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36.9% 30.3% 22.1% 10.7%

Not Yet Beginning 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 

Implementation of AI/ML across 36 design and planning, 
execution, and regulatory submission activities 

N = 302 
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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 AI/ML generated output 37% Technical expertise 56% 

Intellectual Property (IP) and other 
legal concerns related to data sharing 

29% Regulatory compliance 53%

Governance of ethical and privacy 
concerns

28% Ethical concerns 48%

Resistance to adoption 47% 

Source: 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 

Source: Unpublished CTTI survey, closed June 2025. Convenience sample of 
organizations in the clinical trials enterprise including but not limited to 
pharma/biotech, CROs, AROs, tech vendors, patient groups, regulators, health 
systems, trialists.  
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Who is Resistant to AI/ML Adoption? 

Regulators

Industry

Patients 

Source: Unpublished CTTI survey, June 2025. N=218 
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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 AI-Driven Drug Development

12:05 p.m. Lunch

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

2:45 p.m. Break

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

4:15 p.m. Discussion

4:45 p.m. Concluding Remarks

5:00 p.m. Adjourn
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Agenda



Questions throughout the day?
PLEASE SUBMIT HERE:
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Shantanu Nundy

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

U.S. Food & Drug Administration



Accelerating AI 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



Accelerating AI in Drug Development

• Real-world data and evidence
• Reduce animal testing and model toxicity
• AI-enabled endpoints and biomarkers
• Clinical trial design
• Clinical trial enrollment
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AI to Reduce Animal Testing & Model Toxicity
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AI for New Endpoints & Biomarkers
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• Real-world data and evidence
• Reduce animal testing and model toxicity
• AI-enabled endpoints and biomarkers
• Clinical trial design
• Clinical trial enrollment



AI for Clinical Trial Enrollment



AI Will Move Drug Discovery at the Speed of Trust



M. Khair ElZarrad

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

U.S. Food & Drug Administration

Keynote Address
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Predictability & Consistency 

• Risk-based approach 
• Increased engagements
• Transparency
• Data governance 
• Context of use

Challenges & Opportunities

• Coordinated FDA approach
• Multidisciplinary review
• Rapid engagement

• Global harmonization
• Intersection of privacy and confidentiality - regional laws & 

regulations 
• Upskilling 
• Responsive infrastructure  

Balancing a rapidly evolving area with providing 
responsive regulatory input 



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

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

Gabriel Innes
Assistant Director, 
Data Science and Artificial Intelligence Policy, OMP, CDER
U.S. Food & Drug Administration



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



AI Guidance – Purpose and Scope

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

In Scope: Use of AI 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 



AI Guidance – Key Points

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

• Life cycle maintenance requirements for AI 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



The seven steps

1

2

3

4

5

6

7

Define the 
question of 
interest

Define the 
COU

Assess AI 
model risk

Develop a 
plan to 
establish 
AI model 
credibility 
& come 
talk to us!

Note: what we 
will ask for is 
commensurate 
with model risk

Execute the 
plan, 
preferably 
after 
engaging 
with the 
agency

Note: what we 
will ask for is 
commensurate 
with model risk

Document 
the results

Note: what we 
will ask for is 
commensurate 
with model risk

Determine 
the 
adequacy 
of the AI 
model for 
the COU 



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 AI model will be used to 
stratify participants into low- versus high-risk 
groups for the potentially life-threatening 
adverse reaction to Drug A (the AI model’s role). 
In this context, the sponsor is proposing that 
only the AI 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 AI 
model’s scope).”

“An AI-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 AI 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 AI-based model will not be 
the sole determinant for the release of product 
(the AI model’s scope).”

Step 3: Model Risk High Medium

Model Influence High: AI 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)

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)



Comments by Section (n = 1,455)

Section No. of Comments

General Comments 706

I. INTRODUCTION 57

II. SCOPE 54

III. BACKGROUND 63

IV. CONSIDERATIONS FOR AI 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 AI Model 

Outputs in Certain COUs
73

C. Early Engagement 27



Credibility assessment

Data considerations

Documentation

Model evaluation

Post-deployment management

Representativeness

Large Themes of Public Comments (non-exhaustive)

• Guidance Clarity
– Scope

– Terminology

– Use Case Examples

• Guiding Principles for Good AI 
Practices in Drug and Biological 
Product Development

• Regulatory Engagement & 
Processes

• Model Development & Life Cycle



Opportunity to Continue Shared Learnings



THANK YOU!



Session 1: Where Are We Now?

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

Greg Meyers
Executive Vice President and Chief Digital 
and Technology Officer                     
Bristol Myers Squibb

Dana Lewis
Independent Researcher, Developer, 
and Founder                                      
OpenAPS 

Thomas Osborne
Chief Medical Officer          
Microsoft Federal 

Moderator:
M. Khair ElZarrad
Director, OMP, CDER
U.S. Food & Drug Administration



AI in Drug & 
Biological 
Development
Greg Meyers
Chief Digital and Technology Officer
Bristol Myers Squibb

Oct 7, 2025



Areas of Opportunity We See With AI in Product 
Development

Higher Reliability,
Lower Cost

Higher Probability of Success, 
Faster Studies

More
INDs

Research
Discovery & Target 

Identification

Development
Clinical Testing & 

Regulatory Approval

Manufacturing
Scalable Production & 

Quality Control

Innovative New Drug Candidate Commercializable Drug Market-Ready Drug Product

Novel compounds with therapeutic 
potential, validated targets, and 

preliminary efficacy data ready for 
clinical development

Clinically proven, regulatory-approved 
therapeutic with established safety profile 

and market authorization

High-quality, consistently manufactured 
pharmaceutical product ready for 

distribution and patient use



Causal human biology

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

In vitro platforms & 
phenotypic screens

In vivo genetics-based 
causal inference

In silico perturbation & 
generative AI models

In vitro modelScreen for 
targets & drugs

>30M cells Foundation
cell model

Predict 
beneficial 

target

Data (N>1M) 

Disease
Target

Mutation à drug

Patients

Tissue/cells



Matching modality to mechanism

Problem statement: Molecular design is slowed by the need to translate large, complex data sets into 
actionable hypotheses
AI/ML solution: Accelerated virtual screening and ML-guided MPO with dynamic profiling

Early Discovery: Identifying hits that can 
become leads through virtual screening
and design

Late Discovery: Delivering high quality 
development candidates through multi-
parameter optimization and dynamic profiling

Multi-parameter 
Optimization

Virtual Screening

Dynamic Profiling

Design



Path to clinical proof-of-concept

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

Clinically relevant
BMX/DX

Disease & patient 
segmentation 

Mechanistic modeling 
dose-to-patient segment 

Defined asset specific patient population

Clinically actionable classifier & BMX/DX strategy

Opportunity to screen/select patients for speed to clinical PoC

Modality, mechanism and dose projection aligned to proposed patient segment

AI/ML calibrated models integrating clinical BMX data

Disease, modality, mechanism based QSP models

High dimensional, multi-modal, clinical and translational data integrated to 
develop biologically relevant patient segments

Assets mapped to biologically relevant disease segment



AI is Useful at Every Stage of Clinical Development
Operational trial simulation (e.g., site 

selection, SSU, enrollment) driven by GDO 

Reverse 
translation for 
target & bio-
marker discovery

9

Indication 
selection

1

Create high 
accuracy 
shortlist of 
highest PTS and 
value indications

Portfolio 
positioning

2

Predict 
treatment 
response and 
safety across 
sub-populations

Combination 
selection

3

Identify optimal 
treatment 
combinations by 
predicting 
response at sub-
population level, 
with RWD and 
knowledge graphs

Dose 
finding

4

Estimate and 
update the 
maximum 
tolerable dose

I/E criteria

6

Test all 
iterations of I/E 
criteria virtually 
on a 'pareto 
curve,' balancing 
safety and 
efficacy before 
committing to a 
trial design

Endpoint 
optimization

7

Select optimal 
single or 
composite 
endpoints for a 
given trial and 
estimate the 
relationships 
between 
surrogate and 
regulatory 
endpoints

SoC & disease 
evolution

5

Design optimal 
comparator and 
granular control 
arm design by 
predicting how 
diseases evolve 
and how SoC 
changes will 
affect outcomes

Experimental 
design

8
AI simulations inform sample size, power and 
adaptive design Real time simulation and drift modeling to inform 

strategic and operational shifts

10

Target Product Profile formation PhII/IIIPOC /Ph1



AI-Based Parameter Optimization Within Manufacturing



The Knowable Unknown
(It’s time to gather more real-world evidence 
and use AI to accelerate drug development)

@DanaMLewis



Problem 
well-

defined

Problem / disease 
not well 

characterized

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

• Because it’s  
clean / easy / 
funded

• Biggest need
• Not clean / easy
• Not as much funding

One-time Recurring



1 chart note
4 prompt series

1. Standard
2. Randomized
3. Persona
4. Randomized 

Persona

3 LLMs (May-June 2024)

1. Claude 3 Opus
2. ChatGPT 4o
3. Gemini 1.5 

Raters:

• blinded to model
•  Scoring rubric11 questions

A Study on LLMs & Chart Notes

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/jamiaopen/ooaf021

• This research underscores the potential of LLMs to 
augment patient understanding of clinical notes but also 
highlights the importance of prompt design and model 
selection. 

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

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


One-time Recurring

Problem 
well-

defined

Problem / disease 
not well 

characterized

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

• AI works well here, 
too

• Substitutes for when 
there’s no (available 
human) expertise

• AI works well here



How to titrate when titration hasn’t been studied?

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

(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



• Personal use • Research use



• 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

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

• 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 



0 20 6040 80

0 20 6040

Negative

Negative Weak 
Positive

Moderate 
Positive

Strong 
Positive

Weak 
Positive

Moderate 
Positive

Strong 
Positive

Problem area: data reporting resolution hampers everyone

80

0 20 6040 80

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

Negative Positive

We don’t know if the 
distribution is thin-tailed or 

heavy-tailed.

Clinicians & AI are left to instinct 
and bias to contextualize results.



• 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

This means:



• 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
• Actually make data available on request 
• Create pathways to draw in real-world data
• Existing drugs still have a lot of room for improvement 

(titration, repurposing, targeting, etc.)

Let’s think about:



There is a lot of unknown

that we can know now – or soon –

by using AI. 



We can’t fix everything (yet), 

but we should do what we can - 

now



AI in Biological Product Development 
An FDA Hybrid Public Workshop

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

Thomas Osborne, MD
Chief Medical Officer: Microsoft (Federal) 

Clinical Professor (adjunct): Stanford



     Epidemiology (Population/Phase 4) 
    Translational (B2B)
  Clinical Trials (Phase 1-3)
Lab Research (Basic/Bench Science) 

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

Spectroscopy
Genomes
Multi-omics 

Uncover patterns humans didn’t hypothesize

Subpopulation effects
(Esp when sharing trial data)  

Multimodal analysis

ML

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

• Complex pattern finding 
• Generate new hypotheses 
• Virtual experiments
• Modeling/simulations
• Predictions
• Informed Rx discovery

LLM

• Unstructured to structured
• Summarizing/synthesizing data
• Language of nature/biology (bio-transformers)
• Talk with data
• Informed Rx discovery



Preclinical
Clinical 

(Phase 1-3)
Post Marketing/Surveillance   

(Phase 4) & Epidemiology



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

multi-omics datasets
Biomedical knowledge graph

Map disease pathways and find new therapeutic targets 

Preclinical
Clinical 

(Phase 1-3)
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   
(Phase 4) & EpidemiologyPreclinical



Clinical 
(Phase 1-3)

Post Marketing/Surveillance   
(Phase 4) & EpidemiologyPreclinical



EHR mining to identify patients who match trial criteria

Clinical 
(Phase 1-3)

Post Marketing/Surveillance   
(Phase 4) & EpidemiologyPreclinical



Clinical 
(Phase 1-3)

Post Marketing/Surveillance   
(Phase 4) & Epidemiology

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

Preclinical



Clinical 
(Phase 1-3)

Post Marketing/Surveillance   
(Phase 4) & Epidemiology

Example: 
Participants may all receive the experimental drug.
AI generates a matched “digital twin” outcome for each patient as if they had gotten 
placebo. 

Digital Twin Control Arms

Preclinical



Clinical 
(Phase 1-3)

Post Marketing/Surveillance   
(Phase 4) & EpidemiologyPreclinical



Thank you!



Questions?
PLEASE SUBMIT HERE:

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



BREAK
We will reconvene at 10:55 a.m.



Session 2: Data Quality, Reliability, Representativeness, and Access in 
AI-Driven Drug Development 

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

Moderator: 
Lanyan Fang
Supervisory Pharmacologist, OGD
U.S. Food & Drug Administration

Wesley Anderson, 
Quantitative Medicine 
Scientist
The Critical Path 
Institute

Sheraz Khan, 
Senior Director, 
Generative AI
Pfizer 

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

Moderator: 
Hussein Ezzeldin
Associate Director,  Advanced 
Technologies, OBPV, CBER
U.S. Food & Drug Administration



Advancing Drug Development. Improving Lives. Together.

Wes Anderson, Ph.D.
Scientist, Quantitative Medicine

Building Reliable AI for Drug 
Development: Insights from 

The Critical Path Institute



The Problem

c-path.org



The Solution

c-path.org



Pillar Why it Matters in AI

Data Quality Garbage in, Garbage out – bad inputs degrade 
model performance

Data Reliability Accurate, complete, and consistent data 
ensure proper performance

Data Representativeness Prevent bias, promote fairness, and ensure 
reliability

Data Access Without usable, shareable data, model 
training is constrained

The Data Pillars of Responsible AI-Driven 
Drug Development

c-path.org



Quantitative Medicine

c-path.org



Purpose: Developed to support clinical 
trial enrichment strategies using islet 
autoantibodies (AAs) and clinical features 
to optimize prevention trial design in 
T1D.

 Uses a time-to-event predictive 
model for T1D onset

    Model estimates the time-varying 
probability of T1D diagnosis

Use Case Example: T1DCTE Tool

c-path.org



Use Case Example: T1DCTE Tool (cont) – 
Synthetic Data Generation

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 AI/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.

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

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



The Clinical Impact

c-path.org



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.

  Data that is trusted, shared, and governed.

In closing,

c-path.org

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.



















Session 2: Data Quality, Reliability, 
Representativeness, and Access in 
AI-Driven Drug Development

Building the Foundation: 
Shared Foundation Model 
for Digital Endpoints in 
Drug Development

Artificial Intelligence in Drug & Biological Product Development

FDA/CTTI Workshop October 7, 2025

Sheraz Khan, Ph.D.

Pfizer Inc.
David Isom, B.Sc.



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

Limitations of Narrow AI
Task-Specific and Brittle
Poor generalization across diverse populations, 
devices, and "in the wild" conditions

Scalability Challenges & Poor Generalization

Heavy reliance on manual feature engineering 
and task specific large labeled datasets

The Spectrum of FMs for Digital Measures

Type Data Source Primary Function Example Applications

Physiological FMs Raw Sensor Data (PPG, ECG, 
ACC)

Signal processing and feature 
extraction

Vital sign monitoring, arrhythmia 
detection

Behavioral FMs Derived Metrics (Steps, HRV, 
Sleep) Functional capacity assessment Activity patterns, fatigue monitoring

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

Self-supervised learning inherently trains 
models to reconstruct signals

Adaptive and Inherited Masking (AIM) learns directly 
from incomplete data without requiring imputation

Reframing noise, as contextual 
features to be modeled, not 
errors to be "fixed"

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

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

Shared Responsibility framework for Foundation Models

FM Developer (Model Steward)

Ensuring robustness of base model
Comprehensive documentation
Fairness and bias mitigation
Transparency in training methodology

Application Developer (Sponsor)

Validating fine-tuned model for specific clinical CoU
Context-specific performance evaluation
Regulatory submission for specific use case
Post-market surveillance



The path forward, regulatory and governance challenges for 
foundation models in drug development



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

Transformative Potential

FMs offer a paradigm shift for developing objective, sensitive 
digital biomarkers

Shared Benefit

A pre-competitive foundation model raises the floor on 
reliability and equity

Regulatory Alignment

Collaborative approach streamlines regulatory pathways and 
validation

Collaboration Model

Consortium & Governance Structure

Establish cross-industry, academic, and regulatory working 
groups

Data Contributions Framework

Share privacy-preserving frameworks for sharing diverse, de-
identified sensor data

Open Evaluation, benchmarks & Endpoints

Public benchmark endpoints and standardized documentation 
templates

What Next

Join the Steering Group

Trusted partnership mediated 
governance and standardization 
working group for wearable FMs

Nominate Datasets

Contribute diverse datasets and propose 
benchmark endpoints for evaluation

Initiate Pilot Project

Participate in shared FM benchmarking 
focused on fairness and generalizability



Questions?

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

PLEASE SUBMIT HERE:



LUNCH
We will reconvene at 1:35 p.m.



Session 3: Model Performance, Explainability, Transparency, and 
Interpretability in AI-Driven Drug Development 

Moderator: 
Nicole Mahoney
Executive Director, Regulatory Policy, and 
Global Regulatory Policy Lead, Data and Digital 
Technologies
Novartis

Andrea Downing 
President and 
Co-Founder, 
The Light Collective 

Prasanna Rao
Chief Products and 
Innovation Officer 
Saama 

Moderator: 
Hao Zhu
Director, Division of Pharmacometrics, 
OTS/OCP/DPM
U.S. Food & Drug Administration

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

Oanh Dang
Regulatory Science and Applied 
Research Lead, Office of Surveillance 
and Epidemiology, CDER
U.S. Food & Drug Administration



FDA/CTTI AI meeting
AI model performance, explainability, 
and interpretability across the drug 
development life cycles



© 2025 Saama

Bridging Performance, Interpretability & Explainability for Regulatory trust

Performance

• How well the model works measured 
usually with accuracy, efficiency & 
speed 

Interpretability

• How well humans understand why it 
works

Explainability

• How well the model (or agent) can 
communicate its decision in a way 
stakeholders trust

Performance earns attention, explainability earns trust.
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● Site selection

● Study builder

● Protocol drafting

● Data Review plan generation

● Metadata mapping

Planning phase 

Clinical Development 

Trial conduct phase Submission phase

● Data Management

○ Anomaly detection

○ Query Management

● Monitoring

○ RBQM

○ Data surveillance

● Analysis & Reporting

○ SDTM generation

○ Tables Listing and 

figures analysis

● CSR generation

AI Use cases 
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● Lifecycle Management

● Security and Privacy by Design 

○ Security and Architecture 

Reviews

○ Regulatory, Compliance, and 

Data Privacy Reviews

○ Secure Coding Practices

AI Development & Lifecycle 
Management

AI Governance Framework

Verification, Validation & 
Monitoring

Acceptable Use

● Model Verification

○ Fairness

○ Performance

○ Security

● Model Validation

○ Valid & Reliable

○ Explainable

○ Interpretable

● Monitoring

● AI Tool Evaluation

○ Vendor Management

○ Tool Evaluation

○ Access Management & 

Reviews

○ Human in the Loop 

philosophy

● Training and Best Practices

● Implementation & Monitoring

Operationalizing Core Principles Through Quality & Development Standards
Approach to Responsible AI
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Transparency Traceability

Explainable AI

• Shows which variables or inputs most 
influenced a prediction

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

• Focused on internal logic and 
reproducibility

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

Interpretable  
AI

• 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

• Links model outputs back to 
underlying datasets and decisions

• Example: CSR generation where 
each sentence maps to trial data 
tables

Explainability and Intrepretability
Moving from “Black box” to “Glass box”



© 2025 Saama

Integrated into our  Model Development Life Cycle 
Implementation of Explainable AI

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

Prioritize a human-in- 
the-loop approach

Document model 
decisions and their 
rationale

Balance explainability 
with intellectual 
property protection

Validate model accuracy, 
robustness, and safety

Provide a Confidence 
Score for each prediction

Align with FDA guidance 
on Good AI/ML Validation 
Practices

Use statistical items 
and citations to prove 
output validity

Planning & 
Design

Development Validation

Continuously monitor for 
drift and hallucinations

Trigger retraining when 
performance degrades

Provide transparency 
and communication to 
user via user manuals

Ensure accountability 
with an AI Governance 
Framework Policy

Monitoring & 
Maintenance
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Thank you!













































Questions?

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

PLEASE SUBMIT HERE:



BREAK
We will reconvene at 3:00 p.m.



Session 4: Navigating the Future of AI in Drug Development

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

Moderator:
Rebecca Nebel
Senior Director, Science and Regulatory 
Advocacy
PhRMA

Jessilyn Dunn
Assistant Professor of 
Biomedical Engineering and 
Biostatistics & Bioinformatics
Duke University

Jon Walsh
Founder & Chief 
Scientific Officer 
Unlearn.AI

Moderator:
Gabriel Innes
Assistant Director for Data Science 
and AI Policy, OMP, CDER
U.S. Food & Drug Administration

Ryan Hoshi
Director of 
Regulatory Policy 
& Intelligence 
AbbVie



Using AI for the hard problems 
Jonathan Walsh
Artificial Intelligence in Drug & Biological Product Development FDA / CTTI workshop 
October 2025

© 2025 Unlearn.AI, Inc. • All Rights Reserved
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Artificial intelligence can meaningfully contribute to 
how we answer fundamental scientific questions

Drug development Can we find and identify drugs that are safe 
and effective to treat a particular disease?

Physics Can we test theories of the universe through 
observation and planned experiments?

Climate Can we predict how our climate will change 
and measure our impacts on it?

© 2025 Unlearn.AI, Inc. • All Rights Reserved
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Currently, the key processes it impacts are data analysis 
and modeling & simulation, with eyes towards discovery

Drug development

Physics

Climate

Computational chemistry for compound properties and discovery; 
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 
models to simulate computationally expensive processes; model 
systems without clear first principles behavior

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

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



○ Value proposition of          
models unclear

○ Interpretability prized

○ Simplicity/explainability         
over performance

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

Human-centric

○ Initial proof points for 
model value

○ Interpretability valued

○ Focus on system pieces 
with impact

Human in the loop

○ “Just use a model”

○ Interpretability mostly 
irrelevant

○ Best practices rule to 
ensure quality

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

Standard covariates 
(e.g., key demographics, disease 
features, baseline severity)

High mistrust, lack of clear value, regulatory concern

Proof points from model-derived 
covariates (retrospective analyses, 
broader technical interest, positive 
regulatory feedback)

Engagement from savvy or high need teams, 
growing awareness

Clear case studies, common 
code and models, low barriers 
to adoption

De-facto expectation for use, standardization high



These things will happen – 
how do we help them succeed*?

*Success = positive impact with broad adoption

Set the rules of engagement Invest in Computation

Regulators

✓ Define the framework to assess and build 
AI-based applications

✓ Define clear boundaries for “not yet” or 
“work with us to evaluate”

❏ Build broader collaboration pathways to 
define case studies and best practices

❏ Publish case studies and push the 
industry forward

Sponsors

❏ Build data resources as the foundation          
for modeling

❏ Build/buy analytics and modeling capabilities

❏ Identify clear use cases to move from 
human-centric to human in the loop or to 
model-centric

❏ Find out what blocks adoption and solve it



Investment in data resources can be a driver for change

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



AI and DHTs 
for Disease Detection & Monitoring

Jessilyn Dunn, PhD

October 7, 2025
Artificial Intelligence in Biological Product Development

US FDA & CTTI Workshop



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

Dunn, Kidzinski et al. Nature Medicine, 2021
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
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 AI to develop Digital Biomarkers



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

Figure 1. Digitally collected data becomes a Digital Biomarker 
when a relationship can be established to a health-related 
outcome    
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Digital biomarkers as proxies for clinically-relevant 
measurements



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



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

Misuse of opioidsWithdrawal

In treatment and recovery

Potential risk of non-adherence and withdrawal

Potential relapse

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

Illustrative OUD patient journey 

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



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.

Oura Ring Gen 4 and Fitbit Charge 6



•  Device/Data Validity & Accuracy

•  Interpretability  & FAIR principles

•  The “Data Deluge”

•  Regulatory oversight of tools

• “ELSI”, Privacy, Security

Current Challenges In Digital Biomarker Discovery



Examples of Biosignal AI Algorithm Underperformance



Wearables Software Updates Impact Data They Output

Collins, T. et al. Version Reporting and Assessment Approaches for New 
and Updated Activity and Heart Rate Monitors. Sensors 19, 1705 (2019). 



Modular Evaluation of  Digital Measures

Goldsack et al, npj Digital Medicine, 2020



The Digital Biomarker Discovery 
Pipeline (DBDP) provides open source 

data, code, algorithms, and 
educational resources to make 

discovering digital biomarkers more 
accessible and establish best practices 

for the field. 

Bent et al. JCTS, 2020.

DBDP.org
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Questions?
PLEASE SUBMIT HERE:

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



Discussion

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

Qi Liu
Associate Director for Innovation & 
Partnership, Office of Clinical 
Pharmacology, Office of Translational 
Sciences, CDER
U.S. Food & Drug Administration

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



Concluding Remarks

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

Qi Liu
Associate Director for Innovation & Partnership, 
Office of Clinical Pharmacology, Office of 
Translational Sciences, CDER                               
U.S. Food & Drug Administration



Please take the post-workshop survey here:

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

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

THANK YOU!


