


Artificial Intelligence in Mental Healthcare: A Critical Narrative Review of Diagnosis, Treatment Personalisation and Patient Monitoring
Abstract
Artificial intelligence has been proposed as a corrective to three persistent problems in mental healthcare: diagnostic imprecision, the trial-and-error character of treatment selection, and the episodic nature of clinical monitoring. The volume of primary research has expanded rapidly, yet few tools have altered routine practice. This critical narrative review examines evidence across the three domains in which artificial intelligence has been most extensively applied to mental health, namely diagnostic classification and risk detection, treatment personalisation, and continuous patient monitoring, and asks why demonstrated technical performance has so rarely converted into demonstrated clinical benefit. Literature was identified through a bibliographic metadata registry, a biomedical citation index, targeted searching of scholarly and institutional sources, and backward and forward citation tracking, covering January 2015 to 11 June 2026, with earlier work retained where conceptually necessary. Evidence was appraised for design adequacy, validation strategy, sample representativeness, outcome definition and reporting transparency, then synthesised thematically rather than study by study. Three findings recur. Apparent accuracy is systematically inflated by internal validation, small and selected samples, and reference standards of limited reliability; where external validation has been attempted, discrimination frequently falls towards chance. The three domains differ markedly in evidential maturity, since monitoring and conversational intervention now rest on randomised evidence and pooled effect estimates, whereas diagnostic classification and treatment-response prediction remain largely at the model-development stage. The binding constraints on translation are infrastructural and epistemic rather than algorithmic, encompassing narrow training populations, unreliable outcome labels, absent prospective evaluation and immature governance. Unresolved questions include whether any model confers benefit over routine care in prospective use, how algorithmic outputs should enter clinical judgement, and how safety should be established for generative systems operating outside professional supervision. Progress will depend less on model refinement than on representative longitudinal datasets, standardised outcome definitions, prospective impact evaluation and governance capable of distinguishing wellness products from clinical instruments.
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1. Introduction
Mental disorders account for a substantial and largely undiminished share of global disability. The Global Burden of Disease Study 2019 estimated the burden of twelve mental disorders across 204 countries and territories and found no meaningful reduction in age-standardised burden between 1990 and 2019, despite three decades of pharmacological and psychological innovation (GBD 2019 Mental Disorders Collaborators, 2022). The gap between the number of people with a treatable condition and the number receiving adequate care is widest in low-resource settings, where the shortage of trained clinicians is structural rather than incidental (Karyotaki et al., 2023). Against this background, computational methods that promise to detect illness earlier, allocate treatment more precisely and observe patients continuously have attracted intense interest from researchers, health systems and commercial developers.
The term artificial intelligence covers a heterogeneous family of methods. In mental health research it has been applied to supervised classifiers trained on neuroimaging or clinical records, to unsupervised clustering intended to reveal latent patient subgroups, to natural language processing applied to clinical notes and social media text, to signal processing of sensor streams from smartphones and wearable devices, and, most recently, to large language models capable of open-ended conversation. An early scoping review mapped this diversity and observed that the field was already dominated by supervised methods applied to cross-sectional data, with detection and diagnosis attracting far more attention than prognosis or treatment (Shatte et al., 2019). A more recent systematic review of eighty-five studies confirmed the same structural pattern several years later, finding support vector machines and random forests predominant in diagnostic work, general machine learning approaches predominant in monitoring, and conversational agents predominant in intervention (Cruz-Gonzalez et al., 2025). The methodological composition of the field has therefore proved remarkably stable even as computational capability has advanced.
What has not stabilised is the relationship between reported performance and clinical consequence. Reviews of prediction modelling in psychiatry have documented an accumulation of models unmatched by evidence of utility. A systematic review of two decades of clinical prediction models identified 228 studies describing 308 models, judged 94.5 per cent of developed models to be at high risk of bias under a formal appraisal tool, found that only about one fifth had undergone external validation in an independent sample, and located a single published model whose potential utility in practice had been formally assessed (Meehan et al., 2022). Reviews focused specifically on artificial intelligence reach similar conclusions about the scarcity of external validation and the opacity of model reporting (Dehbozorgi et al., 2025; Rony et al., 2025). The field thus exhibits an unusual configuration: a large and rapidly growing empirical literature, high reported accuracy within development samples, and almost no demonstrated effect on patient outcomes.
Several existing syntheses have described this landscape. Some have catalogued applications across diagnosis, monitoring and intervention (Cruz-Gonzalez et al., 2025; Dehbozorgi et al., 2025). Others have pooled effect estimates for particular technologies, such as smartphone applications (Linardon, Torous, et al., 2024) or conversational agents (Li et al., 2023; Sohn et al., 2026). Others again have examined the emerging capabilities and hazards of large language models (Hua et al., 2025; Lawrence et al., 2024; Obradovich et al., 2024). Broader reviews of digital mental health have periodically assessed implementation issues across technologies (Torous et al., 2021; Torous et al., 2025). These contributions are valuable but individually partial. Domain-specific reviews rarely compare the evidential maturity of one application area against another, and technology-specific reviews rarely ask whether the obstacles encountered in one domain recur in the others for the same underlying reasons. Reviews that do span domains have tended towards description, enumerating what has been attempted rather than adjudicating what has been shown.
The consequence is a literature that reports steadily improving benchmark performance while the question of clinical benefit remains almost entirely open. Understanding why requires attention to matters that fall outside the boundaries of any single application domain: the reliability of the diagnostic categories that serve as prediction targets, the representativeness of the populations from which training data are drawn, the difference between discrimination and decision-relevant accuracy at realistic outcome prevalence, and the regulatory ambiguity surrounding tools that are marketed as wellness products but function as clinical instruments.
1.1 Scope, Research Gap and Objectives
This review examines the application of artificial intelligence to three domains of adult and adolescent mental healthcare: diagnostic classification and risk detection, treatment personalisation, and continuous patient monitoring. It covers common mental disorders, psychotic disorders and suicidal behaviour, and considers data modalities including neuroimaging, neurophysiological signals, speech and language, electronic health records, and passive sensor streams from personal digital devices. Conversational agents are examined where they function as monitoring or treatment instruments. Applications concerned solely with administrative efficiency, clinician education, drug discovery or health-system logistics fall outside the scope, as do applications to neurodegenerative and primarily neurological conditions. The review is oriented towards evidence relevant to clinical deployment rather than towards methodological innovation for its own sake.
The gap this review addresses is specific. Existing syntheses have established what artificial intelligence has been used to do in mental healthcare and, in several domains, how large the pooled effects of particular technologies are. They have not established why the translation deficit takes the form it does, nor whether the obstacles differ in kind across domains or represent a shared set of causes expressed differently. Determining this matters because the two possibilities imply different remedies. If the obstacles are domain-specific, then targeted technical work in each area is indicated. If they are shared and structural, then investment in datasets, outcome standardisation, validation infrastructure and governance will do more than further model development.
The objectives are accordingly fivefold. The first is to establish the current state of evidence in each of the three domains and to characterise its evidential maturity on a common scale. The second is to compare convergent and conflicting findings within and across domains, and to identify the most defensible explanations for disagreement. The third is to evaluate the methodological adequacy of the evidence base, distinguishing conclusions that are well supported from those that rest on internal validation, selected samples or unverified assumptions. The fourth is to determine whether the constraints on translation are principally algorithmic, infrastructural or governance-related. The fifth is to derive a prioritised research agenda that follows from the identified weaknesses rather than from general aspiration.
The intended contribution is an integrated critical appraisal that treats the three domains as instances of a common translational problem rather than as separate technical literatures. Several important exclusions should be noted. This review does not attempt quantitative synthesis, does not evaluate the technical merits of competing model architectures, and does not assess the commercial market for mental health applications except where evidence bears on clinical safety or governance. Nor does it address artificial intelligence in the assessment of neurodevelopmental conditions in early childhood, where the evidential and ethical considerations differ substantially.
2. Methods for Literature Selection
2.1 Review Design and Rationale
A critical narrative design was selected in preference to a systematic review, scoping review or meta-analysis because the review question concerns the interpretation of a heterogeneous evidence base rather than the estimation of a pooled effect. The literature spans neuroimaging classification studies, prognostic modelling in electronic health records, sensor-based observational cohorts and randomised trials of conversational agents. These bodies of work differ in design, outcome definition, unit of analysis and performance metric to a degree that precludes meaningful quantitative pooling across domains. Domain-specific meta-analyses already exist and are drawn upon throughout; the contribution sought here is interpretive integration across them.
The choice of a narrative design does not relax the requirements of transparency or critical appraisal. Search sources, search period, eligibility criteria and appraisal approach are reported below so that the basis of selection can be examined. Where evidence is contested, the disagreement is represented rather than resolved by preference. Where a claim rests on a single study or on internal validation alone, this is stated. The review does not report screening counts or a flow diagram, because the selection process was purposive and iterative rather than exhaustive, and reporting counts would imply a systematic procedure that was not undertaken.
2.2 Information Sources
PubMed/MEDLINE served as the primary index for biomedical literature. OpenAlex, Semantic Scholar, and the Directory of Open Access Journals supplemented this search, supporting discovery of related records, while the Cochrane Library was consulted for relevant systematic reviews and other evidence syntheses. Reference lists of high-quality reviews and key original articles were hand-searched (backward citation searching), and forward citation tracking was applied selectively to capture later studies testing or building on major mechanisms.
Subscription-only citation indexes and specialist psychological and biomedical databases were not accessible during the preparation of this review, and no claim of coverage in those resources is made. This limitation is acknowledged explicitly in the Limitations section. Database searching was supplemented by backward citation searching of the reference lists of recent high-quality reviews, by forward citation searching where citing-article listings were available, and by related-article searching. Digital object identifiers were resolved to confirm that each cited record existed, corresponded to the metadata reported, and supported the claim for which it is cited.
2.3 Search Strategy and Search Period
Search concepts were constructed from four elements and combined with Boolean operators. The first element captured the technology, using terms including artificial intelligence, machine learning, deep learning, natural language processing, large language model and conversational agent. The second captured the clinical field, using terms including mental health, psychiatry, depression, anxiety, psychosis, schizophrenia, bipolar disorder and suicide. The third captured the application domain, using terms including diagnosis, detection, classification, prediction, treatment response, personalisation, precision psychiatry, monitoring, digital phenotyping, passive sensing and relapse. The fourth captured evaluative and translational considerations, using terms including external validation, generalisability, risk of bias, algorithmic bias, equity, privacy, governance, regulation and implementation.
Representative search strings included the following. For diagnostic applications: (artificial intelligence OR machine learning OR deep learning) AND (psychiatric OR mental health OR depression OR psychosis) AND (diagnosis OR classification OR detection) AND (validation OR generalisability OR bias). For treatment personalisation: (machine learning OR precision psychiatry) AND (treatment response OR treatment outcome OR personalisation) AND (external validation OR clinical utility). For monitoring: (digital phenotyping OR passive sensing OR wearable OR smartphone sensor) AND (mental health OR depression OR bipolar OR schizophrenia) AND (monitoring OR relapse OR early warning). For conversational systems: (chatbot OR conversational agent OR large language model) AND (mental health OR psychotherapy OR depression OR anxiety) AND (randomised controlled trial OR safety OR adverse events). Strings were adapted to the syntax of each source.
The search period extended from 1 January 2015 to 11 June 2026. The starting year was selected because it approximates the point at which three developments converged: the routine application of supervised learning to multi-site psychiatric trial data, the emergence of digital phenotyping as a named research programme, and the availability of smartphone sensor platforms capable of sustained passive data collection. Foundational earlier publications were retained where necessary to explain conceptual origins or established methods. The final search date was 11 June 2026.
2.4 Eligibility Criteria
Publications were eligible if they were peer-reviewed journal articles reporting original empirical research, systematic reviews, meta-analyses, or substantive methodological or conceptual analyses, and if they concerned the application of computational or artificial intelligence methods to the diagnosis, treatment personalisation or monitoring of mental disorders in human populations. Authoritative guidance documents from recognised intergovernmental or professional bodies were eligible where relevant to governance. Publications in English were eligible; no other language restriction was applied, but no non-English source was ultimately retained, and this constitutes a language limitation.
Publications were excluded if they addressed only technical benchmarking without clinical framing, if they concerned neurological rather than psychiatric conditions, if they reported model development without any performance evaluation, or if they were conference abstracts, commercial white papers, promotional material, personal commentary without analytic content, or sources whose bibliographic details could not be confirmed. Preprints were excluded because peer-reviewed evidence was available on every theme addressed. Publications were also excluded where the reported findings could not be attributed to an identifiable methodology, and where retraction or expression of concern had been issued without the source being discussed explicitly as such. Studies of populations aged under twelve years were not sought systematically.
2.5 Screening, Duplicate Handling and Study Selection
Titles and abstracts of retrieved records were assessed against the eligibility criteria, and records passing this stage were examined in full text where accessible. Where full text was not accessible, the record was retained only if the abstract contained sufficient methodological and numerical detail to support the specific claim for which it was cited, and the limitation on access was taken into account when weighing the evidence. Duplicates arising from retrieval of the same work through multiple sources were identified by digital object identifier and, where identifiers were absent or inconsistent, by comparison of title, first author and year; preprint versions of subsequently published articles were replaced by the published version in every case.
Selection was purposive. Preference was given to publications that contributed evidence on the review question rather than to those with the highest citation counts, on the reasoning that highly cited early studies in this field frequently report internally validated models whose limitations were identified only later. Conflicting and null findings were sought deliberately, including critiques of influential positive results. Sources whose bibliographic identity could not be verified against at least one authoritative record were discarded regardless of apparent relevance.
2.6 Critical Appraisal and Evidence Synthesis
Appraisal was conducted using criteria appropriate to each study design rather than by applying a single instrument across heterogeneous evidence. For prediction and classification studies, the principal considerations were the validation strategy, the ratio of sample size to feature count, the handling of class imbalance, the clinical relevance and reliability of the outcome label, the reporting of calibration alongside discrimination, and whether performance was reported at decision thresholds relevant to practice. For intervention studies, the considerations were allocation concealment, the nature of the comparator, blinding of outcome assessment, attrition, the pre-registration of outcomes, and whether adverse events were sought and reported. For observational sensing studies, the considerations were data completeness, the treatment of missingness, the temporal alignment of sensor and outcome data, and the representativeness of the cohort. Where a recognised risk-of-bias appraisal had been applied by the authors of a systematic review, that appraisal is reported as such rather than substituted by an independent judgement; no formal risk-of-bias scores were assigned in this review, since the primary studies were not appraised individually against a validated instrument.
Themes were developed inductively from recurring analytic problems rather than imposed from the application taxonomy. Disagreement among studies was interpreted by examining whether divergent findings could be attributed to differences in validation strategy, outcome prevalence, sample composition or outcome definition before any substantive explanation was entertained. Confidence in each conclusion was calibrated to the strongest available design rather than to the volume of concordant reports.
3. Conceptual Foundations and the Measurement Ceiling
3.1 Terminological Heterogeneity and Its Consequences for Appraisal
The literature applies a single label to methods that differ in the kind of claim they can support. A regularised regression model fitted to structured clinical variables, a convolutional network applied to minimally processed neuroimaging volumes, and a large language model prompted to generate therapeutic dialogue are all described as artificial intelligence, yet they differ in interpretability, in data requirements, in failure modes and in the evidential standard appropriate to their evaluation. Reviews that aggregate across these categories risk producing summary statements that hold for none of them.
The consequence is not merely semantic. Where a scoping review reports that artificial intelligence achieves high accuracy in detecting mental disorders, the statement typically summarises internally validated classifiers applied to case-control samples, a design that answers a question about separability within a curated dataset rather than about detection in a clinical population (Cruz-Gonzalez et al., 2025; Shatte et al., 2019). Where a review reports that artificial intelligence supports treatment personalisation, the underlying studies are usually prognostic models predicting response in trial cohorts, which is a different claim from demonstrating that treatment allocation guided by the model improves outcomes (Chekroud et al., 2021; Meehan et al., 2022). Precision in describing what a model does, on what data, and against what comparator is therefore a prerequisite for interpretation rather than a stylistic preference.
Interpretability compounds the difficulty. A review of explainability in mental health applications observed that the field relies predominantly on post-hoc feature-attribution methods, which describe what a model attended to without establishing that the attributed features are causally or clinically meaningful (Joyce et al., 2023). In psychiatry this matters more than in domains with objective reference standards, because clinicians cannot verify an algorithmic output against an independent physical measurement. An unexplained output in radiology can in principle be checked against the image; an unexplained depression-risk score cannot be checked against anything more objective than the clinical judgement the model was trained to reproduce.
3.2 Reference Standards as an Upper Bound on Demonstrable Accuracy
Supervised learning reproduces the labels it is given. In mental healthcare those labels are diagnostic categories or symptom-scale thresholds whose reliability is itself limited, and this places a ceiling on demonstrable accuracy that no amount of model refinement can raise. A model trained to predict a clinician-assigned diagnosis can at best approach the reliability of that assignment; where the assignment is itself variable across raters and settings, apparent errors may reflect label noise rather than model failure, and apparent successes may reflect the model having learned site-specific or clinician-specific labelling conventions.
This constraint is visible in the empirical record. Reviews of speech-based detection note that ground-truth assessment varies across studies between structured clinical interview, self-report questionnaire and clinician impression, and that this variation is a source of heterogeneity in reported accuracy (Maran et al., 2025). Reviews of digital phenotyping observe similar variation in how relapse and clinical deterioration are operationalised, with consequences for the comparability of reported discrimination (Fang & Chen, 2026). The problem is not that psychiatric outcomes are unmeasurable but that the measurements available are noisier and more context-dependent than the performance metrics reported against them typically acknowledge.
A related issue concerns what is being predicted. Much diagnostic work predicts current status from concurrent data, which is a classification rather than a prediction task and carries no implication that the model would identify illness earlier than a clinician. Genuine prognostic value requires temporal separation between predictor and outcome, prospective ascertainment, and a comparison against the accuracy achievable from routinely available information. Studies meeting these conditions exist but remain a minority of the diagnostic literature.
The distinctions summarised in Table 1 organise the remainder of this review. They separate the clinical question at issue in each domain from the data and methods brought to bear on it, and identify the evidential stage that the corresponding literature has reached. The table makes explicit an asymmetry that recurs throughout the analysis: the domains that have generated the most model-development activity are not those that have generated the most evidence of clinical benefit, and the ordering is close to inverse. Diagnostic classification, the most heavily researched domain by volume, remains almost entirely at the development and internal-validation stage; monitoring has progressed to prospective observational evaluation; conversational intervention, the most recently established domain, is the only one supported by randomised trials and pooled effect estimates. The asymmetry suggests that evidential progress in this field tracks the availability of a well-defined outcome and a feasible comparator rather than the sophistication of the underlying method.
Table 1. Functional distinctions among artificial intelligence applications in mental healthcare, with the prevailing stage of evidence in each domain
	Application domain
	Principal clinical question
	Representative data and methods
	Prevailing evidential stage
	Supporting references

	Diagnosis and detection
	Does this person have, or will they develop, the condition?
	Structural and functional neuroimaging; electroencephalography; speech and language; free-text clinical records; supervised classifiers and deep networks
	Model development with predominantly internal validation; isolated instances of large-scale external validation
	Irving et al. (2021); Maran et al. (2025); Quaak et al. (2021); Shatte et al. (2019)

	Risk stratification for suicide and self-harm
	Which individuals should receive intensified care?
	Registry and health-record data; supervised classifiers; survival models
	Development and internal validation; pooled accuracy available; clinical utility not demonstrated
	Meehan et al. (2022); Spittal et al. (2025)

	Treatment personalisation
	Which treatment will benefit this person?
	Clinical trial datasets; baseline clinical and demographic variables; resting-state functional connectivity; supervised regression and classification
	Development stage; external validation attempted and largely unsuccessful
	Chekroud et al. (2016); Chekroud et al. (2021); Chekroud et al. (2024); Koutsouleris et al. (2016); Meinke et al. (2024)

	Patient monitoring
	Is this person deteriorating, and how soon?
	Smartphone and wearable sensor streams; ecological momentary assessment; individual-level time-series models
	Prospective observational evaluation; no closed-loop intervention trials
	Fang and Chen (2026); Mohr et al. (2017)

	Conversational intervention
	Does interaction with the system reduce symptoms?
	Rule-based and generative dialogue systems; randomised trials with symptom-scale outcomes
	Randomised evidence with pooled effect estimates; safety evidence immature
	Heinz et al. (2025); Li et al. (2023); Linardon, Fuller-Tyszkiewicz, et al. (2024); Sohn et al. (2026)


Note. The evidential stages are ordered from model development, through internal and external validation, to prospective evaluation and randomised comparison. Domains are listed in descending order of published research volume, which is close to the inverse of their evidential maturity.
4. Diagnosis and Detection
4.1 Neuroimaging and Neurophysiological Classification
Neuroimaging-based classification was among the earliest and most heavily invested applications of machine learning in psychiatry, motivated by the hope that biological measurement would supply the objective diagnostic marker that clinical assessment lacks. A systematic review and meta-analysis of deep learning applied to neuroimaging identified fifty-three articles, concentrated on autism spectrum disorder, schizophrenia and attention-deficit hyperactivity disorder, and found that thirty-two of the thirty-five studies making a direct comparison reported higher accuracy for deep learning than for standard machine learning, although the quantitative comparison attained significance only for autism spectrum disorder (Quaak et al., 2021). The same review noted that most studies used pre-engineered features rather than exploiting the representational learning capacity that constitutes the principal advantage of deep architectures, and that minimal reporting of performance measures obstructed quantitative comparison.
The more consequential finding in this literature concerns the relationship between sample size and reported accuracy. Analyses of classification studies have repeatedly shown that accuracy declines as samples grow, which is the signature of overfitting rather than of genuine discriminative signal. An examination of neuroimaging biomarkers in attention-deficit hyperactivity disorder demonstrated that reported classification accuracy was inversely related to sample size and that circular analysis, in which feature selection is performed on the full dataset before cross-validation, produced substantial inflation (Pulini et al., 2019). Earlier work had already argued on statistical grounds that samples of the size then typical were incapable of supporting stable estimates of classification performance for psychiatric disorders (Schnack & Kahn, 2016). The convergence of an analytical argument and an empirical demonstration makes this one of the better-established conclusions in the field: much of the reported accuracy in small neuroimaging classification studies is an artefact of sample size and analytic circularity rather than evidence of a detectable biological signature.
Confidence in this conclusion is nevertheless bounded. The demonstrations concern specific disorders and specific imaging modalities, and the inference that all neuroimaging classification is similarly inflated would exceed the evidence. What can be stated is that reported accuracy from small case-control neuroimaging samples should not be treated as an estimate of achievable clinical performance, and that the burden of demonstration rests on studies using large, independently ascertained samples with pre-specified analysis pipelines.
4.2 Speech, Language and Text
Speech and language have attracted sustained attention because they are clinically meaningful, inexpensive to collect and amenable to unobtrusive measurement. A systematic review and meta-analysis of automatic speech analysis for depression detection identified 105 studies from 1,345 records and reported pooled means for the highest performance metrics of 0.81 for accuracy, 0.84 for sensitivity, 0.83 for specificity and 0.81 for precision, alongside pooled means for the lowest reported metrics of 0.66, 0.63, 0.60 and 0.64 respectively (Maran et al., 2025). The gap between the highest and lowest pooled estimates is the most informative feature of these results. It indicates that reported performance depends heavily on which configuration a study chooses to report, and that selective reporting of best-case results is likely to be common. The authors concluded that speech analysis is not ready for use as a standalone clinical tool and should presently be regarded as complementary.
A narrower systematic review of speech and voice quality as digital biomarkers reached a compatible conclusion, identifying twelve studies and emphasising methodological heterogeneity and unresolved generalisability as the principal obstacles to adoption (Briganti & Lechien, 2025). Reviews of natural language processing applied more broadly to mental illness detection have documented the same pattern of promising within-corpus performance accompanied by limited evidence of cross-corpus transfer (Zhang et al., 2022).
Two structural features of this literature deserve emphasis. The first is linguistic and cultural narrowness. Speech models are trained predominantly on a small number of languages and corpora, and prosodic and lexical markers of distress are not invariant across languages or cultures; performance demonstrated in one linguistic community provides weak evidence about another. The second is the reliance on conference proceedings, which constituted a majority of the studies in the larger meta-analysis and are subject to less stringent review and less complete reporting than journal publications. Both features suggest that pooled estimates from this literature should be interpreted as upper bounds rather than as expectations for deployment.
4.3 Electronic Health Records and Transdiagnostic Risk Calculators
Work using electronic health records offers the clearest example in the diagnostic domain of a model developed and externally validated at scale. A study applying natural language processing to free-text clinical records within a large secondary mental healthcare provider refined an existing transdiagnostic risk calculator for psychosis by adding fourteen predictors extracted from clinical text, including tearfulness, poor appetite, weight loss, insomnia, guilt, irritability, delusions, hopelessness, disturbed sleep, poor insight, agitation and paranoia. The model was developed in 28,297 patients and externally validated in 63,854 patients drawn from the same service, achieving a Harrell concordance statistic of 0.85 in external validation against 0.79 for the original clinically based calculator (Irving et al., 2021).
This study is instructive both for what it demonstrates and for what it does not. It demonstrates that unstructured clinical text contains prognostic information not captured by structured fields, that the increment is measurable, and that external validation in a large independent sample is achievable within a well-instrumented health system. It does not demonstrate transportability beyond that health system, since derivation and validation cohorts came from the same provider and shared its documentation conventions, referral pathways and case mix. Nor does it demonstrate clinical utility, since improved discrimination does not establish that decisions informed by the model produce better outcomes than decisions made without it. The distinction between discriminative improvement and decision improvement is the pivotal one for this domain, and it remains largely untested.
4.4 Suicide and Self-Harm Risk Prediction
Suicide risk prediction provides the most decisive available test of whether high discrimination translates into clinical usefulness, because the outcome is rare, the consequences of misclassification are severe in both directions, and the relevant metrics are unambiguous. A systematic review and meta-analysis of machine learning algorithms predicting suicide and self-harm included fifty-three studies and reported areas under the receiver operating characteristic curve ranging from 0.69 to 0.93, sensitivity between 45 and 82 per cent, specificity between 91 and 95 per cent, positive likelihood ratios between 6.5 and 9.9, and negative likelihood ratios between 0.2 and 0.6 (Spittal et al., 2025). Using in-sample prevalence, positive predictive values ranged from 6 to 17 per cent. Applying a positive likelihood ratio of 10 to external prevalence estimates yielded positive predictive values of 0.1 per cent in low-prevalence populations, 17 per cent in medium-prevalence populations and 66 per cent in high-prevalence populations. The review judged the overall quality of research in the area to be poor, with most studies at high or unclear risk of bias, and concluded that algorithmic performance was no better than that of traditional risk assessment scales.
These numbers repay careful reading because they show how a metric can be simultaneously impressive and useless. An area under the curve of 0.9 is conventionally described as excellent, yet at the prevalence obtaining in unselected clinical populations the same model classifies the overwhelming majority of flagged individuals as being at risk when they are not, while the modest sensitivity means that more than half of those who subsequently present with self-harm or die by suicide are classified as low risk. Neither error is tolerable in a screening application. The finding also illustrates a general principle that the review makes concrete: discrimination is prevalence-independent, whereas the predictive values that determine clinical consequences are not, and reporting the former without the latter systematically overstates usefulness.
Reviews reaching more favourable conclusions exist, including syntheses reporting encouraging pooled sensitivity for particular outcomes in adolescent populations. The divergence is largely explicable. Analyses that report discrimination and pooled sensitivity without translating them into predictive values at realistic prevalence, and that draw predominantly on internally validated models, will reach more optimistic conclusions than analyses that perform the translation and weight external validation heavily. The disagreement is therefore less about the underlying data than about which metric is treated as decisive, and the argument for treating predictive value at realistic prevalence as decisive is difficult to resist where the intended use is triage or resource allocation.
4.5 A Methodological Account of the Translation Gap
The problems described in the preceding subsections are variations on a small number of underlying causes, and identifying them precisely is necessary because they imply different remedies.
The first is the dominance of internal validation. Cross-validation within a single dataset estimates how a model performs on new observations drawn from the same distribution, not on observations drawn from a different site, population or period. Where models have been tested across genuinely independent samples, performance has frequently fallen towards chance, a finding examined in detail in the following section. The systematic review of clinical prediction models in psychiatry found that only about one fifth of models had undergone any external validation, which means that for most published models the question of transportability has not been asked (Meehan et al., 2022).
The second is analytic flexibility. Feature selection conducted before cross-validation, hyperparameter tuning without nested validation, threshold selection on the test set and selective reporting of the best-performing configuration all inflate apparent performance. The inverse relationship between sample size and reported accuracy documented in neuroimaging classification is the observable consequence (Pulini et al., 2019). The proportion of models judged at high risk of bias, at 94.5 per cent under formal appraisal, indicates that these practices are the norm rather than the exception (Meehan et al., 2022).
The third is the mismatch between development samples and target populations. Case-control designs with clean diagnostic separation are easier to assemble and produce higher apparent accuracy than consecutive clinical samples containing comorbidity, subthreshold presentation and diagnostic uncertainty. Models developed on the former are evaluated on a task substantially easier than the one they would face in practice.
The fourth is the neglect of calibration. Discrimination indicates whether a model ranks individuals correctly; calibration indicates whether its predicted probabilities correspond to observed frequencies. Clinical decisions depend on absolute risk rather than rank, yet calibration is reported far less consistently than discrimination, and reporting guidance developed specifically for prediction models using regression or machine learning methods was introduced partly in response to this deficiency (Collins et al., 2024).
The fifth is the absence of prospective impact evaluation. Even a well-calibrated, externally validated model may fail to improve outcomes if clinicians do not act on it, if the actions available are ineffective, or if the model displaces judgement that was performing better than assumed. The single instance of formal utility assessment identified across two decades of prediction modelling indicates how rarely this final step has been attempted (Meehan et al., 2022).
Table 2 summarises the diagnostic evidence by data modality, reporting what has been demonstrated, the principal limitation constraining interpretation and the implication for clinical use. The comparison shows that the modality with the strongest external validation, electronic health records, is also the one furthest from a biological marker, whereas the modalities that promised objective biological measurement have generated the least transportable evidence. This inversion is itself a substantive finding: within the current evidence base, prognostic value has come from richer contextual information about individuals rather than from measurement of their biology.
Table 2. Diagnostic and detection evidence by data modality, with the principal limitation constraining interpretation
	Data modality
	Principal reported findings
	Dominant methodological limitation
	Implication for clinical use
	Supporting references

	Structural and functional neuroimaging
	Across 53 studies, deep learning exceeded standard machine learning in 32 of 35 direct comparisons, although the quantitative difference reached significance only for autism spectrum disorder
	Reported accuracy declines as sample size increases; feature selection performed before cross-validation inflates estimates
	Accuracy from small case-control samples should not be read as achievable clinical performance
	Pulini et al. (2019); Quaak et al. (2021); Schnack and Kahn (2016)

	Speech and voice
	Across 105 studies, pooled means for best-case metrics were 0.81 accuracy, 0.84 sensitivity and 0.83 specificity, falling to 0.66, 0.63 and 0.60 respectively for worst-case metrics
	Wide divergence between best-case and worst-case reporting; heterogeneous reference standards; a majority of studies published as conference proceedings
	Complementary to clinical assessment; not established as a standalone instrument
	Briganti and Lechien (2025); Maran et al. (2025)

	Text and natural language
	Within-corpus detection performance is consistently reported; transfer across corpora is seldom demonstrated
	Linguistic and cultural narrowness of corpora; demonstrated encoding of demographic bias in language models used for psychiatric inference
	Applicability beyond the training language and population remains unestablished
	Straw and Callison-Burch (2020); Zhang et al. (2022)

	Electronic health records
	Addition of 14 predictors extracted from clinical text raised the external-validation concordance statistic from 0.79 to 0.85 in 63,854 patients
	Derivation and validation cohorts drawn from a single provider; clinical utility not assessed
	Strongest available evidence of external validity in this domain; transportability across health systems untested
	Irving et al. (2021)

	Multi-source risk models for suicide and self-harm
	AUC 0.69 to 0.93; sensitivity 45% to 82%; specificity 91% to 95%; PPV 6% to 17% using in-sample prevalence and 0.1% at low external prevalence
	Most studies at high or unclear risk of bias; discrimination reported without predictive value at realistic prevalence
	Not suitable as screening instruments in unselected clinical populations
	Spittal et al. (2025)


Note. AUC = area under the receiver operating characteristic curve; PPV = positive predictive value. Performance figures are those reported by the cited syntheses and are not directly comparable across modalities, since outcome definitions, reference standards and validation strategies differ.
5. Treatment Personalisation
5.1 Prediction of Pharmacological Response
The rationale for computational treatment selection is straightforward. Antidepressant and antipsychotic prescribing proceeds largely by sequential trial, response is variable and difficult to anticipate, and each unsuccessful trial imposes weeks of continued illness. A model that could allocate patients to the treatment most likely to benefit them would address a genuine clinical deficit.
Early work established the technical feasibility of cross-trial prediction. A model trained on data from a large pragmatic antidepressant trial and evaluated in an independent trial cohort demonstrated that clinical and demographic variables collected at baseline carried some predictive information about outcome, and that a model developed in one sample could retain performance in another (Chekroud et al., 2016). Comparable work in first-episode psychosis used multi-site trial data to predict four-week and fifty-two-week outcomes, again showing that baseline information supported better-than-chance prediction (Koutsouleris et al., 2016). These studies were influential in establishing precision psychiatry as a research programme, and they remain among the more methodologically careful contributions in the area.
A comprehensive review of machine learning for treatment outcome prediction in psychiatry subsequently mapped the field and reached a measured assessment. It noted that most treatment-prediction studies had focused on acute-phase antidepressant response, that most resulting models had not been validated in external samples, and that very few tools had progressed through implementation studies into practice (Chekroud et al., 2021). The same review cautioned against generalisability claims derived from single samples, including multi-site samples, on the grounds that shared protocol, eligibility criteria and measurement procedures make sites within a trial less independent than they appear.
5.2 The Generalisability Failure and Competing Interpretations
That caution was subsequently substantiated in the most consequential single result in this literature. Machine learning models were developed to predict outcomes of antipsychotic treatment in schizophrenia using data from several independent clinical trials. Within the trial in which a model was developed, prediction was highly accurate. Applied to independent trials, the same models performed no better than chance. Pooling data across trials to predict outcomes in a held-out trial did not remedy the failure (Chekroud et al., 2024). The design is decisive because it holds the model, the outcome and the clinical population approximately constant while varying only the dataset, thereby isolating dataset-specific fitting as the explanation for the within-sample result.
The interpretation of this finding has been contested, and the disagreement is substantive rather than rhetorical. Critics have argued that the result demonstrates the consequences of underpowered and overfitted analysis rather than a general limit on precision psychiatry, pointing to hyperparameter optimisation conducted without repeated nested cross-validation, deviations from the pre-registered protocol, and heterogeneity of the pooled samples across age and illness chronicity that would not be expected of a model developed for a well-defined target population. On this reading, the study establishes that a particular modelling approach generalises poorly across heterogeneous trials, not that treatment-response prediction is infeasible.
Both readings can be partly accommodated. The specific finding, that these models did not transport across these trials, is secure. The stronger inference, that treatment-response prediction in psychiatry is intrinsically limited, is not established by this study alone, since the samples were assembled for regulatory rather than predictive purposes and were heterogeneous in ways that a purpose-designed prediction study would avoid. What the result does establish, and what the critics do not dispute, is that within-sample performance carries almost no information about out-of-sample performance in this domain. Reported accuracy from a single dataset should therefore be treated as uninformative about clinical prospects until independent validation is available. That conclusion is corroborated by the broader finding that only about one fifth of psychiatric prediction models have been externally validated at all (Meehan et al., 2022).
5.3 Neuroimaging-Based Prediction of Psychological Treatment Outcome
A parallel literature has sought to predict treatment outcome from resting-state functional connectivity. A systematic review and meta-analysis of this work in internalising disorders identified thirteen studies and reported a mean balanced accuracy of 77 per cent, with a confidence interval from 72 to 83 per cent, and found that connectivity involving the dorsolateral prefrontal cortex carried predictive value in most studies. The same review applied a formal prediction-model risk-of-bias tool and identified high risk of bias in every included study, which the authors stated compromised the interpretability of the pooled estimate (Meinke et al., 2024).
The juxtaposition of an apparently useful accuracy estimate with a uniform judgement of high bias is the central point. A pooled balanced accuracy of 77 per cent would represent meaningful clinical information if it were trustworthy; the appraisal indicates that it is not, because the studies contributing to it share the analytic features known to inflate performance. The consistency of the dorsolateral prefrontal finding across studies is sometimes cited as corroboration, but consistency across studies sharing a common methodological weakness is weak evidence, since the weakness would be expected to produce consistent artefacts. Confidence in this literature is accordingly low, and the appropriate conclusion is that resting-state connectivity has not yet been shown to predict treatment outcome at a level that would support clinical use.
5.4 Stratified Care, Adaptive Content and Generative Personalisation
Personalisation need not depend on predicting response to a specific agent. Weaker forms, in which algorithmic output informs the intensity or timing of care rather than the choice of treatment, impose lower evidential demands because the cost of misallocation is smaller and the decision is more easily reversed. Reviews of digital mental health have noted that adaptive delivery, in which content or intensity is adjusted in response to monitored data, represents a more tractable near-term application than treatment selection (Torous et al., 2021; Torous et al., 2025). The evidence for this class of application remains limited but the failure mode is more benign.
Generative models introduce a different form of personalisation, in which content is tailored continuously through dialogue rather than selected from a fixed set of options. A scoping review of large language models for generative tasks in mental health care identified 726 unique articles and found only sixteen meeting inclusion criteria, spanning clinical assistance, counselling, therapy and emotional support. It concluded that early results were promising but that evaluation methods were largely non-standardised, with most studies relying on ad hoc scales that limit comparability, and that reliance on prompt-tuning of proprietary models raised concerns about transparency and reproducibility (Hua et al., 2025). Analyses of the opportunities and risks of these models in mental health have identified a similar combination of plausible benefit and immature evaluation, alongside specific hazards including confident generation of incorrect content, privacy exposure and the displacement of professional labour (Lawrence et al., 2024; Obradovich et al., 2024; Stade et al., 2024).
An important asymmetry follows. Personalisation by treatment selection requires a validated prediction of counterfactual outcome, which the evidence does not currently support. Personalisation by adaptive content requires only that the adaptation be safe and acceptable and that the intervention as a whole outperform its comparator, which is a question randomised trials can answer directly. The second route has therefore generated usable evidence considerably faster than the first, and the reason is evidential rather than technical.
Table 3 sets out the principal convergent and conflicting findings in this domain together with the most defensible explanation for each divergence. The pattern it reveals is that disagreements in this literature are attributable more often to differences in validation strategy and sample construction than to genuine differences in the underlying biology or psychology of treatment response.
Table 3. Convergent and conflicting findings in treatment personalisation, with the most defensible explanation for each divergence
	Finding
	Supporting evidence
	Conflicting or qualifying evidence
	Most defensible explanation for divergence
	Supporting references

	Baseline clinical variables carry information about treatment outcome
	Cross-trial prediction in depression and multi-site prediction in first-episode psychosis both exceeded chance
	Models predicting antipsychotic treatment outcome performed at chance level when applied out-of-sample
	Predictive information exists but is partly dataset-specific; trials differ in eligibility, measurement procedure and case mix
	Chekroud et al. (2016); Chekroud et al. (2024); Koutsouleris et al. (2016)

	Within-sample accuracy indicates clinical promise
	High within-trial accuracy reported across numerous development studies
	The same models lost discrimination entirely in independent trials, and pooling across trials did not remedy the failure
	Within-sample estimates capture dataset-specific structure; only external validation is informative about deployment
	Chekroud et al. (2024); Meehan et al. (2022)

	The generalisability failure reflects an intrinsic limit of precision psychiatry
	Failure persisted despite pooling data across several large independent trials
	Critics attribute the result to underpowered and overfitted analysis, protocol deviation and heterogeneous samples rather than to an intrinsic limit
	Both readings are compatible with the data; the restrained interpretation, that these models did not transport across these trials, is better supported
	Chekroud et al. (2021); Chekroud et al. (2024)

	Resting-state connectivity predicts treatment outcome in internalising disorders
	Pooled balanced accuracy of 77% (95% CI 72% to 83%) across 13 studies, with dorsolateral prefrontal features implicated in most
	Formal appraisal identified high risk of bias in every included study
	Consistency across studies sharing a common analytic weakness constitutes weak corroboration
	Meinke et al. (2024)

	Generative systems enable continuous personalisation of therapeutic content
	Scoping review identified early promise across clinical assistance, counselling, therapy and emotional support
	Only 16 of 726 identified articles met inclusion criteria; evaluation was largely non-standardised and dependent on prompt-tuning of proprietary models
	Capability has outpaced the development of evaluation methodology
	Hua et al. (2025); Lawrence et al. (2024); Stade et al. (2024)


Note. CI = confidence interval. The table records disagreements within the reviewed literature; it does not resolve them, and the explanations offered are the interpretations best supported by the available evidence rather than settled conclusions.
6. Patient Monitoring
6.1 Passive Sensing and Digital Phenotyping
Continuous monitoring addresses a real deficiency in psychiatric practice, where assessment is episodic, retrospective and dependent on recall during brief consultations. The conceptual case for passive sensing was set out early: personal devices generate continuous behavioural data that can be analysed to infer mental state without requiring active participation, potentially yielding measurement that is denser, more ecologically valid and less subject to recall bias than clinical interview (Mohr et al., 2017). Sleep, physical activity, mobility and communication patterns are all clinically meaningful, all disturbed in mood and psychotic disorders, and all measurable from smartphones and wearable devices.
Empirical progress has been real but slower than the conceptual case implied. Reviews of smartphone-based digital phenotyping in depression have consistently reported moderate model performance alongside recurring difficulties with missing and complex data and an absence of external test sets. The consistency of these observations across successive reviews indicates a structural feature of the field rather than a transient limitation of early work.
6.2 Relapse Prediction and Early Warning
The clearest clinical application of continuous monitoring is early detection of deterioration, where advance warning could enable preventive intervention. A recent systematic review of passive sensing approaches to relapse prediction identified fifty-two studies encompassing 4,814 participants, distributed across schizophrenia spectrum disorders, bipolar disorder and major depressive disorder. Predictive features most frequently implicated were alterations in sleep patterns and physical activity, each reported in 83 per cent of studies, mobility derived from satellite positioning in 75 per cent, and social communication frequency in 65 per cent. Reported areas under the curve for predicting relapse one to four weeks in advance ranged from 0.70 to 0.88. The review noted that most of these estimates derived from internal validation and were likely to overestimate real-world performance, that multi-modal integration and individual-level modelling consistently outperformed single-modality and population-level approaches, and that high risk of bias was present in 75 per cent of studies, attributable principally to inadequate analytic methodology and reliance on internal validation (Fang & Chen, 2026).
Three features of this synthesis deserve emphasis. First, the convergence on sleep, activity, mobility and social communication across a large number of independent studies is a genuinely convergent finding, and it is convergent with clinical knowledge of prodromal change rather than being an artefact of measurement convenience. Second, the superiority of individual-level over population-level modelling is theoretically coherent, since the clinically relevant signal is deviation from a person's own baseline rather than deviation from a population norm, and it implies that the useful unit of analysis is within-person change over time. Third, the reported discrimination remains subject to the same inflation from internal validation that affects the diagnostic literature, so the range of 0.70 to 0.88 should be read as an optimistic bound.
The decisive limitation, which the review itself identifies, is that closed-loop evaluation has not been conducted. No trial has established that detection of an early-warning signal, followed by a clinical response, reduces relapse relative to usual care. Until such a trial is performed, the clinical value of relapse prediction remains inferred rather than demonstrated, and the inference requires the additional assumption that an effective and acceptable intervention is available at the point of detection.
6.3 Missingness, Engagement and the Ecology of Continuous Measurement
Passive sensing is often described as requiring no effort from patients, but this characterisation obscures a serious methodological problem. Data are missing when a device is uncharged, switched off, left behind or replaced, and these events are not independent of mental state. Withdrawal, disorganisation and disrupted routine, which are among the phenomena the system is intended to detect, are also among the phenomena most likely to interrupt data collection. Missingness is therefore informative in a manner that standard imputation procedures, which assume missingness at random conditional on observed data, are not designed to handle. The direction of the resulting bias is not fixed, since a gap in data may itself carry signal, but the assumption of ignorable missingness is unlikely to hold.
Engagement presents a related difficulty for the monitoring applications that require active input. A meta-analytic review of attrition and adherence in smartphone-delivered mental health interventions documented substantial dropout and incomplete adherence across trials, and the pattern has persisted in subsequent syntheses (Linardon & Fuller-Tyszkiewicz, 2020). Where monitoring depends on sustained participation, models validated on cohorts assembled and retained under research conditions will overstate the data availability achievable in routine care.
A third consideration concerns who is monitored. Passive sensing presupposes ownership of a suitable device, network connectivity, sufficient digital literacy and a living situation compatible with continuous data collection. Qualitative work with people with serious mental illness in community settings has documented substantial barriers on each of these dimensions, and has shown that the populations who might benefit most from continuous monitoring are frequently those least able to sustain it (Kozelka et al., 2023). Monitoring technologies therefore risk improving care for those already better served unless access is addressed as a design requirement rather than a downstream implementation problem.
7. Conversational Agents at the Boundary of Monitoring and Treatment
7.1 Efficacy Estimates and Their Instability
Conversational agents occupy an ambiguous position between monitoring and treatment, and they constitute the only application domain in this review supported by randomised evidence and pooled effect estimates. The earliest randomised evaluation of a rule-based agent delivering cognitive behavioural content to young adults with depressive and anxiety symptoms reported reductions in depressive symptoms relative to an information-only control (Fitzpatrick et al., 2017), and a substantial trial literature has since accumulated.
Pooled estimates from this literature have moved considerably as it has matured, and the trajectory is informative. An early meta-analysis of artificial-intelligence-based conversational agents identified thirty-five studies for systematic review and fifteen randomised trials for meta-analysis, reporting a standardised mean difference of 0.64 for depressive symptoms and 0.70 for distress, while finding no significant improvement in overall psychological well-being. Effects were more pronounced for agents that were multimodal, generative, integrated with messaging platforms, or targeted at clinical, subclinical and older populations (Li et al., 2023). A more recent and larger meta-analysis restricted to randomised trials, searching to October 2025 and including thirty-nine eligible studies with approximately 7,400 participants analysed for depression and 7,600 for anxiety, reported considerably smaller pooled effects of 0.31 for depressive symptoms and 0.28 for anxiety symptoms, with larger effects in clinical and subclinical than in non-clinical samples (Sohn et al., 2026).
The reduction in estimated effect as the evidence base expanded is the expected consequence of early small trials with weak comparators giving way to larger and more rigorously controlled evaluations, and it should be read as a maturation of the estimate rather than as a decline in the technology. The revised magnitude is comparable to that reported for mental health smartphone applications generally. A meta-analysis of 176 randomised trials found small but statistically significant effects on symptoms of depression and generalised anxiety, moderate effects on social anxiety and obsessive-compulsive symptoms, a small effect on post-traumatic stress symptoms, and a non-significant negative effect on panic symptoms, while noting that most trials carried high risk of bias and used small samples. Features associated with larger effects included cognitive behavioural content, mood monitoring and chatbot technology (Linardon, Torous, et al., 2024). The convergence of independent syntheses on small-to-moderate effects, conditional on population severity and comparator, is one of the more secure conclusions available in this review.
7.2 The Generative Turn
Rule-based agents follow decision trees and can only respond within a predetermined range. Generative agents produce novel text, which permits responsiveness but removes the guarantee that responses will remain within a clinically sanctioned repertoire. The first randomised controlled trial of a fine-tuned generative agent designed for mental health treatment enrolled 210 adults with clinically significant symptoms of major depressive disorder, generalised anxiety disorder, or clinically high risk for feeding and eating disorders, randomising 106 to a four-week intervention and 104 to a waiting-list control with access after the study period. Symptom improvement was observed at four and eight weeks, engagement was high, and participants rated their alliance with the system favourably (Heinz et al., 2025).
The trial is a genuine advance in that it demonstrates feasibility and provides randomised evidence where none previously existed for generative systems. Its limitations are equally clear and were acknowledged by its authors and by subsequent commentary. A waiting-list comparator does not control for expectancy, attention or the effect of being observed, and consistently yields larger apparent effects than active comparators. The sample was modest, the intervention brief, and the follow-up short relative to the recurrent course of the conditions treated. Commentary in the general medical literature has emphasised that larger trials with active comparators are required before effectiveness and generalisability can be regarded as established (Torous & Topol, 2025). Confidence in the conclusion that fine-tuned generative agents can deliver clinically meaningful benefit is therefore limited by comparator design and duration, and the appropriate reading is that the trial establishes feasibility and warrants larger evaluation rather than that it establishes efficacy.
A related conceptual difficulty concerns the therapeutic alliance. Systematic reviews of conversational agents in mental health have consistently found that user experience is shaped by the perceived quality of the relationship with the system (Gaffney et al., 2019; Li et al., 2023). Alliance ratings comparable to those given to human clinicians are frequently reported as a favourable result. Whether an alliance with a system incapable of reciprocal understanding functions therapeutically in the way that alliance with a clinician does, or whether it constitutes an engagement mechanism with different and possibly less durable properties, is unresolved. Analyses of the computational and ethical dimensions of using large language models in psychotherapy have identified this question as central and as inadequately addressed by current evaluation practice (Zhang et al., 2025).
7.3 Safety, Crisis Response and Adverse-Event Reporting
Safety evidence is the weakest component of this literature, and the deficiency is systematic rather than incidental. A systematic review and meta-analysis of adverse events in clinical trials of mental health applications found that only fifty-five of 171 identified trials reported adverse events at all. The meta-analytic deterioration rate across thirteen application conditions was 6.7 per cent, with a confidence interval from 4.3 to 10.1 per cent, and deterioration rates did not differ significantly between application and control groups. Reporting was heterogeneous in the assessments used, the events recorded and the detail provided (Linardon, Fuller-Tyszkiewicz, et al., 2024). The absence of a detectable difference in deterioration between application and control conditions is reassuring as far as it goes, but it is derived from a small subset of trials that chose to report adverse events, and selective reporting in this direction is plausible.
Direct assessment of crisis handling provides a sharper warning. An evaluation of twenty-nine artificial-intelligence-powered chatbot agents available through consumer application repositories tested each against a standardised set of prompts based on a recognised suicide severity rating scale and designed to simulate escalating suicidal risk. None of the agents satisfied the study's initial criteria for an adequate response. Approximately 52 per cent satisfied relaxed criteria for a marginal response and approximately 48 per cent were judged inadequate, with common failures including inability to provide emergency contact information and lack of contextual understanding (Pichowicz et al., 2025). The relevance of this finding is heightened by the fact that these were publicly available consumer products rather than research prototypes, and that they are accessible without clinical gatekeeping to people in acute distress.
A gap therefore exists between the systems evaluated in trials and the systems in widest public use. Trial evidence concerns purpose-built agents delivering structured content under research oversight; the products people actually reach for are general-purpose or lightly specialised consumer applications whose crisis handling has not been validated. Inferring the safety of the second class from evidence about the first is not defensible, and the reporting practices documented above mean that the necessary evidence about the second class is largely absent.
Table 4 assembles the reported and pooled estimates from the monitoring and conversational intervention literatures alongside the considerations bearing on the certainty of each. Presenting them together makes visible a distinction that summary statements about the performance of artificial intelligence in mental health routinely obscure, namely the difference in evidential status between effect estimates derived from randomised comparison and discrimination estimates derived from internally validated observational models. The table also shows that the two entries carrying the clearest implications for patient safety, adverse-event reporting and crisis handling, are supported by the weakest and least systematic evidence in the set.
Table 4. Reported and pooled estimates for monitoring and conversational intervention, with considerations bearing on certainty
	Approach
	Reported or pooled estimate
	Evidence base
	Considerations bearing on certainty
	Supporting references

	Passive sensing for relapse prediction
	AUC 0.70 to 0.88 for relapse one to four weeks in advance
	52 studies; 4,814 participants
	High risk of bias in 75% of studies; predominantly internal validation; no closed-loop trials conducted
	Fang and Chen (2026)

	Mental health smartphone applications
	Small significant effects on depressive and generalised anxiety symptoms; moderate effects on social anxiety and obsessive-compulsive symptoms; non-significant negative effect on panic symptoms
	176 randomised controlled trials
	Most trials at high risk of bias and based on small samples
	Linardon, Torous, et al. (2024)

	Conversational agents, earlier synthesis
	Hedges g 0.64 for depressive symptoms and 0.70 for distress; no significant effect on overall psychological well-being
	15 randomised trials drawn from 35 studies
	Small trial pool; weak comparators common among early trials
	Li et al. (2023)

	Conversational agents, more recent synthesis
	Hedges g 0.31 for depressive symptoms and 0.28 for anxiety symptoms
	39 randomised controlled trials; approximately 7,401 and 7,621 participants analysed
	Larger and more rigorously controlled evidence base; effects larger in clinical and subclinical than in non-clinical samples
	Sohn et al. (2026)

	Fine-tuned generative agent
	Symptom improvement at 4 and 8 weeks; high utilisation and favourable alliance ratings
	Single randomised controlled trial; 210 participants
	Waiting-list comparator; brief intervention and follow-up; effectiveness and generalisability not yet confirmed
	Heinz et al. (2025); Torous and Topol (2025)

	Adverse events in trials of mental health applications
	Meta-analytic deterioration rate 6.7% (95% CI 4.3% to 10.1%); no significant difference between application and control conditions
	13 application conditions drawn from the 55 of 171 trials that reported adverse events
	Adverse events reported in fewer than one third of identified trials; ascertainment heterogeneous
	Linardon, Fuller-Tyszkiewicz, et al. (2024)

	Crisis handling by publicly available chatbot agents
	No agent met the initial criteria for an adequate response; approximately 52% marginal and 48% inadequate
	29 publicly available agents tested against standardised escalating-risk prompts
	Scenarios were simulated rather than clinical; the products tested are those in widest public use
	Pichowicz et al. (2025)


Note. AUC = area under the receiver operating characteristic curve; CI = confidence interval. Estimates are not comparable across rows, since they derive from different designs, outcomes and comparators; the table is intended to display differences in evidential status rather than to rank approaches.
8. Equity, Governance and Implementation
8.1 Representational Narrowness and Differential Performance
Model performance is conditional on the population from which training data are drawn, and the training populations in this field are narrow. An early demonstration specific to mental health showed that language-based models used for psychiatric applications encoded biases with respect to religion, race, gender, nationality, sexuality and age, and that these biases were detectable in model outputs relevant to clinical inference (Straw & Callison-Burch, 2020). Because psychiatric assessment depends on the interpretation of language and behaviour whose meaning varies across cultural contexts, the scope for systematic misclassification is greater than in domains with physical measurement.
The consequences are cumulative rather than isolated. Where diagnostic models are trained on samples that under-represent particular groups, where speech models are trained on a narrow range of languages, where risk calculators are derived within single health systems with distinctive documentation practices, and where sensing studies recruit participants who own suitable devices and can sustain their use, each stage compounds the narrowing. A perspective on fair-aware artificial intelligence in mental healthcare has argued that equity must be built into problem formulation, data collection and evaluation through co-creation with affected communities rather than addressed by post-hoc correction, on the grounds that bias introduced at the stage of problem definition cannot be removed downstream (Timmons et al., 2025). The argument is conceptual rather than empirical, and the empirical literature contains few systematic fairness audits of deployed mental health models, which is itself a finding: differential performance across subgroups is widely anticipated and rarely measured.
8.2 Privacy, Data Governance and Commercial Incentives
Mental health data are among the most sensitive categories of personal information, and their handling by consumer applications has been documented as inadequate. An assessment of data sharing and privacy practices among smartphone applications for depression and smoking cessation found substantial transmission of data to third parties, frequently for advertising and analytics purposes, and inconsistency between actual data transmission and the disclosures made in privacy policies (Huckvale et al., 2019). Although this study predates the current generation of generative applications, the incentive structure it documented has not changed, and continuous passive sensing generates data considerably more revealing than the periodic self-report it examined.
The governance problem is structural. Continuous sensing produces location traces, communication patterns, sleep timing and activity levels from which mental state, social network and daily routine can be inferred with a precision that consent processes at the point of installation do not meaningfully convey. Conversational systems accumulate disclosures that would be protected by confidentiality if made to a clinician and are not necessarily so protected when made to a commercial product. Reviews of digital mental health have identified this asymmetry between the sensitivity of the data and the protections attaching to it as a persistent and unresolved concern (Torous et al., 2025).
8.3 Regulation, Reporting Standards and Evidentiary Thresholds
Regulatory frameworks have not kept pace. Guidance issued by the World Health Organization on the ethics and governance of large multi-modal models in health sets out recommendations addressed to governments, developers and providers, including investment in public infrastructure, enactment of laws ensuring that health applications meet ethical and human-rights obligations, assignment of regulatory responsibility for assessment and approval, mandatory post-release auditing and impact assessment by independent third parties, and engagement of diverse stakeholders from the earliest stages of development (World Health Organization, 2024). The guidance is comprehensive in scope but not binding, and its implementation depends on national regulatory capacity that varies widely.
The specific difficulty for mental health is classification. Argument has been made that general-purpose generative systems used in healthcare require regulatory oversight proportionate to their capability and reach, and that existing device frameworks are poorly suited to systems whose behaviour changes with each model update (Meskó & Topol, 2023). Many mental health products are marketed as wellness or self-help tools, which places them outside medical device regulation in most jurisdictions, while making claims about symptom improvement that are clinical in substance. The result is that the products most widely used are the least regulated, and the crisis-handling failures documented among consumer chatbot agents occurred within precisely this unregulated space (Pichowicz et al., 2025).
Reporting standards provide a partial remedy within research. Extensions of trial reporting guidance to interventions involving artificial intelligence specify additional items concerning the intended use of the algorithm, the setting and input data requirements, the handling of poor-quality input, and the analysis of performance errors (Liu et al., 2020). Updated guidance for reporting prediction models developed with regression or machine learning methods addresses calibration reporting, validation strategy and transparency of model specification (Collins et al., 2024). Consistent adherence would remove a substantial part of the ambiguity that currently obstructs appraisal, though reporting standards can only make the quality of a study visible and cannot improve its design.
8.4 Acceptance among Clinicians and Service Users
Implementation depends on the willingness of clinicians to use these systems and of patients to accept them. A global survey of psychiatrists examining expectations of artificial intelligence found broad acceptance of documentation and administrative support alongside considerable scepticism about the substitution of clinical functions such as the provision of empathic care, and a widespread view that some tasks central to psychiatric practice would not be adequately performed by machines (Doraiswamy et al., 2020). The finding predates current generative capability and attitudes may have shifted, but the underlying distinction between augmentation of clinician capacity and substitution for clinical judgement remains the pivotal issue for implementation.
Two considerations follow. The first is that tools requiring clinicians to act on outputs they cannot interpret are unlikely to be adopted, which raises the practical importance of interpretability beyond its epistemic importance (Joyce et al., 2023). The second is that systems reaching patients directly bypass clinician acceptance entirely, which is why the governance gap around consumer products is more consequential than the adoption gap within services. The applications facing the highest evidentiary barriers are those that would enter supervised clinical practice, while those facing the lowest are those that reach users without any professional intermediary. This inversion of evidentiary burden relative to risk exposure is the single most important structural problem identified in this review.
Future Directions
The research priorities that follow are derived from the specific weaknesses identified above rather than from general aspiration, and they are ordered by the extent to which addressing them would unblock progress across multiple domains.
The most immediate priority is prospective external validation as a condition of publication for clinical prediction models. The problem is not that models perform poorly but that their performance in the settings where they would be used is unknown, since only about one fifth have been externally validated and within-sample performance has been shown to carry little information about out-of-sample performance (Chekroud et al., 2024; Meehan et al., 2022). The appropriate design is temporal or geographical external validation in a sample not used at any stage of development, with pre-registered analysis, reporting of calibration alongside discrimination, and presentation of predictive values at the prevalence obtaining in the intended deployment population. This requires no new methodology and no new data infrastructure beyond that already available in well-instrumented health systems, and it would immediately clarify which of the existing model inventory merits further investment. Adherence to established reporting guidance for prediction models would render the necessary information visible (Collins et al., 2024).
The second priority is closed-loop evaluation of monitoring systems. Passive sensing has demonstrated moderate discrimination for relapse prediction up to four weeks in advance, but no trial has established that acting on an early-warning signal improves outcomes (Fang & Chen, 2026). The required design is a randomised comparison in which an algorithmically generated alert triggers a specified clinical response, with relapse, hospitalisation and functional outcomes as endpoints and with attention to the burden imposed by false alerts on both patients and services. Populations with recurrent psychotic and bipolar illness are the appropriate initial focus, since relapse is well defined, consequential and preceded by a documented prodrome. Follow-up must extend across at least one expected relapse interval, which implies twelve months or longer. Until such trials are conducted, investment in improving the discrimination of relapse models addresses the wrong constraint.
The third priority is safety evaluation of publicly accessible conversational systems, which is urgent because exposure is already widespread. Evidence that none of twenty-nine consumer chatbot agents met adequate criteria for responding to escalating suicidal risk, and that approximately half were judged inadequate even against relaxed criteria, indicates a hazard present in current use rather than a hypothetical future risk (Pichowicz et al., 2025). The required work comprises standardised adversarial safety benchmarks covering crisis disclosure, escalation and referral; mandatory adverse-event reporting in trials of conversational agents, given that fewer than one third of application trials have reported adverse events at all (Linardon, Fuller-Tyszkiewicz, et al., 2024); and post-deployment surveillance capable of detecting harm in populations that never enter a trial. Outcome measures should include failure to escalate, provision of inaccurate crisis information and the reinforcement of harmful cognition, none of which is captured by symptom-scale change.
The fourth priority is the construction of representative longitudinal datasets with harmonised outcome definitions. Heterogeneity in the operationalisation of relapse, response and remission prevents comparison across studies and contributes to the instability of pooled estimates (Fang & Chen, 2026; Maran et al., 2025). Linguistic and cultural narrowness in speech and language corpora limits the applicability of detection models beyond the populations on which they were trained (Straw & Callison-Burch, 2020). The required work is consortium-scale, prospective, multi-site and multi-lingual data collection with common outcome definitions, deliberate over-sampling of under-represented populations, and analysis plans specifying subgroup performance reporting in advance. Equity considerations must enter at the stage of problem formulation rather than as post-hoc correction, since bias introduced in defining the prediction target cannot be removed by adjusting the model (Timmons et al., 2025). This is a longer-term undertaking, and it is the one most likely to alter what is achievable rather than merely what is known.
The fifth priority is comparative effectiveness research on generative interventions using active comparators. The available randomised evidence for a fine-tuned generative agent used a waiting-list control over four weeks (Heinz et al., 2025), and the field requires trials against guided self-help, low-intensity psychological intervention or a rule-based agent, with follow-up of at least six months, pre-registered outcomes, and evaluation of the therapeutic alliance as a mechanism rather than as a satisfaction measure (Zhang et al., 2025). Trials should adhere to reporting guidance developed for interventions involving artificial intelligence, including specification of the model version evaluated, since generative systems change with updates in ways that compromise the reproducibility of trial findings (Liu et al., 2020).
Two further directions warrant attention over a longer horizon. Research is needed on how algorithmic outputs should enter clinical reasoning, since a well-validated model may still fail to improve care if clinicians cannot interpret it, do not trust it, or have no effective action available in response (Doraiswamy et al., 2020; Joyce et al., 2023). Studies of decision integration, examining what clinicians do with predictions and how outcomes change as a result, are almost entirely absent and are logically prior to deployment. Separately, evidence is needed on the implementation of these technologies in low-resource settings, where the potential benefit is greatest and the evidence is thinnest. Digital interventions have shown substantial effects in low- and middle-income countries (Karyotaki et al., 2023), but this evidence concerns structured digital interventions rather than algorithmic systems, and inference from one to the other is not warranted. Work in these settings should address infrastructure, linguistic adaptation and the risk that technologies developed elsewhere encode assumptions that do not transfer.
Table 5 presents these priorities against the problems they address, the designs required and the timescales over which results could reasonably be expected.
Table 5. Prioritised research agenda derived from the identified weaknesses in the evidence base
	Priority
	Unresolved problem
	Required design and outcomes
	Timescale
	Supporting references

	Prospective external validation as a condition of publication
	Performance of most models in their intended settings is unknown
	Temporal or geographical validation in wholly independent samples; pre-registered analysis; calibration reported alongside discrimination; predictive value at deployment prevalence
	Immediate
	Chekroud et al. (2024); Collins et al. (2024); Meehan et al. (2022)

	Closed-loop trials of monitoring systems
	No evidence that acting on an early-warning signal improves outcomes
	Randomised comparison in recurrent psychotic and bipolar illness; alert-triggered clinical response; relapse, admission and functioning over 12 months or longer; burden of false alerts measured
	Immediate to medium term
	Fang and Chen (2026)

	Safety evaluation of publicly accessible conversational systems
	Consumer products respond inadequately to escalating suicidal risk, and adverse events are seldom reported
	Standardised adversarial safety benchmarks; mandatory adverse-event reporting; post-deployment surveillance; outcomes including failure to escalate and provision of inaccurate crisis information
	Immediate
	Linardon, Fuller-Tyszkiewicz, et al. (2024); Pichowicz et al. (2025)

	Representative longitudinal datasets with harmonised outcomes
	Inconsistent outcome definitions and narrow linguistic and demographic coverage prevent comparison and transfer
	Consortium-scale multi-site and multi-lingual prospective collection; common outcome definitions; pre-specified subgroup performance reporting; equity addressed at the stage of problem formulation
	Long term
	Maran et al. (2025); Straw and Callison-Burch (2020); Timmons et al. (2025)

	Comparative effectiveness trials of generative interventions
	Existing randomised evidence relies on a waiting-list comparator over four weeks
	Active comparators including guided self-help and rule-based agents; follow-up of at least six months; pre-registered outcomes; therapeutic alliance evaluated as a mechanism; model version specified
	Medium term
	Heinz et al. (2025); Liu et al. (2020); Zhang et al. (2025)

	Decision-integration research
	The effect of algorithmic output on clinician reasoning and subsequent action is unknown
	Prospective studies of clinician response to model predictions, with downstream decisions and patient outcomes as endpoints
	Medium term
	Doraiswamy et al. (2020); Joyce et al. (2023)

	Implementation in low-resource settings
	Available evidence concerns structured digital interventions rather than algorithmic systems
	Pragmatic trials incorporating local linguistic and cultural adaptation, with infrastructure and access treated as measured variables rather than assumptions
	Long term
	Karyotaki et al. (2023); Kozelka et al. (2023); World Health Organization (2024)


Note. Timescales indicate the period within which informative results could reasonably be expected given existing infrastructure, not the period required to complete all work in the category. Priorities are ordered by the extent to which addressing them would remove obstacles common to more than one application domain.
Conclusions
The evidence examined in this review supports a small number of defensible conclusions and does not support several claims that are commonly made.
The most secure conclusion concerns the gap between technical performance and clinical benefit. Across diagnosis, treatment personalisation and monitoring, models frequently achieve high accuracy within the datasets on which they were developed, and this accuracy has repeatedly failed to persist under independent evaluation. The demonstration that models predicting antipsychotic treatment outcome performed at chance level when applied to independent trials, and that pooling data across trials did not remedy the failure, is the clearest instance, and it is corroborated by the finding that the large majority of psychiatric prediction models carry high risk of bias and that only a minority have been externally validated at all. Within-sample performance should therefore be treated as uninformative about clinical prospects. This conclusion is strongly supported and is not seriously contested, although its scope remains debated: whether it reflects an intrinsic limit on prediction in psychiatry or the consequences of prevailing methodological practice is not settled by the available evidence, and the more restrained interpretation is better supported.
A second conclusion concerns the ordering of evidential maturity across domains. Conversational interventions, the most recently established application, are supported by randomised trials and by pooled effect estimates that have converged on small-to-moderate benefit conditional on baseline severity and comparator. Monitoring has reached the stage of prospective observational evaluation with moderate discrimination for relapse prediction, but without any trial demonstrating that acting on an early-warning signal improves outcomes. Diagnostic classification and treatment-response prediction, despite attracting the greatest research volume, remain almost entirely at the model-development stage. Evidential progress has tracked the availability of a well-defined outcome and a feasible comparator rather than the sophistication of the method, and this observation carries direct implications for where further investment is likely to yield returns.
A third conclusion concerns the nature of the constraints. The obstacles identified across all three domains are substantially the same: internal validation in place of external validation, analytic flexibility that inflates apparent performance, development samples that are easier than target populations, outcome labels of limited reliability, neglect of calibration and of predictive value at realistic prevalence, and the near-absence of prospective evaluation of clinical impact. These are properties of the research infrastructure and of prevailing evidentiary practice rather than of the algorithms, and they will not be resolved by improved model architectures. The suicide risk prediction literature demonstrates the point most starkly, since models achieving areas under the curve conventionally described as excellent yield positive predictive values that preclude use as screening instruments in unselected populations.
A fourth conclusion concerns governance. The evidentiary burden currently falls most heavily on applications that would enter supervised clinical practice and most lightly on those that reach users directly without professional intermediation. Consumer conversational products, which are accessible without clinical gatekeeping to people in acute distress, have been shown to respond inadequately to escalating suicidal risk, and adverse events are reported in only a minority of trials of mental health applications. This inversion of scrutiny relative to risk exposure is the most consequential structural problem identified here, and it is a matter of regulatory classification rather than of technical capability.
Taken together, these findings do not warrant either the enthusiasm or the dismissal that characterise much commentary. Artificial intelligence has produced measurable and replicated benefit in one narrow area, has produced credible but unconfirmed signals in another, and has produced an extensive model inventory of unestablished value in a third. The broader significance of this pattern lies in what it reveals about the conditions under which computational methods become clinically useful. Those conditions are reliable outcome measurement, representative and independent data, prospective evaluation against realistic comparators, and governance that attaches scrutiny to exposure. Where they have been met, progress has followed; where they have not, two decades of increasingly capable methods have produced very little that has changed what happens to patients.
Limitations
This review is subject to the limitations intrinsic to the narrative form. Study selection was purposive rather than exhaustive, and the identification, weighting and interpretation of evidence reflect analytic judgements that another reviewer might have made differently. Although the search strategy, sources, period and eligibility criteria have been reported so that the basis of selection can be examined, the possibility of selection bias and of interpretive bias cannot be excluded, and no formal procedure was used to protect against either. The absence of duplicate independent screening and of a second appraiser is a further constraint on reliability.
Access to subscription-only citation indexes and to specialist psychological and biomedical databases was not available during preparation. Retrieval therefore depended on a bibliographic metadata registry, a biomedical citation index, targeted searching of scholarly and institutional sources, and citation tracking. Literature indexed exclusively in inaccessible resources, and literature in disciplines whose principal outlets are not covered by the sources used, may consequently be under-represented. Where full text could not be obtained, appraisal relied on abstracts containing sufficient methodological and numerical detail, which permits verification of reported findings but not independent scrutiny of their derivation.
The review was restricted to sources in English. Given that linguistic and cultural narrowness of training data is identified here as a substantive weakness of the underlying evidence base, this restriction is likely to have compounded the geographical imbalance it describes, and evidence from non-English-speaking research communities is probably under-represented in the synthesis.
Heterogeneity across the evidence base constrains what could be concluded. The included literature spans case-control classification studies, prognostic modelling in routinely collected records, observational sensing cohorts and randomised trials, and these designs differ in outcome definition, performance metric and unit of analysis to a degree that precludes quantitative synthesis. Comparisons across domains are therefore qualitative, and statements about relative evidential maturity should be read as structured judgements rather than as measured quantities. Where pooled estimates are reported, they derive from published meta-analyses whose inclusion criteria and analytic decisions were not independently verified.
Several features of the primary literature limit confidence further. Much of the evidence rests on observational designs and on internally validated models whose performance in deployment is unknown. Comparability among studies is restricted by inconsistent operationalisation of central outcomes including relapse, response and remission. Long-term evidence is scarce across every domain, with follow-up in intervention trials typically measured in weeks, so conclusions about durability are not available. Publication bias is likely, since models yielding poor performance are less likely to be published and adverse events are reported in only a minority of intervention trials, and the direction of both biases favours optimistic conclusions. Geographical representation is uneven, with evidence concentrated in high-income settings.
Finally, this is a field in which capability changes rapidly. Generative systems are updated frequently, and evidence concerning a specific model version may not describe its successors. Findings reported here reflect the literature available to the stated search date and should be revisited as the evidence base develops.
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