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DlSIJ technologies:

Advances that will
transtorm life, business, and
the global economy

Catching the wave




Einige wenige Beispiele aus unserem Erlebnishorizont

Telefon (Mobiltelefon) @ —> Smartphone (Nokia)
Analoger Fotoapparat ——> digitale Kamera (AGFA 2005)
LP —> CD, Dateien (EMI)

Landkarten (Verlage) ——> Navigationssysteme

ACatching the w

Die Notwendigkeit, flr grof3e und erfolgreiche
Firmen, disruptive Technologien aufzugreifen
um am Markt bleiben zu konnen.



Radiomics und deep machine lerning sind
disruptive Technologien (Nutzung von Silizium)

Automatischer Webstuhl

(VGerhard Hauptmann
ADi e Weber ) 1712 Thomas Newcomen



https://de.wikipedia.org/wiki/Thomas_Newcomen

A gallery of disruptive technologies

Estimated potential economic impact of technologies across sized applications in 2025, £ trillion, annual
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1. Mobile Intemet /]
2. Automation of knowledge work -

3. Internet of Things Internet der Dinge

4. Cloud E—

5. Advanced robotics
6. Autonomous and near-autonomous vehicles -
7. Next-generation genomics -

8. Energy storage

10. Advanced materials
11. Advanced oil and gas exploration and recovery

12. Renewable energy
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9. 3-D printing .
i
B
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SOURCE: McKinsey Global Institute
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\ > Intelligent software systems that can perform
hii
;‘y knowledge-work tasks

Potential economic impact in 2025 across sized applications of
$5.2 trillion-$6.7 trillion

Additional labor productivity could equal the output of 110 million-140
million full-time workers

Component technologies Key applications
* Artificial intelligence, machine learning e Smart learning in education
* Natural user interfaces * Diagnostics and drug discovery in health care

Discovery, contracts/patents in legal sector
Investments and accounting in finance sector

* Big-data technologies



CARLSEN | ;.. KASPAROV | =

CAPS _ CAPS

PROJECTED = PROJECTED
ELO :

ELO

TOP ENGINE [ TOP ENGINE
MATCH ' MATCH

TOTAL GAMES / £ TOTAL GAMES /
MOVES MOVES

Computer leads 2-0 over world Go champion in five-game match AlphaGo
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A computer program has beaten a master Go player 3-0 in a best-of-five
competition, in&fiat i1s seen as a landmark moment for artificial intelligence.™>

March 2016



Mastering the game of Go without
human knowledge

David Silver'*, Julian Schrittwieser'*, Karen Simonyan'*, Ioannis Antonoglou', Aja Huang'!, Arthur Guez!,
Thomas Hubert!, Lucas Baker!, Matthew Lail, Adrian Bolton!, Yutian Chen!, Timothy Lillicrap', Fan Hui!, Laurent Sifre!,
George van den Driessche!, Thore Graepel' & Demis Hassabis'

354|NATURE|VOL550|190ctober2017

Bislang: Neu:

Computer lernt anhand von Nur Spielregeln,
Datensatzen (Erfahrung). ohne Datenbank
Nachteil: geeignete Maoglichkeit:
Datensatze miissen Den Goldstandard
verfligbar sein.... tbertreffen.
(Kosten, Gite der Daten,

pure Existenz).




A long-standing goal of artificial intelligence is an algorithm that learns, tabula rasa, superhuman proficiency in
challenging domains. Recently, AlphaGo became the first program to defeat a world champion in the game of Go. The
tree search in AlphaGo evaluated positions and selected moves using deep neural networks. These neural networks were
trained by supervised learning from human expert moves, and by reinforcement learning from self-play. Here we introduce
an algorithm based solely on reinforcement learning, without human data, guidance or domain knowledge beyond game
rules. AlphaGo becomes its own teacher: a neural network is trained to predict AlphaGo’s own move selections and also
the winner of AlphaGo’s games. This neural network improves the strength of the tree search, resulting in higher quality
move selection and stronger self- play in the next iteration. Starting tabula rasa, our new program AlphaGo Zero achieved
superhuman performance, winning 100-0 against the previously published, champion-defeating AlphaGo.

ATabula rasafi | ernen i n e



Wichtige Beispiele

Arkennung von Lungenkrebs oder Schlaganfallen auf der Basis von CT-Scans

Beurteilung des Risikos eines pldtzlichen Herztodes oder anderer
Herzerkrankungen anhand von Elektrokardiogrammen und Herz-MRT-Aufnahmen

Klassifizierung von Hautlasionen in Hautbildern

Ainden von Indikatoren fur diabetische Retinopathie in Augenbildern

Detecting lung cancer Assess cardiac health Classify skin lesions Identify retinopathy
from CT Scans from electrocardiograms from images of the skin from eye images

Quelle:
https://www.datarevenue.com/de-blog/kuenstliche-intelligenz-in-der-medizin



Wie konnen wir Al nutzen?
Nur Computer assistierte Diagnose
oder moglicherweise doch mehr?
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Ziel personalisierte Medizin:
Erfolgsversprechende Therapie auswahlen
die Strategie von AVersu

Teranostics

Motto S RSNA 2010
RSNA 2010: oo s

European Society of Radiology (2011) Medical imaging in
personalised medicine: a white paper of the research commit-
tee of the European Society of Radiology (ESR). Insights
Imaging 2:621-630




Beobachtung 1:
Tumoren der gleichen Entitat sprechen

unterschiedlich gut auf eine spezielle
Therapie an

Beobachtung 2:
Therapieoptionen stehen in
zunehmender Anzahl zur Verfligung

Beobachtung 3:
die Molekularbiologie erstarkt

Konsequenz: Individualisierte Medizin




Insights Imaging (2015) 6:141-155
DOI 10.1007/513244-015-0394-0

STATEMENT

Medical imaging in personalised medicine: a white paper
of the research committee of the European Society of Radiology
(ESR)

European Society of Radiology (ESR)

frihe Diagnose und gezielte, individuelle Therapie




Ziele der personalisierten Medizin

1. Unterschiedliches, die das Therapienansprechen
betreffen erforschen (Genexpression u. a.)

2. Test entwickeln, die diese Unterschiede
darstellen

3. Die Therapie anhand der Testergebnisse
auswahlen, so dass die Nebenwirkungsrate
reduziert und die Ansprechrate verbessert wird



Genomics

Gensequenzierung zur Phanotypisierung

Ziel: personalsierte Medizin




Wednesday, Oct 19, 2005

Pivotal Herceptin Data in the New England Journal of Medicine Showed
Significant Improvement in Disease-Free Survival in Early-Stage HER2-
Positive Breast Cancer

-- Interim Analysis of Two Phase Ill Trials Showed That Adding Herceptin to
Chemotherapy Reduced the Risk of Breast Cancer Recurrence by 52
Percent --

Herzeptin binded an HER2/neu (Humaner Epidermaler Wachstumsfaktor
Rezeptor, dieser ist bei 25 % Uberexprimiert)

DNA | GRAM
scans ON

reveal
keys to

disease
Drop of blood
pre 'Qts health

. aARGARET MUNRO

Calgary Herald.
Feb 12, 2007




Nachteile von Genomic und Proteomic:
Biopsien notig

Tumore sind raumlich und zeitlich heterogen:
mehrere klonale Subpopulationen

ABi opsi efehl eri




Linear (mono-clonal) progression

Normal

Pre-malignant

CCR Biology Behind

In situ
carcinoma

Invasive Metastatic
carcinoma carcinoma
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GRAFIK

Magliche Therapiestrategien in Abhéngigkeit der Rolle von Tumorstammzellen

TSZ ohne we-
sentliche Bedeu-
tung filr Rezidiv
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Primartumor :
Therapieresistente |
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TSZ haben '

Tumnrstamm- & O Differenzierte wesentliche |
zelle (TSZ) Tumorzelle Bedeutung fir l
Rezidiv !

(©) entdifferenzier- (C) stromazelle |
te Tumorzelle :

Spezifische Anti-
TSZ-Strategie un-
wirksam, evtl. indi-
vidualisierte The-
rapie o. Zytostatika

Individualisierte
Theraplestrategie
erforderlich

Spezifische
Anti-TSZ-Strateqie
erforderlich

madilizier! nach; Mature Rev Cangar 2013; 13: 7 2738



Genomics und Proteomics in die Radiologie
Ubertragen: Radiomics / Radiogenomics

ARTICLE
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Decoding tumour phenotype by noninvasive
imaging using a quantitative radiomics approach
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Unterschiedliche Phanotypen
gleicher histologischer Entitaten

derzeit unstrukturierte Prosa eines
subjektiven Eindrucks

Mehr Informationen als offenkundig
In einem schriftlichen
Standardbefund auffuhrbar mittels
Software aus den Bilddaten
extrahieren und strukturiert mittels
Anwendung von Datenbanken
auswerten = Radiomics




hohe Anzahl von Merkmalen (hier n = 440)
Form, Textur, Dichte (oder Signalintensitat)

1019 Patienten: Lungen-Ca oder Kopf-Hals Tumoren

1. Radionomics-Signaturen, die mit unterschiedlichen Prognosen
verbunden waren konnten identifiziert werden

2. Diese Signaturen waren mit den unterschiedlichen Gen-Expressionen
korreliert

3. Radiomics-Analysen sind kostengunstig und konnen nicht invasiv
anhand der klinisch notwendigen Bildgebung durchgefuhrt werden

\\\\\\\

Decoding tumour phenotype by noninvasive
imaging using a guantitative radiomics approach




[) CT imaging

ARTICLE
Receed 75 Now 2013 | Azcepied 73 Apr 2014  Publshed 3 un 2014 | Upcated 7 Aug 2014

Decoding tumour phenotype by noninvasive
imaging using a guantitative radiomics approach

intan Parmar'?,

Il) Feature extraction

lll) Analysis

Wavelet '

Radiomic features Gene expression

o 3

Clinical data




|
2 J9 4 5 6 7
S-13-2047




Mean of the
positive pixels
(MPP)

Standard deviation
(SD)

. Textur: erste Ordnung

Hounsfield density

Negatively skewed distribution Normal distnbution Positively skewed distribution ASSymetrie
or Skewed to the left Symmetrical or Skewed to the nght
Skewness <0 Skewness =0 Skewness > 0
D.

Steilheit des Peaks

Kurtosis <0 Kurtosis = 0 Kurtosis > 0
L

Lubner MG, Smith AD, Sandrasegaran K, Sahani DV, Pickhardt PJ. CT Texture Analysis: Definitions, Applications, Biologic Correlates, and
Challenges. Radiographics. 2017 Sep-Oct;37(5):1483-1503. doi: 10.1148/rg.2017170056.



Textur: zweite Ordnung

Lubner MG, Smith AD, Sandrasegaran K, Sahani DV, Pickhardt PJ. CT Texture Analysis: Definitions, Applications, Biologic Correlates, and
Challenges. Radiographics. 2017 Sep-Oct;37(5):1483-1503. doi: 10.1148/rg.2017170056.
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Lubner MG, Smith AD, Sandrasegaran K, Sahani DV, Pickhardt PJ. CT Texture Analysis: Definitions, Applications, Biologic Correlates, and
Challenges. Radiographics. 2017 Sep-Oct;37(5):1483-1503. doi: 10.1148/rg.2017170056.



Radiomics Workflow

Verfiigbarmachen der Daten: Bildgebung,
klinische Daten, Diagnose, Therapie und
Outcome

-

Imaging Segmentation Feature extraction Analysis
Quialitativ hochwertig | | (semi-) automatisch Ami nabl ef
und standardisiert, minimale Mensch- Datenbanken die eine
Aber: klinscher Maschiene-Interaktion Korrelation mit Genom-
Standard hierdurch Signaturen und klinischen
grofRer Datenpool Daten ermdglichen

Lambin P!, Rios-Velazquez E, Leijenaar R, Carvalho S, van Stiphout RG, Granton P, Zegers CM, Gillies
R, Boellard R, Dekker A, Aerts HJ.

Radiomics: extracting more information from medical images using advanced feature analysis.
Eur J Cancer. 2012 Mar;48(4):441-6. doi: 10.1016/j.ejca.2011.11.036. Epub 2012 Jan 16.



Wa s

St

AMachine

l erni ngn 1 n

a) Training: Iteratively learning until finding the best model to classify benign/malignant tumors

Labels W| ssen . .
Benign/Malignant Machllne I._tte\armng
Tumors r Algorithm
Input Images Feature Extraction Feature Vectors 8 §-;'\\\,“,;~_,
Intensity b

Edges

Texture rE—— ] | | | | i

Shape etc... it

Bilder
b) Predicting: Applying the best model to predict a new image
Y
The best

New Images

Erickson et al. Machine learning for medical imaging. Radiographics 2017, 37 (2) 505-515

Feature Extraction

Intensity
Edges
Texture
Shape etc...

DOI: : 10.1148/rg.2017160130.

Feature Vectors

classifier model

=— HHEEN

Predicted Labels:
Benign/Malignant
Tumors




Multilayer neuronal network

input

(a) weight sum of

X1 W, weights _ o _

nonlinear activation function
{ 1 5
X, "FLZLW-=| —
L output
P (becomes input
X W,
at next layer)

(b) Input 1% hidden 2" hidden Output

layer layer layer layer

- b s % { k!
v=r LEI.W.-J }*‘_ﬁf’{zx,-wfj v=r |\~LLW,J



Neuronales Netzwerk

Weight

Labels

Error (loss)

Optimizer
e.g. SGD

Hidden Layers
A

function

Erickson et al. Machine learning for medical imaging. Radiographics 2017, 37 (2) 505-515

DOI: : 10.1148/rg.2017160130.



deep convolutional neuronal network

(a) Input layer (b) Convolutional layer (c) Pooling layer Fully-connected layer Output layer

Feature
maps



Training | Validation
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Radiomics
features
definition

|
RIDER Multiple Lung1 | H&NA1 H&N2
test/retest delineation \EEE]ife] | Maastro VU Amsterdam
NSCLC | HNSCC HNSCC
n=31 n=21 n=422 | n=136 n=95
v Y o J | v v v Radiomics features
Stability rank Stability rank Radiomics features | Radiomics features Radiomics features Radiomics features &
features features | gene-expression
Feature selection based |

» on stability ranks and |

performance |
| v v v
Rad"’";"?s,s'g;‘at“’e | . Prognostic Prognostic Prognostic validation Association
(Co?e;':]'?e%)c’”r | validation validation H&N cancer cohort ~ with gene-expression

| lung cancer cohort H&N cancer cohort
|

Outcome

Tod als Endpunkt v

Training \? Gen-Expression

Outcome
T Tod als Endpunkt
Decoding tamour phenotype by nonimvasive Validieren

John Quackenbush®, Robert 1. Gilies® & Philippe Lambin'



Figure 1
UNI=302; BI=6556 UNI=29.5; BI=6120 UNI=302, BI=592.7
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Reader 2

Reader 3

First CT Scan Second CT Scan First CT Scan
(remeasurement)
Figure 1:  Three radiologists' manual unidimensional (UN/, in millimeters) and bidimensional (B/, in

square millimeters) measurements of tumors on CT scans. Two greatest diameters (lines) were drawn by radi-
ologists. Measurement values are at top of each scan.

RIDER-Datensatz
(6ffentlich verfugbar)

31 Patienten die 2 Mal im
Abstand von 15 Minuten
untersucht wurden

16- oder 64 Zeiler, kein KM

(Memorial Sloan-Kettering
New York)

Merkmale hoherer Stabilitat
zeigten bessere Korrelation
mit der Uberlebenszeit

ARTICLE

Decoding tumour phenotype by noninvasive
imaging using a quantitative radiomics approach
) ) . .

Zhao, B. et al. Evaluating variability in tumor measurements from same-day
repeat CT scans of patients with non-small cell lung cancer. Radiology 252,
263-272 (2009).



Figure 3

0.96
Radiologen

1.00
Computer

Figure3: Computer-generated contours (white lines, superimposed on original images), two maximal perpendicular diameters (black lines, lower leftimage for firstand sec-
ond scans), and three-dimensional views (lower right image for firstand second scans) of peripheral tumor on first (measurements: unidimensional = 29.7 mm, bidimen-

sional = 507.9mm?, volumetric = 5564.4 mm?) and repeat (measurements: unidimensional = 29.5 mm, bidimensional = 510.4 mm?, volumetric = 5875.3 mm®) scans.
Every second sectional image was displayed.

Zhao, B. et al. Evaluating variability in tumor measurements from same-day
repeat CT scans of patients with non-small cell lung cancer. Radiology 252,
263-272 (2009).



21 Patients: Tumors measured by 5 physicians

van Baardwijk, A. ef al. PET-CT-based auto-contouring in non-small-cell lung
cancer correlates with pathology and reduces interobserver variability in the

delineation of the primary tumor and involved nodal volumes. Int. J. Radiat.
Oncol. Biol. Phys. 68, 771-778 (2007).

www.cancerdata.org




2 Z-sgore 1 2 Patients n= 422

Nicht Giberwachte
Mustersortierung

Intensity 3 M USte r

Shape

Texture

it Korrelation mit
HHL initialem
- Tumorstadium
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Wavelet

LHH

LHL und Histologie

LLH

Radiomics features

LLL

cuusers N
wtage |11 |1 00000 10O DTN N0 0 IIIlIIIIIIIlIIII]zll
s | 0O R o

M-stage

ARTICLE

Accepted 29 Apr 2014 | Published Updsted 7 g 2010 TR m—rn

imaging using a quantltatlve radi

| ol
overalistage || ||| [[11] |IlIIIIIIIIIIIIIIIIIIIIIIIIIIIII-I-IIIIIIIIIIIIIIIIIﬂll 1 I Decodin tamour phenatype by noninvasie
X

vistoogy AR 00 VAN A O A ot

. Adenocarcinoma . Squamous cell carcinoma . Large cell carcinoma .Not otherwise specified (nos) [_|NA




Heterogenitat in Textur und Form
waren mit geringere Uberlebenszeit verbunden

238 der 440 ausgewerteten Merkmale (54%)
korrelierten mit der Uberlebenszeit
Kopf-Hals Tumoren 135 (31 %) und 186 (42 %)

66 Merkmale (15 %) korrelierten in allen 3
Gruppen mit der Uberlebenszeit
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REGULATION_OF_MULTICELLULAR_ORGANISMAL_PROCESS
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positive Korrelation
zur Gen-Expression

wenn Radiomics mit
TNM Stadium kombiniert
wurde stiegt die
Aussagekraft hinsichtlich
der Prognose

Radiomics alleine war
besser als TNM alleine

Die Aussagekraft
hinsichtlich der
Prognose blieb fir die
verschiedenen
Therapieschemata
erhalten

ARTICLE

Receved 25 Nov 2003 | Accepted 23 Apr 2014 | Publishes

0 3 Jun 201
Decoding tumour phenotype by noninvasive

Upésted 7 Aug 2014

John Quackenbush®, Robert J. Gillies® & Philippe Lambin'




ARadi ogenomics venous invasionfi Rald
Zur Vorhersage der mikrovaskularen Infilltration

157 Patienten mit HCC, (72 OP, 85 LT), 3 Institute

Interobserver Agreement 5 Radiologien:a = OP. 7<050;. 00 1
Diagnostische Genauigkeit 89%, Sensitivitat 76%, Spezifitat 94%
niedrigere UberlebensrateP < 0. 001; 48 vs. >147

Niedrigeresrezidiv-f r ei es | berl eben von 3 Jah

Banerjee S, Wang DS, Kim HJ, Sirlin CB, Chan MG, Korn RL, Rutman AM, Siripongsakun S, Lu D,
Imanbayev G, Kuo MD.

A computed tomography radiogenomic biomarker predicts microvascular invasion and clinical
outcomes in hepatocellular carcinoma.

Hepatology. 2015 Sep;62(3):792-800. doi: 10.1002/hep.27877




manuelle Segemtierung und Extraktion von Merkmalen
6 Bildgebungs-Biomarker
Korrelation zur Genanalyse (18 000 Gene)

doxorubicin drug response gene expression
Tumorbegrenzung in der arteriellen Phase

Genexpression P <.05,g<0.1
Venaose Infiltration und TNM (P <.05, g <0.1)

Kuo MD, Gollub J, Sirlin CB, Ooi C, Chen X.

Radiogenomic analysis to identify imaging phenotypes associated with drug
response gene expression programs in hepatocellular carcinoma.

J Vasc Interv Radiol. 2007 Jul;18(7):821-31.




Internal arteries b
H CC 4 : B Image trait selection
dle An alyse von 3 processing | 138 traits Data selection (6,732 genes)
v
Image traits Expression data
28 Merkmalen
. :l | Clustering |
(Biomarkern) : o ) |
! Classification Gene partition <+ |
kann 78 % der ! program learning i
E Gene ;
existierenden | eSSt 5
i Module network v i
senmuster e o — | e
(Genprofile) S R :
Modules Annotation
vorhersagen s analysis
oL . Y
E £ T Graphic presentation
o ” A
Qo EMx
) ¥
2 S Validation in
g =1 independent cohort of
patients Imaging classes

Post-processing

Figure 1 Linking imaging traits and global gene expression. (a) Examples of imaging traits in HCC.
. (b) Strategy for constructing an association map between imaging traits and gene expression.

Segal E, Sirlin CB, Ooi C, Adler AS, Gollub J, Chen X, Chan BK, Matcuk GR, Barry CT, Chang HY, Kuo MD.
Decoding global gene expression programs in liver cancer by noninvasive imaging.
Nat Biotechnol. 2007 Jun;25(6):675-80.



Identify Molecular Target Image Feature Library Screen Image Phenotype

Phenotype Contrast Enhanced CT Imaging Library Construction and Validation
mRNA Expression (28 Imaging Features) Radiogenomic Risk Score Predictor

Identification of
Reduction and Classification Top Four Imaging
with SPC score Features
using MRAGE

Zi el ARadiogenomic based sulr

Jamshidi N, Jonasch E, Zapala M, Korn RL, Aganovic L, Zhao H, Tumkur Sitaram R, Tibshirani RJ, Banerjee S, Brooks JD,
Ljungberg B, Kuo MD.

The Radiogenomic Risk Score: Construction of a Prognostic Quantitative, Noninvasive Image-based Molecular Assay
for Renal Cell Carcinoma.

Radiology. 2015 Oct; 277(1):114-23. doi: 10.1148/radiol.2015150800.






