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From Prototype to Classroom: A Critical Narrative Review of Effectiveness and Translational Readiness in Artificial-Intelligence-Enabled Educational Interventions for Autistic K–12 Learners
[bookmark: abstract]Abstract
Artificial intelligence (AI) has been positioned as a means of individualising instruction and social-communication support for autistic pupils in kindergarten to grade twelve (K–12) settings. Prototype systems that combine social robotics, adaptive virtual environments, wearable sensing and, more recently, large language models have proliferated, yet the transition from laboratory demonstration to durable classroom practice remains poorly characterised. This critical narrative review examines what the accessible evidence supports about the effectiveness of AI-enabled educational interventions for autistic K–12 learners, and appraises the readiness of these interventions for translation into ordinary school settings. Literature was identified through structured searching of open scholarly indexes and registries, supplemented by citation tracking and targeted retrieval from institutional sources, covering January 2000 to 5 June 2026. Evidence was appraised for design adequacy, comparator quality, outcome selection, reporting completeness and implementation relevance, and was synthesised thematically around three interdependent readiness dimensions: technical, contextual and normative. Pooled estimates from robot-mediated and virtual-reality interventions are consistently positive but unstable, with wide confidence intervals, heavy dependence on small trials, and effect sizes that attenuate sharply when analyses are restricted to randomised designs and detection-bias-free outcomes. Very few studies examine generalisation to untrained settings, maintenance beyond short follow-up, or delivery by teachers under routine conditions. Machine-learning components that supply the adaptive behaviour of these systems are rarely validated externally, and evidence from speech and vocal-marker research indicates substantial performance loss across tasks, languages and speaker populations. Reporting of adverse events, conflicts of interest and pre-registered outcomes remains inadequate across the wider autism intervention literature, which constrains confidence in the subset relevant to AI. Contextual readiness is the least-studied dimension: implementation research in autism education concentrates on early implementation phases and rarely addresses sustainment, cost or scale-up. Normative questions concerning outcome selection, autistic participation in design and data governance are raised more often than they are resolved. The field is therefore better described as accumulating feasibility evidence than as approaching classroom readiness, and the principal constraint is no longer technical novelty but the absence of pragmatic, teacher-delivered, adequately powered evaluations conducted in ordinary schools.
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[bookmark: introduction]1. Introduction
Autism is a common neurodevelopmental condition, and school is the setting in which most autistic children receive the majority of their formal support. Surveillance data from sixteen sites in the United States identified autism spectrum disorder in 32.2 per 1,000 children aged eight years in 2022, with wide variation between sites (Shaw et al., 2025). Educational placement therefore represents the largest single point of contact between autistic children and structured intervention. The Lancet Commission on the future of care and clinical research in autism argued that services must be reoriented around personalised, stepped and developmentally sensitive support delivered in the settings where autistic people live and learn, rather than around specialist provision accessible to a minority (Lord et al., 2022). Schools are the obvious venue for such a reorientation, and they are also chronically constrained in staffing, expertise and time.
Against this background, AI has acquired considerable rhetorical momentum in special education, and the appeal rests on a coherent argument. Autistic learners differ substantially from one another in language, cognition, sensory responsiveness and social motivation, so instruction that adapts continuously to the individual should in principle outperform instruction that does not, and systems capable of sensing behaviour, inferring learner state and adjusting task difficulty, prompt level or feedback in real time offer a mechanism for delivering that adaptation at a frequency no human instructor could sustain across a full class. Twenty-eight focused intervention practices already meet evidence-based criteria for autistic children and young people, most dependent on precise, high-frequency delivery of prompting, reinforcement and modelling (Hume et al., 2021), and it is exactly these delivery parameters that automated systems are designed to control. The technology therefore appears to address a genuine implementation bottleneck rather than an invented one.
Empirical activity has followed. Socially assistive robots have been evaluated for joint attention, imitation, emotion recognition and social reciprocity; immersive and desktop virtual environments have been used to rehearse social scenarios under controlled conditions; wearable systems have delivered real-time social or physiological feedback during naturalistic interaction; and adaptive tutoring architectures have been applied to academic content. A meta-analysis restricted to students with disabilities estimated a medium overall effect for AI-based interventions delivered through robots, computer software and intelligent virtual-reality systems (Zhang et al., 2026), reviews of socially assistive robotics describe a large and rapidly expanding design space (Nadeem et al., 2025), and syntheses of AI applications in K–12 education more generally have mapped a comparable expansion of tools, use cases and pedagogical claims (Chiu et al., 2023; Seung et al., 2025).
The difficulty is that expansion of activity has not been matched by consolidation of evidence. Three problems recur. Pooled estimates rest on small, short and heterogeneous studies whose comparators frequently differ from the experimental condition in attention, novelty and delivery intensity as well as in the intelligent component of interest. The outcomes on which positive findings depend are often proximal and context-bound, measured within the trained setting and by instruments administered without blinding. And almost all of this work has been conducted by research teams, using research-grade equipment, in conditions that differ systematically from those of an ordinary classroom. Community-based delivery of established autism interventions produces effects considerably smaller than those observed in efficacy trials, with Hedges’s g ranging from 0.21 for adaptive behaviour to 0.32 for communication after correction for publication bias and removal of outliers, and with programmes affiliated to universities or hospitals outperforming other community programmes (Nahmias et al., 2019). There is no reason to expect AI-enabled interventions to be exempt from the same attenuation, and several reasons to expect it to be more severe, since these interventions add technical dependencies that community settings are least equipped to absorb.
The wider evidence-quality picture in autism intervention research sharpens the concern. In the original Project AIM synthesis, positive summary effects were observed for behavioural, developmental and naturalistic developmental behavioural interventions when study quality was disregarded; restriction to randomised designs eliminated the behavioural effects, and restriction to randomised designs with outcomes free from detection-bias risk eliminated significant effects for every intervention type on every outcome (Sandbank et al., 2020). The updated analysis, drawing on 252 studies and 13,304 participants, retained significant randomised-design effects only for a limited set of intervention–outcome pairings (Sandbank et al., 2023). Technology-based intervention was included as a category in these syntheses, and there is no indication that it escapes the general pattern. Reporting practice compounds the problem: adverse events were mentioned in only eleven of 150 examined reports (Bottema-Beutel et al., 2021a); conflicts of interest were coded in seventy per cent of reports but fully disclosed in approximately six per cent (Bottema-Beutel et al., 2021b); and registration, outcome reporting and result dissemination were found to depart frequently from prespecified plans in ways consistent with selective reporting of favourable findings (Sandbank et al., 2024). A recent consensus statement from an international group of autism intervention researchers set out the reporting and design standards that would be required to correct these deficits (LaPoint et al., 2025).
Existing reviews of AI in autism education have not resolved these questions, largely because they have not asked them. Most are structured as capability inventories that enumerate platforms, target behaviours and reported outcomes, conclude that results are promising, and identify small samples and short durations as limitations without examining what those limitations imply for classroom deployment. Reviews of virtual-reality interventions illustrate the pattern, reporting positive conclusions alongside modest quality ratings, wide confidence intervals and, in one network meta-analysis, an evidence base too heterogeneous to permit stable estimation (Mittal et al., 2024; Wang et al., 2026; Yang et al., 2025). Reviews of AI tools for social and psychological outcomes reach similar conclusions from a smaller base (Tsapanou et al., 2026), and a review focused on eye contact found that generalisation was assessed in only six of sixteen studies and social validity in seven (Demirtaş & Besalti, 2026). None of these reviews evaluates whether the interventions could be delivered by a teacher, sustained across a school year, procured within a school budget, or governed under school data-protection obligations.
That omission matters because the autism field has already diagnosed the problem in its general form. Implementation science has been advanced as the necessary next stage of autism intervention research precisely because efficacy evidence has accumulated faster than uptake (Boyd et al., 2022; Lee et al., 2025). AI-enabled interventions have entered this landscape at the point where it is weakest, being designed and tested as though efficacy were the outstanding question, when the field’s own analysis indicates that efficacy is not where translation fails.
[bookmark: scope-research-gap-and-objectives]1.1 Scope, Research Gap and Objectives
This review concerns educational and social-communication interventions for autistic learners of school age, from kindergarten to grade twelve, in which an algorithmic component performs a function that materially shapes what the learner experiences. Qualifying functions include sensing and classification of learner behaviour or physiological state, inference of learner state or performance, and automated adaptation of content, prompting, feedback or difficulty. Systems in which computing serves only as a delivery channel for fixed content are outside the scope, as is diagnostic and screening technology, which addresses identification rather than instruction. Interventions delivered exclusively to preschool children, to adults, or in clinical settings without an educational rationale are excluded, although evidence from adjacent populations is drawn upon where it bears directly on the interpretation of school-age findings.
The gap addressed is specific. Existing syntheses establish that AI-enabled interventions can produce measurable change under research conditions, and they document the methodological weaknesses of the primary studies. What they do not do is evaluate whether the interventions are ready to leave those conditions. Readiness is not a property of effect size. It depends jointly on whether the algorithmic components perform adequately outside their development samples, whether schools possess the capacity, infrastructure, governance and finance to operate the systems, and whether the outcomes being optimised are the outcomes that autistic learners and their communities regard as worth pursuing. These three dimensions are addressed in separate literatures that rarely intersect, and no existing review integrates them into a single appraisal of the field.
Four objectives follow. The first is to characterise the design logics through which AI-enabled interventions are intended to produce educational benefit, and to distinguish those logics from the marketing categories under which the technologies are usually grouped. The second is to evaluate critically what the accessible evidence supports about effectiveness, with particular attention to comparator adequacy, outcome proximity, generalisation and maintenance. The third is to appraise technical, contextual and normative readiness for classroom translation, treating these as necessary conditions that operate jointly rather than as a checklist. The fourth is to derive research priorities that follow from the identified deficits rather than from general aspiration.
Certain matters are deliberately excluded. The review does not adjudicate between competing theoretical accounts of autism, does not evaluate diagnostic or prognostic machine-learning models except where their validation properties illuminate the reliability of intervention components, and does not attempt an economic evaluation, for which the primary data do not exist. Claims about commercial products for which no independent peer-reviewed evaluation is available are not assessed.
[bookmark: methods-for-literature-selection]2. Methods for Literature Selection
[bookmark: review-design-and-rationale]2.1 Review Design and Rationale
A critical narrative design was selected because the review question concerns the integration of evidence drawn from incompatible research traditions. Effectiveness evidence for AI-enabled interventions derives from small randomised trials, crossover designs and single-case experimental studies; technical evidence derives from model validation studies reporting classification metrics rather than behavioural outcomes; implementation evidence derives from qualitative and mixed-methods work using implementation-outcome frameworks; and normative evidence derives from participatory and conceptual scholarship. No common effect metric spans these literatures, and a quantitative synthesis restricted to those studies that share a metric would exclude precisely the evidence that determines translational readiness. The network meta-analysis of virtual-reality technologies demonstrates the consequence of attempting quantitative synthesis prematurely in this domain: with eleven trials, a sparse evidence network and heterogeneity of I² = 91.9%, the model failed to yield interpretable estimates and every comparison was rated as very low confidence (Wang et al., 2026).
A narrative design does not relax the requirement for transparency or appraisal. The procedures below specify sources, search logic, eligibility rules, screening and appraisal so that the basis of every interpretive claim can be examined. Appraisal criteria were drawn from the reporting and design standards articulated for autism intervention science by an international consensus group, which specify expectations regarding registration, blinding, outcome selection, adverse-event monitoring and conflict-of-interest disclosure (LaPoint et al., 2025). These standards were applied as an appraisal lens rather than as a scoring instrument, since the information required for formal risk-of-bias scoring was frequently absent from primary reports.
[bookmark: information-sources]2.2 Information Sources
Searching was conducted using scholarly indexes and registries directly accessible during preparation of this review. Europe PMC served as the principal index, providing coverage of MEDLINE, PubMed Central and associated life-science and behavioural-science content. PubMed was queried independently through the National Center for Biotechnology Information programmatic interface. Crossref Metadata Search was used both for topic searching and for bibliographic verification of every record retained. General web searching was used to locate educational and computing literature indexed outside biomedical registries, and to identify institutional documents.
Subscription-restricted platforms, including Web of Science Core Collection, Scopus, PsycINFO, ERIC and IEEE Xplore, were not accessible during preparation of this review, and no search of those platforms is claimed. Coverage of the educational-technology and human–computer-interaction literature therefore depends on records surfaced through Crossref, general web searching and citation tracking rather than on systematic interrogation of subject-specific indexes. This limitation is stated again in Section 12 because it bears directly on the confidence that can be placed in the completeness of the evidence base.
Institutional material was retrieved directly from the issuing organisations. Guidance on generative AI in education and research was obtained from the United Nations Educational, Scientific and Cultural Organization (Miao & Holmes, 2023), and population surveillance data were obtained from the reporting series of the United States Centers for Disease Control and Prevention (Shaw et al., 2025).
[bookmark: search-strategy-and-search-period]2.3 Search Strategy and Search Period
Search concepts were constructed around four axes: population, technology, function and setting. The population axis combined autism, autism spectrum disorder, autistic and neurodivergent with terms for school-age status. The technology axis combined artificial intelligence, machine learning, deep learning, socially assistive robot, social robot, humanoid robot, virtual reality, augmented reality, wearable, intelligent tutoring system, adaptive learning, large language model and generative artificial intelligence. The function axis combined intervention, training, instruction, teaching, support, feedback, personalisation and adaptation. The setting axis combined school, classroom, education, special education, inclusive education and teacher. A fifth axis addressing translation combined implementation, feasibility, acceptability, fidelity, sustainment, scalability, generalisation, maintenance and social validity, and was used in combination with the population and technology axes to locate studies that examine deployment rather than efficacy.
Representative Europe PMC search strings included TITLE:"autism" AND (TITLE:"artificial intelligence" OR TITLE:"machine learning" OR TITLE:"intelligent tutoring") AND (education OR school OR classroom); (TITLE:"robot" OR TITLE:"robotic") AND TITLE:"autism" AND (TITLE:"randomized" OR TITLE:"randomised" OR TITLE:"trial" OR TITLE:"meta-analysis"); TITLE:"autism" AND (TITLE:"virtual reality" OR TITLE:"augmented reality") AND (TITLE:"social skills" OR TITLE:"meta-analysis" OR TITLE:"randomized"); TITLE:"autism" AND (TITLE:"wearable" OR TITLE:"smart glasses") AND (TITLE:"trial" OR TITLE:"social"); and (TITLE:"machine learning" OR TITLE:"deep learning") AND TITLE:"autism" AND (TITLE:"generalizability" OR TITLE:"generalisability" OR TITLE:"bias" OR TITLE:"external validation"). Crossref was queried using bibliographic phrase searches combining the same concepts, restricted by publication date where result sets were dominated by irrelevant records, and author-specific searches retrieved complete bodies of methodological work once a relevant paper had been identified.
The search period extended from January 2000 to 5 June 2026. The starting point corresponds to the period in which sustained programmes of robot-mediated interaction research with autistic children were first established and in which computer-assisted social-skills instruction began to be evaluated experimentally. Foundational conceptual work published before this date was retained where it remains necessary to the argument.
Database searching was supplemented by backward citation searching of recent reviews and meta-analyses, forward citation tracking of frequently cited primary trials, and targeted retrieval of methodological papers identified through the reference lists of appraisal-focused publications.
[bookmark: eligibility-criteria]2.4 Eligibility Criteria
Publications were eligible if they reported empirical evaluation, systematic synthesis or methodological analysis relevant to AI-enabled educational or social-communication intervention for autistic learners of school age; if the algorithmic component performed sensing, inference or adaptation rather than fixed content delivery; and if the report was published in a peer-reviewed journal in English. Systematic reviews, meta-analyses, randomised and quasi-experimental trials, crossover trials, single-case experimental designs, mixed-methods implementation studies and conceptual analyses of measurement or ethics were all eligible.
Evidence from adjacent populations and settings was eligible where it bears directly on interpretation. Studies of machine-learning generalisation in autism-related speech, of automatic speech recognition in disordered speech, of community-based delivery of non-technological autism interventions, and syntheses of AI in general K–12 education were retained for this reason.
Publications were excluded if they addressed diagnosis, screening or prognosis without an instructional component; if they concerned adults or preschool children exclusively; if the algorithmic claim could not be substantiated from the report; if they were promotional, commercially sponsored descriptions of products without independent evaluation; or if bibliographic identity could not be confirmed. Preprints, conference abstracts, theses and non-peer-reviewed reports were excluded from the evidence base. Institutional publications were admitted only from recognised intergovernmental or governmental bodies and only for factual or policy content.
[bookmark: X7d2e9d0ecae87711c8cd031b02724f1a8226a19]2.5 Screening, Duplicate Handling and Study Selection
Records retrieved from each index were screened first by title and abstract against the eligibility criteria, then by examination of full reports for those that survived initial screening. Duplicates arising across Europe PMC, PubMed and Crossref were identified by digital object identifier and, where an identifier was absent, by matching of title, first author and year. Where a preprint and a peer-reviewed version of the same work were both retrieved, the peer-reviewed version was retained and the preprint discarded. Where an advance online article and a final issue version differed in pagination, the version of record was used.
Selection was purposive rather than exhaustive, consistent with the review design. Priority was given to systematic reviews and meta-analyses reporting pooled estimates with uncertainty, to randomised and crossover trials permitting inference about the contribution of the algorithmic component specifically, to methodological analyses of the autism intervention evidence base, and to studies reporting implementation or generalisation outcomes. Studies were retained irrespective of the direction of their findings, and trials reporting null or equivocal results were sought deliberately. No record counts are reported, because screening was not conducted as a duplicated, documented systematic process and counts derived from an undocumented process would create a false impression of systematic selection. Language was restricted to English, and reports for which no accessible full text could be obtained were excluded rather than characterised from abstracts alone.
[bookmark: Xc28834b6ce4066e280aa110dcd5d5fe36acafe5]2.6 Critical Appraisal and Evidence Synthesis
Each retained study was appraised against criteria appropriate to its design. Group-design trials were examined for randomisation and allocation concealment, comparator characteristics, blinding of outcome assessment, sample size relative to the effect claimed, prospective registration, completeness of outcome reporting, adverse-event monitoring and conflict-of-interest disclosure. Single-case experimental designs were examined for demonstration of experimental control, measurement reliability, and assessment of generalisation and maintenance. Systematic reviews and meta-analyses were examined for search adequacy, handling of dependent effect sizes, heterogeneity, sensitivity to study quality and treatment of publication bias. Model validation studies were examined for the relationship between development and evaluation samples. Formal risk-of-bias scores were not assigned, because primary reports frequently omitted the information required to apply a recognised instrument.
Themes were developed inductively from the appraised literature and then organised around the three readiness dimensions that emerged as the principal axes of disagreement in the field: whether the algorithmic components perform reliably outside their development conditions, whether schools can operate the resulting systems, and whether the outcomes pursued are appropriate. Where findings conflicted, the conflict was retained and examined, with attention to whether it could be attributed to differences in comparator, outcome proximity, participant characteristics, dosage or analytic approach. Convergence was not asserted where the underlying studies measured different constructs under different conditions.
[bookmark: X1ef09612ccfbe8fe86c6bf637bb980db1976113]3. Design Logics of Artificial-Intelligence-Enabled Intervention
[bookmark: Xdeaaebdf3469a160424fc365047b40d1ddb3bb9]3.1 Why platform categories obscure the mechanism
The literature is conventionally organised by hardware: robots, headsets, glasses, tablets, chatbots. This is convenient for review but analytically unhelpful, because platforms with identical hardware may embody entirely different theories of change, and platforms with different hardware may embody the same one. A humanoid robot delivering fixed, scripted prompts under therapist control shares its mechanism with a tablet application delivering the same prompts, and shares almost nothing with a robot that adjusts prompt latency on the basis of real-time gaze estimation. Reviews that pool across these configurations pool across mechanisms, which is one source of the heterogeneity recurring in quantitative syntheses of this field (Wang et al., 2026; Zhong et al., 2025). Four design logics can be distinguished, differing in what the algorithmic component contributes and therefore in what evidence would be required to validate it.
The first logic is predictability and reduced social load. The claim is that an artificial agent presents social information in a simplified, consistent and controllable form, lowering the processing demands that make human social interaction effortful for many autistic learners, and thereby increasing engagement with instructional content. This logic underpins much robot-mediated work and does not, in its basic form, require any intelligence at all: consistency is a property of automation, not of inference. Where a system’s benefit derives entirely from this logic, the appropriate comparator is a non-adaptive automated system, not a human instructor.
The second logic is controlled rehearsal. Virtual environments permit repeated practice of social scenarios with graded difficulty, immediate feedback and no real-world social cost for error. The algorithmic contribution here may be limited to scenario branching, or may extend to inference of learner state and consequent adaptation. Adaptive prompting within virtual social-skills training has been examined directly, indicating that the specific parameters of adaptation are treatable as an independent variable rather than as an undifferentiated property of the platform (Moon & Ke, 2024). Rehearsal logic carries an inherent transfer problem: the environment is valuable because it is unlike the classroom, and is therefore not the setting in which the skill must ultimately be performed.
The third logic is augmented perception and feedback in situ. Wearable systems sense the social environment during real interaction and return information the learner might not otherwise extract, such as a conversational partner’s emotional expression or the learner’s own rising physiological arousal. This logic is the most demanding technically, because inference must be accurate under uncontrolled lighting, movement, noise and framing, and the most promising educationally, because the intervention occurs where the behaviour matters. Both properties are visible in the wearable literature: feasibility and preliminary efficacy have been reported for smart-glasses-based social-affective learning (Daniels et al., 2018a, 2018b; Voss et al., 2019), while analysis of gaze patterns from the same class of device demonstrates the difficulty of extracting reliable social signals from head-mounted sensing (Nag et al., 2020).
The fourth logic is instructional adaptation and staff augmentation. Adaptive tutoring systems adjust academic content to learner performance, and generative language models are being applied to teacher-facing tasks such as drafting individualised education programme goals (Rakap & Balikci, 2026) and generating differentiated science and mathematics materials (Howorth et al., 2025). Here the learner may never interact with the system directly, since the intervention operates on the instructional environment, and this is consequently the logic for which learner-level effect estimates are least available and for which evidence from general education is most relevant.
[bookmark: X0e0da10b26f52b6525229a487ad7a6811309fe2]3.2 What the algorithmic component actually does
Within each logic, the algorithmic contribution varies in a way that is frequently obscured in reporting. Three levels can be distinguished. At the first level the system senses and records without acting on what it senses. At the second level it classifies and delivers contingent feedback according to fixed rules, determining what feedback is delivered but not how instruction is sequenced. At the third level it infers learner state and modifies the instructional sequence itself, altering difficulty, prompt hierarchy or content selection.
Most evaluated systems in the autism literature operate at the first or second level, yet review articles characterise them uniformly as artificial intelligence, which inflates the apparent evidence base for adaptive instruction. When a review of AI tools for social and psychological outcomes in autistic students identifies humanoid and non-humanoid robots, gaze-tracking systems and theory-of-mind applications among its eight included studies (Tsapanou et al., 2026), the algorithmic sophistication represented ranges from simple contingency detection to trained classification models, and the pooled characterisation conceals that range. The same applies to a review of AI interventions for eye contact, in which twelve of sixteen included studies used robotic systems and the remainder used wearables, virtual reality and game-based software (Demirtaş & Besalti, 2026).
This matters for translation for a specific reason. Systems operating at the first and second levels can in principle be validated by conventional behavioural trial methods, because their behaviour is deterministic given their inputs. Systems operating at the third level cannot be fully validated this way, because their behaviour depends on a learned model whose performance may differ for learners who are unlike those in the development sample. The evidence required for third-level systems includes external validation of the model itself, and that evidence is largely absent, a point developed in Section 6.
[bookmark: the-comparator-implied-by-each-logic]3.3 The comparator implied by each logic
Design logic determines what a fair comparator would be, and the failure to align comparator with logic is one of the most consequential methodological weaknesses in this field. Predictability logic implies comparison against non-adaptive automation. Rehearsal logic implies comparison against equivalent-dose rehearsal without the technology, whether through role play or video modelling. Augmented-perception logic implies comparison against the same instructional programme without the sensing component. Instructional-adaptation logic implies comparison against a non-adaptive version of the same tutoring system, which is the comparator that has proved most informative in general education, where intelligent tutoring effects in K–12 settings were found to be positive but attenuated relative to non-intelligent tutoring comparisons across twenty-eight studies involving 4,597 students (Létourneau et al., 2025).
Trials in the autism literature seldom use these comparators. The most common comparison is against treatment as usual or a waiting list, which confounds the algorithmic component with automation, novelty, additional adult attention and increased instructional dose. The exceptions are informative precisely because they are exceptions. A randomised trial comparing pivotal response treatment delivered with and without robot assistance against treatment as usual found no significant between-group differences on parent-rated, teacher-rated and blindly rated outcomes immediately after treatment, with the largest gains appearing in the robot-assisted condition only at three-month follow-up (van den Berk-Smeekens et al., 2022). A crossover trial that included an active human-assisted control condition alongside standard therapy reported improvement in social cognition in the robot condition only, and interpreted the active control as evidence that the effect was attributable to the robot rather than to the protocol (Ghiglino et al., 2025). A three-arm trial comparing a robotic programme, a human-instructed programme and a control group reported significant differences favouring the robotic programme on performance-based communication and reciprocal social interaction scores (Chung et al., 2025). These three trials, all small, provide the clearest available evidence on the incremental contribution of the robotic component, and they do not converge on a single answer.
Table 1 distinguishes the four design logics, states the mechanism each assumes, identifies the comparator that would isolate the algorithmic contribution, and records what the accessible evidence establishes for each. The table shows that evidentiary maturity is unevenly distributed: predictability and rehearsal logics account for most of the trial evidence, augmented-perception logic is supported mainly by feasibility work and a single randomised trial, and instructional-adaptation logic is supported chiefly by evidence from general education populations rather than from autistic learners specifically. The practical implication is that the design logic for which classroom translation would be most straightforward, namely teacher-facing instructional adaptation, is the logic for which population-specific learner outcome evidence is weakest.
Table 1. Design logics underlying artificial-intelligence-enabled educational interventions for autistic K–12 learners, with the comparator required to isolate the algorithmic contribution.
	Design logic
	Assumed mechanism
	Typical platforms
	Comparator that isolates the algorithmic contribution
	State of the accessible evidence
	Supporting references

	Predictability and reduced social load
	Simplified, consistent social presentation lowers processing demand and raises engagement with instruction
	Humanoid and animal-like robots; tabletop agents
	Non-adaptive automated delivery of the same content
	Most trial evidence sits here; pooled estimates positive but unstable, with few trials isolating the automated component from added attention and dose
	Kouroupa et al. (2022); Nadeem et al. (2025); Wang et al. (2025); Zhong et al. (2025)

	Controlled rehearsal
	Repeated low-cost practice of social scenarios with graded difficulty supports skill acquisition
	Immersive and desktop virtual environments; augmented-reality applications
	Equivalent-dose rehearsal without the virtual medium
	Positive pooled estimates with wide intervals and severe heterogeneity; quantitative synthesis across technology types not currently supportable
	Cheng and Bololia (2024); Mittal et al. (2024); Moon and Ke (2024); Wang et al. (2026); Yang et al. (2025)

	Augmented perception and feedback in situ
	Real-time sensing supplies social or physiological information during authentic interaction, supporting learning in context
	Smart glasses; physiological wearables
	Identical instructional programme delivered without the sensing and feedback component
	One randomised trial with a socialisation outcome, supported by feasibility studies and one pilot trial of physiological feedback; sensing reliability outside controlled conditions unresolved
	Daniels et al. (2018a, 2018b); Nag et al. (2020); Nguyen et al. (2021); Voss et al. (2019)

	Instructional adaptation and staff augmentation
	Automated adaptation of content, or automated generation of instructional artefacts, extends teacher capacity
	Adaptive tutoring architectures; large language models applied to planning and materials
	Non-adaptive version of the same system, or unassisted teacher preparation
	Learner-level evidence for autistic pupils very limited; the closest evidence derives from general K–12 populations and from small teacher-facing studies
	Deng et al. (2025); Howorth et al. (2025); Létourneau et al. (2025); Rakap and Balikci (2026); Seung et al. (2025)


Note. K–12 = kindergarten to grade twelve. Design logics are analytical categories derived from the reviewed literature; individual systems may combine more than one logic, and the table does not imply that any single study exemplifies a logic in isolation.
[bookmark: X9cdc53389ce04945a566134fe9843a7aefbfdd2]4. Effectiveness Evidence and Its Boundaries
[bookmark: X3de6f0555675d497cc06c376a4f862e90752305]4.1 Pooled estimates and the instability beneath them
Quantitative syntheses of robot-mediated intervention for autistic children return positive pooled effects across the full range of plausible magnitudes, and the spread of those estimates is itself the finding of interest. A meta-analysis restricted to randomised controlled trials estimated a modest improvement in social functioning, g = 0.35 (95% confidence interval 0.09 to 0.61) from seven trials, while finding no significant effect for emotional outcomes, g = 0.63 (95% confidence interval −1.43 to 2.69) from two trials, or motor outcomes, g = −0.10 (95% confidence interval −1.08 to 0.89) from three trials; age accounted for approximately one third of the variance in effect sizes, with larger benefits in younger children (Kouroupa et al., 2022). A later meta-analysis drawing on fourteen studies published between 2015 and 2024, contributing fifty-eight effect sizes from 408 children, reported a substantially larger overall estimate of d = 0.829 (95% confidence interval 0.657 to 1.000), with significant variability by the functional role assigned to the robot, the developmental domain assessed, geographical region, experimental design and the presence of a control group (Wang et al., 2025). A three-level meta-analysis of twenty trials contributing sixty-four effect sizes from 532 children reported a moderate positive effect on social-emotional skill development (Zhong et al., 2025).
The difference between an estimate of 0.35 restricted to randomised trials and an estimate of 0.83 across mixed designs is not a discrepancy to be averaged away. It is the expected consequence of design permissiveness, and the moderator analysis in the larger synthesis identifies experimental design and the presence of a control group as significant sources of variability, which is a description of the same phenomenon (Wang et al., 2025). The pattern reproduces exactly what has been documented for the wider autism intervention literature, in which positive summary effects for several intervention types survived when quality was disregarded, were reduced when analysis was restricted to randomised designs, and disappeared entirely when analysis was further restricted to outcomes free from detection-bias risk (Sandbank et al., 2020). Two inferences follow. The first is that the most defensible estimate of robot-mediated effects on social outcomes is small to modest, not large. The second is that the field’s headline estimates are generated by the studies least able to support them.
The virtual-reality literature exhibits the same structure with greater volatility. A meta-analysis of six randomised trials reported standardised mean differences of 1.43 (95% confidence interval 0.01 to 2.84) for social skills and 2.45 (95% confidence interval 0.21 to 4.18) for emotional skills (Mittal et al., 2024); estimates of this magnitude with intervals approaching the null are characteristic of small-sample synthesis rather than of large true effects, and indicate that the effect has not been estimated with usable precision. A systematic review of fourteen studies concluded that virtual reality benefits social skills while classifying only six of those studies as high quality and four as low quality, noting differential benefit favouring learners described as higher-functioning and reports of adverse side effects in some studies (Yang et al., 2025). The network meta-analysis of eleven randomised trials involving 718 children provides the clearest statement of the current position: heterogeneity of I² = 91.9%, an evidence network in which most interventions were connected by single studies, failure to produce stable or clinically interpretable estimates, and very low confidence ratings for all comparisons (Wang et al., 2026). The authors’ conclusion, that the evidence is too immature for valid quantitative synthesis, is the most reliable summary statement available for this modality.
Evidence covering the broader class of AI-based interventions for students with disabilities reports a medium overall effect of Hedges’s g = 0.588 across twenty-nine experimental and quasi-experimental studies, with no statistically significant moderators detected (Zhang et al., 2026). The absence of significant moderators in a body of studies as heterogeneous as this one is more plausibly a consequence of limited power for moderator detection than a demonstration that intervention characteristics do not matter.
[bookmark: X09fcd922c29e1e3211ab4df40e42614a99248ab]4.2 The comparator problem and the confounding of novelty
Nearly all positive estimates in this literature are vulnerable to a single alternative explanation: that the effect derives from additional structured adult-mediated instructional time, from the novelty of an unfamiliar device, or from both, rather than from any property of the algorithmic component. The three trials that address this directly, discussed in Section 3.3, illustrate how much the answer depends on design.
The robot-assisted pivotal response treatment trial is the most instructive because it holds the intervention protocol constant and varies only robot assistance. No significant group differences emerged immediately after treatment on parent-rated, teacher-rated or blindly rated outcomes, and the largest gains in the robot-assisted condition appeared only at three-month follow-up (van den Berk-Smeekens et al., 2022). The delayed pattern is consistent with consolidation of learning and equally consistent with chance in a trial of seventy-three children distributed across three arms and multiple assessment points; read conservatively, robot assistance did not improve the immediate effect of an established intervention.
The crossover trial using an active human-assisted control reported improvement in social cognition following robot-assisted training but not in the standard-therapy or human-assisted control conditions, and interpreted the human-assisted arm as establishing that the effect was attributable to the robot rather than the protocol (Ghiglino et al., 2025). This is a stronger comparator than treatment as usual, but the design does not separate the robot’s algorithmic adaptivity from its novelty and physical presence, and with thirty-two children in a two-period crossover the estimate remains imprecise.
The three-arm trial comparing a robotic programme against a human-instructed programme and a control group reported significant differences favouring the robotic programme on performance-based communication and reciprocal social interaction, with the authors noting the absence of a maintenance phase as a limitation (Chung et al., 2025). Performance-based assessment conducted in the training context is a proximal, context-bound outcome, and the absence of maintenance data means the trial cannot speak to durability.
Novelty is not a nuisance variable that can be dismissed as small. In a field where interventions typically run for a small number of short sessions, an engagement advantage that decays over weeks would produce exactly the pattern observed: positive proximal effects, weak generalisation and negligible maintenance evidence. No trial in the accessible literature has tested the durability of engagement advantage over a period long enough to distinguish novelty from learning, and this is a first-order gap rather than a refinement.
[bookmark: X6588cdf16a7bdd76cf20b008538ba723efe48cb]4.3 Outcome proximity, generalisation and maintenance
The outcomes on which this literature rests are predominantly proximal. Effects are measured on the trained behaviour, in the training setting, often by raters who are not blind to allocation, and frequently on instruments constructed for the study. Project AIM specifically distinguished proximal from distal and context-bound from generalised effects, and the elimination of significant effects when analysis was restricted to randomised designs and detection-bias-free outcomes indicates how much of the apparent benefit in the wider literature is attributable to outcome selection rather than to intervention (Sandbank et al., 2020, 2023).
The AI-specific literature confirms the pattern where it examines it. In a review of AI interventions targeting eye contact, generalisation of treatment effects was assessed in six of sixteen studies and social validity in seven, with the remainder reporting only within-setting change (Demirtaş & Besalti, 2026). A review of AI tools for social and psychological outcomes reported improvements across joint attention, social communication, emotion recognition, theory of mind and task engagement from eight studies, while characterising those studies as having small heterogeneous samples, short durations and variable outcome measurement (Tsapanou et al., 2026). Meta-analytic work on social robots noted that adverse events were reported by only four of the included studies, that included studies examined brief exposure with assessment at most in the immediate post-intervention or short follow-up period, and that the extent to which skills generalise into everyday life and are sustained is unclear; the same review excluded a large number of articles for inadequate reporting of autism diagnosis (Kouroupa et al., 2022).
The choice of eye contact as an intervention target deserves separate comment, because it illustrates how outcome selection embeds contested assumptions. Increased frequency and duration of eye contact is measurable, trainable and readily automated, which makes it attractive as a target for systems that must optimise something; whether it constitutes benefit for the autistic learner is a different question, addressed in Section 8. Maintenance evidence is scarcer still. Educational interventions are justified by the claim that they change what a learner can do subsequently, and a literature that rarely measures anything beyond short follow-up cannot support that claim regardless of the size of its immediate effects.
[bookmark: what-the-evidence-does-support]4.4 What the evidence does support
A critical reading should not collapse into dismissal. Several conclusions are reasonably well supported. Structured programmes delivered through these platforms produce measurable change on trained social behaviours within the training setting, and the direction of effect across independent syntheses is consistently positive even where magnitude is unstable. Younger children appear to benefit more than older children, at least for robot-mediated social outcomes, with age accounting for approximately one third of effect-size variance in one synthesis (Kouroupa et al., 2022). Wearable feedback can influence behaviour in the moment: a pilot randomised trial found that feedback from a wearable anxiety-detection device was associated with increased likelihood of initiating a taught deep-breathing technique, although the authors noted the small sample, imbalanced group matching and controlled laboratory setting as limits on power and generalisability (Nguyen et al., 2021). A randomised trial of a wearable digital intervention delivering social cues through smart glasses reported improvement on a socialisation outcome (Voss et al., 2019), supported by prior feasibility work establishing at-home usability (Daniels et al., 2018a, 2018b).
What the evidence does not support is the inference that these findings establish classroom effectiveness. Every one of the conclusions above is conditional on delivery by researchers, using research equipment, over short periods, with outcomes measured close to the trained behaviour.
Table 2 sets out the principal synthesised evidence by modality, recording pooled estimates and their intervals where these have been calculated, the design restriction under which each estimate was derived, and the specific limitation that constrains its interpretation. Reading down the final columns makes the central pattern visible: precision decreases as design rigour increases, and no modality currently combines an adequately precise estimate with a design capable of isolating the algorithmic contribution.
Table 2. Synthesised effectiveness evidence for artificial-intelligence-enabled interventions with autistic children and young people, by modality.
	Modality
	Evidence base
	Reported pooled estimate
	Design restriction applied
	Principal interpretive constraint
	Supporting references

	Social robots, social outcomes
	7 randomised trials within a wider systematic review
	g = 0.35 (95% CI 0.09 to 0.61)
	Randomised trials only
	Brief exposure; generalisation and maintenance not established; adverse events reported by only four included studies
	Kouroupa et al. (2022)

	Social robots, emotional and motor outcomes
	2 and 3 randomised trials respectively
	g = 0.63 (95% CI −1.43 to 2.69); g = −0.10 (95% CI −1.08 to 0.89)
	Randomised trials only
	Intervals span the null; trial numbers too small for inference
	Kouroupa et al. (2022)

	Robotic intervention, developmental outcomes
	14 studies, 58 effect sizes, 408 children
	d = 0.829 (95% CI 0.657 to 1.000)
	Mixed designs, controlled and uncontrolled
	Effect varied significantly by design and by presence of a control group, indicating design-dependent inflation
	Wang et al. (2025)

	Social robots, social–emotional skills
	20 trials, 64 effect sizes, 532 children
	Moderate positive effect
	Three-level meta-analysis of trials
	Aggregation across heterogeneous robot roles and target skills
	Zhong et al. (2025)

	Immersive virtual reality, social and emotional skills
	6 randomised trials
	SMD = 1.43 (95% CI 0.01 to 2.84) social; SMD = 2.45 (95% CI 0.21 to 4.18) emotional
	Randomised trials only
	Very wide intervals approaching the null; small contributing samples
	Mittal et al. (2024)

	Virtual reality, social skills
	14 studies appraised for quality
	Narrative synthesis; positive direction
	No design restriction
	Six of 14 studies rated high quality; differential benefit by ability level; adverse side effects reported in some studies
	Yang et al. (2025)

	Virtual reality technologies compared head to head
	11 randomised trials, 718 children, 8 technologies
	No stable estimates obtainable
	Network meta-analysis of randomised trials
	I² = 91.9%; sparse network; all comparisons rated very low confidence
	Wang et al. (2026)

	Artificial intelligence for students with disabilities
	29 experimental and quasi-experimental studies
	Hedges’s g = 0.588
	Mixed experimental designs
	No significant moderators detected; population broader than autism alone
	Zhang et al. (2026)

	Intelligent tutoring in general K–12 education
	28 studies, 4,597 students
	Positive but attenuated against non-intelligent tutoring comparators
	Predominantly quasi-experimental
	Adjacent evidence; autistic learners not separately analysed
	Létourneau et al. (2025)


Note. CI = confidence interval; SMD = standardised mean difference; K–12 = kindergarten to grade twelve. Estimates are reported as published and are not comparable across rows because the contributing studies, outcome constructs and design restrictions differ. Absence of a pooled estimate indicates that the source did not report one or that synthesis was judged inappropriate by the source authors.
[bookmark: X5e372414d8bfa54a06a0f53ea732bc6352b43c2]5. Methodological Quality and Reporting Practice
[bookmark: inherited-weaknesses]5.1 Inherited weaknesses
Research on AI-enabled intervention for autistic learners is a subfield of autism intervention research, and it has inherited that field’s methodological problems along with its questions. The inherited weaknesses are documented with unusual precision, which makes them available for direct application here.
Adverse events were mentioned in eleven of 150 examined reports of non-pharmacological intervention for young autistic children; one study reported that adverse events had occurred and three reported adverse effects; and of fifty-four studies describing reasons for withdrawal, ten gave reasons categorisable as adverse events, eight as adverse effects, and twelve were too vaguely described to classify (Bottema-Beutel et al., 2021a). Conflicts of interest were coded in seventy per cent of reports, yet only approximately six per cent contained statements fully accounting for the coded conflicts; metaregression did not detect significant influences of any conflict type on summary effects, although point estimates for each type exceeded those for reports without coded conflicts (Bottema-Beutel et al., 2021b). Registration practices were found to depart frequently from expectation, with studies often unregistered or registered after commencement, registrations incomplete, results frequently unpublished after completion, and published reports differing from registrations in ways consistent with selective reporting of favourable outcomes (Sandbank et al., 2024).
These findings apply to the AI subfield with additional force. Developer involvement is near-universal in technology intervention research, because the systems are built by the teams that evaluate them, which instantiates the conflict type in which the author developed the intervention. Blinding is unusually difficult, because participants and observers can generally tell whether a robot or headset is present. A literature in which conflicts are structural and blinding is structurally difficult requires more stringent reporting than the general case, and there is no indication that it receives it. Adverse-event reporting in the robot literature illustrates the deficit: of the studies contributing to one systematic review and meta-analysis, only four reported adverse events at all (Kouroupa et al., 2022), while a systematic review of virtual-reality interventions noted that adverse side effects had been reported in some studies without those effects being systematically monitored across the evidence base (Yang et al., 2025).
[bookmark: X7744a4d5e7cc68c299cc4d408027d29f9551ded]5.2 Weaknesses specific to technology evaluation
Four problems arise from the technological character of the interventions rather than from the population.
The first is dose confounding. Introducing a device usually introduces additional structured instructional time, additional adult facilitation, or both. Unless the comparator receives matched time and facilitation, an effect attributed to the technology may be an effect of the dose that accompanied it. The three-arm designs that address this are rare (Chung et al., 2025; Ghiglino et al., 2025; van den Berk-Smeekens et al., 2022).
The second is version instability. Software and models are revised continuously, so the intervention evaluated at the start of a trial may differ from the one available at publication and will almost certainly differ from the one a school could purchase two years later. Behavioural protocols are stable enough that a trial result retains meaning a decade later; software is not. The problem is acute for generative language models, and limits what can be inferred from studies such as the preliminary evaluation of language-model assistance in drafting individualised education programme goals (Rakap & Balikci, 2026).
The third is the aggregation of incomparable systems. Meta-analyses in this field pool across robot platforms, interaction protocols, session structures and target behaviours. The heterogeneity statistics reported are the visible consequence, with I² = 91.9% in the virtual-reality network meta-analysis representing the clearest instance (Wang et al., 2026), and significant moderation by robot functional role and developmental domain representing another (Wang et al., 2025).
The fourth is inadequate participant characterisation. Autistic learners differ enormously in language, cognition and co-occurring conditions, and these differences plausibly moderate response to technology-mediated instruction. Reporting is frequently insufficient to examine such moderation; one review excluded a large number of otherwise eligible articles because reporting of autism diagnosis was inadequate (Kouroupa et al., 2022), and a virtual-reality review found differential benefit associated with ability level without being able to characterise the moderating variable precisely (Yang et al., 2025). Learners with intellectual disability, minimal speech or high support needs are systematically under-represented, which means that the evidence base is weakest for those pupils for whom individualised support is most consequential.
[bookmark: the-consequence-for-confidence]5.3 The consequence for confidence
Taken together, these weaknesses mean that the confidence attachable to current effect estimates is lower than the number of published studies would suggest. This is not a conclusion that the interventions are ineffective, but that the evidence has not yet been generated in a form capable of establishing whether they are effective under the conditions in which they would be used. Consensus standards for autism intervention science set out what would be required, addressing registration, outcome selection, blinding where feasible, adverse-event monitoring and transparent conflict disclosure (LaPoint et al., 2025), and the AI subfield has not yet adopted them.
Table 3 records the principal methodological limitations, the evidence establishing each, the direction of the resulting distortion, and the design response that would address it. The final column indicates that most of these limitations are correctable by design decisions available now, and that the field’s dependence on small developer-conducted studies is a choice rather than a constraint imposed by the subject matter.
Table 3. Recurrent methodological limitations in the evidence base, their probable direction of distortion, and available design responses.
	Limitation
	Evidence that it operates in this field
	Probable direction of distortion
	Design response available now
	Supporting references

	Comparators not matched for attention, dose or automation
	Positive effects most often derive from comparison against treatment as usual or waiting list; trials with active comparators yield weaker or delayed effects
	Inflation of apparent effect
	Three-arm designs with an automated non-adaptive arm and an attention-matched human arm
	Chung et al. (2025); Ghiglino et al. (2025); van den Berk-Smeekens et al. (2022)

	Unblinded outcome assessment
	Effects in the wider autism literature disappear when analysis is restricted to randomised designs with detection-bias-free outcomes
	Inflation of apparent effect
	Blinded coding of video-recorded probes; outcomes collected by assessors unaware of allocation
	Sandbank et al. (2020, 2023)

	Proximal, context-bound outcome selection
	Generalisation assessed in a minority of studies; maintenance rarely assessed beyond short follow-up
	Overstatement of educational relevance
	Prespecified untrained-setting generalisation probes and follow-up at six months or longer
	Demirtaş and Besalti (2026); Kouroupa et al. (2022)

	Developer involvement in evaluation
	Conflicts of interest coded in 70% of autism early-intervention reports but fully disclosed in approximately 6%
	Inflation of apparent effect; understatement of harm
	Independent replication; pre-registered analysis plans; full disclosure of developer roles
	Bottema-Beutel et al. (2021b)

	Absent adverse-event monitoring
	Adverse events mentioned in 11 of 150 reports; only four robot studies within one synthesis reported them
	Understatement of harm
	Prospective adverse-event definitions with systematic elicitation at every assessment point
	Bottema-Beutel et al. (2021a); Kouroupa et al. (2022)

	Selective and incomplete reporting
	Frequent absence or lateness of registration; discrepancies between registrations and published reports
	Inflation of apparent effect
	Prospective registration with complete outcome specification; publication irrespective of direction of findings
	Sandbank et al. (2024)

	Aggregation across incomparable systems
	I² = 91.9% in a network meta-analysis; significant moderation by robot role and outcome domain
	Uninterpretable pooled estimates
	Prespecified taxonomy of system function; synthesis stratified by design logic rather than by platform
	Wang et al. (2025); Wang et al. (2026)

	Under-representation of learners with high support needs
	Exclusion of studies for inadequate diagnostic reporting; differential benefit associated with ability level
	Restriction of generalisability to a subset of the population
	Purposive recruitment across cognitive and language profiles with prespecified subgroup analysis
	Kouroupa et al. (2022); Yang et al. (2025)


Note. Direction of distortion refers to the most probable effect on published estimates and is inferred from the cited methodological analyses rather than measured directly within the artificial-intelligence subfield.
[bookmark: Xf21a9330a0b8c79325fc24117932a7e1424f263]6. Technical Readiness of the Underlying Models
[bookmark: X2dbce578aaec4caf0903a0e83dfa5bf65860617]6.1 Validation practice and the generalisation problem
Where an intervention’s adaptive behaviour depends on a trained model, the model’s performance outside its development sample becomes part of the intervention’s efficacy, and it is generally not reported. Trials describe what the system did and what the children did; they seldom report how accurately the system’s classifications corresponded to the states they were intended to represent, and almost never report accuracy stratified by participant characteristics.
The best evidence on this question in autism-related machine learning comes from work on vocal markers. Published models were retrained on new cross-linguistic datasets using cross-validated training and ensemble methods designed to minimise overfitting, and were then tested under three conditions: different participants from the same study performing the same task, the same participants performing a different but similar task, and a different study in a different language performing the same type of task. Performance resembled published findings when training and testing occurred within the same study, but varied considerably between studies, did not generalise well to different though similar tasks, and did not generalise at all to a new language (Rybner et al., 2022). The authors framed the issue in terms directly relevant to intervention: models underestimate the diversity of speaking contexts, of languages and of autistic voices.
A model trained on clinic-recorded speech from one language and a narrow age band should not be assumed to classify accurately in a noisy classroom, in a second language, or with a child whose speech differs from the development sample. If the system’s adaptive decisions depend on that classification, then classification failure is intervention failure, and it will be distributed unevenly across the pupil population.
Evidence from automatic speech recognition establishes the same point for a technology already used in assistive and instructional applications. Comparing read and conversational speech in twenty-seven individuals with a range of speech disorders, using both a speaker-independent system optimised for typical speech and personalised models, a significant performance gap was found between read and conversational speech in both model types; impairment severity affected accuracy in unadapted models for both speech modes and in personalised models for read speech; and linguistic attributes of utterances were the most influential factors, with atypical speech characteristics also contributing (Tobin et al., 2024). Including conversational speech in training improved accuracy notably. Classroom speech is conversational, overlapping and noisy, which is the condition under which these systems perform worst, and pupils with the most atypical speech are those for whom the performance loss is greatest.
[bookmark: sensing-under-classroom-conditions]6.2 Sensing under classroom conditions
Perception outside controlled settings is the recurrent constraint on augmented-perception designs. Analysis of gaze patterns captured through wearable smart glasses during an emotion-recognition task demonstrates both the feasibility of continuous behavioural capture and the technical demands of extracting reliable social signals from head-mounted sensing (Nag et al., 2020). Feasibility studies of the same class of device established that families could operate the system at home (Daniels et al., 2018a, 2018b), and a randomised trial reported a socialisation benefit (Voss et al., 2019). What is not established is performance under classroom conditions: multiple simultaneous speakers, partial occlusion, variable illumination, rapid head movement and many faces at varying distances. No trial in the accessible literature reports sensing accuracy measured in a classroom.
Physiological sensing faces a parallel problem. The pilot trial of a wearable anxiety-detection device reported that feedback increased the likelihood of initiating a taught relaxation technique, while explicitly identifying the controlled laboratory setting as limiting generalisability to real-world settings alongside the small sample and imbalanced group matching (Nguyen et al., 2021). Physiological arousal is not specific to anxiety; it accompanies physical activity, excitement and sensory stimulation, all of which are common in school. A device that misattributes arousal will deliver feedback that is not merely useless but misleading, and repeated misattribution risks teaching a learner to interpret ordinary bodily states as pathological.
[bookmark: X3a933b49188ed016fc0ad13b56de9cf5dcc74a5]6.3 Generative models as a distinct category of risk
Large language models introduce failure modes differing in kind from those of classification systems. Their outputs are fluent, variable between runs, and unaccompanied by calibrated confidence, so a teacher cannot readily distinguish a well-grounded suggestion from a plausible fabrication. Preliminary work indicates that the technology can generate serviceable draft material for individualised education programme goals (Rakap & Balikci, 2026), and practitioner-facing guidance describes application to differentiated science and mathematics instruction (Howorth et al., 2025). Evidence from general education, where a meta-analysis examined the effect of language-model use on student learning (Deng et al., 2025), does not transfer directly to a population whose instructional planning is legally and clinically consequential.
The specific hazard for this population is representational. An evaluation of ability bias in two widely used generative systems identified patterns of output that reflect and reproduce assumptions about disability (Urbina et al., 2025). Where such systems are used to draft goals, descriptions or recommendations for autistic pupils, embedded deficit framing enters the formal record of a child’s education and acquires institutional authority. International guidance on generative AI in education anticipates this class of problem, setting out expectations concerning institutional validation of tools for ethical and pedagogical appropriateness, protection of data privacy, and age-appropriate use (Miao & Holmes, 2023). Adoption in special education has proceeded ahead of that validation.
[bookmark: what-technical-readiness-would-require]6.4 What technical readiness would require
Four conditions would need to be satisfied before an adaptive system could be described as technically ready for classroom use: performance reported on data collected in classrooms rather than laboratories; performance reported separately for learner subgroups defined by speech, language and cognitive profile, so that differential failure is visible rather than averaged away; specification of the system’s behaviour when classification confidence is low, since a system adapting on an unreliable inference is worse than one that does not adapt; and identification of the model version evaluated, so that the evaluated and deployed systems are the same artefact. None of these conditions is routinely met in the accessible literature, and the first two are almost never addressed.
[bookmark: X1ff04aa66d3a3164c7aa74332365255c88c7d62]7. Contextual Readiness: Schools as Implementation Settings
[bookmark: the-attenuation-that-should-be-expected]7.1 The attenuation that should be expected
The most reliable predictor of what will happen when an autism intervention moves from research to routine delivery is what has already happened to other autism interventions. Meta-analysis of community-based early intervention found small but statistically significant gains across cognitive, communication, social and adaptive domains, with Hedges’s g ranging from 0.21 for adaptive behaviour to 0.32 for communication after removal of outliers and correction for publication bias, drawn from forty-six groups in thirty-three studies involving 1,713 participants; programmes affiliated with universities and hospitals outperformed other community programmes for cognitive and adaptive outcomes (Nahmias et al., 2019). The authors concluded that a large gap remains between outcomes observed in community settings and those reported in efficacy trials.
There is no basis for expecting AI-enabled interventions to be exempt, and three reasons to expect the attenuation to be greater. These interventions depend on equipment that can fail and on device management that schools must provide; they depend on data-handling obligations that community providers may be unequipped to discharge; and they carry procurement and maintenance costs that recur, unlike the one-off training cost of a behavioural protocol.
[bookmark: X57ed6f35739cfc6de96af6b16c92528fd7ef3fd]7.2 What implementation research in this field has and has not examined
Implementation science has been advanced as the necessary next phase for autism intervention research on the grounds that a substantial catalogue of evidence-based practices now exists while uptake remains poor (Boyd et al., 2022; Hume et al., 2021). The scoping review of implementation-focused autism intervention studies found thirteen studies, most conducted in school settings, with fidelity the most frequently assessed implementation outcome and acceptability, adoption and appropriateness also commonly measured; nearly all studies addressed early implementation phases such as exploration and initial implementation, with limited attention to sustainment or scale-up (Lee et al., 2025). Work on adapting an evidence-based practice adoption and decision-making toolkit for middle and high schools illustrates the kind of contextual redesign that translation requires, and the fact that such redesign is treated as a research contribution in its own right indicates how far the field is from routine transfer (Locke et al., 2024).
The AI-specific literature has not entered this space. Trials of robotic, virtual-reality and wearable interventions report efficacy outcomes; they do not report fidelity of teacher delivery, adoption rates across classrooms, appropriateness judgements from school staff, or sustainment beyond the trial period. Where school settings are used, the intervention is typically delivered by research personnel rather than by teachers, which tests the intervention but not its implementability, and practitioner-facing accounts accordingly rest on illustrative classroom examples rather than on implementation data (Howorth et al., 2025).
[bookmark: X12dff396b338a8e91e6e4fc7c927833bb96a55b]7.3 Staff capacity, infrastructure and governance
Teacher capacity is the binding constraint for any intervention delivered many times a week across a school year. Adaptive systems change this requirement rather than removing it, reducing the burden of delivering repetitive instructional trials while adding the burden of interpreting system outputs, recognising when the system is wrong, and integrating its recommendations with professional judgement, which is a different and in some respects more demanding competence. Nothing in the accessible intervention literature quantifies the training required or demonstrates that it can be provided at scale within available professional development time.
Infrastructure requirements are similarly under-specified. Robotic platforms require charging, storage, updating, calibration and repair; headsets require hygiene management, fitting across a wide range of head sizes and sensory tolerances, and supervision; wearables require charging cycles compatible with a school day and a policy for loss and damage; and cloud-dependent systems require reliable connectivity, which cannot be assumed. These operational realities determine whether a technology survives its first term of use, and they appear in the research literature as acknowledged limitations rather than as measured variables. Reviews of virtual-reality intervention identify accessibility, affordability, customisation and cost as significant considerations without quantifying any of them (Mittal et al., 2024).
Data governance constitutes a distinct obligation. Systems in these categories may capture video of children’s faces, audio of their speech, continuous gaze data and physiological signals. In many jurisdictions such data are subject to heightened protection, and schools bear responsibility as data controllers whether or not they possess the expertise to discharge it. International guidance on generative AI in education recommends institutional validation of tools for ethical and pedagogical appropriateness together with mandated protection of data privacy and consideration of age limits for independent interaction (Miao & Holmes, 2023). No evaluation in the accessible autism intervention literature reports how these obligations were met during the trials it describes.
[bookmark: X19a010bb649b9e3b10775b0cd013ee0a0974cca]7.4 Cost, equity and the international distribution of evidence
Economic evidence is absent. No study identified in this review reports the cost per pupil of delivering an AI-enabled intervention, the cost relative to an alternative use of the same resources, or the total cost of ownership across a device lifecycle. Cost determines whether an intervention reaches pupils, and its absence means that claims about scalability are unsupported.
Distributional consequences follow directly, since interventions requiring capital equipment, technical support and reliable connectivity will be adopted first by well-resourced schools, so an intervention that works may widen rather than narrow the gap it was intended to address. The equity problem is acute internationally, where most autistic children live in settings without specialist services. Work adapting an early autism caregiver coaching intervention for telehealth delivery in a low-resource South African context demonstrates that adaptation for such settings is a substantial research undertaking requiring attention to both the content of change and its rationale (Viljoen et al., 2025). Meta-analytic evidence on robotic intervention identified geographical region as a significant source of variability in effect size (Wang et al., 2025), which may reflect cultural moderation but equally reflects differences in the resourcing of contributing settings. Guidance on generative AI in education explicitly identifies the risk that unregulated adoption will widen existing divides (Miao & Holmes, 2023).
Table 4 appraises translational readiness across the four design logics, using three dimensions: technical readiness of the algorithmic component under classroom conditions, contextual readiness of schools to operate the system, and normative readiness of the outcome framework. The appraisal shows that no design logic currently satisfies all three dimensions, and that the binding constraint differs by logic: sensing reliability for augmented-perception systems, operational and cost feasibility for immersive and robotic systems, and output validity and governance for generative systems. This heterogeneity of constraint implies that a single research programme cannot advance the whole field, and that priorities must be set separately by logic.
Table 4. Appraisal of translational readiness by design logic across technical, contextual and normative dimensions.
	Design logic
	Technical readiness
	Contextual readiness
	Normative readiness
	Binding constraint on translation
	Supporting references

	Predictability and reduced social load
	Moderate; behaviour largely deterministic and specifiable, so failure modes are predictable
	Low; capital cost, maintenance, storage and staff training unquantified; teacher-delivered fidelity not reported
	Contested; targets frequently include behaviours whose value to autistic learners is disputed
	Operational feasibility and recurring cost in ordinary schools
	Kouroupa et al. (2022); Lee et al. (2025); Nadeem et al. (2025); Wang et al. (2025)

	Controlled rehearsal
	Moderate; scenario delivery reliable, but inference-driven adaptation rarely validated externally
	Low; hygiene, fitting, supervision, sensory tolerance and connectivity requirements unaddressed in evaluations
	Partly addressed; social validity assessed in a minority of studies
	Transfer from the rehearsal environment to the classroom, compounded by unquantified operating cost
	Demirtaş and Besalti (2026); Mittal et al. (2024); Wang et al. (2026); Yang et al. (2025)

	Augmented perception and feedback in situ
	Low; sensing accuracy under classroom conditions not reported; speech and vocal models shown not to generalise across tasks, languages or speaker profiles
	Low; charging, loss, damage and continuous data capture create obligations schools are not resourced to meet
	Contested; continuous behavioural and physiological capture raises consent and surveillance questions
	Reliability of inference outside controlled settings
	Nag et al. (2020); Nguyen et al. (2021); Rybner et al. (2022); Tobin et al. (2024); Voss et al. (2019)

	Instructional adaptation and staff augmentation
	Low to moderate; outputs fluent but uncalibrated, version-unstable, and shown to carry ability bias
	Moderate; no learner-facing hardware required, but institutional validation and data-protection duties unmet
	Contested; deficit framing may enter statutory educational records
	Validity and governance of generated outputs used in statutory documentation
	Howorth et al. (2025); Miao and Holmes (2023); Rakap and Balikci (2026); Urbina et al. (2025)


Note. Readiness judgements are relative appraisals derived from the cited evidence and from the absence of evidence on specified parameters; they are not scores produced by a validated instrument. “Contested” indicates that the relevant question is actively disputed in the literature rather than unexamined.
[bookmark: X040788176c7a3fab6712d7d7977ed8ada42dfb2]8. Normative Readiness: Which Outcomes, Selected by Whom
[bookmark: X9f86abab9bb2b776ed2e36dc2b615025426df50]8.1 The outcome question is prior to the effectiveness question
An intervention cannot be evaluated as effective without a prior judgement that the change it produces is desirable. In autism education this judgement is contested, and the contest is embedded in the technical literature rather than peripheral to it, because systems that adapt must optimise something, and what they optimise is fixed at design time by developers rather than by the people whose behaviour will be shaped.
Eye contact is the clearest case. It is the target of a substantial portion of the AI intervention literature, with sixteen studies identified in one review, most using robotic systems and reporting increases in the frequency and duration of eye contact (Demirtaş & Besalti, 2026), and it is attractive as an optimisation target because it is observable, automatically quantifiable and responsive to training. The double empathy problem holds that difficulties in interaction between autistic and non-autistic people arise from a mutual mismatch in interpretive frames rather than from a deficit located in the autistic person (Milton, 2012). On that account, training an autistic child to produce non-autistic gaze behaviour addresses the discomfort of the non-autistic observer rather than a difficulty experienced by the child, and may impose a cost in cognitive load and distress that is invisible to outcome measures directed at gaze frequency. This is a testable empirical claim as well as a normative one, and the AI intervention literature has not tested it: social validity was assessed in seven of the sixteen studies in the eye-contact review, and the wider robot literature reports adverse events in a small minority of studies (Demirtaş & Besalti, 2026; Kouroupa et al., 2022).
The argument is not that behaviours associated with conventional social presentation are never worth teaching, since autistic pupils may have their own reasons for wanting to modify how they present in particular settings. It is that an automated system optimising such behaviours continuously, without the learner’s articulated goal and without measurement of internal cost, makes a normative choice while presenting it as a technical one.
[bookmark: Xf7dfc1bc70d5899e1f68ee5557b1593d5609811]8.2 Participation in design and the epistemic question
Autism research has developed a substantial body of work on meaningful participation of autistic people in setting research priorities and shaping methods, prompted by evidence of a mismatch between community priorities and research activity (Fletcher-Watson et al., 2019). Community members report longstanding exclusion from decisions about what is studied and describe the resulting research as frequently misaligned with their concerns, while identifying substantial contributions they are positioned to make (Haar et al., 2025). These findings bear on which outcomes are selected, which harms are recognised, and which interpretations of behaviour are treated as authoritative.
Technology development in this area has largely proceeded without that involvement, and the accessible intervention literature contains few reports of autistic pupils, autistic adults or families participating in specifying what a system should optimise, what it should not, or what would count as a harm. The consequence is not merely procedural: systems designed without such involvement encode the designers’ model of autism into a mechanism that applies that model thousands of times without further deliberation. When a generative system reproduces ability bias in its outputs (Urbina et al., 2025), and those outputs are used to draft goals in statutory educational documentation (Rakap & Balikci, 2026), the encoded model acquires formal standing in a child’s record.
[bookmark: X114df2bd06e940227ac60ef29513fe19c18486a]8.3 Consent, surveillance and the school context
Continuous sensing raises questions that the intervention literature has not addressed. A wearable capturing video and audio throughout the school day records the child wearing it, the children around that child, and the adults in the room, while a physiological monitor records states the learner may not wish to disclose. In a school, participation is rarely fully voluntary, and a pupil who declines may be conspicuous in ways that carry social cost.
Guidance on generative AI in education addresses the general form of this problem, recommending institutional validation of tools for ethical and pedagogical appropriateness, protection of data privacy and consideration of age limits for independent interaction (Miao & Holmes, 2023). Applying that guidance to sensing systems used with autistic pupils requires additional attention, because the learners concerned may have difficulty articulating discomfort, may be habituated to compliance with adult-directed routines, and may be less likely to be believed if they object. Assent procedures adequate for a short research trial are not obviously adequate for daily use across a school year.
The Lancet Commission’s argument for personalised, stepped support delivered in ordinary settings supplies the constructive frame (Lord et al., 2022). Personalisation is defensible when it is directed by the person, or by those who represent their interests with their involvement, towards goals they endorse. It is something different when it is directed by an optimisation objective fixed in advance by a developer. The distinction is not a philosophical refinement; it determines whether continuous adaptive systems in classrooms function as support or as management.
[bookmark: Xb17fbfc401d74e880c192fdb0aa057910c74a02]9. An Integrated Appraisal and the Priorities It Implies
The three readiness dimensions are not independent, and treating them as a sequence in which technical questions are settled first is the error that has produced the current position. A system whose sensing is unreliable in classrooms cannot be evaluated fairly for implementation, because staff disengage from a tool that misfires; a system schools cannot operate cannot generate the longitudinal data needed to establish whether its effects persist; and a system optimising a contested outcome produces evidence that does not answer the question stakeholders are asking, however rigorous its trial design. Readiness is conjunctive: deficiency in any one dimension blocks translation regardless of strength in the others.
Read against that standard, the field’s position can be stated precisely. Effectiveness evidence supports the conclusion that AI-enabled interventions produce measurable proximal change on trained social behaviours in research conditions, with small to modest effects under randomised designs, larger and less credible effects otherwise, and no reliable evidence on generalisation or maintenance. Technical evidence, drawn largely from adjacent validation literatures, indicates that the models on which adaptation depends lose substantial performance across tasks, languages and speaker profiles, disproportionately affecting learners with the most atypical profiles. Contextual evidence is close to absent: no teacher-delivered pragmatic trial, no sustainment data, no cost estimate. Normative questions remain open, with outcome selection dominated by observable behaviours whose value is disputed.
The corollary is that the field’s principal deficit is no longer the demonstration of proximal effect. That has been achieved repeatedly. The deficit is the absence of evidence about performance under the conditions of use, and this deficit is the direct consequence of a research programme organised around efficacy demonstration in controlled settings. Continuing to add small controlled trials will not correct it. The autism field reached this conclusion for non-technological interventions some years ago and responded by building implementation-focused research capacity (Boyd et al., 2022; Lee et al., 2025); the AI subfield has not made the equivalent turn.
Table 5 sets out the resulting research priorities. Each is stated as a deficit rather than as a topic, with the design that would address it, the outcome that would constitute evidence of progress, and the readiness dimension it serves. Priorities are ordered by the extent to which resolving them would unblock progress on the others, and the first three are immediate in the sense that they can be undertaken with existing technology and do not depend on further technical development.
Table 5. Prioritised research deficits, corresponding designs and criteria for progress.
	Priority
	Specific deficit
	Design that would address it
	Criterion for progress
	Readiness dimension served
	Supporting references

	1
	No evaluation of AI-enabled intervention delivered by teachers under routine conditions
	Pragmatic cluster-randomised trial with class or school as the unit, teacher delivery, and prespecified fidelity measurement
	Effect estimate obtained under routine delivery, reported alongside fidelity and adoption
	Contextual
	Boyd et al. (2022); Lee et al. (2025); Nahmias et al. (2019)

	2
	Algorithmic contribution not separated from automation, added dose and novelty
	Three-arm trials comparing the adaptive system, a non-adaptive automated equivalent and an attention-matched human-delivered condition
	Incremental effect of adaptation estimated with a prespecified minimum important difference
	Technical and contextual
	Chung et al. (2025); Ghiglino et al. (2025); van den Berk-Smeekens et al. (2022)

	3
	Generalisation and maintenance rarely assessed
	Prespecified untrained-setting probes with blinded coding and follow-up at six months or longer
	Durable change demonstrated outside the training context by assessors unaware of allocation
	Technical, contextual and normative
	Demirtaş and Besalti (2026); Kouroupa et al. (2022); Sandbank et al. (2023)

	4
	Model performance in classrooms and across learner subgroups unreported
	Reporting of classification accuracy stratified by speech, language and cognitive profile, on data collected in classrooms
	Subgroup-stratified accuracy published alongside behavioural outcomes; specified behaviour under low confidence
	Technical
	Rybner et al. (2022); Tobin et al. (2024)

	5
	Outcome frameworks not co-produced with autistic stakeholders
	Participatory outcome-set development with autistic pupils, autistic adults, families and teachers before trial design
	Agreed core outcome set including learner-reported burden and prespecified adverse events
	Normative
	Fletcher-Watson et al. (2019); Haar et al. (2025); Milton (2012)

	6
	No cost or cost-consequence evidence
	Economic evaluation nested within pragmatic trials, covering acquisition, maintenance, staff time and lifecycle replacement
	Cost per pupil reported alongside effect, with sensitivity analysis across school resource levels
	Contextual
	Mittal et al. (2024); Viljoen et al. (2025)

	7
	Adverse events and conflicts inadequately reported
	Prospective adverse-event definitions with systematic elicitation; complete disclosure of developer roles; prospective registration
	Harm and conflict reporting consistent with agreed standards for autism intervention science
	Technical and normative
	Bottema-Beutel et al. (2021a, 2021b); LaPoint et al. (2025); Sandbank et al. (2024)

	8
	Evidence concentrated in well-resourced settings
	Contextual adaptation studies and multi-site trials in low-resource education systems, reporting adaptation rationale
	Demonstrated feasibility and effect in settings without specialist infrastructure
	Contextual and normative
	Miao and Holmes (2023); Viljoen et al. (2025); Wang et al. (2025)


Note. Priorities are ordered by the extent to which their resolution would enable progress on the remaining deficits. Priorities 1 to 3 are achievable with currently available technology and do not require further technical development.
[bookmark: future-directions]10. Future Directions
[bookmark: X8dce8eb87f548c9d2a4633146e5af9628a71ad7]10.1 Immediate priority: pragmatic evaluation under routine delivery
The unresolved problem is that no accessible study establishes what an AI-enabled intervention achieves when a teacher delivers it in an ordinary classroom across a school year. Current evidence is inadequate because it derives almost entirely from researcher-delivered protocols of short duration, and the attenuation observed when non-technological autism interventions move into community delivery indicates that efficacy estimates cannot be extrapolated (Nahmias et al., 2019). The appropriate design is a pragmatic cluster-randomised trial with the class or school as the unit of allocation, teachers as the deliverers, and eligibility criteria broad enough to include the pupils who would actually receive the intervention, including those with intellectual disability and minimal speech. The relevant context is the mainstream and specialist provision in which most autistic pupils are educated, at a scale sufficient for the variance that clustering introduces, over at least one academic year. Outcome measurement should combine a learner-level educational or social-communication outcome collected by blinded assessors, implementation outcomes covering fidelity, adoption, acceptability and appropriateness, and a learner-reported measure of burden, following the reporting and conduct standards articulated for autism intervention science (LaPoint et al., 2025). The policy implication is direct: procurement decisions require effectiveness estimates obtained under procurement conditions, and no such estimate exists.
[bookmark: X60de9cf8f39b561f0b91afee58e66f992dddc1d]10.2 Immediate priority: isolating the contribution of adaptation
The unresolved problem is that the incremental value of the algorithmic component remains unknown, because most comparisons confound it with automation, additional instructional dose and device novelty. Current evidence is inadequate because the few trials with active comparators do not converge: robot assistance added to an established protocol produced no immediate advantage and a delayed one of uncertain status (van den Berk-Smeekens et al., 2022); a crossover design with an active human control attributed improvement to the robot (Ghiglino et al., 2025); and a three-arm trial found advantage over a human-instructed programme on proximal performance-based measures (Chung et al., 2025). The appropriate design is a three-arm trial comparing the adaptive system, an identical non-adaptive automated version and an attention-matched human-delivered condition with dose held constant. The critical population characteristic is variation in language and cognitive profile, since adaptation should confer the greatest advantage where learners differ most. Timescale matters because novelty and learning make opposite predictions: engagement advantage should decay while learning advantage accumulates, so measurement at multiple points across at least two terms is necessary to distinguish them. Outcomes should include the trained behaviour, an untrained-setting probe and repeated measurement of engagement. A negative result would be as informative as a positive one, since consistent automated delivery is far cheaper and simpler to govern than adaptive inference.
[bookmark: X2ec0d348bb77433b83d2753a92a2e3bfbf45661]10.3 Immediate priority: generalisation, maintenance and harm
The unresolved problem is that the durability and transfer of effects are essentially unmeasured and that harms are essentially unmonitored. Current evidence is inadequate because generalisation is assessed in a minority of studies (Demirtaş & Besalti, 2026), follow-up rarely extends beyond short intervals (Kouroupa et al., 2022), and adverse-event reporting across autism intervention research is sparse and unsystematic (Bottema-Beutel et al., 2021a). The requirement is not a new trial type but prespecification within existing trials of untrained-setting probes conducted by assessors unaware of allocation, follow-up at six and twelve months, and an adverse-event protocol defining what would count as harm here. Candidate harms include increased anxiety during device use, distress at withdrawal of a preferred device, social cost associated with conspicuous equipment, and the internal cost of suppressing natural behaviour to meet a trained criterion; measuring the last requires learner-reported instruments that do not yet exist for this context. A school cannot weigh benefit against harm when only benefit has been measured.
[bookmark: X7db2f436a463281ff8dd3e9b20b817218c73f12]10.4 Medium-term priority: transparent model validation
The unresolved problem is that the performance of the models on which adaptive systems depend is not reported in classroom conditions or by learner subgroup. Current evidence is inadequate because the relevant demonstrations come from adjacent literatures: vocal-marker models trained and tested rigorously failed to generalise to different tasks and did not generalise at all to a new language (Rybner et al., 2022), and speech recognition performance degraded significantly for conversational speech and with increasing impairment severity (Tobin et al., 2024). The appropriate improvement is a reporting convention rather than a study design. Trials of adaptive systems should report classification or inference accuracy on data collected in the deployment setting, stratified by speech, language and cognitive profile; should specify behaviour when confidence falls below threshold; and should identify the model version evaluated. Where accuracy differs materially across subgroups, that difference is a finding about differential intervention quality. An education authority purchasing an adaptive system currently has no basis for asking whether it works equally well for all the pupils who will use it, and establishing such a basis is a precondition for equitable adoption.
[bookmark: Xa57d38985502be00eaa898af1ecfd16cc0d0dab]10.5 Medium-term priority: co-produced outcome frameworks
The unresolved problem is that outcome selection has been driven by measurability and automatability rather than by articulated learner priorities. Current evidence is inadequate because the participatory infrastructure that autism research has developed for priority setting has not been applied to technology design (Fletcher-Watson et al., 2019; Haar et al., 2025), and because the outcomes most frequently targeted include behaviours whose value is contested on both empirical and normative grounds (Milton, 2012). The appropriate work is participatory development of a core outcome set for AI-enabled educational intervention, involving autistic pupils, autistic adults, families and teachers, conducted before rather than after trial design, specifying not only which outcomes count as benefit but which changes would count as harm, and including at least one learner-reported measure. Consensus development can proceed in parallel with the priorities above, and would make subsequent trials interpretable to the people whose lives they concern.
[bookmark: Xa999e0bc6cc551e5225301a2d0ad9ad7ef1f4a5]10.6 Longer-term priority: economics, equity and international evidence
The unresolved problem is that no evidence exists on what these interventions cost, on how they are distributed, or on how they perform in the education systems where most autistic children are taught. Current evidence is inadequate because cost is mentioned as a consideration without being measured (Mittal et al., 2024), because effect estimates vary significantly by geographical region without that variation being explained (Wang et al., 2025), and because adaptation for low-resource settings has been demonstrated for non-technological interventions but not for technological ones (Viljoen et al., 2025). The appropriate work comprises economic evaluation nested within pragmatic trials, covering acquisition, maintenance, staff time and lifecycle replacement, together with contextual adaptation studies in low-resource systems that report the rationale for each adaptation rather than only its content. Guidance on generative AI in education identifies the widening of existing divides as a principal risk of unregulated adoption (Miao & Holmes, 2023), and the absence of distributional evidence means the field cannot detect whether that risk is materialising.
[bookmark: sequencing]10.7 Sequencing
These priorities are not equally urgent. The first three are achievable with existing technology, require no further model development, and would resolve the questions that currently prevent any defensible recommendation to schools. The fourth and fifth are prerequisites for the field’s next generation of systems rather than for evaluation of its current ones, and the sixth becomes tractable only once pragmatic trials exist to nest economic evaluation within. A field that reversed this order would reproduce for the next decade the position it occupies now.
[bookmark: conclusions]11. Conclusions
The evidence accessible for this review supports a narrow and conditional conclusion. Artificial-intelligence-enabled interventions delivered through social robots, immersive virtual environments and wearable sensing produce measurable change in trained social behaviours among autistic children and young people when delivered by research teams over short periods and measured in the settings where training occurred. The direction of effect is consistent across independent syntheses. The magnitude is not: estimates restricted to randomised designs are small to modest, estimates drawn from mixed designs are considerably larger, and the difference between them is attributable to design permissiveness rather than to any property of the interventions. Where synthesis has been attempted across technology types, heterogeneity has proved severe enough to prevent stable estimation. The most defensible reading is that these interventions produce real but modest proximal effects whose educational significance has not been established.
Beyond that, the review’s central finding is one of absence rather than of contested evidence. There is no accessible trial in which teachers delivered an AI-enabled intervention to autistic pupils under routine conditions across a school year. There is no evidence that effects generalise to untrained settings or persist beyond short follow-up. There is no report of how accurately the sensing and inference components perform in classrooms, or whether they perform equally well for learners with atypical speech, limited language or intellectual disability. There is no cost estimate. There is no economic or distributional analysis. Each of these absences concerns a matter that would determine whether an intervention could be adopted, and their coincidence indicates that the field has organised itself around a question it has largely answered while leaving unaddressed the questions on which adoption depends.
The three readiness dimensions examined here operate conjunctively. Technical readiness is limited by the demonstrated failure of related models to generalise across tasks, languages and speaker profiles, a failure falling most heavily on the learners for whom individualised support matters most. Contextual readiness is limited by the near-absence of implementation evidence, by unquantified demands on staff capacity and infrastructure, and by data-governance obligations that schools bear without corresponding expertise. Normative readiness is limited by outcome frameworks constructed around observable, automatable behaviours whose value to autistic learners is disputed. Strength in one dimension does not compensate for deficiency in another, and no design logic examined here satisfies all three.
These conclusions do not constitute a case against the technology but a case about the state of its evidence. The interventions concerned address a genuine problem, namely the mismatch between the individualisation that autistic learners require and the resources that schools possess, and nothing in the accessible evidence suggests that they cannot help. What the evidence establishes is that the field does not yet know whether they do help under the conditions in which they would be used, and that this uncertainty is a product of how the research has been designed rather than an intrinsic feature of the subject. The corrective is available and does not require technical advance. Pragmatic trials with teacher delivery, comparators that isolate the contribution of adaptation, prespecified generalisation and maintenance measurement, transparent reporting of model performance by learner subgroup, and outcome frameworks developed with autistic stakeholders would together transform what can be claimed. Until that work is undertaken, the appropriate description of the field is that it has accumulated substantial evidence of feasibility and proximal effect, and almost none of classroom readiness.
[bookmark: limitations]12. Limitations
This review is a narrative synthesis, and its selection and interpretation of evidence are consequently subject to bias that a documented, duplicated systematic procedure would constrain. Studies were selected purposively for relevance to the review’s analytical questions rather than exhaustively against fixed criteria, and although trials reporting null and equivocal findings were sought deliberately and the search logic, eligibility rules and appraisal approach are stated in full, another reviewer applying the same procedures could reasonably have assembled a different evidence base and reached different emphases. The thematic organisation around three readiness dimensions is an interpretive framework developed for this review rather than an independently validated categorisation, and it will have shaped which features of the literature were made salient.
Access to subscription-based indexes was not available during preparation. Web of Science Core Collection, Scopus, PsycINFO, ERIC and IEEE Xplore were not searched, and coverage of the educational-technology, special-education and human–computer-interaction literatures therefore depends on records reachable through open indexes, general web searching and citation tracking. Work published in outlets indexed only in those subscription platforms may be under-represented, and the under-representation is likely to be systematic rather than random, since computing and education venues are less completely covered by the open indexes used here than are biomedical and interdisciplinary ones. The search was restricted to publications in English, which excludes evidence from several of the research communities most active in this area and compounds the geographical imbalance already present in the primary literature.
The evidence base itself imposes further constraints. Study designs, intervention protocols, target behaviours and outcome instruments vary so widely that quantitative synthesis was neither attempted nor appropriate, and comparisons across modalities are therefore qualitative. Reported effect estimates drawn from published syntheses are not comparable with one another, since they rest on different contributing studies and design restrictions, and they are presented for what each indicates about its own evidence base rather than as candidates for pooling. Formal risk-of-bias scoring was not undertaken because primary reports frequently omitted the information required to apply a recognised instrument, so appraisal judgements are transparent but not standardised.
Several substantive questions could not be examined because the underlying evidence does not exist. No economic analysis was possible, since no cost data were located; no conclusion about long-term outcomes was possible, since follow-up rarely extends beyond short intervals; and no conclusion about learners with high support needs, minimal speech or co-occurring intellectual disability was possible, since these groups are under-represented and inconsistently characterised. Evidence about model performance was drawn substantially from adjacent validation literatures rather than from the intervention studies themselves, and its transfer to intervention contexts is an inference rather than a demonstration.
Finally, the field changes rapidly, particularly with respect to generative systems whose behaviour is revised continuously. Findings concerning specific tools may date quickly, and conclusions drawn here about the state of evidence describe a position at the end of the search period rather than a stable property of the field.
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