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“The role of the radiologist will be obsolete in
five years”
Vinod Khosla, venture capitalist, 2017

V4

“machines will replace 80 percent of doctors

Radiologists say their jobs will only become
more important in the coming years.




Threat to jobs

= + Andrew Ng (expert in Al at Stanford)

“computers: threat in taking away the job of
clinical radiologists” (2018)

e Ezekiel Emanuel (American oncologist, known
for his role in the Affordable Care Act) “we will

see the first computers replace radiologists
within the next 4-5 years” (2016, articles in N

Engl J Med and J Am Coll Radiol)

Artificial intelligence in radiology: how will we be affected? S. H. Wong, H. Al-Hasani, Z. Alam, A. Alam. European Radiology 2019
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G GLEAMER

Modern radiology has no alternative but to seek for productivity

— t‘ ‘1 Exploding demand vs. Limited radiologist workforce

e
- VS. +20% Over the last decade

. High Fixed-Cost structure

i Growing pressure on prices



G GLEAMER

Curbed by the limits of radiologists’ capacities. With downsides.

images analyzed by
a radiologist
everyday

Patients

MDs

Health
inst.

Misdiagnosis

Delayed patient care

Risk of burnout
Claims

Difficulty to absorb demand
(Need for Teleradiology services)
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Al can take Radiology past this ceiling: A two-fold promise

G GLEAMER

Secure diagnosis

Speed up image
analysis
and overall workflow
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Objective

* How can Al impact the radiologist workflow?
* Where are we in 2024? And why?



Pubmed (“artificial intelligence” AND “radiology”)
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Natural language processing (NLP)

e free text clinical indication
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Trivedi H, Sohn JH. J Digit Imaging (2018)



Natural language classifier

Journal of Digital Imaging (2018) 31:604-610
https//doi.org/10.1007/510278-018-0066-y

@ CrossMark

Efficiency Improvement in a Busy Radiology Practice:
Determination of Musculoskeletal Magnetic Resonance Imaging
Protocol Using Deep-Learning Convolutional Neural Networks

Young Han Lee’

Published online: 4 April 2018
C Society for Imaging Informatics in Medicine 2018

Lee YH. J Digit Imaging (2018)
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Generative models
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Lesion detection

* Reduction in
misinterpretation of
average emergency
medicine clinicians by 47%

Lindsey R, Potter H. Proc Natl Acad Sci U S A (2018)



Lesion detection
 Other applications
— Flagging urgent exams for

B
i
urgent care

. 'I I — Flagging positive exams for

MM optimized workflow
k ﬂ | " — 24/7 service in remote areas

Lindsey R, Potter H. Proc Natl Acad Sci U S A (2018)



European Radiology (2021) 31:3786-3796
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2. Performance
and validation

To buy or not to buy—evaluating commercial Al solutions
in radiology (the ECLAIR guidelines)

Patrick Omoumi ' (0 - Alexis Ducarouge?” - Antoine Tournier? - Hugh Harvey® - Charles E. Kahn Jr® -
Fanny Louvet-de Verchére® - Daniel Pinto Dos Santos® - Tobias Kober” - Jonas Richiardi’
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3. Usability and
integration

4. Regulatory and
legal aspects

5. Financial and
support services

1.1. What problem is the application intended to solve, and who is the application designed for?

Define the scope of application; end-users; research vs. clinical use; usage as double reader, triage, other; outputs
(diagnosis, prognosis, quantitative data, other), indications and contra-indications

1.2 .What are the potential benefits, and for whom?

Consider benefits for patients, radiologists/referring clinicians, institution, society

1.3. What are the risks associated with the use of the Al system?

Consider risks of misdiagnosis (including legal costs), of negative impact on workflow, of negative impact on quality of
training

2.1. Are the algorithm’s design specifications clear?

Check robustness 1o variability of acquisition parameters; identify features (radiomics) or network architecture (deep
learning) used

2.2. How was the algorithm trained?

Assess population characteristics and acquisition techniques used, labeling process, confounding factors, and operating
point selection

2.3. How has performance been evaluated?

Check proper partitioning of training/validation/testing data, representativeness and open availability of data. Assess
human benchmarks, application scope during evaluation, source of clinical validation

2.4. Have the developers identified and accounted for potential sources of bias in their algorithm?

Assess training data collection, bias evaluation, stratification analyses

2.5. Is the algorithm fixed or adapting as new data comes in?

Check whether user feedback is incorporated, if regulatory approval is maintained, and if results are comparable with
previous versions. *

3.1. How can the application be integrated into your clinical workflow?

Consider integration with your information technology (IT) platform, check for compliance with ISO usability standards,
consider issues related to practical management of the saftware

3.2. How exactly does the application impact the workflow?

Identify modifications to bring to your current workflow, identify roles in the new workflow (physicians and non-physicians)

3.3. What are the requirements in terms of information technology (IT) infrastructure?

Consider on-premise vs. cloud solutions. Identify requirements in terms of hardware and network performance, consider
network security issues

3.4. Interoperability - How can the data be exported for research and other purposes?

Check whether the export formats are suitable

3.5. Will the data be accessible to non-radiologists (referring physicians, patients)?

Check whether the form of the output is suitable for communication with patients/referring physicians

3.6. Are the Al model’s results interpretable?

Check whether and which interpretability tools (i.e. visualization) are used

4.1. Does the Al application comply with the local medical device regulations?

Check whether the manufacturer obtained regulatory approval from the country where the application will be used (CE,
FDA, UKCA, MDSAP, or other local guidance), and for which risk class

4.2. Does the Al application comply with the data protection regulations?

Check whether the manufacturer complies with local data proteciion regulations and provides contractual clauses
protecting patient's data

5.1. What is the licensing model?

Assess one-time fee vs. subscription models, total costs, scalability

5.2. How are user training and follow-up handled?

Check whether training sessions are included and at which conditions further training can be obtained

5.3. How is the maintenance of the product ensured?

Check whether regular maintenance is included, assess the procedure during downtime and for repair

5.4. How will potential malfunctions or erroneous results be handled?

Assess the procedure in the event of malfunction and post market surveillance and follow-u
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What is the situation of the market?

* % of studies performing external
validation:
— 6% (Al application in medical imaging)
Kim DW et al., Park SH. Korean Journal of Radiology (2019)

— 10% (Al applications in neuroimaging)
Yao AD et al., Kitamura F. Radiol Artif Intell (2020)

Vast majority: decrease in external performance
compared to internal performance

Yu AC et al., Eng J. Radiol Artif Intell (2022)
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Radiology artificial intelligence: a systematic review and evaluation
of methods (RAISE)

Brendan 5. Kelly =" « Conor Judge ™ - St=phanie M. Bollard ™ - Simon M. Clifford ' - Gerard M. Healy " -
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Abstract

Objective There lins been o lorge smount of researel in the feld of artificial intellipence (AL a8 applied to clinkeal mdialogy.
However, these siudies vury in deaipn ond quality snd systematic reviews of the entire field are Inchong This sysemstic review
aimed io identify all papers thal used doep leaming m mdiclogy to survey the literiune ond o eveloste their methods, We abmed
io identify the key gquestions being pdidressed in the lilemnre and o identify the most effective methods employed

Methods W fallowed the PRISMA puidelines and performed a systematic review of siudies of Al in mdiology published fom
2005 to 2009, Owr published proineel was prospectively registered.

Results Our search vielded 11083 resulis. Seven hundred sixiy-seven full lexts were reviewed, and 535 anicles were included,
Minsty-cight percent wiare retrospoctive cohort atudies. The median number of patients included wes 460, Most snubies involved
MR {375 Neurorsdioksgy was the most common subspecialty. Eighty-cight percent used supervised leaming. The majority of
stisdies underiook o eegmentntion taak (39%), Perfomannsee comparison wis with a state-of-the-ort model in 37%. The most used

eatahlished architecture wos UNet (14% ) The median pesformance for the moest utilised cvoluation meirics was Dice of 049

{mnge 492-99), AUC of 0903 (range 1.00-0.61) and Accurncy of 894 (mnge TO2-10. OF the T7 studies that extermally 8'0 1(’)0 liO 1(‘30
validnted theer resubis ard allowed for direc companson, perfomasce on iverage decressed by 6% ot exicmal validation (mnge  publications
inerense of 4% Lo decrease 445:).
Conclusion This systemuatic seview has sisrveyed the minger advances in Al as applied to elinien] mdiclogy,
Key Points
¢ While there re il popers Fepo el expeet-ievel reoats i aedng deep leamiting da radiology, mo apialy osly o merson Famgs
anf Pewhs RIgUEr Jéd @ JaFran el el of iee Coies
o The literefure (5 dosminated by retrogpective color? oalies with idted extermal validation with high paotential e i
¢ The recend advent of Al exlemeions fo spxlenatic FetnI g _|;'I|I|.!|".'|'1|:'.'| il gl Jadbl g frietd PR |I'III'|'|_I.\_' Wit i focns o

ertermal validation o '-."l'n'r.lurr.'-lrr. i _r-.-r.---.-r.'..-.' for travfieiion af the |I-"-_rln surrriianaing AS from code fo el

ords Radiokouy - Arificial Intellipence - Mahodology - Svrlematic reviews
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Risks related to biased input data

CAPTIONS BY

NorMaN Al

INKBLOT #1
Norman sees:

“A MAN IS ELECTROCUTED

AND CATCHES TO DEATH.”

http://norman-ai.mit.edu/#inkblot

CAPTIONS BY

StaNDARD Al

INKBLOT #1
Standard Al sees:

“A GROUP OF BIRDS
SITTING ON TOP OF A

TREE BRANCH.”



Risks related to biased input data

CAPTIONS BY

NorMmaN Al

INKBLOT #8
Norman sees:

“MAN IS SHOT DEAD IN FRONT g

OF HIS SCREAMING WIFE.”

http://norman-ai.mit.edu/#inkblot
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CAPTIONS BY

STaNDARD Al

INKBLOT #8
Standard Al sees:

“A PERSON IS HOLDING AN

UMBRELLA IN THE AIR.”



Risks related to biased input data

“If, for example, poorer patients do worse
after organ transplantation or after
receiving chemotherapy for end-stage
cancer, machine learning algorithms may
conclude such patients are less likely to
benefit from further treatment — and
recommend against it.”
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Dhruv Kullar. A.l Could Worsen Health Disparities. New York Times 31 Jan 2019
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Pricing model

Pay-per-use

Subscription

van Leeuwen KG et al., de Rooij M. Eur Radiol (2021)
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To: Reto Meul
Resent-From: Reto.Meuli@unil.ch

Ce message a été archivé.

Dear Dr. Reto Meuli,

On 1 January 2021, the price of your licence will increase by 20%.

To make sure that we continue offering the best possible performance, support, and compliance, we found it necessary to increase the
prices. This price change is the first of its kind for since 2012.

The increase in price is due to the EU’s Medical Device Regulative, which has put an extra workload on producers of medical devices and
software, who now need to expand their activities in quality assurance considerably to conform with the increased demands for

documentation and audits.
In addition, software devices like get up-classified from Class I to Class Ila, which adds to the requirements. This also applies for

products like which have been on the market for many years and have already demonstrated their safety and efficiency.
The transition to MDR gives many advantages for the clinics and patients, for example:

Better risk management.

Better documentation of the product.

Better documentation of the clinical evaluation, including external audits thereof.

Better data security.

Intensified post-market surveillance.
We welcome any question you might have concerning the price changes or concerning in general.










Conclusion

* Radiologists have not been replaced by Al!
* An emerging / unstable market

* One task, one algorithm: you would need thousands of
algorithms to replace a radiologist

* Independent validation of performance on external datasets is
still missing in most instances

* I[mportance pour les radiologues de garder les compétences

Siegel 2018 Applied radiology



Conclusion

“One could argue that Artificial Intelligence, as it relates to
healthcare, should perhaps stand for Augmented Intelligence.”

Siegel 2018 Applied radiology



Conclusion

“Will Al replace radiologists?” is the wrong question. The
right answer is:

Radiologists who use Al will replace radiologists who don't.

Langlotz C, Radiology: artificial intelligence (2019)



Conclusion

“Artificial Intelligence is no match for natural stupidity”

Anonymous
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