Getting More in Less Time with ICA Denoising
© DIGITAL STOCK

BY MARTIN J. MCKEOWN,
Z. JANE WANG,
RAFEEF ABUGHARBIEH,
AND TODD C. HANDY

ince it was first introduced to functional magnetic resonance imaging (fMRI) in 1998 [1]–[4], independent
component analysis (ICA) has proved to be a powerful
method for exploratory analysis of fMRI data. It has
been used to uncover unexpected activations in fMRI data
derived from brain activation in response to very complex
stimuli, including driving [5] or watching a movie [6], and to
infer connectivity between brain regions [6]. ICA has been
used to characterize other sources of variability in the fMRI
signal besides task-related activity [2], [3] as well as challenging some of the assumptions inherent in other fMRI analysis
methods [7]–[9].
As a data-driven fMRI analysis technique, the philosophy of
ICA is often in disagreement with hypothesis-driven methods,
such as multivariate linear regression [10]. In data-driven
methods, as few assumptions as possible are made to reveal
what is in the data. In hypothesis-driven methods, fairly rigid
assumptions—e.g., all the assumptions associated with determining the least squares (LS) estimates of the coefficients in
multiple linear regression [11]—are specified, and specific
hypotheses are tested. As most scientific inquiry is hypothesisdriven, this latter approach is clearly desirable. However, as
we still do not currently understand the underlying nature of
all the sources of fluctuation within fMRI data [12], there is
the risk of substantially violating one or more of the underlying assumptions, possibly resulting in misinterpretations [13].
Until fMRI data are sufficiently well understood so that the
major sources of variability are well characterized and models
are developed that incorporate these sources of variability,
data-driven methods including ICA will continue to play an
important role in fMRI analysis.

S

ICA in fMRI

Let the fMRI signal be represented by the space-time data
matrix of measurements Xj,t , where j = 1, . . . , V;
t = 1, . . . , T; V is the number of voxels; and T is the number
of time samples, respectively. In the linear mixing case, we
assume that the matrix can be modeled as follows:
Xjt =

N


Ajk Skt

+ ηjt ,

k=1
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where A and S are formed by the N independent components (ICs) of the process, and ηjt is spatially and temporally white noise.
In spatial ICA, we assume that the columns of the matrix
A = [Ajk ] are statistically independent processes while in temporal ICA, the rows of S = [Skt ] are assumed independent.
While both types of ICA have been applied to fMRI, spatial
ICA tends to be more popular [1], [14]–[16]. The most popular algorithms for calculating ICs include the Bell-Sejnowski
Infomax algorithm [17] and Hyvarinen’s FastICA algorithm
[18]. Attias’s algorithm combining higher-order statistics and
decorrelation can extract temporally and spatially independent
patterns [19] but at considerably higher computational cost.
Task-Related Components

The results of applying ICA are often a multitude of ICA components that may be difficult to interpret. Various methods
have been proposed to select which components are interesting, such as the task-related ones (i.e., ones whose time courses are consistent with the underlying behavioral experiment).
The selection of task-related components includes simple visual inspection of the static spatial map and the associated time
course to determine if they are consistent with prior knowledge about brain activation [2], [3] as well as selection of
components based on cross-correlations with the underlying
behavioral experiment [14] or spectral content [20].
A potential problem of using ICA to infer the spatial
extent of task-related activity is the risk of overfitting. As
was noticed in the early papers on the subject, there is a risk
that ICA may fragment a large area of activation into several
sparse spatial maps, each with similar corresponding time
courses [2], [3]. This may in part be related to the fact that
the underlying sources of ICA, in this case spatial map,
assumes a non-Gaussian distribution [17]. Consider the following Gedanken experiment: an fMRI study is conducted
resulting in robust activation in one part of the brain, during
which ten slices spanning the entire region of task-related
brain activity are collected. The experiment is then repeated,
resulting in identical brain activation; only this time, 30
slices are collected, again encompassing the entire activated
region. In the former case, because of the ICA algorithm’s
tendency to search for sparse spatial maps, there may be
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As a data-driven fMRI analysis technique,
the philosophy of ICA is often in disagreement
with hypothesis-driven methods.

more than one task-related component separated, each with
highly similar time courses. This feature of ICA, namely that
the robustness of separated activity is a function of the fraction of voxels that are task related, has probably been inadequately explored to date.
The problem of overfitting in ICA has been approached in a
number of ways. The HYBICA scheme proposed in [21] sug-

Task Related

(a)

(b)

gests a general linear model approach for postprocessing of
ICA results. This article also addresses the critical issue of
how many components to keep in the analysis, employing predictability of the statistical model as a suitable criterion. A
similar approach can be used in principal component analysis
(PCA) to determine the underlying dimensionality of the data
[22]. Beckmann et al. suggested a Bayesian approach to estimate the true underlying dimensionality
of the data, assuming a Gaussian noise
model [23]. More generally, numerous
methods have been proposed for statisSlowly Drifts
tical model selection, such as Akaike’s
information criterion (AIC) and
Bayesian information criterion (BIC)
[24]. However, empirically, we have
found that these tend to discard components that appear to have clear neuroscience meaning. Perhaps this is based
on inherent underlying assumptions of
Gaussian noise models, which may be
less appropriate for fMRI data.
Noise Components
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Fig. 1. ICA components from a typical fMRI experiment may reflect (a) task-related
activity, (b) slow drifts in the fMRI signal, (c) and (d) slow and abrupt head movement, (e) pulsations of cardiac and respiratory origin as well as (f) other sources of
noise of indeterminate origin. Figure adapted from [3].
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Perhaps one of the most interesting
byproducts of the burgeoning use of
ICA in the analysis of fMRI data has
been the interesting insights into the
underlying nature of the fMRI signal
[12]. Various ICA components appear
related to head movement, local brain
distortions related to cardiac and respiratory pulsations, slow drifts in the
signal (which are also present during
cadaver recordings [25]), and brainrelated activity [2], [3] (Figure 1).
Since the vast majority of statistical
signal-processing models assume that
there is some underlying signal that is
corrupted by (possibly white) random
Gaussian noise [12], determining
which features of fMRI data are stochastic and which are deterministic is
important for the development of suitable statistical models [9]. The fact
that ICA extracts numerous, robust,
and reproducible components suggests that many of the nonbrain-related signals in fMRI data are not
random; rather, these nonbrain signals
have significant spatial and temporal
stucture [9].
MARCH/APRIL 2006

can be considerable trial-to-trial variability in the fMRI
BOLD response [7]. Moreover, other ICs besides the dominant task-related component may still be significantly task
related but with different latencies and variability in latencies [8], [9] (Figure 3).
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fMRI experiments are typically performed in block designs
[28] or event-related designs [29]–[33]. In block fMRI
designs, the subject is instructed to perform experimental
(E) and control (C) tasks in an alternating sequence of
15–40 s blocks (e.g., CECECEC...). In event-related
designs, the subject is instructed to respond singly to intermittently presented stimuli. When event-related studies are
analyzed, the fMRI data are divided into epochs time-locked
to stimulation presentation, which are then typically averaged to obtain a mean response to the stimuli. The benefit of
this approach is that it allows the robust isolation of possibly highly spatially overlapping brain areas demonstrating
significantly different magnitudes of fMRI BOLD response
[34]. This method of analysis implicitly assumes that the
data can be accurately modeled as a deterministic signal that
is precisely time-locked to stimulus presentation and is corrupted with random noise that will tend to zero when averaged over many trials; i.e., all signals not precisely
time-locked to stimulus presentation, including other brain
signals and decaying responses from previous stimuli, are
assumed to be noise. However, if underlying components of
the data are not completely random with respect to stimulus
presentation, they may tend to average to values other than
zero, thus introducing biases in the estimates of stimuluslocked signals. For example, since reaction times to stimuli
are distributed over a temporal range, averaging the data
time-locked to response time will tend to accentuate components of the data related to response, but this will result in
temporal misalignment of features time-locked to the immediate stimulus recognition and vice versa.
ICA has proved useful in exploring the validity of some
of the assumptions underlying event-related fMRI analysis.
Analysis of fMRI data with ICA has suggested that there
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The ability of ICA to remove structured signals suggests
that this method would be useful for noise reduction in
fMRI [26]. Thomas et al. have compared ICA and PCA in
separating the blood oxygen level dependent (BOLD) signal change from structured and random noise and, as
expected, found out that PCA was superior to ICA when
random noise corrupted the data, but ICA was superior
when structured noise was present [26].
One important source of variability in fMRI data with
nonrandom spatial structure is related to motion artifact.
The extreme sensitivity of ICA in detecting a broad range
of spatially nonrandom signals makes ICA exquisitely
sensitive to motion. Even ICA analysis on standard
motion-corrected fMRI data results in ICA components
that are still consistent with motion [12], [27]. Recently,
we have exploited this sensitivity to motion to propose a
motion correction scheme based on ICA, called motioncorrected ICA (MCICA) [27]. It is based on the observation that movement during acquisition of an fMRI time
series corrupts the statistics of the acquired data, resulting
in a simultaneous increase in the joint entropy of the data
and a decrease in the entropy of a nonlinear function of
the ICs. Motion effects can therefore be mitigated by spatially adjusting the data to maximize the entropy difference between the data and the nonlinear function of the
calculated ICA components without explicitly estimating
motion parameters (Figure 2).
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Fig. 2. The MCICA approach to motion correction. The sensitivity of ICA to motion artifact can be utilized for motion correction. (a) A motor experiment was performed with a
subject moving both hands simultaneously and resting in
alternate blocks. An IC was separated that significantly correlated (r = 0.65) with the behavioral task. After using MCICA
to correct for motion and reanalyzing with ICA, the task-related component became more correlated the task (r = 75).
(b) The associated spatial map (thresholded for z > 2) after
MCICA revealed robust activation in motor and supplementary motor cortices. (c) Although mutual information is not
explicitly optimized, the mutual information between the first
volumes and subsequent volumes is increased after motion
correction with MCICA. Using the centroid and principal axes
of activation for alignment results in increases in mutual information between that of the original data and MCICA. Figure
adapted from [27].
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As the evoked hemodynamic response (HDR) is typically small in fMRI data, numerous stimuli must be presented
to achieve a given level of statistical significance. Since

imaging is typically expensive and subjects can only tolerate being in the scanner for reasonable lengths of time,
stimuli are presented as fast as practically possible.
However, the sluggishness of the
HDR requires that either the stimuli
are presented infrequently enough to
ICA Component
prevent excessive overlapping of
Aligned
Time Course
responses, thus limiting the total
ICA Component Spatial Distribution
number of trials, or attempts must be
made to analytically deconvolve the
possibly nonlinear overlapping
responses in subsequent analysis.
Accurate estimation of the form of
possibly overlapping, often miniscule
stimulus-evoked HDR in the face of
(a)
underlying noise is challenging. A linear model has been proposed to isolate
the stimulus-induced fMRI BOLD
response [31] despite some evidence
for nonlinear interactions in fMRI
responses (e.g., [35]). In the linear
approach, a stimulus convolution
matrix based on the timing of stimuli
(b)
presentation is derived, and the HDR
is estimated by multivariate regression
using ordinary LS [36]. By estimating
the noise covariance, the maximum
likelihood (ML) estimate of the HDR
was studied in [36]. Furthermore, by
exploiting the prior knowledge of the
anticipated HDR shape, hemodynamic
(c)
basis functions can be incorporated
into the estimation process to improve
the estimator efficiency [37]. Here,
efficiency is defined as the reciprocal
of the HDR estimator variance.
The choice of a suitable noise model
may enhance the sensitivity and the
(d)
accuracy of estimating the evoked
HDR. Much prior work has assumed a
white Gaussian noise model (e.g., [22]
and [23]). However, as the MRI image
is transformed to a magnitude-phase
presentation, it has been suggested that
noisy MRI data may follow nonGaussian distributions, such as a
19-s
All p < 10−20
Rician distribution [38]. Assuming a
(e)
Rician noise model, a denoising
scheme was developed in [39].
Wavelets [40], spectrum subtraction
Fig. 3. A subject was asked to view 95 visual stimuli consisting of black and white radi[39], and component analysis [26]
al checkerboards that subtended about 20◦ by 15◦ of visual angle, presented singly
have all been suggested as suitable
for 500 ms. The interval between successive stimuli varied randomly between 14–18 s.
methods for noise reduction in fMRI
Five ICs were most significantly (all p < 10−20 ) affected by task. The time courses of
data. However, the extent to which
these components (the first column) were divided into 19-time-point epochs that
evoked brain estimates are biased by
were time-locked to stimulus presentation, linearly detrended, and overlaid. The
the choice of inappropriate noise modheavy white lines correspond to the mean response.The raw time course of a typical
els has yet to be fully explored.
activated voxel (p < 10−13 , Bonferroni corrected) [(a), inset) demonstrated much
In this article, we present work that
more trial-to-trial variability than the respective ICA component time courses.
elucidates the aforementioned conComponent time courses (the middle column) were aligned by cross-correlating the
cepts. We perform ICA on fMRI data
IC time course from an individual stimulus presentation with the mean from all stimufrom a simple event-related motor
lus presentations. Note the minimal effect the alignment procedure had on compotask. We show that ICA may overfit
nent (a) compared to the other components (b)–(e). (Figure adapted from [47]).
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In data-driven methods, as few
assumptions as possible are made
to reveal what is in the data.

the data as several components appear task related. However,
we demonstrate that projecting the original data onto the linear subspace defined by these task-related components
essentially denoises the signal and results in significant
improvement in the effect size. We then perform a number of
simulations using a number of different noise models. We
demonstrate that the ICA denoising procedure compares
favorably to previously described regression methods for
determining overlapping responses and is robust to a variety
of realistic noise models.
Methods

multiple interleaved stimuli, each evoking a different
response. For each voxel i, i = 1, . . . , N, the fMRI observation yi(t) is modeled as
yi(t) = x(t) ∗ hi(t) + ni(t),

(2)

where the event sequence x(t) is a sum of time-shifted delta
functions determined by the stimulus intervals, hi(t) is the
evoked HDR of each voxel i, which is to be estimated, ni(t) represents additive noise, and * represents the linear convolution
operator. In a discrete version, we define the corresponding vectors yi , hi , and ni , thus the model becomes

fMRI Data

The data were collected from a single 24-year-old normal
male subject on a Philips 3T magnet, with a time to repetition
interval of 1,000 ms, 4 mm slice thickness with a 1-mm slice
gap, matrix size 128 × 128, and a field of view (FOV) of
240 mm (see Figure 4). Nineteen axial slices were
acquired. Each slice was acquired at 80 × 78 resolution
that was then reconstructed to 128 × 128 using standard
Phillips software.
Slices were collected in interleaved fashion (Figure 4).
A total of 360 volumes were acquired for each run, and a
total of six runs were performed and the data concatenated
together. The interstimulus interval varied from 13–18 s,
with a total of 126 stimuli presented. The subject was
asked to press a button with his right hand in response to
visual stimulus. In between stimuli, he was asked to fixate
on the screen.
The fMRI data were first preprocessed using the
BrainVoyager software. Each run was corrected for slice timing delays, linearly detrended, and then a three-dimensional
rigid-body registration was used for motion correction.
To reduce computation, voxels assumed to be involved
in the task were first estimated by
averaging the data in all voxels timelocked to the presentation of the stimuli using a 16-s window. Those voxels
whose mean activation correlated
above an arbitrary threshold (r = 0.7)
with a previously published generic
HDR [41] were retained for further
analysis. This resulted in a matrix size
of 2,160 (360/run × 6 runs) × 7,846.
Linear Model for Overlapping HDRs

We start with a linear model for the
observed fMRI event-related response
[36]. For simplicity, we consider the
case of single type of event rather than
IEEE ENGINEERING IN MEDICINE AND BIOLOGY MAGAZINE

yi = Xhi + ni,

(3)

where X is the so-called stimulus convolution matrix determined by the event sequence x(t). Our purpose is to estimate
the HDRs {hi} based on the fMRI observations {yi}.
Proposed Scheme to
Estimate the Evoked HDRs

The basic idea of the proposed scheme is to first denoise the
observations by utilizing the results from an initial ICA analysis. The data are first analyzed by ICA, and the event-related
components are identified. The original data is then projected
into the linear subspace spanned by the components of interest. The proposed scheme is summarized as follows:
Step 1: Apply PCA to achieve dimension reduction [42],
[43]. PCA seeks to achieve dimension reduction by projecting the original data into a few orthogonal linear combinations [the principal components (PCs)], thus it provides the
best linear dimension reduction performance in the sense of
mean square error. Define Y to be an n × N data matrix of
observed voxel time courses, where n = 2,160 is the number

1 TR Interval

1 Volume
Collected

Time

Fig. 4. FMRI data are acquired in slices, typically in interleaved fashion. The TR interval refers to the period of time through which an entire volume is collected.
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A potential problem of using ICA to
infer the spatial extent of task-related
activity is the risk of overfitting.

of temporal observations in each voxel, and N is the number
of total voxels considered in the experiment. The PCA procedure reduces the number of voxels from N to p (e.g., 50)
[9]. This procedure can be written as
Y1 = Y,
where Y1 is n × p, and  is the N × p matrix of eigenvectors
used for the PCA reduction.
Step 2: Apply ICA and choose the most related components. The ICA can be written as
S = Y1 B = Y · B,
where B is the p × p unmixing matrix. In the current situation,
the first 50 PCs were subsequently used as input to ICA, as
suggested elsewhere [9]. Infomax ICA [17] was then used to
separate the eigenimages into spatial ICs [2]. The associated
time courses were then estimated.
Step 3: Select components deemed task related by modelfitting. Denote the jth component by the vector fj. If fj is
event related, according to the signal model (3), we expect
that fj follows a similar formulation in the form fj = Xej + nj,
where ej is the original event-related signal. Therefore, we
propose to select components deemed task-related by fitting
each component vector to the above model to estimate ej in
the LS sense (êj), and using the corresponding relative fitting
error, defined as dj = (||fj − Xêj||2 )/(||fj||2 ), as a criterion to
determine whether a component fj is task related or not. After
this model fitting procedure, the reduction in the number of
components from p to M can be written in matrix form.
Without loss of generality, let the column components in S be
sequentially ordered from most to least task related by the dj
criterion, then the selected components can be written as
S1 = S, with  = (IM , 0) being size p × M,

Step 5: Estimate the impulse HDR. For each voxel i, estimate the impulse (HDR) hi , based on the denoised vector ŷi .
The estimated HDRs can be written in matrix form
Ĥ = [ĥ1 , ĥ2 , . . . , ĥN ] with size q × N .
Then, we apply the LS approach to estimate the HDRs,
expressed as
Ĥ = (XT X)−1 XT Ŷ.

(5)

Suppose that the noise after the denoising process is temporally
uncorrelated, then the ML estimator for our problem reduces
to the above ordinary LS estimate.
It is worth mentioning that in Step 4, we denoised the signal
by projecting the raw data into a signal subspace derived from
ICA (4). This is different from previous methods of removing
artifacts within the ICA components by simply setting those
components to zero [26]. If we consider the data Y, we are
modeling the ICA data as:
 
Cs
,
Y = [S N]
Cn
where Y is the observation matrix S is the signal subspace,
and N is the noise subspace. We propose Ŷ = S(ST S)−1 ST Y,
as opposed to Ŷ = [S|N] (Cs /0) as suggested elsewhere [26].
For comparison, we compared the HDR estimate calculated
from the original data:
h̃i = (XT X)−1 XT yi.

(6)

To determine if any of the time points contained in hi has statistical significance, a null distribution for each voxel (both
before and after denoising) was determined by computing
averages from randomly placed 16-s windows containing the
same number of stimuli as in the original case. One thousand
draws were used to calculate the null distribution.
Simulations Incorporating Several Noise Models

where the M most task-related components are retained via the
identity matrix IM .
Step 4: Denoise observations. The idea is to denoise the
observation by projecting the original data onto the selected
ICs. Without loss of generality, suppose the components fj, for
j = 1, . . . M, are determined as task related in Step 3. One simple way to denoise the original voxel vector yi is to project it
onto the above signal subspace S1 spanned by the components
fj, j = 1, . . . M. Therefore, the denoised observations can be
expressed as
Ŷ = [ŷ1 , ŷ2 , . . . , ŷN ] = S1 (ST1 S1 )−1 ST1 Y.
One can see that if  = B =  = IN , then Ŷ = Y.
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(4)

To test the robustness of the proposed denoising procedure to
noise, we consider the addition of several types of noise to idealized underlying signal. The noise parameters are chosen to
yield a signal-to-noise ratio (SNR) of around –15 dB in order
to emulate the low SNR observed in real fMRI data, where
SNR is defined as

10 log10


signal power
.
noise power

The simulation of ideal error-free, task-related fMRI
observations is performed as follows. First, the unbiased ML
HDR estimator described in [36] was applied to a real eventrelated fMRI data. Then, using the convolution matrix X and
MARCH/APRIL 2006

The ability of ICA to remove structured
signals suggests that this method would be
useful for noise reduction in fMRI.

such estimated HDRs, the voxel event-related time courses
were reconstructed to create a true underlying signal that was
then corrupted with different types of noise. As we based our
simulations on our collected data, the data size settings are as
follows: the number of total voxels of interest is 7,846, the
number of stimulus is 126 with durations randomly distributed between 13–17, the temporal length of the observation
is 2,160, and the duration of HDR is assumed to be captured
in a 16-s window. Based on the additive noise model in (3),
the choices of noise models are as follows:
• Case 1: Spatially and temporally white Gaussian noise.
The noise covariance matrix is assumed as Rn = σ 2 I. The
SNR was chosen to be around −15 dB.
• Case 2: Temporally correlated Gaussian noise with 0mean and covariance matrix Rn . The noise covariance Rn was
estimated from the real fMRI data, and the SNR was around
−13 dB.
• Case 3: Independent identically distributed Rayleigh
noise. The noise is assumed to follow a Rayleigh distribution
(i.e., special case of Rician, with the parameter A = 0). The
SNR was around −12 dB.
• Case 4: Rician noise with time-varying parameter A. The
noise is assumed to follow a distribution Rician (A, σ 2 ),
defined as
f(t) =

t
exp(−(t2 + A2 )/σ 2 )I0
σ2



At
σ2


,

Case 5: Embedded Rician noise. The observation is simulated
according to (7), where the variance white Gaussian noises
εR and εI are chosen to yield a SNR around −12 dB. In this case,
SNR is defined as

10 log10


signal power
.
overall power − signal power

One may argue that the additive Rician noise models of Case
3 and Case 4 are against the embedded Rician noise model in
Case 5. It is worth mentioning that Case 3 and Case 4 are studied to simulate the scenarios that the error-free fMRI data are a
combination of the signal due to resting brain and the purely
task-related signal, meaning
y = yrest + ytask ,
where y, yrest , ytask represent the error-free fMRI data, the resting brain signal, and the purely task-related signal, respectively. Since the signal of interest is the purely task-related signal,
the resting brain signal is also counted as an additional noise
source. The joint contribution of the resting brain signal and
the Gaussian noise is modeled as an additive Rician noise, as
studied in Case 4.
In all cases, the estimation performance of the proposed
scheme was compared with that of the direct LS approach (6)
when no denoising process was performed.
Estimation Efficiency

where A and σ 2 are the distribution parameters and I0 (.) is the
modified zero-order Bessel function of the first kind. The noise
at time j follows a Rician distribution Rician (Aj, σ 2 ), with the
time-varying parameter Aj/σ randomly chosen from 0.3–0.9.
For the present study, the overall SNR was around −12 dB.
It has been known that fMRI measurements appear in both
the real and imaginary channels due to phase imperfection,
and nearly all fMRI studies have been based on the magnitudeonly image data. Assuming zero-mean Gaussian noise in both
the real and imaginary channels, the fMRI magnitude-only
data was shown to obey a Rician distribution [38], [44].
Unlike additive Gaussian noise, this so-called Rician noise is
signal-dependent, since the magnitude-only measurement for
one voxel can be expressed as



1/2
, (7)
ym = y2 + εR2 + εI2 + 2y(εR cos θ + εI sin θ)
where εR and εI are the Gaussian noise in the real and imaginary channels respectively, y is the signal of interest, and θ is
the phase imperfection introduced to the voxel. The above
magnitude is Rician distributed. Based on the signal-dependent noise model in (7), we also study the following case:
IEEE ENGINEERING IN MEDICINE AND BIOLOGY MAGAZINE

Due to the complex nature of ICA and the unknown noise
model of the event-related fMRI data, it is impossible to
characterize the estimation performance of the proposed
scheme analytically. Hence, performance demonstrations are
based on simulations. In this study, we aim to estimate
HDRs as efficiently as possible. To evaluate the estimation
performance with regard to this objective, we may examine
various statistical criteria, such as the estimator efficiency E
defined in [36] and [45]. Let h and ĥ be the true and estimated HDR with length n, respectively. To evaluate the estimation performance, we calculate the correlation coefficient
(CC) between the estimated HDRs and the true ones. We
also study the relative estimation residual power (i.e., the
estimator variance) defined as r = E((||h − ĥ||2 )/(||h||2 )),
since it is desirable for an estimator to fit the real HDR curve
in an LS sense, where E(.) denotes the expectation operation.
Note that this estimation criteria r is closely related to the
estimation efficiency E in [36], which is defined as the reciprocal of estimator variance. Assuming the HDRs are normalized, r defined here is the reciprocal of E defined in [36].
The reason why we chose to study the criteria r instead of
the criteria E is because r is generally restricted to the range
MARCH/APRIL 2006
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Fig. 5. HDR simulation examples. The true HDR from a random collection of six voxels is shown. The
LS estimate is shown in blue, and the proposed method employing ICA denoising is shown in
black. Note the spurious multiple peaks present in the LS estimate, presumably because of the
mismatch between the implicit Gaussian model with the LS and the other noise model used in the
simulation.
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Figure 6 is a scatterplot comparing the z-score of the fourth
time point (i.e., 4 s after stimulus presentation) for each voxel
for the LS-D and LS-R cases.
The fourth time point was chosen because each time point
within the estimated HDR had
an associated z-score, and the
peak was typically at timepoints
4–6. The other scatterplots for
timepoints 5 and 6 (not shown)
were qualitatively the same.
Almost all (93%) voxels had
greater z-scores using the LS-D
estimate compared to the LS-R
case, as evidenced by the position of the point above the 45◦
line. The distribution of the zscores across all active voxels

Case 3

fMRI Data Results

Figure 5 shows the true HDRs and the HDRs estimated by the
proposed scheme under the presumed realistic Rician noise
model [38] (Case 4) for six typical voxels. The proposed
scheme using denoising more closely followed the underlying
signal compared to the original estimate, with original (denoted
by LS-R) and denoised (denoted by LS-D) representing the LS
approaches described in (6) and (5), respectively. Unlike the estimate from the proposed denoised scheme, the original estimate
occasionally demonstrated more than one peak in the estimate.
To further evaluate the estimation performance statistically, we studied the performance measures in terms of correlation between the true HDR and the estimated HDR (CC) and
the statistical efficiency (r) discussed above. Table 1 shows
the statistical results of estimating the HDRs, where the
empirical means and standard deviations of these two performance measures are reported. The proposed ICA-based
scheme provided consistently superior estimate performance
over the original LS approach without ICA denoising. Both
methods demonstrated significantly degraded performance
with the temporally correlated Gaussian noise model (Case

Case 2

Simulation Results

Case 1

Results

2) and the embedded Rician
noise model (Case 5), although
the original LS method was
more severely affected.

Table 1. Estimation efficiency of the proposed scheme in estimating HDRs, in terms of the empirical mean and standard deviation of the correction CC and the efficiency r.

0–1. The larger the CC and the smaller the relative residual
power r, the better the estimation performance.
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was z̄ = 4.42, σz = 2.3 for LS-R and z̄ = 8.90, σz = 3.8
for LS-D. The spatial distribution of activated voxels using
the original and denoised data was qualitatively similar
[Figure 7(a)]. Both methods reliably demonstrated activation
in the left primary motor (right side of image, the solid
arrow) and supplementary motor cortices (open arrow). The
LS-D estimator detected additional significant activation in
the contralateral primary motor cortex. To ensure that any
spatial differences between the estimates based on the raw
and denoised data were not the result of arbitrarily chosen
threshold levels, we plotted activated voxels under a range
of different thresholds [Figure 7(b)–(d)]. Again the spatial
distribution of activation was qualitatively similar across
the two datasets.

ponents by simply setting those components to zero, as
suggested in [26] and [46].
The vast majority of signal processing models assumes a
Gaussian noise model. However, this appears to be less
suitable for fMRI data, where nontask-related activity is
not random unstructured noise but appears to have specific
spatial and temporal structure (Figures 1 and 3). We note
that our simulation results imply that the choice of a suitable noise model is imperative for accurate assessments of
evoked hemodynamic activity if common LS estimates are
used (Table 1 and Figure 5). In contrast, the proposed
scheme was robust to the exact type of underlying noise
model used in the simulations.
Another frequent assumption of many signal processing and
statistical approaches in analyzing fMRI data (for example,

Discussion

We proposed a method that uses ICA to define a linear signal subspace and then project the data into that subspace.
This resulted in areas of significant activation that were
qualitatively similar to the denoised case (Figure 7).
However, the effect size, or significance of activation, was
much higher in the denoised case (Figure 6). As scanner
costs are considerable, this suggests that the same level of
statistical significance could be obtained with substantially
fewer stimuli presentations, resulting in less scanner time
or fewer subjects being scanned, in order to obtain a
desired level of statistical significance.
To take into consideration the overfitting issue, we
denoised the signal by projecting the raw data into a signal
subspace derived from ICA (4). This is in contrast to previous methods of removing artifacts within the ICA com-

Original
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(b)

Denoised Data Effect Size (z-Scores)

16
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14
12
(c)

10
8
6

> 95th Percentile

4
2
(d)
0
−2
−4

0
5
10
15
Original Data Effect Size (z-Scores)

Fig. 6. The comparison of the level of significance (effect size)
before and after denoising. The level of significance of
evoked response 4 s after the onset of the stimuli is shown.
Monte Carlo estimates were used to estimate the null distribution of mean activity. Note that the vast majority of voxels
have increased levels of significance after the proposed
denoising procedure, evidenced by the fact that they lie
above the diagonal line (same horizontal and vertical scales).
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Fig. 7. Spatial distribution of activated voxels before and
after denoising. Although the denoised voxels have greater
effect size (Figure 5), the spatial distribution of activated voxels is qualitatively similar between the denoised data and the
original data. Note the evidence of activation in the primary
motor cortex (solid arrow), the supplementary motor cortex
(open arrow), although the denoised data also detected
activity in the ipsilateral motor cortex (patterned arrow).
Voxels with z-scores above the 70th, 80th, 90th, and 95th percentiles are shown. The activation maps were not spatially
smoothed. The images follow a radiographic presentation
such that the left side of the brain is on the right side of the
image and vice versa.
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multivariate linear regression) is to examine each voxel in isolation instead of an independent realization of some underlying statistical process. The success of ICA in enhancing
estimates of evoked activity (Figure 3) affirms the benefits of
examining the time course of specific groups of voxels rather
than examining them singly.
In the current approach, we used PCA as a dimension
reduction technique, as this is probably the simplest and most
widely used technique. We note that PCA, which assumes a
multivariate Gaussian model, may be less appropriate for
dimension reduction in fMRI data. Further work is required to
determine if other methods of dimension reduction, including
nonlinear approaches, are more suitable.
With the present simulations and fMRI data, we have concentrated on the effects of different types of noise in a setting
where there was minimal temporal overlap between stimuli.
Although the proposed approach is quite general, a suitable
extension would be to determine how much the combined
effects of temporal overlap and different noise models degrade
the LS estimates of the evoked HDR.
As in previous research, we have assumed that the evoked
HDR of each trial was constant and needed to be estimated in
low SNR conditions. We are currently investigating a more
general model in which HDR of each trial could have different
magnitude over time.
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By exploiting the fact that much of fMRI data has deterministic spatial-temporal structure, we have proposed a
scheme employing ICA denoising and LS estimation of the
evoked HDR. Simulations suggest that the method is more
robust to different noise models compared to naïve application of LS. The result is a considerably increased level
of significance of activation for a given voxel but still
qualitatively similar spatial distribution of activations over
all voxels. We suggest that the proposed method has the
potential to substantially reduce total scanning time
requirements to achieve the same level of statistically significant activation.
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