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About Me

Background
• Computer Science, PhD (University of Iowa)
• Stanford Postdoc (Scott Delp & Chris Re) 
• Now Research Scientist (Nigam Shah) 

Research Interests
• Methods for Building & Evaluating 

Foundation Models for Healthcare
• Data-Centric AI
• Human-AI Collaboration 



Outline
• Overview: EHR Data & Tasks
• Electronic Health Record Data 
• Common Tasks

• Modeling
• Problem Representation
• Architectures & Pretraining Objectives

• Evaluation
• Opportunities

Thanks to Michael Wornow, Ethan Steinberg, Nigam Shah for slides!



Overview: EHR Data & Tasks
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Electronic Health Records (EHR)
Healthcare Worker 
View

• GUI-based
• Data portal for a 

patients
• Focus on a single 

patient at a time



STRUCTURED DATA “NATURALLY STRUCTURED” DATA

Common EHR Data Modalities

Tabular Data

Johnson et al. 2023. MIMIC-IV

Imaging Timeseries

Notes / Text

Genomics

Audio /Conversations

Video

…Near Future



Common EHR Data Modalities

80% is 
Naturally 

Structured

Hospitals Generate
~50 Petabytes of 

Data Per Year

This Lecture



Structured Data: Medical Vocabularies

https://blogs.halodoc.io/

• Controlled Vocabularies
• Knowledge Graphs

codei ∈ Vocabulary



Electronic Health Records (EHR)
Data Scientist View

• Relational databases
• Some data model (Epic, 

OMOP, i2b2)
• Apply functions to all 

patients
• Often transformed in 

un-inspectable ways



Conceptualize EHR Data as a Multimodal Event Stream
Heterogenous (multiple types of data)
Partially ordered by time
Longitudinal (spanning years or decades)  
Sparse

Visit VisitVideo Visits Telephone



How Can AI for Healthcare?



How Can AI for Healthcare?

● Improved patient outcomes
○ Treatment selection
○ Disease diagnosis (e.g. early detection of cancer)
○ Risk stratification (e.g. mortality, cancer progression)
○ Abnormal test result prediction (e.g. lab values)

● More efficient hospital operations
○ Predictions for quality metrics (e.g. 30-day readmission likelihood)
○ Resource allocation (e.g. anticipating ICU transfers)
○ Billing (e.g. identify mis-coding of patient records)

● Research
○ Causal inference (e.g. drug trials and observational studies)
○ Identify off-label drug benefits



AI to Enhance Medical Decision Making

What Occurred in the Past? 

• Chart Summarization
• Cohort Construction
• Training Data Construction

What is Occurring Now?

• Identify blood clots in lung CT scans
• Identify cancerous cells in pathology 

slides

Predict Future Risks & 
Intervention Benefits

• Will patient develop nephritis? 
• Will patient develop chronic 

pulmonary hypertension?

Patient EHR Timeline 

Example ML 
Applications 

Whether to Treat How to Treat subject to
Policy

Intervention Properties

Capacity to Act



EHR Data Generation Context

 Patient Data  

IMAGING

AUDIO

GENOMICS

EHR NOTES

EHR CODES

SENSORS

Inspectability into 
the data generation 

process is key to 
mitigating “data 
cascades” in AI *

* "Everyone wants to do the 
model work, not the data 
work": Data Cascades in 
High-Stakes AI
(Sambasivan et al. 2021)



Foundation Models and AI’s “Industrial Age” 

Bommasani et al. 2022.



Foundation Models and AI’s “Industrial Age” 
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Bommasani et al. 2022.



Modeling: Architectures & Pretraining
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Outline
• Classes of EHR Foundation Models
• Transfer Learning
• Representational Choices

• Self-Supervised Pretraining
• Masked Language Modeling
• GPT/Autoregressive 
• Time-to-Event



Two Classes of EHR Foundation Models

Natural Language

Structured EHRs

CLMBR, MOTOR, MED-BERT, TransformEHR 

Wornow et al. 2023



Classic Approach to Building and Patient Model



ALL PATIENTS

Classic Approaches Often Fail Due to Limited Data

Classic medical ML approach is to 
train on a small target cohort

…but this doesn’t take advantage 
of the structure present in the 
entire patient population



Initial Challenges in Transfer Learning with EHR

22

2023

Relational/tabular data 
has been difficult for 

transfer learning

Insufficient Scale of 
Training Data

~195k Patients
(Rajkomar et al. 2018)



Model EHR Data as Sequences (Event Streams*)
Hypothesis: Accurately generating future health states 

captures many use cases of medical AI

(codei, t1) (codei, t2) (codei, t3) (codei, t4)

codei ∈ vocabulary

* McDermott et al. 2023.



More Like NLP Now, but Key Differences!
Tokenization / Vocabulary 
   NLP EHR
Vocabulary Size  50k 250k+
Subwords  Yes No
Tokens Semantics  Flat Hierarchical, Complex Dependencies 
 
Sequence Properties
   NLP EHR
Vocabulary Size  32k 250k+
Ordering   Total Partial 
Time Intervals  None Discontinuous 
Sampling Fidelity  All Sparse/Errors

50% Patients 
>= 68k tokens



Self-Supervised Pretraining Objectives  

BERT-Style (Masked 
Language Modeling)

BEHRT (Li et al. 2020)
MedBERT (Rasmy et al. 2021)
ClaimPT (Zeng et al. 2022)

GPT-Style
(Autoregressive)

CLMBR (Steinberg et al. 2020)
TransformEHR (Yang et al. 2023)

Time-to-Event

MOTOR (Steinberg et al. 2024)

Graph-Based
GraphCare (Jiang et al. 2024)

Won’t talk about these



Self-Supervised Learning with EHRs

Pretrain
FOUNDATION 

MODEL

Adapt

Small 
Labeled Set

Transfer Learning: Assumes Shared Structure 26

Patient 
Population
(Millions)



BERT-Style (Masked Language Modeling)
BEHRT (Li et al. 2020)
MedBERT (Rasmy et al. 2021)
ClaimPT (Zeng et al. 2022)



Corruption-based (Masking) Pretraining Objective 
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BERT

• Mask tokens (15%)
• Train Model to Predict [MASK]’ed tokens 



Corruption-based (Masking) Pretraining Objective 
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BERT

you  0.70
they  0.25
…
FunYuns  >0.001 



BERT-based Architecture (BEHRT)
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BERT

Li et al. 2020

EHR 
database



Better performance than baselines (MedBERT)
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BERT

Rasmy et al. 2021
But few-shot performance isn’t great…



Other Disadvantages

32

BERT

Rasmy et al. 2021

Raffel et al. 2019

Masked Language Modeling uses 
bidirectional attention. Good for 
summarizing a sequence, but not 
generating the next event/token 



GPT-Style (Autoregressive)
CLMBR (Steinberg et al. 2020)
TransformEHR (Yang et al. 2023)



Self-Supervised Pretraining in Natural Language



Self-Supervised Pretraining in Event Streams
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Patient History Code being 
predicted

codei ∈ vocabulary



CLMBR: Autoregressive Generative Pretraining
Key Intuitions: Treat codes as words in a symbol vocabulary and use 

knowledge graphs to better model rare codes

Represent codes as 
paths to the root of a 

medical ontology

Patient Timeline

RNN or 
Transformer 

Backbone

Decoder-only 
Model

Autoregressive Objective

Days are 
represented as a 
set of  <= M codes

Knowledge Graph

P(Patient)

Model days by assuming codes are independent
Use hierarchical info to improve speed & estimation 

Days are a set of 
unordered codes

Patients are ordered 
sequences of days



37Steinberg et al. 2021

GPT

EHR 
database2.5 million 

records

GPT-based Architecture (CLMBR)



GPT-based Architecture (CLMBR)

38Steinberg et al. 2021

EHR 
database2.5 million 

records

Embed



39Steinberg et al. 2021

GPT

EHR 
database2.5 million 

records

Embed

GPT-based Architecture (CLMBR)



40Steinberg et al. 2021

CLMBR

GPT

Learning objective: 
Next code prediction

EHR 
database2.5 million 

records

Embed

GPT-based Architecture (CLMBR)



41Steinberg et al. 2021

GPT

Learning objective: 
Next code prediction

Patient: ICD Code A, ICD Code B, ICD Code C

Embed

EHR 
database2.5 million 

records

CLMBR

GPT-based Architecture (CLMBR)



42Steinberg et al. 2021

GPT

Learning objective: 
Next code prediction

Patient: ICD Code A, ICD Code B, ICD Code C

Embed

CLMBR

EHR 
database2.5 million 

records

GPT-based Architecture (CLMBR)



43Steinberg et al. 2021

GPT

Learning objective: 
Next code prediction

Patient: ICD Code A, ICD Code B, ICD Code C

What code comes next?

CLMBR: ICD Code C

Embed

CLMBR

EHR 
database2.5 million 

records

GPT-based Architecture (CLMBR)



44Steinberg et al. 2021

GPT

Learning objective: 
Next code prediction

Patient: ICD Code A, ICD Code B, ICD Code C

What code comes next?

CLMBR: ICD Code C
Correct!

Embed

CLMBR

EHR 
database2.5 million 

records

GPT-based Architecture (CLMBR)



45Steinberg et al. 2021

GPT

n = 768

Downstream 
Tasks

Mortality ICU 
Transfer

30-day 
Readmit

ICD 
Diagnosis …

Learning objective: 
Next code prediction

Embed

Linear Head

CLMBR

EHR 
database2.5 million 

records

GPT-based Architecture (CLMBR)



Benefits of Autoregressive EHR Foundation Models
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+3.5 to 19% AUROC 

1. Improved Label & Sample Efficiency 

Improved Few-Shot Adaptation
(Steinberg et al. 2020) (Wornow et al. 2023)



Benefits of Autoregressive EHR Foundation Models

47EHR FM’s more robust to temporal distribution shifts

2. Improved Distributional Robustness 

Model performance decays over time w/o retraining

(Guo et al. 2023)



Benefits of Autoregressive EHR Foundation Models
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Improved Distributional Robustness 

Model performance decays over time w/o retraining

Struggles with longer time horizons(Guo et al. 2023)



Benefits of Autoregressive EHR Foundation Models
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Improved Distributional Robustness 

(Guo et al. 2024)

60-90% reduction pretraining data for continued pretraining across sites



Benefits of Autoregressive EHR Foundation Models
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Improved Distributional Robustness 

(Guo et al. 2024)

128 examples performs as well as training on all examples when 
using gradient boosted models (~2500 examples on avg.) 



Time-to-Event Modeling
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• 8,192 time-to-event tasks
• Up-to 55M patients
• 19 evaluation tasks

MOTOR: A Time-To-Event Foundation Model For 
Structured Medical Records

Key Intuition: Predict if 
something will happen 
and when it will happen

• Naturally handle censoring
• Model longer disease 

trajectories
• Build a foundation model 

for TTE 
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Time-to-Event Pretraining

Average 4.6% improvement in C-statistics
Requires up to 95% less 

data for adaptation

EHR

Claims
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Time-to-Event Pretraining

Outperforms autoregressive pretraining

Outperforms autoregressive 
pretraining on longer time 

horizons



Evaluation: EHR Foundation Models

56
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Reproducibility in Healthcare AI

McDermott et al., Sci. Transl. Med. 13, eabb1655 (2021)     24 March 2021

S C I E N C E  T R A N S L A T I O N A L  M E D I C I N E  |  P E R S P E C T I V E
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B I O M E D I C A L  P O L I C Y

Reproducibility in machine learning for health research: 
Still a ways to go
Matthew B. A. McDermott1*†, Shirly Wang2,3†, Nikki Marinsek4, Rajesh Ranganath5, 
Luca Foschini4, Marzyeh Ghassemi2,6,7

Machine learning for health must be reproducible to ensure reliable clinical use. We evaluated 511 scientific pa-
pers across several machine learning subfields and found that machine learning for health compared poorly to 
other areas regarding reproducibility metrics, such as dataset and code accessibility. We propose recommenda-
tions to address this problem.

INTRODUCTION
Reproducibility is required for scientific re-
search, but many subfields of science have 
recently experienced a reproducibility crisis, 
eroding trust in processes and results and 
potentially influencing the rising rates of 
scientific paper retractions (1, 2). Reproduc-
ibility is also critical for machine learning 
research (3); the goal of which is to develop 
algorithms to reliably solve complex tasks at 
scale, with limited or no human supervision. 
Failure of a machine learning system to con-
sistently replicate an intended behavior in a 
context different from that in which the be-
havior was defined may have unfortunate 
consequences. These risks are particularly high 
in artificial intelligence (AI) and machine 
learning applied to health (MLH), where 
algorithmic findings can directly affect hu-
man health care (4). As more AI health care 
tools are deployed in clinical practice, en-
suring that manufacturers report reproducible 
performance metrics is in the public interest. 
This challenge is further underscored by the 
lack of randomized control trials for deep 
learning–based systems in MLH and the 
high risk of bias that has been found in deep 
learning nonrandomized clinical trials (5).

Unfortunately, several factors related to the 
availability, quality, and consistency of clinical 
or biomedical data make reproducibility espe-
cially challenging in MLH applications. Here, 
we analyzed the state of reproducibility in MLH, 
contrasting this subfield of machine learning 
to both machine learning in general and to the 
subspecialties of computer vision and natural 

language processing. We developed a set of 
criteria for reproducibility tailored to MLH 
applications and designed to capture reproduc-
ibility goals more broadly. We then used these 
criteria to define several metrics quantifying the 
particular challenges in reproducibility faced 
within MLH. Next, we conducted a review of 
511 scientific papers to support our claims and 
to compare machine learning and AI in health 
care to machine learning more generally. Last, 
we build on this analysis by exploring promis-
ing areas for further research regarding repro-
ducibility in MLH.

REPRODUCIBILITY CRITERIA
The common understanding of reproduc-
ibility in machine learning can be summed 
up as follows: A machine learning study is 
reproducible if readers can fully replicate 
the exact results reported in the paper. We 
will call this concept technical reproducibil-
ity, as it is centrally concerned with whether 
or not one can exactly reproduce the precise, 
technical results of a paper under identical 
conditions. Although intuitive, we argue that 
technical reproducibility is actually only a small 
part of the goal of reproducibility more gen-
erally. This discrepancy has been noted histori-
cally in other domains in various ways (6, 7) 
and is made apparent by use of the term in the 
natural and social sciences where attempted 
reproductions will often occur in different 
laboratories using different equipment. How-
ever, to our knowledge, this discrepancy has 
not been explored in the context of MLH, and 

discussions of reproducibility in MLH, a sub-
field of machine learning where reproducibili-
ty is especially critical, have been limited to 
technical reproducibility. We argue that in 
order for a study to be fully reproducible, 
it must meet three reproducibility criteria: 
(i) technical reproducibility (can results be 
reproduced under technically identical 
conditions?), (ii) statistical reproducibility 
(can results be reproduced under statistical-
ly identical conditions?), and (iii) conceptual 
reproducibility or replicability (can results 
be reproduced under conceptually identical 
conditions?).

Technical reproducibility refers to the 
ability of a result to be fully technically repli-
cated, yielding the precise results reported in 
the paper. This entails aspects of reproducibili-
ty related to code and dataset release. Statis-
tical reproducibility refers to the ability of a 
result to be upheld under resampled condi-
tions that may yield mildly different numer-
ical results but should not statistically affect 
the claimed result. For example, if an algo-
rithm is trained on a dataset multiple times 
with different random initializations or with 
different random sub samples of the data used 
to train the algorithm versus evaluate the final 
model, then the reported results should be 
statistically equivalent even if they are not 
technically identical. Note that this is related 
to the notion of internal validity (8), which 
is commonly used in social science research. 
Last, conceptual reproducibility, or replica-
bility, describes how well the desired results 
can be reproduced under conditions that match 
the conceptual, high-level description of the 
purported effect. Just as statistical reproduc-
ibility is like internal validity, replicability is 
closely related to external validity (8), as it de-
scribes the notion of how well the desired re-
sults can be reproduced under conditions that 
match the conceptual description of the pur-
ported effect. Replicability is task-definition 

1Massachusetts Institute of Technology, Cambridge, MA 02139, USA. 2Department of Computer Science, University 
of Toronto, Toronto, ON M5T 3A1, Canada. 3Layer 6 AI, TD Bank Group, Toronto, ON M5G 1M1, Canada. 4Evidation 
Health Inc., San Mateo, CA 94402, USA. 5Center for Data Science and Department of Computer Science, Courant 
Institute of Mathematical Sciences, New York University, New York, NY 10011, USA ; Department of Population 
Health, NYU Langone Health, New York, NY, USA 10016. 6Vector Institute, University of Toronto, Toronto, ON 
M5G 1M1, Canada. 7Department of Medicine, University of Toronto, Toronto, ON M5S 1A8, Canada.
*Corresponding author. Email: mmd@mit.edu.
†These authors contributed equally to this work.

Copyright © 2021 
The Authors, some 
rights reserved; 
exclusive licensee 
American Association 
for the Advancement 
of Science. No claim  
to original U.S. 
Government Works
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Longstanding 

Reproducibility 
Challenges

Medical data are noisy, replete 
with errors, biases, missingness

Most AI is trained and 
tested on cleaned data



Open & Accessible Model Weights
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https://github.com/ZhiGroup/Med-BERT

Transfer learning is the primary 
value prop of foundation models!

Foundation Models Risk Increasing our Reproducibility Crisis
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Thought Leadership on Medical Foundation Models

Better Accuracy

Less Labeled Data

Simplified Deployment

Emergent Applications

Multimodality

Novel Human-AI 
Interfaces

Enriching the Axes of 
Evaluation



Enabling Open Science
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• Improve transparency of evaluation with
• More open datasets + models
• Shared recipes for training and evaluating models 

• Better healthcare benchmarks
• Measure properties beyond accuracy
• Align with real user (healthcare workers) needs



Many benchmarks for EHRs exist…
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Benchmark ICU/ED 
Visits

Non-ICU/ED 
Visits

# of 
Tasks

Few Shot 
Eval

Public Model 
Weights

MIMIC-Extract 5

Purushotham 2018 3

Harutyunyan 2019 4

Gupta 2022

COP-E-CAT

Xie 2022

eICU

EHR PT

FIDDLE

HiRID-ICU

Solares 2020

Wornow et al. 2023

EHRSHOT



…but they offer a narrow viewpoint of patients…
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Benchmark ICU/ED 
Visits

All Other 
Visit Types

# of 
Tasks

Few Shot 
Eval

Public Model 
Weights

MIMIC-Extract ✅ 5

Purushotham 2018 ✅ 3

Harutyunyan 2019 ✅ 4

Gupta 2022 ✅ 🟡 4

COP-E-CAT ✅ 🟡 4

Xie 2022 ✅ 🟡 3

eICU ✅ 4

EHR PT ✅ 11

FIDDLE ✅ 3

HiRID-ICU ✅ 6

Solares 2020 ✅ ✅ 2

Wornow et al. 2023

Almost all are sourced from a 
single dataset called “MIMIC-
III” which contains ~40k 
patients from one hospital

EHRSHOT



…a limited set of tasks…
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Benchmark ICU/ED 
Visits

All Other 
Visit Types

# of 
Tasks

Few Shot 
Eval

Public Model 
Weights

MIMIC-Extract ✅ 5

Purushotham 2018 ✅ 3

Harutyunyan 2019 ✅ 4

Gupta 2022 ✅ 🟡 4

COP-E-CAT ✅ 🟡 4

Xie 2022 ✅ 🟡 3

eICU ✅ 4

EHR PT ✅ 11

FIDDLE ✅ 3

HiRID-ICU ✅ 6

Solares 2020 ✅ ✅ 2

Wornow et al. 2023

EHRSHOT



…are not designed for few-shot evaluation…
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Benchmark ICU/ED 
Visits

All Other 
Visit Types

# of 
Tasks

Few Shot 
Eval

Public Model 
Weights

MIMIC-Extract ✅ 5

Purushotham 2018 ✅ 3

Harutyunyan 2019 ✅ 4

Gupta 2022 ✅ 🟡 4

COP-E-CAT ✅ 🟡 4

Xie 2022 ✅ 🟡 3

eICU ✅ 4

EHR PT ✅ 11 ✅

FIDDLE ✅ 3

HiRID-ICU ✅ 6

Solares 2020 ✅ ✅ 2

Wornow et al. 2023

EHRSHOT



…and do not publish model weights
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Benchmark ICU/ED 
Visits

All Other 
Visit Types

# of 
Tasks

Few Shot 
Eval

Public Model 
Weights

MIMIC-Extract ✅ 5

Purushotham 2018 ✅ 3

Harutyunyan 2019 ✅ 4

Gupta 2022 ✅ 🟡 4

COP-E-CAT ✅ 🟡 4

Xie 2022 ✅ 🟡 3

eICU ✅ 4

EHR PT ✅ 11 ✅

FIDDLE ✅ 3

HiRID-ICU ✅ 6

Solares 2020 ✅ ✅ 2

Transparency and reproducibility are key to advance science and build trust!
Wornow et al. 2023

EHRSHOT



MedAlign: A Clinician-Generated 
Dataset for Instruction Following 
with Electronic Medical Records

2023

EHRSHOT: An EHR Benchmark 
for Few-Shot Evaluation of 
Foundation Models

2023

INSPECT: A Multimodal Dataset 
for Patient Outcome Prediction 
of Pulmonary Embolisms

2023
Radiology NotesCT Scans

6,739 
Patients

19,402 
Patients

EHR Tabular

EHR Tabular

267 
Patients

EHR Tabular All Clinical Notes

…

Releasing New Medical Datasets

NeurIPS Datasets & Benchmarks 2023

AAAI 2024ML4H Symposium 2024

SPOTLIGHT

BEST THEMATIC PAPER ORAL



EHRSHOT

67

Benchmark ICU/ED 
Visits

All Other 
Visit Types

# of 
Tasks

Few Shot 
Eval

Public Model 
Weights

MIMIC-Extract ✅ 5

Purushotham 2018 ✅ 3

Harutyunyan 2019 ✅ 4

Gupta 2022 ✅ 🟡 4

COP-E-CAT ✅ 🟡 4

Xie 2022 ✅ 🟡 3

eICU ✅ 4

EHR PT ✅ 11 ✅

FIDDLE ✅ 3

HiRID-ICU ✅ 6

Solares 2020 ✅ ✅ 2

EHRSHOT ✅ ✅ 15 ✅ ✅

Representative data Broad range of tasks Wornow et al. 2023Few-shot eval

Transparency

EHRSHOT



Enabling Open Science
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Margaret Mitchell
Chief AI Ethics Scientist, Hugging Face

First EHR model hub release!

• Gated model on Hugging Face
• Requires CITI ethics training
• Non-commercial use only



Medical Event Data Standard (MEDS)
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https://github.com/Medical-Event-Data-Standard/meds

Open Data Schema for Health AI Practitioners 

Bert Arnrich, Edward Choi, Jason A. Fries, Matthew B. A. McDermott, Jungwoo Oh, Tom 
J Pollard, Nigam Shah, Ethan Steinberg, Michael Wornow, Robin van de Water

https://github.com/Medical-Event-Data-Standard/meds
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Of LLMs and Medical Knowledge…



Multiple Choice vs. Longitudinal Patient Timelines

Encode Patient Timelines as XML, JSON, FHIR, etc.
71



Instruction Tuning: Aligning with Clinical Needs

MedAlign: A Clinician-Generated Benchmark 
Dataset for Instruction Following with 

Electronic Medical Records [1]

[1] Fleming et al. “A Clinician-Generated Benchmark Dataset for Instruction Following with Electronic Medical Records”. AAAI. 2024.

• 15 clinicians / 7 specialties
• 983 instructions, 303 responses
• Assess real information needs

72



Instruction Tuning: Aligning with Clinical Needs

73

Clinicians spend 49% of 
their day interacting with 
EHRs! >66% of 
instructions were 
"retrieve & summarize" 
data from the EHR. 



Instruction Tuning: Aligning with Clinical Needs

[1] Fleming et al. “A Clinician-Generated Benchmark Dataset for Instruction Following with Electronic Medical Records”. Under Review. 2023.

GPT-4 35% Error Rate

74



Instruction Tuning in Medical LLMs

Current short instruction 
tuning tasks for medicine 

(e.g., MedQA) actually hurt 
performance on MedAlign

75

A Single 
Benchmark Does 

NOT Tell the 
Whole Story!



Opportunities: The Road Ahead

76



Open Weights are Critical to Fair & Secure Models

77

Transparency (training data, model 
weights) is critical for fair and secure 
models  

“Given both the competitive landscape and the 
safety implications of large-scale models like GPT-4, 
this report contains no further details about the 
architecture (including model size), hardware, 
training compute, dataset construction, training 
method, or similar.”



Calls for the Academic Community
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Smaller Models, Cheaper to Train

Lead Building Open, Reproducible 
Medical Base Models

AI will augment existing roles 
We need to measure human + AI 

performance

Reimagine Model Evaluation

Knowledge 
Retrieval

Real Clinical 
Workflows

Human-AI 
Collaboration



Data-Centric AI for EHRs
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We don’t have enough EHR data for today’s generative AI

Beat Power Law Scaling

• 340M people in the U.S.
• Only ~550B tokens of structured EHR data

• Llama-2: 2 trillion tokens
• Mistral-7B: 8 trillion token

Synthetic Data Generation

Sorscher et al. 2022
Data Pruning?

CEHR-GPT (Pang et al. 2024) 
Cover gaps in training data?



Thank You!
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jason-fries@stanford.edu


