups. 
However, issues such as insufficient technology integration, shallow user participation, data bias, and 
ethical risks must be addressed. Future research should focus on the synergistic development of 
“user-centered - technological innovation - ethical compliance” to ensure that AI becomes an inclusive 
social integration tool.

Thematic analysis

Through the systematic sorting and deep mining of 117 papers, this study conducted thematic analyses 
around the core topics to further reveal the key trends, intrinsic connections, and research gaps in AI 
interaction design for neurodiverse populations.

Correlation between technology effectiveness and scene adaptability
Significant ethical challenges accompany technological development, as many wearable device studies 
(e.g., EEG monitoring systems) do not specify data protection measures, posing privacy risks, and ASD 
screening models trained primarily on Western datasets show higher misdiagnosis rates among non-White 
populations, highlighting algorithmic bias [9]. In addition, accessible hardware remains a limiting factor 
for equitable adoption, and prior research emphasises that high-cost immersive systems tend to be 
under-deployed in low-resource communities. Woodward et  al. illustrate a tangible-interaction approach 
that supports children’s wellbeing in everyday play contexts [21], while Yu et  al. show that culturally 
familiar, indoor somatosensory systems can improve accessibility for older adults, even without complex 
equipment [18]. Meanwhile, Jui et  al. emphasise the need for multi-institutional data infrastructures to 
address fragmented neurological datasets, noting that privacy safeguards and clinically grounded collab-
oration models are required as algorithmic development advances [3].

This suggests that ethical safeguards and technological innovation must be dynamically balanced 
through interdisciplinary collaboration. Recent work highlights the importance of multidisciplinary 
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collaboration across clinical, neuroscientific, and technological fields to ensure that ASD interventions are 
effective, safe, and tailored to user needs[22]. Future research should aim to develop a standardised 
ethical assessment framework, encompassing metrics for data privacy, algorithmic fairness, accessibility, 
and cost transparency, to support the responsible deployment of AI in real-world settings.

Synergistic effects of design strategies and user participation
User participation in design improves acceptance and use. Reviews highlight that child-centred, itera-
tively refined somatosensory/haptic systems enhance acceptance and emotional engagement, with effect 
sizes varying [9]. Li et  al. involved parents, therapists, and designers in focus-group co-design, aligning 
game mechanics with the motor and self-care needs of autistic children [16]. Meanwhile, design strate-
gies such as multimodal interaction and adaptive feedback further enhance user engagement. For exam-
ple, Yang et  al.’s “Emotional Blanket” system integrates pressure and temperature feedback to alleviate 
feelings of loneliness among users [43]. This suggests a synergistic relationship between design strategy 
and user engagement. Cheung et  al. highlight that systems combining direct user participation with 
adaptive design tend to achieve significantly higher long-term engagement than those relying on a sin-
gle interaction strategy [9]. The integrated paradigm of “deep user engagement + dynamic interaction 
design” should be promoted in the future, especially for neurodiverse users with comorbid conditions 
(e.g., ASD and anxiety), as Frye notes that personalised design driven by user input is critical for address-
ing complex, co-occurring needs [23].

Contradiction and balance between ethical challenges and technological development
Significant ethical challenges accompany technological development. Zhuang et  al. highlight that 
although wearable devices are increasingly used in ASD assessment and intervention, data privacy and 
security, such as encryption and access control, remain insufficiently addressed in current practices, pos-
ing risks of information leakage [22]. Meanwhile, ASD screening models trained predominantly on 
Western datasets have been reported to perform less accurately for non-White populations, underscoring 
persistent algorithmic bias [9]. However, some studies have explored solutions, such as those by Jui et  al. 
which highlight the need for scalable, collaborative, and multimodal approaches to enhance the robust-
ness of automated neurological disorder detection systems [3]. This suggests that ethical constraints and 
technological innovation must be dynamically balanced through interdisciplinary collaboration. Zhuang 
et  al. emphasise that collaborative efforts across clinical, biological, behavioural and educational domains, 
including input from families and community support systems, are crucial for developing effective and 
inclusive interventions for ASD [22]. Future research should develop a standardised ethical assessment 
framework that includes metrics for data privacy, algorithmic fairness, and cost accessibility.

Correlation analysis between research methods and result reliability
The selection of research methods directly influences the validity and credibility of the findings. In quan-
titative research, some studies rely on early-stage prototypes with limited evaluation scope, making it 
difficult to assess long-term behavioural or cognitive effects. For example, Hu et  al. developed and pre-
liminarily tested computational sunglasses for autistic users, but the short prototype-based assessment 
constrains longitudinal insight [42]. Similarly, many qualitative studies did not explicitly report coding 
saturation (e.g., Li et  al. a focus-group investigation) [16], making it difficult to determine the depth and 
reliability of thematic interpretations.

Although mixed-methods studies represented only a small proportion of the literature (e.g., Yu et  al.), 
they offered more holistic insights into user experience by triangulating behavioural performance data 
with interview-based subjective reflections [18]. For instance, while a majority of participants reported 
positive responses to interactive feedback, a meaningful minority expressed concerns regarding device 
comfort and usability. The contribution of mixed-methods approaches is further supported by Cheung 
et  al. whose evaluation of AI-based intervention tools demonstrated clearer interpretation and reduced 
ambiguity compared to single-method designs [9].

These observations collectively suggest that future research should place greater emphasis on 
mixed-methods designs and strengthen methodological transparency, including explicit reporting of 
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qualitative coding saturation and the duration of follow-up periods in longitudinal studies. Such improve-
ments will enhance the methodological rigour of the field and support more reliable cross-study 
comparisons.

Discussion and conclusion

Main findings and discussion

This review systematically analyses 117 studies on AI interaction design for neurodiverse populations, 
revealing diverse application scenarios, promising design strategies, and persistent methodological and 
ethical gaps. Collectively, these studies provide multi-dimensional insights into how AI technologies are 
being developed and evaluated to support neurodivergent users.

Despite these advances, structural limitations remain. Participant samples continue to be heavily 
skewed towards adult male users, which risks overlooking the needs and experiences of women and 
children within neurodiverse communities. Encouragingly, however, an increasing number of studies now 
adopt participatory and co-design approaches, signalling a shift from technology-centred development 
to genuinely user-centred design practices. Such approaches have been associated with improved 
engagement, acceptance, and emotional resonance among neurodiverse users, suggesting that inclusive 
collaboration is becoming a core methodological principle in the field.

Scenario adaptability and efficiency potential of AI technology
AI technologies have demonstrated strong adaptability across education, healthcare, and wellbeing con-
texts. For instance, intelligent tutoring systems show promising results in structured learning tasks, such 
as dyslexia support [10], while somatosensory interactive systems have enhanced engagement and phys-
ical wellbeing in older adults [18]. In addition, multimodal interventions, such as combining VR environ-
ments with haptic feedback, have been found to further strengthen learning and emotional outcomes, 
underscoring the synergistic value of integrated technology approaches [9].

This development trend indicates a methodological evolution: earlier studies largely examined 
single-technology tools, whereas more recent work increasingly adopts multi-technology configurations, 
reflecting a shift from isolated technical innovations towards more holistic and context-responsive solu-
tions. This progression has been accompanied by more consistent and meaningful improvements in user 
engagement and training effectiveness.

Nevertheless, research remains uneven across application contexts. While substantial progress has 
been made in school-based and therapeutic settings, studies extending into workplace and community 
scenarios remain relatively limited. Future research should therefore prioritise cross-context generalisabil-
ity and real-world deployment, promoting a transition from “single-function tools” to “scenario-driven 
systems” capable of supporting diverse environments and user needs.

The necessity and practical path of user-centred design
User-centred design remains a critical yet under-implemented approach in AI systems for neurodiverse 
populations. Although user participation currently appears in only a small subset of studies, emerging 
evidence suggests its positive impact on technology acceptance and real-world utility. For example, 
Cheung et  al. demonstrated that involving autistic children in design ideation activities, such as 
drawing-based feedback, enhanced engagement and usability perceptions [9].

Current design practices continue to exhibit a strong technology-driven tendency, often resulting 
in interface complexity and inadequate adaptation to users’ emotional and contextual needs. For 
instance, Choi et  al. found that autistic users valued non-judgmental and emotionally sensitive con-
versational interactions with LLM-based assistants [24], yet raised concerns about self-disclosure and 
critically interpreting AI responses—indicating a broader need for emotionally attuned and user-centred 
system design.

Recent literature also underscores the importance of tailoring interventions to individual variability. 
Zhuang et  al. emphasise the necessity of accounting for both shared and individual characteristics in 
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autism research and intervention design, highlighting that attention to heterogeneity is essential for 
developing more precise and effective support tools [22].

Ethical challenges and the dilemma of balancing technology inclusion
Equity and accessibility remain core ethical considerations in AI-assisted neurodiversity support. High-cost 
and specialised systems, such as advanced VR or multi-sensor platforms, continue to pose barriers to use 
in resource-limited settings, while many solutions still rely on datasets and evaluation protocols centred 
on Western demographic profiles, raising concerns regarding generalisability and algorithmic bias.

Promising directions are emerging. Low-barrier tangible and somatosensory systems have shown 
promise in supporting emotional expression and peer interaction without reliance on expensive equip-
ment [21]. Usability-focused designs for older adults similarly show that accessible motion-based systems 
can support wellbeing and physical confidence in everyday environments [18]. At the research level, calls 
for multi-centre data collaboration and richer multimodal physiological datasets, together with a growing 
emphasis on heterogeneity in neurodevelopmental conditions, reflect increasing attention to inclusive, 
evidence-based and personalised intervention pathways [3,22].

Despite these advances, ethical safeguards for data handling and algorithmic transparency remain 
underdeveloped. Future progress will require tighter alignment between engineering practices, clinical 
ethics, and participatory governance, ensuring encryption, fairness auditing, and culturally diverse user 
involvement are integral to the development pipeline.

Standardisation of research methods and reliability of conclusions
Although the body of research on neurodiversity-supportive technologies is expanding, methodological 
limitations remain evident. Existing studies frequently rely on short-term prototypes or controlled 
experiments rather than sustained longitudinal designs. For instance, Hu presented a 
computational-sunglasses prototype to support autistic individuals’ visual sensitivities, yet the system 
was only validated in bench-top testing conditions and did not include longitudinal behavioural 
follow-up, reflecting the wider tendency towards short-term evaluation [42]. Similarly, qualitative studies 
often lack transparency in analytic reporting. For example, Li et  al. conducted focus-group research on 
somatosensory game design for autistic children but did not explicitly report coding procedures or 
saturation criteria, a pattern seen across the field [16]. Meanwhile, mixed-methods studies remain 
underrepresented, although notable exceptions, such as Yu et  al. have demonstrated the value of inte-
grating usability questionnaires with qualitative interviews in somatosensory-based intervention 
design [18].

Despite these limitations, the field shows signs of methodological maturation. Cheung et  al. reported 
growth in rigorous reporting practices in 2024 studies, including wider documentation of qualitative 
coding saturation and an increasing proportion of studies incorporating medium-term follow-up, indicat-
ing gradual improvement in research transparency and reliability [9]. This shift suggests movement away 
from fragmented, short-term assessments towards more systematic and replicable protocols.

Looking ahead, wider adoption of hybrid evaluation frameworks, combining quantitative tracking with 
qualitative depth, will be essential. For instance, integrating neurophysiological measures (e.g., EEG or 
fMRI) with lived-experience accounts can provide a more holistic view of user adaptation and 
cognitive-emotional change. A recent example is Zhuang et  al. underscored the importance of integrat-
ing biological markers with clinical and behavioural assessments to improve precision in ASD research 
and intervention [22]. Such mixed-method evidence pathways can support intervention refinement, 
enhance ecological validity, and align future designs with the diversity of neurocognitive profiles.

Research limitations and future directions

This review has three primary limitations. First, the dataset exhibits geographical and demographic 
bias: most participants in existing studies are Western users, while evidence concerning non-White 
groups remains limited. This imbalance restricts the generalisability of technology applications across 
multicultural contexts and leaves algorithmic bias insufficiently examined, particularly for neurodiverse 
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populations. Second, the ecological validity of current systems remains low. For example, Sundas et  al. 
reported that although many systems perform effectively under controlled laboratory conditions, their 
real-world applicability remains limited, with marked reductions in user adoption and deployment out-
side experimental settings. This underscores the ongoing difficulty of translating prototype-level per-
formance into sustainable everyday use [29]. Third, theoretical depth remains inadequate. Consistent 
with the interdisciplinary gap noted earlier, Cheung et  al. reported that research in this space is pri-
marily led by computer science and engineering scholars, with comparatively limited involvement from 
psychology and neuroscience domains, indicating a need for stronger theoretical grounding and inter-
disciplinary collaboration [9]. The integration of neurocognitive theory within interactive technologies 
for ASD is still emerging. While reviews such as Zhuang et  al. highlight the importance of linking 
biological markers with behavioural and clinical outcomes in autism research, this theoretical direction 
has yet to translate fully into empirical HCI practice; studies connecting interactive system effects with 
underlying neural mechanisms remain limited, with many claims still conceptual rather than experi-
mentally verified [22].

Future research can advance in four key directions.

1.	 Interdisciplinary technological development. Long-term neuroplasticity-based interventions should 
be prioritised, alongside multimodal systems that integrate physiological and behavioural signals. 
Approaches that leverage advances in AI and neural engineering, such as adaptive interfaces that 
support attention regulation in individuals with ADHD, represent promising directions, provided 
they are grounded in validated neuroscientific principles.

2.	 Inclusive and participatory design. A structured pipeline integrating users, designers, and clinicians 
is needed to move beyond one-off feedback towards continuous participatory mechanisms.

3.	 Ethical and sustainable technology ecosystems. Standards mandating data diversity, transparency, 
and privacy protection are needed to prevent algorithmic exclusion. Ethical innovation should be 
coupled with practical accessibility solutions, including cost-sensitive device design and 
open-source community collaboration models.

4.	 Methodological refinement. Greater adoption of longitudinal and mixed-methods designs is 
required to generate robust insights into long-term behavioural and cognitive change. Cross-study 
data-sharing platforms and harmonised evaluation indicators would improve comparability and 
enable meta-analytic synthesis

Conclusion

This review has systematically analysed the technological advances, design experiences, and ethical 
challenges of AI interaction design for neurodiverse populations. Although AI has effectively person-
alised interventions and social training, insufficient user participation, data bias, and cost barriers still 
hinder its universal application. In the future, we need to focus on user needs and promote the trans-
formation of AI technology from functional realisation to inclusive support through interdisciplinary col-
laboration, ethical norms, and methodological innovation to ultimately realise the goal of “technology 
empowers differences, design respects diversity”. With the development of brain-computer interfaces 
and generative AI, future research can explore neural signal-driven interaction paradigms and deepen 
culturally sensitive design to reduce algorithmic bias. At the same time, we need to be alert to the risk 
of over-application of technology to ensure that AI truly serves the social integration of neurodi-
verse groups.
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