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=9 Outline

Introduction to functional brain imaging

- Magneto/Electro-encephalography
- functional MRI

Mapping brain activity

- GLM framework (Statistical Parametric Mapping)
- Spatial regularization [VB optimization]

Probe brain dynamics in fMRI

- FIR modeling
- Temporal reqularization [ EM/SAEM algorithms]

Joint detection-estimation

- Unify both questions

- Spatio-temporal regularization [MCMC methods]
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=y Functional brain imaging

¥ Imagerie Fonctionnelle Cérébrale

' | Etude du cerveau en action
! Nombreuses applications cliniques et en Sciences Cognitives

“J A |’interface entre les Sciences de la Vie et les Sciences pour | *Ingénieur
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=y Functional brain imaging

Probe brain dynamics
non-invasively

[Ogawa et al, 1990,1992]
neuronal

stimulus — etiviry. —— IO

electromagnetic
activity

v

EEG / MEG BOLD fMRI
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e=9 Outline
Introduction to functional brain imaging

- Magneto/Electro-encephalography
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o MEG/EEG

Electroencéphalographie (EEG) Magnétoencéphalographie (MEG)

n)
o

Activité électrique neuronale
Résolution temporelle : ~ 1ms

EEG : mesure du potentiel électrique  MEG : mesure du champ magnétique
Ordre de grandeur : qq p-volts Ordre de grandeur : 10— Tesla
Capteurs : électrodes Capteurs SQUID couplés a des bobines

Posthumous honor to Line Garnero
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=y MEG/EEG source reconstruction

Inverse
procedure

T

Distributed
Source model

Forward
Data

modelling
J K Y=Kx*xJ+E

Y p— KJ E n : number of sensors ) un,der_detelj‘mined SyStem
- - ' - priors required

p : number of dipoles
Bayesian
framework

t : number of time samples
[Mattout et al., Neuroimage, 2006]

[nxt] [nxpIpxt] [nxt]
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e MEG/EEG source reconstruction

posterior likelihood

p(J|Y)ecp(Y|J)p(J)

2
UppV)ZIC _p V=KIIHAIWIT gty p(1)~N(0,C| € 1= AWTW

likelihood WMN prior 2-level hierarchical model:

Y=KJ+E E~N(0,C,)

minimum norm smoothness prior functional prior

[Mattout et al., Neuroimage, 2006]
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=) MEG/EEG source reconstruction

e @ prior variance
hyperparameters

sources
(on the cortex)

/@ variance coeff
“~\ of data noise
observatio

(on the scalp)

(a) Source locations (b) Invalid prior location

{c) WMN solution under the smoothness  (d) ReML solution under the smoothness
prior prior

e e

- ‘_‘:‘-‘m"‘%_»’ 1 - —a.,:\ M & r-"'-"_""-‘ﬁt-

(e} ReML solution under the smoothness () ReML solution under the smoothness,
and valid priors valid and invalid priors

[Mattout et al., Neuroimage, 2006]
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e=9 Outline

Introduction to functional brain imaging

- functional MRI
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=y Magnetic Resonance Imaging

= High magnetic field

- = Emetteur/récepteur RF

Pl A A A A A A

= Auxiliary coils:
the « gradients »
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=9 Atomes en RMN

hoix des protons des atomes d’hydrogene de |I'eau pour I'imagerie

Proton
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=y Choix de I'aimant statique

Alignement des
moments

! magnétiques
suivant 2 directions:

direction parallele: orientation dans la
direction de BO

direction antiparallele: orientation dans la
direction opposée a BO

Mouvement de précession

42.58 MHz/T



Spins des protons

Les deux états d’énergie magnétique du noyvau d’Hydrogéne

/ \

en présence d’'un champ magnétique BO




Phéenomene de RMN

Relaxation ‘

f

Mz = My (- s 7)

=]

Mo




Phéenomene de RMN

‘ Retour a I’Equilibre de I’Aimantation Nucléaire

Z




Temps de relaxation

Ordres de Grandeurs des Temps de Relaxation a 1,5T

=y
H"'H.__

Temps de
Relaxation

Tissus
Hum ains

Liquide -
Céphalo-rachidien 2500 ms

Substance Grise 900 ms

Substance Blanche 750 ms

(rraisse 300 ms
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= Anatomical MRI

Post-op checking Sulci recognition
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=9 diffusion MRI

[Virtual Hospital, 1998] [Elkouby, 2005]

X in vivo imaging of the water brownian motion
X Get access to the structural connectivity

Mouvement brownie Spectro diffusion IRM de diffusion
[Einstein, 1905] tejskal-Tanner, 1965 [Le Bihan, 1986]




Functional MRI

Experimental Paradigm

64x64x32x1000 -
Measured 4D signal :

?ww.ﬁurn wu' Ll
T R
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Neuronal activation

e 4 2
I 2 '
b

BOLD = Blood Oxygenation Level Dependent signal
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e Le signal BOLD

[Ogawa et al, 1990,1992]

Produit de contraste intrinseque :
Oxyhémoglobine (HbO2) : diamagnétique  |soonriow
Désoxyhémoglobine (Hb) : paramagnétique Bl

Détectable en IRMf

Activation Légere augmentation de la consommation
cérébrale 02, accompagnée d’un fort afflux de sang
oxygéné

Conséquence : augmentation de la concentration
en sang oxygéné (Hb02) des vaisseaux proches
des neurones actifs
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=yHemodynamic Response Function

Function of blood oxygenation,
flow, volume [Buxton et al. 98]

Peak (max. oxygenation) 4-6s
poststimulus;

Baseline after 20-30s

Initial undershoot can be
observed [Malonek &Grinvald. 96]

... but differences across:
other regions [Schacter et al. 97]

individuals [Aguirre et al. 98]

<— Peak
Brief
Stimulus
Undershoot
v
0~ <
dip
0 o 1020 psTiy)
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=y The truth about fMRI data

64x64 Pixels ~ 3 x 3 mm 128x128 Pixels ~ 1.5 x 1.5mm

NEEGES Lt
Time|

|. They are distorted

Il. They are noisy

lll. They don’t have signal everywhere in
the brain

V. They depend on many parameters: T2*, A\ :
BO, TE, ...
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=y The truth about fMRI data

V. They are big ... and are getting bigger

1 brain volume (64x64x30) scan =200

\in 3 sec (TR =1) —— -

This is ONE run; often 3-8 runs X 15 subjects
6D Data (~20 Go)
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cen Outline

Mapping brain activity
- GLM framework (Statistical Parametric Mapping)




G0

Image time-series

Spatial filter

Realignment

1

|

Smoothing

seneral Linear Mode

|

Normalisation

Anatomical
eference !

R R

Parameter estimates

fMRI processing pipeline

26/59

:

Statistical
Inference

— RFT
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=0 fMRI example

Time series of BOLD
responses in one voxel

One session I L)
118?

116

Passive word listening
versus rest

114 F

12F

10F

7 cycles of
rest and listening

108 |

response at [62, -28, 10]

106 |

104 F

102 F

Each epoch 6 scans
with 7 sec TR 100, 700 200

300 400 500

time {seconds}

Question: Is there a change in the BOLD ‘ Stimulus function I

response between listening and rest?
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e Why modelling?

Why? Make inferences about effects of interest I

1. Decompose data into effects and error
How? 2. Form statistic using estimates of effects and

error

effects
estimate

100 200 300 400 500 600
time {seconds}

linear

statistic

error estimate
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General Linear Model

1 1

— —

y=Xp+¢

N

v

N: number of scans
p: number of regressors

Model is specified by
Design matrix X

Assumptions about ¢
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e General Linear Model
= !
= =B,—+B8, |+ & Nl
® ® (error is normal
and iid)
v

Intensity - X4 X5 &

Hypothesis test: 3, = 0?
(using t-statistic)

Question: Is there a change in the BOLD
response between listening and rest?
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Parameter estimation

Y=XB+¢ I
Assume iid error I

e=Y—-XB
‘ residuals I

~ ERRREN ¢
smiliiil

A

B=X"X| XTY

Least squares
parameter estimate
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=0 Estimation, example

120

118}
116}
114}

112

110 ’ [
108

Intensity

106

104}

102}

Least squares ﬁ:
estimate

3.15
104.74

Intensity

Assume iid error

Y=XB+¢ I
=Tz

A

B=X"X| XY

residuals ¢
and &

ey

Scans
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0 Improved model

—
Convolve stimulus function with —
model of BOLD response
—
|
o —
Haemodynamic —
0.08} response function
—
0.06} 120
% 118
S 0.04}
E 116
0.02} e
3112
0 %110
'5108
0.0%; 5 10 15 20 25 30 106
time [s] 1040
102}
100

10 20 30 40 50 60 70 80
Scans
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High-pass filtering

| ‘ Y=XB+£I
Frequency domain

128 second High-pass filter

|—IIIIIII :

045) | S — R - - :

I O I R High-pass filter
o implemented by
% 0% """""" modelling low
% it [ . frequencies
F0.25] [ b G
o
D 021 LR
e
50_15 ....................................................................

L
041 Mg g
0.05] [ fr i JUCITE T
» 0 ; A i
0 002 004 006
Frequency (Hz)

4'

discrete cosine
transform set N
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High-pass filtering

‘ Y=XB+£I

Intensity

the data and three
different models

— —
(e ] o
~J (@]

—

oF

N

o
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I
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o
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o
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=0 Error covariance matrix

sampled error
covariance matrix

Serial correlations I
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= Maximum likelihood solution

» Least Mahalanobis distance (Gaussian assumption)
- Assume V is known up to a scalar factor;: V = ¢?W
- The ML effect estimator minimizes the Mahalanobis distance
GZapa = (Y = XB) WY = XB) = [W~Z(Y — XB)|
> To see this, note that:
W=2Y = W-2XB +62N(0, I,)

- Therefore, only need to pre-whiten the data and the design
matrix

Y — W3y, X — W zX
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=y Mass-univariate approach
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e Inference - t-statistic

c=+10000000
000

SPM{T. .}
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=9 t-statistic - Computations

‘ Y=XB+£I

A
B least squares
estimates

‘C=+10000000000 E.,

compute df using
Satterthwaite
- approximation




e Hypothesis Testing

Jd Type I Error a:
Acceptable false positive rate a.
Level = threshold u,

Threshold u, controls the false positive rate
a=p(T>u,|H,)

Observation of test statistic t, a realisation of T
d P-value:

A p-value summarises evidence against H,.

This is the change of observing value more
extreme than t under the null hypothesis.

p(T>t|H,)
J The conclusion about the hypothesis:

We reject the null hypothesis in favour of
the alternative hypothesisift > u,

41/59

A

Null Distribution of T

k..

Null Distribution of T
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=9 Example of fMRI model

» A language comprehension study [Pallier et al, 2002]

Fr - Pol

contrastls)

SPMnss
[64,-52, 8]

ar

. %

SPMresulls: /bru1657/model_langage
Height threshold T = 463
Extent threshold k = 10 wvoxels

~mmmnnnb b b Qo rran ===
(S e O o R Ay Y Ryl | N T B N R sy N T a7 R Y
D AN === 0= 0N 0= 0= o) =0 -] )=

B |

1 F 13 19 23 31 37 435 o
Design matri=
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=y Part |l - Mapping brain activity

A)
B) What kind of regularization?
C)
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cen Experimental evidence

Even without applied spatial smoothing, activation maps
(and maps of eg. AR coefficients) have spatial structure.

Contrast AR(1)

= Definition of a spatial prior via Gaussian Markov Random Field
= Automatic spatial regularisation of Regression coefficients and AR
coefficients
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Bayesian fMRI

0




46/59

e Bayesian fMRI

General Linear Model:
‘ Y:Xﬁ-|-5 I with EOCN(O,CE)

What are the priors?

* In “classical” SPM, no (flat) priors

* In “full” Bayes, priors might be from theoretical
arguments or from independent data

* In “empirical” Bayes, priors derive from the same data,
assuming a hierarchical model for generation of the
data

\. Parameters of one level can be made priors on
——= distribution of parameters at lower level
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e The generative model

General Linear Model with Auto-Regressive error terms (GLM-AR):

‘ Y=X 3 +E where E is an AR(p) \
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=9 Spatial prior

Over the regression coefficients: [Penny et al, Neurolmage,2003, 2005]

ﬁk):

Shrinkage Spatial precison: determines Spatial kernel
prior the amount of smoothness matrix

Gaussian Markov Random Field priors

N(O,O(,:lD_1

1

1 1 on diagonal elements d,
D= ooody d; > 0 if voxels i and j are neighbors.
d, 1 0 elsewhere
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= Prior, Likelihood and posterior

‘ The prior: |

p(B,A,A,a,vF(j p(ﬁklak)p(aqul,qz))(n plaly,)ply,Irpr,)

k p

(:] plAJuy,uy

n

The likelihood:

p<Y|ﬁ3Aﬁ)\>:H p(yn|:Bn’an’)\n)

The posterior? | p(B1Y)?

The posterior over fdoesn’t factorise over k or n.

= Exact inference requires sampling techniques
= Variational approximation achievable at lower cost
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=y Part |l - Mapping brain activity

A)
B)
C) Numerical Bayesian inference methods
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e Sampling methods

MCMC example: Gibbs sampling

p( ; j.;_f)-:( ( \par(6 Hp(@ ‘pm )

jCFHJ

P @
L O
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e=9 Variational Bayes

» Central quantity of Bayesian learning p(@ | Y ) with @ = {3, A, \}

» Log-evidence of the model or integrated likelihood

V pdf ¢,logp(Y') = /Q(G\Y)lﬂgp(l’)dé’
p(Y,0)

:/g(9|Y)logp(g|Y) do
- Juort 2
- /q(ewmg ;j((gf;)) d9—|—./q(9|Y)log ;Eg:g 6
=F + D(qllpo|v) R |
» F is a lower bound of the model evidence . .

logp(Y)=F <=q0|Y)=p0|Y)
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e Variational Bayes (cont'd)

» Aim of VB : maximize F
- Make the approximate posteriorq(@|Y )as close as possible
to the true posterior p(0Y)

» Practical efficient algorithm:
- Ensure tractability of integrals in F
- Generic procedure: mean-field approximation

1(01Y) =[] a0
@; = ith group of parameters *
» Maximizers of F [Lappalainen and Miskin, 2000]

exp [I(B )}
[exp|I(6;)] db;

with I(6;) = / q(0\' | Y)logp(Y,0)de"

q(0:|Y) =




54/59

=y  Variational Bayes (exemple)

Approximate posteriors that allows for factorisation

q(ﬁ,A,A,a,y>:(gq<ak|Y> (qupm qun\mq(anw)qunm)

Variational Bayes Algorithm I

Initialisation

While (AF > tol)
Update Suff. Stats. for 8
Update Suff. Stats. for A
Update Suff. Stats. for A
Update Suff. Stats. for a
Update Suff. Stats. for y

End
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=y  Variational Bayes (exemple)

Approximate posteriors that allows for factorisation

Q(ﬁ’A’A’a’Y):

Regression coefficients

l;[q(ak\Y)

[La(y,[¥)

AR coefficients

qla,) =Gala,: g,.hy)
11

P
£y =

- [ﬂ-[:i_ds-'s]m-;sfaﬁ-a}+l

N

o

[Tqlp|V)qla|¥)q( |¥)

Observation noise

J

4 )
ﬁllr(j'.l.' :' = G“[in ;b.'r"{‘n }
1 G, 1
—_— = ——
b 2 u
T
C, = T+ U
-2
J




56/59

=9 VB: approximation effect
iso-levels of the posterior (€ |Y)  iso-levels of the posterior q(@|Y)
0.8 . . 0.8 . . .
06} oiel
0.4} 0.4}
m 02 ) o
ol ol
0.2, 5 02 5 :

Accurate mode approximation
Error hidden in the higher order moments
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cen Event-related fMRI

Familiar vs.
unfamiliar faces

Smoothing

Global prior Spatial Prior
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G20 Summary

 Activation detection in fMRI

- Preprocessings
- A whole brain model of the BOLD signal
- Statistical tests

« Bayesian gain
- Don't smooth the data
- Prefer spatial regularization




Mapping of the

p— parletal circuits /¢
A
2 al

A
’
‘.‘(

Mouvements
de la main
droite

Saisie manuelle

Attention et
Saccades

Calcul seul

Calcul et Langage
Saccades Seules

O. Simon, D. Riviere (2000)




