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Background: Mental health systems globally face persistent structural failures in identification,
assessment, treatment access, continuity of care, and evidence integration. Most individuals requiring care
are never identified or are identified years after disorder onset, while diagnostic accuracy and treatment
pathways remain inconsistent across settings. Simultaneously, artificial intelligence and digital mental
health technologies are rapidly proliferating without standardized governance, validation, interoperability,
or evidence-traceability frameworks.

Objective: To propose a vendor-neutral integrated mental health assessment infrastructure specification
defining the core capabilities technology-enabled mental health systems should support across the
continuum of care.

Methods: This work synthesizes evidence and operational requirements across 21 symptom and disorder
domains, including depression, anxiety, psychotic-spectrum disorders, suicidality, substance use, eating
disorders, neurodevelopmental conditions, and interpersonal functioning. The review additionally
evaluates 17 assessment strategies across more than 30 implementation and validity dimensions, treatment
pathways, reimbursement structures, and 16 care settings spanning primary care, specialty psychiatry,
emergency medicine, inpatient care, telehealth, and correctional systems.

Results: We define a reference standard for integrated mental health assessment systems encompassing:
(1) structured multi-domain assessment with dynamically administered questionnaires; (2) longitudinal
measurement-based reassessment and symptom tracking; (3) real-time risk detection and safety escalation;
(4) evidence-based clinical decision support with transparent and traceable evidence sources; (5) navigation
of care delivery and continuity across transitions; (6) Electronic Health Record interoperability with
auditability; and (7) a governed evidence layer supporting continuous re-validation of instruments,
guidelines, and predictive systems using real-world deployment data.

The proposed framework integrates digital self-report, structured assessment, clinical guidance,
and workflow-aware implementation while addressing constraints relating to scalability, patient safety,
reimbursement, operational logistics, and clinical validity. Conclusions: A standardized, interoperable
infrastructure for mental health assessment may improve systematic identification, clinical decision-
making, continuity of care, and deployment governance for digital and AI-enabled systems. The proposed
specification provides a scalable foundation for integrating evidence-based assessment and measurement-
based care across heterogeneous clinical environments while enabling continuous evaluation and updating
of the underlying evidence base.
Keywords: mental health assessment; measurement-based care; clinical decision support; artificial intelligence; digital
mental health; psychiatric diagnosis; interoperability; healthcare infrastructure; evidence governance; risk detection.
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1 Introduction

This work proposes a reference standard for technology-
powered mental health care spanning screening, struc-
tured assessment and generation of diagnoses, preven-
tion, longitudinal monitoring, clinical decision support
in evidence-based practice, and integration and care
coordination across the care continuum. The proposal
has two aims. First, it establishes why such a standard
is needed, by documenting the structural limitations
of current mental health care delivery, reviewing the
methodological concerns in the evidence base on which
clinical decisions depend, and commenting on the rapid
proliferation of digital mental health technologies with-
out shared frameworks for evaluation or governance.
Second, it defines a vendor-neutral reference model,
specifying capabilities that technology-powered mental
health systems in this class should support, spanning
multi-domain assessment, measurement-based care, risk
detection, treatment decision support, care navigation,
and reporting. We do not describe or advocate for a spe-
cific product, instead we describe a class of systems and
the evidentiary standards that should apply to them.

The reference standard proposed in this work emerges
as a result of a review of mental health across care
settings, clinical conditions, measurement modalities,
treatment complexity, workforce constraints, scalabil-
ity requirements, ethical considerations, and regulatory
structures. When these dimensions are evaluated si-
multaneously, a specific class of system emerges as the
baseline infrastructure the field needs: transparent, lon-
gitudinal, structured assessment systems that seamlessly
integrate validated instruments with evidence-based
clinical decision support into clinical workflows, care
navigation, and governed evidence management.

Section 2 presents a review of the current state of
mental health care, covering the structural problems in
care delivery, the scope of conditions and most common
conditions treated, the available measurement modal-
ities, the care settings and populations served, the fi-
nancial and reimbursement structures that constrain
service delivery, and a strategic prioritisation analysis
that identifies where the intersection of impact and fea-
sibility is greatest. Section 3 presents the proposed ref-
erence standard, including the reference model, evalua-
tion framework, safety and privacy requirements, equity
considerations, implementation pathways, regulatory
alignment, and governance of the standard. Section 4
provides a conclusion and call to action. The central
claim of this work is that scalable, structured, longitudi-
nal assessment grounded in validated instruments and
governed evidence is the missing infrastructure layer
required to improve mental health care and patient
outcomes at scale.

2 The state of mental health care

2.1 The core problem

Mental health and neurological disorders account for
approximately 10.4% of disability-adjusted life years
worldwide (Whiteford et al., 2013). Despite substantial
advances in treatment efficacy, the systems designed to
detect and treat these conditions face persistent struc-
tural limitations, which include substantial lack of access
to trained and experienced practitioners (Katayama et
al., 2023; Thornicroft et al., 2017). Current digital
mental health tools are typically fragmented, condition-
specific, weakly integrated into care pathways, and in-
consistently developed or validated therefore limiting
their clinical utility and scalability. Six converging chal-
lenges in mental health service delivery motivate the
present document:

1. Many cases of serious mental illness are
never identified, and those that are identified
are identified late. Fewer than half of individuals
with diagnosable mental disorders receive any profes-
sional care (Kohn et al., 2004; Thornicroft et al., 2017).
Among those who do seek treatment, delays of 6–23
years between symptom onset and first clinical con-
tact are common, depending on the disorder (Wang
et al., 2005). A substantial proportion of cases are
never detected at all - not because assessment fails,
but because affected individuals never present for care,
particularly in systems with limited outreach, inade-
quate community-based services, or structural barriers
to access. For those who do reach clinical settings,
traditional case-finding often depends on unstructured
interviews during brief primary care visits - a model sen-
sitive to clinician training, time constraints, the salience
of presenting complaints, and the patient’s likelihood
to seek accessible care. Detection rates under these
conditions are known to be suboptimal (Carey et al.,
2014; Vermani et al., 2011).

2. When cases are identified, they are fre-
quently misclassified. Detection of depression and
anxiety-related disorders in primary care is often limited,
with unassisted GP detection of depression showing low
sensitivity and studies of mood and anxiety disorders
reporting high rates of missed or incorrect recognition
(Carey et al., 2014; Vermani et al., 2011). Initial diag-
noses in mental health settings can also change substan-
tially on further assessment: rates of diagnostic revision
for schizophrenia have been reported in the range of 36-
51% (Bradford et al., 2024); patient surveys of bipolar
disorder report that 69-73% of respondents had previ-
ously received an incorrect diagnosis (Hirschfeld et al.,
2003; Lish et al., 1994); and schizoaffective disorder has
been reported as a particularly unstable or frequently
misclassified diagnosis in some settings (Bradford et
al., 2024). Diagnostic clarity is especially challenged
where anxiety, reported hallucinations, comorbidity, or
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overlapping symptom profiles complicate differential
diagnosis (Coulter et al., 2019). Low or inconsistent use
of validated screening and assessment instruments may
further contribute to variability in recognition and man-
agement, particularly where clinicians differ in training,
familiarity, or confidence with these tools (Waheed et
al., 2024).

3. Assessment is typically a pretreatment
event rather than a continuous process. Current
practice treats screening as a snapshot rather than a
trajectory. A single PHQ-9 score during a 15-minute pri-
mary care visit cannot capture the longitudinal dynam-
ics of symptom onset, progression, treatment response,
and relapse. In the absence of measurement-based care,
detection of treatment non-response is delayed and re-
covery management proceeds without systematic out-
come data. Current practice relies on snapshot screening
rather than longitudinal measurement, despite evidence
supporting measurement-based care approaches that in-
corporate repeated assessment over time (Fortney et al.,
2017).

4. The pathway from assessment to appropri-
ate treatment is inconsistently supported. Even
when a positive screen is obtained, the availability of
and referral to evidence-based treatment varies consid-
erably across settings. Care navigation that matches
patients to the appropriate modality (psychotherapy,
pharmacotherapy, neuromodulation, digital therapeu-
tics, peer support, lifestyle intervention), provider, and
intensity level is not systematically supported in most
care environments, despite evidence that stepped and
matched care models can improve response and remis-
sion rates compared with usual care (van Straten et al.,
2015). Furthermore, referral pathways vary in structure,
scheduled therapy sessions are often widely dispersed,
and between-session support is limited. These factors
contribute to discontinuities along the care continuum,
particularly at the transitions between assessment and
treatment initiation, and between active treatment and
sustained recovery management; systematic reviews of
initial appointment non-attendance and early dropout
document substantial losses at exactly these transition
points (Sweetman et al., 2021). Repeated misclassifica-
tion, poorly matched treatment, or unsupported refer-
rals may also erode trust in care, reducing adherence
and increasing the likelihood that patients disengage
until symptoms escalate to crisis or emergency presen-
tation.

5. Emerging technology is advancing faster
than the standards needed to govern it (Chan
et al., 2025; Lecomte et al., 2020; Torous et al., 2018).
Large language models, adaptive assessment engines,
and AI-driven clinical decision support tools are en-
tering mental health care without consensus on what
constitutes safe, effective, and equitable deployment
(Papagiannidis et al., 2025; World Health Organiza-

tion, 2021a). The regulatory landscape is fragmented
across jurisdictions and some jurisdictions in the US
have already placed restrictions on digital therapy as-
sistants that render them challenging to deploy. No
shared framework exists for evaluating these systems
in proportion to the clinical claims they make and the
risks they may introduce. Without a reference standard,
the result is likely to be a heterogeneous collection of
inconsistently evaluated tools with variable safety and
efficacy profiles.

6. The evidence base underpinning clinical
decisions has known limitations that must be
actively managed. The challenges described above
are compounded by well-documented methodological
concerns in the scientific literature that underpins men-
tal health assessment and treatment. Publication bias,
selective outcome reporting, small and unrepresentative
samples, heterogeneous methods, overfitting of diag-
nostic cutoffs to derivation samples, and insufficient
replication are pervasive (Flake & Fried, 2020; Haven
& Ioannidis, 2026; Ioannidis, 2005; Turner et al., 2008;
Vowels, 2023). For screening instruments specifically,
many validation studies derive optimal cutoffs on the
same sample used to estimate accuracy, head-to-head
comparisons within domains are rare, reference stan-
dards vary across studies, and measurement invariance
testing across demographic subgroups remains incom-
plete for most measures. Treatment guidelines are sim-
ilarly affected by these concerns. The literature from
which they are derived reflects incentive structures that
reward novelty over replication, statistical significance
over clinical significance, and publication volume over
methodological rigour. Head-to-head comparisons be-
tween bona fide psychotherapy modalities consistently
yield small or non-significant differences, and direct com-
parisons between psychotherapy and pharmacotherapy
show similarly modest differentiation - raising funda-
mental questions about the evidential basis for recom-
mending one specific treatment over another for a given
patient. AI systems trained or prompted on this litera-
ture, and technology-powered systems that encode these
guidelines, inherit whatever biases and inaccuracies the
underlying evidence contains.

This is not, however, an argument against the use
of validated instruments and evidence-based guidelines.
On the contrary: standardized, psychometrically evalu-
ated screening tools represent one of the most defensi-
ble starting points, outperforming unstructured clinical
judgement in terms of consistency, reproducibility and
scalability (Ægisdóttir et al., 2006; Grove et al., 2000).
Many instruments have been subjected to more scrutiny
than the vast majority of clinical assessment practices
they would augment or replace. The alternative - con-
tinued reliance on unstandardized, clinician-variable
assessment - is not a safer option. At the same time,
structured instruments and clinical judgment serve com-
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plementary roles: instruments provide reproducible,
population-level signal, while clinicians interpret, con-
textualise, and act on that signal in light of individual
patient circumstances. Neither alone is sufficient; im-
proved outcomes depend on their integration within a
structured, transparent, and iterative assessment pro-
cess.

2.2 The scope of mental health conditions and
presentations

A detailed discussion of conditions, prevalence, and
burden is provided in Appendix A. For organisational
clarity, we adopt the DSM-5-TR (American Psychiatric
Association, 2022) as the primary reference framework,
given its continued use in clinical practice, research,
reimbursement systems, and regulatory contexts. At
the same time, the limitations of categorical diagnosis
are well established: diagnostic boundaries are often
porous, comorbidity is pervasive, reliability is uneven
across conditions, and many clinically significant presen-
tations do not fit neatly within a single discrete category.
Frameworks such as the ICD-11 (World Health Organi-
zation, 2022a), RDoC (Insel et al., 2010), and HiTOP
(Kotov et al., 2017) highlight the need for approaches
that can accommodate dimensionality, overlap, and het-
erogeneity rather than assuming that clinical reality is
well captured by rigid categories alone.

Accordingly, the scope of this described reference
standard extends beyond formal diagnoses. It includes
high-prevalence conditions with many putative subtypes
such as depressive disorders, generalised anxiety dis-
order, panic disorder, social anxiety disorder, PTSD,
and OCD; severe mental illness including bipolar and
psychotic-spectrum disorders; neurodevelopmental con-
ditions such as ADHD and autism; alcohol and sub-
stance use disorders; feeding and eating disorders; in-
somnia and other sleep-related problems; sexual dys-
function; suicidality and self-harm; subjective cognitive
decline; personality pathology, particularly borderline
personality disorder; adjustment disorders, burnout,
stress, emotional dysregulation, body dysmorphic disor-
der, specific phobias, and symptom-level or subthreshold
presentations that may still require monitoring or in-
tervention. It also includes relational and interpersonal
functioning, family dysfunction, resilience, attachment-
related difficulties, loneliness, and socio-economic status
which are not DSM-5 diagnostic categories in themselves
but are clinically significant drivers and moderators of
outcomes across many disorders.

The central implication is that a viable assessment
standard cannot be built around one disorder at a time.
Mental health presentations are multi-domain, trans-
diagnostic, and often developmentally and contextually
shaped, with high rates of within- and cross-spectrum co-
morbidity documented in large epidemiological surveys
(Kessler et al., 2005a). A condition-specific approach

might reproduce the fragmentation that already char-
acterises much of mental health care, where patients
are screened narrowly despite overlapping syndromes,
mixed risk states, and functionally important symptoms
outside a single diagnostic category.

At the same time, current clinical workflows, re-
imbursement structures, and regulatory frameworks
remain largely organised around disorder-based classi-
fication systems such as DSM-5-TR. Accordingly, the
reference standard is designed to operate pragmatically
within these constraints: in the near term, this in-
volves the structured combination of validated, disorder-
specific instruments integrated through shared admin-
istration and contextual decision logic. Over time, as
large-scale longitudinal data accumulates and validation
frameworks mature, this approach creates a pathway
toward more unified, transdiagnostic or symptom-level
assessment models that better reflect underlying clini-
cal reality while remaining actionable in practice – an
evolution paralleled in research frameworks such as
the Hierarchical Taxonomy of Psychopathology, which
organises psychopathology along empirically derived
dimensions rather than discrete categories (Kotov et
al., 2017). The full clinical scope and epidemiological
context are detailed in Appendix A.

2.3 The treatment landscape

A standard for assessment must be designed in light of
the clinical decisions that follow from it. The treatment
landscape is described in Appendix B and summarised
in Table 1; this section highlights the implications most
relevant to the design of the standard. Mental health
treatment spans pharmacotherapy, psychotherapy, neu-
romodulation, digital therapeutics, and lifestyle or ad-
junctive interventions. Pharmacological treatment in-
cludes SSRIs, SNRIs, mood stabilisers, benzodiazepines,
antipsychotics, stimulant and non-stimulant ADHD
medications, and medications for substance use dis-
orders. Psychotherapeutic care includes CBT, DBT,
trauma-focused therapies such as EMDR, CPT, and pro-
longed exposure, third-wave approaches such as ACT
and MBCT, interpersonal psychotherapy, psychody-
namic approaches, and family or systemic therapies.
Other parts of the treatment landscape include ECT,
rTMS, ketamine and esketamine, emerging psychedelic-
assisted therapies, digital therapeutics, exercise, sleep-
focused interventions, diet, peer support, and social
prescribing.

Across these modalities, the evidence base is hetero-
geneous in both quality and maturity, and is affected
by the same metascientific problems identified in this
document, including publication bias, problematic com-
parators (such as poorly blinded placebo), selective
reporting, researcher allegiance effects, endpoint switch-
ing, and conflicts of interest; an influential analysis of
FDA-registered antidepressant trials, for example, found
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that selective publication inflated apparent effect sizes
by approximately 32% across the drug class (Turner
et al., 2008). In many areas of mental health, average
treatment effects are modest, differences between com-
monly used interventions are often small, and combined
treatment may outperform monotherapy depending on
the condition, severity, and stage of care, as illustrated
by network meta-analyses showing relatively narrow
efficacy and acceptability differences across commonly
used antidepressants (Cipriani et al., 2018). In prac-
tice, treatment choice is shaped not only by efficacy
estimates but also by side effects, contraindications,
drug interactions, comorbidity, patient preference, cost,
availability, workforce constraints, and sequencing after
prior non-response. Misclassification also creates direct
patient-safety risks: unnecessary or poorly matched
pharmacological treatment can expose patients to avoid-
able adverse effects, including metabolic, neurological,
sexual, and weight-related harms, with particular con-
cern where complex psychotropic prescribing occurs
without specialist behavioral health input.

The design implication is that technology-powered
systems should not present treatment as a deterministic
output of assessment. Their appropriate role is to sup-
port structured, evidence-informed clinical reasoning
by presenting options, trade-offs, and uncertainty in
a transparent way, and to facilitate shared decision-
making between clinician and patient through clear
communication of risks, benefits, and alternatives. This
requires systems to incorporate evidence grading, prove-
nance, and ongoing re-validation rather than treating
guidelines as fixed or exhaustive rules. In other words,
the assessment standard must be compatible
with a treatment landscape in which the evi-
dence is useful but incomplete, and in which
treatment selection always depends on a wider
clinical and practical context.

2.4 Measurement modalities and delivery for-
mats

Mental health assessment can be conducted through
multiple modalities, each with distinct strengths, lim-
itations, and levels of evidentiary maturity. A taxon-
omy and evaluation are provided in Appendix C, with
summary comparisons in Tables 1, 2, 3, and 4. The
strongest and most established evidence base remains
with self-report instruments, whether paper or digital,
and with clinician-administered interviews, which con-
tinue to form the backbone of most current clinical
workflows. Computerised cognitive and neuropsycho-
logical tasks provide an additional source of objective
measurement for selected domains. Other modalities,
including gamified assessments, speech and voice analy-
sis, eye tracking, facial and video-based analysis, digital
phenotyping, EMA, wearable physiological monitoring,
multimodal sensing, neuroimaging, EEG, and NLP-
based analysis of clinical or patient-generated text, are

active areas of development and may ultimately prove
valuable, but in most cases they are not yet sufficiently
validated for standalone clinical deployment.

The key point is that no single modality is sufficient
across all conditions, populations, and care settings.
Digital self-report is scalable, inexpensive, and already
aligned with reimbursement and workflow realities, but
it remains subjective and is not feasible or appropriate
for every patient group (e.g., children or the elderly).
Clinician-administered assessment offers greater inter-
pretive depth and diagnostic flexibility, but it is time-
intensive, scarce and difficult to scale. Cognitive tasks
can add performance-based information, while passive
and sensor-based modalities may offer new forms of
longitudinal signal, especially for monitoring and risk
detection, but they currently face challenges of stan-
dardisation, validation, interpretability, privacy, and
governance. The choice of modality is also inseparable
from deployment context: what is feasible in a specialist
clinic or research setting may not be feasible in primary
care, on a patient’s phone, in a residential facility, or in
a correctional environment.

For that reason, the standard should not be built
around any single measurement technology. Instead, it
should specify modality-agnostic requirements and
define how different modalities can be incorpo-
rated according to their evidence tier, risk pro-
file, and intended clinical function. This supports
both present-day deployment using mature methods and
future extensibility as newer measurement approaches
become clinically validated.

2.5 Care settings and populations

Mental health care is delivered across a wide range of
settings, each with its own workflow, constraints, acu-
ity profile, and patient population. A more detailed
discussion is provided in Appendix D. These settings
include primary care, collaborative care, emergency
departments, local mental health centers, acute and pal-
liative care, outpatient psychiatry and specialty mental
health services, veterans and military systems, paedi-
atric and adolescent services, residential and long-term
care, telehealth and asynchronous care, employee assis-
tance programmes, university and college counselling
centres, substance use treatment pathways, forensic
and correctional environments, payer and utilisation-
management contexts, global and low-resource systems,
and consumer-facing wellness and self-managed care
platforms. Although these environments differ sub-
stantially, many of the same structural problems recur:
limited clinician time, fragmented pathways, poor con-
tinuity across transitions, inconsistent use of structured
assessment, and weak capacity for longitudinal moni-
toring and measurement-based care.

In addition, capacity constraints are pervasive: in
many regions access to specialist care is limited or ab-
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sent, with substantial geographic variation in provider
availability – in the US alone, several thousand coun-
ties are designated Mental Health Professional Shortage
Areas – and prolonged wait times for referral-based
services, often extending to months or longer (Health
Resources and Services Administration, 2024). These
constraints mean that even when needs are correctly
identified, timely access to appropriate care is not guar-
anteed, and untreated rates remain high across most
disorders even in well-resourced settings (Kohn et al.,
2004).
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Table 1. Treatment Landscape by Condition — Current Standard of Care, Key Limitations, and Opportunities for Standards-Governed Technology

Condition Pharmacotherapy
(guideline-recommended)

Neuromodulation Psychotherapy (guideline-
recommended)

Key Limitations and Gaps Opportunity for Standards-
Governed Technology

Depression SSRIs, SNRIs (1st line);
TCAs, MAOIs, atypicals,
augmentation (2nd+); eske-
tamine, lithium augmentation
(TRD) (National Institute for
Health and Care Excellence,
2022a)

ECT (TRD, acute suicidal-
ity); rTMS (FDA-cleared
for TRD); VNS (chronic
TRD, FDA-approved);
MST (investigational)
(National Institute for
Health and Care Excel-
lence, 2022a)

CBT, BA, IPT, MBCT
(relapse prevention);
MBSR/mindfulness; cou-
ples therapy; psychodynamic;
combined Tx superior to
monotherapy (National In-
stitute for Health and Care
Excellence, 2022a)

Trial-and-error prescribing; non-
response detected late; sexual
dysfunction/weight gain under-
monitored; publication bias in-
flates drug effect sizes; therapist
shortage limits psychotherapy
access (Turner et al., 2008)

MBC to detect non-response
early; side-effect monitoring;
structured treatment matching;
track combined vs mono out-
comes

Anxiety disor-
ders

SSRIs, SNRIs (1st line);
buspirone (GAD); benzodi-
azepines (short-term only,
dependence risk) (National
Institute for Health and Care
Excellence, 2011b)

rTMS (emerging evidence
for GAD, social anxiety);
dTMS (investigational);
limited guideline support
at present

CBT (exposure-based);
ACT; applied relaxation;
MBSR/mindfulness; disorder-
specific protocols vary (ERP
for OCD features, PE for
PTSD features) (National In-
stitute for Health and Care
Excellence, 2011b)

Benzodiazepine overprescribing;
subtype-specific matching rare
in practice; long wait for CBT;
limited differentiation between
anxiety subtypes at point of care
(Bandelow et al., 2023)

Multi-domain screening to dif-
ferentiate subtypes; modality
matching; between-session expo-
sure support; benzodiazepine use
monitoring

PTSD SSRIs (sertraline, paroxetine);
prazosin (nightmares); lim-
ited pharmacological options
overall (Schnurr et al., 2024)

rTMS (emerging adjunc-
tive evidence); stellate
ganglion block (investiga-
tional); limited guideline
support

TF-CBT, PE, EMDR
(guideline-recommended
1st line); CPT; emerging:
MDMA-assisted therapy (reg-
ulatory pathway uncertain)
(Schnurr et al., 2024)

High dropout from trauma-focused
therapy; comorbid SUD/TBI com-
plicate treatment; limited trained
therapists; 54% of PTSD trials
rated high risk of bias (O’Neil et
al., 2024)

Comorbidity-aware treatment
matching; dropout risk monitor-
ing; between-session stabilisation;
longitudinal symptom tracking

Bipolar disor-
der

Lithium, valproate, lamotrig-
ine; atypical antipsychotics;
complex polypharmacy com-
mon (Keramatian et al., 2023)

ECT (acute mania, severe
depression, catatonia);
rTMS (bipolar depression,
emerging); limited evidence
for maintenance neuromod-
ulation (Keramatian et al.,
2023)

Psychoeducation; CBT
adapted; IPSRT; family-
focused therapy; adjunctive
role only (Keramatian et al.,
2023)

Frequently misdiagnosed as unipo-
lar depression; mood monitoring
infrequent; lithium monitoring
requirements limit use; polyphar-
macy side-effect burden poorly
tracked (Daveney et al., 2019)

Bipolar screening at depres-
sion intake; longitudinal mood
charting; medication interaction
checks; side-effect/lab monitoring
alerts

Psychotic-
spectrum dis-
orders

Antipsychotics (FGA/SGA);
clozapine for treatment re-
sistance; LAIs for adherence
(Keepers et al., 2020)

ECT (catatonia, treatment-
resistant psychosis); rTMS
(auditory hallucinations,
emerging evidence); tDCS
(investigational) (Keepers
et al., 2020)

CBTp; family intervention; so-
cial skills training; supported
employment; cognitive reme-
diation (National Institute for
Health and Care Excellence,
2014)

Metabolic side effects under-
monitored; clozapine underused
due to monitoring burden; cogni-
tive and social cognitive deficits
rarely assessed; substantial life
expectancy gap (Correll et al.,
2022)

Metabolic monitoring integration;
cognitive assessment to inform
Tx; adherence tracking; early
relapse detection via longitudinal
monitoring

Continued on next page
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Condition Pharmacotherapy Neuromodulation Psychotherapy Key Limitations and Gaps Opportunity for Standards-
Governed Technology

OCD SSRIs (high dose);
clomipramine; SGA augmen-
tation (National Institute for
Health and Care Excellence,
2005)

DBS (FDA humanitar-
ian device exemption
for refractory OCD);
rTMS/dTMS (FDA-
cleared for OCD); emerg-
ing: focused ultrasound
(investigational) (National
Institute for Health and
Care Excellence, 2005)

ERP (gold standard protocol);
CBT; ACT (emerging) (Na-
tional Institute for Health and
Care Excellence, 2005)

Average 10+ year treatment delay;
ERP therapists scarce; frequently
misdiagnosed; comorbid depression
complicates treatment sequencing
(Dell’Osso et al., 2013)

Earlier detection via routine
screening; ERP therapist match-
ing; severity-based stepped care;
between-session ERP support

ADHD Stimulants (methylphenidate,
amphetamines); atomoxetine,
guanfacine (non-stimulant)
(National Institute for Health
and Care Excellence, 2018)

FDA-cleared eTNS (pae-
diatric ADHD); rTMS
(investigational); neuro-
feedback (limited guideline
support, mixed evidence)

CBT (adult ADHD); coach-
ing; organisational skills train-
ing; limited psychotherapy
evidence vs pharmacotherapy
(National Institute for Health
and Care Excellence, 2018)

Adult ADHD under-recognised;
long-term outcome data limited;
comorbid anxiety/depression fre-
quently untreated; cardiovascular
monitoring inconsistent (National
Institute for Health and Care Ex-
cellence, 2018)

Routine adult ADHD screening;
comorbidity detection; treatment
response monitoring; cardiovascu-
lar safety tracking

Alcohol / sub-
stance use
disorders

Naltrexone, acamprosate
(AUD); buprenorphine,
methadone (OUD); vareni-
cline (nicotine); disulfiram
(National Institute for Health
and Care Excellence, 2011a)

rTMS (emerging evidence
for craving reduction in
AUD, nicotine depen-
dence); tDCS (investiga-
tional); DBS (severe refrac-
tory cases, investigational)

MI, CBT, CM, 12-step fa-
cilitation; integrated dual-
diagnosis treatment rare in
practice (National Institute
for Health and Care Excel-
lence, 2011a)

MAT grossly under-prescribed
(esp. OUD); SUD/MH treated in
silos; relapse poorly monitored;
abstinence-only bias in much of
the literature (Yakovenko et al.,
2024)

Integrated MH+SUD screening;
MAT decision support; relapse
monitoring; harm reduction-
compatible care pathways

Eating disor-
ders

Limited pharmacological role;
fluoxetine (BN); olanzapine
(AN, limited); lisdexamfe-
tamine (BED) (National In-
stitute for Health and Care
Excellence, 2017)

rTMS (emerging for AN,
BN); tDCS (investiga-
tional); DBS (severe refrac-
tory AN, investigational)

CBT-E, FBT (adolescents);
DBT (BN, BED); MANTRA
(AN); nutritional rehabilita-
tion (National Institute for
Health and Care Excellence,
2017)

High mortality of any MH con-
dition; severely under-detected
in primary care; specialist ser-
vices scarce; OSFED/BED poorly
served by existing trials; PTSD
comorbidity high (van Hoeken &
Hoek, 2020)

Routine screening (SCOFF) at
primary care; comorbidity-aware
assessment; specialist referral
navigation; outcome monitoring
beyond weight

Insomnia Z-drugs, low-dose trazodone,
melatonin agonists; benzodi-
azepines (not recommended
long-term) (Sateia et al.,
2017)

Limited evidence; rTMS
(investigational for comor-
bid insomnia); no estab-
lished neuromodulation
protocols for primary in-
somnia

CBT-I (recommended 1st line
in guidelines); digital CBT-I
(DTx available) (Edinger et
al., 2021)

CBT-I access severely limited de-
spite guideline recommendation;
hypnotics prescribed as default;
insomnia as transdiagnostic driver
under-recognised; sleep rarely mon-
itored longitudinally (Riemann
et al., 2017)

Screening insomnia across all
MH presentations; digital CBT-I
routing; sleep as transdiagnostic
treatment target; wearable sleep
monitoring integration

Sexual dys-
function

PDE5 inhibitors (EDys); hor-
monal Tx; antidepressant
switching/augmentation for
SSRI-induced SD (Parish et
al., 2021)

No established neuromodu-
lation protocols for sexual
dysfunction

Sex therapy; CBT-based ap-
proaches; couples therapy;
mindfulness-based interven-
tions (Parish et al., 2021)

Almost never screened in MH
settings; iatrogenic SD from SS-
RIs/antipsychotics under-detected;
female SD particularly under-
researched; patient reluctance to
report without structured prompt-
ing (McCabe et al., 2016a)

Routine SD screening along-
side MH assessment; medication
side-effect monitoring; treatment-
emergent SD flagging to pre-
scriber

Continued on next page
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Condition Pharmacotherapy Neuromodulation Psychotherapy Key Limitations and Gaps Opportunity for Standards-
Governed Technology

Autism spec-
trum

No approved pharmacother-
apy for core autism features;
medications for comorbidities
(irritability, anxiety, ADHD)
(National Institute for Health
and Care Excellence, 2021)

rTMS (investigational
for social cognition and
repetitive behaviours);
tDCS (investigational);
no established clinical
protocols

Social skills interventions;
adapted CBT for comorbid
anxiety/depression; ABA
(controversial); occupational
therapy; speech-language ther-
apy (National Institute for
Health and Care Excellence,
2021)

Late/missed diagnosis (esp. fe-
males, adults); standard MH in-
struments not validated for autis-
tic populations; comorbid MH
conditions under-treated; service
fragmentation between autism and
MH systems (Lai et al., 2019)

Autism-aware screening; adapted
assessment pathways; comorbid-
ity detection; coordinated MH
care navigation

Suicidality /
self-harm

Lithium (bipolar); clozapine
(schizophrenia); ketamine
(acute ideation, emerging);
no broadly approved anti-
suicidal medication (National
Institute for Health and Care
Excellence, 2022b)

ECT (acute suicidality
with severe depression); ke-
tamine/esketamine (rapid
anti-suicidal effects, emerg-
ing); rTMS (adjunctive,
limited evidence for suici-
dality specifically)

DBT; safety planning; CAMS;
brief interventions post-
attempt; means restriction
counselling (National Institute
for Health and Care Excel-
lence, 2022b)

Prediction models have low PPV;
screening inconsistent across set-
tings; care transitions post-crisis
are highest-risk period; treatment
of underlying conditions is primary
prevention but rarely framed as
such (Belsher et al., 2019)

Universal screening at every
encounter; safety escalation work-
flows; care transition monitoring;
longitudinal risk tracking across
underlying conditions

Abbreviations: ACT = acceptance and commitment therapy; ABA = applied behaviour analysis; AN = anorexia nervosa; AUD = alcohol use disorder; BA = behavioural activation; BED = binge
eating disorder; BN = bulimia nervosa; CAMS = Collaborative Assessment and Management of Suicidality; CBT = cognitive behavioural therapy; CBT-E = enhanced CBT for eating disorders;
CBT-I = CBT for insomnia; CBTp = CBT for psychosis; CM = contingency management; CPT = cognitive processing therapy; DBS = deep brain stimulation; DBT = dialectical behaviour
therapy; dTMS = deep transcranial magnetic stimulation; DTx = digital therapeutic; ECT = electroconvulsive therapy; EDys = erectile dysfunction; EMDR = eye movement desensitisation and
reprocessing; ERP = exposure and response prevention; eTNS = external trigeminal nerve stimulation; FBT = family-based treatment; FGA = first-generation antipsychotic; GAD = generalised
anxiety disorder; IPT = interpersonal therapy; IPSRT = interpersonal and social rhythm therapy; LAI = long-acting injectable; MANTRA = Maudsley Anorexia Nervosa Treatment for Adults;
MAT = medication-assisted treatment; MBC = measurement-based care; MBCT = mindfulness-based cognitive therapy; MBSR = mindfulness-based stress reduction; MH = mental health; MI =
motivational interviewing; MST = magnetic seizure therapy; OUD = opioid use disorder; OSFED = other specified feeding or eating disorder; PE = prolonged exposure; PDE5 = phosphodiesterase
type 5; PPV = positive predictive value; rTMS = repetitive transcranial magnetic stimulation; SD = sexual dysfunction; SGA = second-generation antipsychotic; SUD = substance use disorder;
TBI = traumatic brain injury; tDCS = transcranial direct current stimulation; TF-CBT = trauma-focused CBT; TRD = treatment-resistant depression; Tx = treatment; VNS = vagus nerve
stimulation. Guideline-recommended treatments reflect current major guidelines (APA, NICE, WHO, VA/DoD) and do not imply endorsement of the underlying evidence quality.
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The differences between settings are also clinically im-
portant. In primary care, mental health is usually one of
several competing priorities within a brief consultation,
which means assessment may need to leverage pre-visit,
waiting-room, or portal-based workflows and generate
outputs that are actionable within the scope of the pri-
mary care provider. This is particularly consequential
because primary care physicians prescribe a large share
of psychotropic medications despite variable psychiatric
training, limited consultation time, and competing clin-
ical priorities. In rural and underserved settings, these
pressures are amplified by specialist shortages, longer
travel times, and greater reliance on primary care for
mental health management, increasing the need for
structured diagnostic support that can operate within
routine workflows (Katayama et al., 2023; Muench et al.,
2022; Waheed et al., 2024).

In emergency departments and acute care, the rele-
vant focus is immediate safety, triage, disposition, and
continuity of information at discharge rather than com-
prehensive multi-domain assessment; the documented
gaps in post-discharge follow-up and continuity for psy-
chiatric emergency presentations underline how high
the bar is for handoff infrastructure in this setting
(Boudreaux et al., 2011). In outpatient psychiatry, spe-
cialty care, and telepsychiatry, there is more room for
pre-visit digital assessment, severity tracking, treatment
response monitoring, and structured decision support,
but implementation remains limited by workflow habits
and capacity constraints. In EAPs, university coun-
selling centres, and consumer-facing platforms, the chal-
lenge is often high-volume, lower-intensity triage and
identifying who requires escalation into formal clinical
care. In correctional, residential, and long-term care
settings, device restrictions, cognitive limitations, proxy
reporting, staffing models, and handoff requirements
create additional design constraints.

Population-specific factors add a second layer of com-
plexity. Children and adolescents often require multi-
informant assessment involving parents, guardians, teach-
ers, or clinicians, since cross-informant agreement is
typically low-to-moderate and each informant captures
behaviour in a distinct context (De Los Reyes et al.,
2015). Neurodivergent individuals may be poorly served
by tools designed around neurotypical assumptions and
standard self-report formats; for example, alexithymia
– difficulty identifying and describing one’s own emo-
tions – is highly prevalent in autistic populations and
can systematically bias self-report measures of affect
(Kinnaird et al., 2019). Older adults may have sensory,
motor, or cognitive limitations that affect usability and
validity, which is why instruments such as the Geriatric
Depression Scale were specifically designed with simpli-
fied response formats and reduced reliance on somatic
items (Yesavage & Sheikh, 1986). Linguistically and
culturally diverse populations raise issues of translation

validity, explanatory models of distress, and interpreter
use. Veterans and other high-complexity populations
often present with overlapping trauma, substance use,
traumatic brain injury, and chronic pain – a constella-
tion sometimes referred to as the polytrauma clinical
triad and associated with elevated risk of poor outcomes
including suicidality (Lew et al., 2009). In many of these
cases, standard self-report alone is insufficient, and sys-
tems must support clinician-assisted, informant-based,
adapted, or otherwise alternative administration routes.

Despite this heterogeneity, the same core infras-
tructure needs recur across settings and pop-
ulations: structured multi-domain assessment,
longitudinal monitoring, evidence-informed de-
cision support, and systematic care navigation.
The implication is not that one workflow fits all, but
that one underlying standard can be configured across
many workflows without being reinvented for each en-
vironment. The standard is therefore designed to be
setting-agnostic at the level of core requirements, while
allowing adaptation at the level of deployment, interface,
administration mode, and workflow integration.

2.6 Financial structures, reimbursement, and
economic feasibility

Adoption of mental health infrastructure depends not
only on clinical validity and technical feasibility but also
on economic viability. A more complete analysis is pro-
vided in Appendix E. Mental health conditions impose
substantial direct and indirect costs through emergency
presentations, inpatient admissions, delayed or repeated
diagnosis, chronic disability, absenteeism, presenteeism,
and wider productivity loss, as well as downstream
social costs relating to family functioning, caregiving
burden, relationship stability, and child development
(Organisation for Economic Co-operation and Develop-
ment, 2018, 2026; World Health Organization, 2022b).
The economic rationale for structured assessment infras-
tructure is that earlier identification, better treatment
matching, more systematic monitoring, and improved
care navigation can reduce high-cost escalation while
improving outcomes. Conversely, the cost-offset logic
is weakened when patients are misclassified, since inap-
propriate treatment, delayed response detection, and
avoidable escalation dilute the expected reductions in
physical and psychiatric health care utilisation.

In many jurisdictions, billing codes for behavioural
health screening, psychological testing, measurement-
based care, chronic care management, and collaborative
care models provide a possible route for supporting digi-
tal assessment and monitoring workflows within existing
financing structures, but fee-for-service reimbursement
alone may be unlikely to be sufficient in many set-
tings (Centers for Medicare & Medicaid Services, 2024).
Screening codes such as 96127 may be underused be-
cause reimbursement is modest and patient cost-sharing
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can create implementation concerns (American Medical
Association, 2024a; Behave Health, 2024; Prevounce
Health, 2026; Rural Health Information Hub, 2025);
Collaborative Care Management requires substantial
staffing and operational infrastructure and may be cost-
neutral or only modestly profitable; and Chronic Care
Management reimbursement varies across payers.

By contrast, many emerging modalities such as speech
analysis, eye tracking, digital phenotyping, and passive
sensing largely remain outside routine reimbursement
even where the science is promising. Cost structures also
differ markedly across modalities: digital self-report and
related measurement-based care workflows are relatively
low-cost and scalable; clinician-administered interviews
carry the full cost of clinician time; cognitive testing
may require specialised platforms or supervision; wear-
ables introduce hardware and data infrastructure costs;
and neuroimaging remains far more expensive than any
scalable screening modality.

The result is a convergence between clinical prac-
ticality, technical scalability, and financial feasibility.
The modalities and workflows that are currently most
realistic to deploy at scale are also those best aligned
with existing reimbursement and cost-offset mechanisms.
This does not mean that the standard should exclude
more advanced modalities, but it does mean that its
near-term foundation must rest on approaches
that can sustain themselves financially in rou-
tine care. Long-term viability depends not only on
reimbursement, but also on avoided downstream utili-
sation, more efficient use of clinician time, support for
value-based care and collaborative care workflows, and
the secondary value of the structured real-world data
generated by compliant systems.

For this reason, the business case for the standard
should also be framed through value-based payment
models, accountable care arrangements, and quality-
reporting incentives. Measurement-based care can gen-
erate the outcome data payers need to evaluate quality,
support shared-savings models where improved identifi-
cation and treatment reduce emergency department use
or hospitalisation, and create clearer endpoints for psy-
chotherapy and medication management. In this sense,
structured assessment infrastructure is not only a bill-
able service layer but also a mechanism for demonstrat-
ing value, reducing ineffective utilisation, and aligning
behavioural health care with risk-based and outcome-
based payment models.

2.7 Strategic prioritisation

The preceding sections describe a landscape that is
broad in both the conditions requiring attention and
the modalities and treatments available. Not all combi-
nations of condition, measurement approach, treatment
category, and care setting are equally ready for imple-
mentation, equally impactful, or equally feasible. This

section synthesises the dimensions laid out previously
to identify where the greatest opportunities and the
greatest challenges lie.

The following dimensions are considered in arriving
at these priorities:

1. Prevalence and burden: Which conditions ac-
count for the greatest share of disability, and
where does under-detection have the largest down-
stream consequences?

2. Treatment availability and decision com-
plexity: Where do guideline-recommended treat-
ments exist but go under-used, and where is the
treatment landscape itself contested, underdevel-
oped, or complicated by comorbidity?

3. Measurement maturity and scalability: Which
assessment modalities have established psychome-
tric evidence and can be deployed at population
scale, and which remain experimental or setting-
bound?

4. Setting flexibility: Which approaches are de-
ployable across the widest range of care contexts,
and which require specialised infrastructure?

5. Implementation gap: Where is the distance
between what is already known and what is ac-
tually practised the largest—that is, where could
standards and technology close a gap that is not
primarily a scientific one?

6. Foundation dependency: Which capabilities
are prerequisites for other capabilities—that is,
what must be in place before downstream func-
tions (treatment recommendation, risk stratifica-
tion, care navigation, AI decision support) can
operate?

7. Evidence generation potential: Which de-
ployments generate the real-world data needed to
address the evidence quality limitations described
above?

2.7.1 Where impact is greatest and most achievable

When the dimensions above are applied simultaneously,
the relative suitability of different measurement ap-
proaches becomes clear. Table 4 evaluates each major
modality against the key dimensions.

As Table 4 illustrates, no single modality dominates
all dimensions. Digital self-report satisfies the largest
number of practical deployment, scalability, and cost
criteria, but it is inherently subjective, language- and
literacy-dependent, unsuitable for formal diagnostic clas-
sification in populations where self-report is unreliable,
and provides episodic snapshots rather than continuous
measurement. EMA extends self-report into longitudi-
nal and ecologically valid territory and is well-suited
for symptom tracking and phenotyping, but is not ap-
propriate for formal diagnostic classification and shares
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the subjectivity limitations of all self-report approaches.
Clinician-administered interviews offer the greatest di-
agnostic rigour but are constrained by workforce avail-
ability and cost. Cognitive tasks provide objective func-
tional assessment. Wearables offer continuous, passive,
objective data with high adherence but lack validated
clinical decision thresholds. Speech and eye tracking
offer ecologically valid, objective measurement with
emerging evidence but face ethical, privacy, cost, and
ML-dependency challenges. Neuroimaging provides the
highest-resolution data but is facility-bound and not
scalable. The implication is that comprehensive men-
tal health assessment requires a layered, multi-modal
approach, and that the standard described in this
document must accommodate the full spectrum
with evidence-tier requirements calibrated to
each modality’s maturity and the clinical risk of
the function it serves.

2.7.2 Where the challenges are most complex

At the other end of the spectrum, several condition-
treatment-measurement intersections present substan-
tially greater difficulty, and require honesty about what
technology-powered systems can and cannot address in
the near term.

2.7.3 Treatment-resistant and complex presentations

Treatment-resistant depression, refractory psychosis, se-
vere personality disorders, and complex comorbidity
(e.g., PTSD with co-occurring substance use and TBI)
involve treatment decisions that guidelines address in-
adequately, where the evidence base is thinnest, and
where clinical judgment is most critical. Decision sup-
port in these domains requires sophisticated handling of
uncertainty, contraindication cascades, and treatment
sequencing logic that cannot be derived from existing
trial data alone.

2.7.4 Conditions where self-report is insufficient

Psychotic-spectrum disorders, severe cognitive decline,
autism spectrum conditions in those with limited verbal
communication, and presentations involving challenges
in self assessment (i.e., anosognosia) require assessment
modalities beyond self-report - clinician-administered
interviews, cognitive tasks, informant reports, and po-
tentially emerging modalities such as speech or gaze
analysis. Scalable, validated tools for these popula-
tions are limited, and measurement invariance data are
sparse.

2.7.5 Conditions where the treatment landscape itself
is contested

Autism (where the primary intervention evidence is
heterogeneous and politicised), eating disorders (where
specialist services may be scarce and the trial base
may be dominated by restrictive presentations), and
behavioural addictions (where validated screening and
treatment are both nascent) represent domains where
the evidence needed to inform technology-powered deci-
sion support does not yet exist in sufficient quality or
breadth.

2.7.6 Emerging measurement modalities

Speech analysis, eye tracking, digital phenotyping, and
multimodal sensor fusion hold significant promise but
face lack of normative standardisation, and insufficient
validation for standalone deployment. The gap here is
primarily scientific and engineering-based rather than
implementation-based: the technology and methodology
need further maturation before standards can meaning-
fully govern their clinical use.

2.7.7 Populations underserved by existing instruments

Children and adolescents, older adults with cognitive
impairment, non-English-speaking populations, justice-
involved individuals, and people with intellectual dis-
abilities are poorly served by instruments validated
primarily on English-speaking adult communities or
clinical samples. Measurement invariance data for these
groups are limited, and cutoff thresholds may not gener-
alise. Further, lack of cultural competency on the part
of interviewers can be a major barrier. Standards must
acknowledge these gaps explicitly rather than assume
universal applicability of existing tools.
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Table 2. Measurement Modalities — Evidence Maturity, Scalability, and Primary Settings

Modality Evidence Matu-
rity

Scalability Primary Feasible Settings

Paper-and-pencil self-report
(Kroenke et al., 2001)

Established High All settings; especially low-
resource, no technology required,
but high-risk and high-effort for
digitalization.

Computer/tablet questionnaires
(Gibbons et al., 2008)

Established High Primary care, psychiatry, tele-
health, EAPs, university clinics,
research

Mobile (smartphone) self-report
(Torous & Roberts, 2017)

Established Very high Remote/asynchronous, between-
session, community, pre-visit

Clinician-administered interviews
(First et al., 2016)

Established (gold
standard)

Low Psychiatry, specialty MH, forensic,
diagnostic confirmation

Computerised cognitive tasks
(Gibbons et al., 2008)

Established (re-
search); growing
(clinical)

Moderate Psychiatry, neuropsychology, re-
search, controlled digital

Gamified / serious game assess-
ments (Lumsden et al., 2016)

Emerging High (potential) Paediatric, ADHD, schools, re-
mote, engagement-sensitive

Speech and voice analysis (Low
et al., 2020)

Emerging High (potential) Telehealth, phone-based, clinical
encounters, remote

Eye tracking and gaze analysis
(Armstrong & Olatunji, 2012)

Emerging Low–moderate Lab/research, specialty clinic;
emerging via tablets/webcams

Facial expression / video analysis
(Girard & Cohn, 2015)

Emerging Moderate (po-
tential)

Telehealth (video), lab/research,
clinical encounters

Multimodal sensor fusion (Mohr
et al., 2017)

Experimental Low Lab/research, controlled clinical,
specialised platforms

Digital phenotyping (passive
sensing) (Insel, 2017)

Emerging Very high (po-
tential)

Continuous remote, between-
session, longitudinal monitoring

EMA / experience sampling
(Shiffman et al., 2008; Trull &
Ebner-Priemer, 2013)

Established (re-
search); growing
(clinical)

High Mobile/wearable, between-session,
daily life, research

Wearable physiological monitor-
ing (Hickey et al., 2021)

Emerging High Remote, residential, continuous,
daily life

Continuous inpatient monitoring
(Mohr et al., 2017)

Emerging Low (setting-
bound)

Inpatient, residential, intensive
outpatient

Neuroimaging (MRI, fMRI, PET)
(Etkin, 2019)

Established (re-
search); limited
(clinical MH)

Very low Academic medical centres, special-
ist neurology/psychiatry

EEG / neurophysiological assess-
ment (Newson & Thiagarajan,
2019)

Established (re-
search); emerging
(clinical MH)

Low Neurology, specialty psychiatry,
research; emerging consumer-grade

NLP + LLMs for clinical / pa-
tient text (Le Glaz et al., 2021)

Emerging High (potential) EHR integration, telehealth, chat-
bot, journaling, therapy tran-
scripts

Citations

indicate representative reviews or seminal references for each modality. Evidence maturity: Established = multiple systematic reviews,
validated for clinical use; Emerging = growing primary literature, not yet validated for standalone clinical deployment; Experimental =
proof-of-concept, limited clinical validation. Scalability: reflects feasibility of population-level deployment given current technology and

cost constraints.



A Technology-Powered Reference Standard 17

Table 3. Condition Domains × Applicable Measurement Modalities

Condition Domain Primary Modalities (Established) Emerging / Adjunctive Modalities

Depression Self-report (PHQ-9), clinician inter-
view, EMA

Speech, digital phenotyping, wearable
(sleep/activity), NLP, cognitive tasks, EEG,
fMRI

Anxiety disorders Self-report (GAD-7, Mini-SPIN,
PDSS-SR), clinician interview, EMA

Wearable (HRV, EDA), digital phenotyping,
speech, eye tracking

PTSD Self-report (PCL-5), clinician inter-
view

EMA, wearable (sleep, HRV), speech, eye
tracking (attentional bias), digital phenotyp-
ing, fMRI

ADHD Self-report (ASRS v1.1), clinician
interview, cognitive tasks

Gamified assessment, eye tracking, digital
phenotyping, EEG, actigraphy

Bipolar spectrum Self-report (ASRM), clinician inter-
view, EMA

Digital phenotyping (activity/sleep cycles),
speech, wearable, actigraphy

Psychotic-spectrum Self-report (CAPE), clinician inter-
view, cognitive tasks (WCST), emo-
tion recognition

Speech, digital phenotyping, NLP, fMRI,
EEG

OCD Self-report (Y-BOCS), clinician inter-
view

EMA, cognitive tasks (set-shifting), digital
phenotyping (behavioural patterns)

Alcohol / substance use Self-report (AUDIT, DAST), clinician
interview

EMA, digital phenotyping (mobility/social),
wearable (sleep), cognitive tasks, NLP

Eating disorders Self-report (SCOFF), clinician inter-
view

EMA, cognitive tasks (set-shifting), NLP
(journal analysis)

Insomnia / sleep Self-report (ISI), clinician interview Wearable actigraphy, digital phenotyp-
ing (screen use, circadian), EMA, EEG
(polysomnography)

Sexual dysfunction Self-report (FSFI, IIEF-5, ASEX),
clinician interview

EMA (real-time symptom tracking)

Autism spectrum Self-report (AQ-10), clinician inter-
view, cognitive tasks

Eye tracking (social attention), emotion
recognition, gamified, speech prosody, EEG,
fMRI

Cognitive decline Self-report (AD8), clinician interview,
cognitive tasks (TMT)

Gamified cognitive, speech, eye tracking,
digital phenotyping (mobility), MRI, EEG

Suicidality / self-harm Self-report (ASQ, C-SSRS), clinician
interview

NLP (clinical notes, text), EMA, digital
phenotyping, speech, continuous monitoring

Primary modalities are those with established clinical evidence sufficient for deployment. Emerging/adjunctive modalities have research
support but have not yet reached the evidence threshold for standalone clinical use; they are positioned as complementary to primary
modalities. Specific instruments referenced are illustrative, not exhaustive.
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Table 4. Measurement Modality Suitability Matrix — Cross-Cutting Assessment Dimensions

Dimension Digital
self-report

EMA Clinician
interview

Cognitive
tasks

Wearables Speech /
voice

Eye
tracking

Neuro-
imaging

Evidence and validity

Established evidence for symptom detection or
diagnostic classification

✓ ∼ ✓ ✓ × × × ∼

Suitable for formal diagnostic screening or classi-
fication

✓ ∼ ✓ ∼ × × × ∼

Suitable for longitudinal symptom tracking and
phenotyping

✓ ✓ ∼ ✓ ✓ ∼ ∼ ×

Covers high-prevalence conditions (depression,
anxiety, PTSD, SUD, insomnia)

✓ ✓ ✓ ∼ ∼ ∼ ∼ ∼

Objective measurement (free from self-report
bias, social desirability, recall distortion)

× × × ✓ ✓ ✓ ✓ ✓

High signal-to-noise ratio per individual adminis-
tration

✓ × ✓ ✓ × ∼ ∼ ✓

Interpretable without pre-trained ML models or
large reference datasets

✓ ∼ ✓ ✓ × × × ∼

Usable when self-report is unreliable (psychosis,
anosognosia, cognitive impairment, young chil-
dren)

× × ✓ ✓ ∼ ∼ ✓ ✓

Language- and interpretation-independent × × × ✓ ✓ ∼ ✓ ✓

Does not require literacy or digital literacy × × ✓ ∼ ✓ ✓ ✓ ✓

Captures cognitive and neuropsychological func-
tion

× × ∼ ✓ ∼ ✓ ✓ ✓

Captures naturalistic, real-world functioning
(ecological validity)

× ✓ × × ✓ ✓ ✓ ×

Supports digital phenotyping (contributes to
continuous behavioural or physiological character-
isation)

∼ ✓ ∼ ✓ ✓ ✓ ✓ ✓

Temporal resolution and coverage

Supports longitudinal measurement-based care ✓ ✓ ∼ ✓ ✓ ∼ ∼ ×
Continuous or near-continuous monitoring × ∼ × × ✓ × × ×
Administrable asynchronously (outside of a clini-
cal encounter)

✓ ✓ × ∼ ✓ ✓ ✓ ×

Potential for early or pre-symptomatic detection ∼ ∼ ∼ ∼ ∼ ∼ ∼ ∼

Practical feasibility and scalability

No specialised hardware required ✓ ✓ ✓ ✓ ∼ ✓ ✓ ×

Continued on next page
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Table 4 continued from previous page

Dimension Digital
self-report

EMA Clinician
interview

Cognitive
tasks

Wearables Speech /
voice

Eye
tracking

Neuro-
imaging

No clinician time required for administration ✓ ✓ × ✓ ✓ ✓ ✓ ×
No controlled environment required ✓ ✓ ∼ ✓ ✓ ✓ ✓ ×
Low patient burden per administration ✓ ✓ × ∼ ✓ ∼ ∼ ×
High adherence and completion rates in practice ∼ ∼ ∼ ∼ ✓ ∼ ∼ ×

Setting feasibility

Feasible: primary care, EAP, university, work-
place

✓ ∼ × × ∼ ∼ ∼ ×

Feasible: emergency and acute care ✓ × ∼ × × × × ×
Feasible: telehealth and remote care ✓ ✓ ✓ ∼ ✓ ∼ ∼ ×
Feasible: low-resource and global settings ✓ ∼ × × × ✓ × ×
Feasible: correctional, forensic, justice-involved ✓ × ∼ × × × × ×

System-level value

Provides structured data for downstream CDS,
risk stratification, care navigation

✓ ∼ ✓ ∼ × × × ×

Generates real-world data for evidence re-
validation at scale

✓ ✓ ∼ ∼ ✓ ∼ ∼ ×

Ethical, legal, and cost considerations

Minimal ethical/privacy concerns for routine
deployment

✓ ∼ ∼ ∼ ∼ × × ×

Favourable licensing and IP terms available ∼ ∼ ∼ ∼ ✓ ✓ ✓ ∼
Low implementation and per-administration cost ✓ ✓ × ∼ ∼ ∼ ∼ ×
Existing reimbursement or payer coverage path-
ways

✓ × ✓ ∼ × × × ✓

Evidence for reduction in downstream care costs ✓ ∼ ✓ ∼ ∼ × × ∼

✓ = criterion met; ∼ = partially met or context-dependent; × = criterion not met. MBC = measurement-based care; CDS = clinical decision support; EMA = ecological momentary assessment.
Digital phenotyping is included as a dimension (“supports digital phenotyping”) rather than a column because it represents a data-processing and characterisation paradigm applied to data from
multiple assessment modalities rather than a standalone assessment method. No single modality dominates all dimensions.
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2.7.8 Personalised treatment sequencing

The long-term vision of dynamically optimised, individual-
level treatment selection - choosing not just a treatment
category but a specific agent, dose, modality, and se-
quencing strategy for a specific patient - requires causal
inference methodology (dynamic treatment regimes, g-
computation) that the current evidence base cannot
support at scale. This represents a genuinely hard scien-
tific problem, not an implementation gap, and standards
should be clear-eyed about the distance between current
capability and this aspiration. One can typically estab-
lish whether a treatment works on average, or attempt
to identify for whom it works, but not both with high
reliability in the same study. Designs that are optimal
for one objective are usually poorly suited to the other,
and studies capable of doing both well are rare and
difficult to conduct.

The distinction between these two categories - im-
plementation gaps that standards and technology can
close now, and scientific gaps that require further re-
search before standards can meaningfully govern them -
is central to the framework proposed in this document.
The evaluation tier system is designed to make this
distinction operational: different levels of clinical claim
require different levels of evidence, and the standard
explicitly accommodates the full spectrum from well-
validated screening to experimental modalities, each at
an appropriate evidence threshold.

3 The proposed technology-powered ref-
erence standard

The preceding section established the landscape: the
conditions, treatments, measurement modalities, care
settings, financial structures, and prioritisation logic
that any standard must address. This section defines
the standard itself. Before specifying its components,
we state the design constraints that any viable proposal
must satisfy simultaneously, then present the reference
model, evaluation framework, and governance structure.

3.1 Design constraints and feasibility require-
ments

For the proposed standard to achieve adoption, it must
pass a feasibility test defined by five simultaneous con-
straints. First, seamless workflow integration: the
infrastructure must fit within existing clinical workflows
through deep EHR integration, not require separate
tools or logins. In primary care, for example, this
means assessment results embedded in the encounter
note before the clinician enters the room. In the ED,
it means triage-compatible rapid screening. In tele-
health, it means pre-visit digital assessment delivered
asynchronously.

Second, reimbursability: the infrastructure must
not cost clinics money to operate. As described in

Section 2.6, reimbursement pathways for structured
screening and measurement-based care already exist
(Current Procedural Terminology code 96127, CoCM
codes 99492–99494, chronic care management codes),
and the proposed standard is designed around activities
that are already billable.1

Third, low cost and high scalability: this rules
out modalities requiring expensive hardware, specialist
facilities, or extensive clinician time as the primary
assessment layer.

Fourth, applicability across the widest range
of populations and settings: while no single ap-
proach serves every population equally well, the infras-
tructure must cover the broadest possible base and de-
fine adapted pathways where the primary approach falls
short - paediatric populations with neurodevelopmen-
tal disorders, older adults with cognitive impairment,
non-English-speaking populations, and others.

Fifth, honest acknowledgement of limitations:
no single infrastructure can solve every mental
health care problem simultaneously. The standard
prioritises the highest-impact, most feasible starting
point while explicitly defining what it does not address.

Overall, adoption barriers are not solely technical or
financial; clinicians may overestimate the reliability of
unstructured assessment and may perceive structured
measurement as reductive, even where evidence demon-
strates improved consistency and outcomes. A related
and widespread bias is the assumption that patients will
not disclose sensitive information on standardised instru-
ments - particularly regarding substance use, psychotic
symptoms, suicidal ideation, and self-harm behaviours.
While under-reporting is a real phenomenon, it is not
unique to structured assessment; disclosure rates on vali-
dated instruments are generally comparable to or higher
than those obtained through unstructured clinical in-
quiry, particularly when instruments are administered
in private, low-pressure formats such as pre-visit dig-
ital questionnaires. This is important because screen-
ing implementation itself varies substantially across
health systems and is often limited to brief in-person
encounters or metric-driven workflows. Emerging evi-
dence suggests that screening performed primarily to
satisfy operational requirements may still fail to iden-
tify a substantial proportion of patients with clinically
significant symptoms, particularly when patients are
uncomfortable disclosing sensitive experiences in hur-
ried or low-trust interactions. Systematic deployment
may also improve consistency and equity of detection

1We acknowledge that reimbursement in practice is hetero-
geneous and operationally complex, and payment levels for key
components are modest (e.g. Medicare reimbursement for CPT
96127 is typically approximately $4–$7 per instrument, with a
national average of around $5 per unit depending on locality
and year; Centers for Medicare & Medicaid Services, 2024), so
implementations must be explicitly designed to support viable
care models rather than assuming reimbursement is automatic.
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Figure 1. Illustrating how the reference standard cuts across the care continuum and across the different care settings.

relative to selective or clinician-dependent screening
practices, while increasing overall screening completion
rates (Garcia et al., 2022).

In primary care, for instance, the use of validated in-
struments is less frequent, so increased utilisation of
validated scales has the potential to significantly
improve diagnostic accuracy, notwithstanding the
concomitant need to integrate this administration into
the workflow without increasing clinician burden. Fi-
nally, it is worth noting that this standard explicitly
separates structured measurement from clinical decision

authority: systems are responsible for generating repro-
ducible, evidence-linked assessments, while diagnostic
and treatment decisions remain the responsibility of
the clinician. Structured measurement augments
but does not replace the clinical interaction; rap-
port, contextual judgment, and the capacity to
explore ambiguity and nuance in real time re-
main essential elements of competent care that
no instrument can fully replicate.
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3.2 The reference model

The reference model defines several integrated capabil-
ities that systems in this class should support. Con-
ceptually the approach is depicted in Figure 1. These
are not features of a particular product; they are the
components of a reference architecture against which
any implementation can be evaluated.

Structured, multi-domain assessment. Deploy-
ment of validated screening instruments across diagnos-
tic domains using adaptive routing and branching to
minimise respondent burden while maintaining sensitiv-
ity. The instrument administration should incorporate
brief instruments (4-20 items), with adaptive branch-
ing that reduces the typical respondent experience to
a fraction of a full-battery approach and restricts the
assessment time to less than 5 minutes on average.

Longitudinal measurement-based care. Sched-
uled reassessment, trend detection, and clinician alert-
ing that transforms screening from a one-off event into
a continuous monitoring process. Instruments with
demonstrated responsiveness to clinical change enable
earlier detection of treatment non-response and timely
intervention adjustment. The assessment cadence must
be configurable per setting and per patient acuity.

Risk detection and safety escalation. Real-
time stratification across suicide, self-harm, violence,
substance use, and functional decline, with clinician
notification for high-risk outputs and recommended
escalation pathways. All clinical outputs are advisory;
the clinician retains diagnostic and treatment authority
at all times.

Evidence-based clinical decision support. Treat-
ment recommendations (pharmacological, adjunct and
non-pharmacological) incorporating clinical guidelines,
patient profile, contraindications, prior treatment his-
tory, and patient preferences, grounded in an evidence
library with strength-of-evidence grading and prove-
nance tracking.

Care navigation and continuity. Bridging the
transition between assessment completion and treat-
ment initiation through referral recommendations, po-
tential for wait-time support (e.g. via a chatbot) and
between-session exercises, and longitudinal follow-up
through care transitions and into sustained recovery.

Interoperability and auditability. Deep integra-
tion with EHR systems is a non-negotiable requirement
for adoption. Systems must some level of bidirectional
integration support via IT interoperability standards at
the data-level (structured assessment data exchangeable
via FHIR resources), workflow-level, and presentation-
level (embedded UI components that render within the
EHR). Every clinical output must be logged with full
provenance: input data, algorithm version, evidence
sources, timestamp, and clinician review status. Audit
logs must be immutable and retained for the regulatory

minimum.
Evidence governance and continuous valida-

tion. A governed evidence layer that treats validated
instruments and clinical guidelines as the best avail-
able starting point, deployed provisionally with active
performance monitoring. This includes quality grad-
ing, provenance tracking from primary study through
clinical guideline to system output, and continuous re-
validation using real-world deployment data - prospec-
tive diagnostic accuracy estimation, instrument compar-
ison, subgroup fairness analysis, and treatment outcome
tracking.

3.3 Safety, privacy, and equity requirements

Mental health data is among the most sensitive cate-
gories of health information, and systems operating in
clinical mental health contexts can cause direct harm
through errors. The standard defines proportionate
safety, privacy, and equity requirements.

Three levels of human oversight are defined: au-
tonomous operation with audit trail (low-risk informa-
tional functions), clinician notification with override
capability (moderate-risk screening), and mandatory
clinician review before action (high-risk safety and pre-
scribing functions). No system may autonomously ini-
tiate treatment, modify medication, or discharge a pa-
tient.

Systems must implement encryption at rest and in
transit, role-based access controls, and multi-factor au-
thentication. Informed consent must be granular, com-
prehensible, and revocable, with separate consent for
clinical use, research, and raw data retention. Mental
health data protection requirements vary across juris-
dictions, and systems must be configurable accordingly.

Systems must support assessment in multiple lan-
guages using psychometrically validated translations
(not simply machine translation). Instruments must
be available at appropriate reading levels with audio-
assisted delivery options. Interfaces must comply with
accessibility standards. Offline and low-bandwidth
modes are required for settings with limited connectivity.
For populations where digital self-report is inapplicable
- young children, individuals with severe cognitive im-
pairment, those without device access - the standard
defines alternative administration pathways and paper-
equivalent workflows that produce the same structured
data outputs.

3.4 Regulatory positioning, implementation, and
governance

The regulatory classification of technology-powered men-
tal health tools depends on the clinical claims they make,
not on the technology they use. This distinction is crit-
ical because it defines a substantial opportunity space
for innovation that does not require the time, cost, and
risk of SaMD regulatory clearance. Under the 21st
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Century Cures Act (US) and equivalent frameworks,
clinical decision support tools that meet four criteria -
they do not acquire signals from a nonexempt medical
device, they are intended to display or analyse clinical
information, they enable independent clinician review,
and the clinician is not primarily relying on the software
- are exempt from device regulation provided that trans-
parency, interpretability, and clinician independence are
demonstrably maintained.

The core functions of the proposed standard (struc-
tured screening, severity scoring, treatment option pre-
sentation, guideline-based recommendations) may be
designed to operate within this exemption. This means
that health systems, developers, and innovators can
deploy clinically meaningful infrastructure without (at
least initially) navigating FDA pre-market review, pro-
vided they maintain the transparency and clinician-
independence requirements. For higher-risk functions
(autonomous diagnostic classification, treatment selec-
tion algorithms that go beyond presenting options),
SaMD classification applies, and the standard maps
these functions to the appropriate regulatory pathway.

Overall, implementation requires mapping the
infrastructure onto existing clinical workflows
rather than asking clinicians to change their
practice. The standard defines workflow integration
points for each care setting: pre-visit digital assessment
(primary care, psychiatry, telehealth), triage-integrated
screening (ED), intake assessment (EAP, university,
correctional), between-session monitoring (all settings),
and discharge/transition assessment.

3.5 Alternative approaches and counterpositions

The convergence analysis presented above leads to a
broad architectural conclusion. However, several alter-
native perspectives warrant consideration.

One position holds that experienced clinicians (partic-
ularly those in primary care) can rely on unstructured as-
sessment without the need for standardised instruments,
and that formal measurement risks oversimplifying com-
plex clinical presentations. Clinical expertise is clearly
indispensable, particularly for differential diagnosis and
high-complexity cases. However, unstructured assess-
ments are inherently variable, difficult to reproduce,
and not scalable across settings characterised by limited
time and heterogeneous training. This variability is
compounded by substantial differences in mental health
training across disciplines and specialisations: creden-
tialed mental health clinicians typically receive more
extensive preparation than primary care physicians,
and within primary care itself, the depth of behavioural
health training varies considerably - for example, be-
tween family medicine and internal medicine residency
programmes. The limitations outlined above - delayed
detection, misclassification, and inconsistent treatment
pathways - are in part structural consequences of this

variability. Standardised measurement does not replace
clinical judgment, but provides a reproducible founda-
tion on which it can operate.

A further advantage is that structured assessment
infrastructure allows specialist clinicians to focus on
the aspects of care that most depend on advanced clin-
ical expertise: differential diagnosis, management of
treatment-resistant or high-risk presentations, complex
comorbidity, psychotherapy, and nuanced treatment
planning. Routine screening, symptom tracking, and
longitudinal measurement can be systematised with-
out displacing the uniquely interpretive and relational
components of psychiatric and psychological care.

A second perspective emphasises the role of emerg-
ing objective modalities, including digital phenotyping,
speech and voice analysis, neuroimaging, and multi-
modal sensor fusion, as potential replacements for self-
report. These approaches are promising and may play
an important role in future systems, particularly for pop-
ulations in which self-report is unreliable. At present,
however, most remain limited by incomplete validation,
lack of standardisation, dependence on machine learn-
ing models trained on restricted datasets, and absence
of established clinical decision thresholds. Their current
role is therefore more appropriately conceptualised as
adjunctive to, rather than substitutive for, validated
assessment approaches.

A related argument is that condition-specific tools
are sufficient for care delivery, with different systems ad-
dressing different disorders. In practice, mental health
conditions are highly comorbid and frequently present
with symptoms that do not fully meet criteria for dis-
crete diagnoses. Fragmented, condition-specific tools
risk reproducing the siloed structure of existing care
systems and do not support integrated assessment, treat-
ment selection, or care navigation across domains.

Recent advances in large language models have also
led to the suggestion that conversational systems could
replace structured assessment by eliciting clinically rel-
evant information in natural language. While such sys-
tems may capture rich qualitative data, they currently
lack the standardisation and psychometric grounding
required for reliable measurement, benchmarking, and
longitudinal comparison. Trained models have been
used to rescore structured interviews, such as the HAM-
A and MADRS. However, these interviews have highly
structured questions and anchors, without structured
anchors, scoring strategies are very challenging to validly
implement. Conversational approaches may augment
assessment, but do not currently provide a substitute
for validated measurement frameworks.

Finally, it may be argued that improvements in clin-
ician training, workforce expansion, and care delivery
models could address many of the limitations identified
without the need for new technological infrastructure.
While these efforts are necessary, obtaining funding for
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these changes seem quite unlikely in the foreseeable
future and the constraints described - time-limited en-
counters, variability in assessment practices, and lack
of standardized data - are structural features of the
system that are unlikely to be resolved through train-
ing alone. Measurement infrastructure addresses these
constraints directly and operates as a complement to,
rather than a replacement for, clinical expertise and
workforce development.

Taken together, these perspectives highlight impor-
tant directions for future research and system devel-
opment. However, when evaluated against the
combined constraints of evidence maturity, scala-
bility, cost, workflow integration, and regulatory
feasibility, these alternatives do not currently
provide a viable foundation for population-level
deployment. The reference model proposed in this
paper is therefore positioned not as the only possible
architecture, but as the most defensible starting point
under present conditions.

4 Conclusion and call to action
This paper reviewed the challenges associated with diag-
nostic assessments, selection of appropriate treatments,
and monitoring of their efficacy across conditions, treat-
ments, measurement modalities, care settings, and fi-
nancial structures. Section 2 documented six structural
challenges: low detection rates, high misdiagnosis rates,
episodic rather than longitudinal assessment, inconsis-
tent care navigation, technology outpacing governance,
and limitations in the evidence base itself. It surveyed
the proposed clinical scope (21 condition and presenta-
tion domains), the treatment modalities (five categories
with their respective evidence limitations), the avail-
able validated measurement approaches (eight modality
families evaluated across 30+ dimensions), and the care
settings in which these conditions present (17 settings
from primary care to consumer wellness, each with
distinct workflows and constraints).

The clinical case for structured screening and measurement-
based care rests on improving detection, reducing mis-
diagnosis, and enabling timely treatment adjustments

— outcomes that translate directly into better patient
experiences, better clinical outcomes, and fewer esca-
lations to high-acuity settings. The financial analysis
established that reimbursement pathways for these ap-
proaches already exist and that cost structures favour
digital self-report over strategies such as digital phe-
notyping and chatbot assessment whose evidence base
has not yet matured sufficiently for population-level
deployment, reinforcing rather than driving the clinical
rationale.

The convergence analysis evaluated measurement
modalities against multiple dimensions simultaneously
- evidence maturity, cost, scalability, reimbursability,
setting flexibility, and workflow integration - and iden-

tified validated digital self-report as one of the
only currently deployable approaches that satis-
fies these constraints at population level, while
documenting its limitations: subjectivity, language de-
pendence, and inapplicability to populations where self-
report is unreliable. Section 3 defined a reference stan-
dard built on this foundation: a vendor-neutral reference
model specifying seven integrated capabilities, an evalu-
ation framework tiered by clinical claim and risk, safety
and privacy requirements proportionate to data sensi-
tivity, equity requirements addressing the populations
the primary approach does not serve, and a regulatory
positioning that identifies the CDS exemption as the pri-
mary entry point for innovation. The standard defines
a layered approach in which digital self-report serves
as the scalable foundation, complemented by clinician-
administered assessment, cognitive tasks, and emerging
objective modalities, each governed by evidence-tier
requirements proportionate to their clinical risk.

The financial analysis identified existing reimburse-
ment pathways (Current Procedural Terminology screen-
ing codes, CoCM codes), cost-offset mechanisms through
reduced downstream requirement on human based struc-
tured assessment , and real-world evidence generation
as the three pillars of financial sustainability. The regu-
latory analysis identified a substantial space within the
CDS exemption where clinically meaningful screening
and decision support tools can be deployed without
SaMD classification. The safety, privacy, and equity
sections defined the constraints within which compliant
systems must operate, and the governance framework
defined how the standard itself will be maintained and
updated.

The standard presented here is a preliminary pro-
posal. It is intended to be tested against real-world
implementation, challenged on its assumptions and pri-
orities, and revised through the governed versioning
and community input process. The multidisciplinary
authorship reflects the range of expertise required to
develop, validate, and govern this infrastructure.

Call to action: The implementation of a refer-
ence standard for technology-powered mental health
assessment depends on coordinated roles across the
ecosystem. Professional bodies and clinical organisa-
tions are responsible for defining practice norms and
ensuring that evaluation frameworks are reflected in
guidelines and standards of care. Researchers and aca-
demic institutions play a central role in addressing the
identified evidence gaps, including diagnostic accuracy,
measurement invariance, comparative effectiveness, and
real-world validation. Developers and vendors are re-
sponsible for transparent reporting of clinical claims,
evidence sources, validation populations, and system
limitations, as well as for maintaining safety, fairness,
and auditability in deployed systems. Health systems
and payers are responsible for adopting evaluation cri-
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teria in procurement and reimbursement decisions, and
for supporting the generation of real-world evidence
through routine data collection and monitoring. Regu-
lators are responsible for clarifying classification bound-
aries, particularly for clinical decision support, and for
ensuring that oversight mechanisms are proportionate
to risk. Finally, patients and caregivers contribute to
the governance and evolution of these systems through
engagement, feedback, and lived experience, ensuring
that implementation remains aligned with real-world
needs.
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A Clinical Scope of Mental Health Con-
ditions and Presentations

This section highlights the most common clinical pre-
sentations encountered across care settings. For organ-
isational clarity, we adopt the DSM-5-TR diagnostic
framework as the primary nosological reference, consis-
tent with its widespread use in clinical practice, research,
reimbursement, and regulatory contexts. However, we
also acknowledge that the DSM-5 has been subject to
some criticism (e.g., inter-rater reliability for many di-
agnoses remains modest Regier et al., 2013).

The clinical scope is deliberately broad and encom-
passes not only formal diagnostic categories but also
subthreshold presentations, transdiagnostic constructs,
and functional domains that are clinically significant
regardless of whether they occur within a single or mul-
tiple diagnostic entities. Mental health conditions are
highly comorbid, frequently co-occuring with substance
use and medical conditions, and are present and evolve
across the lifespan. Any standard limited to one or
two disorders would reproduce the fragmentation that
characterises current care. The following summary il-
lustrates the prevalence and burden of the conditions
and presentations in scope.

Depressive disorders are among the leading causes
of disability worldwide. The Global Burden of Disease
(Rong, 2025) study estimated that depressive disorders
accounted for approximately 56.3 million disability-
adjusted life years (DALYs) globally in 2021 (Rong,
2025). Twelve-month prevalence estimates of major
depressive episode in high-income countries are approxi-
mately 5.5%, with lifetime prevalence estimates around
14.6% (Bromet et al., 2011). Major depressive episodes
occur in both unipolar major depressive disorder and
bipolar disorder; however, substantial evidence suggests
that bipolar depression and unipolar depression differ
meaningfully in clinical course, family history, neuro-
biology, and treatment response, raising longstanding
concerns regarding the adequacy of purely symptom-
based categorical classification systems (Cuellar et al.,
2005; Smith & Craddock, 2011).

Anxiety disorders collectively represent the most
prevalent class of mental disorders. An estimated 301
million people worldwide were living with an anxiety
disorder in 2019 (World Health Organization, 2023).
Modelling suggests that approximately 71% of the global
anxiety disorder burden could theoretically be averted if
all affected individuals had access to optimal treatment
(Santomauro et al., 2023).

Post-traumatic stress disorder (PTSD) affects
an estimated 3.9% of the global population at some
point in life, with substantially higher prevalence ob-
served in conflict-affected, refugee, and military popu-
lations (Koenen et al., 2017). Complex post-traumatic
stress disorder (C-PTSD), introduced in ICD-11, ap-

pears particularly prevalent among individuals exposed
to prolonged or repeated interpersonal trauma. Recent
meta-analytic estimates suggest pooled prevalence rates
of approximately 4-6% in community samples, rising
substantially in military, refugee, and clinical popula-
tions (Fung et al., 2025; Huynh et al., 2025). PTSD
is also highly comorbid with depression, substance use
disorders, chronic pain, and suicidality, contributing to
elevated functional impairment and treatment complex-
ity (Brady et al., 2000).

Attention-deficit/hyperactivity disorder (ADHD)
has a worldwide pooled prevalence of approximately
5.3% in children and adolescents (Polanczyk et al.,
2007), while adult ADHD prevalence is estimated at
around 2.8% across high- and middle-income coun-
tries (Fayyad et al., 2017), with higher estimates when
symptom-based rather than persistence-based criteria
are applied (Song et al., 2021). ADHD is increasingly
recognised as a lifespan condition associated with sub-
stantial functional impairment in adulthood and ele-
vated rates of comorbid mood, anxiety, and substance
use disorders (Faraone et al., 2021).

Bipolar spectrum disorders, including bipolar
I disorder, bipolar II disorder, and cyclothymic dis-
order, have a lifetime prevalence of 2.4% worldwide
(Merikangas et al., 2011). Bipolar disorders are associ-
ated with high levels of functional impairment, elevated
suicide risk, substantial psychiatric and medical comor-
bidity, and frequent diagnostic delay or misclassification
(Daveney et al., 2019; GBD 2019 Mental Disorders Col-
laborators, 2022). Depressive episodes account for the
majority of symptomatic burden and longitudinal mor-
bidity in bipolar disorder (Judd et al., 2002). Bipolar
disorder is notable both for frequent under-detection
and for substantial rates of overdiagnosis in clinical set-
tings, particularly among individuals presenting with
affective instability, trauma histories, personality pathol-
ogy, or complex comorbidity (Daveney et al., 2019; Paris
& Black, 2015).

Alcohol and substance use disorders are preva-
lent across all care settings and are associated with
substantial medical, psychiatric, and social burden. Haz-
ardous alcohol use affects a substantial proportion of
adults globally, particularly in high-income countries,
while drug use disorders affect an estimated 39.5 mil-
lion people worldwide (United Nations Office on Drugs
and Crime, 2024). Substance use disorders frequently
co-occur with mood, anxiety, and psychotic disorders,
contributing to greater illness severity, poorer treatment
outcomes, and increased suicide risk (Hunt et al., 2020).
Despite this, integrated screening and treatment for
co-occurring psychiatric and substance use disorders
remain inconsistently implemented across healthcare
systems (Kelly & Daley, 2013).

Obsessive-compulsive disorder (OCD) has a life-
time prevalence of approximately 2–3% in the U.S. and
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is associated with substantial functional impairment,
reduced quality of life, and elevated rates of comor-
bid depression and anxiety (Ruscio et al., 2010). De-
lays between symptom onset and receipt of appropriate
treatment frequently exceed a decade, in part because
of stigma, concealment of symptoms, limited clinician
recognition, and restricted access to exposure and re-
sponse prevention therapy (Dell’Osso et al., 2013).

Psychotic-spectrum conditions, including schizophre-
nia and schizoaffective disorder, affect approximately
0.3% of the population worldwide (World Health Orga-
nization, 2025a). Schizophrenia is associated with sub-
stantially reduced life expectancy, with meta-analytic
evidence suggesting a reduction of approximately 15-20
years relative to the general population (Peritogiannis
et al., 2022). Assessment of psychotic-spectrum dis-
orders typically requires approaches extending beyond
self-report screening, including observational assessment
and evaluation of cognitive and social cognitive func-
tioning.

Feeding and eating disorders, including anorexia
nervosa, bulimia nervosa, binge eating disorder, and
other specified feeding or eating disorders (OSFED), are
associated with among the highest mortality rates of any
psychiatric disorders (Krug et al., 2025). OSFED is also
among the most prevalent eating disorder diagnoses in
community samples. Eating disorders are substantially
under-detected in primary care and are highly comorbid
with depression, anxiety, PTSD, and OCD.

Insomnia and sleep disorders are both indepen-
dent conditions and transdiagnostic features that sig-
nificantly influence the course and treatment response
of nearly all other mental health conditions. Insomnia
disorder alone affects an estimated 10–15% of the adult
population, with substantially higher rates among indi-
viduals with mood, anxiety, and substance use disorders
(Riemann et al., 2017).

Sexual dysfunction is highly prevalent across both
sexes and is frequently comorbid with depression, anxi-
ety, and the pharmacological treatments used to manage
them. Female sexual dysfunction affects an estimated
40–50% of women at some point during their lives, and
affects approximately 30% of men across the adult lifes-
pan, with prevalence increasing with age (McCabe et
al., 2016a, 2016b). Despite their prevalence and impact
on quality of life, sexual dysfunctions are among the
most under-screened conditions in both primary care
and psychiatric settings.

Autism spectrum conditions have an estimated
global median prevalence of approximately 1%, with
growing recognition of underdiagnosis in females and
adults (Zeidan et al., 2022). Autism is associated with
elevated rates of comorbid anxiety, depression, ADHD,
and eating disorders, and individuals on the autism
spectrum frequently have unmet mental health needs
due to assessment instruments and care pathways that

were not designed for neurodivergent populations.
Subjective cognitive decline is relevant both as

a potential early indicator of neurodegenerative condi-
tions and as a clinical concern in its own right among
older adults and individuals with mood disorders. Ap-
proximately 6.5 million Americans over 65 years of age
have dementia (Alzheimer’s Association, 2022). Brief
screening for cognitive decline is increasingly recognised
as an important component of comprehensive mental
health assessment, particularly in primary care and
residential care settings.

Personality disorders are characterised by en-
during, inflexible patterns of inner experience and be-
haviour that deviate from cultural expectations, are
pervasive across personal and social contexts, and cause
significant distress or functional impairment. Border-
line personality disorder (BPD) alone has an estimated
prevalence of approximately 1–2% in the general popu-
lation and substantially higher rates in clinical settings
(Ellison et al., 2018; Leichsenring et al., 2024). Per-
sonality disorders are associated with elevated suicide
risk and high rates of comorbidity with mood, anxiety,
substance use, and eating disorders (Leichsenring et al.,
2024). The relationship between categorical personality
disorder diagnoses and dimensional personality traits re-
mains actively debated, with the ICD-11 having moved
to a primarily dimensional model based on severity and
trait domains (Bach & First, 2018).

Adjustment disorders, stress-related presenta-
tions, and emotional dysregulation represent some
of the most common presentations in primary care, em-
ployee assistance programme, and university counselling
settings. Adjustment disorders are defined by a dispro-
portionate response to an identifiable stressor, but in
practice the boundary between adjustment disorder,
subthreshold mood and anxiety symptoms, and normal
stress responses remains poorly defined (O’Donnell et
al., 2019). Chronic stress, burnout, and emotional dys-
regulation are clinically significant presentations that
frequently drive help-seeking but may not meet crite-
ria for a formal DSM-5 diagnosis. These presentations
are important for a comprehensive assessment standard
because they represent a large proportion of clinical
encounters and because untreated subclinical distress is
a recognised risk factor for progression to diagnosable
disorders.

Body dysmorphic disorder (BDD) is classified
within the obsessive-compulsive spectrum in DSM-5
and is characterised by preoccupation with perceived
defects in physical appearance that are not observable
or appear slight to others. BDD has an estimated
point prevalence of approximately 2% in the general
population, with substantially higher rates in cosmetic
surgery and dermatology settings (Veale et al., 2016).
It is frequently comorbid with depression, social anxiety,
and eating disorders, and is associated with high levels of
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functional impairment and elevated suicide risk relative
to its prevalence (Angelakis et al., 2016).

Specific phobias and social anxiety disorder are
among the most prevalent anxiety disorders, with cross-
national lifetime prevalence estimates of approximately
7% for specific phobia (Wardenaar et al., 2017) and up to
12% for social anxiety disorder in high-income settings
(Kessler et al., 2005b). Despite their prevalence, both
are under-detected in routine clinical settings because
patients often do not present with phobic symptoms as
a primary complaint, and clinicians may not screen for
them systematically.

Relationship difficulties and challenges in in-
terpersonal functioning are among the most com-
mon reasons for seeking psychological help and are both
a consequence of and a contributor to mental health
conditions across diagnostic categories. Relationship
discord has been shown to covary with a range of psy-
chiatric disorders, to predict the incidence of mood,
anxiety, and substance use disorders, and to be as-
sociated with poorer outcomes from individual-based
treatments (Whisman, 2013). Loneliness and social
isolation are similarly associated, bidirectionally, with
depression and broader mental ill-health (Holt-Lunstad,
2024). Systemic and family therapy perspectives em-
phasise that mental health conditions do not occur in
isolation from relational context: adjustment disorders
are frequently triggered by relational stressors such as
separation, bereavement, or family conflict; mood and
anxiety disorders both cause and are exacerbated by
relationship dysfunction; and child and adolescent men-
tal health is inseparable from family system dynamics.
A comprehensive assessment framework must therefore
address interpersonal functioning as both a clinical do-
main in its own right and a transdiagnostic moderator of
treatment outcomes across all other domains. While not
a DSM-5 diagnostic category, interpersonal functioning
is a critical treatment target and outcome domain that
a reference standard cannot afford to omit.

In aggregate, GBD 2021 data indicate that over one
billion individuals—approximately 14% of the global
population—were living with at least one mental dis-
order in 2021, with mental disorders accounting for
approximately one in six years lived with disability
worldwide (World Health Organization, 2025b). These
figures likely underestimate true prevalence, given well-
documented under-detection, stigma-related underre-
porting, and data scarcity in low- and middle-income
countries. The clinical scope of this standard reflects the
reality that comprehensive mental health care cannot
be delivered by addressing these conditions and pre-
sentations in isolation; effective assessment, treatment,
and monitoring require technology-enabled systems ca-
pable of spanning the full range of diagnostic categories,
symptom-level presentations, and functional domains
that clinicians encounter in practice.

B Treatment Landscape
A standard concerned with mental health assessment
must also address the clinical decisions that follow as-
sessment: what treatment to offer, at what intensity,
for which patient, and in what sequence. The men-
tal health treatment landscape is broad and heteroge-
neous, shaped by differences in service delivery settings,
evidence quality, treatment availability, cost, patient
preference, side-effect burden, contraindications, and
psychiatric and medical comorbidity. Evidence evalua-
tion in psychiatry and psychotherapy is also affected by
broader metascientific concerns, including publication
bias, selective reporting, researcher allegiance effects,
and financial or professional conflicts of interest (Ioan-
nidis, 2008; Leichsenring et al., 2022).

Pharmacological treatment remains one of the
most widely used interventions across psychiatric dis-
orders. For depression and anxiety disorders, first-line
pharmacological treatments commonly include selective
serotonin reuptake inhibitors (SSRIs) and serotonin–
norepinephrine reuptake inhibitors (SNRIs), with al-
ternative antidepressant classes used in cases of non-
response, intolerance, or specific clinical presentations
(Cipriani et al., 2018; National Institute for Health and
Care Excellence, 2022a). Meta-analytic evidence sug-
gests that antidepressants are, on average, more effective
than placebo, although effect sizes vary across individ-
uals and clinical severity levels (Cipriani et al., 2018).
Adverse effects and tolerability remain important consid-
erations, including sexual dysfunction, weight gain, emo-
tional blunting, discontinuation symptoms, metabolic
effects, sedation, and dependency risks depending on
medication class. Similar benefit–risk trade-offs apply
across other psychiatric medications, including benzo-
diazepines, mood stabilisers, antipsychotics, stimulant
medications, and medications for substance use disor-
ders.

Psychotherapy encompasses a diverse set of struc-
tured interventions, including cognitive behavioural
therapy (CBT), dialectical behaviour therapy (DBT),
trauma-focused therapies, acceptance and commitment
therapy (ACT), mindfulness-based interventions, in-
terpersonal psychotherapy, psychodynamic therapies,
and family or systemic approaches. CBT and related
behavioural interventions are among the most exten-
sively studied and widely recommended psychothera-
pies across mood, anxiety, trauma-related, and other
common psychiatric disorders (American Psychologi-
cal Association, 2019; Cuijpers et al., 2020; National
Institute for Health and Care Excellence, 2022a).

Meta-analytic evidence supports the efficacy of mul-
tiple psychotherapeutic modalities across psychiatric
conditions, although important methodological limita-
tions in the evidence base have also been documented.
Effect sizes are often larger in studies using waiting-list
or minimal-treatment control groups than in studies
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using active comparators, and researcher allegiance ef-
fects may contribute to outcome differences across trials
(Cuijpers et al., 2016; Leichsenring et al., 2022; Munder
et al., 2013). Comparative studies between established
psychotherapies frequently report relatively small dif-
ferences in efficacy, while combined psychotherapy and
pharmacotherapy is often associated with greater bene-
fit than either treatment alone for some disorders and
severity levels (Cuijpers et al., 2019; Leichsenring et al.,
2022). Access to psychotherapy also remains uneven
across health systems because of workforce shortages,
financial barriers, long waiting times, and geographic
disparities in service availability.

Non-pharmacological and neuromodulatory
interventions targeting neural systems include electro-
convulsive therapy (ECT), repetitive transcranial mag-
netic stimulation (rTMS), ketamine and esketamine,
and emerging psychedelic-assisted therapies. These in-
terventions are most commonly considered in treatment-
resistant or severe conditions, particularly major depres-
sive disorder (Carhart-Harris & Goodwin, 2017; Malhi
& Mann, 2018). ECT remains among the most effective
acute interventions for severe depression, particularly
in psychotic depression and severe suicidality. Evidence
also supports the efficacy of rTMS and ketamine-based
interventions in treatment-resistant depression, though
important questions remain regarding durability of re-
sponse, long-term safety, implementation costs, and
scalability within routine clinical systems (Bahji et al.,
2021; Malhi & Mann, 2018).

Digital therapeutics deliver structured psycho-
logical interventions through software platforms, com-
monly based on cognitive behavioural therapy (CBT),
behavioural activation, or related behavioural frame-
works. Internet-delivered and app-based interventions
have demonstrated efficacy for common mental health
conditions, particularly depression and anxiety disor-
ders, in controlled research settings (Carlbring et al.,
2018; Wright & Caudill, 2020). Several digital ther-
apeutics have also received regulatory clearance for
specific indications. Their potential advantages include
scalability, lower marginal delivery costs, and improved
accessibility for underserved populations. However, real-
world implementation studies suggest that treatment
engagement, adherence, and sustained retention are sub-
stantial challenges, and effectiveness outside controlled
trial settings is often lower than efficacy observed in re-
search environments (Baumel et al., 2019; Torous et al.,
2021).

Lifestyle and adjunctive interventions, includ-
ing exercise, sleep interventions, dietary modification,
and social or behavioural activation approaches, are in-
creasingly incorporated into prevention and treatment
strategies for psychiatric disorders. Meta-analytic evi-
dence supports modest beneficial effects of interventions
such as structured exercise and sleep-focused treatments

for some conditions, particularly depression and anxiety
disorders (Singh et al., 2023). Social prescribing and
peer-support approaches have also been adopted in sev-
eral health systems as part of broader community-based
mental healthcare models, although the evidence base
remains heterogeneous and methodologically variable
(Bickerdike et al., 2017).

Across treatment modalities, most interventions in
psychiatry demonstrate moderate average effect sizes,
substantial between-patient variability in response, and
evidence bases affected by methodological limitations
and risk of bias (Ioannidis, 2008; Leichsenring et al.,
2022). These limitations have direct implications for
technology-supported clinical decision-making systems.
Clinical guidelines and evidence summaries cannot be
treated as deterministic rules applicable uniformly across
patients. Instead, decision-support systems should rep-
resent uncertainty explicitly, incorporate evidence qual-
ity and provenance, and support shared decision-making
that integrates efficacy, adverse effects, contraindica-
tions, availability, cost, and patient preferences. The
appropriate role of such systems is to support struc-
tured and evidence-informed clinical reasoning rather
than automate treatment decisions.

C Measurement Modalities
The conditions described above can be assessed through
a range of measurement modalities, each with distinct
psychometric properties, feasibility constraints, and
evidence bases. A reference standard for technology-
powered mental health care must accommodate this
diversity, since no single modality is optimal across all
conditions, settings, and populations. The following tax-
onomy summarises the principal approaches; we then
provide detailed assessment of the evidence base for
each, and specify system requirements for their integra-
tion.

Paper-and-pencil self-report instruments have
historically been the dominant modality for patient-
reported outcome and mental health symptom assess-
ment, and many widely used psychiatric instruments
were originally developed and validated in paper format
(Coons et al., 2009; Gwaltney et al., 2008). Paper ad-
ministration requires minimal technological infrastruc-
ture and remains important in low-resource or digitally
constrained settings. However, paper-based workflows
create practical limitations for scalable longitudinal as-
sessment: scoring and data entry require staff time,
introduce opportunities for error, and make real-time
feedback, automated routing, remote completion, and
integration with electronic health records more difficult.

Computer- and tablet-administered self-report
questionnaires translate self-report assessment into
digital workflows, enabling automated scoring, condi-
tional branching, longitudinal tracking, remote comple-
tion, and integration with clinical information systems.
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Systematic reviews generally support equivalence be-
tween paper and electronic administration for many
patient-reported outcome measures, provided that mi-
gration preserves item content, response options, layout,
and administration conditions; however, equivalence
should not be assumed when substantial format changes
are introduced or when instruments are used in popula-
tions not included in validation studies (Coons et al.,
2009; Gwaltney et al., 2008; Muehlhausen et al., 2015;
O’Donohoe et al., 2023).

Mobile self-report extends digital assessment to
smartphones and other personal devices, allowing pa-
tients to complete measures outside clinical encoun-
ters and supporting repeated assessment, reminders,
and measurement-based care workflows. These features
are particularly relevant for longitudinal monitoring,
stepped care, and symptom feedback in routine men-
tal healthcare (Fortney et al., 2017). However, mobile
implementation also introduces design and equity con-
siderations, including usability on small screens, device
access, digital literacy, accessibility needs, privacy, and
the need to preserve measurement comparability when
migrating instruments across modes (Coons et al., 2009;
O’Donohoe et al., 2023). Formal guidance exists for
electronic migration and implementation of patient-
reported outcome measures, and these standards should
be followed when adapting paper instruments for digital
use.

Clinician-administered structured and semi-
structured interviews (e.g., the Structured Clinical
Interview for DSM Disorders [SCID] and the Mini In-
ternational Neuropsychiatric Interview [MINI]) remain
widely used reference methods for diagnostic assessment
and psychiatric research (First et al., 2016; Sheehan
et al., 1998). These formats allow clinicians to clar-
ify ambiguous responses, evaluate symptom context,
assess behavioural presentation, and integrate clinical
judgment in ways not possible with fixed self-report mea-
sures alone. Interview-based assessment is particularly
important for complex differential diagnosis, high-risk
presentations, and populations in whom self-report may
be unreliable or insufficient. However, structured in-
terviews are resource-intensive, requiring clinician time,
training, and ongoing attention to inter-rater reliability
(Regier et al., 2013). Technology-supported systems
may improve workflow efficiency through structured
prompts, automated scoring, and documentation sup-
port while preserving clinician oversight and judgment.

Computerised cognitive and neuropsychologi-
cal tasks assess domains such as attention, processing
speed, executive function, working memory, and cog-
nitive flexibility that are relevant across psychiatric,
neurodevelopmental, and neurodegenerative disorders
(Bilder & Reise, 2019). Common examples include com-
puterised adaptations of established neuropsychological
paradigms such as the Wisconsin Card Sorting Test,

Trail Making Test, continuous performance tasks, and
standardised emotion-recognition paradigms. These ap-
proaches generate performance-based measures includ-
ing accuracy, reaction time, and error patterns that com-
plement symptom self-report and clinical interview data.
Digital administration can improve standardisation, au-
tomate scoring, and enable precise temporal measure-
ment, although valid interpretation still depends on
appropriate testing conditions, device characteristics,
normative reference data, and consideration of practice
effects in repeated assessment (Bilder & Reise, 2019;
Cernich et al., 2007). Several major neuropsychologi-
cal assessment batteries, including digital versions of
Wechsler cognitive and memory assessments, have also
transitioned toward digitally assisted or fully digital
administration.

Gamified and serious-game assessments embed
cognitive or behavioural measurement within interac-
tive task environments intended to improve engagement
and support repeated assessment. These approaches
have been explored in areas including ADHD assess-
ment, paediatric neuropsychology, cognitive screening,
and mental health monitoring (Lumsden et al., 2016).
Early evidence suggests that gamified approaches may
improve user engagement and tolerability relative to
conventional testing formats, although the psychometric
evidence base remains substantially less mature than
that for traditional neuropsychological instruments and
many systems still require further validation against
established clinical measures (Lumsden et al., 2016).

Speech and voice analysis uses acoustic and lin-
guistic features of speech – including prosody, pitch
variability, speech rate, pause structure, articulation,
and lexical characteristics – as potential markers of men-
tal health and neurological conditions. Research has
identified associations between speech features and dis-
orders including depression, bipolar disorder, psychotic-
spectrum disorders, anxiety disorders, and cognitive de-
cline (Cummins et al., 2015; Low et al., 2020). Speech
data may be collected through structured speech tasks
or extracted from conversational audio recorded dur-
ing clinical encounters, telehealth sessions, or mobile
interactions. The modality is attractive because it is rel-
atively low burden, non-invasive, and compatible with
remote and longitudinal monitoring workflows. How-
ever, despite substantial research interest, evidence for
reliable clinical deployment remains limited, and impor-
tant challenges remain regarding generalisability across
languages, dialects, recording environments, devices,
demographic groups, and clinical contexts (Low et al.,
2020; Torous et al., 2021).

Eye tracking and gaze analysis measure patterns
of visual attention and ocular behaviour, including fix-
ation duration, saccadic movements, smooth pursuit,
blink rate, and pupil dilation, which may reflect cogni-
tive, attentional, emotional, and social processing. Eye-
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tracking research has identified group-level differences
associated with autism spectrum conditions, ADHD,
anxiety disorders, depression, and psychotic-spectrum
disorders (Shic, 2016). Historically, eye tracking re-
quired specialised laboratory hardware, but consumer-
grade eye tracking and camera-based gaze estimation
are increasingly available on mobile devices, laptops,
and virtual reality systems. Although these develop-
ments improve accessibility and scalability, lower-cost
hardware and unconstrained environments introduce
additional sources of measurement noise, calibration
variability, and reduced precision that may affect relia-
bility and clinical validity (Holmqvist, Nyström, et al.,
2023).

Facial expression and video-based analysis uses
computer vision to quantify facial behaviour, affective
display, head movement, posture, and other observable
nonverbal signals from video collected during struc-
tured tasks, clinical interviews, or telehealth interac-
tions. This modality overlaps with emotion-recognition
assessment, where patients identify affective cues in
others, but is distinct from passive analysis of the pa-
tient’s own expressive behaviour. Video-based features
have been studied in relation to depression, psychotic-
spectrum disorders, neurodevelopmental conditions, and
cognitive impairment, and can be combined with speech
or physiological data in multimodal assessment pipelines
(Cohn et al., 2018; Jiang et al., 2022). However, current
evidence is strongest in research settings, and clini-
cal deployment remains limited by small samples, het-
erogeneous tasks, dataset bias, privacy requirements,
consent, and uncertainty about generalisation across
demographic groups, recording environments, and care
settings (Martinez-Martin et al., 2018, 2021).

Multimodal sensor fusion combines two or more
data streams – for example speech, facial behaviour,
gaze, movement, keyboard interaction, smartphone use,
or physiological signals – to support assessment or mon-
itoring. Multimodal approaches are motivated by the
fact that mental health presentations are heterogeneous
and expressed across multiple behavioural, cognitive,
affective, and physiological channels. Reviews of digital
phenotyping and multimodal behavioural assessment
suggest that combining complementary signals may im-
prove prediction or monitoring in some contexts, but the
evidence base remains methodologically heterogeneous
and is not yet sufficient to support broad diagnostic
use (Cohn et al., 2018; Moura et al., 2023; Torous et
al., 2021). Translation from research-grade systems
to routine clinical or consumer-device settings requires
validation across devices, populations, languages, envi-
ronments, and clinical workflows, as well as clear data
governance and evidence standards.

Digital phenotyping and passive smartphone
sensing collects behavioural and physiological data pas-
sively from smartphones and connected devices without

requiring active user engagement. Data streams include
GPS-derived mobility patterns, accelerometer-based ac-
tivity and sleep estimates, screen usage patterns, com-
munication metadata (call and text frequency and tim-
ing), and app usage. Research has demonstrated associ-
ations between passive digital phenotypes and symptom
trajectories across depression, anxiety, bipolar disorder,
and psychotic-spectrum disorders, with emerging evi-
dence suggesting that smartphone-derived behavioural
signals may help predict symptom exacerbations be-
fore they become clinically apparent (Jacobson & Bhat-
tacharya, 2022; Onnela & Rauch, 2016). However, the
field faces significant challenges: variability in sensor
quality across devices, lack of standardisation in feature
extraction, limited replication of findings across studies,
and substantial privacy concerns regarding continuous
behavioural monitoring. The evidence base currently
supports digital phenotyping as a research tool with clin-
ical promise rather than a validated clinical assessment
modality.

Ecological momentary assessment (EMA) and
experience sampling use repeated brief assessments
delivered in daily life, typically via smartphone, to cap-
ture symptoms, mood, behaviour, and context close to
the time they occur. EMA was developed to address lim-
itations of retrospective self-report, including recall bias
and the difficulty of reconstructing temporal and contex-
tual variation from global symptom summaries (Shiff-
man et al., 2008). In mental health research, EMA and
experience sampling methods are used to characterise
within-person variability, affective dynamics, stress re-
activity, diurnal patterns, and context-dependent symp-
tom fluctuations (Myin-Germeys et al., 2018; Stone et
al., 2023). EMA can be implemented using time-based,
event-based, or hybrid sampling schedules, and may be
combined with passive sensing or wearable physiological
data. Its clinical promise lies in supporting longitudinal
monitoring and personalised case formulation, but im-
plementation requires attention to participant burden,
adherence, privacy, missing data, and the translation of
intensive longitudinal data into clinically interpretable
outputs.

Wearable physiological monitoring via smart-
watches, fitness trackers, and research-grade wearable
devices can capture signals such as movement, sleep–
wake patterns, heart rate, heart-rate variability, electro-
dermal activity, and skin temperature. In mental health
research, these data streams are commonly studied as
components of digital phenotyping and as potential
markers of sleep disturbance, activity change, circadian
disruption, stress physiology, and symptom fluctuation
(Aledavood et al., 2019; Bufano et al., 2023; Torous
et al., 2021). Consumer-grade wearables offer scalable
and relatively low-burden data collection in naturalistic
settings, but clinical interpretation remains limited by
device variability, measurement error, missing data, pro-



46 Vowels et al.

prietary algorithms, population differences, and the lack
of validated normative frameworks for most psychiatric
use cases (Aledavood et al., 2019; Bufano et al., 2023).

Continuous monitoring in clinical environments
such as inpatient psychiatric units, residential treat-
ment facilities, and intensive outpatient programmes
can combine structured assessments, staff observations,
wearable devices, environmental sensors, and electronic
health record data. These settings are potentially data-
rich, but the evidence base for automated real-time
risk detection in psychiatry remains early. Current and
proposed applications include supporting observation
workflows, identifying behavioural change over time,
improving documentation, and informing risk review,
rather than replacing clinical judgment. Implementa-
tion must account for integration with nursing work-
flows, false alarms and alarm fatigue, privacy, informed
consent, data governance, and the ethical implications
of monitoring in settings where patient autonomy may
already be constrained (Martinez-Martin et al., 2018;
Torous et al., 2021).

Structural and functional neuroimaging (MRI,
fMRI, PET, and SPECT) can provide information about
brain structure, function, connectivity, and neurochem-
istry. In clinical psychiatry, structural neuroimaging is
most often used when clinically indicated to evaluate
possible neurological or medical contributors to psychi-
atric presentations, and it is central to the assessment
of many neurodegenerative conditions. Functional neu-
roimaging has generated important research findings
across depression, schizophrenia, PTSD, OCD, autism,
ADHD, and related conditions, and is widely studied for
treatment-response prediction and biomarker discovery.
However, neuroimaging remains expensive, requires spe-
cialised facilities, and has limited utility as a standalone
diagnostic tool for most psychiatric disorders. Reviews
and consensus reports emphasise that psychiatric neu-
roimaging biomarkers are promising but generally not
yet sufficiently validated for routine individual-level
diagnosis or treatment selection (Abi-Dargham et al.,
2023; First et al., 2012; Schnack & Kahn, 2016). Repro-
ducibility and generalisability concerns, including small
sample sizes and analytic variability in fMRI research,
further support treating neuroimaging as a specialist
adjunctive modality rather than a scalable screening
or routine monitoring tool (Botvinik-Nezer et al., 2020;
Turner et al., 2018).

Electroencephalography (EEG) and neurophys-
iological assessment measure electrical brain activity
with high temporal resolution. EEG is an established
clinical tool in the evaluation of seizure disorders and al-
tered states of consciousness, and standardised guidance
exists for routine and sleep EEG recording and reporting
(Peltola et al., 2023; Tatum et al., 2016). In psychiatry,
quantitative EEG (qEEG) and event-related potentials
(ERPs) have been studied as candidate biomarkers in

conditions such as ADHD, depression, psychosis, and
traumatic brain injury, including for treatment-response
prediction. However, these applications remain less clin-
ically established than EEG’s neurological uses, and
several proposed psychiatric EEG markers have shown
variable reproducibility or limited diagnostic specificity
(Gloss et al., 2016; Simmatis et al., 2023; Widge et al.,
2019). Consumer EEG devices and portable systems
may expand access to neurophysiological measurement,
but reduced channel count, signal quality, artefact sus-
ceptibility, and limited clinical validation mean that
EEG is best treated here as a specialist adjunctive
modality rather than a standalone psychiatric assess-
ment tool.

Natural language processing (NLP) of clinical
and patient-generated text analyses unstructured lan-
guage from clinical notes, assessment narratives, therapy
transcripts, patient journals, digital messages, and so-
cial media. NLP methods range from lexicon-based ap-
proaches to machine-learning and large-language-model
systems, and have been studied for symptom extraction,
mental health classification, risk detection, suicide-risk
modelling, and analysis of psychotherapy or other men-
tal health interactions (Dreisbach et al., 2019; Malgaroli
et al., 2023; Zhang et al., 2022). NLP may complement
structured assessment by identifying clinically relevant
information expressed in free text but not captured in
fixed-response instruments. However, clinical deploy-
ment remains constrained by dataset bias, transporta-
bility across settings, privacy and consent requirements,
interpretability, and the need for prospective valida-
tion in real-world workflows (Spasic & Nenadic, 2020;
Torous et al., 2021) data ownership, and the risk of
over-interpreting linguistic patterns.

These modalities exist on a spectrum from well-
validated to experimental, and from episodic to con-
tinuous. The current evidence base is strongest for
self-report instruments (paper and digital) and clinician-
administered interviews, which form the foundation of
the requirements described in this document. Com-
puterised cognitive tasks occupy a middle ground with
established research utility and growing clinical appli-
cation. The technology-intensive modalities - speech
analysis, eye tracking, digital phenotyping, multimodal
sensor fusion, and NLP - represent the frontier of mental
health measurement, with significant research momen-
tum but evidence that has not yet matured to the level
required for standalone clinical deployment. A refer-
ence standard should be designed to accommodate the
full range of modalities as the evidence base evolves,
with clear evidence-tier requirements governing which
modalities are appropriate for which clinical functions
and at what stage of validation. The choice of modality
in any given deployment is also fundamentally shaped
by the care setting: what is feasible in a research lab-
oratory with calibrated hardware differs from what is
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achievable on a patient’s personal smartphone, in a pri-
mary care waiting room, via a wearable during daily life,
or in a residential treatment facility with continuous
monitoring infrastructure.

D Care Settings
The challenges outlined above are not confined to a sin-
gle clinical context. They appear across the settings in
which mental health care is sought, delivered, or needed
but unavailable. The following summary illustrates
domains in which technology-augmented assessment,
decision support, and care navigation may be relevant.

Primary care is a major point of identification
and treatment for common mental health conditions
in the United States, particularly where access to spe-
cialty mental healthcare is limited. Primary care work-
flows are time constrained and must address mental
health alongside multiple competing medical priorities.
Depression screening in adults is recommended when
systems are in place for accurate diagnosis, effective
treatment, and appropriate follow-up (US Preventive
Services Task Force, 2023). In practice, pathways from
screening to diagnostic assessment, treatment initiation,
monitoring, or referral vary across clinics and health
systems. Collaborative-care models provide one of the
strongest evidence bases for integrating mental health
treatment into primary care, combining systematic iden-
tification, care management, psychiatric consultation,
and measurement-based follow-up (Fortney et al., 2017;
Unützer et al., 2002). For technology-supported assess-
ment to be useful in primary care, it should minimise
added clinician burden, support pre-visit or point-of-
care screening, automate scoring, integrate results into
clinical workflows, and produce decision support aligned
with primary-care scope and referral pathways.

Emergency departments and acute care set-
tings manage high-acuity mental health presentations
under substantial time pressure, including suicidality,
self-harm, intoxication, agitation, psychosis, and acute
safety concerns. Emergency workflows prioritise im-
mediate safety assessment, medical stabilisation, risk
stratification, disposition planning, and handoff to inpa-
tient, crisis, or outpatient services. Psychiatric board-
ing in emergency departments is a persistent systems
problem in the United States, reflecting limited avail-
ability of appropriate psychiatric inpatient and crisis-
care capacity (Chang et al., 2012; Nordstrom et al.,
2019). Evidence from a large US emergency-department
suicide-prevention study suggests that structured screen-
ing, safety planning, and follow-up interventions can
improve identification and reduce subsequent suicidal
behaviour in some populations (Miller et al., 2017). In
this context, technology-supported assessment should
be brief, safety-focused, integrated with triage and EHR
workflows, and designed to improve documentation and
continuity of information across discharge or transfer.

Comprehensive multi-domain assessment is usually less
appropriate in the ED than targeted risk screening,
structured documentation, and reliable handoff.

Outpatient psychiatry and specialty mental
health settings provide assessment and treatment
for patients with more complex, severe, recurrent, or
treatment-resistant mental health conditions. These set-
tings are well suited to longitudinal assessment because
patients often receive repeated medication-management,
psychotherapy, or combined-treatment visits over time.
Measurement-based care in psychiatry is defined by the
repeated use of validated symptom, functioning, and
safety measures to inform clinical decisions, and has
been recommended as a way to improve treatment moni-
toring and outcomes (American Psychiatric Association,
2023; Fortney et al., 2017). However, implementation re-
mains uneven across routine mental health settings, with
barriers including workflow burden, measure selection,
clinician engagement, EHR integration, and the need
to translate scores into actionable treatment decisions
(Fortney et al., 2017; Lewis et al., 2019). For technology-
supported assessment, outpatient psychiatry therefore
represents a natural use case for pre-visit digital assess-
ment, automated severity tracking, treatment-response
monitoring, side-effect monitoring, and decision support
that remains under clinician control.

Older adults and residential or long-term care
populations require assessment approaches that ac-
count for multimorbidity, polypharmacy, cognitive im-
pairment, sensory impairment, functional limitations,
and reliance on carers or staff for collateral information.
Depression and cognitive impairment may be difficult
to detect in long-term care settings, particularly when
symptoms overlap with dementia, medical illness, apa-
thy, delirium, or medication effects (Brown et al., 2009;
Volicer et al., 2011). Medication review is also central in
geriatric care because potentially inappropriate medica-
tions and drug–disease interactions are common safety
concerns in older adults. Cognitive assessment in older
adults should be interpreted as part of a broader clinical
evaluation rather than as a standalone diagnosis (Na-
tional Institute on Aging, 2023; US Preventive Services
Task Force, 2020). Digital self-report may be useful for
some older adults, but systems should support alterna-
tive administration modes, including clinician-assisted
completion, informant-report instruments, accessible in-
terfaces, and integration with cognitive and functional
assessment workflows.

Telehealth and asynchronous care expanded
rapidly during the COVID-19 pandemic and has re-
mained especially important in mental health care in
the United States. Recent US studies show that tele-
health availability for mental health services remains
substantially above pre-pandemic levels, although avail-
ability varies across facilities and service types (Can-
tor et al., 2024; McBain et al., 2024). Telepsychiatry
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and telepsychotherapy can support screening, follow-
up assessment, medication management, psychotherapy
delivery, and longitudinal monitoring when clinically
appropriate. Meta-analytic evidence suggests that live
video psychotherapy can produce outcomes comparable
to in-person psychotherapy for several common con-
ditions, particularly when structured evidence-based
treatments are delivered with adequate fidelity (Fer-
nandez et al., 2021). Important limitations remain
for interventions requiring in-person delivery or mon-
itoring, such as ECT, TMS, ketamine or esketamine
administration, inpatient stabilisation, some physical
examination components of medication monitoring, and
situations requiring urgent in-person risk management.
In the United States, prescribing controlled substances
by telemedicine remains governed by federal and state
rules that have continued to evolve after the COVID-19
public health emergency (Drug Enforcement Adminis-
tration & Department of Health and Human Services,
2025). Remote and asynchronous modalities also require
attention to digital access, privacy, clinical appropriate-
ness, acute-risk workflows, and variation in platform
quality.

Employee assistance programmes (EAPs) and
workplace mental health services are employer-
sponsored benefits that commonly provide confidential,
short-term counselling, supportive resources, and re-
ferral to external care when indicated. In the United
States, EAPs have traditionally been offered as stand-
alone or externally delivered benefits with a limited
or fixed number of free services, although programme
structure varies across employers and vendors. Evidence
suggests that EAP counselling may improve psychologi-
cal distress, work functioning, absenteeism, and presen-
teeism among employees who use these services, but the
evidence base is limited by observational designs, het-
erogeneous programme models, and variable outcome
measurement (Attridge & Dickens, 2022; Bouzikos et al.,
2022). For technology-supported assessment, EAPs may
function as a high-volume, low-barrier entry point for
brief screening, triage, referral navigation, and outcome
monitoring. However, systems must preserve confiden-
tiality boundaries between employees and employers,
avoid inappropriate disclosure of individual clinical in-
formation, and support referral continuity when an
employee requires care beyond the EAP scope.

University and college counselling centres face
rapidly growing demand, with prevalence of anxiety,
depression, and suicidality among students rising signif-
icantly over the past decade (Association, 2023). Many
counselling centres operate under substantial resource
constraints relative to student demand, contributing to
wait times and limits on service availability (Association
for University and College Counseling Center Directors,
2023).

Forensic, correctional, and justice-involved

populations have high rates of serious mental illness
and complex mental health needs, while correctional
mental health services vary substantially in screening,
triage, assessment, intervention, and re-entry planning
(Fazel & Seewald, 2012; Simpson et al., 2022). Continu-
ity of mental health care following release is often poor,
particularly for people with recurrent or brief periods
of imprisonment (Browne et al., 2022).

Wellness, consumer mental health, and self-
managed care represents a large and growing pop-
ulation engaging with mental health support outside
formal health systems. This includes consumer mood-
tracking apps, meditation and mindfulness platforms,
AI-powered conversational agents, and digital self-help
programmes based on CBT and related therapeutic
frameworks (Torous et al., 2020). These tools may sup-
port access, monitoring, and self-management, but they
also raise quality, evidence, privacy, and governance
concerns, particularly because many consumer-facing
tools are not evaluated to the same standards as clinical
interventions (Larsen et al., 2019).

Veterans, military, and high-complexity pop-
ulations often present with complex and overlapping
mental health needs, including PTSD, traumatic brain
injury, substance use, and transition-related barriers to
care. Mild traumatic brain injury among deployed sol-
diers has been strongly associated with PTSD and other
post-deployment health problems, and recent review ev-
idence identifies multiple systemic, logistical, and social
barriers to mental health service access during the tran-
sition from military to civilian life (Ein et al., 2024;
Hoge et al., 2008).

Children, adolescents, and neurodevelopmen-
tal populations require developmentally appropri-
ate assessment pathways that often combine reports
from multiple informants, including children, parents or
guardians, and teachers. Multi-informant assessment is
a core feature of child and adolescent mental health eval-
uation because symptoms may vary across contexts such
as home and school (De Los Reyes et al., 2015). For chil-
dren and adolescents with neurodevelopmental condi-
tions, assessment should not rely solely on standard digi-
tal self-report; alternative pathways may include parent-
or teacher-report measures, clinician-administered as-
sessment, observational information, and adapted inter-
faces.

Substance use and comorbidity pathways illustrate
the consequences of siloed care models. Co-occurring
mental health and substance use disorders are common,
and integrated treatment models emphasize screening
and treatment planning across both domains rather
than requiring people to move between separate men-
tal health and substance-use programmes (Substance
Abuse and Mental Health Services Administration, 2010).

Payers and utilisation management increasingly
require measurement-based care as a condition of re-
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imbursement, yet the instruments and reporting infras-
tructure needed to support this requirement are not
consistently available across providers, particularly in
behavioural health where outcome measurement has
historically lagged behind physical medicine (Knutson
et al., 2021). Value-based payment models depend
on standardised outcome data that most behavioural
health systems do not routinely collect.

Global and low-resource settings face the most
acute workforce shortages: the median number of men-
tal health workers per 100,000 population is roughly 1.4
in low-income countries and 3.8 in lower-middle-income
countries, compared with over 60 in high-income coun-
tries (World Health Organization, 2021b). Task-shifting
to non-specialist and community health workers has
been the primary strategy for expanding access in these
contexts and is the core framework underpinning the
WHO mhGAP programme (Patel et al., 2018). Digital
platforms have particular potential here but require
cultural adaptation, offline capability, and instruments
validated in local populations (Heim et al., 2021).

Language- and culturally diverse populations
are underserved across all of the above settings. Cultural
explanatory models of illness, locally salient idioms of
distress, instrument translation validity, and interpreter
availability intersect to produce systematic differences
in how symptoms are expressed, detected, and treated
(Bhui & Bhugra, 2002).

The Collaborative Care Model (CoCM) is one of
the most extensively evaluated frameworks for integrat-
ing behavioural health into primary care. CoCM struc-
tures the collaboration between primary care providers,
behavioural health care managers, and consulting psy-
chiatrists around measurement-based care: systematic
screening, registry-based tracking, and treat-to-target
protocols with defined escalation for non-response. A
Cochrane review of 79 randomised controlled trials in-
volving over 24,000 participants found that collaborative
care produced greater improvements in depression and
anxiety outcomes than usual care, with benefits sus-
tained up to two years (Archer et al., 2012). However,
CoCM adoption remains limited by the operational
infrastructure it requires – registries, standardised in-
struments, care manager workflows, and psychiatric
consultation capacity – that many health systems lack.
Technology-powered systems that provide structured as-
sessment, longitudinal monitoring, treatment response
tracking, and clinician alerting directly support the core
operational requirements of CoCM and similar stepped
and integrated care models, potentially lowering the
implementation barrier and enabling wider adoption.

The common thread across these settings and care
delivery models is that each would benefit from the same
core infrastructure: structured, validated, multi-domain
assessment; longitudinal monitoring; evidence-based
decision support; and systematic care navigation. The

requirements defined in this document are designed to
be adaptable across these contexts, with setting-specific
configuration rather than setting-specific technology.

E Financial Structures and Economic Con-
siderations

A reference standard that cannot sustain itself
financially will not be adopted regardless of its
clinical merit. This section addresses the economic
dimensions of technology-powered mental health infras-
tructure: the costs of implementation and operation,
the reimbursement mechanisms that can support them,
and the economic case for investment at the health sys-
tem, payer, and societal levels. A structural challenge is
that the entities bearing implementation costs are not
always those that realise downstream savings, creating
misaligned incentives that can slow adoption despite
system-level benefit (Knapp & Wong, 2020).

The economic burden of inadequate mental
health infrastructure. Mental health conditions im-
pose substantial direct and indirect economic costs,
with global estimates placing the value of losses at-
tributable to mental disorders in the trillions of US dol-
lars, driven predominantly by lost productivity rather
than direct treatment costs (Arias et al., 2022; Knapp &
Wong, 2020). Direct costs include emergency presenta-
tions and inpatient admissions that may be preventable
through earlier detection and management, repeated
diagnostic workups due to misdiagnosis, and treatment
of conditions that have progressed beyond early inter-
vention windows. Indirect costs include absenteeism,
presenteeism, disability claims, and the broader soci-
etal burden of untreated illness. The economic case
for structured assessment infrastructure rests on the
premise that systematic screening, longitudinal monitor-
ing, and evidence-based care navigation can reduce these
downstream costs by enabling earlier detection, acceler-
ating treatment response through measurement-based
adjustment, and preventing escalation to high-acuity
care settings.

Reimbursement pathways for measurement
and monitoring. The financial viability of different
assessment modalities varies based on existing reim-
bursement structures. In the US, Current Procedu-
ral Terminology code 96127 reimburses brief emotional
or behavioural assessment using validated standard-
ised instruments (e.g., PHQ-9, GAD-7), with scoring
and documentation per instrument, providing a direct
billing pathway for digital self-report screening (Amer-
ican Medical Association, 2024a). The Collaborative
Care Model (CoCM) codes 99492 – 99494 explicitly
reimburse measurement-based care workflows including
screening, registry tracking, and psychiatric consulta-
tion (American Medical Association, 2024b). These
codes represent the most direct reimbursement pathway
for the infrastructure described in this standard. In
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contrast, emerging modalities such as speech analysis,
eye tracking, digital phenotyping, and consumer wear-
able monitoring lack established reimbursement path-
ways in most jurisdictions, and regulatory and financial
frameworks remain a recognised barrier to their clinical
adoption (Torous et al., 2025). Clinician-administered
structured interviews are reimbursable as part of clinical
encounters but carry the full cost of clinician time. The
reimbursement landscape therefore favours the digital
self-report and measurement-based care approach that
forms the foundation of this standard.

Cost structures by modality. Implementation
and per-administration costs differ substantially across
assessment modalities. Digital self-report instruments
range from freely available (e.g., PHQ-9, GAD-7, AU-
DIT) to modest per-use licensing fees, with infrastruc-
ture costs limited to delivery, scoring, and EHR inte-
gration. Ecological momentary assessment shares this
cost profile when delivered via smartphone. Clinician-
administered interviews carry the full cost of clinician
time, making them the most expensive per-administration
modality despite requiring no specialised equipment.
Consumer-grade wearables and smartphone-based pas-
sive sensing have been highlighted as more accessible
alternatives to research-grade devices for digital phe-
notyping in mental health, though evidence on clinical
utility remains preliminary (Hassan et al., 2025). We
also note that many smartphone health applications
(e.g., Apple Health, Google Health Connect) collect
passive data without the need for additional wearable
devices. Speech analysis and eye tracking require either
specialised hardware or validated software running on
consumer devices, with per-administration costs that
are currently difficult to estimate due to the absence
of standardised commercial offerings. Neuroimaging
remains the most expensive modality by a wide mar-
gin. These cost structures reinforce the convergence
argument: the modality that is both most clinically
ready and least expensive per administration is digital
self-report, which can be delivered at marginal cost
approaching zero.

Value-based care and the economic case for
measurement infrastructure. The transition from
fee-for-service to value-based payment models creates
a direct financial incentive for the infrastructure de-
scribed in this standard, as providers under value-based
contracts must demonstrate outcomes using validated
measures rather than service volume (Knutson et al.,
2021). Structured screening that detects conditions ear-
lier, measurement-based care that identifies treatment
non-response sooner, and care navigation that reduces
dropout all support the metrics on which value-based
contracts are evaluated; meta-analytic evidence indi-
cates that measurement-based care is associated with
greater symptom reduction and higher response rates
compared to standard care for depression (Zhu et al.,

2021). For payers, standardised outcome data provides
the measurement infrastructure needed to design and
adjudicate value-based contracts. The economic case for
health systems is that the cost of implementing digital
screening and monitoring infrastructure is substantially
lower than the cost of the downstream failures it pre-
vents; long-term follow-up of the IMPACT collaborative
care trial found that the intervention was associated
with lower total healthcare costs over four years com-
pared with usual care, with the cost offset extending
well beyond the active intervention period (Unützer
et al., 2008).

Financial sustainability and self-supporting in-
frastructure. For the standard to achieve widespread
adoption, the infrastructure it describes must be finan-
cially self-supporting rather than dependent on grant or
philanthropic subsidy. Three mechanisms support this:
direct reimbursement for screening and MBC activi-
ties via existing CPT and CoCM codes; cost avoidance
through reduced acute utilisation and faster treatment
response, as demonstrated in collaborative care trials
(Unützer et al., 2008); and the value of the real-world
evidence generated by the infrastructure for research,
quality improvement, and payer reporting. In low- and
middle-income settings, the economic argument shifts
toward task-shifting – redistributing assessment and
monitoring tasks from scarce specialist clinicians to dig-
ital infrastructure or trained non-specialist personnel –
with WHO-led modelling estimating benefit-to-cost ra-
tios in the range of 2.3 – 5.7 to 1 for scaled-up treatment
of depression and anxiety once both economic produc-
tivity and health returns are considered (Chisholm et
al., 2016).
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