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James Zou

Expertise

● Novel machine and deep 
learning algorithms

○ Strong statistical 
guarantees

○ Adopted by the industry

● Important questions important for 
the broader impacts of AI

○ Interpretations
○ Robustness
○ Transparency
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Notable Achievements

● Publication in Nature

● Best paper awards:
○ Google Faculty Award
○ Chan-Zuckerberg 

Investigator
○ Tencent AI award Assistant professor of 

biomedical data science and, 
by courtesy, of CS and EE at 
Stanford University
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Tremendous advances in generative AI

Generative AI for art

ArtWhisperer.io
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Large language models
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Standard 
regression/classification

Generative models

input

mode
l

“simple” 
output

input
mode
l

rich output
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AI designed clinical trials more diverse and efficient

Ruishan Liu

Liu et al. Nature 
2021 7
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Clinical trials are highly selective

All patients with the disease
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Clinical trials are highly selective
Patients eligible for trial

hemoglobin too low

bilirubin too high

comorbidities
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Overly strict eligibility is a major barrier

40% of cancer trials fail to reach minimum 
enrollment

Trial cohorts don’t reflect real-world population
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Working protocol draft from Roche
Clinician 1

Clinician 2

Clinician 3

Eligibility Criteria Often Anecdotal



Trials for similar drugs have different exclusions

Liu et al. Nature 2021

aNSCLC
trials
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The U.S. National Cancer Institute concluded that:

“The eligibility criteria for all cancer clinical trials should be 
simplified in order to require minimal input at the time of 
registration of individuals.”

Report of the National Cancer Institute clinical trials program review group. 

But how to design eligibility is challenging and we want to help.
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Idea: use generative AI on EHR data to emulate clinical trials 
and guide design of new trials.

We use EHR 
data curated 
by Flatiron
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In silico evaluation of trial designs

1.Generate trial eligibility rules

• Bilirubin < 1
• Hemoglobin > 9
• ANC > 1500
• Albumin > 3
... (20-50 other rules) Treatment patients Control patients

2. Evaluate trial design via 
EHR

match 
distributions

• Safety + efficacy
• # of eligible patients
• How easy to implementLiu et al. Nature 2021 16



In silico evaluation of trial designs

1.Generate trial eligibility rules

• Bilirubin < 1  2
• Hemoglobin > 9
• ANC > 1500  1000
• Albumin > 3
... (20-50 other rules) Treatment patients Control patients

2. Evaluate trial design via 
EHR

Liu et al. Nature 2021

match 
distributions

• Safety + efficacy
• # of eligible patients
• How easy to implement 17



Trial Pathfinder uses EHR + AI to design eligibility criteria

Liu et al. Nature 2021

Emulates millions of trials with different eligibility rules.
Uses Flatiron database of >200k real-world cancer patients.
Uses Shapley value to quantify the impact of each eligibility rule.
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Data-driven generation of trial eligibility

Liu et al. Nature 2021

Broadening eligibility thresholds for lab values (e.g. bilirubin, platelets, hemoglobin).

aNSCLC
trials
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Data-driven criteria doubles # eligible patients and 
reduces hazard 

Enables more women, minorities and older patients to access 
trials.

aNSLC trials
Original Trial Criteria Data-driven Criteria
Number of 
Patients Hazard Ratio Number of 

Patients Hazard Ratio

FLAURA 2277 0.81 2546 0.75
LUX8 129 0.65 141 0.58
Checkmate017 523 0.67 4085 0.71
Checkmate057 792 0.75 2594 0.66
Checkmate078 1509 0.74 3348 0.68
Keynote010 806 0.56 1948 0.51
Keynote189 4066 0.88 4595 0.85
Keynote407 2031 1.13 9173 1.04
BEYOND 2902 1.09 3043 1.08
OAK 493 0.88 620 0.80
Average 1553 0.82 3209 0.77

Liu et al. Nature 2021
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Trial Pathfinder summary

• Data driven design makes trials more inclusive. 

• Validated using clinical trial data and independent cohorts.

• Method can be extended to other diseases.

Liu et al. Nature 2021
21



Use in silico trial to find predictive mutations

Liu et al. Nature Medicine 2022

Patients w/ APC gene mutated Patients w/o APC mutation

match 
distribution
s

Bladder cancer patients 
who took immunotherapy

Flatiron EHR

22



Example: APC mutation à better immunotherapy 
response in bladder cancer patients 

patients on immunotherapy patients w/ APC mutation

hazard ⇠ �0 ·confounders+�g ·genotype+�t ·treatment+� ·genotype ·treatment
interaction effect

APC is a tumor suppressor 

Survival 23



aBC patients on immunotherapy aBC patients w/ APC mutation

hazard ⇠ �0 ·confounders+�g ·genotype+�t ·treatment+� ·genotype ·treatment

interaction effect

Replicated interaction in randomized clinical trials. 

920 bladder cancer patients on atezolizumab and chemotherapy. 

Foundation Medicine mutation profiling for everyone.

APC-immunotherapy interaction HR = 0.16 (0.03, 0.72) 

Example: APC mutation à better immunotherapy 
response in bladder cancer patients 

Survival 24



458 mutation-treatment interactions
Only <60 interactions were previously known. Our FDR < 5% (Liu et al. Nat. Med. 2022). 
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Summary 

Use GenAI + high quality real-world data to 
computationally emulate expensive studies. 

Validated w/ clinical trials data

Applications:
• Data-driven (more inclusive) clinical trial 

design
• New biomarkers predict treatment 

outcomes
• Many more!

Refs: Liu et al. Nature 2021; Liu et al. Nature 
Med. 2022
www.precision-cancer.org
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Biography

Clinical Business Development Executive

Advisor on clinical development strategy with clients developing interventional, 
implantable devices as well as software based 

• Former Director, LifeSciences Strategy and Research at Arterys, now 
Tempus

• Consults on validation of clinical evidence, model deployment, and clinical 
trial applications

• 10+ Years supporting medical image and wearable device data acquisition 
and analysis in clinical trials, primarily device focused

• Clinical Associate Member European Society of Radiology (ESR) and the 
Society of NeuroInterventional Surgery (SNIS)
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Framework for 
Reference

Clinical trial application 
resides in one of two 
prominent frameworks.

Generative 
Pre-trained 
Transformer 
(GPT)

Generative 
Adversarial 
Network 
(GAN)

VS

28



GPT Applications

Close Out

• TLF Development
• Reporting
• Summary Support

Follow-up 

• Subject Engagement
• Supplemental 

Reporting
• Clinician
• Safety
• Monitoring

Enrollment / Procedure

• Subject Engagement
• Procedural Guidance
• Randomization

Start-up

• Site Identification
• Document Support
• Training
• Programming
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GPT Efficiency Example: Documentation Support

Case Study: 

• JACR Publication on ChatGPT in Radiology

• Article partially written by ChatGPT. Author 
time efficiency

• Example of Study Documentation Support, 
that can be applied to regulatory documents 
or clinical trial reports utilizing ChatGPTs 
Application Programming Interface for any 
software

Case Study: ChatGPT et al

30



GPT Efficiency Example for Statistics
Case Study: PCT Meta-Analysis

• 28 Randomized, Controlled Trials

• Patient-Level Analysis Conducted by 
NAMSA & VIVA Physicians 

• Required roughly ~250 hours of 
programming and analysis

• GPT model with EMR, publication, and 
supplemental input would reduced time by 
20%

• If the data was harmonized/standardized, 
the potential would be even greater

Case Study: PCT Meta Analysis
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Data Standardization = Less Manual Analyzation = > Efficiencies
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Rajpurkar et al, Current and Future State of AI Interpretation of Medical Images, NEJM 2023; 388:1981-1990
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GAN Applications

Virtual Analysis 

• Clinical Trial Simulation
• Virtual Patients
• Risk Stratification

Data Augmentation 

• Image Enhancement
• Reconstruction
• Subtraction

• Data Imputation

Synthetic Data Generation

• Sample Size Scaling
• Data Diversity
• PHI Avoidance
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Synthetic Lung Nodule X-Ray Example
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Pros Cons

+ Trial Designs

< Cost

< Time

Generator Bias



Where do we stand?

• GPT Framework will definitely enable 
trial efficiencies and decrease costs

• GANs are already helping determine 
appropriate interventions and study 
designs through simulation, and they 
have the ability to power studies with 
less subjects and visits, but 
consensus on data transparency is 
undefined 

• Generative AI will not replace 
functional service roles or provider 
roles in clinical trials, but will 
supplement resources to more 
efficiently accomplish tasks

• Subject participation and input is still 
required
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Thank you for joining us!
Questions? Contact us at Info@NyquistAI.com

Follow us on LinkedIn for the latest 
updates on AI in Life Science!

Scan 
Here
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