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Artificial Intelligence (ML/DL)

Why artificial intelligence is enjoying a al! Leé FAN
renaissance t 1 A

The current boom in Al is really a boom in “deep learning”. But why did it
suddenly take off?

n machinélearning usigg
the game of cECRETS. 1BV'J Res Dev 1959;3:210-229

Economist Al winter: up to 20092014, Graphics Processing Units
S (GPU) for Artificial Neural Network (ANN) /
S 000006 ConvolutionaNeural Network (CNN)Beep Learning
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Al

* Device mimics cognitive
functions

* Since 1950's

Machine

Learning

* Algorithms that improves
as they are esposed to
more data

* Since 1980's

Deep
Learning

* Artificial neural networks
structured in multiple
layers to decode imaging
raw data

* Since 2010’

Artificial intelligence in medical imaging:
threat or opportunity? Radiologists again at
the forefront of innovation in medicine

Filippo Pesapane' ", Marina Codari®” @ and Francesco Sardanelli™

European Radiology
Experimental 2018



Classic MachinéearningversusDeepLearning

CLASSIC MACHINE LEARNING A

Deep neural networks
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Feature extraction & classification

Amount of data
Artificial intelligence in medical imaging: Tang, An, et al. "Canadian Association of Radiologists
European Radiology threat or opportunity? Radiologists again at white paper on artificial intelligence in radiology."
Experimental 2018+ o forafront of innovation in medicine Canadian Association of Radiologists Journal (2018).
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Wive in the digital
revolution and it's time to
embrace it or get left behind.



FIRST DIGITAL REVOLlEION: CT (19743
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FIRST DIGITAL REVOLUTION: MRI (1981)

f 4 \
o
' S

. Al
|
’

FIRST DIGITAL REVOLUTION:
DSA, US, Radiography (1980s)
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The last screen-film territory: mammography



The Kaedak:
Killed by digital revolution

Septemberl888:Founded by Georgeastman and Henry &trong
Dominated the 28 century
1990s:Financial crisis due &lowness in transition to digital

January 2012Filedfor Chapter 11 bankruptcy protection in theS.
District Court for the Southern District of NeYork.

August 2012Kodakannounced its intention to sell its photographic filr . - .
commercial scanners and kiosk operations, as a measure to emerge . :
bankruptcy, but not its motion picture film operations

January 2013the Court approved financing for Kodak to emerge from .
bankruptcy by mi®013. Kodalkold many of its patents for Pt Al B
approximately $525,000,000 to a groupasfmpanies, includingpple, (g e e
Google, Facebook, Amazon, Microsoft, Samsung, Adobe Systems, a
HTC.



immunomics

genomics proteomics radiomics
8 8 288 g
= S g 2
glycomics connectomics

lipidomics

Timeline of the first occurrence of selected “omics” terms

Gatta et al, Eur Radiol Exp 2020

SECOND DIGITREVOLUTION:

Al: ML/DL ‘& RADIOMICS

andprognosis thus providing a basis for personalized medicine.
Lambinet al, Eur J Cancer 2Q1Zillieset al, Radiology 2016

Robert J. Gillies, PhD Radiom iGS: |mages Are More than
:ﬂﬂij ﬁlf?"f;snr':"g.—lgh[ PiCtU reSl Th ey Are‘ Bcgiﬂr::jr?m]me 278: Number 2—February 2016 +
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1. Athreat

2. Anot easy newfield of knowledge

3. Anopportunity for improvement g
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TheChallenge of Al Knowledge

Supervisedandunsupervisedclassification

Reference standard for supervised methodsstopathology diagnosisnolecularclassification,

NJ RA 2 tlgssficadian,ldical/imaging folleup, outcome endpoint (e.g., survival)

Classifiersregressors SVM, random forest, KNN, Bayesian, NN, CRINtransfer learning

Image featuresradiologistbasedsemantic featureshand-crafted features (e.g. radiomics), nehand-

crafted (e.qg., deep) features

Feature reduction feature extraction, selection (robust features), and reduction

Image biomarkersbest classifiers predictors
Samplesizecalculationfor training and validation

False discovery rate and overfitting

Dealingwith prevalence unbalancey image andmage featureaugmentation

Imagecuration, annotation (e.g., segmentatigiscoring)
Dealingwith image diversity by imageature harmonization
Guidinginterpretation byexplainableAl (XAl)

Radiomic quality score

GDPRompliance

IBSlIstandards

(a) Classic Machine Learning

Contents lists available at ScienceDirect

Physica Medica

ELSEVIER journal homepage: www.elsevier.com/locate/ejmp

Review paper
Al applications to medical images: From machine learning to deep learning

a,b,1 c,d, 1

Isabella Castiglioni” Leon'udo Rundo . Marina Codari ®’', Giovanni Di J_.eof, _
Christian Salvatore & . Matteo [nterlenghl Fm_nce_sca Galliva_uoneh, Andrea Cozzi ',
Natascha Claudia D’ Amlco X Francesco S'u’{hnﬂ”i ki

Segmented
Medical
Images

#

(b) Deep Learning

Hand-crafted Feature
Feelle | — Prepuoessing —  goos [ e Predicion
Extraction and Normalization ng .

Medical
Images

#

Deep
Feature ———

Predictive

Prediction /

LEARNING PERFORMANCE

Extraction IR \
by a pre-trained ML models or
CNN CNN fine-tuning

Medical
Images
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End-to-End Learning
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National Library of Medicine Searclon Nov1l. 2021 ibrary of Medicine
National Center for Biotechnology Information 2 for Biotechnology Information

Pu bmedgov ("breast") AND (“artificial intelligence” OR " machine learning” OR "deep lear X m Pubmedgov (mammography OR radiology OR ultrasound OR MRI OR CESM) AND ("brea: X m
MY NCBI FILTERS [ 3,043 results MY NCBI EILTERS [& 1,472 results

RESULTS BY YEAR RESULTS BY YEAR

802 369
7 Iil 702 I Iil 384
487 264
286 13
164I 474|
O.___-__--------.-ullIIIlIllllill O O.____-___---------I||I|.|||I(i| O

1986 2016 2022 1986 20162021

Half of Al for breast
regardsradiologyimaging

1,472/ 3,043 = 48.4%




Al as a second reader

Machine Learning for Workflow Applications in Screening
Mammography: Systematic Review and Meta-Analysis

* Seven retrospective studies suggested that
machine learning (ML) could be used to
reduce the number of mammography
examinations read by radiologists by 17%-

91% while “missing” 0%-7% of cancers.

* A meta-analysis of five retrospective
mammography breast cancer detection

Q
(116 [\ [ | S = alzlaninla =8

higher AUC for ML (AUC = .89) compared to
readers (AUC = .85).

Diagrams show multitime (left) and multiview (right) point
data produced with digital mammography. Data can be

analyzed at different levels. * The average Checklist for Artificial

Intelligence in Medical Imaging score was 30
of 42 (71%); ML model explainability
methods were underreported.

Hickman SE et al. Published Online: : October 19, 2021

https://doi.org/10.1148/radiol.2021210391 Ra(h()l()g \'/



What about Al for DBT and CEM ?

(Thisis not a systematiaeview)



Al for DBT (1)

Comparative Study > Med Phys. 2010 Jul;37(7):3576-86. doi: 10.1118/1.3432570.

Characterization of masses in digital breast
tomosynthesis: comparison of machine learning in
projection views and reconstructed slices

Heang-Ping Chan 1 Yi-Ta Wu, Berkman Sahiner, Jun Wei, Mark A Helvie, Yiheng Zhang,
Richard H Moore, Daniel B Kopans, Lubomir Hadjiiski, Ted Way

Methods: A data set of MLO view DBT of 99 patients containing 107 masses (56
malignant and 51 benign) was collected at the Massachusetts General Hospital

Conclusion: The features of breast lesions extracted from the DBT slices consistently
provided higher classification accuracy than those extracted from the 2D projection
view images.

More info from DBirslices

Percentage of Times Selected (%)

Percentage of Times Selected (%)
o
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(b)
Histogram of the percentage
of times that a given feature
was selected. (a) DBT feature
spaces: (b) 2D projections
feature spaces: The mean
number of features in a
selected feature set was 2.1.



Al for DBT (2)

> Radiol Artif Intell. 2019 Jul 31;1(4):e180096. doi: 10.1148/ryai.2019180096.
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1

Improving Accuracy and Efficiency with Concurrent
Use of Artificial Intelligence for Digital Breast

True Positive Fraction

o
n
1

Tomosynthesis
0
1 1 Tl 1 1 1 1 1 1 1 1 T T T T T T
Emily F Conant ', Alicia Y Toledano ', Senthil Periaswamy ', Sergei V Fotin ', Jonathan Go ', ¥ = np = o ]
Justin E Boatsman 7, Jeffrey W Hoffmeister 1 False Positive Fraction

A reader study compared the performance of 24 radiologists (13 breast subspecialists) reading 260
DBT examinations (including 65 cancer cases, prevalence 25%) both with and without All.

Without Al With Al Difference p-value
AUC 0.795 0.852 +0.057 <.01
Sensitivity (%) 77.0 85.0 +8% <.01
Specificity (%) 62.7% 69.6% +6.9 < .01 (non-inf)
Recall rate (non-cancers) 38.0% 30.9% -7.2% < .01 (non-inf)
Reading time (s) 64.1 30.4 -33.7 <.01

BEtier performances, Iower reading time
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Al for DBT (3)

> Eur Radiol. 2021 Nov;31(11):8682-8691. doi: 10.1007/500330-021-07992-w. Epub 2021 May 4.

o
o

Sensitivity

Impact of artificial intelligence support on accuracy
and reading time in breast tomosynthesis image
interpretation: a multi-reader multi-case study 0.2

©
~

~—— Reading DBT unaided
= Reading DBT with Al support

Suzanne L van Winkel ', Alejandro Rodriguez-Ruiz 2, Linda Appelman 2, Albert Gubern-Mérida 2, o
Nico Karssemeijer > 2, Jonas Teuwen > 4, Alexander J T Wanders >, loannis Sechopoulos 2 ©, 0.0

: 7 8 0.0 0.2 0.4 0.6 0.8 1.0
Ritse M Mann 1 - Specificity

Multi-reader multi-case study with 240 bilateral DBT exams: 71 breasts with cancer, 70 breasts with benign
findings, 339 normal breasts. Reading by 18 radiologists, with and without Al

Without Al With Al p-value
Average AUC 0.833 0.863 0.0025
Reading time (s) 41 36 <0.001

The AUC of the stand-alone Al system was non-inferior to the AUC of the average radiologist.

BEtier performances, Iower reading time
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Al for DBT (4)
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> Radiology. 2021 Sep;300(3):529-536. doi: 10.1148/radiol.2021204432. Epub 2021 Jul 6. g os
. L] - L] L] L] g
Impact of Artificial Intelligence Decision Support &% 441
Using Deep Learning on Breast Cancer Screening =0
. . . . . . e 0.2
Interpretation with Single-View Wide-Angle Digital
0.1
Breast Tomosynthesis ,

Marta C Pinto ', Alejandro Rodriguez-Ruiz ', Kristin Pedersen ', Solveig Hofvind ', Julia Wicklein ',
Steffen Kappler T, Ritse M Mann ', loannis Sechopoulos '
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— Decision Support (0.88)
= = =No Decision Support (0.85)

0 01 02 03 04 05 06 07 08 09 10

1 - Specificity

Retrospective observer study of bilateral MLO examinations and S-2D from a wide-angle DBT system. Breast
screening radiologists interpreted 190 DBT examinations (90 normal, 26 with benign findings, and 74 with

malignant findings).

Without Al With Al p-value
Average AUC 0.85 0.88 .01
Sensitivity (%) 81 86 .006
Specificity (%) 72 73 48
Reading time (s) 48 45 .35

Betier-performances, same reading/time




Al for DBT (5)

> AJR Am J Roentgenol. 2021 Nov 17;1-10. doi: 10.2214/AJR.21.26506. Online ahead of print.

Mammographic Surveillance After Breast-
Conserving Therapy: Impact of Digital Breast
Tomosynthesis and Artificial Intelligence-Based
Computer-Aided Detection

Jung Hyun Yoon ', Eun-Kyung Kim 2, Ga Ram Kim 1, Kyunghwa Han 2, Hee Jung Moon #

Retrospective study: 314 women (4 with bilateral BC) who underwent BCT followed by DBT after 15.2 £+ 15.4 months. Three
readers reviewed images in 3 sessions. 6 recurrences (3 ipsi-, 3 contralateral) had developed at the time of surveillance
mammography.

DM DM+DBT DM+AI
Ipsilateral
Recall rate (%) 11.2 4.1 1.9
Accuracy (%) 88.5 94.8 97.0 :
Specificity (%) 89.3 96.1 98.3 00 IOW. sample
Sensitivity (%)  66.7 22.2 22.2 . .
Contralateral S1ZE OlieCUrENCES;
Recall rate (%) 6.6 2.7 1.5
Accuracy (%) 92.5 96.1 97.1
Specificity (%) 93.7 97.5 98.6

Sensitivity (%) 33.3 22.2 11.1



-
[=
)

(=4
o

Al for DBT (7) -'/Pfﬁjf

—WI’

ol
©

e
N

4
o

> Radiol Artif Intell. 2021 Sep 1;3(6):e200299. doi: 10.1148/ryai.2021200299. eCollection 2021 Nov.

Sensitivity
o
w

1 B
>

Artificial Intelligence Detection of Missed Cancers at
Digital Mammography That Were Detected at Digital
Breast Tomosynthesis

o
w

Al ROC, GT: DBT+DM screening or IC; AUC = 0.88 [0.843; 0.904]

* DM double reading operating point, GT: DBT+DM screening or IC
Al ROC, GT: DBT+DM screening; AUC = 0.903 [0.868; 0.928]

* DM double reading operating point, GT: DBT+DM screening

Al ROC, GT: DM screening; AUC = 0.925 (0.886; 0.951]

o
N

e
=

* DM double reading operating point, GT: DM screening
L L L L

(=]

0 0.1 0.2 03 04 0.5 0.6 0.7 0.8 0.9 1.0
1 - Specificity

Victor Dahlblom ', Ingvar Andersson ', Kristina Lang ', Anders Tingberg ', Sophia Zackrisson 7,

Magnus Dustler ’

Secondary analysis from a prospective study, DM examinations from 14 768 women examined with both DM and
DBT with independent double reading in the Ma | rBreast Tomosynthesis Screening Trial (MBTST)

Of 136 screening-detected cancers, 95 cancers were detected at DM and 41 cancers were detected only at DBT.
Al performance:

A The highest risk score assigned to 10% of the examinations.
A Specificity ~ 90.8% Almost halfiofithe
A Sen5|.t|y|t.y 75% (71/95) of the DM-detected cancers additional DBT=only.
A Sensitivity  44% (18/41) of cancers at DM, originally only DBT-detecte screen-detected

Al did not reach double reading performance. However, if combined with cancers.deteciedfat
double reading, Al has the potential to achieve a substantial portion of DIMAWIthIAL
the benefit of DBT screening.




Al for DBT (8)

> Eur Radiol. 2021 Sep;31(9):6929-6937. doi: 10.1007/s00330-021-07796-y. Epub 2021 Mar 12.

(2}
o
| A

Sensitivity

Application of artificial intelligence-based |
computer-assisted diagnosis on synthetic

mammograms from breast tomosynthesis: N 24 S S =3

0 20 40 60 80 100

comparison with digital mammograms 100 Speitcy

Si Eun Lee ', Kyunghwa Han 2, Eun-Kyung Kim 3

Retrospective: 192 patients diagnosed with 203 breast cancers, all of
them studied with DBT and DM simultaneously. A commercial AI-CAD
was applied.

Concordance correlation coefficient = 0.934

Higher abnormality scores by S-2D than DM for cancers with distortion §
and occult findings, T1 and NO cancer, and luminal type (allp O 0 .

DM S-2D p-value
AUC 0.945 0.938 0.499

Al'TGOIS can ke used forrbotn DMfand S=20,



Figure 3. Breast-Based Free-Response Receiver Operating Characteristic Curve for the Test Set

Al for DBT (9)

0.8 e m—

= 0.6+

> JAMA Netw Open. 2021 Aug 2;4(8):e2119100. doi: 10.1001/jamanetworkopen.2021.19100. g

& 3
0.44 Cancer, actionable, and normal cases
Benign, actionable, and normal cases

= Test cases from all 4 groups
0.24 (cancer, benian, actionable, and normal)

A Data Set and Deep Learning Algorithm for the |
Detection of Masses and Architectural Distortions in T S AT T R A

Digital Breast Tomosynthesis Images

Mateusz Buda ', Ashirbani Saha ', Ruth Walsh ', Sujata Ghate ', Nianyi Li ', Albert Swiecicki ',

Joseph Y Lo ' 2, Maciej A Mazurowski T 2 3 4 Li’!}ited
16 802 DBTwi t h -2D tiewSvailable - 22 032 reconstructed DBT volumes that §9”§iﬁyffy
belonged to 5610 studies from 5060 patients, with masses and architectural distortions
annotated by 2 experienced radiologists. }-\]\JD
4 groups: 5129 (91.4%) normal studies ° B .
280 (5.0%) actionable studies but no biopsy performed 2 FJ)§ ,f) Clg
112 (2.0%) benign biopsied studies DB r VO’UIU!""

89 (1.6%) with cancer.
DL performance: breast-based sensitivity of 65% (39 of 60; 95% CI, 56%-74%) at 2
false positives per DBT volume on a test set of 460 examinations from 418 patients.

A T Haege, diverse, and curated data set presented in this study could facilitate the development and evaluation of artificial intelligence
algorithms for breast cancer screening by providing data for training as well as a common set of cases for model validation. The performance of
the model developed in this study showed that the task remains challenging; its performance could serve as a baseline for future model
devel opment 0.



Al for [DM and] DBT (10)

Robust breast cancer detection in mammography
and digital breast tomosynthesis using an F fO)ff! D M

annotation-efficient deep learning approach 10 DB}

William Lotter'™, Abdul Rahman Diab™®, Bryan Haslam'®, Jiye G. Kim©®"?, Giorgia Grisot', Eric Wu?,
Kevin Wu'®, Jorge Onieva Onieva', Yun Boyer', Jerrold L. Boxerman(©23, Meiyun Wang(©#4,
Mack Bandler®, Gopal R. Vijayaraghavan® and A. Gregory Sorensen®'™

Aldetects; pre-
INAdex:Bs

MATURE MEDICINE | VOL 27 | FEBRUARY 2021| 244-249 |

An annotation-efficient DL approach that:

(1) achieves state-of-the-art performance in DM classification

(2) Successfully extends to DBT

(3) detects cancers in clinically negative prior mammograms

(4) generalizes well to a population with low screening rates

(5) outperforms 5/5 specialists with an average 14% increase in sensitivity.

By creating new maximum suspicion projection (MSP) images from DBT
data, our progressively trained, multiple-instance learning approach effectively
trains on DBT exams using only breast-level labels while maintaining
localization-based interpretability. i p p 0

Sensitivity

o
~

Sensitivity

=]
~

0.8

o
&

0.2

131 index BCs
vs. 154 negatives

= Model (AUC: 0.945)
=== Reader 1 (AUC: 0.736)
Reader 2 (AUC: 0.849)
wes Reader 3 (AUC: 0.870)
=== Reader 4 (AUC: 0.891)
w== Reader 5 (AUC: 0.817)

0.8+

o
o

0.2+

0.2 04 0.6 0.8
1-Specificity
1 e-index BCs*

: ,1514 negatives

= Model (AUC: 0.765)
=== Reader 1 [AUC: 0.594)
Reader 2 (AUC: 0.654)
we Reader 3 (AUC: 0.632)
m— Reader 4 (AUC: 0.613)
=== Reader 5 (AUC: 0.694)

0.2 0.4 0.6 0.8
1-Specificity

* mammograms interpreted as negative
121 24 months prior to the index exam



Table 1| Summary of additional DM and DET evaluation

Dataset Location Manufacturer Model Input type AUC

OMI-DB UK Hologic 2D DM 0.5963+0.003
Site A - DM Oregon GE 2D DM 0.927 +0.008
Site E China Hologic 2D D 097 £ 0.005
Site E (resampled) China Hologic 2D DM 0.956+0.020
Site & - DET Cregon Haologic 20" DBT manufacturer synthetics 0922 +0.016
Site & - DET Ciregon Hologic 3D DBT slices 0947 £ 0.012
Site & - DET Oregon Hologic 2D+3D DBT manufacturer synthetics + slices 0957 +0.010

Pre-index
Readers: @O Q00O Model: OOOOQOQ Readers: 00000 \odc: 009009

Al G Eetects
pPre-inadex:

Pre-index Pre-index

Readers: OO000 Mode: @@@®O®® Readers OOOOO® Vodc: @OOO®@® Readers: OOO000 Model: 9O@®®®  Readers: @O000 Mode: 99999




PRE-INDEX EXAMPLES INDEX EXAMPLES c CONFIRMED NEGATIVE EXAMPLES

i) e

Readers: OOO00 Mode: 9900900 | Readers: @O0 Mode: 9009 ©® Readers: OOQQQO Mode: 9000900
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Al for [DM and ] DBT (14

z
.‘g
Stand-Alone Use of Atrtificial Intelligence for Digital *
Mammography and Digital Breast Tomosynthesis
Screening: A Retrospective Evaluation
Sara Romero-Martin, PhD, MD * Esperanza Elias-Cabot, MD ¢ José Luis Raya-Povedano, MD ¢
Albert Gubern-Mérida, PhD » Alejandro Rodviguez-Ruiz, PhD » Marina Alvarez-Benito, PhD, MD

Key Results

4amn ¢

and respectively.

Stand-:

compared with radiologists.

compared with radiologists.

)?adiologists
0.8 1 . -
’---! ------ "‘---------/-:'—- =
J, i
0.7 4 e e
7 |
/
0.6 1 l;
P + —— AIDM
o s y / --me N 081'
. /
1 + Single reading OM
l' B Double reading OM
0.4 1 ! %  Single reading DBT
! ¢ Doubdle reading DBT
013 Ll v Al Al v
0.00 0.01 0.02 0.03 0.04 0.05 0.06
1 - Specificity

In a retrospective analysis of 15 999 digital mammography
(DM) and digital breast tomosynthesis (DBT) examinations
(15 998 women, 113 cancers), artificial intelligence (Al) yj

der the receiver nperating characteristic curve o

one Al reduced the recall rate up to 2% for DM (from
5.1% to 3.1%, P << .001) while achieving noninferior sensitivity

Stand-alone Al increased the recall rate up to 12% for DBT (from
4.4% to 16.7%, P << .001), while achieving noninferior sensitivity

Albetter-than humans
Alfor. DBirincreases RR

NUMBER OF DETECTED CANCERS

0

DM-Single human

A-DM 80 DM-Double human

reading reading

1.0 f—r———-','."“»-:--—'7
Al
J"’, o’
-, II’
084% v
1,
1 /
2061,
2 /
c ’
A 0.4
: Al DM, AUC = 0.93 (0.89.0.96)
==+ Al DBT, AUC = 0.94 (0.91.0.97)
+ Single reading DM
0.2 1 = Double reading OM
"+ Single reading DBT
s ¢+ Double reading DBT
0.0 v v v v
0.0 0.2 0.4 0.6 0.8 1.0
1 - Specificity
20
18
6.7
16
_-'. 14
12
$ =
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s 10 =
2 o §
._". .:.' N o«
-._..‘- 3 :
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0

A-DM 74

DBT-Single human

reading

mmm— Screen cancers detected at both DM and DBT mmmmm Screen cancers detected only at DM

I NTRrVAICANCRS

se0eee RACHIIAP

AFDBT 65 DBT-Double AFDBT57

human reading

mmmm—— SCreen cancers detected cnly at DBT



Al for DBTSummary

A More information to Al systems from DBT slices

A Retrospective reader studies showed better
performances than human readers (with lower
or the same reading time)

A Potential for detecting on DM almost half of
cancers detected by DBT only

A Does Al increase DBT recall rate (one study)?
A Limited results for women after BCS (one study)

A DBT plus Al has not yet reached the
performance of double reading (one study)

A New S-2D from DBT by ML

- Alot of work to do, especially prospective studies
with low prevalence versus double reading



Al for CEM (1)

9290%
> Eur J Radiol. 2018 Jan;98:207-213. doi: 10.1016/j.ejrad.2017.11.024. Epub 2017 Dec 5. S p eCIfI C I ty
Computer-aided diagnosis of contrast-enhanced DUt 66%
spectral mammography: A feasibility study SensitiVvity.

Bhavika K Patel ', Sara Ranjbar 2, Teresa Wu 2, Barbara A Pockaj 4, Jing Li #, Nan Zhang °,
Mark Lobbes ©, Bin Zhang 7, J Ross Mitchell 2

50 lesions described on CESM (24 benign and 26 malignant).

Sensitivity Specificity Accuracy
Radiologist 1 22124, 92% 16/26, 62% 38/50, 76%
Radiologist 2 24/24, 100% 18/26, 69% 42/50, 84%
SVM ML 21/24, 88% 24126, 92% 45/50, 90%

The results of our feasibility study suggest that a CAD-CESM tool can provide complementary information to
radiologists, mainly by reducing the number of false-positive findings.



Al for CEM (2)
100%

> Int J Comput Assist Radiol Surg. 2019 Feb:14(2):249-257. doi: 10.1007/s11548-018-1876-6. Ssensitivi ty

Epub 2018 Oct 26. bUt 66%

Classification of contrast-enhanced spectral SPECITICILY
mammography (CESM) images

Shaked Perek ', Nahum Kiryati 2, Gali Zimmerman-Moreno 2, Miri Sklair-Levy 2, Eli Konen 2,

Arnaldo Mayer 3

Methods: We compare two analysis approaches, fine-tuning a pretrained network and fully training a
convolutional neural network, for classification of CESM breast mass as benign or malignant. We improve each
classification network by incorporating BIRADS textual features as an additional input. We evaluate two ways of
BIRADS fusion as network input: feature fusion and decision fusion on 129 randomly selected lesions annotated
by an experienced radiologist. Each annotation includes a contour of the mass in the image, biopsy-proven label
of benign or malignant lesion and BIRADS descriptors. At 100% sensitivity, specificity of 66% was achieved
using a multimodal network, which combines inputs at feature level and patient-specific classification.
Conclusions: The presented multimodal network may significantly reduce benign biopsies, without

compromising sensitivity.
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> J Clin Med. 2019 Jun 21;8(6):891. doi: 10.3390/jcm8060891.

88Y%0 Sensitivity.

Fully Automated Support System for Diagnosis of
Breast Cancer in Contrast-Enhanced Spectral and -
Mammography Images 92506 SPECITICILY

Annarita Fanizzi ', Liliana Losurdo 2, Teresa Maria A Basile #, Roberto Bellotti 4, Ubaldo Bottigli ,
Pasquale Delogu ©, Domenico Diacono 7, Vittorio Didonna 2, Alfonso Fausto °, Angela Lombardi 19,

Vito Lorusso ', Raffaella Massafra "2, Sabina Tangaro 13 Daniele La Forgia i

A Random Forest classifier was trained on a selected subset of significant features by a sequential feature
selection algorithm. The proposed CAD system was tested on 48 ROls extracted from 53 patients.

Sensitivity 87.5 %
Specificity 91.7 %

Our classification model outperformed the human reader, by increasing the specificity over 8% .
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Better.results

> Ann Biomed Eng. 2018 Sep;46(9):1419-1431. doi: 10.1007/s10439-018-2044-4. Epub 2018 May 10. fp ap p | f] g
Classification of Breast Masses Using a Computer- lESIoN _O £
Aided Diagnosis Scheme of Contrast Enhanced recombined
Digital Mammograms Im A ES

Gopichandh Danala ', Bhavika Patel 2, Faranak Aghaei ', Morteza Heidari ', Jing Li 2, Teresa Wu 3,
Bin Zheng 4

A CEDM dataset of 111 patients (33 benign and 78 malignant cases). A CAD scheme was applied to segment
mass regions depicting on LE and recombined images separately. A multilayer perceptron-based ML classifiers
were built. When applying CAD to DES and LE images with original segmentation, areas under ROC curves
(AUC) were 0.759 £ 0.053 and 0.753 £ 0.047, respectively. After mapping the mass regions optimally
segmented on recombined images to LE images, AUC significantly increased to 0.848 £ 0.038 (p <0.01).

Study demonstrated that DES images eliminated overlapping effect of dense breast tissue, which helps improve
mass segmentation accuracy. The study demonstrated that applying a novel approach to optimally map mass
region segmented from DES images to LE images enabled CAD to yield significantly improved performance.
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> Diagnostics (Basel). 2021 Apr 30;11(5):815. doi: 10.3390/diagnostics11050815.

Radiomics and Artificial Intelligence Analysis with
Textural Metrics Extracted by Contrast-Enhanced
Mammography in the Breast Lesions Classification

Roberta Fusco !, Adele Piccirillo 2, Mario Sansone 2, Vincenza Granata ', Maria Rosaria Rubulotta 7,

Teresa Petrosino ', Maria Luisa Barretta ', Paolo Vallone 1, Raimondo Di Giacomo 2,
1

Emanuela Esposito > Maurizio Di Bonito 4, Antonella Petrillo

80 patients with known breast lesion. All patients underwent CEM
examination in both craniocaudally (CC) and double acquisition of
mediolateral obligue (MLO) projections (early and late.

Dynamic;
Information

Best performances of ML systems

Accuracy AUC System
Early MLO 0.77 0.83 ANN
Late MLO 0.73 0.82 ANN

CC + early and late MLO 0.87 0.90 SVM, multiv. anal., pattern recogn., 144 features
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> Diagnostics (Basel). 2020 Jul 18;10(7):492. doi: 10.3390/diagnostics10070492.

Radiomics for Tumor Characterization in Breast
Cancer Patients: A Feasibility Study Comparing
Contrast-Enhanced Mammography and Magnetic
Resonance Imaging

Maria Adele Marino ' 2, Doris Leithner ' 2, Janice Sung ', Daly Avendano ' 4,

Elizabeth A Morris ', Katja Pinker ! °, Maxine S Jochelson

intra-individual comparison of 48 patients with 49 biopsy-proven BCs.
Radiomics analysis was performed by using MaZda software.

CEM MRI
Invasive vs. non-invasive 92% 90%
HR+ vs. HR- 96% 83%
G1 + G2 vs. G3 invasive 78% 78% i HER?2-, G3
o 0]0) type Preliminary results indicate a potential of both radiomics

» . . analysis of DCE-MRI and CEM for non-invasive assessment of
Charactierization tumor-invasiveness, hormone receptor status, and tumor grade.
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> Diagnostics (Basel). 2020 Sep 17;10(9):708. doi: 10.3390/diagnostics 10090708. § 60 L J s
. . . B 501 j ——ER+/ER-
Radiomic Analysis in Contrast-Enhanced Spectral 3z | — PR4/PR-
. . " Ki67+/Ki67-
Mammography for Predicting Breast Cancer B 30t ‘ — HighGrade(+) / LowGrade(-)
. . 20+ —TN/NTN
Histological Outcome ol HER2+/HER2-
Daniele La Forgia !, Annarita Fanizzi 2, Francesco Campobasso 2, Roberto Bellotti 4 2, 007 1|0 2|O 3|0 4|0 5'0 610 710 BIO 9|0 100

Vittorio Didonna 2, Vito Lorusso ©, Marco Moschetta 7, Raffaella Massafra 2, Pasquale Tamborra 2,

1-Specificity(%)
Sabina Tangaro > &, Michele Telegrafo 7, Maria Irene Pastena °, Alfredo Zito °

52 patients, 68 lesions. Radiomic analysis was performed on regions of interest (ROIs) selected from both low-
energy (LE) and ReCombined (RC) CESM images. Fourteen statistical features were extracted from each ROI.

Encouraging results for differentiation between ER+/ER-, PR+/PR-, HER2+/HER2-, Ki67+/Ki67-, High-
Grade/Low-Grade and TN/NTN were obtained.

Specifically, the highest performances were obtained for discriminating HER2+/HER2- (90.87%), ER+/ER-
(83.79%) and Ki67+/Ki67- (84.80%).

Subtype

characterization
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A Only preliminary studies

A Interesting first data for BC subtype
characterization

To consider that a great future is open for CEM
as an equivalent of MRI



