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Mammography

Medical Physics Research Laboratory
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OO O Mammography

Medical Physics Research Laboratory

“However, due to the two-dimensional nature of projection 7
imaging, mammography is limited by overlapping tissue .
Fat - Glandular tissues A
90%/10% » 10%/90%

J. Baker & J. Lo, Duke University in Durham, NC, USA %
A. Hebecker, T. Mertelmeier & J. Orman, Siemens Medical Solutions, Erlangen, Germany
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yMIP I Digital Breast Tomosynthesis

ows®”  Medical Physics Research Laboratory
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www.siemens.com/healthcare
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HOOOOW Digital Breast Tomosynthesis

Medical Physics Research Laboratory
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OOV Digital Breast Tomosynthesis

Acquisition

X-ray tube —>

Compression

plate
Reconstructed

planes \ __(/ Breast

. __Ji. B Digital
detector
« X-ray tube moves m an arc across the breast

« Series of low dose 1images are acquired at different angles

A. Smith, www.hologic.com

« Total dose similar to single view breast exam
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A malignancy easily missed with conventional 2D mammography
was clearly seen with Hologic 3D Mammography

2D FFDM Hologic 3D Mammography
[ i |




PROBLEMATICHE

Maggior numero di immagini da
analizzare

Maggior carico lavorativo per il
medico radiologo

Maggiore probabilita di effettuare
una diagnosi erronea o incompleta
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Medical Physics Research Laboratory

Classificazione delle

Meno stress Riduzione dei costi
. ] Meno stress ]
lavorativo a carico del per le aziende

) sicologico ai pazienti )
personale medico P & P ospedaliere

McDonald RJ et al, “The effects of changes in utilization and technological advancements of cross-sectional imaging on radiologist workload.” Acad Radiol. Sep;22(9):1191-8 (2015).
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Aim of Project

%gori® Medical Physics Research Laboratory

DeepLook is a national Technological Transfer project founded by INFN and started in
2022.

The aim is to implement a deep learning architecture for Computed Aided Detection
(CAD), based on neural networks developed with deep learning methods, for the automatic
detection and classification of breast lesions in DBT images.

2021 2022 2023 2024

CTT ﬁ Deeplook .

CSN 5 - Next AIM
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Medical Physics Research Laboratory

INFN Napoli
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INFN Ferrata =29
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Medical Physics Research Laboratory

Dataset Expected Total FEDM
final no. no. DBT
- no. of TP TN \'} :
(Ho.spltal of e DBT S availab
site) atients | P slices le ®

iew
AORN 250 200 7466 3528 3938 Yes Giotto CC, Yes
Cardarelli Class 40000 MLO
IRCSS R. E. 250 96 2915 1541 1374 Yes Giotto MLO No
Class 40000
ASL Cuneo 1 500 10 - - - Yes Multi CC,
MLO
AOU Fed Il 250 - - - - No Hologic CC, Yes
Selenia MLO
Dimensions

349 349 21518 14057 7461

All the images were annotated by dedicated breast radiologists

DeeplLook Dataset
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Custom dataset of digital breast tomosynthesis (DBT) from Duke University Hospital

: Duke Dataset

Exclusion criteria:

- Presence of breast implants
- Presence of metal objects

- Presence of image artifacts

JAMA Network

l JAMA Network Open JAMA Network Open Enter Search Term
30 NEGATIVE patients 35 BENIGN tumor patients 35 MALIGNANT tumor patients: Views 18,927  Citations 37 | Altmetric 30
120 DBT volumes 60 DBT volumes 60 DBT volumes
* 30RCC e 15LCC o 15LCC T»") Download PDF ) (f) Morew Cite This Permissions
- 30LEC . 15 RCC . 15 RCC . — @ ©
* 30LMLO . 15 LMLO . 15 LMLO
* 30RMLO . 15 RMLO . 15 RMLO Original Investigation | Health Informatics o
Total of images: 7888 Total of images: 4033 Total of images: 4134 August 16, 2021
A Data Set and Deep Learning Algorithm for
the Detection of Masses and Architectural
Selection of 20 images for DBT volume - - - e -
Step* =Volume size/20 70 POSITIVE patients Distortions in Digital Breast Tomosynthesis
120 DBT volumes
* rounded to the nearest integer Total of images: 8167 Ima ges
l ¢ Mateusz Buda, MSc'; Ashirbani Saha, PhD'; Ruth Walsh, MD'; et al
Final selected images of negative patients: 2400 Selection of images containing the lesion: » author Affiliations | Article Information
central image +/- 25% of the volume size* JAMA Netw Open. 2021;4(8):e2119100. doi:10.1001/jamanetworkopen.2021.19100

*According to the information provided with the
dataset description

.

Selected images of positive patients: 2232

v

Selection of 20 images for volume (if available)
Step* = Volume size/20 Electrical Engineering and Systems Science > Image and Video Processing

[ LV

' . o e O We gratefully acknowledge support from the Simons Foundation, member
Cornell Univer blt}" institutions, and all contributors.

Search...

d I'(],V > eess > arXiv:2011.07995

[Submitied on 13 Nov 2020 {v1), last revised 20 Nov 2022 (this version, v4)]

Detection of masses and architectural distortions in digital breast tomosynthesis: a publicly available dataset
L of 5,060 patients and a deep learning model

* rounded to the nearest integer

Final selected images of positive patientS' 2045 Mateusz Buda, Ashirbani Saha, Ruth Walsh, Sujata Ghate, Nianyi Li, Albert Swiecicki, Joseph Y. Lo, Maciej A. Mazurowski

Breast cancer screening is one of the most common radiclogical tasks with over 39 million exams performed each year. While breast cancer screening has been one of the most studied medical
imaging applications of artificial intelligence. the development and evaluation of the algorithms are hindered due to the lack of well-annotated large-scale publicly available datasets. This is



DeeplLook pipeline

Medical Physics Research Laboratory

Step 1

Image

Pre-processing
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@Q@ Preprocessing delle immagini

Medical Physics Research Laboratory

Importantissimo il lavoro fatto con le GradCAM
PRIMA DOPO

Riduzione del rumore

Step 2 Incremento del contrasto

Eliminazione automatica:

» della pelle

* del capezzolo

* di ulteriori artefatti

* del muscolo pettorale ove
presente (MLO vista)

Step 3

Step 4 Binning automatico delle slices a
300 x 300 px
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POOW)

Medical Physics Research Laboratory
VGG16 metrics
1.0
Em ROCAUC
[ ] Accuracy DUke Dataset
I Precision
0.5
B F[1 score
Bl Sensitivity
B Specificity
0.0~ N N N N N N ResNet18 metrics
\">$ K «’0$ °h (25\ & «’0& & «‘Z§ & (25\ & 1.0
& & & & & & mm ROCAUC
Q Q Q
i Accuracy
B Precision
Bl F1 score
El Sensitivity
Bl Specificity
o> > O
& & & & & & &L
@ ® ®
Q&O QJ\O Q&O O
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Step 1

Image

Pre-processing

Classification procedure

Step 2

Slice

selection
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DO O Slice selection - network

Bions Medical Physics Research Laboratory

Input Image

convi
conv2
conv3 conv4 convb

» » 3x3 » |/ 3x3 d» |/ S Ij»
5x5
i 75 x 75 x 384 38 x 38 x 192 19 x19 x 128
L 150 x 150 x 128
! 300 x 300 x 96
300 x 300 x 1
pixels

» RelLu + Batch Normalization Max pooling stage

The DCNN-DBT was trained on a GPU NVIDIA GeForce RTX 3090 card (10496 CUDA cores, 24 GB GDDR6X video
memory).
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OOV

Medical Physics

Reseal

Patient 1 Dataset

Slice selection
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Metrics — Full Dataset

Medical Physics Research Laboratory

. Darknetlo
N VGG16 TL
o DBT_DCNN
. ResNetl8_ TL
T
0.8 -
et
o
L]
U 0.6
0.4 -
0.2
0.0 - — — e e

roca uc accu racy preision recall (TPR) error F1 FPR
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TV P I Metrics — Duke Dataset

Medical Physics Research Laboratory

wn Darknetl9
S VGG16
o DBT_DCNN
. ResNetl8
1.0 -
0.8
e
o
L]
v 0.6
0:4
0.2 -
0.0 -

roc_uc acu racy prciion recall TPR) ror | F R
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‘MI P I Metrics — Cardarelli Dataset

Medical Physics Research Laboratory

e Darknetl©o
s VGG16 TL
o DBT_DCNN
. ResNetl8_TL
T
0.8 -
it
o
L]
U 0.6
0.4 -
B2
0.0 -

roc_auc acuracy pecision recall (TPR) error IR FPR
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Metrics — IFO Dataset

Medical Physics Research Laboratory

. Darknetl©o
. VGG1l6_TL
o DBT_DCNN
. ResNetl8 TL
Y0
0.8
it
o
(]
v 0.6
0.4
0.2
0.0 - —

prcion reca TPR) r

University of Naples “Federico II”’- Physics Department “Ettore Pancini”’ IN FN
National Institute of Nuclear Physics \ 23

Istituto Nazionale di Fisica Nucleare




@Q@ Metrics — 3 Classi

Medical Physics Research Laboratory

DUKE
DUKE + Cardarelli

1.0 1

80% - Negative

0.8‘ == r—

B _170% - Benign masses
{. : {_ I I - Malignant masses

Score

0.4 4

0.2 1

0.0 T T T T T T T
fpr recall (TPR) roc_auc accuracy error precision F1
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Step 1

Image

Pre-processing

Step 2

Slice

selection

Classification procedure

Step 3

WVIESS

localization

University of Naples “Federico II”’- Physics Department “Ettore Pancini”’ IN FN
National Institute of Nuclear Physics )

Istituto Nazionale di Fisica Nucleare

25



gty
f ‘:_'-,’5),\ A2
o
| Foll | )
B :
G\ [/ A
i 1 AS)

Bions Medical Physics Research Laboratory

In this stage, for each
Identified slices IS
generated a Grad-CAM
map to localize the
maximum activation zone
and consequently  the
possible localization of the
mass with the definition of
a Region of Interest (ROI).

Yellow threshold level of 50%
= (Green threshold level 60%
= Red threshold level 70%

Mass Localization

Patient 2

University of Naples “Federico II"”’- Physics Department “Ettore Pancini”
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HOOOWL Mass Localization

Bions Medical Physics Research Laboratory

GradCAM ROI N Ground Thruh_
Ground Thruh '

Overlap =

The ratio between the intersection of area of GradCAM ROI and the area indicated by the
radiologist.

GradCAM ROI dim
Image dim

Activation =

The ratio between the dimensions of GradCAM ROI and slice.
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g Medical Physics Research Laboratory

Mass Localization

Patient 8

Threshold > 0.5

Overlap = 95%
Activation = 15%

- Threshold > 0.6

Overlap =93%
Activation = 10%

= Threshold > 0.7

Overlap = 90%
Activation = 8%
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Bions Medical Physics Research Laboratory

Mass Localization

Patient 2

(b)

Threshold > 0.5

Overlap = 75%
Activation = 25%

- Threshold > 0.6

Overlap = 60%
Activation = 15%

= Threshold > 0.7

Overlap = 45%
Activation = 10%

University of Naples “Federico II"”’- Physics Department “Ettore Pancini”
National Institute of Nuclear Physics

Istituto Nazionale di Fisica Nucleare
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False positive reduction

Medical Physics Research Laboratory

700494 @ @ 2] k2
67.5
65.0
C 62.5 -
(@]
=
T 60.0 1 o ®
=
X 57.5
—— threshold
5501 o M1
s251| ® M2
e M3
5001 © M4 e o o
0.0 0.2 0.4 0.6 0.8 1.0
a) % consecutive slices

University of Naples “Federico II"”’- Physics Department “Ettore Pancini” IN FN
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Medical Physics Research Laboratory

Final result

Confidence Level
Low

Medium
- High
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Classification procedure

Step 1 Step 2 Step 3 Step 4

Image Slice Mass

False positive

Pre-processing selection localization reduction
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Medical Physics Research Laboratory

PP e

Radiomics Module

Sample Distribution (Skewness)
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Sample Distribution (Fractal Dimension)

Frequency

Fractal Dimension Values

Sample Distribution (GLCM Energy)

Lefts
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Sample Distribution (NGTDM Coarseness)
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Sample Distribution (Kurtosis)
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L
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Kurtosis Values

Sample Distribution (GLCM Contrast)

Frequency
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| 2 3 4 g
GLCM Contrast Values

Sample Distribution (GLCM Homogeneity)

05 0.55 0.6 0.65

GLCM Homogeneity Values

Sample Distribution (NGTDM Complexity)

ILefis |

S
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Frequency

300 400 500 600
NGTDM Complexity Values

Sample Distribution (NGTDM Strength)

b

L Lefis
(I IRights

0.03 0.04 0.05 0.06
NGTDM Strength Values

Frequency
-

2

Sample Distribution (Beta)
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Beta Values

Sample Distribution (GLCM Correlation)
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Sample Distribution (NGTDM Contrast)
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Sample Distribution (NGTDM Busyness)
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Medical Physics Research Laboratory
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Segmentation o
PyRadiomics

University of Naples “Federico II”’- Physics Department “Ettore Pancini” I N FN
National Institute of Nuclear Physics ]

Istituto Nazionale di Fisica Nucleare




U-Ai Radiomics: Antonio Zarrillo [#N94/615]

Input Data

F.E.L. : Image Normalization

Normalize

Remove Outliers

F.C.L. : Image Discetization & Dimension

Label

1 (default int value)

Image Discretization

Bin Width
25.0 (default float value)

Bin Count

Pyradiomics Parameters Settings

OO

Bions Medical Physics Research Laboratory

F.EL. : Resampling Image/Mask

Resampled Pixel Spacing List
X-coordinate (float)
Y-coordinate (float)
Z-coordinate (float)

Interpolator
sitkBSpline

Pad Distance

F.C.L.: Texture Matrix

Texture Iatrix Weighting

None v

Distance To Neighbour

[1] (default list value)

CPU Telemetry: @ 5.80% [Max:

Pyradiomics Feature-Extractor Configuration Extraction

U-Ai Radiomics Parameters Settings Tab

TabNet Classifier Results

F.E.L. : Resegmentation F.E.L. : Mask Validation

Resegment Range Minimu m ROI Dimensions
Lower Threshold (float)
Upper Threshold (float)

Resegment Mode
absolute

Resegment Shape

False

Miscelleneous Info & Logger Verbosity

lliscellaneous

True ~

Set Default &
Pyradiomics Logger Verbosity

16.80%] - @ RAM: 59.80% [Max: 59.90%]

GPU Telemetry: D 46.00% [Max: 55.00%] - @8 DRAM: 11.93% [Max: 12.26%]

La PyRadiomics Parameters Settings Tab
consente di configurare i parametri di
estrazione di PyRadiomics, distinguiamo tre
livelli di settings:

e Feature Extractor Level (F.E.L.), per la pre-
elaborazione delle immagini e della maschera
(segmentazione);

e Feature Class Level (F.C.L.), per |Ia
configurazione dei parametri del modulo
feature-extractor;

e Miscellaneous Info & Logger Verbosity, per
corredare |'estrazione di informazioni di
contorno descrittive dei dati di input o del
processo di estrazione.

University of Naples “Federico II"”’- Physics Department “Ettore Pancini”
National Institute of Nuclear Physics
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Bions Medical Physics Research Laboratory

U-Ai Radiomics: Antonio Zarrillo [#N94/615]

[=] Input Data Pyradiomics Parameters Settings Pyradiomics Feature-Extractor Configuration Extraction

First Order Statistics Feature Class 3D Shape-Based Feature Class 2D Shape-Based Feature Class

Toggle All Toggle All Toggle All

O Energy D MeshVolume D MeshSurface

D TotalEnergy O VoxelVolume O PixelSurface

D Entropy D SurfaceArea D Perimeter

D Minimum D SurfaceVolumeRatio D PerimeterSurfaceRatio
D 10Percentile O Sphericity D Sphericity

D S0Percentile D Compactness2 O SphericalDisproportion

Movimiim Camnorinacet MovimiimDiematar

Gray Level Run Length Iatrx Gray Level Size Zone Iatrix Neighbouring Gray Tone Difference Iatrix

Toggle All Toggle All Toggle All

O ShortRunEmphasis SmallAreaEmphasis O Coarseness
D LongRunEmphasis D LargeAreaEmphasis Contrast

D GrayLevelNonUniformity D GrayLevelNonUniformity D Busyness

O GraylLevelNonUniformityNormalized D GrayLevelNonUniformityNormalized D Complexity

O RunLengthNonUniformity SizeZoneNonUniformity O Strength
D RunLengthNonUniformityNormalized D SizeZoneNonUniformityNormalized

) BunParrantana () ZnnaParraniana

CPU Telemetry: [i] 4.70% [Max: 16.80%] - W RAM: 59.70% [Max: 59.
GPU Telemetry: D 16.00% [Max: 55.00%] - @B DRAM: 11.96% [Max:

U-Ai Radiomics Features Extractor Configuration Tab

TabNet Classifier Results

Gray Level Co-occurrence Matrix

Toggle All

O Autocorrelation
D JointAverage

D ClusterProminence
D ClusterShade
D ClusterTendenoy
D Contrast

Crralatinn

Gray Level Dependence Iiatrix

Toggle All
D SmallDependenceEmphasis
D LargeDependenceEmphasis
D GrayLevelNonUniformity
O DependenceNonUniformity

DependenceNonUniformityNormaleed

D GraylevelVariance

[ Nanandanna\/arian ra

La PyRadiomics Features Extractor Configuration
Tab consente di selezionare manualmente le
features che il modulo ferature-extractor andra a
calcolare entro la maschera di segmentazione:

e First order statistics - 1 classe, 19 features;

e Shape features - 2 classi, 27 features;

e Texture features - 5 classi, 74 features.

Totale: 8 classi, 120 features

University of Naples “Federico II"”’- Physics Department “Ettore Pancini” I N FN
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P U-Ai Radiomics Results Tab

o Medical Physics Research Laboratory

Input Data Pyradiomics Parameters Settings Pyradiomics Feature-Extractor Configuration Extraction TabNet Classifier Results

Features Importance

Input Data Pyradiomics Parameters Settings Computed_eriginal firstorder_RootMeanSauared
Computed_original_shape20_MinorAxisLength

Computed_original_gldm_LargeDependenceEmphasis

Input Data Pyradiomics Para

Computed_original_girim_RunLengthNonUniformity

Computed_original girim RunEntrapy

Input Data Pyradiomics Para
Comgated ariginal glem 1d

Train Acc

L L
L] L)
1.0 4+ —e— Train Accurac
—— Validation Acc
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. @ @ Q @ CARD&IFO (best fold; Nd = 31)

Medical Physics Research Laboratory
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Medical Physics Research Laboratory

CARD&IFO Nd = 48 Vs SK=OFF
CARD&IFO (best model’s Folds’ Top 5%) (best model’s Folds’ Top 5%)

Features Max Folds' Importance (%) Features Max Folds' Importance (%)
CARD Computed_original_shape2D_MajorAxisLength 22.57 Computed_original_shape2D_MinorAxisLength 17.12
Computed_original_shape2D_Elongation 22.14 Computed_original_shape2D_Elongation 16.63
comPUteq‘?mgmﬂ‘Shape?D“meshsurFace i Computed_original_shape2D_MajorAxislLength 12.13
Computed_original_shape2D_MinorAxisLength 14.40 i . .
Computed_original_gldm_DependenceNonUniformity 13.15 Computed_original_shape2D_MaximumDiameter 16.52
Computed_original_shape2D_PerimeterSurfaceRatio 11.55 Computed_original_gldm_DependenceNonUniformity 9.45
Computed_original_shape2D_Perimeter 8.50 Computed_original_glszm_SizeZoneNonUniformity 9.23
Computed_original_gldm_DependenceEntropy 8.u7 Computed_original_shape2D_Perimeter g.u7
Computed_original_shape2D_PixelSurface 8.uo Computed_original_shape2D_PerimeterSurfaceRatio 7.23
Computed_original_glem_ClusterShade 6.06 Computed_original_shape2D_MeshSurface 7.11
Computed_orlgmélfglszm_SlzeZoneN?nUn1form1ty 5.92 ~ Computed_original_glrlm_RunLengthNonUniformity 6.87
Computed_original_shape2D_MaximumDiameter 5.65 Computed_original_firstorder_Energy 5.98
Computed_original_shape2D_PixelSurface u.92
Features Max Folds' Importance (%) Computed_cf‘iginal_glcm_torrelation u.61
I FO Computed_original_shape2D_MaximumDiameter 19.69 Computed_original_glcm_ClusterShade 4.23
Computed_original_shape2D_Elongation 18.65 Computed_original_glem_MCC 3.63
Computed_original_shape2D_MinorAxisLength 15.25 Computed_original_firstorder_Skewness 3.60
Computed_original_glrlm_RunLengthNonUniformity 1d.8d CQmputed_original_glcm_Autocorrelatj_on 3.51
Computed_original_gldm_HighGraylLevelEmphasis 10.80 Computed_original_ngtdm_Strength 3.U6
Computed_original_shape2D_Perimeter 8.02 Computed_original_firstorder_Range 3.98
Computed_original_shape2D_PerimeterSurfaceRatio 767 Computed oriainal firstorder TotalEnem 3.20
Computed_original_firstorder_TotalEnergy 6.33 .. P -orig - ) LT ] ay ’
Computed_original_firstorder_l6Percentile 5.29 Computed_original_gldm_DependenceNonUniformityNormalized 3.20
Computed_original_shape2D_MeshSurface 5.03 Computed_original_firstorder Variance 3.04
Computed_original_shape2D_MajorAxisLength 3.69 ~ Computed_original_ngtdm_Complexity 2.87
Computed_original_firstorder_Range 3.63 Computed_original_glszm_SmallArealowGrayLevelEmphasis 2.87

CARD & IFO
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Super Resolution Neural Network

Medical Physics Research Laboratory

Original (118x124) EDSR (472x496 SRGAN (472x496
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= 9 @0@@ Super Resolution workflow

Medical Physics Research Laboratory

GAN del architect
modet arciitecture « SRGAN model — 1.55M parameters

Generator Network B residual blocks « Common input shape — (512x512)

A
n64s1 . n64s1 n64s1 ' n_64$1 - n256s1 n3s1
H | | -
, , T The CNN model
skip connection . .
was trained on natural images (DIV2K dataset)
Discriminator Network
n64s1 n64s2 n128s1 n128s2 n256s1 n256s2 n512s1 n512s2

|
1
|

1
Leaky RelLU
Leaky RelU
I
Dense (1)

(=2
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First Results

Bicubic ROI

Medical Physics Research Laboratory
Original ROI

EDSR ROl SRGAN RO
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@Q@ Super Resolution workflow

Medical Physics Research Laboratory

« Current input shape
2400%x1100 <« unfeasible

« Split image into a series of
disjointed patches
(256x256)

 Monitor the boundary effect
related to image
reconstruction

N
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Examples
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DO

Medical Physics Research Laboratory

DeeplLook

: Flase
Pre- Slice Mass o Super
: : .. Positive )
Processing Selection Localization ) Resolution
reduction
CC geometry CC geometry
Image Radiomics Transfer
enhancement Learning test
MLO MLO
geometry geometry
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DOV

Medical Physics Research Laboratory
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