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The State of Al in Healthcare

Expensive to prototype* Medical data are noisy, replete
>$200,000 with errors, biases, & missingness
’

Most Al is trained and tested

leaned dat
Models are rarely on cleaned data

deployed:? Healthcare Al research suffers
from poor reproducibility 3

1. Sendak et al. 2017. Barriers to Achieving Economies of Scale in Analysis of EHR Data.
2. Wynants et al. 2020. Prediction models for diagnosis and prognosis of covid-19: systematic review and critical appraisal
3. McDermott et al. 2021 Reproducibility in machine learning for health research: Still a ways to go



Al Chasm

Improve Clinical Outcomes
Reduce Costs & Burnout
Improve Patient Lives

Healthcare Al
Research

Aristidou et al 2022. Bridging the chasm between Al and clinical implementation
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Special Reports > Exclusives

Al Passes U.S. Medical Licensing Exam

— Two papers show that large language models, including
ChatGPT, can pass the USMLE

by Michael DePeau-Wilson, Enterprise & Investigative Writer, MedPage Today
January 19, 2023
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FORBES > INNOVATION > HEALTHCARE

5 Ways ChatGPT Will Change
Healthcare Forever, For Better

What ChatGPT And Other
Al Tools Mean For The
Future Of Healthcare

Sahil Gupta Forbes Councils Member
Forbes Technology Council
COUNCIL POST | Membership (Fee-Based)

Department
of Medicine

ChatGPT: Will It Transform the World of

Robert Pearl, M.D. Contributor © Health Ca re?

NEWS | 18 January 2023

ChatGPT listed as author
onresearch papers: many
scientists disapprove

At least four articles credit the Al tool as a co-author, as
publishers scramble to regulate its use.

NYMC > News and Events > News Archives

Envisioning the Healthcare Landscape
with ChatGPT

New York Medical College Explores The
Opportunities And Risks Of Al On The
Healthcare Industry In The Following Article
Written Entirely Using ChatGPT

February 13, 2023
nom
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Generative Al
Breaks into the
Mainstream

B Describe how crushed porcelain added to
breast milk can support the infant digestive
system.

Crushed porcelain added to breast milk
can support the infant digestive system
by providing a source of calcium and

other essential minerals. When added to

...and their many issues



Excitement & Hype

Google DeepMind Google Research

2024-04-29

Capabilities of Gemini Models in Medicine

Khaled Saab™', Tao Tu”"!, Wei-Hung Weng™!, Ryutaro Tanno®?, David Stutz -, Ellery Wulczyn ',

(a) Dialogue example

For the past few weeks, | have noticed muitiple itchy lumps on @
my legs and arms. The lumps are solid and don't contain fluid.

SoTA on MedQA (USMLE)

They are very itchy and | have been waking up at night scratching
them. | have tried over-the-counter hydrocortisone cream, but it
has not provided much relief.

the lumps? ]

§ [ | understand your concern. Can you send me a picture of

20 Note: re-labelling with expert 3 -
it - Med-Gemini
clinicians suggests 7.4% of the | L
questions in the dataset have Med PaLM,%’ GPT-4 911 @
quality issues or ambiguous 86.5 / 90.2
ground truth /
!"
~ 80 /
b
)
@ /
5 /
o / ans . . .
o J Real-world Utility with Novel Applications
<70 Med-PaLM /
o eda-raLivl /
il 67.2 ?
7] | Medical Summarization
2 i =0.04
< | GPT-35
9 60 » .
D / 60.2 Doctor Referral Generation
E ”, p<0.001 = Med-Gemini Preferred
S Tied
J m= Expert Preferred
Pl Medical Simplification
o s p<0
501 BioLinkBERT i
45.1 .« DRAGON 0 20 4 60 80 100
o« 475 % Responses
Clinical abstraction
Mar 22 Oct 22 Dec 22 May 23

‘or Generative Al in Medicine

Medical Modalities
& Knowledge

Med-Gemini Applications

/ Visual Guest
Gemini [ Visusiquestion
;/
/ 20 Report
'\-\ Generation
~
A 30 Report
N\ Generation
\,‘ Palygenic Risk
Prediction

Google DeepMind and Google Research 202457

Advancing Multimodal Medical Capabilities of
Gemini

Google Research and Google DeepMind *

“22 datasets across five different tasks and
six distinct medical image modalities”

Public datasets are highly curated
Do these reflect "real-world”
deployment needs?



Our Thinking on Medical Foundation Models

Healthcare

How Foundation Models Can
Advance Al in Healthcare

This new class of models may lead to more affordable, easily adaptable health Al

Dec 15, 2022 |
Jason Fries, Ethan Steinberg, Scott Fleming, Michael Wornow, Yizhe Xu, Keith Morse, Dev Dash,
Nigam Shah

¥y f @ in

Healthcare, Machine Learning

The Shaky Foundations of
Foundation Models in Healthcare

Scholars detail the current state of large language models in healthcare and advocate for

better evaluation frameworks.

Feb 27,2023 |
Michael Wornow, Yizhe Xu, Birju Patel, Rahul Thapa, Ethan Steinberg, Scott Fleming, Jason Fries,
Nigam Shah

¥y f O in

Better Accuracy

Simplified Deployment

Emergent Abilities

Multimodality

Novel Human-Al

Interfaces

Enriching the Axes of Evaluation



How Do We Evaluate Generative Al in Medicine?

(Wornow et al. 2023) The shaky foundations of large language
models and foundation models for electronic health records

Survey of 84 foundation models trained on non-imaging EHR data

Limited clinical datasets (MIMIC-IIl) or PubMed

Evaluation tasks do not provide meaningful insights into deployment
No released medical foundations models for EHR data

No shared benchmarks for comparison and shared sense of SOTA



How Do We Evaluate Generative Al in Medicine?

(Bedi et al. 2024) A Systematic Review of Testing and Evaluation
of Healthcare Applications of Large Language Models (LLMs)

Our recent survey paper looked at 519 LLM studies in medicine from
(January 1, 2022 to February 19, 2024)

* Only 5% of studies used real patient care data for evaluation

 95.4% used accuracy as the primary evaluation dimension

» Limited evaluation of fairness/bias (15.8%), robustness (14.8%),
deployment (4.6%)



Tenets of Data-Centric Benchmarking for Healthcare

* Use Diverse, Realistic Patient Data and Tasks
* Transparency is a First Class Citizen
* Report Provenance for Data, Training Mixtures
* Accessible/Inspectable Model Weights
* Report Metrics Beyond Accuracy, F1, ROUGE, etc.
 Evaluate Systems for Human-Al Collaboration



EHR Data & Tasks



Electronic Health Record (EHR)

Digital Record of Patient Care

l_PEf‘W"_k—'_-’ - Standardized health system Standardized
—— health economics
—+ Observation_period e N Cost |~—
Visit_occurrence — I~ I Provider ,_)
o[ visit_detai I Standardized
nce

derived elements

Concept IT\ Condition_era e
Vocabulary I ) Drug_era |
boeen 1

Concept_class Results schema
N Observation Cohort_definition |

m | concept_rel hip_|<
L_,—‘ Relationship ]
Joe e Standardized

= oo ] et
Aergy st reviewed during this update Dicective st reviewed during ths update o i ] Episode_event | l Source_to_concept_map I | CDM_source |
- - | Fact_relationship | [ Drug_strength | Metadata

— Death

Standardized clinical data

EHR interface for healthcare workers EHR interface for data scientists

* GUl-based * Relational database structure

» Data portal for a patient’s data * Some data model (Epic, OMOP, i2b2)

* Focus on asingle patient at a time Often transformed in un-inspectable ways



Electronic Health Record (EHR)

Provenance of Data Curation if Critical for ML and Difficult to Track in Healthcare

Bel

i
all O

i ETL

/ Propriety\g =
= H

EHR Vendor

Common Data
Model

Reality Healthcare Workers Researcher

of Care Enter Data



Electronic Health Record (EHR)

Provenance of Data Curation if Critical for ML and Difficult to Track in Healthcare

Invisible to the ML
Researcher

n ; I

i
i
8

e

HIA(E
il

Common Data

Model Researcher

"Iinfrastructure shift", i.e., changes in access, extraction
and transformation of data (Otles et al. 2021) e

infrastructure shift > temporal shift

:I.Tl 075 0.76 077 ll..Th 0.7 080 0.81 0.82
Bootstrapped AUROC Distribution



Electronic Health Record (EHR) Data is Multimodal

@

patient

Contains multiple types of data, ordered by time
Represented by a timeline or event stream'!

Q
Q
N\ 4

DIAGNOSIS CODES
LAB RESULTS
MEDICATION
TEXT NOTES

BILLING (CLAIMS)
STREAMING

GENOME
IMAGING
DISEASE CODES
PROCEDURES

SIGNALS .

1. McDermott et al. 2024. Event Stream GPT: A Data Pre-processing and Modeling Library for Generative, Pre-trained Transformers over Continuous-time
Sequences of Complex Events




Al to Enhance Medical Decision Making

Patient EHR Timeline

I I ] e e 1|
LAB RESULTS B [ | [ ] B B :
MEDICATION B I
TEXT NOTES [ | :

sicine (cLams) | [l 1

STREAMING B [ ] H B B :
GENOME [ | [ | :
IMAGING A . _______________________________________ I
\ A J
|| | I
. . . Predict Future Risks &
What Occurred in the Past? What is Occurring Now? . .
Intervention Benefits
Examplg ML *  Chart Summarization « Identify blood clots in lung CT scans *  Will patient develop nephritis?
Applications « Cohort Construction  Identify cancerous cells in pathology +  Will patient develop chronic
e Training Data Construction slides pulmonary hypertension?

\
|




Model & Benchmark Releases



Medical Foundation Models

SN
Hm =L
o
7=z [ ) ©
— Foundation . &
Model . Natural
- Language @AY,
: T Interaction
HEALTHCARE DATA SERSGELS TASK ADAPTATION HUMAN-A]

COMPONENTS COLLABORATION

18



Our EHR Foundation Model Work

Self-Supervised Methods Development

— Structured = Knowledge
Data = Graphs

MOTOR: Many Outcome Time
Oriented Representations

CLMBR: Clinical language

2021 2024

modeling-based representations

Pretraining: Autoregressive Pretraining: Time-to-Event

Journal of Biomedical Informatics
2021

ICLR 2024  SPOTLIGHT

19



Open & Accessible Model Weights

Sharing pre-trained model

Initially we really hoped to share our models but unfortunately, the pre-trained models are no longer sharable.
According to SBMI Data Service Office: "Under the terms of our contracts with data vendors, we are not permitted
to share any of the data utilized in our publications, as well as large models derived from those data."

https://github.com/ZhiGroup/Med-BERT

Transfer learning is the primary
value prop of foundation models!

Foundation Models Risk Increasing our Reproducibility Crisis

20



Fnabling Open Science

& clmbr-t-base ™ ®ilike

£ Safetensors clmbr  healthcare femr  medical

Model card Files Community 1 Settf

%¢ Gated model You have been granted access to this model

Our first model hub release!

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

#  MMitchell
@mmitchell_ai
At @huggingface, we've been defining a gradient of openness, looking at
the context + sensitivity of different models & data and creating

mechanisms to address them. Below is a great example of our v2 of

"gating", huggingface.co/StanfordShahLa... with required ethics training
from CITI.

@ Jason Alan Fries at #NeurlPS2023 @jasonafries - Dec 11

Evaluating few-shot learning is standard w/ LLMs but not EHR foundation
models... yet! We're excited to release #EHRSHOT a dataset of ~7k patients + a
foundation model pretrained on 2.57M de-identified EHRs #NeurlPS2023

Margaret Mitchell
Chief Al Ethics Scientist, Hugging Face

21




Releasing New Medical Datasets

EHRSHOT: An EHR Benchmark
for Few-Shot Evaluation of 2023
Foundation Models

6,739

Patients

Tabular

H =

CT Scans Tabular Radiology Notes

INSPECT: A Multimodal Dataset 19.402
for Patient Outcome Prediction 2023 ’
of Pulmonary Embolisms Patients

MedAlign: A Clinician-Generated 267
Dataset for Instruction Following 2023 TS
with Electronic Medical Records

Tabular All Clinical Notes

AAAI 2024



LM Medical Knowledge via USMLE-Style Questions

Performance on MedQA

100

90 4

80 1

70 1

60

50 A

40 A

30 4

20

LLM Performance over Time on MedQA

@® Open Source
® Closed Source
Med-Palm 2
GPT-4 406
°
______ EXpert PO AN L
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GPT-3.5 70B
1758 Llama2 Meda?
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54.0'3 Clinical Came]
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BioMedLM _
. DRAGON 2.78  "MCLiaMA
BioLinkBERT 360M o e
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Publ;flggpl?lERT
GPT Neo [
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°
______ Random chance _ . —————_————————— e e
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Model Release Date
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MedQA Does Not Reflect Realistic EHR Data

MedQA

Question: A 35-year-old man is brought
to the emergency department by a friend
30 minutes after the sudden onset of
right-sided weakness and difficulty
speaking. [...] Which of the following is
the most appropriate next step in
diagnosis?

(A) Echocardiography with bubble study
(B) Adenosine stress test

(C) Cardiac catheterization

(D) Cardiac MRI with gadolinium

(E) CT angiography

\

What if...

EHR System
— Clinical
—| Text
=TT 1 Tabular
= Data

7/

USMLE

United States Medical Licensing Exam

33k to 1.6M tokens
per patient

24



MedAlign: Clinical Instruction Following Benchmark

EHR System

2 Clinical
Text

Err1 Tabular
EttH Data

|Labs | Vitals || Medication List |

Notes | | Past Medical History |

| Problem List | | Social History |

| Care Plan ”"‘;'reatment Plan I

Pair Instructions with Patient EHR Markup </>

MedAlign: A Clinician-Generated Benchmark

Patient EHR

Emergency Room Visit

Pair Instructions + EHRs :

10/08/2018

Neurology Clinic Visit

05/15/2022

4 Build MedAlign Dataset

@

>

= N guery(Instruction, EHR) :

<record>
<visgit type-Emergency
tart="10/08/2018

art="10/08/2018

EHR

s

Birt!

Dataset for Instruction Following with
Electronic Medical Records [1]

Clinician Instruction

Summarize from the EHR

the strokes that the patient + EHR
) had and their associated </>

neurologic deficits.

Clinician Response

The patient had strokes in the L basal

ganglia in 2018 and multiple strokes in 2022:

R occipital, left temporal, L frontal. The
patient had right sided weakness associated

m with the 2018 stroke after which she was

admitted to rehab. She then had a left sided
hemianopsia related to the 2022 stroke.

LLM Response

MedAlign Dataset Evaluation

15 clinicians / 7 specialties

267 Longitudinal Patient Timelines
983 instructions, 303 responses
Assess real information needs

[1]Flemingetal. “A Clinician-Generated Benchmark Dataset for Instruction Following with Electronic Medical Records”. AAAL 2024.
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MedAlign: Clinical Instruction Following Benchmark

<record>
<visit type="Emergency Room Visit" start="10/08/2018 20:00">
<day start="10/08/2018 20:00">
<person>
Birth:7/19/1966

Race: White

Gender: FEMALE
Ethnicity: Hispanic or Latino

<f>

Age in Days: 19074
Age in Years: 52
</person>
<condition_occurrence start="10/08/2018 08:00 PM">
<code>[ICD/163.5] Cerebral infarction due to unspecified occlusion or stenosis of cerebra
</condition_occurrence>

<visit_detail start="10/08/2018 08:00 PM">
<code>[CARE_SITE/7929519] Thousand Oaks EMERGENCY DEPARTMENT</code>
</visit_detail>
<measurement start="10/08/2018 08:05 PM">
<code>[LOINC/8601-7] EKG impression</code>
</measurement>
<procedure_occurrence start="10/08/2018 08:05 PM">
<code> [SNOMED/268400002] 12 lead ECG</code>
</procedure_occurrence>
<measurement start="10/08/2018 08:05 PM">
<code>[LOINC/8462-4] Diastolic blood pressure 100</code>
[...]
</measurement>
<observation start="10/08/2018 08:10 PM">
<code>[LOINC/LP21268-6] Oxygen saturation 96 %</code>
</observation>
<note type="emergency department note" start="10/08/2018 08:10 PM">
Emergency Department Provider Note Name: Jessica Jones, MD MRN: [1234555]
ED Arrival: 10/08/2018 Room #: 17B History and Physical Triage: 52 year old woman
with unknown past medical history presenting with right sided weakness since about
2 hours ago. Last known normal 5:45pm. She said she was feeling well and then suddenly

Ground promptin “complete”
longitudinal health record

Clinician Instruction

Summarize from the EHR
the strokes that the patient + EHR
had and their associated
neurologic deficits.

Clinician Response

The patient had strokes in the L basal
ganglia in 2018 and multiple strokes in 2022:
R occipital, left temporal, L frontal. The
patient had right sided weakness associated
with the 2018 stroke after which she was
admitted to rehab. She then had a left sided
hemianopsia related to the 2022 stroke.

MedAlign Dataset Evaluation

7 m

LLM Response

26



Instruction Tuning: Aligning with Clinical Needs

Model Context Correct WR {1 Rank]
GPT-4 (MR) 327687 65.0% 0.658 2.80
GPT-4 32768 60.1% 0.676 2.75
GPT-4 2048* 51.8% 0.598 3.11
Vicuna-13B 2048 35.0% 0.401 3.92
Vicuna-7B 2048 33.3% 0.398 3.93
MPT-7B-Instruct 2048 31.7% 0.269 4.49

GPT-4 35% Error Rate



Aligning with Clinician Information Needs

Table 2: MEDALIGN instruction categories and example instructions.

Category Example Instruction Gold All

Retrieve & Summarize Summarize the most recent annual physical with the 223 667
PCP

Care Planning Summarize the asthma care plan for this patient 22 136
including relevant diagnostic testing, exacerbation
history, and treatments

Calculation & Scoring Identify the risk of stroke in the next 7 days for this 13 70
TTA patient

Diagnosis Support Based on the information I've included under HPI, what 4 33
is a reasonable differential diagnosis?

Translation I have a patient that speaks only French. Please 0 2
translate these FDG-PET exam preparation
instructions for her

Other What patients on my service should be prioritized for 41 75
discharge today?

Total 303 983

Clinicians spend 49%
of their day interacting
with EHRs

~66% of instructions
were "retrieve &
summarize" data from
the EHR.

28



Aligning with Clinician Information Needs

Table 2: MEDALIGN instruction categories and example instructions.

Category Example Instruction Gold All

Retrieve & Summarize Summarize the most recent annual physical with the 223 667
PCP

Care Planning Summarize the asthma care plan for this patient 22 136
including relevant diagnostic testing, exacerbation
history, and treatments

Calculation & Scoring Identify the risk of stroke in the next 7 days for this 13 70
TTA patient

Diagnosis Support Based on the information I've included under HPI, what 4 33
is a reasonable differential diagnosis?

Translation I have a patient that speaks only French. Please 0 2
translate these FDG-PET exam preparation
instructions for her

Other What patients on my service should be prioritized for 41 75
discharge today?

Total 303 983

Clinicians spend 49%
of their day interacting
with EHRs

~66% of instructions
were "retrieve &
summarize" data from
the EHR.

Only 17% represent MedQA-type questions

29



Chasing Benchmarks Not Realistic Use Cases

Base vs. Base + Medical Instruction Tuning

Llama2 7B -

|_

—|

l.

=

0.52 0.54 0.56 0.58 0.60 0.65

BERTScore

Auto-evaluation Metrics

Several medical Llama-2
instruction tuned
models...



Chasing Benchmarks Not Realistic Use Cases

Base vs. Base + Medical Instruction Tuning

Lama2 781 a H Several medical Llama-2
apacare 78 4T AL instruction tuned
models...
Llama2 13B
AlpaCare 138 Here instruction tuning
Llama2 708 for MedQA—style tasks
cinicaicoma I 1L largely hurt performance

on MedAlign

0.52 0.54 0.56 0.58 0.60 0.65 0.70 0.75 0.80
COMET BERTScore

31

Auto-evaluation Metrics



The Road Ahead



Open Weights are Critical to Fair & Secure Models

: Transparency (training data, model
Why Anthropic and OpenAl are weights) is critical for fair and secure

obsessed with securing LLM models
model weights

@OpenAI

“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.”

33



Calls for the Academic Community

Smaller Models, Cheaper to Train Reimagine Model Evaluation

100%
90%
80%
70%

60%
Human-Al

Collaboration

week apart
2 weeks aj

LLaMA-13B Alpaca-13B Vicuna-13B Bard ChatGPT

50%

*GPT-4 grades LLM outputs. Source: https://vicuna.Imsys.org/

Al will augment existing roles
We need to measure human + Al
performance

Lead Building Open, Reproducible
Medical Base Models

34



Data-Centric Benchmarks Must Reflect Data Realities

Reality
of Care

Healthcare Workers
Enter Data

BWOl e

EHR Vendor

— N
—all 1| \ =l =
Propriety ===
1 e =

OUR WORK

Common Data

Model Researcher
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Data-Centric Benchmarks Must Reflect Data Realities

—p HOw can we better capture :fmd sharethe _
uncharted parts of patient care

Reality Researcher
of Care

36



Thank You!

jason-fries@stanford.edu



Medical Event Data Standard (MEDS)

N

a Dataset Specific N MEDS N MEDS-compliant,
Model-specific

Metadata ]\:
. MEDS =
Extraction compliant i ML i
Pipeline P Dataset =
Dataset ML Model

Model-specific

User-defined or Public,
Semi-Composable
Transformation Pipeline

VAN AN '\ Y,

PROPOSAL - Data Schema for ML Developers

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