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Abstract. Spatial modeling is essential for fMRI analysis due to relatively high noise in the data. Earlier approaches have been primarily
concerned with the spatial coherence of the BOLD response in local
neighborhoods. In addition to a smoothness constraint, we propose to
incorporate prior knowledge of brain activation patterns learned from
training samples. This spatially informed prior can signiﬁcantly enhance
the estimation process by inducing sensitivity to task related regions of
the brain. As fMRI data exhibits intersubject variability in functional
anatomy, we design the prior using Independent Component Analysis
(ICA). Due to the non-Gaussian assumption, ICA does not regress to the
mean activation pattern and thus avoids suppressing intersubject diﬀerences. Results from a real fMRI experiment indicate that our approach
provides statistically signiﬁcant improvement in estimating activation
compared to the standard general linear model (GLM) based methods.

1

Introduction

Functional magnetic resonance imaging (fMRI) enables non-invasive study of
brain function by measuring hemodynamic changes caused by neuronal activity.
The signal changes observed in fMRI are diﬃcult to measure due to relatively
high noise in the data. Consequently, statistical and signal processing techniques
are required to reliably detect activation regions. Inspired by segmentation algorithms where prior shape information provides robustness against noise/clutter,
we rely on prior knowledge of activation patterns to enhance fMRI analysis.
The general linear model (GLM) [1] is the most commonly used approach for
analyzing fMRI data where the time-series of each voxel is statistically compared
to an experimental protocol. However, due to low signal-to-noise ratio (SNR),
univariate techniques such as GLM tend to produce many small false activation
regions. To reduce such false detections, the data are often spatially smoothed
using a Gaussian ﬁlter in the preprocessing step. Smoothing the data improves
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SNR but produces a biased estimate of both the height and the location of activation peaks. Several approaches have been proposed in the literature as alternative denoising techniques to Gaussian smoothing: Markov random ﬁelds [2,3],
autoregressive spatio-temporal models [4], mixture models [5] and hierarchical
Bayesian models with spatial priors [6,7].
While these studies show improvement in sensitivity, the spatial modeling
in these techniques is primarily limited to the spatially contiguous and locally
homogeneous nature of fMRI responses. In addition to these constraints, the estimation process can be signiﬁcantly enhanced by incorporating prior knowledge
of brain activation patterns (strength, shape & location) that can be learned by
analyzing responses to an experiment from a group of subjects. This approach is
motivated by scenarios such as pediatric neuroimaging studies of Autism Spectrum Disorders (ASD) [8] where subject motion and discomfort often leads to
reduced acquisition periods and noisy data, making it diﬃcult to identify and
quantify true activations. Prior knowledge can beneﬁt these subjects by inducing sensitivity to task related regions. The aim of this paper is to design a more
spatially informed prior by integrating this knowledge.
A prior for fMRI based on training samples should be constructed carefully, as
fMRI data exhibit intersubject variability in brain activation patterns and any
prior that does not account for this will invariably cause misleading bias in the
estimation. This suggests, for example, that a Principal Component Analysis
(PCA) [9] based prior which regresses the posterior toward the mean due to
the Gaussian assumption is unsuitable. Further, the prior should be capable
of exploiting higher order dependencies in the data - so that the knowledge of
coactivating regions may constructively complement the fMRI time-series data.
In this work, we propose to use an Independent Component Analysis (ICA)
basis function prior because it has all the required features. Firstly, it can systematically incorporate knowledge of activation patterns learned from training
samples into the estimation process. Secondly, it does not exhibit regression to
the mean due to non-Gaussian assumption and ﬁnally, it is capable of capturing
higher order statistical dependencies in the data. We develop a Bayesian framework to incorporate spatial modeling through an ICA based prior and implement
temporal modeling using GLM.

2

Description of Method

An fMRI scan produces a set of time series {yv ∈ T : v = 1, . . . , V }, each
of which represents the measured BOLD signal over T time samples in one of
V voxels. The General Linear Model (GLM) assumes that the BOLD signal is
a linear combination of protocol-dependent components and noise. Assuming
Gaussian white noise, the voxel-wise GLM is written as
yv = Xβv + v

v ∼ N (0, λ−1
v IT )

(1)

where v is the residual, λv denotes the noise precision and βv are regression
coeﬃcients on the columns of the design matrix X containing R regressors.
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Fig. 1. A schematic of the proposed estimation method using ICA based prior

Collecting yv and βv over all voxels, the above equation can be written succinctly
in matrix notation as Y = Xβ + E.
The assumption that noise follows an i.i.d. Gaussian distribution is only an
approximation due to the presence of temporal autocorrelations, but in this work
we focus on spatial modeling. However, our model can be easily extended to deal
with serial correlation using autoregressive processes as in [6].
2.1

Bayesian Formulation

The fundamental idea of this work is to exploit prior knowledge of brain activation patterns to complement the information provided by the functional timeseries. This a priori information can be naturally incorporated into a Bayesian
framework by specifying spatial priors over the regression coeﬃcients. Temporal
modeling of the data is implemented using GLM as described below. A graphical
representation of the proposed estimation model is given in Figure 1.
Likelihood Model
Using the same model for the BOLD signal as in Eq. (1), the conditional probability of obtaining an fMRI scan, Y, given the activation strength of all voxels,
β, can be expressed as:
p(Y|β, λ) =

V

v=1

p(yv |βv , λv ) =

V


N (yv ; Xβv , λ−1
v IT )

(2)

v=1

where the equalities are obtained based on the assumption that, given the activation strength vector of each voxel βv , the fMRI time-series of diﬀerent voxels
are conditionally independent. We model spatial coherence into activation parameters and not the observed time-series.
Prior Model
Prior information learned from training data is increasingly used in image analysis and computer vision. For a speciﬁc fMRI experiment, analyzing responses
evoked by a group of subjects can provide valuable information about brain
regions relevant to the task as well as the magnitude, shape and location of activations. As the signal change due to the BOLD eﬀect is very small and noisy,
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prior knowledge of activation patterns can signiﬁcantly aid the estimation process. However, due to the presence of intersubject variability in brain activation
patterns, designing such a prior for fMRI data needs careful consideration.
In this work, we prefer Independent Component Analysis (ICA) for the following properties. As ICA produces spatially localized and statistically independent
basis vectors, variations in the shape and location of activations can be captured
eﬀectively. Unlike Principal Component Analysis (PCA), which assumes a Gaussian distribution of patterns [9], ICA does not regress to the mean activation pattern and thus avoids suppressing intersubject diﬀerences in functional anatomy.
In addition to covariance between voxels, ICA is also sensitive to higher-order
dependencies in the data. Hence, activations retained within each component
are statistically dependent and this knowledge can constructively complement
the functional time-series data by avoiding excessive blurring of small activation
regions that coactivate with other regions.
As learning from training data requires accurate alignment of subjects, individual brains are nonrigidly transformed into Talairach space. Given a set of
coregistered and realigned regression coeﬃcient (or activation strength) maps,
ICA generates patterns that are maximally statistically independent. Generally
components reﬂecting noise are eliminated, retaining only the relevant components. For each regressor r, we represent the K retained source patterns by
columns of matrix Sr (indicating the non-Gaussian subspace). Any regression
coeﬃcient image βr can then be represented as a linear combination of these
components, βr = Sr ur + ξr , where ur is a vector of mixing coeﬃcients and ξr is
the error term. Assuming i.i.d. Gaussian distribution for residuals ξr , the spatial
prior over regression coeﬃcients is given by
p(β|U, τ ) =

R


p(β r |ur , τr ) =

r=1

R


N (β r ; Sr ur , τr−1 IN )

(3)

r=1

where τr is the precision of the residuals for regressor r.
Mixing Coeﬃcients - The unknown mixing coeﬃcients U are assumed to be
independent and identically distributed (i.i.d) and a prior on them is deﬁned
using an exponential power (EP) distribution.
p(U) =

R 
K


p(ur,k ),

p(ur,k ) = EP (b0 , c0 )

(4)

r=1 k=1

As the ICA basis functions are ambiguous in sign and scaling, the shape
parameter c0 of the density function is set to 0.5 such that the distribution is
approximately uniform in the empirically chosen range (−b0 , +b0 ).
Precisions - As in [7], we use Gamma priors on the observation noise precisions
λ (Eq. 2) and ICA residuals τ (Eq. 3)
V

p(λ) =

V

p(λi ) =
v=1

R

Ga(λv ; b1 , c1 ),
v=1

p(τ ) =

R

p(τr ) =
r=1

Ga(τr ; b2 , c2 )
r=1

(5)
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Gamma priors are chosen as they are the standard conjugate priors for Gaussian
error models. The values of hyperparameters b1 , c1 , b2 , c2 are set so as to specify
vague or uninformative priors due to lack of knowledge about λ and τ .
Maximum a Posteriori Estimate
The posterior distribution of unknown parameters Θ = {β, λ, U, τ } given the
fMRI time-series data Y can be written using Bayes’ rule as
p(β, λ, U, τ |Y) ∝ p(Y|β, λ) p(λ) p(β|U, τ ) p(τ ) p(U)

(6)

or more concisely p(Θ|Y) ∝ p(Y|Θ)p(Θ). Taking the natural logarithm, which is
a monotonically increasing function, the maximum a posteriori (MAP) estimate
of Θ can be expressed as
Θmap = arg max[ln p(Y|Θ) + α ln p(Θ)] = arg min[E(Θ)]
Θ

Θ

(7)

where E(Θ) = −[ln p(Y|Θ) + α ln p(Θ)] is the corresponding posterior energy
function and α is the scaling factor for the prior term. A closed form solution
for equation (7) does not exist. Therefore, we minimize E(Θ) using coordinate
descent which iteratively minimizes the energy function for each unknown parameter until convergence.

3

Experimental Results

We applied the proposed estimation method to an attention modulation experiment conducted on 12 healthy subjects. Imaging was performed with a wholebody Siemens Trio 3T scanner. Functional T2*-weighted images were acquired
using a gradient-echo EPI sequence (40 axial slices, 64x64 matrix, voxel size =
3.5 x 3.5 x 3.5 mm3 with no gap, TR/TE = 2320/25 ms). The experimental
paradigm consisted of an ON-OFF block design where the subject was shown
images of either houses or faces during the ON phase and asked to view a ﬁxation point during the OFF phase. The experiment consisted of 5 runs with each
run generating 140 time samples. Data preprocessing involved motion correction
and linear detrending but no spatial smoothing.
Validation of analysis techniques for real fMRI data is diﬃcult due to the lack
of ground truth. However, to evaluate the performance of diﬀerent estimation
methods we consider the activation strength estimated from the entire timeseries (all 5 runs) using GLM as ground truth or reference and compare it to the
estimates from reduced time-series (2 runs).
Our estimation method with ICA based prior is tested using the leave-one-out
technique where the prior model is trained over 11 subjects and tested on the
12th subject. We use the Matlab implementation of FastICA [10] for performing
ICA and empirically choose the components to be retained as there was a clear
distinction between relevant and noisy components. For large datasets, measures
of non-Gaussianity can be used to automatically select relevant components.
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Fig. 2. (a) Structural image of a coronal slice with task related brain regions highlighted: Blue - Parahippocampal Place Areas (PPA), Red - Fusiform Face Areas (FFA),
Yellow - Superior Temporal Sulcus (STS) and Green - Intraparietal Sulcus (IPS);
(b),(c),(d) - ICA basis vectors describing independent activation patterns

Fig. 3. Activation strength maps for the main eﬀect of face versus house in a coronal
slice of two subjects (top & bottom rows). Images of estimated contrast using: (a) GLM
on 5-run data (reference) (b) GLM on 2-run data (c) GLM on 2-Run data smoothed by
a 6mm FWHM Gaussian kernel (d) ICA based prior on 2-Run data (K = 4, α = 0.8).

Figure 2 displays three of the independent components (ICs) produced from
this data set for a coronal slice. The ﬁrst component (Fig. 2b) captures the
standard activation for face versus house contrast with positive activation in
Fusiform Face Areas (FFA) and negative activation in Parahippocampal Place
Areas (PPA). The remaining components (Fig. 2c & 2d) show activation in other
face-sensitive areas as observed in some of the subjects. These task related areas
are highlighted on the structural scan in Figure 2(a).
In this work, we compare the estimate of activation strength using ICA
based prior with GLM estimate and smoothed-GLM estimate where the data is
smoothed with a modest 6mm FWHM Gaussian kernel. For a visual comparison, estimated maps of face versus house contrast in a coronal slice from two
subjects are shown in Figure 3. Considering Subject 1 (top row), the reference
map (Fig. 3a) shows a typical activation for this task in PPA and FFA along
with positive activation in Superior Temporal Sulcus (STS) and Intraparietal
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Table 1. Eﬀectiveness of diﬀerent estimators measured using Sum-of-Squares Error
(SSE) and Correlation Coeﬃcient (ρ) between estimated activation strength maps and
reference maps for N = 12 normal subjects

SSE
ρ

GLM
Smoothed-GLM ICA Based Prior
40 ± 19
37 ± 16
24 ± 10
0.69 ± 0.11
0.68 ± 0.11
0.80 ± 0.09

Fig. 4. Eﬀect of changing the number of retained ICs measured using Sum-of-Squares
Error (SSE) and Correlation Coeﬃcient (ρ) between estimated activation strength
maps and reference maps for N = 12 normal subjects

Sulcus (IPS). The contrast map obtained from GLM on 2-run data (Fig. 3b)
also shows a similar activation pattern but lower in magnitude and extent. It
is also very noisy and fragmented, especially in the right FFA (highlighted).
Smoothed-GLM on 2-run data (Fig. 3c) considerably reduced background noise
but also lowered the activation strength in task-sensitive areas and almost eliminated activation in the right FFA. The eﬀect of introducing the ICA based prior,
with number of retained components K = 4 and scaling factor α = 0.8, into the
estimation process is shown in Figure 3(d). It provides reasonable smoothing in
the background while avoiding excessive blurring in task-sensitive areas, which
is achieved by retaining only the relevant basis vectors. And unlike smoothedGLM, prior knowledge of activation patterns enables it to recover activation in
the right FFA which is also observed in the reference map as highlighted in Figure 3(a). The bottom row of Figure 3 displays the estimated contrast maps for
a diﬀerent subject. Again, ICA based prior provides signiﬁcant improvement in
estimated activation by reducing background noise and accurately emphasizing
activation in task-sensitive regions.
A quantitative comparison of these estimators is provided in Table 1. The
eﬀectiveness of the estimators is measured using sum-of-squares error (SSE) and
correlation coeﬃcient (ρ) between the estimated maps and the reference map.
Table 1 shows the mean and standard deviation of these quantities obtained by
analyzing the same coronal slice (Fig. 2a) of all 12 subjects using leave-one-out
technique. The GLM estimate has the most background noise and also has the
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highest SSE and lowest ρ. As expected, spatial smoothing with a ﬁxed Gaussian
kernel decreases SSE but also reduces ρ. Using the ICA based prior reduced the
mean SSE by about 40% and increased ρ by 0.11 relative to the GLM estimate.
The SSE results indicate that ICA based prior provides statistically signiﬁcant
(p < 0.001, paired t-test) improvement over GLM and smoothed-GLM.
Figure 4 displays the sensitivity of the ICA based estimation method to the
number of retained ICs (K). An underestimate of the number of components
generally leaves some of the patterns unrecognized, whereas an overestimate
leads to an increased fraction of components reﬂecting noise. This trend is exhibited in the graphs which show the optimal number of components to be four
with relatively stable performance in the range of 3 to 5 components. Finally,
an experiment with varying scale factor (α) indicated that the performance of
the estimation model was fairly robust to the changes in α value.

4

Discussion

In this paper, we presented a Bayesian approach to spatial modeling of fMRI data
that embodies prior knowledge of brain activation patterns learned from training
samples. The ICA based prior not only captures activation patterns eﬀectively,
but also accommodates intersubject variability due to the non-Gaussian assumption. A comparison with the standard GLM based methods for real fMRI data
demonstrates that the algorithm provides statistically signiﬁcant improvement
in estimating activation. We plan to apply the proposed method to an Autism
study where subject discomfort often leads to reduced acquisition periods and
noisy data, which can signiﬁcantly beneﬁt from a spatially informed prior that is
sensitive to task related regions. Future eﬀorts will be directed towards integrating temporal correlations into the Bayesian framework and exploiting anatomical
information for a more robust, sensitive and accurate estimation model.
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