
with structural equation modelling and fMRI

Cereb. Cortex 7, 768–778

7 Friston, K.J. et al. (1998) Non-linear event-

related responses in fMRI Magn. Reson. Med.

39, 41–52

8 Friston, K.J. et al. (1995) Statistical parametric

maps in functional imaging: a general linear

approach Hum. Brain Mapp. 2, 189–210

9 Kwong, K.K. (1995) Functional magnetic

resonance imaging with echo planar imaging

Magn. Reson. Q. 11, 1–20

10 Worsley, K.J. and Friston, K.J. (1995) Analysis

of fMRI time-series revisited – again

NeuroImage 2, 173–181

11 Bandettini, P.A. et al. (1993) Processing

strategies for time-course data sets in

functional MRI of the human brain Magn.

Reson. Med. 30, 161–173

12 Büchel, C. et al. (1998) Brain systems

mediating aversive conditioning: an event-

related fMRI study Neuron 20, 947–957

13 Sternberg, S. (1969) The discovery of

processing stages: extension of Donders

method Acta Psychol. 30, 276–315

F r i s t o n  –  f M R I  a n d  I C A Update
Comment

375Copyright © 1998, Elsevier Science Ltd. All rights reserved. 1364-6613/98/$19.00     PII: S1364-6613(98)01228-5 

T r e n d s  i n  C o g n i t i v e  S c i e n c e s  –  V o l .  2 ,  N o .  1 0 ,   O c t o b e r  1 9 9 8

tinuum, to be altered to fit the particular
needs of the experimenter.
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As Professor Friston eloquently de-
scribes in his commentary1, current
techniques for analysing fMRI data can
be dichotomized into either data-
driven methods, like independent com-
ponent analysis (ICA), or hypothesis-
driven methods, like the General
Linear Model2. These two approaches
are complementary and mirror the ex-
ploratory and confirmatory aspects of
scientific investigation. Imaging studies
driven by hypotheses derived from
cognitive psychology and related disci-
plines can at best support or refute cur-
rently formulated psychological mod-
els. Counterintuitive or unanticipated
time courses of activation of localized
brain areas are less likely to be discov-
ered with such analysis methods. For
example, in our paper, we demon-
strated transiently task-related (TTR)
ICA components whose time courses
could not be anticipated before the 
experiment3.

The ICA implementation described
in our paper fully characterizes the
data by separating them into sparse
maps, or spatial modes, and associated
time courses. Employing an ICA algo-
rithm capable of looking for non-
sparse as well as sparse maps found
maps that were all sparse4. Many of
these maps can be identified with
known artifacts, such as blood vessel
pulsations, head movements and slow
drifts. These highly spatially structured
signals are not easily modeled by a 
priori estimates as required by hypoth-
esis-driven methods. The other key ICA
assumption, that the maps are spa-
tially independent, does not preclude
the possibility of spatial overlap, be-
cause maximal independence can be
achieved with overlap in high-dimen-
sional spaces, especially as positive and
negative regions of those maps can
cancel.

Friston also rightly points out some
of the inherent weaknesses of ICA. In
an attempt to find maps that are maxi-
mally independent, ICA might tend to
fragment broad areas of activation
into multiple maps, all having highly

correlated time courses. Like all linear
models, ICA will be less sensitive to
finding non-linear activation relation-
ships between voxels, if these exist.
More recent work takes advantage of
an important by-product of ICA analy-
sis; that the probability of observing
the data conditioned on the ICA model
is relatively easy to calculate, in order
to estimate how well a linear model
fits the data5. This report found that
some brain regions (e.g. around blood
vessels) might fit less well than say,
subcortical white matter using an ICA
model. Also, purely data-driven tech-
niques like ICA, as Friston says, do not
lend themselves to straightforward sta-
tistical analyses, potentially limiting
their use for functional neuroimaging
studies specifically designed to test 
certain hypotheses, rather than for 
exploratory analysis.

As the field continues to mature,
we foresee the development of hybrid
methods that will attempt to take ad-
vantage of these two complementary
approaches: first employing powerful
data-driven techniques to characterize
the underlying nature of the signals
and noise, then testing hypotheses of
interest in the context of this accurate
characterization. ‘Data-driven’ or ‘hy-
pothesis-driven’ analysis methods will
then refer to the extremes of a con-

M.J. McKeown is at

227D Bryan

Research Building,

Box 2900, Duke

University Medical

Center, Durham,

NC 27710, USA.

tel: +1 919 684 0065 
fax: +1 919 684 6514
e-mail: martin.
mckeown@duke.edu

Affiliations of the

remaining authors

are at the end of the

article.

Coming soon to Trends in Cognitive Sciences

Asymmetric frontal activation during episodic memory,
Comment by L. Nyberg, R. Cabeza and E. Tulving

Response from W.M. Kelley, R.L. Buckner and S.E. Petersen

The neuropsychological profile in unipolar depression, 
by R. Elliott

Rules, representations and the English past tense, by 
W.D. Marslen-Wilson and L.K. Tyler

Catecholamine modulation of prefrontal cortical cognitive 
function, by A.F.T. Arnsten

Response from Martin
McKeown, Makeig, Brown,
Jung, Kindermann, Bell and
Sejnowski


