ealth economist, epidemiologist

Assistant-professor Value I _giql_qu Al
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“People should stop training radiologists now. Its just completely obvious that within five vears
deep learning is going to do better than radiologists.”

— Al researcher Geolfrey Hinton, 2016

Erasmus MC



Al HAS A LONG HISTORY OF BEING “THE NEXT BIG THING"...

Popularity
Explosive
Growth
New Hopes

! Al winter 1l

I

]

| Al ulinter 1

o

! i

! i

i i

L

1850 1956 1974 1980 1987 1993 Time

19/12/2023 https://www.actuaries.digital/2018/09/05/history-of-ai-winters/

Timeline of Al Deve lopment

19505-1960s: First Al boom - the
age of reasoning, prototy pe Al
developed

1970s: Al winter |

1980s-1990s: Second Al boom: the
age of Knowledge representation
(appearance of expert systems

capable of reproducing human
decision-making)

1990s: Al winter Il

1997: Deep Blue beats Gary
Kasparoy

2006, University of Toronto
develops Deep Learning

2011 |BM's Watson won Jeopardy

2016: Go software based on Deep
Learning beats world's champions

Erasmus MC



1. Radiology Al
2. Deployment / integration
3. Monitoring

4. Now: market / governance

Interactieve casusworkshop
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RADIOLOGY Al
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There are now more than 520 marker-cleared artificial intelligence (Al) medical algorithms available in the United States,
according to the U.S. Food and Drug Administration (FDA) as of January 2023. The vast majority of these are related to
medical imaging.

Here is the breakdown for the number of FDA-cleared algorithms across specialties:

Radiology 396
- Cardiology o8
- Hematology 14
= Neurology 10

« Clinical chemistry 7 Tuniarts Healthica S

= Ophthalmic 7
= Gastroenterology and urology 5
= General and plastic surgery 5

- Pathology 4 FOR OUTCOMES-DRIVEN HEALTHCARE LEADERS
= Microbiology 4

= Anesthesiology 4

» General Hospital 3
= Orthopedic 1

» Dental 1

ARE DATA VIDEQS CONFEREN SUBSCRIBE

FDA has now cleared more than 500 healthcare Al algorithms

Erasmus MC

https://healthexec.com/topics/artificial-intelligence/fda-has-now-cleared-more-500-healthcare-ai-algorithms 6
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Enzmann DR. Radiology's value chain. Radiology. 2012 Apr;263(1):243-52. doi: 10.1148/radiol.12110227. PMID: 22438447.
Sarwar A, Boland G, Monks A, Kruskal JB. Metrics for Radiologists in the Era of Value-based Health Care Delivery. Radiographics. 2015 May-Jun;35(3):866-76. doi: 7
10.1148/rg.2015140221. Epub 2015 Apr 3. PMID: 25839737.



SCHEDULING:

By analysing past data, Al
helps optimise staff and
scanner rosters, reducing
patient wait times.

FOLLOW-UP AND

MONITORING:

Al schedules follow-up scans
and tracks disease progress
by comparing current and
previous images, ensuring
top-notch continuity of care.

SCANNING:

Al ensures the right
imaging procedure is
selected, reducing
radiation exposure by
picking the optimal scan
settings.

ADVERSE EVENTS:
Al forecasts potential
complications by
comparing a patient's
imaging data with
historical data of similar

cases.

ACQUISITION:
Real-time scanner
adjustments by Al
improve image quality
and cut down scan times.

o

‘i i ;}

TREATMENT

RESPONSE:
Learning from past
cases, Al predicts a

patient's likely response
to treatments, aidingin
treatment efficacy
evaluations.

C
Il

lifiii
&~
INTERPRETATION:
Radiologists receive help
from Al in interpreting

images and spotting
urgent cases.

RECOMMENDATION:
Al system correlates
patient data to provide
actionable insights for
further diagnostics or
treatments.

get the imaging results in

K=
A

REPORTING:
Standardised radiology
reports are a breeze with
Al's auto-fill features
based on image
interpretation.

COMMUNICATION:
By integrating with
hospital systems like
EHRs, Al ensures the
right blokes and sheilas

no time.

Najjar R. Redefining Radiology: A Review of Artificial Intelligence Integration in Medical Imaging. Diagnostics (Basel). 2023 Aug 25;13(17):2760. doi:
10.3390/diagnostics13172760. PMID: 37685300; PMCID: PMC10487271.

Erasmus MC



Parallel Imaging: Acc =2 Deep Learning: Acc =3
L | = . L ] L |

W s MR 1

oo MDD DEDE I I 1D EEBY
' e B~ B
CTo2 i B
M M (7 crces: Y |
Ricr Marrowinn: 1
b ’RAD|°‘|-°G|ST P'CTATES : Natural language processor (NLP)
| There is a vertical fracture extracts meaning from textual
d of the lateral as!)e.ctlofthe output via voice recognition
CTos prommal tibia. PRELIM REPORT S
r -\\I & :\ _ - 'II.
GTo5 . N
cree \\
NLP retrieves relevant clinical pearls based on extracted concepts (presence or
CTo7 absence of fracture + location) and provides real-time feedback to the radiologist :
“This may represent a SEGOND fracture which is highly associated with an anterior
cruciate ligament (ACL) tear. Consider an MRI to evaluate for possible ACL injury.”
CTos .|
. - FINAL REPORT :
“There is a vertical fracture of the lateral aspect of the
5 proximal tibia. This is consistent with a Segond fracture which
is associated with ACL injury, consider a follow-up MRI of the
knee to assess integrity of the ACL if clinically warranted.”
19-12-2023 Gorelik N, Gyftopoulos S. Applications of Artificial Intelligence in Musculoskeletal Imaging: From the Request to the Report. Can Assoc Radiol J. 2021 Feb;72(1):45-59. 9

doi: 10.1177/0846537120947148. Epub 2020 Aug 18. PMID: 32809857.



Subspecialty T MR PET us XRAY/MAM Anatomy
Abdominal 2 3 %
Brain
Cardiac 1 9 a Chest
Breast
Chest 2
Lung
Musculoskeletal 6 2 Heart
' All
Meuroradiology 2 4 -
Liver
e Imaging ° : : _ spi"e
Dwmmb b
FDA CLEARED PRODUCTS YEAR CLEARED Focus
Date Cleared Product Company Brain anatomy
15-5-2008 IE Neuro Imaging Biometrics, LLC Intracranial hemo"hage
28-12-2011 DeltaView Model 2.1 Riverain Technologies Breast lesion characteristics
13-4-2012 AlphaPoint Imaging Soft.. Radlogics, Inc. . .
Stroke brain perfusion
27-12-2012 ClearRead +Confirm Riverain Technologies
Cardiac measurements
17-3-2014 Lung Density Analysis Imbio LLC
Breast density
4-2-2015 Meuroreader Erainreader ApS
Pneumeothorax

10-10-2015 Vitrea CT Lung Density A.. Vital Images, Inc.

20-1-2016 Stroke VCAR GE Medical Systems

Pulmonary nodule

https://aicentral.acrdsi.org/

Erasmus MC
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100%

90%

80%

70%

60%

50%

40%

30%

20%

10%

0%

2019

2021

m Administration of acquisition &
reviewing process

m Patient profiling and synopsis

® Prognosis

m Diagnosis and/or scoring
abnarmality

» Comparison, cross-referencing
and longitudinal analysis

® Detecting and highlighting
suspicious areas

# Quantification and extraction of
features

H Segmentation

Mehrizi MHR, Gerritsen SH, de Klerk WM, Houtschild C, Dinnessen SMH, Zhao L, van Sommeren R, Zerfu A. How do providers of artificial intelligence (Al) solutions

19-12-2023

propose and legitimize the values of their solutions for supporting diagnostic radiology workflow? A technography study in 2021. Eur Radiol. 2023 Feb;33(2):915-924.
doi: 10.1007/s00330-022-09090-x. Epub 2022 Aug 18. PMID: 35980427; PMCID: PMC9889424.
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Reporting Admmlstmtmn N Acquisition

o

Mehrizi MHR, Gerritsen SH, de Klerk WM, Houtschild C, Dinnessen SMH, Zhao L, van Sommeren R, Zerfu A. How do providers of artificial intelligence (Al) solutions Erasmus MC
propose and legitimize the values of their solutions for supporting diagnostic radiology workflow? A technography study in 2021. Eur Radiol. 2023 Feb;33(2):915-924. 12 2 W{w..g
doi: 10.1007/s00330-022-09090-x. Epub 2022 Aug 18. PMID: 35980427; PMCID: PMC9889424. = —
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100%
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50%
40%
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H Thyroid

M Prostate
o Fetal

E Spine

m Abdomen
M Liver

® Skeletal
m Cardiovascular
m Chest

= Lung

m Breast

H Brain

2019 2021

w Others/NIS

= Hybrid

® Cloud-based

W On premise
2019 2021

c

Mehrizi MHR, Gerritsen SH, de Klerk WM, Houtschild C, Dinnessen SMH, Zhao L, van Sommeren R, Zerfu A. How do providers of artificial intelligence (Al) solutions
propose and legitimize the values of their solutions for supporting diagnostic radiology workflow? A technography study in 2021. Eur Radiol. 2023 Feb;33(2):915-924. 13 <

100%
90%
80%
70%
60%
50%
40%
30%
20%
10%

doi: 10.1007/s00330-022-09090-x. Epub 2022 Aug 18. PMID: 35980427; PMCID: PMC9889424.

® Non-image data

M X-ray

» Mammography & DBT
= MRI/ MRA

® Ultrasound

m CT/CTA/PET
2019 2021

Embedded in Imaging machine
3%

Unknown
22%

Vendor Access
neutral through
7% PACS/RIS
48%

Stand alone
application
20%
d
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» Added value according to Al manufacturers:

19/12/2023

Making better decisions (33%)
Higher quality care (31%)
Speeding up work (19%)
Reducing costs (10%)
Reduce workload (7%)

Digital

; Machine Learning
Imaging /Artificial Intelligence
Systems

Lower Costs

Waorkflow
Productivity

New Knowledge

Radiomics
Pathomics

Integrated

Diagnostics

Mehrizi MHR, Gerritsen SH, de Klerk WM, Houtschild C, Dinnessen SMH, Zhao L, van Sommeren R, Zerfu A. How do providers of artificial intelligence (Al) solutions propose

Value proposition

and legitimize the values of their solutions for supporting diagnostic radiology workflow? A technography study in 2021. Eur Radiol. 2023 Feb;33(2):915-924. doi:
10.1007/s00330-022-09090-x. Epub 2022 Aug 18. PMID: 35980427; PMCID: PMC9889424.
Mun SK, Wong KH, Lo SB, Li Y, Bayarsaikhan S. Artificial Intelligence for the Future Radiology Diagnostic Service. Front Mol Biosci. 2021 Jan 28;7:614258. doi:

10.3389/fmolb.2020.614258. PMID: 33585563; PMCID: PMC7875875.
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EFFICIENCY
QUALITY
SPEED

COST

* Quality:
* Al models can detect abnormalities and diseases that radiologists may overlook
* Phenotype of a tumor can be determined using radiomics >> appropriate therapy

+ Identify population at risk >> patients with important incidental findings, coronary disease, emphysema, steatosis
hepatis, osteoporosis

* 2nd pair of eyes

« Efficiency:
» At fees per DBC/DOT, any tool that increases efficiency can be valuable

« Al that can automatically make a finding identify can alert clinical care teams to suspected stroke, pulmonary
embolism, or other emergency conditions through an app

« Many Al algorithms perform complex measurements, contours of anatomy, or other time-consuming tasks

Erasmus MC

19/12/2023 https://radiologybusiness.com/topics/artificial-intelligence/what-roi-ai-adoption-radiology?utm_source=newsletter&utm_medium=rb_news 15



Algorithm (accuracy)

Al tool
= Vendor A - \endor B Vendor C — VendorD

Airspace Disease Pneumothorax Pleural Effusion**

1.00

=
= 080 @ 050 @
2 5 5
o0 (3] L]
. 0.2 Dz
0.0 000 0.00
0.00 0.<5 o050 0.75 1.00 il 03 0.50 0vs 1.00 000 0.2% 050 ors 1.00
1 - Specificity 1 - Specificity 1 - Specificity
1.00 1.00 1.00
; 07 =0 S“ i]
£ 3 3
c c
% 050 ;g 050 fg 0.50
8 & B
o o o
0z 028 0
0.0 0o 0.00
0.00 0.25 050 0.75 1.00 .00 025 050 075 1.00 0.00 025 0.50 075 1.00
Recall (Sensitivity) Recall (Sensitivity) Recall (Sensitivity)
Erasmus MC
19/12/2023 Lind Plesner L, Mller FC, Brejnebal MW, Laustrup LC, Rasmussen F, Nielsen OW, Boesen M, Brun Andersen M. Commercially Available Chest Radiograph Al Tools 16

for Detecting Airspace Disease, Pneumothorax, and Pleural Effusion. Radiology. 2023 Sep;308(3):€231236. doi: 10.1148/radiol.231236. PMID: 37750768.



Acute C-Spine Fractures

510{k) Tnage and notification software
wdicated for use in the analysis of
ervical spine CT images. flags anc
communicates suspecteo nosive
Andings of linear lucencies in the cervica
spine bone in patterns compatiole wit

II.\:-_-__I _:;-
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Fracture +
Al+ 204
Al- 23
Total 227

Sens 89.9%

Fracture -

92
2654

2746
Spec 96.7%

Total

296 PPV 68.9%
2677 NPV 99.1%

2973
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Fracture +
Al+ 204
Al-
To 227
Sens 89.9%
Total 23/ 2677
Al negative
Fracture and stabilizing therapy 5
Fracture and no stabilizing 18

therapy

Fracture -

92
2654

2746
Spec 96.7%

Total

296 PPV 68.9%
2677 NPV 99.1%

2973

Erasmus MC
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Deze voorlopige resultaten (inclusief de resultaten van de eerdere scan) moeten nog door een radioloog
becordeeld worden.

an minder na

GEEN NODI
GEVONDEN

Erasmus MC

19/12/2023 24



Erasmus MC

19/12/2023 25



Automation Bias in Mammography: Impact of Al on Reader Performance

100

* |nexperienced

= \ery Experienced

80— 4 Moderately Experienced

Mean Percentage of Correctly
Rated Mammograms

Al suggests incorrect BI-RADS

Category

Dratsch T and Chen X et al. Published Online: May 2, 2023

https://doi.org/10.1148/radiol.222176

19/12/2023

In a prospective study, 27 radiologists who interpreted 50
mammograms with Al assistance were affected by incorrect
suggestions from the system.

Inexperienced radiologists were more likely to follow the
suggestions of the Al system when it incorrectly suggested a

higher BI-RADS category compared with more experienced
readers (mean bias, 4.0+ 1.8 vs 1.2 £ 0.8).

Radiology

26
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DEPLOYMENT / INTEGRATION
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DEPLOYMENT / INTEGRATION

Al connection
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Modality
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PACS

PACS SERVER

Erasmus MC
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Platform

AlF|w

Artificial Intelligence
far Imaging

Erasmus MC
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clinical/research
workstation

Erasmus MC

19/12/2023 Leiner T, Bennink E, Mol CP, Kuijf HJ, Veldhuis WB. Bringing Al to the clinic: blueprint for a vendor-neutral Al deployment infrastructure. Insights Imaging. 2021 Feb 33
2;12(1):11. doi: 10.1186/s13244-020-00931-1. PMID: 33528677; PMCID: PMC7855120.



DEPLOYMENT / INTEGRATION

Al workflow integration
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Relevant studies to be processed by algorithm

19/12/2023

Study Description

35
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MONITORING
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Maintain, Update, WM Se¢f Identity or
or De-Implement | gl

Reassess Needs

PHASE 4

2 Monitor Ongoing Describe Existing
Performance Workflows

Define the Desired
Target State

PHASE 3

Acquire or
Develop Al System

T 3SYHd

¢ 3SVHd

Business and use-case

development \I
@ Design phase

Al

Deployment Iife Cyde Training and test

data procurement

Testing and Building
validation € j—

Roski, Joachim & Maier, Ezekiel & Vigilante, Kevin & Kane, Elizabeth & Matheny, Michael. (2021). Enhancing trust in Al through industry self-governance. Journal of the Erasmus MC

1911212023 American Medical Informatics Association. 28. 10.1093/jamia/ocab065.
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What is the best way to address model drift

in a radiology machine learning model?

The accuracy of machine Assessed Compared model Final performance was evaluated using
; Y =~ . baseline model accuracy after measures of precision (PPV), recall
learnlng (ML) models performance retraining (sensitivity, TP) and F1 score

degrades over time

—called “model drift.”

( 4l Baseline model performance steadily decreased over time }

{™) The baseline model retrained with new data was not significantly
different from baseline (precision=0.83 and recall=0.54)

A new random forest (RF) model trained with augmented data had:

4 significantly better recall vs. the baseline mode(0.80 vs. 0.66, p=0.04)

4= comparable precision (0.90 vs. 0.86)

Recalibration or refitting models may be sufficient in some cases,

but training new models may be necessary to address model drift.

JACR VISUAL ABSTRACT Erasmus MC

19/12/2023 Lacson R, Eskian M, Licaros A, Kapoor N, Khorasani R. Machine Learning Model Drift: Predicting Diagnostic Imaging Follow-Up as a Case Example. J Am Coll Radiol. 47
2022 Oct;19(10):1162-1169. doi: 10.1016/j.jacr.2022.05.030. Epub 2022 Aug 16. PMID: 35981636.
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0.61

0.60

0.52

0 2 4 6 8 10 12 14
Time since trained, months

RandomForest (6 months) RandomForest (9 months) RandomForest (12 months)

Pianykh OS, Langs G, Dewey M, Enzmann DR, Herold CJ, Schoenberg SO, Brink JA. Continuous Learning Al in Radiology: Implementation Principles and Early
Applications. Radiology. 2020 Oct;297(1):6-14. doi: 10.1148/radiol.2020200038. Epub 2020 Aug 25. PMID: 32840473.
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19/12/2023 Pianykh OS, Langs G, Dewey M, Enzmann DR, Herold CJ, Schoenberg SO, Brink JA. Continuous Learning Al in Radiology: Implementation Principles and Early 49

Applications. Radiology. 2020 Oct;297(1):6-14. doi: 10.1148/radiol.2020200038. Epub 2020 Aug 25. PMID: 32840473.
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NOW: MARKET / GOVERNANCE
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VC funding peaked at almost $1.1Bn in 2021; deal volume has declined since it

peaked in 2020
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Average deal size has grown, more than tripling from $8m in 2020 to $28m in 2023

Signify

RESEARCH
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Early stage funding (pre-Series B) peaked in 2019; it has been surpassed by later-

stage funding (Series B onwards) since 2018
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500.0
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=
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300.0
200.0 B B - B
0.0 —
2015 2016 2017 2018 2019 2020 2021 2022 2023
to date
Early Stage Funding M Later-Stage Funding Venture Rounds ( )
smus MC
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Research “Shadow-Mode” Deployment: without impacting workflow

Phase 1: k\‘\SPhase 2:

Algorithm deployment in non-clinical setting _~ Review

Months 1-3 Month 3+

* Algorithm integration in ‘shadow-mode’
* Performance assessment on retrospective cohort, or prospective study

Clinical Deployment: integration into production with a phased approach

Phase 1: Phase 2: \, Phase 3:
Project kick-off after approval Limited clinical deployment #  Full clinical deployment

Months 1-3 Months 3-6 Month 6+

* Algorithm in ‘shadow-mode’
* Define validation plan with pre-
defined performance metrics

* Pilot performance assessment on
retrospective cohort

* Limited integration into
production, user training

* Larger scale model integration
into production, additional sites

* Track outputs and clinician

feedback * Dashboard for ongoing

performance tracking

Legend: Key Activity Types

[ Algorithm Implementation Governance I

Erasmus MC
Bizzo BC, Dasegowda G, Bridge C, Miller B, Hillis JM, Kalra MK, Durniak K, Stout M, Schultz T, Alkasab T, Dreyer KJ. Addressing the Challenges of Implementing 4 ,

19-12-2023 Avrtificial Intelligence Tools in Clinical Practice: Principles From Experience. J Am Coll Radiol. 2023 Mar;20(3):352-360. doi: 10.1016/j.jacr.2023.01.002. PMID: 56
36922109.



Al: wat is de business case en

lan-laap Visser

19/12/2023

hoe is Al te implementeren?

Onder veel radiologen leeft de vraag hoe om te gaan met kunstma-
tige intelligentie (Al). Moeten we ermee aan de slag? En als we het
willen gaan gebruiken, waar moeten we dan op letten? In dit arti-

kel bespreken de auteurs een aantal zaken die van belang zijn om te

overwegen voordat tot implementatie van Al kan worden overgegaan.

Memorad Najaar 2023

Vaststellen verwachte
toegevoegde waarde

¥

Ontsluiting Al binnen

ziekenhuis IT infrastructuur

Probleemidentificatie

Workflow embedding

Algoritme accuratesse
Afdelings- & zorgpadperspectief

A4

Koppeling algoritme met PACS en
ZIS/RIS

Beschikbaar maken Al resultaten
Opslag (gecorrigeerde) resultaten

Continue, prospectieve
monitoring algoritme

¥

¥

Prospectieve monitoring:
- Kwaliteit van zorg
- Business case en vergoeding




CONCLUSIONS

* Radiology Al
* Imaging value chain
*  Which problem will be solved?
» Agorithm performance

* Deployment / integration
* How to connect algorithm?
* How to integrate algorithm into the workflow?

* Monitoring
* How to address model drift?
» Possibilities for feedback / continuous input?

* Now: Market / governance
« Consolidation to be expected
* Local policy required

19/12/2023
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Pulmonary Embolism

Veins X N\
Damaged Embolus
. [ lung tissue
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PULMONARY EMBOLISM (PE)
symptomatic

incidental
>> prevalence 1-4%

ssssss



SYMPTOMATIC PE

CTA > scanning delay 20-30 seconds after contrast administration
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Prospective Evaluation of Al Triage of Pulmonary Emboli at CTPA

* Prospective study of 1436 participants undergoing
1526 consecutive CTPA examinations for suspected
PE with a 16% positive rate.

AZYQOS.VE.EH \ | * The accuracy and miss rates for radiologists were
> ¥ \0 98% and 12%, respectively, which were similar
g | to those of radiologists aided by Al (99% and 6%,
False Positive by Al ' v respectively).

* Radiologist miss rate for nonclinically significant PE
was 33% (seven of 21) without Al and decreased to
14% (nine of 66) with Al.

Rothenberg SA et al. Published Online: October 3, 2023

https://doi.org/10.1148/radiol.230702 l{ﬂ(h()l()g\
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INCIDENTAL PE

CTA > scanning delay 60-90 seconds after contrast administration




Incidental PE

Erasmus MC
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Artificial Intelligence in Fracture Detection: A Systematic Review and

Meta-Analysis
1 g ] e * Inameta-analysis of 42 studies (37 with
o w” 2] *,r radicgraphy and five with CT}, the pooled
| i diagnostic performance using Al to detect

E“ : aa fractures had a sensitivity of 92% and 91%

i il__ and specificity of 91% and 91% on

internal and external validation,
“ 1) respectively.
M A._ di B

¥R A BE WF  tR
¥ - mpplepily
sy mvnga B domegey paew
e by
PR e g

Wi
e

37 ©a as a4 1%
N g ity
fppgpempsr B Dgmemgr o
Wi purdaaran
T oy .

Wy T
s

Clinician performance was comparable 1o
Al in fracture detection |sensitivity 91%,
D2%; specifici

a3 .
£ 4%

LDinly 13 studies externally validated
results, and anly one study evaluated Al
performance in a prospective clinical trial,

Higrarchical summary recelver operating characteristic
(HSROC) curves bar A) fractune detection algadithms
and [B] clinicianswith external validation test sets,

Kuie BYL ot sl Publiibed Onlina: March 79, 7002
hizps:ffdol ceg 1011 & radied 31 UTES

Radiology

Lauritzen AD, Rodriguez-Ruiz A, von Euler-Chelpin MC, Lynge E, Vejborg I, Nielsen M, Karssemeijer N, Lillholm M. An Artificial Intelligence-based Mammography
Screening Protocol for Breast Cancer: Outcome and Radiologist Workload. Radiology. 2022 Apr 19:210948. doi: 10.1148/radiol.210948. Epub ahead of print. PMID:
35438561.

Kuo RYL, Harrison C, Curran TA, Jones B, Freethy A, Cussons D, Stewart M, Collins GS, Furniss D. Atrtificial Intelligence in Fracture Detection: A Systematic Review
and Meta-Analysis. Radiology. 2022 Mar 29:211785. doi: 10.1148/radiol.211785. Epub ahead of print. PMID: 35348381.
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Table 2. Study Design Characteristics of Articles Analyzed
Design Characteristic

All Articles (n= Articles Published in Medical
516) Journals (n =437)
External validation
Used 3160 27(6.2)
Not used 485 (94.0) 410 (93.8)

Key Points

ﬁ'equen'd}r include an external dataset, with our systematic review
entifying 83 pub

lished studies that performtd external valida-
tion oy : riod.
half of studic

n Studies of deup lca.ming a]gnrlthms for racl.iohgic l:liagnosis in-

Eﬂ[l

it pcrfonncd external validation mpoﬂcd
at least @ modest decrease in external pcrfnrrna.nce, with nea.rhr a
quarter reporting a substantial decrease.
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Yu AC, Mohajer B, Eng J. External Validation of Deep Learning Algorithms for Radiologic Diagnosis: A Systematic Review. Radiol
Artif Intell. 2022 May 4;4(3):e210064. doi: 10.1148/ryai.210064. PMID: 35652114; PMCID: PMC9152694.
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» Lack of diversity of datasets in Al poses risks

. . e —_—
 Algorithm detects proximal femur fractures = o
7
* Model better than human G
* Operating point had to be changed to external validation set » %67
« Unexpected algorithm behavior (Paget) z
LA 04
0-24
—— Model performance
—4— Human performance
0 1 1 ] ] 1
0 02 04 06 08 1.0
False positive rate
Oakden-Rayner L, Gale W, Bonham TA, Lungren MP, Carneiro G, Bradley AP, Palmer LJ. Validation a}1d algorithmic audit of a deep learning system for the detection of Erasmus MC

19/12/2023

proximal femoral fractures in patients in the emergency department: a diagnostic accuracy study. Lancet Digit Health. 2022 May;4(5):e351-e358. doi: 10.1016/S2589-

7500(22)00004-8. Epub 2022 Apr 5. PMID: 35396184.
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Radiology @

Cardiothoracic Imaging4i

Radiol Cardiothorac Imaging. 2023 Apr; 5(2); e220163. PMCID: PMC10141443
Published online 2023 Apr 20. doi: 10.1148/ryct 220163 PMID: 37124638

Artificial Intelligence Tool for Detection and Worklist Prioritization Reduces Time to
Diagnosis of Incidental Pulmonary Embolism at CT

Laurens Topff, MD ¥ Erik R Ranschaert, MD, PhD, Annemaricke Bartels-Rutten. MD, PhD, Adina Negoita, MD, Renee
Menezes. PhD, Regina G H Beets-Tan, MD, PhD, and Jacob J Visser, MD, PhD

Topff L, Ranschaert ER, Bartels-Rutten A, Negoita A, Menezes R, Beets-Tan RGH, Visser JJ. Atrtificial Intelligence Tool for Detection and Worklist Prioritization Erasmus MC
Reduces Time to Diagnosis of Incidental Pulmonary Embolism at CT. Radiol Cardiothorac Imaging. 2023 Apr 20;5(2):220163. doi: 10.1148/ryct.220163. PMID:
191212023 37124638; PMCID: PMC10141443, 7o
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Diagnostic Accuracy in Detection of IPE by the Al Software Alone

Table 2: Diagnostic Accuracy in Detection of IPE by the Al
Software Alone

Variable IPE Present  IPE Absent Inconclusive Toral
Al positive 131 @ 3 165
Al negative 559 0 11571

Total 11590 3 11736

Note.—Data are numbers of scans. Al = artificial intelligcnce, IPE =
incidental pulmonary embolism.

Topff L, Ranschaert ER, Bartels-Rutten A, Negoita A, Menezes R, Beets-Tan RGH, Visser JJ. Atrtificial Intelligence Tool for Detection and Worklist Prioritization

Reduces Time to Diagnosis of Incidental Pulmonary Embolism at CT. Radiol Cardiothorac Imaging. 2023 Apr 20;5(2):€220163. doi: 10.1148/ryct.220163. PMID:
37124638; PMCID: PMC10141443.
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Artificial Intelligence Tool for Detection and Worklist Prioritization
Reduces Time to Diagnosis of Incidental Pulmonary Embolism at CT

Key Result

Artificial intelligence (Al)-assisted workflow prioritization
of incidental pulmonary embolism (IPE) on chest CT
scans significantly reduced time to diagnosis in patients
with cancer.

Patients:
* 6447 adult oncology patients (n = 11,736 CT scans)

Methods:

» Regulatory-cleared Al software was evaluated to
prioritize IPE on routine chest CT scans with intravenous
contrast.

* Diagnostic accuracy metrics were calculated, and

temporal endpoints were assessed at three time periods:

routine workflow without Al, human triage without Al,
and worklist prioritization with Al (prospective evaluation)

Topff L et al. Published Online: April 20, 2023
https://doi.org/10.1148/ryct.220163

Results:

; ad high diagnostic accuracy for IPE detection:
Sensitivity = 91.6%

Specificity = 99.7%
NPV = 99.9%

icantly reduced from 44.8% to 2.6% when

radiologists were assisted by Al.
* Median detection and notification time of IPE reduced from several
days to 1 hour in a practice with a backlog of unreported examinations.

Radiology: Cardiothoracic Imaging
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Topff L, Ranschaert ER, Bartels-Rutten A, Negoita A, Menezes R, Beets-Tan RGH, Visser JJ. Atrtificial Intelligence Tool for Detection and Worklist Prioritization Erasmus MC

Reduces Time to Diagnosis of Incidental Pulmonary Embolism at CT. Radiol Cardiothorac Imaging. 2023 Apr 20;5(2):€220163. doi: 10.1148/ryct.220163. PMID:

191212023 37124638; PMCID: PMC10141443. &



Circulation Journal
doi: 10.1253/¢circ).CJ-21-0457

Are We Overtreating Incidental Pulmonary
Embolism?

Erasmus MC



The hazard of therapeutic doses of anticoagulants in
patients with isolated subsegmental pulmonary

embolism

Table 2 Treatment outcomes of patients with confirmed SSPE,
excluding DVT and cancer patients

Total (N=69) Treated (N 61) Not treated (N 8)
Typeevent (N: %)
Provoked 37 (53.6) 33(54.1) 4 (50)
Unprovoked 32 (46.4) 28 (45.9) 4 (50)
Bleeding events 8 (11.5) 7 4) 1(12.3)
Major 2(2.8) @ -
CRNMB 6 (86.9) 1
Death 6 4 (2 fatal bleed- 2

ing)
LMWH low molecular weight heparin. DOAC direct oral anticoagu-
lant. VTE venous thromboembolism. CRNME clinically-relevant non
major bleeding
Erasmus MC
19122023 Ceccato D, Di Vincenzo A, Rossato M, Pesavento R, De Conti G, Prandoni P, Vettor R. The hazard of therapeutic doses of anticoagulants in patients with isolated

subsegmental pulmonary embolism. J Thromb Thrombolysis. 2023 Jul;56(1):207-209. doi: 10.1007/s11239-023-02815-9. Epub 2023 Apr 26. PMID: 37099075. S



Pulmonary Arterial Anatomy

Segmantal Areries Nomenclature
1 Apical
2 Postaror
3 Antanor

4 Micdie loba lateral (Right)
or Linguia superior (Lef)
5 Micdle lobe medial (Rignt)
or Linguia infedor (Left)

B Superioe

7 Medicbasal

8 Anterotasal
9 Latarobasal
10 Posterobasa

Figure 1 Open in figure viewer | #PowerPoint

Schematic overview of anatomy of the pulmonary artery; green branches represent main and interlobar
arteries, blue branches lobar arteries, red branches segmental arteries, and gray branches subsegmental

arteries

Erasmus MC
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1. Technical efficacy Applicability
Level &
2 Diagnostic accurac specificity Sexinbalsiicacy
Level 5
. s . . . Patient outcome efficac

#Diagnostic thinking efficacy Impact on diagnosis d
= Level 4
. . . 2 Therapeutic efficacy

4. Therapeutic efficacy Impact on treatment decisions &
u Level 3
‘G Diagnostic thinking efficacy

5. Patient outcomes efficacy Overall survival ]
u Level 2
= Diagnostic accuracy efficacy

ocietal efficacy Cost-effectiveness
Level 1c
Potential clinical efficacy
Level 1t
Technical efficacy
0 20 40 60 80 100 120 140 160
Number of publications
Fryback et al.; The efficacy of diagnostic imaging; MDM 1991
Erasmus MC

van Leeuwen KG, Schalekamp S, Rutten MJCM, van Ginneken B, de Rooij M. Artificial intelligence in radiology: 100 commercially available products and their scientific
evidence. Eur Radiol. 2021 Jun;31(6):3797-3804. doi: 10.1007/s00330-021-07892-z. Epub 2021 Apr 15. PMID: 33856519; PMCID: PMC8128724.



Review > Eur J Radiol Open. 2022;9:100438. doi: 10.1016/j.ejr0.2022.100438. Epub 2022 Aug 18.

Artificial intelligence model on chest imaging to
diagnose COVID-19 and other pneumonias: A
systematic review and meta-analysis

Lu-Lu Jia T, Jian-Xin Zhao T, Ni-Ni Pan 1, Liu-Yan Shi T, Lian-Ping Zhao 2, Jin-Hui Tian 3,
Gang Huang &

Systematic reviews and
meta-analyses of RCTs*
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Gorenstein L, Soffer S, Apter S, Konen E, Klang E. Al in radiology: is it the time for randomized controlled trials? Eur Radiol. 2023 Jun;33(6):4223-4225
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+ Costs:
» Costs Al model / algorithm
» Costs infrastructure / hardware
* Costs personnel
* Implementation
* Monitoring

» Extra treatment (due to increased detection of pulmonary embolisms, extra detection of osteoporosis)

Erasmus MC

19/12/2023 https://ai.myesr.org/articles/the-cost-of-ai-in-radiology-is-it-really-worth-it/ 79



REVENUES VS COSTS

patient-relevant outcomes |
Patient value =

costs per patient to achieve these outcomes

Incremental Cost-Effectiveness Ratio (ICER)

(G~ Gg)
ICER= ——
(1~ Eo)

C, = cost in intervention group
C, = cost in control group

E, = effect in intervention group
E, = effect in control group

19-12-2023

Quadrant 2: Quadrant 1:
“Dominated” Consider ICER
MORE COSTLY MORE COSTLY
LESS EFFECTIVE MORE EFFECTIYE

A Effect
(QALYS)

LESS COSTLY LESS COSTLY
LESS EFFECTIVE MORE EFFECTIVE
Quadrant 3: Quadrant 4:
Consider ICER A Cost (5) “Dominant”
Erasmus MC

Cape, Jennifer D et al. “Introduction to Cost-Effectiveness Analysis for Clinicians.” University of Toronto Medical Journal 90 (2013): 103-105. 80



> Eur Radiol. 2023 Jan;33(1):360-367. doi: 10.1007/500330-022-08973-3. Epub 2022 Jul 2.

Impact of a content-based image retrieval system on
the interpretation of chest CTs of patients with
diffuse parenchymal lung disease

» Perspectives:

Sebastian Rohrich 1, Benedikt H Heidinger T Florian Prayer 1, Michael Weber 1, Markus Krenn 2,

Rui Zhang 2, Julie Sufana 2, Jakob Scheithe 2, Incifer Kanbur ', Aida Korajac 1, Nina Pétsch T,

Marcus Raudner T, Ali Al-Mukhtar 1, Barbara J Fueger 1 Ruxandra-lulia Milos 1

Martina Scharitzer 1, Georg Langs > 2, Helmut Prosch 4 NICOLAB StrokeViewer

* Micro > department level
« Can we report faster?

* Meso > care pathway level
« Can turnaround times be accelerated?
» Effect of additional detection of pulmonary embolisms?

Proven to reduce time
™~
\
e 7% -

|
|
|
|
|
|
|
|
|
|
|
|

« Macro > societal level
* Is the number of fractures decreasing? Proven I7% recuction in door-to-

groin puncture time*

> Ostecporos Int, 2022 Dec;33(12):2547-25611. doi: 10.1007/s00198-022-06491-y. Epub 2022 Aug 6.

Opportunistic osteoporosis screening using chest CT
with artificial intelligence

Jinrong Yang ¥ 1, Man Liao * 2, Yacling Wang 2, Leging Chen 1, Linfeng He 2, Yingying Ji T,
Yao Xiao 1, Yichen Lu 3, Wenliang Fan 1, Zhuang Nie !, Ruiyun Wang 2, Benling Qi 4, Fan Yang >

Erasmus MC
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» Considerations regarding reimbursement for Al by insurer:

» Not many real-world examples that have proven that Al is valuable, so that the use of Al is reimbursed
» There is no reimbursement for PACS or for radiology information systems (RIS) or electronic health

records (EHR), they are simply practice costs
» The lack of reimbursement for Al may deter hospitals from purchasing the technology

Erasmus MC
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19/12/2023 https://radiologybusiness.com/topics/artificial-intelligence/what-roi-ai-adoption-radiology?utm_source=newsletter&utm_medium=rb_news



Level 7 Level 1

Local

efficacy

Level 6
Cost-

effective-

ness only dermonsirate valus RADAR

efficac Radiology Al
y societa e Deployment and
Assessment Rubric

Level 5
Patient
outcome

efficacy

Level 4

Therapeutic efficacy

Boverhof et al; Radiology Al Deployment and Assessment Rubric (RADAR) for value-based Al in Radiology; accepted for publication in Insights into Imaging

Technical

efficacy

Assessment of
the capability of the
Al system to identify,
categorize, segment, and/or
interpret findings with precision,
ensuring that the outputs are useful
for subsequent clinical
decision-making.

Level 3
Diagnostic

thinking

efficacy
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