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=~ Brain dynamics in BOLD fMRI

Probe brain dynamics
non-invasively

stimulus =

parametric HRF [Friston et al, 1994; Glover et al, 1999]
non-parametric HRF [Goutte et al, 2000; Marrelec et al,
2003]

non-stationary linear model [Donnet et al, 2006]
Balloon model [Buxton et al, 1998; Friston, 2000;

Buxton et al, 2004] BOLD fMRI
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e Brain dynamics in fMRI
Why is it important?
» Elucidate neural code:
» Extract temporal information (magnitude, delay, width)
» Study variability between conditions or tasks

» Study non-linear or non-stationary effects

s Reflect subject's strategy or performance
» Between subject variability

» Complementary analysis of electromagnetic modalities
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= Extract temporal information

« Understanding the chronology of activations in
single trial fMRI experiments

* |Inferring the causality of underlying neural

processes
[Kruggel & von Cramon, 1999] & -
::c 0.3}
AIC, (9.8 5) Th, (834s) O o
T
gm . » » i . o ]
FOC, ( 9.66 s) w o/ N
X Delay |
HGL (6.98 S) / 5 10 15 20
Time (sec)
ThL (8.49 s) MTG (8.24 s)

Delays (sec): HG, ~HG,<MTG,~Th,~Th,<FOC,
[Saad et al 2001; Liao et al, 2002; Henson et al, 2002]
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ey Delay mapping
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Sources of variability

* Subject, session

1 -

HE

z II':.?*. .

sat 4

Fi1220)=04

| | | | [ 1 1

J F 4 £ o 1 1d 14

Subject 1
less variable

[Aguirre et al, NIM 1998]

set 3

F(12,20) = 2.5

4 L] b 1Ll 1: 14

Subject 2
most variable
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=D FIR modelling

» Explicit assumptions on the BOLD response

Hyp. 1: linearity Hyp 2: stationarity

+ mm) h
Convolution kernel

[Aguirre et al, 1998; McGonigle et al, 2000; Smith et al, 2005]
Hyp 3: additivity

h! £ h?

Timeins
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TR 2TR3TR ...

[Ciuciu et al, 2003; Makni et al, 2008]
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FIR modelling

G0

» Design matrix for estimating the evoked BOLD

response
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=0 FIR modelling

» Design matrix for estimating the evoked BOLD

response

i H,J'Ef']} ] J'E?LI;
1,2 iy |
y;(ta) hi.r{ (&3) i(ts)
y;(ta) = ejlta)
Lb’,.l'(f-ﬁ} : 53’“:‘:}

: B (AAtE :

| = : h3(0) & | + '

f h%(At): :
yi(to) SN ej(to)
yj(tio) 900 £5(tio0)
yi(ti) h‘ﬁlf} £j(t11)
yi(ti2) i g5(t12)
yi(tia) ej(tis)

(At = TR)

yj:[xl-\xzul he | +¢€;

M
_ Z erlhm+mj1_|_5j

m=1
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e FIR fitting procedure

» Least squares solution (white Gaussian noise)
7 OLS
h;

—1
> [ i, OLS } = (X'X) X,
with X = [ X' | X7 |1]

» Maximum likelihood solution:
» Noise structure modelling & estimation

EjML ty—1w) ! wty—1
) ~" ML :(ij X) XXy

L

with X = [ X' | X*|1]
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G0 Actual fMRI experiments

» “Asynchronous” paradigms (jittering)

paradigms

paradigms

5TR T .
| Ime: (s) TR | Time (s)

FITES Gl = First generalization
At =TR=> t, = nAt At < TR

—> x and h more finely sampled than % in the asynchronous case
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=9 over-sampled FIR model

» Design matrix for estimating a single HRF

s 3 events
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=9 over-sampled FIR model

» Design matrix for estimating a single HRF

» 3 events
yi(t1) | P T eilt)
(e E .Fr._:- (0) = (¢t
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G0 Actual fMRI experiments

» Possible extension to multisession datasets
» HRF fixed across sessions

» Session-varying low frequency fluctuations
» Session-dependent noise statistics

) Fixed effect model:
M

Vs, y;) =) XI'h"+ P +el”

» Noise assumptions , ,
» homoscedasticity: 05‘”} = 0°,Vs
* heteroscedasticity: o7, # JS_“) for s # t
» Alternative: Random effect model

» Session dependent HRF
» Test HRF mean over sessions
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e FIR estimation efficiency

Fixed I1S| Design Jitterad 15| Design

Best estimation efficiency:
jittered ISl and
randomised event order

Underying
BOLD
Response

""::_\_\_\_\_‘_\-
f’/ﬂ

1
Measured v \/
BOLD

Timeseries /

t3+15+17
12+ 14+ 16
13+ t5+ 17
12+ td + 6
t3+t5+ 47
12+ 14+ 16
t34+ 15+ 17
12 + t4 + 16
I3+t +17
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=9 Bayesian inference

Prior
likelihood distribution
d HRF HRF
p(HRF | data) — Pldata | HRE) p(HRE)
v p(data)
h\/—/

Posterior distribution evidence
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=9 Bayes’ rule

likelihood

p(data | HRF) p(HRF)
p(data)

p(HRF | data) =

How the data are generated from the HRF?
Forward modeling
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=) Forward BOLD signal model

Unknown parameters

HRF Drift Noise statistics
M voxel V;
_ E mig, m _ _
m=1

I\«J\N=| | ° /\,_+/+HW|“ u
BOLD signal  Arrival time Orthonormal basis
measured in  of stimulus M for low freqpency
voxel Vj drift modelling ﬁ

Known parameters
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e Likelihood definition

» Main hypothesis: noise decorrelated in space

mmmm)> fMRI time series are statistically independent in space:
J

p(y |h,1,00) = | [ p(y; | hj, €5, 600,5)

7=1

< || f5, (v
J
Temporal noise model: either white or serially correlated AR(1)
b; ~ N(0, E?I) ‘ 0o,; = E?]
2 A —1 -
bj ~ N(0,;A;) sl 0 ; = [¢, pj]

[Marrelec et al, HBM 2003; Ciuciu et al, IEEE TMI 2003]

M
Y X™h] — Pt;)

i —
m=1
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=9 Bayes’ rule

Prior

p(data | HRF)p(_HRFi
p(data)

p(HRF | data) =

What do we know about the HRF before the data
are acquired?
Prior modeling
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€= HRF prior modelling

: ical HRF
Parametric approaches o anonical HAF

Hemodynamic |
response

0.08

@ Canonical HRF: SPM [Friston et al, 1994]

* One function, several parameters

0.02

0.06

> Poisson functions: [Friston et al, 1994]

> Gamma functions: [Boyton et al, 1996] e

> Gaussian functions: [Rajapakse et al, 1998; -
Kruggel & von Cramon, 1999; Kruggel et al, 2000]

0
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e HRF prior modelling

Temporal basis
functions

» Function basis [Friston et al, NIM 1998]
> Gamma function and its derivative(s)

> polynomial/spline functions:
[Genovese, JASA 2000; Gossl et al, NIM 2001;
Gibbons et al, 2004] 0 5 10 15 20 PST(s)

> Half-cosine parameterization:

i ma2
| \

o \ Eigenvalues
! { \ 8 .
| / |

] 1 ! Y

o / 7

| I |

1 | ! I [

L !

L {

| [ '|" §

| ] [}

| | !

v/ a
mh T4
C1 1

[ 1

[ *,

[ s (. v 8 L L . 0

[ | B 10 1B 2 6 W ¥ 440 16 2 25 3 35 4

[Woolrich et al, Neurolmage 2004]
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e HRF prior modelling

[Marrelec, Ciuciu et al, IPMI'03; Ciuciu et al., 2003]
» Nonparametric approach: smoothing prior

Smooth FIR vs other standard filters

oh,, is C* = h,, ~ N(0,7,,R) with r,, > 0, and|[R"! = DD, o N — Smoan FiR |
[ — Poisson
oh,, ~ 0 at the stimulus onset and the baseline return: hg ., = hpat.m =0 ,‘f \ - Gamma
g AT Gaussian
eoh,, and h; are independent for m # k: - |
o
M %
p(h i Rs-gh.) = H p(h)m |R~ Tm) ;
m=1 E
M ht R—l h
—(P-1)/2 | dot(R}-M/2 ¢ - h
oC (”1;[1 o ) det(R) exp ( 5 )
with Ry, = diag [r|®R = diag [r R, 7R, ...,ryR), 0p =[r1,...,ras] 0 10 20 Filte?gelay 40 50 60
(=2 1 0 \
(1 =2 110
. 0 1 -2 1 0 (At)
D:| = me e e [hi]|" = (Daihi) (Dzihi)
. o ;
n 1 =2 1 0 L
o1 -2 1 '




24/38

€= Drift modelling

Parametric approaches

@ Linear subspace spanned by
> DCT basis function: [Friston et al, 2000]
> A set of polynomial basis function: [Worsley et al, 2000]
@ Wavelet subspace: [Meyer, 2003]

Reduce autocorrelation in the residual
noise process
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=9 Bayes’ rule

p(HRF | data) o< p(data | HRF) p(HRF')

What do we know about the HRF given the data?
Keystone of learning scheme




26/38

=D Bayesian HRF estimate

@ Closed-form MAP estimate
p(hj|y; ; 6,€;) ~ N(h;M %))
Ej—]. — LQXtX +R’;j;1}

JE.‘J

= 1
RVAY = - BX* (y; - PE))

2

O¢;
» Alternative Marginal MAP estimate:
ﬁjMMAP

=argmaxp(h|y; ; 0) = arg max/p(h,f:’j ly; 5 0)de;.
h h
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= Drift & hyper-parameters

» Nuisance variables and hyper-parameters
» Deterministic parameters: Maximum likelihood estimation

» EM or ECM algo?r"ifthm [Ciuciu et al, IEEE TMI 2003]

» Drift parameters as random variables: marginalization

oML — arg TIh logp(y; ; 0) =log / p(y;, h;,£; ; 0)dh; de;]
[Marrelec, Ciuciu, IEEE TMI 2004]

» Hyper-parameters as random variables: combine
marginalization & posterior inference using sampling

p(0o, hj|y;) = /P(ﬂmﬁ’uhjafj |y;) dBy de,;

E)gc) ~ p(B] hgk_l), Y;) [Marrelec et al, HBM 2003]
k k
h ~  p(h; |65, y;)
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=9 FIR vs. regularized FIR

[Casanova et al, Neurolmage, 2008]

Increased temporal resolution with regularization
Time-to-peak Height Width Root Mean Square Error
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FIR vs. regularized FIR

f Time-to-peak Height Width Root Mean Square Error
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FIR vs. regularized FIR
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Root Mean Square Error
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FIR vs. regularized FIR

Time—to—eeak Heigsht Wicith Root Meﬁan Square Error
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=y FIR/regularized FIR: real data

[Casanova et al, Neurolmage, 2008]

&

Average HRF
estimate

A pii (AL

d kB 5 w o B @

L T T -

Standard FIR estimates: unstable for TR/4 temporal grid
Reqgularized FIR models: similar & meaningful results
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=y Results on real fMRI datasets

_| Speech perception experiment: ,acoustic,

sound - ( - )&
(acoustic - )
Vi=(—60,—-24,4) mm Vo= (—68, —28,8) mm V3= (—64,—40,16) mm

(a) Heschel gyrus  (b) Planum temporale (c) Planum temporale

HRF amplitude

Time {} I ] Time {:5:} I ] Time {}

HRF estimation performed on Sessions 1-3

[Ciuciu et al, IEEE TMI, 2003]
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CED Improved detection

Better sensitivity [Ciuciu et al, ISBI, 2002]

GLM built using
HRF estimate

GLM built upon
canonical HRF

Vi = (-60,-24,4) mm§l Vs = (-68, -28,8) mm
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en Between-trial variability

» Modelling the trial by trial variability
M K.,

yj — Z ZO{FQIX?}LJ —+ PEJ -+ bj
m=1 k=1

e

» Independence between trial magnitudes & = (o)
[Donnet, Ciuciu et al, I1SBI 2004]

» Dependence on the past:
> Habituation modelling: repetition-suppression phenomenon

[Ciuciu et al, ICASSP 2009]
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=y Extract temporal information

1
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Data from left motor cortex
[Donnet et al., Neurolmage 2006]
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=y Extract temporal information

P = {visual, Right click} [Donnet et al., ISBI 2004]
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=0 Conclusions

» Precise estimation of the evoked BOLD response
» Efficient & random design
» Reasonable Signal-to-Noise ratio
» Reqularization necessary

*» FIR modelling
» Sufficient for ITI > 2s.
» Otherwise: inadequate to capturing non-linear effects
» Able to account for trial-by-trial variability

» Voxelwise HRF estimation approaches
» Computationally costly
» Only a scanner induced spatial resolution
... Less robust than regionwise counterparts




