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Predictive Al helps us risk stratify and make recommendations to
improve the delivery of care with responsive action

- Predicting long term outcomes after pulmonary embolism using imaging and EHR data
Multimodal models for predicting recurrence risk in surgically resectable colorectal cancer
Practice Delivery - Opportunistic ASCVD risk estimation, using CT images and EMR data

, - Predicting mortality to improve advance care planning
B - . .
- F \\ P~ Whether + Classifying presence of undiagnosed disease
) / \J toitieat - Familial hypercholesterolemia - to order sequencing
/ — « Peripheral artery disease - to order ABI measurement
Models of varying complexity: P L How to
+ Logistic Regressior " treat a e - Classifying ischemic vs. hemorrhagic stroke for prioritizing air ambulance transport
* Random Forest o o )
. LCJ Network - Predicting no-shows for providing transportation support

Predicting length of stay, readmissions, bed-demand etc. . ..

Source: § Stanford Technology & Dlgltal Solutlons ] C I* Al
MED I CIN E | stanford Health Care and School of Medici .



And we are seeing the Generative Al Landscape evolving rapidly to meet

demand from health systems, payors, & life science companies
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The track record of new technologies in healthcare is one marked

/ Calls for \

More inclusive data
sets

by a growing digital divide

Systematic training,
"y validation, and

*«" | deployment of
algorithms
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c HAI is setti ng CHALI, the Coalition for Health Al, is committed to setting the
o best practice frameworks for the trustworthy and
the bes't pI'CI Ctlce responsible implementation of Al in health.
frq meworks fOI‘ By bringing together a coalition of patient-community
AI sqfety a nd advocates, technology companies start-ups, public sector
organizations, medical device manufacturers, payors and

@ Og® ®
reliabil Ity 18 healthcare organizations, we will develop a consensus set
of frameworks for Responsible Health Al.
Health

= CHAI




CHAI is bringing together a diverse
community of creators, users and

beneficiaries to develop
consensus-driven products

3800 members of CHAI o= =
freaes =3[ T
+ = ! +
[nanl =} -
Creators of Al Users of Al Patient Consumers of Al
Health Systems Health Systems Patient Advocacy Groups
Medical Device manufacturers Life Science
Pharmaceutical Companies Companies
Software Creators for health Physicians
Hardware Creators for health Payors
& more CMS

= CHAI



We are using consensus to develop the gold-standard
for trustworthy and Responsible Health Al that Serves All

Neede—
4 I
@ Adherence to FAVES principles
\. J
4 I
@ Current regulation does not apply to all
Health Al
. J
4 N
@ Lack of transparency
. J
4 I
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Workforce upskilling and
engagement

The development of Technical Standards,

including Bias, Safety and Surveillance frameworks,

and Implementation Guides, including Testing
and Evaluation and Best Practices frameworks

A nationwide network of CHAI-certified Quality

Assurance Labs, responsible for assuring all Al for
use in health, with supportive Assurance Standards

A National Registry Platform, featuring model

report cards, for algorithms that have been through
Assurance Labs

Registry publications, educational materials and
Assurance certification processes

= CHAI



THE AI LIFECYCLE

The Al lifecycle is central to understanding
and implementing CHAI's Assurance
Standards in healthcare. The six-step
lifecycle outlines the essential stages and
processes involved in developing, deploying,
and maintaining Al systems.

By systematically addressing each phase of
the lifecycle the framework ensures that Al
systems adhere to the highest standards of
safety, efficacy, fairness, transparency, and
security. This structured approach supports
risk mitigation, managing biases, and
promotes accountability and trustworthiness
in Al applications.

i CHAI

Define
Problem 1

& Plan

Deploy &

Monitor

Engage stakeholders to
define the problem &
perform root-cause
analysis

|dentify solution & plan
future state

Gather business
requirements

Assess feasibility,
potential for impact, &
prioritization

Make procure/build/
partner decision

#
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+ Select/understand model

tazk & architecture

+ Capture design &

technical requirements ar
determine best solution to
meet business
requirements

* Design solution

application & system
workflow according to
human-centered design
principles

* Design deployment

strategy with end users
Design risk management,
monitoring &

reporting plan

« Access data
* Prepare data
+ Develop data

management plan

* Train & tune model

.........

« Conduct installation
qualification (when
applicable)

+ Validate local system
performance (when
applicable)

« Execute prospective,
silent evaluation

+ Establish risk
management plan

+ Train end users

+ Test usefulness

* Ensure compliance with
applicable healthcare
regulations & standards

* Implement small-scale
pilot to assess real-world
impact

+ Execute and update risk
management plan

* Educate & train users on
Al application reporting

Design the
Al System

Engineer the
Al Solution

* Deploy at a larger scale

on a general population

« Audit Al system to inform

whether to maintain,
refine or sunset

+ Conduct ongoing risk

management




Generative Al Work Group Goal

Goal: Focusing on a Generative Al Notes Summarization Use Case, we seek to identify a
digestible set of criteria and metrics that demonstrate principles of responsible and
trustworthy Al, which can be utilized or referenced by an independent Al solution

evaluator.
o © q_
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Usefulness Safety & Reliability Security & Privacy
>,
2 Vi) e
o
Fairness, Equity & Transparency

Bias Management



Meanwhile, the regulatory landscape is similarly changing
rapidly

-~

FDA Issues Final
Guidance on Clinical
Decision Support Software
and Software as a Medical
Device

~

QN Office of the National Coordinator
for Health Information Technology

Health Data, Technology, and
Interoperability: Patient Engagement,
Information Sharing, and Public Health
Interoperability (HTI-2)

Learn more at HealthIT.gov/ProposedRule

Artificial intelligence assurance labs are coming, HHS chief
Al officer says

The private sector will play a role, but Micky Tripathi isn't endorsing any particular plan.
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ISSUE BRIEF

The Biden Administration’s Final
Rule on Section 1557 Non-
Discrimination Regulations Under
the ACA
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CHAIlis
supporting the
development of
a hationwide
hetwork of

Assurance Labs
with its
certification
framework

= CHAI



A Federated Network of Labs - All Models are Local
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Assurance Labs need to be trusted by both

model developers, their customers dnd by

patients

Access to data

S
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Data de-identification
or Privacy Preserving
Approaches

Demonstrated

V competencein

validation methods

Required disclosures on
impartiality — ISO
standards

=]

Infrastructure

Use of CHAI Metrics

Security Certification

SOC Il Certification

Established and well-
documented processes

Post-deployment
Monitoring

= CHAI



An Al “Nutrition Label”: CHAI Consensus Model Cards
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vahly crafted our

44 Saked soups with less sodium
oo - but with the same

et o expect from Well Yes!®,

o putively and live deliciously,

1

1000 25283 8

231N
#10007021813

About 2 servings per container
Serving size { cup (2450 :
[ i

Per serving Perconie e

Calories

Total Fat 150 2%% ek
Saturated Fat Og 0%05 S
Trans Fat 0g (g

Cholesterol 10mg 3% 15mg 5% el

Sodium 290mg 13% 540my 20%

Total Carb. 159 5% 10%
Dietary Fiber 39
Total Sugars 4q 1 -

Incl. Added Sugars| 09~ 0%0g  Oh e

Protein 3 69

Vitamin D Omeg 0% -

Calcium 40mq

Iron 0.7mg | o

Potassium 280mg 6% 520ng 1%

* The % Daily Value (DV) tells you how much a et na sl [
cordributes 1 a dal diet 2,000 caorizs 2 dy s used b geerd i [

Questions or Comments? Please call us at 1-888-T10-T55) (s
Visit our website at: www. wellyesipods.con |

Model Card - Title

'

Model Details

Developers

Model Date, Version & Type
Training algorithms
Resources, Citation, License

Ve
@ Evaluation Data

e Details on data used for
quantitative analysis

« Datasets, Motivation,
Preprocessing

il

%35 0

Intended Use

e Primary intended uses & users
» Out of scope use cases

Factors

e Groups, Environments, Instrumentation

e Relevant factors & evaluatlon factors

il

i

e Same detail as evaluation data
if possible (privacy constraints)

e Details of distribution over
factors

Training Data

Quantitative Analysis
Unitary & intersectional results

4
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Metrics

» Model performance measures
» Decision thresholds
» Variation approaches

00 o

Ethical Considerations

» Bias, fairness, ethical
considerations
» Mitigation efforts

/N

o

e

o

Caveats, Recommendations

e Concerns not already covered
» Usage information
e Limitations, risks, trade-offs




Need for Advancing Evaluation and
Regulatory Science in Al

ANOVA Kaplan-Meier estimator Diagnostics for Al tools
(1925) (1958) (2025)

What will the the next generation of statistical tools applied to medicine look like?

= CHAI
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The story of
the humble
sewing
machine
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An Urgent Need to Develop Consensus Guidelines for GenAl
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