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Machine learning in cardiology:
why do we need realistic synthetic databases?
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Let's dream = easy data collection and sharing

Simulation is complex, can’t we do everything from data?

> Yes

So why do we need synthetic data?

> mmmbh... let’s ask Matlab:

(1) New 1o MATLABT Watch thes Yigden see Eramples of read Gating Started

>> Wiy

ihe tTerzified very bald sathesatician vanted 1it.,

>> WDy
Sanlian told e to,
»> \-:',I

>> Wiy
[ sold me %0,

>> wWNY

>> why
I='® your karma,

>> why

Teo fool & bald and serrified

[ s0ld the Q00d SRAXT SYSTEN BANAQEr,

BACheRAT 101N,

Jorpe sezxzified and zich PYISER FANAGET Knew it AR & 9004 398s.

>> Wy

Sen's yeu have ascmathing better to
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Machine learning = learning from samples

Copeland M  https://blogs.nvidia.com/ 2016
ARTIFICIAL
INTELLIGENCE
MACHINE
LEARNING
p— DEEP
_, LEARNING
T
| I | I | I | I I
1950's 1960's 1970's 1980's 1990's 2000's 2010
| |
Computers I Cor.nputers Ifearn 1 Networks that adapt
reasonas _W.'thOUt being I themselves to data
humans | explicitly programmed I
| |
| |

Arthur Samuel (1959)
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Machine learning = learning from samples
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MACHINE “LEARNING”:

Well-posed learning problem = a computer program is said to:
* |earn from experience E = data ?
 with respect to some task T
e and some performance measure P

if its performance on T, as measured by P, improves with experience E.

Computers learn
wﬁheut—beag data
explicitly programmed

Arthur Samuel (1959)
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Machine learning = learning from samples
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How many samples? = complexity of the question

Kernel regression (exact):

5 samples 15 samples 100 samples
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Machine learning = learning from samples

How many samples? = complexity of the question I M .'. G E N E T

Russakovsky O et al. Int J Comput Vis 2015

1000 object classes...
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Machine learning = learning from samples

How many samples? = complexity of the question I M .'-. G E N E T

Russakovsky O et al. Int J Comput Vis 2015

1000 object classes...
... training = 1.2M 111
testing = 100k !!!
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Machine learning = learning from samples

Cl

question
Only the problem? Or the model itself?

Linear model:

2 samples !
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Machine learning = learning from samples

question
Only the problem? Or the model itself?

UNTILA

| AlexNet DEEPER MODEL
Krizhevsky A et al. NIPS 2012 CAME ALONG

9TOC IN [9SN°H
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Giro i Nieto X 2017

GoogleNet
Szegedy C et al. CVPR 2015
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Machine learning = learning from samples
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question
Only the problem? Or the model itself?
Inception-v4
— )
Q.
e ResNet-152
P VGG-16 VGG-19
] 1 ResNet-101
c ResNet-34
o
CIC; 1O 4 ResNet-18
© °° GoogleNet
o ENet
O 654
e
9 © sn-NIN
= 80 SM ISM 65M  95M  125M  155M
o r >
g BN-AlexNet Number of parameters
o ”O AlexNet
(O]
<
50 . v . . . v v .
0 “ 10 15 20 25 30 35 40

Number of operations (single forward pass)

Canziani A et al. arXiv 2017
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Machine learning = learning from samples

question Input data

model

i i i >
Or the dimensionality of the data* == |ntrinsic dimensionality

Kernel regression (exact - 2D):

Ground truth Interpolation

- » - w -
wely ¢ aa Y il
|V L) .

B * & - .
s o Eve

. .
X

-
e o
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Machine learning = learning from samples
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question Input data

model

i i i 5
Or the dimensionality of the data* == |ntrinsic dimensionality

2D images: 256 x 256 pixels (resampled)

container ship  motor scooter

I M e G E NIET Cine MR ~ 100 x 100 x 14 voxels (3D stack)
- B 3D echo ~ 200 x 200 x 200 voxels
X N.omes iN the cycle ]

Russakovsky O et al. Int J Comput Vis 2015
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Machine learning = learning from samples
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question
model
dimensionality
Or noise on the data?

Kernel regression (inexact):

100 samples LR 500 samples
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Machine learning in cardiac imaging = what for ?
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? - Complexity of the question

samples ~ *

- Model itself
- Dimensionality of the data
- Noise on the data
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Machine learning in cardiac imaging = what for Nyyee= ? - Complexity of the question
- Model itself
Do you have labels ? - Dimensionality of the data
- Noise on the data
X
X
X, X x X2
Xy Xy
Supervised Unsupervised
--- ground truth - : ' 4 . B h
— interpolation *

regression classification / clustering variability analysis
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Machine learning in cardiac imaging = what for ?

Example 1 = Automatic segmentation?

7 a=& UNIVERSITE
w DE LYON
Ngamples = 7 - Complexity of the question
- Model itself

- Dimensionality of the data
- Noise on the data

Zhang Q et al. Ongoing work 2018
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Machine learning in cardiac imaging = what for “ Nppee= ? - Complexity of the question
_ . - Model itself
Example 1 = Automatic segmentation? - Dimensionality of the data
- Noise on the data

Classification
Supervised

Zhang Q et al. Ongoing work 2018
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Machine learning in cardiac imaging = what for Neyee=? - Complexity of the question
- Model itself
- Dimensionality of the data
Example 2 = Differences between healthy and...? - Noise on the data

Area strain (subgroup average)
-60 0 600

.44
A

Hypertense

Controls

Moceri P et al. EHJ Cardiovasc Imag 2017
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Machine learning in cardiac imaging = what for Neyee=? - Complexity of the question
- Model itself
- Dimensionality of the data
Example 2 = Differences between healthy and...? - Noise on the data

Area strain (subgroup average)
-60 0 600

.44
A

Hypertense

Variability analysis
Supervised

Controls

Moceri P et al. EHJ Cardiovasc Imag 2017
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Machine learning in cardiac imaging = what for Nyyyee=? - Complexity of the question

- Model itself
- Dimensionality of the data
- Noise on the data

Example 3 = Predict infarct location from myocardial deformation?

Deformation (strain from echo)

| 2
Infarct

Duchateau N et al. [EEE TMI 2016
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Machine learning in cardiac imaging = what for ?
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Ngamples = 7 - Complexity of the question
- Model itself

- Dimensionality of the data
- Noise on the data

Example 3 = Predict infarct location from myocardial deformation?

Deformation (strain from echo)

| 2
Infarct

Regression
Supervised

Duchateau N et al. [EEE TMI 2016
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Machine learning in cardiac imaging = what for ?

Example 4 = Detect outliers in a coherent population?

/ a=g UNIVERSITE
() DELYON
Ngamples = 7 - Complexity of the question
- Model itself

- Dimensionality of the data
- Noise on the data

Duchateau N et al. Med Image Anal 2012



— Medical Imaging Research Laboratory 7 2R s
CR=EATIS wwwi.creatis.insa-lyon.fr @ DE LYON
: L . S -
Machine learning in cardiac imaging = what for “ Noyee=? - Complexity of the question

- Model itself
- Dimensionality of the data
- Noise on the data

Example 4 = Detect outliers in a coherent population?

Variability analysis + clustering
Unsupervised

Duchateau N et al. Med Image Anal 2012
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Machine learning in cardiac imaging = what for Nyyee= ? - Complexity of the question

- Model itself
- Dimensionality of the data
- Noise on the data

Classification
- Diagnosis
- Segmentation

Regression L #

Clustering

Complexity of the question...

Variability analysis
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Machine learning in cardiac imaging = what for Nyyyee=? - Complexity of the question
- Model itself

- Dimensionality of the data
- Noise on the data

vs. complexity of the disease !

mwa;umw

Would thecapy resuft in significant improvement
Indunlon-lmdlm

/m\

Low or mermediate Risk

Heart Team

Is femoral TAVI

possible? Do special circumstances

ical risk?

Clinical decision tree for
patients with aortic stenosis

Web J et al. Can J Cardiol 2012
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Machine learning in cardiac imaging = what for Nyyyee=? - Complexity of the question

- Model itself
- Dimensionality of the data
- Noise on the data

Example: manifold learning

_____________________________________________

Linear

' Principal component analysis |

Medrano-Gracia P et al. JCRM 2014
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Machine learning in cardiac imaging = what for ? N

samples = ? - Complexity of the guestion
- Model itself
- Dimensionality of the data

- Noise on the data

Example: manifold learning

____________________________________________________________________________________________________

First
SION  dimension

I, e \u iu

Duchateau N et al. Med Image Anal 2012

____________________________________________________________________________________________________

Second
dimensio
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Machine learning in cardiac imaging = what for ?

Images
* Gray level, texture, ...

Shapes

* Geometry (meshes, curvature,...), fibers, ...

Functional features

* Global: clinical measurements, outcome, ...
* Local: mechanical (motion / deformation), electrical, ...

Shape

Gray level

Specificities / constraints ?
- Physiology

= High dimensionality !!!

B

10 == yyyepsite
DE LYON

G

N

=7
samples — *

- Complexity of the guestion
- Model itself

- Dimensionality of the data
- Noise on the data

Fibers Velocities

Strain

4D (space + time) ... or 5D (longitudinal data)

Electrical




Medical Imaging Research Laboratory 11
wwwi.creatis.insa-lyon.fr

UNIVERSITE
DE LYON

CREATIS

Machine learning in cardiac imaging = what for ?

El

N - Complexity of the guestion
- Model itself
- Dimensionality of the data

- Noise on the data

=7
samples — *

1 subject ?
1 acquisition / image ?
1 measurement ?

Should my sample be exactly on the “population space” ?

» Uncertainty in the subject’s...  physiological condition (many factors !!!)
+ measurements
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Machine learning in cardiac imaging = what for ?

Cl

N - Complexity of the guestion
- Model itself
- Dimensionality of the data

- Noise on the data

=7
samples — *

1 subject ?
1 acquisition / image ?
1 measurement ?

Should my sample be exactly on the “population space” ?

» Uncertainty in the subject’s...
» Generalization ability of my algorithms !

Kernel regression (exact)
20 samples
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Before simulating: where are we in terms of databases ?
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Before simulating: where are we in terms of databases ?
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General population

* Cardiac Atlas Project Heckbert S et al. JACC 2006
MESA study (6500+ cases) Medrano-Gracia P et al. JCRM 2014

* European Association of Cardiovascular Imaging \\y
EchoNoRMAL study (51000+ cases) EACVI Lancellotti P et al. EHJ/-C/ 2013
] . Bernard A et al. EHJ-CI 2017
NORRE study study (1100 cases... 440 with suitable 3D echo)

e UK Biobank

Planned 100000+ cases biﬂbank‘*

Currently 5000 cases
Petersen S et al. JCMR 2013

* etc..
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Before simulating: where are we in terms of databases ?
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The reality of specific populations = need for a well-settled question !!!

Physiologist’s point-of-view ? . Cohort’s point-of-view ?

___________________________________________________________________

* Coherent chosen population Much more heterogeneous samples

* Understanding physiology * Classification (trial)

* I|dentified clinical question § e .. ordiscovery/ question to find?
 “Small” population * Large population

* Too “controlled” population? . * Real-life population?

+ multi-center data
Generalization ability of algorithms?

PhD of Sanchez-Martinez S @UPF Barcelona
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Simulation approaches for learning: realistic enough ?
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Simulation approaches for learning: realistic enough ?
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Level #1 = gathering practice
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MACHINE “LEARNING”:

Well-posed learning problem = a computer program is said to:
* learn from experience E = data ?
 with respect to some task T
 and some performance measure P

if its performance on T, as measured by P, improves with experience E.
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Level #1 = gathering practice
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if its performance on T, as measured by P, improves with experience E.

https://en.wikib'é-dia.org
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Level #1 = gathering practice

Shakil O et al. J Cardiothorac Vasc Anesth 2012

Heartworks (UK)

http://pie.med.utoronto.ca/TEE/
EchoCom (DE)
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Level #1 = gathering practice
ECG INTERPRETATION FLOWCHART
Elizabeth Gherardin Box Hill Hospital 1999
= & . lsm:_Pwm?
mm——— | T e
Epicardio / Schiller YES N "NO
* .
P waw KW-\Vz'\ubd ©» ORS? '_'m e "; os1 GRS ORS
g AFlutte J mr. | Vil
w; --\»o »._.:-if—'j- -m'o \w.
Scmrr[vu “--"“-;;'" “O:Pi'-;' ""i‘l‘f"’ ""’ l\l\l xy.bb
Measue PR imerad I :::‘:Lon.l AF
I\ PAVBIOK 3 Ay Block i s
" \_\\ \\ ; -\ ]
% o = 3“: m\(\flﬂl”

3 |
Sinus 1* AV Block Ventricular Standstill Ventricular Ventricular
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Level #2 = « realistic »... for partial validation

El

Controlled environment
* Population variability conditioned by few variables
* Good quality data
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Level #2 = « realistic »... for partial validation

Controlled environment
* Population variability conditioned by few variables
* Good quality data

» Shared purpose with animal models...
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Level #2 = « realistic »... for partial validation
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Controlled environment
* Population variability conditioned by few variables
* Good quality data

» Shared purpose with animal models...
.. but with more data + in-silico

Limit to Limit to
detectable disease? image realism?

\ /

- oy
b
-l‘ =- ‘ Diagnosis

limit of a given
1Igor|thm

—
o

Duseased zone volume
6 of LV myocardium)

-'
0 I NN -
100 0

Healthy Myocardial viability (% Strong infarct  Duychateau N et al. IEEE TMI 2017
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Level #3 = realistic enough to be mixed with real data
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... common strategy for neural networks
= data augmentation



— Medical Imaging Research Laborator
CR=EATIS www, creaz‘is./'nsa-/ygon. frg Y

Level #3 = realistic enough to be mixed with real data

.. common strategy for neural networks =
= data augmentation -

data

Convolutional
Filtering
anxd Pooling

Warpiag

Ratner A et al. https://hazyresearch.github.io/snorkel/blog/tanda.html/

)

e
)

& \
= - (
\ =7

cature

{

L - S —
w DE LYON
Stage:
4
A Classification
f Engine
. -

Wong S et al. IEEE DICTA 2016

‘\ N—H
( ~-;::‘-;:ii'
& )1 . 'n__::.o . )
/K
\\ s 7 \
o~ L
p -
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Level #3 = realistic enough to be mixed with real data

Ratner A et al. https://hazyresearch.github.io/snorkel/blog/tanda.html
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Level #3 = realistic enough to be mixed with real data

Ratner A et al. https://hazyresearch.github.io/snorkel/blog/tanda.html

images
W H

Rotate atate el Salttiee

ZEZZLTL

desaen  NLTUNe iy Prighren

* Rotations

» Scaling / Zooms
Brightness

« Color Shifts

« Etc...

| ¥N\0

ProOgrams

ETATES)

Rachel writes code for WebhCo.

El NN E2

« Synonymy
* Positional Swaps
« Elc...

20
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Level #3 = realistic enough to be mixed with real data
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Ratner A et al. https://hazyresearch.github.io/snorkel/blog/tanda.html

Domain-specific transformations.
Ex:

1. Segment tumor mass

2. Move

3. Resample background tissue
4. Blend

= our current assest = realistic physiological models !
- complexity of disease representations...
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Level #3 = realistic enough to be mixed with real data

Richter S et al. ECCV 2016

Number of annotated

I pixels per class

[S]
=
Il
=

Synthetic images...
from video games !!!

terrain |
wall
person

traffic light -

road
buiding
sky
sidewalk
vegetation
mbrcyclc
rider
bicycle
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Level #3 = realistic enough to be mixed with real data

Heimann T et al. Med Image Anal 2014

In-silico
- 10000 images !

In-vivo
- 68 sequences
- 22 patients
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Key issue = how far are we from real data ?
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Ways to quantify this = vs. your task (features extraction, diagnosis, ...)
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Key issue = how far are we from real data ?
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A whole field of research = transfer learning

Large database Small database

S (but yours)
?
ImageNet Your dato
) » B\ ﬁ .\\\‘-‘
TRAINING FINE TUNING e Sn ein sy
Random neural Neural network Trained neural
network pre-trained » network

on ImageNet

https://medium.com/owkin/transfer-learning-and-the-rise-of-collaborative-artificial-intelligence-41f9e2950657
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Key issue = how far are we from real data ?

UNIVERSITE
DE LYON

Cl

What’s the actual challenge ?

Your data lie in a specific space
» Bring close enough simulation and real data spaces

. . \/

Simulated
f/ o

Real data
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Examples = cardiac synthetic databases for machine learning
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Examples = cardiac synthetic databases for machine learning
Cabrera-Lozoya R et al. IEEE T Biomed Eng 2016

Ymuated S graln Chinical Sgraiy

8. «tn

Electrophysiology signals

« T
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Examples = cardiac synthetic databases for machine learning

Cabrera-Lozoya R et al. IEEE T Biomed Eng 2016

Electrophysiology signals

Evaluation Data

e ——————. . = ]
Simulated EGM

Statistic al Analysis

1

24
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Examples = cardiac synthetic databases for machine learning

UNIVERSITE
DE LYON

Cl

Duchateau N et al. [EEE T Med Imag 2016
Rumindo K et al. FIMH 2017

Mesh sequences
N=500 & 200

Deformation |stra'n from echo)




— Medical Imaging Research Laboratory 25 2R e
CR=EATIS www.creatis.insa-lyon.fr LLE’J) DE LYON

Examples = cardiac synthetic databases for machine learning

Duchateau N et al. [EEE T Med Imag 2016
Rumindo K et al. FIMH 2017

Mesh sequences [teration #1 [teration #4 Iteration #7 Iteration #10
e
N=500 & 200 -—==

LAD territory

a) Synthetic cases
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Examples = cardiac synthetic databases for machine learning
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infarct
Duchateau N et al. [EEE T Med Imag 2016 strain pattern  ground truth prediction

Rumindo K et al. FIMH 2017 S
Realimages  §
Mesh sequences Severe infarct

[Duchateau:2016]
N=500 & 200

i

I
. mll!’
R .

Gy |

:

£
ay

mgm i
it

Synthetic meshes

Mild infarct
[Rumindo:2017]

Synthetic meshes

Severe infarct
[Duchateau:2016]

Real images

E——

o
©

08 |

sensitivity
sensitivity

o
=
=}
=)

o
~

True Positive Rate
True Positive Rate

AUC: 0995 (0.978/0.997) AUC: 0.909 (0.866/0.928)

0 0.2 0.4 0.6 0.8 ‘ 1 0 0.2 0.4 0.6 08 1
False Positive Rate = 1 - specificity False Positive Rate = 1 - specificity
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Examples = cardiac synthetic databases for machine learning
Prakosa A et al. [EEE T Biomed Eng 2014

Image sequences
N=144-180 / case

Patient 40 Cardiac Medical Image Seguesce
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Examples = cardiac synthetic databases for machine learning

UNIVERSITE
DE LYON

Cl

Prakosa A et al. IEEE T Biomed Eng 2014

Image sequences
N=144-180 / case
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Examples = cardiac synthetic databases for machine learning
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Duchateau N et al. IEEE T Med Imag 2017

Image sequences
N=465

) Cine MRI (LAD infarct)
[Duchateau:2017]

Also depends
on feature
extraction...
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Conclusions

There is space for improvement...

- Personalisation to the existing samples

- Simulating pathologies = shape & function changes

- More real-life images = variety of textures, no warping, adding artifacts

- Database design = which cases to simulate
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Conclusions

- Database design = which cases to simulate

. - Complexity of the question
... but this hugely depends on ... - Model itself

Dimensionality of the data
Noise on the data
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- Database design = which cases to simulate

Complexity of the question

... and the next advances in databases gathering + sharing
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Thanks... questions ?
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Take-home = bridging the gap between simulations and real data
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