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ABSTRACT

In this paper, a novel non-stationary model of functional Mag-
netic Resonance Imaging (fMRI) time series is proposed. It al-
lows us to account for some putative habituation effect arising in
event-related fMRI paradigms that involves the so-called repetition-
suppression phenomenon [1] and induces decreasing magnitude re-
sponses over successive trials. Akin to [2], this model is defined over
functionnally homogeneous regions-of-interest (ROIs) and embed-
ded in a joint detection-estimation approach of brain activity. Impor-
tantly, its non-stationarity character is embodied in the trial-varying
nature of the BOLD response magnitude. Habituation and activa-
tion maps are then estimated within the Bayesian framework in a
fully unsupervised MCMC procedure. On artificial fMRI datasets,
we show that habituation effects can be accurately recovered in acti-
vating voxels.

Index Terms—Bayes procedures, Biomedical signal detection,
functional MRI, non-stationary model, repetition suppression effect.

1. INTRODUCTION

Since the first report of the Blood Oxygenated Level Dependent
(BOLD) effect in human [3], fMRI has represented a powerful tool
to non-invasively study the relation between cognitive task and the
hemodynamic (BOLD) response. Within-subject analysis in fMRI
consists first in localizing brain activation in response to a given
stimulus type or experimental tasks and second in estimating the un-
derlying brain dynamics. In [2,4], a Joint Detection-Estimation (JDE)
approach has been proposed to address both issues simultaneously
in a region-based analysis, i.e. on a set of prespecified regions of
interest (ROI). In a few words, the most salient features of the JDE
framework is that this methodology allows us to loosen the classical
assumptions usually employed in fMRI data analysis based on Gen-
eralized Linear Models (GLM) [5]:(i) the HRF shape is not assumed
to be fixed but estimated instead [2]; (ii): the model of the BOLD
signal varies in space [2]; (iii): spatial Gaussian filtering of the fMRI
dataset is no longer necessary [4].

A first characterization of brain dynamics is usually given by an
estimate of the Hemodynamic Response Function (HRF), which cor-
responds to the impulse response of the neurovascular coupling. This
characterization assumes that the BOLD signal modelling is linear
and time-invariant. Recent works [6, 7] have also demonstrated that
transient neurodynamics can be recovered from fMRI time series at
the expense of a more complex modelling of the BOLD signal. In
the same vein, we extend here the most recent JDE contribution [4]
in order to account for the trial-by-trial variability. The proposed
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region-based BOLD signal model is no longer stationary in time.
It can actually account for neurovascular habituation effects either
due to the paradigm (repetition suppression effect in case of short
inter-stimulus intervals (ISIs)) or to the subject (strategy, tiredness,
attentional effects). Our model generalizes the classical convolution
BOLDmodel since it provides the neuroscientist with a trial-varying
magnitude of the BOLD response (see Section 2). Nonetheless, in-
stead of considering independent BOLD response magnitudes across
trials, our modelling of nonstationarity is parsimonious in order to
avoid overfitting: all these parameters are linked to a mean habitu-
ation speed through a parametric model. Combined to this model,
a Bernoulli-uniform prior is introduced in the Bayesian framework
within the JDE methodology and associated to mean habituation
speeds (MHS) for activating voxels only. We then derive the poste-
rior distribution of interest, from which realizations are drawn using
a Gibbs sampler. The posterior mean (PM) estimates of the HRF, the
MHS, the BOLDmagnitudes, and the corresponding voxel states are
computed from the generated samples. In Section 3, our algorithm
is validated on realistic artificial fMRI time series.

2. THE JOINT DETECTION-ESTIMATION FRAMEWORK

2.1. Classical BOLD signal modelling

First, the regional forward bilinear model of the BOLD signal intro-
duced in [2] is summarized. It allows us to specify voxel-dependent
and stimulus-specific magnitudes of the BOLD response, also called
Neural Response Levels (NRLs). This time-invariant model charac-
terises each and every functionally homogeneous brain region R =
(Vj)j=1:J by a single HRF shape h and a NRL am

j for each voxel Vj

and stimulus type m. This means that h is assumed constant within
R, while its magnitude am

j can vary in space and across experimen-
tal conditions as suggested by:

yj =
MX

m=1

am
j Xmh| {z }

sm
j

+ P �j + bj , (1)

where yj = (yj,n)n=1:N denotes the BOLD fMRI time course mea-
sured in voxel Vj at times n = 1:N (N is the number of scans). M
is the total number of experimental conditions in the experiment.
Vector h = (hdΔt)d=0:D represents the unknown HRF shape in
R (D + 1 is the number of HRF coefficients). Δt is the sam-
pling period of the HRF. Matrix Xm = (xm

n−dΔt)n=1:N,d=0:D is
a N × (D + 1) binary matrix coding for the occurrences of the
mth stimulus type. Hence, the activation time course associated to
the mth stimulus type in voxel Vj is given by sm

j . Columns of the
N ×Q matrix P are orthogonal vectors that span a subspace of low
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Fig. 1. (g) Illustration of the habituation effect on the trial-specific

BOLD magnitudes am
jk in three different voxels corresponding to a

zero (red curve), a medium (blue curve) and a large (green curve)

normalized habituation speed rm
j .

frequency signals. To each voxel is attached an unknown weight-
ing vector �j to estimate the trend in Vj . bj ∈ �N is the noise
component in voxel Vj and is assumed first-order autoregressive:
bj ∼ N (0, σ2

j Λ
−1
j ) where Λj is tridiagonal (see [2] for details)

and depends on the AR parameter ρj (|ρj | < 1).

2.2. A parametric approach to habituation modelling

The stationary model (1) assumes that each trial k of a given ex-
perimental condition m evokes a BOLD response constant in shape
and in magnitude. Recently, it was suggested that this might not
always be the case [8]. Here, we propose an extension of (1) that
is able to account for a task-related trial-by-trial variability of the
BOLD response while assuming a constant HRF shape. In contrast
to [9], our modelling of this variability source relies on a single nor-
malized mean habituation parameter rjm ∈ [0, 1] for voxel Vj and
condition m that introduces a parametric relationship between the
trial-dependent NRLs am

jk. Our parsimonious model aims at mimic-
ing the repetition suppression effect, which means that decreasing
NRLs over trials can be obtained in case of short ISIs. However,
more flexible patterns can be observed in other paradigms (see Fig. 1
for details). A key feature is to progressively forget the past events.
Hence, our parametric habituation model depends on the paradigm
as follows:

∀k ≥ 2, am
jk = γm

jkam
j1 with γm

jk =

„
1 +

k−1X
l=1

am
j�r

δm
�

jm

«−1

(2)

where δm
� = τm

�+1 − τm
� and (τm

� )� define the successive ISIs and
onsets of the mth stimulus. The activation signal sm

j in Eq. (1)
becomes:

sm
j =

KmX
k=1

am
jkXm

k h = am
j1

fXm
j h with fXm

j =

KmX
k=1

γm
jkXm

k , (3)

where γm
j1 = 1 and Xm

k is the kth trial-specific submatrix of Xm.
The ensuing region-based model of fMRI time series is depicted in
Fig. 2. It clearly indicates that the habituation speed may vary in
space and across stimulus types. As expected, when rjm → 0, the
proposed extension becomes stationary since am

jk → am
j1, ∀k � 2 (cf

red line in Fig. 1(a)). When rjm ∈ (0, 1), the sequence (am
jk)k is

non-monotonous and the between-trial variability is strongly influ-
enced by the ISI values (see blue line in Fig. 1(a) and Fig. 1(b)) .
Finally, when rjm → 1, the sequence (am

jk)k → 0 whatever the
ISIs, as shown by the green curve in Fig. 1.

Fig. 2. Non-stationary ROI-based model accounting for voxel-based

and stimulus-specific habituation effects.

2.3. Likelihood definition

Although the noise structure is correlated in space [10], we neglect
such spatial dependency and consider the fMRI time series � =
(yj)j=1:J independent in space but not identically distributed (iid):

p(� |h,�1, �, �, θ0) ∝
JY

j=1

detΛj
1/2σ−N

j exp
“
− ỹt

jΛj ỹj

2σ2
j

”
(4)

where � = (�j)j=1:J , θ0 = (ρj , σ
2
j )J

j=1 and ỹj = yj−P
m sm

j −
P �j . Here, �1 and � make reference to the NRLs associated to the
first trial and to the MHS, respectively.

2.4. Priors

The Bayesian approaches developed in [2, 4] introduce proper pri-
ors on the unknown parameters (h,�) in order to recover a robust
estimate of brain activity (localization and activation profile). Akin
to [2], the prior density for the hemodynamic filter h remains Gaus-
sian, h ∼ N (0, σ2

hR) with R = (Dt
2D2)

−1 and D2 the second-
order finite difference matrix penalizing therefore abrupt changes.
Moreover, the extreme time points of the HRF can be constrained to
zero if necessary [2].

Here, the main originality lies in the definition of the joint prior
involving the initial NRLs �1 and the habituation parameters �. First,
we still assume that different stimulus type induce statistically inde-
pendent NRLs and NHS: p(�1, � | θa) =

Q
m p(am

1 , rm | θm) with

(�1, �) = (am
1 , rm)M

m=1, (am
1 , rm) = (am

j1, r
m
j )J

j=1 and θa =

(θm)M
m=1. Vector θm denotes the set of unknown hyperparameters

related to the mth stimulus type. Then, following [4], the present
paper is based upon spatial mixture models (SMM). This means that
if qm

j is the allocation variable that states whether voxel Vj is ac-
tivated (qm

j = 1) or not (qm
j = 0) in response to stimulus m, the

probability of activation Pr(qm
j = 1) depends on the states of qm

p

with p ∼ j (the set of neighbors of Vj). Here, spatial correlation is
incorporated in the probabilities of activation through a hidden Ising
random field on qm:

Pr(qm |βm) =
exp

`
βmU(qm)

´
Z(βm)

, U(qm) =
X
j∼p

ωjpI(qm
j = qm

p )

with I(A) = 1 if A is true and I(A) = 0 otherwise. The constants
ωjp weight the interaction between voxels (Vj , Vp) according to the
neighborhood system, which is typically defined in 3D from the re-
gion under study R. Here, we only consider the 6-connexity. The
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partition function Z(·) is not estimated here since parameter βm,
which controls the amount of spatial regularization, is set by hand:
large values of βm associate higher probabilities to configurations
containing clusters of like-valued neighboring binary variables qm.
An unsupervised extension is however available [11].

NRLs and NHSs still remain independent conditionally upon
qm. This means that p(am

1 , rm | qm, θm)=
Q

j p(am
j1, r

m
j | qm

j , θm)
∀m. Moreover, these parameters are supposed independent of each
other: p(am

j1, r
m
j | qm

j , θm) = p(am
j1 | qm

j , θm) p(rm
j | qm

j ). Akin
to [4], the NRLs am

1 follow a two-class Gaussian mixture: am
j1 | qm

j =
i ∼ fi,m ≡ N (μi,m, vi,m), with i = 0, 1. The mean of the NRLs in
non-activating voxels is fixed (μ0,m = 0), while the other parame-
ters θm = [v0,m, μ1,m, v1,m] remain free and need to be estimated.
To get rid of identifiability problems, the MHSs rm are constrained
to zero in non-activating voxels: ∀m, rm

j = 0 | qm
j = 0. It seems a

priori meaningless to fit habituation effect on noise-only time series.
In contrast, for activating voxels, the MHSs rm are assumed iden-
tically and uniformly distributed: (rm

j | qm
j = 1) ∼ U([0, 1]). The

compound prior mixture therefore reads for every stimulus type:

p(am
1 , rm | θm) =

X
qm

` JY
j=1

fi,m(am
j1) pi(r

m
j )

´
Pr(qm |βm).

To complete the Bayesian model, priors are required for all the
remaining parameters. Without any prior knowledge, the noise and
drift parameters (ρj , σ

2
j , �j)j are assumed independent in space and:

�j ∼ N (0, σ2
� IQ), p(ρj , σ

2
j ) = σ−1

j �(−1,1)(ρj), to ensure stabil-
ity of the AR(1) noise process. Non-informative priors are retained
for the drift and HRF shape variances: p(σ2

h , σ2
� ) = (σhσ�)

−1. In
contrast, conjugate priors are considered for θm.

2.5. Bayesian inference

Considering the constructed model and assuming no further prior
dependence between parameters, Bayes’ rule gives us:

p(h,�, �,Θ |�) ∝ p(� |h,�1, �, �, θ0) p(�1, � | θ�) p(h |σ2
h)×

× p(� |σ2
� ) p(Θ) (5)

∝ σ−D
h σ−JQ

�

JY
j=1

„
(1 − ρ2

j )
1/2

σN+1
j

�(−1,1)(ρj)

«

exp

„
−

JX
j=1

“
1

2σ2
j

ỹt
jΛj ỹj +

1

2σ2
�

‖�j‖2
”«

exp
`−htR−1h

2σ2
h

´ MY
m=1

p(am
1 , rm | θm) p(θm).

To get samples of the posterior pdf, we use a Gibbs sampler whose
target distribution is (5). Since the full conditional posterior π�

1(rm
j ) =

p(rm
j |yj , q

m
j = 1, rest) reads:

π�
1(rm

j ) ∝ exp
`−‖yj − Cj\m − sm

j ‖2
Λj

/2σ2
j

´U(0,1)(r
m
j ),

where sm
j depends on rm

j and Cj\m = P �j − P
n�=m sn

j is in-
dependent of rm

j , it cannot be sampled directly. Hence, we resort
to a Metropolis-Hastings step with an uncentered Laplacian density,
truncated over [0,1], as proposal: f(r|r0) = Z−1

β,r0
e−β|r−r0|�[0,1](r),

where r0 = r
m,(t−1)
j . At iteration t, the MH acceptance ratio is

given by α(r0 → r) = min
ˆ
1,

π�
1 (r)

π�
1 (r0)

Zβ,r0
Zβ,r

˜
which requires to

generate the trial-varying NRLs (2) at points r and r0. Finally, pos-

terior mean (PM) estimates are computed from the samples as fol-
lows: bxPM = (T − I)−1 PT

t=I+1 x(k), ∀x ∈ {h,�,�,Θ} where
I stands for the length of the burn-in period. Note also that detec-
tion is performed according to the Maximum A Posteriori criterion:
(bqm

j )MAP = arg maxi Pr(q
m
j = i |yj). The MHS estimate is de-

rived as follows. In every non-activating voxel ((bqm
j )MAP = 0), we

impose brm
j = 0. For activating voxels ((bqm

j )MAP = 1), the MHS es-

timate is computed as the average of samples r
m,(k)
j over iterations

k that satisfy q
(k),m
j = 1. The goal is to avoid mixing effects with

zero-valued MHS samples in case of label switching.

3. SIMULATION RESULTS

3.1. Synthetic fMRI time series

Artificial fMRI time series were generated according to the addi-
tive principle defined in model (1). A random mixed sequence cod-
ing two stimus types (M = 2) comprising 30 trials each (Km =
30, m = 1 : 2) was simulated to define the onsets and thus ma-
trices Xm. Then, the voxel-based BOLD signals sm

j were com-
puted from Eqs. (2)-(3) on a 2D 5x5 grid. The true parameters
(�1, �,�) involved in the compound prior mixtures are shown in
Fig. 3. The labels � were set manually and not simulated according
to the Ising prior. Activating and non-activating voxels appear in red
and black, respectively in Fig. 3. Also, the same statistical param-
eters θm were used to generate the NRLs �1 (μ1,m, v1,m, v0,m) =
(5.5, 0.3, 0.4). Hence, the same contrast-to-noise ratio (CNR) holds
for both stimulus types. Following Fig. 2, the trial varying NRLs
am

jk were then convolved with a HRF h, whose exact shape ap-
pears in Fig. 5(a). Space-varying AR(1) Gaussian noise bj and low-
frequency drift P �j

1 were then superimposed to
P

m sm
j in every

voxel of the grid. The amount of noise was varied in space according
to a signal-to-noise ratio ranging from -10 to 12 dB. This simulation
is thus representative of real fMRI datasets.

3.2. Results

MAP and PM estimates were computed from the outputs of the
Gibbs sampler with I = 500 and T = 2000 iterations and ob-
tained with βm = β = 0.3, ∀m (reasonable trade-off between sen-

1P is a cosine transform basis and �j is a zero-mean Gaussian vector.

q1 a1
1 r1

q2 a2
1 r2

Fig. 3. True parameters (left: labels �, middle: NRLs �1 and right:

MHS �) for simulating fMRI time series according to Eqs. (2)-(3).
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sibility and specificity). As shown in Fig. 4, only two false nega-
tives (FNs) appear in b�MAP in positions {(4, 0); (0, 2)} for m = 1, 2,
respectively. No false positive has emerged for these simulation set-
tings while this could occur for lower CNRs. The reason for which
two FNs were estimated lies in the values of habituation parameter,
where strong MHS values remarkably occur. Regarding the NRLs,
the true parameters are accurately estimated by b�1

PM except for the
two abovementioned voxels. However, it is worth noting that there is
a slight shift in magnitude between � and its PM estimate (b�1

PM be-
ing larger), which is compensated by an inverse trend occuring on the

HRF (the peak of bhPM being smaller). This is a direct consequence
of the scale ambiguity problem arising in model (1), which is bilin-
ear with respect to �1 and h. Hence, the pair of solutions (h�,��

1)
is known up to a multiplicative constant. Finally, note that the habit-
uation parameters b�PM are well recovered in activating voxels which
have been properly detected, while zero-valued habituation speeds
are estimated in non-activating voxels. Fig. 6 illustrates on three
different voxels the profiles of the trial-varying NRLs bajk

m for dif-
ferent MHS values. Low habituation speed reported in Fig. 6(a) does
not strongly affect the stationarity assumption. In contrast, medium
and large MHs values emphasize the decrease of the trial-varying
NRLs as pointed out in Fig. 6(b)-(c).

bq1 ba1
1 br1

bq2 ba2
1 br2

Fig. 4. PM parameter estimates (left: labels b�MAP, middle: NRLsb�1
PM and right: MHS b�PM).
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Fig. 5. Left: True HRF shape. Right: HRF estimate bhPM.

4. CONCLUSION

The proposed contribution has achieved the goal of handling trial-
varying magnitudes of the BOLD response while accounting for
habitutation effects in a parsimonious manner at the expense of a
higher computational cost. Validation has to be conducted on real
fMRI datasets, for instance acquired during a comprehension study
involving sentence repetition. The goal is to emphasize the habit-
uation gradient existing along the left superior temporal sulcus in
right-handed subjects.

ba1 (3
,0

),
k

(a)

ba2 (3
,3

),
k

(b)

ba2 (3
,4

),
k

(c)

Time in s.

Fig. 6. Trial-varying NRLs reconstructed from b�1
PM and b�PM: (a):

m = 1, Vj = (3, 0) and br1
3,0) = 0.29. (b): m = 2, Vj = (3, 3) andbr2

(3,3) = 0.52. (c): m = 2, Vj = (3, 4) and br2
(3,4) = 0.92.
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