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 Skiagrafie * Tvorba obrazu * Detekce patologie

* Vlypoletni tomografie . Detekf:e anatomie, nastaveni e Difuzni
. . expozice * Loziskova
. Scintigrafie, PET e Odstranéni fumu

* Segmentace

* Bronchoskopie * Rekonstrukce obrazu . .
* Velikost, srovnani

e Klasifikace
* Nador nebo benigni
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. Artificial intelligence (Al)
Any techniques that enable machines to solve a task in a
way like humans do

Artificial intelligence

Machine learning (ML)
Algorithms that allow computers to learn from examples
without being explicitly programmed

Artificial neural

networks 1 ,Artificial neural networks (ANN)
Brain-inspired machine learning models

Deep learning (DL)

A subset of ML which uses deep artificial neural networks
as models and automatically builds a hierarchy of data
representations
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Aplikace v zobrazeni plic



Skiagrafie hrudniku

e Automaticka kolimace RTG snimku hrudniku
e 3D kamera




CR with malignant neoplasm

CT with malignant neoplasm

Malignant neoplasm identified by DLAD




CR with pneumonia

B | CT with pneumonia

|

Pneumonia identified by DLAD




Original CR

Probability map
Pulmonary malignancy

Probability: 0.4980

Probability: 0.6034

Probability: 0.5096

Probability map
Active tuberculosis

Probability: 0.0071

Probability: 0.0461

Probability: 0.0045

Probability map
Pneumonia

Probability: 0.0034

Probability: 0.0098

Probability: 0.0005

Probability map
Pneumothorax

Probability: 0.0013

Probability: 0.0478

Probability: 0.0014



Skiagrafie hrudniku — hodnoceni ctyr patologii

Image-wise classification compared witih physicians
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Hwang EJ, Park S, Jin KN, Im Kim J, Choi SY, Lee JH, Goo JM, Aum J, Yim JJ, Cohen JG, Ferretti GR. Development and validation of a deep learning—
based automated detection algorithm for major thoracic diseases on chest radiographs. JAMA network open. 2019 Mar 1;2(3):€191095-.



CT

* Planovani a akvizice
* Rekonstrukce

* Prezentace

* Segmentace

e Kvantifikace



CT vysSetreni - polohovani vysSetrovaciho stolu

3D kamera
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Automaticky
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Segmentace dle rekonstrukcniho algoritmu

Both Lungs

* Right Lung

Right Upper Lobe (RUL)
Right Middle Lobe (RML)
Right Lower Lobe (RLL)

" Left Lung

Left Upper Lobe (LUL)
Left Lower Lobe (LLL)

O

Volumetric Measurements

Volumetric Measurements

LA Volume (cc)
Threshold = -950 HU

7975
528.6
3749
68.9
84.8
268.9
2221
46.8

Total Volume (cc)

6766.3
3756.1
1689.6
682.9

1383.6
3010.2
1807.6
1202.6

LA Volume Ratio(%)
Threshold = -950 HU

1.8
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6.1
8.9
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39
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Segmentace dle rekonstrukcniho algoritmu
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Volumetric Measurements
Vo!umetric M_easurements ‘

LA Volume (cc) LA Volume Ratio(%)

Threshold = -950 HU Total Volume (cc) Threshold = -950 HU
Both Lungs [} 595.3 6772.8 8.8
Right Lung || 4194 3759.7 11.2
Right Upper Lobe (RUL) |l 331.2 1710.1 194
Right Middle Lobe (RML) |l 36.2 667.5 54
Right Lower Lobe (RLL) 52 1382.2 3.8
Left Lung & 175.9 3013.1 | 58
Left Upper Lobe (LUL) |l 158.2 1814.9 8.7

Left Lower Lobe (LLL) [ 17.8 1198.2 | 15
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Finding 1

Favorites

Nodule Type

Axial Long Axis
Axial Short Axis
Axial Average Diameter

Car

Max 3D Diameter
Volume

Mean HU +SD
Nodule Mass

Efféctive Diameter
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A potential matching finding was found: Finding 1
Match with Finding 1 Create new
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Nodule Type
1.8 (mm) Axial Long Axis
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Max 3D Diameter
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Mean HU +SD
Nodule Mass
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Finding 1

Favorites

Nodule Type

Axial Long Axis
Axial Short Axis

Axial Average Diameter

Effective Diameter
Max 3D Diameter
Volume

Mean HU +SD
Nodule Mass

(r/g/ Medium
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Finding 1

Favorites

Nodule Type

Axial Long Axis
Axial Short Axis
Axial Average Diameter

Effective Diameter
Max 3D Diameter
Volume

Mean HU £ SD
Nodule Mass
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Nodule type

Axial long axis

Axial short axis

Axial average diameter
Coronal long axis
Coronal short axis
Coronal average diameter
Sagittal long axis
Sagittal short axis
Sagittal average diameter
Effective Diameter
Max 3D Diameter
Volume

Mean HU + 5D

Nodule Mass
Spiculation

Shape

Endobronchial
Perifissural\Subpleural
Lobe

Doubling Days

165.9 (mm?3)
-435+793
158.7 (mq)

No
Oval
No
No
HLL
h34

135.3 (mm?3)
-476+454
128.9 (mq)

No
Oval
No
No
RLL

0.6 (83 %)
0.3 (4.9 %)
05 (7.6 %)
0.6 (9.4 %)
0.6 (103 %)
0.6 (9.8 %)
02 (2.9 %)
03 (5.1%)
0.3 (4.7 %)
0.4 (62 %)
05 (6.8 %)
30.6 (22.6 %)
41

29.8 (23.1%)



fi= Patient Directory

Review Lung Nodule Assessment
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Charakterizace plicniho uzle - radiomics

Shape features Texture features
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X Malignant
X
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LDCT scans
with nodule contour

Feature extraction
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Distinctive feature identification
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SVM classification

LASSO feature selection
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Vypocet rizika, porovnani dvou CT vysetreni

Input Model Output
« Malignancy probability
& o « LUMAS risk bucket
: % ncer rs : - Cancer localization
Prior Current :: prediction model

Prior Current . I .

Cancer

. detection
i R : .. -P
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Learned features
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How to — predtrénované sité

&\ MathWorks:

Help Center

Products

Solutions  Academia

Support Community  Events

« Documentation Home
« Examples

« Deep Learning Toolbox

Category

Get Started with Deep Leamning
Toolbox

Deep Learning with Images

Deep Learning with Time Series,
Sequences, and Text

Deep Learning Tuning and
Visualization

Deep Learning in Parallel and in the
Cloud

Deep Learning Applications

Deep Learning Import, Export, and
Customization

Deep Learning Data Preprocessing
Deep Learning Code Generation

Function Approximation, Clustering,
and Control

Type
@ Al

-~

() MATLAB

O Simulink

~

23
23

67
22

10
24
24

23
21

Documentation ~ Examples

Functions

Blocks Apps Videos

Deep Learning with Images — Examples

catas g
0

Classify Webcam Images
Using Deep Learning

Classify images from a webcam in
real time using the pretrained deep
convolutional neural network
GoogLeNet

4
Classify Image Using
GooglLeNet

Classify an image using the
pretrained deep convolutional neural
network GooglLeNet.

Train Deep Learning
Network to Classify New
Images

Use transfer learning to retrain a
convolutional neural network to
classify a new set of images

Answers

Train Residual Nety
Image Classificatio

Create a deep learning n¢
network with residual con
and train it on CIFAR-10 ¢
Residual connections are

Ko
Transfer Learning with
Deep Network Designer

Interactively fine-tune a pretrained
deep learning network to learn a
new image classification task.

Wat— Cas

W Warms Playing Cores

A

Extract Image Feat
Using Pretrained N

Extract learned image fea
a pretrained convolutiona
network and use those fe:
train an image classifier. f

Accuracy (%)
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Trial Software §

Product Updates

R2020b

Inception-v3

ResMet-101 . oeption
ResNet-50 DarkNet-53 .
@EficientNet-b0
DarkNet-19 @ NASNet-Mobile
L ]
MobileNet-v2

ResNet-18

. . Inception-ResNet-v2

DenseMNet-201

NASNet-Large

Relative Prediction Time Using GPU

VGG-16 VGG-19
.GclclgLeNEt
L]
ShuffleMet
Alibaba Cloud
SqueezeNet
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Oportunisticky screening

e Osteoporoza
* Nealkoholicka steatdza jater (NAFLD)

L2

* Emfyzém T
¢ Fibréza - i +1.96 50

150

difference of developed system and QC'

10 L -1.96 SD
Average 73.04 (HU) Average 63.58 (HU) -10.5
; -20}-
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} % —
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mean BMD of developed system and QCT

Pan Y, Shi D, Wang H, Chen T, Cui D, Cheng X, Lu Y. Automatic opportunistic osteoporosis screening using low-dose chest
computed tomography scans obtained for lung cancer screening. European radiology. 2020;30(7):4107.



Onemocneéni vencitych tepen (kalciove skore)

Lessmann N, van Ginneken B, Zreik M, de Jong PA, de Vos BD, Viergever MA, ISgum |. Automatic calcium scoring in low-dose
chest CT using deep neural networks with dilated convolutions. IEEE transactions on medical imaging. 2017 Nov 3;37(2):615-
25.



Otazky

e Return of investment (ROI) z pohledu

e Zdravotnického zarizeni

* Urychleni vysSetfeni = lepSi vytizenost pfistroje, radiologa
* Platce

e ZlepsSeni a zpresnéni diagndzy, dalsi diagnostické testy

* Problém kompatibility mezi vyrobci, vysetfovacimi protokoly

* \Vzdy odpovednost na nas



Jaka je u CT vySetieni radiaéni zatéz?

iadna

velmi nizka

nizka

stfedné vysoka

velmi vysoka

Jaké diisledky muZe mit na zdravi CT vySetieni?

Vznik tumoru nema vliv malé riziko stiedni riziko vysokeé riziko
Zhor3eni funkce jater nema vliv malé riziko stfedni riziko vysoké riziko
Zhorieni funkce ledvin nema vliv malé riziko stiedni riziko vysoke riziko

Z CT vySetfeni

nemam obavu

mam mirné obavy

mdm velké obavy

Z podani kontrastni latky do Zily

nemam obavu

mam mirné obavy

mam velké obavy

Z vysledku CT vySetieni

nemam obavu

mam mirné obavy

mam velké obavy

Po piecteni informaci o CT vySetieni

jsem se dozvédél{a) dplIné nové informace

jsem si zpresnil{a) své informace

jsem se nic nového nedozvédél(a)

jsem nadale rozhodnut(a) CT vyietieni podstoupit

Po piecteni informaci o CT vySetfeni . .. onéco . .| Onéco podstatné

. R v e s podstatné mensi .. stejné ‘s wr

jsou mé obavy z CT vysetieni mensi wetsi VELE]
Chtél{a) bych CT vySetieni s niZii radiacni zatéi ano | jemito jedno ne

__ Vysledek se dozvim od svého lékare do nékolika dnd | tydne mésice za vice jak mésic
Vysledek se dozvim od svého lékaie telefonicky | postou ! e-mailem ! pfi pristi ndvitévé
Pial(a) bych si znat alespoii piedb&iny vysledek | do hodiny | dodne | do3dni do tydne

Do doby, ne budu znat alespon ) budu v mirné budu ve vyrazné
e . budu v klidu . .
predbéiny vysledek, nejistoté nepohodé
Divéioval/a byste vysledku vySetieni, kdyby ho . - L .
hodnotil pouze poéitat (misto lékafe — specialisty) ping méné | velmi milo vibec

Velmi Vam déekujeme za vyplneéni dotazniku!!!

70
60
50

£ 40

2 30
20
10

Co na to pacienti?

Dlivéfoval/a byste vysledku vysetieni, kdyby
ho hodnotil pouze pocitac

plné méné velmi malo vibec

Lambertova A, Harsa P, Lambert L, Kuchynka P, Briza J, Burgetova A.
Patient awareness, perception and attitude to contrast-enhanced CT
examination: Implications for communication and compliance with
patients’ preferences. Advances in Clinical and Experimental
Medicine. 2019;28(7):943-9.



Souhrn

* AI>SML>ANN>CNN e CT
» Skiagrafie hrudniku * polohovani
* lokalizér

e centrace, kolimace

» detekce a hodnoceni patologie ® segmentace anatomie

» detekce patologie
 kvantifikace nalezu
* koregistrace vysetreni

* Problém kompatibility mezi pfistroji * Oportunisticky screening

e Cena * Problém kompatibility mezi pfistroji
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