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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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EDITORS' PICK %

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)
Feb 6, 2023, 08:30ar

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
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Generative Al
Breaks into the
Mainstream

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 theirmany issues



Talk Outline

Large Language Modeling 101
The Shaky Foundations of Medical Foundation Models
Our Research: EMR Foundation Models
* MOTOR - Time-to-Event Modeling
* LUMIA - Language + Structured Data
The Road Ahead: Challenges & Opportunities
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Language Modeling 101: Training Objective

S = Where are we going

1
Previous words Word being Training Data

(Context) predicted

P(S) = P(Where) x P(are | Where) x P(we | Where are) x P(going | Where are we)

P(“wl,wz,- Cown) T p(wl)p(w2|w1)p(w3|w1: w2)---p(wn|wlaw27 “:wn—l)

Language Modeling




Language Modeling 101: The Ingredients

Pretraining Data

The Pile

n Crawl

BigScience
Multilingual ROOTS Corpus

Model Architecture

Feed-forward network:

after taking information from
other tokens, take a moment to

think and process this information

f

Decoder-encoder attention:
target token looks at the source
Jueries - from decoder states; keys
Jer state

Feed-forward network:
after taking information from
other tokens, take a moment to
think and process this information

!

Encoder self-attention:

tokens look at each other Decoder self-attention (masked):

tokens look at the previous tokens.

er state

Outputs
(shifted right)

Transformer (Vaswanietal.2017)

Massive Compute

1 Million GPU Hours (~114 years)
to train BLOOM (176B params)



Language Modeling 101: Billions of Parameters

- _~ 530B

GPT-3 (1758) =
" Megatron-Turing NLG (5308) 20 22

Turing-NLG (17.28)

100

Megatron-LM (8.38)
" 15118

GPT-2(1.58)

Model Size (in billions of parameters)

BERT-Large (340M)

[ 4 o L2
Google’s PalLM 2018
(A) Math word (B) Instruction

problems following (C) 8-digit addition
g qx;)o 70 Instruction 100
“An ability is emergent if it is not present in 5 j: ) fel T g
. . 8 - 7 60
smaller models but is present in larger models” £ g% e B a0

. At g
Wei et al. 2022 z s z <
T 9 30 0 ‘
102! 1022 10%3 10%4 107! 1072 1073 10%* 10%9 1020 10%

Model scale (training FLOPs)



Language Models 101: Inputs and Outputs

Human-Al Interaction

Text Output

Text Input

.
r ] ) Language
) Model
------ ©
Numeric Representation of
text useful for other systems
Embeddings for

Downstream Applications



Foundation Models

Tasks

! Question
6 Answering /.
Data ! i ' Sentiment

g A, , . Analysis
Text ‘
\ &H %= Y
r‘\ ( » ‘_‘. 2 . Information (\
= \J/ Imsges f Extraction
‘ Adaptation '

ape
Speech"lw\’\ Training | Foundation . Image
/ Model & Captioning

_ Structured
. Data

'§»§ Object
. ] Recognition
3D Signals “ %‘
S——
%, Instruction
GV"_ Following & &

Bommasani et al. “On the Opportunities and Risks of Foundation Models”

=

")

Language models are
an instanceof a
foundation model

Adaptable to many
tasks

“Language”is any
symbol vocabulary



Foundation Models and Al's “Industrial Age”

~ 9
Medical Image Analysis / Labeling h 0
Foundation .
Model : Natural ‘
" Language @AY,
. P Interaction
Risk Stratification
.
Millions of EHRs i |
REUSABLE HUMAN-AI

COMPONENTS TASKADAPTATION COLLABORATION

HEALTHCARE DATA
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Thought Leadership on M

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 DB in

https://tinyurl.com/FM-in-HC

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

https://tinyurl.com/shaky-foundations

edical Foundation Models

Better Accuracy

Simplified Deployment

Emergent Applications

Multimodality

Novel Human-Al

Interfaces

Enriching the Axes of Evaluation

12



Two World-views on How to Use Such Models

Input is
“documents”

Clinical text

Patient medical
history

Clinical Language Model

(CLaM)

Clinical text

Text

Foundation model for
Electronic Medical Records

(FEMR)

Input is

“timelines”

Patient
representation

Emphasis ison using

the representation

\J

{°_sb
=
Generative
Task

©

Downstream
ML model

©

Downstream

ML model

Emphasis isonusing
the textual output

o,

o
Q0 °
o °

Prediction
Task

[}
(-]
S o
o

Prediction
Task

13



CLaMs

Thereare 51 of
these published!

Inputs
Evaluation

Assumed
benefits

Primary Training Datasource

Clinical Text Biomedical Text Other Scientific Text Count
& >
'4‘0(;‘9 & {eé':\o\\-\
LN L SE S KO0 ST & 25 ,\Q;!“ PLELEL L &
v&t’é:;-‘%ﬁ FEEES 6@?:?{:&@%«%‘@;“%93&& Q’;@;@?&‘if%’\ﬁ%@ S Qcﬁzqf\ Qg&@&%'%’%@‘@ @o\‘i@é &
FFFE PN FFFHTFHTTIEY TSR P T FAEHIT IS o557 4
[ clinical
MIMIC-IlIV X XXX XXX XXXXX X X 14
Private Single-Site EHR X X X X X 6
Private Multi-Site EHR X 1
Biomedical Text
PubMed X X X X X X X X X X XX XXX XXXXXXXXXXXXXXX X 31
UMLS Ontology X X X X X 4
Other X 1
Other Scientific Text
Academic Papers X X X 3
Code + Weights X XXX XXXX* XXX = X X X X X X X X XXX X XX XX X X XX X X X 36
* PhysioNet users only ** 345M model only
Clinical NLP Tasks
Named Entity Rec. (NER) ¥ Xl XX B X SN X X X 14
Inference (NLI) X X X X X X X X X X X X X X 14
Relation Extraction (RE) X X X X X 5
Sentence Similarity (STS) X X X X 4
Question Answering (QA) X X X 3
Document Classification (DC) X X 2
Text generation 0
Other X X X X X 4
Clinical Outcomes
Prediction X X X X X 5
Biomedical NLP Tasks
Named Entity Rec. (NER) X X X X X X X X X X X X X X X X X X 18
Inference (NLI) 0
Relation Extraction (RE) X X X X X X X X X X X X X X X X 16
Sentence Similarity (STS) X X X X 4
Question Answering (QA) X X X X X X X X X X X X X 13
Document Classification (DC) X X X X X X X X 8
Text generation X X X 3
Other X X X X X X 6
Betteraccuracy X X X X X X X X X X X X X X X X X X X X XX XXX XXXXXXXXXXXXXXXX X X X 44
Less labeled data X X X X X 5
Simplified deployment 14 0
Emergent clinical capabilties X 1
Multimodality 0
Novel human-Al interfaces X X X X X X X 7




Primary Training Datasource

Codes + Text Clinical Text  Count

o o S

FEMRs

There are 29 of
these published!

<1M patients X X X X X X X X X 9
>1M patients. X X X X 4

National BioBanks
UK BioBank / All of Us X X X 3

Medicare X X 2
Private Insurer X X 2

N I IR BT BRI

Clustering X x X 3

Regression / Time-to-Event

Rl |
4

o N o w




Two Worlds of Evaluation...

Clinical Language Models

(CLaMs) Models (FEMRS)

29 Models
3/29 Public Weights

51 Models
36/41 Public Weights

5/51 Clinical Outcomes
46/51 Core NLP Tasks

63/63 Clinical Outcomes
N/A Core NLP Tasks

Structured EHR Foundation

* Hard to compare across models - no ”holistic” view
* Unclear utility [ usefulness in a clinical setting for most tasks

16



Fvaluation Gaps in Medical Foundation Models

NLP Improve Clinical Outcomes
Benchmarks Reduce Costs
Novel NLP Tasks Improve Patient Lives

EXPERT MEDICAL KNOWLEDGE
REAL PATIENT TRAINING DATA
TECHNICAL INNOVATION




3. Our Research:
EMR Foundation
Models




What is an Electronic Medical Record (EMR)

DIAGNOSIS CODES
LAB RESULTS
MEDICATION
TEXT NOTES

BILLING (CLAIMS)
STREAMING

GENOME
IMAGING
DISEASE CODES
PROCEDURES
SIGNALS

Vv

19



Al tfor Healthcare Using EMR Data

Patient EHR Timeline

LAB RESULTS B [ | B B B
MEDICATION [ |
TEXT NOTES [ |
BILLING (CLAIMS) . .
STREAMING [ | [ ] H B B
GENOME [ | [ |
IMAGING . .
. . . Predict Future Risk
What Occurred in the Past? What is Occurring Now? edict u.tu @ Risks &
Intervention Benefits
Exa'mp.le Al «  Chart Summarization + Identify blood clots in lung CT scans +  Will patient develop nephritis?
Applications * Cohort Construction » Identify cancerous cellsin pathology *  Will patient develop chronic
slides pulmonary hypertension?
T ot Treat subject Policy Capacity to Act
Treat OWTO Irea to

Intervention Properties

20



Key Insight: View Structured Data as a Language

Observation
Measurement
Condition
Procedure
Drug Exposure
Person

Time Offset (Days)

0

29,834 29,836
/

31,625-31,626

31,764

BIRTH

J

/
1933-02-15

// X0

2014-10-22

//

2019-09-17

o //

2020-01-11

STARR-OMOP

' Events

No Events
Time Bins (Day)

DOB: 02-15-1933
Sex: Female
Race: White
Ethnicity: Not
Hispanic or Latino

M 1CD10/R634 Abnormal Weight Loss

M Pulse Rate: 62

M Blood Pressure: 108/50
1CD10/125.10 Coronary Arteriosclerosis
ICD10/E78.2 Mixed Hyperlipidemia
1CD10/Z95.2 Transplanted Heart Valve Present

W CPT4/99214 Office/Other Outpatient Visit

ICD10/E78.2 Mixed Hyperlipidemia
M RxNorm/197361 Amlodipine 5 MG
B RxNorm/259255 Atorvastatin 80 MG
M RxNorm/308416 Aspirin 81 MG

1CD10/163 Cerebral
Infarction

Natural Language:

EMR Language:

The | quick | brown | fox | jumps | over | the | lazy ]| ...

Visit{RO1.1, 93306} | Visit{aspirin} | Visit{E11.9, R69} | ...

21



Large, Unlabeled
Patient Population

Enables Self-Supervised Learning

Small
Labeled Set
Pretrain Adapt
. FOUNDATION
MODEL
4
< ~ - -

e o -

Transfer Learning Assumes Shared Structure

22



CLMBR: Autoregressive Structured EHR Model

Key Intuitions: Treat codes as words in a symbol vocabulary
and use knowledge graphs to better model rare codes

Patient Timeline Knowledge Graph Decoder-only Model Autoregressive Objective
l’c;‘,- ------ m
HEHEHE M . d={c},_, X = (dy,...,ds)
HHHE E RNN
HEHEH B i or Days are a set of Patients are ordered
[ " 6 (ca) (<) /\ Transformer unordered codes sequences of days
L o s Backbone
N/
it &5 T ' | P(dild<) = ] Plejld<) J] - Plejldc))
@ 0 c;Ed; cj¢di
Model days by assuming codes are independent
d Use hierarchical info to improve speed & estimation
Days are represented as Represent codes as
2 set of <= M codes paths to the root of a t
medical ontology [1] P(Patient) P(X) = HP(dz'|d<i)
%

[1] Choi et al. “GRAM: graph-based attention model for healthcare representation learning.” KDD 2017.



Our EMR Foundation Model Work

Structured Knowledge

Data Graphs

* +3.5t0 19% increase in binary task AUROC

* Classifiers decay less as time passes
* Classifiers transfer better across subgroups

CLMBR: Clinical language
modeling-based representations

* +3.5t019% increase in TTE task AUROC
* 8x faster training
* 95% less training data

MOTOR: Many Outcome Time
Oriented Representations

LUMIA: Language Understanding « Asmall LLM trained using STARR-OMOP-deid
for Medical Insights and Action ... in progress

24



MOTOR: Selt-Supervised

Time-to-Event

Modeling with Structured Medical Records

How do we train structured EHR foundation model for time-to-event tasks?

1.0

0.9
Z 08
= 07
0.6
& o5
> 04
£ 03
? 0.2

0.1

0.0

Why time-to-event?
* Hard for existing techniques,
parameter intensive

« Veryimportantclinical applications
Proposal: MOTOR

Many Outcome Time Oriented

Representations

15

Model risk across time



MOTOR: Overall Design

1CD10/1516 CPT/80061 ICD10/M79.604 RxNorm/83367 RxNorm/9997 Vist/OP
Disorder of Lipid Panel Pain in Right Leg ~ Atorvastatin 20 Spir lactone Outpatient Visit _
EventNames Cardiovascular MG Oral Tablet 100 MG Oral Tablet
System
t=102 l L
: : : :
P(No Event)
t=1 .
e —
t=0
Time-to-Event [0-730 Days]
Task Heads | I ] | ] I o
TRANSFORMER
Medi
edical Code | \cp10/135 |"_| 1CD10/125.10 |"_ | |CD10/E78.2 | /197361 | oo p
Embeddings
Positional | 29100 | | 29273 | | 31625 | 31625 31625
Encoding | | | |
—_ —

1CD10/135 ICD10/125.10 ICD10/E78.2 RxNorm/197361 RxNorm/308416

Inputs Aortic Valve Coronary Mixed Amlodipine 5 MG Aspirin 81 MG
Disorder Arteriosclerosis | *** | Hyperlipidemia Oral Tablet Oral Tablet
2012-10-18 2013-04-09 2019-09-17 2019-09-17 2019-09-17
t=0 t=1 t=102

PRETRAINING

TASKS 1
[ )

2.

3.

MOTOR

PATIENT
TIMELINES

Pretraining task setup
P(data | model)

Neural network architecture
Transformer

Transferring to target tasks
Refit Piecewise Exponential

26



Pretraining Objective:
Time-to-Event

MOTOR predicts the the time-to-event distribution

Event Names

STARR-OMOP
2.7TM Patients Pretrain

2.4B tvents 'm
4,192 tasks

ICD10/1516
Disorder of
Cardiovascular
System

CPT/80061 1CD10/M79.604 RxNorm/83367 RxNorm/9997
Lipid Panel  Painin RightLeg Atorvastatin 20  Spironolactone
MG Oral Tablet 100 MG Oral Tablet

S

Time-to-Event [0-730 Days]

3

Vist/OP
Outpatient Visit

P(No Event)

27



Medical Code
Embeddings

Positional |
Encoding !

MOTOR: Neural Network Architecture

Goal: Convert patient record to representations

TRANSFORMER
t t t t t |
ICD10/135 +| 1CD10/125.10 |-++ | ICD10/E78.2 ||RxNorm/197361 | -+« | RxNorm/308416 | |
| 29100 29273 | 31625 | | 31625 31625

Key Details
Conversion of codes to tokens

Causally masked transformer

Rotational positional
embeddings for time

28



Patient

Representations

Medical Code
Embeddings

Positional |
Encoding !

MOTOR: Neural Network Architecture

TRANSFORMER
t t t t t |
ICD10/135 «| 1€D10/125.10 [e++ | 1CD10/E78.2 || RxNorm/197361 | «e+ | RxNorm/308416 | |
| 29100 29273 | 31625 | | 31625 31625

Goal: Convert patient record to representations

N N .

3.

Key Details
Conversion of codes to tokens

Causally masked transformer

Rotational positional
embeddings for time

Final transformer layer =
patient representations

29



MOTOR: Piecewise Exponential

Goal: Convert patient representation () to time-to-event

Hazard

.

Time

Log linear transformation of features

log(Hazard(z)) = z'b+ ¢

30



MOTOR: Transter To Target Task

1. Extract patient representations from mode! ()
2. Refit piecewise exponential with L2 regularization

3. Second order (conjugate gradient) optimizer for increased speed

1.0 A

0.8

—— Patient 1
—— Patient 2
—— Patient 3
—— Patient 4

0.6

Results:

P(no stroke until x days)

0.4

0.2

T T T T T T T
0 100 200 300 400 500 600
Days

31



Overall Performance Results

Method Celiac Heart Attack Lupus NAFLD Pancretic Cancer Stroke
Cox PH 0.689 0.761 0.770 0.726 0.793 0.779
DeepSurv 0.704 0.823 0.790 0.800 0.811 0.830
RSF 0.729 0.836 0.787 0.802 0.824 0.840
MOTOR-WP  0.696 0.795 0.803 0.821 0.777 0.831
MOTOR 0.802 0.884 0.850 0.859 0.865 0.874

MOTOR outperforms state-of-the-art by 6.6% (time-dependent C-statistic)

Improvement Of MOTOR Over Random Survival Forest P

Celiac Disease 0150

. L. Heart Attack 0125
Time-to-event pretraining oo 0100
improves performance
at all time bins ok
Pancreatic Cancer 0.025

Task

00 01 02 03 04 05 06 07 08 092 10

Time Horizon (Percentile of Event Times) 0.000



Greatly Improved Sample Efficiency

Method Celiac Heart Attack Lupus NAFLD Pancretic Cancer Stroke
Cox PH 0.689 0.761 0.770 0.726 0.793 0.779
0.704 0.823 L3 S

0.729 0.836 0.787 0.802 0.824

% Used Celiac Heart Attack Lupus NAFLD Pancretic Cancer Stroke

5% 0.785 0.878 0.840 0.851 0.849 0.868
10% 0.781 0.874 0.844 0.854 0.854 0.868
25% 0.790 0.880 0.845 0.856 0.859 0.869
100% 0.802 0.884 0.850 0.859 0.865 0.874

Match/beat state-of-the-art (random survival forest) using only 5% of data

33



LUMIA: Language Understanding for Medical
Insights and Action

Clinical
Notes

Medical

Codes Flowsheets

Center for
Research on
Foundation
Models

* Focus on patient timelines not just single

documents
e Combines notes and structured data

* 4096 Max Context Length (8x longer than
others)

Training 1.6B parameter model

ll-- STARR-OMOP
C 160M Notes
!!!f 78B Tokens

The Pile

34



LUMIA:

Do We Still Need Clinical Language Models?

Eric Lehman'? Evan Hernandez':> Diwakar Mahajan®  Jonas Wulff®
Micah J. Smith?>  Zachary Ziegler’ Daniel Nadler’  Peter Szolovits'
Alistair Johnson®  Emily Alsentzer>®
IMIT ?Xyla “*IBM Research *The Hospital for Sick Children
Brigham and Women’s Hospital “Harvard Medical School Y E S 1
{lehmerlé, dez}@mit.edu °

“We show that relatively small specialized
clinical models substantially outperform all in-
context learning approaches, even when
finetuned on limited annotated data.”

Benchmarking

We’re Evaluating ~35 Datasets [ Tasks

NLP

* Question Answering

* Natural Language Generation

*  Document Classification

*  Probe Tasks

* Information Extraction (concepts, relations)

Patient Classification
e Risk Stratification

Clinician-focused Tasks
*  Working with clinicians to develop meaning task set

35



4. The Road Ahead:
Challenges &
Opportunities

....



Open Models + Commodity Instruction Tuning

Smaller Models, Cheaper to Train Aligning for Specialized Domains
Stanford £y
Alpaca ?{ GENERAL DOMAIN

Replicated original GPT-3
performance for ~$600

3 33 Dolly

Open Model (no restrictions on use) INSTRUCTION TUNING

37



Lack of Transparency Hides Data Problems

“Given both the competitive landscape and the safety implications of large-scale models

@ O p e n A I like GPT-4, this report contains no further details about the architecture (including model

size), hardware, training compute, dataset construction, training method, or similar.”

Pre-2021 Questions 2022 Questions
1075A The King's Race 800 ) 1802A Likes & so ﬂém
1065A Vasya and Chocolate 800 ﬂim . 1800A IsitaCat? plaid & s00 ng.sm
1064A Make 3 triangle! 800 ﬁ 17004 [Recebhctions % oo &
1061A Coins 800 _uélﬁ G PT_4 1796A Ivmmm@ﬁm o 800 Shoa
i = e Training Data e —— -
P = LA Ends 2021 ey -
1043A Elections 800 ﬁ . A.Z&L; E%@npgm implementatiol w800 ﬁ
1041A Heist 800 ﬂ%m E 17918 Following Directions geometry, implementation W 800  n
Solves 10/10 Questions Solves 0/10 Questions [1]

[1]Horace He, March 14th 2023 38



Challenges & Opportunities

Al will likely not replace jobs,
but augment existing roles
- we need to measure

A
human + Al performance

Test error (%)

Knowledge
Retrieval

Real-world Human-Al
Clinical Tasks Collaboration

Data-Centric Al: Moving
Beyond Power Law Scaling

_ Perceptron in teacher-student setting

— Theory
* Simulation

Training examples per parameter (¥prune)

~2% drop in error can cost an
order of magnitude more
data, compute, or energy

- Sorscher et al. 2022
39



Team Science!

Ethan Michael David Hall

Keith Morse Jason Fries Steinberg Wornow

Yifan Mai Joshua Lemmon

: . CaraVan Louis
Scott Fl '
cott Fleming Frazier Huo Uden Mars Huang Blankemeier

FEMR

Percy Liang Lillian Sung

CRFM SickKids

Juan Manuel ‘ Aksha
y .
Zambrano Chaves Crystal Xu Chaudhari Nigam Shah
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