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Quick poll

“Social workers do not always bother to ask themselves 

whether the statements they make can be affirmed with 

certainty.”

When was this written?

A. 2024, in guidance on using AI chatbots

B. 1985, in a clinical assessment textbook

C. 1917, in a founding casework textbook

Join the polls

menti.com

1997 3032

Vote at menti.com with code 1997 3032, or by show of hands



Social workers weighed evidence long before AI

1917

Social 
Diagnosis

Mary E. Richmond

Russell Sage Foundation, New 

York

What Mary Richmond asked caseworkers to do

Gather evidence from the client, family, and other sources

Ask whether each claim comes from observation or rumor

Separate facts from inferences, and compare sources

Weighing evidence, including AI output, is a founding social work skill

Richmond, Social Diagnosis, Russell Sage Foundation, 1917



The most surprising claims need the most checking

False news spreads 

farther

False stories on Twitter 

spread farther and faster 

than true ones

Nonreplicable 

studies are cited 

more

Only 12% of later citations 

mention the failure to 

replicate

Checking takes 

seconds

Check claims during this 

talk with an AI search tool, 

then open the source

Make checking a habit, especially for surprising claims

Richmond, Social Diagnosis, 1917; Vosoughi et al., Science 2018; Serra-Garcia and Gneezy, Sci Adv 2021





Outline

1. Surround sound measurement
Measurement-based care, a live demo, ambient sensing, and computer vision

2. Causal inference
Doing more with the same resources, precision treatment rules, and causal diagrams

3. Clinical decision-making
Suicide risk assessment, child welfare, and inpatient nursing

4. What organizations can do
Ground rules, privacy, linked data, AI agents, and evaluation



In 1997, a computer beat the world chess champion

1997 IBM’s Deep Blue defeats Garry Kasparov

1998 Kasparov starts matches where each player 

has a computer

2005 Two amateurs using three computers beat 

grandmasters in an open tournament

What made the difference?

Kasparov, New York Review of Books 2010



Kasparov’s Law

Weak human + machine

+ strong process

beats

Strong human + machine

+ weak process

Marwaha and colleagues, summarizing Garry Kasparov

OU R GOA L,  TH ROU GH  EFFECTIVE TR AINING

Strong human + machine + strong process

A strong process can mean clinicians record their own 

assessment before seeing the model’s estimate, then review 

every case where the two differ

Marwaha et al., Machine Learning for Health (ML4H) 2025; Kasparov, New York Review of Books 2010



AI is one of three tools for better decisions

Prediction
AI and machine learning

Measurement
Psychometrics

Causal

inference

Find off-track 
patients

Match 
treatment

Measure 
mechanisms

Best 

evidence

Decision-making
Values, thresholds, and who acts

AI predicts what is likely to happen

Choosing a treatment requires knowing what 

would happen under each option

Every model depends on valid measures

Decisions add values, thresholds, and who acts

Ask how any AI tool handles all three, and 

who acts on its output



PART 1

Surround sound measurement
Even weekly therapy covers less than 1% of a patient’s month

New evidence from the hours between visits



Our current measurement projects

CO NVER SATIO N

Depression monitoring (AURORA trial)

Severity between visits from conversational check-ins with 

an AI agent

IMAGES

Self-injury severity

Computer vision rates self-injury scars in photos

CLINICA L N OTES

Sentiment and social needs

Natural language processing reads clinical notes

NEIGHB OR HOOD S

Area-level context

Addresses linked to neighborhood measures

RA TIN G SC ALES

Psychiatric acuity

Item response models separate patient severity from rater 

habits

SMALLER  G ROU PS

Fairness

Transfer learning improves accuracy for groups with little 

data

Center for Precision Psychiatry, Massachusetts General Hospital, with collaborators



The AURORA trial tests companion AI between visits

HOW IT WORKS

Patients in the two app arms complete 

conversational check-ins with an AI agent 

every 1 to 3 days, and their phones collect 

passive data.

Models estimate depression severity from 

the check-ins.

Clinicians in the dashboard arm see 

severity trends and alerts.

TRIAL DESIGN

About 100 clinicians

11 sites in 8 countries

Clinicians randomized 40:60

40 clinicians 60 clinicians

Patients randomized 1:1

App and dashboard

About 400 patients

App only

About 300 patients

Usual care

About 300 patients

OU TC OMES OVER  16 WEEKS

Depression severity, retention, agreement with clinician ratings, and fairness 

across patient groups

Funded by Wellcome (332864/Z/25/Z); contact principal investigator Eric Storch, Baylor College of Medicine; July 2026 to June 2028



The AURORA trial’s conceptual model

Conceptual models provide structure to empower intervention 
understanding and effectiveness



Live demo: AURORA clinician dashboard

Demonstration data only

What to look for

Each patient’s estimated severity between visits

Alerts when symptoms worsen

Which of these alerts would change what you do this week?

Open the live demo

https://aurora-wellcome.github.io/clinician-dashboard-prototype/AURORA%20Dashboard%20v3.dc.html


From measuring between visits to helping between visits

A triggered nudge is support that arrives when a check-in, a location, or a sensor suggests someone may need it

Week 1 Week 2 Week 3 Week 4

Weekly check-ins

Risk threshold

Counselor alerted

Near a bar you used to visit. 

Do you want to be here?

An example from addiction care

Risky drinking days in the past 30 days

App users 1.4

Controls 2.8

Trial of 349 people leaving residential treatment for alcohol use 

disorder

One counselor spent about 2 hours a week following 

120 patients

Micro-randomized trials test which nudges help, and when

The prompt wording is illustrative. Gustafson et al., JAMA Psychiatry 2014; Klasnja et al., Ann Behav Med 2019; Nahum-Shani et al., Ann Behav Med 2018



Measuring sleep and breathing with radio waves

A device in the room measures radio reflections, with no camera or wearable

Radio sensor

Reflections show 

breathing, movement, and 

sleep

What researchers have measured

80.5% agreement with laboratory sleep studies on sleep stages, in 880 

people

11 of 11 seizures showed signal changes at onset, in an early study

Parkinson’s disease
detected from breathing during sleep

Staff could check patients overnight without waking them
Staff could track sleep every night, since poor sleep raises 

suicide risk

It still needs testing on psychiatric units, with patient consent

He et al., Sleep 2025; Yang et al., Nat Med 2022; Lemus et al., Epilepsy Behav 2026; Bernert et al., Curr Psychiatry Rep 2015



Item response theory with emergency department records

Health records can measure psychiatric acuity

Section 12(a) emergency hold

Safety planning

Personal search

Constant observation

Suicidal ideation

Restraint

Altered mental state

Intramuscular medication

Antisocial or borderline traits

1:1 monitoring

Dementia

Intellectual disability

0 25 50 75 100

50,000

Encounters

Emergency psychiatric acuity, 0 to 100
Safety planning becomes likely 

even at low acuity

1:1 monitoring becomes likely 

only at high acuity

Most encounters have moderate 

acuity

Staff already record these 

events, so the scale adds no 

new forms

Adapted from Figure 2 of our item response theory (IRT) acuity project. Section 12(a) is a Massachusetts application for a 3-day involuntary hospitalization.



Self-injury and suicide risk

Self-injury scars are linked to suicide risk

Among 78 college students who had self-

injured

Had at least one lasting scar

55%

Had ever received medical care for self-injury

9%

Most people with scars had never received 

medical care for self-injury

231 college students

Having scars, and having more of them, predicted 

current suicidal thoughts beyond depression, past 

attempts, and how often and how severely people 

self-injured

115 adolescent patients, standardized photos

A scar score was linked to suicide risk, but on its 

own it predicted risk poorly

Measuring scars consistently could add to suicide risk assessment

Burke et al., Compr Psychiatry 2016; Shi et al., BMC Psychiatry 2026



Computer vision for self-injury scars

We are training a model to count scars in photos

1

2

3

1 A photo of healed scars, taken 

with consent

2 Training penalizes boxes drawn 

where there is no scar

3 The model draws a box around 

each scar and counts them

A clinician reviews the boxes before the count informs a risk estimate

Figure: Faster region-based convolutional neural network (Faster R-CNN) with a custom training objective, from our project; Daneshjou et al., Sci Adv 2022



Computer vision for self-injury scars

We are piloting scar photos in emergency departments

We are collecting images of self-injury scars during 

emergency department visits

With computer vision, we can estimate scar 

characteristics that reflect the severity of suicidality, 

such as recency and method

The goal is suicide risk prediction that does not 

depend on self-report alone

Illustration, not a photo from the pilot



PART 2

Causal inference
Knowing what would happen under each option, for each client

Doing more with the same resources



The question at this conference

How can we do more with the same resources?

Identify risk Move upstream Match 

interventions

Measure 

mechanisms

Switch early Train

These steps put measurement-based care into practice and improve the outcomes that value-based care pays 

for



Moving upstream in REWRITE, our posttraumatic stress disorder (PTSD) prevention program

Preventing PTSD before avoidance becomes entrenched

1

Identify

A health record model 

identifies emergency 

department trauma 

survivors at highest 

risk

2

Intervene early

Offer a written 

exposure intervention 

soon after the trauma

3

Measure 
mechanisms

Track avoidance to 

check that the 

intervention is working

4

Extend

Bring the approach to 

bereavement, sexual 

assault, and primary 

care services

REWRITE combines four of the six steps: identify risk, move upstream, match 

interventions, and measure mechanisms



Our PTSD risk model, built on health record data

The model uses many kinds of record data

Clinical history

312 features: labs, medications, procedures
61%

Demographics and insurance

9 features: age, sex, employment, payer
16%

Neighborhood

38 features: income, poverty, deprivation
9%

Injury visit

25 features: injury severity, violence screen
8%

Zatzick health record screen

3 features: an existing 0 to 9 score
4%

Visit history

6 features: prior visits and stays
2%

Depression screeners

3 features: Patient Health Questionnaire
0.5%

0% 20% 40% 60%

Share of the model’s total feature attribution

Neighborhood data contributed about as much as the injury visit itself

Adapted from Figure 4 of our PTSD risk model manuscript; Russo et al., Gen Hosp Psychiatry 2013



The theory behind REWRITE, Mechanism-Aligned Intervention Theory (MAIT)

Recovery requires change in three mechanisms

Weeks after trauma 0 2 4 6 8 10 12

M1

Threat-safety learning
Threat Learned safety

Amygdala and prefrontal extinction circuit

M2

Memory contextualization
Sensory-bound Contextualized

Hippocampal-cortical consolidation

M3

Perseverative cognition
Rumination Deliberate processing

Default mode and control networks

1 M2 needs M1

2 Each mechanism has its own window

3
M3 competes for 

attention

Sleep

Therapeutic engagement

Social support

Enabling conditions

Moderator

Adapted from Figure 1 of the MAIT manuscript, in preparation. Curves show predicted activation of each mechanism’s PTSD-maintaining pole.



Precision treatment rules

Match at intake, then measure whether treatment works

Step 1

Match

A rule uses each client’s intake 

data to recommend the treatment 

most likely to help

Step 2

Measure

Track the mechanism the 

treatment targets, such as 

avoidance, between sessions

Step 3

Switch early

When the mechanism is not 

changing, reassign treatment 

within weeks

Each client’s results improve the rule

In REWRITE, we predict that each person’s mechanism profile shows whether written exposure therapy 

or Brief STAIR will help more

Brief STAIR, Skills Training in Affective and Interpersonal Regulation



Causal inference in routine care

Routine outcome data can answer three causal questions

How effective is each 

therapist?

Adjust for each therapist’s mix of clients

EFFECT SIZE

0.75
Clients matched to therapists with strong 

records for their problems improved more

Which treatment will work 

best for this client?

Compare each client’s likely outcome 

under each treatment

EFFECT SIZE

0.58
Patients randomized to the treatment a 

model favored did better

Is this client off track?

Compare progress with the expected 

path

EFFECT SIZE

0.23
Off-track patients whose therapists got 

alerts ended with milder depression

All three answers depend on accounting for who received what, and why

Constantino et al., JAMA Psychiatry 2021; DeRubeis et al., PLoS One 2014; Delgadillo et al., Lancet Psychiatry 2018



Mechanisms keep predictions accurate in new settings

Patterns from one setting can fail in another

The trial that built 

the model

Accurate

Other trials

No better than 

chance

Models predicting antipsychotic response in schizophrenia trials

Acting on predictions changes the data

A model flags veterans in 

the top 0.1% of risk

Clinicians reach out and 

add safety plans

Fewer suicide attempts 

follow

Retrained on the new 

data, a model sees less 

risk

Suicide prevention outreach in the Veterans Health Administration

Before trusting a predictor, ask what process links it to the outcome

Chekroud et al., Science 2024; McCarthy et al., JAMA Netw Open 2021; Sperrin et al. 2019; Dickerman and Hernán 2020; Subbaswamy and Saria 2020



Causal diagrams

A model trained on past care underestimates risk for patients 
who were treated

Patient’s risk

Clinician’s rating
Treatment, such as 

admission

Suicide attempt

lowers

raises

A model trained on past care

Learns risk after treatment, so high-risk patients who 

were treated look safer

Counterfactual prediction

Estimates risk under each option, such as continuing, 

adjusting, or escalating care

Drawing the diagram shows what to measure to predict risk under each option



Clinicians need routine skill monitoring too

Step 1

Rate skills

Rate each clinician’s skills in 

recorded or simulated 

sessions

Step 2

Compare

Compare progress with an 

expected learning curve

Step 3

Train

When someone falls off track, 

add AI feedback and simulated 

practice

Across 170 therapists, client outcomes declined slightly with 

experience

Practice time predicted client outcomes, and experience did 

not

Supervisors can give every clinician the feedback loop that top performers 

build for themselves

Goldberg et al., J Couns Psychol 2016; Chow et al., Psychotherapy 2015



Small-group challenge, 4 minutes

Smaller budget, same clients

Next year, your agency’s budget is cut by 20% and referrals stay the same. With the 2 or 3 people next to you, 

pick one of these steps and make a plan.

Identify risk Move upstream Match interventions Measure mechanisms Switch early Train

1. What would you try first?

2. What could go wrong for clients?

3. How would you know it worked?

Then one person from each group shares one sentence



PART 3

Clinical decision-making
The clinician assesses risk, a model combines that rating with health record data, and the clinician 

decides

Weighing a model’s estimate alongside the clinician’s judgment



Quick poll

Earlier, I said our attention spans have dropped to 8 seconds, shorter than 

a goldfish’s.

What did you do?

A. I believed it

B. I doubted it, but did not check

C. I checked it

Vote at menti.com with code 1997 3032, or by show of hands



No study supports the goldfish statistic

1. A 2015 Microsoft Canada report claimed 8 seconds, below a goldfish

2. The report credits a statistics website, not Microsoft research

3. A BBC reporter found no research behind it

“Social workers do not always bother to ask themselves whether the statements they make can be affirmed 

with certainty.”

Mary Richmond, 1917

Maybin, BBC World Service 2017; Microsoft Canada 2015; Bradbury, Adv Physiol Educ 2016



Clinical vs. statistical prediction

Clinicians

Draw on the interview, the patient’s own 

account, and context the record never 

captures

Weight the same information differently from 

patient to patient and from clinician to 

clinician

Statistical models

Apply the same weights to every patient, 

every time

Use only what the record contains

Since Meehl’s 1954 book, researchers have usually found statistical prediction as accurate as 

clinical prediction or better

Child welfare researchers have had the same debate about actuarial vs. consensus-based 

risk assessment

Recent work asks how to combine the two, and in what order

Meehl 1954; Dawes et al. 1989; Grove et al. 2000; Baird and Wagner 2000; Simon et al. 2021; Roske and Nock 2025



In an assess-first process, the clinician rates risk first

1 Clinician assesses

Rates risk before seeing the model, including what the record 

cannot show

2 Model combines

Combines the assessment items, the rating, and health record 

data

3 Clinician decides

Checks for errors, reviews disagreements, and sets the plan

Adding assessment items to the rating improved prediction in every setting

Bentley et al., JAMA Psychiatry 2025. AUC, area under the curve; CI, confidence interval; SRA, suicide risk assessment; ED, emergency department; 180-d, 180 days



Why the clinician assesses first

Independent judgment

The clinician rates risk before seeing any model 

output, so the model cannot influence the rating

Expertise as input

Clinicians can record one or more independent 

ratings, and the model uses each one

Better use of the estimate

Showing how the clinician’s ratings shaped the 

estimate can improve how clinicians use it

Learning from disagreement

With both estimates on record, teams can review 

cases where they differ

The clinician’s rating was among the most important predictors in every setting



Clinicians gain from a prediction only when it changes their 
plan

Model estimates low risk Model estimates high risk

Clinician plans 

routine care

AG REEM EN T

The plan is unchanged

DISAGR EEMENT

Consider escalating, which 

helps only if risk is truly high

Clinician plans 

intensive care

DISAGR EEMENT

Consider a less intensive plan, 

which helps only if risk is truly 

low

AG REEM EN T

The plan is unchanged

Train clinicians to review these disagreements and decide how much weight to give the 

model’s estimate

Marwaha et al., Machine Learning for Health (ML4H) 2025



Case vote

You completed a suicide risk assessment, and a model then estimated this patient’s risk

Your rating: Minimal

Model estimate: 10.3% chance of a suicide 

attempt within 180 days

Average across all assessments: 0.8%

What do you do?

A. Keep the current plan

B. Reassess the patient, then adjust the plan

C. Escalate care now

Talk it over with a neighbor for 20 seconds, then vote at menti.com with code 1997 3032, or by show of hands. Illustrative case from 

our suicide risk study funded by the National Institute of Mental Health



Why the model’s estimate differs

Each factor’s contribution to this patient’s predicted 180-day risk (percentage points)

Average risk 0.8%

79 other factors +3.6

Substance use/intoxication: yes +1.7

Responsibility to family: yes +1.1

Chronic medical illness: yes +1.1

Depressed mood: yes +0.7

History of self-harm: no +0.7

Anxiety or panic: no +0.6

Engaged in treatment: no +0.6

Social supports: no +0.5

Clinician’s rating: minimal −1.1

This patient’s risk 10.3%

Summary drafted by a language model

Average suicide attempt risk is 0.8% but the model 

predicts this patient’s individual risk as 10.3% within 

180 days after a clinical suicide risk assessment. Key 

factors increasing risk include substance 

use/intoxication (+1.7 percentage points), sense of 

responsibility to family (+1.1%), chronic medical illness 

(+1.1%), and depressed mood (+0.7%). The only 

factor that reduced risk was the clinician’s overall risk 

estimate of 1 ["minimal"], which decreased the 

predicted risk by -1.1%.

Bentley et al., JAMA Psychiatry 2025. The patient example is illustrative.



Building skill through deliberate practice

Rating categories with explicit behavioral and probability anchors, as in the 

Veterans Affairs risk stratification table

Outcome feedback on past or simulated cases, so clinicians can compare their 

ratings with what happened

Review of cases where the clinician’s rating and the model’s estimate differ, with 

the reasoning documented

When clinicians rate more accurately, the model’s estimates improve too, since 

their ratings are among its top inputs



Practicing hard situations in simulation

Virtual reality therapy for clients

Clients complete about 6 sessions of automated 

virtual reality therapy (gameChange), with a staff 

member present

In a trial of 346 people with psychosis, 

participants reported less avoidance and 

distress in everyday situations

England’s National Institute for Health and Care 

Excellence recommends it for NHS use while 

more evidence is gathered

AI-simulated patients for clinicians

Trainees interview a patient simulated by a 

language model and get structured feedback

Psychiatry residents found the simulations 

plausible, but rapport with the simulated patient 

was hard to build

Social workers and nurses could use the same 

approach to rehearse risk assessment and de-

escalation

The largest gains were among people with the most severe avoidance, such as those 

who could not leave home alone

Freeman et al., Lancet Psychiatry 2022; Greater Manchester Mental Health NHS Foundation Trust 2023; Rueda et al., JMIR Med Educ 2026



Social workers already make decisions with algorithms

About 537,000 social workers form the largest US mental health profession

Child welfare hotline screening

Allegheny County, Pennsylvania

Screeners see a risk score when they decide whether 

a hotline report is investigated

Gap between Black and White children screened in for 

investigation

Following the score alone 20 points

Screeners using the score 9 points

Homelessness prevention

Los Angeles County

Staff use a model to contact people at risk 

of losing housing early

A randomized trial is due to finish in 2027

Screeners who weighed the score against what else they knew cut the gap 

between Black and White children by more than half

HRSA 2024 data via APNA 2025; Cheng et al., CHI 2022; California Policy Lab 2025; Human Rights Data Analysis Group 2023



Psychiatric nurses and AI on inpatient units

About 160,000 psychiatric nurses form the second-largest US mental health profession

Predicting violence on the unit

Researchers predicted violence in the first 4 

weeks from first-day notes

Accuracy dropped when researchers used a 

model at the other hospital

Guidance from nursing

Nurses remain accountable for their decisions, 

even when technology fails

Nurses should help govern AI

Before switching on any alert, ask the night staff which ones they would 

act on

American Psychiatric Nurses Association 2025; Menger et al., JAMA Netw Open 2019; American Nurses Association position statement, OJIN 2025



PART 4

What organizations can do
Ground rules, AI agents, and learning from every rollout

Deciding which AI tools to trust, and checking them after rollout



Quick poll

In a web browser, you share files with an AI tool by uploading them. In a desktop app, such as the 

Claude desktop app, you can also let it open and create files in folders on your computer.

Where do you use AI tools for work most often?

A. In a web browser

B. In a desktop app that works with files on my computer

C. Inside programs I already use, such as Microsoft 365 Copilot

D. I do not use AI tools for work

Vote at menti.com with code 1997 3032, or by show of hands



Most social workers already use AI at work

63.5%
of 1,179 social workers in a national survey use AI in 

their current role

Top uses are correspondence, reports, and clinical 

documentation

Top concerns are privacy, security, and ethics

Most said their agency offers little AI guidance

What they said would help

Clear guidelines on ethical use

66.8%

Better privacy and security for client data

55.5%

Training on AI tools

53.4%

Understanding AI’s effects on bias and safety

52.3%

Borah et al., Moritz Center for Societal Impact, University of Texas at Austin, 2026; University at Buffalo 2026



Ground rules for staff use of AI

1 Approved tools only

Only tools with a business associate agreement 

get client information

2 Tell clients

Tell clients when staff use AI, and ask for consent

3 Read every note

Clinicians read and correct every AI draft before 

signing

4 Train first

Train staff on where the tool fails, and review the 

policy yearly

Based on concerns reported by Borah et al. 2026 and the National Association of Social Workers 2026



Using language models while protecting client privacy

Commercial models under a 

business associate agreement

The vendor signs an agreement to 

protect client data

OpenAI, Anthropic, Google, and 

Microsoft offer them for enterprise 

products

Data still goes to the vendor, so 

configure it carefully

Open-weight models on the 

organization’s own servers

Run a downloaded model, such as 

Llama or Gemma, on your own servers

Client data stays inside the 

organization’s network

It requires graphics processing units 

(GPUs) and technical staff

Use client information only in tools approved through one of these routes

HHS guidance on HIPAA and cloud computing; vendor documentation, 2026; Buckley et al., JAMA Health Forum 2025; Wiest et al., Br J Psychiatry 2024



Linked data show outcomes that one health system’s 
records miss

What one health system’s records miss

Attempts treated elsewhere

These usually appear in insurance claims, including 

Medicaid, but not in the treating system’s own records.

Suicide deaths

Deaths are recorded in state vital records, and they are 

too rare in any one system to model well.

Differences across systems

Assessment forms, documentation habits, and case mix 

differ across systems, so a model built in one may not 

transfer.

Two privacy-preserving remedies

Privacy-preserving record linkage

Cryptographic tokens link hospital, claims, and death records across 

systems without sharing names or other direct identifiers.

Federated learning

Each system trains a model on its own data and shares only the 

model updates, so researchers can build one model from many 

systems’ attempts and deaths.

States can make vital records and Medicaid claims available for privacy-protected linkage



Sites can train one model without pooling records

Shared 
model

Community clinic

Records stay here

Health system

Records stay here

County agency

Records stay here

University 

hospital

Records stay here

Only model updates move

Larger samples, with enough people to check fairness 

for small groups

Models that stay accurate across sites, 16% more 

accurate in a 20-institution study

Enough data to estimate who benefits from which 

treatment

State and county systems can build shared 

models while client records stay on site

Dayan et al., Nat Med 2021



When AI agents take actions

Agentic AI completes multistep tasks, such as booking appointments or submitting forms

What agents can do now

15% vs. 6% Rise in referrals when a chatbot handled 

self-referral, compared with other 

services

179% Rise among nonbinary people, and 29% 

among ethnic minority groups

70% Best agent’s success rate on 300 

realistic health record tasks (2025)

Match autonomy to the level of risk

Drafts a person finishes

Notes, letters, and referral forms

Actions a person approves

Messages, scheduling, and prior authorizations

Never without a person

Risk assessment, crisis response, and reports to child protective 

services

Decide in advance which actions an agent may take without a person

Habicht et al., Nat Med 2024; Jiang et al., NEJM AI 2025



Evaluate AI tools the way we evaluate treatments

Randomize the rollout

By clinic or clinician, as in the 

AURORA trial

Track outcomes that 

matter

Suicide attempts and deaths, 

engagement, and access to care, 

alongside symptom scores

Monitor after launch

Accuracy across groups over 

time, and how often clinicians 

override it

If rollout is staggered anyway, randomizing the order costs little and shows 

whether the tool helps



Quick poll

Which idea are you most excited to try?

A. Moving upstream to prevention

B. Measuring between visits

C. Assess-first risk prediction

D. Matching treatment in advance

E. Federated learning across systems

F. AI-supported training

Vote at menti.com with code 1997 3032, or by show of hands



Summary

MEASUR EMEN T

The AURORA trial

Clinicians see depression severity between sessions, 

estimated from AI-guided conversational check-ins, in 8 

countries

MEASUR EMEN T

Measures from routine care

An emergency acuity scale built from events staff already 

record, and self-injury scars rated in photos

PREDICTION

Suicide risk assessment

Adding assessment items to clinicians’ ratings raised the 

area under the curve from about 0.6 to 0.77 in emergency 

care

PREDICTION

PTSD risk after trauma

In our health record model, neighborhood data 

contributed about as much as the injury visit itself

CA USA L IN FER EN CE

Precision treatment rules

In REWRITE, mechanism profiles may show whether 

written exposure therapy or Brief STAIR helps each 

person more

CLINICA L D EC IS IONS

Assess-first process

Clinicians rate risk before seeing the model, then review 

its estimate with each factor’s contribution and its 

uncertainty

Bentley et al., JAMA Psychiatry 2025. AURORA is funded by Wellcome (332864/Z/25/Z).



What you can do next week

1 Review off-track clients in supervision, using one routine outcome measure

2 Ask compliance which AI tools have a business associate agreement

3 Have clinicians rate risk before seeing model output

4 Randomize the order of your next rollout, and name its outcome

5 Add a social worker, a nurse, and a person with lived experience to AI governance



Mary Richmond, Social Diagnosis, 1917

“The case worker’s best safeguard against 

formalism and skepticism is a concern for the 

interests of his client.”

A century later, we have new formulas and the same safeguard. Pick one of the five actions 

and start it next week.
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