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Artificial Intelligence
& Medical Products:

How CBER, CDER, CDRH, and OCP
are Working Together
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Contains Nonbinding Recommendations

Marketing Submission
Recommendations for a
Predetermined Change Control Plan
for Artificial Intelligence-Enabled
Device Software Functions

Guidance for Industry and
Food and Drug Administration Staff
Documentsucd on August 18, 2025.

Document originallyisued on December 4,2024.
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Request For Public Comment:
Measuring and Evaluating Artificial
JIntelligence-enabled Medical Device
Performance in the Real-World

his Request for Public Comment s intended for discussion purposes only
d does not represent draft or final guidance. Itis not intended to propose
| implement policy changes regarding the evaluation of devices which
tegrate artficial intelligence (A}, including generative Al (GenAl)-enabled
chnology. This document is not intended to communicate the FDA's

posed (or final) regulatory expectations but is instead meant to seek early
edback from groups and individuals outside the Agency and advance a

Oueach, and ader discussion among the Al healthcare ecosystem on this topic.
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US. Department of Healh and Human Services
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‘Ceater for Devices and Radiological Health (CDRE)
Center for Veterinary Medicine (CVM)
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Implementation of Al/ML across 36 design and planning,
execution, and regulatory submission activities

N =302

22.1% 10.7%

B Not Yet H Beginning M Partially ™ Fully

Lamberti MJ, et al. The Adoption and Use of Artificial Intelligence and Machine Learning in Clinical
Development. Therapeutic Innovation & Regulatory Science (2025) 59:1074-1086

Hybrid Public Workshop on Artificial Intelligence in Drug & Biological Product Development
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Challenges to Implementation

CSDD Survey, N=221(2024) - CTTI Survey, N=219 (2025) -

Data quality 41% Data quality/availability 56%

Trust in Al/ML generated output 37% Technical expertise 56%

Intellectual Property (IP) and other 29% Regulatory compliance 53%

legal concerns related to data sharing

Governance of ethical and privacy 28% Ethical concerns 48%

concerns

Resistance to adoption 47%

Source: Lamberti MJ, et al. The Adoption and Use of Artificial Intelligence and Source: Unpublished CTTI survey, closed June 2025. Convenience sample of
Machine Learning in Clinical Development. Therapeutic Innovation & organizations in the clinical trials enterprise including but not limited to
Regulatory Science (2025) 59:1074-1086 pharma/biotech, CROs, AROs, tech vendors, patient groups, regulators, health

systems, trialists.

Hybrid Public Workshop on Artificial Intelligence in Drug & Biological Product Development
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Who is Resistant to Al/ML Adoption?

Patients

Regulators

Industry

Source: Unpublished CTTI survey, June 2025. N=218

Hybrid Public Workshop on Artificial Intelligence in Drug & Biological Product Development
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The views expressed in this presentation do not necessarily represent the
policies of the FDA

Mentions are not endorsements

Disclosures: None

tge G-
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Agenda

Time (EDT) Content

9:00 a.m. Welcome and Opening Remarks

9:05 a.m. Keynote Speakers

9:15 a.m. FDA Update: Considerations for the Use of Artificial Intelligence

9:30 a.m. Session 1: Where Are We Now?

10:40 a.m. Break

10:55 a.m. Session 2: Data Quality, Reliability, Representativeness, and Access in Al-Driven Drug Development
12:05 p.m. Lunch

1:35 p.m. Session 3: Model Performance, Explainability, Transparency, and Interpretability in Al-Driven Drug Development
2:45 p.m. Break

3:00 p.m. Session 4: Navigating the Future of Al in Drug Development

4:15 p.m. Discussion

4:45 p.m. Concluding Remarks

5:00 p.m. Adjourn

Hybrid Public Workshop on Artificial Intelligence in Drug & Biological Product Development
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Questions throughout the day?
PLEASE SUBMIT HERE:

Hybrid Public Workshop on Artificial Intelligence in Drug & Biological Product Development



> CLINICAL

TRIALS

> TRANSFORMATION
INITIATIVE

I U.S. FOOD & DRUG

ADMINISTRATION

VA AV

Keynote Address

Shantanu Nundy

Advisor on Artificial Intelligence (Contractor), Office of the
Commissioner

U.S. Food & Drug Administration
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Accelerating Al in Drug Development

Shantanu Nundy, MD
Advisor on Artificial Intelligence (contractor)
Office of the Commissioner, FDA
October 7, 2025



16,000,000 birthdays lost in the U.S.

100M Americans lack regular
access to care

75M live in health professional
shortage areas

Medical error 3rd leading causes
of death

95% of rare diseases lack FDA-
approved treatments

Life expectancy ~4 years behind
peers

Life expectancy at birth, in years, 1980-2023

Potorson KFF
Health System Tracker
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Al-enabled endpoints and biomarkers
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Al for RWD and RWE

3188 Diabetes Care Volume 37, December 2014

06 ®

: : : : Andrew J. Karter,® Shantanu Nundy,**
Incidence of Remission in Adults e fonen shamens sundv

With Type 2 Diabetes: The and Elbert . Huang ™
Diabetes & Aging Study

Diabetes Care 2014;37:3188-3195 | DOI: 10.2337/dc14-0874

3192 Diabetes Remission Diabetes Care Volume 37, December 2014

Table 3—Incidence rates of remission for the full cohort and stratified by time since diagnosis

Total person-years Incident 7-Year cumulative Incidence rate per 1,000
at risk* events (n, incidence (95% Cl)t person-years (95% Cl)
Any remission
Al 586,725 1,761 1.60% (1.53-1.68) 3.00 (2.86-3.14)
Time since diagnosis <2 years (n = 18,451) 88,473 776 4.55% (4.25-4.88) 8.77 (8.15-9.39)
Time since diagnosis 2-3 years (n = 18,127) 89,526 424 2.54% (2.31-2.79) 4.74 (4.29-5.19)
Time since diagnosis 4-5 years (n = 15,122) 75,304 228 1.67% (1.46-1.89) 3.03 (2.63-3.42)
Time since diagnosis 6-9 years (n = 20,270) 102,270 152 0.82% (0.70-0.96) 1.49 (1.25-1.72)
Time since diagnosis =10 years (n = 30,326) 147,333 98 0.37% (0.30-0.45) 0.67 (0.53-0.80)
Baseline diabetes therapy, no medication (n = 13,502) 62,009 1,538 12.33% (11.76-12.93) 24.80 (23.56-26.04)
Baseline diabetes therapy, OHA only (n = 84,968) 419,376 212 0.28% (0.24-0.32) 0.51 (0.44-0.57)
Baseline diabetes therapy, insulin (n = 22,625) 105,340 ilil 0.05% (0.03-0.10) 0.10 (0.04-0.17)
Partial remission 587,341 1,615 1.47% (1.40-1.54) 2.75 (2.62-2.88)
Complete remission 593,216 140 0.14% (0.12-0.16) 0.24 (0.20-0.28)
Prolonged remission 170,356 6 0.007% (0.003-0.02)  0.035 (0.007-0.063)

OHA, oral hypoglycemic agent. *Defined as the total number of person-years 12 months after cohort inception for partial and complete remission,
and after 60 months for prolonged remission. tDefined as 100% minus the cumulative survival probability calculated using the Kaplan-Meier method.
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Lt Reporting Bob Crawson  In Progress v

Patient Overview for Bob Crawson

Name: Bob Crawson

MRN: FDA-2025-001

Age: 68

Birth Date: 01/15/1957

Sex: Male

Provider Name: Dr. Sarah Chen, MD
Specialty: Internal Medicine
Appointment Type: Follow-up

Medications: Atorvastatin 20 mg daily (since 2019)

SO ey conic

Great! Here are last visit and consents

Consent Type Status Details
HIPAA HIPAA authorization on file
Treatment General treatment consent

‘Open Findings to Review

Type Status Details Date

Allergy Penicillin allergy is inconsistent across 2025-10-
Needs Review

Conflict sources (Confidence: 95%) 03

Review finding

Penicillin allergy is inconsistent across sources.
() Confirm allergy

) No allergy

Save decision

Al for RWD and RWE

Source

EHR_A

EHR_B

EHR_A

EHR_B
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Real-world data and evidence

Reduce animal testing and model toxicity
Al-enabled endpoints and biomarkers

Clinical trial design

Clinical trial enrollment



Al to Reduce Animal Testing & Model Toxicity

Regulatory Toxicology and Pharmacology 138 (2023) 105329

Contents lists available at ScienceDirect

%fﬁ:oum‘  and
A ‘ al
Pharmacology

Regulatory Toxicology and Pharmacology

{1
)

journal homepage: www.elsevier.com/locate/yrtph =

Check for

Re-evaluating the need for chronic toxicity studies with therapeutic i
monoclonal antibodies, using a weight of evidence approach

Hsiao-Tzu Chien®* ", Helen Prior » "%, Laura Andrews, Leon van Aerts ®', Annick Cauvin ¢
= b >  J

David O. Clarke ©', Kaushik Datta’, Maggie Dempster ®', Noel Dybdal ™', Wendy Freebern ',
Lolke de Haan’', Danuta Herzyk ', Adam Hey', Thomas Kissner ", Sven Kronenberg ™",
Michael W. Leach ®', Donna Lee ", Katrin Schutte”, Fiona Sewell ', Kevin Trouba ",

Peter Ulrich ¢, Lucinda Weir"?, Peter van Meer >~
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Al for New Endpoints & Biomarkers

nature

Explore content v  About the journal v  Publish with us v

nature > articles > article

Article Open access Published: 16 July 2025
Detecting structural heart disease from

electrocardiograms using Al

Timothy J. Poterucha, Linyuan Jing, Ramon Pimentel Ricart, Michael Adjei-Mosi, Joshua Finer, Dustin

Hartzel, Christopher Kelsey, Aaron Long, Daniel Rocha, Jeffrey A. Ruhl, David vanMaanen, Marc A.

Probst, Brock Daniels, Shalmali D. Joshi, Olivier Tastet, Denis Corbin, Robert Avram, Joshua P. Barrios,

Geoffrey H. Tison, I-Min Chiu, David Ouyang, Alexander Volodarskiy, Michelle Castillo, Francisco A.

Roedan Oliver, ... Pierre Elias &  + Show authors

Nature 644, 221-230 (2025) | Cite this article
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Al for Clinical Trial Design

v EX611815 - Sjogren’s V1

EX611815 - Sjogren's V1

General Information

Study Definition
Version 1: 01-Oct-2025
Study Definition

£ EX611815 - Sjogren's V1

Study
Section EX611815
 ob :
= Populatio
= Sjogren's
= Study Desigr 0 !
Activitle: Rhoumatology
Phase Il Trial
N A Multi-Center, Randomized, Double-Blind, Placebo-
Controlled, Parallel Group Phase 24 Study to Assess the
= Activity Configuration Efficacy of EX-611815 in Patients With Primary Sjogren's
pw Syndrome
!
orn .
L NCT0930493020934
Example Therapeutics
Vendors

Additional Information
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VIEWPOINT

Shantanu Nundy, MD,

MBA

The World Bank,
Washington, DC; and
George Washington
University Milken
Institute School of
Public Health,
Washington, DC.

TaraMontgomery, BA

Civic Health Partners,
Brooklyn, New York.

Robert M. Wachter,

MD

Department of
Medicine, University
of California,

San Francisco.

TRUST IN HEALTH CARE

Al Will Move Drug Discovery at the Speed of Trust

Opinion

Promoting Trust Between Patients and Physicians
in the Era of Artificial Intelligence

Advances in technology are increasingly changing
relationships between consumers and providers of
products and services in every business. The democra-
tization of recognized expertise that accompanies the
use of information technology can be a positive force
for improving access, cost, and equity, but also can
challenge the role and status of traditional experts,
including marginalizing them. Consumers no longer
need a professional taxi driver to tell them the fastest
way to the airport and can book flights without the help
of a travel agent.

While the internet allows individuals to access tre-
mendous amounts of information in many domains, they
often still need to partner with credentialed experts who
offer additional knowledge and experience and access
to certain services that remain under their control.

Health care is one such example. Even patients

physicians and systems, such as for clinical decision sup-
port and system strengthening, physician assessment
and training, quality improvement, clinical documenta-
tion, and nonclinical tasks, such as scheduling and no-
tifications; (2) use of health care Al by patients includ-
ing triage, diagnosis, and self-management; and (3) data
for health care Alinvolving the routine use of patient data
todevelop, validate, and fine-tune health care Al as well
as to personalize the output of health care Al.

Each of these applications has the potential to en-
able and disable the 3 components of trust: compe-
tency, motive, and transparency.

Competency

Competency reflects both the extent to which physi-
cians are perceived to have clinical mastery and pa-
tients' knowledge and self-efficacy of their own health.

Poraae P .
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Director, Office of Medical Policy (OMP), Center for Drug
Evaluation and Research (CDER)

U.S. Food & Drug Administration
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Predictability & Consistency

* Risk-based approach

* Increased engagements
* Transparency

« Data governance

ADMINISTRATION
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* Context of use

Challenges & Opportunities

A

s
« Coordinated FDA approach . ml-
° V

Multidisciplinary review
Rapid engagement
* Global harmonization
Intersection of privacy and confidentiality - regional laws &
regulations

« Upskilling
* Responsive infrastructure

Balancing a rapidly evolving area with providing A

responsive regulatory input .
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Update: Considerations for the Use of Artificial Intelligence to Support
Regulatory Decision-Making for Drug and Biological Products

Gabriel Innes
Assistant Director,

Data Science and Artificial Intelligence Policy, OMP, CDER
U.S. Food & Drug Administration
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Considerations for the Use of Artificial Intelligence to —Support' Regulatory
Decision-Making for Drug and Biological Products: UPDATES

Gabriel Innes, VMD, PhD
October 7, 2025

Some slides adapted from Dr. Tala Fakhouri



Al Guidance — Purpose and Scope

Considerations for the Use of
Artificial Intelligence to Support
Regulatory Decision-Making for

Drug and Biological Products

Guidance for Industry and Other
Interested Parties

DRAFT GUIDANCE
This guidance document is being distributed for comment purposes only.

Comments and suggestions regarding this draft document should be submitted within 90 days of
publication in the Federal Register of the notice announcing the availability of the draft
guidance. Submit electronic comments to https:/www. regulations.gov. Submit written

to the Dockets M: Staff (H}'A 305), Food and Drug Administration, 5630
Fishers Lane, Rm. 1061, Rockville, MD 20852. All comments should be identified with the
docket number listed in the notice of availability that publishes in the Federal Register.

For questions regarding this draft document, contact (CDER) Tala Fakhouri, 301-837-7407;
(CBER) Office of C Outreach and D 800-835-4709 or 240- 40 -8010;
or (CDRH) Digital Health Center of Excellence, digitalhealthia fda hhs ZOV.

U.S. Department of Health and Human Services
Food and Drug Administration
Center for Drug Evaluation and Research (CDER)
Center for Biologics Evaluation and Research (CBER)
Center for Devices and Radiological Health (CDRH)
Center for Veterinary Medicine (CVM)
Oncology Center of Excellence (OCE)
Office of Combination Products (OCP)
Office of Inspections and Investigations (OII)

January 2025
Artificial Intelligence

59502407dft docx

FUA

Purpose: Providing a risk-based credibility assessment framework to
establish the credibility of an Al model for a particular context of use
(cou)

In Scope: Use of Al to produce information or data intended to support
regulatory decision-making regarding safety, effectiveness, or quality
for drugs and biological products

Not in Scope:
— Drug discovery*

— Operational efficiencies (unrelated to patient safety drug
quality, or reliability of results from a non-clinical or clinical
study), such as

* Internal workflows
* Resource allocation
* Drafting/writing a regulatory submission

*except in very specific situations



Al Guidance — Key Points

Considerations for the Use of
Artificial Intelligence to Support
Regulatory Decision-Making for

Drug and Biological Products

Guidance for Industry and Other

Interested Parties

DRAFT GUIDANCE
This guidance document is being distributed for comment purposes only.

Comments and suggestions regarding this draft document should be submitted within 90 days of
publication in the Federal Register of the notice announcing the availability of the draft
guidance. Submit electronic comments to https w regulations.gov. Submit written

to the Dockets Statf (H}'A 0)) Food and Drug Administration, 5630
Fishers Lane, Rm. 1061, Rockville, MD 20852. All comments should be identified with the
docket number listed in the notice of availability that publishes in the Federal Register.

For questions regarding this draft document, contact (CDER) T;\la Fakhouri, 301-837.
(CBER) Office of C: Outreach and D
or (CDRH) Digital Health Center of Excellence, dl”l(lh.’llﬂl fd hhs.g

U.S. Department of Health and Human Services
Food and Drug Administration
Rese‘nch (CDER)
and Research (CBER)
ological Henllh (CDRH)
Center for Veterinary Medicine (CVM)
Oncology Center of Excellence (OCE)
Office of Combination Products (0CP)
Office of Inspections and Investigations (OII)

January 2025
Artificial Intelligence

7407;
800-83 ﬁ—l 09 or 2 40 JO -8010;

59502407dft docx

FOA

* Risk-based credibility assessment framework consisting of seven
steps to establish and evaluate the credibility of Al model outputs
for specific COU, with activities commensurate to Al model risk

* Life cycle maintenance requirements for Al models used in contexts
where performance may change over time or across deployment
environments, particularly in pharmaceutical manufacturing

* Early engagement with FDA is strongly encouraged to set
expectations regarding appropriate credibility assessment activities
based on model risk and COU

* Comprehensive documentation requirements including credibility
assessment plans and reports that describe model development,
training data, evaluation processes, and performance metrics
tailored to the specific COU
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Two Examples Provided in Draft Guidance

Drug A

Drug B

Step 1: Question of
Interest

“Which participants can be considered low risk
[of having a life-threatening drug-related
adverse reaction] and do not need inpatient
monitoring after dosing?”

“Do vials of Drug B meet established fill volume
specifications?”

Step 2: COU

“The output from the Al model will be used to
stratify participants into low- versus high-risk
groups for the potentially life-threatening

adverse reaction to Drug A (the Al model’s role).

In this context, the sponsor is proposing that
only the Al model will be used to determine
whether the participant is considered low risk
and whether they will need inpatient or
outpatient monitoring after dosing (the Al
model’s scope).”

“An Al-based model will be used to analyze data
obtained from visual images of the vials to
determine if a deviation in volume has occurred
(the Al model’s role). However, as part of release
testing, independent verification of the fill volume
is performed on a representative sample for each
batch. Therefore, the Al-based model will not be
the sole determinant for the release of product
(the Al model’s scope).”

Step 3: Model Risk

High

Medium

Model Influence

High: Al model is sole determinant

Low: fill volume measured by a manufacturer on
representative sample of each batch

Decision Consequence

High: potential mortality

High: incorrect volume measurements would have
a high impact on product quality




Commentors (n = 98)

FOUA

= Regulated Industry (Including Trade Associations) (n = 54)

= Private Industry (Tech) (n = 11)

= Patient and Consumer Advocacy and Other Non-Profit (n = 10)
= Scientific and Academic Experts (n = 8)

= International Organization (n = 4)

= Healthcare Professionals (Physicians, Hospitals) (n = 2)

= Legal/Regulatory Consulting (n = 2)

= Other Government Agencies and Legislators (n = 2)

= Private Citizens or Individuals (n = 2)

= Unknown (n = 3)
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Comments by Section (n = 1,455)

Section No. of Comments

General Comments 706
I. INTRODUCTION 57
Il. SCOPE 54
I1l. BACKGROUND 63
IV. CONSIDERATIONS FOR Al USE IN THE DRUG PRODUCT LIFE CYCLE 3

A. A Risk-Based Credibility Assessment Framework 472

B. Special Consideration: Life Cycle Maintenance of the Credibility of Al Model 73
Outputs in Certain COUs

C. Early Engagement 27



Large Themes of Public Comments (non-exhaustive)

* Guidance Clarity
— Scope
— Terminology
— Use Case Examples
* Guiding Principles for Good Al

Practices in Drug and Biological
Product Development

* Regulatory Engagement &
Processes

Model Development & Life Cycle

Credibility assessment
Data considerations
Documentation
Model evaluation
Post-deployment management

Representativeness




Opportunity to Continue Shared Learnings

Artificial Intelligence in
Drug & Biological Product Development
Hybrid Public Workshop 2025

Tuesday, National Press Club, Washington, D.C.
October 7, 2025 529 14th Street NW, 13th Floor
Washington, DC 20045
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Session 1: Where Are We Now?

Moderator:

M. Khair ElZarrad

Director, OMP, CDER

U.S. Food & Drug Administration

Dana Lewis

Independent Researcher, Developer,
and Founder

OpenAPS

Thomas Osborne
Chief Medical Officer
Microsoft Federal

Greg Meyers

Executive Vice President and Chief Digital
and Technology Officer

Bristol Myers Squibb

Hybrid Public Workshop on Artificial Intelligence in Drug & Biological Product Development



Al in Drug &
Biological
Development

Greg Meyers
Chief Digital and Technology Officer
Bristol Myers Squibb

Oct 7, 2025




Areas of Opportunity We See With Al in Product
Development

Research Development Manufacturing
Discovery & Target Clinical Testing & Scalable Production &
Identification Regulatory Approval Quality Control
Innovative New Drug Candidate Commercializable Drug Market-Ready Drug Product
Novel compounds with therapeutic Clinically proven, regulatory-approved High-quality, consistently manufactured
potential, validated targets, and therapeutic with established safety profile pharmaceutical product ready for
preliminary efficacy data ready for and market authorization distribution and patient use

clinical development

&) & O

More Higher Probability of Success, Higher Reliability,
INDs Faster Studies Lower Cost

Ul Bristol Myers Squibb



Causal human biology

Problem statement: Causal inference from large human datasets is increasingly complex
Al/ML solution: Three efforts to inform on causal human biology based on target perturbation

Data (N>1M)

Mutation - drug

. . L) Target
In vivo genetics-based ¥ arse
: ¥ Disease
causal inference w o
—)
Tissue/cells Screen for In vitro model
H&s targets & drugs N
In vitro platforms & E &,
phenotypic screens 28 {@} @
Patients ==
>30M cells Foundation Predict
cell model beneficial
In silico perturbation & P i@} @ target
generative Al models U‘ 5 I
. = ®:= ®:E

Ul Bristol Myers Squibb




Matching modality to mechanism

Problem statement: Molecular design is slowed by the need to translate large, complex data sets into

actionable hypotheses
Al/ML solution: Accelerated virtual screening and ML-guided MPO with dynamic profiling

WL Virtual Screening
£ “\  . . . . . :' ﬁ
s Early Discovery: Ident1fy1ng hits thaF can o
/1 become leads through virtual screening 1T
;Mwww and design 1 ;
| L2
J Multi-parameter
e+® Optimization
[ o2 Late Discovery: Dgllvermg high qual1ty simtanecus aptimiaton
Ve ) | development candidates through multi- T - &
@®_ . @  parameter optimization and dynamic profiling

l

Ul Bristol Myers Squibb



Path to clinical proof-of-concept

Problem statement: Accelerate PoC leveraging increasingly complex disease, clinical and translational data
Al/ML solution: Identify disease segments, actionable biomarkers and dose projection, early

- v
sm S

= . . High dimensional, multi-modal, clinical and translational data integrated to
oo D1SE€ASE & patient develop biologically relevant patient segments
“ segmentation
o oenraneas 88 Assets mapped to biologically relevant disease segment
O
Defined asset specific patient population
C“mca“y relevant Clinically actionable classifier & BMX/DX strategy
BMX/DX
Opportunity to screen/select patients for speed to clinical PoC
O
ﬁ?} Disease, modality, mechanism based QSP models
Mechanistic mOdelmg &  AI/ML calibrated models integrating clinical BMX data

dose-to-patient segment

aﬁ—.—

w =T
S

Z Modality, mechanism and dose projection aligned to proposed patient segment

Ul Bristol Myers Squibb



Al is Useful at Every Stage of Clinical Development

Operational trial simulation (e.g., site
selection, SSU, enrollment) driven by GDO
Target Product Profile formation POC /Ph1 < Phll/IN Reverse

o o o o o o translation for

target & bio-

Indication Portfolio Combination Dose SoC & disease I/E criteria Endpoint marker discovery
selection positioning selection finding evolution optimization o
Create high Predict Identify optimal  Estimate and Design optimal Test all Select optimal
accuracy treatment treatment update the comparator and iterations of I/E single or
shortlist of response and combinations by  maximum granular control criteria virtually = composite
highest PTS and  safety across predicting tolerable dose arm design by on a ‘pareto endpoints for a
value indications sub-populations response at sub- predicting how curve, balancing  given trial and
population level, diseases evolve safety and estimate the
with RWD and and how SoC efficacy before relationships
knowledge graphs changes will committing to a between
affect outcomes  trial design surrogate and
regulatory
endpoints

(1)

Real time simulation and drift modeling to inform

Al simulations inform sample size, power and

Pl o daptive design

design

strategic and operational shifts

Ul Bristol Myers Squibb



Al-Based Parameter Optimization Within Manufacturing

Gradient Boosted Feature Extraction to Optimize for Orencia Yield

0.0035 4 Feature Range (227-236) Feature Range (463-472)
y ftr_cc_brx25k_day10.0_viablecelldensity: 0.0013 ftr_sap_l-aspartic_acid_| fi _to_receipt_d _days_count: 0.0009

ftr_maximo_brx25k_ph_control_probe_b_replace_ph_cable_cr_mntnc_last_perfrmd_bfr_eq_useffr_bathix25idapy0002aa: 0.0009
ftr_cc_brx25k_day10.5_nhd: 0.0013 ftr_25k|_production_bioreactor_growth_ph_probe_b_1pt_online_vs_offline_difference_correction_5: 0.0009
fer_infinity_deviation_category_viral_inactivation_filtration: 0.0013 frr_cc_brx25k_day15.5_k: 0.0009
ftr_Skl_seed_bioreactor_passage_count: 0.0013 ftr_pi_brx25k_o2_sparge_flow_totalizer_pv_day_10: 0.0009
ftr_25kI_production_bioreactor_m17ib_media_final_glucose: 0.0013 fer_infinity_deviation_subcategory_media_buffer_solution_preparation: 0.0009

0.0030 4 ftr_cc_brx25k_day4 5_po2: 0.0013 ftr_sap_bms_bd_media_16_10kg_drect dlspcnu manufacture_to_receipt_duration_days_min: 0.0009
ftr_aex_output: 0.0013 ftr_sap_bms_bd_media_1_10kg_direct_disp _issue_to_ lon_days_std: 0.0009
ftr_m1_medsia_powder_154al_feed_media_mg: 0.0013 ftr_sap, _ii_suifate | _receipt_to_issue_duration_days_count: 0.0009
ftr_m16_media_powder_m171b_production_media_asparagine: 0.0013 ftr_sap_ sodium _phosphate_dibasic anhydr usp_ep_| i +_to_issue_ ion_days_25q: 0.0009

0.0025

0.0020

l_‘
Feature Importance

0.0015

0.0010

0.0005

0.0000 v Y T
[ 1000 1500 2000
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The Knowable Unknown

(It’s time to gather more real-world evidence
and use Al to accelerate drug development)

@DanaMLewis




What are we even talking about when we talk about using Al?

4 N

One-time Recurring

e Becauseit’s

Problem clean/easy/
well- funded
defined
\ _/
4 I

* Biggest need
* Notclean/easy
* Notas much funding

Problem / disease
not well
characterized




A Study on LLMs & Chart Notes

4 prompt series 3 LLMs (May-June 2024) Raters:
1 chart note
;' 2tanddarq ¥ 1. Claude 3 Opus
+ ))) + nandomize ))) 2. ChatGPT 40 )))
3. Persona 3. Gemini1.5
4. Randomized o AR

* blinded to model

11 questions Persona « Scoring rubric

* This research underscores the potential of LLMs to
augment patient understanding of clinical notes but also

highlights the importance of prompt desigh and model
selection.

* Incorporating a “persona” into the prompt (e.g., “You are
an oncologist...”) enhanced all LLMs’ performance.

4 &
B &
&
& &
S

-nn-n A Proof-of-Concept Study for Patient Use of Open Notes with Large Language Models.
JAMIA Open. 2025. Salmi, Lewis, et al. DOI: 10.1093/jamiaocpen/ooaf021



https://doi.org/10.1093/jamiaopen/ooaf021

Al is better than nothing (when there’s no available human)

Problem

well-
defined

One-time

Recurring

~

Al works well here

9%

e

Problem / disease
not well
characterized

Al works well here, \
too
Substitutes for when
there’s no (available
human) expertise

/




How to titrate when titration hasn’t been studied?

Total Score Distribution for EPI and Non-EPI Groups Comparison of Sub-Scores and Total Scores Between EPI and Non-EPI Groups

EPI Group
50 Non-EPI Group 200 Group
1 Non-EPI
. EPI
*
40
150 '
0
g% o
3 S 100 T
w
L]
20 .
M .
50 N
4
) él*
0 1
0
0 50 100 150 200 Abdominal Toilet Food Total

Total Score

Score Type

(n=155 with EPI, n=169 without EPI)

« EPI/PEI-SS demonstrated 0.86 AUC to discriminate between EPI / not
* Pilot data suggests can be used to track titration outcomes

“Development of Novel Symptom Score to Assist in Screening for Exocrine Pancreatic Insufficiency”.
Epidemiologia. 2025. DOI: 10.3390/epidemiologia6030048



... made easier

® Al Meal Estimation
+ Manual Meal @ Saved Meals

Previous Meals

‘4 Meal Insights 4

Q
@ Filter by: All mealsﬂ

1/2 chicken Parmesan
09/03/24 9:01 PM

1of Creon 36000 Unsure if it worked.
Fat: 25 Protein: 35 Carbs: 60 Cal: 605

One pill of Creon 36000 was used for 25 grams
of fat and 35 grams of protein.

Meal Description:
1/2 chicken Parmesan from Olive Garden
with gluten free rotini and tomato sauce

Symptoms: Gas, bloating

Macaroni and cheese
09/03/24 9:00 PM

2 of Creon 36000 It worked.
Fat: 20 Protein: 12 Carbs: 82 Cal: 556

One pill of Creon 36000 was used for 10 grams of
fat and 7 grams of protein.

Personal use

Fat Covered by One Pill

10 30
Protein Covered by One Pill

What does this graph visualize?
What does this data tell me?
How might | interpret these numbers?

How many pills per meal have |
been taking?

Tips for testing future meals

...and visualize what
works for you

Easily edit your meals
and update symptoms
or outcomes.

Enter Your Meal
1/2 chicken Parmesan
Fat (g)
Protein (g)

Carbs (g)

Use the scroll wheel below to select the number of
Creon 36000 pills you usually take with this meal.

Do you feel that this PERT dosage is effective for
this meal?

Yes

I'm not sure

No
Symptoms:

Gas, bloating

How much does this symptom
bother you?

Messy smelly stools that stick to the side
of the toilet bow!

| don't have this symptom / it does not
bother me

Slightly annoying

Bothersome

Track your symptoms
over time with the
EPI/PEI-SS

Research use

@DanaMLewis



Ato/Z

(But most of this is not feeding back into the drug development pipeline)

Analyzing data

Building apps to track data
Curating data to show HCPs
Deciding what is useful to track
Evidence finding & appraisal
Figuring out what was said
Goal creation and evaluation

Home triage (when to escalate care)
Insurance navigation

Journaling (structured or unstructured)
Knowledge seeking

Language and literacy

Medication comprehension

Nutrition analysis and ideas
Organizing and transforming data
Preparing for visits

Quick questions and comparisons
Research access (deep research, etc.)
Shared decision-making evaluation
Translating language and/or concepts
Uncertainty assessments

Voice capture

Workflow automation (transforming data)
X-ray & other imaging explanations
Yearly and other timeframe analyses
Z-scores & normalizing data



Problem area: data reporting resolution hampers everyone

“Using a cutoff of 20,
around 35% are positive.”

Negative Positive
0 20 40 60 80
A ; o o We don’t know if the
| distribution is thin-tailed or
Negative Weak  Moderate Strong :
0 20 Positive40 Positive 60 30 Positive heavy'taHEd.
1 Clinicians & Al are left to instinct
and bias to contextualize results.
Negative Weak Moderate Strong

Positive Positive Positive
0 20 40 60 30 @DanaMLewis | Dana@OpenAPS.org



This means:

If we can’t diagnose and/or characterize the
population, this influences recruitment and population
identification for drug development and trials

Limits interpretability of study/clinical trial data
Possibly studies the wrong thing for the wrong
audience

Limits downstream translation into clinical practice

@DanaMLewis | Dana@OpenAPS.org



Let’s think about:

Regulators:

 Make sure policies don’t penalize for RWE

 Make easier pathways for repurposing

Companies & researchers:

* Record & retain & report more granular data

 Make open datasets...and use pre-prints

e Actually make data available en+reguest

* Create pathways to draw in real-world data

* Existing drugs still have a lot of room for improvement
(titration, repurposing, targeting, etc.)

@DanaMLewis | Dana@OpenAPS.org



There is a lot of unknown
that we can know now — or soon —

by using Al.

@DanaMLewis | Dana@OpenAPS.org



We can’t fix everything (yet),
but we should do what we can -

NOW

@DanaMLewis | Dana@OpenAPS.org



Al in Biological Product Dev:
An FDA Hybrid Public Worksh

October 7, 2025 ;
National Press Club, Washington, D.C B



How is Biomedical Knowledge Generated?
& How Al Can Help?

Uncover patterns humans didn’t hypothesize

ML LLM
* Complex pattern finding

* Generate new hypotheses
* Virtual experiments

* Modeling/simulations

* Predictions

* Informed Rx discovery

* Unstructured to structured

* Summarizing/synthesizing data

* Language of nature/biology (bio-transformers)
* Talk with data

* Informed Rx discovery

Real-world evidence
Rare diseases & under-represented
Studies not otherwise possible & faster

Epidemiology (Population/Phase 4)
Translational (B2B)
Clinical Trials (Phase 1-3)

Lab Research (Basic/Bench Science)

Subpopulation effects Multimodal analysis

(Esp when sharing trial dat

Spectroscopy
Genomes
Multi-omics



o Clinical Post Marketing/Surveillance
Preclinical (Phase 1-3) (Phase 4) & Epidemiology



Clinical Post Marketing/Surveillance
(Phase 1-3) (Phase 4) & Epidemiology

Preclinical

Map disease pathways and find new therapeutic targets

Cellular Molecular
Function

Biologic
Class

cologic
Class

Disease resembles

Side Effect

Biomedical knowledge graph rm ulti-omics datasets

Nicholson DN, Greene CS. Constructing knowledge graphs and their biomedical
applications. Computational and structural biotechnology journal. 2020 Jan
1:18:1414-28.



Preclinical (Phase 1-3)

Tracking subsidence in China's

e

Drilling a climate record from
Antarctica's fraying edge p.262

Sel

Effects on surface water from

SARS-CoV-2 is evolving fast.
) hydraulic fracturing pp. &334 596

STRUCTURES

ccurately folds proteins p 871

Deep learning for protein and ligand modeling p.2s1

Post Marketing/Surveillance
(Phase 4) & Epidemiology

Reveal hidden target binding sites

Virtual screening /prediction of
millions of molecules that are likely to
bind to targets

Structure-based drug design

Structure—activity relationships to
predict a compound’s ADMET
properties:
* (Absorption, Distribution,
Metabolism, Excretion, Toxicity)



Clinical
(Phase 1-3)

Post Marketing/Surveillance

Preclinical (Phase 4) & Epidemiology

Search...

ar <1V > cs > arXiv:2509.06602

Computer Science > Machine Learning

[Submitted on 8 Sep 2025 (v1), last revised 11 Sep 2025 (this version, v2)]

Demo: Healthcare Agent Orchestrator (HAO) for Patient
Summarization in Molecular Tumor Boards

Matthias Blondeel, Noel Codella, Sam Preston, Hao Qiu, Leonardo Schettini, Frank Tuan, Wen-wai Yim,
Smitha Saligrama, Mert Oz, Shrey Jain, Matthew P. Lungren, Thomas Osborne

o Instructions
User Interface — Teams Word PowerPoint Excel Copilot Custgafapps
° |

@ Intheloop ——

Clinical trials agent

Clinician/researcher — Natural Language Interface

t

Agents
Healthcare
orchestrationagent ;s

Task decomposition Memory Reasoning Self-initiative (create new agents)

Al

Specialized Patient history agent  Radiology agent Pathology agent Cancer staging agent  Clinical guidelines  Clinical trials agent A M reation {Custom) agent cunica]Trials Gov
agents agent Egent
General reasoner
Ty um Paige Al um um um um
AT
p
Code Interpreter CX'R Med Virchow3: AJCC Guideline NCCN Guideline ClinicalTrials.Go
Imlge
M365 (Worlll PPT)
Chnlcal notes,
Tools& [ 12bs, medications,
knowledge ger\omnc data
T
Institutional
Unified data EHR PACS LS Internet Other

knowledge




Post Marketing/Surveillance

Preclinical (Phase 4) & Epidemiology

Clinical
(Phase 1-3)

l'f

EHR mining to identify patients who match trial criteria



Post Marketing/Surveillance

Preclinical (Phase 4) & Epidemiology

Clinical
(Phase 1-3)

Adaptive trial designs (supported by Al algorithms)
Monitor incoming data & adjust the trial (e.g., drop a futile arm or recalibrate dosage)



Post Marketing/Surveillance

Preclinical (Phase 4) & Epidemiology

Clinical
(Phase 1-3)

Digital Twin Control Arms

Example:
Participants may all receive the experimental drug.

Al generates a matched “digital twin” outcome for each patient as if they had gotten
placebo.



Clinical

preclinical Post Marketing/Surveillance
reclinica (Phase 1-3)

(Phase 4) & Epidemiolog

nature protocols )
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Thank you!
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Questions?
PLEASE SUBMIT HERE:

Hybrid Public Workshop on Artificial Intelligence in Drug & Biological Product Development
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Session 2: Data Quality, Reliability, Representativeness, and Access in
Al-Driven Drug Development

Moderator:

Lanyan Fang

Supervisory Pharmacologist, OGD
U.S. Food & Drug Administration

Moderator:

Hussein Ezzeldin

Associate Director, Advanced
Technologies, OBPV, CBER

U.S. Food & Drug Administration

Wesley Anderson,
Quantitative Medicine
Scientist

The Critical Path
Institute

Michelle Longmire
Co-Founder and Chief
Executive Officer
Medable, Inc.

Sheraz Khan,
Senior Director,
Generative Al
Pfizer

Hybrid Public Workshop on Artificial Intelligence in Drug & Biological Product Development



e,

YEARS

OF IMPACT

E 4

CRITICAL PATH
INSTITUTE

Building Reliable Al for Drug
Development: Insights from

The Critical Path Institute

Wes Anderson, Ph.D.
Scientist, Quantitative Medicine

Advancing Drug Development. Improving Lives. Together.




The Problem ( fﬁg:gﬁh"”z@?s

Lab discovery to regulatory-approved therapy is slow and costly with a high failure rate*

DRUG DISCOVERY CLINICAL DEVELOPMENT APPROVAL

Phase Il Phase llI

10-15 Years

*90% drugs in clinical development ultimately fail




The Solution ( fﬁg:gﬁ%;ﬂz@s

Forge diverse collaborations

o e Freles Craft tools and solutions Achieve regulatory success
FDA
) lSr;IdeuﬂSJ;[I?;S& research Ml Biomarkers e 8 Qualiﬁcations
. (Z) Decisions Clinical
* Regulatory agencies frj Date Management 11 Letters of Support Impact
— » 1 Fit for Purpose
» Patient and patient — >
} advocac > > "8 Regulatory/ endorsement >
y groups (>£ Development Science EMA 7
* Industry leaders wre
Y L Ii!:::lmil:]:zome 9 Qualification Opinions |
* Donors and o * 10 Letters of Support
philanthropic (@) Modeling and
community 8] Analytics PMDA
* 1 Qualification Decision




The Data Pillars of Responsible Al-Driven
Drug Development ( fgg:g@gm2?’ps

Garbage in, Garbage out — bad inputs degrade

Data Quality model performance

Accurate, complete, and consistent data

Data Reliability ensure proper performance

Prevent bias, promote fairness, and ensure

Data Representativeness reliability

Without usable, shareable data, model

Data Access . :
training is constrained



Quantitative Medicine

4 N\ 8
oA 5 5 7 . # < C-Path Data Repository
Data Investigational User
— [ --e] Database Friendly,
gl ustry — Secure
nical Trials @I m
* Observation s Cloud
al Studies Interface
* Natural
History i R—
- > e[| ncomine ~cEDd
« RWD Data Vault Curation s o Aggregated
i) torage Standardization Data
- AN J . J \
;) De-identified Quality Control CDISC Quality Control
1 HIPAA compliant Quality Control
N\
US Food and Drug ( C-Path m
Administration i oy
Our Impact ACTIONABLE i <«—| Quantitative \ /d:}
European Medicines Medicine
DRUG DEVELOPMENT Agency Program
. Opﬁmlutrlﬂ Regulatory endorsement C 7 N
design, patient and Approved Users &
endpoints selection Rl (Contributor-
« Determine primary permitted dasets %)
statistical analyses 7 only) 2o
* Sample size
calculation — D )
& mb" decision Data Platforms ' '
making

(Contributor-permitted . -
dasets on
- i J

(

CRITICAL PATH

INSTITUTE Y%?S

c-path.org



Use Case Example: TIDCTE Tool (s

Purpose: Developed to support clinical S
trial enrichment strategies using islet CEIaTeiic z“‘r‘;iégf;;ﬁ? &

autoantibodies (AAs) and clinical features N .
to optimize prevention trial design in
T1D.

<5% of subjects with Full Longitudinal Data
0 OGTT & HbA1c >200,000 subjects

@ Uses a time-to-event predictive 2220 e
model for T1D onset < T o ’Ezz%.‘szﬂ:,?::t?m‘““’

‘ C-Path’s Derived Baseline
2,022 subjects

Model estimates the time-varying 100% aaravas: |
probability of T1D diagnosis

Derived Baseline
First record for a subject with = 2 AAs and complete

OGTT/HbA1c information




Use Case Example: TIDCTE Tool (cont) -
Synthetic Data Generation T '@Rs

* To increase accessibility of the tooling, patient privacy must be considered

T1D Clinical Trial Enrichment Tool Home About
—
T1D data

Plot Summary Tables Islet Autoantibodies

Subject Characteristics
1.00-

X Subjects (n): Male Subjects (%):
Synthetic data o o R
generation st —
User inputs algorithm Baseline Age (yrs): Baseline HbA1C (%) 0.75-
0B “ s+
- —

120-minute OGTT Glucose (mg/dL):

= @ 2]

Synthetic
cohort

Synthetic
data

Do you want to enter specific percentages of Islet
Autoantibody Combinations?

Probability of T1D Diagnosis
°
1
3

°
N
a

D GAD65_IAA O GAD65_ZNT8 [ 1A2A_ZNT8
1A2A_1AA ZNT8 () GAD6S5_IA2A_IAA ZNT8

Time-to-Event
model

1A2A_ZNT8
75 0.00-

ORun 0.0 0.5 1.0 1.5 2.0 25 3.0 35 4.0 4.5 5.0 5.5 6.0

Time (Years
Results : :
& Download Report

* > 2islet autoantibodies now a qualified biomarker for clinical trial enrichment in T1D
Link to the tool: https://t1d-cte.c-path.org/

Pauley M, Henscheid N, David SE, Karpen SR, Romero K, Podichetty JT; Type 1 Diabetes Consortium (T1DC). T1dCteGui: A User-Friendly Clinical Trial Enrichment Tool to Optimize T1D Prevention Studies by Leveraging Al/ML Based Synthetic Patient
Population. Clin Pharmacol Ther. 2023 Sep;114(3):704-711. doi: 10.1002/cpt.2976. Epub 2023 Jun 30. PMID: 37326252.



The Clinical Impact ( ICNF<;1:$3%EPAT2@95

Clinical Impact

Alzheimer’s disease 2 Clinical Trial Simulation (CTS) Tools, 2 biomarkers First disease-modifying drugs
Tuberculosis Multiple quantitative tools First new drug and drug regimen
Polycystic Kidney Disease CTS Tool and model-based imaging biomarker First disease-modifying drug
Type 1 Diabetes Model-based biomarkers First prevention drug

Label expansion for symptomatic
drug

Irritable Bowel Syndrome with

e Diary for symptoms

Data & Analytics Platform to support generation of

external controls First disease-modifying drug

Friedrich’s ataxia

Duchenne Muscular 5 disease progression models, 3 CTS tools, 1 First non-steroidal treatment for all
Dystrophy biomarker variants

Kidney Transplantation Composite biomarker endpoint Pl e (e e G TS

Parkinson’s disease 3 CTS tools, 1 biomarker, multiple DHT solutions improved drug tools and trial
strategies for faster clinical

development

Huntington’s disease Staging system, 3 disease progression models




In closing, (s

The real foundation of the future of drug development isn’t just algorithms. It's
data, and not just any data:

@ Data that is clean, complete, and curated.

% Data that reflects real-world diversity.

PN

i Data that is trusted, shared, and governed.

The proper data infrastructure makes good models possible through data that is
fit-for-purpose, regulatory-grade, and designed to serve science, not skew it.



INSTITUTE

( CRITICAL PATH

Advancing Drug Development.
Improving Lives. Together.

c-path.org




Using Data to address

bottlenecks in drug development

Rebuilding Trial Execution with Data and Agentic Al.




The White Space:
Where Data Gaps Slow Drug Development

Phase I Phase II Phase III

CRAs spend 31 hrs/month on administrative burden alone*
Protocol amendments add 4-6 months and cut enroliment by >30%*
Study start-up averages 8 months from site ID to activation*

Every day of delay costs sponsors $600K-$8M*

Tufts Center for the Study of Drug Development (CSDD) Impact Reports (various) Copyright © 2025 Medable




We've reached the limit of

human-only clinical
development




Agents for life sciences

Manual & Disconnected % Agentic & Human-in-the-Loop

External Systems MCP Service

MCP Veeva

Outlook

Agent Runner
MCP Outiook \ "

Tool Call

GSK DDF \

MCP DDF

Google models

Open Al
Runner
Get Credentials

Anthropic
Studio Library \

EDA MCP Config
o G pert ;

—

B
Get Agent Config

/

Agent Config

Credentials /

RAG

Knowledge Pools

Copyright © 2025 Medable



Connecting Systems in Clinical Research

Copyright © 2025 Medable




Example: the CRA Agent

Purpose:
Assists Clinical Research Associates in
preparing for and conducting site visits.

How it works:

—Pulls data from CTMS, EDC, RBQM systems
—ldentifies site-specific risks

—Suggests follow-up actions

—Pushes them to downstream systems.

Value:
Saves CRAs time, enhances site oversight,
increases quality signal detection.

Disparate Systems

p @ @
® ¢

B G

VN

Into streamlined intelligent dashboard

[X] Medable

© Good morning, Angela




What works and what's next

Seamless data integration &

) ) CAPTCHA paradox: Agents blocked by human verification
Automated risk detection

systems. API access through MCPs solves this problem

Dependence on the LLM’s reasoning quality: Agents can
only reason as well as their model;

Shifting mindsets from deterministic to agentic systems:
Agentic models mirror human variability. Regulations built
for deterministic software now face the challenge of
governing probabilistic, reasoning-based systems while
still ensuring patient safety.

Copyright © 2025 Medable




Foundation Model for Wearable Data
Session 2: Data Quality, Reliability,
,)ﬁzer Representativeness, and Access in S

AI-Driven Drug Development
0000
Building the Foundation:

Shared Foundation Model

FMs FMs Models
[ J [ J [ J [ J
or Digital Endpoints in
Processing Assessment Context
« Vital Signs « Activity * Reports

Drug Development

Sheraz Khan, Ph.D.

David Isom, B.Sc Integrated Foundation Model

Multimodal Health Insights

Pf|Ze r In C. Personalized + Contextual * Predictive
Artificial Intelligence in Drug & Biological Product Development +
FDA/CTTI WorkShOp October 7' 2025 [ Clinical DeCiSi\‘,)vneﬁ:::::.;g(?:‘;te Monitoring ]




Task-Specific Narrow Al approaches fail to address the complexity
and diversity of real-world digital health data

Limitations of Narrow Al Foundation Models (FMS)

Reframing noise, as contextual

Task-Specific and Brittle Vast features to be modeled, not
. . . . Unlabeled errors to be "fixed"
Poor generalization across diverse populations, Datasets

devices, and "in the wild" conditions . . .
Self-supervised learning inherently trains

! Foundation
models to reconstruct signals

Scalability Challenges & Poor Generalization peocel

Heavy reIiancg on manual feature engineering Post-training
and task specific large labeled datasets Fine-tuning &

alignment

Generalizes to
. . Adaptive and Inherited Masking (AIM) learns directly Unseen
The Spectrum of FMs for Digital Measures  fromincomplete data without requiring imputation Datasets

Type Data Source Primary Function Example Applications
Physiological FMs Raw Sensor Data (PPG, ECG, Signal processing and feature Vital sign monitoring, arrhythmia
ACC) extraction detection
Behavioral FMs SDlzg\;;()ad e (Sitefae, IRY, Functional capacity assessment  Activity patterns, fatigue monitoring

Sensor-Language . . .
Models guag Numerical + Semantic Data Interpretability and context Personal coach, health assessment

Lee et at., 2025, Erturk et al., 2025, Khasentino et al., 2025, Cosentino, et al., 2024



Foundation models enable unprecedented scale, adaptability, and
efficiency in drug development

Raw Sensor Streams

PPG Signal
@ 100 Hz sampling

~— — ——

ECG Signal
@ 250 Hzsampling

ACC Signal

50 Hz, 3-axis
T T~

Derived Behavioral Metrics

Activity Patterns
@ Steps, MVPA
[ [

Sleep Architecture
@ stages, efficiency, SOL

HRV Domains
@ RMSSD, pNN50, LF/HF

KEY ADVANTAGES

Robustness & Generalizability Enhanced Sensitivity

Captures conserved patterns across Uncovers subtle temporal dynamics: Rapid fine-tuning with minimal
circadian, motor, cardiovascular

populations, devices & trial sites

Physiological FM

Raw Signal Processing

+ Contrastive Learning (SimCLR)
» Masked Autoencoding (MAE)
« Transformer Architecture

» 100M+ parameters

Behavioral FM
Pattern Recognition

» Temporal Context: Days-Weeks

« State Space Models (Mamba)
« Attention Mechanisms
* Long-sequence Processing

......................

Efficient Adaptation

labeled data requirements

Physiological -
Embeddings

Comprehensive
Health State

+ Cardiac patterns

« Respiratory dynamics
* Autonomic tone

Outputs:

* Stress response . .
* Disease risk scores

Multimodal Fusion

Cross-Modal Integration . Wellness indices

« Cross-attention layers
« Feature alignment
« Complementary weighting

____________________ * Alert generation

Behavioral
Embeddings

* Trend analysis
* Anomaly detection

+ Activity patterns * Recommendations

 Circadian rhythm * Clinical insights
« Sleep quality

N mmmmm—————————————

« Functional capacity

CLINICAL TRIAL IMPACT

Patient Stratification Efficacy Endpoints Safety Monitoring Novel Biomarkers

Digital phenotyping identifies  Continuous real-world Real-time physiological Discovery beyond
responder subgroups function measures perturbation detection predefined features

Lee et at., 2025, Erturk et al., 2025, Khasentino et al., 2025, Cosentino, et al., 2024




A pre-competitive shared responsibility, foundation model
ecosystem addresses critical gaps in quality, equity, and efficiency

Pre-Competitive Foundation Model Ecosystem: Bridging Critical Gaps in Quality, Equity, and Efficiency
Current State: Fragmentation ~ Pre-CompetitiveModel

Quality & Comparability Representativeness

Harmonizing feature spaces Broader demographics &
across fragmented devices mitigating biases

Consortium-Al

>

Foundation Model

Efficiency Transparency

Avoiding duplicative Model Cards & auditable
validation efforts training protocols

* Duplicative efforts * High barriers to entry
* Incomparable results ¢ Limited transparency Enabling cross-study comparability and accelerating digital endpoint adoption across the industry

Shared Responsibility framework for Foundation Models

FM Developer (Model Steward) Application Developer (Sponsor)
Ensuring robustness of base model Validating fine-tuned model for specific clinical CoU
Comprehensive documentation “ Context-specific performance evaluation
Fairness and bias mitigation Regulatory submission for specific use case

Transparency in training methodology Post-market surveillance



The path forward, reqgulatory and governance challenges for

foundation models in drug development

Model Transparency & Interpretability

Continuous Adaptation & Stability

Data Governance & Privacy

Agentic System Reliability

@I'») Algorithmic Fairness & Equity

00000

@ Challenges

@ Current Limitations

@ Proposed Solutions

p
« "Black box" nature

* Complex models exceed
interpretability

» Frameworks assume
model access

- XAl insufficient for clinical

* Risk-based transparency tiers

* Model Cards & robust XAl
development

p
» Performance drift risks

» Emergent behaviors

* Designed for "locked"
algorithms

» Burdensome change
\

» PCCPs implementation

* Real-World Performance
Monitoring

-
* High-volume sensitive data

* Re-identification risks

|+ Data quality across datasets

p
* HIPAA/GDPR scale

challenges

- FM processing requirements

« Differential privacy, federated
learning

» On-device processing

« Security vulnerabilities

« Hallucination risks

,
« Limited autonomous

guidance

L Difficult safety validation

p
» Red Teaming, RAG

* Human-in-the-loop oversight

» Non-representative data
biases

« Differential sensor
\

p
* Lack of fairness metrics

« Insufficient subgroup
emphasis

y
» Mandatory bias audits

« Fairness-aware ML & diverse
validation




Industry collaboration in the next 12 months could establish the
foundation for digital health innovation

Key Takeaways Collaboration Model
Transformative Potential Consortium & Governance Structure
FMs offer a paradigm shift for developing objective, sensitive Establish cross-industry, academic, and regulatory working
digital biomarkers groups

Shared Benefit Data Contributions Framework

A pre-competitive foundation model raises the floor on

Share privacy-preserving frameworks for sharing diverse, de-
reliability and equity

identified sensor data

Regulatory Alignment Open Evaluation, benchmarks & Endpoints

Collaborative approach streamlines regulatory pathways and Public benchmark endpoints and standardized documentation

validation templates

What Next
28 Join the Steering Group S Nominate Datasets %’ Initiate Pilot Project
Tgi/setfndaﬁi;tgr?(rjsstfnrg:?dl?zt:t?on Contribute diverse datasets and propose Participate in shared FM benchmarking
gover benchmark endpoints for evaluation focused on fairness and generalizability
working group for wearable FMs
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FDA/CTTI Al meeting

Al model performance, explainability,
and interpretability across the drug
development life cycles

| //

T



(

Bridging Performance, Interpretability & Explainability for Regulatory trust )

Performance Interpretability Explainability
¢ How well the model works measured ¢ How well humans understand why it e How well the model (or agent) can
usually with accuracy, efficiency & works communicate its decision in a way
speed stakeholders trust

Performance earns attention, explainability earns trust.

© 2025 Saama



Al Use cases

Planning phase Trial conduct phase

e Site selection e Data Management

e Study builder o Anomaly detection
e Protocol drafting o Query Management
e Data Review plan generation e Monitoring

e Metadata mapping o RBQM

o Data surveillance

Submission phase

e Analysis & Reporting
o SDTM generation
o Tables Listing and
figures analysis

e (SR generation

Clinical Development

© 2025 Saama



Approach to Responsible Al ()

Operationalizing Core Principles Through Quality & Development Standards

Al Development & Lifecycle Verification, Validation & Acceptable Use
Management Monitoring
e Lifecycle Management e Model Verification e Al Tool Evaluation
e Security and Privacy by Design o Fairness o Vendor Management
o Security and Architecture o Performance o Tool Evaluation
Reviews o Security o Access Management &
o Regulatory, Compliance, and e Model Validation Reviews
Data Privacy Reviews o Valid & Reliable o Humanin the Loop
o Secure Coding Practices o Explainable philosophy
o Interpretable e Training and Best Practices
e Monitoring e Implementation & Monitoring

Al Governance Framework

© 2025 Saama



Explainability and Intrepretability (

Moving from “Black box” to “Glass box”

Interpretable
Al

Transparency

Shows which variables or inputs most
influenced a prediction

Example: site selection model highlighting
patient density and investigator track record

Converts model reasoning into language
that regulators, clinicians, and patients can
understand

Example: “black box to glass box” explaining
the “thinking,” “planning” and “action” of a
reasoning model

Traceability

Focused on internal logic and
reproducibility

Example: anomaly detection flags
linked to actual source data
anomaly to explain

Links model outputs back to
underlying datasets and decisions
Example: CSR generation where
each sentence maps to trial data
tables

© 2025 Saama



Implementation of Explainable Al

Integrated into our Model Development Life Cycle

Planning &

Design

Define the model's
intended use

Justify the model choice

Identify specific input
and output data

Embed an interpretable
validation approach

Establish human
oversight from the start

Development

Prioritize a human-in-
the-loop approach

Document model
decisions and their
rationale

Balance explainability
with intellectual
property protection

Validation

Validate model accuracy,
robustness, and safety

Provide a Confidence
Score for each prediction

Align with FDA guidance
on Good Al/ML Validation
Practices

Use statistical items
and citations to prove
output validity

Monitoring &
Maintenance

Continuously monitor for
drift and hallucinations

Trigger retraining when
performance degrades

Provide transparency
and communication to
user via user manuals

Ensure accountability
with an Al Governance
Framework Policy

© 2025 Saama



Thank you!




@"I:'HE LIGHT
OLLECTIVE
Patients In The
Drug Development Al Loop

Performance, Explainability, Transparency, and
Interpretability For Patients As The Ultimate Stakeholders

Andrea Downing
www.lightcollective.org




THELIGHT
COLLECTIVE

MISSION: Advance collective rights, interests, and voices.of
patient communities in healthcare technology.




Patient Partnered Innovation:
Historical Perspective

2. Became 3. Transformed
g Clinical Trials & 5. Targeted
1. Built Experts in the Pollch Dl
Community-Led Science
Networks for

Survival

Examples:

HIV Community - AZT Got FDA Approval
Type 1 Diabetes -~ Continuous Glucose Monitoring
Cystic Fibrosis Community ---> Kalydeco
Breast Cancer Community -~ Herceptin
Long Covid Community - Off Purpose Targeted Therapies




How might we design and govern Al to serve
patients as the ultimate stakeholders?

Q 34: How do you feel about the use of Al in Healthcare?

B Agree

[ Disagree

91% of patients in our network
wanted to be informed if Al is
being used in their care.

Neither Agree nor Dis...

| want to be informed if Al is being used in my care.

As long as the information is accurate, it's okay if Al provides it.

Al will help eliminate discrimination and inequities in healthcare.

Al use in healthcare does not need to be regulated by governme...

do b gl S o s
" T S S

..... But HOW do we do this?

Source: The Light Collective. Tangled in the Web 2024: Patient Safety &
Privacy Concerns When Seeking Knowledge, Community, and Support Online.

www.lightcollective.org

Q 33: How concerned are you about the following potential risks of using

artificial intelligence in healthcare?

B somewhat Concerned

Not Concemed

Negatively impact your healthcare

Using your information without your consent

False information/ misinformation

Lack of transparency re. how Al makes decisions

Increased security risks

Incorrect diagnoses

, medication, etc.

Discrimination and/or bias

0% 20% 40% 60% 80% 100%

&



Explaining, interpreting, or building transparency for

patients at scale ....

If you let Al algorithms sit in an active system, it can drift to better or drift to worse — and you don’t know unless you

measure it.

Known risks of generative Al in healthcare
— the ‘known unknowns’

Lack of transparency: Specific to LLMs,
there is little or nil transparency on
pre-training data as developers rarely share
this openly. Contention over copyright

and intellectual property infringement has
surfaced when developers use copyrighted
data or paywalled documents in the
pre-training process without seeking
approval. Model distillation is a technique
designed to enhance computational
efficiency of LLMs by taking the outputs

of a larger, more complex model to teach

a smaller model to achieve a similar
performance. Model or knowledge
distillation using proprietary, closed sourced
models may infringe on intellectual property
laws. There are some models that use
synthetic data for pre-training, which may be
undetectable.

Lack of explainability: The process by
which GenAl or LLMs derive an output is
often opaque. The introduction of reasoning
models such as OpenAl’s o1, Claude 3.7,
Gemini 2.5, DeepSeek R1 may mitigate

this risk to some extent, by displaying the
chain of thought, or reasoning process

of LLMs in output derivation. However,
reasoning coherence in complex medical
contexts such as analyzing multi-modal

data (imaging, laboratory results or patient
history) for differential diagnosis remains
unproven.

Hallucinations: Sometimes referred to

as confabulations, hallucination is the
generation of plausible sounding but
incorrect or nonsensical answers, leading to
misinformation in medical contexts.

Bias: Generative Al or LLMs may

perpetuate existing biases present in

their training data, resulting in unfair
treatment recommendations or diagnostic
inaccuracies for certain populations.
Traditional techniques used to reduce Al
model bias such as data resampling may not
be applicable to pre-trained LLMs.

Data privacy: The use of patient information
for LLM pre-training or fine-tuning without
obtaining explicit informed consent
contravene rights of data policies.
De-identified or synthetic data generated
using real patient data may run into the risk
of re-identification.

~ tibility to ad: 2 1

Both open-source and closed-source LLM
systems are susceptible to adversarial
attacks such as prompt injection, potentially
compromising sensitive patient information
and disrupting clinical operations.

| Not covered

Transparent reporting

Quality assurance

Approval

Principles that apply
broadly to medical Al tools

Intended use

Phase of TLPC
Device definition
Risk categorization

Framework or checklist

CHART*
CLAM
CONSORT-AI

Principles that apply broadly
to medical Al and/or specific
to GenAl/LLM tools

Details on operationalizing
Bl erinciptes, broadly
applicable to medical Al

Dataset diversity

Testing and Bias
°

- 1 2 e
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Details on operationalizing

. principles, specific to
GenAl/LLM tools

Post market monitoring
3
-4
B g
] P
= k] o2f E
] = £2 8
2 T 88 =
e 8 £2 2
S £ §8 g
2 3} SE &

removal

DECIDE-AI

PROBAST-AI
TRIPOD+AI [

TRIPOD-LLM |

CHAI responsible Al checklist |
CARE-AI* [

CRAFT-MD |

FUTURE-AI* |

HEAAL
STANDING together

WHO ethical Al guideline l

WHO LLM guideline

FURM
GENAISIS*

ABCDS
EU medical device regulation
FDA guidance for Al medical device

NHS guidance on ambient Al scribes

-

Ong, J.C.L.,, Ning, Y., Collins, G.S. et al. International partnership for
governing generative artificial intelligence models in medicine. Nat Med
(2025). https://doi.org/10.1038/s41591-025-03787-4




PATIENT
Al RIGHTS

GORDON AND BETTY

MOORE

FOUNDATION

THE LIGHT
COLLECTIVE

Patient-Led
Governance

Patients at risk should
be central to creating
AI healthcare rules
and standards.

Transparency

Transparency in AL
healthcare requires
informing patients
about data use, AI-
driven guidance, and
providing evidence of
Al efficacy in care.

Identity
Security and
Privacy

Al in health must
ensure patient safety,
privacy, and identity
protection while
respecting their
choices.

Shared
Benefit

Al in healthcare must
fairly include and
benefit those who risk
the most, particularly
patients.

Independent
Duty to Patients

Al in healthcare must
uphold the fiduciary

duty to prioritize patient
care.

Self-
Determination

Patients’ right to self-
determination means
they should have the
option to choose or
refuse Al
interventions in their
care.

Right of
Action

Organizations must
bear the risk for AL in
healthcare and provide
legal remedies if AI
causes harm




Translation:
Information shared in

linguistically & culturally
meaningful ways

PATIENTS
IN THE LOOP

MONITORING:
Patient communities:

report outcomes + e
mitigate risks. COLLECTIVE




Bringing PAIR To The Health Al Community:
Emerging Al + Policy Initiatives

V|
(E NATIONAL ACADEMY OF MEDICINE W
American Association ealth Care
AAC_R for Cancer Research’ = Artificial Intelligence AcademyHealth
“* Code of Conduct
RICE UNIVERSITY
Medical Humanities Research Institute
l_l A H L I California State
AAAAAAAAAAAAAAAAAAAA et Assembly

P Stanford H ‘ Sl nfo l:ﬂu‘i"f ity = &= | EARNING AND INFERENCE s
¥ MEDICINE / Al mtigon

@ b L CANCER
Coordinating Center for P P
Diagnostic Excellence CO-HOSTED BY
5% HARVARD
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{\\ California Health Care Foundation sewet AI L é




FUTURE

PATIENT-GOVERNED
Al OVERSIGHT COUNCIL

Pilot independent,
patient-led body co-ch-
airs with clinical expertg

BUDGET
Dedicate 10% of &
Health Al budgets =
o patient governance. L
| infrastructure.

Fund capacity building 1

DIRECTIONS

PROCUREMENT
POLICY FOR
INSTITUTIONS

| Bake patient governannce
and safety/quality criteria
into RFPs and vendor
onboarding
DEPLOY PATIENT-
GOVERNED Al
| SANDBOXES
Create a test bed for Patient
Al Rights Initiative's principles
\ into practice. Co-produce
- consent tools, patient-led
ovaluation metrics, and opt-
out/appeal flows embedded |
in portals and care navuga‘aon

THE LIGHT
—COLLECTIVE
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User-Centric Design
for Explainability,
Interpretability, and
Transparency for

Enhancing Trust in Al
for PV

User-Centric Design FUA

¢ Placing the PV safety reviewer end user at the center of how Al tools are
designed ensures the system aligns with their workflow and decision-
making processes

e Explainable Al answers the question "Why" an Al system made a particular
decision*

e Interpretable Al refers to the meaning of Al systems’ output in the context
of their designed functional purposes*

Transparency, Model Performance, & Trust

¢ Methodology documentation and a user interface that enables users to
validate or correct outputs fosters transparency and trust among PV end
users, even when model performance is imperfect

Information Visualization Platform (InfoViP)

¢ InfoViP’s Individual Case Safety Report (ICSR) Deduplication Pipeline and
Assessability Classifier demonstrate how user-centric design can support
Al trust and adoption




The Need for Al in Pharmacovigilance

Information

Background Challenge Visualization
Platform (InfoViP)

Pharmacovigilance The FDA Adverse Event Al-enabled Decision Support Tool
: All.St::I.entlfIC A dgta B Reporting System (FAERS) * Deduplication Pipeline for duplicate detection
activities for detfactlon, assessment « >31.9 million ICSRs; receives >2 of ICSRs
die L:nderstandlng pliaduerse million reports annually * Assessability Classifier for low information or
events . ’
. Individual case safety report (ICSRs) } YdiauiacataqUELy eellz i seEse ey (E 00
are an important data source for - L onm sl s ee 2 User-Centric Design Approach

ongoing monitoring post-market drug unstructured formats

safety surveillance to detect adverse
event safety signals

* Collaborative development with end users
* |[terative feedback integration

* Platform and user interface designed to
enhance Al explainability, interpretability, and
transparency to foster trust and user adoption

— Good Pharmacovigilance Practices and Pharmacoepidemiologic Assessment. March 2005.

— FDA’s Adverse Event Reporting System (FAERS) Public Dashboard (accessed 9/28/2025)
Spiker J, Kreimeyer K, Dang O, Boxwell D, Chan V, Cheng C, Gish P, Lardieri A, Wu E, De S, Naidoo J, Lehmann H, Rosner GL, Ball R, Botsis T. Information Visualization Platform for Postmarket Surveillance Decision Support. Drug Saf. 2020

Sep;43(9):905-915



User-Centric Design Enhances Explainability, Interpretability, and Transparency

Q

Beyond Performance Metrics Explainability

High precision and recall may be insufficient Builtinto the design by aligning with safety
for user trust and adoption as users reviewers’ workflows and a Ul showing key

expressed need for explanations for, and features contributing to the output
understanding of, the output

InfoViP was developed
using user-centric
design to foster user
trust and Al adoption a

o

Transparency

Demonstrated methodological
documentation through publications and a Ul
enabling human in the loop validation or
correction of outputs

Supported through a Ul that organizes and
visualizes data to enhance user
understanding and aid in decision-making




InfoViP ICSR Deduplication Pipeline

Figure 3. Majority of users
indicated ‘medium and high’
confidence in and were ‘very
likely’ or ‘likely’ to use the

Issue
— Duplicate ICSR records can skew or misrepresent actual drug safety signals
— Contribute to operational inefficiency

Other Elements.

Applications of User-Centric Design deduplication output
Figure 2. Representation of Ul enabling visualization of NLP- 16
derived evidence from ICSRs to support human in the loop i
Figure 1. Alignment of InfoViP’s multi-step deduplication verification of duplicate reports e
pipeline with safety reviewers’ manual workflow builds in £
o
explainability Sample Case 1 Sample Case 2 é 10
Age % 8
i Step 1 " ; Step 2 ; Date of E
Export FAERS Birth 6
gty oy o s S 5
computarzad across two or more reports s e e Sex =z 4
‘ Date of Birtn - & = .
Patient ID Py i i ee o’ N

High Medium Low

How likely are you to use the Deduplication Algorithm for this
type of use caselreview?

Is FAERS case series
sufficiently deduplicated?

Deduplication complete

Narrative

Number of Responses
@

* Kreimeyer K, Menschik D, Winiecki S, Paul W, Barash F, Woo EJ, Alimchandani M, Arya D, Zinderman C, Forshee R, Botsis T. Using Probabilistic Record Linkage of Structured and Unstructured 2
Data to Identify Duplicate Cases in Spontaneous Adverse Event Reporting Systems. Drug Saf. 2017 Jul;40(7):571-582. 0

* Kreimeyer, Kory & Dang, Oanh & Spiker, Jonathan & Gish, Paula & Weintraub, Jessica & Wu, Eileen & Ball, Robert & Botsis, Taxiarchis. (2022). Increased Confidence in Deduplication of Drug Very Likely Likely Neutral FM\
Safety Reports with Natural Language Processing of Narratives at the US Food and Drug Administration. Frontiers in Drug Safety and Regulation. 2. 918897. 10.3389/fdsfr.2022.918897.

* Kreimeyer K, Spiker J, Dang O, De S, Ball R, Botsis T. Deduplicating the FDA adverse event reporting system with a novel application of network-based grouping. J Biomed Inform. 2025 May;165:104824.




InfoViP ICSR Assessability Classifier

Issue Figure 1. Top contributing NLP-derived features displayed in Ul to enhance understanding of output
— Incomplete or low quality ICSRs and support human in the loop verification
— Operational inefficiency

Product A Last Month 2/1/2024: Line Listing of Cases

v “Case® v  RecdDate v Outcome v Sex v Country v EventDate v |

Case Number Search x

& A 111018281 10-JAN.2024 MALE 20.-DEC-2023

US-DAIIC... Gastroententis viral, Pro

Narrative Search x USA

Medical History Search X

Applications of User-Centric Design T

B & A 111025381 20-JAN-2024 FEMALE USA OCT-2023 US-GSK- Heart rate increased, P

Assessability @ This report is classified as Assessable (0.55). @ @ )T FEMALE  USA 01-APR-2023 FDA-CDE Tromor. Panic stiack. NS
Assessabe (41 Reasons for the dassification (in order of contrbution to the clas y
v} sse33abie 3
s ’ oda ot NOTSEL... USA FDA-CDE Drug ineftective
Assessability Score
. nack /Lkchach of US-TEVA Limb discomfort, Feolin
< % . ¢ US-APOT Drug ineftective
Figure 2. Safety reviewers can : e 2
ol N
choose to view, explore, and [ Atematve Exciogy  (0)
P % Doesnt Meet Case {0)
analyze all classification features, SRS
including NLP-derived evidence, Has Notes
through an export function QetiaiinnSpsant 111248301 05-JAN-2024 DS, LT MALE 01-JUN-2020 FDA-CDE... Eleciric shock sensation.
: 3 Apply Filters
enabled through an interactive Ul

Number of Coded With Primary

Primary Narrative From Many Number of  Contains Causal- Structured Symptoms  Amount of Text Frequency of
FAERS Assessability Adverse Events e Structured Reporter is Length of CDER/OSE Onset Within Suspect Stoj
ibility g Ae Diagnosisin  Medical History DO Literature Concomitant et ) Concomitant Related Text 2 / Report Type 5 Medical History Before Content With  Unknowns in
Case # Score Found Onlyin  Value Present e Medical Expert Narrative Designated 30 Days Date Value
Text (Pre-morbid Source Products, Products; Term 2 Value Pres Exposurt Timestam, Text
| - T I [ T - T - s T - - - T - W - W | :
ed - - -) The - eport 0 ool |(-) -

02 (-)1 -) No (+) Adiagnosis (+) The NLP tool (+) Yes -) No -) No -) No (+) There is text (-

Unassessable

=

was found in detected at in the

the narrative  least one structured
(generally with medical history medical history m
keywords "pDx" features within imentation) field p

or "diagnosis”) the narrative

* Kreimeyer K, Dang O, Spiker J, Muinoz MA, Rosner G, Ball R, Botsis T. Feature engineering and machine learning for causality assessment in pharmacovigilance: Lessons learned from application to the FDA Adverse Event Reporting System.
Comput Biol Med. 2021 Aug;135:104517



Extending User-Centric Design to Large Language Models (LLMs)

A key challenge with LLMs is limited user trust due to the “black box” nature of its outputs

Exploratory Application of User-Centric Design

* Modular LLM-powered Deduplication Pipeline*
— Aligns with manual ICSR deduplication workflow; follows logical stepwise approach
— Applies structured sequential prompts to guide LLM through each stage of deduplication process (Figure 1)

o LLM Filter: Extracts key features from ICSRs, filters ICRs likely to be duplicates | Figure 1.* Modular LLM-powered Deduplication Pipeline
o LLM Decider: Uses chain-of-thought prompt for ICSR duplicate classification o dorci _
500cases) andidate (M ) TestCase
o LLM Validator: Provides reasons and explanations for its decision - e | LLMFilter | N, Decider
& ’ )
Datasets
* LLM for ICSR Assessability e
— Developed and refined expert-driven prompt rules to define e bodsprer No
. rmasets
assessability based on user feedback oot .
— LLM prompts include instructions to generate evidence S e
behind outputs to enhance explainability stz el = N
intervention

*Wu L., Xu J, Dang O, Ball R poster at 4" Global Summit on Regulatory Science Annual Conference Sept. 18-19, Little Rock, AR



Building Trust Through User-Centric Design for Al in PV

* Performance metrics alone may not be enough as accuracy doesn’t
guarantee user trust or adoption

» To bridge the gap, user-centric approaches, including thoughtfully designed Ul,
can complement and enhance explainability, interpretability, and transparency

Summary

* |n our explorations, we observe that user-centric design approaches
might be extended to “black box” LLMs to foster trust

* Collaborative development with end users, supported by iterative
feedback integration, is essential for building trust
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Rebecca Nebel

Senior Director, Science and Regulatory
Advocacy

PhRMA

Jessilyn Dunn

Assistant Professor of
Biomedical Engineering and
Biostatistics & Bioinformatics
Duke University

Hybrid Public Workshop on Artificial Intelligence in Drug & Biological Product Development



Using Al for the hard problems

Jonathan Walsh
Artificial Intelligence in Drug & Biological Product Development FDA / CTTI workshop

October 2025
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Artificial intelligence can meaningfully contribute to
how we answer fundamental scientific questions

Can we find and identify drugs that are safe
%
%) Dinlig) e@velis e and effective to treat a particular disease?

e - Can we test theories of the universe through
v -> _ :

T Fhysics observation and planned experiments?

Y Climate N Can we predict how our climate will change

and measure our impacts on it?



Currently, the key processes it impacts are data analysis
and modeling & simulation, with eyes towards discovery

Computational chemistry for compound properties and discovery;
@ Drug development = model disease course; simulate trial outcomes and drug effects;
discern signals from complex data sources (e.g., imaging)

_ Characterize complex data from experiments; use efficient
0% PhySICS - models to simulate computationally expensive processes; model
systems without clear first principles behavior

_ Use efficient models to simulate computationally expensive
Q Climate - processes; characterize data from satellite imaging; model
systems beyond where first principles can predict behavior



A key transition is converting human-centric
systems to model-centric ones

Human-centric

o  Value proposition of
models unclear

o Interpretability prized

o  Simplicity/explainability
over performance

Human in the loop

o Initial proof points for
model value

o Interpretability valued

o  Focus on system pieces
with impact

Model-centric

o} “Just use a model”

o Interpretability mostly
irrelevant

o Best practices rule to
ensure quality



Example: covariates for use in efficacy analyses
of randomized trials to add statistical power

Standard covariates , ,
/% (e.g., key demographics, disease —>  High mistrust, lack of clear value, regulatory concern

features, baseline severity)

@ Proof POint(S from m0de|-derilved - Engagement from savvy or high need teams,
covariates (retrospective analyses, :
broader technical interest, positive growing awareness

regulatory feedback)

: Clear case studies, common

code and models, low barriers —  De-facto expectation for use, standardization high
to adoption



These th|ngS WI” happen — *Success = positive impact with broad adoption
how do we help them succeed*?

Set the rules of engagement Invest in Computation
Regulators Sponsors
v Define the framework to assess and build 1 Build data resources as the foundation
Al-based applications for modeling
Define clear boundaries for “not yet” or 1 Build/buy analytics and modeling capabilities

“work with us to evaluate”
1 Identify clear use cases to move from

(1 Build broader collaboration pathways to human-centric to human in the loop or to
define case studies and best practices model-centric
(1 Publish case studies and push the 1 Find out what blocks adoption and solve it

industry forward



Investment in data resources can be a driver for change

ik

Easy initial investment - build harmonized data resources in key areas,
especially where internal data (e.g., past studies) exists

Use data for improvements in decision making, e.g., trial planning and
simulations, better understanding of indications and populations

Work on processes so that stakeholders can get the answers they want from
data quickly — in hours, not weeks

Leverage data and models where needed to answer problems that arise in development. Sure-fire way
to build proof points for teams to understand the value of data resources and activities on top of them

Multiple proof points in individual systems can roll up into greater capabilities and
centered activities — don’t do “build it and they will come”



Thank you.

© 2025 Unlearn.AI, Inc. * All Rights Reserved




Al and DHTs

for Disease Detection & Monitoring

Duke
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Jessilyn Dunn, PhD
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Utility of Data from DHTs

Continuous biosignal measurement can now be
seamlessly integrated into daily life

Wearables capture more consistent biosignals than
in-clinic measurements

* Biosignals change over the course of the day

* Normative values are insufficient—-no one is
average

Duke | BiG IDEAS LAB

Median wRHR

Max. steps
1
50
Window

= 10 min
= 60 min



https://news.mit.edu/2020/sensors-monitor-vital-signs-0423
https://news.mit.edu/2020/sensors-monitor-vital-signs-0423
https://news.mit.edu/2020/sensors-monitor-vital-signs-0423
https://news.mit.edu/2020/sensors-monitor-vital-signs-0423
https://news.mit.edu/2020/sensors-monitor-vital-signs-0423
https://news.mit.edu/2020/sensors-monitor-vital-signs-0423
https://news.mit.edu/2020/sensors-monitor-vital-signs-0423
https://news.mit.edu/2020/sensors-monitor-vital-signs-0423
https://news.mit.edu/2020/sensors-monitor-vital-signs-0423

DHT Data Deluge

* Wearables generate massive amounts of data
* How can we use that data to make actionable insights?

 Solution: Apply Al to develop Digital Biomarkers

Duke | BiG IDEAS LAB




Digital data becomes a Digital Biomarker when a relationship
to a health outcome is established

Target  — f( Measurements )

Outcomes
3 ¥

A * Heart rate 0
Inica , « Skin Temperature %
Mmeasurements . skin Conductance g

« Survey data

0
* Acceleromet s
* lliness events ry -

* Location
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Digital biomarkers as proxies for clinically-relevant
measurements

npj | Digital Medicine www.nature com/npjdigitalmed
Open access

SV Non-invasive wearables for remote

ARTICLE oren o 55 monitoring of HbAlc and glucose
Engineering digital biomarkers of interstitial glucose from Reserl) & 8

. . Clel variability: proof of concept
noninvasive smartwatches

Brinnae Bent(®', Peter J. Cho', Maria Henriquez?, April Wittmann?, Connie Thacker®, Mark Feinglos®, Matthew J. Crowley* and Brinnae Bent,’ Peter J Cho," April Wittmann,? Connie Thacker Srikanth Muppldl 2
Jessilyn P. Dunn®"*® Michael Snyder,® Matthew J Crowley,? Mark Feinglos,? Jessilyn P Dunn 4

Prediabetes affects one in three people and has a 10% annual conversion rat¢

interventions. Management of glycemic health is essential to prevent progressic _
s and Kl s e ence contines togrowand. MMM AL LU

commercially method for glycemic healtt nature. C Jiagnosti
gnostic gap in one-third

a critical need for innovative, pracllcal strategies to improve monitoring and mz me dicine A RT I L ES s pre-diabetes. Innovative, What is already known about this subject?
dataset of 25,000 simulf itial glucose and noninvasive wearable ¢ Lot ey _ ve monitoring of glycemic > Severel studies report that wearables can non-

¢ https://doi.org/10.1038/541591-021-01339-0 invasively capture metrics roflecting autonomic
feaslblllty of using noninvasive and widely accessible methods, including smal ed. In this proof-of-concept Y cap ctivity, which g ctrated

v o nship between non-nvasive nervous system acivity, which is a demonsira
detect glucose and to predict the exact it M) Check for updates rics and demonstrate the correlate to glycemic health.

and 87% accuracy, respectively. We also establish methods for designing varial P

° i sive wearables to estimate What are the new findings?
from toward i glucose prediction. hemoglobin A1c (HbA1c) and » Glycemic variability memgcs can be estimated with

) o o b ) 5 o o g ] ics ca
npj Digital Medicine (2021)4:89; https://doi.org/10.1038/541746-021-00465-w We ara b I e sensors ena bl e p ersona I ize d pre d ICt ions o Vo ot aer 5000 :E::‘cvc;g;zy;:\am:: cu;:a:yeveusv;a:n;;m .

nuous glucose monitor (CGM) moglobin Alc (HbATc) with similar accuracy to a

m wearable (skin temperature, contintous glucose monitor

of clinical laboratory measurements e [ —————

sre-diabetes (HbA1c 5.2-6.4). research or clinical practice?
. NPT . . . . ‘able to develop machine »Our findings from this proof-of-concept study sug-
Jessilyn Dunn ©'234510%, | ykasz Kidzinski©4', Ryan Runge'4, Daniel Witt23, Jennifer L. Hicks?, IbAtc recorded on day 0 and gest that wearables could potentially be used as part
N A . . . . i B d from the CGM. We tested of a strategy to remotely monitor diabetes and de-
Sophia Miryam Schiissler-Fiorenza Rose ©'*%, Xiao Li'’, Amir Bahmani', Scott L. Delp*#, nodel on a retrospective, tect undiagnosed pre-diabetes. Because wearables:
0 @95 ; 1552 10 addtional participents and are 5o prevalent in the general population, leverag-
Trevor Hastie and Michael P. Snyder ©* 3M-based HbA1c estimation ing these ubiquitous devices for purposes including
glycemic monitoring and pre-diabetes detection and
i of data from 26 participants monitoring Gould represent a major advance in clni-
Vital signs, including heart rate and body temperature, are useful in detecting or momtormg medical conditions, but are typi- 7 models of glucose variability cal pre-diabetes care.
cally measured in the clinic and require follow-up laboratory testing for more i Here we ined whether 1sing non-invasive wearables,
vital signs as d by le devices (that is, continuously monitored heart rate, body temperature, electro-
dermal activity and movement) can predict clinical laboratory test results using machine learning models, including random
forest and Lasso models. Our results demonstrate that vital sign data colls d from bles give amore i and pre-
cise depiction of resting heart rate than do measurements taken in the clinic. Vital sign data collected from wearables can also
predict several clinical with lower prediction error than predicti made using clini b
vital sign measurements. The Iength of time over which wtal signs are monitored and the proximity of the monitoring period
to the date of predl ion play a critical role in the yerformance of the ma:hine learning models These results demonstrate the
value of | ble devices for il and | of that today
can be measured only with clinical laboratory tests.
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We have used noninvasive wearables data to...

Predict HbA1c

Predict interstitial glucose values

Detect personalized interstitial glucose excursions

Estimate glycemic variability metrics

Explain the variance of key clinical labs (hematologic, immune, etc.)
Detect infection

...& much more

Duke | BiG IDEAS LAB




Developing A Digitally-derived Tool To Support The Prevention
Of Relapse In Opioid Use Disorder

Illustrative OUD patient journey

D CIETD

In treatment and recovery

| S— 1

Measurable signals of heightened risk of treatment non-
adherence and relapse

“The vast majority of our patients return to use. It is an expected part of the illness.” (clinician)

= DATACC<>

Triangle

Duke| BIG IDEAS LAB .Div2  CERSI




Ongoing Pilot Study:
DHTs to Support the Prevention of Relapse in Opioid Use

Disorder

Evaluate the feasibility, acceptability, and data quality of using sensor-based digital health
technologies (sDHTs) and electronic patient-reported outcomes (ePROs) for real-time monitoring
of opioid relapse among individuals with OUD.

Study Timeline

T Patients receiving MOUD will be recruited
Eg @ through virtual and in-person visits with
their provider.

If the patient agrees to participate, they
will read and sign the e-consent and
complete an screening/eligibility form.

about study participation and complete

= @ Participants will review online materials
az
=h initial ePRO surveys

A Fitbit and Oura ring will be sent to the
address indicated

Duke | BiG IDEAS LAB

5

6

Participants will be asked to complete the
first set of ePRO surveys and wear the Fitbit
and Oura for a week to collect baseline data
Data from both Fitbit and Oura for 6 of 7 days
will be needed for the study to continue.

For 3 months the participants will:
1. Complete daily ePRO surveys through their
smartphone
2. Wear both the Fitbit and Oura ring daily, making sure
they are charged and synced to their smartphone.

During the study, investigators will monitor for
adherence and unexpected events. Upon data
collection completion, researchers will analyze
the data and disseminate findings.

Oura Ring Gen 4 and Fitbit Charge 6

= DATACC <>

Triangle

DHE CERSI




Current Challenges In Digital Biomarker Discovery

* Device/Data Validity & Accuracy
* Interpretability & FAIR principles
* The “Data Deluge”

* Regulatory oversight of tools

* “ELSI”, Privacy, Security

Duke | BiG IDEAS LAB




Examples of Biosignal Al Algorithm Underperformance

Biosignal

Algorithm
purpose

Circumstance of
underperformance

Reason for
underperformance

Impact of
underperformance

Pulse Ox

Detect low
Sp0O2

Dark skin tones™’

Melanin absorbs and
hinders sensing of light

Missed hypoxemia in dark

Skin26.27

Contactless
Body Temp

Detect
fever

Light®® or dark? skin;
females**; High temp

Core temp dynamic
range/fluctuations;
thermoregulation®>-3

. ~ 1R
Miss fevers or flu%%°

Auscultatory BP

Measure
BP

Obesity

Poor cuff fit

BP overestimation (up to 10
mmHg)3().31

Physical Motion

Detect falls

Elderly in nursing homes

Falls often supported
(furniture; guardrails)

Missed falls in elderly in
nursing homes?®”3®

Physical Motion

Detect
crashes

Winter athletes

Skiing has similar motion
profile to crashes

False alarms to emergency
responders*?

Duke | BiG IDEAS LAB




Wearables Software Updates Impact Data They Output

I Bug Fix 0 Issue Resolution () Feature/Function addition [ Feature/Function improvement | Algorithm adjustment [ User interface change [IRemoval of items @l Security

Fitbit e = = it
Charge 2 U 0 AT . 0| 0 (0w
2448 V224412 v . va254 8% veass2
QPO 0 o)

Fitbit
Charge 3 m o (ITHD anel 0 o

vidire vi&e 3l vi 4845
. o OO o o o O Qo O DO O leSelel O o
Garmin

Vlvosmart3JI[L_L [‘.. (D OTHED [[ELD HlN) i OTHNE BN 00 § 00 IR o e B B @B

v3i 4 vaao v3950 vaDo va 10 w40 w450 w60 w70 WBD i B! M0 w92 Vv500
Garmin F N
Vivosmart 4 (T T [T D
w4
- o o o
Garmin

Vivosport _[]I] BTR 000 N§THN

/2/0 v2 8o

2017

k Collins, T. et al. Version Reporting and Assessment Approaches for New
Du e ‘ B I G I D E A S L A B and Updated Activity and Heart Rate Monitors. Sensors 19, 1705 (2019).




Modular Evaluation of Digital Measures

Design Specifications
& Modular Prototyping

@ VERIFICATION

ANALYTICAL
VALIDATION

CLINICAL
VALIDATION

Clinical
Utility

Duke | BiG IDEAS LAB

Changes to hardware/firmware?
P Reverification, or
» Documentation of back-compatibility

Changes to software that change algorithm?
P Repeat analytical validation, or
» Documentation of back-compatibility

Expansion to a new patient population?

P Repeat clinical validation if analytical validation
in new population is documented, or

> Repeat analytical & clinical validation

Goldsack et al, npj Digital Medicine, 2020




The Digital Biomarker Discovery
Pipeline (DBDP) provides open source
data, code, ,and
educational resources to make
discovering digital biomarkers more
accessible and establish best practices
for the field.

DBDP.org
Bentetal. JCTS, 2020.

Duke | BIG IDEAS LAB

Digital Biomarker

Project
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Navigating the Future:
Industry Perspectives and
Principles for Responsible
Al in Drug Development
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FDA Draft Guidance: “Considerations for the Use of
Artificial Intelligence to Support Regulatory
Decision-Making for Drug and Biological Products”

Considerations for the Use of
* Provides recommendations to industry on the use of artificial Artificial Tutelligence to.Support
d : E . : Regulatory Decision-Making for
intelligence (Al) to produce information or data intended to support

S . - ) Drug and Biological Products
regulatory decision-making regarding the safety, effectiveness, or Guidance for Tndustry and Ofher

quality for drug and biological products. Interested Parties
DRAFT GUIDANCE
« Strongly support the FDA's ongoing efforts to provide guidance and T ukdnce documca i bein b for commentprposs ol

Comments and suggestions regarding this draft document should be submitted within 90 days of
ublic: in the f the notice anng he availability of the draft

regulatory clarity to sponsors on how to establish credibility of Al model
outputs used in regulatory decision-making.

docket number listed in the l I vailability that publishes in the Federe IR*gl

For questions regarding this draft document, contact (CDER) Tala Fakhouri, 301-837-7407;
4(BI~R|O!T of C Outreach and Development, 800-835-4709 or 240-402-8010;
or (CDRH) Digital Health Center of Excell e, digitalhealth@fda.hhs.gov

U.S. Department of Health and Human Services
Food and Dmg Administration
Center for unﬂ Research (CDER)
Center for d Research (CBER)
Center for Devices and Radiol ngIIllIIhl(DRII)
Center for Veterinary Medicine (CVM)

Oncology Center of Excellence (OCE)
Office of Combination Products (OCP)
Office of Inspections and Investigations (OII)

January 2025
Artificial Intelligence

obbvie US FDA Draft Guidance. (2025). “Considerations for the Use of Artificial Intelligence to Support Regulatory Decision-
’ ological P



Risk-Based Credibility Assessment Plan
(CAP) Framework

Step 1. Define the Question of Interest

Step 2. Define the Context of Use for the Al Model

Step 3. Assess the Al Model Risk

[ Step 4. Develop a Plan to Establish Al Model Credibility )
within the Context of Use

Step 5. Execute the Plan

Step 6. Document the Results of the Credibility
Assessment Plan and Discuss Deviations from the Plan Kj

.
r ﬂ \

Special Consideration:
Life Cycle Maintenance

Step 7. Determine Adequacy of the Credibility
Assessment Plan and Discuss Deviations from the Plan

obbvie



Risk-Based Credibility Assessment Plan
(CAP) Framework

Step 1. Define the Question of Interest @
Questions to consider:

* What type of documentation needs to be provided in
the meeting package or regulatory submission?

Step 2. Define the Context of Use for the Al Model

Step 3. Assess the Al Model Risk » Are sponsors expected to request FDA feedback for
J all Al use cases?

* Does FDA have the resources it needs to provide

' Step 4. Develop a Plan to Establish Al Model Credibility \ timely feedback to sponsors?

within the Context of Use

Step 5. Execute the Plan

Step 6. Document the Results of the Credibility
Assessment Plan and Discuss Deviations from the Plan Kj,

(

Step 7. Determine Adequacy of the Credibility
Assessment Plan and Discuss Deviations from the Plan

Special Consideration:
Life Cycle Maintenance

obbvie



Industry Perspectives:

@67

* Support FDA’s exclusion of “Al
models (1) in drug discovery or
(2) when used for operational
efficiencies...that do not impact
patient safety, drug quality, or
the reliability of results from a
nonclinical or clinical study.”

* Clearly defined exemptions for
Al use cases that are outside
FDA’s authority and other low-
risk scenarios where the
credibility assessment
framework does not apply.

obbvie

2. DA Dig

CAP Framework

* Provide flexibility in model
development by leveraging
elements of the Predetermined
Change Control Plan' (PCCP)
developed for Al-enabled
medical devices.

» Appreciate examples described
in the guidance, but recommend
elaborating the clinical
development and commercial
manufacturing examples across
all framework steps.

1. US FDA Guidance. (2025). "Marketi
fea d A ifici

Kevy Considerations

&

multistakeholder engagement
through international
organizations like ICH, IMDRF,
and PIC/S.

Support FDA's Digital Health
and Artificial Intelligence
Glossary? as an important
resource but encourage formal
alignment and harmonization of
key Al terms and definitions
referenced in FDA guidance and
international collaborations.

o

0%

* Encourage global alignmentand « Third-party or pre-trained

models may limit access to
proprietary information such as
the underlying model
architecture, features,
parameters, and training/tuning
data.

We recommend that the FDA
clarify expectations for these
scenarios such as
recommendations regarding the
use of master files to support the
sharing of confidential
information.




Industry Perspectives: Key Considerations

Templates GMLPs Model Acceptance

1E

* Documentation templates for +  The draft guidance indicates ~ * Good Machine Learning + FDA's Al-enabled devices
regulatory submissions can help that the credibility Practice Principles (GMLPs)% database® provides important
standardize content, streamline assessment report may be such as those developed insights on regulatory
review, and enhance submitted as part of a through IMDRF include acceptance of emerging
consistency. regulatory filing, meeting important concepts related to technologies.

+ Submission template for risk- package, or provided to the representative datasets, training, . gpgourage FDA to provide
based credibility assessment FDA upon request. testing, robustness, and appropriate, publicly shareable
framework can help align «  Clarify documentation and performance monitoring. information on acceptance of Al
submission content with submission expectations * Recommend collaborating with models in drug development:
regulatory expectations. For (meeting package vs. stakeholders to develop core stage of drug product life cycle,
example, FDA developed a regulatory filing) for low-risk GMLP principles to address use therapeutic area, and types of
template for integrating real- and high-risk models, of Al in drug development. model applications (e.g., dose
world data (RWD) and real- including when model selection/optimization, endpoint
world evidence (RWE) in modifications are made. assessment, synthetic controls,
submissions.! pharmacovigilance).

i 1. sbmitting docume ising real- ata and real- 1 evide A Jical products.
be\/le 2. IMDRF/AIML WG/N88. (2025). “Good machine learning practice for medical device development: Guiding principles.” 6
3 s L ) e 3 :




Principles for the Use of Artificial
Intelligence in Regulatory Activities

+ FDA Modernization: Support FDA’s * Principles: Medical Device Manufacturers
ongoing efforts to use technology, like Association (MDMA) developed a set of
the GenAl, to modernize regulatory principles guiding the use of Al in FDA
operations and help FDA staff work premarket activities. These principles provide
more efficiently. important considerations for ensuring
responsible use of Al in medical product
reviews.

obbvie



Use of AI tools: a two-tier approach

obbvie

Long-term

Recommend FDA use Al to assist with basic administrative tasks: meeting
planning, meeting minutes, tracking due dates, and document preparation.

Explore use of Al to assist reviewers in assessment and decision
making. However, this advancement requires further stakeholder
engagement to ensure a transparent, validated and secure process.

Opportunities: Automate screening of regulatory
submissions. Ensure consistency in FDA information
requests and deficiencies.



Principles for the Use of Artificial

Intelligence in Regulatory Activities

obbvie

Q

Xy Assessment of Benefit

1. Transparency of Use and

Ensure transparent disclosure of Al
tools used by the FDA, including scope
of use, and limitations, along with
human and technical safeguards to
protect data rights and mitigate
potential risks.

Assess current metrics and
documentation to monitor performance,
and identify potential gaps in current
regulation, guidance, or statute for
FDA's use of Al for regulatory
purposes.

&

2. Al for Efficiency and
Assistance: Human Oversight

FDA’'s Mission is critical for ensuring
patient safety and public health. FDA
staff maintain integral decision-making
roles and responsibilities.

Encourage the continued exploration of
Al applications that support innovation
by enhancing the regulatory process.



Principles for the Use of Artificial

Intelligence in Regulatory Activities

3. Training and Procedures to
Guide Use of Al in Regulatory

obbvie

Review

Recommend FDA adopt and publish
principles regarding its use of Al to assist
regulatory review.

Implement FDA staff training to
understand Al tool limitations and how to
effectively use and interpret Al outputs.
Establish procedures for using Al tools to
ensure consistency across FDA staff and
offices.

The agency should disclose if Generative
Al is used for FDA responses or review
letters.

@ 4. Confidentiality and Security of

Information

FDA regulatory submissions contain
confidential data and proprietary
information that must be handled properly
and consistent with applicable law.

Information security should be maintained
at the highest level to ensure protection of
manufacturer intellectual property.

FDA should clearly demonstrate how it will
protect proprietary and confidential
information and provide assurances that
Al tools, associated data, and libraries will
not be disclosed.

Patient information must be protected.

10



Conclusion

» Regulatory clarity and flexibility enables sponsors to
innovate and take actionable steps to implement FDA
guidance.

* Clearly defined exemptions for Al use cases that are
outside FDA's authority and flexibility for low-risk
scenarios where the credibility assessment framework
may not apply.

* Encourage global alignment through international
organizations like ICH, IMDRF, and PIC/S.

» Al tools have the potential to enhance regulatory review
activities, and by fostering transparency and ongoing
stakeholder dialogue, we can help ensure these
modernization efforts deliver meaningful benefits for
patients.

obbvie




Thank you!
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Questions?
PLEASE SUBMIT HERE:

Hybrid Public Workshop on Artificial Intelligence in Drug & Biological Product Development
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PV INITIATIVE

Discussion

Moderator:

Anindita Saha

Associate Director for Data Science and Artificial
Intelligence Policy (acting), OMP, CDER

U.S. Food & Drug Administration

Shantanu Nundy

Advisor on Artificial Intelligence
(Contractor), Office of the Commissioner
U.S. Food & Drug Administration

Qi Liu

Associate Director for Innovation &
Partnership, Office of Clinical
Pharmacology, Office of Translational
Sciences, CDER

U.S. Food & Drug Administration

Hybrid Public Workshop on Artificial Intelligence in Drug & Biological Product Development
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> TRANSFORMATION
INITIATIVE
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Concluding Remarks

Qi Liu

Associate Director for Innovation & Partnership,
Office of Clinical Pharmacology, Office of
Translational Sciences, CDER

U.S. Food & Drug Administration

Hybrid Public Workshop on Artificial Intelligence in Drug & Biological Product Development
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THANK YOU!

Please take the post-workshop survey here:

Note: We will also email a copy for your convenience.

Hybrid Public Workshop on Artificial Intelligence in Drug & Biological Product Development



