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Radiomika

»Radiomika a kép egy teruletébdl szarmazo kvantitativ adatakat alakitja at
big data adathalmazokka és egy-egy eltérést tobb szaz vagy tob ezer
numerikus parameéterrel jellemez”

plakk azonositasa 3D szegmentalas numerikus parameéterek (big data)

Kolossvary / Maurovich-Horvat et al. Jour Thor Img. 2018




Manhattan plot - A Manhattan plot is a scatter plot used in genetics to visualize the results of a
genome-wide association study (GWAS), showing the association of genetic variants (SNPs) with a
trait.

/

Napking-ring jel radiomika alapu azonositasa

Vulnerabilis plakk

4440 radiomikai parameéter

Manhattan plot
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Kolossvary / Maurovich-Horvat et al. Circulation CV Imaging, 2017 Dec




A jOovO radioloégusa

» Mesterséges intelligencia segitsegével
hatekonyabb munkavégzes valik lehetdve.

* Aradiologusok orvosi képalkotod konzultansokka

valnak és a klinikusokkal szorosan egyiitt
dolgozva a képalkotas el6tt és utan is
konzultalnak, segitik a személyre szabott

betegellatast.

Future radiologists will be far better than
the radiologists of today because of machines,
not in spite of them ... ”

M commelwels Egyetam
Roog F httpy/semmelweis.hu
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Al in medicine

Definition: Artificial |ﬂtE‘||igE‘ﬂCE‘ (Reference: Merriam-Webster)

»A machine’s ability to make decisions and perform tasks that
simulate human intelligence and behavior.

Definition: Machine Learnin E (Source: Arkerdar: Business Intelligence for Business)

» ,Afacet of Al that focuses on algorithms, allowing machines to learn
and change without being programmed when exposed to new data.”

Definition: Deep Learning (source: HCIT Experts)

»The ability for machines to autonomously mimic human thought
patterns through artificial neural networks composed of cascading
layers of information.”

B BARL 3TORZ SE & Ca. KG Tuttlingen/Germarny

Artificial Intelligence

The field of computer science
that seeks to create intelligent
machines that can replicate or
exceed human intelligence

Machine Learning

Subset of Al that enables
machines to leam from existing
data and improve upon that data
to make decisions or predictions

Deep Learning

A machine leaming technigue in
which layers of neural networks
are used to process data and
make decisions




Artificial intelligence (Al) and machine learning (ML) technologies

« methods

p—

©

Machine learning algorithms used in the medical literature
Artificial intelligence in healthcare: past, present and future, svn-2017-000101

W Support Vector Machine

® Neural Network

M Logistic Regression

¥ Discriminant Analysis

® Random Forest

M Linear Regression

“ Naive Bayes

& Nearest Neighbor

“ Decision Tree
Hidden Markov

¥ Others

@ KARL STORZ SE & Co. KG Tuttlingen/Germany

STOR




LLM — large language models: A large language model (LLM) is a type of Al trained on vast amounts of
data to understand and generate human language.
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Gepi tanulas: nem csak neurélis halokkal I ] _
iz 1 - Machine Learning
—
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Fontos fogalmak

Let's build an

Machines can one intelligent ) ) We need to go
day be as machine Wait... what is deeper
intelligent as intelligence’?
humans
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Tanulas mely neuralis halokkal

Deep Learning



ToOrténeti attekintés a kezdetektd

. Warren McCulloch & Walter Pitts, Nathanial Rochester from the John von Neumann suggesied
‘:F- 5 wroie a paper on how neurons IBM rescarch laboratories led imitating simple neuren functions
&‘? might work; they modeled a simple the first effort to simulate a by using telegraph relays or
neural network with electrical neural network. vacuum tubes.
circuits.
1949 [ 1950, @ @

Donald Hebb reinforced the concept of The Dartmouth Summer
e P s Frank Resenblatt began work
neurons in his book, The Organization of Research Project on Artificial
. . _ - on the Perceptron; the oldest
Behavior. it pointed out that newral Intelligence provided a boost .
. I ; neural network still in use
pathways are strengthened each time to both artificial intelligence

N E U R A L they are used. and neural networks. today.

o g RN

1943-2019

John Hopfield presented o Progress on neural Marvin Minshy 2 Bernard Widrow &2 Marcion Hoff of
paper to the naticnal network research ~ Seymour Papert proved  Stanford developed models they
Academy of Sciences. His halted due fear, the Perceptron to be called ADALINE and MADALINE;
approach to create uscful unfulfilled claims, limited in their book, the first neural network to be

devices; he was likeable, Perceptrons.
articulate, and

charismatic.

applied to a real world problem.

1998

US-Japan Jeint Conference on Cooperative,”

cf"‘“lﬂﬁ“'m rlhul'ﬂl Notworks; ]Ell|lllll1 £|rln|]u.|1:::d thelr American Institute of Physics A recurrent neural network Yann LeCun published Neural networks
:'f?hﬁ“::l;u:?:‘cﬂ;“ rcsul‘lc: ': U;‘; w:_":"'_n#'lfshu“t began what has become an framework, LSTM was Gradient-Based learning  discussions are
eing e chind and restarted the funding in = annual meeting - Neural proposed by Schmidhuber Applied to Document prevalent; the

Networks for Computing. & Hochreiter. Recognition. future is here!



.RY BRIEF History OF Artificial

Intelligence St .

_ bl X s
1956 Dartmouth Conference: birth of the i \
definiton/notion of Al  poa A PN W R S W
1974-2011 3x , Al winter” period with hype in between d“““*;:i\ Sictchpad _
1998 Yann LeCun (Facebook) Convolutional Neural 1950 1960 1970 1960 1990 2000
Network (hand-written postal code reading) o o OO PO

) Non-deep learning
AlexNet (2012) Geoffrey Hinton(Google): ImageNet .
=
contest winner(15.4 vs 26.2% error rate) Deep I_earnlng
convolutional neural

GoogLeNet (2015) i networks

Microsoft ResNet (2015) 3.6% error rate (better than

human) 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2018 2017




Black-box modell vs.
white-box modell

* Black-box modell * White-box modell
- Arendszer bemenetei €s - Arendszerben ervényes
kimenetei alapjan hatarozzuk torvenyszerusegek, es
meg a modellt. reszrendszerek mukodesenek

_ . 3 ismeretében hatarozzuk meg.
- A modell interpretacioja, a belso

miikodés. a részrendszerek - Amodell elemei és a valdsagos
leirasa ném cél rendszer elemei kozotti

osszerendelés megadhato.

- Az esetleges modell hibak
értelmezése, a rendszerre
vonhatkoztathato
kovetkeztetések levonasa, a
hibak elemzése, javitasa
altalaban egyszeru.

- Az esetleges modell hibak
ertelmezese, a rendszerre
vonatkoztathatd
kovetkeztetések levonasa, a
hibak elemzese, javitasa nehéz.



Neuralis halozat felépitése

« Graf modell: iranyitott, sulyozott graf
- Csomopontok (~idegsejtek)
- Iranyitott élek (~idegsejtek kapcsolatal,
jelatvivo csatornak)

- Sulyok (-neuronok kapcsolatanak
erossegere)



Harom rétegu halozat
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Aktivacios fuggvény ()

« A csomopont bemenetének és a kimenetének a kapcsolatat leird
figgveny:

- aktivacios fuggveny - altalaban nem linearis
- A halozat nem linearis viselkedesét bhiztositja
« Egyszeru aktivacios fuggvenyek:
- Heaviside vagy egységugras fliggveny
» Szamos mas aktivacios fuggvenyt hasznalunk
- Neuralis halo tipusatal fliggoen
 Valtozatok a kimeneti ertékkészletre:
- {-1, +1} (,bipolaris kimenet”)
- {0, 1} (binaris kimenet)



Példa folytonos aktivacios
flggvényre
« Szigmoid fliggveny
* _ Folytonos kimeneti ertekek eloallitasa

14
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Mesterséges neuralis haldozatok:
Tipikus neuralis haloval
megoldhato feladatok



Osztalyozas:
adatok osztalyokba sorolasa
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Neuralis hal0ozat tanitasa

« Tanitas: a csomopontokat 6sszeko6to sulyok meghatarozasa

- Nagyon gyakran iterativ folyamat
- Cél: teljesuljon a kivant bemenet/kimenet leképezés

- Atanitashoz tanitd mintahalmazt hasznalunk:

 Ismert input-output adat-parok
« Szamuk Iényegesen nagyobb, mint a sulyok szama
« Tanitas ~ t6bbvaltozos hibafliggvény minimalizalasa
- Hibafliggvény: az ismert bemenetekre az aktualis haldzat altal adott
valaszok es az elvart kimenetek kozotti eltérés kvantitativ jellemzése:

« Leggyakrabban alkalmazott négyzetes hibafliggvény:
- a halozat altal adott és az ismert (helyes) kimenetek kozotti ertékek negyzetosszege

- Tanitas els6dleges célja: a hibafliggvény minimalizalasa



Halozat tanitasanak jellemzése

« Halozat altalanosito képessége

- Tanulasban részt nem vett bemenetekre milyen
.mertekben” ad helyes kimenetet

* Tanitas lehetséges gyakori hibai

- Tultanulas: a haldézat hibaja csokken, igy latszolag no az
altalanosito képesseég, de a halozat ,megtanulja” a tanito
halmaz elemeire adando valaszt, vagyis az altalanosito
kepesseqg novekedese csak latszolagos

- Alultanulas: a halozat altal biztositott leképzés hibaja
tovabbi tanulassal csokkentheto



Tultanulas” esete
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JAlultanulas” esete
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Megfelelo tanulas biztositasa:
maodszerek .

A) Alul-, 1ll. tultanulas elkertilése megfelelo
halézati topolodgia valasztasaval:

- megfeleloen valasztott rejtett rétegbell csomopont-szam;
- tanulas utan validacio.

B) Korali leallas modszere

- tanulo- és egy validacios halmaz,

- addig tanitunk, amig a validacios halmazon is csokken
a hiba.



Haldzatok tanitasanak tipusai

e Tanitas modszerének tipusa:

- Felligyelt tanitas

 Input-output adatparok hasznalata a sulyok meghatarozasara a tanitas soral
» Jellemz6 megoldando feladattipus: fliggvény kozelités, adat-osztalyozas
« Hibaflggveény: az input-output adatparok alapjan szamoljuk

- Felligyelet nélkiili tanitas

« Csak a hemeneti (input) adatok hasznalata a sulyok meghatarozasara a
tanitas soran

« Jellemz6 megoldando feladattipus: adat-klasszifikacio

« Hibafuggvény: az eredmeényre vonatkozo valamilyen a priori ismeretek
alapjan a kimeneti leképzés, haldzati sulyok sth. alapjan szamoljuk

— pl. az osztalyozas ,josaga” alapjan



Fellgyelt és felugyelet nélkuli
tanitas osztalyozasi feladat eseten

UNSUPERVISED LEARNING SUPERVISED LEARNING

Dataset
Known
Classes
Class A® Training Set
Unknown Class Be
Classes

l Train Model

L 4

l | Cluster Samples |

@
&

Ind dent
l Assign Class Labels "TZ‘;?';;"
Apply Model < (“Unknowns”)
Class A Class B Class A Class B

Class Discovery Class Prediction




* A convolutional neural network (CNN) is a type of deep learning
algorithm primarily used for image and visual data analysis. CNNs
automatically learn and extract features from data with a grid-like
structure, such as images, by using layers like convolutional, ReLU,
and pooling layers. These extracted features are then fed into fully
connected layers for tasks like image classification, object detection,
and image segmentation.



Ozatok

Konvolucios ha

X

Pooling

Klasszikus pooling mivelet - a felbontas felezése:

» Az eredeti kép pixeleit 2x2-es csoportokban kiatlagoljak
Klasszikus képfeldolgozasi analdgia:

* Un. rank szlrok: pixelértékek statisztikai tulajdonsagai alapjan sz(r
Pooling tulajdonsagai:

- Exponencialisan redukalja a dimenziészamot

« A kernel méretével aranyos csokkentés

Pooling tipusai:

« Avg Pooling: a pixelcsoport atlagat veszi

- Max Pooling: a pixelcsoport maximumat veszi

« Min Pooling: a pixelcsoport minimumat veszi

IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII".I



A konvolucios neuralis halézat (CNN) jellemzo

felépitese
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/,/ INPUT CONVOLUTION + RELU POOLING CONVOLUTION + RELU POOLING FLATTEN COL‘:::I“D SOFTMAX
FEATURE LEARNING CLASSIFICATION
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Egy alap architektura

1. réteg: konvolucios

2. réteg: pooling

3-4. réteq: konvolucios + pooling rétegparos (ha sziikséges még redukcio)
Eredmény kinyerése: (fully connected architektura)

un. flatten réteg: a 2D --> 1D konverzid;

un. softmax réteg: eredmény normalasa ugy (az 6sszeg egy lesz)

p ] 7] == GAR
[ ™1 — TRUCK
/ | | — VAN

'\D [] — sicYcLE

- P an — - sy E” ‘ i e O \
,/’/ INPUT CONVOLUTION « RELU POOLING CONVOILUTION + RELU POOLING FLATTEN FULLY SOFTMAX
| \ )\ CONNECTED )




What is kernel in CNN?

* In Convolutional neural network, the kernel is nothing but a filter that
is used to extract the features from the images. The kernel is a matrix
that moves over the input data, performs the dot product with the
sub-region of input data, and gets the output as the matrix of dot
products.



* Fully convolutional neural network:
Teljesen konvolucios, nem tartalmaz
fully connected réteget

* Encoder-decoder részekre tagolodik
* Encoder rész:

« dimenzio csokkentés
« Decoder rész:
* Dimenzio novelés

* Szemantikus szegmentacios
feladatok megoldasara

» Kifejezetten orvosi teriiletre szantal

* Alkalmazasi péeldak:

« Foggyokér szegmentacio
« Maj szegmentacio
* \ese szegmentacio

input
IMage o=
tile

oLutput
| segmentation

= = Z map

= COMY 3%3, RelU
copy and crop
§ max pool 2x2
4 up-conv 2x2
e CONY 121

. 22
o4



« Ugyan az az elv,
mint az Unet-nél
« 3D adatok
feldolgozasara
optimalis
« Bemenet és
kimenet 3D
adathalmaz




. CERTIFICATION: CLASSES

Software intended to provide information which is used to take decisions with diagnosis or
therapeutic purposes is classified as class lla, except if such decisions have an impact that
may cause:
‘death or anirreversible deterioration of a person's state of health, in which case itis
in class lll; or
*a serious deterioration of a person's state of health or a surgical intervention, in which
case it is classified as class Ilb.
Software intended to monitor physiological processes is classified as class lla,
‘except if it is intended for monitoring of vital physiological parameters, where the nature
of variations of those parameters is such that it could result in immediate danger to the
patient, in which case it is classified as class Ilb.
*All other software is classified as class I.
‘MDD vs MDR: European Medical Device Directives (soon to be replaced by the Medical Device
Regulation)



CERTIFICATION: CLASSES

MEDICAL
DEVICES
High Medium Low
Treat or Drives clinical Informs clinical
diagnose management management
~IMDRF 5.1.1 ~ IMDRF 5.1.2 (everything else)
Critical situation
or patient Class Ila
condition Category 11
~IMDRF 5.2.1
Serious situation
or patient Class ITa Class ITa
condition Cutegory 1i Category Lii
~IMDRF 522
https:/fowardsdatascience. comhow-to-get-clinical-ai-tech-approved-by-regulators-fa 18dfa1983b
Non-serious
situation or Class Ila Class Ila Class Ila
patient condition Category I iii Category Liii Category 1

(everything else)



FDA CLEARED ALGORITHMS

-— Anesthesiology

0.9%
7 | Cardiovascular

10.3%
Clinical
0.9%
Hematology
2.2%
Neurology
2.9%
Ophthalmic
1.3%

, 531
Radiology

76.7%

+S Benjamens, P Dhunnoo & B.

Mesko
ngj Digital Medicine volume 3,
Articie number: 118 (2020)




STROKE
.

Niz | AR, FDA clearance:
| Z 3 Y non- contrast CT ICH
~ 9 detection
b " Sensitivity? 93.6% (95% CI:
S 86.6%-97.6%)
e specificity: 92.3% (95%
Cl: 85.4%-96.6%)."

Using artificial intelligence to autematically

[ X
;

Koészonet: Martos Janos 2018




'CHEST XRAY ANALYSIS

Example results :
y PORTABLE ¢
<> oxieIT

Findings

® There is volume loss in both lungs. Ill defined
opacities are present bilaterally.

¢ Aleft sided pleural effusion is seen filling the

costophrenic sulcus.
e The hilar area is enlarged.
¢ The mediastinum is within normal limits.
e Central venous cathether is observed with tip at

the superior vena cava.

Impression
Bilateral consolidation. Left pleural effusion.




In-room CBCT

Baseline
treatment

optimization

—>

In-room MRI

Automatic segmentation

Pseudo CT generation

Dose prediction and automatic planning
Motion tracking

Outcome prediction

IOTHERAPY: ORGAN/LESION
EGMENTATION/DELINEATION

Treatment
optimization

Treatment
optimization

Treatment

Follow up

a

Treatment




AD OUTPERFORMING
AMMOGRAPHERS?

Performance of CAD software vs. radiologists by false-
positive rates

mnomnl = lmthﬂl =124
1 .
CAD software Potential
208 (at 100% reduction in
: Radicloalsis sensitivity breast
¢ . .
£% 9 threshold for | biopsies from
S04 cancer use of CAD
B v e o detection) software
e AVE = O-42323
AUC = 0.89626 Academic
% 02 04 o6 o8 1 radiology 80% 35% 57%
False Positive Rate department

Alyssa Watanabe of the University of Southern California (USC) Keck School of Medicine, ECR

2017
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(2020).



CONCLUSION

ML can surpass human level performance in certain,

narrowly defined areas (narrow Al)

» Diagnostic/imaging reports accelerated, precision
improved (segmentation, ECG)

« Correlation/regression information exploration (prediction,
age assessment)

« Requirements: big database, standardized protocols,
unified annotation

Ethical issues:

* low cost vs. narrow solution

« Responsibility?



Classification:

R0 TR G, S >
%x pooling o Gemamacst
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Segmentation: e
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Learning Deconvolution Network for ~{npooling

Semantic Segmentation ™~



