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Al IN MEDICAL IMAGING

* BRIEF HISTORY OF MEDICAL IMAGING AND Al
 RISE OF THE MACHINES

* AlI'IN MEDICAL IMAGING

* FORCASTING THE FUTURE
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THE STORY OF RADIOLOGY
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1940’s — Angiography

1928 — Bronchography, 1960’s — Television 1980 Dawn 2020’s — Rise of Al
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MACHINE VS. HUMAN PERFORMANCE IN CHESS
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https://srconstantin.wordpress.com/2017/01/28/performance-trends-in-ai/
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WHEN A USER TAKES A PHOTO,
THE APP SHOULD CHECK WHETHER
THEY'RE IN A NATIONAL PPRK ...

SURE, ERSY GIS [OOKLP
GIMME A FEW HOURS,

..« AND CHECK WHETHER
THE PHOTO 15 OF A BIRD.

Challenge of Images T1L NEED A RESEARCH

k TEAM AND FIVE YEARS.
|t

INC5, IT CAN BE HARD TO EXPLAIN

THE DIFFERENCE BETWEEN THE ERSY
AND THE VIRTUALLY IMPOSSIBLE..

https://xkcd.com/1425/
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MACHINE LEARNING IN IMAGING

ILSVRC top-5 error on ImageNet
ImageNet %0

Performance

22.5

« Dramatic performance s

Improvement from adoption

of deep vs. shallow learning

2010 2011 2012 2013 2014 Human  Arxiv 2015
(neural net layers)

https://medium.com/athelas/a-brief-history-of-cnns-in-image-
segmentation-from-r-cnn-to-mask-r-cnn-34ea83205de4



THE FUTURE OF RADIOLOGY?

https://youtu.be/2HMPRXstSvQ



THE FUTURE OF RADIOLOGY?

| think If you work as a radiologist, you are like the
coyote that is already over the edge of the cliff but
hasn’t yet looked down so doesn’t realize that there is
no ground underneath him. People should stop

training radiologists now.

Geoff Hinton - 2016



THE FUTURE OF RADIOLOGY?

It’s just completely obvious
that within five years deep learning Is going to do
better than radiologists because it is going to be able
to get alot more experience. It might be ten years, but
we’ve got plenty of radiologists already.

Geoff Hinton - 2016




THE FUTURE OF RADIOLOGY?

The end for
“You IS coming

IT/16

https://longstreet.typepad.com/thesciencebookstore/2014/10/addition-to-
the-psych-warfaresurrender-leaflet-colelction.html




EARLY REALITIES OF MEDICAL IMAGING Al

“When we collect data from Stanford Hospital, then we
train and test on data from the same hospital, we can
publish papers showing [the algorithms] are comparable
to human radiologists in spotting certain conditions...

[When] you take that same model, that same Al system,
to an older hospital down the street, with an older
machine, and the technician uses a slightly different
Imaging protocol, that data drifts to cause the
performance of Al system to degrade significantly.

In contrast, any human radiologist can walk down
the street to the older hospital and do just fine...”

Andrew Ng, “Healthcare’s Al Future”, 4/29/2021
https://hai.stanford.edu/events/healthcares-ai-future-conversation-fei-fei-li-andrew-ng
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IMPACT OF Al ON HEALTHCARE

Al Is going to profoundly change
healthcare. It just won’t change it in the
ways that we think that it will.

Unknown



OPPORTUNITIES FOR Al IN IMAGING
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MEDICAL IMAGING AND THE FDA

« >80% of all FDA approved devices
that contain Al are in Radiology,
why?

« Software intended for diagnosis, r i >

prevention, monitoring, treatment,
or mitigation of a disease or other
medical condition = Software as a
Medical Device (SaMD)

The Food and Drug Administration




WHERE HAS Al BEEN SUCCESSFUL?

 Image reconstruction:

— 40+ years of algorithmic math
replaced in 5 years by machine
learning based computational
methods

— Better image quality
— Lower dose (CT)
— Fewer artifacts

— Faster acquisition (less motion
degradation)

MRI K-space to Image reconstruction example




WHERE HAS Al BEEN SUCCESSFUL?

* Real-time device embedded
feedback (ultrasound and
radiography):

— Real-time quality checks during
Image acquisition

— Automated image plane
prescription

— Real-time anatomy labeling

— Automated image capture

- |mPr_Oved technologist _ Real-time ultrasound technique coaching example
efficiency and exam quality




WHERE HAS Al BEEN SUCCESSFUL?

 Al-driven operations e e e e

L] L] L] iE List Exams T Remove Filter  Scheduled Start 00:M | Scheduled Stop | zz <00
O tl I I l I Z atl O I I S . UWHC: mr1 (MR} (MR) Mszve Time Range Ciemove Saved Hange DESTN  Exam:30% | Scheduled:0% |  Modality: 0% |
u P
B | Nl EEEE b L B .
— Al allows marked Iy faster data M Y] st (775 st L

UWHC: afeh_ge_mri_1 (MR) (MR) Msave Time Range CRemove Saved Aange Utilization

driven operational - o e
Improvements e e et ] e BT

— Access improved by >17,000
patient days
— Allows procedures to be safely
enabled at remote locations

— Allows for expanded self-
service scheduling

Data and Al-driven operational optimization




WHERE HAS Al BEEN SUCCESSFUL?

Workflow embedded information
surfacing:

— Summarization of patient’s
relevant history

— Findings tracking

— Surfacing guidelines and staging
references

AO

SPINE

Type A Compression Type B
Injuries
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Tension Band
Injuries
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Al IN IMAGING INTERPRETATION

* FDA approved for detecting and
alerting radiologists to abnormal
cases

— Triage of urgent cases

— Second “set of eyes” (cautiously w/
clearance)

« Radiologist + Al better than
Radiologist or Al alone (multiple
studies)

* Risk: Al without QA

Example Al output from Aidoc and Heartflow




IMAGING TIMELINE: REAL PATIENT AT UW

13:45 1418 First prelim

Patient Arrives at : complete and

Radiology (ER CT) Last images findings
(Stroke) acquired communicated

13:53 14:34 15:02
First images Aidoc results Final report
acquired available
\ )
Y

20 minutes
Timely results:

 Aidoc finding available 20 minutes
before first prelim complete

Format:

« Heat map of flagged area (Red)

« Series and image number




THE FUTURE OF RADIOLOGY?

Imaging biomarkers
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Probabilities for different etiologies
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Opportunistic Screening Al — Population Health Impact

— A single automated CT parameter from each of
the five abdominal components for predicting
future events

/// ,,,/é

VIS Fat Mean Muscle Agatston Mean Trabecular
Ratio at L1 HU at L3 Ca++ score Volumetric HU at L1 level
level level for L1-L4 Liver HU




Opportunistic Screening Al — Population Health Impact

Multivariate Cox Proportional Hazards Model

: 8‘; AoCa + Muscle + Liver .
s Q2
. -« Q1

Cumulative Incidence
0.2 0.4
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td”ﬁ Department of Ophthalmology
OPHTHALMOLOGY Al AT UW HEALTH @d Visual Sciences

UNIVERSITY OF WISCONSIN
SCHOOL OF MEDICINE AND PUBLIC HEALTH

Prediction of Geographic Atrophy Enlargement using Various Deep Learning Approaches

= . - e —

Ground truth Prediction
Visit 1
Visit 2 !
Region of growth Region of growth not
not predicted by Al annotated by human

ground truth
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Generative Al Use Case — “10X”

e Chest X-rays
. 1. CoME VP UITH
— Most common radiology NEW IDEA
procedure 2. CONVINCE PEDPLE

— ~238/1000 population per year TS GOOD (2 (Check Lihether

 Not enough radiologists .,13 NEW IDEA 15 - T WOKS
. - ADOPTED

« Can generative Al allow for a

10X increase in volume? THE INVENTION OF CLINICAL TRIALS

https://xkcd.com/2530/




Generative Al Use Case — “10X”

LT SUP PORT FINDINGS:

Endotracheal tube in expected
position. The left internal
Jugular approach pulmonary artery
catheter has been advanced with
tip at the level of the right main
pulmonary artery. Enteric tube has
been repositioned and now courses
below the diaphragm and terminates
below the field-of-view of this
study.

Interval development of moderate
size right pneumothorax. Chest
tube terminates near the right
lung base. There 1s subcutaneous
emphysema along the right lateral
chest wall at the chest tube
insertion site.




Generative Al Use Case — Conversing with an Image

* PROMPTS:

“Show me 20 cases with similar
Imaging features and show the
distribution of pathologies”

p 2o :
f > N &
-----

“Based on my findings, suggest the

most appropriate classification R
system, provide the staging for this e ==
case, and provide the clinical [%,,;MM ] = -
management recommendations” o T
: l
- . .




A WORD OF CAUTION

 How do we translate discovery
Into practice? Research
— Clinical and workflow R

Integration is often harder than
the Al itself

Widespread

 How do we impact the world
around us?




INTEGRATION IS HARD

“

MANUFACTURING IS UNDERRATED
DESIGN IS OVERRATED

ELON MUSK : DESIGN IS OVERRATED MANUFACTURING IS UNDERRATED
https://youtu.be/2dBKA-S9L4A




CONCLUSION

» Al offers incredible potential to improving clinical care
* There has never been a better time for clinical innovation
* There Is tremendous work yet to be done
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