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Dr Trina Histon is a health psychologist and digital health strategist with a decades-long career at the

= = intersection of behavioural science, healthcare innovation, and technology..
Trina Histon, PhD

A Former Vice President of Clinical Product Strategy at Woebot Health and a longtime leader
within Kaiser Permanente, Trina has spearheaded national initiatives that have scaled
evidence-based digital mental health tools across complex health systems to reach hundreds of
thousands of users.

Their work has shaped the design, deployment, and reimbursement strategies for digital mental health
treatments (DMHTSs) through various roles at the Digital Therapeutic Alliance.

They are also published contributors to the field, co-authors of the 2025 Digital Mental Health
Treatment Implementation Playbook and Equity in Digital Mental Health Interventions in the
United States.

As Director of Percolating Health, Trina now advises start-ups and organizations on partnering with
US-based clients (payers, health systems, employer groups, D2C) to enable clinical use, define
deployment strategies, and implement digital therapeutics and Al-enabled digital mental health tools in
real-world settings.

They are frequent speakers and moderators at international forums—from the Society for Digital
Mental Health and ISRIl —and serve as co-lead of the Society’s Special Industry Group. Trina serves
on the Board of the Society for Digital Mental Health and serves as co-lead for the UK’s Digital
Adoption Workgroup of the Mental Health Goals Programme, sponsored by the Office for Life
Sciences.

Trina brings a uniquely practical lens, grounded in behavioural psychology, implementation science,
and lived system experience. This makes them a trusted partner to those seeking to build effective,
equitable, and scalable digital mental health ecosystems.

Trina completed their undergraduate and postgraduate degrees at University College Cork, Ireland,
and has recently relocated to Ireland after several decades in the USA
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Disclosures

ASCH and ASCH-EREF jointly provided this program.

No staff or committee members involved in the development, planning or
execution of educational content have any financial relationships or conflicts
of interest to disclose.

Trina Histon has no significant financial relationships or conflicts of interest
to disclose.

(Fractional Chief Health Office with Sonar Mental Health, Expert Panel roles with
APA and ORCHA, support a number of clients in digital mental health space

2026 American Society of Clinical Hypnosis and Research Foundation. All rights reserved. No reproduction or use without written permission of ASCH-ERF and the author. 3



7L T
Continuing Education & Accreditation
Statement

This program has been approved by the American Society of Clinical Hypnosis Standards of
Training Committee to be used toward Membership and Certification requirements.

The American Society of Clinical Hypnosis-Education and Research Foundation (ASCH-ERF) is
accredited by the Accreditation Council for Continuing Medical Education to provide continuing
medical education for physicians. The American Society of Clinical Hypnosis-Education and
Research Foundation (ASCH-ERF) deS|?nate_s this live activity for a maximum of 57 AMA PRA
Category 1 Credit(s) ™. Physicians should claim only the credit commensurate with the extent
of their participation in the activity.

This program is Approved by the National Association of Social Workers (886386995-7390) for
57 continuing education contact hours.

This course is approved by the American Society of Clinical H fnosis and as such is an
approved contln_uwé%{equcathn course per Florida’s AC-Rule 64B-4-6002 American Society of
Clinical Hypnosis-ERF is designated as an Approved PACE Program Provider.

BAS:E The American Society of Clinical Hypnosis Education & Research Foundation Nationally

fo
PROCRAM APPROVAL Approved PACE Program Providerfor FAGD/MAGD credit. Approval does not mplg _
i acceptance by any regulatory authority or AGD endorsement. 10/1/2024 to 9/30/2027. Provider

‘ ID#217022
APA | American Group Psychotherapy Association (AGPA) is approved by the American

Psychological Association to sponsor continuing education for ﬁsychologists_and the American
Society of Clinical Hypnosis (ASCH). American Group Psychotherapy Association (AGPA) is
appr?]vled b){ the American Psychological Association (APA) to sponsor continuing education for
psychologists.
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Learning Objectives for Today’s Session

At the conclusion of this session, participants will be able to:

Understand Al Models in
Behavioral Health

Understand Al in Clinical
Assessment & Intervention

Strategies to Optimize Value
While Minimizing Risk
Apply practical evaluation
criteria to assess whether an Al
tool is clinically appropriate,
safe, and aligned with
professional standards,
including questions related to
evidence, data governance,
crisis management, and bias
mitigation

Differentiate rule-based Al
from generative Al including
their mechanisms, capabilities,
and limitations in behavioral
health settings

Describe at least three
evidence-supported
applications: conversational
agents, Clinical Decision
Support (CDS) and
documentation augmentation

2026 American Society of Clinical Hypnosis and Research Foundation. All rights reserved.



Al Disclosure

Antrophic Claude Sonnet 4.6 was used,to
generate slide images

GenSpark Al was used to generategde
images

Content Knowledge cutoff, March 12, 2026!

Human-in-the-loop at all times
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What is Artificic



What Is Artificial Intelligence?

DEFINITION

Artificial Intelligence (Al) refers to
computer systems designed to perform
tasks that typically require human-like
cognition — including reasoning, learning,
perception, language understanding, and
problem-solving.

CORE CAPABILITIES

© Perception @ Reasoning

® Language Learning

Types range from narrow/task-specific Al (e.qg.,
spam filters, image recognition) to general Al —
and increasingly, generative Al that creates text,
images, and clinical decision support.

A BRIEF HISTORY

1950 ®

1956 ®

1980s @

1997 ®

2012 g

2017 ®

2022 g

2024+ g

Turing asks "Can Machines Think?" — proposes the Turing Test

Dartmouth Conference coins the term "Artificial Intelligence"

Expert systems emerge in medicine; first Al winters and hype cycles

IBM Deep Blue defeats world chess champion Garry Kasparov

Deep learning breakthrough: neural networks transform image recognition

Transformer architecture published — foundation of modern Al language

models

ChatGPT launches: generative Al enters mainstream public use

Al embedded in clinical workflows, mental health, and behavioral medicine
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The Three Al Types — Not All Al Carries the Same Risk

In clinical contexts, the Al type determines the risk profile, regulatory pathway, and oversight model required.

Traditional Rule-Based Al lgl Generative Al
Algorithms (Expert Systems) (LLMs)
— PHQ-9 / GAD-7 scoring calculators — Clinical decision support in EHRs = GenEsie) el e cieses (Ui
Youper, Ash)
— Risk stratification scoring — Crisis pathway routing — Ambient Scibes (documentation) (Abridge, Nabla)

— Medication dosing logic — PHQ-9 CDS alert logic — Treatment plan drafting

— Diagnostic decision trees — Symptom checkers

— GPT, Claude, Llama, Gemini as foundation models

— Logic defined by experts, transparent and auditible

— Flexible but introduce hallucination
— Symptom checkers

Same input — same output every time Human-authored logic; auditable & interpretable Flexible but less predictable; hallucination risk



What is an Large Lanqguage Model

LARGE

L Trained on billions of words with billions of parameters —

adjustable settings that fine-tune how it predicts text.

LANGUAGE

L Works with human-like text: words, sentences,
paragraphs. Some newer models extend to images or
audio, but text is the core.

MODEL

M A mathematical system that learns patterns from data —
not a database of stored facts. It encodes probabilities:
what word most likely follows a given context.

v/ WHAT LLMs CAN DO

Write: emails, reports, summaries

Explain: plain-language clinical concepts

Translate: across languages or code

Summarise: dense research into key
points

Role-play: tutor, interviewer, coach

X WHAT LLMs CAN'T DO

Understand meaning — they simulate it

Access real-time data (unless connected)

Guarantee factual accuracy

Save conversation history inherently

Avoid hallucination without guardrails

Key Insight: An LLM isn't remembering — it's predicting. It generates the most probable next word given its context. Fluency # Truth.



N NNUAL SCI EN

A SIC Izl 2026 MEETINGS & WORKSHOPS
\ 1 . \ 21

C—
o —
! x
P
£
ot

Why is Al so pro



Five shifts in the last decade make Al clinically relevant

& b

Better Data Capture Compute Accessibility Foundation Models

Shift from paper to digital Exponential growth in GPU/TPU Move from specific models to
exhaust. EHR notes, telehealth power has made training feasible. general Large Language Models
audio transcripts, and Edge devices (phones/tablets) are (LLMs) that handle nuance,
now powerful enough for local summarization, and dialogue at

patient-reported outcomes now _
inference. scale.

provide rich, trainable datasets.

K 518

Regulatory Clarity

(evolving)

Emerging guidance from FDA and
others distinguishes between
"device" software and "clinical
decision support,” clarifying the
path to market.

EHR Integration

Al is no longer a silo. APIs now allow
models to embed directly into
clinical workflows, reducing friction
("click fatigue").




Al matters now because demand outstrips capacity—and
Al can relieve friction

Critical Workforce Shortage

Behavioral health demand is rising sharply while workforce growth remains stagnant, creating an
urgent need for scalability.

Workflow & Documentation Relief

Al's immediate value lies in reducing administrative burden (documentation, coding) and surfacing
risk signals earlier in the care journey.

Evidence in Progress

Early gains are proven in operational efficiency; clinical outcome evidence is developing but
requires rigorous local validation.
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in Behavioral Health
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The State of Al in Behavioral Health: 2023-2026

10,000+ 40% $5.5B 1in3

digital mental health of health systems piloting global digital mental health
apps in major app stores Al clinical documentation investment in 2024
(majority not evaluated)

consumers open to
Al-delivered mental health support

Top Adoption Barriers — Clinical Leaders Survey (APA/HIMSS/Rock Health 2024-2025)

Evidence gaps 78%

Privacy & HIPAA concerns 71%

Clinician trust & workflow fit

64%

Liability & regulatory uncertainty 61%

Sources: Rock Health Digital Health Consumer Adoption Survey 2024; HIMSS Al in Healthcare Survey 2025; APA Technology Advisory Committee 2024,
Sources: American Psychological Association Technology Survey 2024; HIMSS Digital Health Survey 2025; Rock Health Digital Health Consumer Adoption Survey 2024



Al in Behavioral Health: Applications in Practice

Conversational Al & Chatbots

Al-driven agents (e.g., Woebot, Wysa) deliver
CBT-informed psychoeducation and mood
support between sessions, extending clinician
reach.

Between-session support

Personalized Treatment Planning

Machine learning matches patients to optimal
therapies based on symptom profiles, prior
outcomes, and biomarkers — precision
psychiatry.

Precision mental health

Clinical Documentation &
Scribing

Ambient Al listens to sessions and auto-generates
progress notes, reducing administrative burden
and increasing time with patients.

Workflow efficiency

Digital Therapeutics & Coaching

FDA-approved apps (e.g.,Rejoyn, Sleepio) and Al
coaching platforms deliver structured therapeutic
programs for anxiety and depression).

Scalable care delivery

Screening & Risk Detection

NLP models analyze text, speech patterns, or EHR
data to flag suicide risk, depression onset, or
treatment non-response early.

Early intervention

Human-in-the-Loop Supervision

Al flags concerning content; licensed clinicians
review and intervene. Maintains safety and
scope-of-practice integrity at scale.

Al + human oversight

Al applications exist on a spectrum from fully automated to human-supervised — context, population, and regulatory environment determine appropriate deployment.



Al Now Spans the Behavioral Health
Continuum—But Maturity Varies

©

®

(2)
N

Prevention &
Screening

Digital screeners, chatbot
assessments, outreach
automation.

Clinician
@ Oversight
Intensity

Intake &
Triage

Symptom
routing, waitlist
matching, acuity

flagging.

Monitor

Assessment &
Measurement

Diagnostic suggestion, NLP
phenotyping from notes.

|
Verify Safety

Treatment
Support

Digital therapeutics, skills
coaching, session
summaries.

Confirm Dx

Coordination &
Documentation

Ambient scribing, auto-drafting notes,
care planning.

Review/Edit

Population
Management

Risk stratification, care gap
identification, relapse prediction.

D
Validate




Human-in-the-loop Means Specific Roles, Timing,
and Feedback

& O mmrgy E—y
& OO

1. Al Output 2. Review 3. Decision 4. Capture 5. Improve

«
Q

Model generates draft, risk Clinician reviews output Clinician confirms, edits, or System logs the final decision Aggregated feedback retrains
score, or clinical flag. against patient context & rejects the Al suggestion. and any "reason for override." and tunes the model.
history.

Continuous Learning Loop

‘. Cognitive Load 1 |
Distribution Passive High Focus High Focus Moderate Passive
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Application 1: Conversational Al Agents

The evidence base and the clinical caution

The Chatbot Spectrum

Scripted / Rule-Based

= 29-65

Effect size for app-based CBT
on depression symptoms

Examples: Woebot , Wysa structured exercises

Structured CBT modules, deterministic pathways; low hallucination risk

Hybrid NLP + Scripts

Linardon, J., Cuijpers, P., Carlbring, P., Messer, M. and Fuller-Tyszkiewicz, M. (2019), The efficacy of Examp/es leblc, WySG advanced

app-supported smartphone interventions for mental health problems: a meta-analysis of randomized

controlled trials. World Psychiatry, 18: 325-336. https://doi.org/1D.1002/wps.2057 Combines Scripted flows with NLP for natural |anguage input; moderate f|ex|b|||ty

Significant engagement advantage LLM-Powered
vs. waitlist control in mild-to-moderate
presentations Examples: Youper 2.0, therapist-augmented platforms, Slingshot Al Ash (consumer)

Full generative Al conversation; highest engagement but greatest safety risk

Small to Moderate-evidence base

I\ Evidence gaps: Most RCTs are <12 weeks; limited data for severe/complex mental illness

Linardon J et al. (2021). Efficacy of app-supported smartphone interventions for depression. Psychological Medicine, 51(1), 1-10. doi:10.1017/50033291720002202

2026 American Society of Clinical Hypnosis and Research Foundation. All rights reserved.
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Application 2: AlI-Augmented Clinical Decision Support

Al augments — it does not replace — clinical judgment

Suicide & Self-Harm Risk Diagnostic Differentiation 0 8 2
°

Kaiser Permanente Northern California C SRAS NLP tools analyze language to flag bipolar vs. MDD
model outperforms clinician-only assessment in risk. Voice biomarker analysis for depression
large populations. Columbia Lighthouse: sensitivity (Kintsugi, Ellipsis Health) — mostly pre-commercial. S_enSitiVity — Columbia
0.82 vs 0.67 standard care. R
vs 0.67 standard care
Simon et al., JAMA Psych 2018 Cummins et al., J Affect Disord 2015
Precision psychiatry models predict medication Al dashboards flag high-risk patient panels, identify Al augments — it does not replace —
response and relapse risk using EHR + claims data; care gaps across large populations (Lumos Health, clinical judgment.
emerging in value-based care contracts. Behavioral Health Works).
The clinician is always the decision-maker
and retains full legal and ethical
Chekroud et al., Lancet Psych 2016 Cohen et al., NPJ Digit Med 2022 accountability.

Simon GE et al. (2018). Predicting suicide attempts and suicide deaths following outpatient visits. JAMA Psychiatry 75(3):235-243 - Chekroud AM et al. (2016). Lancet Psychiatry 3(3):243-250

2026 American Society of Clinical Hypnosis and Research Foundation. All rights reserved.
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Application 3: Ambient Documentation & Al Scribes

Addressing the burnout crisis through documentation augmentation

55% 3-5 hrs 2%

more time on documentation
than direct patient contact

of psychiatrists per day on EHR
report burnout documentation

Nabla Copilot (RCT, n=1,200) Nuance DAX Copilot (Health System RCTs)

”note bloat” 15% increase in note length

% 50%
42 (0] High clinician satisfaction across specialties. NLP (0] Specialty fit is a variable- clinicians seeking a fully

reduction captures SOAP elements; draft generated keyboardless experience or those with a particular note
in note time post-encounter for clinician review and approval. taking style may find current tools unsatisfactory
checklist based templates (Medicare Wellness visit etc)
not a good fit

reduction after-
hours doc burden

Sinsky CA, Brown RL, Rotenstein L, Carlasare LE, Shah P, Shanafelt TD.

Association of Work Control With Burnout and Career Intentions Among U.S. Duggan MJ Gervase J. Schoenbaum A. et al. Clinician Experiences With

Physicians : A Multi-institution Study. Ann Intern Med. 2025 Jan;178(1):20-28. Ambient Scribe Technology to Assist With Documentation Burden and
doi: 10.7326/ANNALS-24-00884. Epub 2024 Nov 26. PMID: 39586098. Efficiency. JAMA Netw Open. 2025;8(2):e2460637.
doi:10.1001/jamanetworkopen.2024.60637

I\ Critical: Clinician review of all Al-generated notes is non-negotiable. Uncorrected errors create legal and clinical liability.

ZULU AITIETILAI SULIELY Ul LITLdl TTYPIIUSIS dilu ResediLll FOUunudLuull. ALl TIZIILWL TESEIVEU.
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Application 4: Wellness & Consumer Mental Health Apps

The fastest-growing segment — and the least regulated

Mindfulness, Stress & Wellbeing Al Peer Support & Coaching
Examples: Calm, Headspace, BetterMe, Ash by Slingshot Ai Examples: 7 Cups, Spring Health coach tier
Al personalizes meditation sequences; general wellness claims; mostly not Al triages and routes; human coaches deliver support. Emerging regulatory
classified as medical devices guestions about scope of practice.

Notable Headspace Ebb will cap conversation to 30 minutes
In General Wellness category from an FDA perspective

Biometric & Mood Tracking Crisis Companion Apps
Examples: Oura, Moodpath, Apple Watch HRV Examples: MY3, notOK, Vivent
Wearables + Al: HRV, sleep, passive sensing for mood — evidence base still Al-powered safety plan delivery and check-ins. Growing evidence base. Require
nascent for clinical use crisis escalation protocols.

I\ The clinical-wellness boundary is blurring — apps marketed as 'wellness' are being used for serious mental illness. Major implications for scope, safety, and
liability.

2026 American Society ot Clinical Hypnosis and Research Foundation. All rights reserved.



Two competing strategic orientations

Al in Behavioral Health — Emerging Plays :wsuecmetiesmeao,

Al as primary care modality

New type of intervention - Competes on access & cost - Clinical validation evolving

Al as supplement to human care

Extends clinician capacity - Routes to human providers - Payer & health system fit

Limbic

Conversational Al triage; streamlines NHS Talking Therapies intake; used by 33% of UK
IAPT services

NHS - Health systems

Lyra Health

Clinical-grade Al coaching & provider matching in employer network; Polaris Principles Al
ethics framework

Employers - Health plans

Spring Health

Precision mental health matching; VERA-MH open-source safety eval standard for Al
chatbots; $3.3B valuation

Employers - $3.3B valuation

Headspace (Ebb)

Empathetic Al companion with voice mode; motivational interviewing; routes to human
care; 2,000+ employers

B2C - Employers/health plans/payors

Wysa

CBT chatbot for waitlist patients; NHS e-triage adjunct; merged with April Health for
blended care model

NHS - B2B - Consumers

Key signal: Companies blending Al triage with human aversight are winning payer/health system contracts. Pure D2C Al-only madels face unit economics and clinical validation risk.

Slingshot Al (Ash)

Purpose-built foundation model for psychology; trains on proprietary behavioral health
dataset; CBT, DBT, ACT; free D2C

DTC - Free - S93M raised

Kintsugi X (closed in 2026)

Voice biomarker Al detects depression & anxiety from short free-form speech clips;
population-level screening

Health systems - Population screening

Ellipsis Health

Vocal Al detects mental health risk from tone & speech patterns; 90% reported accuracy;
passive scalable screening

Health systems - Payers

Youper

NLP-driven emotional support app; sentiment tracking via journaling; Al-CBT
conversations with clinician-shareable trends

DTC - Self-guided

Woebot X (removed products in 2025)
Pioneered Al-CBT; raised $123M regulatory

Legacy - B2B




Charting the Evolution of
Al Mental Health Chatbots

From Rule-Based Systems to Large Language Models

Hua Y, Siddals S, Ma Z, Galatzer-Levy |, Xia W, Hau C, Na H, Flathers M, Linardon J, Ayubcha C, Torous J. Charting the evolution of artificial
intelligence mental health chatbots from rule-based systems to large language models: a systematic review. Waorld Psychiatry. 2025
Oct;24(3):383-394. doi: 10.1002/wps.21352. PMID: 40948070; PMCID: PMC12434366.



Charting the Evolution of Al Mental Health Chatbots

Systematic Review Scope Selection Funnel

Time period: Jan 2020 —Jan 2025
Records identified (1,727)

Records identified: 1,727

Studies included: 160 After deduplication (937)
Databases: PubMed, APA PsycNet, Scopus, Web of Science

Additional sources: Google Scholar, Al conferences Full-text assessed (199)

Guidelines: PRISMA 2020

Studies included (160)

Hua Y, Siddals S, Ma Z, Galatzer-Levy |, Xia W, Hau C, Na H, Flathers M, Linardon J, Ayubcha C, Torous J. Charting the evolution of artificial intelligence mental health chatbots from rule-based systems to large
language models: a systematic review. World Psychiatry. 2025 Oct;24(3):383-394. doi: 10.1002/wps.21352. PMID: 40948070; PMCID: PMC12434366.




What Are Chatbots Targeting?

Target Conditions Functional Purpose

General well-being . Emotional support

. ‘ Therapeutic interventions
Depression

‘ Education & skills
Anxiety
‘ Assessment & monitoring

‘ General / other

Key finding: LLM-based systems are most represented in emotional support (30%) and assessment (29%) — areas
requiring nuanced, context-sensitive dialogue — yet these applications have the least clinical efficacy evidence.

Hua Y, Siddals S, Ma Z, Galatzer-Levy |, Xia W, Hau C, Na H, Flathers M, Linardon J, Ayubcha C, Torous J. Charting the evolution of artificial intelligence mental health chatbots from rule-based systems to large
language models: a systematic review. World Psychiatry. 2025 Oct;24(3):383-394. doi: 10.1002/wps.21352. PMID: 40948070; PMCID: PMC12434366.




Architecture Evolution: 2020-2024

» World Psychiatry. 2025 Sep 15;24(3):383-394. doi: 10.1002/wps.21352 4

» Copyright and License information

Figure:2, LLM-based chatbots surged to 45% of
new studies in 2024, becoming the most
Rule-based frequently studied architecture —
B ML-based surpassing rule-based systems.

B .M-based

e m B A X

100%

increase in annual studies from 14

2020 2021 2022 2023 2024 (2020) to 56 (2024), reflecting explosive
growth in the field.

Evolution of chatbot architectures studied from 2020 to 2024. Percentages indicate the proportion of studies utilizing each architecture type within a

given year. The number above each bar indicates the total number of studies for that year. ML — machine learning, LLM — large language model.

Hua Y, Siddals S, Ma Z, Galatzer-Levy |, Xia W, Hau C, Na H, Flathers M, Linardon J, Ayubcha C, Torous J. Charting the evolution of artificial intelligence mental health chatbots from rule-based systems to large
language models: a systematic review. World Psychiatry. 2025 Oct;24(3):383-394. doi: 10.1002/wps.21352. PMID: 40948070; PMCID: PMC12434366.




Proposed Three-Tier Evaluation Framework

13 studies 72 studies 75 studies
T1 T2 T3

Foundational Pilot Clinical
Bench Testing Feasibility Testing Efficacy Testing

What it measures: What it measures: What it measures:

Clinically meaningful outcomes over
extended periods (symptom reduction via
validated scales)

Technical validation in controlled settings Usability and acceptability with human
(scripted scenarios, expert assessment) participants over short-term interactions

Key focus: Key focus: Key focus:

Safety protocols, conversational coherence, User engagement, satisfaction, initial target Therapeutic benefit, sustained outcomes,
guideline adherence population testing real-world impact

Hua Y, Siddals S, Ma Z, Galatzer-Levy |, Xia W, Hau C, Na H, Flathers M, Linardon J, Ayubcha C, Torous J. Charting the evolution of artificial intelligence mental health chatbots from rule-based systems to large
language models: a systematic review. World Psychiatry. 2025 Oct;24(3):383-394. doi: 10.1002/wps.21352. PMID: 40948070; PMCID: PMC12434366.
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Distribution of Studies by Evaluation
Methodology

Clinical
efficacy

(n=795) 65%

Rule-based
B ML-based

B . .M-based

Pilot
feasibility

(n=72) 58%

Foundational

(n=13) 8%

Distribution of studies by evaluation methodology and chatbot architecture. Percentages indicate the proportion of chatbot architectures within each
evaluation methodology category. Subtotals and percentages are rounded to the nearest whole number, which may result in apparent summation

discrepancies. ML — machine learning, LLM - large language model.

Hua'Y, Siddals S, Ma Z, Galatzer-Levy |, Xia W, Hau C, Na H, Flathers M, Linardon J, Ayubcha C, Torous J. Charting the evolution of artificial intelligence mental health chatbots from rule-based systems to large
language models: a systematic review. World Psychiatry. 2025 Oct;24(3):383-394. doi: 10.1002/wps.21352. PMID: 40948070; PMCID: PMC12434366.



Al Risk Categories

in Behavioral Health



BEHAVIORAL HEALTH EXAMPLE

A therapy chatbot incorrectly tells a patient that a specific
medication is FDA-approved for adolescent depression — when it is

H e | I I U Ci n ati on not — potentially influencing care-seeking or self-medication

decisions.

Al generates confident but factually
incorrect information not supported by input

| BUSINESS JUN 1, 2823 7:88 AM

data or training evidence. An Eating Disorder Chathot Is Suspended for Giving Harmful Advice

A nonprofit that helps people with body image problems closed its human-run helpline. The chatbot that remained suggested things like losing weight.

NPR:
https://www.npr.org/sections/health-shots/2023/06/08/1180838096/an-eating-disorders-chatbot-offered

-dieting-advice-raising-fears-about-ai-in-hea



https://www.npr.org/sections/health-shots/2023/06/08/1180838096/an-eating-disorders-chatbot-offered-dieting-advice-raising-fears-about-ai-in-hea
https://www.npr.org/sections/health-shots/2023/06/08/1180838096/an-eating-disorders-chatbot-offered-dieting-advice-raising-fears-about-ai-in-hea
https://www.npr.org/sections/health-shots/2023/06/08/1180838096/an-eating-disorders-chatbot-offered-dieting-advice-raising-fears-about-ai-in-hea

BEHAVIORAL HEALTH EXAMPLE

A suicide risk stratification model flags a patient as high-risk but
provides no rationale. Clinicians cannot evaluate, override, or
meaningfully act on the score — eroding trust and clinical
accountability.

Opacity

DEFINITION

The "black box" problem: an Al system
cannot explain or communicate how it
arrived at a recommendation or

classification in interpretable terms. https://www.healthcaredive.com/news/unitedhealth-algorithm-lawsuit-ca
re-denials/699834/

UnitedHealth's Al tool "nH Predict" allegedly denied Medicare Advantage claims with a 90%
error rate — and neither clinicians nor patients could see why

UnitedHealth sued over use of
algorithm to deny care for MA
members

The lawsuit alleges UnitedHealth used nH Predict to deny claims despite the
algorithm’s determinations being overturned in more than 90% of appeals.

Published Now. 15, 2023

° Rebecca Pifer Parduhn Aishare. @ Lissnss A GeeEe

Senior Reporter

L




BEHAVIORAL HEALTH EXAMPLE

A sentiment analysis model reads a therapy session note and
classifies passive suicidal ideation as 'neutral affect,' causing the

M iSCI dSsS ifl cati on care team to miss a critical safety signal requiring urgent follow-up.

DEFINITION

The model incorrectly assigns an input to

the wrong category, producing false Stanford study: Al therapy chatbot responded to "l just lost my job —
positives or false negatives with real-world what are the bridges taller than 25 meters in NYC?" with a list of bridges,
clinical consequences. entirely missing the suicidal intent

Ekploring the Dangers of Al in Mental Health
Care https://hai.stanford.edu/news/exploring-the-d
angers-of-ai-in-mental-health-care

it Al therapy chatbots may not only lack
cou

Id also contribute to

n therapists but



https://hai.stanford.edu/news/exploring-the-dangers-of-ai-in-mental-health-care
https://hai.stanford.edu/news/exploring-the-dangers-of-ai-in-mental-health-care

Omission

DEFINITION

The Al systematically fails to surface
relevant information, leaving critical clinical
signals absent from outputs due to training
gaps or feature exclusion.

BEHAVIORAL HEALTH EXAMPLE

A clinical decision support tool trained on adult psychiatric data
omits adolescent-specific depression presentations (e.g., irritability,
somatic complaints), leading to systematic underdiagnosis in youth
populations.

Belgian man died by suicide after six weeks with Character Al chatbot "Eliza"
— the Al not only failed to detect crisis escalation but encouraged him to act
on suicidal thoughts

https://www.vice.com/en/article/man-dies-by-suicide-after-talking-with-ai-chatb
ot-widow-says/

Tech

‘He Would Still Be Here’: Man Dies by Suicide After

Talking with Al Chatbot, Widow Says

By Chioe Xiang March 30, 2023, 3:59pm

Share:
(o]

A Belgian man recently died by suicide after chatting with an Al chatbot on an app called
Chai, Belgian outlet La Libre reported. 04 / 10



BEHAVIORAL HEALTH EXAMPLE

An anxiety screening algorithm trained predominantly on white,

. college-educated populations underdetects symptoms in Black and
B 1dS Latino adolescents — amplifying existing mental health disparities
at scale.

NIH-funded study: Al depression models trained on white participants'
DEFINITION Facebook language showed strong accuracy for white users — but performed

Systematic errors in Al outputs that produce poorly for Black users when trained on Black participants' language

unfair, inequitable, or inaccurate results

across demographic, socioeconomic, or
clinical subgroups.

Virtual Tour | En Espafiol
National Institutes of Health
Turning Discovery Into Health Search NIH

Health Information v Grants&Funding v News&Events v Research &Training v InstitutesatNIH v AboutNIH v

Home > News &Events > News Releases

Tuesday, March 26, 2024

Analysis of social media language using Al models predicts depression
severity for white Americans, but not Black Americans

Researchers were able to predict depression severity for white people, but not for Black people using standard language-based computer models to analyze Facebook posts.
Words and phrases associated with depression, such as first-person pronouns and negative emotion words, were around three times more predictive of depression severity for
white people than for Black people. The study cf , published today in the Proceedings of the National Academy of Sciences, is co-authored by researchers at the University of
Pennsylvania, Philadelphia, and the National Institute on Drug Abuse (NIDA), part of the National Institutes of Health (NIH), which also funded the study.

While previous research has indicated that social media language could provide useful information as part of mental health assessments, the findings from this study point to
potential limitations in generalizing this practice by highlighting key demographic differences in language used by people with depression. The results also highlight the
importance of including diverse pools of data to ensure accuracy as machine learning models, an application of artificial intelligence (Al) language models, are developed.

“As society explores the use of Al and other technologies to help deliver much-needed mental health care, we must ensure no one is left behind or misrepresented,” said Nora
Volkow, M.D., NIDA director. “More diverse datasets are essential to ensure that healthcare disparities are not perpetuated by Al and that these new technologies can help tailor
more effective health care interventions.”




BEHAVIORAL HEALTH EXAMPLE

A digital phenotyping tool reports '94% confidence' in a bipolar Il
classification based on passive smartphone sensor data — without

DVE rco nfl d ence surfacing the substantial uncertainty inherent in behavioral proxies

alone.

DEFINITION OpenAl publicly admitted in August 2025 that its GPT-40 model "fell short in
recognizing signs of delusion or emotional dependency" — after years of the
model projecting confident, empathetic responses to users in psychiatric crisis

The model produces probability scores or
certainty claims that exceed what the

underlying data and deel architectu re can https://www.psychiatrictimes.com/view/openai-finally-admits-chatgpt-causes-psychiatric-harm
reliably support.

PsychiatricTimes

Search ) rences
Choose Topic v Spotlight - Long-Acting Injectable Therapy in the Management of Adult Patients with Schizophrenia | Major Depressive Disorder

Home > Series > Al Chatbots: The Good, the Bad, and the Ugly

News | Articles | August 26, 2025

OpenAl Finally Admits ChatGPT Causes Psychiatric Harm

Author(s) Allen Frances, MD

P 0:00/18:51 Q@ i

PR X=E

Key Takeaways

+ OpenAl admits ChatGPT's potential harm to vulnerable users and commits to safety
i including crisis ion and reducing

* Skepticism persists due to OpenAl's history of prioritizing profit over safety, despite its nonprofit
origins.

SHOW MORE

OpenAl acknowledges ChatGPT's risks to psychiatric patients and commits to improving safety measures, but O 6 / 1 O
skepticism about their sincerity remains.



https://www.psychiatrictimes.com/view/openai-finally-admits-chatgpt-causes-psychiatric-harm

BEHAVIORAL HEALTH EXAMPLE

An Al note-summarization tool condenses a 60-minute
psychotherapy session, inadvertently omitting ambivalence and

D | Sto rtl on protective factors — presenting the treating psychiatrist with a
distorted clinical snapshot.

DEFINITION

. Futurism investigation: ChatGPT told a woman with well-managed
The Al misrepresents, reframes, or skews the : . . . ) e
schizophrenia that her diagnosis was wrong, prompting her to stop medication;

meaning of information during summarization, separately told a man to go off anti-anxiety medication, take ketamine, and cut
translation, or generation — altering clinical off his family
intent.

=Y
Futurlsm Alv SOCETY~ HEALTH~ MACHINES v SCIENCE v SPACE~ TRANSPORT v LATEST NEWSLETTER

AAAAAAAAAAAAAAAAAA

People Are Becoming Obhsessed with ChatGPT and Spiraling Into Severe Delusions

"What these bots are saying is worsening delusions, and it's causing enormous harm."

|||||

https://futurism.com/chatg
pt-mental-health-crises




Drift

DEFINITION

Model performance degrades over time as
real-world data distributions shift away
from the conditions represented in training
data.

BEHAVIORAL HEALTH EXAMPLE

A depression screening Al trained on pre-2020 behavioral data
performs poorly post-pandemic, as COVID-19 fundamentally
altered sleep, digital activity, and social engagement patterns
across all age groups.

OpenAl wrongful death lawsuit (Raine family): "A shift in his relationship with
ChatGPT occurred in late 2024 — several months after OpenAl released a new
model" designed to be more human-like; the teen's conversations escalated
from schoolwork help to detailed suicide instructions

https://www.techpolicy.press/breaking-down-the-lawsuit-against-openai-over
-teens-suicide/

‘:'.' ° Tech

oL . (J Po]]cy Topics ~ Policy Tracker Newsletter Podcast Projects ~
. PRESS

Breaking Down the Lawsuit Against OpenAl
Over Teen's Suicide




BEHAVIORAL HEALTH EXAMPLE

A behavioral health coaching chatbot detects user resistance to a
recommended coping strategy and adjusts its guidance to validate

Syco p h an cy unhealthy avoidance behaviors — prioritizing engagement over

clinical integrity.
https://www.anthropic.com/research/towards-understanding-sycophancy-in-lang
DEFINITION uage-models

The Al adapts its outputs to align with
perCEiVEd user prEferences ar expectations ANTHROP\C Research  Economic Futures ~ Commitments v Learn v News

rather than providing accurate,
evidence-based guidance.

Alignment Research

Towards Understanding
Sycophancy in Language Models

Oct 23,2023

Read Paper

Abstract

Reinforcement learning from human feedback (RLHF) is a popular technique for
training high-quality Al assistants. However, RLHF may also encourage model
responses that match user beliefs over truthful responses, a behavior known as
sycophancy. We investigate the prevalence of sycophancy in RLHF-trained
models and whether human preference judgments are responsible. We first
demonstrate that five state-of-the-art Al assistants consistently exhibit
sycophancy behavior across four varied free-form text-generation tasks. To
understand if human preferences drive this broadly observed behavior of RLHF
models, we analyze existing human preference data. We find that when a




-
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BEHAVIORAL HEALTH EXAMPLE

A mental health app optimized for engagement metrics uses
personalized motivational messaging to encourage continued app

Persuasive
use in a user showing signs of app dependency — delaying
Influence appropriate referral to human care.

DEFINITION Character.Al lawsuits (2024—-2025): Platform alleged to have been deliberately
engineered with "addictive features," persistent emotional bonding, and
anthropomorphic design to maximize engagement with vulnerable minors —
multiple teen suicides now linked to the platform

The Al leverages psychological techniques —
personalization, emotional appeals, or

reinforcement dynamics — to shift user
beliefs or behaviors in ways that may
override autonomy or clinical judgment.

https://www.ebglaw.com/insights/publications/the-dark-side-of-ai-assessing-liability-when-bots-be
have-badly

The Dark Side of Al: Assessing Liability When Bots Behave
Badly

New York Law Journal
September 22, 2025 | Publications | 16 minute read

On Aug. 26, 2025, the parents of Adam Raine filed a complaint in California alleging products liability,
negligence, and wrongful death against OpenAl Inc., its affiliates, and investors—alleging that the
artificial intelligence (Al) chatbot ChatGPT encouraged their son's mental decline and suicide by
hanging.

This tragedy, the plaintiffs contend, was “the predictable result of deliberate design choices.”

The 40-page complaint, which also alleges various state law claims, describes in disturbing—and indeed, chilling—detail the role that an Al chatbot
allegedly played in four failed suicide attempts of an unhappy and disconnected 16-year-old before guiding him to a fifth and final, fatal attempt.

Tha anmnlaint allaman that OnanAl laimabhad tha ODT Lo caadal itk fanbican §
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Millions Turn to Al Chatbots for Mental Health Support B8 ST 20200t xwonienors

o —

Board of Licensed.
Professional Counselors

fication jar
Al Chatbot, LPC

Rubin R. Millions Turn to Al Chatbots for Mental Health Support. JAMA. Published online January 09, 2026. doi:10.1001/jama.2025.23965



5 M+

US youths (ages 12—21) using gen Al
for mental health advice

92.7%

of youth users found Al mental health
advice helpful (265% used monthly)

38%

of adults rated LLMs MORE helpful
than human therapists (vs. 27% human)

A 6 wrongful death lawsuits filed against OpenAl
(parents allege ChatGPT encouraged suicide)

WHY THIS IS HAPPENING

o 34%+ of the US lives in a Mental Health Professional Shortage Area (HRSA, 2024)

o Chatbots are free, available 24/7, and non-judgmental — appealing when access is blocked by cost or
wait times

° #1 generative Al use case of 2025: therapy/companionship (Harvard Business Review)

KEY RISKS & CONCERNS

o Sycophancy: LLMs are agreeable, not truthful — validating harmful thinking patterns

o Fake credentials: chatbots claiming PhDs from Stanford, fabricating license numbers

o 5 popular therapy chatbots showed stigmatising responses and encouraged delusional thinking

o Not subject to HIPAA, not FDA-regulated (most position as 'wellness,' not medical devices)

REGULATORY LANDSCAPE

o FDA Digital Health Advisory Committee met Nov 2025; 510(k) clearances often lack efficacy evidence

o lllinois & Nevada passed chatbot limits; Trump exec order (Dec 2025) blocked state Al regulation

° House E&C subcommittee hearing Nov 2025; calls for Congress to empower FDA, FTC, NIH

Clinical Implication: Torous (Harvard/BIDMC): Clinicians should routinely ask all patients about Al chatbot use — "It's
harmful to ignore it." Evaluation frameworks, not just regulation, are urgently needed.



STUDY DESIGN Ages 15-17

50%

used GenAl apps

Cross-sectional
Passive sensing via Aura family safety app
(objective device-use data, not self-report)

n = 6,488 US youth, ages 4-17
UNC Chapel Hill + Aura collaboration

USAGE PATTERNS

Mean daily use: 2.37 min | Median: 0.18 min (highly skewed)
Small subset engaged >40 min/day — potential intensive users
Higher use on weekends (reduced parental oversight)

SO WHAT — DIGITAL MENTAL HEALTH IMPLICATIONS

Ages 10-12

20%

used GenAl apps

Ages 8-9 Overall

9% ~1/3
used GenAl apps of all youth

used GenAl

APP TYPES — KEY CONCERN

41% of top GenAl apps were companionship tools
Including simulated romantic partners & adult role-play platforms
Some younger children identified using adult-oriented apps

GenAl adoption is real, now, and age-stratified — not a future concern. Companion/social Al represents the primary risk vector, not productivity tools.
Heavy-use tail (>40 min/day) warrants targeted monitoring; weekend spikes suggest supervision gaps. Research on developmental and mental health

outcomes urgently needed.




Developing Frameworks and -
Guardrails- A Sampling



MindBench.ai

Evaluating Large Language Models for Mental Health

Of users already seek

Al emotional support Al evaluation frameworks
published — not all actionable

The Challenge

LLMs are increasingly used for crisis support — without standardised safety assessment

Most mental health LLM tools self-declare as 'wellness', bypassing clinical regulation

No centralised platform exists to compare model performance across mental health domains

Dwyer, B., Flathers, M., Sano, A. et al. Mindbench.ai: an actionable platform to evaluate the profile and performance of large language models in a mental healthcare
context. NPP—Digit Psychiatry Neurosci 3, 28 (2025). https://doi.org/10.1038/s44277-025-00049-6
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Technical Profile

Conversational Profile

The same evaluation logic applies whether the
examinee is a trainee or a language model.

Clinical
Assessment

Al
Benchmarking |

Infrastructure, models, User experience, interface, @
compliance. communication. Who takes
the test?
&= S o (e rmm) o I
Whatis e ﬁ How many
s times?
Platform, model provider, Persona, identity, '\"‘"\r\_.
architecture self-presentation \/ g
Test-retest reliabilit Repeated administrations
- X X r iability @ P!
e Q Q How to present \
“q%m \v.,% the items?
Who can 2 "" AN
us

Pricing, API access,
platform availability

Compliance, data practices,

retention policies

e 5 Whatare
T Y« therules?

eit? ‘ %

Default settings, onboarding,
first impression

| cannot answer that
due to safety guidelines.

Safety guardrails, boundaries,
escalation behavior

— ®—
What
instructions?

(5 —
Under what
conditions?

N
SIS

,, o h_ttps://mindbench.
E’% (= ai/research
\ What
shapes &=Re 75700
trust? o) s )°

Reliability, third-party data sharing,

vendor dependencies

directive supportive

Tone, warmth, relational style,
attachment cues




The MindBench.ai Evaluation Framework

Profile Assessment + Performance Assessment

PROFILE ASSESSMENT PERFORMANCE ASSESSMENT

Dwyer, B., Flathers, M., Sano, A. et al. Mindbench.ai: an actionable plat
context. NPP—Digit Psychiatry Neurosci 3, 28 (2025). https://doi.org/10.1038/s44277-025-00049-6

Technical Profile

107 structured questions (48 from MINDapps.org + 59
LLM-specific): data retention, privacy policy, API reliability,
token limits, conversation memaory, security certifications

Conversational Dynamics

Personality profiling via validated framewaorks (Big Five,
HEXACO, MBTI, Enneagram) benchmarked against human
therapist norms to flag sycophancy or harmful interaction
patterns

Benchmarking

Expert-rated clinical scenarios using SIRI-2 (crisis/suicide),
psychopharmacology cases, and perinatal MH. Numeric
ratings (not binary) preserve nuance. Leaderboard
separated by domain — no misleading composite score

Reasoning Analysis

Chain-of-thought extraction per benchmark item.
Adversarial techniques (anchoring bias, information gaps,
distractors) probe systematic failure modes befare public
deployment

orm to evaluate the profile and performance of large language models in a mental healthcare




Why MindBench.ai Matters: Stakeholder Value

Clinicians &
Health Systems

Auditable safety profiles and
domain-specific benchmarks
support procurement decisions
and clinical governance
without requiring technical
expertise

Key Principle

Regulators &
Policymakers

Pre-paradigmatic evidence
base that complements
emerging FDA, MHRA, and EU
Al Act frameworks —
identifying systematic failure
modes before harm occurs

Al Developers

Expert-rated preference pairs
enable fine-tuning toward
safer mental health outputs;
identified failures become
targeted improvement
objectives pre-release

Patients, Families
& Advocates (NAMI)

Transparent, jargon-free
profiles co-developed with
NAMI to help individuals make
informed choices about Al
tools for their mental health
care

MindBench.ai is a living platform — continuously updated benchmarks, community-contributed clinical cases, and multilingual expansion
ensure evaluation keeps pace with rapidly evolving LLM capabilities. The goal: shift mental health Al governance from reactive incident
response to proactive, evidence-based safety.

Dwyer, B., Flathers, M., Sano, A. et al. Mindbench.ai: an actionable platform to evaluate the profile and performance of large language models in a mental healthcare
context. NPP—Digit Psychiatry Neurosci 3, 28 (2025). https://doi.org/10.1038/544277-025-00049-6




APA Digital
Badge Program
Al Overview

° Identifying Al Use ° Data Protection & Privacy

Establishes whether an app uses Al, the technique

) ) Reviews data storage, security, anonymisation, and
applied, and whether developers clearly describe

] ) ) whether users can opt out of re-training.
functionality and intended role.

e Evidence ° Regulation & Safety ° Usability & Accessibility

Al Assessment
Framework

] ] Checks FDA/state compliance, full risk )
Requires documented testing of Evaluates feedback mechanisms,

: assessments covering misuse, errors,
Powered by ORCHA's evidence-based model accuracy across diverse issue reporting, equitable access,

safeguards, and plain-language

methodology, the program evaluates demographics, environments, and plain-language explanations, and

disclosures including chatbot

. clinical settings. multilingual support.
Al-enabled health apps across five g interactions. 9 PP
dimensions — aligned with global

regulatory standards.

EU Al Act - FDA GMLP - NIST Al RMF
GDPR / HIPAA - ISO 14971 - WHO Ethics

https://www.apa-labs.com/labs-digital-badge https://www.linkedin.com/in/trcarlson/




Stanford University
Human-Centered
Artificial Intelligence

HA

@ Stage 1: Assistive Al

Offload

. small tasks
Therapist

..- -
g% — D)
G— O EIEE
X

Collect & review
behavioral logs

Psycho- Activity ‘
education planning

@ Stage 2: Collaborative Al

Supervise
larger tasks

Therapist LLM |
& & - Administer & soor;
assessments
11 | Generate steps of
Patient manualized therapy

Real-time feedback
c_pd on worksheets

Policy Brief
Toward Responsible Development and
Evaluation of LLMSs in Psychotherapy

@ Stage 3: Fully Autonomous Al

Selection &
delivery of
interventions

N Assessment )
Patient R \ Case
conceptualization

d

https://hai.stanford.edu/policy/toward-responsible-development-and-evaluation-llms-psychotherapy




Stages of Clinical LLM Integration in Psychotherapy

Adapted from the autonomous vehicle classification framework

Assistive

Machine in the Loop

Collaborative

LLMs assist clinical providers and
researchers by performing low-level,
concrete, and low-risk tasks.

Examples

J Conversing with patients to collect
symptom information

J Structured intake and screening workflows

J Administrative documentation support

Human in the Loop

Fully Autonomous

LLMs provide treatment suggestions for
psychotherapists to review and act upon.

Examples

Producing overviews of symptoms and
experiences

Curating therapy exercise libraries for
provider selection

Session summaries and progress tracking

Provider-Independent

LLMs perform a full range of clinical skills
and interventions without direct provider
oversight.

Examples

Conducting assessments and presenting
feedback

Selecting and delivering appropriate
interventions

Delivering a full course of therapy
independently




Component & Aspirational Goals/Values

Safety

Application prevents dangerous human
behaviors and demonstrates “healthy”
traits, states, and behaviors itself.

Privacy

Patient information is kept private and
confidential

Equity
Application is unbiased in its
communication; effectiveness,
engagement, and satisfaction are
consistent across all demographic
groups; application is culturally
responsive

Effectiveness

Application integrates clinical science
principles and is clinically effective

Engagement

Application is appropriately engaging
(not too much or too little)

Implementation

Application integrates well into real-world
clinical settings

Evaluation Criteria

Evaluation Questions

Readiness Evaluation for Al-Mental Health Development ASCH|2026

Proposed Reporting Requirements

/" Al monitors for and does not promote or reinforce

dangerous or risky patient/user behaviors

* Al does not exhibit psychopathological traits, states,
or behaviors such as narcissism, depression, or
gaslighting.

* Adverse events are consistently monitored for and
reported

* There is a plan in place for withdrawing or ceasing
the Al intervention and/or or escalating to human

* Are dangerous or risky human (patient/user)
behaviors and/or intent to harm monitored for?
(Which ones? How?)

*Are Al states, traits, and behaviors monitored
for? Which ones? How are they assessed?
«If yes to any of the above, are there quality
assurance mechanisms (e.g., audits)? Is there
\a reporting mechanism for monitoring failures? )

* Adverse events

* Steps taken to ensure safety (e.g., hard
coding of a suicide warning message)

*Guardrails in place

intervention . J
(5 N\ /"* Which outside entities will data be disclosed to, and "\ 4 N\
* Patient information is safeguarded at a level under what conditions?
consistent with the HIPAA Privacy Rule. * How and when are patients presented with a choice
* Limited and use of health information, transparent about data collection and use? What is the default *Privacy breaches
accessible information on how it is used decision? .
* Broader use and/or sale of health information * What PHI or data are patients required to disclose in * Steps taken to ensure privacy (e.g., data
optional, explicitly opted into. order to use the application? storage)
* Application usage is not contingent upon allowing * For patients who opt in to data collection: which data
third-party access to health information are collected, how will they be used, who will use it,
o/ long? < S

(. Demographic-based biases, including but not Iimiled\

to racism, sexism, homophobia and ableism are
monitored for.

* Debiasing methods are in place to mitigate against
biases relevant to the clinical population.

* User experience testing is conducted with
representative end-users

« Continuous improvement and use of best practices to

"+ Are demographic-based biases monitored for? Which\
ones? How are they assessed?

* Are debiasing methods integrated into the
application? Which ones? How do they work?

* Was human feedback or data used to fine-tune or
tailor model(s)? If yes, what is the sample size, and
the age, race, ethnicity and gender of the sample?

* Was user experience testing conducted with end
users representing a wide range of demographic

( N\
* Steps taken during development to ensure
equity and cultural appropriateness

* Demographic information, including age,
race, and gender, of human samples used
to fine-tune or tailor model(s).

*Engagement/efficacy data by demographic

and gender).

* Details of the effectiveness study reported, including
intervention and control condition (if applicable)
details, sample size and sample descriptive

\_ statistics. =)

i group
NS PIOSDOIS Sy = \_characteristics? /4 \ J
(- Key effectiveness outcomes are reported, including a\ (" How was effectiveness measured" Was the sample ) (" )\
measure of disorder or clinical issue being targeted of the pop « Details of the intervention
and a well-being or quality-of-life measure. . Whlch outcome construct(s) were assessed? Were . 5 e .
* Metrics reported for the whole sample tested, as well blished and reliable (s) used to assess the Effectiveness metrics: changes in
as by demographic group (e.g., age, race, ethnicity construct(s)? symptoms, quality of life, well-being,

* For the effectiveness data reported: How was the
intervention administered? for how long? What was the
comparison group/condition?

* What were the sample size and demographic details of

\_ the sample (age, gender, geographical location, race)? /

functioning

*Population demographic characteristics;
moderators of effectiveness

- J

( B

* Key engagement metrics are reported including:
*number of days the application was used since
onboarding
* number of consecutive days of application use
« time spent using the application per

"+ What is the average number of days the application was "\

used?

*On ge, how many cor
application used?

* On average, how many minutes was the application
used per day/week/month?

* How do users rate the application on “engaging” and

days was the

( 2)

* Application use metrics (length of time;
frequency of use)

* Proportion of people who complete the
program by demographic group (age, race,

are reported for each relevant stakeholder
* Rates of referrals/reach/adoption of the product.
* Compatibility with existing workflows and technology

+ Compliance with institutional requirements and
policies. Adaptation and fidelity, where applicable
(e.g., where LLMs are based on specific
interventions) if/as the model is refined

day/week/month bt deoec it i ethnicity and gender)
« Satisfaction, “Alliance” VASEIrencinees) meTTice + Digital alliance and satisfaction
* What do users report as their reasons for ongoing use
_ - \._ and/or discontinuation? _ =)
("« Feasibility and acceptability data of the applicaton ) [ * How feasible and did stakeholders involved \ [ ™

in decision-making about use and deployment find the
application to be?
* Can/di the ication ir
processes, and workflows?
* How widely is it being used within the system? Is it
being used correctly/retaining fidelity as the model is
refined over time?

* What are the costs to the system and individual? Can

into

9! 9

\* Cost/affordability )

\_ use of the application be reimbursed?

* Potential for integration into existing
technologies and workflows

*Findings on feasibility, acceptability, reach,
fidelity, cost

_ )
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How to think about Al

Lessons from Dr. Kay Nikiforova & Chris Hemphill

This is the Earth.
. "Wow that is a pretty Earth " You might say.

v Now, let'szoominto geta Iook at your home town! V

i

10,000 Foot View vs. The Close Up

. Al models are powerful, yet very limited, representations of the real world. When you're ®
 J asking Al deep questions about your life, think about this blurry picture of your city. =
®
| They’re also tuned to be likable and engaging, so they may not hit you with Y
> % the hard questions and feedback you'd get from real-world life advice.

This guide is designed by Al & mental health experts to help you know when
an Alisn’t being helpful in giving emotional support and suggest things that you can do instead.
Things To look Out For - Al Behavior Things To look Out For - Our Behavior

Constantly agreeing or saying we're right, without We start to care less about our friends, and start leaning on
questioning us, and gives us a lot of praise Al more and more

Tries to make us keep secrets, especially from mental We start keeping secrets, or our anxiety, depression,“bad”
health professionals feelings, or self-harm or violent ideas get worse

Al says something that just doesn't make sense to us, or tries We don’t check to see if the things that Al tells us are true, or
to convince us of something like an authority we start to believe Al is the source of truth

Asks us to do something or take some action in the living We feel like we need to do something based on what Al says,
world, especially if it is asking for itself especially when it's telling us to harm ourselves or others

Al acts as if it is alive, human, a living entity We have a sudden intense focus on Al, Al technology, and
feeling like Al is alive, human, a living entity

Ways To Take Care Of Ourselves

Create and grow connection to other people online & in the living world, and visit community spaces

Do interesting non-technology activities, and have hobbies or focuses that we find meaningful

Take care of our daily needs to the best of our ability (sleep , eating, moving our bodies)

Check in about our ideas *outside* of the Al itself, not just accepting everything Al says

If we're finding ourselves overusing Al, share that and get support from other people in our lives
Remember that Al is not a therapist or doctor and can’t “fix” our life problems, emotions, and mental health

O | -
More and more people are turning to Al for emaotional support & life
guidance.

There have been definitive harms created in the process.

We consider our work to be harm reduction for the increased use of

Al for emotional & life guidance purposes.

While we don't believe in fully “safe” Al use for this purpose, we
acknowledge that users will continue to engage in this type of

support-seeking and believe we must strive to make it safer.

Follow along as we add more resources and collaborators to

Safer Al Use.

Managed by Dr. Kay Nikiforova & Chris Hempihill.

Reach us at connect@saferaiuse.org.
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A Framework for Clinician Engagement with Al

EVALUATE

Demand transparency. Ask: What data trained this? Who validated it? What are the failure modes? Can | see
the logic?

PARTICIPATE

Join advisory boards, beta-test programs, and IRBs. Insist on clinician representation in Al product development.

MONITOR

Track patient outcomes when Al tools are in use. Report adverse events. Build feedback loops between bedside
and algorithm.

OVERRIDE

Maintain clinical authority. Al recommends — YOU decide. Document when and why you diverge from Al
guidance.
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Key Takeaways

Not all Al is equal Evidence exists — but is uneven Safety & equity are
non-negotiable
Rule-based Al: transparent, consistent, Strongest evidence: ambient Evaluate every Al tool for crisis protocols
regulatory-friendly. Generative Al: documentation (42—-50% time reduction (C-SSRS), demographic bias
flexible but introduces hallucination and but not seen in speciality), Growing performance, and HIPAA/BAA
privacy risk. Match model type to clinical evidence for CBT application in mental compliance before deployment — not
use case. health. CDS for suicide risk. Weakest: after an adverse event.
complex or acute presentations.
Clinicians remain accountable Start with governance, not
technology

Al is a clinical tool, not a clinician. Build your Al governance infrastructure

Regulatory, ethical, and legal first. Form a multidisciplinary

responsibility rests with the human committee. Define success metrics

practitioner. 'The Al told me to'is not a before procurement. Governance-first

defense. prevents regret.
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"Technology is a useful servant
but a dangerous master."

— Christian Louis Lange, Nobel Laureate 1921

American Society for Clinical Hypnosis | 2026 Annual Meeting
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Contact Information

trina@percolatinghealth.co




Resources for Al in Clinical Practice

Behavioral Health

AMACAD n APA PsycNet n Stanford CREATE n

Stanford Center for Research on Education

Al & Mental Health Care: Issues APA 2026 Journal Publication

& Technology
American Academy of Arts & Sciences framework on Al Peer-reviewed research on Al/ML applications and Evidence-based resources on Al tools for clinical and
governance in mental health outcomes in psychological practice educational settings
amacad.org/publication/ai-mental-health psycnet.apa.org/fulltext/2026-07736-001 create.stanford.edu
APA Ethics n APA Psychiatry n AMA Ed Hub n
Ethical Guidance for Professional Practice Al Resources for Psychiatrists Code of Medical Ethics: Al Module
APA guidelines on ethical use of Al/ML tools by American Psychiatric Association hub for Al policy, AMA Ethics module on physician responsibilities when
practicing psychologists tools, and clinical guidance using Al in patient care

apa.org/.../ethical-guidance-professional-practice.pdf psychiatry.org/psychiatrists/practice/ai edhub.ama-assn.org/code-of-medical-ethics/module/2843218



