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83 y/o F, aortic valve replace




Perceptron, 1960-/0s

Inputs Weights Sum Output

YES/NO
decision

Rosenblatt, F. (1958). The perceptron: A probabilistic model for information
storage and organization in the brain. Psychological Review, 65(6), 386—408.

Computer Simulation of a Mathematical Model
for the Self-Organization of Neural Networks

(c) 1981 by Curt Langlotz
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Garden spider, Aranea diademata

A spider common in European gardens

& Numbers in brackets: (the number of synsets in the subiree )

¥ ImageNet 2011 Fall Release (32326)

L. plant, flora, plant life (4486)

L geological formation, formation (175)

- natural object (1112)

- sport, athletics (176)

- artifact, artefact (10504)

- fungus (308)

- person, individual, someone, somebody, mortal, soul (6978)
$- animal, animate being, beast, brute, creature, fauna (3998)
*. invertebrate (766)

*.. arthropod (579)

£ trilobite (0)

“. arachnid, arachnoid (41)

- harvestman, daddy longlegs, Phalangium opilio (0)
- scorpion (0)
false scorpion, pseudoscorpion (1)
L. book scorpion, Chelifer cancroides (0)
~ whip-scorpion, whip scorpion (1)
| vinegarroon, Mastigoproctus giganteus (0)
*. spider (10)
' orb-weaving spider (0)
i black and gold garden spider, Argiope aurantia (0)
barn spider, Araneus cavaticus (0)
i~ garden spider, Aranea diademata (0)
' comb-footed spider, theridiid (0)
- black widow, Latrodectus mactans (0)
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http://www.image-net.org/

14 million images

21,841 distinct labels:
— 856 types of bird
— 993 types of tree

— 157 musical
instruments

Russakovsky O, Deng J, Su H, et al. ImageNet Large Scale Visual Recognition Challenge. Int J Comput Vis. 2015;115(3):211-252.
https://www.economist.com/news/special-report/21700756-artificial-intelligence-boom-based-old-idea-modern-twist-not
http://karpathy.github.io/2014/09/02/what-i-learned-from-competing-against-a-convnet-on-imagenet/
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for Generating Image Descriptions, CVPR, 2015



The Health Al Industry

FDA Cleared Algorithms (N=950) -.

Radiology
Cardiovascular
Neurology
Hematology
Gl/Urology
Ophthalmology
Anesthesiology
Chemistry
Pathology
Surgery
Microbiology
Orthopedics
Hospital

Dental
Ear/Nose/Throat
OB/Gyn
Immunology
Physical Med
Total 950

Other 12%

Cardiovascular 12%

Radiology 76%
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https://www.fda.gov/medical-devices/software-medical-device-samd/artificial-intelligence-and-machine-learning-aiml-enabled-medical-devices



AR 5 O EIR M medan Gosivis QLARITY IMAGING w2¢ 2
2sigma ™ _ = & cusclwd @enliic QMENTA it qureal
; ai analysis ir | .E;Ia.c.kford @CureMe’rrix"’ JLK TNSPECTION "qu'b'm & zebra

WEKA.i0 (¢ terarecon \/ VAREX

G BOLD BRAIN m ”'::3;" INTELLIGENT IMAGING
ADVANTIS VENTURES DN P . A\<:', ULTRASOUND pH I I-I ps c BCDQTECHE:sta

Healthcare

Dai Nippon Printing Co. Ltd. V A R 1 A N e §
. . IMbIO D pyiicy SOrN3
@ aidence. CAINE AW T ToMTEC Himbio o pysics 13

r Perspectumss (@B
: . - | c ! L .- e ":“
® f‘::?; e rcare ' ,d'.'f_'.a Yit ) SUBTLE MEDICAL

i ‘ ¢ Quantib
AIRS, O sisle. 32, 7 Zinfervision 7™

w iz.ai !ﬁ _ >:
D4 COGNEX O mEEEy 0 RadALZL

N VUNQ L arTerys GEHGGME X koios o;":”.o PO TAsE
Caben prrEerrermy A HEALTHMYNE MepicVisionRAD Logics

E . ® IMAGING SOLUTIONS
o ABAY € consnosncs VIDA Deep © BioMind ONYX  .: SOPHIA
BALZANO Watson [T] rad Qe II_‘ NN\ HumEi

contextflow densitas @
S, » SHUKUN

— ) -
Z Fraunhofer ¢ _)) icometrix BY-ccaamian] womomones

(d" MNDS AN\ TRBET e N\
- O=Ndecovise 8y CORELINE SOFT HEARTMISTA. <~ LUunit "@mMIM nuance

SSSSSSSS




9

Automatic Radiology Report Generation

S
S, |

Slide courtesy of Bao Do, MD

PORTAB

Comparison: XR 08/08/2022, XR 12/02/2021, MR 11/19/2019
Findings:

1 view of the pelvis was acquired. No acute fracture or
dislocation.

RIGHT hip: Tonnis category 1 - Mild osteoarthrosis.

LEFT hip: Left hip arthroplasty is in position. Hardware is
intact. Alignment is anatomic. There is no peri-hardware
lucency or fracture. Postsurgical appearance of the
regional soft tissues.

Impression:

No acute fracture or malalignment.

Stanford
MEDICINE




New Statin Prescriptions (%)

Opportunistic Screening for Coronary Artery Disease

Primary Outcome: Statin prescription at ne CT: 20M/yr in US
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Eng D, Chute C, Khandwala N, et al. Automated coronary calcium scoring using deep learning with multicenter external validation. NPJ Digit Med. 2021;4(1):88.
Peng, AW et al (2023). Association of coronary artery calcium detected by routine ungated CT imaging with cardiovascular outcomes. JACC, 82(12), 1192-1202.




1024 —mM8M888™»
4 i ‘\,‘\" ’.‘ &
(& \f}

Health Data is Different
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PATIENT TIMELINE
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Slide courtesy of Nigam H. Shah, MBBS, PhD
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Original Investigation | Health Informatics
Perceptions of Data Set Experts on Important Characteristics of Health Data Sets
Ready for Machine Learning

Original Investigation | Health Policy

Organizational Factors in Clinical Data Sharing for Artificial Intelligence

in Health Care ot

A Qualitative Study
Alaa Youssef, PhD; Madelena Y. Ng, DrPH, MPH; Jin Long, PhD; Tina Hernandez-Boussard, PhD; Nigam Shah, MBBS, PhD; Adam Miner, PsyD, MS; Madelena Y. Ng, DrPH, MPH; Alaa Youssef, PhD; Adam S. Miner, PsyD, MS; Daniela Sarellano, MS; Jin Long, PhD; David B. Larson, MD, MBA;
David Larson, MD, MBA; Curtis P. Langlotz, MD, PhD Tina Hernandez-Boussard, PhD, MPH, MS; Curtis P. Langlotz, MD, PhD

Drivers of readiness for data sharing: Characteristics of Al-ready data sets:
* Motivation: s accuracy
* alignment of an organization’s - completeness
values with data-sharing priorities -
« modulated by extrinsic incentives * consistency
for financial or reputational gains e fitness
* Capabilities: * availability
* Infrastructure * data quality standards
* people .
. expertise documentation
* accessto data * team science

https://jamanetwork.com/journals/jamanetworkopen/fullarticle/2813016 https://jamanetwork.com/journals/jamanetworkopen/fullarticle/2812417
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Publicly-Released Al-Ready Datasets Stanford AIM

Stanford University

@ ‘ Center for Artificial Intelligence in Medicine & Imaging

About ~ People ~ Research * Education Resources™ News&Events~ Engage ~

EchoNet-Dynamic Cardiac Ultrasound

RSNA: Bone Age

Shared Datasets

Resources
4 RSNA: Chest Xrays

Shared Datasets

nstitute

BrainMetShare
CheXpert: Chest X-Rays i

EchoNet-Dynamic
Cardiac Ultrasound

LERA- Loweer Extremity
RAdiographs

MURA: MSK Xrays

MRNet: Knee MRI's

RSNA: CT Brain

RSNA: Bone Age
RSNA: CT Brain
RSNA: Chest Xray's

Software Tools

CovID-19

Funding Opportunities
Office Hours

Related Links

. Stanford
s o AIMI®»

Stanford Sta arch Stanford  Emergency Info

University * Non-Discrimination by

https://aimi.stanford.edu/research/public-datasets @



Geographic Distribution of Cohorts
to Train Deep Learning Algorithms

Kaushal A, Altman R, Langlotz C. JAMA. 2020;324: 1212-1213.

Table. US Patient Cohorts Used for Training Clinical Machine Learning
Algorithms, by State®

States

No. of studies

California
Massachusetts
New York
Pennsylvania
Maryland
Colorado
Connecticut
New Hampshire
North Carolina
Indiana
Michigan
Minnesota
Ohio

Texas
Vermont
Wisconsin

22
15

—
=
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2 Fifty-six studies used 1or more geographically identifiable US patient cohort in
the training of their clinical machine learning algorithm. Thirty-four states were
not represented in geographically identifiable cohorts: Alabama, Alaska,
Arizona, Arkansas, Delaware, Florida, Georgia, Hawaii, Idaho, lllinois, lowa,
Kansas, Kentucky, Louisiana, Maine, Mississippi, Missouri, Montana, Nebraska,
Nevada, New Jersey, New Mexico, North Dakota, Oklahoma, Oregon, Rhode
Island, South Carolina, South Dakota, Tennessee, Utah, Virginia, Washington,
West Virginia, and Wyoming.

JAMA  September 22/29,2020 Volume 324, Number 12
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Foundation Models
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Opportunities and Risks of Foundation Models. Center for Research on Foundation Models (CRFM), Stanford

Institute for Human-Centered Artificial Intelligence (HAI). https://arxiv.org/abs/2108.07258



https://arxiv.org/abs/2108.07258

ChatGPT=Generative Pre-trained Transformer

Pre-Trained Using Self-Supervised Learning

A 36-year-old woman presents to the clinic with a
2-week history of persistent dry cough, shortness
of . and mild chest pain. She also reports
occasional Inw-gradei and night sweats. She
Is a non-smoker and works as an elementary
school . Her medical history is
unremarkable, and she takes no medications. On
examination, she appears |J. Lung
auscultation reveals decreased breath sounds and
dullness to percussion in the left lower lung field.

https://lena-voita.github.io/nlp_course/seq2seq_and_attention.html



Human raters

ChatGPT

Trained to be great at dialogue.

Prompt: “What is the meaning of life?”

Response 1 Response 2 Response 3 Response 4

il 0 i il

https://www.sypnotix.com/reviews/10-ways-i-use-chatgpt-at-home-and-work

19



Quality and Empathy of Chatbot Explanations

Question about going blind following bleach being
splashed into an eye, resulting in irritated and dry eye:

Physician response

Sounds like you will be fine. You should
flush the eye anytime you get a chemical
or foreign body in the eye. You can also
contact Poison Control 1-800-222-1222.

Chatbot response®

I'm sorry to hear that you got bleach splashed in your eye. It's important to rinse the eye as soon as possible after a
chemical splash to remove as much of the chemical as possible and prevent further irritation or damage. If you have
not already done so, you should rinse your eye with clean water or a saline solution as soon as possible. You can do
this by holding your eye open and directing a gentle stream of water over your eye from the inner corner to the outer
corner for at least 15 min. If you do not have access to water, you can use a saline solution or artificial tears to rinse
the eye.

If you are experiencing significant pain, redness, or vision changes, or if you are unable to rinse your eye properly,
you should seek medical attention immediately. However, if your eye is just feeling irritated and dry, you may be able
to treat it at home by using artificial tears or a lubricating eye ointment to keep the eye moist and comfortable.

Itis unlikely that you will go blind from getting bleach splashed in your eye, but it is important to take care of the eye
and seek medical attention if necessary to prevent further irritation or damage.

Ayers, J. W., et al. (2023). Comparing Physician and Artificial Intelligence Chatbot Responses to Patient Questions Posted
to a Public Social Media Forum. JAMA Internal Medicine. https://doi.org/10.1001/jamainternmed.2023.1838

Quality Chatbot
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Foundation Models in Medicine: 3 Approaches

v B

0O
L\
“Small language Generalist foundation “Build our own” medical
models” fit for purpose models “out of the box” foundation models

Highest accuracy Democratization “ChatGPT moment”




Patients Have Questions About Their Test Results...

9:41

“The medical meniscus is
like a cushion that helps

u may read your results before your care You may read your results before your care
your knee move smoothly. [ B P
Over time, it can get a little EESEES =
bit worn out or not as fluffy
as it used to be. It's kind of
like when your favorite
pillow gets a little flat but

still works fine."

Test Results < Back Test Results

EE WO IV CONTRAST LEFT MR KNEE WO IV CONTRAST LEFT

Menisci: Mild intrasubstance
degeneration in the posterior horn of
the medial meniscus without
traversing tear. The lateral meniscus
isintact.

ickened infrapatellar plica.

cular cartilage and bone: There is
Chondral thinning and fissuring along
the medial patellar facet with full-
thickness components and areas of
delamination and associated
subchondral cystic change and
marrow edema in the patella (7/25,
3/15). Focal chondral irregularity and
fissuring in the central trochlea (3/24,
7/21). Intact cartilage involving the

medial and lateral ramnartmante

SEND A MESSAGE

Ligaments: Mild subcutaneous

edema adjacent to the medial
collateral ligament without

ligamentous tear. The anterior and
posterior cruciate ligaments, and
lateral collateral ligament complex
appear intact. The popliteus tendon
appears intact.

Extensor mechanism: The extensor
merhaniem annears intart Sional

SEND A MESSAGE




Uses of Large Language Models in Medicine

Explanation for patients

Doctor-patient communication
O\ Meta Al Visit documentation LLaVA-Med

Decision support*

Gemlm 9 @ CratPT 47 Claude

https://aibus



Challenges of Large
Language Models

Inherent limitations of training data

Hallucination, confabulation

Planning

Mathematics

Retrieval-augmented generation (RAG)

Evaluation




Foundation Models in Medicine: Training Dataset Size

Text Images
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Performance of chest x-ray foundation
Accuracy

(%) model on multiple benchmarks
100

90
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. B I I I 1N | I I I |
0
View Binary Disease Single Disease Multi Disease Visual Question Image-Text
Classification Classification Identification Identification Answering Reasoning

EBLIP-2 mInstructBLIP ®mXrayGPT m MedFlamingo mRadFM mLLaVA-Med mOurs

https://arxiv.org/abs/2401.12208



https://arxiv.org/abs/2401.12208

Regulatory Challenges for Foundation Models

Defining scope of use

Open-ended inputs and outputs

Foundation models not controlled by device manufacturer
Oversight of an adaptive system

Evaluation and monitoring in the wild

Adapted from Aldo Badano, FDA Digital Advisory Panel, Nov, 2024



Complementary Expertise of Humans and Machines

Machine




Complementary Expertise of Humans and Machines

Human

+
Machine

29
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Mean Percentage of Correctly
Rated Mammograms
N

2 ORIGINAL RESEARCH - COMPUTER APPLICATIONS
Radiology
Automation Bias in Mammography: The Impact of Artificial
Intelligence BI-RADS Suggestions on Reader Performance
Thomas Dratsch, MD* * Xue Chen, MD* * Mohammad Rezazade Mehrizi, PhD * Roman Kloeckner, MD
Aline Miihringer-Kunz, MD * Michael Piisken, MD  Bettina Baefdler, MD = Stephanie Sauer, MD
David Maintz, MD * Daniel Pinto dos Santos, MD
0=
oo A ,
A e Inexperienced
0= A Moderately Experienced
m  Very Experienced
0=
0-
0=
0

Al suggests correct BI-RADS Al suggests incorrect BI-RADS
Category Category

Correctness of Al Suggestions



HAI Health Policy Meeting Poll Results //&

EFFECTIVE GOVERNANCE OF HEALTHCARE Al CAN BE Stanford University
ACHIEVED WITH: Human-Centered

Artificial Intelligence

Existing
regulatory
framework with 8
minor 8%
adjustments

Novel regulatory
framework

—

Existing
regulatory
framework with

substantial
modifications New policy solutions are needed

for the regulation of health Al.




* Universal electronic data exchange
* Make patient data donation easy

* Research on explainable Al and human-

Recommendations computer interaction
* Improve transparency of Al systems

e “Consumer reports” for health Al

* Monitor system performance over time
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Stanford AIMI

Center for Artificial Intelligence
in Medicine and Imaging

Engage:
@curtlanglotz
@StanfordAIMI
@StanfordHAI
LinkedIn: aimi-stanford
Join the mailing list: https://aimi.stanford.edu/engage/subscribe



https://aimi.stanford.edu/engage/subscribe
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