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Computational Imaging Research Lab

CIR Lab

Department of Biomedical Imaging
and Image Guided Therapy
Medical University of Vienna

* Neuroimaging
« Computer Aided Diagnosis

« Machine Learning / Data analysis
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Outline

Machine learning in medical imaging
 Image segmentation
« Detection of disease

« Prediction of disease course

Unsupervised learning

Deep generative models
« (Variational) Auto encoders
* GANSs

Big Data/Routine medical imaging data
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Applications in medical imaging

* Image Segmentation
« Detection of disease patterns

« Prediction of disease course
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Applications in medical imaging

* Image Segmentation
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Segmentation

« Segmentation of anatomical structures

e Liver, Brain, Vessels, Cells, Bones, ...

i output
Imat?lz o i ’ " segmentation
= & map
V.

i +

M 2 28 512 256
I’I"I 3 I’I‘l = conv 3x3, ReLU

- copy and crop

...... " m # max pool 2x2
IR X | g & & 4 up-conv 2x2

; 1024 ;
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2015 Olaf Ronneberger et al.
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Applications in medical imaging

« Detection of disease patterns
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Detecting disease patterns

Have a small set of labelled
« Training data needs experts data to train classification

« We can learn with minimal supervision
« Using pretrained network

« Unsupervised learning

Inject unIabeIIed data to
improve representation

[Thomas Schlegl et al.]
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Pretraining

« We can pretrain lower layers in an
unsupervised fashion: objective is to
become very good at representing the

data
Convolution + Bias + Activation Convolution
® ] . pretraln Subsampling Bi’_"-“ &
— 1 11 | Activation :E
« 2. finetune LT | 0
Receptive ﬁ"‘fldl .': : - Subsampling = t
« |t turns out you can transfer this across | N U
visual problems: the lower the layer, o [ AT
the easier the transfer toput imaee Featuremaps  \/ Pooled Featwe | Pooled  Fully comnected
maps maps

« Currently many approaches start from a
pretrained network, and the optimize
for a specific problem

Figures from Gonzales & Woods Chap 13
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Lung pattern classification

Xi supervised training 0 I

raw image conv-L max-P fc-L c-L
unsupervised pre-training

[Schlegl et al. MICCAI-MCV 2014]
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Quantify multi-modal imaging markers: breast imaging
C)
MRI/ |

=, B8 89

amply s

' -
PET, _
IcT “ “ Q,‘ *I Probability map Computational
- segmentation
wm R A K P

Multi-modal, multi-parametric imaging Breast lesion detection and segmentation

Internal Medicine / Oncology, Dep. Surgery, Dep. Biomed. Imag. & Img-guided Th., Molecular and Gender Imaging
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Applications in medical imaging

« Prediction of disease course
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High-level objective: predict individual disease course
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... predict individual treatment response
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Retinal disease
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Predict progression and response

Time > 7

OCT-Scan
Macula Edema

« Can we predict outcome from available information?
« Can we predict course of disease and treatment?

« |dentify the predictive features
[Vogl et al. 2015]
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Predict progression and response

cicle
Wda

Data we observe Future we want to predict
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Vogl 2017, Bogunovic 2017

Predict progression and response
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Predict if recurrence

OCCurs
Predict time to
recurrence to ensure
timely treatment

e

Signatures

Recurrence

LRC o

Non-Recurrence

AR
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Predicting recurrence and time of
recurrence

ANESEEEEEEA
HHHEHEEHHH
\ Time (Month)

Log Cox
Reg PH

Sensitivity 0.65 0.32 0.66
Specificity 0.81 0.95 0.76

ROC AuC 0.78 0.80

Random | Cox PH
Forest
AE 1.46 1.25
SD 1.01 1.06 1.26

Johannes Hofmanninger
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Vogl 2017, Bogunovic 2017

Identify predictive markers in the data
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Learn from large-scale population - and lots of data
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Imaging I —
Genomics 1

Clinical information
Treatment

Integrate multivariate data: we need Al to link observation to
prediction
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What is a diagnosis? A name for an observation

="
PE e
.-
-

We give a name to this set of
observations if it happens
often and is useful during

decision making

—— Treatment decision

In supervised learning we use known diagnosis, or markers as labels
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What is outcome?

MEDICAL UNIVERSITY c I R Johannes Hofmanninger
OF VIENNA www.cir.meduniwien.ac.at



Limitations of supervision: scale vs. effort

It’s a lot of expert work
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Limitations of supervision: interreader variability

« Sometimes the labels are | —

not very reliable Interobserver agreement for the ATS/ERS/JRS/ALAT
criteria for a UIP pattern on CT

Simon L F Walsh,! Lucio Calandriello,? Nicola Sverzellati,® Athol U Wells,
David M Hansell,® on behalf of The UIP Observer Consort

* Interobserver agreement
even with experts can be

low -
0 0204060,8 1
* Possible reasons: Thoracic radiologists (Fellows, n=5) -

« Patterns are difficult to Thoracic radiologists (experience <10 years, n=42) | Lo
assess or detect Thoracic radiologists (experience 10-20 years, n=27) | -

« The definition of Thoracic radiologists (experience >20 years, n=22) | to—t
patterns/names is hard to General radiologists (n=16) 1 | 4=
replicate

Curtesy Helmut Prosch, results: Walsh S et al. Thorax. 2016 Jan;71(1):45-51.
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A few objectives of un-supervised learning

« Find structure in the data: find groups of patients with similarly progression or
response paths

- Identify relationships between different variables

- Extend the vocabulary of markers or signatures we use for prediction
« Revisit and advance diagnostic categories

« Semi-supervised learning: exploit both un-labeled and labeled data

« Weakly-supervised learning: exploit clinical information that exists
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OF VIENNA www.cir.meduniwien.ac.at




Exploiting large-scale medical data

Identifying predictive markers in
heterogeneous clinical routine data
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Supervised / Unsupervised

Supervised learning: each |

training example has a ground © e, . ° st . A .

truth label. The model learns a . f:' B . '_'}':-'f'..--?,_'j . _"'"' .
decision boundary and replicates St St T St

the labeling on new data Ve oo el RS O W oo

Unsupervised learning: training , ;

& a o o o o 'I-;.: o 'l:'..'l
example do not have ground truth ©% 0 oo o - Al 8y %%—-.
labels. Th del identifi o ° % o . ol ok | R .. ol 2% i
abels. The model identifies : ¢+, % ege g-. % g
structure such as clusters. New AT S gt "o

H C'Enc y o 082 Jol o h. r":'l )
data can be assigned to clusters. e 3'5’“; . ” . !,_., " D"ﬂ'o
[} o = (=] ‘i o @ [a] S o 4]

Langs et al. 2018 Radiologe
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Generative Models

lan Goodfellow 2016 - GAN Tutorial - https://arxiv.org/abs/1701.00160
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Generative modelling

We train a model from samples drawn
from a distribution:

Pdata

It learns an estimate of this

distribution:

Pmodel
« Task 1: learns explicit representation of

Pmodel

« Task 2: learns to generate samples from

Pmodel
A distribution in the data / observation space: pdata
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Generative modelling

We train a model from samples drawn
from a distribution:

Pdata

It learns an estimate of this
distribution:

Pmodel
« Task 1: learns explicit representation of

Pmodel

« Task 2: learns to generate samples from

Pmodel
A distribution in the data / observation space: pdata
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Generative modelling

« We train a model from samples drawn e © o
from a distribution: ® ‘C‘
O C
Pdata “ ®
. . @
It learns an estimate of this ® ® Q.
distribution: ® ®
@ o @
Pmodel ‘ ‘
— : Pmodel
« Task 1: learns explicit representation of e
® O
Pmodel o
@

« Task 2: learns to generate samples from

Pmodel
A distribution in the data / observation space: pdata
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Generative modelling

« We train a model from samples drawn e © o
from a distribution: ° “‘
O o
Pdata “C’
. . O @
It learns an estimate of this @ o [ h
distribution: O )
@ P
Pmodel @ ®
. : Pmodel
« Task 1: learns explicit representation of ‘Cz
@
Pmodel Q ‘
@

« Task 2: learns to generate samples from

Pmodel
A distribution in the data / observation space: pdata
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Maximum likelihood

» Given training data and a model with model

e © o
parameters, we choose the parameters to Q'.
maximize the likelihood of the training ® ® ®0
@
examples ‘.
@ ‘:
m , @ @
* l).
0" = argmax [1 pmoder (x; 6) . ® e oo
6 =1 ‘ "
Pmodel(X; 6)
model distribution : @ ~
parameters of the model “

training examples

A distribution in the data / observation space: pdata
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Maximum likelihood

» Given training data and a model with model

® O o
parameters, we choose the parameters to .“
maximize the likelihood of the training ® ® ® 0

@
examples “
® @
Qe
m 0 O @
* l).
0" = argmax [1 Pmoaer(x?; 0) T ® . oo
0 =1
Pmodel (X; 0)
In practice .... log-space: : ®
@
@
@

m
0" = argmax ) 10gBmoaer(x?; 0))
6 .
=1

A distribution in the data / observation space: pdata
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Explicit density models

Pimodel (%6 0) ~ Paara(X)

« Explicit representation of the model density

« Examples:
« Gaussian mixture models

« Variational autoencoders

Maximum likelihood

Explicit density
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Implicit density models

Pimodel (%6 0) ~ Paara(X)

@)
. | O
« Implicit density model that can )
generate samples from its density O @)
« Examples: GANs, GSN
L i O

Maximum likelihood

Implicit density
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Example: Clustering / Gaussian mixture model (GMM)

o
(@) o OO 0
O O oo
00
o 00 °
o) 00 O
000
o O @)
o)
° 0, o
o o
O% o o0 ©O Oooo
o o oo o
© o
Observations Model distribution
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Taxonomy of generative models

Maximum likelihood

Explicit density Implicit density Direct

Tractable density Approximate density Markov Chain

Variational Markov Chain

Taxonomy following |. Goodfellow 2016
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Taxonomy of generative models

Maximum likelihood

\ 4

Explicit density

Approximate density

Variational

Variational Autoencoder

Taxonomy following |. Goodfellow 2016

@ MEDICAL UNIVERSITY Johannes Hofmanninger
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Taxonomy of generative models

Maximum likelihood

Implicit density Direct

Taxonomy following |. Goodfellow 2016
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Auto Encoders

lan Goodfellow 2016 - GAN Tutorial - https://arxiv.org/abs/1701.00160
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Convolutional Neural Network

Convolution Pooling Convolution Pooling Fully Fully Output Predictions
Connected Connected

] |
1

dog (0.01)
cat (0.04)
boat (0.94)
bird (0.02)
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Autoencoder

28x28x1

14x14x32 14x14x32
1152 1152
4] IR
7x7x64 7x7x64
3x3x128 10 11 v 3x3x128
, X,
— p "{ %’ ) L
Conv3 B ) /' Reshape
Conv2 stride=2 g i DeConv3
stride=2 \ i LI/ stride=2
|| Flatten FC L]
Conv1 DeConv2
stride=2 stride=2

28x28x1

DeConv1
stride=2

Figure from [Guo et al. 2017]
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Allt()enCOder Low dimensional representation ~ MSE(x, %)

Loss function

(bottleneck neurons) [

High-dimensional
Image representation

0000000

Encoder Decoder
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Stacked Autoencoder

[ [

Layerwise pretraining Finetuning
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#TBT ... Lung pattern classification

Xi supervised training 0 I

raw image conv-L max-P fc-L c-L
unsupervised pre-training

[Schlegl et al. MICCAI-MCV 2014]
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Example: faces

Input

Output autoencoder (30 dim)

Output PCA (30 dim)

Figure from [Hinton & Salakhutdinov Science 2006]
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https://www.google.at/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&ved=0ahUKEwiuzbazwMnYAhWRa1AKHWF3AJgQFggpMAA&url=https://www.cs.toronto.edu/~hinton/science.pdf&usg=AOvVaw3ukqJKrGVajT8i3Q3lP22E
https://www.google.at/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&ved=0ahUKEwiuzbazwMnYAhWRa1AKHWF3AJgQFggpMAA&url=https://www.cs.toronto.edu/~hinton/science.pdf&usg=AOvVaw3ukqJKrGVajT8i3Q3lP22E
https://www.google.at/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&ved=0ahUKEwiuzbazwMnYAhWRa1AKHWF3AJgQFggpMAA&url=https://www.cs.toronto.edu/~hinton/science.pdf&usg=AOvVaw3ukqJKrGVajT8i3Q3lP22E
https://www.google.at/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&ved=0ahUKEwiuzbazwMnYAhWRa1AKHWF3AJgQFggpMAA&url=https://www.cs.toronto.edu/~hinton/science.pdf&usg=AOvVaw3ukqJKrGVajT8i3Q3lP22E

The code layer represents structure

« Autoencoder: 784-1000-500-250-2 layers.

T+
e Look at the ,
W code layer +

CONODOMBEWN-O

Figure from [Hinton & Salakhutdinov Science 2006]
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https://www.google.at/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&ved=0ahUKEwiuzbazwMnYAhWRa1AKHWF3AJgQFggpMAA&url=https://www.cs.toronto.edu/~hinton/science.pdf&usg=AOvVaw3ukqJKrGVajT8i3Q3lP22E
https://www.google.at/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&ved=0ahUKEwiuzbazwMnYAhWRa1AKHWF3AJgQFggpMAA&url=https://www.cs.toronto.edu/~hinton/science.pdf&usg=AOvVaw3ukqJKrGVajT8i3Q3lP22E
https://www.google.at/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&ved=0ahUKEwiuzbazwMnYAhWRa1AKHWF3AJgQFggpMAA&url=https://www.cs.toronto.edu/~hinton/science.pdf&usg=AOvVaw3ukqJKrGVajT8i3Q3lP22E
https://www.google.at/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&ved=0ahUKEwiuzbazwMnYAhWRa1AKHWF3AJgQFggpMAA&url=https://www.cs.toronto.edu/~hinton/science.pdf&usg=AOvVaw3ukqJKrGVajT8i3Q3lP22E

Variational Autoencoder

mean vector

sampled
latent vector

~ N
Encoder - Decoder
Network Network
N -
(conv) (deconv)

standard deviation
vector

Loss function:  MSE(x,%) + f ZKL(qj(le)llN(O,l))
j

reconstruction property of latent space
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Variational Autoencoder

we Can sample Nnew cases

Generative Model

50

Johannes Hofmanninger
www.cir.meduniwien.ac.at

o4 | 24

MEDICAL UNIVERSITY

OF VIENNA

@



Generative adversarial networks

Goodfellow et al. 2014 NIPS - arXiv:1406.2661
lan Goodfellow 2016 - GAN Tutorial - arXiv:1701.00160
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A generative model: generates observations from a latent variable

Generator: G

G:Z - X G:zH X
(o —(x)

Z has a latent prior in the z space z ~ p,(2),Z € Z

G(:;0%) implicitely defines a model distribution 1, ¢.; (¢; 0©)
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A generative model: generates observations from a latent variable

Generator: G How do we train it to become good
at sampling?

G:Z - X G:zH X

Game:
Z The Generator generates fakes

The Discriminator has to tell fakes
and real examples apart

MEDICAL UNIVERSITY CI R Johannes Hofmanninger
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A generative model: generates observations from latent variable

Generator: G Discriminator: D

G:Z - X D: X - R

L

D(-; HD) scores how fake/real a sample looks like

MEDICAL UNIVERSITY CI R Johannes Hofmanninger
OF VIENNA www.cir.meduniwien.ac.at




Adsversarial learning

Generator: G Discriminator: D
Parameters: g(6) Parameters: g (D)
Cost function: j(©) g g6y Cost function: j®)g@) g(6))

e

Latent variable Observed variable real or faked Decision: is the
e.g., image image input real or fake

Both, generator and discriminator are differentiable

MEDICAL UNIVERSITY
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Adversarial learning

Generator: G Discriminator: D
Parameters: g(6) Parameters: g (D)
Cost function: j(©) g g6y Cost function: j®)g@) g(6))

) e

L) X . . .
@- The discriminator learns to
L]
g y discriminate between real
L]

examples @ and generated
e ° samples ©.

Minimize J®) through changing g(®)

MEDICAL UNIVERSITY CI R Johannes Hofmanninger
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Adversarial learning

Generator: G Discriminator: D
Parameters: g(6) Parameters: g (D)
Cost function: j(©) g g6y Cost function: j®)g@) g(6))

) e

()
t@- Its primary purpose is to provide
o
a y the cost function of the generator
° ° . .
with a reward function to evaluate

e ° its quality

MEDICAL UNIVERSITY CI R Johannes Hofmanninger
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Adversarial learning

Generator: G Discriminator: D
Parameters: g(6) Parameters: g (D)

Cost function: j(©) g g6y Cost function: j®)g@) g(6))

(—@ X

()
The generator learns to generate t@.
samples that are hard to discern : y
from real examples. Its cost ° °
function is penalized by the e °

discriminator.

MEDICAL UNIVERSITY CI R Johannes Hofmanninger
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Training: simultaneous stochastic gradient descent (SDG)

Generator: G Discriminator: D
Parameters: g(6) Parameters: g (D)
Cost function: j(©) g g6y Cost function: j®)g@) g(6))

e

2 minibatches of samples: Two gradient steps:

- z values drawn from model prior in z space - Update g(@) to get better at discriminating
generating X generated from real data

- X from the training example set - Update 9@ to minimize ;& which can

be e.g., & = _jD

MEDICAL UNIVERSITY CI R Johannes Hofmanninger
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Training
§(®) o(®)

Random samples G Generated “faked”
in z space observations x

(Sampled from prior) =HE” .- IAEZ - \\\ :
I D e
FEToHNERE- P
EMA~E Y VERS
NEsOsBnra'E
SAEESEELOANE
ARNEEONEEEE
ST PP
JREGREESOSEG

Real examples x

VP, 0@y = D)D) 9@ areg(rginrg(%([/(e(l)), 9 (6))

A minimax game using a value function

MEDICAL UNIVERSITY c I R Johannes Hofmanninger
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Training to reach equilibrium

Z-*Ilql" x 0 =d
D

This is a game, where each player wishes to A Nash equilibrium is a tuple (H(D), H(G))
minimize the cost function that depends on so that ](D) is a local minimum w.r.t. g(®) ;| and J©)
parameters of both players, while only having is a local minimum w.r.t. g(6)

control over its own parameters.
The solution to this game is a Nash equilibrium

MEDICAL UNIVERSITY Johannes Hofmanninger
OF VIENNA
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Example: adversarial learning in 1D

/ Pdata
/pmodel

T 7 T

N _ZIN

Init Updated D Updated G Equilibrium

Figure from Goodfellow et al. 2014 Generative Adversarial Nets arXiv:1406.2661

MEDICAL UNIVERSITY c I R Johannes Hofmanninger
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https://arxiv.org/abs/1406.2661
https://arxiv.org/abs/1406.2661

Deep Convolutional GANs (DCGAN)

Generator Discriminator
DeConv

DeConv

DeConv
DeConv

2] —

8x8x512

4x4x1024

16x16x256 ‘
32x32x128‘
64x64x3x
Goodfellow et al. 2014; Radford et al. 2015

MEDICAL UNIVERSITY c I R Johannes Hofmanninger
OF VIENNA www.cir.meduniwien.ac.at




580808
.0 0 > 0 o0
070 o Q” :
‘5,0:0 O
,f.:niﬂ,,f
W) 07, Q<
H.z:_,nv,_.nu,o
oSN~
,!.:,./,f/,/
7, 7*/ |

LILILIEY
DI
(M| MMM
G 01 G G
IR
kS 0| M|
EIEIEIEY
EBEER
MR
miq | S0 &
 uww§
~[ct[~ NN
IEIEIRIEIEY
EIRIRICYEY
o bl il R R sy
ﬁzz IS Ay
ECISIEIEY
Aui.u B
DIBIGIRY

IEAEIEIEIEIE
ZC1EIEIEIEIE]

“

1K

e~~~

AGunnnn

N0
I N NSNS N o\

::6.

[~~~ NN RN SR
uﬂ ,H.?77*7k7791.ov0
[ NN N NN NN NG| Q

mbo¢¢r¢zj‘

ion of data

ibut

1Str

ing the d

Learn

« We learn a manifold of plausible

« We can produce plausible data

[Goodfellow et al. 2014 Generative Adversarial Nets]

Figure from [Karras et al. 2017]
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Disentangling concepts - vector arithmetic in z space

In z-space, vector arithmetic is
feasible to some extent

man man woman

with glasses without glasses without glasses woman with glasses

Radford et al. 2015
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Conditional GANs - cGANs

« A condition c as an additional input to
both the generator and the discriminator

G:(Z,0)»> X G:(z,¢c)—X
D:(x,¢c) » d

p(x|c)

MEDICAL UNIVERSITY
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conditional GAN

Generator Discriminator

- -
ya C

C

MEDICAL UNIVERSITY c I R Johannes Hofmanninger
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Conditional GANs: image generation from labels

monarch butterfly goldfinch redshank grey whale

Odena et al. 2016 - Conditional image synthesis - arXiv:1610.09585

MEDICAL UNIVERSITY c I R Johannes Hofmanninger
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Image to image translation

Discriminator
Encoder - decoder

cl *'_'I1*I X (X, ) |"|I"* d

U-net style skip connections
- Map from image c to image x.

.- Use an image c as the condition for
the generator and discriminator
—> —> —EE—> —>
C X
—_—

Isola et al. 2016 Image to Image Translation - https://arxiv.org/abs/1611.07004
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Image to image translation: label map to image

Aerial photo to map

Input Ground truth L1 cGAN L1+ cGAN

output

https://phillipi.github.io/pix2pix/ Isola et al. 2016 Image to Image Translation - https://arxiv.org/abs/1611.07004
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Problem: mode collapse

Instead of covering the entire data
distribution, the generator has
extremely reduced output diversity
... hopping from one narrow area to
the next while the discriminator
catches up

Arjovsky et al. 2017

Target
L -
- - - -
Step 0 Step 5k Step 10k Step 15k Step 20k Step 25k

Metz et al. 2016

OF VIENNA www.cir.meduniwien.ac.at
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Wasserstein GANs - WGANSs

1.0 . , : : 1 . 1
e Critic instead of discriminator: instead of — Density of real
divergence, we use an approximation of 08| — Densityoffake |
—— GAN Discriminator
the earth movers distance WGAN Critic
0.6 |

« |If the data is actually on a low-dimensional
manifold, divergence can saturate, and
gradients can vanish

« Wasserstein distance as EM distance

approximation does not suffer from this

-0.2} _— Vanishing gradients

* Less prone to mode collapse in reqular GAN

Arjovsky et al 2017 - Theory - arXiv:1701.04862
Figure from Arjovsky et al 2017 Wasserstein GAN - arXiv:1701.07875v3
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https://arxiv.org/abs/1701.07875v3
https://arxiv.org/abs/1701.07875v3
https://arxiv.org/abs/1701.07875v3
https://arxiv.org/abs/1701.07875v3
https://arxiv.org/abs/1701.07875v3
https://arxiv.org/abs/1701.07875v3

Detecting anomalies with GANSs

Work by Thomas Schlegl et al.

https://www.cir.meduniwien.ac.at/team/thomas-schlegl
Schlegl et al. IPMI 2017 - https://arxiv.org/abs/1703.05921
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https://www.cir.meduniwien.ac.at/team/thomas-schlegl
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https://www.cir.meduniwien.ac.at/team/thomas-schlegl

Detect anomalies by having a good model of normal

Unseen data Sl RS Anomalies
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Schlegl et al. IPMI 2017 - https://arxiv.org/abs/1703.05921

Normality mapping of a query image

@
wa56§8%
O
Generator G o
Loss
\ > =)

‘0
*
.*
.®
.
-----
(3]

CL LA
2 ——— L L LR
2 ———— L]
. anmm
ENEsssssssssEsEEEEEEsEEEsEEEEEEEREE

backpropagation

Query Image

-.." NSRSt o : '"'o'\ v e

@ MEDICAL UNIVERSITY Johannes Hofmanninger
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Schlegl et al. IPMI 2017 - https://arxiv.org/abs/1703.05921

Normality mapping: Ingredient 1

Lr(2y) Residual loss L (Zr)\

Lr(zy) = X|x = G(z,)]
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Schlegl et al. IPMI 2017 - https://arxiv.org/abs/1703.05921

Normality mapping: Ingredient 2

\:>

MEDICAL UNIVERSITY c I R Johannes Hofmanninger
OF VIENNA www.cir.meduniwien.ac.at



Schlegl et al. IPMI 2017 - https://arxiv.org/abs/1703.05921
Normality mapping: Ingredient 2 (revised)

Feature matching [Salimans et al., 2016]

[ . .. i )
Discrimination loss Lp(zr)

\ S

£o(z,) = X |0 - /6(z,))]

MEDICAL UNIVERSITY
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Schlegl et al. IPMI 2017 - https://arxiv.org/abs/1703.05921

Normality mapping: Combined loss function

MEDICAL UNIVERSITY
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Schlegl et al. IPMI 2017 - https://arxiv.org/abs/1703.05921

Anomaly detection

1. Anomaly score :
Detection of anomalous images

A)=(1-1)-R(x)+A-D(x) s

« residual score and / ’ \

e discrimination score normal’ ‘anomalous

2. Residual image:
Detection of anomalous
regions within images

Xgr = |x — G(zp)|

MEDICAL UNIVERSITY c I R Johannes Hofmanninger
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Schlegl et al. IPMI 2017 - https://arxiv.org/abs/1703.05921

Experiments — Data Unsupervised GAN Training:

« 270 OCT scans of ‘healthy’ subjects (non-fluid)
« 1.000.000 2D image patches

« Testing - Detecting anomalies:
« 10 OCT ‘healthy’; 10 OCT ‘pathological’ (macular fluid)
« |n total: 8.192 image patches

Input data

@ MEDICAL UNIVERSITY Johannes Hofmanninger

OF VIENNA www.cir.meduniwien.ac.at



Schlegl et al. IPMI 2017 - https://arxiv.org/abs/1703.05921

Training process

————

epoch epoch 3 epoch 20

o m ow w

iter 1 iter 1.000 : iter 16.000
alo S S S A O 9o 0 AR T SN MDA PAETD Mot A 11 O R A AT AN O
3| G L i BRGSO R R 1B LR R
" D
= - Gsmoaih : : f :
2H —  Danootn | ......... i ....... ’

|
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

0 | i i i i i | i i i

training epochs
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Schlegl et al. IPMI 2017 - https://arxiv.org/abs/1703.05921

Can the model generate realistic images?

I

MEDICAL UNIVERSITY Johannes Hofmanninger
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Schlegl et al. IPMI 2017 - https://arxiv.org/abs/1703.05921

Can the model generate similar images?

‘ Query image ‘

Training set Test set Test set
(normal) (normal) (diseased)

Generated image

MEDICAL UNIVERSITY c I R Johannes Hofmanninger
www.cir.meduniwien.ac.at
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Schlegl et al. IPMI 2017 - https://arxiv.org/abs/1703.05921

Pixel-level detection of anomalies

Training set Test set Test set
(normal) (normal) (diseased)

3
'1-,'«_._‘;.‘ 2 2

| it

MEDICAL UNIVERSITY c I R Johannes Hofmanninger
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Schlegl et al. IPMI 2017 - https://arxiv.org/abs/1703.05921

Pixel-level detection of anomalies

Anomalous

240

210
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Schlegl et al. IPMI 2017 - https://arxiv.org/abs/1703.05921

Pixel-level detection of anomalies

Normal

240

210

4180

150

4120
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Schlegl et al. IPMI 2017 - https://arxiv.org/abs/1703.05921

Image-level detection of anomalies:
Anomaly score components

ROC Residual score

0.009
888% —— normal (train)
0.006 normal (test)
8882 —— anomalous

0.003
0.002
0.001

0.000
0.00120 200 400 600 800 1000 1200

0.0010
0.0008
0.0006
0.0004
0.0002

0.0 0.2 0.4 0.6 0.8 1.0 0.0000 —
. 0 1000 2000 3000 4000 5000 6000
False Positive Rate

True Positive Rate

Discrimination score
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Schlegl et al. IPMI 2017 - https://arxiv.org/abs/1703.05921

Image-level detection of anomalies: coc
Model comparison Lo
[Pathak et al., 2076]
( CAE g
0.8
aCAE *—% '-: o
o
N 0.6
[ Ca ba >
GANg | I 2
o 044
- y o aCAFE (0.73)
=S - Pp(0.72)
AnoGAN 0-2 ——  GAN (0.88)
—  AnoGAN (0.89)
0.0 ' ' '
| | 0.0 0.2 0.4 0.6 0.8 1.0
Pp o False Positive Rate

MEDICAL UNIVERSITY Johannes Hofmanninger
OF VIENNA www.cir.meduniwien.ac.at



2
A A
2 O

Identifying phenotypes E‘
Routine Radiology Imaging Data
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@

The reason for big data analytics

 Why real world datasets?

Learn from a representative sample to
identify robust marker patterns

Capture natural variability
High variability reality but limited training set
Nobody has time to annotate 1000s of cases

Inter-rater concordance may be low

MEDICAL UNIVERSITY c I R Johannes Hofmanninger
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Typical study data

U AU
6666666666
6666666666
6666666666
66666066666
6666666666
6666666666
6666666666
EeeeeBB6E6E6

MEDICAL UNIVERSITY
OF VIENNA

ceeeeeeees

100 Cases (10MB/case)
Carefully selected
Evaluated

Annotated

Homogeneous cohorts

Johannes Hofmanninger
www.cir.meduniwien.ac.at
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Collected within one month...

>4TB CT/MR Data

93

Johannes Hofmanninger
www.cir.meduniwien.ac.at
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Handle heterogeneity in real life data: correspondence

« Algorithmic localization of anatomical structures

« Mapping and comparison of positions across individuals

« Tracking of positions over time '
Hofmanninger et al. 2017

MEDICAL UNIVERSITY CI R Johannes Hofmanninger
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Multi-template normalization

Templates
@ Normalized Images
PACS Image5 ﬁ Atlas

R =Th ;v;;%

Hofmanninger et al. 2017
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Reports as weak annotations

IN: ALL, Herde? Infiltrate? Kontrolle vor Nabelschnur TX Technik: Multislice-CT, Somatom
venAYse Phase von Thorax und Abdomen von HAYhe der oberen Thoraxapertur bis zur

ler und coronaler Orientierung; fAl4r den Thorax Lungenkernel mit 3/2 in axialer und
ckonstruktionen des Thorax zur verbesserten Rundherddetektion: 120 ml KM 1.v. /4 /50, Der
1g der Untersuchung einschlie AYlich der KM-Applikation und ihrer Risiken aufgeklAert und
1 zur VU vom 01.07.2010. THORAX: Keine path. vergrAJA Yerten LK bds. axill Aor,

ein Pericarderguss, regelrechte Darstellung der Pulmonalarterien sowie der Aorta und ihrer
Pneumothorax. Keine pneumoniesuspekten Verdichtungen, totale RAlickbildung der

n der beschriebenen LungeAYdems. Keine intrapulmonalen RH. PAC-System li. pectoral mit
ie Leber von regulAsrer Form, der li. Leberlappen bis li. zur Milz reichend (Kissing Sign).
\osion im Lebersegment IL/IIT. Ansonsten keine ParenchymlAssionen. St.p.

eschriebene periportale A-dem heute nicht nachweisbar, geringe zentral betonte
xtrahepatischen Cholangiektasien bei unauftf. Pankreas. Die Milz, die Nebennieren bds. sowie
Kein Aszites. Die Harnblase kaum gefAl411t und unauff.. Die A. abdominalis sowie ihre

iff.. Regul Aare Darstellung der V. portae, kaliberkrAsftige V. cava inferior

liche, hypodense Areale im Bereich beider V. iliacae externae, in erster Linie Flussdefekten
alzyste li., ausgcprf\ﬂgtc InhomogenitArten sowie geringe VergrAJAYerung des Uterus.
railiacal sowie inguinal keine path. vergrAJAYerten LK. Re. inguinal zeigt sich ein ca. 2x1.2
U-Werten um 22, dies in erster Line St.p. ECMO zuzuordnen und regredient. An den

ich keine ostedestruktiven LASsionen.

MEDICAL UNIVERSITY
OF VIENNA

CT UND INDIKATION: Kontrolle vor TX Technik: Multislice-CT,
Somatom Sensation 64 Cardiac, Koll: 64 x 0.6 mm; eine venoese Phase von und von Hoche der bis
zur 1 3/2 mm im in axialer und coronaler Orientierung: fuer den mit 3/2 in axialer und
coronaler Orientierung; 12/ 3 mm thin MIP-Rekonstruktionen des zur verbesserten Rundherddetektion; 120 ml v/
4/ 50. Der Patient wird ueber die Art der Durchfuehrung der Untersuchung einschliesslich der -Applikation und ihrer Risiken
aufgeklaert und hat der C : Keine pathologisch vergroesserten
bds. s oder hilaer. Normgrosses Cor, kein Pericarderguss, regelrechte Darstellung der Pulmonalarterien

sowie der und ihrer A,ste. Kein Plewraerguss. Kein Pneumothorax. Keine pnewmoniesuspeken Verdichtungen, totale
Rueckbildung der vorbeschriebenen Veraenderungen im Rahmen der beschriebenen . Keine intrapulmonalen RH.
PAC-System linker pectoral mit der Spitze in der oberen . : Die von regulaerer Form, der

bis linker zur reichend (Kissing Sign). Unveraendert 4 mm messende, Laesion im /ML

% A-dem heute nicht

Ansonsten | itektomie, OP-Clips in Situ. Das vorbeschriebe
fertirahepatischen Cholangiektasie bel

nachweisbar, geringe zentral betonte Cholangiektasie, der normweit,

unauftf. . Die , die bds. sowie die bds. unauff., keine Hvdre rose. Kein . Die kaum
gefuellt und unauft.. Die A. abdominalis sowie ihre viszeralen grossen Gefaessabga ff.. Regulaere Darstellung der V. portae,
kaliberkraeftige V. cava inferior ( 7). , rupache, Areale im Bereich beider V. iliacae externae,
in erster Linie F tsprechend. Ca. 2,5x1.5 cm messen rarialzyste ligker, ausgepraegte Inhomogenitaeten sowie geringe

Vergroesserung des . (£yklusphase?) ,mes iell und parailiacg/Sowie inguinal keine pathologisch vergroesserten
. Re. inguinal zeigt sich ein ca. 2x1,2 essendes, flaves Verdigfitungsareal mit HU-Werten um 22, dies in erster Line St.p.
ECMO zuzuordnen und regredient. An denutdbgebildeten ossaeren Struktufen zeigen sich keine ostedestruktiven Laesion.

/111 Laesion

Kein Pleuraerguss.

[Thomas Schlegl et al.]
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Linking semantics and imaging to map reported markers

to new 1mages

« Machine learning can extract
structured information from
unstructured reports

« Link this to imaging data

« Algorithms can learn maps of
findings only based on imagin

an reports

MEDICAL UNIVERSITY
OF VIENNA

ALL. Herde? Infiltate? Kontrolle vor Nabelschnur TX Technik: Multislice-CT, Somatom
nAgse Phase von Thorax und Abdomen von HAShe der oberen Thoraxapertur bis zur
nkernel mit 3/2 in axialer und
coronaler Orientierung: 12,/ 3 mm thin MIP-Rekonstruktioner ora ddetektion: 120 ml KM i.v./ 4/ 50. Der
ird Alber die Art der DurchfAl%hrung der Untersuc e er KM-Applikation und ihrer Risiken aufgeklAart und
hat der DurchfAlkhrung zugestimmt. Vergleich ¢ AJAYerten LK bds. axillAcr,
ediastinal oder hilAbr. NormgroA Yes Cor, kein Pericard arstellung der Pulmonalarterien sowie der Aorta und ihrer
supragortalen A.ste. Kein Pleuraerguss. Kein Pneumothorax. Keine pneumoniesuspekten Verdichtungen, totale RAYckbildung d
Vorbeschriebenen VerAenderungen im Rahmen der beschriebenen LungeAtidems. Keine intrapulmonalen RH. PAC-System li. pectoral mit
der Spitze in der oberen VCS. ABDOMEN: Die Leber von regul rer Form, der I Leberlappen bis 1. zur Milz reichend (Kissing Sign).
UnverAendert 4 mm messende, hypodense LAcsion im Lebersegment IIIIL. Ansonsten keine ParenchymlAesionen. St
Cholezystektomie, OP-CIips in Situ. Das vorbeschricbene periportale A~dem heute nicht nachweisbar zentral betonte
tasien, der DHC normweit, keine extrahepatischen Cholangiektasien bei unauff. Pankreas. Die Milz, die Nebennieren bds. sowie
eren bds. unauff., keine Hydronephrose. Kein Aszites. Die Hamnbla ‘gefALlIt und unauf.. Die A. abdominalis sowie ihre
viszeralen groAYen GefAuA YabgAenge unauff.. RegulAore Darstellung der V. portae, kaliberkrAoftige V. cava inferior
(Rechishe RandstAendige, rundliche, hypodense Areale im Bereich bei iliacae e in erster Linie Flussdef
tsprechend. Ca. 2.51.5 cm messende Ovarialzyste Ii., ausgeprAcgte InhomogenitAaten sowie geringe VerarAYA Verung des Uterus,
Zyklusphase?) Paraortal, mesenteriell und parailiacal sowie inguinal keine path. vergrAYA Verten LK. Re. inguinal zeigt sich ein ca. 2x1.2
cm messendes. flaues Verdichtungsareal mit HU-Werten um 22, dies in erster Line Stp. ECMO zuzuordnen und regredient. An den
ebildeten oss Avren Strukturen zeigen sich keine ostedestrukiven LAGsionen
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Search based on learned features

query nearest neighbors

—. . Emphysema

| — BVW

O 7 @ SP-BVW "
'S | e Haralick
" == SP-Haralick \
[ s haseline )

||||||||||

0
0 0102 03 04 05 06 07 08 09 1
recall

Semantic re-mapping of features improves retrieval accuracy. It links the visual
representation closer to diagnostically relevant categories

[Hofmanninger et al. CVPR 2015]
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Can we detect patient subgroups?

« Why

« Discover hidden disease subtypes

« Discover unknown imaging markers -...

e Fully unsupervised

« Data driven grouping of patients

MEDICAL UNIVERSITY CI R Johannes Hofmanninger
OF VIENNA www.cir.meduniwien.ac.at ez



Local low-level features / Bag of visual words

Haralick 3DSIFT
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Volumes leading to highest activation in bottleneck-neurons
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Population Landscape
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5000 mapped into a metric space
based on visual cues in volumetric lung-CT

Hofmanninger et al. 2016
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Population phenotypes

21 33 37

=]

& =
WL iigfy .
m
: u_ s Uiy,

R A P
Bty el
et

Hofmanninger et al.
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Hofmanninger et al. 2016, Hofmanninger et al. 2017

Identify phenotypes: clusters in the routine population

= 5000 chest CT volumes

N

Data-driven signatures of
individuals reveal clusters of
patients
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. - .l .I ' Term p- value Term p-value  OR Term p-value
| Effusion <0.001 700 Emphysema <«<0.001 11.22 Cyst <0.001 260
Ascites <0.001 6.66 Bulla <0.001 2.63 Lymphoma <0.001 4.25
Haemorrhage <0.001 5.99 Sclerosis 0.004 1.80 Lesion <0.001 2.10
Haematoma <0.001 5.36 Mass 0.047 1.75 Granuloma 0.002 1.80
Compression <0.001 5.12 Sclerosis 0.004 1.52
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Imaging phenotypes encode clinical information

Effusion

Atelectasis

Acute respiratory failure o .
Cystic fibrosis Ground glass opacity

Survival LUTX
Chronic kidney dis. .
Pneumonia

Phenotypes

Findings in radiology reports

ICD10 - Clinical Information:
Diagnosis, Treatment
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Two LUTX phenotypes
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Two LUTX phenotypes

Survival

Phenotype |

Phenotype II

MEDICAL UNIVERSITY
OF VIENNA

Acute respiratory failure

LUTX

Chronic kidney dis.

Acute renal
ailure _
Sepsis

l

Cystic
fibrosis

Johannes Hofmanninger
www.cir.meduniwien.ac.at

Effusion

Atelectasis

Ground glass opacity
Pneumonia
Congestion

Other specified
disease of pancreas
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Outlook

« We will have more powerful marker patterns and prediction models at our
disposal

« We will discover novel disease and response phenotypes

« Diagnosis categories might loose relevance, while a more continuous landscape
of predictive phenotype patterns drives individual treatment decisions

« We will use imaging technologies more effectively to predict disease and
response

« These markers will be available to a broader population of patients

www.cir.meduniwien.ac.at
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