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O nslonderzoek:

Entire data set

N=1052

Training data set Test data set
N* =180 N*=73

100 times repeated N =180 N =231

with each time
randomly selected
cases

Multivariate logistic
regression model

Random forest

Validation

N* = number of cases with ongoing implantation
N- = number of cases with no ongoing implantation

. catharina
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‘Age Woman
Age Man
AMH Level
TSH Level
Gravidity
Abortus
Therapeutic Abortus
Parity
Indication: Tubal causes
Indication: Endometriosis
Indication: Ovarian causes
Indication: Genetic causes (f)
Indication: Genetic causes (m)
Indication: Uterine causes
Indication: Male factor
Indication: Non-Medical causes
Indication: Cervical causes
Indication: Repeated Miscarriage
Indication: Hypothalamic Dysfunction
Indication: Immunologic causes
Indication: Oncologic causes
Indication: Unexplained
Ovarian Stimulation Protocol
Down-regulation Protocol
Days of Stimulation
Number of Attempt
Sperm Source
Sperm Collection Method
Sperm Volume:
Sperm Concentration

T

!

50

100
number of nodes

150

200

Sperm Motilty Rate WHO-A (%)
Sperm Motilty Rate WHO-B (%)
Sperm Motilty Rate WHO-C (%)
Sperm Motility Rate WHO-D (%)
Number of Oocytes
Number of Fertilized Cells
Fertilization Method
Number of Eggeells
Day 2 Cell Stage
Day 2 Fragmentation
Day 2 Cytoplasma
Day 2 Cell-specific Size
Day 2 Cell Size
Day 2 Nuclei
Day 2 MNB
Day 2 Vacuoles
Day 3 Cell Stage
Day 3 Fragmentation
Day 3 Cytoplasma
Day 3 Cell-Specific Size
Day 3 Cell Size
Day 3 Vacuoles
Day 4 Cell Stage
Day 4 Vacuoles
Day 5 Cell Stage
Day 5 ICM
Day 5 TE
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- Elelr szagae‘? 5 Z 202 (85.2%) cases polynuclear 65 (27.4%) cases
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O
:E Gravidity < 1
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D 23T(100%) cases l__ PR: 0%
D 11 (4.6%) cases
Cell stage D5 =
| Compaction or PR 5.7%
, t Blast 35 (14.6%) cases
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TE=C
PR: 41.4%
r 111 (46.8%) cases
Sperm moltility
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PR: 54.1%
r 205 (86.5%) cases |
Sperm
Gravidity 2 1 Sperm moltility Volume
WHO-A < 5% z4.7mL
Pregnancy Rate (PR): 46.8%
Z37(100%) cases l_ PR: 76.8%
56 (23.6%) cases
Gravidity < 1
L " Sperm
PR: 0%
Volume
22 (9.3%) cases <47 mL
Cell stage D 5=
Compaction or
Blast 1
PR: 68%
r 128 (54.0%) cases
AMH =12 Cell stage D 5=
I Blast2, 3. 4or 5
PR: 57.7%
|' 201 (84.8%) cases
Gravidity 2 1 AMH <12
Pregnancy Rate (PR): 48.9% 1 I
237(100%) cases PR: 26,2%
42 (17,7%) cases
Gravidity < 1
|_ PR 0%
29 (12.2%) cases
Sperm moltility
WHO-D <51%
PR: 54.5%
r 189 (79.7%) cases
Gravidity 2 1 Sperm moltility
WHO-D 2 51%
_ PR:51.0%
Cell stage D5 = 202 (85.2%) cases
Blast2, 3, 4or 5
Gravidity < 1
Pregnancy Rate (PR): 44.3% L |
237(100%) cases I__ PR: 0%
11 (4.6%) cases
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PR:5.7%
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Blast 1 ~~ 35 (14.8%) cases
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30 (12.7%) cases
Stimulation
days = 18
PR: 51,9%
81 (51,9%) cases
Stimulation
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PR: 42.9%
14 (5.9%) cases
PR: 88.1%
42 (21.9%) cases
PR: 11.1%
9 (3.8%) cases
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119 (50.2%) cases
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equal
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64 (27.0%) cases
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sensitivity specificity
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-

Random Forest 0.84 + 0.07 0.48 £ 0.07

Multivariate Logistic

. 0.66 £ 0.07
Regression

0.58 £ 0.08

Random Forest

eneanans LOgistic Regression
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4 1-Specificity
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Waarom uberhaupt Al?

* Toenemende vraag naar onderzoeken
* 29 Jezer systeem

* Toenemende complexiteit van onderzoeken (DBT, CEM, MRI ultrafast)

. : : N

MG is een ideale toepassing voor Al 0

» Zeer veel (vrij uniforme) data voor trainen en testen »

T

. . .o . o . Q

Duidelijk definieerbaar eindpunt (kanker vs. geen kanker) o

—o

g%
j.t O
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Wat zegt de literatuur over Al?

JNCI] Natl Cancer Inst (2019) 111(9): djy222

doi: 10.1093/jnci/djy222
First published online March 5, 2019
Article

ARTICLE
Stand-Alone Artificial Intelligence for Breast Cancer Detection
in Mammography: Comparison With 101 Radiologists

Alejandro Rodriguez-Ruiz, Kristina Lang, Albert Gubern-Merida, Mireille Broeders,
Gisella Gennaro, Paola Clauser, Thomas H. Helbich, Margarita Chevalier, Tao Tan,
Thomas Mertelmeier, Matthew G. Wallis, Ingvar Andersson, Sophia Zackrisson,
Ritse M. Mann, Ioannis Sechopoulos

1.0 -
0.8 1
2061
b
o=
72
5
w» 0.4 1
0.2 101 Radiologists
- § AUC =0.814 (0.787-0.841)
| 7 — — Alsystem
i AUC = 0.840 (0.820-0.860)
0.0 - T T 1

00 02 04 06 08 1.0
1 - Specificity

Figure 1. Receiver operating characteristic curve comparison between the
reader-averaged radiologists and the artificial intelligence (Al) system in terms
of area under the curve (AUC). Parentheses show the 95% confidence interval of
the AUC.
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Wat zegt de literatuur over Al?

JNCIJ Natl Cancer Inst (2019) 111(9): djy222 1.0 1

doi: 10.1093/jnci/djy222
First published online March 5, 2019
Article 0.8 1

2067
=

Conclusions: The evaluated Al system achieved a cancer detection accuracy comparable to an average breast radiologist in
this retrospective setting. Although promising, the performance and impact of such a system in a screening setting needs

further investigation.
. . . . ° 0 2 /, Ul l\m.ll.\)luglblb N
in Mammography: Comparison With 101 Radiologists : 7T AUC=0814(0787-0.841) M
Fg Al syst

. . . .. . . .. < == AUC=0.840 (0.820-0.860) 2\
Alejandro Rodriguez-Ruiz, Kristina Lang, Albert Gubern-Merida, Mireille Broeders, 0.0 ¥ Tl
Gisella Gennaro, Paola Clauser, Thomas H. Helbich, Margarita Chevalier, Tao Tan, 0.0 0.2 0.4 0.6 0.8 1.0 %
Thomas Mertelmeier, Matthew G. Wallis, Ingvar Andersson, Sophia Zackrisson, 1 - Specificity % C
Rjtse M. Mann’ Ioannis SEChOpOUlOS Figure 1. Receiver operating characteristic curve comparison between the m (T)
reader-averaged radiologists and the artificial intelligence (Al) system in terms —I [0)]
of area under the curve (AUC). Parentheses show the 95% confidence interval of m 9]
the AUC. >S5
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Wat zegt de literatuur over Al?

ORIGINAL RESEARCH « BREAST IMAGIN

Detection of Breast Cancer with Mammography:
Effect of an Avrtificial Intelligence Support System

Alejandro Rodriguez-Ruiz, MSc * Elizabeth Krupinski, PhD * Jan-Jurre Mordang, MSc * Kathy Schilling, MD *
Sylvia H. Heywang-Kibrunner, MD, PhD * loannis Sechopoulos, PhD * Ritse M. Mann, MD, PhD

Radiology 2019; 00:1-10 ® https://doi.org/10.1148/radiol.2018181371

A

1.0

0.8 1

S
o

Sensitivity

e
'

2
¥}

» - unaided (0.866)
—— with Al support (0.886)
0.0 + T r T 1

00 02 04 06 08 1.0
1-Specificity

#

Figure 2: Average receiver operating char-
acteristic (ROC) curves under two reading
conditions: unaided and with artificial intel-
ligence (Al) support. Average is computed
across 14 radiologists participating in this
evaluation. Numbers in parentheses are areas

under ROC curve.
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Wat zegt de literatuur over Al?

ORIGINAL RESEARCH « BREAST IMAGIN

1.0

Detection of Breast Cancer with Mammography:
Effect of an Artificial Intelligence Support System

Conclusion: Radiologists improved their cancer detection at mammography when using an artificial intelligence system for support,
without requiring additional reading time.

rr hY 4 I

0.0 ¥—— ; ; . |
00 02 04 06 08 10

1-Specificity

Figure 2: Average receiver operating char-
acteristic (ROC) curves under two reading
conditions: unaided and with artificial intel-
ligence (Al) support. Average is computed
across 14 radiologists participating in this
evaluation. Numbers in parentheses are areas

@ under ROC curve.
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Wat zegt de literatuur over Al?

THE LANCET

Artificial intelligence-supported screen reading versus
standard double reading in the Mammography Screening
with Artificial Intelligence trial (MASAI): a clinical safety
analysis of a randomised, controlled, non-inferiority, single-

blinded, screening accuracy study

Kristina Lang, Viktoria Josefsson, Anna-Maria Larsson, Stefan Larsson, Charlotte Hogberg, Hanna Sartor, Solveig Hofvind, Ing
Aldana Rosso

Lancet Oncol 2023; 24: 936-44

A

49

Randomisation

Al triage

Double reading plus Al

Single reading plus Al

Double reading without Al

Figure 1: Overview of trial intervention
Al=artificial intelligence.

Comparison between Al-assisted mammography and double

reading

Cancer detection rate (per
1,000 screened women)
Recall rate

False-positive rate

Positive predictive value of
recall

Standard Al-assisted
double reading mammography

5.1 6.1

2% 2.2%
1.5% 1.5%
24.8% 28.3%
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Wat zegt de literatuur over Al?

THE LANCET e

Double reading plus Al

Single reading plus Al

Artificial intelligence-supported screen reading versus

vithout Al

Interpretation Al-supported mammography screening resulted in a similar cancer detection rate compared with
standard double reading, with a substantially lower screen-reading workload, indicating that the use of Al in
mammography screening is safe. The trial was thus not halted and the primary endpoint of interval cancer rate will

be assessed in 100 000 enrolled participants after 2-years of follow up. N
reading A\
Kristina Lang, Viktoria Josefsson, Anna-Maria Larsson, Stefan Larsson, Charlotte Hogberg, Hanna Sartor, Solveig Hofvind, Ing Standard Al-assisted g
Aldana Rosso double reading mammography T
C detecti t

Lancet Oncol 2023; 24: 936-44 ancer detection rate (per 6.1 & C
1,000 screened women) 00
Recall rate 2% 2.2% o
False-positive rate 1.5% 1.5% Py %

rP:cs;Hve predictive value of 24.8% 28.3% o

@it 2
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Wat zegt de literatuur over Al?

THE LANCET

Screening performance and characteristics of breast cancer
detected in the Mammography Screening with Artificial
Intelligence trial (MASAI): a randomised, controlled, parallel-
group, non-inferiority, single-blinded, screening accuracy

N
study =
A
Veronica Hernstrém, Viktoria Josefsson, Hanna Sartor, David Schmidt, Anna-Maria Larsson, Solveig Hofvind, Ingvar Andersson, Aldana Rosso, g
Lancet Digit Health 2025; T
7:€175-83 5 C
0%
TS
o
&S =
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Added value of this study

To our knowledge, this is the first randomised controlled trial investigating the use of Al in mammography screening. In
W this protocol-defined analysis, the objective was to study early screening performance measures and screen-reading
workload together with a characterisation of the type and stage of detected cancers in the entire trial population.

Characterisation of detected cancers is important for our improved understanding of the clinical impact of Al-

T H E LA supported mammography screening. The Al-supported screen-reading procedure resulted in a significant increase in

cancer detection compared with standard double reading, without increasing the false-positive rate while reducing the

Scree screen-reading workload. The increased detection was predominantly of small, lymph-node negative, invasive cancers,

dEtec and in addition to luminal A, included more detected triple-negative, human epidermal growth factor receptor 2
Intel Ii positive, and luminal B cancers. There was no increased detection of low-grade ductal carcinoma in situ. The results

indicate that an Al-supported screen reading procedure can contribute to the early detection of breast cancer likely to

grou
study

be clinically progressive.

Veronica HernI Implications of all the available evidence

Lancet Digit
7:e175-83 | Taken together, results of this randomised controlled trial indicate that an Al-supported screen-reading procedure can

safely be used to reduce the screen-reading workload and that the significant increase in cancer detection probably

UeeSINHNIMAIZ

contributes to the early detection of clinically relevant breast cancer. Assessment of the primary endpoint of the

interval cancer rate will provide further insight into the prognostic implications of use of Al in mammography screening.
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Al in de praktijk
Al voor mammografie en tomosynthese in gebruik sinds 09/2023
RUBEE® Breast Al INSIGHT Package AGFA &

Powered by Lunit INSIGHT MMG & Lunit INSIGHT DBT @ Lunit

Al software op basis van deep learning

UEeSINHNIMAIZ

GZA

SPECIALIST

INOOH LS ep

"! GZA ZiekenhUizen gebFUiken artifiCiéle intelligentie en Dokter De Schepper bekijkt een mammografie waaropo Al software via een 'heat map’ de risicozones
u aangeeft. — © GZA Ziekenhuizen
w contrastmammografie om borstkanker beter op te sporen ’
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Al in de praktijk

* Al heat-map wordt niet geupload naar de PACS
* Gezien vals positieve en vals negatieve resultaten
* Wordt geinterpeteerd door de radioloog

Geachte collega,

Bevindingen mammo:

Het onderzoek werd uitgevoerd op een full-field digitaal mammografiesysteem.

Er werden 3D-tomosynthesebeelden gerealiseerd en de beelden werden geévalueerd op een
werkstation.

De beelden werden bijkomend geanalyseerd door Al-software en de bevindingen werden
gevalideerd door ondertekenende radioloog.

UeeSINHNIMAIZ

* Medicolegaal nog geen specifieke Belgische wetgeving
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Al in de toekomst

* Double reading + Al
* In de toekomst Al als tweede lezer?
* Triage door Al voor nood aan tweede lezer?

* Al nu vooral voor detectie en diagnose MG
* Al voor andere modaliteiten

N

* MRI? x

. US? =

* Al voor risicostratificatie / gepersonaliseerde screening o C

iy

(:g%
ﬁ. O
= <
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Al de pathologie

Balans tussen innovatie en ethiek

Glenn Broeckx

PA?, GZA-ZNA Ziekenhuizen (ZAS)
Borst en gynaecopatholoog, MD
Bioinformaticus, Bsc
PhD-student

Practopics, 14 maart 2025
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Overzicht van Al oncologie

A

a

[ Pathology

»

[] Radiation oncology

[ ] Gastroenterology
B Clinical oncology

[] Gynecology

[ General cancers
[ Breast cancer

[] Lung cancer

[] Prostate cancer
[ Colorectal cancer
[] Brain tumour

[l Others

References:
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Luchini, C., Pea, A &Scarpa, A. Artificial intelligence in oncology: current applications and future perspectives. BrJCancer 126, 4-9 (2022). https://doi.org/10.1038/s41416-021-01633-1
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Workflow pathologie labo

microscopic
examination

s
..

o= =A==

-
A

R %.aﬁ

tissue extraction fixation Eross Macroscopic embedding sectioning staining
(surgery/biopsy) (formaldehyde) examination (paraffin) & mounting
\ s
digital scanning
Analogintelligence.com & examination

UEESINHNIM3IZ
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Zicht op de patholoog
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Impact van digitale pathologie op de workflow

Conventional Pathology
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Convolutie en pooling (nD)

Input image Convolution layer Pooling layer

Max-pooling
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U 1. Yousif M, Van Diest PJ, Laurinavicius A, Rimm D, Van Der Laak J, Madabhushi A, et al.. Artificial intelligence applied to breast pathology. Virchows Archiv2022;480(1):191-209.

2. CuiM, Zhang DY. Artificial intelligence and computational pathology. Laboratory Investigation 2021;101(4):412-22.
3. Du S. Understanding Deep Self-attention Mechanism in Convolutional Neural Networks. Published in Alsalon on Medium 2020; https://medium.com/ai-salon/understanding-deep-self-attention-mechanism-in-convolution-neural-networks-
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Deep learning feature extraction

UEESINHNIM3IZ
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Al optische illusies (1)
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Aloptische 1llusies (2)
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Aloptische 1llusies (3)
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Aloptische 1llusies (4)
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Aloptische 1llusies (5)
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Aloptische 1llusies (6)
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Commerciéle software
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Hologic Genius

Imaged: 1/25/2023 2:57 AM Algorithm Version: 1.0.16.0
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IBEXGalen™breast
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Methoden eigen studie

90

[Sample retrieval

® 248 breast excisions ~ 2-3 H&E slides
e Retrospectively
e Pathology archives PA% Antwerp

[Ground truth

e Consensus 2 independent and blinded expert readers
« 3 expert reader for discrepant cases

[Artificial Intelligence

e |bex Galen™ platform

e Detection of invasive carcinoma and ductal carcinoma in situ
e Differentiation between invasive carcinoma subtypes

e Differentiation between DCIS grade

[Analysis

e Confusion matrices: accuracy, sensitivity, specificity

e Receiver of Operating Characteristics (ROC) curve: area under the curve (AUC)

A

248 breast excisions

A

y

[ Expert 1 } [ Expg:ﬁ2 } [IbeXGalen“"]

—[ Expert 3 }

y

Ground truth Alsolution

Analysis
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Resultaten: primary endpoints

Detection of invasive carcinoma 0.986 [0.973; 0.998]

Detection of DCIS

Differentiation of subtypes
Differentiation of DCIS grade

Invasive Cancer Detection

0.8 4

2 041
=

0.994 [0.987; 1.000]
0.963 [0.922; 1.000]
0.970 [0.931; 1.000]

DCIS Detection

’
0.0
0.0

0.2 4

89.9% [0.887; 0.996]
95.6% [0.868, 0.995]
85.3% [0.742, 0.927]
90.2% [0.791, 0.964]

ILC vs IDC

-
0.0
0.0

—— ROC curve (area = 0.962)
T

False Positive Rate

96.3% [0.840, 0.939]
95.0% [0.882, 0.986]
90.0% [0.541, 1]
100.0% [0.561, 1]

DCIS LG vs HG
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Voorbeeld detectie invasiefcarcinoma NST

Heatmaps
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Voorbeeld detectie invasieflobulaircarcinoma

N
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Voorbeeld detectie invasiefmucineus carcinoma
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Voorbeeld detectie hooggradig DCIS
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Resultaten: exploratory endpoints

Stromal tumor infiltrating lymphocytes (sTiLs) 0,958 [0,919; 0,998] 91,4% [0,814; 0,963] 100% [0,851; 1,000]

Detection of lymphatic invasion 0,896 [0,825; 0,968] 72,2% [0,560; 0,841] 86,4% [0,732; 0,936]
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Waarom nu AlI?

e Taakautomatisatie

* Meerdata (en complexere data) - Complexere algoritmes &geen menselijke bias

* Nood aan standaardisatie

e (@Gedaalde hardwarekosten
* Opportuniteiten
* Gebruik van meer bronnen bijbesluitvorming A
* Integratie in Klinische studies 3 Heep leaming %
5 X
° Older learning E
“q:’ algorithms T
o
& C
i
, Pt
Amount of data
SAS S
w References: §

1. Yousif M, Van Diest PJ, Laurinavicius A, Rimm D, Van Der Laak J, Madabhushi A, et al.. Artificial intelligence applied to breast pathology. Virchows Archiv2022;480(1):191-209.
2. CuiM, Zhang DY. Artificial intelligence and computational pathology. Laboratory Investigation 2021;101(4):412-22.
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Altoekomstperspectieven

( Clinical informatics Algorithm 1:
Patients’ information) diagnosis
O
Molecular pathology S
(genomic & proteomic 5
data) ot
Digital pathology | l E. ,
(Histo/Cyto WSls) & 3
o
m
-~

| | Algorithm 2:
diagnosis,
prognosis,
treatment
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Take home messages

Integratic en implementatie: Het is er/het komt er (meer en (complexere)data)

* Nood aan Al: workflowverbeteringen, standardisatie, hulp bij gepersonaliseerde geneeskunde
* Versplinterd landschap aan Alplatformen (+duur)

« Ethiek (!): Ken sterktes en zwaktes van Al en modelen = Vertrouwen! (=» Educatie!)

Applicaties

* Veelenerkomen erelke maand by

Opportuniteiten

* Oncologie gecentreerd gezondheidszorgmodel

* Samenwerkingen: intramuros en extramuros (farmaceutische bedrijven, ingenieurs)

UEESINHNIM3IZ
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