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ABSTRACT

Artificial intelligence (Al) is increasingly investigated as a means of supporting psychiatric diagnosis and clinical decision-
making. This narrative review critically evaluates its current clinical applications, limitations, ethical challenges, and
readiness for implementation in psychiatric practice. A literature search of PubMed, Scopus, Web of Science, and Google
Scholar was conducted for English-language publications issued between January 2020 and July 2026, supplemented by
earlier landmark contributions. Following duplicate removal and eligibility screening, 111 publications were included in a
clinically oriented narrative synthesis. Machine learning, deep learning, natural language processing, digital biomarkers, and
large language models have demonstrated potential applications in diagnostic classification, symptom monitoring, treatment-
response prediction, relapse and suicide-risk assessment, clinical documentation, and precision psychiatry. Promising
performance in retrospective or internally validated datasets has not yet been matched by robust evidence of improved
clinical decisions or patient outcomes. Major limitations include small and unrepresentative samples, methodological
heterogeneity, insufficient external and prospective validation, inadequate calibration, limited interpretability, inconsistent
safety assessment, and vulnerability to bias and automation-related errors. These concerns are particularly important in high-
risk applications involving suicide prediction, treatment allocation, and direct patient interaction. Al should augment rather
than replace comprehensive clinical assessment and professional judgment. Translation into routine practice will require
prospective multicenter studies, representative longitudinal datasets, transparent reporting, subgroup-specific fairness
evaluation, meaningful human oversight, stakeholder co-design, and continuous post-deployment monitoring. The value of
psychiatric Al should ultimately be determined by whether it safely and equitably improves clinical decisions and patient-
relevant outcomes.
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1. Introduction

Psychiatric diagnosis and treatment remain primarily based on clinical interviews, behavioral
observation and symptom-based classification. Successive editions of the Diagnostic and Statistical Manual of
Mental Disorders (DSM) and the International Classification of Diseases (ICD) have improved diagnostic
reliability and facilitated communication across clinical and research settings. Their categories do not fully
capture the dimensional, overlapping and dynamic nature of psychopathology. Contemporary psychiatry faces
a persistent tension between the practical utility of established diagnostic systems and the need for more
individualized approaches to assessment and treatment, suggesting that progress is more likely to arise through
the gradual integration of complementary methods than through the replacement of existing clinical
frameworks by a single new paradigm (Stein et al., 2022). This challenge is reinforced by substantial
heterogeneity within psychiatric diagnoses: patients assigned to the same disorder may differ markedly in
symptom profiles, underlying biological mechanisms, longitudinal trajectories and treatment response.
Extensive research across genetic, transcriptomic, proteomic, metabolomic and epigenetic domains has not yet
found a biomarker that has achieved sufficiently robust and generalizable performance for routine diagnostic
or therapeutic use across major psychiatric disorders. The development of clinically meaningful markers may
depend on combining multiple sources of information to stratify heterogeneous populations and identify
patterns associated with prognosis or treatment response, reducing reliance on trial-and-error management
(Garcia-Gutiérrez et al., 2020).
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The analysis of such complex and multidimensional information is facilitated by artificial intelligence
(AD). Machine learning, deep learning and natural language processing can integrate clinical,
sociodemographic, neurobiological and linguistic data, while digital biomarkers derived from smartphones and
wearable devices enable behavioral and physiological changes to be captured longitudinally between clinical
encounters. Across the mental healthcare pathway, these approaches have been investigated for diagnostic
classification, early detection, symptom monitoring, prognostic modeling, treatment-response prediction and
digitally delivered interventions. Their potential clinical role ranges from cross-sectional assessment to the
evaluation of illness trajectories (Cruz-Gonzalez et al., 2025). By identifying interactions that may be difficult
to recognize through conventional analysis, predictive models could estimate individualized risks, distinguish
clinically relevant subgroups and support decisions regarding monitoring intensity or preventive intervention
(Lieslehto et al., 2025; Perry et al., 2026). Recent models have demonstrated that routinely available clinical
data can be used to estimate cardiometabolic outcomes in young people with psychosis-spectrum disorders.
This illustrates how psychiatric decision support may also address the substantial physical-health burden
associated with severe mental illness. Although the model was developed using primarily penalized logistic
regression, it provides an important benchmark for Al-supported tools (Perry et al., 2026). External validation
of a mortality-risk model in first-episode bipolar disorder suggests that a machine-learning-based algorithm
developed in one diagnostic population may retain prognostic value in another. These findings should be
interpreted in terms of the model’s calibration, decision-curve performance and transportability rather than
discrimination alone (Lieslehto et al., 2025). The expansion of psychiatric Al has occurred more rapidly than
the accumulation of evidence supporting its clinical utility. In antidepressant selection, for example, many
models predict general treatment outcomes rather than the differential benefit of competing medications. Lack
of evaluation using data from independent clinical cohorts, inadequate calibration and insufficient modeling
of heterogeneous treatment effects restrict their ability to support the choices clinicians encounter in practice
(He et al., 2026). The distinction between technical performance and clinical usefulness is even more
consequential in suicide-risk assessment. Results in selected datasets are promising but methodological
heterogeneity and the scarcity of externally validated models prevent current algorithms from providing
sufficiently reliable risk stratification for autonomous clinical use (Pigoni et al., 2024). High accuracy or area
under the curve within a development sample should not be interpreted as evidence that a model improves
clinical decisions, patient outcomes or resource allocation (He et al., 2026; Pigoni et al., 2024).

Clinical implementation also raises ethical and organizational challenges extending beyond model
performance. Psychiatric Al systems may reproduce demographic and socioeconomic biases embedded in their
training data. Responsible integration into clinical practice consequently requires transparent development,
representative datasets, continuous evaluation, clearly defined responsibility and meaningful human
supervision throughout the Al lifecycle (Goktas & Grzybowski, 2025). These safeguards are particularly
important in mental healthcare, where empathy, therapeutic alliance and contextual interpretation are integral
to assessment and treatment. Al may enhance access, personalization and continuity of care, but should
complement rather than displace human interaction and clinician-led judgment (Babu & Joseph, 2024).

Existing literature has extensively described potential applications of Al in psychiatry, but less attention
has been paid to whether reported predictive performance translates into clinically actionable and patient-
relevant benefits. The present review critically evaluates current evidence regarding the application of Al in
psychiatric diagnosis and clinical decision-making. It examines the methodological foundations and clinical
applications of machine learning, deep learning, natural language processing, digital biomarkers and large
language models. Particular emphasis is placed on their use in diagnosing major psychiatric disorders,
predicting treatment response and relapse, assessing suicide risk and supporting precision psychiatry. The
review further considers methodological limitations, ethical challenges and the requirements for translating
promising computational performance into safe, equitable and clinically meaningful psychiatric practice.

e-ISSN: 2544-9435 3



3(51) (2026): International Journal of Innovative Technologies in Social Science

2. Methodology

2.1. Review Design

This article was designed as a clinically oriented narrative review informed by a literature search. A
narrative approach was chosen given the substantial heterogeneity of Al methodologies, data modalities, and
clinical outcomes across psychiatric disorders, which did not support meaningful quantitative synthesis and
favored a critical, clinically oriented interpretation of the available evidence. Its purpose was to critically
synthesize current evidence regarding the applications of artificial intelligence (Al) in psychiatric diagnosis
and clinical decision-making, with particular emphasis on clinical utility, methodological limitations, patient
safety, ethical challenges, and readiness for implementation in routine psychiatric practice. The review was
intended primarily for physicians. Technical and computational concepts were discussed only to the extent
necessary to understand their clinical applications and limitations. The review was not registered, and no
formal review protocol was prepared.

2.2. Literature Search

A literature search was conducted in PubMed, Scopus, Web of Science and Google Scholar. The final
search was performed on July 20, 2026. The search strategy combined terms related to Al and its principal
applications in psychiatry. The core search terms included "artificial intelligence AND psychiatry," "machine
learning AND psychiatry," "clinical decision support AND psychiatry," and "artificial intelligence AND
depression." These were supplemented with analogous combinations referring to psychiatric diagnosis,
treatment-response prediction, relapse prediction, suicide and self-harm risk assessment, prognostic modeling,
risk stratification, early intervention, precision psychiatry, natural language processing, large language models,
digital biomarkers, digital phenotyping and specific psychiatric disorders, including schizophrenia, bipolar
disorder, anxiety disorders, attention-deficit/hyperactivity disorder, and autism spectrum disorder. The search
was restricted to English-language publications issued between January 2020 and July 2026. Earlier
publications were considered only when they represented landmark contributions or were necessary to explain
the development of clinically relevant concepts. Reference lists of selected publications were also reviewed to
identify potentially relevant sources that may not have been retrieved through the primary database searches.
Duplicate records across databases were identified and removed manually.

2.3. Eligibility Criteria

Publications were considered eligible if they examined the application of Al to the screening, detection,
classification, or diagnosis of psychiatric disorders, or to clinical decision-making in psychiatric care. Relevant
applications included treatment selection, prediction of treatment response or relapse, prognostic modeling,
early intervention, suicide and self-harm risk assessment, and patient risk stratification. Studies addressing
precision psychiatry, digital biomarkers, digital phenotyping, clinically relevant multimodal data analysis, or
the use of natural language processing and large language models in psychiatric documentation, patient
communication, information retrieval, and decision support were also eligible. In addition, publications
concerning the clinical implementation, safety, ethical implications, explainability, privacy, accountability, or
regulation of Al-based tools in psychiatric care were included. Eligible sources included original clinical
studies, systematic reviews, meta-analyses, clinically oriented narrative reviews, consensus or expert papers,
and reports published by recognized international organizations. Priority was given to publications that
provided information relevant to physicians, patient management, or healthcare implementation. Publications
were excluded if they were not written in English, fell outside the specified publication period without
providing essential historical or conceptual context, or lacked a clear relationship to psychiatric diagnosis or
clinical decision-making. Studies focused predominantly on algorithm architecture, software development,
mathematical optimization, or engineering performance without an identifiable clinical application were not
prioritized. Conference abstracts and proceedings papers were eligible when they provided sufficient
methodological and clinically relevant information to support the narrative synthesis. Records lacking
adequate information for interpretation were excluded. Duplicate records were removed before eligibility
screening.
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2.4. Study Selection

The database searches initially identified 202 records. After the removal of 38 duplicate records, 164
unique records were screened for relevance and eligibility. Titles, abstracts, and, where necessary, full texts
were assessed in relation to the review aim and eligibility criteria. Fifty-three records were excluded because
they did not meet the eligibility criteria or did not provide sufficient clinically relevant information. Ultimately,
111 publications were included in the narrative synthesis.

2.5. Data Extraction and Narrative Synthesis

Data extraction was performed by members of the review team using a predefined set of clinically
relevant variables, and uncertain interpretations were discussed until consensus was reached. Information
relevant to the objectives of the review was extracted from the included publications and organized according
to the principal clinical domains: technological foundations relevant to psychiatric practice, psychiatric
diagnosis and screening, treatment-response prediction, relapse and suicide-risk prediction, prognostic
modeling and risk stratification, precision psychiatry, clinical decision-support systems, large language models,
clinical implementation, and ethical and regulatory considerations.

For original studies, particular attention was paid to the study population, psychiatric condition, source
and type of input data, intended clinical task, comparator, validation approach, reported performance, and
potential clinical application. Where reported by the authors, internal and external validation were
distinguished, and diagnostic or predictive performance was interpreted in the context of study design, sample
characteristics, and clinical setting. Findings from original studies were considered separately from
conclusions derived from systematic reviews, meta-analyses, narrative reviews, expert commentaries, and
organizational guidance.

Given the narrative design and the substantial heterogeneity of the included publications in terms of
populations, data modalities, Al methods, clinical outcomes, and validation procedures, no quantitative meta-
analysis was undertaken. No formal risk-of-bias or certainty-of-evidence assessment was performed. Instead,
the evidence was synthesized descriptively and critically, with emphasis on external and prospective validation,
generalizability, comparison with clinician assessment or established standards of care, interpretability,
potential sources of bias, patient safety, and evidence of benefit in real-world clinical practice. High
performance reported in retrospective or internally validated datasets was not considered sufficient evidence
of clinical utility in the absence of external validation, prospective evaluation, or demonstrated improvement
in patient-relevant outcomes.

2.6. Methodological Limitations

Several methodological limitations should be acknowledged. Google Scholar does not offer the same
level of search reproducibility as bibliographic databases, which may have affected the consistency of record
retrieval. The review was restricted to English-language publications, introducing a potential language bias.
Finally, because this was a narrative rather than a systematic review, no formal risk-of-bias assessment was
conducted, and the findings should be interpreted as a clinically focused critical synthesis rather than an
exhaustive or quantitatively pooled evaluation of all available evidence.
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3. Results and Discussion

3.1. Foundations of artificial intelligence in psychiatry

3.1.1. Machine learning and deep learning in psychiatry

3.1.1.1. Machine learning

Machine learning (ML) comprises computational methods that identify patterns in multidimensional
data and use them to generate predictions without requiring all relevant relationships to be specified in advance.
In psychiatry, ML can integrate clinical symptoms, sociodemographic characteristics, electronic health records,
neuroimaging and digitally captured behavior. It supports diagnostic classification (Iyortsuun et al., 2023).
Supervised algorithms learn relationships between input variables and predefined outcomes, such as diagnosis,
relapse or therapeutic response, whereas unsupervised methods identify latent structures without relying on
existing clinical labels. The latter may be particularly relevant to psychiatry because data-driven clustering can
reveal clinical or biological subgroups that remain obscured within heterogeneous DSM- or ICD-defined
disorders (Squires et al., 2023). ML extends conventional analyses focused predominantly on average group
effects by aiming to generate generalizable predictions for individual patients. It may support decisions
concerning diagnosis, prognosis and treatment selection (Dwyer et al., 2018).

3.1.1.2. Deep learning

Deep learning (DL), a specialized subset of ML, uses multilayer artificial neural networks to learn
hierarchical representations of complex data. Whereas conventional ML commonly depends on predefined or
manually engineered variables, DL can extract informative features directly from relatively unprocessed
neuroimaging, speech, clinical text, facial expressions or physiological signals. This capacity has supported its
investigation in psychiatric diagnosis, symptom characterization, identification of patient subgroups and
prediction of illness trajectories or treatment response (Koppe et al., 2021). The greater representational
capacity of DL is accompanied by greater dependence on sample size and computational resources (Kufel et
al., 2023). Separating data into training, validation and independent test sets is essential to determine whether
a model has learned reproducible clinical signals rather than memorized sample-specific features, while
assessing performance on data from different sites or populations ("out-of-domain" prediction) is required to
establish transportability across institutions and patient populations. These requirements are particularly
important in psychiatry, where datasets are frequently small relative to their dimensionality and diagnostic
labels may themselves be heterogeneous or imprecise (Koppe et al., 2021).

The distinction between conventional ML and DL should not be interpreted as a simple hierarchy of
clinical performance. Both approaches are data-intensive, but DL is particularly suited to large, high-
dimensional or minimally processed inputs such as images, speech or text — a capacity that often comes at
the cost of insight into which data features are driving its outputs. For this reason, clinical value ultimately
depends on rigorous validation, including randomized controlled trials and comparison against existing clinical
practice, rather than on the sophistication of the algorithm alone (Chakraborty et al., 2024).

3.1.2. Natural language processing

Natural language processing (NLP) is a branch of artificial intelligence that enables computational
analysis of unstructured language to extract information, identify emotional or semantic patterns and infer
aspects of an individual’s mental state. In psychiatry, NLP has been applied to language-based data, such as
social media posts, electronic health records, clinical interview transcripts, psychotherapy sessions and patient
diary entries. It supports tasks ranging from symptom detection and relapse prediction to estimation of
therapeutic engagement and treatment response. Although these applications demonstrate that clinically
relevant signals may be derived from routinely generated text, most studies remain proof-of-concept or
feasibility investigations and have not yet established sufficient clinical validity to directly guide patient care
decisions (Linardon, 2025). The methodological foundations of psychiatric NLP have evolved from
conventional machine-learning classifiers and deep-learning architectures such as convolutional neural
networks and long short-term memory networks towards transformer-based architectures. These architectures
include BERT and RoBERTa, which can represent bidirectional contextual relationships and detect
linguistically subtle indicators of depression. Models adapted to mental health corpora, including Mental BERT
and DepRoBERTa, have achieved favorable results in selected datasets. These results indicate that domain-
specific pretraining may improve recognition of psychiatric language patterns. By contrast, general-purpose
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models such as GPT-3.5, Bard and Alpaca have shown inconsistent performance and require further task-
specific refinement. The generalizability and responsible clinical application of NLP-based psychiatric
prediction remain restricted by insufficient dataset diversity, class imbalance, language and platform
dependence, insufficient interpretability, and unresolved concerns regarding privacy and consent (Tahir et al.,
2025). Text-based models have demonstrated a substantial pooled association with standardized depression
labels. It should be noted that high heterogeneity and a wide prediction interval indicate that their performance
may vary considerably across populations and settings. Embedding-based representations and deep-learning
architectures outperformed traditional linguistic features and shallow models, while models trained against
clinician-established diagnoses performed better than those using Patient Health Questionnaire-9 (PHQ-9)
self-report labels. This evidence demonstrates that the validity of the reference standard materially influences
apparent model performance (S. Zhang et al., 2026). A broader systematic review likewise found a pooled
accuracy of 0.80 and an AUC of 0.79 for depression detection across 43 independent datasets, although
extreme heterogeneity indicates that these estimates should not be interpreted as consistent performance across
settings. Structured clinical interviews produced higher accuracy than open-ended responses or patient—
therapist interactions, while text source was the only significant predictor in meta-regression. These findings
imply that the context and method of language collection may be more influential than model complexity alone
(H. Fisher et al., 2026).

Naturalistic speech analysis may also enable dimensional monitoring of psychopathology rather than
merely distinguishing patients from healthy controls. In schizophrenia spectrum disorders, Al-derived acoustic,
syntactic, semantic and sentiment features were associated with the severity of positive and negative symptoms
across independent Dutch and US cohorts. Reduced verbal output and flatter acoustic profiles characterized
negative symptoms, whereas longer utterances and altered discourse organization were associated with
positive symptoms. The ability to estimate hallucinations, suspiciousness and blunted affect within the
agreement margin accepted during clinical-rater training suggests that brief speech samples may eventually
support interpretable, low-burden monitoring of symptom dynamics (Ciampelli et al., 2026).

3.1.3. Digital biomarkers

Digital biomarkers can be derived from physiological and behavioral data, including
electroencephalography, speech, facial expression, eye movement and gait. They may provide objective
information that complements conventional depression screening. Multimodal approaches appear particularly
promising because they integrate several manifestations of the disorder and have achieved better pooled
discrimination than individual modalities, while deep learning has produced modest improvements over
traditional machine-learning methods (L. Wang et al., 2025).

Speech is an especially accessible digital biomarker because it can be collected repeatedly and remotely
using widely available devices such as smartphones. Meta-analytic evidence indicates potentially useful
performance in psychiatric disorders, but the results vary according to the recording device, language, speech
task, extracted features and analytical algorithm. Speech-derived measures should be regarded as scalable
candidates for screening and monitoring rather than established diagnostic tests, pending validation in larger,
prospective and linguistically diverse cohorts (Yang et al., 2026). Smartphones, wearables and online
platforms extend digital phenotyping beyond speech by enabling longitudinal measurement of mobility,
geolocation, sleep, device interaction and other behavioral or physiological signals associated with mood
disorders. Personalized models may be more informative than universal algorithms because they detect
deviations from an individual baseline. These technologies are better positioned as adjunctive monitoring and
early-warning tools than replacements for clinical assessment (Garzon-Partida et al., 2025). Voice monitoring
may be particularly relevant to bipolar disorder because changes in mood state can influence speech rate,
prosody and other acoustic characteristics. Available studies indicate better discrimination of manic than
depressive states. It is noteworthy that high accuracy has primarily been obtained under controlled conditions,
whereas performance is less consistent in naturalistic settings. Along with other limitations, this means that
vocal biomarkers are not yet suitable for standalone diagnosis or prediction of bipolar episodes (Briganti &
Lechien, 2025). Evidence from neurodegenerative disorders further illustrates the general methodological
value of multimodal integration. Combining finger-tapping, gait and speech measures improved discrimination
of Parkinson’s disease compared with the corresponding unimodal models. These findings suggest that
complementary digital signals may capture heterogeneous clinical manifestations more effectively than any
single modality. The limited number of multimodal studies and continued reliance on cohorts with pre-
established diagnoses demonstrate the need for blinded testing and prospective validation before such
biomarkers can be regarded as independent diagnostic tools (Song et al., 2025).
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3.2. Al in clinical decision-making

Artificial intelligence may support psychiatric decision-making by integrating questionnaires, electronic
health records, neuroimaging, and digital phenotyping data to predict symptom trajectories, relapse risk, and
treatment response. Current evidence supports Al as a complement to clinical expertise rather than an
autonomous substitute for clinician-led assessment and treatment planning (Jalali et al., 2025).

3.2.1. Treatment prediction

Machine learning may support treatment selection by estimating individual benefit rather than relying
exclusively on average intervention effects. In an individual-participant meta-analysis of cognitive training for
anxiety and depression, baseline symptom severity and training dose were the most influential predictors of
improvement. At the same time, active training, particularly attention and interpretation bias modification, was
predicted to be the optimal condition for most participants. These findings illustrate how interpretable models
combining random forests with SHAP analysis could identify patient- and intervention-level characteristics
relevant to personalized treatment assignment (Richter et al., 2025). In the studies included in the meta-analysis,
neuroimaging and biological predictors generally outperformed behavioral or combined feature sets.
Considering their cost, methodological heterogeneity and limited external generalizability, particularly in
depression, standardized imbalance correction, rigorous validation and carefully designed multimodal
integration are required before these models can guide real-world treatment selection (Curtiss & DiPietro,
2025).

The predictive value of different data modalities has also been investigated in schizophrenia, where
EEG-based models demonstrated greater pooled sensitivity and specificity for treatment response than models
based on clinical characteristics or neuroimaging. EEG may be particularly informative because it captures
fine-grained temporal patterns of neural activity and is relatively inexpensive and noninvasive. These estimates
were derived from only three studies with 144 participants and require further validation. Multimodal models
performed less favorably than EEG or imaging alone, potentially because harmonizing clinical, neuroimaging
and genetic information introduces preprocessing complexity and additional noise, but only two multimodal
studies were available, precluding firm conclusions regarding the value of data integration (Saboori Amleshi
etal., 2025).

In bipolar disorder, treatment prediction is complicated by the limited representativeness of randomized
trials, which frequently exclude patients with severe illness, suicidality, rapid cycling, multimorbidity,
treatment resistance, or complex polypharmacy. Early neuroimaging studies suggest that pretreatment brain
morphology and changes observed during the first treatment week may predict response to quetiapine or
lithium. Al-supported treatment selection should integrate algorithmic predictions with therapeutic drug
monitoring, pharmacogenetic information, clinical characteristics, and shared decision-making rather than
reduce treatment choice to an automated model output (Fornaro et al., 2025).

3.2.2. Relapse prediction and digital phenotyping

Machine-learning models have been developed to predict relapse, remission, and functional outcomes
across psychotic-spectrum disorders, but their performance varies substantially according to the predicted
outcome and the data available at the time of assessment. Electronic health records have produced particularly
favorable results for relapse prediction, whereas models based on facial, physiological, or audio features have
performed less consistently. These results suggest that data modality and temporal proximity may be as
influential as algorithm selection (Tay et al., 2025). In a small heterogeneous cohort, an unsupervised model
combining convolutional autoencoders with clustering performed best when trained on sleep-period activity
and heart-rate variability signals, suggesting that sleep-related data may be particularly informative for
distinguishing relapse-associated patterns (Yan et al., 2025). These findings are exploratory rather than
clinically generalizable. Prognostic modeling has also been applied to substance use disorders. It is able to
estimate outcomes such as treatment adherence, dropout, readmission, relapse, and substance-use severity.
Current models may support risk stratification but cannot yet independently guide clinical management (de
Mattos et al., 2026). Digital phenotyping extends psychiatric assessment beyond episodic consultations by
translating longitudinal patterns into clinically meaningful signals. Mobility, activity, sleep, communication,
and other smartphone- or wearable-derived signals are turned into indicators of changes in mental state. Digital
phenotyping may complement the monitoring of severe mental illness, such as schizophrenia and bipolar
disorder (Benoit et al., 2020). Its clinical value may lie not only in supporting symptom and relapse monitoring
but also in helping patients recognize changes in their functioning and participate more actively in managing
their mental health. This may be achieved by integrating actively reported data, such as ecological momentary
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assessments and symptom questionnaires, with passively collected measures of mobility, sleep, heart rate,
voice, social interaction, and language use (Oudin et al., 2023). Combining active and passive data may provide
a more comprehensive representation of mental state than either source alone. In the LifeRhythm study,
smartphone-derived features predicted self-reported and clinician-assessed depression, while their integration
with repeated self-reports improved predictive performance. The related DepWatch framework was designed
to combine longitudinal sensing data with clinical information to predict antidepressant response and support
treatment decisions (Kamath et al., 2022).

Evidence from adjacent psychiatric prediction tasks indicates that limited generalizability remains a
broader methodological obstacle. In PTSD research, tree-based models frequently achieved favorable internal
performance across different trauma populations, but their performance deteriorated during the external
validation conducted in only two studies. Almost half of the included studies were judged to have a high risk
of bias. Apparently strong predictive accuracy may reflect overfitting, reinforcing the need for larger and more
diverse cohorts, standardized reporting, and independent validation before such models are used to guide
clinical decisions (Vali et al., 2025).

3.2.3. Suicide risk prediction

Machine-learning models have been developed to support suicide-risk assessment by detecting complex
patterns across clinical, demographic and behavioral data (Linthicum et al., 2019). Apparently favorable global
discrimination metrics have not translated into clinically adequate predictive performance. Meta-analytic
evidence demonstrates only modest sensitivity and very low positive predictive values. This means that many
individuals who subsequently die by suicide or repeat self-harm are classified as low risk, while most of those
assigned to high-risk categories do not experience the predicted outcome. Because these models perform no
better than traditional risk-assessment scales, they should not be used to determine access to treatment. Patients
presenting with self-harm should instead receive needs-based psychosocial assessment, identification of
modifiable risk factors and evidence-based aftercare irrespective of their predicted risk category (Spittal et al.,
2025). Adolescent-specific models have shown stronger discrimination for suicide attempts than for suicidal
ideation or nonsuicidal self-injury, with ensemble approaches such as XGBoost producing some of the most
favorable results. Current adolescent suicide-prediction models also require prospective evaluation in
independent and diverse clinical populations before they can be incorporated into clinical decision-making (L.
Liu et al., 2025).

3.2.4. Precision psychiatry

Precision psychiatry aims to move beyond decisions based solely on population-level diagnostic
categories by identifying clinically meaningful variation between individuals who share the same diagnosis.
Unsupervised methods, including K-means, hierarchical clustering and Bayesian mixture models, have been
used to derive subtypes within schizophrenia, major depressive disorder and autism spectrum disorder, while
frameworks such as Dimensional Neuroimaging Endophenotypes link neuroimaging-derived variation with
genetic characteristics and clinical outcomes. Causal machine-learning approaches may extend this
stratification by estimating heterogeneous treatment effects and identifying which patients are more likely to
benefit from specific interventions (Sun et al., 2025). This effort to characterize variation within and across
diagnostic categories is conceptually aligned with the Research Domain Criteria (RDoC). RDoC provides a
complementary framework by organizing psychopathology around dimensional brain—behavior constructs
rather than restricting research to DSM or ICD categories. Its matrix examines domains such as negative and
positive valence, cognition, social processes and arousal across multiple levels of analysis, including genes,
molecules, cells, neural circuits, physiology, behavior and self-report. By enabling recruitment across
conventional diagnostic boundaries, RDoC is intended to facilitate the identification of dimensions and
subgroups that may be obscured within heterogeneous diagnostic categories, but it remains a research
framework rather than an Al method or a clinically validated replacement for existing diagnostic systems
(Cuthbert, 2022; Insel et al., 2010). Within the broader dimensional framework, genomic information
represents one potential source of clinically meaningful individual variation. The growing use of whole-exome
and whole-genome sequencing in prenatal and neonatal care is also shifting psychiatric genetics from
retrospective explanation toward the identification of neurodevelopmental and psychiatric vulnerability before
symptoms become apparent. Integrating rare and common genetic variation could ultimately improve
individual risk stratification and inform preventive or precision-based interventions (Vorstman et al., 2025).
Translating these developments into routine decision-making will require coordinated evidence generation
rather than isolated predictive models. The proposed Precision Psychiatry Roadmap emphasizes global
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harmonization of research procedures, consensus regarding the predictive validity of candidate measures and
gradual implementation of an evolving biology-informed diagnostic framework supported by longitudinal,
multimodal resources. Because current candidate biomarkers and predictive models remain vulnerable to
overfitting, fragmented datasets and limited external validity, independent validation, transparent reporting,
prospective intervention trials and regulatory evaluation are necessary before computational stratification can
reliably guide diagnosis or treatment selection (Kas et al., 2025).

Al-based risk stratification represents a key component of precision psychiatry by integrating
heterogeneous individual-level data to identify clinically relevant differences in vulnerability before a formal
diagnosis is established (Jalali et al., 2025). In ADHD, interpretable machine-learning models applied to
routinely collected behavioral, questionnaire and demographic data may generate individualized risk estimates
and support earlier prioritization for specialist assessment. Such predictions should complement clinical
judgment and require external validation before informing routine care (Ameri et al., 2025).

3.3. Al in psychiatric diagnosis

Artificial intelligence has been investigated as a means of complementing symptom-based psychiatric
assessment with patterns extracted from clinical, biological and behavioral data (G. Liu et al., 2020). A meta-
analysis of 14 studies reported a pooled diagnostic accuracy of 85% across heterogeneous diagnostic tasks,
although differences between datasets, model architectures, and target disorders limit the extent to which this
estimate can be generalized to routine practice. Al should be understood as a heterogeneous group of task-
specific methods rather than a single diagnostic technology with uniform performance across psychiatry (Rony
etal., 2025). The existing evidence also remains unevenly distributed across clinical applications. A systematic
review of 129 publications found that Al had been studied more frequently for treatment evaluation, patient
stratification, outcome prediction, and prognosis than for direct diagnosis, with conventional regression,
decision-tree, and support-vector-machine methods predominating over deep learning (Tornero-Costa et al.,
2023). Diagnostic models increasingly integrate clinical assessments and electronic health records with
neuroimaging, electrophysiological signals, speech, language, and digital phenotyping. This multimodal
approach may capture clinically relevant patterns that are not apparent from any single source, but most
reported models have been developed in small or selected samples and remain vulnerable to bias, poor
transferability, and limited external validation (Baydili et al., 2025). Explainable Al may facilitate clinical
scrutiny by indicating which linguistic, behavioral, physiological, or imaging features contribute to a prediction.
It is important to note that explainable outputs remain dependent on models that may inherit demographic or
cultural biases from training data, which limits how far interpretability alone can substitute for independent
clinical evaluation (Mo¢nik et al., 2025). Translation into clinical practice remains limited. A scoping review
identified only 12 empirical studies evaluating mental-health Al systems at relatively advanced levels of
technological readiness, with insufficient attention to organizational integration and adaptation of clinical
workflows (Auf et al., 2025). Al-informed learning healthcare systems could use continuously collected data
to support assessment and periodically recalibrate models, but their predictions should remain transparent,
prospectively evaluated, and subordinate to clinician-led diagnostic reasoning (Raket et al., 2020).

3.3.1. Depression

Al-supported assessment of depression has drawn on EEG, speech, linguistic patterns, and electronic
records (Baydili et al., 2025). Electrophysiological models have identified patterns associated with treatment-
resistant and treatment-responsive depression, while speech-based systems can detect acoustic and linguistic
features related to depressive symptoms (Metin et al., 2025; Watts et al., 2022). Speech and language analysis
may broaden assessment beyond information obtained during scheduled consultations. Changes in pitch,
rhythm, lexical content, sentiment, and patterns of digital interaction may reveal behavioral correlates of
depression. These signals are sensitive to language, culture, context, and recording conditions, so their most
plausible clinical role is to prompt further assessment or support longitudinal evaluation rather than determine
diagnosis independently (Olawade et al., 2024; Arias de la Torre et al., 2026).

3.3.2. Schizophrenia

Neuroimaging represents one of the most extensively investigated sources of diagnostic information in
schizophrenia. In task-based fMRI studies, machine-learning models achieved pooled sensitivity and
specificity of approximately 0.83, with selective-attention paradigms producing greater specificity than
working-memory tasks (Idowu et al., 2025). Structural MRI models have shown similarly promising but
provisional performance. A meta-analysis of 16 studies found pooled sensitivity of 0.76 and specificity of 0.78,
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with deep-learning and whole-brain approaches generally outperforming support-vector-machine and grey-
matter-restricted models (AUC 0.89 vs. 0.78-0.82), suggesting that whole-brain inputs may preserve
diagnostically relevant information omitted by more restricted approaches (Kotochinsky et al., 2025).
Longitudinal electronic health records may extend Al applications from cross-sectional classification towards
earlier recognition of psychosis. A recurrent neural network trained on records from more than 100,000
individuals achieved an AUC of 0.80 in an external cohort, illustrating the potential of routinely collected
clinical data for identifying patients who may require further assessment. Such systems predict risk rather than
establish schizophrenia, and their outputs should therefore trigger proportionate clinical evaluation rather than
function as diagnostic labels (Raket et al., 2020).

3.3.3. Bipolar disorder

Machine-learning models may be particularly valuable in bipolar disorder because of the clinical
difficulty of distinguishing bipolar depression from unipolar depression. Across 18 studies, models
differentiated bipolar disorder from healthy controls with an AUC of 0.94 and from depression with an AUC
of 0.89, while blood-based models produced the strongest subgroup performance (Pan et al., 2025). Another
systematic review of 35 studies examining the use of classical Al approaches for treatment optimization across
the bipolar disorder spectrum found pooled AUCs of 0.68 for predicting acute symptomatic response, 0.80 for
long-term maintenance response, and 0.71 for relapse or readmission. The authors assessed models using
PROBAST+AI which revealed a high risk of bias in most studies, while only 2 of the 35 studies evaluated
their models in an independent cohort (De Francesco et al., 2026). Milic et al. reviewed the potential
applications of Al in the management of bipolar disorder and concluded that Al-based tools require further
clinical validation and appropriate safeguards concerning privacy, algorithmic bias, and clinician oversight
before they can be routinely implemented in psychiatric care (Milic et al., 2025).

3.3.4. Anxiety disorders

Available reviews provide less disorder-specific evidence for Al-supported diagnosis of anxiety
disorders than for depression or psychotic disorders. Vocal, linguistic, facial, physiological, and behavioral
features may identify patterns associated with anxiety, but these signals are not necessarily disorder-specific
and may overlap with depression, stress, trauma-related disorders, and transient emotional states (Degante-
Aguilar et al., 2025; Olawade et al., 2024). A systematic review of 119 studies reported that Al-based
approaches frequently achieved high classification accuracy and could complement conventional assessment
methods. Substantial variation in populations, data sources, algorithms, and validation procedures limit direct
comparisons and prevents firm conclusions regarding their clinical superiority (Degante-Aguilar et al., 2025).
Al-based chatbots are also being investigated as a means of providing short-term mental health support (C.
Chen et al., 2025), and Al-assisted psychotherapy is being evaluated as an adjunct to pharmacotherapy for
anxiety disorders (Su et al., 2022).

3.3.5. Attention-deficit/hyperactivity disorder

Al-supported diagnosis of ADHD has incorporated structural and functional neuroimaging, EEG,
behavioral and cognitive measures, and natural language processing. Across 54 reviewed studies, reported
performance varied widely, with convolutional neural networks and support vector machines showing
particular promise for imaging and electrophysiological data (Zaheer & Akhtar, 2025). The multimodal nature
of ADHD may favor models that combine neurophysiological and behavioral information rather than rely on
a single marker. Ensemble approaches integrating EEG and behavioral measures have reported particularly
high classification performance, but such estimates remain vulnerable to overfitting when derived from small
or locally collected datasets (Fallahpour et al., 2026; Zhao et al., 2025).

3.3.6. Autism spectrum disorder

Al applications in autism spectrum disorder (ASD) have focused more strongly on multimodal
assessment and individualized intervention than on autonomous diagnosis. Virtual-reality environments
combined with eye-tracking, EEG, and adaptive features may help characterize social communication,
emotional recognition, cognitive performance, and engagement. These technologies may enrich functional
assessment and intervention planning (Mahmud et al., 2022; M. Zhang et al., 2022). The researchers emphasize
that these systems remain at an early stage of development and require greater explainability, data integration,
and clinical evaluation (Joudar et al., 2023; Solek et al., 2025). The potential role of Al in ASD extends beyond
diagnostic assessment to the delivery, personalization, and monitoring of therapeutic interventions. A 12-
month observational study of 43 children evaluated an Al-based platform used alongside standard therapy for
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ASD. Children who consistently used the platform showed improvements in autism severity, social and
developmental functioning, and receptive and expressive language scores. Because group assignment was
based on adherence rather than randomization and the intervention included concurrent standard therapy and
caregiver training, the observed improvements cannot be attributed conclusively to the Al platform itself
(Atturu et al., 2025).

3.4. Large language models in psychiatry

Large language models (LLMs) differ from earlier rule-based chatbots by generating responses from
learned linguistic patterns rather than following predefined scripts or decision trees (Singh & Namin, 2025).
Their capacity to sustain context-sensitive conversations has prompted growing interest in applications such
as mental health assessment, psychoeducation and emotional support. Most LLM-based systems have been
evaluated in simulated scenarios rather than clinical practice (Hua et al., 2025). Psychiatric evidence remains
dominated by studies of ChatGPT, with comparatively limited evaluation of other generative models. Most
available studies are prompt experiments, supplemented by a smaller number of surveys, pilot studies and case
reports, indicating that the literature primarily demonstrates technical feasibility rather than effectiveness under
routine clinical conditions (Kolding et al., 2025). Preliminary evidence suggests that LLMs could support
several stages of mental health care, including personalized psychoeducation, recognition of relapse or crisis
indicators, diagnostic assessment and treatment optimization based on patient-specific information (Torous et
al., 2025). Evidence from other medical specialties suggests that their clinician-facing use may be particularly
relevant to clinical documentation, where automated generation and organization of clinical encounter notes
could substantially reduce the time devoted to documentation (Razaghi et al., 2026). Beyond generating
consultation notes, LLMs can process unstructured clinical and nursing notes, medical records, patient records
and patient-generated text, converting selected information into structured formats suitable for integration into
electronic health records. Their performance is strongly task-dependent: results are generally more favorable
for information extraction, entity recognition and standardized documentation than for diagnostic tasks
requiring complex clinical judgment. Direct comparisons further show that superiority over conventional
algorithms does not establish equivalence to human expertise, as clinicians outperformed LLMs more
frequently than LLMs outperformed clinicians in the studies reviewed (Alkalbani et al., 2025). The distinction
between technical performance and clinical utility is especially important in high-risk applications such as
suicide prevention. Most studies in this area have focused on identifying or classifying suicide risk, whereas
applications involving direct support, education and training remain less developed (Holmes et al., 2025).
Evidence from the broader conversational-agent literature provides relevant context, although these findings
should not be interpreted as direct evidence of the effectiveness of generative LLM-based systems.
Conversational agents may provide scalable psychological support for adults experiencing depressive or
anxiety symptoms. A meta-analysis of 18 randomized controlled trials found small short-term improvements
in both outcomes, with benefits emerging after approximately eight weeks but not clearly persisting at three-
month follow-up (Zhong et al., 2024).

Current psychiatric research is limited by heterogeneous study designs, insufficient methodological
transparency and the predominance of early feasibility studies over prospective clinical evaluations (Avula &
Amalakanti, 2024). Future research should employ clinically relevant experimental designs, improve
methodological transparency, adhere to relevant reporting standards such as TRIPOD-LLM and involve
patients or users in the design process. Until such evidence becomes available, LLMs should be regarded as
promising but insufficiently validated tools whose clinical use requires careful evaluation of safety, ethics and
context-specific performance (Kolding et al., 2025).

3.5. Ethical challenges

The integration of artificial intelligence into psychiatric screening, diagnosis, treatment personalization,
and longitudinal monitoring introduces ethical concerns that extend beyond technical performance. Risks
related to privacy, data ownership, algorithmic bias, limited transparency, and the depersonalization of care
indicate that clinical implementation should be multidisciplinary and subject to rigorous validation, with Al
supporting rather than replacing clinician-led care (Wilhelmy et al,, 2023). Even apparently routine
applications, such as automated documentation, screening, and information synthesis, are not ethically neutral,
as they may influence reflective practice, clinical reasoning, professional competence, and the allocation of
care. Clinicians should critically review Al-generated outputs and retain responsibility for clinical decisions
rather than treating algorithmic recommendations as an independent source of authority (C. E. Fisher, 2025).
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Ethical governance should be embedded throughout the Al lifecycle rather than addressed retrospectively after
deployment. The Integrated Ethical Approach for Computational Psychiatry organizes evaluation into
identification, analysis, decision-making, implementation, and review, guided by beneficence and non-
maleficence, autonomy and informed consent, justice and equity, privacy and confidentiality, transparency and
explainability, and scientific integrity and validity (Putica et al., 2025). Ethical evaluation must also extend
beyond immediate interactions between patients, clinicians, and algorithms. Healthcare Al depends on global
infrastructures involving substantial energy and water consumption, mineral extraction, labor, and electronic
waste. The environmental costs and health burdens may fall disproportionately on communities that may
receive limited benefits from these technologies. A comprehensive assessment should consider individual-
relational, organizational, societal, global, and historical consequences, linking local requirements for privacy and
fairness with environmental sustainability, global health equity, and intergenerational justice (Vandemeulebroucke,
2025). Large multimodal models further illustrate why satisfactory performance at initial evaluation cannot be
regarded as evidence of sustained clinical safety, as their outputs may be unpredictable, vary over time, or be applied
in contexts not anticipated by developers. WHO guidance consequently emphasizes autonomy, well-being, safety,
transparency, accountability, inclusiveness, and sustainability, supported by impact assessments, transparent
documentation, independent audits, and continuous post-deployment monitoring. Responsibility should be
distributed across developers, technology providers, healthcare institutions, clinicians, and governments, while
preserving meaningful human oversight and accessible mechanisms of redress for patients harmed by Al-supported
care (World Health Organization, 2025).

3.6. Limitations

3.6.1. Clinical effectiveness and patient safety

Evidence for the clinical effectiveness of generative Al mental health chatbots remains preliminary and
highly context-dependent. Although these systems have produced small-to-moderate improvements in mental
health outcomes, effects have varied substantially across populations and settings, with the clearest benefit
observed for depressive symptoms and socially oriented chatbots emphasizing interaction and emotional
support. Limited trial numbers, potential publication bias, and insufficient evidence in adolescents, older adults,
and people with severe psychiatric disorders support their use as adjuncts rather than established standalone
treatments (Q. Zhang et al., 2025). Similar limitations emerge from the broader chatbot literature, in which
pooled reductions in depression and anxiety have been modest and accompanied by substantial heterogeneity
and a high risk of bias. Inconsistent monitoring and reporting of adverse events indicate that evidence of
symptomatic benefit has developed faster than knowledge about the safety of these interventions (Sohn et al.,
2026). Patient-facing use of agentic large language models may pose particular risks for individuals vulnerable
to psychosis, as these systems may mirror, validate, or amplify delusional or grandiose content (Hudon & Stip,
2025). Current evidence does not establish whether such interactions can precipitate de novo psychosis in
individuals without pre-existing vulnerability, so causal claims should remain cautious. Proposed safeguards
include personalized instruction protocols, reflective check-ins, digital advance statements, and escalation
pathways, but these measures require co-design with service users and clinicians and prospective evaluation
before they can be regarded as effective clinical protections (Morrin et al., 2026).

3.6.2. Generalizability and clinical validation

High performance during model development also frequently fails to translate across institutions and
patient populations. Multicenter prospective evaluation and continuous human oversight are necessary before
promising accuracy estimates can justify scalable implementation (Bobkov et al., 2025). Similar weaknesses
are evident in digital-biomarker research on Alzheimer’s disease and mild cognitive impairment, where
favorable discrimination has largely been demonstrated using retrospective or cross-sectional datasets. The
scarcity of prospective studies, external validation, calibration assessment, adherence to reporting standards,
and publicly available code means that strong classification performance cannot yet be interpreted as reliable
diagnostic probability or real-world generalizability across populations, devices, languages, and clinical
environments (Qi et al., 2025).
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3.6.3. Reporting standards and methodological transparency

Transparent reporting is essential for determining whether findings reflect genuine clinical effectiveness
or performance obtained under curated development conditions. The SPIRIT-AI and CONSORT-AI
extensions require investigators to describe the intended role of an Al system, its inputs and outputs, integration
into clinical workflows, human—Al interaction, and procedures for identifying and managing errors. Adherence
to these guidelines cannot compensate for small samples, inadequate validation, or the absence of meaningful
clinical outcomes (McGenity & Treanor, 2021). CONSORT-AI improves the interpretability and
reproducibility of trial reports by adding 14 Al-specific items, although it remains a reporting framework rather
than a guarantee of representative sampling, appropriate comparators, external validity, or patient benefit (X.
Liuetal., 2020). Correspondingly, the 15 additional SPIRIT-AI items promote prospective specification of the
system and its clinical use, but cannot ensure methodological quality and do not adequately address
continuously learning or dynamically updated models (Cruz Rivera et al., 2020). Ribeiro Junior et al. (2025)
argued that CONSORT 2025 and SPIRIT 2025 do not explicitly require authors to report how Al is used in
participant selection, randomization, outcome adjudication, or statistical analysis. They recommended
updating the Al-specific extensions to include the reporting of training data, validation procedures, model
performance, fairness, preregistration, and, where feasible, source code. The authors further emphasized that
effective implementation would require active endorsement and enforcement by journals, research ethics
committees, and funding bodies rather than reliance on voluntary reporting alone.

3.6.4. Clinical actionability, human oversight, and explainability

A further limitation is that predictive accuracy does not necessarily translate into clinical actionability.
Most psychiatric models identify associations without determining which modifiable factors cause an outcome
or which intervention would benefit an individual patient (Krishnadas et al., 2025). Changes in populations,
treatments, and clinical practice may progressively undermine model calibration and contribute to over- or
undertreatment (Guan et al., 2026). Human interaction with Al introduces an additional source of error through
automation bias. Reliance on algorithmic recommendations is influenced by different factors, such as
professional expertise, trust, cognitive load, time pressure, verification demands, and the order in which advice
is presented. Explanations may reinforce inappropriate trust when interpreted as endorsements of the model’s
output (Romeo & Conti, 2026). Explainable Al likewise cannot be assumed to resolve concerns about
reliability or accountability. Methods such as SHAP and LIME may improve the accessibility of model outputs,
but their explanations can be unstable, computationally burdensome or difficult to standardize (Kalasampath
et al., 2025).

3.7. Future directions

Future research should move beyond demonstrating that artificial intelligence can identify statistical
patterns in psychiatric data and determine whether these systems produce clinically meaningful benefits.
Model evaluation should include prospective and multicenter validation, clinically relevant comparators,
calibration, decision-curve analysis and outcomes reflecting changes in diagnosis, treatment selection, relapse
prevention or patient functioning (Sun et al., 2025). The development of a predeployment PTSD model
illustrates the value of temporal and geographic validation and clinically calibrated risk estimates, while also
demonstrating that predictive performance does not establish whether risk-informed interventions improve
outcomes (Papini et al., 2023). Similarly, models developed for predicting depression risk in underrepresented
populations should undergo external validation across healthcare systems and demographic groups, with
continued assessment of calibration and subgroup performance before their use for clinical triage (Y. Wang &
Pan, 2026). Future studies should prospectively define their intended clinical use, performance measures and
criteria for clinically meaningful benefit. Transparent reporting and, where ethically and legally permissible,
the sharing of data-processing procedures and model code will be necessary to improve reproducibility and
enable independent evaluation (Z. S. Chen et al., 2026). Performance should also be reported separately across
relevant demographic and clinical subgroups because acceptable average accuracy may conceal systematic
errors affecting populations underrepresented in the development data (Y. Wang & Pan, 2026). Multimodal
integration of clinical information, neuroimaging, speech, language, physiological measurements and digitally
captured behavior may provide a more comprehensive representation of mental states. Studies should establish
whether each additional modality produces clinically meaningful incremental value rather than assuming that
greater data complexity necessarily improves prediction (Narimani & Naeim, 2025). Federated learning may
facilitate collaboration between institutions by allowing models to be trained without transferring raw patient
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data; however, its psychiatric application requires further investigation of heterogeneity between participating
sites, communication and computational demands, privacy leakage and the fairness of the resulting models
(Khalil et al., 2024). The goals of psychiatric modeling should also extend beyond prediction to clinical
actionability. Models that estimate the probability of relapse or treatment response do not necessarily indicate
which intervention would alter that outcome. Precision psychiatry will require closer integration of predictive
modeling with causal inference, particularly when algorithms are expected to compare therapeutic alternatives
or estimate individual treatment effects (Bernstorff & Jefsen, 2025).

Clinical implementation should be evaluated as an interaction between patients, clinicians and Al rather
than as the isolated performance of an algorithm. A human-assisted framework in which models receive
structured feedback and adapt to local contexts may improve reliability and trust, but it will require culturally
responsive evaluation and Al education for mental health professionals (Z. S. Chen et al., 2026). The concept
of the augmented clinician similarly positions Al as a means of extending pattern recognition, documentation
and monitoring capacity while preserving professional responsibility, contextual reasoning and therapeutic
engagement. Research should compare clinicians working with and without A, investigate when
recommendations should be presented, and measure automation bias, workload, diagnostic reasoning and
effects on the therapeutic relationship (Ruan et al., 2026). Evaluation must continue after implementation
because performance established during development may deteriorate as patient populations, diagnostic
practices, treatments and data-collection systems change. Future clinical Al infrastructure should incorporate
continuous monitoring of discrimination and calibration, detection of data and model drift, subgroup-specific
performance assessment and predefined procedures for recalibration or controlled updating (EI Arab et al.,
2026). Lifecycle governance should additionally specify action thresholds, incident-reporting pathways,
responsibility for corrective intervention and conditions under which a model should be suspended or rolled
back. These operational requirements must be prospectively evaluated, as recommendations for monitoring
and governance have developed more rapidly than evidence showing how they can be implemented reliably
in routine healthcare (Guan et al., 2026).

Patients, clinicians, and other stakeholders should be involved in identifying clinical needs and
designing Al-assisted mental healthcare. Patient and public involvement, guided by co-design and design-
justice principles, may help ensure that these technologies reflect diverse user needs and reduce inequalities in
participation, representation, and access (Zidaru et al., 2021). In the more specific context of an intervention
combining virtual reality with generative Al, a co-creation approach has also been proposed as a means of
strengthening trust and therapeutic engagement (Della Greca et al., 2024). Taken together, these findings
support moving beyond one-time consultation towards more active collaboration with intended users during
the development and evaluation of Al-assisted mental health interventions.

Progress in psychiatric Al will depend less on increasingly complex algorithms than on a shift towards
clinically driven, reproducible and continuously evaluated research. Future studies should prioritize
representative longitudinal data, independent validation, causal and comparative treatment modeling,
transparent human—Al interaction, subgroup-specific fairness assessment and lifecycle-based governance.
These requirements would position Al not as an autonomous replacement for psychiatric expertise, but as an
accountable component of collaborative care whose value is determined by demonstrable improvements in
clinical decisions, patient outcomes and equity.

4. Conclusions

Artificial intelligence has the potential to support psychiatric diagnosis and clinical decision-making by
integrating complex clinical, biological, linguistic and behavioral data that cannot be readily synthesized
through conventional assessment alone. Machine learning, deep learning, natural language processing, digital
biomarkers and large language models have demonstrated promising applications in diagnostic classification,
symptom monitoring, relapse and suicide-risk prediction, treatment selection and clinical documentation.
However, performance remains strongly dependent on the clinical task, data source and evaluation setting, and
favorable results obtained during model development should not be interpreted as evidence of clinical
effectiveness.

The major barrier to implementation is not the absence of technically capable algorithms but the limited
evidence that their use improves decisions or patient outcomes across diverse real-world populations. Small or
unrepresentative samples, methodological heterogeneity, insufficient external and prospective validation,
inadequate calibration, limited interpretability and inconsistent assessment of safety continue to restrict
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generalizability. These concerns are particularly important in high-risk applications, including suicide-risk
assessment, direct patient interaction and treatment allocation, where inaccurate predictions or automation bias
may cause substantial harm. Al should consequently augment rather than replace comprehensive clinical
assessment, contextual interpretation and professional accountability.

Translation into psychiatric practice will require prospective multicenter studies, clinically meaningful
comparators, transparent reporting and continuous evaluation throughout the Al lifecycle. Greater emphasis
should be placed on representative longitudinal datasets, causal and comparative treatment modeling,
subgroup-specific fairness, patient and clinician co-design, and post-deployment monitoring for performance
deterioration. When embedded within clearly governed human—AlI collaboration, these technologies may
contribute to more personalized, continuous and evidence-informed psychiatric care. Their ultimate value,
however, should be judged not by algorithmic complexity or accuracy alone, but by whether they safely and
equitably improve clinical decisions, therapeutic relationships and outcomes that matter to patients.
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