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Why multivariate?

Univariate approaches are excellent for localizing
activations in individual voxels.
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Why multivariate?

Multivariate approaches can be used to examine
responses that are jointly encoded in multiple voxels.
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A bit of history — Multidymensional scaling

Psychophysical rating fMRI

T
——

Two-dimensional projection of similarity measure for both
psychophysical rating and fMRI response.

Edelman et al, Psychobiology, 1998
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A bit of history — Classification Studies

to Houses & whig
il

Haxby et al, Science, 2001
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A bit of history — Classification Studies
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Kamitani and Tong, Nat Neurosci, 2005
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Representational similarity analysis

Idea: Compare the similarity of representations (correlation between
activation patterns) between different stimuli.

Allows for a comparison between monkey

(neural firing pattern) and human (fMRI activation patterns).
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Analysis steps

Feature
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Feature space

Features
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Feature selection for fMRI

multivariate analysis

Different features answer different questions.
Reducing the dimensionality might reduce noise,
but could also reduce relevant information.

Whole brain ROI Searchlight Connectivity Generative model
=T == L= D D D A D
] =T FEA L il ™ ol ™
yiZas: A PRI Ao oam A J{fr Zi1 2 (W wm i FAmD S
‘T A [ A A LA R AL LAY | [ A Lot Y Ay LT
QU EEN Y 2 e el AP AR BTN = L7 Wliriraras AR [T DL
R ma ORI T RT T L AT LA LT (e AL ]
U AT (e T ] TN A W | (NN A e IR 1)
_‘1 =] __)...-—)\ 7 \.__@1" =T _‘L’#I -_’«J‘L‘ ] :_,.«.__?‘-"_' mg \-.,(JL :__,u-\. b —4 g ‘*-_4(.1( PN VA I
=] Ll T A i | = T/ R s | A==/ = ==
N[/ V\ =V A= N = .
N Y= DRANE= NN AR =
N _J
~
Model parameters Correlations Model
Mean values between Parameters,
Raw data regions e.g. DCM

fMRI Analysis and Classifcation | 12



Model selection - Generalizabllity

Model
Complexity

Good
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Model complexity

Bishop (2006), Pitt & Miyung (2002), TICS
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Encoding and decoding models

condition encoding model
stimulus g;Xt - Yt
response .
prediction error decoding model b\
. :
”‘\._______A\ h: Yt — Xt ‘ !\
context (cause or consequence) BOLD signal
X, € R? Y, € RY
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Modelling goals

Prediction

I
Predictive Density
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Modelling goals

-« Model Selection

Sparse Coding Distributed Coding
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Learning from data

Supervised Unsupervised
Learning Learning

Reinforcement
Learning

Semi-supervised
Learning

Labels for training Labels for training
data are known! data are NOT known!



Supervised learning

Independent variables
X

dependent variable

Continuous Y

40 60 80 100
Weight (kg)



Classification

e N -

Kernel Methods

e Kernel Function — K(x;, xj) = ¢p(x;). ¢(xj)
Kernel methods for pattern analysis, Taylor, Cristianini, 2004



Other popular classifiers

Gaussian Processes

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

2 0
h 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
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http://deeplearning.net/tutorial/DBN.html
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I
@ O O O O O @ X nets”, Neural Computation, vol 18, 2006




Generative and Discriminative classifiers

e Generative classifiers

e Learn the parameters for the functions p(Y) and
p(X|Y), e.g. Naive Bayes Classifier

e Discriminative classifiers

e Learn the parameters for p(Y|X), e.g. logistic
regression, SVM
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Cross-validation

The generalization ability of a classifier can be estimated using a resampling
procedure known as cross-validation. One example is 2-fold cross-validation:

examplei . [Z
2 @| @
: @) @
9 2| O
100 (2| @&
1 ) 2 ) folds

\ J
I

performance evaluation

. training example

test examples

 Model Selection
» Performance evaluation

- Balanced Accuracy

 F1 Score
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Cross-validation

Another commonly used variant is leave-one-out cross-validation.

examplei 2 @ D @ () training example
5 . . . . test example
s @O @ @ a
99 O 8 8 a8
100 ) @ g a
1] 2 98 | 99 | 100 | folds

I
performance evaluation

In fMRI often leave one-run-out
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Performance — Single Subject

/ \ Binomial Test
subject j p=P(X = k|Hy) =1— B(k|n,my)
| l | .08
trial 1; "0 b
trial 7.11- il ..
1 llllll
L0 9

ParTs
L0
i} -—-rll||‘ " |I.*|-—--|I-
5 10 ] 25

Il Cross-validated data are not necessarily
binomially distributed - Permutation tests are better!!!

Brodersen et al. 2013, Neurolmage
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Performance — Mulitple subjects

Random effects
b Bayesian mixed-

. L ) effects inference
subject 1 subject 2 subject j subjectm (univariate normal-
% % % binomial model)
' N(Mﬂo: rlO)
1 1 1 0
; ; ; : N(pjlu2)
1 0 0 1

Bin(k;|a(p;), 1)

Fixed effects

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

Brodersen et al. 2013, Neurolmage

fMRI Analysis and Classifcation | 26



Confounds — GLM vs. MVPA

Simulated example: experiment condition canfounded with difficulty TEISk HU|E fA VS. B}
5 GLM
-
z 0
B
o
T
x
o5
. subject 1 (A more difficult)
subject 2 (B more difficult)
-10 1 L L L s
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 t-test)
Experi Eif GLM Discrimination S WP
mean(A)-mean(B): classification accuracy
1,=-0.0780, p=0.9504, n.s. 1,=94.0, p<0.01, sig.
GLM summary statistics (no control) GLM summary statistics (control)
20
Ko p>0.2
] 15 o
£ 2
o a
z 10 3
B B
= 5 =
0
-1 0 1
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 20
a8 a
© 7}
D 15 @
E ElEY
5 10 5
= =
c 10
0 0
-20 0 20 -4 -2 0 2 4 U
classification accuracy classification accuracy

Todd et al. 2013, Neurolmage
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Second level t-tests for accuraclies?

True B-Values are normally 52 |
distributed. 3 )
20 10 0 10 20 -20 -10 0 10 20
activation difference activation difference
i) 1 d°}1oo
S 08 2 90
c iy
.% 0.6 § 80
£ 04 § 70
£o02 ® 60
E 0 . . . : : = 50 chance levelao ‘ ‘
-60-40-20 0 20 40 60 -60-40-20 0 20 40 60
true activation difference A3 true activation difference A3
e) _ f)
True accuracies are not st Hl
normal and truncated at chance. s A
A possible solution is given L /L TIN
0 25 50 75 100 0 25 50 75 100
by A”efeld et al accuracy / % accuracy / %

Allefeld et al. Neuroimage, 2016
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Statistical testing with classification

* Within subjects:

— Permutation statistics

— Parametric tests ar not valid (assumptions not met), e.g. Biomial-
or t-test (c.f. Schreiber and Krekelberg, 2013).

e Across subjects:

— Assumptions for t-tests are not met

— Full Bayesian model (Bordersen et al. 2013, but assumptions are
not met for CV)

— Use prevalence statistic proposed in Allefeld et al., 2016
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Research questions for classification

Overall classification accuracy

accuracy
100 % p—
L 1
JE——
50% [--{="o- 1T -~ [ -
Left or Truth Healthy or
right or ill?
button? lie?

classification task

Spatial deployment of discriminative regions

Temporal evolution of discriminability

accuracy Participant indicates
100 % decision

| ]l

within-trial time

50 %

Accuracy rises above
chance

v,

Model-based classification

{ group 1,
group 2 }

Pereira et al. (2009) Neurolmage, Brodersen et al. (2009) The New Collection
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Decoding «hidden» intentions —

searchlight approach

Free task selection (addition versus subtraction)

select

Task stimuli
Response
5.5 mapping
0 33 65 89
variable dela;r"'-.. -
23 18

spherical : +  decoding
cluster -

d
{
ol
'

'

Decoding accuracy

L]
DELAY
0:5 accuracy 075
EXECUTION

Haynes et al., Current Biology, 2007
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Decoding of free decisions

Decoding of fingerpresses (red line). Participants freely choose timing

Lateral frontopolar cortex Medial frontopolar cortex
Pre-SMA (-9, 6, 57) (33, 69, 12) (0, 60, —3)
75 | 1 |
' 60 I 60 |
! 1 I
| - M
| hory,
50 ! 50 } L
MJ&LA: . 1-8 —4|0 M 8 -4|oYa!BY12
50 T T 1 |
e —4ld 41872 | |
I 1 I
Left motor cortex ‘ Right motor cortex
(42, -18, 57) . (39,-18, 57) Precuneus /
75 Decision sup posterior cingulate cortex
choice

(-12, 60, 21)

I

|

| ! "

; l E GOM

» : ------- +

0 4,82 ﬁm@

: B i ?ffé‘ 2
I
|

fN’, \ Earliest information about left-right

long before execution — free will?

) A,
SO TS 4] par

A~

~
&)1

Decoding
accuracy (%)

(%))
(=)
|
A

Soon et al., Nat Neurosci, 2008
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Decoding task preparation —

connectitivy based decodinc

SV-Classifier on connectivity graph (correlation)

A | [1-trial X-trial
: X
Pause (2s)

Delay (8-14s)

Go-signal

Response

|
Feedback

Y

Heinzle et al., ] Neurosci, 2012
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Unsupervised learning

Building a representation of
data

Dimensionality ]
M WMWWW
“W%WM
N, @
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K-means clustering

» Cost function :

_ N K
J= > raV(xn. my) ?

n=1 k=1

- Algorithm

Initialize

Estimate assignments :
Estimate cluster centroids ,

= W N

Repeat 2,3 until
convergence

Bishop PRML (2006)
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Clustering — Mixture of Gaussians

Bishop PRML (2006)
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Interpretation

« Cluster parameters

4 N\
| _lI . -
Cluster 1 Cluster 2
\_ J
 Internal Criterion — Model Evidence
- External Criterion - Purity
'TZebZTsd [T Te! o looe | lo o Jooo) Normalized Mutual
Information (NMI)
Subjects
Balanced purity
External
bole  #90888800800000000 Rand Index
\ apeils /
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Encoding vs. Decoding models

Cause/Stimulus Consequence/Behaviour
I XeR i
_...-*'f e HEr Tk hEEEL e .
Encogig :(0).x—Y h(0):Y - Xl ging
YeR"
Voxel Activity Voxel Activity
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Encoding vs. Decoding models

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

Regionally selective Distributed representation or

encoding Gecoding

Hemodynamic convolution, confounds and noise

'y@l Y?L

gO@): XY 2(9):Y = X
Y=TXB+Gy+e¢ X =YB-GyB—¢€p
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Coding Hypotheses

Spatial vectors

Smooth vectors

~

m n -
Singular vectors TH Bm
of data D O Support vectors
T _ T . _ T
UDV' = RY EE = U= RY
E m Y,

Distributed vectors

/
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Coding Hypotheses

Nul: U =@

Spatial vectors: U=1

Smooth vectors: U()—éi , )—fj) = exp(-% (5(2 - )—fj )2 0'_2)
Singular vectors: UDVT = RYT

Support vectors: {J = RY T

WX =RYB+c W — RT
p=Un R = orth(I — GG™)"
cov(g) = 2°(1) = exp(A°)RVR!
cov(nn) = Z"(2) = exp(Z)I") + ... +exp(4] )"

p(B)=N(0,UZ" U")
Friston et al. 2008 Neurolmage
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Solved with variational Bayes

_ (i) yT
M'Step ]4 H-l L[ L ( ][”H"“ = [“’” AI ﬁf? |2{ ﬁ(n:) I
J add a subset L

4 - ) Greedy search
L, =—ttr(P(WXX'W'=X)-T1,(u} -7, lu’l until F stops increasing n
Ly, =—+tr(PEPE)-TI, H

Mt =-L3L, M-step
S=-L until convergence E-step

o J

3= exp(u )1 +exp(ui )1 +K )
q(A)=N(u*, 3 u'=XLE WX E-step
w’ =uu"
\2" =y~ s s p g(B)=Nu’, 37

[ Inp(X16,Y)2F=-H(X"W'E(u")"WX- InIZ(u*) |-win27z+1In 12" |- (& - ) 1" - 7)) ]

Friston et al. 2008 Neurolmage
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Example — Decoding of motion.

Attention to motion dataset - Biichel &
Friston 1999 Cerebral Cortex

Experimental factors:
1. Photic %1_3.
2. Motion
3. Attention

Fixation Stationary o~

Design matrix

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

No Attention set-level cluster-level voxel-level o mm
P ¢ Pomwas Ko Pt Prear Prorer B (B Puametes i
0.006 4 a9 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
| 0.436 0.010 7.36 3.18 0.001 48 -63 0
table shows 16 local maxima more than 4.0mm apart
MOVING DOTS 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=7.57.4 7.1 mm mm mm; 2.5 2.5 2.4 {voxels};

Expected 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 discovery rate, <=0.01

Friston et al. 2008 Neurolmage
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MVB_sparse (motion)

obeserved and predicted contrast

contrast

fMRI Analysis and Classifcation |

Posterior probabilities at maxmia

p(lwl > 0) location (x,y,z) weight (w)

p=0.991 48,-78,0mm q=-0.0208;
p=0.977 48,-72,-3mm q=-0.0215;
p=0.973 36,-72,3mm q=0.0185;
p=0.972 45,-51,9mm q=0.0188;
p=0.968 39,-66,-6mm q=-0.0180;
p=0.966 42,-54,-3mm q=-0.0168;
p=0.963 45,-75-6mm q=0.0196;
p=0.954 54-549mm q=0.0154;
p=0.947 63,-60,3mm q=-0.0161;
p=0.945 42,-63,0mm q=0.0150;
p=0.942 60,-60,-9mm q=-0.0136;
p=0.942 36,-57,6mm q=-0.0167;

583 voxels; 360 scans

Friston et al. 2008 Neurolmage
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20

log-evidence
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,,,,,,,,,,,,
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I 1 |
S e e PR T
[ 1 |

I 1

spatial smooth svd

svm

log-evigence
Model comparison

60 : ! .

fffffffffffffffffffffffffffffffffffffffffffffffff

-10

Friston et al. 2008 Neurolmage
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Multivariate Bayes in SPM

Realign (Es... ~ l Slice timing l l Smooth ]
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log-evidence
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3

[y
[
o

e

NN
g o
o o

w
o
o

frequency

contrast(s)

distibuion ofweights

partions

PPM: MVB_Moton (Moton)

MVB_Moton
(prior: sparse)

prediction

004 002 0 002 004
Poserior prohaiges aighexima

Pl >0) locaton (x,y,2) weight (w)

p=0993 -39.0-90.0-30mm q=0.0254;
=0983 -33.0-99.0-30mm q=-0.0216;

p=0983 -3
p=0982 -4
p=0980 -4 :
p=0979 -30.0-84060mm q=-00187;

p=0977 -39.0-67.030mm q=-00196;

p=0973 -30.0,-84.0,6.0mm q=-00204;
p=0972 -39.0-810-150mm q=00166;
p=0946 -36.0,84.0,12.0mm q=-00144;
p=0933 -48.0,-84.0,3.0mm q=-00119;
p=0929 -39.0,75.030mm q=-0.0160;

socasesedgudaegiced contast
SNR (variance) 0.64

-99.0,30mm q=0.0211;
08.0mm q=0.0201;

conast

fMRI Analysis and Classifcation
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episodic memor

Laminar activity related to novelty and

Novelty

Anterior

Sagittal (right)

Posterior

a
Entorhinal cortex
Novelty
90 0;
80 + Z 08
o
70 + g o7
3 60 ©
u:) ‘5_ 0.6
5 50 2 05
& 40 G 0.4
g B .
9 30 3 0.3
20 & 02
10 0.1
0 O
. ((’OQQ’O":@@ Q((/ Q"‘/Qc;@&
RIEASS R eR S
=) qu;@ =2 OQJQ}@
b
Subsequent memory (DM)
1
90 0.9
80 + 2 08
70 + 2 07
8 60 S 06
5 s
T 90 % 05
3 40 @ 0.4
[=)] 8 '
9 30 @ 03
20 o 02
10 0.1
0 — 0
C_p\)Q QJQQ?{.D\(\ 6\) @%{é}e

Maas et al. 2014 Nature Communications

Log evidence

Log evidence

Hippocampus proper/DG
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160 [ '
140 % 08
120 g g'g
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20 0.1
0 DA QO " N &
VXY a2 VR o o8
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Modelling Learning Multivariate Generative
Principles from Data Bayes in SPM Embedding

) 5PM8 (ssudhir): SPM{T}: Results
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Classifying Groups of Subjects
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Generative Embedding

measurements from
an individual subject
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Brodersen et al. PLOS computation biology 2011.
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DCM for speech processing

=) | 09
KN " RIRAN ()3 ) 3.,
W A ¥ & P O N
F ®KY F * | PR s

%’% M patients \/ 04 acspmezof | r

[ controls auditory stimuli

H

@)
9,

activation- correlation- model-
based based based

Voxel-based feature space Generative score space

$e

®
.« °®,

03l 02+

0250

°e M patients o A

M controls -O.SS-L
-

-0.4-L & g
-0.4

et — //' - T
e 0 . -

Buippaquwse
aAlelouab

.
[ ;
R, .
¢

044"

o
3

L.HG — L.HG

Voxel (64,-24,4) mm
»
3

0.

0.1k p
05 0

‘\""5410 Voxel (-56,-20,10) mm -0.2 /0 . RHG — LHG
Voxel (-42,-26,10) mm 05 LMGB — LMGB U

fMRI Analysis and Classifcation | 52



Working memory in Schizophrenia

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

» Visual numeric n-back working memory task

Deserno et al (2012) The Journal of Neuroscience
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Model based clustering

measurements from
an individual subject
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Results healthy vs. schizophrenia patients

a supervised learning:
SVM classification

balanced accuracy
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Within patients clustering
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Be aware

* Interpretation of decoding or classification
results Is difficult.

e The decoded information must be In the
data, but in what features exactly Is often

hard to find out ...
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Summary
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