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3. Unsupervised learning

Why not using labels?



3. Unsupervised learning

Why not using labels?

- No labels available

ORL database | | Myocardial strain patterns



3. Unsupervised learning

Why not using labels?

=>» Low relevance of labels

Continuum of disease
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De Keulenaer et al. Circulation 2011

predominant
concentric hypertrophy

ACC/AHA stages of HF Stage A Stage B Stages C&D
Subclinical myocardial dysfunction Heart failure
Geometrical Description Normal Concentric Concentric Eccentric hypertrophy Concentric Eccentric
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Pathophysiological Risk factors (e.g Myocardial dysfunction 1 Myocardial dysfunction
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3. Unsupervised learning

Why not using labels?

=>» Low relevance of labels

Continuum of disease

ex: heart failure preserved ejection

0.4

'90% /80% /’70% /60%
IHeaJﬁ\y
o 20
I

50% 60%-

/
/ V4 — /
14 nsition-

0.2

0.1

—

0 0.1 0.2 0.3 0.4 0.5
Sanchez-Martinez et al. Circ Cardiovasc Imag 2018




3. Unsupervised learning

Why not using labels?

=> Limits of supervised approaches

ex: Cardiac Resynchronization Therapy (CRT)
- 30% of non-responders
- cases selected in a supervised way

-
Duchateau et al. IJCI 2014



3. Unsupervised learning

Why not using labels?

=> Limits of supervised approaches

ex: Cardiac Resynchronization Therapy (CRT)
- 30% of non-responders

cases selected in a supervised way

BIGHSK and low-risk clusters
identified by unsupervised learning

Overall

——
Interaction p = 0.0007

1
HR 0.629 (0.357 - 1.109), p=0.110

2—i
HR 0.204 (0.096 - 0.432), p<0.0001

Dim 2

 —

HR 1.234 (0.769 - 1.979), p=0.378

’ 4 . 3
- HR 0.531 (0.278 - 1.016), p=0.059
Dim 1
5
HR 0.446 (0.187 - 1.064), p=0.067
Cikes et al. Eur J Heart Fail 2019

PhD of S. Sanchez-Martinez (2018) ¥

Hazard Ratio



3. Unsupervised learning

Why not using labels?

=> Or simply a different point of view?

Which end point for the application?



3. Unsupervised learning

Which end point?

=> Subgroups identification / similar trends Clustering
=> Detect novelty / unexpected values Outliers detection



3. Unsupervised learning

Clustering




3. Unsupervised learning

Clustering
= K-means

Parameter = K (number of clusters) S = {81, So, .. .SK}

ea = minimize the within-cluster variance

A = K
S =argminy Pves, IV - prl)?
(distance to each centroid)

score=1394.40 score=1224.29 score=1049.78
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3. Unsupervised learning

Clustering

-=» K-means

Lloyd’s algorithm: 1. Initialize centroids (e.g. K random samples)
2. Assign each sample to its nearest centroid
3. Update centroids as average of assigned samples
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3. Unsupervised learning

Clustering

-=» K-means

Comments: - converges to local minimum: needs several restarts
- simple cluster boundaries
- not applicable in high dimension: reduce dimensionality first

8x8 images, K=10

Training: 0 Training: 1 Training: 2 Training: 3 : - e
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3. Unsupervised learning

Clusterin
d ex: cardiac resynchronization therapy

= K-means

Lead location from electroanatomical activation maps
Soto-lglesis et al. IEEE J Transl Eng Health Med 2017
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3. Unsupervised learning

Clustering

ex: cardiac resynchronization therapy
> K-means

Dimensionality
reduction (MKL)

Clustering
(K-means)

Dim 2

HIGRSK and low-risk clusters
identified by unsupervised learning

Dim 2

»
»

Cikes et al. Eur J Heart Fail 2019
Ll PhD of S. Sanchez-Martinez (2018)
Dim 1 ”

Phenogroups

Dim 1

Low-dimensional space



3. Unsupervised learning

Clustering

-=>» Gaussian mixture models




3. Unsupervised learning

Clustering
=>» Gaussian mixture models

Parameters = weights + mean + covariance of each Gaussian

Idea = samples generated from a mixture of K Gaussian ~ generalization of K-means

p(v) = Yo Tk - N(v|ig, Zk)

‘ \

p(zr)  p(v|zk)

10




3. Unsupervised learning

Clustering
=>» Gaussian mixture models

Algorithm = Expectation-Maximization (EM)
1. Initial random components (e.g. around K-means centroids)

2. Compute probability at each point fy( ) = p(z1|v®)
3. Maximize likelihood / update parameters

(3) = |sk| 2ies, ’Vk Dy

e = NZ 1 Vg ; i
= Sk = 21 Dies, ) (v — ) (v — )T

15 15 15 15
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3. Unsupervised learning

Clustering

-=>» Gaussian mixture models

24-hour heart rate
time series

HR(bpm)
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3. Unsupervised learning

Clustering

=> Hierarchical clustering

- Agglomerate = 1 cluster for each sample + merging across the hierarchy

- Divise = 1 single cluster + divise across the hierarchy

Metric = Euclidian distance
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3. Unsupervised learning

Clustering

=> Hierarchical clustering
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Phenotyping
ex: heart failure reduced / preserved ejection

Cluster dendrogram
with AU/BP values (%)
Distance: euclidean

Omar et al. JACC Imaging 2017



3. Unsupervised learning

Outliers detection

Outlier detection Outlier detection

Ll

- |earned decision function
ooo trueinliers
eee true outliers

- = |earned decision function
ooo trueinliers
e®e true outliers

-6 -4 -2 0 2 4 6 -6 -4 -2 0 2 4 6
1. One-Class SVM (errors: 4) 2. robust covariance estimator (errors: 0)




3. Unsupervised learning

Outliers detection

=>» Distribution fit + decision function

ex: Mahalanobis distance  Dp(x) = \/(X — wn) T2 (x — par)

w o= Threshold
Xz s Reference cluster

A O  Reference data (Intact)
A New cbservation

¥ New observation

MD: Mahalangbis Distance

MD of group /A< MD of group X
J

Group of & Group of X
] 1]
[ntact Damage

» X1 Kim et al. J-Stage 2013



3. Unsupervised learning

Outliers detection

=>» Distribution fit + decision function

Spatiotemporal # Distance from # Visualization

alignment normality

R Healthy _
o o |controls i inward apex
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¥ o New
’ ‘ subject
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Atlas of “normal” motion
ex: abnormalities vs. CRT response
Duchateau et al. Med Image Anal 2011 N—_— “Time
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3. Unsupervised learning

Outliers detection

=>» Distribution fit + decision function

10

5
Feature 1

Predictive models

+ Learning examples

— [teration 0
Standard SVDD

= Liu SVDD
= |teration 1
w [teration 2

Iteration 3

Robustness of outliers detection
ex: detection of epileptogenic foci / MRI
El Azami et al. ESANN 2014



3. Unsupervised learning

Which end point?

=> Subgroups identification / similar trends Clustering
=> Detect novelty / unexpected values Outliers detection



3. Unsupervised learning

Which end point?

Key step = data representation

=> Understand the data space (low-dimensional) embedding
=> Statistical distances Manifold learning

=> Sampling/generate new cases Encoding/decoding



3. Unsupervised learning

Representation learning

Idea = better represent the data space - lower dimensional space
- unsupervised



3. Unsupervised learning

Representation learning

Inputs =
- Single high-dimensional descriptors

- Multiple scalars
...or Multiple high-dimensional descriptors

Output =
- Low-dimensional representation

Y o s,

Dim 1



3. Unsupervised learning

Representation learning

1) Embedding 3) Reconstruction

2) Manifold / latent space

What for? = which space to work on?

Distances in low dimension? / Reconstructed cases in high dimension?



3. Unsupervised learning

Representation learning

=> “Structure” of the data space?

Linear ?
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3. Unsupervised learning

Representation learning

=> “Structure” of the data space?

Non-linear !!!

zzizzzzzzs

ORL database




3. Unsupervised learning

Representation learning

=> “Structure” of the data space?

Low number of dimensions to encode high dimensional data variations

B Bottom loop articulation
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9,
Exploitable “latent” space? ~

Tenenbaum et al. Science 2000

Top arch articulation



3. Unsupervised learning

Representation learning

=> “Structure” of the data space?

Manifold of dimension N = topological space that near each sample resembles
(is homeomorphic to) a N-dimensional Euclidean space

aPiye180° e

ex: -lines and circles (N=1)
- plane, sphere, surfaces (N=2)

- brain images, cardiac shapes (N=?)




3. Unsupervised learning

Representation learning

=> “Structure” of the data space?

Manifold of dimension N

€ In some cases = known structure

Vector space Riemannian manifold
—= —=

TY=y—c xy = log,(y)

y =2 +Ty y = exp,(xy)

log-exponential mapping
Pennec et al. Int J Comput Vis 2006



3. Unsupervised learning

Representation learning

=> “Structure” of the data space?

Manifold of dimension N

€ In some cases = known structure

Manifold

rrrvsvecsssansanu UL\
Frrrevesssanasann UL \\\
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Diffeomorphic transformations
ex: Interpolation of tensors (diffusion, strain) (registration)
Pennec et al. Int J Comput Vis 2006 Arsigny et al. MICCAI 2006



3. Unsupervised learning

Representation learning

=> “Structure” of the data space?

Manifold of dimension N

€ Otherwise = learn it from data!



3. Unsupervised learning

Representation learning

=> “Structure” of the data space?

Manifold of dimension N

€ Otherwise = learn it from data!

1. Assumption = data lies on / close to a manifold

2. Few samples (on the manifold) available

3. Neighborhood graph = approximation of the manifold

4. Dimensionality reduction = spectral decomposition of...?

®D

ONE
2 |4
y

N g e

¥ Atasoy & Mateus MICCAI futorial 2011



3. Unsupervised learning

Representation learning

1) Embedding

i 2) Manifold / latent space

D»d f:xeRP—yeR?



3. Unsupervised learning

(low-dimensional) embedding: linear



3. Unsupervised learning

(low-dimensional) embedding: linear

=> PCA = Principal Component Analysis

Idea = principal directions of variance => diagonalize the covariance matrix

— pT
. Linear change y = P X
of basis
[ N ‘ ; x
g O _f';L gﬁi ==a 2
O
Fﬁa @L_‘lJn_n

PC1

http://www.nlpca.org



3. Unsupervised learning

(low-dimensional) embedding: linear

=> ICA = Independent Component Analysis

Idea = Independent, non-Gaussian variables

True Independent Sources Observations




3. Unsupervised learning

(low-dimensional) embedding: linear

To go further... Nb descriptors Maximizes...

Principal Component Analysis | PCA 1 Variance

Partial Least Squares PLS 2+ Covariance Wold et al. Chemo 1984
Canonical Correlation Analysis CCA 2+ Correlation Hotelling Biometr 1936

‘ Descriptor 2

20 Descriptor 1

30



3. Unsupervised learning

(low-dimensional) embedding: linear

To go further... Nb descriptors Maximizes...

Principal Component Analysis | PCA 1 Variance

Partial Least Squares PLS 2+ Covariance Wold et al. Chemo 1984
Canonical Correlation Analysis CCA 2+ Correlation Hotelling Biometr 1936

‘ Descriptor 2

20 Descriptor 1

30

PCA

Z PCA Q PCA




3. Unsupervised learning

(low-dimensional) embedding: linear

To go further... Nb descriptors Maximizes...

Principal Component Analysis | PCA 1 Variance

Partial Least Squares PLS 2+ Covariance Wold et al. Chemo 1984
Canonical Correlation Analysis CCA 2+ Correlation Hotelling Biometr 1936

‘ Descriptor 2

30

PLS

Z CCA Q CCA Z PLS
, 30
1.0002 -2.747
3]
0.9998 2 oga7a8
0.9996 Sl

-1.0006  -1.0002 -0.0215 -0.021 0 10 20



3. Unsupervised learning

(low-dimensional) embedding: linear

6% 18% 29% 41% 53%
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3. Unsupervised learning

(low-dimensional) embedding: linear

Variations in pathological shapes
(PCA on velocity fields from registration)

McLeod et al. MCBB 2013




3. Unsupervised learning

(low-dimensional) embedding: non-linear



3. Unsupervised learning

(low-dimensional) embedding: non-linear

=> Isomap

Tenenbaum et al. Science 2002

Idea = approximate geodesic distances / shortest path along the graph

l

/

z r 3 > r >
Tenenbaum et al. Science 20

)2

Input space

\
r Neighborhood

Input graph
samples



3. Unsupervised learning

(low-dimensional) embedding: non-linear
= Isomap Tenenbaum et al. Science 2002

Idea = approximate geodesic distances / shortest path along the graph

c r

—

Tenenbaum et al. Science 2002 o Output space

—>

N/

Low-dimensional
== Geodesic distance coordinates

s Eyclidean distance



3. Unsupervised learning

(low-dimensional) embedding: non-linear
= Isomap Tenenbaum et al. Science 2002

Parameter = number of neighbors K to build the graph
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3. Unsupervised learning

(low-dimensional) embedding: non-linear

=> Isomap
abnormality b ;bnorm%
a | _— R
60 - /1 -0 0 10 inward
| s J J J J  outward . - -
. N / |\ 1 1 1 f ex: disease evolution
c | T / " E . .
§ 4/ s (cardiac velocity patterns)
S 20/ B d 5 Y 7 VY
= o E s Duchateau et al. Med Image Anal 2012
T o \\\ =5 3 3
3 LA - - N
3 _
D 20 | I8 L _\_ - Total abnormality
3
—40 /
—éo -40 —éO 6 26 46 E;O 86

First dimension



3. Unsupervised learning

(low-dimensional) embedding: non-linear

=> Isomap

-t
"

ex: preprocessing for
regression (brain images)

'

-
M
T

'
-d
L

Gerber et al. Med Image Anal 2010




3. Unsupervised learning

(low-dimensional) embedding: non-linear
=> Laplacian eigenmaps Belkin & Niyogi Neur Comput 2003

Idea = diagonalize the graph Laplacian

Y = argmin D i wijlly; — y;l|* = argmin Y LY
Y ’ ¥

Constraint: YI'DY =1

Graph Laplacian L =D —-W

www.wikipedia.org



3. Unsupervised learning

(low-dimensional) embedding: non-linear
=> Laplacian eigenmaps Belkin & Niyogi Neur Comput 2003

Idea = diagonalize the graph Laplacian

Y = arg‘r{nin Z”|w_z]|||y,,, —vyill? I: arg\r{ninYTLY

Parameter = kernel bandwidth

_ _ 3¢5 =%
wi; = ki) —exp (— St

- Close inputs 2> w;; &~ 1 - close outputs
- Far inputs > w;; ~ 0 = minor influence



3. Unsupervised learning

(low-dimensional) embedding: non-linear

-> Laplacian eigenmaps Imaged vibrations (interferometry)

- Xu et al. Appl Optics 1983
‘ ) <— Rectangular metal plates
ar ]5[. =
- T -

<@ Shaped metal plates



3. Unsupervised learning

(low-dimensional) embedding: non-linear

=> Laplacian eigenmaps

0.010
) Do) AL
X I 1 BTK

L . i o010

- oo1o

2 B QP LD |
Learnt embedding: < I ;00325
ex: connectome harmonics 3. f; @%& c " @ l

e I -0.015

l 0.020

i
Atasoy et al. Nat Comm 2016 \% —y '}« I 5



3. Unsupervised learning

(low-dimensional) embedding: non-linear

=> Laplacian eigenmaps

Beware ! meaningful variations not always ordered as dimensions (1,2,3,...)

=> Careful interpretation vs. the spread of the data space (Nadler et al. 2008)

ex: Spiral with varying height vs. length

Y

"o
oo
oo

EX 7 g

B0

Balanced heigth / length

2

High length vs. length




3. Unsupervised learning

(low-dimensional) embedding: non-linear

To go further... Works on...

Laplacian eigenmaps Graph Laplacian L = D-W Belkin & Niyogi Neur Comput 2003
Diffusion maps Normalized Laplacian P Coifmain & Lafon Appl Comput Harm 2006

Pz‘ - Probability of moving from sample /i to sample j in t steps

Liu et al. CVIU 2012




3. Unsupervised learning

(low-dimensional) embedding: non-linear

To go further... Works on...

Laplacian eigenmaps Graph Laplacian L = D-W Belkin & Niyogi Neur Comput 2003
Diffusion maps Normalized Laplacian P Coifmain & Lafon Appl Comput Harm 2006

Why? Robustness to non-uniform density of the samples
(critical in real-life applications !!!)

‘Inputdata | Samples density 8 Embedding Embedding
SR dh v T &3¢ i it | (graph Laplacian) (new kernel)

Coifman & Lafon Appl Comput Harm 2006




3. Unsupervised learning

(low-dimensional) embedding: non-linear

To go further... Works on...

Laplacian eigenmaps Graph Laplacian L = D-W Belkin & Niyogi Neur Comput 2003
Diffusion maps Normalized Laplacian P Coifmain & Lafon Appl Comput Harm 2006

ex: Preprocessing for robust
multimodal registration

Multimodal images ==

Diffusion maps output == |

HAbA D

Pie"a SenSOI'S 2014 (e)DM T1 (f) DM T2 (g)DVIH.A[R (h) DM Tlc



3. Unsupervised learning

(low-dimensional) embedding: non-linear

=> ... and many other algorithms !

Dimensionality
reduction

Linear Nonlinear

it N

PCA Preserving global Global alignment Preserving local
LDA properties of local prop. properties

R~ Kathatoased LLC ““32;‘;12““
. Kemel PCA LLE
Depends on:
¢ YO u r kn OWI ed g e O n d ata Neural networks Tangent space gtl:;ghf:‘;:;?:n
e Your objectives (distance="7?)

essian LL Laplacian
Autoencoder LTSA @

Gaussian kernel

!

Distance
preservation

@ e van der Maaten et al. 2009
Isomap




3. Unsupervised learning

(low-dimensional) embedding: non-linear

- Unified framework?



3. Unsupervised learning
(low-dimensional) embedding: non-linear

- Unified framework?

e e 3 o o 2ol 2 & & 8 % 8 DwmEE EEEEN) /mU000) (e
O was was was O wse wr 0 0 0 0 0 0 0 [slalelsl=] HEEREE|(OROCC) | (NEEEn
Wal 0 ¢ 0 war = v N Gesa SenE 10 o 0 0 EEEEE| = |DEEEE || OOmOC || NEEEn
:: o ) o :‘ :: -l.-‘ *(-’ v :: ::j :: :'). w:..u w:xq ..". .-.. DDD.C] ....-
' 5 ¢ § W e 8 mpuiwes 4. 8 moono SEEEN/\(0O0 ./ \NEnEn
§ $§ % 3 % e N mpewgm O wm] T(W) v 5 V7
Method Operator/Matrix Preserved Objective Function
Variance of the T
. ' dataset / Euclidean u Mn
PCA Covariance matrix TR AR
data points
Distances within the -
Laplacian Eigenmaps | Graph Laplacian local neighbourhood u lu
of each data point
o bt ... T
ISOMAP Geoc!es-c distance Geodesic dnstanc_es u Deu
matrix between data points
Reconstruction
LLE Reconstruction weights within the T W
weights local neighbourhood u u
of each data point

Atasoy & Mateus MICCAI tutorial 2011



3. Unsupervised learning

(low-dimensional) embedding: non-linear

=> Unified framework Yan et al. IEEE PAMI 2007

Y = argmin ) ; . wiilly; — y;l|* = argmin Y/ LY
Y ’ W
(cf. Laplacian eigenmaps...)



3. Unsupervised learning

(low-dimensional) embedding: non-linear

=> Unified framework Yan et al. IEEE PAMI 2007

Y= g >iilwidly: — yill* = arg;ninYTLY

Under the constraint:

Supervised
%
Ez, j ly: —y
Intra-class Inter-class
m Compactness e Separability
------- Class-1------ ...
eﬁé % . 3
------- Class-2------1© 1]
o 0

Intrinsic Graph Penalty Graph



3. Unsupervised learning

(low-dimensional) embedding: non-linear

=> Unified framework Yan et al. IEEE PAMI 2007

Y = argmin P i wiilly; — y;l|* = argmin Y/ LY
Y ’ ¥

Under the constraint: :
Unsupervised

> llyillPdis =1

dii = ) _; wij




3. Unsupervised learning

(low-dimensional) embedding: non-linear

=> Back to our pipeline...



3. Unsupervised learning

(low-dimensional) embedding: non-linear

=> Back to our pipeline...

1) Embedding

¢ g -‘."" K 2) Manifold / latent space
y fexeR? sy eRe

D>d



3. Unsupervised learning

(low-dimensional) embedding: non-linear

=> Back to our pipeline...

3) Reconstruction???

D>d
g:xeRP «yecR?



3. Unsupervised learning

(low-dimensional) embedding: non-linear

=» Reconstruction

Analvtical formula exists?

ex: PCA = linear change of basis Y — PDP7T

x = Py

y =PTx



3. Unsupervised learning

(low-dimensional) embedding: non-linear

=» Reconstruction

... in many cases, no !
= out-of-sample extension problem

> Possibility = kernel interpolation: \ == without constraint

N — with constraint
X = Zz’:l Ki(Ya yi)ci

C = (K +1/7) " x




3. Unsupervised learning
(low-dimensional) embedding: non-linear
=> Reconstruction

ex: variability in myocardial infarcts
Di Folco et al. CNIV 2019

Linear average
Linear average

—20 —-10 Average 1o 20



3. Unsupervised learning

(low-dimensional) embedding: non-linear

-> Autoencoders (unsupervised learning as supervised learning)

LeCun et al. PhD 1987
Hinton & Zemel NIPS 1994



3. Unsupervised learning

(low-dimensional) embedding: non-linear

-> Autoencoders (unsupervised learning as supervised learning)

LeCun et al. PhD 1987
Hinton & Zemel NIPS 1994

output

d d
:C E X encoder G

Simultaneously learn, in a supervised manner
e an encoder that maps the input into a shorter code
e a decoder that maps back a code into an input

Self supervision = minimize the reconstruction error



3. Unsupervised learning

(low-dimensional) embedding: non-linear

-> Autoencoders (unsupervised learning as supervised learning)

LeCun et al. PhD 1987
Hinton & Zemel NIPS 1994

Extensions and other approaches

e Denoising Autoencoders, Variational Autoencoders (VAE), Conditional VAE, ...

e Generative Adversarial Networks (GAN),
o CGAN, WGAN, ..., “gan zoo”

o VAE-GAN, CVAE-GAN, ...
e Self supervised learning



3. Unsupervised learning

Summary

=> Unsupervised learning, depends on:
€ Your data problem: labels / no labels, ...
€ Your initial question: clustering, outliers, ...

-> Learning a representation is key, depends on:
€ Linear/ non-linear
€ Objectives:

Embedding space Reconstruction

Manifold learning Meaningful distances between input samples Interpolation?
~ Euclidean distance between output coordinates

Auto-encoders Limited statistical meaningi Optimized encoding/decoding



3. Unsupervised learning

Summary

->» Validation not straightforward:
¢ No labels!
€ vs. method’s way of working? (ex: short-circuit)
€9 vs. application’s objectives? (ex: risk analysis, knowledge discovery)

- Still under-used vs. supervised learning
€ Promising for medical problems !
€ Rising semi-supervised learning...

DUDE, WEREIN LANDERS'S

AP
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