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Wat weten we al? Wat is Al?
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Wat weten we al? Hoe oud is Al?

Wat is het geboortejaar van Al?

* 1726
* 1955
* 1980
* 2015
* 2045



Wat weten we al? Hoe oud is Al?

» 1726: Gulliver’s travels: first time mentioning a thinking machine
e 1955: Dartmouth workshop on Artificial Intelligence

* 1980: 2" Al summer

e 2015: 37 (and current) Al summer

* 2045: Singularity



History of Al

Photographer: Joe Mehling

Project on Artificial Intelligence (Photo: Marg:

Figure 1. Trenchard More, John McCarthy, Marvin Minsky, Oliver Selfridge, and Ray Solomonoff.
https://www.cantorsparadise.com/the-birthplace-of-ai-9ab7d4e5fb00
doi.org/10.1609/aimag.v27i4.1911



https://www.cantorsparadise.com/the-birthplace-of-ai-9ab7d4e5fb00
https://doi.org/10.1609/aimag.v27i4.1911

Wat weten we al? Al zomers & winters



Wat weten we al? Al zomers & winters

Al Enthousiasm

Strong Al
funding
and
optimism

Al
“winters”

and
downturns

Thinking Artificial Expert Artificial Intelligence
machines Intelligence Systems



Al winters

* Periods of reduced interest and funding
* Many Al labs were closing
e 3,000 Al companies went bankrupt
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Leren van fouten (het liefst fouten van anderen)

What went wrong?

Extensive promotion in the media

Overly ambitious and unrealistic promises

Impossibly high expectations

Expectations failed to materialize

A C h a i n rea CtiO n Of peSSi m iS m in the Al community = in the press = cutbacks in funding = end of serious research
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3rd Al Summer

Differences with previous summers (climate is changing)

* More digital data available

* Cheaper computing facilities

* End-users familiar with digital tools
 Strong focus on health



3rd Al Summer: IBM’s Watson

* Very (artificial) intelligent



3rd Al Summer: IBM’s Watson
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3rd Al Summer: IBM’s Watson
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IBM invested $62M in Watson
S5 billion of acquisitions alone

* |In practice, less efficient doctors.
* Overpromise
* Expectations failed to materialize

E’,r ﬁ.l.".l,'l'ﬂgrk Eim['ﬁ

What Eyey Lf;appened to IBMs

atson?
 May 2018 (7 years later) pulled the plug
e 7,000 employees, 80% laid off



3rd A %15

ARIZONA

SELF-DRIVING VEHICLE HITS BICYCLIST

ABC 15 screenshot of deadly Uber accident.

documents obtained by Stat. Originally a question-answering machine, IBM

has been exploring Watson’s Al capabilities across a broad range of
applications and processes, including healthcare. In 2013 IBM developed
Watson’s first commercial application for cancer treatment
recommendation, and the company has secured a number of key
partnerships with hospitals and research centers over the past five years.
But Watson AI Health has not impressed doctors. Some complained it gave
wrong recommendations on cancer treatments that could cause severe and

even fatal consequences.




Not just IBM...

* Google glass

* Google Health

SAS
Apple Health App and Apple Watch

Amazon Web Services




Al algorithms in clinical practice
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2024: FDA has cleared > 500 Al algorithms




Popularity

FDA cleared ‘

What is the main application
 Large Language Models (ChatGPT)
* Medical education

* Cardiology

w Radiology

m Cardiology imaging

m Cardiology other

* Radiology

" Hematology

B Neurology

m Clinical chemistry

m Ophtalmic

B Gastroenterology and urology

B General and plastic surgery

M Pathology

H Microbiology

B Anesthesiology

m General Hospital

m Orthopedic

h

Health Exec: FDA has now cleared more than 500 healthcare Al algorithms (healthexec.com)

" Dental



https://healthexec.com/topics/artificial-intelligence/fda-has-now-cleared-more-500-healthcare-ai-algorithms

Radiology

e Early adapters
e 1980’s Computed tomography
e 2000’s digital radiology




Radiology

* Early adapters

* Digital Images
» Large (digital) databases

e 4,000-5,000 TB / year.
« 2" |argest image data base worldwide.




Radiology

What is the largest digital image database?
* Satellite Imagery from the US/China defense
* Radiology
* FLIM: images extracted from movies
* Social media



Radiology

IVIEUSUCAPE Sunday, September 24, 2017
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¢ . You're invited to view these innovative programs from Indus

ADUERTISEMENT

Perspective

COMMENTARY

Will Computers Replace Radiologists?

Saurabh Jha, MBBS, MRCS
DISCLOSURES | May 12, 2016

| recently told a radiology resident who demolished the worklist, "You're a
machine." He beamed with pride. Imitation is the highest form of flattery. But
the machine, not content in being imitated, wants to encroach on our turf.

CT could scarcely have progressed without progress in computing to horde
the alut of thin slices. On two-dimensional proiectional imaaes such as

Medscane VIDFO MW Clinical. Cantivatina. Award-Winnina.

https://adclick.g.doubleclick.net/pcs/click%3Fxai%3DAKAOQjssd 7ByHipDyRRS5D_9AITji8Ki7YEVSfpBZVFEdTNO...DSy0USz7u9mEAE%26urlfix%3D1%26adurl %3
—

Healthcare IT News

Analytics

Machine learning will replace
human radiologists,
pathologists, maybe soon

As artificial intelligence, cognitive computing and machine
learning systems become better than humans at medicine
and cost less, it might even become unethical not to replace

people.
aono

By Tom Sullivan | May 15, 2017 | 03:46 PM




Radiology

/ 1

11}

elTNews

fwine2® e

Perspectiv
e
COMMENTARY Will Al soon put radiologists out of ajob?
Wi I I C By Erik L. Ridley, Aun\M‘\nn‘\e otaff writer
July 11, 2016 - Are rad'\o\og'\s\s really nwasted pro&op\asms“ - ' ‘k ]
Saurab descr'\bed recently by a ceOofa medical imagingd start-up €O o I -
D h Jha, MBBS, M} easily replace in the futuré with artificial intelligence (A tech e ea rn I n =
ISCLOSURES | May 12 according t© Dr. Eliot siege! of the University of Maryland- @ g WI I I re p I a
Despite @ number of pred\c\\ons that it on't be longd pefore ¢ Thls |SsUe . Ce
ed for rad'\o\og'\s s, vast Xechn'\ca\ and even regulatory bar| Views 30,69
ery long time 699 C(itati
Vi ations 8 Altmet
Iewpo' etric5
int | In =
novati -
ations in Health Care Deli
elivery

;mate frontier fol

What h
. ap seaiipt forer
hi Pens w 5
gh,y pa,d dOCtOTen aut' More v December 13, 2016
S Adapting to Artificial Intell
elligence

by Matt McFarlang
nd  @mattmcfariang
Radioloqi
OgIStS d
nd Pathologists as Inform
ation

@ Jul 2
y 14, 2017 11:04 AM
. ET

Specialists

Saurabh Jha, MBBS, MRCS L 2
L L} ' i
MS'; Eric J. Topol, MD

» Author Affiliations

4
3




What caused the 3 Al summer?



2006
* Let’s not think about the algorithms

* Let’s pay attention to the data: ImageNet

July 2008: 0 images

December 2008: 3,000,000 / 6,000 categories
2010: 11,000,000 images / 15,000 categories
2024: 14,000,000 images / 22,000 categories




2012: AlexNET

Deep neural networks

hidden layer 1  hidden layer 2  hidden layer 3

Yy

output layer




What changed?
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lmage processing

Rule based

If pixel > Threshold1 {
for (x = -Width ; x <= Width ; x++) {
if pixel_Neighbor > Threshold2 {
listOfPixels ++ pixelNeighbor
} else {
listOfUnconnectedPixels++

}
}

} else {
listOfPotentialConnectedPixels++

}



pitiy B
o PEp—

- i A 3
- —

i My i DB R S
o by g S
—~ s A
‘ g _—
. - e
i
I

rsonal

e P
Saigee & Frprgaen




Stroke




Stroke
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A Multicenter Randomized CLinical trial
of Endovascular treatment for Acute
ischemic stroke in the Netherlands




Stroke
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A Multicenter Randomized CLinical trial
of Endovascular treatment for Acute
ischemic stroke in the Netherlands

www.mrclean-trial.org




MR CLEAN: Results —
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Al for stroke?
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48 hours vs 1 year (8,760 hours!) learning and implementing



A tsunami of deep networks

on NCCT on CTA
Texture

Shape
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10 Years in the 3™ Al summer

Al Enthousiasm

Strong Al
funding
and
optimism

1945

Al
“winters”

and
downturns




Al in Healthcare in practice: 2024

AuntMinnie.com

Home Cases CME Communities Conferences Europe Forums Vendor Connect More Sign In

* Imbalance in interest and purchase Do patient values guide your dlinical decisions?

Start delivening true Patient-Centered Care.

([ La C O re I l I l | l rs e l I I e l It Will Al soon put radiologists out of a job?
By Erik L. Ridley, AuntMinnie staff writer
July 11, 2016 -- Are radiologists really "wasted protoplasms” -- as allegedly
L Ly B described recently by a CEO of a medical imaging start-up company -- who can be
. easily replaced in the future with artificial intelligence (Al) technology? Not so fast,
according to Dr. Eliot Siegel of the University of Maryland.
Despite a number of predictions that it won't be long before computers obviate the

need for radiologists, vast technical and even regulatory barriers will prevent that
from happening for a very long time.

o N O p ro Of Of Va I l l e *| believe that imaging is likely to be the ultimate frontier [for Al], rather than the first

thing to fall in medicine," he said. "You shouldn't have any fear of being replaced by

, at least in radiology, anytime soon." Artificial intelligence

Machine learning and Al technology do offer much potential for improving medicine is the fUtu‘re and the
and diagnostic imaging in the short term, however, Siegel said. He shared his future is here.

* No proof of the ability to integrate



Al in Healthcare in Practice: an example

npj | digital medicine www.nature.com/npjdigitalmed

° d . | . ARTICLE OPEN
20 ) OOO SCans / 1 1 raaio Og|StS The impact of artificial intelligence on the reading times of
radiologists for chest radiographs

* Average 14.8 - 13.3 seconds im0 K s o i

Whether the utilization of artificial intelligence (Al) during the interpretation of chest radiographs (CXRs) would affect the

° radiologists’ workload is of particular interest. Therefore, this prospective observational study aimed to observe how Al affected the

[ ) C O m I I C a te d Ca S e S 1 8 4 9 1 8 6 S reading times of radiologists in the daily interpretation of CXRs. Radiologists who agreed to have the reading times of their C(R
p [} ] interpretations collected from September to December 2021 were recruited. Reading time was defined as the duration in seconds

from opening CXRs to transcribing the image by the same radiologist. As commercial Al software was integrated for all C(Rs, the

radiologists could refer to Al results for 2 months (Al-aided period). During the other 2 months, the radiologists were automatically
blinded to the Al results (Al-unaided period). A total of 11 radiclogists participated, and 18,680 CXRs were included. Total reading
times were significantly shortened i
detected by Al, reading times were
by Al, reading times did not differ
scores increased, and a more signi
reading times of CXRs among radi¢
radiologists referred to Al; howeve

npj Digital Medicine (2023)6:82; httf

Gain of 11 minutes/radiologist/month
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Elements of Al translation

From ldea

Epiphany
Al model development

Al model validation

Real-time testing

Workflow integration

Clinical outcome evaluation

To Value



Moving from bytes to bedside: a systematic
review on the use of artificial intelligence in the
intensive care unit

Davy van de Sande'®, Michel E. van Genderen'", Joost Huiskens?, Diederik Gommers'
and Jasper van Bommel

Elements of Al translation
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Elements of Al translation

Epiphany
Al model development

Al model validation

Real-time testing
Workflow integration

Clinical outcome evaluation

From ldea

To Value

100,000's of Al researchers/developers
10,000’s of (published) Al models
500 Certified Al models
10’s of Valuable Al models



A success story

* Speed

* Early patient/treatment selection

Stroke treatment

e All patients treated?

Al

e Fast analysis
Non-linear relations

* Quantitative analysis




Find the Thrombus

* Challenge:

* No contrast agent at the site of the thrombus

* Thrombus characterized by the absence of high
intensities

50



Find the thrombus




Thrombus detection and segmentation



https://www.mdpi.com/2075-4418/12/3/698

Success stories

Cost-effectiveness of artificial intelligence ajded vessel
occlusion detectiop In acute stroke: an early health
technology assessment

I C O A B Kicky G. van Leeuwen & Frederick J. A, Meijer, Steven Scha!ekamp, Matthieu J. ¢ M. Rutten, Ewoud J. van .
| Kicky _.————eler Steven Schalekam £¥oud J. van
N z

Dijk, Bram van Ginneken, Tim M. Govers & Maarten de Rooij

Insights into Imaging 12, Article number: 133 (2021) | Cite this article
HI3gNts into Imagin ~It€ this article

Yw 5880 Accesses | 9 Citations | 7 Altmetric | Metrics ng
udy X Segmentation
Segmentation on CTA
on NCCT
Abstract
Background

Limited evidence js available on the clinical impact of artificia] intelligence (AI) in radiology.
ment (HTA) is a methodo]og_\' to assess the potential value of an

Early health technology asses

S
innovation at an early stage. We use early HTA to evaluate the Potential value of AT software in
"“—-——

15-04-2019 6:34 PM




Al voor Klinisch Onderzoek: in-silico trials



Successful trials?

Many trials in stroke turned out to be futile

Trials are $SS
Animal models translate poorly to human
Explainability of failures is low

It takes a long time to get a treatment from bench to bed
site / clinical practice
Endovascular treatment: ... years




Nyl

Can we learn from other disciplines?

Definition ‘in silico clinical trials’:
“The use of individualized computer simulation
in the development or regulatory evaluation of
a medicinal product, medical device, or
medical intervention.”




In silico trial platform

Clinical
data
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A Multicenter Randomized CLinical trial
of Endovascular treatment for Acute
ischemic stroke in the Netherlands

Co-funded by the Horizon 2020 programme
of the European Union



In silico trial platform
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In silico trial platform
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In silico trial platform: the virtual patient

10h!"
8
L a
6 L s
L ]
. ™
e L [ ]
4 'v L ]
. . e L]
L ]
[ ]
2 .
L]

= T™




In silico trial platform

Clinical
data

Imaging
data
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In silico trial platform

Thrombolysis
€ 25e+10
Ole—OJE é
5 24e+10%
0004 s
= Q
% 229»103
0.002 L ;

Population model including-’bﬁniéai[_ . : L

Clinical and imaging characteristies.. b
data t ot .
0.1 8
o E
0.05
Imaging 000400
data
Vessel R
geometries ~
Clot — / %\
atlas ) \

Thrombectomy



In silico trial platform

Clinical
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In silico thrombectomy simulation

reperfused \

Clinical data In-silico model

Luraghi G et al. J Biomech (2021) (



In silico trial platform for clinical trials

Characteristic MR CLEAN In silico trial
(M1 thrombi)

Clinical
Age (y1) 68 (56-76) 71 (61-80)
Male sex—no./% 36,/50% 276/55%
NIHSS 16 (14-20) 15 (11-19)
Systolic blood pressure 145 (130-161) 145 (131-159)

(mmHg)

Trial m Recanalization rate

MR CLEAN 82%
In-silico trial 500 85+ 1.4%

Miller C, Konduri P, Bridio S, et al. Comput Methods Programs Biomed (2022)



Wat weten we al?

* Al ontwikkelingen gaan snel (al 75 jaar)
* Al in de Klinische praktijk gaat tergend langzaam

* Nieuwe toepassingen?
* |n-silico trials?
e Digital twins?

Henk Marquering
bij NTR focus . Focus
m

De druk op de zorg groeit. Een rapport
van de WRR stelt zelfs dat in 2040 een op
de vier mensen in de zorg moet werken
om de oplopende werklast aan te kunnen.

Al in de z*érg

et Henk Marquering

Kan Kunstmatige Intelligentie (Al) een Donderda g 7 novembe rs

uitkomst bieden? Petra Grijzen onderzoekt 3
het potentieel van Al in het ziekenhuis. 20:55 vur J’% .
Wat gebeurt er nu al? En wat kunnen /G )

we verwachten?
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