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Artificial Intelligence

e VVideo removed
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Passengers (2016), Sony
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Workflow and improvements

Reading

A

BRUSSELS'23

BELNUC

Reporting

« Patient selection

e Scheduling

« Research of patient related
information (e.g. in EMR)

o Definition of imaging
protocol

o Definition of patient
preparation (e.g. fasting)

e Checking of contra-
indications (e.g. allergies,
planned radioiodine
therapy)

¢ Find and check priors
(e.g. avoid unnecessary
duplication of exams)

BELGIAN SOCIETY OF NUCLEAR MEDICINE

« Detection of pathologies
o Classification and
differential diagnosis of

Faster image acquisition
Better image quality
Dose reduction

Real-time detection of pathologies
unexpected findings « Segmentation and
quantification

e Prioritization

www.belnuc.be

Automated reports (e.g.
myocardial perfusion
imaging, bone scan, thyroid
scintigraphy)

Automated reconstructions
and post-processing
Prediction (e.g. response to
therapy)

Research of medical
knowledge in complicated
cases (e.g. in electronic
databases)

e Speech recognition
« Automated translation (e.g.

in case of remote reading)

o0
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Basic features of Al in medical imaging

Applications of Al in clinical nuclear medicine
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Al in medicine BRUSSELS'23
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HP. (4
 _Pneumonia
o
E— mmm) - ,Lung cancer
o
a Atelectasis b Cardiomegaly C Consolidation
1.00 1.00 1.00+
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"Deep learning for chest . 1004 o 100
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melanoma

Skin cancer
I ) |- ,ves”
* ”no
Al

Accuracy

1.0 1
0.8 1
2
3 0.6 -
Brinker, Titus J., et al. §
"Deep learning 0.4
outperformed 136 of 157
dermatologists in a head-to- el
head dermoscopic | e results of individual dermatologists
melanoma image —— mean ROC of CNN
classification 0.0 . . . ' v
task." European Journal of i e et speci%'gty N .
Cancer 113 (2019): 47-54.
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Al in medicine

Al

Accuracy

»Age

{4

Model estimate - reviewer

estimate mean (years)
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How Al work? BRUSSELS'23
ow does 0 BELNUC

Neuron

Action Potential Diagram

Membrane potential (mV)
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How does Al work?

BELNUC

Artificial
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How Al work? BRUSSELS'23
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What can Al do? gﬁg‘SELS’ZS

Clever Hans Effect

Clever Hans
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Recognition of an image based on its context @
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What can Al do? BRUSSELS'23

Clever Hans Effect BELNUC

» Thoroughly testing the function
on external data is necessary

B R e https://upload.wikimedia.org/wikipedia/commons/5/57/0Osten_und_Hans.jpg . .
Lapuschkin S, Waldchen S, Binder A, Montavon G, Samek W, Muller KR (2019) Unmasking . . .

Clever Hans predictors and assessing what machines really learn. Nat Commun 10:1-8
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Technical simplifications & Workflow
optimizations
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Workflow and Improvements

Probability estimates by

Ellipsoid machine learning

mask

"Correct VP"
probability

"Correct VP"
VP by expert ~ |

Valve plane by

"Incorrect VP"
machine learning

‘1‘—' Potential
localizations

Opposite point to apex

Machine Learning:
Support vector classification,
10-fold cross validation

392 patients

A8 Patients with cardiac
catheterization

Sensitivity

Ischemic-TPD AC images

Sensitivity

1.0 =
0.8
0.6
04
AUC (95%Cl)
0.2 - Unadjusted: 0.63 (0.53 to 0.73)
' — Expert 1: 0.79 (0.7 to 0.87)
Expert 2: 0.81 (0.73 to 0.89)
0.0 — SVM: 0.82(0.74 10 0.9)

I | I I |

1.0 0.8 0.6 0.4 0.2 0.0
Specificity
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Ischemic-TPD non-AC images

10 7

0.8

o
(o))
I

o
a
I

Udi

0.0

b P<0.01*

AUC (95%Cl)

Unadijusted: 0.65 (0.56 to 0.75)
Expert 1: 0.77 (0.69 to 0.86)
Expert 2: 0.8 (0.72 to 0.88)
SVM: 0.79 (0.71 to 0.87)

I | | I 1

1.0 0.8 0.6 0.4 0.2 0.0
Specificity
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SA view

SA view VLA view Polar map SA view

»

SPECT,

SPECTcnc

SPECT,

VLA view Polar map

@

FIGURE 5. Examples of 3 subjects (A, male; B, male; C, male) with smallest absolute mean segmental error in short-axis (SA) and vertical long-axis
(VLA) views and polar maps.
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SA view VLA view

O
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FIGURE 7. Examples of 2 subjects with most overt
and vertical long-axis (VLA)

VVVVV and polar maps.

estimated (A, male) and most

underestimated (B, female) mean segmental errors in short-axis (SA)

Attenuation Correction SPECT

VLA view Polar map
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FIGURE 4. Polar map (right) and box plots (left) for percentage segmental errors across all subjects.
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100 patients (58
male

stress-only Tc-
99m
tetrofosmin

10-fold cross
validation
without
external
validation

O
O
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Attenuation Correction PET BRUSSELS'23

B : * Using MRI images
Dlscnmmato;c — : for Ca|CUIating

— ~ O .
j—{meg rogiriafion 3 T P = — B g : attenuation
" FAKE | correction maps

e MRl is used instead
of CT scans

t Y

|
I
Deformation field |
|
|

e Significant
improvement in
image quality

Reconstructed PET imagesI

Estimation of p-map,, and PET image reconstruction

www.belnuc.be 16



Attenuation Correction PET
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* The PET images
themselves are used
for calculating
attenuation
correction maps

* No CT or MRI
necessary

17




European Journal of Nuclear Medicine and Molecular Imaging (2022) 49:4503-4515 Mm
https://doi.org/10.1007/500259-022-05901-x ) y
a S a St a S ORIGINAL ARTICLE @ BRUSSELS 23
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Check for
updates

Artificial intelligence guided enhancement of digital PET: scans as fast
as CT?

René Hosch'2® . Manuel Weber? - Miriam Sraieb? - Nils Flaschel'? - Johannes Haubold' - Moon-Sung Kim'2 -
Lale Umutlu’ - Jens Kleesiek? - Ken Herrmann? - Felix Nensa'2 - Christoph Rischpler® - Sven Koitka'? -
Robert Seifert>* . David Kersting?

20 seconds whole-body * Ultra-fast or ultra-low-dose
PET acquisition

* More scans or less radiation
exposure

»PET as a screening method
20 seconds PET s = — (e R
Al
L X

* eece




PET as fast as CT BRUSSELS'23
BELNUC

Total acquisition 20 seconds @ Total acquisition 15 minutes

BELGIAN SOCIETY OF NUCLEAR MEDICINE www.belnuc.be 19 .. .
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PET as f CT BRUSSELS'23
as Tast as BELNUC

imﬂ . '. . ‘t’l ;& a
,Normal“ PET

Ultra-fast PET e
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Processing of whole-body data
Applications of Al in clinical nuclear medicine
o0

o0
www.belnuc.be 21 . . .




Nuclear

.. . Medicine
Original article Communications

A new computer-based decision-support system for the an
interpretation of bone scans ’
Tu | I lO r VOI u l I |e May Sadik? David Jakobsson®, Fredrik Olofsson®, Mattias Ohlsson®®, BRUSSELS 23

Madis Suurkula® and Lars Edenbrandt®P® B E LN Uc

 Automatic detection of
bone metastases

* Determination of bone
tumor volume

* Prognostic value that
measures disease
severity

Sadik, May et al. “A new computer-based decision-support system for the interpretation of bone . .
scans.” Nuclear medicine communications vol. 27,5 (2006): 417-23. doi:10.1097/00006231-

_ - . .
BELGIAN SOCIETY OF NUCLEAR MEDICINE www.belnuc.be 22 .. .




Semiautomatically Quantified Tumor Volume Using
68Ga-PSMA-11 PET as a Biomarker for Survival in S

Tu m O r VO | u m e Patients with Advanced Prostate Cancer BRUSSE LS'23
Robert Seifert'#, Ken Herrmann?, Jens Kleesiek®>, Michael Schifers!-4, Vijay Shah®, Zhoubing Xu’, B E L N U c

Guillaume Chabin’, Sasa Grbic’, Bruce Spottiswoode®, and Kambiz Rahbar!#

quespeps
" aannn i

e Semi-automatic
determination of tumor
volume in PSMA PET scans

« N < \
Automated Automated s = e = .
< % ~ segmentation ?'% exclusion ¢ ,,) exclusion %» ? ’ Very precise assessment of
Loy &j <y disease severity
.' | : .' ‘ )
i 1 i . i i
;. I " | C. ! ‘.

e Estimation of life
expectancy

Seifert, Robert, et al. "Semiautomatically Quantified Tumor Volume Using 68Ga-PSMA-11 PET as a
Biomarker for Survival in Patients with Advanced Prostate Cancer." Journal of Nuclear Medicine 61.12

(2020): 1786-1792.

BELGIAN SOCIETY OF NUCLEAR MEDICINE www.belnuc.be 23




'8F-FDG PET/ CT Uptake Classification in Lymphoma A

and Lung Cancer by Using Deep Convolutional Neural

Automatic reporting nemworks

Lung cancer

BRUSSELS'23

Ludovic Sibille, MS* * Robert Seifert, MD* * Nemanja Avramovic, MD * Thomas Vehren, MD ¢
Bruce Spottiswoode, PhD * Sven Zueblsdorff, PhD * Michael Schiifers, MD

— :
Cranium/ Brain——— Thorax/ Lymph Nodes «
2 '/ IASLC 1
-
Neck / Sub-lingual gland 2o Thorax / Lymph Nodes

IASLC 4

Thorax/ Heart
Ventricle

Abdomen / Ureter 4‘}
e’ Thorax/ Lung
/ Lower lobe
Abdomen / Anus -

Thorax / Lymph Nodes
IASLC 7

-

Sibille, Ludovic, et al. "18F-FDG PET/CT uptake classification in lymphoma and lung cancer by using
deep convolutional neural networks." Radiology 294.2 (2020): 445-452.

BELGIAN SOCIETY OF NUCLEAR MEDICINE
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* Fully automatic program
for reading FDG PET
scans.

e Detection of all
metastases.

 Automatic indication of
their location in the body

o0
24 ..
e0oe



"8F.FDG PET/ CT Uptake Classification in Lymphoma mi‘
and Lung Cancer by Using Deep Convolutional Neural
o A BRUSSELS'23

Automatic reporting newvorks

Ludovic Sibille, MS* * Robert Seifert, MD* * Nemanja Avramovic, MD * Thomas Vehren, MD ¢
Bruce Spottiswoode, PhD * Sven Zueblsdorff, PhD * Michael Schifers, MD

Input: PET-CT - o FuIIy automatic program
: for reading FDG PET

SCans.

PET
Segmentation

, ........ e i Laseausnaaarans Euoneerasona st meta Stases,

: :  Ox 64x64 9x 64x64 64x128 3
Classification PET MPRs CT MPRs PET MIP Atlas Position

— ; ; U 7 [
: —— CNN T
' | ooy * Automatic indication of

S lh ; ﬁ. Localization 137 ‘L 2 \L 3
P ClassB 10 JEIN 10 : : L lizati Predicti Cl ificati Predicti ; 1 1 1
En : : ocalization Prediction assification Prediction thEIr |OC8tIOn in the bOdy

E < (.[;l\.‘ (I 30 m
: Evaluation on Test data : Optimized on Training/Development data :
---------------------------------------------------------------------------------------------------- -
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'8F-FDG PET/ CT Uptake Classification in Lymphoma A

and Lung Cancer by Using Deep Convolutional Neural

Automatic reporting nemworks BRUSSELS'23
POTLING ne BELNUC

. Anatomical region confusion matrix %
o

’ bones
’ lymph nodes
’ kidney
0.8 . - brown fat

g liver

’ lung

’ bladder

” ureter

’ heart

’ tonsils
= spleen

7 cervical lymph nodes

4 muscles

’ brain
glottis

colon

submandibular gland
testis

small intestine
sublingual gland
stomach

pleura

Ludovic Sibille, MS* * Robert Seifert, MD* * Nemanja Avramovic, MD * Thomas Vehren, MD ¢
ROC classification Bruce Spottiswoode, PhD * Sven Zueblsdorff, PhD * Michael Schiifers, MD
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Classification accuracy Lung cancer (n=8,970) Lymphoma (n=9,036)
Sensitivity 87.3% 85.1%
Specificity 99.2% 99.1% Localization accuracy Lung cancer (n=831) Lymphoma (n=1,570)
Accuracy 98.5% 98.3% Body part 96.9% 96.8%

Tissue/organ 88.0% 88.3%

Sub-region 82.6% 82.8%

Sibille, Ludovic, et al. "18F-FDG PET/CT uptake classification in lymphoma and lung cancer by using
deep convolutional neural networks." Radiology 294.2 (2020): 445-452.
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ORIGINAL ARTICLE

: : Just another “Clever Hans"? Neural networks and FDG PET-CT ’ '
l I O l I I a I ‘ re p O r I l l g to predict the outcome of patients with breast cancer B RU SS E LS 23
Manuel Weber 2 . David Kersting - Lale Umutlu?? . Michael Schifers?® « Christoph Rischpler'? -
Wolfgang P. Fendler ' - Iréne Buvat* - Ken Herrmann "2 - Robert Seifert ">

e Tumor volume has
a Total MTV . . o (o .
prognostic significance in

P<0.001

| | ¥4 many diseases.
g - ,“1 SBlnariBs (65T)
E 1
¢ e * The neural network used
e gt is "generalizable".
0.00

0 25 50 75 100
Survival (mo.)

(* 3% '(Q‘.}

0OS '34‘ months OS 15 months

Weber, Manuel, et al. "Just another “Clever Hans”? Neural networks and FDG PET-CT to predict the
outcome of patients with breast cancer." European journal of nuclear medicine and molecular

imaging (2021): 1-10. . .
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Processing of partial-body data
Applications of Al in clinical nuclear medicine
o0

o0
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D . . o
Prediction of Alzheimer’s Disease BRUSSELS'23

* Early detection of Alzheimer's disease
only from FDG PET

* Prediction of Alzheimer's dementia
diagnosis (100% sensitivity, 82%
specificity)

* On average about 6 years before the
final diagnosis

* Better than human evaluation (57%
sensitivity, 91% specificity)

www.belnuc.be 29




Fvaluation of SPECT MPI TN TIT

* Automatic evaluation of myocardial
Polar maps eep erang e Ofcozfq)wc“e perfUSIOn SPECT

Feature extraction CAD risk quantification

LAD risk

* Evaluation of obstruction (overall and
per vessel)

 Better than "standard" quantification
methods

www.belnuc.be 30
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Prediction of cardiac events BRUSSELS'23
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* Prediction of major adverse cardiac
events in 3 years (heart attack,
stroke, death from coronary heart
disease)

Imaging MACE Risk
Data

Variabl
arlabies MACE Risk Prediction

- Machine Learning Model

' Stress test and Clinical Variables

Database

O
Myocardial Image .
Perfusion SPECT ‘ ; Quantification
Imaging (QPS/QGS or

Physician

Stress, Rest Scans Y ‘ Equivalent)

Patient

* 2619 patients

Electronic
Medical Records

* Machine learning + clinical
information better than visual or
automatic image analysis

Betancur J. et al. Prognostic value of combined clinical and myocardial perfusion imaging . .

_ data using machine learning. JACC Cardiovasc Imaging. 2018;11:1000-1009. . .
BELGIAN SOCIETY OF NUCLEAR MEDICINE www.belnuc.be 31 .. .




Implementation into clinical routine

3,578 patients (10,734 coronary
arteries) with suspected coronary

artery disease

* SPECT myocardial perfusion
scintigraphy

e Cardiac catheterization within 6
months (2,247 with obstructive
coronary artery disease)

* 9 centers

AUC

RE 3 Diagnostic Performance of CAD-DL From External Testing

555 Patients from 2 Left Out Sites (1,665 Vessels)

External Testing

0.90 - ‘
0.85 -

0.80 -

0.75 4

0.70 ~

0.65 -

0.60 A

0.55

- 0.80 0.73

Per-Patient

0.65

n

o078

l

071

Per-Vessel

[ CAD-DL @ TPD M Reader Diagnosis

*P =0.0017, **P < 0.0001

e Additional 555 patients from 2
centers for external validation

The per-patient and per-vessel AUCs for the detection of CAD are shown (red
bars — deep learning model; CAD-DL = green bars; TPD = blue bar; reader diagnosis).

Abbreviations as in Figure 1.

BELGIAN SOCIETY OF NUCLEAR MEDICINE

Otaki Y et al, JACC Cardiovasc Imaging 2021 Jul 7;S1936-878X(21)00438-1
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* Clinical implementation (12 seconds)

4
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Attention Map
Probability

Global CAD 86%
LAD disease 33%
LCX disease 35%

CAD Probability (0-1)
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CAD Probability Map
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Summary

Applications of Al in clinical nuclear medicine

BELGIAN SOCIETY OF NUCLEAR MEDICINE
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Applications of Al in clinical nuclear medicine BRUSSELS'23
BELNUC

* Simplifications and optimizations of image processing workflow
* |ncrease patient throughput
* Reduce administered activities

» PET as screening?

* Evaluation of complex (whole-body) parameters

* Fully automated evaluation/reporting of partial-body (and whole-body) data

* Prognostication of outcome parameters

»Valuable tools to be implemented into clinical routine applications
o0
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