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ABSTRACT

Identification of the Hemodynamic Response Func-
tion (HRF) in functional Magnetic Resonance Imag-
ing (fMRI) is essential for a better understanding of
cerebral activity. In a given region-of-interest (ROI) of
the brain, several works have demonstrated that neigh-
bor voxels have close shape responses, but with poten-
tially different magnitude. This property of similar-
ity also holds between HRF's corresponding to different
stimuli in the paradigm. In this paper, we account
for these features in a given ROI and estimate a sin-
gle HRF shape but several magnitude coefficients per
voxel and condition, which may be thought of repre-
senting the neural response level. Identified as a semi-
blind deconvolution inverse problem, we use a Gibbs
sampling approach to estimate the unknown quanti-
ties. Our method, validated both on synthetic and real
fMRI data provides spatial activation maps in a given
ROI with no assumptions on the exact shape of the
HRF.

1. INTRODUCTION

The end goal of fMRI is to detect and localize dynamic
brain processes for various stimulations or tasks [1].
In recent works [2, 3], the authors have developed an
unsupervised robust non-parametric method for HRF
estimation. They observed that the shape of the re-
sponse tends to be spatially homogeneous. Here, we
propose an extension that takes this feature into ac-
count. Our purpose is therefore to estimate a single
HRF shape in a given ROI and a magnitude coefficient
for each voxel and stimulus type. This coefficient may
better represent the neural response level. The problem
can be formulated as a semi-blind deconvolution inverse
problem since the arrival times of neural responses are
known. To cope with this issue, we develop a Bayesian
approach using physiological prior information. The
HRF is modeled as a smooth function of time. The
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stimulus-dependent “neural” magnitudes are assumed
to be statistically independent across voxels and be-
tween stimulus types. The hyperparameters that gov-
ern Gaussian prior distributions as well as the noise
variances (one per voxel) have to be estimated in an
appropriate way. We also model “physiological” arte-
facts (drifts) that corrupt real fMRI data. We use the
well-known Gibbs sampler algorithm to draw random
samples iteratively from the posterior distribution, in
order to compute posterior mean estimates. We tested
our method on both synthetic and real fMRI data to
demonstrate that the proposed model provides a robust
estimation of the parameters of interest.

2. PROBLEM FORMULATION

2.1. Standard formulation

The fMRI signal y; = [y, .1, - ,yti,N]t is measured
in voxel V; of the brain at times (¢, = n TR)i1<n<n,
TR being the Repetition Time. Let (x;)¢>¢, be the bi-
nary sequence coding the time occurrences of the stim-
uli in the experimental paradigm. Assuming that the
neurovascular system is linear and time-invariant, the
fMRI data are related to the stimulus sequence as fol-
lows:

y; = Xh; + Pl; +b;,  with b; ~ N(0,071), (1)
Ty, = [.’Etn, L, —Atye - -y .’Etn_KAt]t, X = [il]‘tl,. c e CCtN]t and
h;=[hjo.hjAty--shjkad' Inevent-related fMRI, the
trials of a stimulus may occur at times that differ from
instants of acquisition. Consequently, trials are approx-
imated on a finer temporal grid defined by a sampling
period At < TR. In (1), the matrix P = [P,..., Pg]
(@ depend on the lowest frequency attributable to the
drift term) consists of an orthonormal basis of func-
tions P, = [P,(t1)...,P,(tn)]". This matrix is fixed a
priori and models the low frequency drift in the {MRI
experiments.
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2.2. Spatial extension

In functional neuroimaging, we are primarily interested
in detecting functionally homogeneous clusters of vox-
els involved in the same way in a cognitive task. Once
such an homogeneous ROI has been found, we search
for the region-based canonical time response. To this
end, we introduce a generalization of (1) that accounts
for voxel-dependent signal and noise levels but assumes

a single HRF shape over the region. Let R = {V3,...,V;}

be the ROI, model (1) becomes:

yj:anh-FPlj-Fbj, \V/]E{l,,J} (2)

where a; stands for the "neural” response level in voxel
V;. Following [4], the neurovascular system is assumed
time-invariant, such that a; is constant during the ex-
periment,.

Several noise models can be considered for R de-
pending on its spatial properties. The simplest is a
zero-mean Gaussian white noise process b of unknown
variance o7, independent of h. Nonetheless, due to
spatially varying artifacts (e.g., partial volume effect),
the noise level may strongly vary from one voxel to an-
other. This requires a slightly more complicated model,
in which a specific noise variance 0]2- is attributed to
each voxel V;. We should therefore estimate o2 =

[0%,... ,U%]t as well.

2.3. Multicondition extension

Generally, fMRI experiments consist of several condi-
tions (visual, auditory, ...). We further extend model
(2) to estimate neural impulse levels that vary with
the stimulus type. Let (X™),,,<as be the different
stimulus-dependent onset matrices, each of them being
defined as the previous X matrix. Suppose also that
the responses to the different stimuli add in a linear
way. Then the generalization of (2) is given by:

M
yY; = Ea;-nth—kPlj-f-bj, VjE{l,...,J}.(S)
m=1

We are now interested by the joint estimation of the
HRF h and the neural response levels A = (GT)ETSSJM
in region R. To this end, we first need to define the
likelihood function. We assume the fMRI time series
Y = [yi1,...,ys] to be statistically independent and
identically distributed (iid), such that the likelihood

p(Y|h, A,l, o?) reads:

J
p(Y | h: Ayla 0-2) = Hlp(yj | h: A)ljv U?)
]:

0'q HU]-_Nexp (—Z %;ZHyj — Za;”th — Ple2>.
J J J m

Maximum likelihood (ML) estimation of (h, A) is a bi-
linear inverse problem since (3) is linear with respect
to h when A is fixed and vice-versa. In addition, this
problem is ill-posed since the ML solution (h*, A*) is
not unique. To solve this ill-posed problem, we propose
a solution in the Bayesian framework.

3. A SEMI-BLIND DECONVOLUTION
APPROACH

3.1. Prior information

The HRF. As physiologically advocated in [5], the
HRF can be characterized as follows [3]: (i) its varia-
tions are smooth; (i) it is causal and returns to a base-
line after about 25 sec; its amplitude vanishes at first
and end time points. To fulfil conditions (4)-(ii), we use
a Gaussian distribution p(h;o3, R) = N'(0,03 R) with
R=(D{D>) ! and D, is a second-order finite differ-
ence matrix, truncated to account for hg = hxas =0.

The “neural” responses. It is reasonable to assume
that different types of stimuli induce statistically inde-
pendent neural responses i.e., p(A;04) = II,, p(a™;0,,)
with a™ = [a}}...,a’}]. For condition m, the neural
response level is assumed to be A'(uo2,)-distributed.
Moreover, vector a™ is a set of independent realizations
since we do not model any spatial correlation between
the response levels of neighbor voxels.

The low-frequency drift. Vector [ = [l%,...,ltJ]t
defines the unknown weighting coefficients of the ba-
sis function P. We assume that [ is a random pro-
cess independent of h such that p(l;o7) = [1; p(l); o?)
and [; ~ N(0,071,). In this paper calculations will
be given in the non informative case, that is when
o — +oo.

The hyperparameters. The complete set of hyper-
parameters to be estimated is denoted @ = [0%64]. It
consists of noise variances on the one hand, and loca-
tion and scaling parameters 8,, = (1™ 02,) of p(a™; 0,,,)
on the other. For every 012., we resort to non infor-
mative priors such as Jeffreys’ probability distribution
function (pdf). Besides, we have set o7 = 1 to raise
the scale ambiguity encountered in blind deconvolution
problems [6].

3.2. Posterior distribution
The posterior pdf. The posterior pdf reads:
p(h,A,l,B]Y) x
p(Y|h, A,1,0°) p(h) p(A|B4) p(1) p(0a) p(c”).
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Since vector I embodies nuisance variables that can
be easily integrated out, we prefer to generate real-
izations of the marginal distribution p(h, A,® |Y)=
[ p(h,A,l,0]Y)dl, so that the number of parameters
to be sampled is reduced.

The Gibbs sampler. Gibbs sampling has already
been applied in the context of blind deconvolution prob-
lems [6]. It is an appropriate algorithm to get realiza-
tions of a pdf of interest, here p(h, A, ® | Y). It consists
in building a Markov chain whose target distribution
is p(h, A,®Y), by sequentially generating random
samples from the conditional distribution p(h|Y ', A, ®)
and p(A|Y, h, ®). Finally, we compute posterior mean
(PM) estimates of (h,A). For hyperparameters ©, we
also resort to posterior mean estimates.

Computational details. The conditional posterior
distribution of h, A and © is simply proportionnal to
p(h, A, O|Y). We get

p(h|Y,A,0%) ~ N(mp,Zh), (4)

2 2
=R+ 8 L Sarxn| - 5P Sy x|
j g‘, m U'] m
mp, = 2p, 2
J U]
p(AlY, h,0*) =TI1[p(a;ly;, h,0?) ~N(ma,,Ea;)]
J

(5)
1 oo _
. = X' (Iy — PP)X + diag [0} S of]
J

(Z ame) (In — PPY)y;,

aj;

_s, (Lx SVPR Y Tk b
maj—z <§X(IN PP)yJ I:O'%, ,U]ZW]

NIg(N/Q_Qj/Q B), (6)

2

p(gj |yj7 h, aj)

PPt

where X = [Xth|--- |XMh]. To estimate pu™ and
o2,, we use the following proposition (cf. [7, p. 187]):
If vector a™ is a set of N'(u™ o2, )-distributed iid obser-
vations, the posterior distribution of (4™ 02,) associated
with the prior distribution 7(u™op,) = o} is:
p(p™ oy, @ s%) ~ N (@ oy, [ J) (7)
plon, |a@%s®) ~IG((J - 1)/2,5%/2) (8
where @ :Z] yaft/Jand s* = 375 (a —@™)* are
sufficient statistics. We summarize the Gibbs sampling
algorithm as follows:
(1) Initialization: choose h°, A°, (2)°,6Y.
(2) Tteration k: draw samples h¥, A* (a)*, 8% from

the conditional posterior distributions (4)-(8).

(3) Iterate until maximum iteration number Ky is
achieved.
Finally, we compute posterior mean estimates using the
following approximation:!

Ko
M= 0"/ (Ko—T+1), V0 € {h,A,0% pn,, 00}
k=1

4. SIMULATION RESULTS

We simulated a random inter mixed sequence of indexes
coding for M = 2 stimuli. The inter-stimulus intervals
(ISIs) between successive trials were random and uni-
formly distributed on [1.5, 2.5]. A sampling period of
0t=0.5 s was chosen for the onsets of the trials. Scale
factors a; ;o and af 5 were N(u' = 3,07 =0.5),
N(p? = 10,03 = 0.2)-distributed, respectively. In all
voxels (J = 10), the time series related to a given
stimulus type was convolved with a canonical HRF h,
(used by the SPM99 toolbox?). The shape of this func-
tion is plotted in Fig 1(a) as a dotted line. A realistic
white Gaussian noise (V7,07 = 0.3) and a N(0q, Ig)-
distributed low-frequency drift, whose cut-off-period is
70 s, were added.

Fig 1(b)-(c) show the estimated neural response lev-
els for both conditions in all voxels. These estimates
accurately match the true values. The HRF estimate
plotted as a solid line in Fig 1(a) is very close to h..
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Fig. 1. (a) true HRF (- -) and ROI-based HRF estima-
te (—), (b)-(c) respectively estimates of neural response
levels a' and a?.

ISamples 0',...,0 are discarded: they correspond to a so-
called burn-in period.
2yww.fil.ion.ucl.ac.uk/spm/spm99.html
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5. RESULTS ON REAL FMRI DATA

The method was assessed on real data acquired in a
speech discrimination experiment that consisted of I =
6 sessions comprising N = 100 trials lasting 3.3 sec-
onds each (for this test, we just used data relative to
the first session). In each trial, the participant heard
two pseudo-words over headphones. His task was to
indicate whether he had perceived or not a difference
between the two stimuli. There were M = 4 types of
trials: ‘Silence’ (noise scanner), ‘Phonological’, ‘Acous-
tic’, ‘Control’. In trials belonging to the ‘Control’ con-
dition, the two auditory stimuli in the pair were exactly
the same. In the ‘Phonological’ condition, the stimuli
differed along a contrast used to distinguish words in
the language of the participant. In the ‘Acoustic’ condi-
tion, the stimuli also differed but the contrast between
the stimuli was not relevant to the language of the par-
ticipant.  In Fig. 2(b), the circles indicate the ROI
in one subject, located in the primary auditory cortex.
The ROI comprised 7 voxels in three slices. The fMRI
data were extracted using the MARSBAR toolbox?.
The ROIL-based HRF estimate is plotted in Fig. 2(a)
and the estimated neural magnitudes for each condi-
tion are represented in Fig. 2(c)-(f). Within a given
condition, the magnitudes are almost the same for all
voxels, but their amplitude varies with conditions. This
is the case for this small ROI but others results show a
variation in space of the HRF magnitude.

6. CONCLUSION

We have proposed an original method for semi-blind
deconvolution of impulse neural response in functional
neuroimaging. This method extends previous work [3]
to deal with regional HRF estimation in an efficient way
while modeling the spatial variability of the neural re-
sponse for each type of stimulus. We have validated
this approach on both synthetic and real fMRI data.
Finally, an interesting extension of our method would
consist in modeling spatial correlation of the neural re-
sponse levels with a 3D anisotropic Markov random
field to account for MRI acquisition.

7. REFERENCES

[1] P. A. Bandettini, A. Jesmanowicz, E. C. Wong, and J. S.
Hyde, “Processing strategies for time-course data sets
in functional MRI of the human brain,” Magn. Reson.
Med., vol. 30, pp. 161-173, 1993.

[2] G. Marrelec, H. Benali, P. Ciuciu, and J.-B. Poline,
“Bayesian estimation of the hemodynamic response

3yww.marsbar. sourceforge.net

(a) (b)
15
(5]
o]
.§10 :
=5
&
= O
m—5
0 5 10 15 20 25
Time (s
78 ) (d)
w 0 0.15
(<]
s L
=
35 0.1
ar
&
E 0.05
=
=
s L]
2 015 0
z0 1 3 5 7 1 3 5 7
Voxels Voxels
() (f)
0015 0.15
(]
e
2
= o 0.1
&
&
Eo.os 0.05
=
=
z
A 3 5 7 o 3 5 7
Voxels Voxels

Fig. 2. (a) ROI-based HRF estimate, (b) The ROI
R ={Vi,...,Vz}, (c)-(f) estimates of neural response
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