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Steps for analysis

Feature
Extraction
\ Clustering

Regression
Modelling /
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\ " ) Prediction
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Feature Space

Data

Points

Features
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Feature Space Examples

Raw data
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Modelling goals

» Prediction

Predictive Density

P (Koo Yoo, X, ¥) = / P(Xaenl0, Yo )a(0)d0

Healthy Severe
Brain AD




L
Modelling goals

« Model Selection

Sparse Coding Distributed Coding

Model Evidence

pY1X) = [ p(r,00x)d0
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Learning from Data

Supervised Unsupervised Reinforcement
Learning Learning Learning

Semi-supervised
Learning




Supervised Learning

Independent variables
X

40 60 80 100
Weight (kg)



Classification

.. ]

e Generative classifier
e Discriminative classifier

Kernel Methods

e Kernel Function — K(x,-, x]-) = ¢(xi)-¢(xi)

Kernel methods for pattern analysis, Taylor, Cristianini, 2004



Other popular classifiers

- Gaussian Processes

C. E. Rasmussen & C. K. I.
Williams, Gaussian Processes

0
A for Machine Learning, the MIT
’ Press, 2006,
-2
0 05 1 0 05 1
input, x input, x
(a), prior (b), posterior

- Deep Belief networks
©OOOOO0) hs

RBM
@OOPOO@ h2 Pz, b, .. B = (ﬁ P{:hk|hk+1)) P(ht1 )
=0

http://deeplearning.net/tutorial/DBN.html

4
@OOPOO@ hi

G.E. Hinton, S. Osindero, and Y. Teh, “A fast learning algorithm for deep belief

I
@ O OO O O @ b 4 nets”, Neural Computation, vol 18, 2006




K-fold Cross Validation

) Training data
 Model Selection &

« Performance evaluation
- Balanced Accuracy

Test data

« F1 Score
Accuracy

y 1 I N R R RN N 87%

D000 . 75%

Sl 'R N B IR X B 89%




Performance — Single Subject

/ \ Binomial Test
subject j p = P(X = k|Hy) = 1 — B(k|n,m,)
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Performance — Multiple Subjects

— b Bayesian mixed-
: - effects inference
subject 1 subject 2 subject j subject m (univariate normal-
% % % % binomial model)
. ) ' N (lpg,m0)
1 0 trial 1, 0 ' Ga(4|ag, by)
‘! 1 trial T.lj 1 0
0 0 1 1 N(pjlu 1)
1 0 0 1
—l Bin(kj |o-(pj)’ nj)
Fixed effects

http://www.translationalneuromodeling.org/tapas/

Brodersen et al. 2013, Neurolmage



Using classification for fMRI data

Whole brain

-

Searchlight classifier \

T i

Mourao-Miranda et al. (2005) Neurolmage, .
\ Marquand et al. (2010) Neurolmage Kriegeskorte etal. (2006) PNAS

/ Pattern localization e \\
- P Word Category

Food
Building
People

\ Pereira et al. (2009) Neurolmage, Mitchell et al. (2004) Machine Learning \ //




Confounds — GLM vs MVPA

=
Simulated example: experiment condition confounded with difficulty TElSk HLI|E {A VS. B.]'
) GLM
F-
2o
E
E
o .5
= e subject 1 (A more difficult)
subject 2 (B more difficult)
10 1 \ | . '
A B A B
Trial (blocked by experiment condition)
Individual-Subject Summary Statistics
Subject Experimental Effect (GLM Discrimination Success (MVPA)
Subject 1 mean(A)-mean(B) = +4.75 classification accuracy = +13.15,
within-minus-across = +3.826
Subject 2 mean(A)-mean(B) = -5.56 classification accuracy = +13.44,
within-minus-across = +3.848
Group Test Statistics (two-tailed i-test)
E Eft GLM Discrimination S WP
mean(A)-mean(B): classification accuracy:
t,=-0.0780, p=0.9504, n.s. 1=84.0, p<0.01, sig.
GLM summary statistics (no control) GLM summary statistics (control)
40
p=0.2
o o 3
8 2
o o
@ 2 20
B B
= * 10
0
-1 0 1 -0.06 0 0.05
mean(A)-mean(B) mean{A)-mean(B)
MVPA summary statistics (no control) MVPA summary statistics (control)
25 40
Hy p<0.01 Ky p>0.2
. 20 . 30
° o
9 15 D
- ERES
B 10 5
* =
5 10
0 0
-20 0 20 -4 -2 0 2 4 1
classification accuracy classification accuracy

Todd et al. 2013, NeuroImage



Practicals

- Classification using SVM

O

Bishop (2006) PRML



Unsupervised Learning

Building a representation of
data

Dimensionality )

\‘J.IL‘/

Mixture models




Clustering using K-means

» Cost function 2
B N K
T=>" ruV(Xn, ) B
n=1 k=1

- Algorithm

Initialize

1

2. Estimate assignments ?
3. Estimate cluster centroids |,
4

Repeat 2,3 until
convergence

=2

Bishop PRML (2006)



Clustering — Mixture of Gaussians

rzn

Xn p(x) = Z WkN(X“ik; k)

—e 3 k=1

(b)

Bishop PRML (2006)



Interpretation

* Cluster parameters

al. Gl

Cluster 1 Cluster 2
 Internal Criterion — Model Evidence
- External Criterion - Purity
(inferred Yo o oss (& © oss A
Labels
Subjects
External
[ 00 00000
\Labels 00000 000 j

Normalized Mutual
Information (NMI)

Balanced purity

Rand Index



Practicals

¢ Clustering
- K-Means

» Finite Gaussian mixture
model

Bishop (2006) PRML



Learning Multivariate Generative

Modelling from Data Bayes in SPM Embedding

5PM8 (ssudhir): SPM{T}: Results
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L
Encoding Vs Decoding Models

Cause/Stimulus Consequence/Behaviour

XeRY




Encoding Vs Decoding

Encoding models Decoding models
X as a cause X as a consequence

Regionally selective Distributed representation or

encoding decoding :
B S A= XB @ ........ X =A B

Hemodynamic convolution, confounds and noise

Vs Y =TA+GY+E Yei\ Y @ N

gO): XY 2(0):Y > X
Y=TXB+Gy+e X =YB—-GyB—¢€p

gresasibinistal

Friston et al. 2008 Neurolmage



L
Coding hypotheses

-

Sparse vectors

]
O
L]
O
L
O
=
H
K Spatial vectors Smooth vectors j
- ~
Singular vectors SUDDOIt Vectors
of data PP
UDVT = RYT U=RYT




Coding hypotheses

Nul: U=

Spatial vectors: U=1

Singular vectors: UDV T = RY T

Support vectors: [J = RY T

smoothvectors: U (X;,X,) = exp(-+(X, —X,)°0™)

WX =RYB +¢
p = Uy

cov(n) = £1(2) = exp(ADI1) + ... + exp(#,)10"

p(B)=NO,UZ" U")

W =RT

R = orth(I — GG™)"

Friston et al. 2008 Neurolmage



VB Inference

M-Ste < ( I(nH-l) — I(m) Al n |Zi —(m) |
P J add a subset L AEH
Greedy search
Ly ==5r(BWXX"W'=5)-T1, (u! - 7)) ‘u’l until ¥ stops increasing n
Ly, ==4tr(PEB3)-TI, H
At ==L, M-step
\ZA =-L;; until convergence E-step
3= exp(u )" +exp(ui )P +K )
g(A) =N 57 u'=XLT WX E-step
u’ =up’
4 N_ lr -l 5
Y=y X-XrUTLEYW / q(ﬁ):N(ﬂﬁ,Zﬂ)

[ Inp(X16,Y)2 F =—L(X"W's (") " WX~ InIZ () |-win 27 +In 113" |- (' - ) 111" - 7)) ]

Friston et al. 2008 Neurolmage



Bayesian decoding of motion

Attention to motion dataset - Bichel &
Friston 1999 Cerebral Cortex

Experimental factors:
1. Photic

2. Motion

3. Attention

Fixation Stationary

No Attention

MOVING DOTS

contrast

SPM{Fz'm}

2 4
Design matrix

Statistics: search volume: 16.0mm sphere at [48,-63,0]

6

set-level cluster-level voxel-level
mm mm mm
P ¢ Peomected e P PRuEcor ProRecor | z)
0.006 4 39 0.000 0.000 40.66  Inf  0.000 39 =72 0
0.000 0.000 40.09 Inf 0.000 42 -75 -3
3 0.002 0.000 13.35 4.55  0.000 39 -63 -12
1 0.124 0.003 8.67 3.52 0.000 51 -66 -3
1 0,436 0.010 7.36 3.18 0,001 48 <63 0

fable shows 16 iocal maxima more than 4.0mm apart

Height threshold: F = 7.05, p = 0.001 {0.513) {p<0.001 (unc.)} Degrees of freedom = [2.0, 335.0]

Extent threshold: k = 0 voxels, p = 1.000 (0.513) PWHM=757.4 7.1 mm mm mm; 2.5 2.5 2.4 {voxels};
Bxpected voxels per cluster, <k> =1.212 Volume: 15741; 583 voxels; 43 3 resels

Expected number of clusters, <¢>=0.72 Voxel size: 3.0 3.0 3.0 mm mm mm; (resel = 14.69 voxels)
Expected false discavery rate, <=0.01

Friston et al. 2008 Neurolmage




Multivariate Bayes in SPM
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Results

log-evidence

maximum p = 100.00% distribution of weights
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Friston et al. 2008 Neurolmage

Posterior probabilities at maxmia

p(lwl > 0)

location (x,y,z) weight (w)

p = 0.991
p=0.977
p=0.973
p=0.972
p =0.968
p = 0.966
p =0.963
p =0.954
p =0.947
p =0.945
p =0.942
p =0.942

48,-78,0mm q =-0.0208;
48,-72,-3mm q =-0.0215;
36,-72,3mm q=0.0185;

45,-51,9mm q=0.0188;

39,-66,-6mm g =-0.0180;
42,-54,-3mm q =-0.0168;
45,-75,-6mm q = 0.0196;

54,-54,9mm
63,-60,3mm
42,-63,0mm
60,-60,-9mm
36,-57,6mm

q=0.0154;
q=-0.0161;
q=0.0150;
q=-0.0136;
q=-0.0167;

583 voxels; 360 scans



Results

a ;
log-evidence
Model comparison
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Laminar activity related to novelty and episodic encoding

Novelty

Anterior

b
Subsequent memory (DM)

Anterior

Sagittal (right)

a
Entorhinal cortex
Novelty
90 !
80 0.9
7 + Z o8
0 g o7
8 60 S 06
= o 5
8 50 o 05
2 2 o
Sagittal (left) ® 40 § 0.4
S 30 3 03
[&]
20 3 0.2
10 0.1
0 o0 0 O
Q?’e‘?@&@@ \»Q‘Q’GQ@(:“;@&
N ; A
P <‘<‘5‘@ P <25‘@
Posterior b
Subsequent memary (DM)
1
90 0.9
8o ‘|‘ 2 08
70 + 8 o7
8 60 2 06
3 e =
_g 50 § 05
Posterior 2 40 g 0.4
S 30 8 0.3
20 i 02
10 0.1
0 — 0
S %,\éy\(\ N e‘%{§

Maas et al. 2014 Nature Communications
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Demo

- Bayesian decoding of motion in SPM

SPME {ssudhir): SPM{T}: Results
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Dynamic causal
model (DCM)

>

e High dimensionality
e Unusual cluster distributions
e Lack of interpretation

Classification
Clustering




Generative Embedding - Classification

N

measurements from
an individual subject

jointly discriminative
connection strengths

step 1 —
model inversion

X — Mo

step 4 —

< interpretation

@«—.

p(0|x,m)

subject-specific

inverted generative model

[ ]
S ®
~ L ] e @
Y
\\ e
~ L ]
b ~ L ]
® ~
L] L ] &
&
L ~
L ® %
.
L ] ~
[ ]

separating hyperplane fitted to
discriminate between groups

Brodersen et al. pLOS computation biology 2011.

step 2 —

A—B
kernel construction
I A—-C
d B—-B
Mg — R B—C
E:RExRY 5 R
L Y I} Rd

kv Mg x Mg = R

subject representation in the
generative score space

step 3 —
support vector classification

¢ = sgn (er k(x;,x) +b)



DCM - Speech processing

**%%%%*

M patients
M controls

Voxel-based feature space
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Brodersen et al. pLOS computation biology 2011.



Working memory - fMRI

41 Schizophrenia patients (DSM IV,ICD 10), 42 controls

« Visual numeric n-back working memory task

1

900ms

5

B

500ms

e

Deserno, Lorenz et al 2012. The Journal of Neuroscience 32 (1). Society for Neuroscience: 12-20.



Model based clustering

step1 —
extraction

measurements from an
individual subject

@ step 6 —

mterpretatlon

@4— «:'

jointly discriminative
connection strengths?

: WAV
N I:»\AN\WM‘I:’

time series in
regions of interest

balanced purity

step 2 — @
modelling
@"

step 5 —
validation

a—

0

agreement with
aetiology or clinical facts?

Brodersen et al 2014 Neuroimage

step 3 — A—B
embedding A C

:’ BB

subject-specific
generative model

B—-C

representation in
model-based feature space

AT

CINL L step 4 —
v, e & clustering
St

emerging groups of similar

subjects?



Results — Healthy vs Schizophrenic

a supervised learning:
SVM classification

78%

balanced accuracy

regional  functional effective
activity connectivity connectivity

b discriminative C unsupervised learning:

model parameters

:

log model evidence
[e))
o

120} best model

100¢

—> significant (p < 0.05, corrected) 12345678

—P ns.

K (model selection)

Brodersen et al 2014 Neuroimage

variational GMM clustering (using effective connectivity)

o
o))

©
N

balanced purity

o
N

0

123456728
K (model validation)



Results — Schizophrenia patients

model selection validation

850 UJSO_
2 7))
530 %)
g 20 <20 §
e
> 10 15‘1
ks)
O1 2 34 123

K cluster

Brodersen et al 2014 Neuroimage



L
Unified model for identifying subgroups

Jointly extract subgroups and
different connection weights of
subjects in a unified model

Extract model parameters
for each subject separately

)

[ Inputs J[parameters

f %: Neuronal Layer

A

\ @ @ Observation Layer /

l I—

[ Clustering ]

l INVERSION

[ Results ]

Raman et al A hierarchical model for integrating unsupervised generative embedding and empirical Bayes .Submitted
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Thank you
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